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ABSTRACT
Background: This study aimed to establish a Severity Scale for influenza and other acute respiratory infections (ARI), requiring 
hospitalization, for surveillance and research purposes (the SevScale). Such a scale could aid the interpretation of data gathered 
from disparate settings. This could facilitate pooled analyses linking viral genetic sequencing data to clinical severity, bringing 
insights to inform influenza surveillance and the vaccine strain selection process.
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Methods: We used a subset of data from the Global Influenza Hospital Surveillance Network database, including data from 
different geographical areas and income levels. To quantify the underlying concept of severity, an item response model was de-
veloped using 16 indicators of severity related to the hospital stay. Each patient in the dataset was assigned a Severity Score and a 
Severity Category (low, medium, or high severity). Finally, we compared the model scores across different subgroups.
Results: Data from 9 countries were included, covering between 4 and 11 seasons from 2012 to 2022, with a total of 96,190 ARI 
hospitalizations. Not for all severity indicators data were available for all included seasons. Subgroups with a high percentage of 
patients in the high Severity Category included influenza A(H1N1)pdm09, age ≥ 50, lower-middle income countries, and admis-
sion since the start of the COVID-19 pandemic.
Conclusions: The initial model successfully highlighted severity disparities across patient subgroups. Repeating this exercise 
with new, more complete data would allow recalibration and validation of the current model. The SevScale proved to be a prom-
ising method to define severity for influenza vaccine strain selection, surveillance, and research.

1   |   Introduction

Acute respiratory infections (ARIs) and in particular influenza 
embody a significant burden for healthcare systems worldwide. 
In the years before the SARS-CoV-2 pandemic, seasonal influenza 
was estimated to cause 3–5 million cases of severe illness and about 
290,000–650,000 respiratory deaths each year, globally [1–3]. The 
Global Burden of Disease study estimated that influenza caused 
9.5 million hospitalizations with lower respiratory tract infection 
in 2017 (range: 3.7–23 million) [4]. Influenza vaccine effectiveness 
(IVE) varies over time, depending on, among other factors, which 
strains are circulating and how well they match with that included 
in the vaccine. Nevertheless, vaccination substantially decreases 
the number of influenza-related infections, hospitalizations, and 
deaths [5–7]. The Global Initiative on Sharing All Influenza Data 
(GISAID) plays an important role in informing the vaccine selec-
tion procedure led by the WHO Global Influenza Surveillance and 
Response System (GISRS) by facilitating the sharing of influenza 
virus genetic sequencing data [8, 9].

One of the organizations providing data to the GISAID data-
base is the Global Influenza Hospital Surveillance Network 
(GIHSN), which beside its main focus on influenza, collects 
data on other viral ARIs as well [10]. Since its inception in 
2012, the objectives of the GIHSN have evolved. Initially fo-
cused on IVE evaluation and burden of influenza disease 
estimates, the network's focus shifted in 2019 to encompass 
generation of epidemiological and medical evidence on hos-
pitalized patients with respiratory viruses beyond influenza 
and to support WHO influenza vaccine strain selection pro-
cedures. As such, sites contribute whole genome sequencing 
data from specimens collected from hospitalized patients with 
laboratory-confirmed influenza. These results are uploaded 
to GISAID and integrated into the clinical and demographic 
information collected as part of the GIHSN.

The GIHSN sequencing data represent hospitalized patients. 
However, comprehending the extent of disease severity across 
different age groups and geographic settings is challenging, due 
to differences in resources, local guidelines and access to care. 
Moreover, surveillance systems usually collect limited clinical 
information. The recent paper by Lina et al. [11] noted that there 
“is currently no consensus on how to define complicated hos-
pitalization for influenza.” Rath et al. developed a scale for in-
fluenza severity in children [12]. However, no comparable scale 

is available for adult patients, and this type of composite score 
needs available data on all of the score's indicators of severity. 
Establishing a reliable Severity Scale (SevScale) for patients with 
ARI, and in particular influenza, could facilitate linking the 
score with viral genetic sequencing data. This linkage may help 
identify specific genetic evolution markers or mutations associ-
ated with disease severity or vaccine immune escape, thereby 
aiding in the selection of appropriate vaccine strains. Moreover, 
epidemiological studies utilizing the SevScale score as an out-
come variable would achieve greater comparability, given the di-
versity within the GIHSN, which encompasses over 20 countries 
with varying geography and economies. Evidence suggests clus-
tering of severe hospitalized patients within specific influenza 
subtypes or lineages, based on ICU admissions, mechanical 
ventilation usage, and in-hospital deaths [13]. However, there 
is currently no standardized system in place to assess clinical 
severity within the GIHSN or other multisite surveillance plat-
form. Moreover, now that global surveillance efforts are moving 
towards more integrated surveillance of respiratory viruses, it is 
appropriate to take a step further and develop a broad SevScale 
that can be implemented for ARI patients associated with a 
wider range of viral aetiologies than influenza. We aimed to de-
velop a scientifically based SevScale for ARI patients across all 
ages reported to GIHSN. Upon implementation of the SevScale, 
contributing sites collecting data from hospitalized patients will 
be able to apply the GIHSN SevScale algorithm and upload virus 
sequence data to GISAID, accompanied by the corresponding 
patient Severity Score.

2   |   Methods

2.1   |   GIHSN Database

Data for this retrospective analysis were derived from the GIHSN 
database, which included prospectively collected information 
from influenza seasons starting in 2012/13. Over the years, 
the GIHSN grew to incorporate 24 participating sites world-
wide, collecting case-based data from eligible patients hospital-
ized with acute respiratory symptoms that could be associated 
with respiratory viruses, who were hospitalized for at least one 
night in any of the participating surveillance hospitals [10, 11]. 
Although specific enrolment strategies varied slightly per site 
and individual hospitals may have had different target popula-
tions, all participating sites shared a core protocol for enrolment 
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of patients. Patients could be included in the study if they pre-
sented with community-onset severe acute respiratory infection 
(SARI) based on predefined case definitions [14]. Samples were 
collected from patients who met the inclusion criteria and had 
given consent as approved by each participating site's Research 
Ethics Board. These samples were tested with real-time reverse-
transcription polymerase chain reaction (RT-PCR) for a selected 
number of respiratory viruses, varying by site. A standardized 
questionnaire was completed by trained healthcare workers at 
admission and again at death or hospital discharge to collect 
clinical outcomes. This questionnaire changed slightly over 
the years, and additional variables were added in later seasons. 
Collected data included symptoms at admission, patient char-
acteristics, (pharmacological) treatment, influenza vaccination 
status, disease characteristics, and clinical outcome (Table S1).

2.2   |   Study Design and Population

For this retrospective observational pilot study, we included data 
from a geographically and economically diverse group of coun-
tries for the development of the SevScale, with countries from 
various WHO transmission zones [15] and income levels [13] 
and data for at least 2000 ARI patients over at least four seasons 
in the GIHSN database. Data from Brazil, Canada, Côte d'Ivoir, 
India, Kenia, Russia, South Africa, Spain, and Türkiye were in-
cluded in the analysis. An anonymized dataset of all patients 
in the selected countries was drawn from the GIHSN database 
for this study. When a country had more than one participating 
site, data from those sites were combined to represent the coun-
try (Russia). Per their protocol, Brazil only registered pediatric 
patients (age < 18), while Canada registered exclusively patients 
16 years or older. For Russia, only data collected before February 
2022 were included.

2.3   |   Descriptive Analysis

We performed descriptive analyses regarding patient character-
istics per country and availability of variables categorized as se-
verity indicators in the GIHSN database, and chronic conditions 
using R version 4.1.2 [16]. The following variables were included 
in the analysis: country, season, influenza test result (sample 
collection date between 7 days before and 3 days after hospital 
admission), age, sex, pregnancy status (for women of reproduc-
tive age [17]), chronic conditions, and influenza vaccination sta-
tus. Additionally, we evaluated data availability for the variables 
that were to be used as items in the model.

2.4   |   Model Development and Application

The SevScale model is a scale construction model, based on 
Item Response Theory (IRT) [18–20]. An IRT model uses items 
to indirectly measure a latent variable on a Logit scale, in this 
case severity. It has two levels: (1) the individual items and 
(2) overall random effects between patients, which are used to 
estimate the underlying Severity Score per individual. A gen-
eral item response model was developed for the full dataset, 
using MLwiN software, with 15 indicators possibly associated 
with severity, from the database as items (confusion/lethargy, 

apnea (< 5 years old), vasopressor support, supplemental ox-
ygen, frailty score (≥ 50 years old), oxygen saturation, blood 
pressure, respiratory rate, admission to high dependency 
unit, admission to intensive care unit, mechanical ventila-
tion, length of hospital stay, discharge to another hospital, and 
death while hospitalized) (see Appendix S1 for model descrip-
tion). The Severity Score per individual is constructed based 
on the overall average severity (fixed effect) over all items for 
that individual. Negative estimates indicate that, compared to 
the average, this item is associated with increased severity. It 
should be noted that every item gets the same weight in con-
tributing to the overall average and gets its own fixed effect 
item parameter (leaving out one item, the reference item) the 
so called “item difficulty parameter”. This is to control for the 
fact that items do not have the same probability of occurring. 
Next, the individual structural deviation from the overall av-
erage, the between individuals variation component in the 
model (random effect), is added. Continuous or categorical 
item variables with more than two categories were dichoto-
mized for use in the model (e.g., blood pressure was divided 
into blood pressure < 130/80 and systolic blood pressure ≥ 130 
OR diastolic blood pressure ≥ 80) based on literature [21–25]. 
We also determined the internal consistency of the model 
through the reliability coefficient, a measure for the perfor-
mance of the scale in capturing the “true” differences between 
individuals on a scale between 0 and 1. A coefficient of 0.7 or 
higher indicates a statistically good measurement process [3].

Each ARI patient in the dataset received an individual Severity 
Score based on the items present for that patient and the overall 
average, quantifying the level of severity. This score represents a 
patient's place on the SevScale. The raw score was divided into a 
three-category score to allow easier interpretation. Cutoff values 
were based on the percentile of patients in each category. For 
the purpose of this study, the 50% of patients with the lowest 
scores were placed in the Low Severity Category, the next 25% 
in the Medium Severity Category, and the 25% with the highest 
Severity Score in the High Severity Category. It is of note that 
all patients, including those in the Low Severity Category, can 
be considered severely ill compared to nonhospitalized patients.

2.5   |   Subgroup Comparison

In order to assess the distinguishing performance of the model, 
we compared the median Severity Score and the percentage of 
patients per Severity Category between different subgroups. 
Because the aim was to determine if the model was successful 
in showing differences between subgroups, rather than to inter-
pret model outcomes, no multivariate analysis was performed. 
The subgroups in our study included influenza test result 
(positive, negative), influenza type (influenza A not subtyped, 
A(H1N1)pdm09, A(H3N2), B no lineage determined, B/Victoria, 
B/Yamagata), positive test for any respiratory virus (positive for 
at least one virus, negative for all) sex (male, female), age group 
(0–4, 5–17, 18–49, 50–64, 65+ years old), number of chronic 
conditions (none, one, two or more), pregnancy (pregnant, not 
pregnant), country income level (high income, upper-middle in-
come, lower-middle income), and hospitalization pre- or since 
the COVID-19 pandemic (admitted < 2020 W01, admitted ≥ 
2020 W01).
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3   |   Results

3.1   |   Descriptive Analysis

Nine countries, from nine unique WHO transmission zones and 
three different income levels, were selected for the development 
of the GIHSN SevScale (Table 1), resulting in a total of 96,190 
included patients. The overall median age of the population was 
27 years (IQR 2–68), varying between < 1 (IQR: 0.6–5) in South 
Africa and 72 (IQR: 58–83) in Canada (Table 2). Age distribu-
tion of patients varied per country (Figure 1). Of patients with 
known influenza vaccination status, 17% had been vaccinated 
for the season of their hospital admission and at least 14 days 
before onset of respiratory symptoms. Among patients with 
known data for chronic condition status, 64% reported at least 

one chronic condition. Overall, 21% of the patients in the dataset 
tested positive for influenza, ranging from 5% (Côte d'Ivoire) to 
31% (Russia).

3.2   |   Severity Indicators

Data availability for the severity indicators ranged widely 
between different variables (see Table  3). In general, the in-
dicators measured during the hospitalization period or at dis-
charge were reported more consistently than those measured 
at admission. Indicators with the highest data availability 
were intensive care unit (ICU) admission (97%), mechanical 
ventilation (88%), duration of hospital stay (95%), and death 
while hospitalized (97%).

TABLE 1    |    Countries and seasons included in the analysis.

Income groupa Country WHO transmission zone Number of seasons (seasonsb) N patients

High income Spain South West Europe 11 (2012/13–2022/23) 25,419

Canada North America 5 (2017/18–2021/22) 11,631

Upper-middle income Russia Eastern Europe 9 (2013/14–2021/22)c 33,280

Türkiye Western Asia 8 (2013/14–2016/17 & 2019/20–2022/23) 3145

Brazil Tropical South America 4 (2018/19–2021/22) 2139

South Africa Southern Africa 5 (2016/17–2018/19 & 2020/21–2021/22) 6437

Lower-middle income Kenya Eastern Africa 6 (2017/18–2022/23) 5169

India Southern Asia 8 (2015/16–2022/23) 6078

Côte d'Ivoire Western Africa 6 (2017/18–2022/23) 2892
aIncome group as defined by the World Bank, 2023.
bFor season 2022/23 data until week 3-2023 are included.
cFor Russia, data until week 4-2022 are included.

TABLE 2    |    Population characteristics per country.

Country
Median age 

(IQR)a % female
Chronic conditionb 

n/N (%) Pregnantb n/N (%) Vaccinatedb,c n/N (%)

Brazil 2 (0.6–5) 48% 983/2028 (48) 0/408 (0) 742/2028 (37)

Canada 72 (58–83) 47% 8462/11,523 (73) 130/4962 (3) 3443/11,158 (31)

Côte d'Ivoire 3 (1–36) 46% 321/2346 (14) 3/815 (0) 40/2879 (1)

India 55 (35–70) 48% 4339/5595 (78) 99/2549 (4) 372/6078 (6)

Kenya 1.1 (0.5–2.8) 48% 1644/4721 (35) 33/1108 (3) 9/5169 (0)

Russia 6 (1.7–29) 50% 6059/16,720 (36) 3274/12,732 (26) 1335/33,151 (4)

South Africa 0.5 (0–2.2) 45% 1706/3598 (47) 37/1441 (3) 8/6435 (0)

Spain 69 (32–82) 46% 17,724/19,196 (92) 59/10,805 (1) 9967/25,386 (39)

Türkiye 22 (1–69) 45% 1912/2136 (90) 7/1397 (1) 320/3052 (10)

Total 27 (2–68) 48% 43,150/67,863 (64) 3642/36,217 (10) 16,236/95,336 (17)
aIn Brazil, only pediatric patients were included, with a maximum age of 18 years old. In Canada, only adult patients were included, with a minimum age of 16 years 
old.
bNumber of patients with chronic condition, pregnant patients, and patients vaccinated for influenza among those for which the variable was reported.
cVaccinated for the season of hospital admission.
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3.3   |   Model Results and Scale Development

The model estimates for the severity indicators are described 
in Table S3. Items such as “Died in hospital” and “Mechanical 
ventilation” had a lower estimate and are thus associated with 
higher severity than “high blood pressure,” “abnormal res-
piration rate,” “oxygen support,” and “frailty score ≥ 5.” The 
current model has a reliability coefficient of 0.639.

The Severity Score estimates for the patients in the dataset 
showed variability, ranging between −2.92 and 1.60 with a 
mean score of −2.07 (Figure 2). This is a mathematically con-
structed score on a logit scale, and therefore, an individual's 
score itself yields little interpretable information. When com-
paring scores, a higher score indicates higher severity. We 
categorized 50% of patients (n = 48,210) in the Low Severity 
Category 1 (≤ − 2.351), 25% (n = 23,713) in the Medium Severity 
Category 2 (> − 2.351 and ≤ − 1.726), and 25% (n = 23,969) High 
Severity Category 3 (> − 1.726). The widest range of Severity 
Scores can be found in Severity Category 3 (−1.726–1.60).

3.4   |   Behavior of Model Score in Different 
Subgroups

Patient groups with a higher percentage of patients in the High 
Severity category were those positive for influenza A(H1N1)pdm09 
(compared to others with known influenza subtype or lineage), 
those vaccinated for influenza, those aged 50 years or older, those 
from lower-middle income countries, and those admitted since 
the start of the COVID-19 pandemic (Table 4). The percentage of 
patients in the High Severity Category increased with the number 
of chronic conditions (none, one, or more than one chronic condi-
tion). Patient groups with more patients in the Low Severity cate-
gory were those with a positive influenza test, those tested positive 
for any virus, and pregnant patients.

4   |   Discussion

The GIHSN SevScale model was developed for ARI patients of 
all ages, using patient data from the full hospitalization period to 

FIGURE 1    |    Age distribution of patients with acute respiratory infection per country.
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construct a Severity Score. The SevScale included 15 items that are 
readily collected during a hospitalization and stratified patients 
into three severity categories. The model also highlighted dispar-
ities in severity across patient subgroups and country characteris-
tics, such as those with different influenza subtypes or lineages, 
number of chronic conditions, or country income level.

When comparing subgroups, the model showed variation in the 
proportion of patients categorized in the Low, Medium, and High 
Severity Categories. In this study, the allocation of patients to 

each category was arbitrarily based on the distribution of Severity 
Scores. Although no multivariate analysis was performed, robust-
ness of data is inferred from the fact that these differences are in 
the expected direction, they are clinically-plausible, and in line 
with previous publications: The subgroups studied by Cohen et al. 
had outcomes comparable to ours [26]. For example the finding 
that influenza A(H1N1)pdm09 was related to higher severity 
than A(H3N2), increased mortality for older patients and those 
with underlying chronic conditions, and increased risk of ICU 
admission in LMIC [26]. Although unexpected, the finding that a 

TABLE 3    |    Presence and reporting completeness of severity indicators.

Severity indicator Reported N/total (%) Prevalence n/N (%)

At admission Confusion/lethargy 35,092/96,190 (36) 4758/35,092 (14)

Apnea (< 5 years old) 9296/35,079 (27) 244/9296 (3)

Vasopressor support 39,725/96,190 (41) 1558/29,725 (4)

Supplemental oxygen 50,069/96,190 (52) 15,800/50,069 (32)

Frailty score (50 + years old) 10,493/37,082 (28)

< 5 5063/10,493 (48)

≥ 5 5430/10,493 (52)

Oxygen saturation 30,471/96,190 (32)

< 90% 5274/30,471 (17)

≥ 90% 25,197/30,471 (83)

Blood pressure
For age ≥ 13

29,167/96,190 (30)
20,133/55,637 (21)

< 130/80 19,330/29,167 (66)
11,198/20,133 (56)

Systolic ≥ 130
and/or
Diastolic ≥ 80

9837/29,167 (34)
8935/20,133 (44)

Respiratory rate 35,476/96,190 (27)

Within normal rangea 22,826/35,476 (64)

Outside normal range 12,650/35,476 (36)

During hospital stay High dependency unit 9951/96,190 (10) 5331/9951 (54)

ICU admission 93,137/96,190 (97) 7206/93,137 (8)

Mechanical ventilation 85,009/96,190 (88) 3195/85,009 (4)

Discharge Length of stay 91,672/96,190 (95)

< 10 days 72,320/91,672 (79)

≥ 10 days 19,352/91,672 (21)

Frailty score (50 + years old) 4130/37,082 (11)

< 5 1609/4130 (39)

≥ 5 2521/4130 (61)

Discharged to another hospital 38,165/96,190 (40) 1067/38,165 (3)

Death while hospitalized 93,603/96,190 (97) 3935/93,603 (4)
aSee Table S2 for age-dependent normal range.
Abbreviation: ICU, intensive care unit.
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higher percentage of people vaccinated for influenza is in the High 
Severity Category is in accordance with a number of previous find-
ings for nonhospitalized ARI [27]. Nonetheless, this finding might 
well be a result of confounding as no multivariate analysis was per-
formed and influenza vaccine coverage was higher in the 65 + age 
group and people with chronic conditions. In addition, pregnancy 
is known to be associated with an increased risk of hospitalization 
and mortality due to influenza [28, 29]. The lower percentage of 
pregnant patients in the High Severity Category could be a result 
of a more lenient admission policy for pregnant patients with ARI.

The low percentage of data availability in some severity indicators 
can largely be explained by changes in the data collection proto-
col. Many variables with low data availability in our study started 
being collected in more recent seasons (2018/19 and onwards). 
Moreover, data reporting policies varied in the participating sites 
and not all sites collected all variables. For example, a high depen-
dency unit does not exist in all hospitals; possibly, this variable is 
left empty in the reporting stage when not applicable. Similarly, 
data for certain chronic conditions were not collected until the 
2018/19 season or later. Additionally, variables related to chronic 
conditions may mistakenly be left empty at the reporting stage 
when not applicable. Information on chronic conditions is vital 
for the model's future adjustment. Ongoing improvements in data 
quality and completeness of patients' clinical outcomes will help 
increase the accuracy of the SevScale model.

The SevScale algorithm produced a retrospectively constructed 
Severity Score that can be used in various settings. Primarily, it can 
become an integrated part of the GIHSN database and potentially 
other surveillance networks. The score will be calculated using 
the model estimate based on the existing patients in the dataset. 
To calculate the Severity Score, a new patient should have a valid 
answer for at least one of the 15 items. The score will be calculated 

using the estimate from the model, based on the existing patients 
in the dataset. Thus, the SevScale can add another layer of infor-
mation to surveillance efforts and aid in decision making regard-
ing influenza vaccine strain selection. The Severity Score and viral 
genetic sequencing data can easily be linked by adding the Severity 
Score information to the viral sequences shared with GISAID. The 
availability of the additional information provided by the Severity 
Score in GISAID will allow the WHO Collaborating Centers (and 
other research groups working with the GISAID database) to iden-
tify the main characteristics of the severe influenza patients and, 
consequently, to take patient severity into account for viral moni-
toring and for selecting strains for the influenza vaccine. The dif-
ference in Severity Score between influenza types, with influenza 
A(H1N1)pdm09 associated with higher severity, indicates relevant 
variation between influenza subtypes, which potentially can also 
be found between strains.

The Severity Score could also be utilized as an outcome variable in 
research efforts, studying severity of ARI or specific respiratory vi-
ruses. This would provide a more comprehensive definition of se-
verity than a clinical score or single proxy for severity and enhance 
the comparability of different studies analyzing the severity of in-
fluenza or other ARIs. Another potential application could be to 
compare the distribution of ARIs in different hospitals according 
to the Severity Score or compare the severity of influenza in vacci-
nated and unvaccinated patients. When linked to relevant clinical 
outcomes, the Severity Score could also be used in assessments of 
the cost-effectiveness of hospitalization of ARI patients.

The development of this model stands out from other studies 
of ARI or influenza disease severity, as it does not aim to iden-
tify predictors of severity but rather to quantify the concept of 
severity itself. The GIHSN SevScale is explicitly not suitable 
as a SevScale for the clinical management of patients as the 

FIGURE 2    |    Severity Score distribution. Displaying patients ranked from lowest to highest Severity Score (x-axis), with their corresponding 
Severity Score.
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TABLE 4    |    Percentage of patients per severity category, per subgroup.

N patients Severity category

Low Medium High

Flu positive

Yes 19,734 12,297 (62.3%) 4008 (20.3%) 3429 (17.4%)

No 33,173 12,625 (38.1%) 10,828 (32.6%) 9720 (29.3%)

Influenza type

A not subtyped 1756 912 (51.9%) 337 (19.2%) 507 (28.9%)

A(H1N1)pdm09 4802 2925 (60.9%) 1058 (22.0%) 819 (17.1%)

A(H3N2) 5744 3777 (65.8%) 1073 (18.7%) 894 (15.6%)

B lineage not determined 1431 1011 (70.6%) 214 (15.0%) 206 (14.4%)

B/Victoria 1474 1067 (72.4%) 207 (14.0%) 200 (13.6%)

B/Yamagata 1631 1162 (71.2%) 222 (13.6%) 247 (15.1%)

Positive for any respiratory virus

Yes 45,623 22,738 (49.8%) 11,156 (24.5%) 11,729 (25.7%)

No 271 72 (26.6%) 103 (38.0%) 96 (35.4%)

Vaccinated for influenza

Yes 12,236 7899 (48.7%) 3187 (19.6%) 5144 (31.7%)

No 73,592 38,800 (52.7%) 18,182 (24.7%) 16,610 (22.6%)

Sex

Female 46,005 24,879 (49.9%) 12,205 (24.5%) 12,794 (25.7%)

Male 49,878 23,331 (50.7%) 11,503 (25.0%) 11,171 (24.3%)

Age group

00–04 35,003 19,213 (54.9%) 9863 (28.2%) 5927 (16.9%)

05–17 7005 4196 (59.9%) 1728 (24.7%) 1081 (15.4%)

18–49 16,820 9569 (56.9%) 4037 (24.0%) 3214 (19.1%)

50–64 9772 3874 (39.6%) 2340 (23.9%) 3558 (36.4%)

65+ 27,278 11,353 (41.6%) 5743 (21.1%) 10,182 (37.3%)

Chronic conditions

None 53,252 30,705 (57.7%) 14,447 (27.1%) 8100 (15.2%)

One 19,123 8641 (45.2%) 4786 (25.0%) 5696 (29.8%)

Two or more 23,517 8864 (37.7%) 4480 (19.1%) 10,173 (43.3%)

Pregnant

No 23,091 12,126 (52.5%) 5221 (22.6%) 5744 (24.9%)

Yes 3642 2600 (71.4%) 804 (22.1%) 238 (6.5%)

Income level country

High income 37,027 17,723 (47.9%) 8357 (22.6%) 10,947 (29.6%)

Upper-middle income 44,800 26,492 (59.1%) 10,906 (24.3%) 7402 (16.5%)

Lower-middle income 14,065 3995 (28.4%) 4450 (31.6%) 5620 (40.0%)

COVID-19 pandemic

(Continues)
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model is based on data from the entire hospitalization period, 
and the score is assigned retrospectively. Clinical management 
scales, such as the CURB-65 for community-acquired pneu-
monia and others used in ARI study settings, already exist and 
serve a different purpose than the GIHSN SevScale [30]. To 
our knowledge, the only other SevScale for the same purpose 
is the ViVI score developed by Rath et al. in 2017, using data 
collected at emergency department visit or pediatric inpatient 
ward for a composite score [12]. Unlike the scale developed by 
Rath et al., the SevScale does not require information on all 
severity indicators, although reliability increases with more 
information.

The most important limitation affecting the development of the 
SevScale is the lower-than-expected data availability. This de-
creases the model's reliability because the number of patients 
with each indicator is suboptimal. Moreover, further speci-
fication of the SevScale was impossible, as the number of oc-
currences of each severity indicator would be too low to yield a 
reliable influenza- or age-specific model. Secondly, the inherent 
heterogeneity of the data over the various countries and seasons 
impacts the model's reliability and therefore increases necessity 
for a high number of patients to develop the model. Thirdly, no 
low income countries could be included in the study, which re-
duces the generalizability of the SevScale to these economies. 
Another limitation is the fact that the SevScale was developed 
using a set of currently available parameters from clinical prac-
tice. These parameters may change in the future, or new and 
better ways to measure severity may be developed or more 
widely used. In that case, the current SevScale would be no lon-
ger sufficient and would have to be updated.

The next step in the development and implementation of the 
SevScale should be to recalibrate and validate the model, apply-
ing it to the full GIHSN database and adding more recent data. 
More complete and representative data are expected to increase 
the model's reliability and allow further specifications and ad-
justments according to patient characteristics. Since there is no 
gold standard for disease severity in hospitalized ARI patients, 
the validation aims to establish if the model results comply with 
expectations based on current knowledge. This is a vital step 
in determining whether the model correctly measures the con-
cept of severity. A proposed number and allocation of Severity 
Categories could be included in this validation step or deter-
mined by researchers based on clinical significance.

Multiple years of data are necessary for the model development 
to include the required number of patients and to account for 
between-season variation. Over time, GIHSN data collection 
became more extensive, and we expect data availability to be 

higher when more recent seasons are selected. The addition of 
new data to the database and continued improvements would 
allow the SevScale model to be “finetuned.” A follow-up study 
would also offer the opportunity to explore if a minimum subset 
of items should be determined. Since item estimates can be in-
fluenced by age, country, and comorbidities, adjusting the model 
for these factors should be possible. To calculate this adjusted 
score, a regression model can be developed with the Severity 
Score from the database and the extra variables (e.g., age groups 
and chronic condition) to produce parameters that capture this 
variation in severity.

In conclusion, the pilot model was successful in proving the con-
cept of quantifying severity in hospitalized patients with ARI 
for surveillance purpose. Repeating this exercise with the full 
database and adding new, more complete data will be neces-
sary to allow recalibration and validation of the current model. 
Nevertheless, this model proved to be a promising method to de-
fine severity for influenza vaccine strain selection, surveillance 
and research.
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