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abstract

PURPOSE Patients with cancer are at increased risk of severe COVID-19 disease, but have heterogeneous
presentations and outcomes. Decision-making tools for hospital admission, severity prediction, and increased
monitoring for early intervention are critical. We sought to identify features of COVID-19 disease in patients with
cancer predicting severe disease and build a decision support online tool, COVID-19 Risk in Oncology Evaluation
Tool (CORONET).

METHODS Patients with active cancer (stage I-IV) and laboratory-confirmed COVID-19 disease presenting to
hospitals worldwide were included. Discharge (within 24 hours), admission (≥ 24 hours inpatient), oxygen (O2)
requirement, and death were combined in a 0-3 point severity scale. Association of features with outcomes were
investigated using Lasso regression and Random Forest combined with Shapley Additive Explanations. The
CORONET model was then examined in the entire cohort to build an online CORONET decision support tool.
Admission and severe disease thresholds were established through pragmatically defined cost functions. Fi-
nally, the CORONET model was validated on an external cohort.

RESULTS The model development data set comprised 920 patients, with median age 70 (range 5-99) years,
56% males, 44% females, and 81% solid versus 19% hematologic cancers. In derivation, Random Forest
demonstrated superior performance over Lasso with lower mean squared error (0.801 v 0.807) and was
selected for development. During validation (n = 282 patients), the performance of CORONET varied depending
on the country cohort. CORONET cutoffs for admission and mortality of 1.0 and 2.3 were established. The
CORONET decision support tool recommended admission for 95% of patients eventually requiring oxygen and
97% of those who died (94% and 98% in validation, respectively). The specificity for mortality prediction was
92% and 83% in derivation and validation, respectively. Shapley Additive Explanations revealed that National
Early Warning Score 2, C-reactive protein, and albumin were the most important features contributing to COVID-
19 severity prediction in patients with cancer at time of hospital presentation.

CONCLUSION CORONET, a decision support tool validated in health care systems worldwide, can aid admission
decisions and predict COVID-19 severity in patients with cancer.
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INTRODUCTION

The severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) virus has infected more than 30 million people to date,
resulting in more than a million deaths worldwide.1 A diverse
spectrum of clinicopathologic syndromes have been reported,
ranging from asymptomatic cases to multiorgan failure and
death.2 Although the standard medical care in those requiring
hospitalization is evolving as our knowledge expands, at this
time, it involves supportive therapies, with or without immune-
modulating agents such as corticosteroids and/or anti-
–interleukin-6 agents as well as antiviral agents such as
remdesivir or casirivimab plus imdevimab, depending on the
severity of COVID-19 disease.3-5 On the other hand, patients
with milder or no symptoms have been safely managed as
outpatients. Patients with cancer have significantly increased
mortality and risk of severe complications from COVID-19
disease, including the need for invasive ventilation or
death.2,6-8 In three large case series and a meta-analysis of 18,
650 patients, fatality rates of 10%-30% were observed in
patients with cancer.6,9-11 Older age, male sex, nosocomial
infection, higher Eastern Cooperative Oncology Group per-
formance status (PS), active cancer, hematologic cancer, and
presence of other comorbidities such as pre-existing cardio-
vascular disease or cardiovascular risk factors were signifi-
cantly associated with mortality from COVID-19 disease.8-15

Identifying oncology patients at risk of deterioration necessi-
tating inpatient admission presents a unique challenge for
health care professionals (HCPs) because of the heterogeneity
of clinical manifestations of COVID-19 disease and difficulty in
distinguishing these from the complications of cancer and its
therapy. In addition, to reduce burden on the health system
and risk of nosocomial/hospital staff infection, it is important to
admit only those patients who are likely to require additional

supportivemeasures.16 A living review of risk predictionmodels
has reported that current models are highly susceptible to bias
and are poorly reported.14 More recently, the ISARIC 4Cmodel
has been developed using data from 57,824 patients in the
United Kingdom to develop a score on the basis of clinical/
laboratory parameters.15 Although patients with a history of
cancer were included in model development, it was not
specifically built to predict the risk of severe COVID-19 disease
in this high-risk population, and it is unclear how well it per-
forms in patients with active cancer.

We investigated clinical, hematologic, and biochemical fea-
tures in patients with active cancer presenting to hospital with
COVID-19 disease. Crucially, we wanted to create a pragmatic
tool with parameters easily obtained through routine clinical
history, examination, and laboratory assessment that can be
readily applied in hospitals. We developed a model that aimed
to predict the potential for safe discharge without serious se-
quelae versus severe disease requiring oxygen (O2) or leading
to death. Data were used from international cohorts of patients
to increase the generalizability of the model. Using this model,
we built an online tool, COVID-19 Risk in Oncology Evaluation
Tool (CORONET), to guide HCPs and systems in decision
making regarding the need for admission and to provide in-
formation regarding the likely severity of illness. This is the first
step of an iterative process whereby the tool will have ongoing
refinement as more data and knowledge regarding COVID-19
disease and its treatment in patients with cancer are obtained.

METHODS

Study Settings

Approval (reference 20/WA/0269) was granted from the UK
Research Ethics Committee for the study. Information

CONTEXT

Key Objective
To develop a clinically relevant model and decision support tool that could recommend admission and predict severity of

COVID-19 disease in patients with cancer.
Knowledge Generated
We established the features at presentation to hospital associated with increased severity of COVID-19 disease in patients with

cancer. The COVID-19 Risk in Oncology Evaluation Tool, a decision support tool, was then built with high sensitivity to
recommend admission for those patients predicted to have severe COVID-19 disease and high specificity for prediction of
mortality.

Relevance
We have designed a pragmatic model and decision support tool on the basis of easily available clinical and laboratory features,

which can aid health care professionals in a decision to admit and in discussions with patients with cancer and their families
regarding their likely prognosis after SARS-CoV-2 infection.
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regarding governance/regulatory approvals for each inter-
national cohort is available in the Data Supplement.

Study Population

Patients with active cancer defined as solid (stage I-IV) or
hematologic cancer diagnosed in the past 6 months or
undergoing treatment for cancer or recurrent or metastatic
cancer or hematologic cancer not in complete remission
for ≥ 6 months were included. Patients had to have a
laboratory-confirmed SARS-CoV-2 infection (which, for the
majority, was polymerase chain reaction–based). Asymp-
tomatic patients who were screened and found to be
positive as part of routine testing for surgical procedures
were not included as data were not routinely captured.
Patient data was collected worldwide from the United
Kingdom, the United States, Spain, Denmark, and France
and collectively from medical centers contributing to
ESMO-CoCARE. More details regarding the study pop-
ulation are given in the Data Supplement.

Selection of Clinical, Hematologic, and

Biochemical Features

Clinical, hematologic, and biochemical data were collected
on the basis of a prespecified feature list including
demographic/physiologic features, cancer-specific factors
associated with poor cancer outcomes such as PS, literature
review of features of COVID-19 severity, and our previous
work examining patients with cancer and COVID-19 disease
longitudinally.7 Parameters were taken at presentation to
hospital with symptoms of COVID-19 disease, which was
later laboratory-confirmed, or if already an inpatient, taken
as close to/at the time of positive COVID-19 result (see the
Data Supplement for definitions of parameters).

Patient Outcomes

Admission (≥ 24 hours inpatient), O2 requirement (in-
cluding ventilator support), and death directly attributable
to COVID-19 disease (not cancer) were used as measures
of disease severity. Very few patients were admitted to the
intensive care unit; therefore, it was not used as an outcome
measure for analysis. We developed a tool to help deter-
mine the need to admit a patient to hospital on the basis of
their likelihood of needing O2 (as generally it is only given in
hospital) and the severity of COVID-19 disease indicated by
prediction for O2 requirement and death. If patients were
already on supplementary O2 because of cancer (number
unknown, but a small percentage), it was assumed that
they had been assessed as requiring additional hospital
care to be admitted by the treating clinicians. Modeling was
therefore based on the combination of these key outcomes,
arranged in a 0-3 point ordinal scale.

Study Design

Transparent reporting of multivariable predictionmodels for
individual prognosis or diagnosis guidelines has been used
to report findings.17 The framework proposed by Riley
et al18 was adopted to estimate the sample size required to

ensure sufficient model accuracy and generality. Assuming
the proportion of each clinical outcome to be 25% (eg,
death) and a minimummodel R2 of 0.2, we expected that a
minimum sample size of 427 for training would be required.
All statistical tests and modeling were performed using R
(version 3.6.2) and Python (version 3.7).

Model Development

The model development workflow (Fig 1) consisted of three
stages: (1) model derivation comprised multiple imputation
of missing data, feature selection, hyperparameters tuning,
and performance comparison between Lasso and Random
Forest (RF) regression models; (2) creation of the CORO-
NET model used for the online tool together with an ex-
planation of feature contribution to the predicted score on
the basis of Shapley Additive Explanations19; and (3) model
validation using the external cohort. Further details re-
garding the model development are given in the Data
Supplement.

RESULTS

Clinical Characteristics

Data collection for the model development cohort was
conducted between March 2020 and March 2021 in 12
participating hospitals in the United Kingdom, two hos-
pitals in Spain, four hospitals in the United States, and as
part of the ESMO-CoCARE registry, hospitals throughout
the world, excluding the United States, Canada, and Latin
America (Data Supplement). This resulted in an inter-
national, heterogeneous group of local and tertiary cen-
ters, mainly in high-income countries. The entire data set
for model derivation comprised 1,743 patients (1,530
with laboratory-confirmed SARS-CoV-2 infection); how-
ever, only 920 patients had ≤ 1 key feature missing
identified in our previous work7 and feasibility pilot as-
sessment (one of National Early Warning Score-2
[NEWS2]), a standardized assessment of acute illness
severity used within the National Health System in the
United Kingdom (NEWS220; C-reactive protein [CRP],
albumin, age, and platelets), and were therefore used for
the modeling. Clinical features of all patients are given in
Table 1. For the entire cohort, the median age was 70
years, range 5-99 years, with 56% males, 44% females,
and 81% having been diagnosed with a solid tumor,
whereas 19% had hematologic cancer. At the time of data
cutoff, the percentage of patients discharged within 24
hours (group 0) was 17%, admission to hospital (≥ 24
hours) without requiring O2 (group 1) was 25%, required
O2 but did not die (group 2) was 29%, and admitted plus
required O2 plus death because of COVID-19 disease
(group 3) was 29% with a minimum follow-up of 30 days.

The external validation cohort comprised a total of 394
patients. Notably, 52% of patients from France and 14%
from Denmark had more than one key numerical variable
missing (Data Supplement) and were removed from the
validation data set (Data Supplement). In addition, certain
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FIG 1. CORONETmodeling diagram. AUROC, area under the receiver operating characteristic curve; CORONET, COVID-19 Risk in Oncology Evaluation Tool; EPV,
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TABLE 1. Characteristics of the Model Derivation Cohort
Variable Overall ESMO Spain United Kingdom United States

No. 920 207 186 414 113

Age, years

Median (range) 70 (5-99) 63 (5-86) 71 (34-95) 68 (19-93) 80.0 (53-99)

Biological sex, No. (%)

Female 406 (44.1) 102 (49.3) 60 (32.3) 191 (46.1) 53 (46.9)

Male 514 (55.9) 105 (50.7) 126 (67.7) 223 (53.9) 60 (53.1)

Total No. of comorbidities

Median [Q1, Q3] 2.0 [1.0, 3.0] 2.0 [1.0, 3.0] 2.0 [1.0, 4.0] 1.0 [0.0, 2.0] 3.0 [2.0, 4.0]

Missing 61 49 10 2 0

NEWS2

Median [Q1, Q3] 3.0 [1.0, 5.0] 3.0 [2.0, 4.0] 2.0 [0.0, 6.0] 2.0 [1.0, 5.0] 4.0 [2.0, 6.0]

Missing 148 76 0 72 0

CRP

Median [Q1, Q3] 58.0 [17.4, 127.6] 17.5 [5.0, 58.6] 62.0 [21.8, 136.7] 68.0 [24.0, 148.0] 71.9 [39.3, 129.1]

Missing 114 67 3 37 7

Albumin

Median [Q1, Q3] 34.0 [28.0, 40.0] 39.0 [35.0, 43.0] 29.0 [24.0, 34.0] 35.0 [30.0, 40.0] 30.0 [26.0, 33.8]

Missing 50 8 17 14 11

Platelets

Median [Q1, Q3] 205.0 [140.0,
280.0]

212.0 [137.0,
287.5]

207.0 [154.2,
278.8]

204.0 [122.0,
288.0]

200.0 [159.0,
241.0]

Missing 5 0 0 5 0

Lymphocytes

Median [Q1, Q3] 0.8 [0.5, 1.3] 1.1 [0.8, 1.8] 0.8 [0.5, 1.2] 0.7 [0.4, 1.1] 0.9 [0.6, 1.4]

Missing 15 2 1 12 0

Neutrophils

Median [Q1, Q3] 4.1 [2.5, 6.6] 3.6 [2.1, 5.8] 4.2 [2.7, 6.3] 4.1 [2.3, 7.1] 4.7 [3.7, 7.5]

Missing 12 2 0 10 0

Neutrophil:lymphocyte ratio

Median [Q1, Q3] 4.6 [2.4, 9.2] 2.8 [1.5, 5.7] 4.6 [2.4, 8.7] 5.5 [3.0, 10.8] 5.2 [3.1, 10.4]

Missing 16 2 1 13 0

LDH

Median [Q1, Q3] 271.5 [207.5,
407.8]

231.0 [186.0,
350.0]

235.0 [188.8,
400.2]

310.5 [241.0,
466.2]

298.0 [240.0,
416.5]

Missing 430 38 130 244 18

Urea

Median [Q1, Q3] 5.5 [3.9, 8.0] 5.5 [4.1, 7.8] 4.0 [3.3, 4.6] 5.9 [4.4, 8.7] 4.7 [3.0, 6.5]

Missing 280 14 178 88 0

Respiratory rate

Median [Q1, Q3] 18.0 [17.0, 21.0] 18.0 [16.2, 19.0] 15.0 [14.0, 21.0] 18.0 [17.0, 21.0] 20.0 [18.0, 24.0]

Missing 355 53 141 161 0

SATs

Median [Q1, Q3] 96.0 [93.0, 98.0] 98.0 [96.0, 100.0] 93.5 [87.8, 96.0] 96.0 [94.0, 97.0] 95.0 [93.0, 96.0]

Missing 254 52 110 92 0

(Continued on following page)
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assumptions were made regarding NEWS2 score because
of missing components in these cohorts (Data Supple-
ment). After removing patients with more than one key
feature missing, the validation data set comprised 282
patients from France (n = 84) and Denmark (n = 92)
before March 2021 and the United Kingdom (n = 86) and
Spain (n = 20) from December 2020 to June 2021 (Data
Supplement).

Association Between Variables and COVID-19 Outcomes

Correlations between features were generally weak (Data
Supplement), with only 5.7% demonstrating correlation
coefficients more than 0.4, although CRP correlated with

NEWS2 score, lower albumin and higher lactate dehy-
drogenase (LDH) with lower oxygen saturations, platelets
with neutrophils, and as expected, increasing age with
the number of comorbidities and PS. Analysis of variance
inflation factor revealed multicollinearity for age, albu-
min, cancer stage, and type (Data Supplement).

First, we sought an overview of univariable associations
between features and COVID-19 outcomes (Table 2). To
determine the feature importance for predicting the key
outcomes previously described, we performed recursive
feature elimination (RFE) on the basis of Shapley Additive
Explanations values for RF modeling (Data Supplement).

TABLE 1. Characteristics of the Model Derivation Cohort (Continued)
Variable Overall ESMO Spain United Kingdom United States

Cancer stage (solid tumor only)
or type (solid v hematologic)

Median [Q1, Q3] 3.0 [1.0, 4.0] 3.0 [0.0, 3.0] 4.0 [3.0, 4.0] 3.0 [1.0, 4.0] 1.0 [1.0, 2.0]

Missing 19 6 1 12 0

Stage I or II, No. (%) 196 (21.3) 18 (8.7) 34 (18.3) 56 (13.5) 88 (77.9)

Stage III, No. (%) 181 (19.7) 70 (33.8) 39 (21.0) 63 (15.2) 9 (8.0)

Stage IV, No. (%) 342 (37.2) 43 (20.8) 112 (60.2) 180 (43.5) 7 (6.2)

Hematologic cancer, No. (%) 171 (18.6) 59 (28.5) 103 (24.9) 9 (8.0)

Chemotherapy within 4 weeks
of COVID-19 disease

No. (%) 356 (38.7) 124 (59.9) 60 (32.3) 165 (39.9) 7 (6.2)

Immunotherapy within 4 weeks of COVID-19
disease

No. (%) 54 (5.9) 16 (7.7) 14 (7.5) 23 (5.6) 1 (0.9)

Targeted therapy within 4 weeks
of COVID-19 disease

No. (%) 106 (11.5) 13 (6.3) 22 (11.8) 71 (17.1) —

Radiotherapy within 4 weeks
of COVID-19 disease

No. (%) 47 (6.2) 17 (8.2) 11 (5.9) 17 (6.9) 2 (1.8)

Missing 167 0 0 167 0

Treatment intent

Curative, No. (%) 198 (46.9) — 58 (32.6) 35 (26.7) 105 (92.9)

Palliative, No. (%) 224 (53.1) — 120 (67.4) 96 (73.3) 8 (7.1)

Missing 498 207 8 283 0

PS

Median [Q1, Q3] 1.0 [1.0, 2.0] 1.0 [0.8, 2.0] 1.0 [1.0, 2.0] 1.0 [1.0, 2.0] 2.0 [2.0, 3.0]

Missing 191 15 34 142 0

Outcome, No. (%)

Discharged 152 (16.5) 57 (27.5) 39 (21.0) 50 (12.1) 6 (5.3)

Admitted, no O2 requirement/death 232 (25.2) 73 (35.3) 12 (6.5) 129 (31.2) 18 (15.9)

Admitted, required O2, no death 265 (28.8) 38 (18.4) 80 (43.0) 100 (24.2) 47 (41.6)

Died because of COVID-19 disease 271 (29.5) 39 (18.8) 55 (29.6) 135 (32.6) 42 (37.2)

Abbreviations: CRP, C-reactive protein; ESMO, European Society for Medical Oncology Co-Care registry; LDH, lactate dehydrogenase; NEWS2, National
Early Warning Score 2; PS, performance status; SATs, oxygen saturation.
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TABLE 2. Numeric and Categorical Variables Associated With Outcomes

Variable Overall
Discharged
(score = 0)

Admitted
(score = 1)

Admitted +
Required

O2 (score = 2)

Admitted +
Required O2 +
Died (score = 3)

Correlationa

Multivariable
RFE SHAPr P

No. (%) 920 152 (16.5) 232 (25.2) 265 (28.8) 271 (29.5)

Age, years, median [Q1, Q3] 70.0 [59.0, 78.0] 62.0 [54.8, 72.0] 66.0 [56.0, 74.0] 71.0 [62.0, 78.0] 73.0 [65.0, 81.5] 0.292 , .001 s

Biological sex, No. (%)

Female 406 (44.1) 71 (46.7) 130 (56.0) 117 (44.2) 88 (32.5) — — ns

Male 514 (55.9) 81 (53.3) 102 (44.0) 148 (55.8) 183 (67.5) 0.138 , .001

Total No. Of comorbidities,
median [Q1, Q3]

2.0 [1.0, 3.0] 1.0 [0.0, 2.0] 1.0 [0.0, 2.0] 2.0 [1.0, 3.0] 2.0 [1.0, 3.0] 0.209 , .001 s

NEWS2, median [Q1, Q3] 3.0 [1.0, 5.0] 1.0 [0.0, 3.0] 2.0 [1.0, 4.0] 3.0 [2.0, 6.0] 4.0 [2.0, 8.0] 0.396 , .001 s

CRP, median [Q1, Q3] 58.0 [17.4, 127.6] 15.5 [4.2, 49.3] 29.0 [10.9, 78.5] 67.9 [31.4, 117.3] 102.0 [44.5, 190.0] 0.409 , .001 s

Albumin, median [Q1, Q3] 34.0 [28.0, 40.0] 40.0 [35.0, 43.0] 38.0 [32.5, 41.0] 32.0 [27.0, 36.0] 30.0 [26.0, 37.2] –0.371 , .001 s

Platelets, median [Q1, Q3] 205.0 [140.0, 280.0] 225.5 [165.0, 274.5] 218.0 [150.0, 297.0] 195.5 [143.0, 274.8] 185.5 [115.0, 273.8] –0.131 , .001 s

Lymphocytes, median [Q1, Q3] 0.8 [0.5, 1.3] 1.1 [0.7, 1.6] 0.9 [0.5, 1.4] 0.8 [0.5, 1.2] 0.7 [0.4, 1.1] –0.212 , .001 s

Neutrophils, median [Q1, Q3] 4.1 [2.5, 6.6] 3.5 [2.1, 4.8] 3.8 [2.1, 6.1] 4.1 [2.7, 6.5] 5.4 [3.2, 8.5] 0.215 , .001 s

Neutrophil:lymphocyte ratio, median
[Q1, Q3]

4.6 [2.4, 9.2] 2.9 [1.8, 4.9] 4.0 [1.8, 8.1] 4.7 [2.8, 9.0] 7.0 [3.7, 14.4] 0.295 , .001 s

LDH, median [Q1, Q3] 271.5 [207.5, 407.8] 227.0 [184.5, 257.5] 253.0 [191.0, 351.2] 285.0 [214.0, 429.0] 360.5 [263.5, 524.8] 0.343 , .001 b

Urea, median [Q1, Q3] 5.5 [3.9, 8.0] 5.0 [3.8, 6.4] 5.0 [3.7, 6.8] 5.2 [3.9, 7.9] 7.0 [4.8, 9.9] 0.214 , .001 b

Respiratory rate, median [Q1, Q3] 18.0 [17.0, 21.0] 18.0 [16.0, 19.0] 18.0 [16.0, 19.0] 18.0 [17.0, 22.0] 20.0 [18.0, 24.0] 0.309 , .001 b

SATs, median [Q1, Q3] 96.0 [93.0, 98.0] 98.0 [96.0, 99.8] 97.0 [96.0, 99.0] 95.0 [92.0, 96.0] 94.0 [89.8, 97.0] –0.475 , .001 b

Cancer stage, median [Q1, Q3] 3.0 [1.0, 4.0] 3.0 [2.0, 4.0] 3.0 [1.2, 4.0] 3.0 [1.0, 4.0] 3.0 [1.0, 4.0] –0.013 NS c

Cancer stage I or II, No. (%, no missing)
of patients discharged, admitted,
required O2, and died

196 (21.8, 19) 25 (16.6, 1) 36 (15.9, 6) 78 (30.0, 5) 57 (21.6, 7) 0.072 NS ns

Cancer stage III, No. (%) of patients
discharged, admitted, required O2,
and died

181 (20.1) 47 (31.1) 58 (25.7) 53 (20.4) 23 (8.7) –0.198 , .001 ns

Cancer stage IV, No. (%) of patients
discharged, admitted, required O2,
and died

342 (38.0) 51 (33.8) 82 (36.3) 92 (35.4) 117 (44.3) 0.072 NS ns

Hematologic cancer, No. (%) of patients
discharged, admitted, required O2,
and died

171 (19.0) 26 (17.2) 47 (20.8) 32 (12.3) 66 (25.0) 0.046 NS ns

Chemotherapy, No. (%) of patients
discharged, admitted, required O2,
and death

356 (38.7) 70 (46.1) 116 (50.0) 78 (29.4) 92 (33.9) –0.129 , .001 ns

(Continued on following page)
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TABLE 2. Numeric and Categorical Variables Associated With Outcomes (Continued)

Variable Overall
Discharged
(score = 0)

Admitted
(score = 1)

Admitted +
Required

O2 (score = 2)

Admitted +
Required O2 +
Died (score = 3)

Correlationa

Multivariable
RFE SHAPr P

Immunotherapy, No. (%) of patients
discharged, admitted, required O2,
and death

54 (5.9) 14 (9.2) 11 (4.7) 15 (5.7) 14 (5.2) –0.041 NS ns

Targeted therapy, No. (%) of patients
discharged, admitted, required O2,
and death

106 (11.5) 22 (14.5) 25 (10.8) 29 (10.9) 30 (11.1) –0.027 NS ns

Radiotherapy, No. (%, no missing) of
patients discharged, admitted,
required O2, and died

47 (6.2, 167) 7 (5.2, 18) 13 (6.7, 39) 18 (8.3, 47) 9 (4.3, 63) –0.011 NS ns

PS, mean [Q1, Q3] 1.0 [1.0, 2.0] 1.0 [1.0, 1.0] 1.0 [1.0, 2.0] 1.0 [1.0, 2.0] 2.0 [1.0, 3.0] 0.293 , .001 s

NOTE. P ≥ .05.
Abbreviations: CRP, C-reactive protein; LDH, lactate dehydrogenase; NEWS2, National Early Warning Score 2; ns, not selected, no gain in performance; NS, not significant; PS, performance status; RFE

SHAP, Recursive Feature Elimination on the basis of Shapley Additive Explanation; s, selected for modeling as it improved performance; SATs, oxygen saturation.
aSpearman correlation for numeric and point biserial correlation for categorical features.
bExcluded from RFE because of . 20% missing data.
cExcluded as hematologic cancer and cancer stage as separate features were included in the model.
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This revealed 10 features: increasing age; PS; CRP;
NEWS2; neutrophils; neutrophil:lymphocyte ratio; No.
comorbidities; and decreasing lymphocytes, platelets, and
albumin were predictive of COVID-19 outcomes in patients
with cancer. Of note, certain features such as hematologic
cancer and male sex, although significant for death (Data
Supplement), did not add to the model performance as a
whole and therefore were not selected. LDH, urea, oxygen
saturations, and respiratory rate were not considered in
RFE because of significant numbers of missing values
(. 20%; Data Supplement). In the final feature set, only
age and albumin achieve a high variance inflation factor
(15.8 and 9.2, Data Supplement).

Model Derivation

To manage missing data and minimize bias, we performed
bootstrapping followed by multiple imputation and over-
sampling, which resulted in 500 data sets andmean events
per variable (EPV) of 22.5, before developing Lasso and RF
models (Data Supplement). Tuning hyperparameters on
the basis of mean squared error (MSE), we determined
alpha (constant multiplying the L1 term) = .05 and maxi-
mum depth = 6 for Lasso and RF, respectively (Data
Supplement). For both models, the learning curves flat-
tened at ≈50% of the training set, suggesting that the
current size of the data set provides sufficient model ac-
curacy, with further increases in size of the data set only
benefitting accountability and EPV (Data Supplement). The
RF achieved lower MSE and higher R2 and was more robust
to multicollinearity compared with Lasso (Data Supple-
ment). Therefore, this was selected to proceed to CORO-
NET model development.

Threshold Derivation and Establishment of the Final

CORONET Model

The area under the receiver operating characteristic curve
(AUROC) was calculated for the CORONETmodel using the
entire data set and Leave-one-out cross-validation (Fig 2A),
resulting in a performance of 0.82 for admission, 0.85 for
O2 requirement, and 0.79 for death (Fig 2B and Data
Supplement). The increasing importance of features used
in the final CORONET model is shown in Figure 2C, in
which the NEWS2 score followed by CRP and then albumin
was considered as contributing the most to COVID-19
severity prediction. Dependency plots revealed clinically
consistent relations between features and their contribution
to the CORONET score (Data Supplement). In addition,
nonlinearity in these relations supports the selection of RF
over linear Lasso.

For CORONET, the threshold for admission was deter-
mined on the basis of pragmatic clinical reasoning that it is
safer to preserve a lower threshold (to maintain high
sensitivity) to admit patients who are more likely to require
supplemental O2 and have severe COVID-19 disease
(sensitivity) at the cost of specificity. By contrast, in dis-
cussions with patients/families regarding the ability to
predict prognosis and possibility of death, it would clini-
cally be more useful for the tool to have better specificity
and positive predictive value, even at the cost of sensitivity.
The sensitivity, specificity, positive predictive value, neg-
ative predictive value, and accuracy were therefore de-
termined for each CORONET score (Data Supplement),
and the threshold was established through finding maxima
of cost functions for the importance ratio of sensitivity:
specificity of 3:1 for admission and 1:2 for death (0.2-2.9
curves and formulas in Fig 2D). The cutoff for admission
was determined to be 1.0, whereas that for mortality was
2.3. At these pragmatic thresholds, the model achieved a
sensitivity of 43% and a specificity of 92% in predicting
patient mortality. Critically, for prediction of the need for
admission, it achieved a sensitivity of 85% and a specificity
of 56%. The patients who required O2 or who died, but
were not predicted as requiring admission by CORONET
(21 and seven patients respectively of 920), are shown in
the Data Supplement. Manual inspection by clinical ex-
perts revealed no obvious clinical characteristic, which
could have informed a severe outcome. In addition, we
compared the CORONET score with ISARIC 4C score,
achieving higher AUROCs for admission, O2 requirement,
and death (Data Supplement). Of note, 4C mortality scores
in the CORONET-4C cancer-only cohort were lower than
those in the original ISARIC 4C cohort [19], which was
determined using predominantly noncancer populations
(Data Supplement). In addition, patients with cancer were
more likely to die at lower values of the 4C score (Data
Supplement). For example, at a 4C score of ≤ 6, the
mortality was 4.5% in the original ISARIC 4C validation
cohort, whereas in the CORONET-4C cohort of patients
with cancer only, it was 12% (Data Supplement).

External Validation

The performance of CORONET in the validation cohort is
illustrated in the Data Supplement, with a significant
geographical difference. Spain demonstrated the most
accurate prediction overall (AUROC 0.85, 0.79, and 0.94
for admission, O2 requirement, and death), whereas
France had the lowest prediction (AUROC 0.69, 0.77, and
0.71 for admission, O2 requirement, and death, Data

FIG 2. (Continued). admission, requirement for O2, and death determinants; (C) summary plot of feature contribution to CORONET prediction on the
basis of SHAP explanation; and (D) metrics for requirement for O2 and death depending on the CORONET score. The dotted line indicates admission
threshold and severe disease threshold set at the maximum of the cost functions. AUC, area under the curve; CORONET, COVID-19 Risk in Oncology
Evaluation Tool; CRP, C-reactive protein; ECOG PS, Eastern Cooperative Oncology Group performance status; NEWS2, National Early Warning Score-2;
NPV, negative predictive value; PPV, positive predictive value; SHAP, Shapley Additive Explanations.
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Supplement). On average, the AUROC in the entire vali-
dation cohort was 0.69, 0.69, and 0.70 for admission, O2

requirement, and death, respectively (Fig 3B). On the basis
of the defined thresholds, CORONET achieved a sensitivity
of 88% and a specificity of 31% for predicting admission
and a sensitivity of 33% and a specificity of 83% for pre-
dicting patient mortality (Data Supplement). Critically, it
recommended admission for 94% of those patients
eventually requiring oxygen and 98% of those who died.

DISCUSSION

Many studies have provided important data regarding risks
of COVID-19–related outcomes in patients with cancer,
which have helped to inform oncologists and patients in
discussions regarding shielding, oncologic treatments, and
management options in the event of contracting COVID-19

disease.8,12,13,21 We focused on developing a cancer-
specific model of risk and a decision support tool, which
could aid the oncology and acute care communities in
discussions and decisions at the point of admission as-
sessment of patients with symptoms of COVID-19 disease.
The CORONET model was developed on the basis of
clinical and laboratory features that are routinely available,
for it to be deployed easily in the clinical community. In this
study, the RF model had the best performance with an
AUROC of 0.82 for admission, 0.85 for O2 requirement, and
0.79 for death in the data set used for model derivation. In
the external validation cohort, the model achieved an av-
erage AUROC of 0.69, 0.69, and 0.70 for admission, O2

requirement, and death respectively, considerably less
than the performance from each individual country. This
could be due to the heterogenous CORONET scores from
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each country, where Denmark and France had significantly
higher CORONET scores than the United Kingdom and
Spain (P, .001, Kruskal-Wallis H-test, Data Supplement).
Notably, there were significant missing data in cohorts from
France and Denmark and consistent missing data of some
NEWS2 components, which were managed through
making specific assumptions and might have led to un-
derestimation of the score (Data Supplement). Thus, data
quality might have affected the CORONET performance in
these cohorts.

Critically, in the entire cohort, CORONET recommended
admission for 95% of patients who went on to require
oxygen and 97% of the patients who died, and in external
validation, it recommended admission for 94% of those
eventually requiring O2 and 98% who died. In establishing
our cutoffs, we prioritized achieving high sensitivity for
admission, which resulted in decreased specificity, but
increased safety of the decision support tool. If we had
based our decision to admit on thresholds defined by
accuracy, the sensitivity of admission of patients requiring
O2 would drop from 0.95 to 0.85 and from 0.92 to 0.82 for
the derivation and validation cohorts, respectively (Data
Supplement). Thus, we felt that it would be unsafe to use
those thresholds as they would unacceptably increase the
likelihood of discharge of patients at risk of requiring O2.
Published models predicting for COVID-19 severity were
mainly developed to model one individual clinical outcome
(eg, death), a strategy that warrants good model perfor-
mance butmay result in data overfitting and does not reflect
the whole clinical picture. We chose to model a combined
COVID-19 outcome, comprising hospital admission, oxy-
gen requirement, and death. This strategy might have
reduced accuracy of classification for a specific outcome,
but improved generality to reflect COVID-19 severity, im-
portant for overall decision-making regarding hospital ad-
mission. We were also less stringent regarding those
patients who were admitted but survived and did not re-
ceive oxygen, as these patients could potentially be
managed at home. In focusing on sensitivity regarding the
decision to admit, specificity was decreased. In hospitals
overwhelmed by the pandemic, this level of specificity may
be an issue resulting in excess admissions. To address the
challenge of a binary threshold being used for a complex
decision, with the inevitable trade-off between ensuring
safety versus number of admissions, we built the CORONET
online tool to provide more detailed information (CORO-
NET; COVID-19 risk in Oncology Evaluation Tool).22 This
provides the HCP with visuals as to where their patient sits
within the entire cohort and the five most similar patients
with outcome data (see the Data Supplement for an ex-
ample of a borderline patient). Although the model provides
a safety-oriented focus of only recommending discharge of
patients who are highly unlikely to die/require oxygen, the
HCP is provided with additional information to override the
threshold and discharge the patient safely, taking into

account their local pandemic context. Furthermore, it
enables them to informatively prioritize patients if local
health care systems are overwhelmed. In addition, the tool
may highlight those more borderline patients who could be
discharged but may benefit from careful home monitoring
such as via a virtual ward or using home saturation devices.
Patients might have been admitted because of oncologic
problems rather than COVID-19 disease; therefore, it is
important to stress that the decision support tool is specific
to COVID-19 disease rather than cancer-related admission
decisions.

Laboratory features such as CRP and clinical features such
as age have been shown to be independent risk factors by a
number of groups.7,8,12,14,15 In other cohorts, male sex has
been identified as an important independent negative
prognostic factor; however, it did not add to the overall
performance of our model.9,12 Intriguingly, hematologic
cancer and solid tumor stage in our multivariable modeling
of COVID-19 severity at the point of presentation to hospital
were outweighed by other numeric features, reducing their
importance. Features such as CRP and low albumin were
more important, suggesting that the COVID-19–induced
inflammatory state is most critical in predicting severity
even in patients with baseline inflammation because of
cancer. We plan to improve the performance and com-
plexity of the CORONET decision support tool through
adding two further models with separate outcome mea-
sures of oxygen requirement and death to the combined
current admission decision model (on the basis of ad-
mission, O2 requirement, and death). We hypothesize that
different features, for example, hematologic cancer and
male sex, may be important for different outcomes, for
example, death. In addition, NEWS2 is commonly used
within the United Kingdom to identify patients who are at
risk of severe illness.20 Although NEWS2 has its own lim-
itations and has been criticized, especially in applicability to
primary care,23 our validation of it as an important feature of
severity in patients with cancer and COVID-19 disease
suggests that it is helpful in the assessment of patients at
least in the hospital setting.

We compared our model with the ISARIC 4C mortality risk
score, created on the basis of data from more than 57,000
patients.15 Although a smaller cohort, it is important to note
that our analysis of patients with cancer using the 4C score
showed that they were at higher risk of mortality with a lower
4C score compared with the original ISARIC population,
which was mainly composed of patients without cancer.
This observation highlights the importance of specifically
assessing clinical decision models for patients with cancer.
The 4C score had a comparable AUROC for mortality
compared with CORONET; however, our model performed
better in admitting patients requiring oxygen as a measure
of COVID-19 severity, which was likely due to how our
model was trained. In addition, all except two patients
predicted by the 4C score to be at risk of mortality were
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admitted using our CORONETmodel, which is an important
validation of its safety.

There were several limitations in our model development.
First, the cohort is relatively small; despite that, we obtained
reasonable EPV, and according to the learning curves, we
expect minimal improvement of the model accuracy with a
larger data set size. Second, although we included data from
25 countries, the majority of these were higher-income
countries, and therefore, the model should be interpreted
with caution by users in middle-/low-income countries.
Furthermore, through focusing on patients presenting to
hospital, we selected a population biased toward more
severe COVID-19 disease. In addition, although we ex-
cluded patients with more than one important numeric
feature missing and managed remaining missing data
through imputation (for , 20% missing), we still did not
have sufficient data on features shown to be important in
other cohorts such as ethnicity and LDH to incorporate into
the analysis. We also observed an imbalance inmissing data
with more of the patients in the United States discharged
without performing laboratory tests compared with those
admitted, which might have affected the results of that
cohort (Data Supplement). Further data from the United
States will be required to assess the performance of the
model in a larger population, accounting for regional vari-
ation in clinical practice. Lack of data regarding outcomes
for patients discharged precludes assessment of how the
tool could prevent discharge errors. Finally, there was less
granularity regarding death being caused by COVID-19
disease versus other causes such as cancer in these data
sets. This might have resulted in the heterogenous perfor-
mance seen in different countries (Data Supplement).

Most HCPs have access to the internet, and hospital results
are increasingly accessed online. Our companion online

decision support tool enables our model to be easily used.
However, we recognize that for thoseworking in resource-poor
settings, this may provide a barrier to use and can provide
further assistance if required. The tool is planned to provide
prognostic information regarding the outcome of the patient in
addition to assessment of how features of the individual define
the outcome reported by the tool. In this way, we aim to
support greater recognition of features that are associatedwith
more severe outcomes for patients with cancer and COVID-19
disease. We are currently testing how HCPs interact with the
tool to determine its safety and usability.

Critically, we view the creation and ongoing development of
the decision support tool as an iterative process. This first
version is a foundation on which to improve as more data
are obtained, particularly in patients infected with new
variants, and more decision support features are created
and validated in different hospitals. Using CORONET, HCPs
can be supported in their management of cancer patients
with COVID-19 disease. It aids discussions with patients
and their families regarding likely prognosis, which is
crucial to ensuring that they are fully informed. It will
support decisions regarding safe early discharge of pa-
tients, reducing hospital stay with beneficial impacts to
emergency services, cost savings, and reducing risk of
infecting staff/other patients. Furthermore, it will provide
information that can be used to identify those who might
benefit from more intensive monitoring and to make early
decisions regarding escalation to intensive care. In the
future, it may be used to identify patients at risk of severe
COVID-19 disease who might have greatest benefit from
interventions. Individualized management of COVID-19
disease in patients with cancer is crucial to providing
sustainable emergency oncology care during the COVID-19
pandemic and beyond.
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André Freitas
Research Funding: AstraZeneca (Inst)

Anne C. Armstrong
Stock and Other Ownership Interests: AstraZeneca (I)
Consulting or Advisory Role: Gilead Sciences, MSD

Lee et al

16 © 2022 by American Society of Clinical Oncology

Downloaded from ascopubs.org by 92.22.181.4 on June 2, 2022 from 092.022.181.004
Copyright © 2022 American Society of Clinical Oncology. All rights reserved. 



Research Funding: AstraZeneca/MedImmune (Inst)
Travel, Accommodations, Expenses: Gilead Sciences, MSD Oncology

No other potential conflicts of interest were reported.

ACKNOWLEDGMENT
The authors acknowledge Clare Griffin, Joanne Lewis, Sinead Ward,
Anthony Murphy, Amy Kavanagh, and Alison Backen for their support in

the project; Digital ECMT team for insights into data analysis; Research
Information technology at the University of Manchester; and Manchester
and Liverpool ECMC. The ESMO CoCARE Steering Committee would like
to acknowledge Ms Klizia Marinoni and Delanie Young for their
contribution in developing and managing the Registry and participating
Centers and Dr Sylvain Pradervand for their support in the database
management.

REFERENCES
1. Dong E, Du H, Gardner L: An interactive web-based dashboard to track COVID-19 in real time. Lancet Infect Dis 20:533-534, 2020

2. Guan W, Ni Z, Hu Y, et al: Clinical characteristics of coronavirus disease 2019 in China. N Engl J Med 382:1708-1720, 2020

3. Beigel JH, Tomashek KM, Dodd LE, et al: Remdesivir for the treatment of covid-19—Final report. N Engl J Med 383:1813-1826, 2020

4. Horby PW, MafhamM, Peto L, et al: Casirivimab and imdevimab in patients admitted to hospital with COVID-19 (RECOVERY): A randomised, controlled, open-
label, platform trial. medRxiv, 2021 2021.06.15.21258542

5. RECOVERY Collaborative Group, HorbyP, LimWS, et al: Dexamethasone in hospitalized patients with COVID-19. N Engl J Med 384:693-704, 2021

6. Lee LYW, Cazier JB, Angelis V, et al: COVID-19 mortality in patients with cancer on chemotherapy or other anticancer treatments: A prospective cohort study.
Lancet 395:1919-1926, 2020

7. Lee RJ, Wysocki O, Bhogal T: Longitudinal characterisation of haematological and biochemical parameters in cancer patients prior to and during COVID-19
reveals features associated with outcome. ESMO Open 6:100005, 2021

8. Williamson EJ, Walker AJ, Bhaskaran K, et al: Factors associated with COVID-19-related death using OpenSAFELY. Nature 584:430-436, 2020

9. Kuderer NM, Choueiri TK, Shah DP, et al: Clinical impact of COVID-19 on patients with cancer (CCC19): A cohort study. Lancet 395:1907-1918, 2020

10. Saini KS, Tagliamento M, Lambertini M, et al: Mortality in patients with cancer and coronavirus disease 2019: A systematic review and pooled analysis of 52
studies. Eur J Cancer 139:43-50, 2020

11. Grivas P, Khaki AR, Wise-Draper TM, et al: Association of clinical factors and recent anti-cancer therapy with COVID-19 severity among patients with cancer: A
report from the COVID-19 and cancer consortium. Ann Oncol 32:787-800, 2021

12. Albiges L, Foulon S, Bayle A, et al: Determinants of the outcomes of patients with cancer infected with SARS-CoV-2: Results from the Gustave Roussy cohort.
Nat Cancer 1:965-975, 2020

13. Lee LYW, Cazier JB, Starkey T, et al: COVID-19 prevalence and mortality in patients with cancer and the effect of primary tumour subtype and patient
demographics: A prospective cohort study. Lancet Oncol 21:1309-1316, 2020

14. Wynants L, Van Calster B, Collins GS, et al: Prediction models for diagnosis and prognosis of COVID-19: Systematic review and critical appraisal. BMJ
369:m1328, 2020

15. Knight SR, Ho A, Pius R, et al: Risk stratification of patients admitted to hospital with COVID-19 using the ISARIC WHO clinical characterisation protocol:
Development and validation of the 4C Mortality Score. BMJ 370:m3339, 2020

16. Bhogal T, Khan UT, Lee R, et al: Haematological malignancy and nosocomial transmission are associated with an increased risk of death from COVID-19:
Results of a multi-center UK cohort. Leuk Lymphoma 62:1682-1691, 2021

17. Collins GS, Reitsma JB, Altman DG, et al: Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD): The TRIPOD
Statement. BMC Med 13:1, 2015

18. Riley RD, Ensor J, Snell KIE, et al: Calculating the sample size required for developing a clinical prediction model. BMJ 368:m441, 2020

19. Lundberg SM, Erion G, Chen H, et al: From local explanations to global understanding with explainable AI for trees. Nat Mach Intell 2:56-67, 2020

20. National Early Warning Score (NEWS) 2. Royal College of Physicians, London, United Kingdom. https://www.rcplondon.ac.uk/projects/outputs/national-early-
warning-score-news-2

21. Clift AK, Coupland CAC, Keogh RH, et al: Living risk prediction algorithm (QCOVID) for risk of hospital admission and mortality from coronavirus 19 in adults:
National derivation and validation cohort study. BMJ 371:m3731, 2020

22. University of Manchester: CORONET; COVID-19 risk in Oncology Evaluation Tool. Manchester, United Kingdom, 2022. https://coronet.manchester.ac.uk/

23. Greenhalgh T, Treadwell J, Burrow R: NEWS (or NEWS2) score when assessing possible COVID-19 patients in primary care. Cent Evid-Based Med Nuffield Dep
Prim Care Health Sci Univ Oxf, 2020. https://www.cebm.net/covid-19/should-we-use-the-news-or-news2-score-when-assessing-patients-with-possible-covid-
19-inprimary-care/

n n n

COVID-19 Severity Risk Prediction in Patients With Cancer

JCO Clinical Cancer Informatics 17

Downloaded from ascopubs.org by 92.22.181.4 on June 2, 2022 from 092.022.181.004
Copyright © 2022 American Society of Clinical Oncology. All rights reserved. 

https://dx.doi.org/2021.06.15.21258542
https://www.rcplondon.ac.uk/projects/outputs/national-early-warning-score-news-2
https://www.rcplondon.ac.uk/projects/outputs/national-early-warning-score-news-2
https://coronet.manchester.ac.uk/
https://www.cebm.net/covid-19/should-we-use-the-news-or-news2-score-when-assessing-patients-with-possible-covid-19-inprimary-care/
https://www.cebm.net/covid-19/should-we-use-the-news-or-news2-score-when-assessing-patients-with-possible-covid-19-inprimary-care/


APPENDIX

ESMO COCARE LIST OF AUTHORS

Author Affiliation

Abigail Temple The Royal Marsden NHS Foundation
Trust, London, United Kingdom

Natasha Duperray The Royal Marsden NHS Foundation
Trust, London, United Kingdom

Aasfa Nadeem The Royal Marsden NHS Foundation
Trust, London, United Kingdom

Olivia Chudy The Royal Marsden NHS Foundation
Trust, London, United Kingdom

Vlad Croitoru Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Diana Bogdan Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Irina Sandra Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Madalina Soanca Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Ana Maria Tirdea Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Irina Cazacu Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Miron Monica Medical Oncology Department,
Fundeni Clinical Institute,
Bucharest, Romania

Marina Vitorino Hospital Professor Doutor Fernando
Fonseca, Lisbon, Portugal

Salah Khallaf South Egypt Cancer Institute, Assiut,
Egypt
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