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Editorial on the Research Topic
 COVID Ecology and Evolution: Systemic Biosocial Dynamics



In a vastly impacted world by COVID-19, it is widely observable how ecosystem heterogeneity—i.e., biological and environmental more importantly, where the latter include socio-economical aspects—plays a fundamental role in shaping COVID-19 space-time impact and response (Figure 1). The lack to address ecosystem heterogeneity, that is partially reflected by administrative boundaries, within the decision making process can cause cascading extreme risks with multiple effects beyond morbidity and mortality in the human population. This is observed in many areas implementing disorganized control strategies or assuming non science-based “one size fits all” approaches. An ecosystem approach is needed where the collective ecology of COVID-19 is taken into account, from the portfolio of its determinants to controls. During the COVID-19 pandemic, due to a reduced human activity (e.g., in industrial production and mobility), surprising positive environmental outcomes also occurred, such as the decrease of air and water pollution. Meanwhile, many other still open research questions arose, such as the spread of SARS-CoV-2 through the hydrologic cycle and pathways.


[image: Figure 1]
FIGURE 1. Biocomplexity of COVID-19. The spread of COVID-19 worldwide manifested several ecological and evolutionary trajectories considering phylogenetic and socio-environmental determinants over space and time (including for instance climatological, air pollution, and healthcare factors underpinning vulnerability, exposure and control). Critical research and ecosystemic management of COVID-19 should consider the interdependencies of these factors underpinning novel and multidisciplinary areas such as eco-environmental phylogenetics and ecosystem health science. Phylogenetic tree and geographical spread map was made in https://nextstrain.org/sars-cov-2/; other icons are used under license from Shutterstock.com.


In light of the above considerations this Special Issue aimed to embrace a systemic analysis of COVID-19 considering the multifaceted reality of the problem, including basic research and practical implications. Thirteen papers were published accordingly, spanning biology (Cueno and Imai; Cueno et al.), environmental epidemiology (Pansini and Fornacca; Rahalkar and Bahulikar; Ran et al.; Salom et al.), public health and healthcare (Marei et al.; Silva Campos et al.; Zhu et al.), and health policy and social dynamics (Chaudhury and Banerjee; Stöllberger and Winkler-Dworak; Wagner et al.; Yang et al.) of COVID-19. While certain papers aimed to investigate deeply the mechanisms underlying COVID-19 dynamics, others focused on determining socio-environmental associations useful for predictions and policy discussion. The differentiation between causality and predictability is a rather important point to emphasize due to the unfortunate generalized confusion between the two in “big data” and model-driven investigations that has deep policy implications.

Considering COVID-19 biology, very interestingly, Cueno and Imai found preliminary evidence suggesting that the structural conformation of SARS-CoV-2 (SARS2) spike protein is distinct from other known human-infecting CoVs; this may have triggered the viral pathogenesis (for humans) that mainly relies on the spike glycoprotein (with a furin-like cleavage site (FLC) as a structural feature) located on the virus surface. As a follow up Cueno et al. analyzed the COVID-19 genomic epidemiology network over time and detected nine SARS2 FLC patterns that potentially correspond to nine country clusters associated to the rapid evolution of the SARS2 genome and its infectivity. This evidently shed light into the environmental determinacy of viral biology and infectivity as well as SARS-CoV-2 uniqueness that lead to the pandemic.

As for COVID-19 environmental vulnerability, Pansini and Fornacca, based on multiscale data from China, found a positive correlation between infections and mortality and Carbon Monoxide (CO), Formaldehyde, PM 2.5, and Nitrogen Dioxide (NO2) (retrieved by Sentinel-5 data) but lack of correlation with population density. These results emphasized how air pollutants are likely population vulnerability factors as suggested by other mechanistic studies highlighting the facilitation of virus spread (including SARS-CoV-2) via pollutant particles. This was also suggested by Salom et al. via detected positive correlations between the inferred reproduction number and pollution levels, as well as with temperature and humidity beyond other health and biological factors (such as cholesterol and blood Rh as individual vulnerabilities).

Contrarily to these findings, Ran et al. found that associations (adjusted by temperature and relative humidity) between three gaseous air pollutants (NO2, SO2, and CO) and COVID-19 basic reproductive number (assumed to represent transmissibility) are not statistically correlated. The multivariable linear regression model was used on different pollution estimates from China kriged via meteorological data.

Overall the discrepancy of findings between these studies emphasizes the caveat of predictions that are always based on input data, their space-time scale, model type and methodology (i.e., how a model is run) as predominant elements. Additionally, a warning is about the lack of consideration of non-linearity in these models that adopt statistical linear correlation for inferring “causality.” It is rather important to stress that lack of correlation quite often is a signature of non-linear causation (as demonstrated by evidence on complex systems), and in general absence of correlation does not imply lack of causation between variables; this is easily provable by adopting a probabilistic rather than a categorical deterministic approach.

Yet, based on empirical evidence it is rather clear that persistent air pollution exposure is an ecological multi-scale public health issue where airborne pollutant particulates are likely acting as vector of COVID-19.

As for emphasizing the role of environmental disturbance into the ecology of emerging viruses, Rahalkar and Bahulikar found (based on previously published thesis) that a SARS-like CoV originating from Chinese horseshoe bats (Rhinolophus), was the predicted causative agent of Mojiang mineshaft miners' severe pneumonia-like illness in (2013). This provides very interestingly important clues into the potential ecosystem ontogeny of SARS-CoV-2.

As for public health more oriented toward population determinants, with Brazil data Silva Campos et al. tried to identify, via a MCDA model, the underpinning socio-economic and healthcare vulnerability of populations affected by COVID-19. Marei et al. emphasized the need of detailed identification of traveler's risk for minimizing COVID-19 spread. Zhu et al. highlighted how China prevention countermeasures for imported cases played an indispensable role in curbing COVID-19 spread, and suggested to prolong the 2-week quarantine period for monitoring asymptomatic patients.

In terms of health policy, Yang et al. discussed how COVID-19 represented a huge opportunity for clinical research. For this objective Stöllberger and Winkler-Dworak encouraged the sharing of clinical data for defining prognostic indicators and understanding the long-term pulmonary, cardiac, neurologic, and psychiatric consequences of COVID-19.

Lastly, Chaudhury and Banerjee suggested ecotherapy as a form of recovery from psychological effects of COVID-19.

In a broader perspective Wagner et al. reviewed economic and behavioral influencing factors of vaccine and antibiotics use and/or refusal globally. This has implications for the acceptance and coverage of COVID-19 vaccine: a topic that is extremely current due to the large vaccination hesitancy in many countries and subpopulations worldwide (also largely associated to misinformation generating risk aversion) that is impacting the curb of COVID-19 spread.

In conclusion, also in light of the diversity of this Special Issue papers, a firm belief should be that research and intervention for this pandemic and complex planetary issues alike, must overcome disciplinary boundaries as well as draw analogies and conclusions from previous events, including small unsuspicious local epidemics. This can raise early warning signals of disastrous systemic outbreaks whose pathogen biology may be largely unknown and extremely transmissible independently of many other factors, such the case of SARS-CoV-2 that “globalized” the world.

We underline the huge role of the environment for the ecology (and biology) of infectious diseases, considering both their emergence and spillover in humans due to environmental transformations, and disease control mediated by inhibitory or enhancing socio-environmental factors such as hygiene and air pollution. Environmental change, due to aggressive local development and ingrained climate change, is dramatically the core of problems like SARS2 emergence where organized and stable ecosystem connections (environment-biota including humans) are compromised. Therefore, in order to study and prevent future pandemics, the hope is to see more nature-oriented protection and monitoring before any public health control when the problem already occurred. Additionally, the hope is for science-based solutions in the decision-making process where accurate and salient information is gathered considering objectives, space-time scales, environmental and non-linear dynamics, especially when disease mechanisms are relevant and policy decision are made rather than for mere prediction exercises.

Open transdisciplinary collaborations are certainly creating the optimal platform for this modus operandi, targeting ecosystem or planetary health at the global scale.
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INTRODUCTION

The Novel Coronavirus Disease 2019 (COVID-19 hereafter) was first reported in Wuhan, Hubei province, China at the end of 2019, and then was found in more than 200 countries worldwide. As of April 2020, the COVID-19 outbreak has been well-contained in China. It is beyond doubt that the COVID-19 outbreak has greatly transformed clinical research in China, and this transformation is of interest to the international community. Hence, we believe that a balanced and comprehensive overview describing the impact of COVID-19 on clinical research, the challenges researchers are facing, and an update on the progress of clinical research in China is warranted.


Research of Traditional Chinese Medicine During the COVID-19 Pandemic

Unlike other countries affected by COVID-19, traditional Chinese medicine (TCM) in China was widely prescribed in the prevention and treatment of COVID-19 among patients in clinical settings. A recent report released by the Information Office of the State Council, entitled “China Action Against the Novel Coronavirus Disease 2019,” systematically introduced the functional role of TCM in the prevention and treatment of COVID-19 infections (1). In the past few months, around 92% of COVID-19 patients have been treated with TCM, with response rates reaching 90% in Hubei province, China (1). Some studies purported that certain TCM, such as Lianhuaqingwen (LH), a repurposed marketed product composed of 13 herbs, could effectively ameliorate COVID-19–related symptoms, such as fever, cough, and fatigue, and shorten the course of the disease (2). According to the 7th edition of the “Diagnosis and Treatment Protocol for Coronavirus Pneumonia” issued by the National Health Commission and the State Administration of Traditional Chinese Medicine, LH capsules were endorsed for the treatment of COVID-19 (3).

Ever since the outbreak of COVID-19, several preliminary studies have examined certain TCM with potential antiviral effects. For example, an open-label randomized controlled trial (RCT) found that LH capsules showed therapeutic effects on COVID-19 by improving the recovery rate of certain symptoms (especially mild symptoms), shortening the course of the illness, and improving chest radiologic abnormalities (2). An in vitro study found that LH significantly inhibits Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-COV-2) replication, affects virus morphology, and exerts anti-inflammatory activity (4). These findings suggest that TCM provides antivirus effects along with symptomatic relief, and should be adopted as a novel supportive strategy in treating COVID-19. However, these findings are tentative due to methodological deficiencies, such as the lack of a double-blind design.

It is noteworthy that the recommendations on use of TCM for COVID-19 were mainly based on expert consensus, and solid evidence based on stringent RCTs demonstrating the safety and efficacy of TCM for COVID-19 is still insufficient. TCM emphasizes individualized treatment and syndrome differentiation even for patients with the same disease and severity (5). This individualization may hinder large-scale RCTs that examine the efficacy and safety of many TCM treatment approaches to COVID-19. In addition, the findings that 90% of COVID-19 patients improved from TCM treatments were mainly based on observational studies, but not RCTs. Therefore, considering that evidence of safety and effectiveness is indispensable, large-scale and double-blind RCTs on TCMs for COVID-19 are still warranted to meet the requirements of evidence-based medicine.



Clinical Research in China During the COVID-19 Pandemic

A recent review found that until March 26, 2020, a total of 681 COVID-19–related clinical trials have been registered on ClinicalTrials.gov and Chinese Clinical Trial Registry (ChiCTR), of which 481 had been conducted in China (6). Most of these registered studies focused on TCM, antiviral therapy, stem cell therapy, and plasma treatment; among these studies, 190 were RCTs (6, 7). On the one hand, the large number of registered trials reflect a heightened clinical research awareness and improved academic ability in China. On the other hand, however, many registered trials have obvious methodological limitations in terms of experimental design, biostatistics, data management, and preliminary data collection. For example, more than half of the registered clinical trials in China had a sample size of <100, whereas more than 30% of the clinical trials conducted in the USA, Italy, and France have a sample size of more than 500 (6). More importantly, a significant fraction of these registered clinical trials in China have failed to provide key information, such as treatment plan, drug dosage, study duration, or inclusion/exclusion criteria (7).

Because of the large number of registered clinical trials, alongside the implementation of quarantine measures in many areas, participant recruitment and follow-up assessments became immensely difficult in China (7). To ensure the quality of clinical trials and avoid wastage of resources, the Ministry of Science and Technology of China has thus enacted a strict supervision regulation, including a compulsory registration system and ethics examination procedure (7).

Since the COVID-19 outbreak, a huge volume of relevant publications drafted by researchers in China have been published, particularly in international peer-reviewed journals. For example, in a search for Severe Acute Respiratory Syndrome (SARS) and COVID-19–related publications in both PubMed and the China National Knowledge Infrastructure (CNKI) databases using the following search terms: “coronavir*,” “severe acute respiratory syndrome,” “SARS,” “novel coronavir*,” “COVID,” “COVID-19,” “China,” and “Chinese,” a total of 1,215 SARS-relevant English-language and 19,834 Chinese-language publications were retrieved from 2003 to 2004 (2 years). In contrast, during the period of January 1, 2020 to June 15, 2020 (only 5.5 months), 22,730 English and 17,098 Chinese COVID-19-related articles were retrieved. Specifically, only 58 SARS-related studies conducted in China were published on top international journals including the Lancet, JAMA, British Medical Journal (BMJ), and New England Journal of Medicine (NEJM) during the SARS outbreak. Nevertheless, during the period of January 1, 2020 to June 15, 2020, the corresponding figure of COVID-19–related publication has reached 417. This remarkable increase in the number of research outputs in China may be partly due to the growing attention to clinical research and the increasing academic communication with international community in the past two decades.




DISCUSSION

Despite the increasing number of publications during the COVID-19 outbreak in China, there are still some challenges to be overcome. First, standardized, sophisticated, and well-designed RCTs with large sample size are rare, which leads to insufficient empirical evidence affirming the safety and efficacy of TCM treatments for COVID-19. Second, most studies are cross-sectional and therefore, casual inferences are limited. Third, many of the clinical studies conducted in China are published in English journals, which compromises the dissemination of the study findings to frontline health professionals in China due to language barrier. Although some journals provide both English and Chinese versions of COVID-19–related articles, most other journals did not follow suit. In view of this, the Ministry of Science and Technology of China strongly encourage local researchers to publish their studies in Chinese journals instead of English journals since the end of January 2020. The Ministry of Education has also implemented new regulations that English articles are no longer listed as a pre-requisite requirement for professional/academic promotion (8). This state-sponsored push toward publications in Chinese may be a two-edge sword. On the one hand, this policy may make high-quality publications become more accessible to frontline health professionals who have difficulty reading English in China, but on the other hand, it will reduce the likelihood that they engage with a wider scientific community, thereby potentially limiting the rigor and relevance of these studies relative to those reported in international journals.

In conclusion, the Chinese government and health sector have worked hard to make significant progress in improving clinical research. Consequently, clinical research has substantially advanced and flourished in China especially during the COVID-19 pandemic, although certain challenges are yet to be overcome. Lessons learned through the development of clinical research in China may be useful to address similar challenges in future pandemics.
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In this study, we conducted an ecological study to examine their effects in the early phase of the pandemic (from December 2019 to February 2020) in China. We found that the associations between the average concentrations of NO2, SO2, and CO and the COVID-19 transmissibility are not statistically clear.

Keywords: gaseous air pollutant, COVID-19, transmissibility, ecological study, China


INTRODUCTION

The ongoing Coronavirus 2019–20 pandemic has caused a huge impact on global public health. Many studies showed that a high level of air pollutant concentrations increases the risk of pneumonia infection and deaths. The pollutant concentrations were significant for severe acute respiratory infection (1). Nitrogen dioxide (NO2) exposure increases the occurrence, severity, hospitalization, and 30-day mortality, especially in cold months (2). Long-term exposure to higher levels of NO2 increases the increased hospitalization for community-acquired pneumonia (CAP) in older adults (3). Short-term exposure to higher levels of NO2 and carbon monoxide (CO) increases pneumonia-related hospitalization, emergency department visits, and outpatient visits in adults (4, 5). The concentrations of NO2, sulfur dioxide (SO2), and CO were positively associated with the upper respiratory tract infection and CAP (6). Becker and Soukop reported a non-linear dose-response effect between respiratory syncytial virus (RSV) internalization by airway epithelial cells and the level of NO2 (positive association at a low-level 0.5 ppm of NO2 and a negative association at a high-level 1.5 ppm) (7). Both the release of infectious virus 48-h post-exposure and virus-induced cytokine production were reduced at a high level of NO2.

It is of significance to study the impact of gaseous air pollutants, especially NO2, SO2, and CO on the transmission of coronavirus diseases 2019 (COVID-19) in China. Many studies have been done on the impact of meteorological factors and air pollutants on the spread and COVID-19 and the patient outcome, for example, focusing in China (8–11), as well as other studies focusing in Italy, Spain, and the United States. However, some of these studies adopted a chronic disease approach, using either the linear regression model or time series model. However, COVID-19 is a highly transmissible infectious disease. We cannot merely adopt a statistical model for chronic disease to gain insights on the effects on the transmissibility (12). For instance, the serial correlation in daily new cases should be removed in a time series model (9). Riccò et al. (13) pointed out several other issues. For example, the lockdown of cities not only reduced the transmission of COVID-19 but also reduced the level of air pollution. Thus, the correlation between the level of certain pollutants and the transmission rate over time does not mean causation. The correlation between the transmission and meteorological conditions and air pollution could be non-linear (11).



METHODS

We collected daily confirmed COVID-19 cases from 303 cities in China from the Chinese provincial health agencies and China National Health Commission. We calculated the basic reproductive number, R0, which is a unit-free measure of infectivity of a virus and is commonly used in infectious disease epidemiology. For the estimation of R0, we first estimated the exponential (or intrinsic) growth rate, denoted by r, of the epidemic curve over the a 16-day period starting from the confirmation of the first case in each city (14–16). The number of cases at the t-th day, Ct, is modeled as Ct = C0exp(rt), where C0 denoted the number of seed cases at the start of the outbreak. Using the formula R0 = 1/M(–r) that is derived from the Lotka-Euler equation (17), we substitute r into the moment generation function, M(·), of the probability distribution of the COVID-19 serial interval. The distribution of serial interval is approximated by a Gamma distribution with mean at 5.5 days and standard deviation at 3.3 days (17–20). This analytical approach is also used in previous COVID-19 studies as well as in other infectious diseases (20–23).

We obtained air pollutant data in 1,642 observation stations from the China National Environmental Center and obtained meteorological data from the National Meteorological Data Center. We computed a raster for each pollutant by the kriging interpolation based on the averaged values across the period December 10, 2019, to February 29, 2020. Then we interpolated the level of each pollutant for each city. We adopted generalized (i) univariable, and (ii) multivariable linear regression, using R0 as the response and air pollutant as the factor, adjusted by temperature and relative humidity. In addition, we employ the spline regression for sensitivity analysis.



RESULTS

The descriptive statistics of the basic productive numbers, three pollutants, temperature, and relative humidity for 154 cities are given in Table 1. The maximum R0 = 2.5 was detected in Wuhan City. The average concentrations of NO2, SO2, and CO were 31.0, 11.9 μg/m3, and 1.0 mg/m3, respectively. The spatial distributions of NO2, SO2, and CO are shown in Figure 1. Pearson and Spearman's ranked correlation coefficients between the level of pollutants and the basic reproductive number are given in Table 2. We observed no significant correlation.


Table 1. Descriptive statistics of the basic reproductive numbers, three gaseous pollutants, temperature, and relative humidity across 154 Chinese cities.
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FIGURE 1. Spatial distribution of average concentrations of ambient (A) NO2, (B) SO2, and (C) CO from December 10, 2019 to February 29, 2020. The raster maps were converted by the kriging interpolation after averaging their concentrations.



Table 2. Correlation coefficients of COVID-19 R0s with the three gaseous pollutants across 154 Chinese cities.

[image: Table 2]

In Figure 2, using either univariable or multivariable linear regression, we found no clear effects of NO2, SO2, and CO on the initial transmissibility of COVID-19 across Chinese cities. We performed sensitive tests by using spline regression (three degrees of freedom) and restricting the cities outside Hubei province only and found no significant association.


[image: Figure 2]
FIGURE 2. The effects of pollutant (A) NO2, (B) SO2, and (C) CO concentrations and the initial transmissibility of COVID-19. Violin plots shows the distributions of R0, NO2, SO2, and CO, respectively. The red line indicates the result from the univariable model, and the blue line represents result from the multivariable model (adjusted for temperature and relative humidity). The p-values are given in the legend.




DISCUSSION

The merit of this work is that we focus on the transmissibility in the initial phase of the pandemics in each city, which may reflect the intrinsic feature of the local outbreak to some extent. However, several limitations should be noted. Population density is a potential confounder since it may be positively related to gaseous pollutant concentrations and may catalyze the spread of COVID-19 (24, 25). Besides observed associations are not of statistical significance between gaseous air pollutants and the COVID-19 transmission, we may still overestimate the true effects because the unadjusted confounder, population density, would positively bias the associations (26). Population flow from Wuhan City may be another potential confounding factor since it may result in disentangled imported or local cases for other Chinese cities. An emerging study found that correlations between gaseous pollutants and R0 varied in provinces with different population flow (27). However, the effect is likely uniform across cities, and the lockdown of Wuhan mitigated the COVID-19 exportation to other cities effectively. Previously works found the importation was reasonable uniform except for very few cities. This approach has been used previously by other teams and our team (28–30). We avoid using a time series model over a more extended period since it may suffer more issues discussed and demonstrated in a recent study (13). We argue that if there were indeed an “evident” statistical association, our approach should pick it up. At least, we avoid picking up a spurious association, for example, the entangled effects between pollution reduction (if any) and city lockdown. Although the results are not of statistical significance, our method is straightforward on one hand, and we nevertheless consider the possibility of the non-linearity of association on the other hand.

In this large-scale ecological study, we find no significant association between the three gaseous air pollutants (NO2, SO2, and CO) and the initial transmissibility of COVID-19 in Chinese cities. Since we focus on the initial 16 days after the confirmation of the first case, the lockdown of cities should not have reduced the pollutant level in each city, as normally it will take time for pollutants to drop. Our averaged concentration should be a fair indicator of the level of air quality in each city.

Other factors for the insignificant results include that the outbreak period covered the spring festival when factories were closed. And the closure of factories was extended by the government. Many cities adopted different levels of lockdown, and emission of vehicles were reduced. Thus, the concentration of air pollutants may be low in general. Strict and effective mitigation measures stopped the transmission timely.
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With the COVID-19 pandemic reaching its worst heights, people are interested in the origin of SARS-CoV-2. This study started with two important questions: first, were there any similar atypical pneumonia outbreaks, even on a smaller level, reported between SARS in 2004 and COVID-19 in 2019/20 in China. Second, examining the beta-coronavirus most closely related to date with SARS-CoV-2 at the genome sequence level, strain RaTG13 (CoV4991), which was sampled from a horseshoe bat in Yunnan province, we asked where exactly did it come from. It was found that RaTG13/CoV4991 was collected from Tongguan mineshaft in Mojiang, Yunnan, China, in 2013. Surprisingly, the same mineshaft was also associated with a severe pneumonia-like illness in miners in 2012 killing three of the six miners. A Master's thesis (in the Chinese language) was found on the cnki.net website which described in detail the severe illness in miners. The thesis concluded that a SARS-like CoV originating from Chinese horseshoe bats (Rhinolophus) was the predicted causative agent. The cases were remotely monitored by a prominent pulmonologist in China. Retrospective analysis of the pneumonia cases shows striking similarities with COVID-19. Bilateral pneumonia, vascular complications like pulmonary thromboembolism, and secondary infections are the main similarities. The treatment regimes were similar to the current treatments for COVID-19. We propose that the Mojiang mineshaft miners' illness could provide important clues to the origin of SARS-CoV-2. These cases should be studied by various academicians, researchers, and medical professionals as many important questions are raised in this context.
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ONE LINE SUMMARY

Lethal pneumonia in Mojiang miners and the mine could provide an important link to the research investigating the origin of SARS-CoV-2.



INTRODUCTION

The global COVID-19 pandemic has now affected more than 26 million people with a death toll of 0.8 million affecting 188 countries and territories. Horseshoe bats (Rhinolphus sp.) are considered to be the natural hosts or reservoirs of the Severe Acute Respiratory Syndrome (SARS)-CoV and SARS-CoV-2, the causative agent of the current pandemic COVID-19 (1). The horseshoe bats usually inhabit the Yunnan Province in China's southern sub-tropical zone (2) and Yunnan is also the likely region for the origin of SARS-CoV-2 (3).


Mojiang Mineshaft Associated With Lethal Pneumonia Cases in Miners (2012)

This study scientifically investigated any reports of atypical pneumonia cases covering the period 2004 to 2019, between the SARS (1) epidemic and COVID-19. We identified a case described in two scientific magazines. The first mention was in an interview with Dr. Zhengli Shi, a principal scientist of WIV, in the Scientific American journal (2). In the interview, Shi talked about a mineshaft in Mojiang where a lethal pneumonia-like disease occurred in six miners in 2012 (2). The discussion outlined that a diverse group of coronaviruses was discovered in the mine following the outbreak. These lethal pneumonia cases were also covered in news, including a more detailed article in Science magazine in 2014 (4). In April 2012, a pneumonia-like illness occurred in six miners who were cleaning bat feces from a copper mineshaft in Mojiang, Yunnan, in 2012, killing three of them (4). The Science article describes that a paramyxovirus, MojV was isolated from a rat sample in the same mine (4). Two further papers reported that no direct relationship between human infection and MojV could be established (4–6). In the Scientific American interview, Dr. Zhengli Shi outlines that fungus was responsible for pneumonia in the miners (2). However, no detailed information was elucidated in literature and the cause of the miners' illness remained a mystery.



Master's Thesis by Li Xu on the “Mojiang Miners Pneumonia” Illness

In 2013, Li Xu published a Master's thesis (7) that described in detail the symptoms suffered by six pneumonia patients. This thesis was found by a twitter user (@TheSeeker268), who emailed us the link after reading our pre-print (8) (on May 20, 2020). The thesis was found on the cnki.net website which is the official website for Master's and Ph.D. thesis in China and therefore considered to be a valid source. The original thesis is in Chinese (7) and we translated it using google translation. Currently, a professional translation of the thesis has been made available online by a research agency (https://bioscienceresource.org/) that is currently examining the Master's thesis (https://www.documentcloud.org/documents/6981198-Analysis-of-Six-Patients-With-Unknown-Viruses.html).

According to the Master's thesis, in April 2012, six miners were given a job of clearing bat waste and bat feces from a copper mineshaft in Tongguan, Mojiang, Yunnan. After working for ~14 days in the case of four miners, and 4–5 days in the case of the last two miners, they started facing breathing problems, cough, and fever which required immediate admission to the Kunming hospital in late April and early May (7). Three of the miners died in the course of ~100 days and three survived (Table 1A). The thesis featured medical reports, radiological images such as CT scans, and detailed information regarding the diagnosis and treatment of the miners (7). (https://www.documentcloud.org/documents/6981198-Analysis-of-Six-Patients-With-Unknown-Viruses.html).


Table 1A. Summary of the six pneumonia patients in 2012 [as per (7)].
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Severe Pneumonia and Illness in the Mojiang Miners Related to Horseshoe Bats in the Mojiang Mine (7)

The main clinical symptoms in the six patients from the Mojiang mine were cough and fever, and the main accompanying symptoms were dyspnoea, aching limbs, sputum/bloody sputum, and headache. The details of the course of illness and diagnosis for individual patients are summarized in Supplementary Information A. Radiography showed interstitial pneumonia, ground-glass opacities, and severe acute respiratory distress syndrome (ARDS) in the first four patients who also required a mechanical ventilator (patients 2–4). Some patients (1, 2, and 4) showed clotting complications such as pulmonary thromboembolism or thrombosis and elevated D-dimer values. Dr. Zhong Nanshan, a doctor for respiratory diseases and a national advisor for the SARS and COVID-19 epidemic, had provided remote consultation for patients 3 and 4, the most serious patients. Patients 3 and 4 remained in the hospital for more than 100 days. Four patients (1–4) a very low oxygenation index and classified as ARDS (Berlin criteria, 2012). Dr. Nanshan's diagnosis for patients 3 and 4 were interstitial pneumonia (primarily of viral origin), with a possibility of secondary infection (invasive pulmonary aspergillosis). He requested swab testing and SARS antibody testing (to be carried in WIV). He also asked the hospital staff to confirm with the Kunming Institute of Zoology for the type of bat. The radiological findings were diffuse ground-glass opacities and areas of peripheral consolidation. The thesis concluded that the pneumonia cases were due to viral pneumonia, primarily from SARS-like coronaviruses originating from horseshoe bats. The percentage of lymphocytes, T, B, and NK cells decreased significantly after the admission of the patients, which indicated that the immune system of the patients was seriously damaged by a viral infection. Later, after the consultation of Dr. Zhong Nanshan, (~after June 19, 2012), blood samples were sent to WIV for antibody testing. A chapter in a Ph.D. thesis by Canping Huang (supervised by Dr. George Gao, present Director China CDCP) also highlights these cases (9) (a translation of Chapter 3 is provided as Supplementary Material). According to the translation of the Ph.D. thesis (Lines 283–285, page 9), the “blood test results of four cases showed that: four people carried SARS virus IgG antibodies, of which two were discharged with higher antibody levels (patients 5 and 6) and two which were hospitalized had lower antibody levels (patients 3 and 4) (Wuhan, Chinese Academy of Sciences) Virology Institute)”. Xu's Master's thesis, Huang's Ph.D. thesis, and Ge et al. (10), all report the dominance of Chinese horseshoe bats (Rhinolophus sinicus and Rhinolophus affinis) in the mine. The Kunming Institute of Zoology also confirmed that the six patients were exposed to Chinese horseshoe bats (Rhinolophus species). Rhinolophus species harbor SARS-like coronaviruses (11). The blood biochemical analysis from the pneumonia patients indicated elevated markers such as Serum Amyloid A (SAA) with a normal range of PCT (procalcitonin), which suggested that the patients had a viral infection. The treatment given to the pneumonia patients included antivirals (ganciclovir, acyclovir injections), steroids (methylprednisolone), antibiotics (meropenem, vancomycin, etc.), antifungals (caspofungin, fluconazole), and anti-thrombotic medicines (warfarin, low molecular weight heparin). The thesis concludes that severe pneumonia in miners was due to SARS-like CoV from horseshoe bats. Dr. Nanshan's conclusion that the Mojiang miners pneumonia appeared to be primarily viral and that it was most probably due to bat-related coronaviruses, is noteworthy.



Mojiang Mine and RaTG13

After the outbreak, WIV conducted longitudinal surveillance of the bat coronaviruses in the Mojiang mine (10). The mineshaft had six bat types of which the highest number of Rhinolophus sp. (horseshoe bats) were sampled. Sample collections were done four times between August 2012 and July 2013. A total of 150 alphacoronaviruses and only two betacoronaviruses, of which only one was SARS-like betacoronavirus (CoV/4991), were detected (10). The same virus 4991 was renamed as RaTG13, which is the next genetic relative of SARS-CoV-2 (12).




DISCUSSION

The retrospective analysis of the illness in the miners greatly resembles COVID-19 in the following aspects (Table 1B).


Table 1B. Common features observed in the six pneumonia patients and COVID-19.
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1. The radiological picture seen in the CT scans of COVID-19 patients (13) and miners cases (7) is very similar, which includes ground-glass opacities, peripheral consolidation, and clear indications of bilateral pneumonia (characteristic in COVID-19). This is highly evident on pages 25, 26 and 35, 37 in the translation (https://www.documentcloud.org/documents/6981198-Analysis-of-Six-Patients-With-Unknown-Viruses.html).

2. Elevated D-dimer values and pulmonary thromboembolism, a complication seen in COVID-19 were also found in three of the six miners in 2012 (7). The use of heparin, warfarin, and anticlotting drugs was successful in treating the respiratory condition in the fourth miner. Similarly, in COVID-19, pulmonary thromboembolism and blood clotting have been a serious complication.

3. Lymphocytopenia, that is, low lymphocyte counts are another common feature characteristic of a viral disease, and common in both the miners' pneumonia cases and COVID-19.

4. The similarity in treatments: Treatment given to the miners were antivirals, steroids, mechanical ventilation, antibiotics (for treating the secondary bacterial infections), and antifungals (for treating the secondary fungal infections). Anti-thrombotic agents like warfarin, heparin were also given in the case of patient 4 who successfully recovered. Very similar treatments are given for treating COVID-19 where an array of antivirals, steroids, blood thinners, antibiotics, and antifungals are given (in conjunction with the secondary infections).

5. Elevated Serum Amyloid A protein: is an inflammatory marker that shows characteristic high values in cases of viral infection. A high SAA value or an increasing trend is an indicator of bad prognosis in the case of COVID-19 (15). In the miners' pneumonia, this marker showed high initial values in the first four serious patients and later showed peaks of up to 1,000–1,200 mg/L in some cases.

(details of the similarities are given as Supplementary Informations B and C).

Based on the detailed evidence presented in the Master's thesis (7) and the Ph.D. thesis (9) and the discussion presented here, we do not think that fungus was the primary reason for the illness. Dr. Nanshan predicted the miners' illness to be a primary interstitial viral pneumonia (high probability) with invasive aspergillosis as a secondary infection (a condition commonly observed in COVID-19) (16). We think that if it was a fungal disease, only antifungals could have cured the illness. Vascular complications such as elevated D-dimer and thromboembolism are not common in fungal disease and have been observed in the miners' illness and COVID-19 (14). Elevated SAA (serum amyloid A) and declined lymphocytes are indicative of the fact that it was primary viral pneumonia (Supplementary Information C).



QUESTIONS

As has been stated, the miners' samples were sent to WIV for SARS Ab testing (7, 9), the same institute that also conducted surveillance of the bat coronaviruses in the Mojiang mineshaft (10). The link between the SARS-like CoV (4991/RaTG13) from mine where lethal pneumonia cases occurred, has not yet been discussed in scientific papers by the WIV laboratory before February 2020. We are curious to know what kind of samples the WIV received from the Mojiang miners, along with other questions, such as whether the samples are still stored in WIV, and whether they are available for study by other researchers. It would also be of particular value to know whether any viruses were isolated and if there is any DNA/RNA available from these samples. It would also be useful to know if PCR was performed on the miners' samples and available sequences. According to Huang's Ph.D. thesis, four miners tested positive in an Ab test against SARS-like CoV (Supplementary Material). However, further questions remain as to which antigen was used for the Ab detection in the pneumonia patients and what was the exact protocol used. Why is this information not available in any of the seroprevalence studies by WIV? Why were the severe pneumonia cases in 2012 not mentioned in any of the WIV publications before 2020? Were any SARS-like CoV isolated from the bat fecal samples collected in 2012–13? Why were the Mojiang miners pneumonia cases in 2012 not reported to any public health agency like the WHO? Why did programs like PREDICT not mention the lethal pneumonia cases as a mini-outbreak? Was the mineshaft in Mojiang closed, when? According to the literature, three research groups went to the Mojiang mine to collect samples between 2012 and October 2014 (5, 9, 10). The mine was promptly closed as per the (2). Why was the Mojiang mine being visited by researchers until October 2014? Questions also remain as to why Dr. Shi attributed the outbreak in Mojiang to a fungus in the interview with Scientific American. Was the mine open for researchers and were any samples brought after 2014? Did any of the researchers who visited the Mojiang mineshaft get infected by any coronavirus between 2012 and 2019? Are there any whole genome sequences available for SARS-like CoV originating from this mine? Why is the pathogen database (http://www.viruses.nsdc.cn/chinavpi/) associated with the project (2013FY113500) (10) not accessible anymore?



CONCLUSIONS

The striking similarities between the Mojiang pneumonia cases and COVID-19 are noteworthy, as is the fact that RaTG13/CoV4991, the next genomic relative of SARS-CoV-2 was found in the same mineshaft. The Master's thesis by Li Xu concludes that the pneumonia-illness in the miners was due to a SARS-like CoV from horseshoe bats. The remote consultation and diagnosis by a prominent pulmonologist in China, Dr. Nanshan, adds credibility to the diagnosis of the pneumonia cases in 2012. Although we cannot say that RaTG13 or SARS-CoV-2 infected the miners, there is a high chance that it could be a virus quite similar in genetic composition to these two. The coincidence between the 2012 illness in Mojiang miners, the subsequent samplings, and finding the nearest SARS-CoV-2 relative from this single mine warrants further inquiry, and the data along with the full history of this incident would be invaluable in the context of the current pandemic.
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A pandemic has developed, so physicians worldwide are particularly interested in the experiences of their Chinese Colleagues which are frequently cited. To assess the long-term pulmonary, cardiac, neurologic, and psychiatric consequences after COVID-19, the outcome of patients included in the early publications and the association with baseline findings is of particular interest. Thus, we review the methods of early Coronavirus disease 2019 (COVID-19) publications. Reports published before March 19th 2020, comprising >40 patients were included, considering especially cardiologic aspects. It remains unclear whether patients were described several times, or they were different patients. Only patients with confirmed COVID-19 were described, and no differences in findings of patients with initially suspected and later confirmed, or excluded infection. It remains unclear in how many cases information was missing, since missing values were not reported. Medication before hospital admission, level of education and occupation, household size and composition, weight or body mass index are lacking. No details about electrocardiographic findings are given. Patients still in follow-up, constituting the major part of observations, were excluded. The data should be re-analyzed. A comparison between confirmed and excluded cases could be carried out. By now, in November 2020, the reported patients will most probably have recovered. Thus, it would be possible to differentiate prognostic indicators more precisely. Laboratory tests and electrocardiograms could be analyzed in more detail to shed light on the spectrum of this disease and to solve some of the unanswered questions related with COVID-19.

Keywords: statistics, infection, electrocardiogram, mortality, cardiology


BACKGROUND

At the beginning of 2020, symptoms, laboratory findings, complications, and outcome of patients with Coronavirus disease 2019 (COVID-19) were reported from China. Since then, a pandemic has developed, and accordingly, a great number of articles have been published. On November 18th 2020, the search term “COVID-19” yielded 75,182 results in PubMed. Since the first COVID-19 infections were reported from Wuhan in China, physicians worldwide are particularly interested in the experiences of their colleagues and the early publications are frequently cited (Table 1) (1–6).


Table 1. Studies from China about COVID-19 published until March 19th, 2020.

[image: Table 1]

Follow-up data about the consequences of COVID-19 infection on the health of affected patients are not yet available. There are indications for long-term pulmonary, cardiac, neurologic, and psychiatric illnesses and disabilities after COVID-19 (7). In that respect, again, the colleagues in Wuhan could be pioneers in reporting the long-term outcome of patients included in their early publications and relate them with clinical and instrumental findings at baseline. These baseline-data, however, were obtained under pressure of an evolving epidemic, which is also reflected by a high rate of published errata (1–3, 6). There are concerns about the methodological quality of the data (8).

Thus, the present article endeavors to review methods and results of early COVID-19 publications. We have included articles from Wuhan, China, published before March 19th 2020, which provided clinical details about >40 patients in English language (1–6). Not considered were case reports, epidemiologic, virologic, or radiologic studies without clinical data, publications with <40 patients and publications from which it was evident that they are duplicate publications. Since one of the authors is a cardiologist, the cardiological aspects were especially considered.



MAIN BODY


Several Publications From the Same Hospital

Reviewing the articles, it became obvious that four of them originate from the same institution (1–3, 6). It remains unclear whether patients were described several times, or whether they were different patients.



Suspected Covid-19 Cases

The articles described only patients with confirmed COVID-19. In clinical routine, however, it is important to differentiate between COVID-19 and other diseases. It would be very useful to know differences in symptoms and laboratory findings in patients with initially suspected and later confirmed, or excluded, COVID-19 infection.

This issue is mentioned in one article: “The absence of fever in COVID-19 is more frequent than in Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV) and Middle East Respiratory Syndrome Coronavirus (MERS-CoV) infection, so afebrile patients may be missed if the surveillance case definition focuses on fever detection” (5). In a further article, the consequences of atypical presentations are described: “A total of 14 patients (10%) initially presented with diarrhea and nausea 1 to 2 days prior to development of fever and dyspnea…. One patient in the current study presented with abdominal symptoms and was admitted to the surgical department. More than 10 health care workers in this department were presumed to have been infected by this patient…” (4).



Missing Values

The data in all included studies were collected retrospectively. It remains unclear, however, in how many cases information was missing, since just one publication reported missing values in some, not all, tables (5).



Other Symptoms

Ageusia or anosmia were not reported in the included articles, but only in more recent ones from China (9) and Italy (10, 11). Why were these not reported in the included articles? One answer could be that symptoms were assessed in accordance with the International Severe Acute Respiratory and Emerging Infection Consortium (ISARIC) case record form, as indicated in the methods section of the articles. In this form, there is no space for “other symptoms” (12).



Missing Baseline Information

Data about medication before hospital admission are lacking, thus no information can be obtained whether specific drugs render the patients more prone to a severe course of the disease. This issue, relating angiotensin-converting enzyme inhibitors, angiotensin II receptor blockers, and statins has been extensively discussed in the meantime (13, 14).

Data about level of education and occupation, household size and composition are not reported. Neither weight nor body mass index of the patients are reported. The reason might be the above-mentioned ISARIC case record form, as it does not require such information. Among the comorbidities, the terms “obesity” and “malnutrition” “as defined by the clinical staff” are registered in the case record form, but not the body mass index as an objective measure of obesity. Whether obesity influences the prognosis in COVID-19 is a still controversially assessed issue, and it is uncertain whether ethnic and socioeconomic differences might play a role for the discrepant findings (15–17).

We miss urine analysis data, which might help to characterize the type and pathomechanism of renal failure in COVID-19 (18). Is the frequently encountered hypalbuminemia due to renal loss of protein? Again, this lack of data may be related to the ISARIC case record form, where no such data are requested.



Lack of Information About the Heart

“Cardiac injury” is frequently reported in COVID-19 patients. The definition for “cardiac injury” was adopted from a publication in which cardiac biomarkers, electrocardiography (ECG), or echocardiography among hospitalized patients infected with influenza A (H7N9) virus had been reported (19). “Myocarditis” is reported in one publication, however, it remains unclear how it was diagnosed (2). In another publication, arrhythmia is mentioned, but no description is given (4). In yet another publication, “cardiac injury” is only defined by elevations of the troponin (3).

No details about ECG findings are given in any of the included articles. Whereas, echocardiography should only be performed if it is expected to provide clinical benefit (and not as screening investigation), because of close proximity of patient and echocardiographer; this is not the case with ECG (20). An ECG is easy to perform and yields useful information about the cardiac condition, especially in patients with preexisting cardiovascular diseases. It would be of great interest to know how often and which types of arrhythmias were registered, the prevalence and dynamics of ST-elevations or depressions, and their association with cardiac biomarkers like troponin or natriuretic peptides. Up to now, our knowledge about ECG findings in COVID-19 patients from China is limited to small series comprising 63 (21), 102 (22), and 112 patients (23).



Statistical Issues

The negligence of relevant variables can have important consequences. The variables may be confounders and the omission of these confounders will produce biased results. Moreover, the consequences might be enduring in future analyses, as model-building is often based (and even advised in some textbooks) on results of prior studies (24, 25). The selection of patients is unclear or biased (4, 5). In addition, patients still in follow-up, constituting the major part of observations, were excluded from the sample in two studies (3, 6). This phenomenon, that patients are still hospitalized when the article is written, is not only encountered in publications from China but also from Europe and the U.S.A (17, 26).




CONCLUSIONS

It remains uncertain if such missing clinical information on COVID-19 patients was due to a rush to publish as rapid due to competition or due to underreporting. The retrospectively collected data, obtained under pressure of an evolving epidemic, will not have the quality of prospectively collected information. Nevertheless, it would be worthwhile to re-analyse and re-collect data of the patients included in these early studies. By doing this, a comparison of symptoms and findings between initially suspected and eventually confirmed and excluded COVID-19 cases could possibly be carried out. This would be helpful for physicians in emergency rooms worldwide. Moreover, by now, in November 2020, the reported patients will most probably have experienced an outcome, i.e., either recovered and are discharged from hospital or died from COVID-19. Thus, it would be possible differentiate indicators for survival or death more precisely with the complete observations in the full samples. Furthermore, laboratory tests, ECG recordings and—if available–results of imaging studies could be analyzed in more detail to shed light on the spectrum of this disease. Furthermore, it is of high interest to know the long-term consequences of patients who have suffered from COVID-19. The Chinese collegues could be pioneers in assessing these questions by carrying out follow-up investigations regarding pulmonary, cardiac, endocrinologic, neurologic, psychiatric, and immunologic impairments of post-COVID-19 patients (27).
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Despite vast improvements in global vaccination coverage during the last decade, there is a growing trend in vaccine hesitancy and/or refusal globally. This has implications for the acceptance and coverage of a potential vaccine against COVID-19. In the United States, the number of children exempt from vaccination for “philosophical belief-based” non-medical reasons increased in 12 of the 18 states that allowed this policy from 2009 to 2017 (1). Meanwhile, the overuse and misuse of antibiotics, especially in young children, have led to increasing rates of drug resistance that threaten our ability to treat infectious diseases. Vaccine hesitancy and antibiotic overuse exist side-by-side in the same population of young children, and it is unclear why one modality (antibiotics) is universally seen as safe and effective, while the other (vaccines) is seen as potentially hazardous by some. In this review, we consider the drivers shaping the use of vaccines and antibiotics in the context of three factors: individual incentives, risk perceptions, and social norms and group dynamics. We illustrate how these factors contribute to the societal and individual costs of vaccine underuse and antimicrobial overuse. Ultimately, we seek to understand these factors that are at the nexus of infectious disease epidemiology and social science to inform policy-making.

Keywords: COVID-19, vaccination, antimicrobial, behavior, hesitancy


INTRODUCTION

Vaccines are among the most cost-effective health technologies of all time. They have been responsible for the two instances, smallpox and rinderpest, in which an infectious disease has been eradicated (2). By choosing to be vaccinated, an individual protects themself but also protects their community by preventing disease transmission. Although immunizing enough individuals in a community above a critical proportion can help prevent outbreaks, actual vaccination levels tend to fall short of epidemiological goals due to vaccine hesitancy and refusal. Vaccine hesitancy is as old as vaccines themselves, but has gained momentum in recent years due to a growing distrust in science and institutions. One recent impetus for this was the subsequently retracted and discredited 1998 study by Wakefield and coauthors which falsely claimed a link between the measles-mumps-rubella (MMR) vaccine and autism in children (3). Vaccine hesitancy runs the range from doubts about a specific vaccine to a complete rejection of all forms of immunization. It is relevant not just to childhood immunizations but also to adult vaccines including those being developed against the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the virus that causes coronavirus disease 2019 (COVID-19).

According to the United States Centers for Disease Control and Prevention (CDC), national vaccination coverage has remained constant in recent years: 91.9–91.5% for MMR, 91.2–91.0% for varicella, 94.1–94.0% for diphtheria, tetanus, and pertussis (DTaP; ≥3 doses), and 72.6–73.2% for rotavirus from 2013 to 2017 (4), but vaccine coverage in certain states and communities has declined. For example, among children aged 5 months, up-to-date status for recommended vaccines declined from 67.9% in 2019 to 49.7% in 2020 in Michigan (5).

Another important method of disease control is through antimicrobial treatment. However, the effectiveness of antimicrobials has decreased in recent years due to the emergence of antimicrobial-resistant strains. Indeed, resistance genes, such as Enterobacteriaceae-producing extended-spectrum β-lactamase (ESBL), NDM-1, and Klebsiella pneumoniae carbapenemase (KPC), are widespread and represent major burdens to public health (6). The emergence of antimicrobial-resistant strains has been driven largely by overconsumption and misuse of antimicrobials, which are additionally associated with altered microbiome communities (7), obesity, and irritable bowel syndrome (8).

Despite the contextual complexity of health behaviors, a recent meta-analysis (9) based on conditioned risk questions found that people are more likely to accept vaccination when they perceive a high risk of contracting the disease when unvaccinated (12 studies, effect size 0.26), greater personal vulnerability to the disease (five studies, effect size 0.24), and greater severity of the disease (31 studies, effect size 0.16). Vaccine refusal arises from underestimated risk of disease or overestimated risk of vaccine-induced adverse effects. Risk (mis)perceptions also contribute to overuse of antibiotics. While a lack of awareness about antimicrobial resistance is associated with high rates of antibiotic use among self-medicated individuals (10), clinicians' misperceptions of antibiotic harmlessness are also associated with higher antibiotic prescribing rates in Emergency Departments (11). Studies such as these raise important questions that we must understand to better tackle both vaccine underuse and antibiotic overuse.

What makes people comfortable with the idea of using antibiotics, while being concerned about vaccination, even when the target population tends to be small children? How are these decisions influenced by perceptions of the benefits of antibiotic treatment or immunization, and perceptions of side-effects associated with these interventions? Why do some people perceive vaccines to be unsafe but think that antibiotics are safe? Are individuals likely to take into consideration the benefits (of vaccination) or costs (of antibiotic resistance) that they create for others as a consequence of their actions? And how influenced are they by social norms or peer groups in their behavior? These concerns have increased relevance in the context of COVID-19, where a potential vaccine or set of vaccines are likely to form part of the long-term strategy to keep the disease in check (12).

In this review, we examine factors that shape vaccine hesitancy and antimicrobial overconsumption and characterize the risk and cost they exert upon individuals and societies. First, in Section 2: Risk Perception, we examine the role of risk perception. In Section 3: Free-Riding and Individual Incentives, we look at the issue of individual incentives and external consequences. In Section 4: Social Norms and Group Dynamics, we examine the types of norms and community histories that govern vaccine- and antibiotic-related health behaviors. In Section 5: Actual Risks, Costs, and Benefits of Vaccine Underuse and Antibiotic Overuse, we estimate the risks and costs to individuals and societies associated with vaccination, vaccine hesitancy, antimicrobial use and antimicrobial resistance. In Section 6: Policy Interventions, we propose a series of policy interventions in an effort to curb vaccine hesitancy and antimicrobial overuse and conclude with Section 7: Conclusion.



SECTION 2: RISK PERCEPTION

One reason why people underuse vaccines and overuse antibiotics is that their perception of risk differs from what the evidence may suggest. In the United States, the perceived risk of vaccine use in the general population is several orders of magnitude greater than the actual probability of adverse vaccine-associated events (13). Likewise, across several countries, even when antibiotic use is unlikely to have a significant benefit for infection prognosis, a large proportion of patients have been shown to desire antibiotic prescription (14, 15).

Most health-related decisions are made under uncertainty. Game-theoretic models of vaccination behavior predict that individuals will free-ride on the herd protection afforded by others' vaccination status, particularly when the risk associated with vaccination outweighs the risk of infection (16). In fact, vaccine refusal can emerge even when rational assessment favors vaccination, due to bounded rationality of individual decision-makers (17, 18). With imperfect information and limited processing capacity, individuals' perceived risks may deviate from the actual risks in positive or negative directions. This idea also applies to the overuse of antibiotics for viral infections or other situations in which their prescription is inappropriate due to the general misperception that they are harmless. According to prospect theory (19), such misperceptions could arise from a complex combination of cognitive biases such as framing effects, loss aversion, and diminishing sensitivity. Misperception of risks may also explain why individual decisions often deviate from predictions of expected utility theory, or the classic risk-benefit model of health behavior.

A paradox of vaccination is that while disease transmission is eliminated, so is collective memory of the disease, which results in an underestimation of the harm caused by the disease. On the other hand, the immediate risk of adverse effects such as fever, anaphylaxis, and vaccine-mediated infection may cause concerns among parents, particularly considering the underdeveloped and vulnerable nature of the immune systems of newborns. Further, because of omission bias, individuals tend to be more concerned with consequences arising from their actions rather than inactions, and therefore may overestimate the risk of rare adverse effects of vaccines (20, 21).

With antibiotics, there is a perception that they are completely safe. Even when the risk of emerging antibiotic resistance due to antibiotic overuse is acknowledged, individuals tend to assess their personal immediate risk of resistance-related effects to be low (22). The majority of antibiotics prescribed in primary care are done so unnecessarily for viral conditions such as acute cough and diarrhea (23, 24) but based on the perception that they could prevent secondary bacterial infections. The misuse of broad-spectrum antibiotics can lead to the disruption of patients' gut microbiomes (25, 26), obesity, and irritable bowel syndrome (8), as well as the emergence of antibiotic-resistant bacteria which may cause severe infections and spread within a community (27, 28). However, the consideration of such long-term effects is often superseded by the urgency of relieving symptoms, which is associated with antibiotic treatment (29). The problem of antibiotic overuse and emerging antibiotic resistance is multifaceted (30). Risk perceptions of physicians, patients, pharmacists, and livestock owners all have a propensity to drive antibiotic consumption. Policy interventions to encourage judicious use of antibiotics should also consider the multi-scale information flow and interactions among these players.


Cognitive Biases in Risk Perception

How do people form risk perceptions? In general, this is done using heuristics rather than reflective thinking. One example is the availability heuristic that most people use to assess the likelihood of a catastrophic event based on how readily examples come to mind (31). As mass vaccination successfully reduces the population-level prevalence of an infectious disease, knowledge of the disease also declines over time, leading to underestimations of its severity. While antibiotic resistance is a growing threat to global public health, it is also a relatively recent, rarely reported one. Consequently, a lack of experience with the threat and the relatively low number of reported cases of antibiotic-resistant infections to date may increase the perceived safety of antibiotic use. Another aspect shaping the perceived risk of antibiotic resistance is that it is a “slowly emerging” problem similar to climate change, and the uncertainty surrounding its ultimate severity results in it being assigned a lower priority status compared to more immediate threats (32). Such present bias or discounting also influence medical decisions through physicians feeling pressured to prescribe antibiotics in order to satisfy patients' expectations (33). Fortunately, such heuristics also suggest the possibility of using nudges to influence decision making to improve societal outcomes, as will be discussed in Section 6: Policy Interventions.

Individual health decisions are made based on perceived individual risk rather than societal risks. Parents may choose not to vaccinate their children, despite statistics favoring vaccination, if they perceive their children to be more vulnerable to side effects of vaccination or more resistant to the disease. While epidemiological statistics based on large datasets offer “one-fit-all” recommendations for health decisions, individuals may think such conclusions do not apply to their personal cases (20). For example, older individuals may perceive themselves to be more vulnerable than average to influenza, and thus may vaccinate more accordingly (34). However, in the case of antibiotic use, people are often overconfident that they personally would not be affected by antibiotic resistance despite their awareness of the threat at the community level (22, 32).

The framing of choices also affects how individuals assess decisions and outcomes. For example, Emergency Department clinicians tend to prescribe more antibiotics when they view their possible outcomes as either improving a patients' health or having them remain ill, compared to those who frame this decision as one of balancing the potential harm of therapy vs. a patient's continued illness (11). One potential explanation for the drastically different decision patterns in vaccine underuse and antibiotic overuse is that when deciding whether to vaccinate, people are balancing the risks of vaccine adverse effects vs. disease contraction, similar to the second type of clinicians; while when deciding whether to take antibiotics, patients are more likely to frame the decision as the first type of clinicians do, focusing on the potential positive consequences of antibiotic use while ignore the possible negative outcomes. Combined with the cognitive bias of loss aversion, individuals will refrain from accepting the risk of contracting vaccine-related side effects if the benefit of vaccination is only to keep them healthy with no additional gains to their status quo. In keeping with this notion, omission bias, or the tendency for individuals to feel more responsible for a negative outcome when it is due to their action rather than inaction, further increases the general tendency to avoid risks associated with even very rare events (21). Therefore, when the possible adverse side effects of a vaccine are known, even if the chances of them occurring are very low, individuals tend to be more cautious about actively getting vaccinated compared to the potentially riskier inaction of doing nothing. One reason that omission bias does not seem to affect antibiotic use may once again be due to the misperception that antibiotics are completely safe.

The association between perceived risk and health behavior is not definitive. Other individual or social factors such as emotion and trust could also influence individual decisions (35). Anticipated regret plays an important role in health behavior as people try to minimize regret they expect to experience (36). The stronger anticipation of regret for taking the action of getting vaccinated as well as the weaker anticipation of regret associated with inaction will both encourage vaccine refusal (36). Implementation of certain policies to promote responsible health behavior may actually be destructive for arousing negative emotions about the enforced action, or may reduce individual trust in governments. In an experimental vaccination game, Betsch and Bohm (37) showed that compulsory vaccination increased anger and negative attitudes about vaccination among participants, and decreased vaccination uptake in later voluntary vaccination among the vaccine hesitant individuals.

The social context is crucial in shaping individual trust in authoritative recommendations on vaccine and antibiotic use. Organized resistance to vaccination has a long history dating back to the nineteenth century following the enforcement of the smallpox vaccine in England (38). One interesting characteristic of vaccine critical groups is that they consider trust in others (especially the government) to be passive, and instead associate responsibility and empowerment with the act of individually assessing parental decisions, including those related to vaccination (38). In the case of antibiotic use, the consumer-provider relationship between patients and physicians plays an important role in antibiotic prescription. Physicians often feel pressured to prescribe antibiotics to satisfy perceived patient expectations, which are often overestimated (39). This overestimation can lead to a vicious cycle of escalated antibiotic prescribing practices by leading patients to believe that antibiotics are actually necessary for some self-limiting illnesses (39).




SECTION 3: FREE-RIDING AND INDIVIDUAL INCENTIVES

The effects of an individual's use of vaccines and antibiotics extend beyond the first order prophylactic and/or treatment benefits they incur. In the case of vaccination, when uptake is sufficiently high, susceptible portions of a population are protected from infection by the presence of immune individuals, a concept known as herd immunity (40). Antibiotic use results in both positive and negative societal effects, or externalities, that are generally not accounted for by the individual when choosing whether or not to take a drug. On the one hand, when an antibiotic succeeds in curing an individual, society benefits from the positive externality of a reduced chance of transmission of that pathogen (41). On the other hand, treatment with a specific antibiotic results in the selection of pathogen strains that are resistant to that treatment, thereby reducing the expected future usefulness of the drug (41).

In economic terms, the non-excludable and non-rivalrous nature of herd immunity makes it a public good, and as a consequence it is vulnerable to free-riding, or use by individuals who do not contribute to maintaining it (42). More concretely, individuals will choose to vaccinate at a rate that is lower than optimal for society since herd immunity protects them from disease even in the absence of vaccination. Similarly, economic theory predicts that the negative externality of resistance associated with antibiotic use results in individual levels of consumption exceeding those that are societally optimal, since the additional cost of decreased drug effectiveness is not borne by the individual user. These concepts are further complicated by the global nature of pathogen spread and antibiotic resistance, which may alter the incentives for policy implementation in a single geographical region.


Considerations by Individuals

When the perceived risk of a disease is higher, or in other words the perceived benefits of undergoing a prophylactic intervention against it increase, individual decision makers are more likely to take preventative action (9, 43), a phenomenon known as prevalence-dependent behavior. In some cases, this pattern of behavior may result in counterintuitive health outcomes such as observed increases in cases of HIV and other sexually transmitted infections (STIs) following the widespread use of antiretroviral therapies (ARTs) due to increased risky behavior when the perceived risk of disease is reduced (43). In this sense then, the incredible success of vaccines as a public health initiative may also be related to the decline in their voluntary uptake due to the near elimination of previously common diseases from recent memory.

In the simplest terms, balancing the perceived risk of acquiring a disease is the risk of receiving its medical intervention. In the case of vaccination, although there are undoubtedly real associated risks such as the possibility of the oral polio vaccine (OPV) reverting to a pathogenic form of the virus in vivo (44), the incidence of such events is extremely low. On the other hand, despite evidence of lasting effects of antibiotics on human health, elevated levels of consumption reflect a general societal sentiment of safety toward antibiotics. The low perceived risks and high negative externalities associated with antibiotic use are evidenced in a number of theoretical economic studies on individual antibiotic uptake in the presence and absence of a social planner that conclude that antibiotic allocation in an uncontrolled market economy will differ from that of the social optimum (45, 46) and even potentially the Nash equilibrium (47). As an example, despite the absence of rigorous testing regarding the efficacy of using growth promoting antibiotics (GPAs) in broiler chicken production, and even evidence that removal of GPAs may increase the net value of the flocks (48), the practice was not banned in the USA until 2017.

The costs of these medical interventions, including not only direct medical costs but also indirect costs such as lost time, also influence individual decision making. In one study, 26.1% of respondents in a state with personal-belief exemptions for vaccination stated that they submitted such an exemption for convenience purposes to enroll their children in school, as doing so was less costly than fulfilling the vaccination requirements (49). Therefore, the cost of vaccination must be maintained at low levels, at least relative to the cost of opting out, to encourage uptake in order to compensate for the associated positive externality of herd immunity. In the case of antibiotics, the choice of drug treatment is often made on the basis of cost-effectiveness (41). This, along with institutional control of drug procurement and the fact that clinical treatment guidelines are typically issued by national public health bodies, results in frequently uniform antibiotic choices for given conditions (41). However, the use of a single drug increases the likelihood that a resistant strain will evolve (41), which consequently decreases its future effectiveness. As a result, in order to preserve cost effectiveness while also minimizing the emergence of resistance, economic models for the extraction of non-renewable resources have been used to study the timing of antibiotic use (50, 51). Another solution may be to simultaneously prescribe a variety of drugs randomized over patients in order to mitigate excessive selection pressure toward a single drug or drug class (41). Overall, since individual users do not bear the cost of the negative externality of resistance associated with antibiotic use, there is a need for policy interventions to adjust the price of antibiotics accordingly.

In addition to the perceived cost and benefits of intervention, there is evidence that individual values and sentiments of social responsibility may shape medical decisions. Previous studies found altruism to be a strong motivator in the decision to obtain a vaccination (52), yet in one study where 69% of participants qualified as pro-social as opposed to pro-self as quantified by a social value orientation score, 89% of participants switched behaviors at least once from vaccination to non-vaccination depending on the conditions of the game and their perceived individual infection risks and vaccination costs (53). Importantly, individual values generally cannot be considered in isolation, and must be evaluated within the context of the social norms relevant to the groups they belong to. For instance, one study found that a stronger motivator than either altruism or free-riding for getting vaccinated was the behavior of bandwagoning, or making a decision in line with that of others (52). This type of behavior is consistent with the notion of an availability cascade, or the self-reinforcing process of collective belief formation within groups to avoid individual reputational harm (49). In this way, it has been suggested that one method of increasing vaccination rates may be to preferentially target individuals who form “hubs” of social networks as a result of the social influence they exert over others (54).



Considerations Across Hospital and National Boundaries

The transboundary nature of disease spread and emergence of antibiotic resistance have prompted a large number of studies into the conditions for cooperation between decision making bodies and how this affects their individual behavior. At the level of hospitals, the control of hospital-acquired infections (HAIs) would likely result in real economic benefits since hospital stays are typically longer for patients infected with resistant bacterial strains (47). In urban settings where patients are exchanged between numerous facilities, game theoretical studies have concluded that the amount a single hospital will invest in hospital infection control (HIC) is dependent on the proportion of patients potentially carrying resistant bacterial strains as well as the strain transmissibility (55). The same study also found that in the absence of coordination, the number of hospitals who will act selfishly and free-ride on HIC investments of other facilities is expected to grow as the number of hospitals in the network increases (55). Therefore, regional coordination and planning between hospitals is likely essential for controlling HAIs (55). Indeed, targeted HIC interventions such as government subsidies and universal decolonization have shown promise in both theoretical (56) and empirical studies (57), respectively.

This same logic also applies at the global scale, and suggests that a global coordinated response may be necessary for the control of antibiotic resistance (58). In the absence of coordination, countries have the incentive to free-ride off of the vaccination efforts of their neighbors without ensuring that their own coverage levels are at the social optimum (59). This notion has received a lot of attention particularly in the context of disease eradication due to the massive potential gains arising from the eliminated need to maintain vaccination. For instance, it is estimated that the annual global benefit of smallpox eradication is about $1.35 billion (using 1967 as a base year), while the total cost of its elimination from endemic countries between 1967 and 1979 was about $300 million (60). While there are a number of pathogen-specific biological, sociology, and epidemiological reasons that complicate the eradication of a particular disease, global cooperation and the incentives of individual nations are also very important considerations (44, 60–64).




SECTION 4: SOCIAL NORMS AND GROUP DYNAMICS

Vaccine hesitancy and refusal are prominent in geographical and socioeconomic or religious clusters (65). This suggests that an important feature of vaccine-related behaviors is their propagation at the community level. Indeed, a number of studies have supported the idea that vaccine hesitancy and refusal are social norms. Social norms can be broken down into two categories: descriptive and injunctive. Descriptive norms include behaviors that are performed by community members (i.e., what is done), while injunctive norms describe behaviors that receive approval or disapproval from the community (i.e., what ought to be done) (66). Social norms principally spread via contagion, and this effect is amplified by homophily (67, 68). Studies from numerous sociocultural contexts have illustrated the influence of vaccine-related norms on individual behavior. These outcomes are explained using the Theory of Planned Behavior, which posits that the performance of a behavior is principally the result of its antecedent intention (69). The intention, in turn, is informed by a social norm.

In a number of cases, the norm of vaccine acceptance has been shown to predict individual behaviors. Agarwal et al. (70) investigated a combination of descriptive and injunctive pro-vaccination norms in the context of college students' vaccination behaviors. They found that four out of the six norms tested showed statistically significant correlation with actual vaccination behaviors (70). A study on Nigerian mothers' acceptance of the Bacille Calmette-Guérin (BCG) vaccine showed that living in a community with pro-immunization activism predicted a more than twofold increase in the odds of BCG coverage (71). A similar study on Tongolese mothers found that the communication of a pro-immunization message by the chief, as well as vaccination by the chief himself (a descriptive norm), led to increases in vaccination by mothers for themselves and their children (72).

However, social norms can have negative effects on vaccine uptake if they are anti-vaccination or more generally anti-medicine and anti-establishment in nature. For instance, Brunson found that within an individual's social network, increases in the number of people recommending non-vaccination were associated with an increased likelihood of that behavior (73). Similarly, a study on homeschooling parents' vaccination behaviors found that more parents disagreed with the statement “friends think I should vaccinate my children” than agreed with it. Further, more parents agreed with the statement “friends think the risks of vaccination outweigh the benefits” than disagreed with it. These statements refer primarily to injunctive norms and their effects were reflected in vaccine coverage: only 38% of parents stated that their children had received all the recommended vaccines (74). In the case of the HPV vaccine, gender norms have led to substandard coverage for men. Clinical trial data for the HPV vaccine had originally come from female subjects, so FDA approval was female-specific. Over time, the HPV vaccination recommendations have maintained a gender discrepancy, creating the sense that HPV disproportionately affects women, when in reality, it affects all genders. The feminization of the HPV vaccine has had undesirable effects on the distribution of uptake between the genders: in 2014, 40% of women and 22% of men completed the vaccine series (75). In addition, studies have documented the effects of paternal beliefs surrounding vaccines on the likelihood that mothers will vaccinate their children (74, 76).

Given the weight of evidence suggesting a link between vaccination norms and behaviors, it is important to understand the motivations underlying norm conformity. These motivations can be different for individuals entering a community (social newcomers) and long-standing community members. It is therefore necessary to consider them separately.


Anti-vaccination as Capital


Case Study: Waldorf (Steiner) School Parents

The vaccination tendencies of newcomers to communities with pre-existing anti-vaccination norms can be understood from studies on Waldorf school parents. Waldorf schools offer alternative forms of education and are thought to account for a significant number of children whose parents file personal belief exemption forms. These forms would allow their children to remain un- or under-vaccinated on the basis of non-religious and non-medical explanations and still attend school (77). Sobo found that Waldorf school parents appealed to the traditions of the school culture, which emphasize “[looking] away from biomedicine.” One of the study's participants was quoted as saying, “the school philosophy actually embraces illness because they believe that when your body has a strong illness, particularly a fever, it precedes a developmental leap in the child.” Parents received significant pressure to follow these traditions (77). Based on the analysis of Waldorf school parents, it appears that social newcomers are motivated by a desire to belong, and they adopt community traditions to do so.

Attwell et al. (78) provide a theoretical framework for understanding these types of motivations. They use Bourdieu's theories of “capital” and “habitus” to analyze vaccination decisions. For instance, they suggest that the induction of parents into non-vaccinating communities, can be seen as a drive to acquire cultural capital in a new social context (78). Reich (79) uses a similar line of reasoning for communities of mothers who see themselves as autonomous actors in relation to their children's' health. They mobilize this social capital to gain validation for their rejection of vaccines (79). Attwell et al. also read the tendency to reject vaccines as the acquisition of symbolic capital, which encompasses behaviors that are seen as a “positive sign” and distinguish the group from another, similar to injunctive norms (78). This adds to previous research on “cultural cognition” —the tendency for individuals to match their ideas to those of the broader community as a way of avoiding cognitive dissonance and building solidarity (80–82). This tendency is accentuated when the idea in question is a distinguishing feature of the group (83). A significant finding from Atwell et al. was that individuals moving from one community to another felt a sense of instability, which was then resolved by conformity to the community's accepted “habitus.” “Habitus” refers to the largely unconscious dispositions that a community shares—in this case, the tendency to reject or accept vaccines (78). Therefore, the vaccination decision can be seen as a source of cognitive resolution among social newcomers when the new community holds acceptance or rejection of vaccination as a social norm.

Two cognitive mechanisms have been implicated in norm-related vaccine hesitancy: omission bias (as previously described) and the credibility heuristic (84). The credibility heuristic refers to the tendency of individuals to evaluate the merit of an argument based on the perceived credibility of the source. Importantly, individuals tend to confer credibility to sources with whom they share an in-group connection (84, 85). These mechanisms are consistent with the framework of social identity theory, which posits that the social context for vaccination decisions puts them outside the realm of individual rationality (86, 87). One particularly pertinent example of a long-standing anti-vaccination group is those believing in complementary and alternative medicine (CAM). This group encompasses an ensemble of communities that believe in an entirely DIY approach to medical care. A study on these communities found that they selectively rely on information about the failures of Western medicine to justify their tendencies, while ignoring information about its utility (88). These biases also highlight the possibility of in-group attachment being channeled into outgroup hate. A study of the ways in which non-vaccinating parents portray the vaccinating mainstream found that they constructed a narrative of lifestyle, health, and decision-making inferiority for vaccinating parents. This narrative helped to further cement their beliefs (88).




Other Group Dynamics

There are certain groups for which the social norm of non-vaccination has distinct historical origins, and it is worthwhile to consider them separately. Several studies have found that African-Americans refuse vaccines more than other racial groups (89–91). Historical tensions between the medical community and African-Americans have been proposed to account for this tendency to reject vaccines. Mistrust of the medical establishment among African-Americans stems back to the era of slavery, when slaves were used as subjects for medical experimentation without their consent or personal gain. Out of this phase of selective experimentation grew the sense among African-Americans that medical technologies were weapons designed to be used against them. This type of stigma has persisted (92).

Orthodox protestant communities have also been studied for their vaccination decisions. Historically, religious arguments both in favor of and against vaccination have been circulated in orthodox protestant groups. Ruijs et al. (93) distinguish between appeals to tradition and “deliberate” choice in religion-based decision making. In traditions-oriented families, they found little evidence for choice consideration at all. A Bourdieusian analysis of this approach to the decision would theorize that non-vaccination was “habitus” for these families. Among the deliberate choice group, most participants cited personal religious experiences (for instance, praying to God for help in the decision) rather than consultation with religious leaders as the predominant factor in their choice (93). This finding suggests that orthodox protestant communities are structured to prioritize personal experience over the influence of social leaders.



Norm Effects on Antibiotic Use and Prescription

Within various groups, including the aforementioned CAM community, there exists a belief that Western medical practices are “unnatural” (94). In these groups, the reasoning for rejection of vaccines and antibiotics tends to overlap. Looking at public beliefs about antibiotics, Norris et al. (95) found that for many of their study's participants, aversion to antibiotic use reflected a more general reluctance to take any sort of medications (95). Previous research had elucidated a relevant psychological mechanism: namely, the effect of illness perceptions on help-seeking behaviors (96) (e.g., inquiring about the possibility of taking a course of antibiotics). Beliefs in either ‘holistic’ medical practices or the body's innate power to fight off infections was associated with a decrease in such help-seeking behaviors (97–100), and therefore, likely a decrease in willingness to use antibiotics. However, rejection of antibiotics in general does not appear to be held as an injunctive norm in the same way that vaccine hesitancy can be. More often, norms around antibiotic use lead to overuse, and this trend is pertinent to the discussion of antibiotic resistance. Norms play a role in two ways: by affecting patient expectations and by affecting prescriber approaches.

The tendency for individuals to use antibiotics is related both to their perceptions of antibiotic efficacy and their perceptions of whether antibiotics are needed for their particular ailments. As mentioned in the context of vaccine decisions, the basis on which individuals form these sorts of perceptions is in large part the behaviors of the individuals in their social networks. This is true of other medical interventions as well. For instance, Zikmund-Fisher et al. (101) found that when presented with descriptive norms relating to cancer treatment, study participants took behavioral cues from those norms (101). There is some evidence to suggest that patients take similar social cues in relation to their antibiotic use, but it is limited (102, 103). More research must be done to investigate this connection. However, a significant body of literature has shown a related social connection to antibiotic use: namely, that cultural values affect patient demands for prescription antibiotics. This connection has been studied in Australia (104, 105), England (106), France and Germany (107), Europe in general (99, 100, 108, 109), Egypt (110), and Tanzania (111). In all of these cases, ideas about the physician's role in the physician-patient relationship, the need for antibiotics, the efficacy of antibiotics, and the dangers of antibiotics affected patient demand for prescription antibiotics. Cultural values can also have an impact on the use of non-prescription antibiotics. For example, Widayati et al. (112) found that overuse of non-prescription antibiotics in Yogyakarta City, Indonesia, was attributable in part to the prominent belief that medical consultation is a waste of time (112). Interestingly, notions of self-efficacy were associated with high rates of non-prescription antibiotic use in Lithuania, even when the majority of knowledge about antibiotics was coming from medical professionals (113). In Palestine, similar notions of self-efficacy, combined with a positive attitude toward medications and a lack of public education about antibiotics was associated with high rates of non-prescription antibiotic use (114).

In addition, prescription norms and physicians' own ideas about their roles in relation to their patients can influence trends in antibiotic use. For example, Chan et al. (115), studying a hospital in Singapore, found that junior physicians deferred to the practices of senior physicians, thus setting up a norms-based prescribing pattern in their hospital. This pattern was problematic, because physicians tended to focus on their subjective clinical judgements, as opposed to the hospital's guidelines on antibiotic prescription (115). A similar hierarchical, norms-based prescription structure was found by Papoutsi et al. (116) in their study of doctors-in-training (116). In a comparison of antibiotic use in France and Germany, Harbarth et al. found that one of the primary factors accounting for the greater antibiotic use in France was the difference in prescription norms. In Germany, for suspected cases of respiratory tract infection, diagnostic tests were performed, whereas in France, in the face of diagnostic ambiguity, prescription of antibiotics was the default practice (107). Further, physicians' ideas about the benefits of prescription, which are culturally influenced by the degree of community emphasis on guideline adherence and patient satisfaction have been shown to affect their likelihood of prescribing antibiotics, following the Theory of Planned Behavior (117).

Physicians' ideas about their roles in the physician-patient relationship can also have an impact on rates of antibiotic use. For instance, Butler et al. (118) interviewed physicians on their prescribing behaviors, and one participant who admitted to ignoring the guidelines on antibiotic prescription said, “I'm quite well aware of the lack of firm evidence that antibiotics treat [upper respiratory tract infections] and that in terms of evidence-based medicine we overprescribe antibiotics, but my own view is that I don't really care… your goals at the end of the conversation is for both you and the mother and the baby to be satisfied.” (118) In this case, the physician sees his primary responsibility as his patient's satisfaction. Similarly, Kandeel and colleagues' study on antibiotic use practices in Minya, Egypt, found that antibiotic prescription was significantly associated with the patients' preferences for such treatment (110). Thus, the over-prescription of antibiotics appears to be influenced by a combination of hospital-specific descriptive norms and broader cultural ideas about physician responsibilities.




SECTION 5: ACTUAL RISKS, COSTS, AND BENEFITS OF VACCINE UNDERUSE AND ANTIBIOTIC OVERUSE

Vaccine hesitancy is a growing issue (119) which poses risks and costs to societies and individuals alike, including increased infection rates, economic costs, and decreased herd immunity. Vaccine hesitancy is facilitated by a number of factors, including the option to obtain non-medical exemptions in several states (120) which increases the likelihood of disease outbreaks. An overwhelming driver of vaccine hesitancy is the belief of adverse reactions that an individual can have to vaccines. To address these concerns, the Vaccine Adverse Event Reporting System (VAERS) (121) was implemented to factually track adverse reactions. Furthermore, the Vaccine Safety Datalink (VSD) actively studies adverse effects post-vaccination, in addition to generally ensuring safety (122).

How does vaccine hesitancy compare to antimicrobial use? Antimicrobial resistance is a worldwide problem that has plagued society since the introduction of antibiotics in the 1940s (123), and has been exacerbated in the present day by antimicrobial overuse. The sustained emergence of resistant pathogen strains results in the need for continued development of more powerful antimicrobials, and current drug discovery efforts are unlikely to be sustainable. Furthermore, it is believed that significant improvements to current antibiotics will remain elusive (124). Motivated by this, in 2015 the WHO enacted the “Global action plan on antimicrobial resistance” (125) in a large-scale effort to curb antimicrobial resistance and develop strategies to address this issue.

In this section, we first examine general societal risks and costs associated with vaccine refusal, along with societal benefits of vaccination, in addition to risks and costs of antimicrobial resistance. Then, we briefly summarize risks, costs, and benefits at the individual-level. Subsequently, to highlight and contextualize these general ideas, we present two contrasting cases studies for vaccination and conclude with a specific example of antimicrobial resistance and its consequences.


Societal Aspects


Vaccination

Perhaps the most obvious societal cost of vaccine underuse is the cost of treating vaccine preventable illnesses (126). This cost takes two forms: actual hospitalization, treatment and mortality, and downstream effects. Oftentimes, the cost of even a single hospitalization far outweighs the cost of immunization. For example, a “successful” infection by Diphteria and Tetanus invariably lead to hospitalization. Whitney et al. (126) estimate that the costs of treating these diseases (i.e. hospitalizations) are about $17,000 and $100,000, respectively, although in 2017 the total costs of treating a single unvaccinated child for Tetanus could exceed $800,000 (127).

It is also important to consider both direct and indirect consequences of vaccine refusal. On a broader scale for the USA, Ozawa et al. (128) estimated that adults lacking immunizations represented an economic cost of about $7 billion annually. This number was reduced to $2 billion for infected vaccinated individuals. Moreover, for vaccination against varicella, Zhou et al. (129) showed that the benefit to cost ratio in the USA is about 4 for a single dose of the vaccine, and about 3 for two doses. Furthermore, Omer et al. (130) found that increased non-medical exemptions in the USA resulted in an increased disease burden of pertussis.



Antimicrobial Resistance

In a landmark study, Michaelidis et al. (131) computed the “hidden” societal cost of a single course of antibiotics. These authors focused on costs attributed to antibiotic resistance, and concluded that each course of antibiotics imposes a societal burden equivalent to $13 on average. This cost is non-negligible considering that the actual antibiotic cost to the individual may vary from a few dollars to a few hundred dollars.

It is currently estimated that antibiotic resistance poses a significant societal burden through infection: In the US, infections are on the order of millions (~2 million), leading to several thousand deaths (≥23,000) (132). The societal implications of these infections include not only the costs associated with these high annual infection and death rates, but also the increasing probability of these resistant bacteria infecting susceptible hosts as the number of infected individuals rises. For instance, in a study examining Salmonella outbreaks, Varma et al. (133) found that infections with resistant pathogens led to 14% more hospitalizations than infections with non-resistant strains. Despite this, most current societal cost estimates only consider the direct consequences of infection with a resistant bacterial strain, and consequently underestimate their true burden (e.g., surgeries would lead to substantially more infections) (134).




Individual Aspects


Vaccination

Individual risks and costs of vaccination lie almost entirely along two axes. First, as previously discussed, there are quantifiable risks of adverse effects associated with every vaccine, as discussed by Stratton et al. (135). In a study spanning multiple vaccines, Bohlke et al. (136) found a rate of 0.65 cases of anaphylaxis per million doses of vaccines administered. Out of five such cases identified, anaphylaxis did not lead to mortality. The second dominant risk is that of an individual's infection probability (137), although as previously mentioned in the context of herd immunity, this probability, and thus its associated cost are functions of the vaccination decisions of others. If vaccination achieves a high enough threshold such that herd immunity is maintained, then the individual that refuses vaccination will be effectively protected with a very low probability of infection. On the other hand, if herd immunity is not achieved, the probability of infection for an unvaccinated individual depends upon the value of R0 for the specific disease. For high values of R0, Susceptible-Infected-Recovered (SIR) disease models (138, 139) predict that nearly all initially susceptible individuals will be infected. Thus, refusing vaccination before such an epidemic will very likely result in infection and any complications that may ensue.



Antimicrobial Resistance

Antimicrobial resistance gives rise to many individual risks and costs for the individual. First and foremost, incorrect administration of antimicrobials can enhance selection for resistant pathogens and aggravate infection (140). There are also adverse effects associated with using more potent antibiotics to combat resistant pathogens, such as perturbations to the human gut microbiome (141), which may be correlated with severe downstream consequences ranging from weight-gain to increased susceptibility to other infections and even to cancer (142). Thus, conditional upon successful treatment, infection with pathogens that are resistant to milder antibiotics may have effects that last significantly longer than the actual infection.




Case Study: Influenza Viruses

Influenza viruses are single-stranded, negative sense, segmented RNA viruses that exert significant yearly seasonal burdens on human populations (143) largely due to rapid evolution of the immunodominant hemagglutinin (HA) surface protein (144). Current vaccination strategies elicit immune responses to exposed HA regions that are known targets of antibodies (145), but only have moderate efficacy (146). To further increase immunity in human populations and reduce the number of necessary vaccines to maintain herd immunity, there are currently significant efforts aimed at developing and understanding the impact of Universal Influenza Vaccines (UIVs) that would provide broad protection across multiple strains for multiple years (147–149).

Influenza vaccine refusal is often shaped by preconceived notions of low effectiveness (150). A meta-analysis of studies pertaining to influenza vaccination and health care workers revealed similar notions, in addition to beliefs of low personal risk associated with actual influenza infection (151). Thus, individuals believe that the risk of adverse reactions due to influenza vaccines far outweighs the protection they provide (152). Yet, recent work indicates that vaccination dramatically decreases actual individual risk, both in children [e.g., (153, 154)] and adults [e.g., (155)].

For individuals that are at low risk of influenza complications, the single most compelling reason for annual vaccination is to increase herd immunity and thus lower the probability of transmission to individuals that are at risk of complications. In general, those at elevated risk include children younger than 1 year of age, adults older than 65, pregnant women, and those with chronic illnesses (156). Despite the current “imperfect” seasonal vaccines that require yearly updating and that have mixed efficacy, their societal impacts have been important. Arinaminpathy et al. (157) estimated both direct protection, i.e., a vaccinated host successfully resisting influenza infection, and indirect protection, i.e., a potential host averting infection due to reduced transmission from vaccinated hosts. These authors concluded that vaccination reduced seasonal influenza burden in the United States by between roughly 10 and 37 million cases. Overall, advantages of UIV would include decreased yearly cases and transmission, as well as a change in the evolutionary dynamics of the influenza virus, which may potentially reduce its future burden (158).



Case Study: Measles

Measles morbilliviruses are singled-stranded, negative-sense, non-segmented RNA viruses that principally infect school-aged children (159). Measles infections can lead to severe complications or damage to the central nervous system years after infection. Due to long-lasting immunity following immunization, vaccination against measles has been highly successful. For example, following the successful use of the MMR vaccine in the USA, endemic measles has been eliminated (160). Following the publication of a retracted paper on the association of the MMR vaccine with autism, vaccine safety has been the subject of extensive studies that reveal no association with autism (161). Yet, vaccine hesitancy introduces pockets of susceptibility in populations. In conjunction with high transmissibility, this results in a loss of herd immunity and possible measles epidemics. For example, in Washington state, there was recently a measles outbreak (162). These outbreaks impose a significant burden on public health infrastructure, in addition to exerting significant direct and indirect costs on individuals.

The economic consequences of measles vaccine hesitancy can be significant [e.g., see predictions of (163)]. Furthermore, a retrospective modeling analysis following the 2012–2013 outbreak in Merseyside, UK established that this outbreak could have been averted with 11,793 vaccines (182,909 pounds) instead of costing 4.4 million pounds due to infections (164). In addition, there are serious public health risks associated with vaccine hesitancy, including substantially more infections (163) and infection risk for those that refuse vaccines [e.g., for measles risk pertaining to exemptions in children, see (165)]. But the individual risk tied to MMR vaccine refusal extends beyond immediate infection into long-term immunological consequences for children that contract measles. Indeed, immunomodulation by measles infection in children leads to immunosuppression (166). Subsequently, other opportunistic pathogens can infect these immunocompromised children, resulting in increased childhood mortality (166).



Case Study: Methicillin-Resistant Staphylococcus Aureus (MRSA)

Staphylococcus aureus is a bacterial human pathogen that causes skin and blood infections. Perhaps the archetype of antibiotic resistance, Staphylococcus aureus is also responsible for significant nosocomial infections. How did methicillin-resistant Staphylococcus Aureus (MRSA) emerge? Treatment for this pathogen began through the introduction of penicillin in the 1940s. Yet, the emergence of resistant strains to penicillin led to the use of methicillin to successfully combat this pathogen (167). Eventually, however, resistance to methicillin developed, leading to current MRSA. This “specialization” of resistant bacteria acquiring further resistance illustrates that antimicrobial resistance is not novel. Furthermore, genetic analyses have revealed that these MRSA pathogens are further specializing and becoming vancomycin resistant (167).

At the individual level, the odds of dying following surgery when infection with MRSA is acquired compared to without infection are 11.4:1. In contrast, these same odds compared to infection with a non-resistant Staphylococcus Aureus strain are 3.4:1 (168). The individual cost of an MRSA infection extends beyond the direct health implications of such infections. Described as the “twenty-first century lepers” (169), MRSA patients also face tremendous stigma due to fear of contagion. Therefore, the social isolation that results from this stigma may lead to significant psychological harm, substantially increasing the individual burden of a MRSA infection.

What are the societal costs of MRSA outbreaks? Stigmatization can lead to decreased cooperativity and productivity, affecting proper societal functioning. Furthermore, MRSA outbreaks can exert pressure on societal resources. For example, a recent MRSA outbreak in a Finnish hospital facility in 2003–2004 lasted 14 months and had tremendous direct and indirect costs (170).




SECTION 6: POLICY INTERVENTIONS


Direct Manipulation of Cost or Supply of Vaccines and Antibiotics

Several policy proposals to target the overuse of antibiotics and the underuse of vaccines suggest direct manipulation of drug supply or pricing. Among these, extended durations for antibiotic patents have been suggested, which incentivize patent owners to curtail their usage (171). Another proposed solution has been to promote a single buyer for antibiotics, as this actor would have the incentive to take future resistance and drug effectiveness into consideration during their purchasing (171). Pigouvian taxes on antibiotics to absorb the externality of resistance development have also been proposed (47, 58), although a clear disadvantage of such a policy is that it disproportionately affects poor users while doing little to limit the consumption of more affluent ones. In this way then, Hollis and Maybarduk suggest that such a tax may be better applied to industrial and agricultural uses where sensitivity to taxation is more equal (58). Nevertheless, even if reductions in antibiotic use are successful, novel drug classes will need to be developed for sustained treatment options in the future (6). To this end proposals for reimagining the business models for drug development have been proposed (6), as well as incentivizing drug discovery through financial rewards that are delinked from drug prices or volumes (58).

Similarly, it has been suggested that one approach to incentivize vaccination may be through the implementation of fines or rewards (42). However, whether or not such policies would succeed in increasing vaccine uptake are debatable. Indeed, when disease prevalence is high, numerous studies suggest that public uptake of vaccines will also rise, making subsidies irrelevant if they are not properly timed (43). Further, there is evidence of utilization of fines as a means to “buy out” of the action they are designed to incentivize in the first place (42).



Changes to Medical and Prescriber Practices

Another proposed approach to altering vaccine and antibiotic use is through changes in medical practices and physician prescribing behavior. In terms of antibiotic prescribing, studies have found that interactive, computer-based antibiotic guidelines have been successful at reducing the number of inappropriate drug prescriptions (172). Further, the prescription of an antibiotic has sociological ramifications for both the physician and the patient, such as the conclusion that a diagnosis has been made and that the visit is terminated (172). Therefore, for a patient to feel satisfied without an antibiotic prescription, it is recommended that additional explanations detailing the true medical usefulness of these drugs be provided by the physician (172). Indeed, simple interventions to encourage physician-patient communication about the use and risks of antibiotics were shown to effectively reduce antibiotic prescription by 60% (39). Necessarily, however, such recommendations will need to be adapted to the local country and culture within which they are implemented. For instance, antibiotic use without prescription is common in many low-and-middle-income countries (6), and it will be necessary to ensure that those who need the drugs most are still able to obtain them following any policy changes.

Along a similar vein, the way that medical information is presented can also play an important role in treatment uptake. For example, the erroneous over-identification of human papilloma virus (HPV) as a female-specific disease has disadvantaged males from receiving its vaccine, despite growing evidence of a causal role for this virus in penile cancer, anal cancer, and other conditions men are susceptible to (75). This insufficient vaccine uptake among men is exacerbated by an inadequate uptake of the vaccine among women, and hence the inability to generate herd immunity (75). Furthermore, there is evidence to suggest that the way that medical information is presented plays an important role in the magnitude of the risk perceived by the patient (49). In one of the most basic forms of such an intervention, pneumococcal vaccination rates among high-risk patients were found to increase when simple educational information was provided and patient-physician communication about the vaccine was encouraged (173). Further, several studies have found that individuals perceive a risk as greater when it is presented in terms of a frequency (i.e., a 1 in 10 chance) as opposed to a probability (i.e., a 10% chance) (49). Consequently, one strategy for increased vaccination uptake may be for physicians to also present the risk of non-vaccination in frequency terms (49). Similarly, betrayal aversion, or the emotional reaction associated with an object of trust betraying its implicit promise of protection, has been found to occur less frequently when visual aids are employed to communicate risk, suggesting that this may also be a useful strategy for healthcare workers in discussing vaccination (49).



Nudging and Influences to Social Behavior

The range of biases shaping the perceived benefits of vaccination have resulted in individuals with a spectrum of opinions, ranging from those entirely opposed to vaccination to those who are vaccine hesitant, i.e., susceptible to the anti-vaccination message but whose preferences are not hard-and-fast (49). Drawing on concepts from behavioral law and economics, a number of recommendations, or nudges, targeted at vaccine hesitant individuals in order to correct predictable errors in risk assessment of vaccination caused by cognitive biases without restricting individual choices have been suggested (49). For instance, similarly to the notion of bandwagoning previously introduced, there is evidence that simply informing individuals that others are choosing to vaccinate can increase their uptake (42). Additionally, receiving concrete information through face-to-face interactions may be more effective at initiating action than abstract information, from say a pamphlet (174). Finally, although the ethics of this form of nudging may be more questionable, one study found that when combined with a specific plan for action regarding how and when to get vaccinated, fear was a successful initiator of increased tetanus vaccine uptake among seniors at Yale University (175).

Modifications to laws and government policies regarding vaccination have also been proposed as nudging tools. Herd immunity could be made an excludable good by restricting the community and social activities unvaccinated children can participate in (42), as was done in Rockland County NY in March 2019 following a large measles outbreak. Alternatively, and perhaps more of a shove than a nudge, it has been suggested that removing all philosophical exemptions from vaccination may be an effective way to reduce free-riding and increase uptake (49). Indeed, Mississippi is the state with the highest vaccination rates in the USA, and is one of two states that do not permit religious or philosophical exemptions (49). However, there are concerns that such a hardline approach may not successfully increase uptake given the likelihood of it facing legal challenges and political pushback, and more subtle options in which vaccination is made the default option have been proposed (49). Further, Chapman et al. (34) found that uptake of flu vaccinations increased when the appointments to receive them were pre-scheduled, and allocation of patients to doctors based on geographical proximity has been proposed as a mechanism to alleviate patient attrition in response to reduced antibiotic prescription (176).



Educational Campaigns and Media Coverage

Based on the association between risk perception and health behavior, campaigns to increase the perceived risk of non-vaccination or reduce the perceived risk of vaccination may be effective in promoting vaccine uptake. Fear arousal alone through presentation of dramatic narratives or pictures about the danger of vaccine-preventable diseases has been shown to be ineffective at increasing the intention or action to vaccinate (175, 177). However, it has been shown that individuals overestimate the risk or frequency of occurrence of events that are highly publicized (49), and as a result one important way to rectify such a cognitive bias may be through the regulation of media coverage of outlier cases of negative vaccine consequences, perhaps by enforcing that equal coverage of cases of the diseases that they are preventing be broadcast.

In general, social norms-based campaigns have been found to be most effective when they stress a positive injunctive message (178). That is, messages have the greatest positive impact when they express what the individual should do: “take your vaccine” instead of “don't refuse your vaccine.” In addition, effective messages convey injunctive rather than descriptive norms: “get your child vaccinated for his or her well-being” instead of “get your child vaccinated because that's what others have done.”

Finally, educational campaigns that emphasize the societal consequences of vaccine refusal and antibiotic overuse and set the social expectations for responsible health behavior could also be effective strategies for encouraging the incorporation of societal risk as part in individual risk calculations. For instance, it is commonly observed that individuals misunderstand their personal role in spreading antimicrobial resistance through their use of antibiotic drugs, and consequently believe that the responsibility for control measures lies uniquely with health organizations (22). In this case, better information regarding the causes of antibiotic resistance and specific instructions on how individuals could contribute to controlling antibiotic resistance would likely prove effective.




SECTION 7: CONCLUSION

In this paper, we reviewed the personal, societal, and economic factors affecting vaccine hesitancy and antimicrobial overuse. These insights are helpful to understand the uptake of a potential vaccine against COVID-19. A variety of misperceptions about risk contributes, in part, to the imbalance of vaccine uptake and antimicrobial use relative to their socially optimal levels of consumption. For instance, individuals may underestimate the risk of a disease because of herd immunity and engage in free riding. They may further overestimate the risk of adverse events from vaccination and underestimate the risk of antimicrobial overuse. This may be particularly relevant in the context of COVID-19, and the importance of rigourous vaccine testing to maintain public trust has been emphasized, despite the simultaneous need for unprecedentedly fast vaccine development (179).

From a policy perspective, complications arise from the multifactorial nature of information flow, involving prescribing physicians, patients, pharmacists, the government, etc…, and the cognitive biases that reinforce misperceptions. Social norms of non-vaccination also appear to push individuals toward vaccine hesitancy and refusal. In communities that hold such norms, social newcomers are highly incentivized to conform as a way of building solidarity and securing their positions. For long-standing community members, on the other hand, non-vaccination may become an unconscious behavior or a deeply-rooted belief. In the latter case, individuals are susceptible to a variety of cognitive biases. Finally, specific racial and ethnic communities may have unique relationships to vaccines for a variety of historical reasons, which will be important for policy makers to consider.

The prevalence of vaccine hesitancy and antimicrobial overuse warrants consideration from policy makers because of the individual, societal, and economic costs that they entail. We investigated several policy interventions aimed at encouraging a shift toward the socially optimal levels of vaccine and antibiotic consumption. These included direct manipulations of the costs of vaccines and antibiotics, changes to prescriber practices, and nudging through modifications of the choice structure or direct regulations on vaccine exemption. NGOs can also engage in nudging through directed campaigns, but the efficacy of these initiatives depends largely on characteristics of the messages that they portray. Based on the successes and failures of previous campaigns, it appears that these messages should be informed by social norms theory. It is critical that any interventions be coordinated between regional actors to match the global nature of pathogenic spread and antimicrobial resistance.
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Background: SARS-CoV-2 continues to claim hundreds of thousands of people's lives. It mostly affects the elderly and those with chronic illness but can also be fatal in younger age groups. This article is the first comprehensive analysis of the epidemiological and clinical outcomes of the travel-associated SARS-CoV-2 cases until April 19, 2020.

Methods: Demographic and clinical data of travel-associated SARS-CoV-2 cases were collected for the period between January 16, 2020 and April 19, 2020. More than one hundred and eighty databases were searched, including the World Health Organization (WHO) database, countries' ministries websites, and official media sites. Demographic and clinical data were extracted and analyzed.

Results: A total of 1,186 cases from 144 countries meeting the inclusion criteria were reported and included in the analysis. The mean age of the cases was 44 years, with a male to female ratio of 1.6:1. Travel-associated cases originated from more than 40 countries, with China, Italy, and Iran reporting the highest numbers at 208, 225, and 155, respectively. Clinical symptoms varied between patients, with some reporting symptoms during the flights (117 cases; 9.87%). A total of 312 (26.31%) cases were hospitalized, of which 50 cases (4.22%) were fatal.

Conclusion: Major gaps exist in the epidemiology and clinical spectrum of the COVID-19 travel-associated cases due to a lack of reporting and sharing data of many counties. The identification and implementation of methodologies for measuring traveler's risk to coronavirus would help in minimizing the spread of the virus, especially in the next waves.

Keywords: coronavirus, traveler's risk to infection, clinical outcome, epidemiology, COVID-19


INTRODUCTION

Out of seven coronaviruses known to infect humans, four are seasonal (229E, NL63, OC43, and HKU1) and cause common respiratory infections similar to influenza (1). Additionally, three novel coronaviruses of animal origin (zoonotic) have emerged in the last two decades and caused unprecedented outbreaks in human: the Severe Acute Respiratory Syndrome (SARS-CoV) that emerged in 2003 (2–4), the Middle East Respiratory Syndrome (MERS-CoV) that emerged in 2012 (5, 6), and the SARS-CoV-2 that emerged at the end of 2019 (7–10). All of the zoonotic viruses were associated with server respiratory illnesses.

SARS-CoV-2, which is the causative agent of Coronavirus disease 2019 (COVID-19), was first identified in Wuhan, China, in December 2019 (10). The virus then rapidly spread to other countries around the globe. The first ten countries which reported the virus after China were Thailand, Japan, South Korea, the USA, Singapore, Vietnam, Australia, France, and Malaysia (11, 12). The rapid spread of the virus to the different continents evoked WHO to declare the pandemic stage on March 11, 2020, making it the first zoonotic-origin coronavirus to reach this stage (13).

The clinical spectrum of COVID-19 ranges from asymptomatic/mild upper respiratory tract illness in about 80% of the patients to severe viral pneumonia with respiratory failure and even death. The major risk factors associated with disease severity include chronic illness, older age, and genetic dispositions. The incubation period of COVID ranges from 1 to 14 days (median 5 days), during which infected patients can transmit the virus even before experiencing any symptoms (7, 10, 14, 15).

The risk of acquiring an infectious agent during travel is relatively high. As per the 2015 records of the World Tourism Organization (WTO), 1.2 billion international tourist arrivals were documented (16). These figures are projected to increase further and reach 1.4 billion by 2020 and 1.8 billion by 2030, signifying the crucial public health impact that travel will have on global health security (17). Consequently, travelers represent a cohort of epidemiological importance because of the associated dynamicity, exposure to infectious diseases, and risk of circulating infections among populations. This concern has been further fueled by the rapid emergence and spread of various agents such as Ebola, MERS-CoV, Zika, and most recently, the SARS-CoV-2, although each of them is characterized by a different mode of transmission (18, 19).

Although MERS-CoV was identified in 2012, only 2,494 cases have been reported so far (20–25). Further, SARS-CoV-1 was contained in <2 years after affecting more than 8,000 cases, including 800 deaths (26, 27). As of October 15, 2020, SARS-CoV-2 had affected more than 40 millions worldwide, including at least one million reported deaths (fatality rate of about 2.5%), making it the most transmissible coronaviruses (zoonotic) identified so far (28). Although the significance of SARS-CoV-2 spread and transmission among populations is well recognized, there is a noticeable lack of the information about travel-associated cases. In this study, we report on SARS-CoV-2 travel-associated cases demography, clinical outcome, and risk factors associated with virus transmission.



METHODOLOGY

The aim of this study was to analyze the epidemiological and clinical characteristics of the early SARS-CoV-2 cases or so-called travel-associated cases. Demographic and clinical data of travel-associated SARS-CoV-2 cases were collected for the period between January 16 and April 19, 2020. One hundred eighty-one cases databases were searched, including the World Health Organization (WHO) database, countries' ministries websites, and official media sites (Supplementary Table 1). A comprehensive data collection sheet of the individual study parameters was prepared using Microsoft Excel. The following information was extracted and summarized: age, gender, the origin of cases, occupation, destination, comorbidities, hospitalization, and clinical manifestation, and clinical outcome, symptoms appearance during travel, and the timeline for imported cases. Data were presented as medians, means, standard deviation (SD), percentage, and cumulative numbers. The data set was not complete for all reported cases, and hence, rates were calculated according to the available data. It is worth noting that we had collected the data to the best of our knowledge and capacity, relying on the resources listed in Supplemental Table 1.



RESULTS


Demographic Characteristics

The demographic characteristics of the imported cases up to April 19, 2020 are described in Table 1. A total of 1,186 cases meeting the inclusion criteria were reported by that date. More than half of the data were missing for the age group (65.85%). People of all ages were affected, with a mean age of the cases being 44 (SD 18) years. The majority of cases were reported for those older than 20 years, while those <20 years of age represented only 3.20% of the documented cases. Higher cases were reported in males (27.82%) compared to females (17.37%), with a female to male ratio of (1:1.6).


Table 1. Demographic characteristics of travel-associated cases as of April 19 2020 (n = 1,186).
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Cases Occupation

The cases had varying occupations as described in Table 2, with 1,143 cases occupation (96.37%) being unidentified. For the available data, students represented the highest percentage of (1.01%), followed by Doctors (0.84%) and Business staff (0.76%).


Table 2. Cases occupation (N = 1186).
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Timeline of SARS-CoV-2 Spread Across the Globe

The timeline of SARS-CoV-2 spread to different countries between January 13 and April 11, 2020, is shown in Figure 1. The first ten countries to report the virus after China were: Thailand, Japan, South Korea, the USA, Singapore, Vietnam, Australia, France, and Malasia. Until February 27, 2020, China was the main hub for exporting the virus to 23 countries. After the mid-February, Italy and Iran became the epicenters for Europe and the Middle East, respectively. On March 17, China reported the first travel-associated case from abroad, reaching 264 cases by April 19, 2020. Imported cases per region and country are shown in Table 3.


[image: Figure 1]
FIGURE 1. Timeline of SARS-CoV-2 spread to different countries between Jan 13 and April 11, 2020.



Table 3. Travel-associated cases per region, country, and territory.
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Origin of Travel-Associated Cases

A critical part of our analysis was to identify the origin of travel-associated cases. The majority of travel-associated cases originated from Italy 255 (21.50%), followed by China 208 (17.53%), Iran 155(13.07%), and Diamond Princess Cruise ship 141 (11.89%). Few other cases were reported from other countries, including the USA 72 (6.07%), UK, and France 46 (3.88%). Twenty-three subjects (1.94%) had missing data of the place of origin (Table 4).


Table 4. Origin of travel-associated cases (N = 1,186).
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Clinical Presentation and Symptoms

Most of the travel-associated cases presented with fever (45.87%), followed by cough (38.69%), flu-like symptoms (6.22%), sore throat (1.60%), and pneumonia (1.01%). Several cases (n = 117; 9.87%) reported symptoms during the flight from China. For the non-symptomatic cases on the flights (48; 4.05 %), symptoms were developed between 1 and 22 days after travel (mean = 7.4; Median = 7, SD = 4.63) (Table 5).


Table 5. Symptoms at presentation (N = 1,186).
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Comorbidities, Hospitalization, Severity, and Outcome of Travel-Associated Cases

One thousand ninety (91.91%) of the imported cases had unspecified data about former health conditions. About 32 (2.70 %) of the cases were apparently healthy. Comorbidities were reported in 96 (8.09 %) cases only. Comorbidities included hypertension (n = 19), cardiovascular diseases (n = 12), Diabetes mellitus (n = 12), cancer (n = 10), pulmonary diseases (n = 9) and kidney diseases (n = 2) (Table 6).


Table 6. Comorbidities in travel-associated cases (N = 1,186).
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Hospitalization data were reported for 312 (26.31 %) cases. The majority were hospitalized because they “tested positive” for COVID19 infection (21.59%). Symptoms of COVID-19 was the second leading cause of hospitalization (2.95%), while some were hospitalized for developing pneumonia (1.69%). Other reasons for hospitalization are shown in Table 7.


Table 7. Reasons for hospitalization of travel-associated cases (N = 1,186).
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Out of 1,186 analyzed cases, 1,049 (88.45%) had a mild illness, and 135 (11.38%) were sever or critical cases. The fatality was reported in 50 (4.22%) cases (Table 8).


Table 8. Cases severity and outcome (N = 1,186).
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DISCUSSION

Emerging infections continue to be a major threat to the human population. Several major outbreaks and pandemics have been reported in the past two decades due to emerging or re-emerging infections, including but not limited to the SARS outbreak in 2002 (Affecting >30 countries and ~9,000 people), pandemic H1N1 in 2009 (Worldwide; millions), MERS in 2012 (27 countries; ~2,500), Ebola in 2013 (10 countries; 30,000), and Zika in 2015 (87 countries; >100,000) (29–32).

The intrusion and spread of novel pathogens into the human population is attributed to several factors, majorly humans' behavior, social and environmental changes. In the past 20 years, six new coronaviruses emerged in the human population: SARS (2003), NL63 (2004), HKU1 (2005), MERS (2012), and SARS-CoV-2 (2019) (33). While SARS-CoV-1 was contained in <2 years, little is known about how the NL63 and HKU1 had emerged and spread in the human population. Both viruses (NL63 and HKU1) continue to circulate in humans, and they constitute up to 30% of the respiratory infections along with OC43 and 229E coronaviruses. However, we lack knowledge about the clinical manifestations in the primary patients who acquired these viruses. Unlike the other highly pathogenic coronaviruses, SARS-CoV-1, and MERS-CoV, only the SARS-CoV-2 reached the pandemic stage in a relatively short period (11). Within <11 months of its emergence, the virus affected more than 40 million, including more than one million confirmed deaths (12, 34).

Studies have shown that infected individuals with SARS-CoV-2 could spread the virus several days before clinical symptoms appear, and many of which do not even present any clinical manifestations (35). Accordingly, the risk of spread and transmission from these two groups is considered high. A recent modeling study suggests that asymptomatic persons might be the major drivers for the growth of the virus nationally and globally (36). This partially explains the late detection of the virus in China and, possibly, the reason for the widespread of the virus globally. Besides, a high viral load close to the onset of the symptoms suggests that the virus can be easily transmissible at an early stage of the infection (36).

The SARA-CoV-2 emerged in Wuhan, China, in December 2019. By February 1, 2020, the virus was reported in Thailand, Japan, South Korea, USA, Vietnam, Singapore, Australia, France, Nepal, Malaysia, Canada, Cambodia, Srilanka, Germany, United Arab Emirates, Philippines, India, Finland, and Italy (chronological order) (11, 12). Italy and Iran reported the first cases on January 31 and February 20, becoming the epicenter for Europe and the Middle East, respectively. By February 26, 2020, the virus massively spread to many countries, resulting in declare of the pandemic on March 11, 2020.

Although the reproduction number (R0) for SARS-CoV-1 and SARS-CoV-2 is relatively similar (24), the containment measures were only efficient against the earlier virus. Many factors could have contributed to the rapid spread of SARS-CoV-2, including host, viral and environmental factors. Although travel, specifically air travel, is a significant player in infectious diseases spread across countries, limited studies have been conducted in this domain. Here, we summarize the main epidemiological and clinical features of travel-associated COVID-19 up to April 19, 2020.

Travel-related introduction and tourism-related spread contributed substantially to the transmission of the virus across and within countries during the early phase of the COVID-19 pandemic. After an extensive search of national and international databases (Supplementary Table 1), we reported data from 145 countries and territories. Unfortunately, not all clinical and epidemiological data were available for all cases, which highlights the importance and the need for a better recording system, supervised by WHO and other international organizations, to preserve and share data.

In the absence of other studies on travel-associated CoV illness, our analysis is limited but remains essential for understanding the early phase of the pandemic. The mean age of the COVID-confirmed cases in our study was 44 (Range: 1–88), compared to 39.9 and 56 for MERS and SARS, respectively. On the other hand, the male to female ratio was calculated at 1.6:1 compared to 3.3:1 and 1:1.3 for MERS and SARS, respectively (37, 38). Accordingly, our data suggest that at the early stages of the outbreak, COVID-19 affected more males than females, similar to MERS, but younger age groups like SARS. According to several studies, age is considered a major risk factor for severe diseases (9, 14). Hence, the relatively young population (Mean of 44) of travelers could have been asymptomatic carriers who spread the virus across the globe. It is worth noting that most of the SARS and MERS cases were reported in healthcare or closed settings (21, 26, 38). The occupation information was missing for most of the travel-associated cases in our study. Healthcare workers (nurses and doctors) and students reported 1.18 and 1% of the occupations according to the available data. All other occupations represented proportions <1%.

The major obstacle of our analysis was the difficulty of finding reliable data from several countries. This limitation was noticeable in both developed and developing countries, indicating a lack of proper response to the crisis since the early stages. For example, the United States and Italy were among the earliest countries to report cases. Still, data about the travel-associated illness was very scarce. This partially explains the tremendous increase in cases at later stages in both countries. On the other hand, most of the organized and informative data were collected from Thailand, Malaysia, and South Korea, which had better control of the outbreak. This again emphasizes the importance of sharing data and making it available for public health officials and experts in the field to assess the problem and undertake the proper measures.

Initially, most of the travel-associated cases originated from China; however, Italy and Iran became the two main epicenters for Europe and The Middle East, respectively. Interestingly, between February 24 and March 13, China reported 264 imported cases from 17 countries. Further, the origin of travel-associated cases was identified in more than 40 countries during the period of the study, indicating the easiness of virus spread regardless of all implemented containment measures.

Identifying the incubation period and onset of symptoms in patients is very critical while preparing guidelines and plans to battle the pandemic. Unfortunately, this essential information was missing for most of the cases in our study. In general, patients presented a variety of symptoms, similar to what has been reported in other studies (8, 10, 39). Interestingly, 117 of the travel-associated cases presented symptoms during the flight from China. These were traveling to Singapore, Malaysia, Thailand, South Korea, Philippines, Germany, Vietnam, and Iran. On the other hand, data was available for 48 cases who developed symptoms up to 22 after travel. Accordingly, the implemented quarantine period of 14 days might be a little short and perhaps requires further consideration.

On a related aspect, it is essential to study viral survival on airplanes furniture, filters, and other parts, and its suspension as an aerosol during the flight. During the SARS-CoV-1 outbreak, studies had investigated the spread of the virus among passengers who traveled on 40 flights carrying symptomatic patients (40). Transmission seems to have occurred on board of only five out of the 40 flights, with only one reporting major spread. In one flight, a 72-year-old man, infected with SARS-CoV-1, transmitted the virus to 22 other passengers, including two aircraft crew (40, 41). Infection in the passengers was related to the physical proximity to the index patient. On the contrary, in another flight that carried four symptomatic patients, only one patient got infected. Few studies had reported on probable aircraft transmission of SARS-CoV-2 (42), and further studies on this aspect are needed. Most of the airlines had suspended their international flights, which affected the aviation economy globally (43, 44). This situation might last for an extended period until a herd immunity is achieved via national infection or vaccination. Until then, the airline companies are preparing a new set of guidelines that enable them to operate while maintaining a safe environment for passengers, including social distancing and other measures in the airports and onboard.

In about 8 months (November 2002–July 2003), the SARS-CoV-1 reached 31 counties, most of which (23; 75%) reported <10 cases (32). In more than 8 years, MERS-CoV was reported in 27 countries (23), with major outbreaks happened in Saudi Arabia and South Korea in hospital settings. Interestingly, MERS-CoV reported minimal spreading during crowd seasons in Saudi Arabia during Haj and Umra (38). SARS-CoV-2, on the other hand, reached all over the globe and spread rapidly in communities in a very short period. Accordingly, the three zoonotic CoV seems to follow a different trend of human-to-human transmission and spread.

Travel has led to the introduction and spread of SARS-CoV-2 in several ways, mainly through the mobility of individuals during trips (airports, airplanes, ships, and others), or afterward through family and social gatherings. Standard non-pharmaceutical measures are the most critical approaches for controlling the spread of COVID-19 in all settings, including during travel. Such measures include physical distancing, hand hygiene, respiratory etiquette, as well as other infection prevention and control measures. Information about the risk and symptoms of COVID-19, and advice to avoid travel while experiencing any of the COVI-19 related symptoms is essential (36, 45).

The SARS-CoV-2 emerged during the wintertime of temperate regions, which could have eased the spread of the virus. Interestingly, the virus spread did not slow down during the summertime, and it continues to surge in multiple countries. More flights are now in motion, easing the re-introduction of the virus to countries that might have controlled the spread on infection. This becomes more worrisome if the virus mutates to become more pathogenic and transmissible. Accordingly, several measures have to be implemented to reduce virus transmission with travelers, including airport screening, quarantine of contacts, and isolation of confirmed cases after travel. More importantly, WHO and other international organizations should urge countries to report in detail all the epidemiological and clinical characteristics of identified travel-associated cases, along with the status of transmission on all the flights. Proper decontamination of aircraft and social distancing in the flight might reduce the transmission, and hence, the control of the virus spread internationally.
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Coronaviruses (CoV) are enveloped positive-stranded RNA viruses and, historically, there are seven known human-infecting CoVs with varying degrees of virulence. CoV attachment to the host is the first step of viral pathogenesis and mainly relies on the spike glycoprotein located on the viral surface. Among the human-infecting CoVs, only the infection of SARS CoV 2 (SARS2) among humans resulted to a pandemic which would suggest that the protein structural conformation of SARS2 spike protein is distinct as compared to other human-infecting CoVs. Surprisingly, the possible differences and similarities in the protein structural conformation between the various human-infecting CoV spike proteins have not been fully elucidated. In this study, we utilized a computational approach to generate models and analyze the seven human-infecting CoV spike proteins, namely: HCoV 229E, HCoV OC43, HCoV NL63, HCoV HKU1, SARS CoV, MERS CoV, and SARS2. Model quality assessment of all CoV models generated, structural superimposition of the whole protein model and selected S1 domains (S1-CTD and S1-NTD), and structural comparison based on RMSD values, Tm scores, and contact mapping were all performed. We found that the structural orientation of S1-CTD is a potential structural feature associated to both the CoV phylogenetic cluster and lineage. Moreover, we observed that spike models in the same phylogenetic cluster or lineage could potentially have similar protein structure. Additionally, we established that there are potentially three distinct S1-CTD orientation (Pattern I, Pattern II, Pattern III) among the human-infecting CoVs. Furthermore, we postulate that human-infecting CoVs in the same phylogenetic cluster may have similar S1-CTD and S1-NTD structural orientation. Taken together, we propose that the SARS2 spike S1-CTD follows a Pattern III orientation which has a higher degree of similarity with SARS1 and some degree of similarity with both OC43 and HKU1 which coincidentally are in the same phylogenetic cluster and lineage, whereas, the SARS2 spike S1-NTD has some degree of similarity among human-infecting CoVs that are either in the same phylogenetic cluster or lineage.
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INTRODUCTION

Coronaviruses (CoV) are enveloped positive-stranded RNA viruses that belong to the family Coronaviridae and order Nidovirales with the subfamily Othocoronavirinae composed of four genera, namely: alphacoronavirus, betacoronavirus, gammacoronavirus, and deltacoronavirus (1). Historically, there are seven known CoVs capable of infecting humans, namely: human CoV (HCoV)-229E (1962), HCoV-OC43 (1967), severe acute respiratory syndrome (SARS)-CoV 1 (SARS1) (2002), HCoV-NL63 (2004), HCoV-HKU1 (2005), Middle East respiratory syndrome (MERS)-CoV (2012), and SARS-CoV 2 (SARS2) (2019) (2–8). In general, CoVs cause serious health problems to both human and animal hosts and, in particular, CoV infections primarily affect the respiratory and gastrointestinal tracts (9). Moreover, CoVs have the largest genome among all known RNA viruses which in-turn is packed in a helical capsid comprised of a nucleocapsid protein (N) and surrounded by a viral envelope which in-turn is associated with structural proteins, namely: membrane, envelope, and spike (10). Among the structural proteins, the spike protein has been involved in mediating viral entry, determinant of host tropism, inducing viral pathogenesis, and major inducer of host immune responses (9–12). This would highlight the significance of the CoV spike protein in terms of viral pathogenesis.

Spike protein (a class I viral fusion protein) follows a metastable prefusion conformation upon translation and, likewise, forms trimers that resemble club-shaped spikes along the CoV membrane surface (13). Additionally, the spike protein is comprised of three segments, namely: the large ectodomain, single-pass transmembrane anchor, and short intracellular tail (10). With regards to the ectodomain, it is further divided into the S1 receptor-binding subunit that mainly functions in viral attachment and S2 membrane-fusion subunit that facilitates virus-cell fusion (9, 10). In a CoV infection scenario, S1 would bind to a suitable receptor on the host cell surface enabling viral attachment and, subsequently, S2 fuses both the host and viral membranes, thereby, allowing viral genomes to enter host cells (9, 10). This shows that receptor binding and membrane fusion are important initial and key steps in CoV pathogenesis. Interestingly, the receptor-binding domain (RBD) and host receptor differ among the known human-infecting CoVs. In particular, known host receptors include: aminopeptidase N (APN) for 229E; angiotensin-converting enzyme 2 (ACE2) for NL63, SARS1, and SARS2; O-acetylated sialic acid (O-ac Sia) for OC43 and HKU1; and dipeptidyl peptidase-4 (DPP4) for MERS (9, 14). Among the human-infecting CoVs, infection in the upper respiratory tract has been associated with 229E, OC43, NL63, and HKU1 (15), whereas, infection in the lower respiratory tract has been associated with SARS1, MERS, and SARS2 (7, 16, 17). Interestingly, among the human-infecting CoVs, only SARS2 infection resulted to a pandemic which would insinuate that the protein structure of the SARS2 spike protein has a structural conformation that is distinct as compared to other human-infecting CoVs (18, 19). However, to our knowledge, the structural comparison between SARS2 and the other human-infecting CoVs has not been fully elucidated. A better understanding of the possible differences and similarities in the protein structural conformation of the SARS2 spike protein compared to the spike proteins of the other human-infecting CoV may shed a light on how this particular virus more effectively cause infection and, more importantly, establish the potential cross-reactivity of SARS2 with other human-infecting CoV which in-turn may lead to novel therapeutic strategies.



MATERIALS AND METHODS


CoV Spike Modeling

Representative CoV spike amino acid sequences from 229E, OC43, NL63, HUK1, SARS1, MERS, and SARS2 were collected from the National Center for Biological Information (NCBI) and UniProt Web sites. To obtain the most accurate monomeric spike model that could serve as the representative prefusion model for each CoV strain, a minimum of five generated sequence models were first analyzed and spike models with similar Root Mean Square Deviation (RMSD) values and Template Modeling scores (Tm-scores) based on superimposition using the default setting of Tm align (20) were used for further downstream analyses. The following representative amino acid sequences were utilized for spike modeling with Genebank accession number indicated: 229E (ABB90513), OC43 (AXX83297), NL63 (QED88040), HKU1 (ARB07617), SARS1 (AAR07625), MERS (AHX00731), and SARS2 (YP_009724390). In addition, representative SARS2 spike S1 C-terminal domain (S1-CTD) and N-terminal domain (S1-NTD) models were generated based on UniProt reference number P0DTC2. In the whole study, all generated models were made using the default settings of Phyre2 web server (21) and Jmol applet (22) was used for protein visualization.



Model Quality Assessment

All generated spike models were assessed for quality prior to further analyses. Both protein model:crystal structure superimposition and contact mapping were utilized for model quality estimation. Representative crystal structure used for superimposition was the 1998 strain (PDB ID: 6VXX). Additionally, a monomeric 6VXX model (crystal model) was generated using Phyre 2 and, subsequently, superimposed for comparison to the 6VXX crystal structure to further serve as model quality check. Representative CoV spike models and crystal structure were superimposed using Tm align (20). For the purpose of this study, we considered spike models adequate for further analyses if RMSD values between superimposed sequence model:crystal and crystal model:crystal are close. Moreover, CMView applet (Contact type: Cα; Distance cut-off: 8.0; Needleman-Wunsch alignment) was used to establish protein contact map of both the model and crystal in order to determine common contact (23) and, consequently, higher common contact would mean more structural similarities between the model and crystal (24) which in-turn would further indicate whether the model is suitable for further analyses.



Comparison Among CoV Spike Models

Three different sets of structural comparisons were performed. In one analysis conducted, all generated CoV spike models were compared (Visually, RMSD value, and Tm score) to the SARS2 spike model through superimposition. Subsequently, superimposition and comparison (both RMSD value and Tm score) between the various CoV spike models were likewise made. In another separate analysis, SARS2 spike S1-CTD and S1-NTD models were similarly superimposed and compared (Tm score only) to the other generated CoV spike models. For mutant spike model comparisons, superimpositions were done with the following: (1) original SARS2 spike model; and (2) original SARS2 spike S1-CTD and S1-NTD models. Visual observation (simply looking at the structure), RMSD value, Tm score, and protein common contact were established using Jmol, Tm align, and CMView, respectively.




RESULTS


Generated CoV Spike Models Are Reliable

Model quality assessment prior to further downstream analyses on either experimental (i.e., crystallized) or theoretical (i.e., computer-based) protein structures generated has long been recommended (25). In line with this, to elucidate the accuracy and reliability of all CoV spike models generated throughout this study, both structural and protein contact map superimpositions were performed. Three representative structures [SARS2 crystal structure (Figure 1A), SARS2 crystal model (Figure 1B), SARS2 sequence model (Figure 1C)] were used for superimposition. For model-crystal superimpositions, only spike monomers were considered. We found that RMSD values between crystal model:crystal [RMSD 1.78] (Figure 1D) and sequence model:crystal model [RMSD 1.77] (Figure 1E) were relatively close, which would imply that both generated models are structurally similar. In addition, the sequence model:crystal superimposition [RMSD 1.19] (Figure 1F) was below 1.5 Å which in-turn was considered adequate for further analyses (26). Furthermore, we observed that protein contact map superimposition between crystal model:crystal (Figure 1G), sequence model:crystal model (Figure 1H), and sequence model:crystal (Figure 1I) were above common contact 70%, which demonstrates the high contact similarity between the superimposed structures. Taken together, we believe that these results indicate that the generated models can be used for further downstream analyses.
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FIGURE 1. Quality assessment of monomeric human-infecting coronavirus spike protein models generated. Representative SARS CoV 2 (A) 6VXX crystal, (B) 6VXX model, and (C) sequence model of monomeric spike proteins are shown. Sumperimposition between (D) 6VXX crystal and model, (E) 6VXX crystal and sequence model, and (F) 6VXX and sequence models are presented. RMSD scores of the superimposed protein structures are indicated below. Contact maps of (G) 6VXX crystal and model, (H) 6VXX crystal and sequence model, and (I) 6VXX and sequence models are shown. Contacts present in both protein structures (black) and present in one of the protein structures [either pink (first protein structure uploaded) or green (second protein structure uploaded)] are indicated. Common contact of the protein structures being compared are labeled below. SARS CoV 2 6VXX crystal (violet), 6VXX model (royal blue), and sequence model (yellow green) are indicated.




CoV Spike Models Differ Based on Phylogenetic Cluster and Lineage

Currently, there are seven known human-infecting CoV (1) and the spike protein for each CoV has been thoroughly studied (9, 10). CoV spike proteins are divided into two functionally distinct subunits (S1 and S2 subunits), wherein, the S1 subunit is further distinguished by four distinct domains (NTD comprised of domain A; CTD comprised of domains B, C, D) serving as receptor binding domains highlighting the importance of these domains in viral pathogenicity (9, 14, 27). To visualize and compare the CoV spike proteins, each human-infecting CoV spike model was generated and both visual observation and structural comparison mainly focused on both S1-CTD and S1-NTD. As seen in Figures 2A–G, through visual observation, a prominent structural difference between the spike models is the S1-CTD orientation (indicated in red dashed lines), whereas, S1-NTD orientation generally looked the same (indicated in blue dashed lines). More specifically, we were able to identify three possible patterns of spike S1-CTD orientation: (1) 229E and NL63; (2) OC43, HKU1, SARS1, and SARS2; and (3) MERS. Among the human-infecting CoVs, two strains (229E and NL63) belong to the alpha-CoV phylogenetic cluster, whereas, the remaining five strains belong to the beta-CoV phylogenetic cluster which can be further divided into the A (OC43 and HKU1), B (SARS1 and SARS2), and C (MERS) lineages (2–4, 6, 8, 28, 29). In this regard, we hypothesize that the similarities in S1-CTD orientation among the spike models is a possible structural feature associated to both the CoV phylogenetic cluster and lineage.


[image: Figure 2]
FIGURE 2. Whole protein structural comparison of the various monomeric human-infecting coronavirus spike protein models. Representative spike protein models of (A) SARS CoV 2, (B) HCoV 229E, (C) HCoV OC43, (D) HCoV NL63, (E) HCoV HKU1, (F) SARS CoV 1, and (G) MERS CoV are shown. S1-CTD (red dashed circle) and S1-NTD (blue dashed circle) are indicated. (H) RMSD and (I) Tm scores of superimposed spike models are tabulated. Tm scores normalized to a spike model is distinguished by having or not having a parenthesis.


To further compare the CoV spike models, both RMSD value and Tm scores were determined. RMSD values measure similarity between two superimposed atomic coordinates, whereas, Tm scores measure the similarity between protein structures without relying on protein size (20, 30). Both measurements are used to establish structural similarities between two superimposed proteins (30). In this regard, we observed that superimposed CoV spike models that have RMSD <1.0 (Figure 2H) and Tm score > 0.95 (Figure 2I) either belong to the same phylogenetic cluster (229E and NL63) or lineage (OC43 and HKU1, SARS1 and SARS2, MERS). This would further imply that spike models in the same phylogenetic cluster or lineage generally may have similar protein structure as well. Noticeably, NL63 model normalized to the 229E model measured Tm score 0.84366 which is lower compared to other Tm scores measured from other CoVs spike models within the same phylogenetic cluster and lineage. This may suggest that there is some structural difference between these two spike models, which we suspect is related to viral evolution of NL63 from 229E (31).

It is worth mentioning that although all human-infecting CoVs are in the same protein structural fold (Tm score > 0.50) (32), among the superimposed spike models, we found certain beta-CoV strains that belong to separate lineages (OC43 and SARS1; OC43 and SARS2; HKU1 and SARS1; HKU1 and SARS2) have Tm score > 0.70 which (asides from being consistent to belonging to the same CoV genera) may likewise insinuate some degree of structural similarity albeit to a lesser extent compared to those in the same lineage (Tm score > 0.95). Additionally, in possible future works, it would be interesting to determine specific conformational features, establish known conformations and structural domains of S1-CTD, and elucidate domain classification among the seven human-infecting CoV spike protein.



SARS1 and SARS2 Spike Models Are Structurally Similar

Among the seven human-infecting CoVs, only SARS2 resulted to a pandemic (18, 19) which may suggest that the overall SARS2 spike protein differs from the other human-infecting CoVs. To structurally differentiate SARS2 and other human-infecting CoV spike models, model superimposition was performed. As a follow-up from our earlier results (Figure 1), we utilized representative spike models (NL63, MERS, SARS1) for superimposition against SARS2 since these models putatively share different S1-CTD orientation (based on visual observation) and have both RMSD <1.0 and Tm score > 0.95 among spike models within the same phylogenetic cluster and lineage. For purposes of this study, we classified distinct S1-CTD orientations as patterns and, likewise, established which among the spike protein models share the same S1-CTD orientation, whereby, spike protein models with the same S1-CTD orientation would be classified into one pattern. In this regard, we observed three distinct S1-CTD orientations which we classified into three patterns among the superimposed spike models: (1) Pattern I (NL63 and SARS2 superimposition; Figure 3A); (2) Pattern II (MERS and SARS2 superimposition; Figure 3B), and (3) Pattern III (SARS1 and SARS2 superimposition; Figure 3C). This is consistent with our earlier observations (Figures 2A–G) which would further suggest that spike models within the same phylogenetic cluster and lineage share the same spike S1-CTD model orientation. In this regard, based on Figures 2A–G, we think that 229E follows a Pattern I orientation while both OC43 and HKU1 follows a Pattern III orientation.


[image: Figure 3]
FIGURE 3. Putative structural patterns among the monomeric human-infecting conronavirus spike protein models. Representative (A) Pattern I based on superimposition of NL63 and SARS2 models, (B) Pattern II based on superimposition of MERS and SARS2 models, and (C) Pattern III based on superimposition of SARS1 and SARS2 models are shown. RMSD scores of the superimposed protein structures are indicated below. Contact maps of (D) 229E and SARS2, (E) OC43 and SARS2, (F) NL63 and SARS2, (G) HKU1 and SARS2, (H) SARS1 and SARS2, and (I) MERS and SARS2 models are shown. Contacts present in both protein structures (black) and present in one of the protein structures [either pink (first protein structure uploaded) or green (second protein structure uploaded: SARS2)] are indicated. Common contact of the protein structures being compared are labeled below.


To further differentiate SARS2 and other human-infecting CoV spike models, contact map overlap (CMO) analyses were done. Contact maps provide information with regards to the pairwise spatial and functional relationship of residues in a given protein and, likewise, unifies certain aspects of protein folding and structure prediction which in-turn allows protein reconstruction (33, 34). We found that among the CoV spike models compared to SARS2 model (Figures 3D–I), only SARS1 has more common contact (89.2%) with SARS2 (Figure 3H) which in-turn would indicate that SARS1 and SARS2 spike models have high structural similarity compared to SARS2 and other human-infecting CoV spike models (common contact <50%). SARS1 and SARS2 viral genomes have ~80% nucleotide identity (35, 36), whereas, SARS1 and SARS2 spike proteins have a 75–81% nucleotide similarity (37). In this regard, asides from belonging to the same lineage (29), we correlated the high common contact between SARS1 and SARS2 spike models to high nucleotide similarity.

Considering the results at this point, it is worth mentioning that RMSD values, Tm score, and CMO analyses were all based on superimposition of full-length CoV spike protein models. However, since spike S1-CTD model orientation varied while spike S1-NTD model orientation seem to be the same (Figures 2A–G, 3A–C), structural comparison focusing only on both S1-CTD and S1-NTD is merited.



SARS2 Spike S1-CTD and S1-NTD Models Have Some Degree of Similarity Among Beta-CoV Spike Models

Both S1-CTD and S1-NTD are major domains located in the globular S1 subunit of CoV spike proteins that have been associated to receptor recognition (9, 10). Considering the spike S1-CTD orientation varied while the spike S1-NTD orientation were similar among the human-infecting CoVs, we compared the SARS2 spike S1-CTD and S1-NTD models from selected human-infecting CoV spike models through model superimposition. Subsequently, visual observation of the superimposed structure was performed and, for confirmation, Tm score normalized to either the SARS2 spike S1-CTD or S1-NTD model were likewise measured. For S1-CTD model superimposition, only human-infecting CoV spike models following Pattern III orientation were superimposed to the SARS2 spike S1-CTD model. For S1-NTD model superimposition, all spike models were used since all S1-NTD orientation seemed to be the same (Figures 2A–G). Based on visual observation, we observed that both SARS2 spike S1-CTD (Figures 4A–C, upper panels) and S1-NTD (Figures 4D–I, lower panels) model superimpositions showed few structural overlaps compared to other human-infecting CoV spike models, whereas, SARS2 spike S1-CTD model seems to suggest higher structural overlap with SARS1 spike model (Figure 4C, upper panel). Similarly, Tm score measurements of either SARS2 spike S1-CTD (Figures 4A–C, lower panels) or S1-NTD (Figures 4D–I, lower panels) model superimposition showed a Tm score > 0.70 except for 229E (Figure 4D) and NL63 (Figure 4F).


[image: Figure 4]
FIGURE 4. Structural comparison of S1-CTD and S1-NTD between the various human-infecting coronaviruses and SARS CoV 2 spike models. Spike S1-CTD comparison between superimposed (A) OC43 and SARS2, (B) HKU1 and SARS2, and (C) SARS1 and SARS2 models are shown. Spike S1-NTD comparison between superimposed (D) 229E and SARS2, (E) OC43 and SARS2, (F) NL63 and SARS2, (G) HKU1 and SARS2, (H) SARS1 and SARS2, and (I) MERS and SARS2 models are presented. Tm scores normalized to the SARS2 model are labeled below all superimposed structures. 229E (gold), OC43 (brown), NL63 (pink), HKU1 (magenta), SARS1 (olive), MERS (orange), and SARS2 (cyan) are indicated.


Taken together, we postulate that these results would insinuate that: (1) both SARS1 spike S1-CTD and S1-NTD have higher structural similarity (Tm > 0.90) with SARS2 spike S1-CTD and S1-NTD, respectively; (2) OC43 and HKU1 spike S1-CTD and S1-NTD have some degree of similarity (Tm > 0.70) with SARS2 spike S1-CTD and S1-NTD, respectively; (3) MERS spike S1-NTD may likewise have some degree of similarity (Tm > 0.70) with SARS2 spike S1-NTD; and (4) 229E and NL63 spike S1-NTD are not structurally similar (Tm <0.50) with SARS2 spike S1-NTD. We likewise suspect that this is correlated to whether the human-infecting CoV spike model belongs to the same phylogenetic cluster and lineage consistent with our earlier results.




DISCUSSION

SARS2 is the causative agent of coronavirus disease 2019 (COVID-19) pandemic (19). Interestingly, pre-existing SARS2 immunity has been observed among certain unexposed individuals in the general population (38, 39). Moreover, it was speculated that SARS2-specific T cells among unexposed individuals is attributable to memory T cells exposed to common cold CoVs (39) which in-turn would suggest the possible occurrence of immune cross-reactivity. By definition, cross-reactivity refers to immune responses that have non-specific targeting against a particular antigen ascribable to the flexible interaction between both B- and T-cell receptors and antigens (40). Considering all CoV infections start with spike protein binding, thereby, making it the first antigen recognized by the immune response (9, 10, 41), structural similarities between the spike proteins of human-infecting CoVs may play an important role in stimulating pre-existing SARS2 immunity. Throughout this study, we attempted to establish the putative structural differences and similarities among the seven known human-infecting CoVs spike protein conformations.

Epitopes serve as antigenic determinants that are normally found along the regions of an antigen that are recognized by B- and T-cells and can be classified as either sequential or conformational, whereby, sequential epitopes (continuous or linear amino acid stretch) do not rely on protein conformation while conformational epitopes (discontinuous amino acid stretch) rely on protein folding and conformation (42–44). In addition, conformational epitopes make up ~90% of total antigen:antibody complexes (45) which would emphasize the importance of conformational epitopes. On the other hand, complimentary determinants (paratopes) within the antibody variable region recognize and interact with epitopes, wherein, this particular interaction goes beyond amino acid sequence recognition but rather is at the level of epitope:paratope steric complementarity and ionic charge (40). Considering every antibody paratope could interact with multiple antigen epitopes, this could lead to polyclonal immune response which is a fundamental principle of cross-reactivity (40, 46). Thus, this would mean that antibody binding to conformational epitopes could potentially lead to cross-reactivity. Considering the CoV S glycoprotein is the primary target for neutralizing antibody (47), we assume that any possible structural similarities between CoV spike proteins would likewise mean putatively comparable conformational epitopes. Earlier works have shown that immune cross-reactivity (and some cases of cross-neutralization) among human-infecting CoVs has been observed in the following human-infecting CoVs: between SARS1 and SARS2 (48–50); between SARS1 and NL63 (51); between SARS1 and 229E (51, 52); between SARS1 and OC43 (51–53); between SARS1 and MERS (54); and between NL63 and 229E (55). In this regard and considering our results, we hypothesize that some degree of structural similarity (Tm > 0.70) between SARS2 and other human-infecting CoVs spike S1-CTD and S1-NTD may suggest the possibility of cross-reactivity, whereby, potential neutralizing antibodies that recognize conformational epitopes along the S1-CTD and S1-NTD of human-infecting CoVs spike protein could likewise recognize conformational epitopes along the SARS2 spike S1-CTD and S1-NTD. In fact, consistent with our proposed hypothesis, earlier works have shown that pre-existing T cells recognizing SARS2 can be detected in a significant portion of the global human population (38, 39, 56) possibly attributable to humans being exposed to at least one form of human-infecting CoV (57). Thus, we believe that this would further support the possibility of having pre-existing immunity against SARS2 via cross-reactive immune response from other human-infecting CoVs with at least some degree of structural similarity (particularly in S1-CTD and S1-NTD).

It is worth mentioning that levels of neutralizing antibody response between human-infecting CoVs may likewise vary as previously observed (52), wherein, SARS1 and OC43 cross-reactive immune response was found to be higher compared to SARS1 and 229E cross-reactive immune response. Considering the results we obtained in this study, we speculate that varying immune cross-reactivity among human-infecting CoV spike protein might be ascribable to whether one or both S1-CTD and S1-NTD have higher structural similarity which in-turn may be influenced by both CoV phylogenetic cluster and lineage. Moreover, since immune responses (both humoral and cellular) to CoV diminishes at a certain time which in-turn allow for future re-infection (58–60), we likewise suspect that this may impact immune cross-reactivity of SARS2 and other human-infecting CoVs which consequently may affect the severity of SARS2 infection. To speculate on the impact, patients with a relatively recent CoV infection (not SARS2) may develop a less severe form of COVID-19 while patients infected by another human-infecting CoV more than a year ago may result into a more severe form of COVID-19 with both scenarios being affected by the presence or absence of cross-reactive immune response from a prior human-infecting CoV contagion with some degree of structural similarity to one or both SARS2 S1-CTD and S1-NTD. We emphasize that these are speculations and would ultimately require both laboratory and clinical experimentation to prove. Similarly, we would like to highlight that the entire study is performed with predicted monomeric protein conformations, however, in cells a trimer of spike protein usually attaches to the host receptor (depending on the human-infecting CoV strain). In this regard, our results and interpretation to these results may differ in a CoV infection scenario.

In summary, we putatively established the differences and similarities in the structural conformation of the spike protein among human-infecting CoVs. In particular, we postulate on the following: (1) structural orientation of S1-CTD is a possible structural feature associated to both the CoV phylogenetic cluster and lineage; (2) spike models in the same phylogenetic cluster or lineage could potentially have similar protein structure; (3) there are potentially three distinct S1-CTD orientation among the human-infecting CoVs; and (4) human-infecting CoVs in the same phylogenetic cluster possibly have similar S1-CTD and S1-NTD. Overall, we propose that the SARS2 spike S1-CTD follows a Pattern III orientation which has a higher degree of similarity with SARS1 and some degree of similarity with both OC43 and HKU1 which coincidentally are in the same phylogenetic cluster and lineage, whereas, the SARS2 spike S1-NTD has some degree of similarity among human-infecting CoVs that are either in the same phylogenetic cluster or lineage.
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We investigated the geographical character of the COVID-19 infection in China and correlated it with satellite- and ground-based measurements of air quality. Controlling for population density, we found more viral infections in those prefectures (U.S. county equivalent) afflicted by high Carbon Monoxide, Formaldehyde, PM 2.5, and Nitrogen Dioxide values. Higher mortality was also correlated with relatively poor air quality. When summarizing the results at a greater administrative level, we found that the 10 provinces (U.S. state equivalent) with the highest rate of mortality by COVID-19, were often the most polluted but not the most densely populated. Air pollution appears to be a risk factor for the incidence of this disease, despite the conventionally apprehended influence of human mobility on disease dynamics from the site of first appearance, Wuhan. The raw correlations reported here should be interpreted in a broader context, accounting for the growing evidence reported by several other studies. These findings warn communities and policymakers on the implications of long-term air pollution exposure as an ecological, multi-scale public health issue.
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HIGHLIGHTS

- There is a significant correlation between air pollution and COVID-19 spread and mortality in China.

- The correlation stands at a second-order administration level for several air pollutants, after controlling for varying population densities and removing Wuhan and Hubei from the dataset.

- Living in an area with low air quality is a risk factor for becoming infected and dying from this new form of coronavirus.



INTRODUCTION

COVID-19, initially detected in China and rapidly spread to the rest of the world, has ignited a pandemic causing exorbitant human and economic cost (1). Within a few months since its discovery in December 2019, eastern and western doctors, biologists, and sociologists alike have turned their attention to disentangling the etiology of this airborne disease, a highly contagious respiratory illness caused by a novel coronavirus (2). Various risk factors have been implicated with the fast spread of the virus, assuming different characters, whether considered within or between countries. Even if free health care was dispensed to everyone in the exceptional case of this epidemics, the Chinese health system, like those of many other countries, is not adequate without proper identification and evaluation of the multiple epidemiological risk factors (3). On an individual level, an older age, the male gender and smoking status have all been shown to increase the coronavirus, SARS-CoV-2 (4). In particular, the angiotensin-converting enzyme 2 (ACE2) receptors in our respiratory system, hit by smoking and this new coronavirus, can bind with air pollutants (5).

From the standpoint of the natural sciences and geography, we can take a broader perspective to appreciate how a coronavirus, transmitted once more from an animal species to us, may show certain patterns in the way it affects and spreads among people, which go beyond virological and medical mechanisms, spatial proximity or apparently chaotic patterns. For example, elements including human and livestock overpopulation, biodiversity loss and climate change played a critical role in making the ground suitable for yet again a new epidemics to flourish (6). A multidisciplinary approach to study cultural and socioeconomic factors may be included when studying the likeliness of the populations to show stronger morbidity to this disease (7). Pertaining to climate change, air pollution is notoriously known to cause health problems and, in particular, viral respiratory infections and pneumonia to individuals chronically exposed to air pollutants (8, 9).

We therefore hypothesize a numerical and geographical association between chronic exposure to air pollution and the spread of SARS-CoV-2 (10). We investigated this possible correlation taking China as a unique case study (11), and have updated and expanded these findings here. A positive correlation had been found between chronic high levels of air pollution perceived as particulate matter found in 9 large Asian cities (three of those being Chinese) and higher lethality related to COVID-19 (12). Despite the strong containment measures adopted over there, if pollution still plays a role, it should be considered as an element of high concern in relation to this disease.



DATA AND METHODS

We collected COVID-19 infection and fatality figures for every prefecture of the People's Republic of China (2nd administrative divisions, equivalent to U.S. counties) from the Chinese government health commission (Table 1). We normalized these epidemiological values per 10,000 inhabitants of each prefecture. The data included COVID-19 cases and deaths.


Table 1. The analyzed datasets and their sources.
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The dataset of COVID-19 cases and deaths analyzed in this study captured the first and unique wave of SARS-CoV-2 infection for this country (19 December 2019–23 May 2020). It includes the 17 April update, when an increase of 1,290 casualties was reported, following a revised WHO guideline, showing a drastic rise of about 50% from the prior figure. This update included an increase of 325 infections for the city of Wuhan only.

While infections and fatalities inform on the extent of the pandemic, mortality rates (fatalities/infections * 100) provide additional information on the severity of the virus in each prefecture. It is important to note that China did not see a systematic COVID-19 testing at a national scale. Tests were mostly performed for people presenting symptoms and registered in hospitals. In some later cases, large scale testing was performed only to prevent localized outbreaks. As a result, asymptomatic cases are not included in the data, and mortality rates may appear inflated compared to other regions of the world.

Population densities were defined using the population totals of each prefecture divided by its surface area. Air pollution measurements from localized ground stations (monthly averages 2014–2016) as well as continuous tropospheric vertical column density measurements (whole year 2019) of several air pollutants were aggregated as the average values at the prefecture level. Time series information of atmospheric air pollutants was retrieved by the Sentinel-5, a satellite mission launched in October 2017 as part of the Copernicus program of the European Space Agency (13). The Google Earth Engine platform (14) was employed to compute the 2019 averages of each air pollutant measurements derived from satellite, namely the UV Aerosol Index, Carbon Monoxide (CO), Formaldehyde (HCHO), Nitrogen Dioxide (NO2), Ozone (O3), and Sulfur Dioxide (SO2). Air pollutants collected from ground stations were PM 2.5, PM 10, O3, NO2, SO2, and CO. Data types and their sources are shown in Table 1 and the fully compiled dataset, including an aggregated version at the provincial level, are available on a dedicated GitHub repository (https://github.com/DavideFornacca/COVID19/tree/master/China).

Correlation and significance analyses between air pollution, population, and the three COVID-19 variables (infections/100,000 inhabitants, fatalities/100,000 inhabitants, mortality rate) were performed for the prefecture-level dataset using non-parametric Kendall rank correlation coefficient because of the distributions of COVID-19 and population variables being mostly skewed. To assess the potential influence of outliers, we repeated the same tests by firstly removing the prefecture of Wuhan and then the whole Hubei province from the dataset. The significance threshold was set to <0.05. Using the aggregated version of the dataset (mean values at the provincial level), we identified the first 10 Chinese provinces showing the highest values of each variable separately, and we used this for comparative analysis. Furthermore, thematic maps comparing COVID-19 and air pollution distributions in China were produced for visual assessment.

Data processing and mapping was done with QGIS. Statistical analysis was performed in Python programming environment.



RESULTS

A descriptive statistics' summatory table for the different satellite- and ground-based air quality measurements can be found in Supplementary Table 1.

Higher amounts of viral infections per 100,000 inhabitants, fatalities per 100,000 inhabitants, and mortality rates (fatalities/infections * 100) were found in those Chinese prefectures afflicted by several pollutants of the air: CO, HCHO, PM 2.5, PM 10, and NO2, as shown by the significant positive correlation coefficients in Table 2. In particular, stronger associations for infections and fatalities were found with tropospheric column values of Formaldehyde (rτ = 0.34, p < 0.001 and rτ = 0.20, p < 0.001) and Carbon Monoxide values (rτ = 0.28, p < 0.001 and rτ = 0.20, p < 0.001), while for mortality rates, PM 2.5 was the most incident pollutant (rτ = 0.18, p < 0.001). This trend holds also after removing in succession (i) Wuhan city and (ii) the whole Hubei province from the dataset (see Supplementary Tables 3, 4). Levels of particulate matter measured by ground stations, especially the finer PM 2.5, were associated with a greater number of fatalities and higher mortality rates. Conversely, aerosol data from the satellite, which potentially include PM 2.5 and PM 10, were not associated with fatalities or mortality rates. They negatively correlated with infections weakly. This is not surprising, given that the measurement is related to UV-absorbing particles, which are in general non-pollutant, being inert particulates such as dust, sand, and sea salt, but they also include smoke from volcano ash and biomass burning. To note that these sources of dust, however, are often found far from highly-polluted development areas. Higher levels of O3 and SO2 from both satellite and ground data were not associated with more COVID-19 deaths and mortality rates. This goes against the trend shown by the other pollutants, an aspect that will require further investigation. Levels of CO, HCHO, and PM 2.5 showed stronger correlation than the population variables when analyzing fatalities and mortality rates. As expected, several air pollutants correlated with population density except for Sulfur Dioxide. Conversely, O3 and Aerosol index showed weak negative correlations, suggesting their presence in low populated areas (Supplementary Table 2). A comprehensive statistical output of these data is reported in Table 2.


Table 2. Correlation between satellite- and ground-based air quality variables with (i) cumulated COVID-19 infections per 100,000 inhabitants, (ii) fatalities per 100,000 inhabitants, and (iii) mortality rate (fatalities / infections) in China at a prefectural level, until 23 May 2020.
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The values shown in Table 3 include the prefectural detail aggregated at a coarser provincial level, and they are sorted to highlight the 12 provinces with the highest rates of mortality. These provinces are often reported among the 12 most polluted ones, except for Taiwan and Hainan. However, these provinces are not the most densely populated, with the exception of Henan, Taiwan (a densely populated island), Tianjin and Beijing (two relatively small but highly populated provincial-level municipalities).


Table 3. Summary table of mean values of COVID-19 (orange), air pollution (blue), and population density (green) variables at the provincial level.
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The maps (Figure 1) offer a synoptic view of the correlations. Those ones referring to different pollutants display continuous values at 0.01 arc-degree (about 1 km) resolutions, which can potentially highlight within-prefecture differences. Prefectural mean values of each air pollutant can be found in the dataset available in the dedicated repository. A clear longitudinal pattern ranging from the northeast region down to Hong Kong is visible for both COVID-19 variables and air pollution. In addition to Wuhan and Hubei appearing heavily affected compared to the rest of the country, the map shows mortality occurring in several other hotspots, also in less populated yet industrial provinces of central China.
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FIGURE 1. Distribution of COVID-19 infections, fatalities and mortality rates (fatalities/infections * 100) across the prefectures of China (updated on 23 May 2020), and the distribution of the tropospheric column amounts of three representative air pollutants derived from the 2019 averaged satellite measures of: Nitrogen Dioxide (NO2), Carbon Monoxide (CO), and Formaldehyde (HCHO). The values in the square brackets show the COVID-19 cases' counts of administrative units.




DISCUSSION AND CONCLUSION

The present study suggests a strong association between the incidence of COVID-19 and chronic exposure to air pollution in China. Comparative analyses made in this study indicate the role of air pollution as a critical risk cofactor for COVID-19 in China, with a stronger influence of Formaldehyde and Carbon Monoxide levels.

Our finding is in line with other studies observing a similar influence of air pollutants. (i) Firstly, testing the more proximal hypothesis that COVID-19 outbreaks could follow with a temporal delay from days with high NO2 presence in the air, colleagues in Shanghai have published detailed time series data pointing at a lag of 12 days before hospitalizations for the Hubei province (16). This suggests the role of air pollutants as airborne vectors for this virus, also highlighted by another study (18) conducted in three cities in Hubei province and a further one illustrating a potential role of PMs in other Asian cities (12). (ii) Secondly, in the United States, the correlation of respiratory illness with chronic exposure to PM 2.5 was observed stronger than 11 other demographic covariables, including population density, patients' age, socioeconomic status, ethnicity, education, obesity, smoking status, number of hospital beds per unit population, average daily temperature and relative humidity, and lockdown state (15) This same finding for the U.S. was replicated by others, e.g., (17). (iii) Thirdly, in Italy, a similar positive correlation between COVID-19 occurrence and chronic exposure to NO2, O3 and PMs was also reported (20) controlling in addition for the extra five demographic variables of mobility, temperature, housing density, health care density, and age of the population (21), with the additional and novel evidence that fragments of the RNA from this virus were found in the particulate matter of the harshly hit northern Italian city of Bergamo (19), laying in the most polluted European area of the Po valley, severely affected by the virus (22). (iv) Finally, our couple of multinational investigations employing different satellite-based datasets has also observed trends similar to the current paper in at least five countries other than China, including Italy, United States, Iran, France, and U.K. (23, 24). Having run and posted these significant correlations at different moments throughout the expansion of the pandemic is an element which further signals that the correlations stand throughout time.

Our study combined data from two different sources: localized ground-stations, directly measuring ambient air pollution, and continuous, grid-based satellite observations. These two sources present several technical and methodological differences that could explain some degree of discordance in the resulting correlation analyses, such as the one found between the satellite-based UV Aerosol Index and the ground values of particulate matter. We maintained the assessment of pollutants from the traditional ground stations because they are more representative of pollution levels to which populations living in their proximity are exposed. Notwithstanding that, they are unevenly scattered and their spatial coverage is very limited. On the other hand, satellite observations offer the unique advantage of global coverage, highlighting pollution differences at a regular and finer spatial unit. We believe that the combined use of these two data sources is instrumental in interpreting any detrimental role of specific air pollutants.

A significant obstacle to the interpretability of these findings in China is the availability of only limited information about the associated covariables, such as high-resolution data regarding health services and infrastructures, epidemiological traits, and population movement, to ascertain the relative importance of air pollution among many socio-environmental driving factors of COVID-19 infections. For example, the spatial effect of the strict lockdown adopted in China can be deduced by the huge difference in the number of infections and fatalities between Wuhan, its surrounding prefectures, and the rest of China (see maps in Figure 1). We have considered population density as chief cofactor and found that its correlation with COVID-19 is similar to air pollution, although slightly weaker. Moreover, highly populated areas are often more polluted (Supplementary Table 2). These results preclude us from understanding specific health consequences of air pollutants and call for a pressing need to further investigate this matter. In the past, the correlation between air pollution and human illness was notified and attributable to PMs and NO2 acting as vectors for the spread and extended survival of bioaerosols (25–30) in relation to pathogenic microbes including the avian influenza, measles and the syncytial virus (31–35). To generalize the results of the present study, higher mortality rates were found in provinces with the worst air pollution problems and only some of them were among the most densely populated ones. Regardless, the probability of dying from the virus once it infects is higher where air pollution is heavier. We have also observed a similar pattern for populations at risk of chronic exposure of PM 2.5 and NO2 in the two less densely-populated countries of Italy and Iran (23).

To conclude, despite the fact the SARS-CoV-2 was first detected in Wuhan and that the first location of the pathogen assumes a key role in the geographical spread of the infection, the detrimental effect of air pollution on patients infected by the virus remains evident. To overcome the limitations of our study, longitudinal screenings performed on patients from retrospective cohorts will help clarify the role of air pollution as a cofactor for these types of airborne transmittable diseases (36). In this century, in China as elsewhere, health policymaking is not adequate unless following human and environmental “one health” approaches. As a clear and immediate action to prevent the trajectory of this and future epidemics, curbing climate change (37) must be endorsed way more seriously. Will the smallest of the parasites be able to awaken us, this time, so that we convincingly start caring about the health of the environment as much as we have clumsily been caring about our public health?
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It is hard to overstate the importance of a timely prediction of the COVID-19 pandemic progression. Yet, this is not possible without a comprehensive understanding of environmental factors that may affect the infection transmissibility. Studies addressing parameters that may influence COVID-19 progression relied on either the total numbers of detected cases and similar proxies (which are highly sensitive to the testing capacity, levels of introduced social distancing measures, etc.), and/or a small number of analyzed factors, including analysis of regions that display a narrow range of these parameters. We here apply a novel approach, exploiting widespread growth regimes in COVID-19 detected case counts. By applying nonlinear dynamics methods to the exponential regime, we extract basic reproductive number R0 (i.e., the measure of COVID-19 inherent biological transmissibility), applying to the completely naïve population in the absence of social distancing, for 118 different countries. We then use bioinformatics methods to systematically collect data on a large number of potentially interesting demographics and weather parameters for these countries (where data was available), and seek their correlations with the rate of COVID-19 spread. While some of the already reported or assumed tendencies (e.g., negative correlation of transmissibility with temperature and humidity, significant correlation with UV, generally positive correlation with pollution levels) are also confirmed by our analysis, we report a number of both novel results and those that help settle existing disputes: the absence of dependence on wind speed and air pressure, negative correlation with precipitation; significant positive correlation with society development level (human development index) irrespective of testing policies, and percent of the urban population, but absence of correlation with population density per se. We find a strong positive correlation of transmissibility on alcohol consumption, and the absence of correlation on refugee numbers, contrary to some widespread beliefs. Significant tendencies with health-related factors are reported, including a detailed analysis of the blood type group showing consistent tendencies on Rh factor, and a strong positive correlation of transmissibility with cholesterol levels. Detailed comparisons of obtained results with previous findings, and limitations of our approach, are also provided.

Keywords: COVID-19 transmissibility, environmental factors, basic reproduction number, COVID-19 demographic dependence, COVID-19 weather dependence


INTRODUCTION

The ancient wisdom teaches us that “knowing your adversary” is essential in every battle—and this equally applies to the current global struggle against the COVID-19 pandemic. Understanding the parameters that influence the course of the pandemic is of paramount importance in the ongoing worldwide attempts to minimize the devastating effects of the virus which, to the present moment, has already taken a toll of more than a million lives (Dong et al., 2020), and resulted in double-digit recession among some of the major world economies (World Bank, 2020a). Of all such factors, the ecological ones (both abiotic such as meteorological factors and biotic such as demographic and health-related population properties) likely play a prominent role in determining the dynamics of disease progression (Qu et al., 2020).

However, making good estimates of the effects that general demographic, health-related, and weather conditions, have on the spread of COVID-19 infection is beset by many difficulties. First of all, these dependencies are subtle and easily overshadowed by larger-scale effects. Furthermore, as the effective rate of disease spread is an interplay of numerous biological, medical, social, and physical factors, a particular challenge is to differentiate the dominating effects of local COVID-19-related policies, which are both highly heterogeneous and time-varying, often in an inconsistent manner. And this is precisely where, in our view, much of the previous research on this subject falls short.

There are not many directly observable variables that can be used to trace the progression of the epidemics on a global scale (i.e., for a large number of diverse countries). The most obvious one—the number of detected cases—is heavily influenced both by the excessiveness of the testing (which, in turn, depends on non-uniform medical guidelines, variable availability of testing kits, etc.) and by the introduced infection suppression measures (where the latter are not only non-homogeneous but are also erratically observed (Cohen and Kupferschmidt, 2020). Nevertheless, the majority of the research aimed to establish connections of the weather and/or demographic parameters with the spread of COVID-19 seeks correlations exactly with the raw number of detected cases (Adhikari and Yin, 2020; Correa-Araneda et al., 2020; Fareed et al., 2020; Gupta et al., 2020; Iqbal et al., 2020; Li et al., 2020; Pourghasemi et al., 2020; Rashed et al., 2020; Singh and Agarwal, 2020). For the aforementioned reasons, the conclusions reached in this way are questionable. Other variables that can be directly measured, such as the number of hospitalized patients or the number of COVID-19 induced deaths (Pranata et al., 2020; Tosepu et al., 2020; Ward, 2020), again depend on many additional parameters that are difficult to take into account: level of medical care and current hospital capacity, advancements, and changing practices in treating COVID-19 patients, the prevalence of risk groups, and even on the diverging definitions of when hospitalization or death should be attributed to the COVID-19 infection. As such, these variables are certainly not suitable as proxies of the SARS-CoV-2 transmissibility per se.

On the other hand, as we here empirically find [and as theoretically expected (Anderson and May, 1992; Keeling and Rohani, 2011)] the initial stage of the COVID-19 epidemic (in a given country or area) is marked by a period of a nearly perfect exponential growth for a wide range of countries, which typically lasts for about 2 weeks (based on our analysis of the available data). One can observe widespread dynamical growth patterns for many countries, with a sharp transition between exponential, superlinear (growth faster than linear), and sublinear (growth slower than linear) regimes (see Figure 1)—the last two representing a subexponential growth. We here concentrate on the initial exponential growth of the detected-case data (marked in red in Figure 1), characterizing the period before the control measures took effect, and with a negligible fraction of the population resistant to infection. Note that dates which correspond to the exponential growth regime (included in Supplementary Table 1) are different for each country, corresponding to the different start of COVID-19 epidemic in those countries.
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FIGURE 1. COVID-19 growth regimes. Transitions of the growth patterns (here shown for Italy) from exponential (red), to superlinear (blue) and sublinear (green) regime. The three insets correspond to the log-linear scale (exponential), log-log scale (superlinear), and linear-log scale (sublinear). Dots correspond to detected infections, starting from 20.02.2020. In this study, R0,free is extracted from the slope of the first (exponential, i.e., log-linear) inset, corresponding to dates 29.02–13.03 in the case of Italy.


We use the exponential growth regime to deduce the basic reproduction number R0 (Martcheva, 2015), following a simple and robust mathematical (dynamical) model presented here. R0 is a straightforward and important epidemiological parameter characterizing the inherent biological transmissibility of the virus, in a completely naïve population, and the absence of social distancing measures (Bar-On et al., 2020; Eubank et al., 2020). To emphasize the absence of social distancing in the definition (and inference) of R0 used here, the term R0,free is also used, — for simplicity, we further denote R0 ≡ R0,free. R0 is largely independent of the implemented COVID-19 policies and thus truly reflects the characteristics of the disease itself, as it starts to spread unhampered through the given (social and meteorological) settings. Namely, the exponential period ends precisely when the effect of control measures kick in, which happens with a delay of ~10 days after their introduction (The Novel Coronavirus Pneumonia Emergency Response Epidemiology Team, 2020), corresponding to the disease latent period, and to the time between the symptom onset and the disease confirmation. Not only that very few governments had enacted any social measures before the occurrence of a substantial number of cases (Cohen and Kupferschmidt, 2020), but also the length of the incubation period makes it likely that the infection had been already circulating for some time through the community even before the first detected case (and that the effects of the measures are inescapably delayed in general). Also, the transition from the exponential to the subsequent subexponential phase of the epidemics is readily visible in the COVID data (see Figure 1). Furthermore, R0 is invariant to the particular testing guidelines, as long as these do not significantly vary over the (here relatively short) studied period. Note that in Figure 1 cumulative number of positive cases (also known as cumulative infection incidence) is shown, which has to monotonically increase—though with a decreasing rate, once the infection starts to slow down, i.e., once the subexponential growth (sublinear and superlinear regimes) is reached.

In the analysis presented here, we consider 42 different weather, demographic, and health-related population factors, whose analyzed ranges correspond to their variations exhibited in 118 world countries (not all of the parameters were available for all of the countries, as discussed in Section “Demographic and Weather Data Acquisition”). While some authors prefer more coherent data samples to avoid confusing effects of too many different factors (Adhikari and Yin, 2020; Correa-Araneda et al., 2020; Fareed et al., 2020; Rashed et al., 2020; Singh and Agarwal, 2020; Tosepu et al., 2020), this consideration is outweighed by the fact that large ranges of the analyzed parameters serve to amplify the effects we are seeking to recognize and to more reliably determine the underlying correlations. For example, while the value of the Human Development Index (HDI, a composite index of life expectancy, education, and per capita income indicators) varies from 0.36 to 0.96 over the set of analyzed countries, this range would drop by an order of magnitude (Global Data Lab, 2020) if the states of the US were chosen as the scope of the study (other demographic parameters exhibit similar behavior). The input parameters must take values in some substantial ranges to have measurable effects on R0 (i.e., small variations may lead to effects that are easily lost in statistical fluctuations).

The number of considered parameters is also significant, especially when compared to other similar studies (Adhikari and Yin, 2020; Copat et al., 2020; Fareed et al., 2020; Iqbal et al., 2020; Rashed et al., 2020; Rychter et al., 2020; Singh and Agarwal, 2020; Thangriyal et al., 2020; Tosepu et al., 2020). In a model where a large number of factors are analyzed under the same framework, consistency of the obtained results, in terms of agreement with other studies, common-sense expectations, and their self-consistency, becomes an important check of applied methodology and analysis. Furthermore, a comprehensive and robust analysis is expected to generate new findings and lead to novel hypotheses on how environmental factors influence COVID-19 spread. Overall, we expect that the understanding achieved here will contribute to the ability to understand the behavior of the pandemics in the future and, by the same token, to timely and properly take measures in an attempt to ameliorate the disease effects.



MODEL AND PARAMETER EXTRACTION


Modified SEIR Model and Relevant Approximations

There are various theoretical models and tools used to investigate and predict the progress of an epidemic (Keeling and Rohani, 2011; Martcheva, 2015). We here opted for the SEIR compartmental model, up to now used to predict or explain different features of COVID-19 infection dynamics (Maier and Brockmann, 2020; Maslov and Goldenfeld, 2020; Perkins and España, 2020; Tian et al., 2020; Weitz et al., 2020). The model is sufficiently simple to be applied to a wide range of countries while capturing all the features of COVID-19 progression relevant for extracting the R0 values. The model assumes dividing the entire population into four (mutually exclusive) compartments with labels: (S)usceptible, (E)xposed, (I)fected, and (R)ecovered.

The dynamics of the model (which considers gradual transitions of the population from one compartment to the other) directly reflects the disease progression. Initially, a healthy individual has no developed SARS-CoV-2 virus immunity and is considered as “susceptible.” Through contact with another infected individual, this person may become “exposed”—denoting that the transmission of the virus has occurred, but the newly infected person at this point has neither symptoms nor can yet transmit the disease. An exposed person becomes “infected”—in the sense of becoming contagious—on average after the so-called “latent” period which is, in the case of COVID-19, approximately 3 days. After a certain period of the disease, this person ceases to be contagious and is then considered as “recovered” (from the mathematical perspective of the model, “recovered” are all individuals who are no longer contagious, which therefore also includes deceased persons). In the present model, the recovered individuals are taken to be no longer susceptible to new infections (irrespectively of whether the COVID-19 immunity is permanent or not, it is certainly sufficiently long in the context of our analysis).

Accordingly, almost the entire population initially belongs to the susceptible class. Subsequently, parts of the population become exposed, then infected, and finally recovered. SARS-CoV-2 epidemic is characterized by a large proportion of asymptomatic cases (or cases with very mild symptoms) (Day, 2020), which leads to a large number of cases that remain undiagnosed. For this reason, only a portion of the infected will be identified (diagnosed) in the population, and we classify them as “detected.” This number is important since it is the only direct observable in our model, i.e., the only number that can be directly related to the actual COVID-19 data.

This dynamic is schematically represented in Figure 2, and is governed by the following set of differential equations:

[image: image]

[image: image]

[image: image]

[image: image]

[image: image]

In the above equations, S, E, I, and R denote numbers of individuals belonging to, respectively, susceptible, exposed, infected, and recovered compartments, D is the cumulative number of detected cases, while N is the total population. Parameter β denotes the transmission rate, which is proportional to the probability of disease transmission in contact between a susceptible and an infectious subject. Incubation rate σ determines the rate at which exposed individuals become infected and corresponds to the inverse of the average incubation period. Recovery rate γ determines the transition rate between infected and recovered parts of the population, (i.e., 1/γ is the average period during which an individual is infectious). Finally, ε and δ are detection efficiency and the detection rate. All these rate parameters are considered constant during the analyzed (brief) period. Also, note that the constants in our model do not correspond to transition probabilities per se, but rather to transition rates (with units 1/time), so that e.g. γ and εδ do not add to one. While rates in the model can be rescaled and normalized to directly correspond to transition probabilities, our formulation (with rates rather than probabilities) is rather common (see e.g., Keeling and Rohani, 2011), and also has a direct intuitive interpretation, where the transition rates correspond to the inverse of the period that individuals spend in a given compartment (see e.g., the explanation for γ above).


[image: Figure 2]
FIGURE 2. Diagrammatic representation of the SEIR model with the added class of “Detected” patients. Individuals move (denoted by solid arrows) from Susceptible to Exposed to Infected to Recovered, with the rates indicated above arrows in the figure. Some of the infected are detected (diagnosed/confirmed), indicated by the dashed arrow.


In the first stage of the epidemic, when essentially the entire population is susceptible (i.e., S/N ≈ 1) and no distancing measures are enforced, the average number of secondary infections, caused directly by primary-infected individuals, corresponds to the basic reproduction number R0. The infectious disease can spread through the population only when R0 > 1 (Khajanchi et al., 2020a), and in these cases, the initial growth of the infected cases is exponential. Though R0 is a characteristic of the pathogen, it also depends on environmental abiotic (e.g., local weather conditions), as well as biotic factors (e.g., prevalence of health conditions, and population mobility tightly related to the social development level).

Note that, as we seek to extract the basic reproduction number R0 from the model for a wide range of countries, the social distancing effects are not included in the model presented above. That is, the introduced model serves only to explain the exponential growth phase—note that this growth regime characterizes part of the infection progression where the social distancing interventions still did not take effect, and where the fraction of resistant (non-susceptible) population is still negligible. It is only this phase which is relevant for extracting R0 that is used in the subsequent analysis. R0 should not be confused with the effective reproduction number Re, which takes into account also the effects of social distancing interventions and the decrease in the number of susceptibles due to acquired infection resistance. Re is not considered in this work, as we are concerned with the factors that affect the inherent biological transmissibility of the virus, independently from the applied measures. That is, by considering R0 rather than Re, we disentangle the influence of meteorological and demographic factors on transmissibility (the goal of this study), from the effects of social distancing interventions (not analyzed here). The model can, however, be straightforwardly extended to include social distancing measures, as we did in (Djordjevic et al., 2020)—social distancing measures were also included through other frameworks (Khajanchi and Sarkar, 2020; Maier and Brockmann, 2020; Maslov and Goldenfeld, 2020; Perkins and España, 2020; Samui et al., 2020; Sarkar et al., 2020; Tian et al., 2020; Weitz et al., 2020). Such extensions are needed to explain the subexponential growth that emerges due to intervention measures (i.e., superlinear and sublinear growth regimes that are illustrated in Figure 1 for Italy but are common for other countries as well).



COVID-19 Growth Regimes

If we observe the number of total COVID-19 cases (e.g., in a given country) as a function of time, there is a regular pattern that we observe: the growth of the detected COVID cases is initially exponential but slows down after some time—when we say it enters the subexponential regime. The subexponential regime can be further divided into the superlinear (growing asymptotically faster than a linear function) and sublinear regime (the growth is asymptotically slower than a linear function). This typical behavior is illustrated, in the case of Italy, in Figure 1 above. The transition to the subexponential regime occurs relatively soon, much before a significant portion of the population gains immunity, and is a consequence of the introduction of the infection suppression measures.



Inference of the Basic Reproduction Number R0

In the initial exponential regime, a linear approximation to the model can be applied. Namely, in this stage, almost the entire population is susceptible to the virus, i.e., S/N ≈ 1, which simplifies the Equation (2) to:
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By combining expressions (3) and (6) one obtains:
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where we have introduced a two-by-two matrix:
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The solution for the number of infected individuals can now be written:
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where λ+ and λ− denote eigenvalues of the matrix A, i.e., the solutions of the equation:
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The eigenvalues must satisfy:
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leading to:
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The solutions of (11) are:
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Since λ− < 0, the second term in (9) can be neglected for sufficiently large t. More precisely, numerical analysis shows that this approximation is valid already after the second day, while, for the extraction of R0 value we will anyhow ignore all data before the fifth day (for the analyzed countries, numbers of cases before the fifth day were generally too low, hence this early data is dominated by stochastic effects/fluctuations). Hence, I (t) is proportional to exp(λ+t), i.e.:
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By using β from (12) and [image: image] (Keeling and Rohani, 2011; Martcheva, 2015), we obtain:
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From (13) and (5) we compute:
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By taking the logarithm, the above expression leads to:
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from which λ+ can be obtained as the slope of the log (D(t)) function. From Equation (14), we thus obtain the R0 value as a function of the slope of log (D(t)), where the latter can be efficiently inferred from the plot of the number of detected COVID-19 cases for a large set of countries.

The SEIR model and the above derivation of R0 assume that the population belonging to different compartments is uniformly mixed. Possible heterogeneities may tend to increase R0 values (Keeling and Rohani, 2011). However, this would not influence the results obtained below, as our R0 values are consistently inferred for all analyzed countries by using the same model, methodology, and parameter set. Moreover, our R0 values are in agreement with the prevailing estimates in the literature (Najafimehr et al., 2020).



Demographic and Weather Data Acquisition

For the countries for which R0 was determined through the procedure above, we also collect a broad spectrum of meteorological and demographic parameter values. Overall, 118 countries were selected for our analysis, based on the relevance of the COVID-19 epidemiological data. Namely, a country was considered as relevant for the analysis if the number of detected cases on June 15th was higher than a threshold value of 1,000. A few countries were then discarded from this initial set, where the case count growth was too irregular to extract any results, possibly due to inconsistent or irregular testing policies. As a source for detected cases, we used (World Bank, 2020b; Worldometer, 2020).

In the search for factors correlated with COVID-19 transmissibility, we have analyzed overall 42 parameters, 11 of which are related to weather conditions, 30 to demographics or health-related population characteristics, and one parameter quantifying a delay in the epidemic's onset (data provided in Supplementary Tables 2–5). Not all of these parameters were available for all of the considered countries. In particular, data on the prevalence of blood types (Supplementary Table 4 in the Supplement) was possible to find for 83 of the 118 countries, while, primarily due to scarce data on pollutant concentrations during the epidemics, almost 30% of entries in Supplementary Table 5 in Supplement had to be left blank for this category. Nevertheless, we opted to include these parameters in our report: despite the lower number of values, some of these parameters exhibited strong and highly statistically significant correlations with R0, warranting their inclusion.

Our main source of weather data was project POWER (Prediction of Worldwide Energy Resources) of the NASA agency (NASA Langley Research Center, 2020). A dedicated Python script was written and used to acquire weather data via the provided API (Application Programming Interface). NASA project API allows a large set of weather parameters to be obtained for any given location (specified by latitude and longitude) and given date (these data are provided in the Supplementary Table 7). From this source, we gathered data on temperature (estimated at 2 m above ground), specific humidity (estimated at 2 m above ground), wind speed (estimated at 2 m above ground), and precipitation (defined as the total column of precipitable water). Data on air pressure (at ground level) and UV index (international standard measurement of the strength of sunburn-producing ultraviolet radiation) were collected via similar API from World Weather Online source (World Weather Online, 2020), using the same averaging methodology. Since we needed to assign a single value to each country (for each analyzed parameter), the following method was used for averaging meteorological data. In each country, a number of largest cities1 were selected and weather data was taken for the corresponding locations. These data was then averaged, weighted by the population of each city, followed by averaging over the period used for R0 estimation (more precisely, to account for the time between disease transmission and the case confirmation, we shifted this period 12 days into the past). The applied averaging method used here can be of limited adequacy in countries spreading over multiple climate zones, but is still expected to provide reasonable single-value estimates of the weather parameters, particularly since the averaging procedure was formulated to reflect the most likely COVID-19 hotspots in a given country.

Demographic data was collected from several sources. Percentage of the urban population, refugees, net migration, social and medical insurance coverage, infant mortality, and disease (CVD, cancer, diabetes, and CRD) risk was taken from the World Bank organization (World Bank, 2020b). The HDI was taken from the Our World in Data source (Our World in Data, 2020), while median age information was obtained from the CIA website. The source of most of the considered medical parameters: cholesterol, raised blood pressure, obesity, inactivity, BSG vaccination as well as data on alcohol consumption and smoking prevalence was World Health Organization (World Health Organization, 2020). Data for blood types were taken from the Wikidata web site. BUCAP parameter, representing population density in the built-up area, was taken from GHS Urban Center Database 2015 (European Commission Global Human Settlement, 2020). The onset parameter, determining the delay (in days) of the epidemic's start, was inferred from COVID-19 counts data. We used the most recent available data for all the parameters.




RESULTS

The log (D(t)) function, for a subset of selected countries, is shown in Figure 3. The obvious linear dependence confirms that the progression of the epidemic in this stage is almost perfectly exponential. Note that our model exactly reproduces this early exponential growth (see Equation 13), happening under the assumption of a small fraction of the population being resistant, and the absence of the effect of social distancing interventions. From Figure 3, we see that this behavior, predicted by the model for the early stage of the epidemic, is also directly supported by the data, i.e., the exponential growth in the cumulative number of confirmed cases is indeed observed for a wide range of countries. For each country, the parameter λ+ is directly obtained as the slope of the corresponding linear fit of the log (D(t)), and the basic reproduction number R0 is then calculated from Equation (14). Here, we used the following values for the incubation rate, σ = 1/3 day−1, and for the recovery rate γ = 1/4 day−1, per the commonly accepted values in the literature (Bar-On et al., 2020). Note that possible variations in these two values would not significantly affect any conclusions about R0 correlations, due to the mathematical properties of the relation (14): it is a strictly monotonous function of λ+ and the linear term λ+ · (γ + σ)/γ ·σ dominantly determines the value of R0.
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FIGURE 3. Time dependence of the detected cases for various countries, during the initial period of the epidemic, shown on a log-linear scale. The linear fit of log(D) shows that the spread of COVID-19 in this phase is very well approximated by exponential growth. Note that the values on axes are chosen differently for each country, in order to emphasize the exponential character of the growth. For each country, the start and end dates of the exponential regime, together with the extracted slope λ+, are provided in the Supplementary Table 1. ARG, Argentine; AUT, Austria; AZE, Azerbaijan; BEL, Belgium; BRA, Brazil; CHL, Chile; CRO, Croatia; CZE, Czech Republic; EGY,Egypt; GAB, Gabon; GEO, Georgia; DEU, Germany; HUN, Hungary; ISL, Iceland; IND, India; IRN, Iran; IRQ, Iraq; ISR, Israel; CIV, Cote d'Ivoire; MDG, Madagascar; MLI, Mali; MDA, Moldova; MAR, Morocco; NLD, Netherlands; PAN, Panama; PRT, Portugal; ROU, Romania; SAU, Saudi Arabia; SEN, Senegal; SRB, Serbia; ESP, Spain; CHE, Switzerland; TUN, Tunis; GBR, Great Britain; UKR, Ukraine.


Supplementary tables contain the values for 42 variables, for all countries. Correlations of each of the variables with R0 are given in Supplementary Table 6. Values for the Pearson correlation coefficient are further shown below, though consistent conclusions are also obtained by Kendall and Spearman correlation coefficients (which do not assume a linear relationship between variables). Correlation coefficients were calculated in the usual manner: as the correlation of the vector of parameter values with the vector of R0 values, by taking into account all available data (for parameters that were available across all of the countries, both of the vectors were 118 dimensional; if values were missing for certain countries, these countries were simply ignored and lower-dimensional vectors were compared).

The first set of results that corresponds to, roughly speaking, general demographic data, is presented in Figure 4. The plot in panel A shows the distribution of R0 vs. HDI values for all countries, where a higher HDI score indicates the more prosperous country concerning life expectancy, education, and per capita income (Sagar and Najam, 1998). This parameter was included in the study due to a reasonable expectation that a higher level of social development also implies a higher level of population interconnectedness and mixing (stronger business and social activity, more travelers, more frequent contacts, etc.), and hence that HDI could be related to the SARS-CoV-2 transmissibility. Indeed, we note a strong, statistically highly significant correlation between the HDI and the R0 value, with R = 0.37, and p = 4·10−5, demonstrating that the initial expansion of COVID-19 was faster in more developed societies.
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FIGURE 4. (A) R0 vs. HDI as an example of transmissibility dependence on demographic data (Pearson correlation denoted as R). (B) Pearson correlations of R0 with (from left to right): social security and health insurance coverage (INS), percentage of urban population (UP), BUCAP measure of population density (BAP), median age (MA), infant mortality (IM), net migration (I-E), and percentage of refugee population by country or territory of asylum (RE). The statistical significance of each correlation is indicated in the legend, while “ns” stands for “no significance.”


The social security and health insurance coverage (INS) “shows the percentage of population participating in programs that provide old age contributory pensions (including survivors and disability) and social security and health insurance benefits (including occupational injury benefits, paid sick leave, maternity, and other social insurance)” (World Bank, 2020b). Reflecting the percentage of the population covered by medical insurance and likely feeling more protected from the financial effects of the epidemics, this indicator shows a strong (R = 0.4) and highly significant (p = 4·10−4) positive correlation with R0. The percentage of urban population (UP) and BUCAP density (BAP) are both included as measures of how concentrated is the population of the country. While the UP value simply shows what percentage of the population lives in cities, the BUCAP parameter denotes the amount of built-up area per person. Of the two, the former shows a highly significant positive correlation with the COVID-19 basic reproduction number, whereas the latter shows no correlation. Median age (MA) should be of obvious potential relevance in COVID-19 studies since it is well known that the disease more severely affects the older population (Jordan et al., 2020). Thus, we wanted to investigate also if there is any connection of age with the virus transmissibility. Our results are suggestive of such a connection, since we obtained a strong positive correlation of age with R0, with very high statistical confidence. Infant mortality (IM) is defined as the number of infants dying before reaching 1 year of age, per 1,000 live births. Lower IM rates can serve as another indicator of the prosperity of a society, and it turns out that this measure is also strongly correlated, but negatively, with R = −0.36 and p = 8·10−5 (showing again that more developed countries, i.e., those with lower IM rates, have experienced more rapid spread of the virus infection). Net migration (I-E) represents the 5-year estimates of the total number of immigrants less the annual number of emigrants, including both citizens and non-citizens. This number, related to the net influx of foreigners, turns out to be positively correlated, in a statistically significant way, with R0. However, according to our data, the percentage of refugees, defined as the percentage of the people in the country who are legally recognized as refugees and were granted asylum in that country, is not correlated with R0 at all.

Another set of parameters corresponds to medically-related demographic parameters and is shown in the upper part of Figure 5. The plot in panel A represents the average blood cholesterol level (in mmol/L) in the population of various countries, plotted against the value of R0. The two parameters are strongly correlated, with R = 0.4, and p = 6·10−6. Another demographic parameter with clear medical relevance, that has a comparatively strong and significant positive correlation with R0, is the alcohol consumption per capita (ALC), as shown in panel B of Figure 5. Our data shows that R0 is also positively correlated, with high statistical significance, with the prevalence of obesity and to a somewhat smaller extent with the percentage of smokers. Here, obesity is defined as having a body-mass index over 30. A medical parameter that is strongly, but negatively, correlated with R0, is a measure of prevalence and severity of COVID-19 relevant chronic diseases in the population (CD). This parameter is defined as “the percent of 30-year-old-people who would die before their 70th birthday from any of cardiovascular disease, cancer, diabetes, or chronic respiratory disease, assuming that s/he would experience current mortality rates at every age and s/he would not die from any other cause of death” (World Bank, 2020b). The percentage of people with raised blood pressure (RBP) is also negatively correlated with R0, though this correlation is not as strong and as statistically significant as in the case of the CD parameter. Here, raised blood pressure is defined as systolic blood pressure over 140 or diastolic blood pressure over 90, in the population older than 18. The percentage of smokers exhibits statistically significant (though not large) positive correlation. Two medical-demographic parameters that show no correlation with R0 in our data are the prevalence of insufficient physical activity among adults aged over 18 (IN) and BCG immunization coverage among 1-year-olds (BCG).
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FIGURE 5. (A) R0 vs cholesterol level, as an example of a health-related parameter dependence. (B) Pearson correlation of R0 with (from left to right): alcohol consumption per capita (ALC); the prevalence of obesity (OB); severity of COVID-19 relevant chronic diseases in the population (CD); a percentage of people with raised blood pressure (RBP); a percentage of smokers (SM); the prevalence of insufficient physical activity among adults (IN); BCG immunization coverage among 1-year-olds (BCG) (C) Correlation of blood types with R0 in order: A, B, AB, and O (from left to right); overall value for that group, correlation only for Rh+ subtype of the group, and correlation for Rh− subtype is shown. The two rightmost bars correspond to the overall correlation of Rh+ and the overall correlation of the Rh− blood type with R0. The convention for representing the statistical significance of each correlation is the same as in Figure 4.


In Figure 5C we see that blood types are, in general, strongly correlated with R0. The highest positive correlation is exhibited by A− and O− types, with a Pearson correlation of 0.4 and 0.39, and a very high statistical significance of p = 10−4 and p = 2·10−4, respectively. Taken as a whole, group A is still strongly and positively correlated with R0, albeit with a bit lower statistical significance (A+ type correlation has p-value two orders of magnitude higher than A−). This is not so for group O that, overall, does not seem to be correlated to R0 (O+ even shows a certain negative correlation but without statistical significance). Our data reveals a highly significant positive correlation also for AB− subtype (R = 0.31, p = 0.003), while neither the AB+ subtype nor overall AB group is significantly correlated with the basic reproduction number. Clear negative correlation is exhibited only by B blood group (R = −0.31, p = 0.004), mostly due to the negative correlation of its B+ subtype (R = −0.34, p = 0.001), whereas B− subtype is not significantly correlated with R0 in our data. If we consider the rhesus factor alone, we again observe very strong correlations with R0 and with very high statistical significance: Rh− and Rh+ correlate positively (R = 0.4) and negatively (R = −0.4), respectively, with very high statistical significance (p = 2·10−4). The tendency of Rh− and Rh+ to, respectively, increase and decrease the transmissibility, is therefore consistent with the results obtained for all four individual blood-groups.

In Figure 6, the onset represents the delay of the exponential phase and is defined, for each country, as the number of days from February 15 to the start of the exponential growth of detected cases. The motivation was to check for a possible correlation between the delay in the onset of the epidemic and the rate at which it spreads. Indeed, our data shows that such correlation exists and that it is strong and statistically significant: R = −0.48 and p = 4·10−8. In other words, the later the epidemic started, the lower (on average) is the basic reproduction number.
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FIGURE 6. (A) R0 vs. the time delay of epidemic onset. (B) Pearson correlation of R0 with pollutants (from left to right): NO2, SO2, CO, PM2.5, and PM10 (inhalable particles with 2.5 and 10 μm, respectively). (C) R0 vs. precipitation. (D) Pearson correlation of R0 with (from left to right): temperature, specific humidity, UV index, air pressure, and wind speed. The convention for representing the statistical significance of each correlation is the same as before.


Panel B of Figure 6 shows the correlation of R0 with some of the commonly considered air pollutants. Our data reveal a statistically significant positive correlation of R0 with NO2 and SO2 concentrations. Other pollutants—CO, PM2.5 (fine inhalable particles, with diameters that are generally 2.5 μm and smaller), and PM10 (inhalable particles, up to 10 nm in diameter)—show no statistically significant correlation with R0.

Next, we consider weather factors. Panels C and D of Figure 6 show correlations of precipitation, temperature, specific humidity, UV index, air pressure, and wind speed with the reproduction number R0. Of these, precipitation, temperature, specific humidity, and UV index show a strong negative correlation, at a high level of statistical significance. Of the other two parameters, both air pressure and wind speed are not correlated at all with R0 in our data.



DISCUSSION

The present paper aimed to establish relations between the COVID-19 transmissibility and a large number of demographic and weather parameters. As a measure of COVID-19 transmissibility, we have chosen the basic reproduction number R0—a quantity that is essentially independent of the variations in both the testing policies and the introduced social measures (as discussed in the Introduction), in distinction to many studies on transmissibility that relied on the total number of detected case counts [see e.g., (Adhikari and Yin, 2020; Correa-Araneda et al., 2020; Fareed et al., 2020; Gupta et al., 2020; Iqbal et al., 2020; Li et al., 2020; Pourghasemi et al., 2020; Rashed et al., 2020; Singh and Agarwal, 2020)]. We have covered a substantial number of demographic and weather parameters, and included in our analysis all world countries that were significantly affected by the COVID-19 pandemic (and had a reasonable consistency in tracking the early phase of infection progression). While a number of manuscripts have been devoted to factors that may influence COVID-19 progression, only a few used an estimate of R0 or some of its proxies (Coccia, 2020; Contini and Costabile, 2020; Copiello and Grillenzoni, 2020)—these studies were however limited to China, and included a small set of meteorological variables, with conflicting results obtained for their influence on R0. Therefore, a combination of (i) using a reliable and robust measure of COVID-19 transmissibility, and (ii) considering a large number of factors that may influence this transmissibility within the same study/framework, distinguishes our study over prior work. We, however, must be cautious when it comes to further interpretation of the obtained data. As always, we must keep in mind that “correlation does not imply causation” and that further research is necessary to identify possible confounding factors and establish which of these parameters truly affect the COVID-19 transmissibility. Due to the sheer number of studied variables, an even larger number of parameters that might be relevant but are inaccessible to study (or even impossible to quantify), as well as due to possible intricate mutual relations of the factors that may influence COVID-19 transmission, this is a highly non-trivial task. While we postpone any further analysis in this direction to future studies, we will, nevertheless, consider here the possible interpretations of the obtained correlations, assuming that they also probably indicate the existence of at least some causation. We below provide a detailed comparison between our results and previous findings. While a detailed discussion is presented, despite our best effort, we may have missed some of the relevant references due to an extremely rapidly developing field. Nevertheless, we point out a clear distinction of our work with previous studies, as outlined in this paragraph.

We will first consider the demographic variables presented in Figure 4. The obtained correlation of the HDI with the basic reproduction number is both strong and hardly surprising. The level of prosperity and overall development of a society is necessarily tied with the degree of population mobility and mixing, traffic intensity (in particular air traffic), business and social activity, higher local concentrations of people, and other factors that directly or indirectly increase the frequency and range of personal contacts (Gangemi et al., 2020), rendering the entire society more vulnerable to the spread of viruses. In this light, it is reasonably safe to assume that the obtained strong and highly statistically significant correlation of HDI with R0 reflects a truly causal connection. However, some authors offer also a different explanation: that higher virus transmission in more developed countries is a consequence of more efficient detection of COVID-19 cases due to the better-organized health system (Gangemi et al., 2020)—but since our R0 measure does not depend on detection efficiency, presented results can be taken as evidence against such hypothesis.

The interpretation is less clear for other demographic parameters, for example, the percentage of the population covered by medical and social insurance programs (INS). While there seem to be no previous studies discussing this parameter, one possibility is to attribute its strong positive correlation with R0 to a hypothetical tendency of population to more easily indulge in the epidemiologically-risky behavior if they feel well-protected, both medically and financially, from the risks posed by the virus; conversely, that the population that cannot rely on professional medical care in the case of illness is likely to be more cautious not to contract the virus. The other is, of course, to see this correlation as an indirect consequence of the strong correlation of this parameter with HDI—which is also, almost certainly, the underlying explanation of the infant mortality (IM) correlation, where low mortality ratios point to a better medical system, which goes hand in hand with the overall prosperity and development of the country (Ruiz et al., 2015) (thus the negative correlation with R0).

Similarly, the strong positive correlation of median age (MA) with R0 might be a mere consequence of its clear relation with the overall level of development of the country (Gangemi et al., 2020), but it can be also considered in the light of the fact that clinical and epidemiological studies have unanimously shown that the elderly are at higher risk of developing a more severe clinical picture, and our result may indicate that the virus also spreads more efficiently in the elderly population. Possible explanations may include: drugs frequently prescribed to this population that increase levels of ACE2 receptors (Shahid et al., 2020), a general weakening of the immune system with age leading to a greater susceptibility to viral infections (Pawelec and Larbi, 2008), and a large number of elderly people grouped in nursing homes, where the virus can expand very quickly (Kimball et al., 2020).

The correlation of population density with R0, or the lack of thereof, is more challenging to explain. Naively, one could expect that COVID-19 spreads much more rapidly in areas with a large concentration of people, but, if exists, this effect is not that easily numerically captured. As the standard population density did not show any correlation with the reproduction number R0 (not shown), we explored some more subtle variants. Namely, the simplest reason why the data shows no correlation of R0 with population density would be that the density, calculated in the usual way, is too averaged out: the most densely-populated country on our list, Monaco, has roughly 10,000 times more people per square kilometer than the least densely-populated Australia. However, Melbourne downtown has a similar population density as Monaco and far more people, so one would expect no a priori reason that its infection progression would be slower (and the R0 rate for Australia as a whole will be dominantly determined by the fastest exponential expansion occurring anywhere on its territory). For this reason, we included the BUCAP parameter into the analysis, which takes into account only population density in built-up areas. Surprisingly, even this parameter did not exhibit any statistically significant correlation. Actually, several studies may serve as examples showing that the correlation of population density with the rate of COVID-19 expansion can be expected only under certain conditions since the frequency of contacts between people is to a large extent modulated by additional geographical, economic, and sociological factors (Berg et al., 2020; Carozzi, 2020; Pourghasemi et al., 2020; Rashed et al., 2020). Our observed absence of a correlation could be therefore expected and possibly indicates that such a correlation should be sought at the level of smaller populated areas—for example, individual cities (Yu et al., 2020). This conclusion is somewhat supported by the obtained highly significant and strong positive correlation of R0 with the percentage of the population living in cities (UP) and which probably reflects the higher number of encounters between people in a more densely populated, urban environment (Li et al., 2020). It is also possible that virus spread might have a highly non-linear dependence on the population density—namely, that an outbreak in a susceptible population requires a certain threshold value of its density, while below that value population density ceases to be a significant factor influencing virus (Scheffer, 2009; Carozzi, 2020; Coro, 2020).

Another demographic parameter that exhibits a significant correlation with R0 in our data is the net migration (I-E), denoting the number of immigrants less the number of emigrants. Unlike this number, which shows a positive correlation, the number of refugees (RE) seems not to be correlated at all. By definition, migrants deliberately choose to move to improve their prospects, while refugees have to move to save their lives or preserve their freedom. Migrants (e.g., in economic or academic migration), arguably tend to stay in closer contact with the country of their origin and have more financial means for that, which likely contributes to more frequent border crossings and more intensive passenger traffic (Fan et al., 2020), thereby promoting the infection spread. On the other hand, refugees are mostly stationed in refugee camps, there is less possibility of spreading the virus outside through contacts with residents, but there is a high possibility of escalation of the epidemic within camps with a high concentration of people (Hargreaves et al., 2020). We did not find any other attempt in the literature to examine this issue. In any case, our results demonstrate that refugees are certainly not a primary cause of concern in the pandemics, contrary to fears expressed in some media.

Of the medical factors, the strongest correlation of R0 is established with elevated cholesterol levels, as shown in Figure 5. Cholesterol may be associated with a viral infection and further disease development through a complex network of direct and indirect effects. In vitro studies of the role of cholesterol in virus penetration into the host body, done on several coronaviruses, indicate that its presence in the lipid rafts of the cell membrane is essential for the interaction of the virus with the ACE2 receptor, and also for the latter endocytosis of the virus (Radenkovic et al., 2020). Obesity prevalence (OB) also exhibits a highly significant, though somewhat weaker correlation with R0, which might be a consequence of the common connection between obesity and cholesterol: in principle, obesity might be a relevant factor in the COVID-19 epidemic exactly due to the effects of cholesterol on SARS-CoV-2 susceptibility. Of course, other effects might be at play, e.g., the fact that the adipose tissue of obese people excessively produces pro-inflammatory cytokines (Sattar et al., 2020). In the case of obesity, a simple explanation via relation to HDI is not available, since obesity does not show a simple correlation with the society development (Haidar and Cosman, 2011). Overall, while the correlation of obesity with a more severe prognosis in COVID-19 is well established in the literature, its relation to COVID-19 transmissibility is only mentioned in Li et al. (2020) and hitherto unexplained.

Often related to obesity is also raised blood pressure (RBP), and we have discovered that this factor is also correlated, at high statistical significance, with R0. While this seems to be the first study correlating high blood pressure with the SARS-CoV-2 transmission rate, it is known that, based on clinical studies, RBP appears to be a risk factor for hospitalization and death due to COVID-19 (Ran et al., 2020a; Schiffrin et al., 2020). In this light, it might be surprising that the correlation between RBP and R0 turns out to be negative. On the other hand, this result supports the existing hypothesis about the beneficial effect of ACE inhibitors and ARBs (Ran et al., 2020a; Schiffrin et al., 2020) (standardly used in the treatment of hypertension). Similarly unintuitive correlation we report in the case of chronic diseases that are known to be relevant for the COVID-19 outcome. Namely, our data show, at very high statistical significance, a strong negative correlation of R0 with the risk of death from a batch of chronic diseases (cardiovascular disease, cancer, diabetes, and chronic respiratory disease), agreeing in this regard with some recent research (Chiang et al., 2020; Li et al., 2020). These diseases are identified as relevant comorbidities in the context of COVID-19, leading to a huge increase in the severity of the infection and poorer prognosis (An et al., 2020; Zheng et al., 2020) and, therefore, the discovered negative correlation comes as a surprise—particularly when contrasted to the positive correlation of obesity (where both are recognized risk factors in COVID-19 illness). One possible explanation is that the correlation may be due to potentially lower mobility of people with chronic diseases compared to the general mobility of the population. Additionally, it is possible that these people, being aware to belong to a high-risk group, behaved more cautiously even before the official introduction of social distancing measures.

According to our analysis, the prevalence of certain health-hazard habits is also significantly correlated to COVID-19 transmissibility. Chronic excessive alcohol consumption has, in general, a detrimental effect on immunity to viral and bacterial infections, which, judging by the strong positive correlation we obtained, most likely applies also to SARS-CoV-2 virus infection. This correlation contradicts the belief that alcohol can be used as a protective nostrum against COVID-19, which has spread in some countries and even led to cases of alcohol poisoning (Chick, 2020).

Regarding the impact of smoking on SARS-CoV-2 virus infection—the results are controversial (Chatkin and Godoy, 2020). The positive correlation of smoking with COVID-19 transmissibility that we obtained seems to support the reasoning that, since the SARS-CoV-2 virus enters cells by binding to angiotensin-converting enzyme 2 (ACE2) receptors and that the number of these receptors is significantly higher in the lungs of smokers, the smokers will be more affected and easily infected (Brake et al., 2020; Hoffmann et al., 2020). Accordingly, our result contradicts the hypothesis that a weakened immune response of smokers to virus infection may prove beneficial in the context of inflammation caused by intense cytokine release (Garufi et al., 2020).

Another result that addresses the association of unhealthy lifestyle with greater susceptibility to SARS-CoV-2 infection is the slight positive correlation we obtained for the prevalence of insufficient physical activity (IN) in adults, which is however not statistically significant. In this sense, in the case of COVID-19, we could not fully confirm the findings from (Jurak et al., 2020), who found that physical activity significantly reduces the risk of viral infections.

Despite the recent media interest (Gallagher, 2020), our findings neither could confirm that BCG immunization has any beneficial effect in the case of COVID-19, at least as far as reducing the risk of contracting and transmitting the disease is concerned. While it is known that the BCG vaccine provides some protection against various infectious agents, unfortunately, there is no clear evidence for such an effect against SARS-CoV-2 (O'Neill and Netea, 2020). Our analysis suggests that BCG immunization simply does not correlate with SARS-CoV-2 virus transmission.

SARS-CoV-2 target cells are typically capable of synthesizing ABH antigens and certain arguments exist, both theoretical and experimental, for a potential relation of blood groups with COVID-19 progression and transmission (Guillon et al., 2008; Dai, 2020; Gérard et al., 2020). While the results of epidemiological studies on COVID-19 patients mostly support the proposed effect of blood groups on the development of COVID-19 disease, the relationship between virus transmission and blood group prevalence and Rh phenotype has been significantly less studied. Our analysis showed strong positive correlations of virus transmission with the presence of A blood group and Rh− phenotype, as well as strong negative correlations for B blood group and Rh+ phenotype, while for AB and O blood group no significant correlations were obtained (Figure 5C). This result coincides significantly with the correlations obtained in a study conducted for 86 countries (Ansari-Lari and Saadat, 2020). However, another study focused on hospitalized patients in Turkey reported that the Rh+ phenotype represents a predisposition to infection (Arac et al., 2020), contradicting our findings. Similar results regarding the Rh factor were obtained in a study (Latz et al., 2020) on hospitalized patients in the US (this study further reported no correlation of blood types with the severity of the disease). One way to reconcile these results with ours would be to speculate that the virus is more efficiently transmitted in a population with a higher proportion of Rh− phenotype because these people show a milder clinical picture compared to Rh+, so their movement is not equally limited, which is why they have more ability to pass on the infection.

Our data (Figure 6A) shows a strong negative correlation with the date of the epidemic onset. Curiously, it seems that the later the epidemic started in a given country, it is more likely that the disease expansion will be slower. Instead of interpreting this result as an indication that the virus has mutated and changed its properties over such a short period, we offer the following simpler explanation: pandemic reached first those countries that are most interconnected with the rest of the world (at the same time, those are the countries characterized by great mobility of people overall), so it is expected that also the progression of the local epidemics in these countries is more rapid. Another contributing factor could be the effect of media, which had more time to raise awareness about the risks of COVID-19 in the countries that were hit later (Khajanchi et al., 2020b).

Another segment of our interest were air pollutants, shown in Figure 6B. Air pollution can have a detrimental effect on the human immune system and lead to the development (or to worsening) of respiratory diseases, including those caused by respiratory viral infections (Becker and Soukup, 1999; Copat et al., 2020). Several papers have already investigated air pollution in the context of COVID-19 and reported a positive correlation between the death rate due to COVID-19 and the concentration of PM2.5 in the environment (Wu et al., 2020; Yao et al., 2020c). Positive correlations were also found for the spread of the SARS-CoV-2 virus, but mainly by considering daily numbers of newly discovered cases—a method that, as we have already argued, may strongly depend on testing policies, as well as on state measures to combat the epidemic (Copat et al., 2020). It has been suggested that virus RNA can be adsorbed to airborne particles facilitating thus its spread over greater distances (Coccia, 2020; Setti et al., 2020), but these arguments were contested by examination of air samples in Wuhan (Contini and Costabile, 2020; Liu et al., 2020). The latter conclusions concur with the results of a study in which no correlation was obtained between the basic reproductive number of SARS-CoV-2 infection for 154 Chinese cities and the concentration of PM2.5 and PM10 particles, while the correlation of these factors with the death rate (CFR) was shown (Ran et al., 2020b). The statistically insignificant and relatively weak correlations we obtained for PM2.5 and PM10 pollutants also do not support the hypothesis of a potentially significant role of these particles in the transmission of this virus. In contrast, significant positive correlations were shown by our analysis for concentrations of NO2, SO2, and CO in the air (although the correlation for CO is not statistically significant), which is generally supported by the results of other studies. For example, a positive correlation of NO2 levels with the basic reproductive number of infection was obtained from data for 63 Chinese cities (Yao et al., 2020a). Also, it has been shown that the number of detected cases of COVID-19 in China is strongly positively correlated with the level of CO, while in Italy and the USA such correlation exists with NO2 (Pansini and Fornacca, 2020). The mentioned study failed to establish a clear correlation with the level of SO2. Possible mechanisms of interaction were also proposed (Daraei et al., 2020). Also, it is important to emphasize that the atmospheric concentration of NO2 strongly depends on the levels of local exhaust emissions, so its correlation with virus transmission can be interpreted by the connection with the urban environment, characterized by more intensive traffic (Goldberg et al., 2020).

Finally, we have also obtained some interesting correlations of the meteorological parameters with R0, shown in Figures 6C,D. The statistically very highly significant negative correlation of the basic reproductive number of SARS-CoV-2 virus infection with both the mean temperature and humidity obtained in our research (Figure 6D) is consistent with the results of other relevant papers, e.g., (Mecenas et al., 2020). For example, a similar correlation was obtained in a study that analyzed COVID-19 outbreak in the cities of Chile—a country that covers several climate zones, but where it is still safe to assume that social patterns of behavior and introduced epidemic control measures do not drastically differ throughout the country (Correa-Araneda et al., 2020). Effectively the same conclusion—that fewer COVID-19 cases were reported in countries with higher temperatures and humidities—was reached in a study covering over 200 countries in the world (Iqbal et al., 2020). While an established correlation between virus transmission and a certain factor is not, in general, a telltale sign of a direct causal relationship between them, in the case of temperature and humidity such connection is firmly indicated also by results of experimental research (Lowen et al., 2007; Casanova et al., 2010; Chan et al., 2011; van Doremalen et al., 2020). Nevertheless, some studies yielded different conclusions, most likely due to the method of calculating R0 or due to choosing a small/uninformative sample of populations in which the number of infected cases was monitored (Guo et al., 2020; Lin et al., 2020; Yao et al., 2020b). For example, a study focused on the suburbs of New York, Queens, obtained a positive correlation between virus transmission and temperature, which seems unexpected given the prevailing observations of other studies (Adhikari and Yin, 2020). This result is most likely a consequence of analyzing data for a small area (Queens only) where the temperature varies in a relatively narrow range of values, as well as correlating the number of detected cases, which may be sensitive to variations in the testing procedure.

Another environmental agent that can destroy or inactivate viruses is UV radiation from sunlight, and the properties of a particular virus determine how long it can remain infectious when exposed to radiation. For example, epidemics of influenza have a seasonal character precisely due to the susceptibility of influenza viruses to UV radiation (Sagripanti and Lytle, 2007). Our analysis found, at very high statistical significance, a strong negative correlation between the transmission of the SARS-CoV-2 virus and the intensity of UV radiation, which is consistent with the results of other studies obtained for the cities of Brazil and the provinces of Iran (Ahmadi et al., 2020; Mendonça et al., 2020). It is worth mentioning that lower temperatures, humidity, and sunlight levels usually occur in combination and directly affect not only the virus but also the human behavior, so the observed higher transmission of the virus in such conditions can alternatively be interpreted by indirect effects of other factors that act together in cold weather, such as more time spent indoors where the virus spreads more easily, or weakening of the immune system that increases susceptibility to infections (Abdullahi et al., 2020).

While the results related to COVID-19 correlations with temperature, humidity, and UV radiation are fairly frequent in the literature, this is less so for the results on the precipitation levels. Very few other studies have examined the association of precipitation with SARS-CoV-2 transmission, with either no correlation found (Pourghasemi et al., 2020), or looking at precipitation as a surrogate for humidity and generally receiving a negative correlation with infection rate (Araujo and Naimi, 2020; Coro, 2020). Our results, however, shown in Figure 6D, confirm natural expectations: just like humidity, the precipitation exhibits a strong negative correlation with R0, only slightly lower than in the case of T, H, and UV, at a very high level of statistical significance. Such results also concur with some general conclusions about the behavior of similar viruses (Agrawal et al., 2009; Pica and Bouvier, 2012).

Our analysis did not reveal any statistically significant correlation either between the wind speed or between air pressure and SARS-CoV-2 transmissibility. In the case of wind speed, this result agrees with the findings in some other papers (Gupta et al., 2020; Oliveiros et al., 2020). A positive correlation of wind speed with COVID-19 transmissibility was obtained in a study in Chilean cities, but, as the authors themselves note, the interpretation of the effect of this factor is complicated by its observed significant interaction with temperature (Correa-Araneda et al., 2020). The role of wind in transmitting the virus to neighboring buildings is predicted by the SARS virus spread model within the Amoy Gardens residential complex in Hong Kong, but such an effect may relate to local air currents and virus transmission over relatively short distances and does not imply a correlation of mean wind speeds in the area with virus transmission (McKinney et al., 2006; Pica and Bouvier, 2012). As for the air pressure, the potential connection is hardly at all investigated in the literature. An exception is a study (Cambaza et al., 2020) reporting a positive correlation of air pressure with the number of COVID-19 cases in parts of Mozambique, but our results do not confirm such a conclusion.



CONCLUSION

While there is by now a significant amount of research on a crucial problem of how environmental factors affect COVID19 spread, several features set this analysis apart from the existing research. First is the applied methodology: instead of basing analysis directly on the number of detected COVID-19 cases (or some of its simple derivatives), we employ an adapted SEIR model to extract the basic reproduction number R0 from the initial stage of the epidemic. By taking into account only data in the exponential growth regime, i.e., before the social measures took effect (as explained in the “Methods” section), we ensured that the correlations we have later identified were not confounded with the effects of local COVID-19 policies. Even more importantly, our method is also invariant to variations in COVID-19 testing practices, which, as is well known, used to vary in quite an unpredictable manner between different countries. Another important factor is the large geographical scope of our research: we collected data from 118 countries worldwide, more precisely, from all the countries that were above a certain threshold for the number of confirmed COVID-19 cases (except for several countries with clearly irregular early growth data). The third factor was the number of analyzed parameters: we calculated correlations for the selected 42 different variables (of more than a hundred that we initially considered overall) and looked for viable interpretations of the obtained results.

These results should also help in resolving some of the existing disputes in the literature. For example, our findings indicate that correlation of HDI with R0 is not a consequence of the COVID-19 testing bias, as was occasionally argued. Of the opposing opinions, our data seem to support assertions that blood types are indeed related to COVID-19 transmissibility, as well as arguments that the higher prevalence of smoking does increase the virus transmissibility (though weakly). On the other hand, in the dispute about the effects of the pollution, our correlations give an edge to claims that there is no correlation between PM2.5 and PM10 particles and transmissibility (whereas we agree with the prevailing conclusions about the positive correlation of other considered pollutants). In the case of the effects of the wind, based on the obtained results we tend to side with those denying any connection. In certain cases our findings contradict popular narratives: there are no clear indications that either number of refugees or physical inactivity intensifies the spread of COVID-19. Unfortunately, our data also suggest that BCG immunization may not help in subduing the epidemic. Additionally, the obtained correlations hint to possible new alleys of research, e.g., those that would help us understand the connection between cholesterol levels and SARS-CoV-2 transmissibility.

Overall, we believe that the presented results can be a useful contribution to the ongoing attempts to better understand the first pandemic of the twenty-first century—and the better we understand it, the sooner we may hope to overcome it.
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The SARS-CoV-2 (SARS2) is the cause of the coronavirus disease 2019 (COVID-19) pandemic. One unique structural feature of the SARS2 spike protein is the presence of a furin-like cleavage site (FLC) which is associated with both viral pathogenesis and host tropism. Specifically, SARS2 spike protein binds to the host ACE-2 receptor which in-turn is cleaved by furin proteases at the FLC site, suggesting that SARS2 FLC structural variations may have an impact on viral infectivity. However, this has not yet been fully elucidated. This study designed and analyzed a COVID-19 genomic epidemiology network for December 2019 to July 2020, and subsequently generated and analyzed representative SARS2 spike protein models from significant node clusters within the network. To distinguish possible structural variations, a model quality assessment was performed before further protein model analyses and superimposition of the protein models, particularly in both the receptor-binding domain (RBD) and FLC. Mutant spike models were generated with the unique 681PRRA684 amino acid sequence found within the deleted FLC. We found 9 SARS2 FLC structural patterns that could potentially correspond to nine node clusters encompassing various countries found within the COVID-19 genomic epidemiology network. Similarly, we associated this with the rapid evolution of the SARS2 genome. Furthermore, we observed that either in the presence or absence of the unique 681PRRA684 amino acid sequence no structural changes occurred within the SARS2 RBD, which we believe would mean that the SARS2 FLC has no structural influence on SARS2 RBD and may explain why host tropism was maintained.

Keywords: furin-like cleavage site, infection clusters, SARS-CoV-2 (SARS2), spike glycoprotein, structural variations


INTRODUCTION

Coronaviruses (CoV) are enveloped positive-stranded RNA viruses that have the largest genome among all known RNA viruses and, at present, there are seven known CoVs capable of infecting humans (1–7). Among CoV structural proteins, the spike protein is a class I viral fusion protein that is involved in viral entry, host tropism determination, viral pathogenesis, and host immune response induction (8–11). The spike protein is comprised of three segments (large ectodomain, single-pass transmembrane anchor, and short intracellular tail) (11), with the ectodomain further divided into the S1 receptor-binding subunit and S2 membrane-fusion subunit (10, 11). During a typical CoV infection, S1 binds to an ideal host receptor enabling viral attachment and, consequently, S2 would fuse the host and viral membranes, allowing viral genetic material to enter host cells (10, 11).

Interestingly, prior to SARS-CoV-2 (SARS2), there were six human pathogenic coronaviruses (10), with SARS2 resulting in a pandemic causing the coronavirus disease 2019 (COVID-19) (12, 13). With regards to the homotrimeric spike protein, the SARS2 spike protein follows the same mechanism of viral entry used by SARS-CoV-1, wherein, the SARS2 spike protein binds to a functional receptor human angiotensin-converting enzyme 2 (ACE2) via the 6-residue (L455, F486, Q493, S494, N501, Y505) receptor-binding domain (RBD) (10, 14). One notable structural feature of the SARS2 spike protein is the presence of a polybasic (furin-like) cleavage site (682RRAR685) which has been found to be disordered (15, 16) and, likewise, linked to effective furin cleavage that could help determine viral pathogenesis and host tropism (17–19). Moreover, the comparative analysis of the intrinsic disorder predisposition of spike protein from SARS2, SARS, and Bat CoV revealed that the furin-like cleavage site of SARS spike is incorporated within the longer disordered region 676TQTNSPRRARSVAS691, which is not present in spike proteins from SARS and Bat CoV (20). The presence of disorder in a region containing a polybasic (furin-like) cleavage site is an extremely important point, as an intrinsic disorder at the cleavage site is crucial for efficient protease action (20, 21). Furthermore, aside from the presence of the polybasic cleavage site (682RRAR685), SARS2 likewise has an inserted leading proline (P681), which is suggested to improve protease active site accessibility not only by furin proteases but other proteases as well (21). Thus, this would mean that the inserted sequence unique for SARS2 is the 681PRRA684 sequence (18).

The structural orientation of either individual or a series of amino acids plays an important role in establishing both protein configuration and protein-protein complexes (22), which likewise may affect protein function (23). This would imply that any probable changes in structural orientation occurring in the SARS2 spike furin-like cleavage (including P681) site (FLC) may have an impact on viral infectivity (24). However, to our knowledge, this has never been fully elucidated. A better understanding of the potential effects of the structural orientation changes occurring within the SARS2 FLC site may shed light on the occurrence of varying SARS2 variants and, more importantly, its role in viral reinfection, potentially leading to novel drug design and therapeutic strategies.



MATERIALS AND METHODS


COVID-19 Genomic Epidemiology Network Design and Analyses Between December 2019 and July 2020

Network analyses were performed in order to gather a holistic understanding of the phylogeny of the COVID-19 genomic epidemiology (25). For this study, network design followed the phylogenetic tree of the COVID-19 genomic epidemiology, based on the GISAID website (www.gisaid.org) between December 2019 and July 2020. A total of 2,793 genomes were used for both network design and analyses. We used Cytoscape for both network design and analyses (26). For network design, nodes were made to represent the countries (indicated as a box) and phylogenetic branch points (indicated as dots) while the edges represent the phylogenetic lineage originating from either a country or branch point. For network analyses, the following centrality measurements were initially analyzed: (1) stress centrality (identifying important nodes); (2) eccentricity centrality (identifying accessible nodes); (3) closeness centrality (identifying relevant nodes); (4) betweenness centrality (identifying crucial nodes); and (5) edge betweenness centrality (identifying significant edges) (27). Briefly, nodes (Supplementary Figure 1) and edges (Supplementary Figure 2) above a computed threshold for each centrality were considered significant. A unified network was designed based on all centrality measurements used for this study (both nodal and edge centralities) and, more importantly, nodes that were linked to either nodes or edges that are above the threshold based on all five centrality measurements used were determined.



SARS2 Spike Protein Modeling

Representative SARS2 spike amino acid sequences (n = 263) deposited between December 2019 and July 2020 were collected from the National Center for Biological Information (NCBI). The selection of sequences was based on the results obtained from our previous COVID-19 genomic epidemiology network analyses. Moreover, representative monomeric SARS2 spike models were selected using Tm align (28). Briefly, a minimum of 10 generated sequence models were initially obtained. Further structural analyses used spike models with similar Root Mean Square Deviation (RMSD) values and Template Modeling scores (Tm-scores) based on superimposition. In particular, the SARS2 spike models used for further structural analyses were based on structural variations in SARS2 FLC and have the following Genebank accession numbers: MT019529, MN994468, MT020781, MT825091, MT467261, MT658503, MT499218, MT549887, and MT461625. The Phyre2 web server (29) was used to generate all protein models while the Jmol applet (30) was used for protein visualization.



Protein Model Quality Assessment

To confirm the accuracy and suitability of the generated SARS2 spike protein models for further analyses, both contact mapping and protein model:crystal structure superimposition were performed for model quality assessment. A protein contact map was made using the CMView applet to determine the common contact between the model and crystal (31). Moreover, higher common contact (>90%) would mean more structural similarities (32), which would mean that the generated model is suitable for further analyses. Subsequently, representative SARS2 spike cryo-EM structure (PDB ID: 6XR8) (15) and a monomeric 6XR8 model (cryo-EM model) generated using Phyre 2 were used for superimposition (using Tm align) to serve as a model quality check. For this study, SARS2 spike models were considered suitable for further analyses if superimposed sequence model:crystal and crystal model:crystal have RMSD < 1.50.



Comparison of SARS2 Spike Models

All structural comparisons conducted focused on both the SARS2 FLC and RBD. Moreover, two sets of structural comparisons were made. The first set of structural comparisons focused on contrasting the SARS2 FLC and RBD among all representative SARS2 spike models through superimposition. One of the representative models (generated from MT019529) was used as the common model for superimposition. The second set of structural comparisons involved producing mutants from all representative SARS2 spike models without the 681PRRA684 sequence unique in SARS2. A protein threading approach (via Phyre 2) was used to generate the mutant models. Similarly, focusing on SARS2 FLC and RBD, the original model (with 681PRRA684) was compared to the mutated model (without 681PRRA684) through superimposition using Tm align. Model superimposition (focusing on SARS2 FLC and RBD), RMSD values, and Tm scores were established using Jmol and Tm align, respectively.




RESULTS


Nine Node Clusters From the COVID-19 Genomic Epidemiology Network Were Established Between December 2019 and July 2020

The SARS2 genome is constantly evolving, and genome distribution varies in terms of geographic location (33, 34). To establish possible node clusters within the COVID-19 genomic epidemiology network established between December 2019 and July 2020, network analytics was performed to elucidate the holistic and simultaneous analyses of complementary data (27, 35). One of the key points of network analytics is centrality analysis, which involves collecting network components in order to distinguish important elements and, likewise, requires several centrality measurements to be considered fully efficient for analyzing networks (27, 36). Considering this and the five different centrality measurements used to identify node clusters, this would suggest that the results obtained are reliable. Interestingly, we were able to identify nine node clusters, encompassing various SARS2 genomic clades classified by the GISAID website (Figure 1A). We observed that some of the countries identified among the nine node clusters are likewise found in other node clusters (regardless of belonging to different SARS2 clades) (Figure 1B). These results could mean that the putative significant node clusters are not dependent on SARS2 clades, which coincidentally are based on viral genome mutations (34). This insinuates that there could be other similarities among the node clusters with regard to SARS2 pathogenesis. Considering that the SARS2 FLC is crucial for viral pathogenesis and host tropism (17–19), which we believe would imply that the SARS2 FLC is a conserved structural feature (18), we postulate that the SARS2 FLC could be a common structural feature among the node clusters. We wish to emphasize that our current study mainly focused on the SARS2 FLC structural feature. In possible future work, it would be interesting to recognize other possible spike protein structural features found among the node clusters identified.


[image: Figure 1]
FIGURE 1. Nine significant node clusters within the COVID-19 genomic epidemiology network designed between December 2019 and July 2020. (A) COVID-19 genomic epidemiology network. (Upper panel) Simplified network, with the genomic clades and node clusters labeled. (Lower panel) Actual network, with the significant nodes (red) as determined by centrality analyses are shown. Nodes (dots) and edges (lines) are indicated. Node clusters are boxed and labeled. (B) List of countries identified by the significant nodes and classified according to node cluster.




SARS2 Spike Models Are Suitable for Structural Analyses

It has long been recommended that model quality assessment be performed prior to any downstream structural analyses using protein structures generated from either experimental (i.e., crystallized) or theoretical (i.e., computer-based) methods (37). To establish the reliability and suitability of all SARS2 spike models generated, both protein contact maps and structural superimpositions were performed. Representative SARS2 crystal structure (Figure 2A), SARS2 crystal model (Figure 2B), and SARS2 sequence model (Figure 2C) were used for all superimpositions conducted. We observed that protein contact map superimposition between crystal model:crystal structure (Figure 2D), sequence model:crystal structure (Figure 2E), and sequence model:crystal model (Figure 2F) have high common contact (>90%), which implies that there is high contact similarity between the superimposed structures. We only considered SARS2 spike monomers when examining structural superimpositions. We also observed that RMSD values between cryo-EM model:crystal structure [RMSD 0.75] (Figure 2G), sequence model:cryo-EM structure [RMSD 0.66] (Figure 2H), and sequence model:cryo-EM model [RMSD 1.07] (Figure 2I) were RMSD < 1.5 which in-turn were considered adequate for further analyses (38). These results (both protein contact map and structural superimpositions) would suggest that the generated SARS2 spike models are suitable for further structural analyses.


[image: Figure 2]
FIGURE 2. Model quality assessment of a generated monomeric SARS-CoV-2 spike protein. Representative SARS-CoV-2 (A) 6XR8 cryo-EM, (B) 6XR8 model, and (C) sequence model of monomeric spike proteins are indicated. Contact maps of (D) 6XR8 cryo-EM and model, (E) 6XR8 cryo-EM and sequence model, and (F) 6XR8 model and sequence models are shown. The common contact of the protein structures being compared is labeled below. Superimposition between (G) 6XR8 cryo-EM and model, (H) 6XR8 cryo-EM and sequence model, and (I) 6XR8 model and sequence models are presented. RMSD scores of the superimposed protein structures are indicated below. SARS CoV 2 6XR8 cryo-EM (yellow), 6XR8 model (red), and sequence model (royal blue) are indicated.




Nine SARS2 FLC Structural Patterns Were Identified Among the Nine Node Clusters

Protein structure and conformation dynamics have often been correlated to biological function, which emphasizes the importance of protein structural pattern variations (23). To elucidate the possible SARS2 FLC structural variations among the 9 node clusters, representative SARS2 models from each node cluster were superimposed with the SARS2 model generated from MT019529 (Wuhan, China) as a comparison. Since SARS2 FLC also affects host tropism, SARS2 RBD was similarly checked.

As seen in Figure 3A, both SARS2 RBD (box dash lines) and FLC (box solid lines) structural changes were the focus of the study. Interestingly, we found nine SARS2 FLC structural patterns (Figures 3B–J, left panel), which coincidentally match with the nine node clusters identified earlier (Figure 1A). This insinuates that the SARS2 FLC structural pattern identified in each node cluster is a unique structural feature for the node cluster. However, we emphasize that the SARS2 FLC might not be the only factor determining the nine node clusters. In this regard and as possible future works, additional experimental evidence is needed to further prove the presence of the nine SARS2 FLC structural patterns from the nine nodal clusters, and, equally important, it would be interesting to likewise determine other factors that may explain the presence of the nine node clusters. Subsequently, we observed that no structural changes occurred in the SARS2 RBD (Figures 3B–J, right panel). In all the superimpositions made, no significant structural changes (RMSD < 1.0; Tm align > 0.96) occurred between superimposed SARS2 models (Figures 3B–J, lower panel), which is consistent with SARS2 maintaining its genomic integrity across propagation (34).
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FIGURE 3. Comparison of the 9 SARS-CoV-2 spike protein furin-like cleavage site structural patterns and corresponding receptor binding domains. (A) Representative monomeric SARS-CoV-2 spike protein model with the receptor binding domain (boxed dash lines) and furin-like cleavage site (boxed solid lines) indicated. (B–J) Superimposed spike protein models showing the nine structural patterns of the furin-like cleavage site (left panel) and receptor binding domain (right panel). Pattern 1 SARS-CoV-2 spike protein model (cyan) and the eight other structural patterns (red) are shown. RMSD scores and Tm align values normalized to Pattern 1 SARS-CoV-2 spike protein model are indicated below.


It was previously reported that the SARS2 FLC naturally undergoes polymorphisms, which in-turn affects viral transmissibility and tropism (39). In this regard, we suspect that the putative nine SARS2 FLC structural patterns are a product of natural polymorphism and, similarly, finding one of the SARS2 FLC structural patterns in one of the node clusters identified could suggest that certain countries (or continents) with overlapping node clusters may have varying levels of viral transmissibility and virulence (33, 34, 39). Since cleavage of the SARS2 FLC is a prerequisite for pathogenesis (17–19), we think that cleavage among the nine SARS2 FLC structural patterns may likewise vary (possibly depending on how exposed the FLC is), which in turn, could directly affect viral transmissibility. Additionally, with regards to host tropism, there seems to be no noticeable structural change in the SARS2 RBD, insinuating that host tropism is unchanged. This indicates that, regardless of any structural variations in SARS2 FLC, host tropism will not be consistently affected by genomic integrity (34). However, it is unclear whether the absence of SARS2 FLC (particularly 681PRRA684) would affect SARS2 RBD.



SARS2 RBD Residues Did Not Change in the Absence of the Unique 681PRRA684 Sequence

SARS2 has been reported to infect multiple species as well as humans due to variations in ACE2 receptors across species (40), which emphasizes the potential significance of the SARS2 RBD with regards to host tropism. Similarly, SARS2 FLC was found to likewise affect host tropism (17–19). This may suggest that SARS2 FLC (particularly 681PRRA684) could affect SARS2 RBD. To establish the possible structural influence of the unique 681PRRA684 amino acid sequence on SARS2 RBD structural orientation, we generated mutant SARS2 models with the unique 681PRRA684 amino acid sequence deleted in all nine SARS2 FLC structural patterns and, subsequently, superimposed each mutant to the original model for comparison. This study undertook a side-by-side comparison of an original (left panel) and mutant (right panel) SARS2 model with a focus on SARS2 RBD (box dash lines) and FLC (box solid lines) structural changes (Figure 4A). As expected, in the absence of the 681PRRA684 amino acid sequence we observed structural variations in the SARS2 FLC (Figures 4B–J, left panel). Nevertheless, no significant structural changes were observed (RMSD < 1.0; Tm align > 0.82) between superimposed original and mutated SARS2 models (Figures 4B–J, lower panel). Most surprisingly, no structural variations were observed in the SARS2 RBD (Figures 4B–J, right panel). This would suggest that SARS2 FLC (particularly 681PRRA684) has no structural influence on SARS2 RBD, which is consistent with earlier works (41) that showed that SARS2 FLC may not be as critical as previously thought for the high fusion capacity of SARS2. However, it is worth mentioning that regions with high levels of the disorder typically do not have stable structures, and thus, would not have much of an effect on the remaining structured parts of the protein (20) consistent with our observations. Taken together, the lack of a stable structure in the FLC site and its surroundings may explain why no structural changes occurred within the SARS2 RBD after the removal of a unique 681PRRA684 region. Nevertheless, we presume that regardless of the absence of any structural variations within the SARS2 RBD, viral pathogenesis was unaffected since one important factor that determines virulence is high-affinity virus receptor interaction and, likewise, takes into account multiple host factors (40). This may explain why SARS2 infection in humans varies among COVID-19 infected patients. Additional experiments are needed to further prove this point.
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FIGURE 4. Comparison between original (with 681PRRA684) and mutated (without 681PRRA684) forms of the 9 SARS-CoV-2 spike protein furin-like cleavage site structural patterns and corresponding receptor binding domains. (A) Original (cyan) and mutated (red) representative monomeric SARS-CoV-2 spike proteins are shown. Receptor binding domain (boxed dash lines) and furin-like cleavage site (boxed solid lines) indicated. (B–J) Superimposed spike protein models showing the 9 structural patterns of the furin-like cleavage site (left panel) and receptor binding domain (right panel). Original (cyan) and mutated (red) SARS-CoV-2 spike protein furin-like cleavage site structural patterns and corresponding receptor binding domains are shown. RMSD scores and Tm align values normalized to the original SARS-CoV-2 spike protein model are indicated below.





DISCUSSION

SARS2 FLC is a conserved structural feature that is crucial for viral entry to host cells (39, 42) and, more importantly, can influence viral pathogenesis and host tropism (17–19, 40). In addition, the SARS2 FLC was found to have a naturally occurring polymorphism that can affect both transmissibility and host tropism (39). Throughout this study, we attempted to show that the SARS2 FLC has structural orientation variations putatively associated with the SARS2 genomic distribution particularly between December 2019 and July 2020.

SARS2 genome has continued to mutate since its emergence in December 2019 and SARS2 was found to have a >7.23 actual mutation rate with genetic changes occurring every other week (33, 34). These mutational changes are made possible through host-dependent RNA editing associated with the APOBEC mechanism (43). Cluster infections have also been associated with SARS2 incubation period infection and, likewise, play an important role in the rapid evolution of COVID-19 transmission (44, 45). This highlights how quickly the SARS2 genome is changing and, similarly, may explain how multiple variants of the virus can evolve easily and spread worldwide (33, 34). Several of the SARS2 nucleotide changes are nonsynonymous, thus, amino acid changes likewise occur (33) that may result in protein structural changes among SARS2 viral proteins. In particular, several structural changes have been reported with regards to the SARS2 spike protein (39, 42, 46, 47). Considering that we observed nine SARS2 FLC structural patterns from nine node clusters distributed worldwide, we postulate that this observation is putatively correlated to mutational changes that occurred within the SARS2 spike genome during the timeframe studied which in-turn affected the resulting amino acid sequence and, subsequently, lead to structural changes that may affect virulence and tropism.

It is worth mentioning that COVID-19 symptoms vary in the human population and, similarly, animal species (40). SARS2 infection in the human population often affects the lower respiratory tract (48) and follows a distinguishable order of symptom onset with varying levels of severity (49–51). COVID-19 reinfection has been clinically observed (52–56) and we suspect it is associated with varying SARS2 variants. In this regard, we hypothesize that COVID-19 reinfection could potentially be linked to SARS2 FLC structural variations since SARS2 FLC affects viral pathogenesis, tropism, and transmissibility. Admittedly, additional experiments are needed to further prove this hypothesis.

In summary, we propose that between December 2019 and July 2020, nine SARS2 FLC structural patterns could putatively correspond to the nine node clusters found within the COVID-19 genomic epidemiology network. Similarly, we associated this with the rapid evolution of the SARS2 genome. We observed that either in the presence or absence of the unique 681PRRA684 amino acid sequence no structural changes occurred within the SARS2 RBD, which we believe could mean that the SARS2 FLC has no structural influence on SARS2 RBD and may explain why host tropism was maintained.
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The COVID-19 pandemic has the potential to affect all individuals, however in a heterogeneous way. In this sense, identifying specificities of each location is essential to minimize the damage caused by the disease. Therefore, the aim of this research was to assess the vulnerability of 853 municipalities in the second most populous state in Brazil, Minas Gerais (MG), in order to direct public policies. An epidemiological study was carried out based on Multi-Criteria Decision Analysis (MCDA) using indicators with some relation to the process of illness and death caused by COVID-19. The indicators were selected by a literature search and categorized into: demographic, social, economic, health infrastructure, population at risk and epidemiological. The variables were collected in Brazilian government databases at the municipal level and evaluated according to MCDA, through the Program to Support Decision Making based on Indicators (PRADIN). Based on this approach, the study performed simulations by category of indicators and a general simulation that allowed to divide the municipalities into groups of 1–5, with 1 being the least vulnerable and 5 being the most vulnerable. The groupings of municipalities were exposed in their respective mesoregions of MG in a thematic map, using the software Tabwin 32. The results revealed that the mesoregion of Norte de Minas stands out with more than 40% of its municipalities belonging to group 5, according to economic, social and health infrastructure indicators. Similarly, the Jequitinhonha mesoregion exhibited almost 60% of the municipalities in this group for economic and health infrastructure indicators. For demographic and epidemiological criteria, the Metropolitana de Belo Horizonte was the most vulnerable mesoregion, with 42.9 and 26.7% of the municipalities in group 5, respectively. Considering the presence of a population at risk, Zona da Mata reported 42.3% of the municipalities in the most vulnerable group. In the joint analysis of data, the Jequitinhonha, Vale do Mucuri and Vale do Rio Doce mesoregions were the most vulnerable in the state of MG. Thus, through the outlined profile, the present study proved how socioeconomic diversity affects the vulnerability of the municipalities to face COVID-19 outbreak, highlighting the need for interventions directed to each reality.

Keywords: COVID-19, social vulnerability, disease outbreaks, epidemics, policy formulation, health policy


INTRODUCTION

In late December 2019, hospitals in Wuhan, China, identified numerous patients with pneumonia of unknown cause (1). After investigating the possible etiologic agent involved, on January 7, 2020, Chinese scientists isolated a new type of coronavirus from an individual and, therefore, were able to sequence its genome (2).

The SARS-CoV-2 or 2019-nCoV virus is the causative agent of the clinical syndrome known as COVID-19 (Coronavirus 19 disease) (3). Although SARS-CoV-2 belongs to the same gender as the viruses responsible for Severe Acute Respiratory Syndrome (SARS) and Middle East Respiratory Syndrome (MERS), the new coronavirus appears to be related to mild infections disorders but with a high rate of transmissibility (3–5). Considering the high levels of transmission, on March 11, the World Health Organization (WHO) characterized COVID-19 as a pandemic due to the rapid spread across countries, such as Italy, Spain and, later, United States, that currently has the highest number of cases of the novel coronavirus disease (6).

In Brazil, on February 26, 2020, the first case of COVID-19 was confirmed in the state of São Paulo and the first death on March 17, in the same state. During the months of April, May and June, the number of cases and deaths increased exponentially and, then, on June 20, 2020, Brazil was the second country in the world with the highest number of confirmed cases, more than 1 million, and also the second country with the most confirmed deaths, about 50 thousand (6).

In this context, the state of Minas Gerais, the second most populous state in the country, initially stood out for presenting an apparently controlled situation. While neighboring states in the southeastern region accumulated more than 300,000 cases and almost 22,000 deaths by COVID-19, Minas Gerais was one of the states with the least confirmed cases, approximately 27,000 (6). However, recent researches pointed to a possible underreporting scenario owing to the unprecedented increase in deaths from causes clinically similar to COVID-19, including SARS, respiratory failure and pneumonia, and due to the low number of tests performed by the state in comparison with the others, according to data obtained from the Minas Gerais Department of Health (7).

From this perspective, the high number of cases in neighboring states and underreporting in Minas Gerais rendered the region extremely susceptible to the increase in the number of cases of COVID-19, with the occurrence and diffusion of new cases. In this situation, delimiting and defining the main regions of vulnerability in the state is essential to guide the population, managers, public policies and government healthcare workforces. The concept of vulnerability, in this case, considers aspects that can measure whether the resources designated to the protection of people are available or in need. Thus, a complex set of indicators may determine a higher or lower vulnerability (8, 9).

In this work, the indicators, selected based on the literature to identify the vulnerability of the cities of Minas Gerais, describe physical, social and individual characteristics that enable to assess and qualify the regions with greater difficulty in managing the pandemic. These indicators, divided into demographic, social, economic, health infrastructure, population at risk and epidemiological, are directly related to the increase in illness and death due to the life-threatening condition.

Therefore, the aim of this study was to identify areas of higher vulnerability in the state of Minas Gerais and, from there, assess the region in a segmented and directed way (mesoregions of Minas Gerais) in order to contribute to the elaboration of public policies for prevention and combat of COVID-19.



METHODS


Study Design

This is an epidemiological study to assess vulnerability based on Multi-Criteria Decision Analysis (MCDA) (10). The indicators were selected to allow the assessment of the state of Minas Gerais according to the vulnerability to COVID-19 at the municipal level.



Study Area

The study assesses the state of Minas Gerais (MG), one of the 27 federative units in Brazil, located in the southeastern region of the country, and characterized as the second most populous state and the fourth with the largest territorial extension. It borders the states of São Paulo (south and southwest), Mato Grosso do Sul (west), Goiás (northwest), Bahia (north and northeast), Espírito Santo (east), and Rio de Janeiro (southeast). According to data provided by the Brazilian Institute of Geography and Statistics (IBGE), MG has an estimated population of 21,168,791, demographic density of 33.41 inhabitants per km2 (11, 12) in a territory of 586,521,123 km2, which corresponds, approximately, to the sum of the territorial areas of Spain and Portugal. The population is predominantly urban, 85.3% (12), composed of 22.3% of people from 0 to 15 years old, 69.3% from 15 to 64 years old and 8.1% above 65 years old. MG is the state with the third highest gross domestic product (GDP) in Brazil and has Human Development Index (HDI) of 0.731 (11, 12).

The state of MG, whose capital is located in the municipality of Belo Horizonte, has 853 municipalities distributed in 12 mesoregions: Noroeste de Minas, Norte de Minas, Jequitinhonha, Vale do Mucuri, Triângulo Mineiro and Alto Paranaíba, Central Mineira, Metropolitana de Belo Horizonte, Vale do Rio Doce, Oeste de Minas, Sul e Sudoeste de Minas, Campos das Vertentes, and Zona da Mata. Created in 1990 by IBGE, these mesoregions are guided by regional particularities related to social and administrative processes (13) (Figure 1).


[image: Figure 1]
FIGURE 1. (A) Map of Brazil highlighting the state of Minas Gerais in red. (B) Map of the state of Minas Gerais divided into its mesoregions.




Data Analysis

The indicators used in this analysis were categorized into: demographic, social, economic, health infrastructure, population at risk, and epidemiological. In the process of selection of the indicators, articles that describe or analyze factors that could interfere directly in the increase of damage caused by COVID-19 in the population were selected based on a literature search in Scielo and PubMed databases. Then, among 18 articles selected (14–31), 23 indicators were identified, categorized and used in this paper. Other indicators that could potentially have some relation to the disease and death caused by coronavirus infection were not used because the official data available were limited at the municipalities level.

After selecting the indicators, these variables were collected from the databases of the Brazilian Institute of Geography and Statistics (“IBGE”) (https://www.ibge.gov.br/), Atlas of Human Development of Brazil 2013 (http://hdr.undp.org/en/content/new-atlas-human-development-brazil), from the National Supplementary Health Agency (NSHA) (http://www.ans.gov.br/), Mortality Information System (MIS) (http://www2.datasus.gov.br/DATASUS/index.php?area=060701), the National Registry of Health Establishments (NRHE) (http://www2.datasus.gov.br/DATASUS/index.php?area=0204&id=6906) and from the State Secretariat of Health of Minas Gerais (https://www.saude.mg.gov.br/). Then, 23 indicators remained, grouped according to categories (Table 1). The tabulated absolute data were adjusted to the respective values in percentage, incidence or mortality per 1,000 inhabitants, using information from the population projection of Minas Gerais for the year 2019 (11).


Table 1. Indicators by category (demographic, social, economic, health infrastructure, population at risk, epidemiological) used in the Multi-criteria Decision Analysis (MCDA) to assess the vulnerability of the municipalities of Minas Gerais to COVID-19.

[image: Table 1]



Statistical Analysis

The vulnerability of the municipalities of Minas Gerais to COVID-19 was evaluated by a complex set of factors, herein represented by the indicators (32). For the joint analysis of these factors, an instrument known as Multi-criteria Decision Analysis (MCDA) was applied through the Program to Support Decision Making Based on Indicators (PRADIN) software, in order to represent the vulnerability of these municipalities (33).

The use of this approach in Health Surveillance is recommended by the Ministry of Health of Brazil as an analysis methodology for the management process of the Brazilian Unified Health System (SUS) (34). Importantly, the method has already been used to classify areas of vulnerability for Trypanosoma cruzi (35) and to map the vulnerability to hantavirus infections in Brazil (36). Likewise, in the United States, the methodology was used to analyze the risk of Chagas disease in Texas (37).

In order to facilitate the understanding of the statistical analysis performed, we divided the session into: Decision-making, seeking to explain the tools used in the analysis and choice of indicators; Simulations, explaining what the simulations are and how they work; Categorization, showing how we organize the indicators in the study; Weights, explaining the distribution of the weights of the indicators; Organization of results, explaining how the data were grouped and placed on thematic maps.



Decision-Making

Multi-criteria Decision Analysis (MCDA) can be conceptualized as a set of strategies to assist in making decisions about a complex problem. MCDA uses and evaluates several criteria and perspectives aimed at identifying priorities, better health management and planning solutions (10). The technique allows the decision to occur based on what the decision-makers consider to be relevant to the situation (10). Thus, applying the concept of this methodology (MCDA) to the present study, different indicators selected by the authors were evaluated to identify the most vulnerable areas of Minas Gerais to COVID-19 and, therefore, priorities for public policies to combat the pandemic.

MCDA is a qualitative and quantitative process (Figure 2). The qualitative phase corresponds to the choice of factors related to the analyzed problem, the indicators (Table 1). In turn, the quantitative phase refers to the techniques that are employed in the search for a multi-criteria solution, which have already been described and analyzed by the literature (10, 38). The choice of the technique depends on how the problem presents itself and how it relates to the qualitatively selected factors (10, 38).


[image: Figure 2]
FIGURE 2. Flowchart with step-by-step description of the methodology.


The present work used the Preference Ranking Organization Method for Enrichment of Evaluations, the PROMETHEE technique, specifically variant 2, because this is an over-classification method that allowed the municipalities to be structured hierarchically, based on indicators related to the complex problem, in order to determine priority levels (38). The technique allows simulations to be performed (Table 2) by comparing the municipalities for each defined indicator, according to functions capable of defining the overcoming of one city in relation to another.


Table 2. Simulations performed by category of indicators (1–6) and the general simulation (7), gathering all the indicators simultaneously.
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The PROMETHEE II method was computationally implemented to the Program to Support Decision Making Based on Indicators (PRADIN) in order to facilitate its operationalization. Therefore, using the functions of the PROMETHEE algorithm, associated with PRADIN, simulations can be performed for the selected indicators. The values (0–1) received by each city in the simulations are known as multi-criteria indicators in the app, and from there, the hierarchy for vulnerability classification occurs.



Simulations

After collecting the data related to the chosen indicators, these data were inserted in the program, PRADIN, to be compared and hierarchized. In the present work, it was called simulation every time the program performs this process of comparison and hierarchization of the chosen indicators. Thus, these simulations indicate how the data was organized in the app.



Categorization

To facilitate the use of this analysis by health managers, the study divided the indicators into categories (demographic, social, economic, health infrastructure, population at risk, epidemiological) and carried out separate simulations with indicators belonging to each one. Thereby, the vulnerability can be analyzed in different perspectives, allowing segmented interventions based on the categories, which are usefull according to the interest of health managers.

Therefore, the simulations occurred in a segmented manner, according to groupings, evaluating the group of indicators by the pre-defined categories (Table 2). Posteriorly, an analysis was undertaken from a joint simulation of all multi-criteria indicators to establish the vulnerability scenario for Minas Gerais at the municipal level for COVID-19. This general simulation enabled a more complete view of the pandemic scenario at Minas Gerais. Six simulations were conducted, with the groupings of indicators and a general simulation, covering all 23 indicators, therefore totaling seven simulations (Table 2).

For the development of the MCDA, each city of Minas Gerais was included in a spreadsheet and received a set of data related to the indicators (Table 1), which were analyzed by the PRADIN program according to the total number of municipalities in order to classify them according to their vulnerability (worst indicators reflect greater vulnerability).



Weights

The weights given to the indicators (0–10) in the MCDA were established by the decision-makers. In this work, all indicators received the same weight in the hierarchy process, since no evidence was found on which factor influences COVID-19's illness and death processes to a higher or lower extent. For the authors of the present study, giving different weights to the indicators is inconsistent in view of the complexity of the pandemic scenario experienced in Brazil, a country full of structural problems, so that any type of assumption about the greater or lesser importance of the indicators without accurate legitimation by the scientific literature could invalidate the results obtained.



Results Organization

After the analysis of the indicators by MCDA, each simulation was classified into quintiles, according to the multi-criteria indicator (MCI) and divided into groups of vulnerability according to municipalities, mesoregions and population size, classified in an ascending order. Groups 1 and 2 were composed by the municipalities with the least vulnerability, group 3 with moderate vulnerability and groups 4 and 5 were those with the greatest vulnerability.

After the classification and definition of the groups, the codes of the municipalities and the program Tabwin 32 (http://www2.datasus.gov.br/DATASUS/index) were used to construct the vulnerability maps for COVID-2019. In thematic maps, the darker colors of the municipalities represent greater vulnerability, while the lightest colors indicate lower vulnerability. For the organization and evaluation of the collected data, the regionalization of the municipalities of Minas Gerais in Mesoregions was used (Figure 1).

To compose the data analysis, the concept of population size of each municipality was also used (39), categorizing in small municipalities those with up to 25 thousand inhabitants, in medium-sized municipalities those with population between 25 and 100 thousand inhabitants and in large municipalities those with more than 100 thousand inhabitants.

Due to the advantages of the technique, other studies used this tool to assist in decision making considering disease surveillance programs (35–37, 40–42). Interestingly, a recent study carried out in India performed an analysis very similar to this study, in which researchers mapped the vulnerability of India to COVID-19 (41). Given the importance of the method and its increasingly recurrent use, a systematic review was conducted to assess and synthesize articles that used multi-criteria analysis for decision making in health area (42). This review highlighted the methodological variety that can be used to construct MCDA, with the collaboration of both literature and decision makers and experts in the process of evaluating the best criteria and discussing the results for evaluation of the decision (42).




RESULTS

The results obtained by the multi-criteria analysis of the groupings of indicators are depicted in Figure 3, according to the analysis of the 853 municipalities in Minas Gerais (Supplementary Table 1). Table 3 shows the mesoregions of the most and least vulnerable municipalities in Minas Gerais for COVID-19, in accordance with the grouping of indicators used in the multi-criteria analysis of decision.


[image: Figure 3]
FIGURE 3. Thematic maps of the vulnerability simulations of the municipalities of Minas Gerais for COVID-19, based on the multi-criteria decision analysis.



Table 3. Mesoregions of municipalities and groups of vulnerability (1 and 2 representing lower vulnerability, 3 moderate vulnerability and 4 and 5 greater vulnerability) for COVID-19 in the state of Minas Gerais, according to indicators used in the multi-criteria decision analysis.
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From the analysis of demographic indicators, the results indicated that the Norte de Minas mesoregion is the least vulnerable (Figure 3-1). Accordingly, this mesoregion had 80.9% of the municipalities with the least vulnerability, groups 1 and 2, and 9 municipalities among the 10 least vulnerable in the state for these indicators. Contrarily, the Metropolitana de Belo Horizonte had 53.4% of its municipalities classified in groups 4 and 5, that is, with greater vulnerability (Table 3). Thus, 7 of the 10 most vulnerable municipalities in Minas Gerais were located in this mesoregion. The findings also revealed that 97.0% of the municipalities categorized as large ones were included in group 5 of vulnerability (Table 4).


Table 4. Results of the multi-criteria decision analysis according to the population size of municipalities in the state of Minas Gerais and their vulnerability classification, in accordance with the grouping of indicators used in the multi-criteria decision analysis for COVID-19.
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From the analysis of social indicators, the results showed that the mesoregions Oeste de Minas and Metropolitana de Belo Horizonte occupy, together, the position of the least vulnerable. Both have 63.0% of their municipalities integrating groups 1 and 2. In contrast, Norte de Minas, Vale do Rio Doce and Vale do Mucuri stand out as the most vulnerable (Figure 3-2). While the first two mesoregions have, respectively, 85.3 and 81.4% of their municipalities distributed between groups 4 and 5, the Vale do Mucuri mesoregion exhibits 91.3% of its municipalities integrating the most vulnerable groups, where 4 of the 10 most vulnerable cities are located in this mesoregion (Table 3). Besides, 84.9% large and 45.2% medium-sized municipalities were among the least vulnerable in relation to social indicators (Table 4).

Regarding economic indicators, Triângulo Mineiro/Alto Paranaíba mesoregion was the least vulnerable region in the state, with 68.2% of the municipalities classified in groups 1 and 2 (Figure 3-3). The Jequitinhonha and Norte de Minas mesoregions had 56.9% and 47.2% of their municipalities categorized in group 5, respectively. Importantly, 6 most vulnerable municipalities in the state belong to these regions (Table 3). Further, within this analysis category, 52.2 and 75.7% of medium-sized and large cities, respectively, are part of the groups 1 and 2 and, therefore, have lower vulnerability (Table 4).

When analyzing the indicators that assess health infrastructure, the results reported that Oeste de Minas and Central Mineira mesoregions are less vulnerable, with 31.8 and 30.0% of the municipalities in group 1, respectively (Table 3). Norte de Minas and Vale de Mucuri were among the most vulnerable areas, with 41.6 and 34.8% of the municipalities in group 5, respectively (Figure 3-4) (Table 3). In this regard, medium-sized and large municipalities with, respectively, 80.8 and 84.9% in groups 1 and 2, have lower vulnerability (Table 4).

Considering the estimation of population at risk, the findings showed that the mesoregion of Norte de Minas was the least vulnerable, with 61.8% of its municipalities classified in group 1. Notwithstanding that, Zona da Mata mesoregion proved to be the most vulnerable, with 42.3% of its municipalities being part of group 5 (Table 3) (Figure 3-5). Furthermore, 22.0% of the municipalities classified as small-sized were part of group 5 (Table 4).

Based on epidemiological indicators, the Norte de Minas and Jequitinhonha mesoregions stood out due to their lower vulnerability with, respectively, 59.6 and 56.9% of the municipalities classified in groups 1 and 2. In turn, Metropolitana de Belo Horizonte and Triângulo Mineiro/Alto Paranaíba revealed higher vulnerability, with 54.3% and 57.6% of the municipalities classified in groups 4 and 5, respectively (Table 3) (Figure 3-6). However, 7 of the 10 most vulnerable municipalities in the state are located in the mesoregion of Zona da Mata. Moreover, the findings reported that 45.2% of medium-sized municipalities and 97.0% of large municipalities were classified in group 5 (Table 4).

The analysis of all indicators jointly demonstrated that Triângulo Mineiro/Alto Paranaíba is the least vulnerable mesoregion (Table 3) (Figure 3-7). With 57.6% of its municipalities classified in group 1, this region contains 5 of the 10 least vulnerable municipalities. It is noteworthy to highlight the positions of Vale do Mucuri and Vale do Rio Doce. While the first mesoregion has the highest rate of municipalities occupying group 5 (47.8%), Vale do Rio Doce comprises 5 of the 10 most vulnerable municipalities, with 44.1% of its municipalities integrating group 5 (Table 3) (Figure 3-7). Additionally, the general analysis revealed that small municipalities are among the most vulnerable, with 43.7% of their representatives divided between groups 4 and 5 (Table 4).



DISCUSSION

The use of MCDA to generate these results was based on the perspective that the health-illness-care process depends on several factors determined by the individuals' living conditions. Thus, exploring the structure and spatial dynamics of the population is essential for the characterization of health situations to plan actions and allocate resources (15, 43). From this perspective, in order to draw a panorama of reality, the use of indicators becomes an important instrument to measure it in a succinct, objective, quick and efficient way, aiming to support an intervention (43).

In the context of the COVID-19 pandemic, it is emphasized that the novel coronavirus infection has the potential to affect everyone in society, however in a heterogeneous way (44), therefore requiring identification of areas of vulnerability. Although various strategies for mitigating the rate of disease transmission are recommended for the entire community, it is pivotal to examine areas based on their unique characteristics, including demographic variation, economic aspects, health conditions of population and characteristics of the health system, in order to produce improved and targeted interventions (45). Thus, in a state with a projection of more than 20 million inhabitants in 2019 and more than 580 thousand km2 of area (IBGE), the peculiarities of each region become even more accentuated.

In this scenario, Minas Gerais occupied, in 2012, the 9th position in the national urbanization ranking (24), but its territorial vastness causes important internal inequalities regarding the urbanization rates of the municipalities, a relevant fact for vulnerability analysis of COVID-19 (46). Indeed, COVID-19 is closely related with high population density owing to the high degree of social interactions. In this sense, individuals living in urban areas are more likely to test positive for the disease when compared to individuals living in rural areas (47, 48). Thus, the lower vulnerability verified in Norte de Minas mesoregion is due to the much lower urbanization rates in comparison to the average state, in addition to the low demographic density and predominance of smaller cities (12). Furthermore, proving this strong relationship, it is important to mention the specificity of Montes Claros (Figure 3-1), a municipality in the Norte de Minas that differs in terms of higher rates of urbanization and, for this reason, exposed a similar profile to the municipalities located in the center-south portion of Minas Gerais, with high vulnerability, comparable to the Metropolitana de Belo Horizonte mesoregion (49).

According to the Atlas of Social Vulnerability in Brazilian Municipalities (50), by 2015, all thirty municipalities in the Southeast region classified as high social vulnerability were located in Minas Gerais. Further, considering the COVID-19 transmission scenario, locations with better education, sanitation and development indicators concentrate greater instructional and sanitary capacity to contain the spread of the virus (18). Thus, in the analysis of vulnerabilities, large and medium-sized municipalities, predominant in the central-southern portion of the state, demonstrated less risk, given that the best social indicators are verified in Oeste de Minas and Metropolitana de Belo Horizonte mesoregions. In contrast, the northern mesoregions, especially Vale do Mucuri, are the ones with the worst educational and housing conditions (50). The northern portion of the state herein proved to be more socially vulnerable to COVID-19, demanding public policies directed to improving these indicators to overcome the contagion.

In addition, from the analysis of economic indicators, the results indicated greater vulnerability in the northern region of Minas Gerais, mainly in Jequitinhonha and Norte de Minas, in contrast to Triângulo Mineiro/Alto Paranaíba and Metropolitana de Belo Horizonte. Remarkably, this information is relevant as, in the context of the pandemic, the politicians have focused on populations at risk considering mainly comorbidities and age (46). However, socioeconomic issues have been in the background, which may favor COVID-19 exposure and mortality. Additionally, economically disadvantaged people are more likely to live in accommodation with high number of people and less access to open areas, besides to having unstable occupations that do not allow remote office work (46). In this sense, the current prevention model based mainly on social isolation can be fragile and limited when applied to needy, isolated and low-educated populations (51). Therefore, poverty represents a hurdle to effective measures to contain the pandemic and must be taken into account in public policy decision making.

Regarding the health infrastructure indicators, a higher vulnerability was also found in the northern regions. This category is especially important when considering more severe cases of the disease, which require hospitalization in Intensive Care Units (ICU) (26). Inadequate health infrastructure directly influences the mortality rate caused by COVID-19. In this context, the Brazilian health regions with the highest mortality rates are located in places where the shortage of ICU beds and ventilators is more prevalent (27). Thus, the saturation of ICU and respirators resulting from the increasing demand becomes an aggravating factor for the COVID-19 pandemic and requires attention from managers (25). In this context, the construction of temporary hospitals, as has already been done in other parts of Brazil, may be an alternative.

Considering the number of tests for COVID-19, an important factor in determining the prevalence of infection/disease in the population (28), Brazil, as the vast majority of other developing countries, has a very modest number when compared to developed countries (52). Despite being the second country with the highest number of absolute deaths and the fifth with the highest number of deaths per million inhabitants, Brazil is only the 14th country testing patients, hence demonstrating a serious concern (53). The context of Minas Gerais is even more worrying, considering that the state has the third lowest number of tests per thousand inhabitants among the 26 states and 1 federative unit (6). This has failed to identify potential transmitters and directly influences the number of reported cases, which may be much lower than the actual number. Additionally, questions have been raised about possible underreporting of cases, which further aggravates the state's situation, thus making government intervention urgent (7).

The factors of comorbidities and age, which compose the population at risk indicators, were raised during the pandemic in order to draw a well-defined profile of people more susceptible to the complications of COVID-19. Both in Wuhan, China (54) and in the Italian states (55), respiratory and cardiac diseases, as well as neoplasms, diabetes and advanced age are considered factors for complications of the clinical condition and of higher mortality. In this sense, access to health infrastructure and education acts as an aggravation of diseases, and the region that is able to provide more appropriately these resources to the population ensures better conditions to prolong life (56). Importantly, a greater longevity is also accompanied by an increase in the elderly population, which is more affected by chronic diseases, and with regard to COVID-19, these diseases act as complicating factors of the clinical condition. Thus, as reported by this study, the worst social and health infrastructure indicators in the Norte de Minas may be associated with lower longevity, hence leading the northern portion of the State to have fewer people in the risk group (57). On the other hand, the Zona da Mata is better assisted, which leads its population to be longer-lived and, consequently, to have a higher number of people more susceptible to the health complications caused by COVID-19.

Another pivotal issue is that coping with the COVID-19 pandemic involves changes in the health system and also requires political decisions that affect the management of chronic non-communicable diseases, as well as patients' adherence to treatment, especially those from less favored social classes (58). Furthermore, the pandemic scenario increases patients' fear of seeking health services, which can increase mortality from events related to the chronic illness (59). Based on the identification of this regional vulnerability profile, it is possible to outline public policies that address the major diseases associated with the worsening of the clinical condition of patients with COVID-19, as well as specialized care for the elderly, markedly more affected by the condition.

With regard to epidemiological aspects, greater vulnerability was found in the metropolitan mesoregions of Metropolitana de Belo Horizonte, Triângulo Mineiro/Alto Paranaíba and Zona da Mata and, in a lesser extent, in the Norte de Minas and Vale do Mucuri. In this sense, the observance of the great impact of the mesoregions further south and southeast of the state becomes relevant when considering that these places are located on the border with the states of São Paulo and Rio de Janeiro, which concentrate the highest number of cases in Brazil. Besides that, the lower socioeconomic development in the north of Minas Gerais favors the scenario of underreporting of cases in the state, which can be associated with a large north-south discrepancy in the numbers found. Thus, social distance should be considered through reliable measures, including travel restrictions or even the institution of lockdown, which have proven effective in countries such as China, South Korea, Iran, Italy, France and the United States (60). In addition to these measures, others widely used worldwide must be promulgated with greater avidity in the most affected municipalities, including awareness about the use of personal protective equipment, social distance, closing schools and business buildings, quarantine, cleaning and disinfection and increase in the number of tests (19, 61–64).

Considering the joint analysis of all indicators, the lower vulnerability of Triângulo Mineiro and Alto Paranaíba was proven, with better social, economic, population at risk and health infrastructure indicators. Thus, the highest human development indexes, in addition to a diverse and historically integrated economy to the State of São Paulo, associated with a higher presence of young people and the concentration of hospital resources, integrate factors to reduce vulnerability to COVID- 19 (65, 66). Similarly, the findings also reported the greatest vulnerability in Vale do Mucuri, followed by Vale do Rio Doce. In these areas, the economy is fragile, basically composed of the primary sector. Education and sanitation indicators are remarkably low and there is a predominance of higher age groups (65). Additionally, the few existing hospital resources are concentrated especially in the municipalities of Teófilo Otoni and Governador Valadares, not reaching all the surrounding municipalities (66).

Besides to the evident differences revealed by the indicators between the mesoregions of Minas Gerais, data also exhibited differences between the municipalities grouped by population size, with emphasis on the numerical predominance of small municipalities. In this sense, the analysis performed in the present study is essential to better understand the possible particularities of these municipalities in the face of the pandemic, highlighting the need to formulate specific strategies and public policies according to the size of the population.

The high transmissibility of SARS-COV-2 in large urban centers with population agglomerations results in a rapid and exponential increase in the number of cases and deaths from the entry of the virus into the population (65). In fact, the rapid increase in the absolute number of cases requires the development of containment measures and, in some cases, when applied with due urgency, relative success is achieved. However, the pandemic is not restricted to large municipalities, but also reaches medium-sized and small areas, consolidating the internalization of the disease, which in Brazil reaches more than 90% of the municipalities (6, 67).

The smaller cities did not have large absolute number of cases and deaths compared to the others, but when investigating the proportion measures, including incidence, lethality and mortality, as performed by this work, it is clear that several small municipalities were in a serious situation. Thus, the exposed and disseminated absolute data of these cities do not cause as much impact on the population and public managers as they should, making containment measures, such as social distance, take time to be employed or adhered by the population and managers.

This scenario is particularly worrying for the small municipalities that were, for the most part, more vulnerable, especially in relation to health infrastructure and financial resources (68). A large portion of these ones reported few ICU beds, few or no respirators and a reduced number of health professionals, leading to a high lethality of the disease, since the basic care conditions of the most serious cases of COVID-19 are not guaranteed (45).

Based on the regionalization process defined by the Minas Gerais Health Regionalization Master Plan, these small municipalities should be assisted by medium and large-sized cities, enabling access to medium and high complexity services in severe cases of the disease (27). However, the reality of the state of Minas Gerais does not meet this proposal, as the assessment demonstrated several discontinuities and inequalities in all indicators of the state. Alarmingly, the small municipalities are isolated in the middle of the pandemic, without support from the medium-sized and large municipalities and without enough resources to improve their own health infrastructure (66, 68). Municipalities listed to offer this support face the overcrowding of beds and the lack of respirators (25).

Importantly, some indicators that could contribute to the mapping of the vulnerability of Minas Gerais to COVID-19 were not included due to the absence of data related to the municipalities, hence hindering the tabulation. The data included also had a difference in the dates on which they were made available, since some are only accessed by the 2010 demographic census conducted by IBGE. Another limitation is also related to the database available for consultation, since various indicators may be out of date, especially in small municipalities where the registration process does not occur or is not done properly, showing the presence of under-notification of cases. Nevertheless, it is important to use these data to evaluate the vulnerability considering the risk of worsening disease, since this article intends to measure the capacity of the cities to contain COVID-19 and its complications.

In addition, in the data tabulation process for MCDA, one of the steps consists in defining weights for the different data included, herein determining which ones would have different intensities of influence. However, the present study chose to keep all data with the same weight owing to the lack of evidence, showing which factors would have a higher or lower influence in the pandemic and the difficulty of stipulating the proportion of this influence. Therefore, the maps and the findings of this study should be used only as an instrument of guidance for public policies with other existing tools, and not as the only resource. Also, a segmented analysis may be performed by category of indicators in order to avoid possible differences in the influence of indicators in the compilation of the final result.

From the vulnerability analysis performed, it is clear that the demands of the municipalities of Minas Gerais in the context of COVID-19 are different, varying according to the region in which they are located and their population size. Thus, a public policy planned for the state will have totally different applicability and effectiveness depending on the region or municipality in question. Therefore, a more segmented analysis of the state should be conducted, as proposed by this work, in order to identify the particularities of each municipality and mesoregion in the search for interventions that have an effect in a faster and more practical way, as the context requires. In this scenario, measures are needed to contain the spread of the disease in the state as a whole, not just in the most economically important regions. For this, the problem of capillarity of the state related to social, economic and health indicators must be solved, so that everyone has a similar capacity to fight the pandemic. As a result, the state will not only benefit from combating the COVID-19 pandemic, but also from combating all inequalities that have been consolidated in Minas Gerais and directly affect the quality of life of the population in the less-assisted regions.
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Background: Overseas imported cases of COVID-19 continue to increase in China, so we conducted this study to review the epidemiological characteristics of these patients.

Methods: From February 26 to April 4, 2020, the imported cases from abroad were enrolled in this study. The effect of prevention countermeasures in curbing the spread of COVID-19 was assessed in this study. Moreover, we defined incubation period and confirmed time as from the date of leaving the epicenter to date of symptom onset and date of final diagnosed, respectively, and the interval of symptom onset to final diagnosed time was defined as diagnostic time. Categorical variables were summarized as numbers and percentages, and the difference among the variables were analyzed.

Results: For 670 cases imported from abroad, 555 were Chinese and 115 were foreigners. Apparently, confirmed cases had significantly decreased after China was compelled to temporarily suspend the entry of foreign passport holders with valid visas or residence permits; 6 days after implement of controlled measures, the daily new confirmed cases were reduced to 13 cases. Moreover, about 84.3% of patients (166/197) presented symptoms 1 week after leaving the epicenter, and notably seven patients (3.6%) had symptoms 2 weeks after leaving the epicenter. The median incubation period was 3.0 days (inter quartile range, 1.0 to 6.0), the 95th percentile was 11.6 days. Additionally, most of cases (92.9%) were detected positively of nucleic acid after symptom onset with 4 days, the median diagnostic time was 2.0 days (interquartile range, 1.0 to 3.0), and the 95th percentile of the distribution was 5.0 days. Finally, about 5.8% of patients were healthy carriers, and the median confirmed time of asymptomatic patients was 4.0 days (interquartile range, 2.0 to 9.0). The following variables might be associated with confirmed time: symptom type (P = 0.005), exported regions (P < 0.001), and symptom onset time (P < 0.001).

Conclusions: The prevention countermeasures for imported cases implemented by the Chinese government played an indispensable role in curbing the spread of COVID-19; the time of departure from epicenter could provide an estimate of the incubation period; and a confirmed time, 2-week quarantine period might need to be prolonged, while asymptomatic patients should be closely monitored.

Keywords: COVID-19, global pandemic, imported case, epidemiological characteristics, prevention


INTRODUCTION

The coronavirus disease (COVID-19) (1) epidemic broken out in Wuhan City of China in December 2019, and it had spread rapidly around the world (2) due to economic globalization. Internationally, on March 11, the epidemic spread worldwide in 114 countries or regions, a total of 118,319 confirmed cases and 4,292 deaths worldwide (3) were reported by WHO. Under this situation, WHO announced COVID-19 as a global pandemic (4). In China mainland, the epidemic was controlled effectively, on March 27, 20 provinces or autonomous regions had reported no domestic cases for more than 4 weeks (5), and some regions of China reduced the public health emergency to Level Three Response (6, 7).

To our disappointment, on February 26, the first imported cases were reported in Ningxia Hui Autonomous Region of China, imported from Iran (8). Epidemic prevention and control measures to guard against imported cases were brought out by the authorities, such as all entering people received temperature test and home quarantine. With the increasing number of imported patients confirmed, on March 18, professor Zhong, a top Chinese epidemiologist, suggested that all entry population from epicenter should undergo nucleic acid testing (9), which resulted in a continuous increase in the number of imported cases, as on March 26, the new imported cases reached 54 cases (10). To more powerfully curb the spread of COVID-19, on March 28, China was compelled to temporarily suspend the entry of foreign passport holders with valid visas or residence permits (11).

Therefore, prevention and treatment measures for imported cases based on the epidemiological characteristics of imported cases can be formulated. However, for imported cases, most of them could not provide the definite exposure time, which was indispensable for infected disease. In real life study, it was important to utilize the available information to predict the outcome of the imported cases. So, we conducted this study to analyze the epidemiological characteristics of COVID-19 cases imported from abroad by using the available information.



MATERIALS AND METHODS


Study Design

After strict prevention and treatment of COVID-19, on February 29, 20 provinces of China mainland announced no domestic COVID-19 cases (5). However, the confirmed cases outside of China continued to increase, and by March 11, WHO announced COVID-19 as a global pandemic (4). As a result, China's epidemic has reversed, changing from the exporting country to the importing one. The first imported case from Iran was reported on February 26, and China was compelled to temporarily suspend the entry of foreign passport holders with valid visas or residence permits on March 11 to curb the spread of COVID-19. The implementation date of critical public health prevention initiatives is displayed in Figure 1. This study was designed to review the epidemiological characteristics and outcomes of imported cases from abroad (from February 26 to April 4). The study was approved by the Review Board of the Air Force Medical University. Case enrollment needs to meet the following conditions: (1) imported from abroad; (2) underwent quarantine at designated places; (3) diagnosed by the results of nucleic acid test; and (4) adequate clinical information and available follow-up data.


[image: Figure 1]
FIGURE 1. Date of occurrence of important events and implementation of preventive measures.




Data Collection

We collected the departure time and the country or region, the time of entry, symptoms, time of symptom onset, confirmed age and gender from the news reports and press releases reported by National Commission and Chinese Center for Diseases Control and Prevention. The degree of severity and diagnostic criteria refer to the 7th edition of the National New Coronavirus Pneumonia Diagnosis and Treatment Program. The data collection was performed by doctor Zhu, doctor Zhang, and doctor Jia, and any major disagreement among these three doctors was checked by the other two reviewers (doctor Xu and doctor Lei).



Statistical Analysis

Due to lack of definite exposure time, we defined incubation period as from the date of leaving epicenter to date of symptom onset, and the interval of symptom onset to final diagnosed time was defined as diagnostic time (12). We also defined confirmed time as from date of leaving epicenter to date of final diagnosis. The incubation period and diagnostic time were estimated by fitting a Weibull distribution on the date of leaving epicenter and symptom onset. Categorical variables were summarized as numbers and percentages. T test were performed to compare the differences of incubation period among groups, and when the cases were not normal data distribution, Mann-Whitney U test or Kruskal–Wallis H test was used. It was considered statistically significant that P < 0.05. SPSS 20.0 was used to finish the above analyses.




RESULTS


Clinical Characteristics

As of April 4, 2020, 1 week after China suspended the entry of foreign passport holders with valid visas or residence permits (February 28, 2020), cumulative imported cases from abroad increased to 913 cases, with 11 domestic cases related to imported cases. Finally, a total of 670 imported cases (Chinese: 555 cases and foreigners: 115 cases) were enrolled in this study. Europe was the main exported area (59.4%), followed by North America (20.9%) and South America (1.2%) (Table 1). The distribution of cases in exported countries and entry province, autonomous region or municipality was shown in Figure 2, and we show that United Kingdom and United States were main exported countries, and the main imported cities were metropolises, such as Shanghai and Guangzhou. For these cases, 269 cases were male, 209 were female, and 192 cases were unknown. Among 458 patients with clear age information, the oldest patient was 71 years old, the youngest was only 2 months old, and the median age of the patients was 30 years. Figure 3 showed that patients aged between 20 and 49 years accounted for 69.2% (317/458); the main reason may be that a large proportion of the overseas imported cases were students studying abroad (32.8%). The detailed information of the patients is listed in Table 1.


Table 1. Clinical characteristics of imported patients of COVID-19.
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FIGURE 2. Distribution of exported countries and distribution of imported provinces.
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FIGURE 3. Age distribution of imported cases from abroad.




Public Health Interventions

Since the first imported case from Iran was reported on February 26, China began to be concerned about the imported cases from abroad, with the reversal of domestic and foreign epidemics; on March 11, WHO announced COVID-19 as global pandemic. March 11 was an obvious watershed, the confirmed cases before and after were 28 cases and 642 cases, respectively. With the increase of confirmed cases, on March 18, Zhong Nanshan, a top Chinese epidemiologist, suggested that all entry population from epicenter should undergo nucleic acid testing, and 1 week after nucleic acid test was performed, the daily newly increased imported patients reached a peak with 50 cases. To more powerfully curb the spread of COVID-19, on March 28, China was compelled to temporarily suspend the entry of foreign passport holders with valid visas or residence permits. Apparently both arrived cases and confirmed cases had significant decreased, 6 days after implement of controlled measures, on April 4, and the daily new confirmed cases were reduced to 13 cases. The public health intervention events and related dynamic results are exhibited in Figure 4.


[image: Figure 4]
FIGURE 4. Time distribution of confirmed cases from abroad.




Epidemiological Characteristics

For symptomatic patients, 37 cases had symptoms before departure, 17 patients had symptoms on the day of departure, and 180 patients had symptoms after leaving the epicenter. About 84.3% of patients (166/197) presented symptoms 1 week after leaving the epicenter, and 7 patients (3.6%) had symptoms 2 weeks after leaving the epicenter. Interesting, the peak of symptom onset emerged was on the first day (42 patients). Incubation period was estimated by fitting Weibull distribution, and patients who presented symptoms before departure had been excluded from the analysis. The median incubation period was 3.0 days (interquartile range, 1.0 to 6.0), and the 95th percentile was 11.6 days (Figure 5A). Moreover, cases exported from Africa presented symptoms later than patients exported from other regions (P = 0.007), which may due to the outbreak time varied in different regions (Table 2). Studies related to the incubation period are listed in Table 3.


[image: Figure 5]
FIGURE 5. Estimation of incubation period and diagnostic time by fitting Weibull distribution. (A) Incubation period estimated on the date of leaving epicenter; (B) Diagnostic time were estimated on the date of symptom onset.



Table 2. Epidemiological characteristics of symptomatic patients imported from abroad.
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Table 3. Study list of incubation period of COVID-19 estimation.
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Furthermore, we also researched the serial interval of symptom onset to final diagnosed (positive results of nucleic acid test). Two patients presented symptoms after final diagnosed; most cases (92.9%) were detected positively of nucleic acid after symptom onset with 4 days. For symptomatic patients, the median diagnostic time was 2.0 days (interquartile range, 1.0 to 3.0), the 95th percentile of the distribution was 5.0 days, it was showed in Figure 5B, furthermore, age and occupation were associated with diagnostic time (P = 0.017 and P = 0.044) (Table 2).

Finally, the median confirmed time of all patients was 4.0 days (interquartile range, 2.0 to 6.0). It was worth noting that about 5.8% patients were healthy carriers, and the median confirmed time of asymptomatic patients was 4.0 days (interquartile range, 2.0 to 9.0). Figure 6 showed that the peak of confirmed time was on the third day (139 cases); there were still 37 patients (5.5%) who were final diagnosed 2 weeks after leaving the epicenter. The following variables might be associated with confirmed time: symptom type (P = 0.005), exported regions (P < 0.001), and symptom onset time (P < 0.001) (Table 4).


[image: Figure 6]
FIGURE 6. Distribution of confirmed time after confirmed cases leave the epidemic area.



Table 4. Confirmed time of imported COVID-19 patients.
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DISCUSSION

With the global outbreak of COVID-19, the confirmed cases and deaths continue to rise globally (26–29). In China, the domestic epidemic was controlled effectively but the challenge of cross-border COVID-19 transmissions emerged. To our knowledge, this study is the first designed to review the epidemiological characteristics of COVID-19 cases imported from abroad in China. Most of them were exported from Europe and North American, which might be related with the economic and academic exchanges between China and these regions.

Internationally, according to statistics, about 145 million tourists traveled to China from abroad in 2019 (30), and most of them came from Europe and North America. We also know that Europe and North America were the most popular areas for Chinese students (31). The distribution of exported regions of COVID-19 was associated with above data, and in this study, about 74.3% cases came from Europe and North America and nearly one-third of exported cases were Chinese overseas students. As exported country, previous studies have shown most cases from China had spread to Asian neighbors, followed by Europe (32). In our study, although there were few cases (4.8%) exported from Africa and South America, the imported cases in these two regions could not be ignored. On February 26, the first imported case from Iran was reported; after that, the confirmed increased steadily, as on March 11, COVID-19 was defined as a global pandemic, and the imported cases increased sharply.

Incubation period, from the earliest exposure time to the time of symptoms onset, was necessary for preventing and controlling the epidemic, so numerous studies were focused on this issue. The median incubation period was ranged from 3.9 days to 8.6 days due to the different definition of exposure time (13, 14, 16–19, 21–25, 33, 34). However, in a real world study, most patients could not provide the specific exposure time. It was significant to estimate the incubation period by using the available information. Jing et al. (12) estimated the median incubation period of COVID-19 was 8.13 days (95% CI: 7.37–8.91), and they defined it as from the time of departure from Wuhan City to the symptom onset by using the well-known renewal theory in probability. For the imported cases, preventive measures were formulated based on the incubation period; unfortunately, we could not obtain the definite exposure time, and we supposed that the time of leaving epicenter could predict the progression of COVID-19. In this study, we found that the median incubation of the imported COVID-19 cases was 3.0 days (interquartile range, 1.0 to 6.0) after they leaving the epicenter, shorter than the previous study. The following reasons can explain its short incubation period: a minority of them were infected on the way to China, or the mutations in the novel coronavirus (35). Notably, there were still 3.6% of patients who had symptom 2 weeks after leaving the epicenter, which indicated that the 2-week quarantine period might need to be prolonged. The outbreak of sporadic epidemics since mid-2020 were related to the onset of imported cases after the 2-week quarantine period; therefore, the Chinese government had formulated a 2-week plus 7-day quarantine policy for overseas cases.

We also explored the optimal nucleic acid detection time for imported cases in this study. For the symptomatic patients, the median diagnostic time was 2.0 days after they presented symptoms. A study from South Korea (20) showed that the median of symptom-onset to diagnosis was 5.2 days, the longest time of symptom-onset to diagnosis was 16.0 days reported by Xiao, and a total of 301 patients were analyzed (36). In this study, the positive results of nucleic acid test were detected earlier than the related studies, which might be due to that all inbound population from epicenter were suggested to underwent nucleic acid test when they arrived in China.

Moreover, our experience of fighting the COVID-19 indicated that public health intervention could reduce its transmission (37). The public health intervention, including strictly enforced segregation and travel bans, entry screening, suspension of public transportation in the city, closure of entertainment venues, and bans on public gatherings, played an important role in controlling the epidemic (38–40). One study proved that the Wuhan City shutdown delayed the spread of COVID-19 to other cities for 2.91days (95% CI: 2.54–3.29) (39). Therefore, on March 28 (11), China was compelled to temporarily suspend the entry of foreign passport holders with valid visas or residence permits. Apparently both arrived cases and confirmed cases had significantly decreased.

Finally, with asymptomatic patients, because the condition was hidden and might be contagious, we should be more vigilant. In our study, 39 asymptomatic patients were detected during their quarantine. A study about a health carrier from Wuhan caused widespread concern, she transmitted new coronavirus to her five family relatives, but she did not present any symptoms during her disease course (41). A series of subsequent studies confirmed that asymptomatic patients were infectious (42–45). The median of confirmed of asymptomatic patients was 4.0 days, basically consistent with symptomatic patients. Therefore, nucleic acid testing of all immigrants was essential for screening asymptomatic patients.

The shortcoming of this study was that the retrospective study did not include all people returning from overseas (243 cases were lost), so it could not represent the epidemiological characteristics of all imported confirmed cases; secondly, we estimated the incubation period for COVID-19; the departure time from the epidemic area was recognized as the exposure time, which may lead to a reduction in the real incubation period. Third, we could not quantify that interventions had multiple indirect effects on changes in human behavior. Finally, most patients were still in hospital, so the clinical outcomes had not been analyzed.

It is important to plan for the early stages of imported cases from overseas during a pandemic to avoid a national outbreak. In this study, we investigated the epidemiological characteristics of COVID-19 imported from overseas and observed interventions implemented by the government. We found that the departure time from epicenter could be used to predict the progression of the COVID-19. Promulgation of a ban on entry, a combination of quarantine, and quarantine methods was effective. For imported cases, the 2-week quarantine period might need to be prolonged and asymptomatic patients should be closely monitored.
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India 10(0.84)
Indonesia 2(017)
Bangladesh 3(0.25)
Myanmar 2(017)
Nepal 4(034)
Timor-Leste 1(0.08)
Taiwan 7(059)
sir lanka 12(1.01)
Eastern Mediterranean Region 151
UAE 10(0.84)
Iran 4(034)
Kuwait 42 (3.54)
Bahrain 10(0.84)
Afghanistan 2(017)
Oman 18(1.52)
Iraq 18(1.52)
Yemen 1(0.08)
Lebanon 10(0.84)
Qatar 7(059)
Saudi Arabia 9(0.76)
Tunisia 4(034)
Jordan 1(0.08)
Libya 1(0.08)
Pakistan 8(0.67)
Morocco 2(017)
Sudan 1(0.08)
Egypt 2(017)
Diibouti 1(0.08)
Territories 2
State of Palestine 2(017)
Region of the Americas 153
USA 68(5.73)
Ganada 21(1.77)
Brazil 4(0.34)
Peru 6(0.50)
Argentina 2(0.17)
Chile 1(0.08)
Colombia 3(0.25)
Mexico 8(067)
Bolivia 4034
Costa Rica 1(0.08)
Cuba 1(0.08)
Dominican Republic 2(0.17)
Ecuador 1(0.08)
Uruguay 4034
Guatemala 2(0.17)
Venezuela 6(0.50)
Jamaica 2(0.17)
Trinidad and Tobago 3(025)
Honduras 5(0.42)
Antigua & Barbuda 3(0.25)
Saint Kitts and Nevis 2(0.47)
Grenada 1(0.08)
Belize 1(0.08)
Nicaragua 1(0.08)
saint Lucia 1(0.08)
Tenitories 8
French Guiana 3(025)
Curacao 1(0.08)
British Virgin Islands 2(0.17)
Turks and Caicos Islands 1(0.08)
Guadeloupe 1(0.08)
African Region 72
Congo 5(0.42)
Cameroon 1(0.08)
Nigeria 4(0.34)
Madagascar 8(067)
South Africa 20(1.69)
guinea 1(0.08)
Ghana 4(0.34)
Niger 1(0.08)
Kenya 2(0.17)
Ageria 2(0.17)
Tanzania 1(0.08)
Senegal 1(0.08)
Togo 1(0.08)
Liberia 1(0.08)
Cabo Verde 1(0.08)
Zambia 3(025)
Rwanda 1(0.08)
Benin 1(0.08)
Gentral African Republic 1(0.08)
Mozambique 2(0.17)
Seychelles 2(0.17)
Mauritania 8(067)
Gambia 1(0.08)

Céte d'lvoire 1(0.08)
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Hospital/Place

Jin Yin-tan
Hospital (Wuhan,
China)

Jin Yin-tan and
Tongji hospital
(Wuhan, China)

Jin Yin-tan hospital
(Wuhan, China)

Zhongnan
(Wuhan, China)

552 hospitals
including 132
patients from Jin
Yin-tan Hospitel
(Wuhan, China)

Jin Yin-tan
Hospital and
Wuhan Pulmonary
Hospital (Wuhan,
China)

Sample
size

a1

150

52

138

1,000

191

Design

Group comparisons between ICU
(n= 13)and non ICU patients

(n = 28) admitted to hospital
between December 16,2019 to
Jan 2, 2020.

Group comparison between
discharged (n = 82) and deceased
(n = 68) patients.

Group comparisons of deaths
(n=32) and survivors (n = 20) of
ally il adult patients with
pneumonia admitted from
December 24, 2019 to January 12,
2020; final date of follow-up
February 9, 2020.

Group comparisons of ICU (1 = 36)
and non ICU (n = 132) patients with
pneumonia admitted from January
1 to January 28, 2020; final date of
follow-up February 3, 2020.

Group comparison of non-severe

(n = 926) and severe patients

(n= 173) and of those experiencing
a primary endpoint event (n = 67)
and not (1 = 1,032) out of 7,735
COVID-19 patients admitted from
December 11, 2019 to January 29,
2020. Composite end points: ICU,
mechanical ventiation or death
Patients censored with no outcome
by January 31, 2020.

Group comparisons between
survivors (n = 137) and
non-sunvivors (n = 54) out of 813
adult COVID-19 patients, admitted
from December 29, 2019 to
January 31, 2020, who died or were
discharged by January 31, 2020.

Statistical analysis

Mann Whitney U-test, chi2
test, Fisher's exact

t-test, Mann
Whitney-Wilcoxon test, chi2
test, Fisher's exact test

t-test, Wilcoxon rank sum
test, chi2 test, Fisher's exact
test, Kaplan-Meler curves

ttest, Mann
Whitney-Wilcoxon test,
generalized linear mixed
model, chi2 test, Fisher's
exact test

Descriptive, median and
interquartile range, count,
and percentage

Mann-Whitney U-test, x*
test, or Fisher's exact,
logistic regression

ICU, Intensive care unit; BMI, Body mass index; ECG, electrocardiogram; BNP, brain natriuretic pepetide; N/A, not available.

Methodological concerns

Definition of comorbidities are
missing, no reference values
for laboratory tests.

Definition of comorbidities are
lacking. Recruitment of
patients and time period of
enroliment is unclear. No
sunvival analysis. The term
“myocarditis” is used without
definition.

Definition of comorbidities are
missing, no reference values
for laboratory tests. Cardiac
injury is only defined by
troponin elevation.

Definition of comorbidities are
missing. *Arhythmia” is not
defined.

Definition of comorbidities are
missing, no reference values
for laboratory tests.

Definition of comorbidities are
missing. Censored patients not
included.

Missing information

Weight, BMI, ECG, CK
levels, BNP levels,
medication at admission,
urine tests. N/A information
is missing.

Weight, BMI, ECG, BNP
levels, medication at
admission, urine tests. N/A
information is missing.

Weight, BMI, ECG, BNP
levels, medication at
admission, urine tests. N/A
information is missing.

Weight, BMI, ECG, BNP
levels, medication at
admission, urine tests. N/A
information is missing.

Weight, BMI, ECG,
medication at admission,
urine tests, cardiac
problems. N/A information
is partially missing.

Weight, BMI, ECG,
medication at admission,
urine tests, cardiac
problems. N/A information
is missing.

PubMed citations on
November 18" 2020

7,023

850

1,850

4,179

4,282

4,112
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Number of the patient*

LB o o

*Names not given.

Age

63
42
45
46
30
32

Admitted to the hospital on

26.04.2012
25.04.2012
27.04.2012
26.04.2012
02.05.2012
26.04.2012

Worked in the mine for

14 days
14 days
14 days
14 days
5 days
4 days

Days in the hospital

12
48

109

107 (actual days 137)
2

32

Outcome/date of discharge/death

Death 07.05.2012

Death 12.06.2012

Death 13.08.2012

Improved and discharged on 10.08.2012
Alive, discharged on 28.05.2012

Alive, discharged on 28.05.2012
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Features

Major symptoms
Fever

DyspnoealFatigue

Cough

Minor symptoms
Sputum/bloody sputum
headache

ARDS

Laboratory results
lymphocytes

Serum amyloid A protein, mg/L
D-dimer, mg/L

Radiology

Chest C. T. scan prominent
picture

Complications
Pulmonary thromboembolism
Vascular complications
Hypoxia

Secondary infections (bacterial,
fungal)

Role of age

Co-morbidities

Meale sex

Reason of death

COVID-19 (13, 14)

<

v
v

/in some cases
(in some)
v

decrease
High values
High value

Ground glass opacities,
bilateral pneumonia,
peripheral
consolidation

TR

v
v
v

Cardiac arrest, ARDS,
pulmonary failure

Six pneumonia
patients (7) (master
thesis 2013)

ENEN

v
(in some)
v

decrease
High values
High value

Ground glass opacities,
bilateral pneumonia,
peripheral
cconsolidation

C Y

v
v
All were males

Cardiac arrest, ARDS,
pulmonary failure
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Category

Demographic

Social

Economics

Health
infrastructure

Population at
risk

Epidemiological

Indicators

Percentage of the population
living in an urban area

Demographic density

Percentage of inadequate
sanitation

lliteracy percentage

Gini index

Municipal human development
index

Percentage of the population
with per capita monthly income
of up to 70 reais (BRL)
(equivalent to US$ 13)
Percentage of the population
with health insurance

Gross domestic product per
capita

Number of beds per 1,000
inhabitants

Number of respirators per 1,000
inhabitants

Number of doctors per 1,000
inhabitants

Number of nurses per 1,000
inhabitants

Number of rapid tests per 1,000
inhabitants

Number of molecular tests
(RT-PCR) per 1,000 inhabitants

Percentage of the population
aged 60 or over

Mortality from diseases of the
respiratory system per 1,000
inhabitants

Mortality from diabetes per 1,000
inhabitants

Mortality from neoplasms per
1,000 inhabitants

Mortality from diseases of the
circulatory system per 1,000
inhabitants

Incidence of COVID-19

Mortality of COVID-19

Lethalty of COVID-19

Description

Percentage of the population residing in a
situation of urban domicile in the
municipalties of Minas Gerais.

Demographic density of the teritorial unit
(Inhabitant per square kiometer)
Households without basic sanitation
condition, that is, they were not connected
to the general water supply network, to
sanitary sewage and had no access to
garbage collection.

Rate of people aged 15 and over who
cannot read or write

It measures the degres of inequalty that
exists in the distribution of individuals
according to per capita household income.

Geornetric mean of the indexes related to
income (per capita income indicator),
Education (geometric average of the
school attendance sub-index, with 2/3
weight, and of the schooling sub-index,
with 1/3 weight) and Longevity (obtained
through the life expectancy at birth), with
equal weights.

Population considered extremely poor.

Percentage of people by municipality who
have access to health insurance.

Proportion between the wealth produced
by amunicipality and its number of
inhabitants.

Proportion of the number of hospitalization
beds by municipality.

Proportion of the number of respirators by
municipality.

Proportion of the number of doctors by
municipality.

Proportion of the number of nurses by
municipality.

Proportion of the number of rapid tests for
COVID-19 performed by municipality.

Proportion of the number of molecular
tests (RT-PCR) performed by municipality.
Percentage of the resident population in
the municipalities of Minas Gerais aged 60
or over.

Deaths per residence - Chapter ICD-10: X.
Diseases of the respiratory system in
2018,

Deaths per residence - Chapter ICD-10:
IV, Diabetes (E10-E14) in 2018.

Deaths per residence - Chapter ICD-10: Il
Neoplasms (tumors) in 2018.

Deaths per residence - Chapter ICD-10:
IX. Circulatory system diseases in 2018.

Proportion between new cases of
COVID-19 of a municipality and its
population.

Number of COVID-19 deaths per 1,000
inhabitants.

Proportion between the number of deaths:
caused by COVID-19 and the population
affected.

Application in the context of COVID-19

There is a corretation between the increase in population
density, proportion of built area, industrial concentration and
other parameters associated with urbanization and increased
morbicity by COVID-19. Additionally, air pollution, which is
prevalent in locations with high rates of urbanization,
contributes to the probabilty of infections.

There is evidence that population density affects the number
of COVID-19 daily cases.

The virus that causes COVID-19 has already been detected in
sewage samples in several countries and in the feces of
infected patients, hence demonstrating the need for proper
waste treatment.

Important factor of social vulnerabilty, especially considering
that one of the bases for combating the disease is
information. Studies also incicate a higher prevalence of
certain comorbidities in people with low levels of education
Studies indicate that the Gini index can be extremely useful to
measure the exposure-disease refationship.

The HDI can allow the assessment of social vulnerabilty by
measuring the level of development of each region from three
essential factors for qulity of ife.

Poverty and unemployment, characteristics of a population
with such a low monthly income, are social determinants
directly related to higher mortality caused by COVID-19.

Considering the need to treat more severe cases in Intensive
Care Units (ICU) and the low availability of beds due to high
demand, access to a private health network becomes an
important indicator of less vulnerabilty.

The concentration of financial resources faciltates the
promotion of measures to contain the pandemic, such as.
increasing the number of tests in the population.

Due to the pandemic, a great increase in the demand for
health services is expected, thus it is essential to identify the

most vulnerable regions and optimize the use of services and
dimension resources that will be necessary to strengthen the
response capacity of the health system regionally and locall.

Although total population testing is impractical, a
well-designed program is essential to determine the
prevalence of COVID-19 in the general society, in specific
subgroups (including healthcare workers) and at-risk groups.

According to the World Health Organization, the mortality rate
caused by COVID-19 increases with oider age, with higher
mortality among people over 80 years old.

Cancer, hypertension, diabetes, Chronic Obstructive
Pulmonary Disease (COPD), heart and cerebrovascular
diseases are major risk factors for patients with COVID-19.
Thus, municipalities with numerous cases of these
life-threatening conditions become more vulnerable.

These ocourrence measures are essential to compose an
ovenview of COVID-19 in the municipaities of Minas Gerais, in
addition to informing the evolution of the infectious illness in
the state, a fact that would not be achieved only with the
exposure of the absolute data of cases and deaths from the
disease.

Source

2010 IBGE population census

2010 IBGE population census

2010 IBGE population census

2010 IBGE population census

Atlas of human development in
Brazil 2010 (nttp//hdundp.org/
en/content/new-atlas-human-
development-brazi)

Aflas of human development in
Brazil 2010 (nttp//hdundp.org/
en/content/new-atlas-
humandevelopment-brazi)

2010 IBGE population census

National supplementary health
agency TabNet DataSUS
(March/2020)

2010 IBGE population census

TabNet DataSUS - Braziian
national registry of health
faciliies (NRHE) - Physical
resources - 2019

TabNet DataSUS - Brazilan
national registry of health
establishments (NRHE) - Human
resources - 2019

Data provided by the state health

department of Minas Gerais on
06/22/2020

2010 IBGE population census

TabNet DataSUS mortality
information system - MIS - 2018

Epidemiological buletin of the
secretary of health of Minas
Gerais on 06/22/2020

References
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(14,16, 17)

(15,18, 19)
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4
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Mean

COVID-19 transmissibility

Ro 14
Gaseous pollutants

NOz (ng/m?) 31.0
SO, (ug/md) 11.9
CO (mg/m®) 1.0
Weather conditions

Temperature (°C) 43
RH (%) 739

Ry, basic reproductive number; NOs, nitrogen dioxide; SO», sulfur dioxide; CO, carbon monoxide; RH, relative humidity; SD, standard deviation; IQR, interquartile range.
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19.9
3.4
0.7
288
303
348
6.1
0.0
0.0
0.0
87
13.0
783
49
59
78
422
39.2
12.7
19.0
26.1
268
165

Economic

1.1
27.8
a7
1.1
83
233
20.0
16.7
26.7
133
39
13.7
1.8
137
56.9
257
257
20.0
171
1.4
53
31.6
263
15.8
211
1.2
1.2
1.2
19.1
472
40.9
206
227
9.1
6.8
26.7
26.7
26.0
123
82
39.4
28.8
16.7
76
76
17.4
87
13.0
17.4
435
938
19.6
1.8
36.3
225
148
1.3
246
324
169

Indicators (%)

Healthcare
infrastructure

s
250
19.4
139
19.4
30.0
200
200
200
100
98
176
216
294
216
286
200
26.7
124
124
263
158
0.0
263
316
79
1.2
15.7
236
416
318
205
250
6.8
159
233
247
16.4
16.4
19.2
258
318
19.7
19.7
30
4.3
17.4
17.4
26.1
348
1.8
127
255
284
216
19.0
211
19.0
218
19.0

Population
atrisk

56
16.7
16.7
27.8
333
20.0
20.0
20.0
26.7
133
45.1
216
216
1.8

0.0
28.6
257
19.0
124
14.3
31.6
421
105
158

0.0
61.8
25.8
10.1

22

0.0
6.8
273
205
295
16.9
68
1.6
199
342
27.4
227
242
31.8
13.6
76
13.0
30.4
39.1
13.0

43

78
206
206
265
245

7.0
120
19.7
19.0
423

Epidemiological

16.7
13.9
30.6
19.4
19.4
333
133
16.7
233
133
235
333
17.6
15.7
98
16.2
133
17.1
276
26.7
105
36.8
53
36.8
105
30.3
292
202
6.7
135
13.6
205
386
15.9
1.4
185
233
19.9
16.4
219
13.6
16.7
12.1
303
273
26.1
21.7
30.4
87
13.0
196
225
16.7
245
176
211
1.3
225
204
2486

General

250
222
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19.4
83
400
233
133
167
67
00
17.6
285
216
37.3
276
257
21.9
183
1.4
316
263
316
105
00
5.6
19.1
258
28.1
213
36.4
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159
23
26.0
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1.6
576
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30
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43
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217
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478
39
69
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275
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9.2
141
19.0
303
275
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Cities by population size
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cities
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228
20.7
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96
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3.0
97.0

12.9
19.9
223
228
221
45.2
235
1.3
87
1.3
848
121
3.0
0.0
0.0

Economic

162
200
21.7
211
21.0
322
20.0
139
17.4
165
545
212
6.1
6.1
12.1

Indicators (%)

Healthcare
infrastructure

1.1
20.0
21.3
235
24.1
56.5
243
13.9
43
09
788
6.1
16.2
00
0.0

Population ~ Epidemiological

atrisk

18.6
189
20.6
200
220
26.1
26.1
165
209
104
303
242
21.2
18.2
6.1

243
217
21.8
20.1
121
0.0
15.7
14.8
243
45.2
0.0
0.0
0.0
30
97.0

General

17.0
182
211
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313
278
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Indicators

Demographic
Population percentage living in urban area
Demographic density

Social

Percentage of inadequate sanitation
Human development index

lliteracy percentage

Gini index

Economic

Population percentage with monthly income higher than 70 reais (equivalent to USS$ 13)

Population percentage with health insurance

Gross domestic product

Healthcare infrastructure

Number of respirators by 1,000 inhabitants

Number of beds by 1,000 inhabitants

Number of nurses by 1,000 inhabitants

Number of doctors by 1,000 inhabitants

Number of rapid tests by 1,000 inhabitants

Number of molecular tests (RT-PCR) by 1,000 inhabitants
Population at risk

Mortality from respiratory diseases by 1,000 inhabitants
Mortaltty from cardiovascular diseases by 1,000 inhabitants
Mortality from neoplasm by 1,000 inhabitants

Mortaltty from diabetes by 1,000 inhabitants

Population percentage with 60 years or more
Epidemiological

COVID-19 incidence by 1,000 inhabitants

COVID-19 mortality by 1,000 inhabitants

COVID-19 lethality
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Case severity

Mild
Sever

CASE OUTCOME
Recovery

Death

Unspecified

N (%)

1,049 (88.45)
135 (11.38)

400 (33.78)
50(4.22)
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Region, Country, Territory N (%)

Western Pacific Region 231
China 208 (17.53)
Korea 4(034)
Japan 8(0.67)
Australia 4(0.34)
Phiippines 2(0.17)
Singapore 2(0.17)
Malaysia 3(0.25)
European Region 507
Spain 443.71)
Italy 255 (21.50)
Germany 23(1.94)
France 46(3.88)
Turkey 11(0.99)
Belgium 22(1.85)
Netherlands 2(0.47)
Switzerland 18(1.52)
Portugal 2(0.17)
Ireland 3(0.25)
Austria 19 (1.60)
Israel 2(0.47)
UK 46(3.88)
Russia 2(0.17)
Czech Republic 1(008)
Poland 1(008)
Norway 2(0.47)
Denmark 1(0.08)
Greece 4(0.34)
Hungary 2(0.17)
Azerbaijan 1(008)
South-East Asia Region 201
India 7(059)
Indonesia 1(0.08)
Thailand 1(008)
Iran 155 (13.07)
Saudi Arabia 2(0.17)
Pakistan 2(0.17)
UAE 17 (1.43)
Qatar 1(008)
Egypt 12(1.01)
Morocco 1(008)
Iraq 2(0.17)
Oman 2(0.17)
Region of the Americas 75
USsA 72(6.07)
Canada 1(0.08)
Panama 1(008)
Colombia 1(0.08)
African Regions 8
South Africa 4(034)
Burkina Faso 1(008)
Mauritius 1(0.08)
Senegal 4(0.34)
Diamond Princess cruise ship 141 (11.89)

Unspecified 23(1.94)
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Symptoms

Cough

Fever

Flu-like symptoms

pneurnonia

Gastrointestinal tract

Sore throat

Unspecified

Symptomatic during fight
Non-symptomatic during flight
Nonspecific

Average days to develop symptoms after arrival
For days to develop symptoms
For days to develop symptoms
For days to develop symptoms

Number (%)

460 (38.69)
544 (45.87)
74(6.22)
12(1.01)
1(0.08)

19 (1.60)
76 (6.40)
117 (9.87)
48 (4.05)
1,021 (86.09)
1-22 day
Mean =7.4
Median =7
SD=4.63
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Comorbidity diseases

Hypertension
Cardiovascular disease
Diabetes melitus
Pulmonary disease
Cancer

Kidney disease

Healthy

Unspecified

N (%)

19(1.60)
12(1.01)
12 (1.01)
9(0.76)
10(0.89)
2(0.47)
32(2.70)

1,090 (91.91)
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Reason

Pneumonia

Tested positive (isolation)

Symptomatic

Already admitted due to a different condition
Unspecified

N (%)

20/(1.69)
256 (2159)
35(2.95)
1(008)
874 (73.69)
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Data Measuring unit Time period Format Source

coviD-19 No. of infections, Updatedon 23 May ~ Tabular prefecture DXY - DX Doctor:
No. of deaths 2020 level hitpr//ncov.dxy.cn/ncovhS/view/en_pneumonia
from Chinese government health commission
Population No. of residents Estimates 2017 Tabular prefecture hitps//wwwcitypopulation.de/
level Data from provincial governments

2014-2016 Tabular GPS points University of Harvard Dataverse:
https://dataverse.harvard.edu

Data from http://acjcn.org

Air Quality Index (AQI)

UV Acrosol Index Qualitative Index 2019 Continuous grid Sentinel-5 Atmospheric variables
(0.01 arc deg.) hitps//developers.google.convearth-engine/
datasets/tags/air-quality

CO, HCHO, NO, O3, SO2 mol/m?
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CO sat

NO; sat

0, sat

SO, sat
Aerosol sat
HCHO sat

PM 2.5 ground
PM 10 ground
CO ground
NO; ground
05 ground
SO, ground
population
pop density

df (n-2)

337
387
387
337
387
387
302
302
302
302
302
302
337
387

Infections
(/100K pop)

tau

0.28
0.23
-0.08
-0.10
-0.12
0.34
0.15
0.04
-0.01
0.12
-0.03
-0.01
023
0.32

p-value

<0.001
<0.001
0.030
0.005
0.001
<0.001
<0.001
0.330
0.840
0.002
0.477
0.843
<0.001
<0.001

df (n-2)

337
337
337
337
337
337
302
302
302
302
302
302
337
337

Fatalities
(/100k pop)

tau

0.19
0.14
0.00
-0.02
-0.03
0.20
0.18
0.12
0.1
0.12
-0.02
0.04
0.17
0.16

p-value

<0.001
0.001
0.967
0.634
0.488
<0.001
<0.001
0.006
0.012
0.005
0.585
0.409
<0.001
<0.001

df (n-2)

313
313
313
313
313
313
285
285
285
285
285
285
313
313

Mortality
(fatalities/infections)

tau

0.16
0.12
002
0.00
0.00
017
0.18
0.13
0.12
0.12
-0.03
0.06
0.14
0.12

Note that the degrees of freedom () are different for the ground station results because of the limited data availability. p < 0.05 are marked in bold characters.

p-value

<0.001
0.006
0.635
0.964
0950
<0.001
<0.001
0.005
0.007
0.007
0.482
0.178
<0.001
0.004
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Province Pop Total Infections Total Fatalities Mortality COsat NO, sat O sat SO, sat Aerosol HCHO PM25gr PM10gr COgr NO,gr Oszgr SO, gr
(prefectures  density infections /100k fatalities /100k (%)  (umol/ (umol/im?) (umol/im?) (umol/m?) sat(index) sat  (AQ)  (AQ) (AQ) (AQ) (AQ)) (AQI)

n) (pop/m?) pop pop m?) (wmol/m?)
Hubei (15) 37892 68,135 4512 46398 5160+ 123670+ 2047+ —104+ 17650 183+13 7112 1048 13+4 245 11+3
+£4845 2180 1342 13.46 003 +27.82
Hainan (3) 541.16 169 6 40,725 2100+ 116,021+ -1902+ -1.11z% 14633 61%5 29+4 6+0 6+1 20x2 2%1
£+ 1,175 4.42 101 873 0.08 +17.63
Helongjiang 9329 659 147 13 38680 2134+ 165885+ 9847+ 093+ 9429 9120 4911 642 10£4 245 9%4
(13) 098 +£1588 840 2,284 37.60 008 1613
Gansu (14) 12446 91 085+ 2 00076 28325 2523+ 132805+ 7238+ 079+ 9162+ 98%13 69x14 103 14x5 8309 13%5
034 + £3199 1334 4,450 2955 020 1726
00142
Jiin (9) 16548 154 056+ 3 00109 40300 3628+ 158741+ 10560+ —098+ 10495 113+10 6412 9+2 13+3 24%2 1243
020 + +£1983  14.48 2422 1159 015 1274
00098
Hebei (1) 51453 318 042% 6 00080 51139 12064+ 144916+ 19011+ —092+ 17563 157430 10828 1243 21+£5 24+3 28+6
025 + +£7,776 4639 4,197 46.96 008 +41.13
00144
Xinjiang (16) 145.23 56 023+ 1 0.0041 28,671 2341+ 142304+ 68.02+ -053+ 7833+ 108+32 87+43 11+8 13+5 24+5 7+2
023 + £4,747 2033 4,832 74.28 032 17.42
0.0490
Henan (17) 1278 22 49781 9652+ 131876+ 9828+ —101x 19087 1458 O1+9 154 19+4 286 21%7
+£3851 8076 2818 33.83 003 +14.88
Taiwan (1) 64832 441 1.87 7 34,858 301 115084 -212  -100 12127 - - - - - -
Lioning (14) 81985 128 029 2 0.0046 45853 7208+ 158530+ 15465+ 007+ 117.78 120£10 70£8 18£8 17£3 264 2245
020 £2591 2147 2,061 17.93 008 +857
Tianjin (1) 192 123 3 156 54,124 17504 146921 19342  —087 19866 135 84 14 21 21 17
Beijng (1) 593 9 152 45974 12319 148350 13426  —094 17328 145 8 11 24 27 1
Guizhou(®) 24430 146 041 2 187+ 88014 3087+ 117,525+ 2163+ 096+ 13668 106+7 547 7£0 13x1 20&1 10%1
0.19 33  x1975 721 910 12.63 007 %670
Inner Mongolia ~ 73.21 77 030 1 180+ 33581 3347+ 150964+ 9209+ 078+ 8138+ 9018 5818 9x6 11x6 277 14%
(12) 033 877 +2486  32.68 8343 48.43 0.15 13.90 10

Shaanxi (10) 280.14 243 0.63 £ 3
0.41

123+ 37972 5147+ 130,735+ 6958+ 097+ 14057 121+£20 72+16 15+5 16+4 20+3 16+
0.79 +3,167 26.39 4,029 22.96 0.04 +20.20 "

Yunnan (18) 127.40 174 036 + 2 116+ 31,788 1843+ 115466+ 1841+ 123+ 11873 74+12 37+8 742 7+2 26+6 844

033 251 +4068 632 503 15.22 008 2277
Shanghai (1) 851305 667 7 105 45641 17845 124858 544 —094 15645 116 57 7 21 35 9
Chongaing (1) 37625 579 6 104 41471 368 121,772 20 —098 15042 124 62 9 19 18 10
Shandong (15) 64128 768 076+ 7 092+ 51780 12544+ 138478+ 15221+ —100+ 17885 146+£22 9418 1144 214 316 258
069 206 +2492 2232 2630 2338 003 +£2153

Guangxi (14) 247.65 252 051+ 2 079+ 43533 2083+ 116588+ -1653x 094+ 160.19 O7+£13 477 O9+2 O9x3 26%7 9x3

0.76 113 +1,523 4.08 312 8.68 0.04 +8.65
Anhui (15) 991 157 £ 6 061+ 47941 8050+ 126466+ 5681+ 108+ 18135 117+16 59+10 8+2 13+3 25%5 11x4
126 0.78 +1,974 22.67 2,866 13.74 0.03 +7.91

Sichuan (19) 385.74 563 068+ 3 053+ 38608 3753+ 121486+ 3645+ 097+ 14481 109427 57+14 8+2 13+4 25+6 9+4

1.36 0.40 +7,695 16.58 2,521 23.37 0.12 +35.70
Guangdong 1590 1.40% 8 050+ 42819 6615+ 116397+ -3214+ -105+ 16806 93%7 44+4 9x1 12£4 285 72
(19 139 242 + 1,462 43.62 212 13.12 0.07 +23.56

Hunan (14) 356.49 1,018 1.48 = 4 039+ 45067 3794+ 119555+ 1.25% -0989+ 17323 114+15 50£8 9£2 11x4 27+6 12£3

082 085 k2212 1056 1383 958 008 x17.28

Hong Kong 1,085 4 0.38 42,420 139.17 116,276 —48.4 -1.02 176.42 92 46 10 17 28 4

SAR (1)

Fujan (9) 206 075x 1 084+ 89831 8699+ 117021+ —1092% —100% 14287 76£10 877 Tk1 1048 247 52
0.49 046  x88 1296 627 161 005 +1048

Jiangxi (11) 340.40 934 1 011+ 45074 4339+ 119799+ 1869+ -107+ 17825 100£7 517 7+2 10+3 21+4 12+4

040 1956 1075 1251 1498 008  £1172
Zhejang (11) 64136 1,182 1 008+ 42655 7176+ 121312+ 2005+ —105% 16804 114:£10 6546 81 1744 3044 9%3
006 2191 3448 1686 1483 005 %1940

Jangsu (13) 631 078% 0 0 0 48727 19584+ 128531+ 7505+ 105 17542 120+8 6648 5+1 164 2043 123
299 £1420 9098 2714 2414 008 %1330

Shamd(17) 27016 184 036 0O 0 0 89021 8014 138704 15068+ 105k 13637 12511 7714 174 173 245 284
027 +£4081 1785 8975 2786 005 %2560

Ningxa(®) 16656 74 109% 0 0 0 %917 4900+ 136458+ 12181+ 082 10816 1120 81£1 9x1 153 24%1 265
085 +£3508 2886 8274 4319 006  +905

Macao SAR(1) 1913639 45 | 689 O o 0 43300 12572 116336  —425  —098 17045 - - - - - -

Qnghai(®) 6022 18 080k 0 0 0 20107 1354+ 120862 8608+ 089k 6120+ 10918 71£5 1043 116 818 123
041 £3157 1042 3260 9684 028 1275

Xizang (7) 570 1 0mE o 0 0 17508 891+ 118984+ 694+ 086 6089+ 62425 72 85 642 26+5 645
007 £1874 160 3000 613 022 516

Colored celts represent the 12 highest values for each column. The tabl s in descending order according to mortality rates. Standard devietions of COVID-19 and pollution variables are also displayed. Sat, satellte measures; g, ground
stations; AQI, Air Quality Index.
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