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. Background The coronavirus (COVID-19) pandemic 2

caused enormous adverse socioeconomic impacts world-
wide. Evidence suggests that the diagnostic accuracy of clin-
ical features of COVID-19 may vary among different pop-
ulations.

Methods We conducted a systematic review and meta-anal-
ysis of studies from PubMed, Embase, Cochrane Library,
Google Scholar, and the WHO Global Health Library for
studies evaluating the accuracy of clinical features to predict
and prognosticate COVID-19. We used the National Insti-
tutes of Health Quality Assessment Tool to evaluate the risk
of bias, and the random-effects approach to obtain pooled
prevalence, sensitivity, specificity, and likelihood ratios.

Results Among the 189 included studies (53659 pa-
tients), fever, cough, diarrhoea, dyspnoea, and fatigue were
the most reported predictors. In the later stage of the pan-
demic, the sensitivity in predicting COVID-19 of fever and
cough decreased, while the sensitivity of other symptoms,
including sputum production, sore throat, myalgia, fatigue,
dyspnoea, headache, and diarrhoea, increased. A combi-
nation of fever, cough, fatigue, hypertension, and diabetes
mellitus increases the odds of having a COVID-19 diagno-
sis in patients with a positive test (positive likelihood ratio
(PLR)=3.06)) and decreases the odds in those with a neg-
ative test (negative likelihood ratio (NLR)=0.59)). A com-
bination of fever, cough, sputum production, myalgia, fa-
tigue, and dyspnea had a PLR=10.44 and an NLR=0.16
in predicting severe COVID-19. Further updating the um-
brella review (1092 studies, including 3342969 patients)
revealed the different prevalence of symptoms in different
stages of the pandemic.

Conclusions Understanding the possible different distri-
butions of predictors is essential for screening for potential
COVID-19 infection and severe outcomes. Understanding
that the prevalence of symptoms may change with time is

i important to developing a prediction model.
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Since the initial cases identified in Wuhan, China, the coronavirus disease (COVID-19) has spread world-
wide at an alarming rate, changing our daily lives, causing millions of deaths, and resulting in an adverse so-
cio-economic impact worldwide [1,2]. The World Health Organization (WHO) declared COVID-19 a global
pandemic in March 2020; since then, countries across the world have been struggling to contain its spread [3].

With thousands of research articles already indexed in PubMed, the WHO database, and other bibliographic
databases [4], data on the incidence, risk factors, case fatality rate, and clinical features of COVID-19 have
been growing daily. Interestingly, the reported case fatality rates differ by clinical characteristics and by
country [5-7]. As the number of COVID-19 cases remains high with newer variants emerging [8], its clin-
ical features, epidemiological characteristics, and risk factors for mortality are still not completely under-
stood [9-12]. Several systematic reviews and meta-analyses have characterised the prevalence, risk factors,
and clinical presentations of COVID-19 [13-18], yet there is no comprehensive evidence synthesis of the
predictability and prognostication of clinical features of COVID-19.

One essential measure to prevent COVID-19 from spreading is the timely recognition of infected patients.
An increased understanding of the predictability of its clinical features could significantly improve public
health interventions needed to contain the pandemic, and evidence suggest that the predictive value of the
clinical features of COVID-19 could vary among different populations [16,19,20]. We conducted a system-
atic review and meta-analysis to provide an up-to-date qualitative and quantitative synthesis of evidence of
the epidemiology, clinical characteristics, laboratory data, and outcomes of patients with COVID-19 among
different age groups, countries, and outbreak stages.

METHODS

We performed the study following the Meta-Analysis Of Observational Studies in Epidemiology (MOOSE)
[21] and the Preferred Reporting Items for Systematic Reviews and Meta-analysis (PRISMA) 2020 guidelines
[22,23], registering the protocol in PROSPERO (CRD42020176289) [24].

Search strategy

We searched PubMed, EMBASE, Cochrane Library, Google Scholar, and WHO Global Health Library using
keywords related to COVID-19 for articles published between 1 December 2019 and 30 April 2020. Addi-
tionally, we used the snowball search approach and hand-searched the references of the included articles to
ensure all relevant studies were included [25]. For updating the umbrella review, we searched PubMed and
Scopus for articles published between 1 November 2019 and 31 August 2021 (see Table S1 in the Online
Supplementary Document for detailed search strategy).

Eligibility criteria

We included cohort, cross-sectional, case-control, and case-series studies reporting the risk factors, clinical
features, and outcomes of patients with COVID-19 confirmed by a positive result of reverse-transcriptase
polymerase-chain-reaction of SARS-CoV-2. We did not set language restrictions to avoid language bias [20].
We also included articles that reported outcomes of patients without restriction to clinical settings (inpa-
tients, outpatients, or general population). We excluded studies with pregnant women and neonates (owing
to many asymptomatic evaluations), non-peer reviewed studies, non-human studies, non-original studies,

duplicates, reviews, book series, case reports, case series with fewer than four subjects, and studies with
ambiguously described data (e.g. “fever or cough”).

Primary and secondary outcomes

The primary outcomes were the diagnostic performance of symptoms, demographics, comorbidities, and lab-
oratory data in predicting COVID-19 infection in different stages of the pandemic. The secondary outcomes
were the performance of predictors in prognosticating severe COVID-19 infection (e.g. mortality, pneumo-
nia, ICU hospitalization). Applying the PICO framework, the two outcomes could be expressed as follows:

Diagnostic:
P: Patients with suspected COVID-19 infection
I: Symptoms, demographics, comorbidities, and laboratory data
C: Confirmed COVID-19 infection
O: Performance in predicting COVID-19 infection
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Symptoms of COVID-19 in different stages of pandemic

Prognostic
P: Patients with confirmed COVID-19 infection
I: Symptoms, demographics, comorbidities, and laboratory data
C: Severe COVID-19 infection (e.g. mortality, pneumonia, ICU hospitalisation)
O: Performance in prognosticating severe COVID-19 infection

Data extraction

We extracted data on study characteristics (e.g. author, country, study design, date of a study conducted,
numbers of participants), patient characteristics (e.g. age, gender, ethnicity, comorbidities), symptoms (e.g.
degree of fever, cough), laboratory data (e.g. white blood cell (WBC) and lymphocyte counts) and adverse
outcomes (e.g. severity, mortality, hospitalisation). If the studies lacked information, we contacted their au-
thors for the relevant data. We transformed medians and interquartile ranges into means and standard de-
viations, and standard errors into standard deviations, following the methodology proposed by Wan et al.
[27]. In studies with overlapping patient populations, we included the most up-to-date and complete data.
Additionally, we examined published systematic reviews on COVID-19 to ensure no study was missed.
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Study quality assessment

We used the National Institute of Health in the USA (NIH) Quality Assessment Tool to assess the quality
of studies [28] (Table S2 in the Online Supplementary Document). Two reviewers screened the titles and
abstracts, followed by the full texts of the remaining articles, after which they performed the data extraction
and quality assessment, resolving discrepancies through discussion with a senior reviewer (CKF).

Data synthesis

The summary measures estimated in this meta-analysis were means, standard deviations, prevalence, and
weighted mean differences (WMDs), depending on the outcome. We used the WMD to summarise contin-
uous variables such as WBCs and lymphocyte counts between severe and non-severe COVID-19 infection.
We used the random-effects models to pool estimates of the prevalence of symptoms with the maximum
likelihood methods and variance stabilising transformation [29-31]. While addressing the challenge of pool-
ing the proportion of a symptom in cases where it was not reported, four common approaches are suggest-
ed. The first is to exclude studies without data on the symptom, while the second is to include studies that
reported a zero proportion for the symptom. The third approach is to assume a fixed value for missing data,
while the fourth is to use a model-based imputation method. The implications of each approach must be con-
sidered and sensitivity analyses conducted to assess the robustness of the results. Furthermore, meta-anal-
yses with missing data require careful consideration and should be performed by experienced researchers
with expertise in this field. We adopted the first approach, since studies that miss certain symptoms in the
early stage could indicate that our society has not thoroughly recognised the manifestation of COVID-19
infection. Additionally, some eligible studies had a prevalence of various predictors equal to zero; hence,
we computed the pooled estimates using the Freeman-Tukey double arcsine transformation [32]. We then
used the bivariate random-effect models in synthesising evidence of diagnostic accuracy [33]. We also used
the hierarchical summary receiver operating characteristic (HSROC) models, as proposed by Rutter and
Gatsonis [34], to calculate the pooled sensitivity and specificity, and the area under the summary receiver
operating characteristic (AUHSROC) curve.

We used the Fagan nomogram [35-37] to illustrate how clinicians could apply predictors to their daily prac-
tice. A nomogram is a two-dimensional graphical tool used for estimating the post-test results given a spe-
cific pre-test probability and the likelihood ratio of the predictor. We based the nomogram on the combina-
tion of the likelihood ratios of a series of predictors obtained from the meta-analysis.

We further examined the statistical heterogeneity visually inspecting forest plots, performing Cochran’s Q
test, and calculating the I* statistics [38]. For the I* statistic, we considered values of <25%, 25-50%, and
50-75% as low, moderate, and high heterogeneity, respectively [38,39]. We determined the statistical sig-
nificance of heterogeneity using the Cochrane Q test at a P<0.1.

Publication bias

We examined potential publication bias by visually inspecting funnel plots using sample size as the mea-
sure of precision on the y-axis in dealing with extremely low or high prevalence, rank correlation test, and
Egger’s regression test [40].
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Sensitivity analyses

We conducted sensitivity analyses to examine how the estimates changed according to study quality, trans-
formation methods, study designs (sub-classified into cohort, case-series, and case-control studies), coun-
try, stage of the outbreak (displayed by date), age of patients (categorised into adults (>18 years) and chil-
dren), and threshold of fever. We sub-classified ethnicity into Chinese and Non-Chinese settings. We used
the random-effects Q-test for heterogeneity evaluate the difference between subgroups. For between-study
heterogeneity, we performed the outlier analysis to explore the source of heterogeneity that may have been
caused by one or more studies with extreme effect sizes. We further performed multivariable meta-regres-
sion analyses with bivariate binomial mixed-effect models to explore the sources of heterogeneity.

We conducted all statistical analyses with the “meta” package for general meta-analysis, and “meta4diag’or
HSROC” packages for diagnostic meta-analysis in R version 3.6.3. (R Foundation for Statistical Computing,
Vienna, Austria) and Stata 15.1 (Stata Corporation, College Station, Texas, USA).
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RESULTS

Study selection and characteristics of the included studies

We included 189 of 5180 reports retrieved by the initial search in the meta-analysis (Figure 1). Because of
the ongoing pandemic, we further updated 982 reports from databases for umbrella review. After removing
79 duplicates, we finally included 1092 reports, and analysed the period effects on the clinical presentations
(see search strategy in Table S1 in the Online Supplementary Document).

Identification of studies via databases and registers Identification of studies for further umbrella review
4,840 records removed before screening due to:
5 5,180 records identified from: ‘Duph_caFe phidies : vy
= PubMed (n = 470) 'iott (}):lgma] s:::y 98; r:n;;ris 1df-nt$:ed 79 recc;—ds :e‘moved
£ EMBASE (n = 606) » 25 1? ; ulm:n 2 . Y p bliled (=d0c) 1 He e
_ "ING clhical characrerisnc Scopus (n = 576) ‘Duplicate studies
g WHOm=4108 ‘Not the same research question
‘Case report
" ! 151 reports not retrieved due to: v
£ “No full text available for further detailed
5 340 reports sought for retrieval > t Aeepennecslitor
assessmen retrieval
(ﬁ ‘Pre-print studies
‘Letter to editors
189 reports of included studies
<]
o for meta-analysis
=
E L
1,092 reports for further updated

umbrella review

Figure 1. Flowchart of study identification, screening, inclusion, and exclusion in the systematic review, and further updating umbrella
review. According to The PRISMA 2020 statement, the definitions of report, record, and study were as following: Report —a document
supplying information about a particular study. Record — the title or abstract of a report indexed in a database or website. Study — an
investigation, such as a clinical trial, that includes a defined group of participants, interventions, and outcomes.

Most of the reports included in the initial systematic review were cohort studies (n=129), followed by case
series (n=52) and case-control studies (n=8). We included reports from 11 countries, and 171 studies re-
ported data from China. The adults in the included studies had an average age of 50.4 years. The most re-
ported symptoms were fever (n=182), cough (n=169), diarrhoea (n=110), dyspnoea (n=95), and fatigue
(=94 (see Table S3 in the Online Supplementary Document for detailed study characteristics).
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Because the COVID-19 pandemic continued, we further updated studies to better understand period ef-
fect. At this stage, most reports were from cohort studies (n=712), followed by case series (n=317), and
case-control studies (n=63).

Distribution of symptoms of patients with COVID-19

We included variables such as mortality rates, the prevalence of severity of COVID-19 infection, fever, cough,
sputum production, sore throat, myalgia, fatigue, dyspnoea, headache, nausea, and diarrhoea in the me-
ta-analyses (Table S3 in the Online Supplementary Document).

After incorporating the updated data, fever (69%; 95% confidence interval (CI)=68, 71) and cough (54%;
95% CI=52, 56) were the two most common symptoms. In the later stage of the pandemic, the two symp-
toms decreased in sensitivity in predicting COVID-19. The sensitivity of other symptoms (sputum produc-
tion, sore throat, myalgia, fatigue, dyspnoea, headache, and diarrhoea) increased (Figure 2).
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Figure 2. Panel A. Sensitivity of fever, cough, fatigue and dyspnoea in COVID-19 decreases with the stage of the outbreak. Panel B.
Sensitivity of fever, and cough mildly increase with age in diagnosis. Other figures are presented in Figure S3 in the Online Supple-
mentary Document.

www.jogh.org e doi: 10.7189/jogh.13.06026 5 2023 « VOL. 13 « 06026



Chenetal

o
S‘ N e The overall sensitivity of fever among COVID-19
S S —) cases reported in 1092 reports was 69% (95%
8 I & G:m;mn Cl1=68, 71) (Figure 3). The sensitivity of fever was
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Qﬁ Cough+
§ FW%;_ . - The overall prevalence of severe cases among
) S —a patients with COVID-19 reported in 27 stud-
= Fever G579 1 — ies was 31% (95% CI=25, 37). The most present
Fever A symptoms of severe cases were fever (89%; 95%
% ; 40(9 on o0 CI=83, 92), followed by cough (71%; 95% CI=63,
roportion (95% C.I.

78). The severe cases had a significantly higher
Figure 3. Forest plot for the proportion of symptoms and outcomes in patients ~ WBC counts (WMD =1.06x 10%/L; 95% CI=0.36,
with COVID-19 among the overall and different age groups. The definitions 1.77, P<0.01) and lower lymphocyte counts
of the threshold for fever vary in different studies included. Fever of different  (_0.38x 10%/L: 95% CI=-0.47, -0.3: P<0.01), while

thresholds (37.3°C, 38.0°C, 39.0°C) are displayed here. the pooled WBCs for severe and non-severe cases

were 5.89x 10%L (95% Cl=5.45, 6.33) and 5.00
x10%/L (95% CI=4.75, 5.26), respectively, and the pooled lymphocyte counts for severe and non-severe
cases were 0.78 x 10%L (95% CI=0.72, 0.84) and 1.16 x 10°/L (95% CI=1.10, 1.23), respectively (Figure 4).
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Figure 4. Panel A. Weighted mean differences of white blood cell counts between severe and non-severe patients with
COVID-19. Panel B. Weighted mean differences of lymphocyte count between severe and non-severe patients with
COVID-109.

Diagnostic and prognostic performance analysis

The studies for diagnostic and prognostic performance analysis only included adult patients. The most sen-
sitive symptom in diagnostic of patients with COVID-19 was fever, with a fair pooled sensitivity of 83%
(95% CI=73, 90), but a poor overall performance (AUHSROC=0.55; 95% CI=0.51, 0.60) (Figure 5, panel
A). The most specific predictor in predicting COVID -19 was fatigue (96%; 95% CI=80, 99), followed by
diabetes mellitus (85%; 95% Cl=77, 91), and hypertension (74%; 95% Cl=60, 84) (Figure 5, panel A). The
overall PLR to predict COVID-19 of the combination of five predictors (fever, cough, fatigue, hypertension,
and diabetes mellitus), was 3.06, whilst the overall NLR was 0.59.

Fever was also the most sensitive symptom in predicting severe COVID-19 cases (89%; 95% CI=83, 92), fol-
lowed by cough (71%; 95% CI1=63, 78) (Figure 5, panel B). The most specific predictor of severe COVID-19
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Figure 5. Forest plots. Panel A. Performance of predictors in detecting COVID-19 infection. Panel B. Performance of predictors in prog-
nosticating severe COVID-19 infection. DOR — diagnostic odds ratio, PLR — positive likelihood ratio, NLR — negative likelihood ratio,
AUROC — area under the receiver operating characteristic. Forest plots.

was chronic obstructive pulmonary disease (COPD) (99%; 95% CI=98, 99), followed by diabetes mellitus
(93%; 95% C1=91, 95), hypertension (87%; 95% Cl=84, 89), and dyspnoea (87%; 95% Cl=75, 93) (Figure
5, panel B). Moreover, we developed the nomogram to aid in predicting the risk of severe COVID-19 infec-
tion (Figure S1 in the Online Supplementary Document). The overall PLR in predicting severe COVID-19
of the combination of six symptoms (fever, cough, sputum production, myalgia, fatigue, and dyspnoea)
was 10.44, while the overall NLR was 0.16.

Adverse outcome assessment

The overall pooled mortality rate among the reported COVID-19 cases was 10% (95% CI=6, 14) (Table S3
in the Online Supplementary Document). In sub-group analyses, mortality rates were lower among chil-
dren, (0% vs 12%; P<0.0001), in Chinese studies (9% vs 15%; P>0.05) and in cohort studies compared
to case series (9% vs 17%; P>0.05), respectively (Table S3 in the Online Supplementary Document).

Publication bias

We found significant publication bias by Egger’s test in the following symptoms: fever, cough, sore throat,
myalgia, fatigue, dyspnoea, headache, nausea, and diarrhoea (Table S3 in the Online Supplementary
Document).

Sensitivity analyses

Interestingly, we found sensitivity of fever was strongly correlated with the thresholds (75% for 37.3°C, 45%
for 38°C, and 16% for 39°C) chosen based on clinical practice guidelines or previous studies which used
them to define fever in adults. We found no significant difference among different transformation methods
such as logit transformed (PLO), arcsine transformation (PAS), Freeman-Tukey double arcsine transform
(PFT), and generalised linear mixed model (GLMM) (Table S4 in the Online Supplementary Document).
However, we found substantial heterogeneity with I*>75% in mortality, the prevalence of severe COVID-19,
and symptoms including fever, cough, sputum production, sore throat, myalgia, fatigue, dyspnoea, head-
ache, nausea, and diarrhoea (Table S3 in the Online Supplementary Document). Some prevalence of the
symptoms among patients with COVID-19 ranged widely among different study designs. In case-control
studies, the prevalence of fever, cough, myalgia, fatigue, and nausea was found to be higher than in the
cohort studies (Table S3 in the Online Supplementary Document). After removing 31 studies by outlier
analysis, the pooled mortality rate decreased insignificantly from 10% to 9% (Egger’s test=-2.375; P>0.05)
(Table S5 in the Online Supplementary Document). After including the studies retrieved from the updated
search, we still found the sensitivity of fever was strongly correlated with the thresholds (66% for 37.3°C,
44% for 38°C, and 12% for 39°C). We found no statistically significant differences between the included
case series studies and other studies.

Meta-regression results

We identified the correlation between the sensitivity of symptoms like fever, cough, fatigue, and dyspnoea,
and the potential confounders, such as the outbreak stage, age, and comorbidities.
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The sensitivity of fever in COVID-19 cases decreased with the stage of the outbreak (Figure 2, panel A).
The threshold of 37.3°C is best correlated with the overall trend. Similarly, symptoms, such as cough, fa-
tigue, and sputum production were negatively correlated with outbreak stage.

The sensitivity of fever, cough, and fatigue was positively correlated with age (Figure 2, panel B). In con-
trast, diarrhoea, headache, and sore throat were negatively correlated with age.

Quality assessment

Most studies lacked adequate justification of sample size and blinding of the outcome assessment (Fig-
ure S2 in the Online Supplementary Document). The other common risks of bias were the lack of con-
founder adjustment, prospective measurement of exposure, sample size justification, and blinding of the
outcome assessment. In the subsequent sensitivity analysis, we found predictors such as fever, headache,
and sore throat could be over-estimated in non-prospectively measured exposure and the lack of concur-
rent controls.

DISCUSSION

To our knowledge, this is the largest meta-analysis to evaluate predictors for COVID-19 and severe
COVID-19 infection, encompassing 1092 studies with 3342 969 patients. In our quantitative synthesis,
approximately one in five test-positive adults were not febrile, and we found that the sensitivity threshold
of fever should be 37.3°C. We found a lower prevalence (i.e. sensitivity) of symptoms among patients with
COVID-19 than in the earlier studies, and demonstrated that the stage of the outbreak is an important con-
founding factor. We also presented two nomograms (Figure S1 in the Online Supplementary Document)
with satisfactory positive and negative likelihood ratios by combining symptoms to provide direction to
the front-line clinicians in their daily practice confronting the COVID-19 pandemic.

We found lower sensitivity of symptoms among patients with COVID-19 than in the previous smaller-scale
systematic reviews and meta-analyses [41,42]. We found that the most reported predictors were fever, cough,
diarrhoea, dyspnoea, and fatigue, in line with other studies [43]. One systematic review and meta-analysis
of seven studies indicated fever as the most prevalent clinical symptom (91.3%; 95% CI=86, 97), followed
by cough (67.7%; 95% CI59, 76), fatigue (51.0%; 95% Cl=34, 68) and dyspnoea (30.4%; 95% CI=21, 40)
[41]. Similarly, two larger systematic reviews and meta-analyses of over twenty studies consisting of pa-
tients with more severe infections had similar findings [18,42].

Cochrane published an updated systematic review with 90 studies and conducted meta-analyses for 13
symptoms (fever, dyspnoea, cough, diarrhoea, sore throat, fatigue, rhinorrhoea, headache, anosmia or age-
usia, ageusia, myalgia, chills/shivers) [10]. In its previous version, fever (53.8%; 95% CI=35.0, 75.7) and
cough (67.4%; 95% C1=59.8, 74.1) were the most sensitive symptoms [11]. However, the updated study
[10] found that cough was the only symptom with a sensitivity of over 50% (95% CI=50.6, 72.9), while
fever showed a decreased sensitivity of 37.6% (95% Cl=23.4, 54.3), indicating that outbreak stage affected
sensitivity. The study also highlighted existing selection bias, because of selective and non-random inclu-
sion, and identified spectrum bias.

However, a recent systematic review and meta-analysis [44] had 10% lower estimates than prior ones,
which is in line with our findings. However, the authors did not examine the risk of bias in the included
studies and they only used the dichotomized fever.

The different prevalence of fever among patients with COVID-19 infection might also be attributed to dif-
ferent thresholds used in the studies. We found that the prevalence of fever (e, sensitivity) in patients with
COVID-19 ranged from 67% for 37.3°C to 44% for 38°C. Since a thermal detector may the only measure
used to screen potential patients with COVID-19 in many resource-limited settings, it is crucial that we
understand the different thresholds and their related sensitivities.

We further explored the effect of different outbreak stages in view of these discrepancies. We found a lower
sensitivity of fever and cough, fatigue, and sputum production among studies conducted at a later outbreak
stage, possibly due to different patient selection, different definitions of the disease syndrome, and differ-
ent resource use. Zhang et al. [45] proposed that the clinical features of patients with COVID-19 might
differ in different outbreak stages . The insufficient understanding of the virus, the shortage of medical re-
sources, and the spectrum of the patients reported might be the reasons that patients in different outbreak
stages had different manifestations [46]. Zhang et al. [45] also indicated that fever and cough appeared at
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the early stage of the COVID-19 infection. Accordingly, clinicians should be attentive of the stage of the
pandemic or epidemic in their practice locations, and the patient’s infection stage.

We also found a lower prevalence of fever, cough, fatigue, dyspnoea, sputum production, and severe cas-
es among younger patient populations. In line with an updated meta-analysis [47], we found that around
half of the paediatric patients with COVID-19 had a fever. It is purposed that children might have an un-
der-developed immune system, which might inversely prevent the likelihood of severe infection induced
by an over-reacting immune response [48].

In this study, we found the pooled mortality rate to be 10% and the prevalence of severe infection to be 31%.
We also found fever as the most sensitive predictor, and COPD was the most specific predictor for severe
COVID-19. These two predictors are not commonly reported in current literature, in which some other
comorbidities such as hypertension, respiratory system disease, and cardiovascular disease are associat-
ed with severity [41,49]. However, our findings for COPD are consistent with the results of previous me-
ta-analyses, which reported that COPD was the strongest comorbidity that predicted severe disease [16,17].
We also found that leukocytosis and lymphopenia were associated with severe COVID-19 along with oth-
er researchers [50,51]. We also provided pooled WBC and lymphocyte counts, along with their weighted
mean difference between severe and non-severe patients with COVID-19 in 27 studies. This phenomenon
is supported by the theory that the T lymphocyte cells (including CD4 and CD8 cells) might be killed by
viruses such as influenza in severe cases and result in profound lymphopenia [52,53].
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Many other confounders could be influencing the diagnostic and prognostic performance of the predictors
in the included observational studies. One of the most important factors is the selection of study popula-
tions. As we indicated in our subgroup analyses, case-control studies tend to give overestimated prevalence
of symptoms among patients with COVID-19. Second, age and many comorbidities could be influencing
the performance of these predictors. According to our multivariable meta-regression results, the preva-
lence of diarrhoea, dyspnoea, myalgia, and headache among patients with COVID-19 increased slightly,
while fever, cough, fatigue, diarrhoea, and nausea decreased slightly. Therefore, we caution the clinicians
to consider different sensitivities in different patient populations.

We provided two nomograms (Figure S1 in the Online Supplementary Document) to assist front-line cli-
nicians in predicting and prognosticating COVID-19 in their daily practice. Assuming the independence of
these symptoms, patients with fever, cough, sputum production, sore throat, myalgia, and fatigue would
be 3-fold more likely to have a positive COVID-19 infection, which could increase a presumed 10% pre-
test probability to 25% post-test probability (Figure 2). Similarly, clinicians could use the combination of
another six predictors, including fever, cough, sputum production, sore throat, myalgia, and fatigue to in-
crease their post-test likelihood 10-fold from a presumed 10% pre-test probability to 54% post-test prob-
ability for severe COVID-19 infection.

We found that, due to the widespread administration of vaccines in the latter half of the pandemic, there
has been a change in the presentation of COVID-19 symptoms among confirmed cases. In 2022, Tian et
al. [54] conducted a systematic review and meta-analysis on the clinical characteristics and presentation
of patients who received COVID-19 vaccinations vs those who did not. The results showed that the vacci-
nated group exhibited a significant reduction in certain clinical symptoms, such as fever and cough. Also,
they found that vaccination could reduce the severity of disease (consistent with the study by Giuseppe et
al. [55]) also found and more patients with asymptomatic infection in the vaccinated group.

We included case series in our study despite their limitations (e.g. lack of a control group, potential for se-
lection bias), as they can provide valuable insights into the characteristics of COVID-19-infected patients.
In the early stage of the pandemic outbreak, only case series were available to provide insight into predict-
ing and prognosticating patients with suspected COVID-19 infection. Accordingly, we performed a sen-
sitivity analysis to evaluate the potential impact and found no statistically significant differences between
the case series and other studies.

Our study has several limitations. First, to maximize the sample size and deliver the most confident esti-
mates of the predictors, we pooled different kinds of studies together. However, in the subsequent sensi-
tivity analyses, we provided further detailed results for the clinicians to use. Second, at the beginning of
the outbreak, patients included in these studies might have more severe disease manifestation, given the
lack of medical resources, attention, and consistent screening and diagnostic criteria. Nevertheless, we also
provided adjusted pooled sensitivity of these predictors in the meta-regression to minimise the influence of
age, comorbidities, and outbreak stage. Third, although we attempted to evaluate the influence of the risk
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of bias in the subgroup analyses, we could not incorporate different risks of bias in different study designs
and were only able to provide the potential influence in the sensitivity analyses. Fourth, few studies pro-
vided results from the control group, which might influence the precision of specificity in our study. Fifth,
smell and taste dysfunction, or olfactory and gustatory dysfunctions, were discussed in different studies as
an important symptom of COVID-19. Previous systematic reviews indicated that the prevalence of olfac-
tory dysfunction and gustatory dysfunctions were 41.0% (95% CI=28.5, 53.9) and 38.2% (95% CI=24.0,
53.6), respectively [560]. However, most studies did not record them as they were not recognised during
the early pandemic stages, so we did not have enough data for an accurate analysis. Sixth, while we con-
verted the median to mean using a commonly employed method, we acknowledge that this approach is
not perfect and may not accurately reflect the true mean in all instances. Seventh, not all symptoms were
reported by all studies. We excluded studies without data on the symptoms, which might falsely inflate
the prevalence of the symptoms. Lastly, the composite criteria of severe COVID-19 used in different stud-
ies might influence the predictor performance.
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CONCLUSIONS

In this systematic review and meta-analysis, approximately one in five test-positive adults were not febrile,
and fever (followed by cough) was the most sensitive symptom in predicting the severity in confirmed
COVID-19 cases, while COPD was the most specific predictor of severe COVID-19.

We found that outbreak stage and age impacted the prevalence of fever, cough and dyspnoea. Understanding
the possible different distribution of predictors is essential to screening for potential COVID-19 infection
and severe outcomes. The combination of symptoms could improve the pre-test probability before screen-
ing for potential infection and severe outcomes.

Acknowledgments: We thank Hsin-Yi Chen, Hsiao-Ling Hsu, Hui-An Tsou, Hung-Chi Chang, Wen-Chia Chao, Yi-
Chin Lin, Chia-Yu Chao, and Yi-Kai Peng for their contribution in this manuscript.

Ethics statement: This meta-analysis study is exempt from ethics approval since the study authors were collecting
and synthesizing data from previous clinical studies in which informed consent has already been obtained by the in-
\\ vestigators.

Data availability: The datasets used and analysed in this study are available from: https:/github.com/wujinja-cgu/
COVID-19-umbrella-SRMA-data.

Funding: The study was supported by the National Science and Technology Council and Chang Gung Memorial Hos-
pital in Taiwan (NSTC 111-2314-B-182-017-MY3 and CMRPG2L0282) and the National Institutes of Health in the USA
(N272201400007C and 75N93021C00045).

Authorship contributions: TW Feng: Validation, Investigation, writing-original draft preparation, writing-review and
editing, Visualization, Supervision. KF Chen: Conceptualization, Methodology, Validation, Investigation, Resources,
Writing-original draft preparation, Supervision, Project administration, Funding acquisition. CC Wu: Software, Val-
idation, Formal analysis, Data curation. All authors have read and agreed to the published version of the manuscript.

Disclosure of interest: The authors completed the ICMJE Disclosure of Interest Form (available upon request from the
corresponding author) and disclose no relevant interests.

Additional material
Online Supplementary Document

1 Guan WJ, Ni ZY, Hu Y, Liang WH, Ou CQ, He JX, et al. Clinical Characteristics of Coronavirus Disease 2019 in China. N
Engl ] Med. 2020;382:1708-20. Medline:32109013 doi:10.1056/NEJM0a2002032

2 Del Rio C, Malani PN. COVID-19-New Insights on a Rapidly Changing Epidemic. JAMA. 2020;323:1339-40. Med-
line:32108857 doi:10.1001/jama.2020.3072

3 Sohrabi C, Alsafi Z, O'Neill N, Khan M, Kerwan A, Al-Jabir A, et al. World Health Organization declares global emer-
gency: a review of the 2019 novel coronavirus (COVID-19). Int J Surg. 2020;76:71-6. Medline:32112977 doi:10.1016/j.
jsu.2020.02.034

4 Paules CI, Marston HD, Fauci AS. Coronavirus Infections-More Than Just the Common Cold. JAMA. 2020;323:707-8.
Medline:31971553 doi:10.1001/jama.2020.0757

5 Battegay M, Kuehl R, Tschudin-Sutter S, Hirsch HH, Widmer AF, Neher RA. 2019-novel Coronavirus (2019-nCoV): es-
timating the case fatality rate - a word of caution. Swiss Med Wkly. 2020;150:w20203. Medline:32031234 doi:10.4414/
smw.2020.20203

2023 ¢ VOL. 13 « 06026 10 www.jogh.org e doi: 10.7189/jogh.13.06026


https://jogh.org/documents/2023/jogh-13-06026-s001.pdf
https://pubmed.ncbi.nlm.nih.gov/32109013
https://doi.org/10.1056/NEJMoa2002032
https://pubmed.ncbi.nlm.nih.gov/32108857
https://pubmed.ncbi.nlm.nih.gov/32108857
https://doi.org/10.1001/jama.2020.3072
https://pubmed.ncbi.nlm.nih.gov/32112977
https://doi.org/10.1016/j.ijsu.2020.02.034
https://doi.org/10.1016/j.ijsu.2020.02.034
https://pubmed.ncbi.nlm.nih.gov/31971553
https://pubmed.ncbi.nlm.nih.gov/31971553
https://doi.org/10.1001/jama.2020.0757
https://pubmed.ncbi.nlm.nih.gov/32031234
https://doi.org/10.4414/smw.2020.20203
https://doi.org/10.4414/smw.2020.20203

Symptoms of COVID-19 in different stages of pandemic

6 Jung SM, Akhmetzhanov AR, Hayashi K, Linton NM, Yang Y, Yuan B, et al. Real-Time Estimation of the Risk of Death from
Novel Coronavirus (COVID-19) Infection: Inference Using Exported Cases. J Clin Med. 2020;9:523. Medline:32075152
doi:10.3390/jcm9020523

7 Wang D, Hu B, Hu C, Zhu F, Liu X, Zhang J, et al. Clinical Characteristics of 138 Hospitalized Patients With 2019
Novel Coronavirus-Infected Pneumonia in Wuhan, China. JAMA. 2020;323:1061-9. Medline:32031570 doi:10.1001/
jama.2020.1585

8 Callaway E. Could new COVID variants undermine vaccines? Labs scramble to find out. Nature. 2021;589:177-8. Med-
line:33432212 doi:10.1038/d41586-021-00031-0

9 Heymann DL, Shindo N, Scientific WHO. Technical Advisory Group for Infectious H. COVID-19: what is next for public
health? Lancet. 2020;395:542-5. Medline:32061313 doi:10.1016/50140-6736(20)30374-3

10 Struyf T, Deeks JJ, Dinnes J, Takwoingi Y, Davenport C, Leeflang MM, et al. Signs and symptoms to determine if a pa-
tient presenting in primary care or hospital outpatient settings has COVID-19 disease. Cochrane Database Syst Rev.
2020;7:CD013665. Medline:32633856

11 Struyf T, Deeks JJ, Dinnes J, Takwoingi Y, Davenport C, Leeflang MM, et al. Signs and symptoms to determine if a patient
presenting in primary care or hospital outpatient settings has COVID-19. Cochrane Database Syst Rev. 2022;5:CD013665.
Medline:35593186

12 Zhou F, Yu T, Du R, Fan G, Liu Y, Liu Z, et al. Clinical course and risk factors for mortality of adult inpatients with
COVID-19 in Wuhan, China: a retrospective cohort study. Lancet. 2020;395:1054-62. Medline:32171076 doi:10.1016/
S0140-6736(20)30566-3

13 LuoL,FuM, LiY,HuS, LuoJ, Chen Z, et al. The potential association between common comorbidities and severity and mortal-
ity of coronavirus disease 2019: A pooled analysis. Clin Cardiol. 2020;43:1478-93. Medline:33026120 doi:10.1002/clc.23465

14 Wang Z, Deng H, Ou C, Liang J, Wang Y, Jiang M, et al. Clinical symptoms, comorbidities and complications in severe and
non-severe patients with COVID-19: A systematic review and meta-analysis without cases duplication. Medicine (Balti-
more). 2020;99:e23327. Medline:33235096 doi:10.1097/MD.0000000000023327

15 Jutzeler CR, Bourguignon L, Weis CV, Tong B, Wong C, Rieck B, et al. Comorbidities, clinical signs and symptoms, laborato-
ry findings, imaging features, treatment strategies, and outcomes in adult and pediatric patients with COVID-19: A system-
atic review and meta-analysis. Travel Med Infect Dis. 2020;37:101825. Medline:32763496 doi:10.1016/j.tmaid.2020.101825

16 Jain V, Yuan JM. Predictive symptoms and comorbidities for severe COVID-19 and intensive care unit admission: a system-
atic review and meta-analysis. Int J Public Health. 2020;65:533-46. Medline:32451563 doi:10.1007/s00038-020-01390-7

17 Fang X, Li S, Yu H, Wang P, Zhang Y, Chen Z, et al. Epidemiological, comorbidity factors with severity and progno-
sis of COVID-19: a systematic review and meta-analysis. Aging (Albany NY). 2020;12:12493-503. Medline:32658868
doi:10.18632/aging. 103579

18 Hu Y, Sun J, Dai Z, Deng H, Li X, Huang Q, et al. Prevalence and severity of corona virus disease 2019 (COVID-19): A
systematic review and meta-analysis. ] Clin Virol. 2020;127:104371. Medline:32315817 doi:10.1016/.jcv.2020.104371

19 Khatami F, Saatchi M, Zadeh SST, Aghamir ZS, Shabestari AN, Reis LO, et al. A meta-analysis of accuracy and sensitivity
of chest CT and RT-PCR in COVID-19 diagnosis. Sci Rep. 2020;10:22402. Medline:33372194 doi:10.1038/s41598-020-
80061-2

20 Watson J, Whiting PF, Brush JE. Interpreting a covid-19 test result. BMJ. 2020;369:m1808. Medline:32398230 doi:10.1136/
bmj.m1808

21 Stroup DF, Berlin JA, Morton SC, Olkin I, Williamson GD, Rennie D, et al. Meta-analysis of observational studies in ep-
idemiology: a proposal for reporting. Meta-analysis Of Observational Studies in Epidemiology (MOOSE) group. JAMA.
2000;283:2008-12. Medline:10789670 doi:10.1001/jama.283.15.2008

22 Moher D, Liberati A, Tetzlaff J, Altman DG. The PG. Preferred Reporting Items for Systematic Reviews and Meta-Analyses:
The PRISMA Statement. PLoS Med. 2009;6:e1000097. Medline:19621072 doi:10.1371/journal.pmed.1000097

23 Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ. 2021;372. Medline:33782057

24 Yunusa I, Wu CC, Chen HY, Hsu HL, Tsou HA, Chang HC, et al. Epidemiology, clinical characteristics, and outcomes of
coronavirus disease: protocol for a systematic review and meta-analysis. PROSPERO 2020 CRD42020176289. 2020. Avail-
able: https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42020176289. Accessed: 24 June 2023.

25 Greenhalgh T, Peacock R. Effectiveness and efficiency of search methods in systematic reviews of complex evidence: audit
of primary sources. BMJ. 2005;331:1064-5. Medline:16230312 doi:10.1136/bmj.38636.593461.68

26 Egger M, Zellweger-Zahner T, Schneider M, Junker C, Lengeler C, Antes G. Language bias in randomised controlled tri-
als published in English and German. Lancet. 1997;350:326-9. Medline:9251637 doi:10.1016/50140-6736(97)02419-7

27 Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, et al. Cochrane Handbook for Systematic Reviews of In-
terventions. Chichester (UK): John Wiley & Sons; 2019.

28 National Institute of Health. Study Quality Assessment Tools. National Heart, Lung, and Blood Institute (NHLBI). 2014.
Available: https://www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools. Accessed: 13 March 2020.

29 Riley RD, Higgins JPT, Deeks JJ. Interpretation of random effects meta-analyses. BMJ. 2011;342:d549. Medline:21310794
doi:10.1136/bmj.d549

30 Serghiou S, Goodman SN. Random-Effects Meta-analysis: Summarizing Evidence With Caveats. JAMA. 2019;321:301-2.
Medline:30566189 doi:10.1001/jama.2018.19684

31 Hardy RJ, Thompson SG. A likelihood approach to meta-analysis with random effects. Stat Med. 1996;15:619-29. Med-
line:8731004 doi:10.1002/(SICD1097-0258(19960330)15:6<619::AID-SIM188>3.0.CO;2-A

REFERENCES

<
=)
>
O
O
=
)
=
n
a5
=
It
Q
&
<
[
N
o)
oz

www.jogh.org e doi: 10.7189/jogh.13.06026 11 2023 ¢ VOL. 13 « 06026


https://pubmed.ncbi.nlm.nih.gov/32075152
https://doi.org/10.3390/jcm9020523
https://pubmed.ncbi.nlm.nih.gov/32031570
https://doi.org/10.1001/jama.2020.1585
https://doi.org/10.1001/jama.2020.1585
https://pubmed.ncbi.nlm.nih.gov/33432212
https://pubmed.ncbi.nlm.nih.gov/33432212
https://doi.org/10.1038/d41586-021-00031-0
https://pubmed.ncbi.nlm.nih.gov/32061313
https://doi.org/10.1016/S0140-6736(20)30374-3
https://pubmed.ncbi.nlm.nih.gov/32633856
https://pubmed.ncbi.nlm.nih.gov/35593186
https://pubmed.ncbi.nlm.nih.gov/35593186
https://pubmed.ncbi.nlm.nih.gov/32171076
https://doi.org/10.1016/S0140-6736(20)30566-3
https://doi.org/10.1016/S0140-6736(20)30566-3
https://pubmed.ncbi.nlm.nih.gov/33026120
https://doi.org/10.1002/clc.23465
https://pubmed.ncbi.nlm.nih.gov/33235096
https://doi.org/10.1097/MD.0000000000023327
https://pubmed.ncbi.nlm.nih.gov/32763496
https://doi.org/10.1016/j.tmaid.2020.101825
https://pubmed.ncbi.nlm.nih.gov/32451563
https://doi.org/10.1007/s00038-020-01390-7
https://pubmed.ncbi.nlm.nih.gov/32658868
https://doi.org/10.18632/aging.103579
https://pubmed.ncbi.nlm.nih.gov/32315817
https://doi.org/10.1016/j.jcv.2020.104371
https://pubmed.ncbi.nlm.nih.gov/33372194
https://doi.org/10.1038/s41598-020-80061-2
https://doi.org/10.1038/s41598-020-80061-2
https://pubmed.ncbi.nlm.nih.gov/32398230
https://doi.org/10.1136/bmj.m1808
https://doi.org/10.1136/bmj.m1808
https://pubmed.ncbi.nlm.nih.gov/10789670
https://doi.org/10.1001/jama.283.15.2008
https://pubmed.ncbi.nlm.nih.gov/19621072
https://doi.org/10.1371/journal.pmed.1000097
https://pubmed.ncbi.nlm.nih.gov/33782057
https://pubmed.ncbi.nlm.nih.gov/16230312
https://doi.org/10.1136/bmj.38636.593461.68
https://pubmed.ncbi.nlm.nih.gov/9251637
https://doi.org/10.1016/S0140-6736(97)02419-7
https://pubmed.ncbi.nlm.nih.gov/21310794
https://doi.org/10.1136/bmj.d549
https://pubmed.ncbi.nlm.nih.gov/30566189
https://pubmed.ncbi.nlm.nih.gov/30566189
https://doi.org/10.1001/jama.2018.19684
https://pubmed.ncbi.nlm.nih.gov/8731004
https://pubmed.ncbi.nlm.nih.gov/8731004
https://doi.org/10.1002/(SICI)1097-0258(19960330)15:6%3c619::AID-SIM188%3e3.0.CO;2-A

>
b
=
>
O
O
=
w
=
o
ac
=
T
@)
&
<
[
9]
)
%

Chenetal.

(9p)
]
Q
Z
&5
o
5
T3
5
oz

32 Miller JJ. The Inverse of the Freeman — Tukey Double Arcsine Transformation. Am Stat. 1978;32:138.

33 Riley RD, Abrams KR, Sutton AJ, Lambert PC, Thompson JR. Bivariate random-effects meta-analysis and the estimation of
between-study correlation. BMC Med Res Methodol. 2007;7:3. Medline:17222330 doi:10.1186/1471-2288-7-3

34 Rutter CM, Gatsonis CA. A hierarchical regression approach to meta-analysis of diagnostic test accuracy evaluations. Stat
Med. 2001;20:2865-84. Medline:11568945 doi:10.1002/sim.942

35 Abushouk AL Evolution of Fagan’s Nomogram; a Commentary. Emerg (Tehran). 2016;4:114-5. Medline:27299138

36 da Costa VG, Marques-Silva AC, Moreli ML. A Meta-Analysis of the Diagnostic Accuracy of Two Commercial NS1 An-
tigen ELISA Tests for Early Dengue Virus Detection. PLoS One. 2014;9:e94655. Medline:24728377 doi:10.1371/journal.
pone.0094655

37 Sotiriadis A, Papatheodorou SI, Martins WP. Synthesizing Evidence from Diagnostic Accuracy TEsts: the SEDATE guide-
line. Ultrasound Obstet Gynecol. 2016;47:386-95. Medline:26411461 doi:10.1002/u0g.15762

38 Higgins JPT, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency in meta-analyses. BMJ. 2003;327:557-60.
Medline:12958120 doi:10.1136/bmj.327.7414.557

39 Higgins JP, Thompson SG. Quantifying heterogeneity in a meta-analysis. Stat Med. 2002;21:1539-58. Medline:12111919
doi:10.1002/sim.1186

40 Egger M, Smith GD, Schneider M, Minder C. Bias in meta-analysis detected by a simple, graphical test. BMJ. 1997,315:629.
Medline:9310563 doi:10.1136/bmj.315.7109.629

41 Yang J, Zheng Y, Gou X, Pu K, Chen Z, Guo Q, et al. Prevalence of comorbidities and its effects in patients infected
with SARS-CoV-2: a systematic review and meta-analysis. Int J Infect Dis. 2020;94:91-5. Medline:32173574 doi:10.1016/j.
ijid.2020.03.017

42 Rodriguez-Morales AJ, Cardona-Ospina JA, Gutierrez-Ocampo E, Villamizar-Pena R, Holguin-Rivera Y, Escalera-Antezana
JP, etal. Clinical, laboratory and imaging features of COVID-19: A systematic review and meta-analysis. Travel Med Infect
Dis. 2020;34:101623. Medline:32179124 doi:10.1016/j.tmaid.2020.101623

43 Ghayda RA, Lee J, Lee JY, Kim DK, Lee KH, Hong SH, et al. Correlations of Clinical and Laboratory Characteristics of
COVID-19: A Systematic Review and Meta-Analysis. Int J Environ Res Public Health. 2020;17:5026. Medline:32668763
doi:10.3390/ijerph17145026

44 Grant MC, Geoghegan L, Arbyn M, Mohammed Z, McGuinness L, Clarke EL, et al. The prevalence of symptoms in 24,410
adults infected by the novel coronavirus (SARS-CoV-2; COVID-19): A systematic review and meta-analysis of 148 studies
from 9 countries. PLoS One. 2020;15:¢0234765. Medline:32574165 doi:10.1371/journal. pone.0234765

45 Zhang SY, Lian JS, Hu JH, Zhang XL, Lu YF, Cai H, et al. Clinical characteristics of different subtypes and risk factors for
the severity of illness in patients with COVID-19 in Zhejiang, China. Infect Dis Poverty. 2020;9:85. Medline:32641121
doi:10.1186/540249-020-00710-6

46 Hart WS, Hochfilzer LFR, Cunniffe NJ, Lee H, Nishiura H, Thompson RN. Accurate forecasts of the effectiveness of in-
terventions against Ebola may require models that account for variations in symptoms during infection. Epidemics.
2019;29:100371. Medline:31784341 doi:10.1016/j.epidem.2019.100371

47 de Souza TH, Nadal JA, Nogueira RJN, Pereira RM, Brandao MB. Clinical manifestations of children with COVID-19: A
systematic review. Pediatr Pulmonol. 2020;55:1892-9. Medline:32492251 doi:10.1002/ppul.24885

48 Zhang S. Why the Coronavirus Hits Kids and Adults So Differently. 2020. Available: https://www.theatlantic.com/science/
archive/2020/05/covid-19-kids/611728/. Accessed: 24 June 2023.

49 Aggarwal G, Cheruiyot I, Aggarwal S, Wong J, Lippi G, Lavie CJ, et al. Association of Cardiovascular Disease With Coro-
navirus Disease 2019 (COVID-19) Severity: A Meta-Analysis. Curr Probl Cardiol. 2020;45:100617. Medline:32402515
doi:10.1016/j.cpcardiol.2020.100617

50 OuM, ZhuJ,Ji P, Li H, Zhong Z, Li B, et al. Risk factors of severe cases with COVID-19: a meta-analysis. Epidemiol Infect.
2020;148:e175. Medline:32782035 doi:10.1017/5095026882000179X

51 Zhao Q, Meng M, Kumar R, Wu Y, Huang J, Deng Y, et al. Lymphopenia is associated with severe coronavirus disease
2019 (COVID-19) infections: A systemic review and meta-analysis. Int ] Infect Dis. 2020;96:131-5. Medline:32376308
doi:10.1016/}.ijid.2020.04.086

52 Wang Y, Wang Y, Chen Y, Qin Q. Unique epidemiological and clinical features of the emerging 2019 novel coronavirus
pneumonia (COVID-19) implicate special control measures. ] Med Virol. 2020;92:568-76. Medline:32134116 doi:10.1002/
mv.25748

53 Wiersinga WJ, Rhodes A, Cheng AC, Peacock SJ, Prescott HC. Pathophysiology, Transmission, Diagnosis, and Treat-
ment of Coronavirus Disease 2019 (COVID-19): A Review. JAMA. 2020:324:782-93. Medline:32648899 doi:10.1001/
jama.2020.12839

54 Tian W, Ren X, Han M, Zhang Y, Gao X, Chen Z, et al. Epidemiological and clinical characteristics of vaccinated COVID-19
patients: A meta-analysis and systematic review. Int ] Immunopathol Pharmacol. 2022;36:3946320221141802. Med-
line:36412572 doi:10.1177/03946320221141802

55 Novelli G, Biancolella M, Mehrian-Shai R, Colona VL, Brito AF, Grubaugh ND, et al. COVID-19 one year into the pan-
demic: from genetics and genomics to therapy, vaccination, and policy. Hum Genomics. 2021;15:27. Medline:33966626
doi:10.1186/540246-021-00326-3

56 Agyeman AA, Chin KL, Landersdorfer CB, Liew D, Ofori-Asenso R. Smell and Taste Dysfunction in Patients With
COVID-19: A Systematic Review and Meta-analysis. Mayo Clin Proc. 2020;95:1621-31. Medline:32753137 doi:10.1016/j.
mayocp.2020.05.030

2023 ¢ VOL. 13 « 06026 12 www.jogh.org e doi: 10.7189/jogh.13.06026


https://pubmed.ncbi.nlm.nih.gov/17222330
https://doi.org/10.1186/1471-2288-7-3
https://pubmed.ncbi.nlm.nih.gov/11568945
https://doi.org/10.1002/sim.942
https://pubmed.ncbi.nlm.nih.gov/27299138
https://pubmed.ncbi.nlm.nih.gov/24728377
https://doi.org/10.1371/journal.pone.0094655
https://doi.org/10.1371/journal.pone.0094655
https://pubmed.ncbi.nlm.nih.gov/26411461
https://doi.org/10.1002/uog.15762
https://pubmed.ncbi.nlm.nih.gov/12958120
https://pubmed.ncbi.nlm.nih.gov/12958120
https://doi.org/10.1136/bmj.327.7414.557
https://pubmed.ncbi.nlm.nih.gov/12111919
https://doi.org/10.1002/sim.1186
https://pubmed.ncbi.nlm.nih.gov/9310563
https://pubmed.ncbi.nlm.nih.gov/9310563
https://doi.org/10.1136/bmj.315.7109.629
https://pubmed.ncbi.nlm.nih.gov/32173574
https://doi.org/10.1016/j.ijid.2020.03.017
https://doi.org/10.1016/j.ijid.2020.03.017
https://pubmed.ncbi.nlm.nih.gov/32179124
https://doi.org/10.1016/j.tmaid.2020.101623
https://pubmed.ncbi.nlm.nih.gov/32668763
https://doi.org/10.3390/ijerph17145026
https://pubmed.ncbi.nlm.nih.gov/32574165
https://doi.org/10.1371/journal.pone.0234765
https://pubmed.ncbi.nlm.nih.gov/32641121
https://doi.org/10.1186/s40249-020-00710-6
https://pubmed.ncbi.nlm.nih.gov/31784341
https://doi.org/10.1016/j.epidem.2019.100371
https://pubmed.ncbi.nlm.nih.gov/32492251
https://doi.org/10.1002/ppul.24885
https://www.theatlantic.com/science/archive/2020/05/covid-19-kids/611728/
https://www.theatlantic.com/science/archive/2020/05/covid-19-kids/611728/
https://pubmed.ncbi.nlm.nih.gov/32402515
https://doi.org/10.1016/j.cpcardiol.2020.100617
https://pubmed.ncbi.nlm.nih.gov/32782035
https://doi.org/10.1017/S095026882000179X
https://pubmed.ncbi.nlm.nih.gov/32376308
https://doi.org/10.1016/j.ijid.2020.04.086
https://pubmed.ncbi.nlm.nih.gov/32134116
https://doi.org/10.1002/jmv.25748
https://doi.org/10.1002/jmv.25748
https://pubmed.ncbi.nlm.nih.gov/32648899
https://doi.org/10.1001/jama.2020.12839
https://doi.org/10.1001/jama.2020.12839
https://pubmed.ncbi.nlm.nih.gov/36412572
https://pubmed.ncbi.nlm.nih.gov/36412572
https://doi.org/10.1177/03946320221141802
https://pubmed.ncbi.nlm.nih.gov/33966626
https://doi.org/10.1186/s40246-021-00326-3
https://pubmed.ncbi.nlm.nih.gov/32753137
https://doi.org/10.1016/j.mayocp.2020.05.030
https://doi.org/10.1016/j.mayocp.2020.05.030

	Untitled

