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Abstract

Background: We assessed the ability to identify key data relevant to influenza and

other respiratory virus surveillance in a large-scale US-based hospital electronic

medical record (EMR) dataset using seasonal influenza as a use case. We

describe characteristics and outcomes of hospitalized influenza cases across three

seasons.

Methods: We identified patients with an influenza diagnosis between March 2017

and March 2020 in 140 US hospitals as part of the US FDA’s Sentinel System. We

calculated descriptive statistics on the presence of high-risk conditions, influenza

antiviral administrations, and severity endpoints.

Results: Among 5.1 million hospitalizations, we identified 29,520 hospitalizations

with an influenza diagnosis; 64% were treated with an influenza antiviral within

2 days of admission, and 25% were treated >2 days after admission. Patients treated

>2 days after admission had more comorbidities than patients treated within 2 days

of admission. Patients never treated during hospitalization had more documentation

of cardiovascular and other diseases than treated patients. We observed more severe

endpoints in patients never treated (death = 3%, mechanical ventilation [MV] = 9%,

intensive care unit [ICU] = 26%) or patients treated >2 days after admission

(death = 2%, MV = 14%, ICU = 32%) than in patients treated earlier (treated on

admission: death = 1%, MV = 5%, ICU = 23%, treated within 2 days of admission:

death = 1%, MV = 7%, ICU = 27%).

Conclusions: We identified important trends in influenza severity related to

treatment timing in a large inpatient dataset, laying the groundwork for the use of

this and other inpatient EMR data for influenza and other respiratory virus

surveillance.

K E YWORD S

electronic medical records, influenza hospitalizations, public health surveillance

Received: 10 September 2021 Accepted: 25 September 2021

DOI: 10.1111/irv.12921

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2021 The Authors. Influenza and Other Respiratory Viruses published by John Wiley & Sons Ltd.

Influenza Other Respi Viruses. 2022;16:265–275. wileyonlinelibrary.com/journal/irv 265

https://orcid.org/0000-0002-8902-1435
https://orcid.org/0000-0001-7090-2761
mailto:candace_fuller@harvardpilgrim.org
https://doi.org/10.1111/irv.12921
http://creativecommons.org/licenses/by/4.0/
http://wileyonlinelibrary.com/journal/irv


1 | INTRODUCTION

The US Food and Drug Administration (FDA) has been exploring the

feasibility of utilizing real world data, such as administrative claims

and electronic medical records (EMR), to support decision making

before or during a public health emergency.1 Administrative claims

provide information regarding exposure to medication dispensings

and many outcomes, but use of these databases during a public health

emergency can be limited by the time it takes for these databases to

“settle.”2 In addition, there is often limited ability to assess detailed

information regarding inpatient medication use and care received dur-

ing hospitalization in claims databases. EMR data can provide timely

and detailed clinical information, and the feasibility of conducting pub-

lic health surveillance with EMRs has previously been demon-

strated.3–9 However, capturing and analyzing these data in real-time

during a public health emergency are a challenge unless systems are

already in place. Simonsen and colleagues have highlighted the use of

seasonal influenza as an example infection when developing systems

built on “big data” for infectious disease surveillance.10

As part of the FDA’s Sentinel System,11,12 we explored the

feasibility of utilizing inpatient EMR data for collecting and analyzing

treatments and outcomes in hospitalized patients to support the

FDA’s need for timely information during a public health

emergency.13 Sentinel is an active surveillance system that uses

routinely collected electronic healthcare data to support FDA’s

regulatory decision making. Our objective was to assess the ability to

identify medications, severity, and other key data relevant to seasonal

and pandemic respiratory virus activity in hospitalized patients, using

seasonal influenza as a use case. We describe the baseline

characteristics, healthcare utilization, complications, and endpoints of

hospitalized adults with an influenza diagnosis from March 2017

through March 2020, using data on discharged patients.

2 | METHODS

2.1 | Data sources and study population

This was a retrospective descriptive study among adults hospitalized

from March 1, 2017, through March 31, 2020. We leveraged an exis-

ting EMR dataset from HCA Healthcare for our study which includes

140 hospitals and is updated frequently to support a pragmatic trial at

HCA Healthcare.14,15 This Sentinel System study was a public health

surveillance activity conducted under the authority of the FDA and,

accordingly, was not subject to Institutional Review Board over-

sight.16–18 March 2017 was selected as the study start as this is when

the hospitals systematically began providing medication administra-

tion data. Please see Appendix S1for the study design diagram. Within

this period, we identified hospitalizations with an influenza diagnosis

(via International Classification of Diseases, Tenth Revision, Clinical

Modification codes [ICD-10-CM]; see Appendix S2 for code lists). We

included data on patients discharged and with complete billing only

and did not include hospitalizations for patients still admitted or not

completely coded when the datasets were created. For reference, we

also examined characteristics of all hospitalizations captured in the

database.

2.2 | Demographics, high-risk conditions, and
treatments

We assessed demographics (age, sex, and race) on the date of hospital

admission. We examined conditions that may increase a person’s risk

of serious complications from influenza, including chronic respiratory

disease (asthma, chronic obstructive pulmonary disease [COPD], and

other chronic respiratory disorders), chronic cardiovascular disease,

liver or renal disorders, immune disorders, diabetes, obesity, hemato-

logical disorders, and smoking. These were identified via ICD-10-CM

diagnosis codes documented throughout the hospitalization. We also

assessed pregnancy status via diagnosis and procedure codes that are

markers for pregnancy as well as those for gestational age recorded at

any point during the hospitalization (see Appendix S2 for code lists.)

We identified influenza antiviral treatment administration (or lack

thereof) on the day of admission, within 2 days of admission, and

beyond 2 days of admission (oseltamivir, zanamivir, peramivir, balo-

xavir). We also examined antibiotic use during hospitalization. We

used brand names, generic names, National Drug Codes (NDC), and

Healthcare Common Procedure Coding System (HCPCS) procedure

codes to define treatments. Please see Appendix S3 for the medica-

tion search strategy and relevant procedure codes.

2.3 | Complications

We looked for complications coded during the hospital stay and

examined those complications by whether they were coded as pre-

sent on admission or after admission. Complications included pulmo-

nary complications, inflammatory conditions, myocardial infarction,

stroke, and sepsis (see Appendix S2 for code lists). We also examined

death in the hospital (i.e., discharged expired).

To describe markers of illness severity we examined intensive

care unit (ICU) stays, use of supplemental oxygen, bilevel positive air-

way pressure (BiPAP), mechanical ventilation (MV), and extracorporeal

membrane oxygenation (ECMO) (see Appendix S2 for code lists).

Length of stay was calculated based on admission and discharge

dates.

2.4 | Ordinal endpoints

We assessed select complications that are associated with severe

influenza, and other respiratory infections, and may be of interest in

future studies of MCM safety and effectiveness as ordinal endpoints.

Ordinal endpoints were as follows: (1) death in hospital; (2) MV or

ECMO; (3) ICU care with no MV or ECMO; (4) non-ICU hospitalization

requiring supplemental oxygen; (5) non-ICU hospitalization with no
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supplemental oxygen. Although patients might have had evidence of

multiple endpoints, each hospitalization was counted under only the

most severe (numerically lower) endpoint. We identified ICU stays

with revenue codes (see Appendix S2 for codes), and death in hospital

with discharge disposition.

3 | RESULTS

Among approximately 5.1 million hospitalizations, we identified

29,520 hospitalizations with an influenza diagnosis (n = 28,791

patients) between March 1, 2017, and March 31, 2020. Figure 1

examines hospitalizations by month; we observed expected time

trends with respect to influenza seasonality.

3.1 | Baseline characteristics of hospitalized
patients with influenza diagnosis

Table 1 summarizes the number of hospitalizations with an influenza

diagnosis, demographic characteristics, and high-risk conditions cap-

tured during the hospital stay stratified by timing of influenza antiviral

treatment. Among the influenza hospitalizations, there were more

females than males (58%), and more than half of the patients were

over the age of 65 years (56%) on admission. Race information was

well captured with just slightly over 1% of hospitalizations missing

race information.

As expected, high-risk conditions for serious influenza complica-

tions were all recorded more frequently in hospitalizations with

influenza diagnoses than in all-cause hospitalizations captured during

the study period, including asthma (14% vs. 7%), COPD (33%

vs. 17%), diabetes (36% vs. 30%), obesity diagnosis (20% vs. 17%),

ischemic heart disease (28% vs. 24%), heart failure (22% vs. 27%), liver

or renal disorders (36% vs. 28%), and immune disorders (6% vs. 3%).

Similar proportions of smokers were captured in hospitalizations with

influenza diagnoses compared with all-cause hospitalizations (18%

vs. 18%). Approximately 3% of patients with an influenza diagnosis

had evidence of pregnancy.

Antiviral treatment administrations were recorded in 85% of the

influenza hospitalizations; 64% were treated on the admission date or

≤2 days after admission. Patients treated later, >2 days after admis-

sion, were older and generally had more high-risk conditions than

those treated earlier. Patients never treated with an influenza antiviral

were younger and certain high-risk conditions such as obesity, ische-

mic heart disease, heart failure, liver and renal failure, hematological

disorders, and smoking were documented more frequently than

patients treated early in their hospitalization. Influenza was the princi-

pal diagnosis in 52% of hospitalizations treated on the day of admis-

sion, 43% treated ≤2 days of admission, 29% treated >2 days of

admission, and 16% of hospitalizations that had no evidence of treat-

ment during their stay.

3.2 | MCMs and oxygen delivery in influenza
hospitalizations

Oseltamivir was by far the most commonly administered influenza

antiviral medication, representing nearly all influenza antiviral

F I GU R E 1 Proportion of hospitalizations with influenza diagnoses and of all inpatient hospitalizations by calendar month and year between
March 1, 2017 and March 31, 2020
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T AB L E 1 Baseline characteristics of hospitalized patients with an influenza diagnosis stratified by timing of antiviral treatment between
March 1, 2017 and March 31, 2020

All
hospitalizations
(N = 5,173,162)

Hospitalizations
with influenza
diagnosis
(N = 29,520)

Hospitalizations
with influenza,
treated on
admission date
(N = 8,466)

Hospitalizations

with influenza,
treated ≤2 days
after admission
date
(N = 10,348)

Hospitalizations
with influenza,
treated >2 days
after admission
date (N = 6,213)

Hospitalizations

with influenza,
never treated
during
hospitalization
(N = 4,493)

Mean/% Mean/% Mean/% Mean/% Mean/% Mean/%

Demographics

Mean age/STD 58.2 � 20.4 64.4 � 18.6 64.4 � 18.8 64.3 � 18.9 67.5 � 16.8 61.9 � 19.2

Age: 18–49 33.2% 20.1% 20.6% 21.0% 13.8% 25.6%

Age: 50–64 23.0% 23.7% 23.7% 23.1% 24.6% 23.9%

Age: 65–74 18.9% 22.4% 22.2% 21.8% 24.0% 21.6%

Age: 75+ 24.9% 33.8% 33.5% 34.1% 37.5% 28.8%

Sex: Female 57.4% 57.6% 58.1% 57.3% 56.9% 58.3%

Sex: Male 42.6% 42.3% 41.7% 42.6% 43.0% 41.5%

Sex: Unknown 0.1% 0.1% 0.1% 0.1% 0.1% 0.2%

Race: White 70.9% 70.1% 69.1% 69.6% 71.2% 71.5%

Race: Black 15.3% 16.5% 17.5% 16.6% 16.0% 14.9%

Race: American Indian/

Alaska Native

0.1% 0.1% 0.1% 0.1% 0.1% 0.2%

Race: Other 12.1% 12.2% 12.6% 12.7% 11.4% 11.7%

Race: Unknown 1.6% 1.1% 0.7% 1.0% 1.2% 1.7%

Length of stay

Mean length of stay/

STD

5.6 � 5.8 5.8 � 5.6 4.1 � 3.3 4.9 � 4.0 9.2 � 7.6 6.4 � 6.9

Elixhauser comorbidity index

Mean score/STD 4.6 � 8.8 7.7 � 8.7 6.9 � 8.3 7.2 � 8.3 9.2 � 9.4 8.0 � 9.4

Mean count of

comorbidities/STD

2.8 � 2.1 3.4 � 2.0 3.2 � 1.9 3.3 � 1.9 3.9 � 2.1 3.5 � 2.2

Principal admitting diagnosis

Influenza principal

diagnosis of

encounter

0.2% 38.6% 52.2% 43.0% 29.3% 15.7%

High-risk conditions documented during the stay

Asthma 6.5% 13.5% 14.6% 14.2% 12.0% 11.7%

Chronic obstructive

pulmonary disease

16.9% 32.7% 30.4% 32.6% 37.5% 30.9%

Diabetes 29.7% 36.2% 35.1% 35.7% 39.4% 34.8%

Heart failure 16.6% 21.8% 17.7% 19.8% 29.1% 23.9%

Hematological disorders 39.3% 35.0% 30.2% 32.3% 42.1% 40.5%

Immune disorders:

disorders of humoral

and cell-mediated

immunity,

autoimmune

diseases, graft-

versus-host diseases,

disorders of white

blood cells,

transplant and its

complications, or

HIV/AIDS

2.6% 6.3% 6.0% 6.2% 6.9% 6.4%

(Continues)
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administrations (99%). To examine broader use of other medications,

we examined administration of any antibiotic during the hospitaliza-

tion and found 77% of hospitalizations with influenza diagnosis also

had evidence of an antibiotic administration. For oxygen delivery, we

were able to identify MV (6% on admission, 6% after admission) and

supplemental oxygen use (32% on admission, 51% after admission).

We did not identify any BiPAP use with procedure codes and identi-

fied three hospitalizations with an influenza diagnosis and ECMO dur-

ing their stay (Table 2).

3.3 | Complications and ordinal endpoints in
influenza hospitalizations

Table 2 summarizes complications stratified by timing of influenza ant-

iviral treatment. The most common pulmonary complications among

hospitalizations with influenza diagnosis were acute respiratory failure

(20% on admission, 3% after admission), any pneumonia (14% on

admission, 3% after admission), and pneumonia associated with influ-

enza (12% on admission, 2% after admissions). A higher proportion of

patients treated >2 days after admission or never treated had pulmo-

nary complications documented than patients treated earlier. Stroke,

sepsis, and myocardial infarction were also more commonly docu-

mented in patients treated >2 days after admission or never treated.

Table 3 presents unadjusted rates of the endpoints per 1,000

hospital stays, by timing of influenza antiviral treatment. Overall, we

observed lower rates of complications per 1,000 stays in patients

treated on admission (any complication: 776, severe complication:

350) or within 2 days of admission (any complication: 779, severe

complication: 413) than patients treated >2 days of admission (any

complication: 868, severe complication: 563) or never treated with an

influenza antiviral during hospitalization (any complication: 737, severe

complication: 460). Notably, patients not treated with an influenza

antiviral had high unadjusted rates of severe complications such as

death and MV, especially in reference to patients treated earlier. The

unadjusted rate of any pneumonia was also higher in patients not

treated.

Figure 2 shows the frequency of our five-category ordinal out-

comes by treatment timing. We observed more severe ordinal end-

points in patients never treated (death = 3%, MV = 9%, ICU = 26%)

or patients treated >2 days after admission (death = 2%, MV = 14%,

ICU = 32%) than in patients treated earlier (treated on admission:

death = 1%, MV = 5%, ICU = 23%, treated within 2 days of admis-

sion: death = 1%, MV = 7%, ICU = 27%). In patients never treated

with an antiviral, both the most severe (death) and least severe end-

points (hospitalization not requiring oxygen related or ICU care) were

recorded more frequently than among than among patients ever

treated during their stay.

4 | DISCUSSION

4.1 | Main findings

In this exploratory analysis of influenza-related data in a large inpa-

tient EMR data source, we identified hospitalizations with influenza

diagnoses and administrations of antiviral treatments. As ordinal-scale

endpoints reflecting increasing levels of illness severity have been

T AB L E 1 (Continued)

All
hospitalizations
(N = 5,173,162)

Hospitalizations
with influenza
diagnosis
(N = 29,520)

Hospitalizations

with influenza,
treated on
admission date
(N = 8,466)

Hospitalizations
with influenza,

treated ≤2 days
after admission
date
(N = 10,348)

Hospitalizations

with influenza,
treated >2 days
after admission
date (N = 6,213)

Hospitalizations
with influenza,

never treated
during
hospitalization
(N = 4,493)

Mean/% Mean/% Mean/% Mean/% Mean/% Mean/%

Ischemic heart disease 23.5% 27.8% 24.8% 26.9% 33.1% 28.2%

Liver and renal disorders 28.3% 36.1% 32.6% 34.2% 42.8% 37.5%

Nutritional disorders 7.1% 7.1% 5.3% 5.6% 10.7% 9.2%

Obesity 17.0% 19.6% 19.3% 18.4% 21.7% 19.7%

Other chronic

respiratory disorders:

cystic fibrosis,

tuberculosis, or

sarcoidosis

0.3% 0.5% 0.6% 0.4% 0.5% 0.7%

Other heart diseases 33.2% 40.3% 36.5% 38.6% 47.6% 41.1%

Pregnancy (pregnancy

marker or gestational

age)

11.8% 2.9% 2.9% 3.5% 1.5% 3.4%

Smoking 18.1% 18.4% 17.6% 18.3% 18.3% 20.0%

Note: Includes discharges for final billed patients only. The analysis does not include inpatient stays for patients still admitted or not completely coded by

the data pull date.
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F I GU R E 2 Frequency of a five-category ordinal endpoint capturing increasing severity of illness among hospitalizations with an influenza
diagnosis etween March 1, 2017 and March 31, 2020

T AB L E 3 Unadjusted rates of complications among hospitalizations with influenza diagnosis per 1,000 stays by timing of antiviral treatment
between March 1, 2017 and March 31, 2020

All

hospitalizations
(N = 5,173,162)

Hospitalizations
with influenza

diagnosis
(N = 29,520)

Hospitalizations
with influenza,
treated on

admission date
(N = 8,466)

Hospitalizations
with influenza,
treated ≤2 days

after admission
date (N = 10,348)

Hospitalizations
with influenza,
treated >2 days

after admission
date (N = 6,213)

Hospitalizations
with influenza,
never treated during

hospitalization
(N = 4,493)

Rate per 1,000
stays

Rate per 1,000
stays

Rate per 1,000
stays

Rate per 1,000
stays

Rate per 1,000
stays

Rate per 1,000
stays

Any

complicationa
487 797 776 799 868 737

Severe

complicationb
343 427 347 408 554 446

Any pneumonia 101 148 109 128 211 179

Mechanical

ventilation

67 90 54 72 155 109

Intensive care

unit (ICU)

stayc

293 349 275 335 462 361

Mortality in

hospital

22 17 11 11 23 30

Note: Includes discharges for final billed patients only. The analysis does not include inpatient stays for patients still admitted or not completely coded by

the data pull date.
aAny complication includes: Pneumonia associated with influenza, acute respiratory failure, chronic respiratory failure, ARDS, supplemental oxygen, BiPAP,

mechanical ventilation, ECMO, inflammation of heart, brain, or muscle tissue, myocardial infarction, ischemic stroke, sepsis, ICU stay, or death.
bSevere complication includes the following: pneumonia associated with influenza, mechanical ventilation, ICU stay, or death.
cICU defined via revenue codes.
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advocated as useful for evaluating treatment of hospitalized influenza

patients19–21 and during the COVID-19 pandemic,22 we explored the

feasibility of capturing these endpoints and reported unadjusted rates

to inform future studies. We found that using coded data to capture

severe endpoints such as in-hospital death, ICU stays, and MV during

influenza hospitalizations was feasible.

We found the majority (85%) of hospitalizations with an influenza

diagnosis had record of an antiviral treatment administration during

their stay, and 64% had evidence of treatment within 2 days of admis-

sion (29% on admission date, 35% ≤ 2 days following admission).

Patients treated >2 days after admission had more comorbidities than

patients treated earlier. Similar to another recent study, severe end-

points were lowest among those treated on admission, and highest

among patients treated >2 days after admission or not treated during

their stay.23 The exception was death, which occurred most fre-

quently in patients not treated during their stay.

There was no evidence of influenza antiviral administration in

15% of hospitalizations with influenza diagnosis, and we observed fre-

quent documentation of cardiovascular conditions (e.g., ischemic heart

disease and heart failure), obesity, and smoking among these patients.

In addition, just 16% of hospitalizations without antiviral administra-

tions had influenza as the principal diagnosis code. It is possible some

patients without evidence of antiviral treatment during hospitalization

did not truly have influenza, and influenza was a differential diagnosis.

However, we were unable to confirm this hypothesis due to the lack

of available influenza testing data at the time of this analysis.

The FDA plays a key role in ensuring access to safe and effective

medical countermeasures (MCMs; e.g., diagnostic and treatments)

during a public health emergency.1 Information about MCM safety

and effectiveness becomes even more important when an investiga-

tional MCM is made available during an emergency. However, captur-

ing and analyzing real-time information during an emergency remains

a challenge. Our study established the capacity for these inpatient

EMR data to be used in an emergency while also providing important

information about seasonal influenza for future work.

In our study, we were able to capture influenza antiviral treat-

ments along with administration dates and times. This bodes well for

future studies using inpatient EMR data to examine medications

administered in the hospital. However, it is important that future stud-

ies explore medications of interest within their data source. Under-

standing how medications are captured in data sources used for

future studies, and recognizing situations when they may not be

completely captured, especially within specific care settings

(e.g., intra-operatively administered medications)24 is not a challenge

unique to this study. Considerations for ensuring real-world data are

fit for purpose have been commented on previously.2,25

We examined oxygen delivery as well as ordinal endpoints in hos-

pitalizations with influenza diagnosis codes. Although we found that

up to 40% of influenza non-ICU hospitalizations had evidence of sup-

plemental oxygen use, we understand that oxygen use may be under-

estimated if only procedure codes are relied upon.26 We were unable

to identify BiPAP in this study, which was not unexpected, as billing

practices may bundle this with other care and our study identified

oxygen delivery based on diagnosis and procedure codes. We expect

that both oxygen supplementation and BiPAP use are included in

nursing documentation within many EMR systems, and thus it may be

possible to extract such information as needed. Future studies in simi-

lar inpatient datasets should consider exploring the feasibility of

retrieving and analyzing nursing documentation to examine the cap-

ture of and ability to attain more specific information regarding type

and duration of oxygen therapy.

4.2 | Strengths and limitations

The major strength of this study was the size of the data source. We

identified hospitalizations with influenza diagnoses in an inpatient

EMR database that included 140 hospitals and over 5 million inpatient

hospitalizations. These data can be refreshed frequently, and we were

able to attain data that were updated through March 31, 2020, at the

time of our final analyses in late April 2020. The Sentinel System’s

partnership with HCA Healthcare provides the FDA opportunities to

rapidly examine MCM use and other questions of concern during a

public health emergency. Although we did not use it extensively in

this analysis, the ability to access the rich clinical information collected

during a hospitalization such as procedure dates and medication

administration dates and times during a hospitalization is often neces-

sary. Inpatient EMR data allow for capture and examination of infor-

mation not routinely available in other electronic sources such as

claims.

We restricted our analysis to only discharged patients with com-

plete billing information. While this means the data were not as

“fresh” as possible, it also means the data are complete. Others have

asserted that during an evolving public health emergency, information

used for decision making should be stable and complete.2

There are several details to consider when interpreting our study

results. We were unable to examine patient characteristics, medica-

tion use, or care delivered before or after the hospitalization and

relied on conditions coded during hospitalization to examine baseline

and high-risk conditions. We used diagnosis and procedure codes to

examine conditions and procedures and used revenue codes to define

ICU stays. We did not have access to laboratory results to confirm

influenza diagnosis at the time of this study, although such data are

available in this source. Illness onset dates were also not available, a

limitation that will be common in claims data sources as well as other

EMR data relying on standardized information only (such detail may

be captured in notes). Rates of endpoints are unadjusted and not

informed by symptom onset. As influenza antivirals are recommended

for use within 2 days of symptom onset, this limits conclusions that

can be drawn regarding antiviral treatment timing. Patients are often

not well tracked across hospitals, and thus our unit of analysis was

limited to the individual hospitalization. The study did not include chil-

dren, but future studies could explore expanding the dataset to

include pediatric patients. Finally, the majority of data used in this

study were collected prior to the COVD-19 pandemic beginning in

early 2020. Data collected in situations where healthcare systems are
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strained due to a public health emergency should be interpreted with

consideration of circumstances under which clinical care was pro-

vided. It is possible that usual coding practices may not be adhered

to,2 which could influence future analyses using similar data sources

during a public health emergency.

5 | CONCLUSIONS

In conclusion, we found that a large-scale source of inpatient EMR

data within the Sentinel System can provide useful information to

FDA on patient care, patient characteristics, and medication use

during seasonal influenza, a proxy for other respiratory viruses more

broadly. This ability to examine the rich clinical information collected

during a hospitalization, including procedure and medication

administration dates, has been leveraged for the FDA’s COVID-19

response.27 For seasonal influenza, we also report important

information on treatment patterns, high-risk conditions,

complications, and ordinal endpoints. Inpatient EMR systems at large

can provide important sources of timely information during public

health emergencies.
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