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ABSTRACT

BACKGROUND: Patient characteristics,
clinical care, resource use and out-
comes associated with admission to
hospital for coronavirus disease 2019
(COVID-19) in Canada are not well
described.

METHODS: We described all adults
with COVID-19 or influenza discharged
from inpatient medical services and
medical-surgical intensive care units
(ICUs) between Nov. 1, 2019, and June
30, 2020, at 7 hospitals in Toronto and
Mississauga, Ontario. We compared
patient outcomes using multivariable
regression models, controlling for
patient sociodemographic factors and
comorbidity level. We validated the
accuracy of 7 externally developed

risk scores to predict mortality among
patients with COVID-19.

RESULTS: There were 1027 hospital
admissions with COVID-19 (median age
65 yr, 59.1% male) and 783 with influ-
enza (median age 68 yr, 50.8% male).
Patients younger than 50 years
accounted for 21.2% of all admissions
for COVID-19 and 24.0% of ICU admis-
sions. Compared with influenza,
patients with COVID-19 had significantly
greater in-hospital mortality (unad-
justed 19.9% v. 6.1%, adjusted relative
risk [RR] 3.46, 95% confidence interval
[Cl] 2.56-4.68), ICU use (unadjusted
26.4% v. 18.0%, adjusted RR 1.50,
95% Cl 1.25-1.80) and hospital length of
stay (unadjusted median 8.7 d v. 4.8 d,

adjusted rate ratio 1.45, 95% Cl 1.25-
1.69). Thirty-day readmission was not
significantly different (unadjusted 9.3%
v. 9.6%, adjusted RR 0.98, 95% Cl 0.70-
1.39). Three points-based risk scores
for predicting in-hospital mortality
showed good discrimination (area
under the receiver operating character-
istic curve [AUC] ranging from 0.72 to
0.81) and calibration.

INTERPRETATION: During the first wave
of the pandemic, admission to hospital
for COVID-19 was associated with sig-
nificantly greater mortality, ICU use and
hospital length of stay than influenza.
Simple risk scores can predict in-
hospital mortality in patients with
COVID-19 with good accuracy.

pital with coronavirus disease 2019 (COVID-19) have high

rates of critical illness and mortality.}> Two small Canadian
case series have described care for critically ill patients with
COVID-19 and found mortality rates of up to 25%.5" However,
outcomes of patients admitted to hospital for COVID-19 in Can-
ada are not well described, particularly outside of intensive
care units (ICUs). Case fatality rates for COVID-19 vary dramat-
ically worldwide,® and outcomes of patients admitted to hospi-
tal for COVID-19 in Canada may differ from other countries

I nternational studies report that patients admitted to hos-

because of differences in populations, public health and health
care systems.

Seasonal influenza is a useful comparator for COVID-19°!! as
it is another respiratory virus, familiar to the general public, with
high rates of morbidity and mortality. The purpose of this study
was to describe patient characteristics, resource use, clinical
care and outcomes for patients admitted to hospital with
COVID-19 in Ontario, Canada, using influenza as a comparator.
We also validated the performance of various prognostic risk
scores for in-hospital mortality among patients with COVID-19.
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Methods

Design and setting

We conducted this retrospective cohort study using data from
7 large hospitals (5 academic and 2 community-based teaching
hospitals) in Toronto and Mississauga, Ontario, that participate
in GEMINI, a hospital research collaborative.?

Data collection

We collected administrative and clinical data from hospital informa-
tion systems for GEMINI, as previously described.>** We collected
patient demographics, hospital resource use and outcomes from
hospitals, as reported to the Canadian Institute for Health Informa-
tion (CIHI) Discharge Abstract Database and the National Ambula-
tory Care Reporting System. We extracted additional clinical data,
including laboratory test results, radiology tests, vital signs and in-
hospital medication orders from hospital information systems (see
Appendix 1, available at www.cmaj.ca/lookup/doi/10.1503/
cmaj.202795/tab-related-content, for details regarding data quality).

Study population

We included all adults over 18 years admitted to an inpatient
medical service or medical-surgical ICU, including coronary care
units, and discharged between Nov. 1, 2019, and June 30, 2020.
Medical services included all medical specialties (e.g., general
medicine, cardiology, respirology). This captures all hospital
admissions for COVID-19 and influenza and their medical compli-
cations, but may miss a small number of COVID-19 or influenza
patients admitted for nonmedical reasons who were not subse-
quently transferred to a medical service.

We identified patients with COVID-19 based on the enhanced
Canadian version of the International Classification of Diseases and
Related Health Problems, 10th Revision (ICD-10-CA) codes, namely
U07.1 (“COVID-19 diagnosis confirmed by a laboratory test”)** and
U07.2 (“COVID-19 diagnosed clinically or epidemiologically but lab
results inconclusive, unavailable, or not performed”).* In 150 hospi-
tals in the United States, the U07.1 code was 98% sensitive and 99%
specific for COVID-19.** We identified patients with influenza based
on a validated ICD-10-CA algorithm (codes J09, J10.0, J10.1, J10.8,
J11.0, J11.1 and J11.8) that was 83% sensitive and 98% specific for
influenza in Ontario.'® Fewer than 6 patients had coexisting COVID-19
and influenza (exact number suppressed to limit risk of patient
reidentification), and these were included in the COVID-19 group.

Outcomes and process measures

The 5 main outcomes of interest were in-hospital mortality,
unplanned readmission to any medical service or medical-
surgical ICU service at any participating hospital within 30 days
of discharge, admission to the ICU, total hospital length of stay
and ICU length of stay. We also report 7-day readmission and
emergency department length of stay.

We describe use of thoracic computed tomography (CT),
because of its role in diagnosis of COVID-19," and in-hospital use
of antibiotics that are known to be used for respiratory infections
(see Appendix 1),'8-20 anticoagulants and systemic corticosteroids,
as captured by medication orders after admission. Use of these

medications may be associated with COVID-19,2%? although our
study period was before the publication of the RECOVERY trial’s
results regarding dexamethasone.?! We used codes from the Can-
adian Classification of Health Interventions, as reported to CIHI, to
identify the use of invasive mechanical ventilation, dialysis (includ-
ing both newly initiated and chronic dialysis) and gastrointestinal
endoscopy and bronchoscopy. Dialysis may be more commonly
used in patients with COVID-19, # and gastrointestinal endoscopy
and bronchoscopy are common invasive procedures that have
been a source of concern for COVID-19 transmission.?*?

Patient characteristics

We report patient age, sex, residence in a long-term care facility
and transfer from an acute care hospital, as well as laboratory
test results and vital signs at time of presentation. We categor-
ized comorbid conditions based on ICD-10-CA codes using the
Clinical Classification Software Refined?®2” and the Charlson
Comorbidity Index.?® Although individual patient income and
ethnicity were not available, we used postal codes to report
neighbourhood-level income and proportion of the population
who identify as a visible minority (see Appendix 1).2°3° Neigh-
bourhoods were categorized into quintiles with Q1 to Q5 repre-
senting lowest to highest income and proportion of the popula-
tion who identify as a visible minority, respectively.

Mortality prediction scores

We calculated in-hospital risk of mortality in patients with COVID-
19 and influenza using adaptations of 7 scores, based on demo-
graphic and clinical data available in the first 24 hours of admis-
sion. The modified Acute Physiology and Chronic Health
Evaluation (mAPACHE) score® and the critical illness severity
scoring system (CISSS)® were originally developed to predict ICU
and 30-day mortality using routinely collected electronic clinical
data. We also selected the 4 best-performing models (Lu,** Hu,**
Xie®* and NEWS2%) in a United Kingdom-based external validation
study®” of models identified in a living systematic review of pre-
diction models for mortality from COVID-19.% Finally, we included
the ISARIC Coronavirus Clinical Characterisation Consortium 4C
(ISARIC-4C) mortality score,* which was derived in a large UK
cohort (see Appendix 1 for details).

Statistical analysis

We compared baseline characteristics between patients with
COVID-19 and influenza using standardized differences, with stan-
dardized differences > 0.1 suggesting imbalance between groups.*
We compared unadjusted differences in clinical care, resource use
and clinical outcomes using y? tests, Student ¢ tests, and Mann-
Whitney tests for categorical, symmetrically distributed continuous
and non-normal continuous variables, respectively. To account for
multiple testing, we report Bonferroni-corrected p values for all
comparisons except the 5 main prespecified outcomes. We used
multivariable regression to compare outcomes after adjusting for
patient age, sex, Charlson score, residence in long-term care, neigh-
bourhood income, neighbourhood proportion of the population
who identify as a visible minority and admitting hospital. Covari-
ates were selected a priori based on previously reported
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associations with mortality in COVID-19.1%41-%3 Poisson regression*
was used for models of mortality, readmission and ICU admission
to provide risk ratios and avoid misinterpretation of odds ratios
obtained from logistic regression. Negative binomial regression
was used for models of hospital length of stay and ICU length of
stay. To report performance of risk scores for predicting in-hospital
mortality in COVID-19, we calculated area under the receiver oper-
ating characteristic curve (AUC), as well as sensitivity, specificity,
negative predictive value and positive predictive value at various
thresholds. We report model calibration visually by plotting model
scores versus observed outcome proportions for points-based sys-
tems, and Loess-smoothed calibration plots, comparing observed
to predicted probabilities, for probability score-based systems.

Subgroup and sensitivity analyses

First, we examined outcomes stratified by age group, specified
a priori as <50 years, 50-75 years and > 75 years. Second, we report
patient characteristics and outcomes among the patients admitted
to ICU. Third, to explore the question of whether patients died
from, rather than with, COVID-19, we report the “most responsible”
(primary) discharge diagnoses among patients admitted to hospital
with COVID-19. Fourth, we replicated all analyses, excluding
patients with no laboratory confirmation of a COVID-19 diagnosis
based on code U07.2. Fifth, because participating hospitals are ter-
tiary and quaternary care centres with large critical care units, we
replicated analyses after including only patients admitted through
the emergency department. This excluded interfacility transfers,
which primarily involve patients transferred for critical care and
might lead to an overestimation of illness severity. Sixth, to account
for competing risks, we modelled ICU admission and death as a
composite outcome. Finally, to account for patient-level clustering,
we replicated our main analyses using a randomly selected single
admission for patients with multiple admissions.

Ethics approval

Research ethics board approval was obtained from the Univer-
sity Health Network (Toronto), Sunnybrook Health Sciences Cen-
tre (Toronto) and St. Michael’s Hospital (Toronto) through the
integrated Clinical Trials Ontario platform, with St. Michael’s
Hospital as the “Board of Record.” Research ethics board
approval was also obtained from Trillium Health Partners (Mis-
sissauga) and Mount Sinai Hospital (Toronto).

Results

The cohort included 783 admissions to hospital with influenza in
763 unique patients and 1027 admissions with COVID-19 (including
944 laboratory-confirmed diagnoses) in 972 unique patients. These
represented 23.5% of all Ontario hospital admissions for COVID-19
(n=4373)* during the study period.

Patient characteristics

Patients with COVID-19 and influenza had a median age of
65 years (interquartile range [IQR] 53-79) and 68 years (IQR
55-80), respectively (Table 1). Patients with COVID-19 were
more likely to be male (59.1% v. 50.8%), have a Charlson score

Table 1: Characteristics of admissions to hospital for

COVID-19 and influenza

No. (%) of admissions*

COVID-19 Influenza
Variable n=1027 n=1783 SDt
Unique patients 972 (94.6) 763 (97.4) N/A
Age, yr, median (IQR) 65 (53-79) 68 (55-80) 0.07
Age group, yr 0.09

<50 218 (21.2) 141 (18.0)

50-75 480 (46.7) 390 (49.8)

>75 329 (32.0) 252 (32.2)

Sex, male 607 (59.1) 398 (50.8) 0.17
Charlson score 0.31

0 556 (54.1) 304 (38.8)

1 183 (17.8) 175 (22.3)

=2 288 (28.0) 304 (38.8)
Neighbourhood income 0.15
quintile

1 (lowest) 351 (34.2) 248 (31.7)

2 177 (17.2) 139 (17.8)

3 153 (14.9) 127 (16.2)

4 163 (15.9) 142 (18.1)

5 (highest) 112 (10.9) 95 (12.1)

Missing 71(6.9) 32 (4.1)
Neighbourhood visible 0.19
minority quintile

1 (lowest) 100 (9.7) 100 (12.8)

2 196 (19.1) 167 (21.3)

3 264 (25.7) 171 (21.8)

4 181 (17.6) 166 (21.2)

5 (highest) 212 (20.6) 138 (17.6)

Missing 74(7.2) (5.2)

Long-term care resident 120 (11.7) 35 (4.5) 0.27
Transfer from acute care 90 (8.8) (3.1) 0.24
hospital

Comorbiditiest

Hypertension 356 (34.7) 252 (32.2) 0.05

Diabetes mellitus 284 (27.7) 229(29.2) 0.04

Renal failure 212 (20.6) 169 (21.6) 0.02

Neurocognitive disorders 174 (16.9) 105 (13.4) 0.10

Coronary heart disease 63 (6.1) 63 (8.0) 0.08

Heart failure 62 (6.0) 98 (12.5) 0.23

COPD 55 (5.4) 96 (12.3) 0.25

Note: COPD = chronic obstructive pulmonary disease, COVID-19 = coronavirus disease
2019, IQR = interquartile range, N/A = not applicable, SD = standardized difference.
*Unless indicated otherwise.

TSD > 0.1 reflects imbalance between groups.*

tComorbidities were categorized from ICD-10-CA discharge diagnoses using the
Clinical Classification Software Refined tool.2®
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of 0 (54.1% v. 38.8%), and reside in long-term care (11.7% v.
4.5%). Patients living in neighbourhoods with lower income
appeared to be overrepresented in both COVID-19 (Q1 34.2% v.
Q5 10.9%) and influenza (Q1 31.7% v. Q5 12.1%) groups,
whereas there was no clear gradient for the proportion who
identify as a visible minority. Hypertension and diabetes melli-
tus were common comorbidities among both COVID-19 and
influenza groups, whereas chronic obstructive pulmonary dis-
ease and heart failure were more common in the influenza
group than the COVID-19 group (Table 1).

Presenting vital signs did not differ meaningfully between the
COVID-19 and influenza groups. Supplemental oxygen was used
within the first 72 hours for 44.9% of patients admitted to hospi-
tal with COVID-19 and 37.7% of patients admitted with influenza.
Patients with COVID-19 had somewhat higher inflammatory
markers than patients with influenza (e.g., C-reactive protein,
dimerized plasmin fragment D [D-dimer], ferritin, lactate dehy-
drogenase); tests for these markers were also ordered more com-
monly for patients with COVID-19 (Table 2).

Mortality and readmission

Patients with COVID-19 had significantly greater unadjusted
and adjusted in-hospital deaths than patients with influenza
(unadjusted 19.9% v. 6.1%, p < 0.001, adjusted relative risk
[RR] 3.46, 95% confidence interval [Cl] 2.56-4.68) (Table 3,
Table 4). Readmission within 7 days and 30 days occurred in
4.3% and 9.3% of patients with COVID-19, respectively, which
was not significantly different from patients with influenza,
before or after adjustment.

Among patients admitted to hospital with COVID-19, the
most responsible discharge diagnosis was COVID-19, viral pneu-
monia, sepsis or palliative care in 183 (89.7%) of the 204 patients
who died and in 681 (82.7%) of the 823 patients who were alive
at discharge.

Hospital resource use and clinical care

Compared with patients with influenza, patients with COVID-19
had greater ICU use (unadjusted 26.4% v. 18.0%, p < 0.001;
adjusted RR 1.50, 95% CI 1.25-1.80) and hospital length of stay
(unadjusted median 8.7 d v. 4.8 d, p < 0.001; adjusted rate ratio
1.45, 95% Cl 1.25-1.69) (Table 3, Table 4), but ICU length of stay
was not significantly different after adjustment (Table 3, Table 4
and Appendix 1, Table S2).

Patients with COVID-19 were more likely to receive invasive
mechanical ventilation (18.5% v. 9.3%, p <0.001) but less likely to
receive bronchoscopy (2.0% v. 5.6%, p = 0.005). Patients with
COVID-19 received at least 1 thoracic CT in 20.4% of cases and
systemic corticosteroids were ordered in 16.7% of cases.

Age-stratified outcomes

Among patients with COVID-19 who were younger than 50 years,
50-75 years and older than 75 years of age, unadjusted mortality
was 5.1%, 13.5% and 38.9%, respectively. Intensive care unit use
among each age group was 29.8%, 35.2% and 11.3%,
respectively, and 30-day readmission was 9.2%, 9.9% and 7.9%,
respectively (Appendix 1, Table S1).

Mortality prediction scores
Discrimination and calibration of prognostic scores are reported
in Table 5 and Appendix 1 (Table S3, Table S4 and Figure S1).
Complete data were available for between 1% (ISARIC-4C) and
46% (Xie) of cases. Discriminative accuracy was best for
mMAPACHE (AUC 0.86 for cases with complete data and 0.81 after
imputation), CISSS (AUC 0.83 for cases with complete data and
0.80 after imputation) and ISARIC-4C (AUC 0.78 after imputation).
Model calibration was poor for the regression-based models (Hu,
Xie and CISSS), whereas observed risk increased in a roughly lin-
ear manner for the points-based scores (Appendix 1, Figure S1).
Overall findings were generally unchanged in all sensitivity
analyses (see Appendix 1 for details).

Interpretation

Our study contributes to comparisons of COVID-19 with seasonal
influenza. The infection fatality rate of COVID-19 may be as much
as 10 times greater than influenza,**" but these comparisons are
indirect and have been disputed.*®* We found patients with
COVID-19 had a greater risk of death (3.5 times) and ICU admis-
sion (1.5 times), and longer hospital stays (1.5 times) than
patients with influenza, which is similar to differences recently
reported in France® and the US.!! Thus, hospital admissions for
COVID-19 are substantially more severe than seasonal influenza.
These differences may be magnified by low levels of immunity to
the novel coronavirus compared with seasonal influenza, for
which patients may have some immunity from past infections
and vaccination. The relative severity may change as immunity
to severe acute respiratory syndome coronavirus 2 (SARS-CoV-2)
increases and effective therapies are developed.

Hospital admissions for COVID-19 in Canada have not been
well described. Among patients admitted to the ICU for COVID-
19, we found that about two-thirds of patients received invasive
mechanical ventilation and one-quarter died, which is similar to
the results of 2 small Canadian ICU studies.®” We extend this lit-
erature by including patients who did not require admission to
the ICU, finding that about one-quarter of all patients admitted
to hospital for COVID-19, and one-fifth of those admitted
through the emergency department, used the ICU. In the global
context, patients with COVID-19 in Ontario (median age 65 yr)
were somewhat older than patients in China (median 51-56 yr)>#6
and the US (median 62-63 yr),'* and were younger than those in
the UK (median 73 yr),* but mortality and ICU use were generally
similar. We found that nearly 1 in 10 patients with COVID-19
were readmitted within 30 days, which is consistent with reports
from the US.3%°

Compared with patients with influenza, patients with COVID-
19 were more likely to be male and reside in long-term care,
which is consistent with evidence that COVID-19 affects men
more severely®* and has burdened long-term care facilities in
Ontario.***? Patients from neighbourhoods with lower income
were overrepresented in both the COVID-19 and influenza
groups, reminding us that the socioeconomic gradients in
COVID-19% are emblematic of those that exist for many diseases,
including influenza.>* Notably, a majority of patients admitted to
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Table 2: Presenting vital signs, laboratory values and mortality risk scores in patients with COVID-19 and influenza*

COVID-19 Influenza
No. (%) No. (%)
Median (IQR) performed Median (IQR) performed SD of no.

Variable resultt n=1027 resultt n=1783 SD of resultsf performedi
Temperature, degrees Celsius 36.9 (36.6-37.5) 1000 (97.4) 36.9 (36.6-37.4) 578 (73.8) 0.07 0.71
Systolic BP, mm Hg 126 (114-142) 1019 (99.2) 129 (114-148) 568 (72.5) 0.03 0.83
Diastolic BP, mm Hg 72 (64-82) 1019 (99.2) 73 (65-82) 568 (72.5) <0.01 0.83
Heart rate, beats per min 88 (76-100) 1019 (99.2) 87 (75-99) 568 (72.5) 0.05 0.83
Respiratory rate, breaths per min 20 (18-22) 1017 (99.0) 18 (18-20) 564 (72.0) 0.18 0.83
S/F ratio 448 (328-462) 1007 (98.1) 452 (438-467) 551 (70.4) 0.40 0.82
Supplemental 0,, no. (%)§ 458 (44.9) 1019 (99.2) 212 (37.7) 563 (71.9) 0.15 0.84
Hemoglobin, g/L 127 (111-141) 1006 (98.0) 123 (107-138) 773 (98.7) 0.10 0.06
Hematocrit, L/L 0.38 (0.34-0.42) 1005 (98.9) 0.38(0.33-0.42) 773 (98.7) 0.06 0.07
White blood cell count, x 10%/L .6 (5.5-10.6) 1005 (97.9) 7.8 (5.5-10.90) 773 (98.7) <0.01 0.07
Platelets, x 10°/L 214 (164-281) 1002 (97.6) 186 (144-242) 771(98.7) 0.34 0.07
Neutrophils, x 10%/L .6 (3.8-8.3) 1002 (97.6) 5.7 (3.9-8.6) 771 (98.7) <0.01 0.07
Lymphocytes, x 10°/L .0(0.7-1.5) 1000 (97.4) 0.9 (0.5-1.3) 771(98.7) 0.10 0.08
Sodium, mmol/L 137 (133-140) 1002 (97.6) 136 (133-139) 775 (99.0) 0.18 0.11
Bicarbonate, mmol/L 25 (22-27) 939 (91.4) 25 (22-27) 763 (97.4) 0.01 0.27
Creatinine, pmol/L 89 (70-124) 998 (97.2) 96 (72-135) 770 (98.3) 0.07 0.08
Urea, mmol/L 6.6 (4.4-11.7) 417 (40.6) 7.1 (4.6-10.6) 343 (43.8) 0.08 0.07
Albumin, g/L 32 (27-37) 570 (55.5) 33(29-37) 448 (57.2) 0.15 0.04
Bilirubin, pmol/L 9 (7-13) 850 (82.8) 9 (6-14) 599 (76.5) 0.01 0.16
C-reactive protein, mg/L 77 (30-142) 439 (42.7) 47 (18-100) 59 (7.5) 0.31 0.89
Lactate, mmol/L 1.7 (1.3-2.4) 758 (73.8) 1.7 (1.3-2.5) 605 (77.3) 0.05 0.09
LDH, U/L 315 (222-425) 548 (53.4) 247 (194-364) 152 (19.4) 0.03 0.75
D-dimer, pg/L FEU 1030 (672-1935) 436 (42.5) 911 (433-1780) 41(5.2) 0.09 0.97
Ferritin, ug/L 463 (210-1124) 390 (38.0) 316 (120-675) 84 (10.7) 0.12 0.67
Glucose, mmol/L 6.7 (5.8-8.8) 921 (89.7) 6.8 (5.70-8.7) 727 (92.8) 0.01 0.11
Arterial Pco,, mm Hg 43 (36-54) 211 (20.5) 42 (34-49) 116 (14.8) 0.21 0.15
Arterial PO,, mm Hg 73 (62-94) 211 (20.5) 81 (66-126) 116 (14.8) 0.36 0.15
Venous Pco,, mm Hg 43 (38-48) 559 (54.4) 44 (38-50) 449 (57.3) 0.13 0.06
Mortality risk score

MAPACHE 27 (19-34) N/A 28 (21-35) N/A 0.14 N/A

CISSS 0.03 (0.01-0.06) N/A 0.03 (0.02-0.06) N/A 0.05 N/A

Lu, category 3, no. (%) 581 (57) N/A 515 (66) N/A 0.19 N/A

Hu 0.27 (0.08-0.55) N/A 0.27 (0.10-0.51) N/A 0.05 N/A

Xie 0.14 (0.06-0.26) N/A 0.16 (0.07-0.27) N/A 0.04 N/A

ISARIC-4C 9(7-11) N/A 9(8-11) N/A 0.08 N/A

NEWS2 5(2-9) N/A 4 (1-6) N/A 0.52 N/A

Note: BP =blood pressure, CISS = critical illness severity scoring system, COVID-19 = coronavirus disease 2019, FEU = fibrinogen equivalent units (values standardized to this unit across sites if

HOYUV3iS3y

measurement units differed), ISARIC-4C = ISARIC Coronavirus Clinical Characterisation Consortium 4C, IQR = interquartile range, LDH = lactate dehydrogenase, mAPACHE = modified Acute Physiology
and Chronic Health Evaluation, N/A=not applicable, NEWS2 = National Early Warning Score, SD = standardized difference, S/F ratio = ratio of oxygen saturation to fraction of inspired oxygen.

*We report the first valid laboratory test result and vital sign measurement collected between emergency department (ED) triage and 72 h after admission. Vital signs are not consistently recorded
electronically at all hospitals, particularly when patients are in the ED or an intensive care unit. For patients with COVID-19 but not for those with influenza, vital signs were manually abstracted from
medical records for the time period between ED triage and 24 h after admission (to calculate mortality risk scores). Mortality risk scores*** were calculated based on first valid measurement
between ED triage and 24 h after admission, and mean-imputed values when missing (Appendix 1). The possible point ranges for point-based scores were as follows: MAPACHE (0-159), Lu (1-3),
ISARIC-4C (0-21), NEWS2 (0-20). The remaining scores are probability based (scores ranging from 0-1). Risk scores presented in this table were calculated based on mean imputation of missing
laboratory data. The ISARIC-4C and NEWS2 scores were calculated only for cases with data available regarding mental status (n =242 admissions with COVID-19 and n =46 with influenza).

tUnless indicated otherwise.

1SD > 0.1 reflects imbalance between groups.

§Supplemental O, is the number of patients who required any amount of supplemental oxygen or mechanical ventilation.
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Table 3: Unadjusted clinical outcomes, resource use and clinical care of patients with COVID-19

and influenza*

No. (%) of admissionst

COVID-19 Influenza

Variable n=1027 n=1783 p value
Death 204 (19.9) 8(6.1) <0.001
7-day readmissiont 32 (4.3) 22(3.1) 1.09
30-day readmission§ 58(9.3) 9 (9.6) 0.9
ICU use 271 (26.4) 141 (18.0) <0.001
Hospital length-of-stay, d, median (IQR) 8.7 (3.6-18.9) 4.8 (2.3-10.4) <0.001
ICU length-of-stay, d, median (IQR) 10.9 (4.0-17.8) 6.0 (2.3-13.0) <0.001
ED length-of-stay, h, median (IQR) 8.7(6.1-13.2) 21.1(12.0-32.2) <0.0019
Invasive mechanical ventilation 190 (18.5) 73(9.3) <0.0019
Gastrointestinal endoscopy 21(2.0) 27 (3.4) 1.09
Bronchoscopy 21(2.0) 44 (5.6) 0.0059
Dialysis** 79 (7.7) 43 (5.5) 1.09
Thoracic CT 210 (20.4) 168 (21.5) 1.09
Respiratory antibiotictt 730 (71.6) 599 (77.1) 0.69
Corticosteroid 170 (16.7) 284 (36.6) <0.0019
Warfarin or DOAC 157 (15.4) 156 (20.1) 0.69

Note: COVID-19 = coronavirus disease 2019, CT = computed tomography, DOAC = direct-acting oral anticoagulant, ED = emergency
department, ICU = intensive care unit, IQR = interquartile range.

*Readmission to medical service or medical-surgical intensive care unit at any participating hospital is reported among patients discharged
alive and for visits that could be linked to each other with a valid health insurance number. For hospital resources and clinical care, we report
the number of patients receiving at least one of the items described.

tUnless indicated otherwise.

TAfter excluding patients who died and those discharged in the last 7 days of the study period, the denominator was 745 admissions for
COVID-19, 720 for influenza.

§After excluding patients who died and those discharged in the last 30 days of the study period, the denominator was 625 admissions for
COVID-19, 718 for influenza.

9p values were adjusted using Bonferroni correction for the 10 secondary outcomes.

**Dialysis included hemodialysis and peritoneal dialysis, and included both chronic use and new starts.

TTRespiratory antibiotics include all those listed in Appendix 1.

hospital with COVID-19 had low comorbidity (Charlson score
zero) and one-fifth were younger than 50 years of age. Intensive
care unit use was common in this younger age group, reinforc-
ing that COVID-19 can cause serious illness in younger people
and those with relatively little comorbid disease.

Table 4: Clinical outcomes in patients with COVID-19

compared with patients with influenza before and after
multivariable adjustment*

Unadjusted effectt Adjusted effectt

Outcome (95%Cl) (95%Cl) Mortality prediction in COVID-19 may inform clinical
Death 3.24 (2.40-4.38) 3.46 (2.56-4.68) decision-making and resource allocation. Numerous prediction
ICU use 1.47 (1.22-1.76) 150 (1.25-1.80) scores have been reported,* but many were developed in small

o cohorts and require external validation. We found that
30-day readmission 0.57(0.65-1.35) 0.8 (0.70-1.39) mMAPACHE had the best discriminative accuracy and good cali-
Hospital length-of-stay 1.31(1.09-1.58) 1.45(1.25-1.69) bration. It also has the advantage of being designed for auto-
ICU length-of-stay 0.93 (0.57-1.52) 1.25(0.92-1.70) mated calculation in electronic medical records. ISARIC-4C and

Note: Cl = confidence interval, COVID-19 = coronavirus disease 2019, ICU = intensive NEWS2 can both be eaSIIy calculated by bedside clinicians and
care unit. have reasonably good discrimination and calibration. Perfor-

*Models were adjusted for patient age, sex, long-term care residence, Charlson
comorbidity index score, admitting hospital, neighbourhood income quintile and
neighbourhood quintile of proportion of the population who identify as a visible
minority. Outcomes reported are: in-hospital death, admission to ICU at any point
during hospitalization, readmission to a medical service or medical-surgical ICU at
any participating hospital within 30 days of discharge, hospital length-of-stay and ICU
length-of-stay.

tPoisson regression models were fit for death, ICU, and readmission (effect = relative
risk) and negative binomial regression models were fit for hospital and ICU
length-of-stay (effect = rate ratio).

mance of the NEWS2, Hu, Lu, and Xie models in our cohort was
comparable to a single-centre validation study of 411 patients in
the UK;*” and performance of ISARIC-4C was similar to its origi-
nal description,*® strengthening confidence in these estimates of
model performance. However, few admissions had complete
data, mainly due to laboratory tests not being performed. For
example, the ISARIC-4C score includes urea test results, which
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Table 5: Discriminative performance of mortality prediction scores in patients with COVID-19*

No. (%) of No. (%) of
admissions with  AUC complete admissions AUC after
Calculation complete data data afterimputation imputation
Score method Predictors n=1027 (95% ClI) n=1027 (95% Cl)
Lu Points-based Age, CRP 390 (37.9) 0.71 (0.66-0.76) 1027 (100) 0.68 (0.65-0.71)
system
Hu Regression- Age, CRP, D-dimer, lymphocytes 230 (22.4) 0.78 (0.70-0.86) 1027 (100) 0.72 (0.68-0.76)
based system
Xie Regression- Age, LDH, lymphocyte, oxygen 469 (45.6) 0.80 (0.75-0.85) 972 (94.6) 0.75 (0.71-0.79)
based system saturation
ISARIC-4C Points-based Age, sex, Charlson comorbidities, 12 (1.2) N/AT 242 (23.6) 0.78 (0.70-0.85)
system respiratory rate, oxygen saturation,
GCS score, urea, CRP
mMAPACHE Points-based Age, mechanical ventilation, 348 (33.9) 0.86 (0.83-0.90) 976 (95.0) 0.81 (0.78-0.85)
system hematocrit, WBC, sodium, glucose,
bilirubin, urea, creatinine,
temperature, heart rate, respiratory
rate, mean arterial blood pressure,
metastatic cancer, AIDS, hepatic
failure, cirrhosis, leukemia,
lymphoma, immunosuppression,
multiple myeloma
CISSS Regression- Age, mechanical ventilation, 357 (34.8) 0.83(0.78-0.88) 976 (95.0) 0.80 (0.77-0.84)
based system surgery, hematocrit, WBC, sodium,
glucose, bilirubin, creatinine,
bicarbonate, albumin,
temperature, heart rate, respiratory
rate, mean arterial blood pressure,
metastatic cancer, AIDS, hepatic
failure, cirrhosis, leukemia,
lymphoma, immunosuppression,
multiple myeloma
NEWS2 Points-based Respiratory rate, oxygen 242 (23.6) 0.72 (0.63-0.80) 242 (23.6) 0.72 (0.63-0.80)

system saturation, systolic blood pressure,
heart rate, level of consciousness/

new confusion, temperature

Note: AUC = area under the receiver operating characteristic curve, Cl = confidence interval, CISS = critical illness severity scoring system, COVID-19 = coronavirus disease 2019, CRP =
C-reactive protein, GCS = Glasgow Coma Scale, ISARIC-4C = ISARIC Coronavirus Clinical Characterisation Consortium 4C, mAPACHE = modified Acute Physiology and Chronic Health Evaluation,

N/A = not applicable, NEWS2 = National Early Warning Score, WBC = white blood cell count.

*Mortality risk scores®-*%* were calculated based on first valid measurement between emergency department triage and 24 hours after admission. We report model performance
based on hospitalizations with complete data for all inputs and after mean imputation of missing laboratory test results (see Appendix 1 for details). We did not impute missing vital
signs or mental/neurologic status data because we did not think it was reasonable to assume these values would be normal. The mortality rate in the 242 hospitalizations on which

ISARIC-4C and NEWS?2 scores were validated was 17.4% (42 deaths).
tInsufficient sample to calculate.

was ordered in fewer than 11% of COVID-19 patients at 4 hospi-
tals because previous resource stewardship initiatives curbed its
use. Thus, calculating some scores may require changes to rou-
tine clinical practice, although model performance remained
reasonable with simple mean imputation for missing values.
Inconsistent capture of mental status (missing in 70% of admis-
sions) limited the number of admissions to hospital in which we
could validate NEWS2 and ISARIC-4C, but would not hinder the
use of these scores in clinical practice. Our study provides
strong external validation that death from COVID-19 can be pre-
dicted reasonably well with simple scores. Developing predic-
tion models for the Canadian context, perhaps by adapting
these externally developed scores, is an important area for
future research.

Limitations

Our study has several limitations. First, we included 7 large academic
hospitals that accepted COVID-19 transfers for critical care. To ensure
we did not overestimate the severity of COVID-19, we replicated our
analyses in patients admitted through the emergency department to
exclude interfacility transfers, and findings were consistent. We
believe our results are generalizable, as mortality in our cohort was
similar to that reported in large studies from the US! and UK,* and we
included about 25% of all patients admitted to hospital with COVID-
19 in Ontario. Second, we could collect only data that were captured
systematically in administrative or electronic medical record sources,
and thus could not report or adjust for patient preferences regarding
critical care, presenting symptoms or some important risk factors,
such as obesity and smoking. Our analyses of income and visible
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minority status could be performed only at the neighbourhood level,
and thus are insufficiently granular to draw strong conclusions. Third,
we report 30-day readmission at any participating hospital. Although
this likely underestimates readmission, 82% of readmissions in our
region occur through the original hospital,> and we were able to also
capture readmissions to other participating hospitals. Fourth, the
severity of seasonal influenza varies each year and we included only
data from 2019-2020. However, the mortality rate associated with
hospital admissions with influenza in our study (6.1%) is consistent
with mortality rates of approximately 3%-6% in a systematic review
involving more than 120000 hospital admissions with influenza,* and
our findings are similar to those of recent studies in France'® and the
US.! Fifth, increased use of dexamethasone and other COVID-19
treatments after our study period may affect estimates of mortality
and accuracy of prediction scores. Validation in the latest treatment
era would be valuable. Finally, we were unable to collect data regard-
ing cause of death, which may be unreliable in administrative
sources,” and therefore cannot report the number of patients who
died directly because of COVID-19. The most responsible discharge
diagnoses were attributed to COVID-19, viral pneumonia, sepsis or
palliative care in 89.7% of patients who died with COVID-19, suggest-
ing that most of these deaths are likely attributable to COVID-19.

Conclusion

Adults admitted to hospital with COVID-19 at 7 hospitals in Ontario
during the first wave of the pandemic used substantial hospital
resources and suffered high rates of mortality. These patients had
significantly greater mortality, ICU use, invasive mechanical ventila-
tion use and hospital length of stay than patients admitted with
influenza. Mortality among patients admitted to hospital with COVID-
19 can be predicted with reasonable accuracy using simple scores.
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