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Background: Given the worldwide spread of the 2019 Novel Coronavirus (COVID-19), there is an urgent need to identify risk and protective factors and expose areas of insufficient understanding. Emerging tools, such as the Rapid Evidence Map (rEM), are being developed to systematically characterize large collections of scientific literature. We sought to generate an rEM of risk and protective factors to comprehensively inform areas that impact COVID-19 outcomes for different sub-populations in order to better protect the public.

Methods: We developed a protocol that includes a study goal, study questions, a PECO statement, and a process for screening literature by combining semi-automated machine learning with the expertise of our review team. We applied this protocol to reports within the COVID-19 Open Research Dataset (CORD-19) that were published in early 2020. SWIFT-Active Screener was used to prioritize records according to pre-defined inclusion criteria. Relevant studies were categorized by risk and protective status; susceptibility category (Behavioral, Physiological, Demographic, and Environmental); and affected sub-populations. Using tagged studies, we created an rEM for COVID-19 susceptibility that reveals: (1) current lines of evidence; (2) knowledge gaps; and (3) areas that may benefit from systematic review.

Results: We imported 4,330 titles and abstracts from CORD-19. After screening 3,521 of these to achieve 99% estimated recall, 217 relevant studies were identified. Most included studies concerned the impact of underlying comorbidities (Physiological); age and gender (Demographic); and social factors (Environmental) on COVID-19 outcomes. Among the relevant studies, older males with comorbidities were commonly reported to have the poorest outcomes. We noted a paucity of COVID-19 studies among children and susceptible sub-groups, including pregnant women, racial minorities, refugees/migrants, and healthcare workers, with few studies examining protective factors.

Conclusion: Using rEM analysis, we synthesized the recent body of evidence related to COVID-19 risk and protective factors. The results provide a comprehensive tool for rapidly elucidating COVID-19 susceptibility patterns and identifying resource-rich/resource-poor areas of research that may benefit from future investigation as the pandemic evolves.
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INTRODUCTION

Since the emergence of the novel coronavirus (COVID-19) in late 2019, there has been great interest in what can be learned about this virus and what can be done to slow its spread. As COVID-19 has evolved into a worldwide pandemic, the number of COVID-19 publications has grown exponentially. In order to quickly synthesize published research on COVID-19 risk and protective factors in humans, we sought to conduct a rapid Evidence Map (rEM) (1) of literature published between January 1, 2020–April 3, 2020. Our aim was to quickly identify topic areas with the greatest availability of scientific evidence and highlight where gaps in the literature still remain. In recent years, stakeholders from various fields have begun to rely on evidence synthesis tools to summarize scientific data to inform consensus with respect to decision-making in regard to potential health risks (2–5). In particular, the practice of “Evidence Mapping” is increasingly being used to characterize important areas of study relevant to a given topic along with important gaps in the literature (6). Evidence maps result from a systematic search of a broad field and are undertaken to identify gaps in knowledge and guide future research needs. Typically, the results are presented in a user-friendly format, often as a visual figure or graph, or as a searchable database (6). However, constructing detailed evidence maps can be a resource-intensive procedure, thereby limiting their utility for practical implementation, particularly for rapidly evolving topics when the time available to conduct research and generate findings may be especially limited. Given the growing number of COVID-19 studies being published on a daily basis, the ability to efficiently synthesize knowledge that could be used to improve public health is paramount.

The rEM is a relatively new process defined as: a resource-efficient form of knowledge synthesis where components of the review process are simplified to produce a visual and quantitative representation of the scientific evidence from which to commission further review and/or primary research by identifying gaps in research (1). This form of evidence mapping is designed to improve or enhance efficiencies, while still utilizing rigorous, transparent, and explicit methodological approaches, many of which draw from systematic review practices. However, unlike a systematic review, the rEM process does not include steps to assess included studies for quality or risk of bias (i.e., internal validity) and study results are not combined in a meta-analysis. This enables a broader consideration of user needs, such as adhering to more urgent deadlines or allowing accommodations for larger bodies of literature where detailed synthesis is not necessary. The intent of an rEM is to create a robust evidence map of the scientific literature with the assistance of specialized software tools and accomplish it faster than the time typically required to create a traditional evidence map or scoping study.

The scale of the challenge for conducting an rEM depends on the scope of the question(s) being addressed and the associated literature corpus, which may vary considerably by topic. A typical review may require screening thousands or tens of thousands of articles and can utilize hundreds of person-hours of labor. rEMs can generally be completed in a fraction of the time required for a standard systematic review. Depending on the scope of the question being addressed, the time required to complete a typical rEM can be measured in weeks or months compared to systematic reviews, which often take 1–2 years or even longer. Given the challenges of trying to keep up with rapidly-growing bodies of literature, the rEM methodology is a valuable tool that can be applied to a wide range of topics in clinical, environmental health, and related scientific disciplines.

In this study, we sought to generate an rEM in order to comprehensively inform areas that impact COVID-19 outcomes. Our main goals were: (1) to utilize a customized version of our rEM methodology to quickly summarize the evidence of COVID-19 risk and protective factors and susceptible sub-groups; (2) to identify areas where the greatest availability of scientific evidence exists, potentially supporting further investigation such as a systematic review; and (3) to identify areas where evidence is lacking and further research may be warranted. Our results increase the understanding of COVID-19 outcomes that are relevant to public health, while providing an applicable methodology for updating the base of knowledge as the pandemic evolves.



METHODS

We followed a framework similar to our previously published, proof-of-concept application of the rEM methodology to a case study of low-calorie sweeteners and adverse health outcomes (1). An analogous seven-step process (Figure 1) was used to conduct the rEM, with modifications specific to this study question: (1) identify the scope of the evidence map; (2) develop a comprehensive search strategy; (3) establish study eligibility criteria and a systematic study selection process; (4) carry out title and abstract screening; (5) define risk and protective factors and develop search strategies to reflect tag definitions; (6) apply and verify risk/protective factor tags; (7) create the evidence map. We made a minor modification to the process in Step 2: instead of developing a comprehensive search strategy, we utilized an existing dataset, the CORD-19 dataset (https://www.semanticscholar.org/cord19/download). We developed our study protocol and established a PECO (Participants, Exposure, Comparator, and Outcomes) statement that outlined each of these steps before implementing the rEM. Before publishing the protocol on the Open Science Framework, we sought feedback from colleagues in the systematic review field. We incorporated their feedback through multiple iterations before registering the final protocol. In the following sections, we describe each of the seven steps in detail.
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FIGURE 1. The rEM process. The protocol for this study included a seven-step process based on our previously published methods (1). For Step two, we utilized the existing CORD-19 dataset (https://www.semanticscholar.org/cord19/download) instead of developing a comprehensive search strategy.



Step 1: Identify the Scope of the Evidence Map

To establish the scope of the evidence map, we developed a study goal, study questions, and PECO statement, which were designed to provide a framework for development of the primary review (7). These elements were outlined beforehand in our publicly available protocol published in the Open Science framework (available at: https://doi.org/10.17605/OSF.IO/XPCKB).

Study Goal: To create an evidence map that classifies COVID-19 risk and protective factors, susceptible sub-groups, and the intersections of these categories.

Study Questions:

1. What risk factors in human populations are reported in recently published (January–April 2020) COVID-19 literature?

2. What protective factors (i.e., factors reported to lead to better outcomes for those who contract COVID-19) are reported in recently published (January–April 2020) COVID-19 literature?

PECO statement:

Participants: Humans

Exposure: COVID-19 virus

Comparator: Compare humans who contracted COVID-19 vs. those who do not or severity of COVID-19 outcomes among those who contracted COVID-19

Outcome: Avoiding contracting the virus or more favorable vs. less favorable outcomes after contracting COVID-19.



Step 2: Develop Comprehensive Search Strategy

In this step, we would typically develop a detailed strategy to conduct a comprehensive search of the literature. However, given the open access availability of a comprehensive literature set on COVID-19 (Open Research Dataset: CORD-19, search conducted on April 3, 2020), we decided to utilize this existing dataset. This dataset is hosted by Semantic Scholar in collaboration with the Allen Institute for AI and is updated on a weekly basis, with literature included from PubMed, the World Health Organization (WHO) COVID-19 database of publications, the Chan Zuckerberg Initiative, Elsevier open access data, and preprints from medRxiv and bioRxiv (8). By searching these six data sources, the dataset attempts to provide a complete collection of the literature. However, due to the novelty of COVID-19, and a lack of standard terminology at the time, it cannot be ruled out that some relevant references were missed.



Step 3: Establish Study Eligibility Criteria and a Systematic Study Selection Process

We developed inclusion/exclusion criteria (Table 1) aligning with the overarching study goal, questions, and PECO statement, and outlined these beforehand in the study protocol (Supplementary Data Sheet 1). Studies were included if they were: (1) research involving human subjects; (2) English publications; (3) original sources of new data (including case studies); (4) published between January 1–April 3, 2020; and (5) reporting at least one COVID-19 risk or protective factor. Conversely, studies were excluded if they were: (1) animal or in vitro cell studies; (2) non-English studies; (3) non-original sources of data (i.e., reviews, interviews, bibliographies, letters, guidelines, systematic reviews, and meta-analyses); (5) not reporting any COVID-19 risk or protective factors. This decision to exclude studies published prior to 2020 was driven by the fact that the COVID-19 outbreak was first reported in late December 2019 (9).


Table 1. Study eligibility criteria.
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Any factor noted in the literature as decreasing the likelihood of contracting COVID-19 or leading to better COVID-19 outcomes was classified as a protective factor. Any factor noted in the literature as increasing the likelihood of contracting COVID-19 or leading to poorer COVID-19 outcomes was classified as a risk factor. Any risk factor noted can potentially also confer a protective effect [e.g., gender was noted in the literature as both a risk factor (for males) and protective factor (for females)].



Step 4: Carry Out Title and Abstract Screening

Literature screening was conducted using SWIFT-Active Screener (https://www.sciome.com/swift-activescreener/) (10), a web-based, collaborative systematic review software application that automatically prioritizes articles as they are reviewed to increase screening efficiency. During screening, as articles are included or excluded, an underlying statistical model automatically computes which of the remaining unscreened documents are most likely to be relevant. This “Active Learning” model is continuously updated during screening, improving its performance with each article reviewed. Meanwhile, a separate statistical model estimates the number of relevant articles remaining in the unscreened document list. The combination of the two models allows users to screen relevant documents sooner and provides them with accurate feedback about their progress. As a result, the majority of relevant articles can be discovered after reviewing only a fraction of the total number of abstracts, which can result in significant time and cost savings, particularly for large projects. A team of reviewers with topic-related expertise screened references for inclusion. Two reviewers independently screened titles and abstracts in duplicate for the first 100 studies as a pilot test in order to: calibrate screening accuracy between reviewers; discuss conflicts; identify any additional screening questions; and resolve conflicts between reviewers via arbitration by a third systematic review expert. Based on the initial pilot testing, we made the following clarifications to the study eligibility criteria and modified the protocol to reflect these changes:

• Titles and abstracts that mentioned COVID-19 but did not specifically mention risk or protective factors would be excluded;

• Titles and abstracts that mentioned risk factors that occurred after COVID-19 infection and that were not pre-existing risk factors (for example acute renal injury or ground-glass opacity in lung imaging) would be excluded;

• Titles and abstracts that mentioned Severe Acute Respiratory Syndrome (SARS-CoV) or Middle East Respiratory Syndrome (MERS-CoV) viruses but did not mention COVID-19 would be excluded.

Subsequent to completing the pilot testing, the remaining references were single-screened (i.e., each reference was screened by only one reviewer). Titles and abstracts were screened until an estimated 99% recall was achieved—in other words, until the machine learning algorithm predicted that we had identified at least 99% of all relevant (or “included”) references. In our previous work, we have demonstrated that this estimated recall tends to be conservative (10), thus offering high confidence in the stopping criteria. Full texts were not utilized for title and abstract screening, although we did review full text documents for all 217 included articles as an extra validation step to verify that included references were relevant.



Step 5: Define Risk and Protective Factors and Develop Search Strategies to Reflect Tag Definitions

We developed four broad susceptibility categories based on validated, commonly noted risk factor definitions (11–13) (Table 2). Within these broader categories, we included various subcategories which are also based on validated, commonly noted topics (11–13). Susceptibility categories and subcategories are as follows: (1) Behavioral Factors (individual behavioral factors or conscious choices related to lifestyle) with subcategories Addiction, Nutrition and Diet, Physical Activity, Vaccinations, Sexual Behavior, and Medication; (2) Physiological Factors (factors related to body or biology, including genetics) with subcategories Body Weight, High Blood Pressure, High Cholesterol, High Blood Sugar, Mental Health and Coping, Blood Type, Pregnancy, Hormones, Underlying Health Conditions, and Genetic; (3) Demographic Factors (factors related to the overall population, such as age, gender, socioeconomic status) with subcategories Age, Gender, and Socioeconomic; (4) Environmental Factors (broad range of environmental factors, including social, cultural, physical, biological, chemical factors) with subcategories Infrastructure, Occupation, Living Conditions, Environmental Pollution, Weather, and Social Factors.


Table 2. COVID-19 susceptibility categories and number of tagged referencesa,b.
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Given this set of categories, we next designed risk/protective factor search strategies (Supplementary Data Sheet 2) to allow for efficient tagging of references in SWIFT-Review (Sciome Workbench of Interactive computer-Facilitated Text-mining), a freely available, interactive text mining, and machine learning software application (https://www.sciome.com/swift-review/). SWIFT-Review provides tools to assist with searching, categorization, and pattern visualization in literature search results, utilizing statistical modeling, and machine learning methods (14).

First, we created an initial set of keywords for COVID-19 risk and protective factors for each subcategory using keywords developed by examining relevant Medical Subject Heading (MeSH) search terms used to categorize literature at the National Library of Medicine. Although the CORD-19 dataset is not indexed according to MeSH, we were nevertheless able to use the MeSH terminology as a basis for developing corresponding free text search terms. These searches were executed in SWIFT-Review, with iterative refinement as described in Step 6, to label the titles and abstracts of all included references and assign relevant risk/protective factor tags.



Step 6: Apply and Verify Risk/Protective Factor Tags

We imported the included titles and abstracts into SWIFT-Review to identify COVID-19 risk and protective factors, susceptibility categories and susceptible sub-groups. We used the following iterative procedure for the purpose of “tagging” articles (classifying articles according to a set of predefined categories, in this case COVID-19 risk and protective factors):

a) We used the search feature of SWIFT-Review and the search strategies listed in Supplementary Data Sheet 2 to query the titles and abstracts of all included references. Matching references were provisionally classified according to the corresponding risk and protective factors.

b) The titles and abstracts of all tagged studies were manually reviewed to confirm appropriate tagging. Two screeners read the title and abstract of each reference to confirm that the automatically applied tag was appropriate, remove incorrect tags from studies, and add appropriate tags that were not automatically identified. For example, if an abstract was automatically labeled with the Demographic Category risk factor “age” because it mentioned age of study subjects, but a manual review of the reference identified that it did not mention age in the context of a risk factor associated with COVID-19, the tag in SWIFT-Review was subsequently removed.

c) SWIFT-Review was used to compute term frequency-inverse document frequency (TF-IDF) scores for each set of correctly labeled documents and to identify and rank additional potential keywords for enrichment (i.e., “fingerprint analysis”) in studies labeled with each COVID-19 susceptibility category. TF-IDF scores are a statistical measure used to evaluate how important a term is within a document or literature corpus. Terms having high TF-IDF scores for a particular subset of documents are good candidates for sensitive and precise search terms as they are enriched in that subset relative to the remainder of the dataset.

d) After adding any additional search terms identified in step c above, steps a-c were repeated as necessary until additional search terms no longer provided further benefit with regard to tagging additional studies. This process iteratively created tags (search keyword based tags), which are available both in the final SWIFT-Review Project (available at https://www.sciome.com/rem/) and also described in Supplementary Data Sheet 2.



Step 7: Create the Evidence Map

After curating, categorizing and summarizing the data as described above, we generated an evidence map describing risk and protective factor characteristics. We used tools in SWIFT-Review to automatically generate frequency tables reporting on the number of studies falling within each risk/protective factor classification.




RESULTS

As shown in the PRISMA Diagram (15) (Figure 2), 45,781 records were identified via the CORD-19 dataset. Restricting the dataset to records published January 1—April 3, 2020 reduced the number of studies to 4,330 records. We screened 3,521 (81%) titles and abstracts to reach an estimated 99% predicted recall; 809 articles were not screened. Among the articles screened, 3,304 articles were excluded and 217 relevant studies were included. Because our literature search was conducted in early 2020 during the initial stages of the pandemic, we made the decision beforehand to include pre-prints (articles that have not yet been peer reviewed) in order to fully capture as much relevant scientific information as possible. The aim of our rEM was to provide an initial overview of where research has been conducted and which outcomes were investigated. This information can therefore serve as guidance for further research, possibly including closer examination of the identified studies in the form of targeted systematic review. These results are not intended to, nor should they be considered, as definitive findings that are meant to guide clinical or policy decisions.
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FIGURE 2. PRISMA diagram screening studies for inclusion. The diagram depicts the flow of reports included in the different phases of screening. Of the 45,781 records available in the CORD-19 dataset as of 4/3/2020, a total of 4,330 records were published in 2020. Among these, 3,521 were screened in SWIFT Active Screener (https://www.sciome.com/swift-activescreener/) (10) to achieve 99% predicted recall. A total of 217 studies met our inclusion criteria and were included in the rEM.


Included studies were organized and tagged according to each of the established COVID-19 susceptibility categories (Table 2). Tagging was completed using automated searching and categorizing tools available in SWIFT-Review to first automatically tag articles, followed by manual verification of applied tags for quality assurance/quality control (QA/QC). The number of individual studies tagged in each susceptibility category was generally small, particularly in the Behavioral Category (n = 12 tagged studies). There were larger numbers of studies tagged in the Physiological (n = 107), Demographic (n = 136), and Environmental (n = 106) categories, specifically those regarding “Underlying Conditions,” “Age,” “Gender,” and “Social Factors.” The distribution of studies among the four broad susceptibility categories can be visualized according to study sample size in a bubble plot (Figure 3). Notably, in addition to having fewer studies, the Behavioral Category generally had smaller sample sizes.
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FIGURE 3. Bubble plot of tagged susceptibility categories. The distribution of categories among the 217 included studies is shown. The data points are grouped and plotted according to tagged risk/protective factors by category (Behavioral, Physiological, Demographic, and Environmental) and study size. Each data point represents a single study and is randomly scattered in each grid to improve visualization of the bubble. The size of each bubble indicates the sample size of the corresponding study with larger bubbles representing larger study sample size.


As noted earlier in Section apply and verify risk/protective factor tags (Step 6), the original search terms provided in Supplementary Data Sheet 2 were used to generate tags in SWIFT-Review, and after use of keyword enrichment (fingerprint analyses), “ACE2” was added to the Medication Behavioral susceptibility subcategory.

A common theme among the recently published literature investigating COVID-19 in humans was that older males with multiple comorbidities, particularly hypertension, cardiovascular disease, and diabetes, were shown to be more at risk than the general population. Much of the literature also examined the effectiveness of mitigation strategies (such as social distancing) to slow or prevent the spread of COVID-19.

Despite the body of evidence regarding risk factors, there were few studies examining COVID-19 protective factors. There was also a lack of information regarding the following risk factors: Physical Activity, Sexual Behavior, High Cholesterol, High Blood Sugar, Mental Health and Coping, Race, and Environmental Pollution. Additional details regarding specific risk and protective factor categories are discussed below.


COVID-19 Risk Factors

COVID-19 risk factors across all categories (i.e., Behavioral, Physiological, Demographic, and Environmental) are summarized below. These include: Age (n = 93), Underlying Health Conditions (n = 77), Social Factors (n = 42), Gender (n = 29), High Blood Pressure (n = 17), Infrastructure (n = 10), Occupation (n = 10), and Weather (n = 9). Less frequently noted risk factors include: Socioeconomic (n = 5), Addiction (n = 4), Medication (n = 4), Body Weight (n = 2), Genetic (n = 2), Pregnancy (n = 2), Living Conditions (n = 2), and Nutrition and Diet (n = 1), Vaccinations (n = 1), Blood Type (n = 1), High Blood Sugar (n = 1), and Hormones (n = 1). The majority of references were tagged in multiple susceptibility categories (Supplementary Data Sheet 3).


Risk Factors in the Behavioral Category

The most commonly noted COVID-19 risk factors in the Behavioral Category were Addiction, Medication, Nutrition and Diet, and Vaccinations (Table 2 and Supplementary Data Sheet 4). There were no relevant references that included Physical Activity or Sexual Behavior risk factors in our review of the literature. The number of studies included in the Behavioral Category was the smallest relative to the three other susceptibility categories for risk factors.

Key findings from the Behavioral Category risk factors include:

• Angiotensin-converting enzyme 2 (ACE2) expression in lower airways was increased in patients with COPD and with current smoking (16).

• History of smoking was reported as a factor leading to the progression of COVID-19 pneumonia (17).

• Smoking was associated with poor COVID-19 outcomes (i.e., heart injury signs) (18, 19).

• There was evidence that an antagonistic relationship between Angiotensin II receptor blocker anti-hypertension drugs and ACE inhibitors may exist, or that individuals with hypertension alone may be less susceptible/had better outcomes than individuals that were hypertensive as well as diabetic and on ACE inhibitors (20, 21).

• Cancer patients receiving treatment were at increased risk of contracting COVID-19 (22, 23).

• Malnutrition was a factor in severe COVID-19 cases in one study (24).

• Bacillus Calmette-Guerin (BCG) childhood vaccination may provide protection to the vaccinated elderly population in countries with BCG vaccination policies (25).



Risk Factors in the Physiological Category

A large number of studies investigated characteristics of risk factors in the Physiological Category (n = 107), which is the second largest of the four risk categories (Table 2 and Supplementary Data Sheet 4). In this category, the most commonly noted COVID-19 risk factors were Underlying Health Conditions (n = 81) and High Blood Pressure (n = 17). Less frequently noted risk factors included: Body Weight, Genetic, Pregnancy, Blood Type, High Blood Sugar, and Hormones. We did not identify any relevant references that included High Blood Cholesterol or Mental Health and Coping risk factors.

Key findings from risk factors in the Physiological Category include:

• Individuals with comorbidities such as hypertension, coronary heart disease, diabetes, chronic obstructive pulmonary disorder (COPD), active or latent tuberculosis, cancer, hepatitis B, anorexia were demonstrated to be more likely to contract COVID-19 and to have more severe cases of COVID-19 (16, 19, 26–31).

• Hypertension and diabetes were frequently mentioned in the literature as being common comorbidities associated with negative COVID-19 outcomes.

• Older patients with comorbidities (particularly males) were more susceptible to respiratory failure, to developing severe disease, and were at increased risk of death from COVID-19 (32, 33).

• Patients with multiple comorbidities had poorer COVID-19 outcomes (34, 35).

• Two studies (36, 37) noted that Body Mass Index (BMI) was one of several factors associated with severe COVID-19.

• ACE2 was highly expressed in patients with hypertension, diabetes, and COPD, and patients with such comorbidities may have higher chances of developing severe COVID-19 (16, 38).

• Pregnant women may be more susceptible to COVID-19 (39).

• One study noted that people with blood type A were at higher risk for contracting COVID-19, and that people with blood type O had lower risk of contracting COVID-19 (40).

• One study noted that menopause was an independent risk factor for COVID-19. Estradiol and Anti-Müllerian Hormone were negatively correlated with COVID-19 severity, likely due to their regulation of cytokines related to immunity and inflammation (41).



Risk Factors in the Demographic Category

The largest number of studies investigated characteristics of risk factors in the Demographic Category (n = 136) (Table 2 and Supplementary Data Sheet 4). In this category, the most commonly noted COVID-19 risk factors were Age (n = 98) and Gender (n = 31). A smaller number of studies investigated Socioeconomic factors (n = 7). In our rEM, there were no studies addressing Race as a demographic factor, likely because of the time frame of the literature (January 1-April 3, 2020), which was prior to extended worldwide spread.

Key findings from risk factors in the Demographic Category include:

• Advanced age and male gender were consistently cited as a risk factor associated with severe COVID-19 outcomes, and older males (>60), particularly those with comorbidities, were most frequently noted as being at greatest risk of contracting COVID-19 and having the poorest outcomes (42– 47).

• The highest mortality risk was noted among the elderly (>80) (42, 48).

• Few studies investigated COVID-19 risk factors in children, and those that did noted that COVID-19 cases in children are typically less severe than those in adults (42, 49).

• Socioeconomic factors were indicated to play a role in mediating local transmission of COVID-19 (50).



Risk Factors in the Environmental Category

The Environmental Category (n = 106) (Table 2 and Supplementary Data Sheet 4) was the third largest of the four susceptibility categories. The most commonly noted risk factors in this category were Social Factors (n = 56), Infrastructure (n = 22), Occupation (n = 15), and Weather (n = 10). A small number of studies investigated Living Conditions (n = 3). We did not identify any relevant references that included Environmental Pollution risk factors.

Key findings from risk factors in the Environmental Category include:

• Social Factors were shown to play an important role with regard to COVID-19 spread and containment (51, 52). If social distancing, shutdowns, and other measures (i.e., school closures, isolation, quarantine, use of personal protective equipment, etc.) were implemented early, they reduced the spread of COVID-19, and if they were not properly implemented, they led to increased spread of COVID-19.

• Social distancing and isolation were effective mitigation strategies but also led to family cluster cases if not implemented properly (53, 54).

• Shutdown measures led to a trend toward slower growth of COVID-19 cases; however, this trend was easily reversed if measures were abandoned too early (55, 56).

• In one study (57), healthcare resource availability (in the form of makeshift hospitals) was noted as a protective factor and led to increased COVID-19 survival rates.

• Healthcare workers, medical staff, caretakers, and other occupations with frequent public contact and physical proximity were at greater risk of contracting COVID-19 (34, 58, 59).

• A number of studies suggested that specific weather conditions (ambient temperature, wind speed, humidity) may have an impact on the spread of COVID-19 (60–66).

• Living conditions (i.e., cramped living quarters, limited sanitation) were also shown to play an important role in the spread of COVID-19, particularly among migrants, refugees, cruise ship passengers, etc. (67–69).




COVID-19 Protective Factors

The majority of studies examined risk factors for COVID-19, and we noted an overall lack of protective factors reported in our review of the literature. A small number reported several factors with protective effects, but not in sufficient numbers to create a visual display of frequency counts. It is important to note that our rEM included pre-prints (articles not yet peer reviewed). We also anticipate that given the rapidly-changing state of the COVID-19 literature base, protective factors reported in the literature may evolve over time and may differ from what was suggested in the earliest publications. Furthermore, because our rEM did not include assessment of the quality of included studies or assessment of risk of bias, the strength and reliability of studies reporting on protective factors is unknown. That is, these studies have not been evaluated for internal or external validity and the factors identified below should not be interpreted as causally associated with protecting against health impacts from COVID-19. Key findings from the COVID-19 Protective Factors include:

• Young age may confer a protective effect against COVID-19, as children and younger people are reported to have less severe outcomes when they contract COVID-19 (42, 49, 70, 71).

• Bacillus Calmette-Guerin (BCG) childhood vaccination was postulated to confer a protective effect against COVID-19, as BCG vaccination was reported in one study to offer protection against other respiratory infections (25).

• People with blood type O were shown in one study to have lower risk of contracting COVID-19 (40).

• Estradiol and Anti-Müllerian Hormone were shown in one study to be protective due to their regulation of cytokines (41).

• Although not demonstrating cause and effect, increased outdoor temperature was associated with lower incidence of COVID-19 (61, 62, 72–74).



COVID-19 Susceptible Sub-groups

In our rEM, the vast majority of studies indicated that susceptible sub-groups were the elderly, specifically older males with comorbidities. In addition, a small number of studies investigated the increased susceptibility of cancer patients, migrants, refugees, healthcare workers, pregnant women, and children. Reasons for increased risk in these groups may include both medical (weakened immune system) and environmental (living conditions) factors.




DISCUSSION

The evidence map we have presented provides an overview of risk and protective factors in the early COVID-19 literature and highlights susceptible sub-groups who may have poorer COVID-19 outcomes. To our knowledge, this is the first evidence map that explores the available scientific literature related to risk and protective factors for COVID-19. By utilizing an rEM approach, we were able to provide a comprehensive overview of the recent scientific literature in a time-efficient manner, while still utilizing rigorous, transparent, and explicit methodological approaches. The resulting evidence map is intended to be used as a tool to inspect the available body of evidence, which may inform the design of further detailed reviews (such as a systematic review), as well as guide the focus of new research in areas where knowledge is currently limited. Our results also may directly contribute to public health research by supporting the understanding of factors that impact COVID-19 spread.

We found that recently published literature investigating COVID-19 in humans identifies older males with multiple comorbidities, particularly hypertension, cardiovascular disease, and diabetes as more at risk than the general population. Much of the literature also examines the effectiveness of mitigation strategies (such as social distancing) to slow or prevent the spread of COVID-19. We found a general lack of studies examining COVID-19 protective factors, although we were able to identify some literature suggesting that younger age, Bacillus Calmette-Guerin (BCG) childhood vaccination, blood type O, and Estradiol and Anti- Müllerian Hormone may confer protective effects against contracting COVID-19. In addition, there is some research indicating that increased outdoor temperature may be associated with lower incidence of COVID-19. We identified research areas in which there exists a moderate body of literature where a follow-up review, such as a systematic review, may be informative (i.e., age, gender and comorbidity association with COVID-19) and also areas where evidence is lacking (i.e., risk factors in susceptible sub-groups, risk factors in children, racial disparities in risk, protective factors in general).

We designed and conducted this rEM in 1 calendar month, and an estimated 130 person-hours (screening to 99% estimated recall). While we screened references to 99% estimated recall, we could have saved additional effort if we had stopped at ~95% estimated recall. Only one additional reference was identified after 94.4% estimated recall was achieved; moving from 94.4% estimated recall to 99% recall required screening of 1,238 additional references. Given the novelty and rapid evolution of the available COVID-19 literature, being able to quickly review and summarize these available studies has important implications for policy and decision-making. Because the rEM method makes substantial use of machine learning and information retrieval applications and software, continued development of such tools is likely to further enhance the capacity to perform rEM in an efficient and accurate manner.

We conclude our discussion by noting a few important limitations regarding the resulting evidence map. First, according to our rEM protocol, we dual-screened 100 references (i.e., each reference was reviewed by two screeners) as a pilot to ensure the consistent application of screening criteria. Subsequently, we single-screened the remaining references (i.e., each reference was reviewed by only one screener). Although it is unlikely that a screener errantly included a reference that should have been excluded (given that all references were reviewed during the manual tagging process), it is possible that a relevant reference was erroneously excluded. We also tagged studies based on title and abstract only, and did not extract data from full text documents. While this approach can result in significant time savings, there is a possibility that by tagging studies based on title and abstract alone, we may have, in a few cases, excluded relevant studies or misclassified studies. Furthermore, because we initiated this project in early 2020, during the start of the pandemic, we made the decision beforehand to include pre-prints (articles not yet peer reviewed). Given the novelty of COVID-19 and the time-urgency of the situation, much of the available information at the time had not been peer reviewed, but we still wanted to capture as much of the scientific knowledge that was available on the topic. The intent of this project was not to make judgements or recommendations for clinical practice or policy actions based on the rEM but instead to provide a snapshot of the available evidence to inform future reviews by identifying where research has been conducted and which outcomes have been investigated. As discussed below, we anticipate that the conclusions of an evidence map may change over time when incorporating newer scientific information, particularly when more peer-reviewed literature become available. However, our work illustrates how quickly the evolving landscape of scientific knowledge may be surveyed in a systematic fashion and applied in a useful manner to inform subsequent research activities.

In addition, like most other evidence maps, our rEM does not include quality or risk of bias appraisal of the included studies. Instead, the rEM is designed to identify areas where sufficient evidence exists that can inform scoping and problem formulation for a future systematic review, during which a more formal evaluation of study quality and inferences for policy- and decision-making may be made. In addition, our manual review of tagging results by two independent reviewers did lead to some discrepancies that were discussed and resolved by our team; however, there is some degree of subjectivity in this process, as some tags can be interpreted differently by different reviewers. Finally, as the COVID-19 literature base is evolving very rapidly, reported risk and protective factors may change as new studies are published (e.g., as of May 2020, over 15,000 articles have been added to the CORD-19 dataset since we downloaded references on April 3, 2020). For example, racial disparities in COVID-19 outcomes have been noted in a body of recently published studies (75–77); however, our literature set (focused on literature primarily coming out of China in early 2020) did not cite race as a risk factor. Furthermore, with the increased availability of literature, it is likely that the number of peer-reviewed manuscripts is higher than when we initiated this review. Ideally, this evidence map could be updated on an ongoing basis to incorporate newer scientific evidence as it becomes available, and used to continually monitor what we know about the potential risk and protective factors of COVID-19 as scientific discoveries evolve. This would benefit medical practitioners, policy- and decision-makers in their efforts to stay up-to-date with the latest scientific knowledge, inform where a systematic review of the scientific information might be useful, and guide the development of future research projects, particularly in critical fields where information is currently lacking. To aid with these potential future applications, we have made the latest version of the evidence map, including the SWIFT-Review project file and references list, publicly available at [https://www.sciome.com/rem/].



CONCLUSIONS

We used rEM to summarize the body of evidence related to COVID-19 risk and protective factors reported in recently published literature. We identified research areas where there exists a moderate body of literature and a follow-up review, such as a systematic review, may be informative (i.e., age, gender and comorbidity association with COVID-19) and also areas where evidence is lacking (i.e., risk factors in susceptible sub-groups, risk factors in children, protective factors in general). The automation technologies applied to this rEM in the screening and tagging process can be used to periodically update this evidence base and track scientific knowledge as it evolves, supporting efforts to better protect the public from COVID-19.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



AUTHOR CONTRIBUTIONS

The study authors were responsible for the study design, collection, analysis, interpretation of data, and writing of the report. RS, BH, JL, RE, and LS conceived and designed the project. BH, AT, JP, MS, SP, TA, and RS designed and implemented the software. RE, LS, JL, BH, AT, and RS analyzed the data. RE, LS, JL, BH, AT, CN, DT, and RS wrote and revised the manuscript. All authors read and approved the final manuscript.



FUNDING

This study was funded by Sciome LLC. Research and development of SWIFT-ActiveScreener software was funded in part by grant number 1R43ES029001-01. The research and development of SWIFT-ActiveScreener software was funded in part by The National Institutes of Health (NIH) grant number 1R43ES029001-01. The National Institutes of Health had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.



ACKNOWLEDGMENTS

The authors acknowledged the work of L. Rosman in developing risk factor search strategies and L. Anderson and D. Bautz in screening references for inclusion.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2020.582205/full#supplementary-material



ABBREVIATIONS

rEM, rapid Evidence Map; COVID-19, novel coronavirus 2019; PECO, Participants, Exposure, Comparator, and Outcomes; CORD-19, COVID-19 Open Research Dataset; MeSH, Medical Subject Headings; TF-IDF, term frequency-inverse document frequency.



REFERENCES

 1. Lam J, Howard B, Thayer K, Shah R. Low-calorie sweeteners and health outcomes: a demonstration of rapid evidence mapping (rEM). Environ Int. (2019) 123:451–8. doi: 10.1016/j.envint.2018.11.070

 2. European Food Safety Authority. Application of systematic review methodology to food and feed safety assessments to support decision making. EFSA J. (2010) 8:1637. doi: 10.2903/j.efsa.2010.1637

 3. NRC. Review of the Environmental Protection Agency's Draft IRIS Assessment of Formaldehyde. Washington, DC: National Academies Press. (2014). Available online at: http://www.nap.edu/openbook.php?record_id=13142 (accessed April 3, 2020).

 4. Rooney AA, Boyles AL, Wolfe MS, Bucher JR, Thayer KA. Systematic review and evidence integration for literature-based environmental health science assessments. Environ Health Perspect. (2011) 122:711–8. doi: 10.1289/ehp.1307972

 5. Woodruff TJ, Sutton P, Grp NGW. An evidence-based medicine methodology to bridge the gap between clinical and environmental health sciences. Health Aff. (2011) 30:931–7. doi: 10.1377/hlthaff.2010.1219

 6. Miake-Lye IM, Hempel S, Shanman R, Shekelle PG. What is an evidence map? A systematic review of published evidence maps and their definitions, methods, and products. Syst Rev. (2016) 5:1–21. doi: 10.1186/s13643-016-0204-x

 7. Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, et al. Cochrane Handbook for Systematic Reviews of Interventions version 6.0 (updated July 2019). Cochrane. (2019). Available online at: www.training.cochrane.org/handbook (accessed April 3, 2020)

 8. semanticscholar.org. COVID-19 Open Research Dataset (CORD-19). Seattle, WA: U.S. Allen Institute for AI. (2020). Available online at: https://www.semanticscholar.org/cord19 (accessed April 3, 2020).

 9. World Health Organization. Coronavirus disease (COVID-19). Events as they happen. Geneva: Diseases. (2020). Available online at: https://www.who.int/emergencies/diseases/novel-coronavirus-2019/events-as-they-happen (accessed April 6, 2020).

 10. Howard BE, Phillips J, Tandon A, Maharana A, Elmore R, Mav D, et al. SWIFT-Active Screener: accelerated document screening through active learning and integrated recall estimation. Environ Int. (2020) 138:105623. doi: 10.1016/j.envint.2020.105623

 11. European Patients' Academy on Therapeutic Innovation. Risk Factors in Health and Disease. Brussels: Pharmacoepidemiology. (2020). Available online at: https://toolbox.eupati.eu/resources/risk-factors-in-health-and-disease/ (accessed April 6, 2020).

 12. Public Health Agency of Canada. Social Determinants of Health and Health Inequalities. Edmonton: Social determinants. (2020). Available online at: https://www.canada.ca/en/public-health/services/health-promotion/population-health/what-determines-health.html (accessed April 6, 2020).

 13. World Health Organization. About Social Determinants of Health. Geneva: Social determinants of health. (2020). Available online at: https://www.who.int/social_determinants/sdh_definition/en/ (accessed April 6, 2020).

 14. Howard BE, Phillips J, Miller K, Tandon A, Mav D, Shah MR, et al. SWIFT-Review: a text-mining workbench for systematic review. Syst Rev. (2016) 5:87. doi: 10.1186/s13643-016-0263-z

 15. Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group. Preferred reporting items for systematic reviews and meta-analyses: the PRISMA statement. PLOS Med. (2009) 6:e1000097. doi: 10.1371/journal.pmed.1000097

 16. Leung JM, Yang CX, Tam A, Shaipanich T, Hackett T-L, Singhera GK, et al. ACE-2 expression in the small airway epithelia of smokers and COPD patients: implications for COVID-19. Eur Respir J. (2020) 55:2000688. doi: 10.1101/2020.03.18.20038455

 17. Liu W, Tao ZW, Wang L, Yuan ML, Liu K, Zhou L, et al. Analysis of factors associated with disease outcomes in hospitalized patients with 2019 novel coronavirus disease. Chin Med J. (2020) 133:1032–8. doi: 10.1097/CM9.0000000000000775

 18. Wu C, Hu X, Song J, Du C, Xu J, Yang D, et al. Heart injury signs are associated with higher and earlier mortality in coronavirus disease 2019 (COVID-19). MedRxiv:20028589. (2020). doi: 10.1101/2020.02.26.20028589

 19. Hu L, Chen S, Fu Y, Gao Z, Long H, Ren H, et al. Risk factors associated with clinical outcomes in 323 COVID-19 patients in Wuhan, China. MedRxiv:20037721. (2020). doi: 10.1101/2020.03.25.20037721

 20. Fang L, Karakiulakis G, Roth M. Are patients with hypertension and diabetes mellitus at increased risk for COVID-19 infection? Lancet. (2020) 8:e21. doi: 10.1016/S2213-2600(20)30116-8

 21. Liu Y, Huang F, Xu J, Yang P, Qin Y, Cao M, et al. Anti-hypertensive angiotensin II receptor blockers associated to mitigation of disease severity in elderly COVID-19 patients. MedRxiv:20039586. (2020). doi: 10.1101/2020.03.20.20039586

 22. Zhang L, Zhu F, Xie L, Wang C, Wang J, Chen R, et al. Clinical characteristics of COVID-19-infected cancer patients: a retrospective case study in three hospitals within Wuhan, China. Ann Oncol. (2020) 31:894–901. doi: 10.1016/j.annonc.2020.03.296

 23. Xu Y, Liu H, Hu K, Wang M. Clinical management of lung cancer patients during the outbreak of 2019 novel coronavirus disease (COVID-19). Chin J Lung Cancer. (2020) 23:136–41. doi: 10.3779/j.issn.1009-3419.2020.03.02

 24. Li X, Wang L, Yan S, Yang F, Xiang L, Zhu J, et al. Clinical characteristics of 25 death cases with COVID-19: a retrospective review of medical records in a single medical center, Wuhan, China. Int J Infect Dis. (2020) 94:128–32. doi: 10.1101/2020.02.19.20025239

 25. Miller A, Reandelar MJ, Fasciglione K, Roumenova V, Li Y, Otazu GH. Correlation between universal BCG vaccination policy and reduced morbidity and mortality for COVID-19: an epidemiological study. MedRxiv:20042937. (2020). doi: 10.1101/2020.03.24.20042937

 26. Rubin SJS, Falkson SR, Degner N, Blish C. Clinical characteristics associated with COVID-19 severity in California. MedRxiv:20043661. (2020). doi: 10.1017/cts.2020.40

 27. Zhang Y, Cui Y, Shen M, Zhang J, Liu B, Dai M, et al. Comorbid diabetes mellitus was associated with poorer prognosis in patients with COVID-19: a retrospective cohort study. MedRxiv:20042358. (2020). doi: 10.1101/2020.03.24.20042358

 28. Liu Y, Bi L, Chen Y, Wang Y, Fleming J, Yu Y, et al. Active or latent tuberculosis increases susceptibility to COVID-19 and disease severity. MedRxiv:20033795. (2020). doi: 10.1101/2020.03.10.20033795

 29. Zhang H, Wang L, Chen Y, Shen X, Wang Q, Yan Y, et al. A multicenter study of coronavirus disease 2019 outcomes of cancer patients in Wuhan, China. MedRxiv:20037127. (2020). doi: 10.1101/2020.03.21.20037127

 30. Chen X, Jiang Q, Ma Z, Ling J, Hu W, Cao Q, et al. Clinical characteristics of hospitalized patients with SARS-CoV-2 and Hepatitis B virus co- infection. MedRxiv:20040733. (2020). doi: 10.1101/2020.03.23.20040733

 31. Mo P, Xing Y, Xiao Y, Deng L, Zhao Q, Wang H, et al. Clinical characteristics of refractory COVID-19 pneumonia in Wuhan, China. Clin Infect Dis. (2020) ciaa270. doi: 10.1093/cid/ciaa270

 32. Zhang B, Zhou X, Qiu Y, Feng F, Feng J, Jia Y, et al. Clinical characteristics of 82 death cases with COVID-19. MedRxiv:20028191. (2020). doi: 10.1371/journal.pone.0235458

 33. Shi Q, Zhao K, Yu J, Jiang F, Feng J, Zhao K, et al. Clinical characteristics of 101 COVID-19 non-survivors in Wuhan, China: a retrospective study. MedRxiv:20031039. (2020). doi: 10.1101/2020.03.04.20031039

 34. Wang D, Hu B, Hu C. Clinical characteristics of 138 hospitalized patients with 2019 novel coronavirus-infected pneumonia in Wuhan, China. JAMA. (2020) 323:1061–9. doi: 10.1001/jama.2020.1585

 35. Huang Y, Yang R, Xu Y, Gong P. Clinical characteristics of 36 non-survivors with COVID-19 in Wuhan, China. MedRxiv:20029009. (2020). doi: 10.1101/2020.02.27.20029009

 36. Zeng L, Li J, Liao M, Hua R, Huang P, Zhang M, et al. Risk assessment of progression to severe conditions for patients with COVID-19 pneumonia: a single-center retrospective study. MedRxiv:20043166. (2020). doi: 10.1101/2020.03.25.20043166

 37. Peng YD, Meng K, Guan HQ, Leng L, Zhu RR, Wang BY, et al. Clinical characteristics and outcomes of 112 cardiovascular disease patients infected by 2019-n-CoV. Zhonghua Xin Xue Guan Bing Za Zhi. (2020) 48:E004. doi: 10.3760/cma.j.cn112148-20200220-00105

 38. Chen X, Hu W, Ling J, Mo P, Zhang Y, Jiang Q, et al. Hypertension and diabetes delay the viral clearance in COVID-19 patients. MedRxiv:20040774. (2020). doi: 10.1101/2020.03.22.20040774

 39. Liu H, Wang LL, Zhao SJ, Kwak-Kim J, Mor G, Liao AH. Why are pregnant women susceptible to COVID-19? An immunological viewpoint. J Reprod Immunol. (2020) 139:103122. doi: 10.1016/j.jri.2020.103122

 40. Zhao J, Yang Y, Huang H, Li D, Gu D, Lu X, et al. Relationship between the ABO blood group and the COVID-19 susceptibility. MedRxiv:20031096. (2020). doi: 10.1101/2020.03.11.20031096

 41. Ding T, Zhang J, Wang T, Cui P, Chen Z, Jiang J, et al. A multi-hospital study in Wuhan, China: protective effects of non-menopause and female hormones on SARS-CoV-2 infection. MedRxiv:20043943. (2020). doi: 10.1101/2020.03.26.20043943

 42. Li H, Wang S, Zhong F, Bao W, Li Y, Liu L, et al. Age-dependent risks of incidence and mortality of COVID-19 in Hubei province and other parts of China. MedRxiv: 20027672. (2020). doi: 10.1101/2020.02.25.20027672

 43. Zhou Y, Yang Z, Guo Y, Geng S, Gao S, Ye S, et al. A new predictor of disease severity in patients with COVID-19 in Wuhan, China. MedRxiv:20042119. (2020). doi: 10.21203/rs.3.rs-29566/v1

 44. Yuan M, Yin W, Tao Z, Tan W, Hu Y. Association of radiologic findings with mortality of patients infected with 2019 novel coronavirus in Wuhan, China. PLoS ONE. (2020) 15:e0230548. doi: 10.1371/journal.pone.0230548

 45. Liu K, Fang YY, Deng Y, Liu W, Wang MF, Ma JP, et al. Clinical characteristics of novel coronavirus cases in tertiary hospitals in Hubei province. Chin Med J. (2020) 133:1025–31. doi: 10.1097/CM9.0000000000000744

 46. Deng X, Yang J, Wang W, Wang X, Zhou J, Chen Z, et al. Case fatality risk of novel coronavirus diseases 2019 in China. MedRxiv:20031005. (2020). doi: 10.1101/2020.03.04.20031005

 47. Lu J, Hu S, Fan R, Liu Z, Yin X, Wang Q, et al. ACP risk grade: a simple mortality index for patients with confirmed or suspected severe acute respiratory syndrome coronavirus 2 disease (COVID-19) during the early stage of outbreak in Wuhan, China. MedRxiv:20025510v1. (2020). doi: 10.2139/ssrn.3543603

 48. Wang L, He W, Yu X, Hu D, Bao M, Liu H, et al. Coronavirus disease 2019 in elderly patients: characteristics and prognostic factors based on 4-weeks follow up. J Infect. (2020) 80:639–45. doi: 10.1016/j.jinf.2020.03.019

 49. Cai J, Xu J, Lin D, Yang Z, Xu L, Qu Z, et al. A case series of children with 2019 novel coronavirus infection: clinical and epidemiological features. Clin Infect Dis. (2020) 71:1547–51. doi: 10.1093/cid/ciaa198

 50. Qiu Y, Chen X, Shi W. Impacts of social and economic factors on the transmission of coronavirus disease 2019 (COVID-19) in China. MedRxiv:20035238. (2020). doi: 10.1101/2020.03.13.20035238

 51. Klausner Z, Fattal E, Hirsch E, Shapira SC. A single holiday was the turning point of the COVID-19 policy of Israel. MedRxiv:20044412. (2020). doi: 10.1101/2020.03.26.20044412

 52. Lai S, Ruktanonchai NW, Zhou L, Prosper O, Luo W, Floyd JR, et al. Effect of non-pharmaceutical interventions for containing the COVID-19 outbreak in China. MedRxiv:20029843. (2020). doi: 10.1101/2020.03.03.20029843

 53. Luo L, Liu D, Liao X, Wu X, Jing Q, Zheng J, et al. Modes of contact and risk of transmission in COVID-19 among close contacts. MedRxiv:20042606. (2020). doi: 10.1101/2020.03.24.20042606

 54. Ai S, Zhu G, Tian F, Li H, Gao Y, Wu Y, et al. Population movement, city closure and spatial transmission of the 2019-nCoV infection in China. MedRxiv:20020339. (2020). doi: 10.1101/2020.02.04.20020339

 55. Stangeland B. How to evaluate the success of the COVID-19 measures implemented by the Norwegian government by analyzing changes in doubling time. MedRxiv:20045187. (2020). doi: 10.1101/2020.03.29.20045187

 56. Cowling BJ, Ali ST, Ng TWY, Tsang TK, Li JCM, Fong MW, et al. Impact assessment of non-pharmaceutical interventions against coronavirus disease 2019 and influenza in Hong Kong: an observational study. Lancet Public Health. (2020) 5:E279–88. doi: 10.1016/S2468-2667(20)30090-6

 57. Cai Y, Huang T, Liu X, Xu G. The effects of “Fangcang, Huoshenshan, and Leishenshan” makeshift hospitals and temperature on the mortality of COVID-19. MedRxiv:20028472. (2020). doi: 10.1101/2020.02.26.20028472

 58. Baker MG, Peckham TK, Seixas NS. Estimating the burden of United States workers exposed to infection or disease: a key factor in containing risk of COVID-19 infection. PLoS ONE. (2020) 15:e0232452. doi: 10.1371/journal.pone.0232452

 59. Ng K, Poon BH, Puar THK, Quah JLS, Loh WJ, Wong YJ, et al. COVID-19 and the risk to health care workers: a case report. Ann Intern Med. 172:766–67. (2020) doi: 10.7326/L20-0175

 60. Bu J, Peng DD, Xiao H, Yue Q, Han Y, Lin Y, et al. Analysis of meteorological conditions and prediction of epidemic trend of 2019-nCoV infection in 2020. MedRxiv:20022715. (2020). doi: 10.1101/2020.02.13.20022715

 61. Qi H, Xiao S, Shi R, Ward MP, Chen Y, Tu W, et al. COVID-19 transmission in mainland China is associated with temperature and humidity: a time-series analysis. Sci Total Environ. (2020) 728:138778. doi: 10.1016/j.scitotenv.2020.138778

 62. Byass P. Eco-epidemiological assessment of the COVID-19 epidemic in China, January-February 2020. MedRxiv:20046565. (2020). doi: 10.1101/2020.03.29.20046565

 63. Islam N, Shabnam S, Erzurumluoglu AM. Temperature, humidity, and wind speed are associated with lower COVID-19 incidence. MedRiv:20045658. (2020). doi: 10.1101/2020.03.27.20045658

 64. Notari A. Temperature dependence of COVID-19 transmission. MedRxiv:20044529. (2020). doi: 10.1101/2020.03.26.20044529

 65. Xie J, Zhu Y. Association between ambient temperature and COVID-19 infection in 122 cities from China. Sci Total Environ. (2020) 724:138201. doi: 10.1016/j.scitotenv.2020.138201

 66. Shi P, Dong Y, Yan H, Li X, Zhao C, Liu W, et al. The impact of temperature and absolute humidity on the coronavirus disease 2019 (COVID-19) outbreak—evidence from China. MedRxiv:20038919. (2020). doi: 10.1101/2020.03.22.20038919

 67. Sawano T, Ozaki A, Rodriguez-Morales AJ, Tanimoto T, Sah R. Limiting spread of COVID-19 from cruise ships: lessons to be learnt from Japan. QJM-INT J Med. (2020) 113:309–10. doi: 10.1093/qjmed/hcaa092

 68. Kluge HHP, Jakab Z, Bartovic J, D'Anna V, Severoni S. Refugee and migrant health in the COVID-19 response. Lancet. (2020) 395:1237–9. doi: 10.1016/S0140-6736(20)30791-1

 69. Liem A, Wang C, Wariyanti Y, Latkin CA, Hall BJ. The neglected health of international migrant workers in the COVID-19 epidemic. Lancet Psychiat. (2020) 7:E20. doi: 10.1016/S2215-0366(20)30076-6

 70. Zhang J, Litvinova M, Liang Y, Wang Y, Wang W, Zhao S, et al. Age profile of susceptibility, mixing, and social distancing shape the dynamics of the novel coronavirus disease 2019 outbreak in China. MedRxiv:20039107. (2020). doi: 10.1101/2020.03.19.20039107

 71. Davies NG, Klepac P, Liu Y, Prem K, Jit M, Eggo RM. Age-dependent effects in the transmission and control of COVID-19 epidemics. MedRxiv:20043018. (2020). doi: 10.1101/2020.03.24.20043018

 72. Bannister-Tyrrell M, Meyer A, Faverjon C, Cameron A. Preliminary evidence that higher temperatures are associated with lower incidence of COVID-19, for cases reported globally up to 29th February 2020. MedRxiv:20036731. (2020). doi: 10.1101/2020.03.18.20036731

 73. Carleton T, Meng KC. Causal empirical estimates suggest COVID-19 transmission rates are highly seasonal. MedRxiv:20044420. (2020). doi: 10.1101/2020.03.26.20044420

 74. Wang M, Jiang A, Gong L, Luo L, Guo W, Li C, et al. Temperature significant change COVID-19 transmission in 429 cities. MedRxiv:20025791. (2020). doi: 10.1101/2020.02.22.20025791

 75. Azar KMJ, Shen Z, Romanelli RJ, Lockhart SH, Smits K, Robinson S, et al. Disparities in outcomes among COVID-19 patients in a large health care system in California. Health Aff. (2020) 2020:101377hlthaff202000598. doi: 10.1377/hlthaff.2020.00598

 76. Laurencin CT, McClinton A. The COVID-19 pandemic: a call to action to identify and address racial and ethnic disparities. J Racial Ethn Health Disparities. (2020) 7:398–402. doi: 10.1007/s40615-020-00756-0

 77. Shah M, Sachdeva M, Dodiuk-Gad RP. COVID-19 and racial disparities. J Am Acad Dermatol. (2020) 83:e35. doi: 10.1016/j.jaad.2020.04.046

Conflict of Interest: RE, LS, JL, BH, AT, CN, JP, MS, SP, TA, DT, and RS were employed by Sciome LLC, which funded this work. The authors developed the software used to screen the literature and analyze the data. The authors designed the study, collected the data, decided to publish, and prepared the manuscript as employees of Sciome.

Copyright © 2020 Elmore, Schmidt, Lam, Howard, Tandon, Norman, Phillips, Shah, Patel, Albert, Taxman and Shah. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fpubh-08-582205-t002.jpg
COVID-19 Susceptibility Categories and Subcategories

Behavioral
(n=12)

Indlvidual behavioral risk factors;
conscious choices related to lifestyle
that could potentially be eliminated

Physiological
(n=107)

Factors directly related to body or
biology, including geneics

Demographic
(0= 136)

Factors related to characteristics of
the overall population

Environmental
(0= 108)

Covers a broad range of topics
related to the environment, including
socal, cultural, poltical and economic
factors, as wellas physical, biological,
and chemical factors

Medication (n = 5)
Addiction (1 = 6)
Nutrition and diet (0 = 1)
Vaccinations (0 = 1)
Sexual behavior (n = 0)
Physical activity (n = 0)
Underlying health condtions (1 = 81)
High blood pressure (n = 17)

Body weight (n = 2)

Pregnancy (1 = 2)

Genetic (1 = 2)

High blood pressure (1 = 1)

Blood type (0 = 1)

Hormones (1 = 1)

High cholesterol (n = 0)

High blood sugar (n = 0)

Age (n=98)

Gender (1= 31)

Sociosconomic (n = 7)

Sodial factors (n = 56)
Weather (0 = 22)
Infrastructure (1 = 15)
Occupation (n = 10)

Living conditions (n = 3)
Environmental pollution (7 = 0)

The four broad susceptibilty categories and subcategories, as well as the number of

documents tagged in each category.

2Broad susceptibility categories and subcategories were based on validated, commonly

noted risk factor definitions (11-13)

bn refers to the number of tagged references in each susceptibilty category (ie.,
Behavioral, Physiological, Demographic, Environmental, and their subcategories). Each
reference can be tagged with one or more categories.





OPS/images/fpubh-08-582205-g003.gif





OPS/images/fpubh-08-582205-t001.jpg
Inclusion Criteria

Human studies
English language

Original sources of new data
(including case studies)

Published between January
1-April 3, 2020

Report at least one risk or
protective factor related to
the COVID-19 outbreak

Exclusion Criteria

Animal or in vitro studies
Non-English language

Non-original sources of data (i., reviews,
interviews, bibliographies, letters, or guidelines;
systematic reviews, meta- analyses)

Published prior to January 1, 2020

Not reporting any COVID-19 risk or protective
factors

The inclusion and exclusion criteria used for the screening process of files and abstracts

in SWIFT-Active Screener.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Risk and Protective Factors in the COVID-19 Pandemic: A Rapid Evidence Map



		Introduction



		Methods



		Step 1: Identify the Scope of the Evidence Map



		Step 2: Develop Comprehensive Search Strategy



		Step 3: Establish Study Eligibility Criteria and a Systematic Study Selection Process



		Step 4: Carry Out Title and Abstract Screening



		Step 5: Define Risk and Protective Factors and Develop Search Strategies to Reflect Tag Definitions



		Step 6: Apply and Verify Risk/Protective Factor Tags



		Step 7: Create the Evidence Map







		Results



		COVID-19 Risk Factors



		Risk Factors in the Behavioral Category



		Risk Factors in the Physiological Category



		Risk Factors in the Demographic Category



		Risk Factors in the Environmental Category









		COVID-19 Protective Factors



		COVID-19 Susceptible Sub-groups







		Discussion



		Conclusions



		Data Availability Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		Abbreviations



		References

















OPS/images/cover.jpg
, frontiers
in Public Health

Risk and Protective Factors in the
COVID-19 Pandemic: A Rapid
Evidence Map





OPS/images/fpubh-08-582205-g001.gif
3. Establsh sucy

vy sapeot | [ zomem || R
periie e e

5. Define risrprotectve 5 Apply and verty
4. Tle and bsvact facorsanddevelop | [ " covo1e
screening search siaregies t© iskprotective facor
eflecttag definitons ngs






OPS/images/fpubh-08-582205-g002.gif
[reym— R D

3304t

P —

[T e— oo
FEaRaer Il S s e

prER—










OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Public Health





