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Abstract
Introduction The individual prognostic factors for coronavirus disease 2019 (COVID-19) are unclear. For
this reason, we aimed to present a state-of-the-art systematic review and meta-analysis on the prognostic
factors for adverse outcomes in COVID-19 patients.
Methods We systematically reviewed PubMed from 1 January 2020 to 26 July 2020 to identify non-
overlapping studies examining the association of any prognostic factor with any adverse outcome in
patients with COVID-19. Random-effects meta-analysis was performed, and between-study heterogeneity
was quantified using I2 statistic. Presence of small-study effects was assessed by applying the Egger’s
regression test.
Results We identified 428 eligible articles, which were used in a total of 263 meta-analyses examining the
association of 91 unique prognostic factors with 11 outcomes. Angiotensin-converting enzyme inhibitors,
obstructive sleep apnoea, pharyngalgia, history of venous thromboembolism, sex, coronary heart disease,
cancer, chronic liver disease, COPD, dementia, any immunosuppressive medication, peripheral arterial
disease, rheumatological disease and smoking were associated with at least one outcome and had >1000
events, p<0.005, I2<50%, 95% prediction interval excluding the null value, and absence of small-study
effects in the respective meta-analysis. The risk of bias assessment using the Quality in Prognosis Studies
tool indicated high risk of bias in 302 out of 428 articles for study participation, 389 articles for adjustment
for other prognostic factors and 396 articles for statistical analysis and reporting.
Conclusions Our findings could be used for prognostic model building and guide patient selection for
randomised clinical trials.

Introduction
In December 2019, a cluster of pneumonia cases was reported in Wuhan, China, and subsequent
epidemiological tracking identified a novel coronavirus (severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2)) as the cause [1]. SARS-CoV-2 has spread across all continents since then and caused a
public health crisis [2]. As of February 2021, there have been >100 million confirmed cases with
coronavirus disease 2019 (COVID-19) and >2 million deaths according to the World Health Organization [3].

The ongoing public health emergency necessitates the discovery of reliable prognostic factors to guide
clinical decision-making and treatment plans tailored to patient characteristics. In addition, these prognostic
factors could improve the design and analysis of future clinical trials and suggest novel insights into the
molecular pathways of the disease [4, 5].
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There is a growing body of literature on COVID-19 patients, examining prognostic features of the disease.
However, clinical decision-making and research guidance is often based on narrative reviews or
low-quality studies [6]. There is as yet no published effort to critically and systematically summarise the
epidemiological evidence on the entire prognostic factor landscape for multiple adverse outcomes in
COVID-19 patients. Our study aims to fill this gap by conducting the first comprehensive systematic
review, critical appraisal and (in case of sufficient data) meta-analysis of all prognostic factors in patients
with COVID-19 by applying state-of-the-art approaches.

Methods
We followed the Meta-analysis of Observational Studies in Epidemiology guideline and the latest guidance
of the Prognosis Methods Group of the Cochrane Collaboration to design and report our meta-analysis [7,
8]. We designed the research question and data extraction of this systematic review according to the
modified checklist for Critical Appraisal and Data Extraction for Systematic Reviews of Prognostic Factor
studies (CHARMS-PF) [5, 9]. A protocol for this systematic review was published on Open Science
Foundation (https://osf.io/382wj).

Literature search
We systematically searched PubMed from 1 January 2020 to 26 July 2020 to identify all studies examining
any prognostic factor of any adverse outcome in patients with COVID-19. Our search algorithm was based
on LitCovid [10, 11] and was as follows: “coronavirus”[All Fields] OR “SARS-CoV-2”[All Fields] OR
“cov”[All Fields] OR “2019-SARS-CoV-2”[All Fields] OR “COVID-19”[All Fields]. The literature search
was performed by two independent researchers (VB, LB). Additionally, we performed a reference
screening of the eligible articles to identify additional potentially eligible articles.

Eligibility criteria
We considered as eligible observational studies or clinical trials that included patients with SARS-CoV-2
infection (defined by real-time PCR testing or standardised clinical/radiological criteria) and examined the
effect of any prognostic factor on any outcome. We considered as eligible any outcome that was relevant
to patients if its definition and measurement was standardised or explicitly defined. We excluded outcomes
measured at the time of COVID-19 diagnosis or hospital admission, and prognostic factors measured after
COVID-19 diagnosis or hospital admission, to ensure temporality between prognostic factor and outcome.

Prognostic factor was defined as “any measure that, among people with a given health condition, is
associated with a subsequent clinical outcome” [12]. We considered all types of prognostic factors
including demographic and anthropometric individual characteristics, biomarkers, symptoms, clinical signs,
medical history and comorbid diseases, medications, and findings in chest imaging. Table 1 shows a
detailed description of the PICOTS (Population, Index prognostic factor, Comparator prognostic factor,
Outcome, Timing, Setting) system [5, 9, 13].

Data extraction
Data extraction was performed independently by two researchers (VB, LB) following the CHARMS
checklist [5, 9]. From each article, we extracted the first author, the year and the journal of publication, the
geographic region and the hospital involved, the recruitment period, the examined prognostic factors and

TABLE 1 Key items for framing aim, search strategy, and study inclusion and exclusion criteria for systematic review, following PICOTS (Population,
Index prognostic factor, Comparator prognostic factor, Outcome, Timing, Setting) system

Definition

Population Patients diagnosed with COVID-19
Index prognostic factors Any variable that was measured before hospital admission or diagnosis of COVID-19 and was examined for an

association with any adverse event
Comparator prognostic factors Not applicable
Outcomes Any clearly defined adverse event in patients with COVID-19
Timing Prognostic factors measured before diagnosis of COVID-19 or hospital admission, and predicting adverse

outcomes at any time horizon
Setting Patients visiting ambulatory healthcare facilities, patients admitted to hospital, or patients visiting emergency

department

COVID-19: coronavirus disease 2019.

https://doi.org/10.1183/13993003.02964-2020 2

EUROPEAN RESPIRATORY JOURNAL ORIGINAL RESEARCH ARTICLE | V. BELLOU ET AL.

https://osf.io/382wj
https://osf.io/382wj


the examined outcomes and their definitions. For each prognostic factor, we extracted the reported measure
of association (i.e. odds ratio, risk ratio or hazard ratio) and the level of comparison. We extracted both
univariable and multivariable prognostic factor’s effect estimates, whenever available [5, 8].

Risk-of-bias assessment
The presence of bias in the eligible studies was assessed independently by two researchers (VB, LB) using
the Quality in Prognosis Studies (QUIPS) tool. QUIPS assesses six domains: participation, attrition,
prognostic factor measurement, adjustment for other prognostic factors, outcome measurement,
and statistical analysis and reporting [5, 14]. In each domain, risk of bias was assessed as low, moderate or
high based on a pre-specified set of questions.

Statistical analysis
In the absence of a reported prognostic effect size, we calculated the univariable odds ratio and its standard
error from the reported 2×2 contingency table. When zero counts occurred in a cell of the contingency
table, we applied the Haldane–Anscombe correction [15].

For associations examined in at least five studies, we estimated the summary effect estimate and its 95%
confidence interval applying the DerSimonian and Laird random-effects model, because methodological
heterogeneity was expected between the eligible studies [16, 17]. To minimise the effect of different
outcome definitions on between-study heterogeneity, we combined only studies using the same outcome
definition. A statistically significant effect was claimed at p<0.05. Additionally, between-study
heterogeneity was quantified by the I2 statistic [18, 19]. Values >50% and >75% were judged as large and
very large heterogeneity, respectively.

We estimated the 95% prediction interval, which further accounts for the uncertainty for the effect that
would be expected in a new study addressing the same association [16]. We assessed whether there was
evidence for small-study effects using Egger’s regression asymmetry test [20]. The presence of small-study
effects was based on a statistically significant Egger’s test at p<0.10 combined with a more conservative
effect in the largest study of the meta-analysis compared to the effect in the random-effects meta-analysis.

We performed three sensitivity analyses to explore potential sources of between-study heterogeneity by
excluding 1) studies presenting hazard ratios, 2) studies with a sample <100 COVID-19 patients and
3) studies including only individuals with specific comorbidities. Then, we estimated the Spearman
correlation coefficient to examine the correlation of effect estimate, I2 statistic and p-value between the
main analysis and the sensitivity analyses.

In addition, we examined which associations presented a highly significant effect at p<0.005, absence of
large or very large between-study heterogeneity (i.e. I2<50%), 95% prediction interval excluding the null
value, >1000 events and absence of small-study effects. The rationale for the use of a strict p-value
threshold is based on current recommendations to avoid false-positive findings [21–23].

Statistical analysis was performed on R Statistical Software (version 3.6.3; Foundation for Statistical
Computing, Vienna, Austria) and the packages “metaphor” and “metareg” were used for all analyses.
Additional details on the eligibility criteria, the data extraction process and the risk of bias assessment are
presented in the supplementary material.

Results
Description of eligible articles
We screened 36661 articles, and we identified 428 eligible articles that were published between 1 January
2020 and 26 July 2020 and were included in a meta-analysis (figure 1). The majority of the
eligible studies were from China (n=106), USA (n=98), Italy (n=65), Spain (n=34), France (n=26) and UK
(n=20).

Risk-of-bias assessment
424 (99%) out of 428 eligible articles that participated in at least one meta-analysis were graded as having
high risk of bias in at least one domain (figure 2). To specify on domains, high risk of bias was present in
302 (71%) articles for study participation, one (0.2%) article for study attrition, 255 (60%) articles for
prognostic factor measurement, 19 (4%) articles for outcome measurement and 396 (93%) articles for
statistical analysis and reporting. 389 (91%) articles did not present a prognostic factor’s effect estimate
that was adjusted for other prognostic factors. Detailed assessment of the eligible articles per domain is
presented in supplementary table S1.
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Description of clinical outcomes and prognostic factors
We performed 263 meta-analyses focused on risk for mortality (89 meta-analyses), hospital admission
(50 meta-analyses), intensive care unit (ICU) admission (48 meta-analyses), two composite outcomes
(24 meta-analyses), invasive mechanical ventilation (23 meta-analyses), acute kidney injury (nine
meta-analyses), venous thromboembolism (six meta-analyses), pulmonary embolism (five meta-analyses),
acute respiratory distress syndrome (five meta-analyses) and deep venous thrombosis (four meta-analyses).

Overall, we evaluated 91 unique prognostic factors, which were categorised into seven categories: biomarkers
(16 meta-analyses, 11 unique factors), comorbidities (120 meta-analyses, 30 unique factors), imaging markers
(seven meta-analyses, four unique factors), demographic characteristics (25 meta-analyses, three unique
factors), environmental factors (eight meta-analyses, two unique factors), medications (28 meta-analyses, 12
unique factors), and symptoms or clinical signs (59 meta-analyses, 29 unique factors).

Findings from meta-analyses
The median (interquartile range (IQR)) number of studies per meta-analysis was 9 (6–14); the median
number of events per meta-analysis was 1195 (514–2937); and the median number of COVID-19
participants per meta-analysis was 5131 (2394–13395). 157 (60%) out of 263 meta-analyses included
>1000 events. 149 (57%) out of 263 meta-analyses presented a statistically significant effect at p<0.05,
whereas 119 of them had a p-value <0.005.

137 (52%) out of 263 meta-analyses presented large or very large between-study heterogeneity (I2⩾50%).
48 (18%) out of 263 meta-analyses presented a 95% prediction interval that excluded the null value. In
addition, 18 (7%) out of 263 meta-analyses presented evidence for small-study effects. The results of the
meta-analyses for the 263 associations are available in supplementary table S2.

Out of the 149 statistically significant meta-analyses at p<0.05, 16 meta-analyses included >1000 events, had
p<0.005 in the random-effects model, I2<50%, 95% prediction interval excluding the null value and absence
of small-study effects. These meta-analyses examined the effect of obstructive sleep apnoea (OR 2.11, 95%
CI 1.54–2.89) and history of venous thromboembolism (OR 2.35, 95% CI 1.75–3.14) on risk of
hospitalisation; the effect of female sex (OR 0.53, 95% CI 0.46–0.59) on risk of ICU admission; the effect of
coronary heart disease (OR 1.69, 95% CI 1.43–1.99) on risk of acute kidney injury; the effect of cancer (OR
1.57, 95% CI 1.25–1.98) and female sex (OR 0.62, 95% CI 0.55–0.71) on risk of invasive mechanical
ventilation; and the effect of angiotensin-converting enzyme inhibitors (ACEi) (OR 1.38, 95% CI 1.20–1.59),
cancer (OR 2.14, 95% CI 1.86–2.45), chronic liver disease (OR 1.46, 95% CI 1.24–1.72), COPD (OR 2.19,
95% CI 1.88–2.55), dementia (OR 3.12, 95% CI 2.50–3.90), any immunosuppressive medication (OR 1.22,

36 661 articles reviewed by title

screening

16 550 articles reviewed by abstract

screening

2255 articles reviewed by full-text

screening

428 eligible articles describing ≥1 association of a prognostic factor with 

a clearly defined outcome for which a meta-analysis was feasible

FIGURE 1 Flow chart of literature search for individual prognostic
factors in patients with coronavirus disease 2019.
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95% CI 1.12–1.34), peripheral arterial disease (OR 2.07, 95% CI 1.55–2.75), pharyngalgia (OR 0.58, 95%
CI 0.46–0.71), rheumatological disease (OR 1.41, 95% CI 1.27–1.57) and smoking (OR 1.50, 95% CI 1.35–
1.66) on risk of mortality. 13 additional meta-analyses fulfilled the aforementioned characteristics but had a
95% prediction interval that included the null value. These meta-analyses assessed the effect of ACEi on risk
of hospitalisation, the effect of cardiovascular disease, chronic kidney disease, chronic lung disease and
diabetes mellitus on risk of ICU admission, the effect of ACEi/angiotensin receptor blockers (ARBs) and sex
on risk of acute kidney injury, the effect of body mass index on risk of invasive mechanical ventilation, the
effect of chronic kidney disease and sex on the risk of a composite outcome (defined as ICU admission or
death) and the effect of ARBs, insulin and low white blood cell count on risk of mortality. A forest plot of
the 29 associations with >1000 events, p-value <0.005, I2<50% and no evidence of small-study effects is
presented in figure 3. These 29 associations are visualised in a Sankey diagram (figure 4).

Sensitivity analyses
We repeated 57 meta-analyses after excluding the studies that reported only hazard ratios without
information on the 2×2 contingency table (supplementary table S3). Overall, we observed high correlation
of summary effect estimates (ρ=0.98, p<0.05), p-values (ρ=0.96, p<0.05) and I2 statistics (ρ=0.95, p<0.05)
before and after the exclusion of these studies.

192 meta-analyses were repeated after the exclusion of studies with <100 COVID-19 participants
(supplementary table S4). Overall, we observed high correlation of summary effect estimates (ρ=0.99,
p<0.05), p-values (ρ=0.96, p<0.05) and I2 statistics (ρ=0.96, p<0.05) before and after the exclusion of
these studies.

103 meta-analyses were repeated after the exclusion of studies including only COVID-19 patients with a
specific comorbid disorder (supplementary table S5). Overall, we observed high correlation of summary
effect estimates (ρ=0.99, p<0.05), p-values (ρ=0.98, p<0.05) and I2 statistics (ρ=0.98, p<0.05) before and
after the exclusion of these studies.
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FIGURE 2 Risk-of-bias assessment (using Quality in Prognosis Studies tool) based on six domains across 428
eligible articles for adverse outcomes in patients with coronavirus disease 2019.
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Discussion
We conducted a comprehensive systematic review and meta-analysis to present an overview of the
prognostic factors associated with any adverse outcome in patients diagnosed with COVID-19. We applied
state-of-the-art approaches to combine the data from more than 420 studies by following the relevant
methodological guidance. In our research effort, we considered more than 260 associations covering a wide
range of predictors for multiple outcomes in COVID-19 patients. More than half of these associations
presented a nominally significant effect, and only 16 of them provided strong evidence in terms of sample
size, statistical significance, consistency and lack of small-study effects. We discuss the findings of our
research effort with a focus on the most credible predictors, and the potential biases in these associations.

Principal findings in context
Our risk-of-bias assessment indicated that almost all the eligible studies of our systematic review presented
high risk of bias in at least one domain of the QUIPS tool. Most articles had high risk of bias in the
domains of participation and statistical analysis and presented several statistical pitfalls, including absence
of a regression technique or inappropriate modelling strategy and handling of missing data, and poor
reporting of the time horizon of prediction. In accordance with the systematic review of prognostic and
diagnostic models for COVID-19 [24], our systematic review of individual prognostic factors also indicated
poor reporting of the length of follow-up, exclusion of participants who had not experienced the event of
interest by the end of the study period and inappropriate statistical methods. Our meta-analyses focused on
unadjusted effect estimates, indicating that the prognostic effect of some prognostic factors is likely to
become smaller in a multivariable prediction model [5]. We could not combine adjusted effect estimates,
because they were scarcely reported in the literature. Whenever adjusted effect estimates were presented,
selection of covariates was not consistent among different studies, whereas the selection of covariates in
the multivariable model either was not clearly described in the eligible studies or was inappropriately
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FIGURE 3 Forest plot of the 29 associations that had >1000 events, p<0.005, I2<50% and absence of small-study effects. ACEi:
angiotensin-converting enzyme inhibitor; ARB: angiotensin receptor blocker; VTE: venous thromboembolism; ICU: intensive care unit; BMI: body
mass index; WBC: white blood cells.
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based on the results of univariable modelling. An additional observation of our systematic review,
corroborating the poor research practices in this field, was the substantial use of overlapping populations to
examine the same or correlated prognostic factors and/or outcomes in different articles [25–27].

Age and sex constitute known prognostic factors for many chronic diseases. Our analysis confirms that age is
a prognostic factor related to hospitalisation and mortality, and age presents a linear dose–response
association with mortality. Although large between-study heterogeneity was observed in these meta-analyses,
95% prediction intervals excluded the null value. In addition, sex was identified as a prognostic factor for
ICU admission, acute kidney injury, invasive mechanical ventilation and a composite outcome (defined as
ICU admission and death). In these associations small or moderate between-study heterogeneity was
observed, but 95% prediction intervals included the null value for acute kidney injury and composite
outcome. The strong association of age and sex with adverse outcomes in COVID-19 patients indicates that
they should be considered in multivariable prognostic models as covariates.

Symptoms and clinical signs associated with adverse events in COVID-19 patients could be used as “red
flags” for patients requiring enhanced monitoring or treatment [28]. Dyspnoea was a predictor of
hospitalisation; oxygen saturation was a predictor of mortality; and both associations presented large
between-study heterogeneity with 95% prediction intervals excluding the null value. Pharyngalgia was a
predictor of hospitalisation with absence of large between-study heterogeneity and 95% prediction interval
excluding the null value. Additionally, smoking could be considered a prognostic factor of clinical
deterioration because available evidence showed a consistent association of smoking with risk of mortality.

ACEi/ARBs
Coronary heart disease

Obstructive sleep apnoea
History of VTE

Sex

Chronic kidney disease

Chronic lung disease

Diabetes mellitus

Cardiovascular disease

BMI

ACEi

Cancer

Pharyngalgia

WBC

ARBs

Rheumatological disease

Chronic liver disease

Smoking

Peripheral arterial disease

COPD

Insulin
Dementia

Mortality

Invasive mechanical ventilation

ICU admission

Hospitalisation

Composite outcome 1

Acute kidney injury

Any immunosuppressive medication

FIGURE 4 Sankey diagram presenting the 29 statistically significant associations at p<0.005 that had >1000
events, I2<50% and absence of small-study effects. The thickness of each line connecting a prognostic factor
with an outcome depends on the number of studies examining this association. ACEi: angiotensin-converting
enzyme inhibitor; ARB: angiotensin receptor blocker; VTE: venous thromboembolism; BMI: body mass index;
WBC: white blood cells; ICU: intensive care unit.
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Almost half of the meta-analyses examined comorbid diseases as prognostic factors of COVID-19
outcomes. SARS-CoV-2 causes systemic inflammation and multi-organ damage outside the respiratory
system, therefore patients with pre-existing chronic disorders of these organs may be more prone to organ
insufficiency [29]. The most consistent evidence for a prognostic role were obstructive sleep apnoea,
venous thromboembolism, cardiovascular disease, chronic kidney disease, chronic lung disease, diabetes
mellitus, obesity, cancer, chronic liver disease, COPD, dementia, peripheral arterial disease and
rheumatological disease, which predicted the occurrence of at least one prognostic outcome. An important
limitation of the studies examining the prognostic effect of comorbid diseases was the vague reporting of
their definition and ascertainment. This research practice could cause considerable heterogeneity, but we
could not test this hypothesis in subgroup analyses. For example, presence of cardiovascular disease,
chronic lung disease, chronic liver disease and any comorbidity constitute disease groups which might
include different diseases across studies.

12 medications were considered as prognostic factors for COVID-19 patients. More than half of the
relevant meta-analyses examined the prognostic significance of ACEi and ARBs. ACEi were identified as
predictors of hospitalisation and mortality; ARBs were predictors of mortality; and the use of either ACEi
or ARBs presented consistent evidence for an association with acute kidney injury. Among the rest of the
medications, use of any immunosuppressive medication and insulin presented consistent evidence as
predictors of mortality.

A total of 16 meta-analyses were performed for serum biomarkers and two adverse outcomes (i.e.
mortality and ICU admission). Almost all these meta-analyses had a small sample. Only leukopenia
presented consistent evidence for prediction of mortality, but the 95% prediction interval included the null
value. Although the majority of eligible studies dichotomised continuous biomarkers, many of them used
standardised cutpoints. However, several studies did not report the cutpoint used, rendering this
information ineligible for inclusion in meta-analysis. According to published guidance, we only combined
studies that reported the cutpoint used, and used the same cutpoint, to avoid heterogeneity and to increase
interpretability of results.

Comparison with other studies
Our findings on low study quality are in accordance with other systematic reviews that appraised published
studies on COVID-19. A meta-epidemiological study that assessed all literature related to SARS-CoV-2
during the first phase of the pandemic showed that the majority of COVID-19 literature consists of articles
without original data, whereas it assessed all the studies that contained original data and were published
during that period as being at high risk of bias [6]. Moreover, a living systematic review and network
meta-analysis of clinical treatment studies on COVID-19 patients and a recent systematic review of
treatment studies of chloroquine and hydroxychloroquine also highlighted the low methodological quality of
published studies [30, 31]. Furthermore, a systematic review of all prediction models (diagnostic and
prognostic) for COVID-19 patients assessed all models as being at high risk of bias and highlighted the use
of improper statistical analysis [24].

Recommendations and policy implications
There is a growing body of epidemiological studies examining prognostic factors of COVID-19. Due to the
great significance of answering clinical questions related to prognosis of COVID-19, it is important to
highlight the limitations and the gaps of the existing literature to improve the design and the validity of
upcoming studies on COVID-19 prognosis. An important issue that should be raised is the need for
adequate and transparent reporting of methodology and findings in future studies to improve the
applicability of the evidence. The reporting of the methods and results of future studies could be improved
by following the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE)
statement and the Prognosis Research Strategy (PROGRESS) framework [12, 32]. Future studies should
include a detailed description of the recruitment process and sample selection, apply an appropriate
regression modelling technique for the statistical analysis and present prognostic effects adjusted at least
for age and sex. The time horizon for the prediction should be reported clearly and hazard ratios should be
the effect size metric of choice for dichotomous outcomes, because odds ratios and risk ratios are sensitive
to changes based on the time horizon of the prediction contributing to between-study heterogeneity.
Furthermore, selective reporting of findings should be avoided to minimise the effect of publication bias in
the reported associations.

Based on a comprehensive systematic review of COVID-19 related prediction models, it is more
appropriate to base the selection of predictors for model building on previous literature than on a purely
data-driven approach [24]. Considering that our meta-analyses synthesised unadjusted prognostic effect
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estimates, our findings do highlight the prognostic factors that could constitute reliable
individual predictors for adverse events in patients with COVID-19. Our findings could be used as a pool
for candidate predictors in future efforts to develop a new prediction model or update existing ones for
COVID-19 patients.

Strengths and limitations
The major strength of our study is that it provides an overall mapping, and statistical synthesis of all
published studies examining prognostic factors for multiple health outcomes in COVID-19 patients. We
especially focused on including only studies with non-overlapping populations in each meta-analysis. This
was achieved through detailed scrutiny of the methodology of eligible articles to capture the period of
recruitment, and the hospital setting of each study. Furthermore, we enhanced our systematic review and
meta-analysis by a risk-of-bias assessment using the QUIPS tool to identify the domains that could
introduce bias to the prognostic factor’s effect estimates.

However, our study has some limitations. We observed high risk of bias in at least one domain in almost
all the studies, and this fact could lead to biased prognostic factor’s effect estimates in the meta-analyses.
Furthermore, half of the meta-analyses presented large between-study heterogeneity, but sources of
heterogeneity could not be adequately explored due to poor reporting in the majority of articles. Potential
sources of heterogeneity include different sampling methods and duration of follow-up, varying diagnostic
criteria for COVID-19, inclusion of COVID-19 patients of various severity groups or stages of disease and
use of different treatment regimens between studies. Incomplete reporting did not allow us to examine the
effect of these characteristics on the summary effect of meta-analyses by subgroup analyses, sensitivity
analyses or meta-regression. Moreover, a meta-analysis was not feasible for outcomes that were not defined
in a standardised manner across different studies, such as progression of COVID-19, acute myocardial
injury and acute liver injury.

Conclusions
Our article systematically identified and assessed all the studies examining prognostic factors for adverse
outcomes in patients with COVID-19 published before the end of July 2020. We made an exhaustive and
comprehensive effort to assess the quality of the studies and to exclude all possible duplicate studies and
studies including overlapping population to avoid inflation of the reported summary effects. Our findings
could facilitate the selection of candidate predictors for development or update of multivariable prognostic
models.
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