
Heliyon 10 (2024) e23227

Available online 3 December 2023
2405-8440/© 2023 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Review article 

A systematic review of tools for predicting complications in 
patients with influenza-like illness 

Tania Marx a,*, Nada Khelifi a, Isabelle Xu a, Laurie Ouellet a, Annie Poirier a, 
Benoit Huard a, Myriam Mallet a, Frédéric Bergeron b, Maurice Boissinot c, Michel 
G. Bergeron c, Simon Berthelot a,d 
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A B S T R A C T   

Objective: To identify tools that predict the risk of complications for patients presenting to an 
outpatient clinic or an emergency department (ED) with influenza-like illness. 
Methods: We searched Medline, Embase, Cochrane Library and CINAHL from inception to July 
2023. We included articles reporting on the derivation or validation of a score or algorithm used 
to stratify the risk of hospitalization or mortality among patients with influenza-like illness in the 
ED or outpatient clinic. 
Results: Twelve articles reporting on eight scores and six predictive models were identified. For 
predicting the need for hospitalization, the area under the curve (AUC) of the PMEWS and the 
CURB-65 ranged respectively from 0.76 to 0.94, and 0.65 to 0.88. The Community Assessment 
Tool had an AUC of 0.62. For predicting inpatient mortality, AUC was 0.66 for PMEWS and 0.79 
for CURB-65, 0.79 for the SIRS criteria and 0.86 for the qSOFA score. Two scores were developed 
without external validation during the Covid-19 pandemic. The CovHos score and the Canadian 
Covid discharge score had an AUC ranged from 0.70 to 0.91. The predictive models performed 
adequately (AUC from 0.76 to 0.92) but will require external validation for clinical use. Tool 
diversity and study population heterogeneity precluded meta-analysis. 
Conclusion: Although the CURB, PMEWS and qSOFA scores appear to predict accurately the risk of 
complications of influenza-like illness, none were reliable enough to justify their widespread ED 
use. Refinement of an existing tool or development of a new tool to optimize the management of 
these patients is needed.   

1. Introduction 

Epidemic waves of respiratory disease such as COVID-19 and seasonal influenza place a heavy burden on public healthcare re-
sources and constitute a major health issue. In the USA, seasonal influenza is estimated to cause 9.3 million to 49 million illnesses per 
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year depending on virulence and vaccination [1]. Based on mathematical models, influenza-associated mortality worldwide is esti-
mated to range typically from 4.0 to 8.8 per 100,000 individuals overall and 51.3 to 99.4 per 100,000 among persons aged 75 or more 
[2]. The morbidity associated with epidemic influenza translates to increased hospital admissions and use of healthcare services and 
hence pressure on national health systems. A disease burden analysis based on 2015 data estimated that annual influenza epidemics 
resulted in 3.7 million medical doctor office visits, 0.65 million emergency department visits and 247,000 hospitalizations in the USA. 
Even though influenza is usually a self-limiting illness, it has a major socioeconomic impact through occupation of medical resources, 
worker absenteeism and losses of productivity. The total economic burden of the 2015 influenza epidemic was valued about $11.2 
billion US [3]. 

Since emergency departments feel the impact of respiratory epidemic waves directly, ED care providers must be able to stratify) 
these patients according to their risk of complications and thus assign the most appropriate care resources accordingly. Correct 
identification of patients who can be safely discharged or redirected to an outpatient clinic and those who require hospital admission is 
crucial from both public health and economic perspectives. Routine clinical judgement alone has been shown to be a poor predictor of 
disease severity, which may be overestimated or underestimated [4]. Influenza management guidelines therefore now recommend the 
use of a data-based severity assessment tool as an adjunct to clinical judgement [5–7]. 

The objective of this systematic review was to identify risk stratification tools that appear to be reliable for predicting the risk of 
complications in patients presenting to an outpatient clinic or an ED with influenza-like illness. 

2. Methods 

A systematic review was conducted in accordance with PRISMA guidelines (preferred reporting items for systematic reviews and 
meta-analyses) [8]. The PICOS format was specified as follows: 

Population: adults or pediatric patients presenting with influenza-like illness at an ED or outpatient clinic. 
Intervention: scale, algorithm, or prediction models for risk evaluation. 
Comparator: none. 
Outcome: hospitalization or mortality 
Study design: observational studies or interventional trials evaluating the performance of risk stratification tools. 
The study protocol was registered in the International Prospective Register of Systematic Reviews (PROSPERO - 

CRD42019138802). 

2.1. Search strategy and study selection 

A systematic literature search was conducted in databases (Medline, Embase, Cochrane Library, CINAHL) from their inception to 
July 13, 2021. The results were updated on July 20, 2023. The search strategy is provided as a supplementary file and was limited to 
publications in English and French (Table S1). Additional publications were identified in the bibliographies of the retrieved research 
articles and systematic reviews that were included in the study. 

After removing duplicates, all abstracts were screened independently by four reviewers (S.B., A.P., T.M., B.H.) for eligibility using 
the Covidence systematic review software (Veritas Health Innovation, Melbourne, Australia). Full texts of articles thus selected were 
then assessed for relevance by two independent reviewers (A.P. and T.M.). An article was retained for the study if it reported on the 
management of influenza-like illness or acute respiratory infections in an outpatient setting (e.g., ED, clinic, primary care practice, 
health advice line), AND on the performance of a scale, score or algorithm used to stratify patients according to their risk of com-
plications. Conflicting opinions of A.P. and T.M. were resolved through discussion, and a third opinion (S.B.) was sought when 
necessary. An article was excluded if its subject matter was an untested algorithm based on expert consensus OR an investigation of 
composite outcome (e.g., mortality or admission to intensive care without differentiation) or of outcomes other than those initially 
selected OR focused exclusively on hospitalized patients OR if the study design and results did not allow tool performance evaluation. 
Letters to editors, case reports, conference abstracts, reviews or guidelines for influenza-like illness management were also excluded. 

2.2. Data extraction and quality assessment 

Two independent reviewers (N.K. and I.X.) extracted data from the selected articles using a pretested standardized form based on 
the checklist for critical appraisal and data extraction for systematic reviews of prediction modelling studies, aka CHARMS [9]. A third 
reviewer (T.M.) resolved inconsistencies or disagreements between N.K. and I.X. The following data were extracted: authors, journal, 
year of publication, region where study was conducted, period of data collection, study design, participant description, outcome(s) to 
be predicted, predictor type and method of measurement, method of handling missing data, model development or validation and 
performance. 

Study quality was assessed using the prediction model risk of bias assessment tool (PROBAST) which rates study methodology and 
applicability to the review question as “high”, “low” or “unclear” risk of bias based on a set of questions and a scoring guide [10]. 

2.3. Statistical analysis 

A descriptive synthesis was obtained based on the CHARMS. For each study, 2 × 2 tables were made with the number of true 
positives, true negatives, false positives, and false negatives according to the different thresholds studied for the scores found. Forest 
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plots for these thresholds were produced with 95% confidence intervals using Review Manager (RevMan) Version 5.4.1 (Cochrane 
Collaboration, 2020) to visualize the study sensitivities and specificities reported and rank the studies by sensitivity [11] to assess the 
heterogeneity between them and thus determine if a meta-analysis was feasible [12–14]. 

3. Results 

A total of 6584 articles were retrieved from the databases by the systematic search. After removing 856 duplicates, 5728 articles 
were screened for relevance and 119 of these were selected for examination of the full text. More than 50% of the full text were 
excluded due to the subject matter not dealing with any tool or algorithm predicting the risk of complications, or because the pop-
ulation studied differed from our focus. This reduced the number to 9 articles. Fig. 1 shows the flow diagram for inclusion of articles in 
this study and the reasons of exclusions. Sixteen potentially relevant articles were found by searching the bibliographies of included 
research articles and relevant systematic reviews identified by the selection process. After full-text reading, only three articles did meet 
the inclusion criteria. The 12 studies retained for the present review report on eight different scores and six predictive models. 

3.1. Characteristics of the included studies 

The characteristics of the included studies are summarized in Table 1. 
All were published between 2007 and 2022. Five were conducted in North America [16,18,20,24,26], one in South America [25], 

four in Europe [15,17,22,23] and two in Taiwan [19,21]. All studies were focused on emergency departments except for two: one was 
conducted in a clinical health setting [20] and the second with a network of general practitioners [23]. Half of the articles were 
multicenter and four articles were prospective observational studies [16–18,22]. External validation of scores were reported in four of 
the articles [15–17,19], predictive model development was reported in six [18,20,21,23–25] but only one with external validation 
[21]. 

3.2. Participants 

Eight studies involved adults only [16,19,21–26]. In one case all participants were aged 15 years or older [15]. The other three 
included children [17,18,20]. For eight studies, only patients with a positive influenza test [18,19,21] or a positive Covid-19 test [20, 
22–24,26] were included. One study included patients with acute respiratory complaints [16] and another included patients for which 
influenza or Covid-19 was suspected, based on any of the following conditions: 1) fever; 2) influenza-like illness (two or more 
symptoms among cough, sore throat, rhinorrhea, limb or joint pain, headache, vomiting or diarrhea) [17]; or 3) clinical symptoms 
enabled the prediction of Covid-19 including cough, fever, headache, sore throat, shortness of breath [25]. One study included patients 
diagnosed with community-acquired pneumonia used as a proxy for pandemic influenza [15]. 

Fig. 1. PRISMA flow diagram.  
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Table 1 
Characteristics of included studies.  

Authors, 
year, 
journal 

Region Data 
collection 
period 

Study design Participants Outcomes Candidate 
predictors 

Method for 
measurement 

Handling of 
missing data 

Sample size (N 
participants/N 
outcomes) 

Model 
development or 
model evaluation 

Model performance (95% CI) 

Challen 
et al. 
(2007) 
BMC 
Health 
Serv 
Res 
[15]. 

Tertiary care 
ED 
Manchester, 
United 
Kingdom 

February to 
December 
2005 

Retrospective 
observational 
cohort 

Adults (>15 
years old) with 
community 
acquired 
pneumonia 
Age ≥65 years: 
52.5% 

Hospitalization 
Mortality 

PMEWS* (10 
criteria based on 
age, physiological 
data, history, 
social isolation, 
performance 
status of limited 
activity, 10 
criteria) 
CURB-65 (5 
criteria based on 
physiological 
data, age, 
laboratory) 

Electronic 
medical 
records 

37 excluded Hospitalization: 241/ 
164 
Mortality: 186/42 

External 
validation 
Hospitalization 
PMEWS: AUC =
0.94 (0.92, 0.97) 
CURB-65: AUC =
0.88 (0.84, 0.92) 
Mortality 
PMEWS: AUC =
0.66 (0.57, 0.75) 
CURB-65: AUC =
0.79 (0.71, 0.86) 

PMEWS ≥2 
Hospitalization 
sens: 0.99 (0.97; 
1.00) 
spe: 0.55 (0.43; 
0.66) 
NPV: 0.95 
(0.89.1.02) 
PPV: 0.82 (0.77; 
0.87) 
Mortality sens: 
1.00 (1.00; 1.00) 
spe: 0.06 (0.02; 
0.10) 
NPV: 1.00 (1.00; 
1.00) 
PPV: 0.24 (0.17; 
0.30) 
PMEWS ≥3 
Hospitalization 
sens: 0.94 (0.90; 
0.97) 
spe: 0.71 (0.61; 
0.81) 
NPV: 0.85 (0.76; 
0.93) 
PPV: 0.87 (0.82; 
0.92) 
Mortality sens: 
1.00 (1.00; 1.00) 
spe: 0.14 (0.08; 
0.19) 
NPV: 1.00 (1.00; 
1.00) 
PPV: 0.25 (0.19; 
0.32) 

CURB-65 ≥ 2 
Hospitalization 
sens: 0.66 (0.59; 
0.73) 
spe: 0.94 (0.88; 
0.99) 
NPV: 0.56 (0.48; 
0.65) 
PPV: 0.96 (0.92; 
0.99) 
Mortality sens: 
0.95 (0.89; 1.02) 
spe: 0.41 (0.33; 
0.49) 
NPV: 0.97 (0.92; 
1.01) 
PPV: 0.32 (0.24; 
0.40) 
CURB-65 ≥ 3 
Hospitalization 
sens: 0.40 (0.33; 
0.48) 
spe: 1.00 (1.00; 
1.00) 
NPV: 0.44 (0.37; 
0.51) 
PPV: 1.00 (1.00; 
1.00) 
Mortality sens: 
0.74 (0.60; 0.87) 
spe: 0.64 (0.56; 
0.71) 
NPV: 0.90 (0.84; 
0.96) 
PPV: 0.36 (0.26; 
0.46) 

(continued on next page) 
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Table 1 (continued ) 

Rodriguez- 
Noriega 
et al. 
(2010) 
PLoS 
One 
[16] 

Tertiary care 
ED 
Guadalajara, 
Mexico 

April 2009 
to August 
2009 
Pandemic 
H1N1 

Prospective 
observational 
cohort 

Adults with 
acute 
respiratory 
symptoms 
Median age: 29 
(IQR 22–41) 
years 

Hospitalization ILI-score (16 
criteria based on 
clinical signs and 
symptoms, 
history, 
laboratory, 
radiology) 

Standardized 
questionnaire 

No missing data Hospitalization:1840/ 
233 

External 
validation 
(description) 

ILI-score ≥7 
Sens: 0.94 (0.90; 
0.97) 
Spe: 0.58 (0.55; 
0.60) 
NPV: 0.98 (0.98; 
0.99) 
PPV: 0.24 (0.22; 
0.27) 

ILI-score ≥16 
Sens: 0.49 (0.42; 
0.55) 
Spe: 0.51 (0.49; 
0.54) 
NPV: 0.87 (0.85; 
0.89) 
PPV: 0.13 (0.11; 
0.15) 

Challen 
et al. 
(2012) 
Emerg 
Med J 
[17] 

3 EDs 
Sheffield and 
Manchester, 
United 
Kingdom 

September 
2009 to 
February 
2010 
Second 
wave of the 
2009H1N1 
pandemic 

Prospective 
observational 
cohort 

Children and 
adults 
suspected of 
pandemic 
influenza 
(H1N1) 
Age ≤16 years: 
72% 

Hospitalization PMEWS (10 
criteria based on 
age, physiological 
data, history, 
social isolation, 
performance 
status of limited 
activity) 
CURB-65 (5 
criteria based on 
physiological 
data, age, 
laboratory) 
CAT for swine flu 
hospital pathway 
(7 criteria based 
on physiological 
data, clinical 
signs) 

Clinical 
assessment 
form 

No missing data Hospitalization: 178/ 
44 (adults) 

External 
validation (for 
adults) 
CURB-65 
AUC = 0.65 
(0.54, 0.76) 
PMEWS 
AUC = 0.76 
(0.66, 0.86) 
CAT for swine flu 
hospital pathway 
AUC = 0.62 
(0.51, 0.72) 

CURB-65 ≥ 2 
Sens: 0.18 
(0.07; 0.30) 
Spe:0.93 
(0.89; 0.97) 
NPV:0.78 
(0.71; 0.84) 
PPV: 0.47 
(0.23; 0.71) 
CURB-65 ≥ 3 
Sens: 0.02 
(− 0.02; 0.07) 
Spe: 0.99 
(0.98; 1.01) 
NPV: 0.76 
(0.69; 0.82) 
PPV: 0.50 
(− 019; 1.19) 

PMEWS 
≥2 
Sens: 
0.80 
(0.68; 
0.91) 
Spe: 
0.40 
(0.31; 
0.48) 
NPV: 
0.85 
(0.77; 
0.94) 
PPV: 
0.30 
(0.22; 
0.38) 
PMEWS 
≥3 
Sens: 
0.73 
(0.60; 
0.86) 
Spe: 
0.55 
(0.47; 
0.64) 
NPV: 
0.86 
(0.79; 
0.93) 
PPV: 
0.35 
(0.25; 
0.44) 

CAT any 
criterion 
positive 
Sens: 
0.36 
(0.22; 
0.51) 
Spe: 0.79 
(0.72; 
0.86) 
NPV: 
0.79 
(0.72; 
0.86) 
PPV: 
0.36 
(0.22; 
0.51) 

(continued on next page) 
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Table 1 (continued ) 

Chen et al. 
(2013) 
Am J 
Emerg 
Med 
[18] 

2 tertiary care 
ED, and 1 
community 
hospital ED 
Baltimore, 
USA 

December 
2007 to 
May 2009 

Prospective 
observational 
cohort 

Children and 
adults with 
positive 
influenza test 
results 
Median age: 10 
(IQR 4–26) 
years 

Hospitalization Clinical tree 
decision with 5 
nodes (underlying 
illness, age, 
influenza viral 
load level, 
vaccination 
history) 

Electronic 
medical 
records 

No number, 
surrogate splits 

Hospitalization: 146/ 
56 

Development: 
recursive 
partitioning 
algorithm used a 
2-stage 
procedure to 
derive binary 
trees. 
Internal 
validation: the 
minimal relative 
error rule 
by cost- 
complexity 
parameter using 
internal 10-fold 
cross-validation 
AUC = 0.84 
(0.77; 0.90) 

Sens: 0.83 (0.73; 0.90) 
Spe: 0.76 (0.63; 0.86) 
NPV: 0.87 (0.80; 0.95) 
PPV: 0.68 (0.56; 0.79) 

Chu et al. 
(2020) 
BMC 
Infect 
Dis 
[19]. 

Tertiary care 
ED 
Taoyuan, 
Taiwan 

January 
2010 to 
December 
2016 

Retrospective 
observational 
cohort 

Adults with 
positive 
influenza test 
results 
Mean age: 48 
years (SD 19) 

Mortality qSOFA score (3 
criteria based on 
clinical signs) 
SIRS criteria (4 
criteria based on 
clinical signs, 
laboratory) 

Electronic 
medical 
records 

No missing data Mortality: 3561/95 External 
validation 
qSOFA score 
AUC = 0.86 
SIRS criteria 
AUC = 0.79 

qSOFA ≥1 
Sens: 0.82 (0.74; 
0.90) 
Spe: 0.77 (0.75; 
0.78) 
NPV: 0.99 (0.99; 
1.00) 
PPV: 0.09 (0.07; 
0.11) 
qSOFA ≥2 
Sens: 0.26 (0.17; 
0.35) 
Spe: 0.96 (0.96; 
0.97) 
NPV: 0.98 (0.97; 
0.98) 
PPV: 0.17 (0.11; 
0.23) 

SIRS ≥2 
Sens: 0.79 (0.71; 
0.87) 
Spe: 0.24 (0.23; 
0.26) 
NPV: 0.98 (0.97; 
0.99) 
PPV: 0.03 (0.02; 
0.03) 
SIRS ≥3 
Sens: 0.55 (0.45; 
0.65) 
Spe: 0.65 (0.63; 
0.66) 
NPV: 0.98 (0.98; 
0.99) 
PPV: 0.04 (0.03; 
0.05) 

Jehi et al. 
(2020) 
PLoS 
One 
[20] 

Clinic health 
setting 
Cleveland, 
USA 

March 2020 
to June 
2020 

Retrospective 
observational 
cohort 

Children and 
adults with 
positive Covid- 
19 test results 
Median age: 65 
(IQR 52–77) 
years 

Hospitalization Predictive model 
for 
hospitalization 
risk (demographic 
variables, 
symptoms, 
history, 
laboratory, social 
characteristic, 
medication 
history), 
nomogram to 
estimate the 
patient 
probability of 
hospitalization 

Electronic 
medical 
records 

Missing data, 
multivariate 
imputation by 
chained equation 

Development cohort: 
2852/582 
Validation cohort: 
1684/376 

Development: 
shrinkage and 
selection 
operator logistic 
regression 
algorithm 
AUC = 0.90 
(0.89, 0.91) 
Internal 
validation: 10 
fold cross- 
validation 
method, 1000 
bootstrap 
resamples 
AUC = 0.81 
(0.79, 0.84) 

Risk 10% 
Sens: 0.77 
Spe: 0.73 
NPV: 0.92 
PPV: 0.45 
Risk 30% 
Sens: 0.52 
Spe: 0.92 
NPV: 0.90 
PPV: 0.65 
Risk 50% 
Sens: 0.39 
Spe: 0.96 
NPV: 0.85 
PPV: 0.75 

(continued on next page) 

T. M
arx et al.                                                                                                                                                                                                           



Heliyon10(2024)e23227

7

Table 1 (continued ) 

Cheong 
et al. 
(2021) 
BMC 
infect 
Dis 
[21]. 

2 tertiary care 
ED 
Taoyuan, 
Taiwan 

2010 to 
2016 

Retrospective 
observational 
cohort 

Adults with 
positive 
influenza test 
results 
Mean age: 51 
(SD 19) years 

Mortality Predictive model 
for mortality 
(demographic 
variables, triage 
category, baseline 
vital signs, 
history, 
laboratory 
nomogram) 

Electronic 
medical 
records 

2876, excluded Mortality: 1680/72 Development: 
multiple logistic 
regression and 
stepwise and 
backward 
regression 
AUC = 0.76 
External 
validation: 
mortality AUC =
0.77 

NA 

Salvatore 
et al. 
(2021) 
Cureus 
[22] 

Tertiary care 
ED 
Bologna, Italy 

March to 
April 2020 

Prospective 
observational 
cohort 

Adults with 
positive Covid- 
19 test results 
Mean age: 62 
(SD 19) years 

Hospitalization 
Mortality within 
30 days 

CovHos score (5 
criteria based on 
demographic 
variables, 
laboratory and 
alveolar-to- 
arterial oxygen 
gradient) 

Electronic 
medical 
records 

NA Hospitalization: 667/ 
465 for derivation 
cohort 
309/228 for 
validation cohort 
Mortality: 
667/108 for 
derivation cohort 

Development: 
multivariable 
logistic 
regression model 
Hospitalization/ 
AUC = 0.91 
(0.88, 0.93) 
Mortality AUC =
0.82 (0.78, 0.87) 
Internal 
validation: 
Hospitalizatino 
AUC = 0.90 
(0.88, 0.93) 

Derivation cohort: 
Hospitalization 
CovHos ≥12 
Sens: 0.85 
Spe: 0.82 
Mortality 
CovHos ≥22 
Sens: 0.79 
Spe: 0.77 
Validation cohort: 
Hospitalization 
CovHos ≥12 
Sens: 0.82 
Spe: 0.74 

Herings 
et al. 
(2021) 
BMJ 
Open 
[23] 

264 general 
practitioners, 
Netherlands 

April 2020 
to January 
2021 

Retrospective 
observational 
cohort 

Adults with 
positive Covid- 
19 test results, 
registered in 
the Covid 
database 

Hospitalization 
and mortality 

Predictive model 
(6 criteria based 
on demographic 
variables, 
comorbidities, 
social 
characteristic) 

Electronic 
medical 
records 

No missing data Hospitalization and 
mortality: 
4057/1979 for 
derivation cohort, 
1729/94 for 
validation cohort 

Development: 
Lasso regression 
Internal 
validation: 
AUC = 0.91 
(0.88, 0.94) 

NA 

Webb et al. 
(2022) 
PLoS 
ONE 
[24] 

32 urgent 
care facilities, 
23 ED, and 16 
community 
drive-up 
testing sites 
Utah, USA 

March to 
October 
2020 

Retrospective 
observational 
cohort 

Adults with 
positive Covid- 
19 test results 
Mean age: 40 
(SD 16) years 

Hospitalization 
(within 14 days 
of testing) 
Mortality 
(within 28 days) 

Predictive model 
(demographic 
variables, 
symptoms, 
comorbidities, 
history, social 
characteristic) 

Electronic 
medical 
records 

NA Hospitalization: 
16,030/990 for 
derivation cohort 
6786/429 for 
validation cohort 
Mortality: 
16,030/73 for 
derivation cohort 
6786/20 for 
validation cohort 

Development: 
multivariable 
logistic 
regression model 
Hospitalization/ 
AUC = 0.82 
(0.81, 0.84) 
Mortality/AUC 
= 0.91 (0.83, 
0.94) 
Internal 
validation: 
Hospitalization/ 
AUC = 0.80 
(0.78, 0.82) 
Mortality/AUC 
= 0.80 (0.69, 
0.90) 

Score ≥6 
Sens: 0.71 
Spe: 0.76 
NPV: 0.97 
PPV: 0.17 

(continued on next page) 
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Table 1 (continued ) 

De Freitas 
et al. 
(2022) 
J Clin 
Med 
[25] 

Tertiary care 
ED 
Sao Paulo, 
Brazil 

March to 
August 
2020 

Retrospective 
observational 
cohort 

Adults with 
respiratory 
syndrome 
during the first 
wave of the 
Covid-19 
pandemic 

Hospitalization Predictive model 
(11 criteria based 
on demographic 
variables, 
symptoms, 
baseline vital 
signs, 
comorbidities) 

Electronic 
medical 
records 

Missing data 
imputed using 
nearest neignbors 

Hospitalization: 
7336/740 

Development: 
tree model, 
random forest 
and Lasso 
regression 
AUC = 0.89 to 
0.93 
Internal 
validation: 
machine learning 
approaches by 
10-fold cross- 
validation 
AUC = 0.92 
(0.90; 0.94) 

NA 

Brooks et al. 
(2022) 
JACEP 
Open 
[26] 

49 ED across 
8 provinces, 
Canada 

March 2020 
to 
September 
2021 

Retrospective 
observational 
cohort 

Unvaccinated 
adults with 
positive Covid- 
19 test results 
who were 
discharged 
from the ED 
Mean age: 46 
(SD 16) years 

Hospitalization 
and mortality 
(within 72 h of 
ED discharge) 

CCEDRRN Covid 
discharge score (7 
criteria based on 
demographic 
variables, 
baseline vital 
signs, history, 
arrival mode, 
pregnancy or not 
and respiratory 
distress) 

Electronic 
medical 
records 

Multiple 
implementations 
for missing data 

Hospitalization and 
mortality: 
11,487/404 for 
derivation cohort 
3818/131 for 
validation cohort 

Development: 
multiple logistic 
regression with 
restricted cubic 
splines and fast 
step-down 
procedure 
AUC = 0.70 
(0.68, 0.73) 
Internal 
validation: 1000 
bootstrap 
samples and 5 
multiple 
imputations 
AUC = 0.71 
(0.67, 0.75) 

Validation cohort: 
Score ≤3 
Sens: 0.89 (0.84; 0.95) 
Spe: 0.39 (0.37; 0.40) 
NPV: 0.99 (0.98; 0.99) 
PPV: 0.05 (0.04; 0.06) 
Score ≥9 
Sens: 0.15 (0.09; 0.24) 
Spe: 0.96 (0.95; 0.96) 
NPV: 0.97 (0.96; 0.97) 
PPV: 0.11 (0.06; 0.15) 

Definition: ED = emergency department; PMEWS = pandemic medical early warning score; ILI = influenza-like illness; CAT = community assessment tool; CCEDRRN = Canadian COVID-19 Emergency 
Department Rapid Response Network; IQR: interquartile range; SD: standard derivation; sens = sensibility; spe = specificity; NPV = negative predictive value; PPV = positive predictive value; AUC = area 
under the curve; NA = not applicable. 
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3.3. Outcomes 

Hospitalization was the primary outcome in seven of the twelve studies [15,16,18,20,22,24,25] and a secondary outcome in one 
study [17]. Hospitalization was measured on the day of enrolment in the study, except in three case where it was considered any time 
within three days [20,26] or within 14 days [24] of enrolment. In-hospital mortality was recorded in five studies, as a primary outcome 
in one [19] and as a secondary outcome in the others [15,21,22,24]. Performance of risk-stratification tools in terms of both hospi-
talizations and mortality was assessed in two study [23,26]. It was specified in only one study that outcome assessors were blind to the 
results of the risk stratification tool [19]. 

3.4. Scores 

In four studies, external validation results of six influenza-like illness risk stratification scores were reported. The pandemic medical 
early warning score (PMEWS), which assigns points for abnormal vital signs, age ≥65, social isolation, chronic disease and functional 
limitations, was validated in a population of adults with community-acquired pneumonia as a proxy for pandemic influenza [15], 
where it was a good predictor of the need for hospitalization (area under the receiver operating characteristic curve 0.94 or 0.92–0.97) 
but was less successful in predicting inpatient mortality (AUC 0.66 or 0.57–0.75). The same team later validated the PMEWS score 
secondarily in an adult population presenting to the ED of three hospitals with suspected influenza, obtaining an AUC of 0.76 
(0.66–0.86) for discrimination between hospitalized and non-hospitalized patients [17]. The performance of the PMEWS score at 
different thresholds (≥2 or ≥ 3) is presented in Table 1 and Fig. 2. 

The CURB-65 score, which assigns points for age and physiological and laboratory data, also was assessed on adult patients with 
community-acquired pneumonia [15]. This score was not as good a predictor of the need for hospitalization as the PMEWS was (AUC 
0.88 or 0.84–0.92). However, it seemed to perform better at predicting inpatient mortality (AUC 0.79 or 0.71–0.86). In the later study 
by this team [17] the CURB-65 was less successful at predicting hospitalization of adults with suspected influenza (AUC 0.65 or 
0.54–0.76). CURB-65 score performance at different thresholds (≥2 or ≥ 3) is presented in Table 1 and Fig. 2. 

The community assessment tool (CAT) consisting of seven physiological or clinical signs was developed in United Kingdom for the 
swine flu hospital pathway in early 2009. The performance of this score for adults with suspected pandemic influenza also was 
evaluated along with PMEWS and CURB-65. Its AUC for discriminating between hospitalized and non-hospitalized patients was 0.62 or 
0.51–0.72 [17]. 

The influenza-like illness score (ILI score), which consists of 16 items including clinical signs and laboratory and radiology results, 
was developed originally to support the decision to hospitalize elderly patients with pneumonia or influenza. It has been validated in 
adults with respiratory symptoms in the ED [16]. Its performance at predicting the risk of hospitalization is shown in Table 1 and Fig. 2. 

The systemic inflammatory response syndrome (SIRS) criteria were developed to define sepsis. They assign points for clinical signs 
and white blood cell count. The qSOFA score was developed by the Third International Consensus Definitions for Sepsis (Sepsis-3) as a 
new sepsis screening tool for use outside the intensive care unit in the ED [27]. Prediction of in-hospital mortality of patients with 
influenza by SIRS had an AUC of 0.79 compared to 0.86 for qSOFA [19]. Based on these data, the accuracy of the SIRS criteria was 
estimated to be best at a cut-off score ≥3. However, the sensitivity of SIRS criteria ≥3 was poorer than a qSOFA score ≥1, which 
ensured better sensitivity than a qSOFA score ≥2, which is the cut-off point defined by Sepsis-3 [19]. 

Two studies developed a Covid-19 risk stratification score but without external validation. The first concerned the CovHos score 
which was created to give a tool to assist clinicians in stratifying patients based on the severity at their arrival at the ED and in 
predicting the need for hospitalization and mortality within 30 days [22]. The CovHos score, based on 5 criteria (age, sex, alveolar to 
arterial oxygen gradient, neutrophils/lymphocytes ratio and CRP) identified a cut-off of 12 points in predicting hospitalization. The 
AUC was 0.91 (0.88–0.93), the sensitivity was 85% and the specificity was 82%. A cut-off of 22 points was defined to predict mortality 
with an AUC of 0.82 (0.78–0.87). The performances were lower with a sensitivity of 79% and a specificity of 77%. 

The second study concerned the CCEDRRN Covid discharge score developed by the Canadian Covid-19 Rapid Response Network 
(CCEDRRN) [26]. This score was based on 7 variables (age, sex, temperature, arrival mode, pregnant or not, respiratory distress and 
respiratory rate) to identify patients at risk for hospitalization or death within 72 h of ED discharge. The AUC was 0.70 (0.68–0.73). 
The sensitivity of using a score of 3 was 0.89 (0.84–0.95); the specificity of using a score of 9 was 0.96 (0.95–0.96). 

The results are reported in Table 1 and Fig. 2. 
According to the results of our systematic review, a meta-analysis was not feasible. In fact, only the two Challen et al. studies (2007, 

2012) assessed the same scores (PMEWS and CURB-65) and outcome (hospitalization). Given the significant heterogeneity of the 
populations studied, a meta-analysis was deemed inappropriate and was not performed [12–14]. Similarly, because studies that used 
mortality as an outcome measure were on different scores, their results could not be combined in a meta-analysis for the present 
purpose. 

3.5. Predictive models 

In six studies, rules for estimating the probability of complications in patients with influenza-like illness or Covid-19 symptoms 
were derived from clinical results (Table 1). A decision tree algorithm derived by recursive partitioning was developed to determine 
the need to hospitalize patients that test positive for influenza [18]. The performance of this algorithm was evaluated by internal 
10-fold cross validation. Predictors of hospitalization included chronic illness (e.g., diabetes), age, influenza vaccination status, and 
influenza viral load. The AUC was 0.84 (0.77–0.90), the sensitivity was 0.83 (0.73–0.90) and the specificity was 0.76 (0.63–0.86). 
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A risk stratification tool for predicting in-hospital mortality in ED patients diagnosed with influenza has been derived using a two- 
stage-modeling method, in the first stage fitting a multiple logistic regression model with age, sex, vital signs, history, and complete 
blood count as independent variables and using this score with other laboratory data to construct a backward regression model. A 
nomogram was then derived to calculate a score (up to 550 points) using hypothermia, tachypnea, low systolic blood pressure, dia-
betes mellitus, leukocytosis, leukopenia, high percentage of segmented neutrophils and high concentration of C-reactive protein as risk 
factors. External validation of the model yielded an AUC of 0.77 [21]. 

The subject of two studies was the development of a statistical model to predict hospitalization risk for patients diagnosed with 
COVID-19 [20,25]. For Jehi et al. a least absolute shrinkage and selection operator logistic regression algorithm was run to identify the 
most predictive risk factors, followed by an internal 10-fold cross validation of performance. The hospitalization risk was thus found to 
be increased by age, being male, smoking (present or past), diabetes, hypertension, chronic lung disease, poor socioeconomic status, 
shortness of breath, diarrhea, and certain medications such as non-steroidal anti-inflammatory drugs and immunosuppressive treat-
ment. The model discrimination was excellent with an AUC of 0.81 (0.79–0.84) in the validation cohort [20]. For DeFreitas et al., the 
algorithm was created with a decision tree and lasso regression, followed by a machine learning approaches by 10-fold cross validation 
of performance. Including age, sex, baseline vital signs, duration of symptoms, presence of hypertension or diabetes mellitus, the model 
had a high discriminatory value (AUC 0.92 (0.90–0.94)) [25]. 

Two predictive models were derived to predict hospitalization and mortality for patients with Covid-19 test results [23]. For 
Herings et al. least absolute shrinkage and selection operator regression analysis was used to select predictors in the model and to 
estimate and shrink regression coefficients. The variables selected into the model were age, sex, chronic comorbidity score, neigh-
borhood deprivation score and wave of Covid-19 pandemic. The AUC was 0.91 (0.88–0.94) [23]. Webb et al. used a multivariable 
logistic regression model to identified predictors for hospitalization and mortality [24]. Age, sex, communities color, comorbidities 
and presence of dyspnea are included in the model which has an excellent discrimination (AUC ranged from 0.82 to 0.91). A score of 6 
has a sensitivity and specificity of 71% and 76% respectively. 

The results are reported in Table 1. 

3.6. Risk of bias assessment 

PROBAST is used to assess both the risk of bias and the applicability of a study across the four domains (participants, predictors, 
outcome, and analysis). 

Only one study raised a major concern about applicability, namely the Rodriguez-Noriega study [16], which also had a high risk of 
bias. The Cheong et al. study [21] might be somewhat biased (unclear) because of the large number of excluded patients. The clinical 
prediction rules carry a high risk of bias since their models were not validated externally and therefore warrant such a rating according 
to analysis by PROBAST [10]. Details of the risk of bias assessment are presented in Table 2. 

4. Discussion 

The studies that we examined in this systematic review propose fourteen different tools that were developed to predict the risk of 
hospitalization or death of ED or outpatient clinic patients with influenza-like illness. Eight tools were scores and six were predictive 
models. Among the scores, the PMEWS seemed to be the most accurate in predicting the need for hospitalization of adults, with a 
sensitivity ranging from 0.80 to 0.99 for a score ≥2. The predictive model developed by Chen et al. was as good as the PMEWS at 
predicting hospitalization but was derived from a population composed mostly of pediatric patients and its risk of bias was considered 
high based on its validation. CURB-65 or qSOFA scores ≥2 appeared to be the most accurate predictors of death, whereas the predictive 
model of Cheong et al. was adequate based on the PROBAST but less reliable than the scores. Although these scores and models need 
more robust validation using larger populations, they already could support clinical judgment by drawing attention to risk factors for 
complications of influenza-like illness. 

Severity scores currently available to support triage decisions for patients with influenza-like illness were developed for pandemic 
influenza (e.g., PMEWS, CAT), pneumonia (e.g., CURB-65) or sepsis (e.g., qSOFA, SIRS). Provisional guidelines have long recommend 
the use of severity assessment tools to help frontline physicians manage pandemic influenza [5]. CURB-65 is simple, consisting of only 
five criteria, namely confusion, urea, respiratory rate, blood pressure, and age over 65 years. However, this score performed poorly in 
young adults [4]. Predictive factors of severe influenza are well defined in the literature and include age, comorbidities, respiratory 
failure, hypoxia, and abnormal vital signs or laboratory analyses [28]. Factors such as hypoxia and comorbidities added as refinements 
might improve the performance of CURB-65 in predicting the risk of complications of influenza-like illness. 

United Kingdom Department of Health guidelines on surge capacity also recommend the use of the PMEWS for triaging patients 
with influenza-like illness. This score includes more risk factors than CURB-65 does [29] and is simple and easily applied in the ED 
since it does not involve any laboratory tests but relies instead on physiological abnormalities apparent in triage to determine the risk 
of complications and the appropriate level of care [15]. 

Designed to help clinicians identify patients that may be referred to secondary care, the community assessment tool or CAT is 
applicable when high demand for healthcare forces tightening of the criteria for admitting patients to hospitals in affected areas [28]. 

Fig. 2. Forest plot showing sensitivity and specificity of the scores with external validation selected to predict hospitalization and mortality among 
patients with influenza-like illness. 
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The CAT decision tool identifies patients with any severity criteria (e.g., respiratory failure, altered vital signs) as admissible. Its use is 
not recommended when EDs are working at their usual staffing levels and can apply their routine care procedures [30]. 

Other scores such as SIRS and qSOFA have been developed to screen for sepsis and predict in-hospital mortality. Although they 
have been validated quite robustly as predictors of adverse outcomes in patients with sepsis, their application to patients with 
influenza requires further study. Chu et al. has demonstrated that the predictive performance of the qSOFA may be better than that of 
the SIRS in the prognostication of patients with influenza, but this finding may be related to the inclusion of a significant number of 
patients with influenza-induced sepsis or a secondary bacterial infection in their cohort. A patient who presents to ED triage with a 
qSOFA score as low as 1 may require hospitalization [19]. 

During a pandemic, hospital beds may become scarce, and suitable decision aids could help front-line healthcare providers 
recognize patients that need to be admitted. Some tools initially developed to assess severity and assist triage of patients with 
community-acquired pneumonia have been validated secondarily for pandemics or seasonal epidemics. However, chronic over-
crowding of EDs requires a battery of solutions, which may include the use of risk-stratification tools to redirect patients safely to other 
care settings or to self-care at home. For example, British guidelines recommend that patients with influenza-related pneumonia and a 
CURB-65 score of 0 or 1 be sent home with instructions for self-care [5]. Similarly, since the PMEWS is based on readily observable 
clinical characteristics, future research could explore whether a low score justifies discharging patients to their homes or redirecting 
them to care settings other than the ED without seeing the ED physician. The US Centers for Disease Control and Prevention propose an 
expert-based management algorithm with an assessment of severity based on age and co-morbidities to predict adverse outcome for 
patients with influenza [31]. In this systematic review, we have identified several risk-stratification tools that may be considered for 
predicting hospitalization or mortality of patients with influenza. The risk factors used most frequently in these tools are comorbidities, 
age, symptoms (e.g., fever, cough, dyspnea) vital signs, and vaccination history. However, most of the tools also include laboratory 
analyses, which limits their applicability during triage in the ED or in an outpatient clinic. Chen et al. found that viral load could be 
predictive of the need for hospitalization in patient populations with milder influenza and fewer comorbidities. Such a measurement 
would undoubtedly improve the reliability of risk stratification scores based solely on clinical features and represents a huge op-
portunity for developers of rapid bedside diagnostic devices for respiratory viral infections in general [18]. 

Before listing the limitations of this review, let us mention that our literature search was structured to find prognostic tools that 
predict complications in patients with influenza-like illness and was not limited to confirmed influenza. This corresponds more closely 
to clinical practice in the ED, which is focused on symptoms presented by patients on arrival at the ED and not on a specific presumed 
or confirmed acute respiratory infection. We therefore included studies that assess tools intended to predict adverse outcomes in 
patients with influenza-like illness, including COVID-19. This allowed us to select a larger number of studies, but with a more het-
erogeneous population. On the other hand, 26 articles were excluded because they were based on populations that differed too much 
from those we sought to study. As a result, tools developed for critical care unit patients were excluded. We also excluded 14 studies of 
tools used to predict the need to place already hospitalized patients in intensive care. Finally, the diversity of scores and high het-
erogeneity of the study populations of the articles included in our review did not allow us to perform a meta-analysis. 

5. Conclusion 

This systematic review allowed us to identify nine different tools that have been developed to predict the risk of hospitalization or 
death in ED or ambulatory clinic patients with influenza-like illness. The PMEWS seems to be the best predictor of the need for 
hospitalization in the adult population, while the CURB-65 seems to be the best predictor of mortality. Although some of these scores 
have interesting features that may support clinical judgment, none of them appears to perform well enough to justify its widespread 
adoption in the ED. There is a need to refine an existing tool or develop a new one to optimize the management of these patients. 

Table 2 
PROBAST results.  

Study ROB Applicability Overall 

Participants Predictors Outcome Analysis Participants Predictors Outcome ROB Applicability 

Challen 2007 + + + + + + + + +

Rodriguez-Noriega 2010 + ? - - + ? ? - ? 
Challen 2012 + + + + + + + + +

Chen 2013 + + + + + + + - +

Chu 2020 + + + + + + + + +

Jehi 2020 + + + + + + + - +

Cheong 2021 + + + ? + + + ? +

Salvatore 2021 + + + ? + + + - +

Herings 2021 + + + + + + + - +

Webb 2022 + + + ? + + + - +

De Freitas 2022 + + + + + + + - +

Brooks 2022 + + + + + + + - +

Definition: PROBAST = Prediction model Risk Of Bias ASsessment Tool; ROB = risk of bias. 
+ indicates low ROB/low concern regarding applicability. 
− indicates high ROB/high concern regarding applicability. 
? indicates unclear ROB/unclear concern regarding applicability. 
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