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Cancer patients are at increased risk
of COVID-19 mortality

Cancer and
COVID-19

Going to the hospital increases the
risk of contracting COVID-19 (more
potentially infectious contacts)
Delaying cancer treatment means the
cancer can spread and increase
mortality rates

Cancer treatments and COVID-19

Immunosuppressed
people are at
increased risk of
COVID-19 mortality

Chemotherapy
makes people
immunosuppressed

Surgery requires
ventilation and also
increases the risk of
contracting COVID-19

Big question: How to treat
cancer patients during the
COVID-19 pandemic?

Currently: Making blanket decisions based
on cancer type and stage
• Tier systems based on cancer site and stage may:
• Ignore comorbidities
• Ignore geographical differences in the state of the pandemic
• Ignore age
• Ignore treatment plans

OncCOVID
• Web app to guide clinicians and
help make personalized treatment
decisions for patients
• 47 customizable inputs
• Outputs infection risk, mortality
risk, survival curves, and RMST
• http://onccovid.med.umich.edu/

4 Big Pieces

Cancer
mortality
under
immediate
treatment

Cancer
mortality
under
delayed
treatment

COVID-19
infection risk

COVID-19
mortality risk

Cancer mortality under immediate treatment
•
•
•
•

Used data from Surveillance, Epidemiology, and End Results (SEER)
Estimate survival based on age, cancer type, and cancer stage
Cox proportional hazards model to estimate overall survival
Used Fine-Grey regression (to account for competing risks) to model cancer
specific survival

Collaborators at Penn State used
NCDB to estimate the effect of
delaying treatment by cancer
disease site and stage

Cancer mortality
under delayed
treatment

Conducted literature review to find
the impact of delay of treatment by
stage and disease site

Results from both the lit review and
the NCDB analysis are available in
the app.

Cancer mortality under delayed
treatment - NCDB
• Multivariate cox proportional hazard model for
overall survival
• Adjusted for confounders (age, race, insurance
status, facility information, etc).
• Ended up with a hazard ratio for a per day
increase by disease site and stage.

COVID-19 infection risk

• Susceptible-Infected-Recovered (SIR) Model
• Modeled the health care system separately from the general population due to the
increased incidence of COVID-19 among healthcare workers
• Assume patients have increased risk when visiting hospital for treatment due to increase
in number of potentially infectious contacts
• Also assume increased infection risk due to surgery based on prior study.

Susceptible

𝛽𝑆𝐼

Infected

𝛾𝐼

Recovered

• 𝑅! - the number of new infections
caused by one person in an entirely
susceptible population

Reproduction
rate

• 𝑅" - the current number of new
infections caused by one person
• 𝑅" changes based on social
distancing measures and the
number of immune people in the
population
• China saw the reproduction rate
drop from 3.86 to 0.32

SIR Models
• Let 𝑁 be the population size, 𝐼! be the number currently infected at time 𝑡, and 𝑀! be the
number recovered/removed. Then the number of people susceptible, 𝑆! is 𝑆! = 𝑁 − 𝐼! − 𝑀! .
• We denote the average number of people infected from one person on day 𝑡 is 𝑅! .
• Let 𝐷 denote the average duration of infectiousness and
• Define 𝛾 = 1/𝐷.
• Define 𝛽 = 𝑅! /𝐷 as the number of infectious contacts made during 1 day, also called the
transmission rate.

SIR Model
• New infections on day 𝑡 + 1 is
"#
estimated to be 𝛽 ! !
$

• Number susceptible on day 𝑡 +
"#
1 is given by 𝑆!%& = 𝑆! − 𝛽 ! !
$

• Number recovered/removed on
day 𝑡 + 1 is 𝑀!%& = 𝑀! + 𝛾𝐼!
• The predicted total number
infected on day 𝑡 + 1 is 𝐼!%& =
"! #!
𝐼! + 𝛽 $
− 𝛾𝐼! .

Multi-setting
SIR

• Altered to allow 𝛽 to vary between the
general public and the health care setting.
• Modeled health care and general
population separately assuming a
percentage of the general population
come in for treatment each day and that a
percentage of those are there for surgery.

Multi-setting
SIR

• Let 𝑆%,' and 𝑆(,' be the number susceptible on day 𝑡
for the general population and the healthcare
population, respectively.
• Let 𝐼%,' and 𝐼(,' be the number infected on day 𝑡 for
the general population and the healthcare
population, respectively.
• Let the number of new infections be 𝐹 with
subscripts as above and 𝐹),' be new infections from
surgery.
• Let 𝑃' be an indicator variable for if the patient is
going in for treatment on day 𝑡 and let 𝑈' be an
indicator for if the patient is receiving surgery
• Cumulative probability of infection to time T is:
∑,'*+

-!,# ./# -$,# .0# -%,#
1

COVID-19
Mortality Risk

We know comorbidities increase the mortality rate of COVID19, but we also know that age plays an important role.

We also know that age and the number of comorbidities are
correlated.

Need to find COVID-19 mortality by age and number of
comorbidities.

Data we have:
COVID-19 nested case
control data with number
of comorbidities

NHANES

Large study with overall
mortality rates by age
range

COVID-19 Mortality Risk
• Constrained logistic regression (to ensure monotonic relationship between age
and mortality and also # comorbidities and mortality) to obtain estimates of
mortality by age and number of comorbidities.
• Adjusted for the case control design.
• Obtained estimates of proportion of population with a given number of
comorbidities by age decade from NHANES
• Used NHANES data as weights for the data analysis results and normalized to
the large study mortality rates

Comorbidity
results

Age
40-50
51-60
61-70
71-80
81+

0
0.32%
0.96%
2.46%
5.61%
11.60%

# Comorbidities
1
2
0.40% 0.49%
1.18% 1.45%
3.01% 3.69%
6.86% 8.42%
14.16% 17.34%

3+
1.15%
3.39%
8.51%
19.43%
39.30%

• Also account for the healthcare system being overwhelmed and
chemotherapy

Able to use Johns Hopkins data (publicly
available on GitHub) for daily COVID-19
data by county, province, or country

Geographic
Information

US Census estimates by county for 2019
for population estimates for US
Counties
Used World Bank population estimates
for non-US countries, states, or
provinces.

Restricted Mean Survival Time - RMST
• The expected time a person
will live through a fixed time
point.
• Area under the survival curve
• Alternative measure to HR
that works when the
assumption of proportional
hazards is not valid.

Dehbi et al. BMJ 2017;357:j2250 doi: 10.1136/bmj.j2250 (Published 25 May 2017)

Heterogeneity in patients

Heterogeneity by location
II

What is going on with lung?

Next Steps

Update estimates
of overall survival
by age. Currently,
over estimate
survival for elderly
patients

Update model for
delay of treatment
HR to better
account for age.

Improve SIR model
to automatically
incorporate
historical trends,
individual actions,
community social
distancing
measures, and
randomness

Attempt to account
for uncertainty in
estimates and
develop method to
estimate
confidence
intervals

Thank you
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