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ABSTRACT

Objectives Electronic health records (EHR) are receiving
growing attention from regulators, biopharmaceuticals
and payors as a potential source of real-world evidence.
However, their suitability for the study of diseases with
complex activity measures is unclear. We sought to
evaluate the use of EHR data for estimating treatment
effectiveness in inflammatory bowel disease (IBD), using
tofacitinib as a use case.

Methods Records from the University of California, San
Francisco (6/2012 to 4/2019) were queried to identify
tofacitinib-treated IBD patients. Disease activity variables
at baseline and follow-up were manually abstracted
according to a preregistered protocol. The proportion of
patients meeting the endpoints of recent randomised trials
in ulcerative colitis (UC) and Crohn’s disease (CD) was
assessed.

Results 86 patients initiated tofacitinib. Baseline
characteristics of the real-world and trial cohorts were
similar, except for universal failure of tumour necrosis
factor inhibitors in the former. 54% (UC) and 62% (CD)

of patients had complete capture of disease activity at
baseline (month —6 to 0), while only 32% (UC) and 69%
(CD) of patients had complete follow-up data (month 2 to
8). Using data imputation, we estimated the proportion
achieving the trial primary endpoints as being similar to
the published estimates for both UC (16%, p value=0.5)
and CD (38%, p-value=0.8).

Discussion/Conclusion This pilot study reproduced
trial-based estimates of tofacitinib efficacy despite its use
in a different cohort but revealed substantial missingness
in routinely collected data. Future work is needed to
strengthen EHR data and enable real-world evidence in
complex diseases like IBD.

INTRODUCTION

Real-world evidence (RWE) refers to the use
of observational data to support inference on
diseases and treatments. This area has been
growing for a variety of reasons,'* including
(1) rising costs and other challenges to the
feasibility of randomised trials,” (2) concerns
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What is already known?

» Real-world data (RWD) are receiving increasing
attention from regulators, payors and biopharma-
ceuticals as an emerging source of evidence on
treatment effects.

» Although electronic health records (EHR) data are an
important and granular source of RWD, their suit-
ability for real-world evidence remains unknown in
part due to their complexity.

» Tofacitinib was recently approved for the inflamma-
tory bowel disease (IBD-subtype ulcerative colitis,
but its effectiveness and safety in real-world cohorts
who may not meet trial eligibility criteria is unclear.

What does this paper add?

» Although EHR data contain much of the data needed
to assess treatment effectiveness in IBD, we found
these data to be less accessible (primarily found
within free text) and associated with significant
missing values at baseline and follow-up.

» We propose an approach for estimating real-world
treatment effects from these data using data ab-
straction protocols and methods for stochastic im-
putation of missing data.

» Although a majority of the patients treated at our
centre did not meet the eligibility criteria corre-
sponding to randomised trials of tofacitinib in IBD,
its effectiveness appeared to be the same as that
measured in the trials.

that trial cohorts may be unrepresentative of
real-world patients®” and (3) the emergence
of new datasets and methods for assessing
treatment in routine clinical contexts.

Of the sources of real-world data (RWD)
that are being explored for this purpose, elec-
tronic health records (EHR) are receiving
particular attention. They have served as
the primary ledger for clinical encounters
over two decades and capture rich data on
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exposures and outcomes. However, this optimism has
been tempered by several challenges.' Beyond limitations
common to observational settings (eg, confounding,
mismeasurement), EHR data is commonly captured in
free text rather than a tabular format. This creates a chal-
lenge for the study of diseases whose assessments may be
captured in narratives (eg, patientreported outcomes).
Such data typically require the use of text processing,
methods that can achieve high accuracy but remain labo-
rious. However, the utility of pursuing these approaches
remains unclear because the availability of the under-
lying data (ie, disease activity scores) in free text is
understudied.

An example of a disease currently assessed by complex
measures is inflammatory bowel disease (IBD). IBD is
comprised of two subtypes, ulcerative colitis (UC) and
Crohn’s disease (CD). Treatment involves immunosup-
pression that is usually continued until treatment failure
(eg, inadequate efficacy, adverse events). In trials, effec-
tiveness is measured according to the Mayo Score and
Crohn’s Disease Activity Index (CDAI) for UC and CD
respectively.

The first small molecule approved for IBD is tofaci-
tinib. Tofacitinib induced clinical remission in 18.5%
of the 476 participants with UC who were treated for 8
weeks (OCTAVE 1) and maintained remission in 34.3%
of the 197 induction responders assigned to 52 weeks of
continued treatment.” Tofacitinib was also evaluated in
phase 2b randomised controlled trials (RCTs) of cD.?
In these trials, 43% of the 86 patients randomised to the
10mg arm achieved clinical remission following induc-
tion (week 8) and 39.5% of the 60 induction responders
assigned to the 5mg arm achieved response or remission
at week 26. However, unlike for UC, tofacitinib did not
show statistical superiority to placebo for CD and thus was
never approved for that indication. Nonetheless, it has
sometimes been used off-label for CD.

In this pilot study, we assessed the utility of EHR data for
treatment effectiveness evaluations in a cohort of patients
with IBD treated with tofacitinib. Our primary objective
was to assess disease activity data at timepoints roughly
corresponding to the trial endpoints. An exploratory
objective was to estimate tofacitinib’s effectiveness using
EHR data and compare it with the trials. Other explor-
atory objectives included characterising differences in
patient cohorts, time-to-treatment-failure and the reasons
for treatment failure.

METHODS

This retrospective cohort study of patients with IBD
treated with tofacitinib was performed according to the
STROBE and RECORD guidelines (online supplemental
file 1).

Patient identification
We directly queried an existing database derived from all
EHR records at the University of California, San Francisco

(UCSF). This previously described database'® contains
records from 6/2012 (instantiation of the Epic EHR)
through 4/2019 (query date) and includes diagnoses,
procedures, demographics and medications. Eligible
records met these criteria: (1) age over 18 years, (2) a
tofacitinib order and (3) a gastroenterologist-assigned
IBD diagnosis code (ICD-10-CM K50%/K51%) (table 1).
Records meeting the above informatics criteria were all
manually reviewed to identify a cohort of all adult patients
at UCSF who had (1) ever been prescribed tofacitinib for
the treatment of IBD and (2) initiated treatment.

Study endpoints
The primary endpoint was the proportion of patients with
complete measurements of the Mayo Score and CDAI at
baseline and follow-up. For this pilot study, baseline was
defined as month —6 to 0 relative to the start date of tofac-
itinib, and follow-up was defined as month 2 to 8. These
time-windows were chosen to reflect typical patterns of
data collection in clinical practice while also allowing for
rough comparisons to the timepoints assessed in trials.
An exploratory endpoint was the proportion of patients
meeting the endpoints as defined by the OCTAVE trials®
in UC and the CD trials by Panés et al’ (see ‘Comparison
to trial endpoints’ below). Other exploratory endpoints
included characterising differences in patient cohorts,
time-to-treatment-failure, and the reasons for treatment
failure.

Disease activity scores

The Mayo score is scored on a 0-12 scale corresponding
to the sum of four equally weighted subscores. The CDAI
ranges from 0 to over 600; it incorporates three patient-
reported outcomes, comorbidities, weight, haematocrit
and medication use. In the gastroenterology clinic at
UCSFE, elements of these scores are individually captured
in clinical narratives as relevant to the provision of
routine care; these are not captured as structured data
(eg, ‘smartforms’).

Data quality, completeness, and handling of missing data

We assessed the quality of the data in detail prior to
proceeding with downstream analysis. We annotated
missing data and characterised its distribution (figures 1
and 2). The proportion of patients with complete capture
of the Mayo score and CDAI at baseline and follow-up
were computed (primary endpoint). We also computed
the proportion of non-missing data elements taken as a
whole.

We handled missing data using amodel-based approach,
which relies on the data meeting the missing at random
assumption. This was deemed plausible because (1) the
clinical decision to pursue additional testing is typically
dictated by the results of other correlated data and the
risks/benefits of additional studies, and (2) we collected a
wide range of auxiliary variables that inform clinical deci-
sion making (see ‘Covariate abstraction’).
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Table 1 Baseline demographics
OCTAVE Sample of UC
induction 1 cohort
(n=475) (n=28)
Male sex, n (%) 277 (568.2) 16 (57)
Age, years 41.3+141 43.2+14.4
Duration of disease, years
Median 6.5 10.2
Range 0.3-42.5 2.2-51.4
Extent of disease, n/total
n (%)
Proctosigmoiditis 64/475 (13.7) 3/28 (10.7)
Left-sided colitis 158/475 (33.3) 6/28 (21.4)
Extensive colitis/ 252/475 (53.1) 19/28 (67.9)
pancolitis
Total Mayo score 9.0+1.4 8.5+1.8
Partial Mayo score 6.3+1.2 6+1.6
CRP, mg/L
Median 4.4 5.8
Range 0.1-208.4 0.8-70.6
Glucocorticoid use at 214 (45.0) 17 (60.7)
baseline*
Previous treatment with 254 (53.4) 28 (100)
TNF inhibitor, n (%)
Previous treatment failure,
n (%)
TNF inhibitor 243 (51.1) 28 (100)
Glucocorticoid 350 (73.5) 24 (85.7)
Immunosuppressant 360 (75.6) 21 (75)
Panés et al’ Sample of CD
(n=86) cohort
(n=13)
Female, n (%) 47 (54.7) 9(69.2)
Age, years
Mean (SD) 39.3 (13.7) 39.7 (19.5)
Weight, kg
Mean (SD) 71.6 (18.8) 69.9 (16.3)
Race, n (%)
White 72 (83.7) 9 (69.2)
Black 2 (2.3 0 (0)
Asian 11 (12.8) 1(7.7)
Others 1(1.2) 0 (0)
Duration since CD
diagnosis, years
Mean (SD) 11.3 (9.7) 14.4 (8.2)
Extent of disease, n (%)
L1 (lleal) 7 (8.1) 1(7.7)
L1/4 (lleal + Upper GI) 2 (2.3) 2 (15.4)
L2 (Colonic) 5(5.8) 0 (0)
L2/4 (Colonic + Upper 16 (18.6) 1(7.7)
Gl)
Continued

Table 1 Continued

OCTAVE Sample of UC
induction 1 cohort
(n=475) (n=28)
L3 (lleocolonic) 15 (17.4) 4 (30.8)
L3/4 (lleocolonic) 39 (45.3) 5 (38.5)
Prior use of TNF inhibitor, 66 (76.7) 13 (100)
n (%)
Use of corticosteroids at 28 (32.6) 7 (53.8)
study entry, n (%)
Baseline CDAI score
Mean (SD) 320 (61.66) 374 (183.73)
Baseline CRP, mg/L
Median (min-max) 5.5 (0.2-126) 28.7 (3.5-107)

Within each pair of columns, the left columns corresponds

to the patient demographics of the tofacitinib-assigned arm

in corresponding RCTs (eg, the OCTAVE trials reported by
Sandborn et al, the CD trials reported by Panés et al). The
right columns reports the corresponding demographics of

a sample of tofacitinib-treated patients at UCSF. Treatment
failure is defined as an inadequate response to any treatment
(eg, steroids, TNF inhibitor) as defined and documented by the
treating clinician.

CDAI, Crohn’s Disease Activity Index; CRP, C-reactive protein;
RCTs, randomised controlled trials; TNF, tumour necrosis factor;
UCSF, University of California, San Francisco.

We performed multiple imputation by chained equa-
tions using random forest models (online supplemental
file 1). These methods have a lower false discovery
rate than last—observation—carried—forward,11 a method
commonly used in IBD trials.

Covariate abstraction

Patient records were reviewed via the clinician-facing
interface, which contains all clinical data, including
notes, patient-provider messaging, procedure reports and
laboratory results (online supplemental eTable 1). The
EHR contains all clinical data generated within UCSF as
well as that shared from other health systems during clin-
ical care.

All patients were assessed by the time-to-treatment-
failure, defined as either a lack of efficacy or a significant
adverse event recognised by both the clinician and the
patient (figure 2). This variable was distinguished from
treatment non-compliance defined as a patient-initiated
discontinuation against medical advice. This was sepa-
rately measured during abstraction and was found to be
available for all patients (online supplemental file 1).
Patients who had not failed treatment at the time of data
abstraction were treated as having had non-informatively
censored events. Treatment discontinuation due to loss
of insurance coverage as well as relocation or other lost-
to-follow-up events were rare and were treated as non-
informatively censored.

Arandom sample of the patient records in this study was
selected for abstraction of the remaining variables. This
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Figure 1 Distribution of missing data in the ulcerative
colitis dataset. Variables are listed on the x-axis in order

of decreasing missingness. Each row in the y-axis
corresponds to a different patient. Variable abbreviations
correspond to the following: MRN=medical record number;
dateOnset=date of disease onset; diseaseDuration=length
of disease; diseaselLocation=location of disease by Montreal
classification; startDate=date of treatment initiation;
lastDate=date of last known use of treatment; status=0

if still using tofacitinib at last date, 1 if no longer using
tofacitinib at last date; cotherapy=use of other concomitant
therapies (eg, mesalamine, curcumin, simple carbohydrate
diet); bsinCrp=Dbaseline C reactive protein; fuCrp=follow up
C reactive protein; bsinCal=baseline faecal calprotectin;
fuCal=follow-up faecal calprotectin; bsInSteroid=baseline
corticosteroid use; fuSteroid=follow-up corticosteroid use;
bsInStoolFreg=baseline Mayo stool frequency subscore;
fuStoolFreg=follow-up Mayo Stool Frequency subscore;
bsInBleed=baseline Mayo Rectal Bleeding subscore;
fuBleed=follow-up Mayo Rectal Bleeding subscore;
bsInPGA=baseline Mayo Physician Global Assessment
subscore; fuPGA=follow-up Mayo Physician Global
Assessment subscore; bsinEndo=baseline Mayo Endoscopic
subscore; fuEndo=follow-up Mayo Endoscopic subscore.

was done to strike a balance between estimating param-
eters with reasonable precision and the effort required
for this manual review process (32 and 47 variables per
record for UC and CD). The full list and definition of
these variables is available in the protocol (online supple-
mental file 1).

CDAI elements incorporating an average daily rating
over 7days were calculated by extrapolating from a single
day’s mention within the time windows mentioned above.
This decision was made based on accepted practices of
the handling missing CDAI diary data in registrational
trials (eg, UNITI-1 Statistical Analysis Plan section 5.2.112)
and the methods used to derive the CDAL"

Comparison to trial outcomes

An exploratory endpoint of this study involved estimating
the proportion of patients meeting the endpoint of the
trials. As mentioned, a follow-up window of months 2-8

Missingness Map

W Missing (9%)
W Observed (91%)

Figure 2 Distribution of missing data in the Crohn’s
disease dataset. Variables are listed on the x-axis in

order of decreasing missingness. Each row in the y-

axis corresponds to a different patient. Covariate
abbreviations are as follows: ‘bsIn’ and ‘Fu’ prefixes refer

to variable at baseline or at follow-up; MRN=medical

record number; dxDate=diagnosis date; startDate=date

of treatment initiation; lastDate=date of last known use of
treatment; status=0 if still using tofacitinib at last date, 1

if no longer using tofacitinib at last date; ageAtDx=age at
diagnosis; ageAtStart=age at treatment start; Wi=weight;
idealWt=ideal wt; ht=height; priorSurg=history of prior
gastrointestinal surgery; locationlC=disease location in the
lower gastrointestinal tract; locationPerianal=presence of
disease in the perianal region; locationUGl=disease location
in the upper gastrointestinal tract; Ostomy=presence of

an ostomy; Imm=use of immunomodulators; ASA=use

of aminosalicylates; steroid=use of corticosteroids;
complications=complications CDAI subscore;
wellbeing=wellbeing CDAI subscore; AbdPain=abdominal pain
CDAI subscore; penetrating=penetrating disease

behaviour; structuring=structuring disease behaviour;
Hct=haematocrit; hxTNFiFail=history of TNF inhibitor failure;
oneTNFiFail=history of only one prior TNF inhibitor failure;
multipleTNFiFailure=history of multiple TNF inhibitor failures;
TNFiFailMech=classification of TNF inhibitor failure. CDAI,
Crohn’s Disease Activity Index; TNF, tumour necrosis factor.

after treatment was used to assess disease activity after
initiating treatment. This window was chosen to account
for the typical follow-up time in practice, but does not
precisely match either the induction or maintenance
endpoint times for either OCTAVE (weeks 8 and 52) or
the corresponding CD trials” (weeks 8 and 26).

Because our timepoint more closely matched that of
maintenance than of induction, and because each trial
only assessed remission among those achieving treatment
response following induction (ie, others were assumed to
be maintenance-phase non-responders), we recomputed
the maintenance endpoint probability as the probability
of induction patients being eligible for the maintenance
trial by the probability of maintenance response among
those enrolled. This probability was statistically compared
with the endpoint probabilities in the UCSF-cohort.

These binary endpoints were computed using the same
definitions as those in the corresponding trials. For UC,
this was the proportion with a total Mayo score <2, no
individual subscore greater than 1 and a rectal bleeding
subscore of 0. For CD, this corresponded to the prob-
ability that a patient had either achieved a 100-point
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UCSF EHR Research Database n=1.2M
>1 IBD ICD code assigned by a Gl provider n=115
+ >1 Tofacitinib medication order
Prescribed by Gl to treat IBD + n=86

Confirmed start on treatment

N

Ulcerative Colitis Crohn’s Disease
n=68 n=18
Figure 3 Cohort selection schematic. EHR,electronic health
records; Gl, gastrointestinal; IBD, inflammatory boweldisease;
UCSF, University of California, San Francisco.

reduction in the CDAI from baseline or an absolute CDAI
less than 150 at follow-up.

Statistics/computing

We computed point estimated and performed hypoth-
esis testing using Wald test statistics with pooled standard
errors.'* For analyses comparing the probability of remis-
sion in the real-world cohort with that of the RCTs, the
prespecified null hypothesis was these two probabilities
were equal. We estimated the time-to-treatment-failure
survival distributions using the productlimit estimator.
No competing events were observed. Code written in
R was independently reviewed by a co-author. Data and
analysis files were version-controlled using Docker.

RESULTS

Cohort identification

We identified 115 patient records following a query of
our EHR database. Manual review confirmed that 86
patients—68 with UC and 18 with CD—had initiated
tofacitinib specifically to treat IBD (figure 3). The other
29 patients were excluded during this process for multiple
reasons, including failure to start treatment due to payor
denial, the decision to forgo the ordered medical treat-
ment in favour of surgery and treatment initiated by a
non-gastroenterologist for another autoimmune condi-
tion. Non-compliance, defined as patient-initiated discon-
tinuation of tofacitinib against medical advice, was rare
(4%) in this cohort.

Data completeness

Out of 28 patients with UC randomly sampled for full
assessment of the Mayo score and all other auxiliary vari-
ables at baseline and follow-up, 15 (54%) had a complete
capture of the Mayo score at baseline and 9 (32%) had
a complete capture at follow-up. The least available
subscore was endoscopy (figure 1). With respect to the
partial Mayo score, 21 (75%) and 17 (61%) were complete

at these timepoints. Out of 13 patients with CD sampled, 8
(62%) had complete capture of the CDAI at baseline and
9 (69%) had this available at follow-up.

Taken as a proportion of the total number of collected
variables, 13% of the UC-related data and 9% of the
CD-related were missing (figures 1 and 2). These missing
data were handled by multiple imputation.

Cohort characterization

The baseline demographics of the subjects under study
in the UCSF and RCT cohorts were similar (table 1).
Notable differences include the universal failure of TNF
inhibitors in the UCSF cohort, as well as a longer dura-
tion of disease in the patients with UC. Patient groups
had similar baseline Mayo scores, C-reactive protein levels
and prevalent corticosteroid use. Sixty-one per cent of
the cohort had been using corticosteroids at baseline.
Thirty-nine per cent of the cohort used at least one form
of additional IBD treatment: these included mesalamine,
curcumin and dietary changes.

Zero per cent of the patients with UC initiated on tofac-
itinib met the eligibility criteria of the corresponding
phase 3 RCT.® The reasons for this were multifacto-
rial (online supplemental eTable 2) but include use of
vedolizumab within the previous year, high-dose steroids
at the time of treatment initiation and the possibility of
requiring surgery during the treatment period.

We separately explored what proportion of patients
met the specific RCT entry criteria defined by the Mayo
score and CDAI for UC and CD, respectively. Ninety-three
per cent (73-98) of the patients with UC had an eligible
baseline Mayo score (6-12), whereas 50% (19-82) of the
patients with CD had a baseline CDAI within the eligi-
bility range of the corresponding RCT (220-450).

Effectiveness and safety

Time-to-treatment-failure analysis on the full cohort
revealed similar survival distributions irrespective of IBD
disease subtype (online supplemental eFigure 1). The
overall probability of incident users continuing tofaci-
tinib long-term was 68% (58%-80%). All failure events
occurred within the first 7months; among continued
responders by month 6, the probability of sustained
absence of treatment failure was 94%. Of note, the first
use of the tofacitinib occurred in 2013, and the longest
duration of effectiveness data relevant to treatment main-
tenance was 3.7 years.

We assessed the reasons for treatment failure (online
supplemental eFigure 2). In the UC cohort, there were
17 treatment failure events: 12 with insufficient treatment
efficacy, 4 with adverse events/intolerances and 1 due to
patient preference. Of the 12 efficacy failures, 8 patients
(67%) contained evidence of ongoing inflammation on
the basis of biomarkers, imaging or lower endoscopy
performed within the 2-month period prior to treatment
failure. All patients who did not undergo objective confir-
mation of inflammation during this timeframe did have
objective evidence of inflammation prior to treatment
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Table 2 Potential approaches to strengthen routinely collected electronic health records data and better support real-world

evidence studies

Problem

Example

Potential solutions

Complex and cumbersome disease
activity scores limit practical use

Data capture by free text rather than
structured data capture (eg, EHR
smartforms)

Patient-oriented and decision-oriented

data capture rather than cohort-
oriented data capture

Encounters are not well-timed relative
to important clinical events

Encounter presence/absence
correlated with clinical outcomes

The CDAI incorporates a comprehensive list
of elements but only some apply to any given
patient (eg, abdominal pain predominant,
fistula predominant). Elements that are not
relevant to a given patient are unlikely to be
captured during routine clinical care

» Typing out clinical narratives is faster and
more natural to clinicians than point-and-
click interfaces

» These narratives are relatively inaccessible
for RWE studies (requires natural language
processing) and are subject to ambiguous
documentation

» Unclear if current, documentation-oriented
reimbursement schemes are compatible
with smartform-entered data

Patient 1 has a colonoscopy showing

severe endoscopic disease. A precise
characterisation and documentation of current
patient symptoms is irrelevant to treatment
decision making.

Patient 2 has worsening symptoms and a
rise in biochemical markers consistent with
prior flares. The decision is made to change
treatment without additional testing (eg,
enterography, colonoscopy)

Patients 1 and 2 individually have sufficient
data to support personalised decision
making, but collectively have inadequate
data to support cross-cutting RWE studies of
treatment outcomes

Week -5: Patient is seen in clinic and agrees
to switch therapy. Symptoms and disease
activity captured in the EHR.

Week 0: Patient fills prescription and begins
treatment as an outpatient.

Week 7: Patient returns for follow-up.
Results: (1) No symptom capture at the time
of treatment initiation, (2) Week 7 follow-up
might not align with data capture of other
patients

Patient 1 is feeling well 8 weeks after starting
tofacitinib and is on a high-deductible plan.
She does not want to take time off from work
to go to clinic or pay the copay when she has
no current clinical needs.

Patient 2 is not feeling well 8 weeks after
starting tofacitinib. He stops taking the
medication and does not follow-up because
he does not think the clinicians can help him.

Develop and validate novel scores that
accurately capture disease activity,

are easy to administer and capture in
real-world contexts and are relevant to
different patient subgroups

» More streamlined and relevant
scores as above

» Partnership between clinical,
quality, operations, IT, user
experience and research teams to
optimise data capture

» Payors may be able to incentivise
better data capture in support of
outcome-based and risk-adjusted
reimbursement

» Partnership between clinical,
quality, operations, IT, user
experience and research teams to
optimise data capture

» Payors may be able to incentivise
a shift towards and improved
measurement of healthcare quality
and disease-oriented population
health management

» Clinic-level harmonisation of
practices concerning the timing of
patient encounters and follow-up

» Use of interactive remote
technologies (mobile apps,
chatbots) to generically increase
the frequency of data capture or
time data capture

» Payors incentivise patients to
participate in disease tracking
(lower premiums), potentially in
collaboration with pharmacies or
infusion centres (optimally timed
capture)

» Use of interactive remote
technologies (mobile apps,
chatbots) to increase touchpoints
with the clinic, improve trust and
avoid the time and monetary
expenses of a clinic visit

» Supplementing EHR data and
supporting the function of the clinic
with staff-initiated outreach (eg, an
EHR/RWD-augmented registry)

CDAI, Crohn’s Disease Activity Index; EHR, electronic health records; RWE, real-world evidence.
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initiation. All but one patient with inadequate response
completed a minimum of 7 weeks of treatment induction
(11 weeks on average) prior to the adjudication of treat-
ment failure.

In the CD cohort, there were five treatment failure
events: one due to an adverse event (zoster) and one
due to insufficient efficacy (all with concomitant objec-
tive evidence of ongoing inflammation). These patients
completed 13.2 weeks of treatment on average.

Twenty-two per cent of all subjects participating in
the induction phase of the UC RCT® met the primary
maintenance endpoint of week 52 clinical remission. We
observed a similar response (16%) in the corresponding
UCSF cohort (6%-37%, p value=0.5). Similarly, the
proportion achieving the primary endpoint in the CD
RCT® (34%) was similar to the point estimate of the real-
world cohort (38%, p-value=0.8).

We explored the extent to which steroid use may
account for some of these results. In the UC cohort,
33% of patients had been using steroids at the time of
follow-up. Among the patients who had been using
steroids at baseline, 56% were steroid-free at the time of
follow-up.

DISCUSSION

We assessed the completeness of routinely collected EHR
data to support RWE studies of diseases with complex
activity measures. Taking a use case of tofacitinib as used
to treat IBD (both on-label and off-label), we found
that the capture of the total Mayo score and the CDAI s
currently modest at best, even at a tertiary-care medical
centre.

On exploratory analyses, the real-world effectiveness
of this drug appeared to be consistent with its published
effectiveness from randomised trials despite its use in
a substantially different cohort. We found that patients
with IBD using tofacitinib appear to generally tolerate it
well and that unlike biologics commonly used for IBD,
secondary loss of response events for this small molecule
was uncommon.

RWD has been receiving growing interest from a variety
of parties including the FDA® and EMA,"” biopharma-
ceuticals and payors. Despite this interest, it must be
recognised that not all RWD are created equal. Unlike
prospectively planned disease and treatment registries,
the EHR data capture mechanism has historically been
designed with other objectives in mind: healthcare coor-
dination and delivery, revenue generation and medico-
legal documentation among others.

Our pilot study highlights the substantial work that will
be needed to close the quality gap between retrospective
EHR data and prospective data and realise the promise
of RWE. We outline the root causes of this quality gap
as well as outline potential solutions in table 2. Many of
these solutions will ultimately require a close partnership
between the many stakeholders in real-world clinical care:
clinicians, patients, health IT, operations and especially

payors. Undoubtedly, this may require a significant
investment in both time and money by these participants.
However, we are of the opinion that the eventual rewards
are worth the investment. These include the ability to
better measure the quality of care, discover practice-
changing evidence and enable continuous-improving
learning health systems.

Strengths of this study include the use of a prereg-
istered protocol and analysis plan, the use of rigorous
methods for handling missing data,'" as well as openly
available code accompanied by deidentified raw EHR
data in order to maximise the reproducibility and reus-
ability of this work. The primary limitation of this work
lies in its inability to draw inferences related to the real-
world effectiveness of tofacitinib.

CONCLUSION

Routinely collected EHR data currently has uneven
capture of the data needed to optimally assess IBD
treatment effectiveness at baseline and follow-up. This
work provides several insights into real-world practice,
including typical patterns of data collection and the real-
world effectiveness and safety of tofacitinib for IBD. It also
offers an analytical approach to the analysis of missing
real-world data. Future efforts are needed to improve
inference from these data, such better data capture mech-
anisms and novel measures more suitable to routine care.
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In a few short weeks, the COVID-19 pandemic
radically changed the way health and care
services are delivered. The rapid accelera-
tion of digital transformation has been one
of the most dramatic changes. Professionals
and members of the public have welcomed
the benefits that virtual working has brought
about, though serious reservations have been
expressed by some people and implementa-
tion challenges remain akey concern. Areport
by the Royal College of General Practitioners’
shows changes to clinical practice, with nearly
three-quarters of patients consulting their
general practitioner remotely via computer or
phone during the pandemic compared with
nearly three-quarters attending in person in
2019.

Digital is here to stay, but it is vital that we
learn lessons from the experience of front-
line clinicians, care professionals and patients
to address the challenges and opportunities
that transformation presents. The Profes-
sional Record Standards Body (PRSB)? is a
UK-wide member organisation set up by the
Department of Health and Social Care to
set standards for the information shared in
health and care records. PRSB asked nearly
100 members’ and partners including the
royal colleges, social care system leaders,
health and care providers, patient groups,
regulators and others for their views and
experience of digital health and care during
the pandemic—both positive and negative.
The themes that emerged were discussed with
representatives from 64 of the stakeholder
organisations with whom the PRSB works.

In February 2021, a round table discus-
sion was arranged by PRSB with some 20
senior leaders from the National Health
Service (NHS), social care, regulators, royal
colleges and other professional and patient
bodies reinforced the importance and rele-
vance of the findings to the future delivery
of care. Participants agreed more coordi-
nated action is needed to understand the
safety, regulatory and workforce implications

2

of digital transformation brought about by
the pandemic as well as the impact on the
accessibility of care for people using services.
The findings and recommendations centred
around the following themes:

BUILDING ON THE MOMENTUM FOR CHANGE
Harnessing the enthusiasm of patients and
professionals for digital transformation
should be seized and practical solutions
should be adopted, rather than seeking tech-
nical perfection. However, challenges must
be addressed. The PRSB calls on profes-
sional bodies and patient groups to consider
a targeted review of the safety implications
of remote consultation, including assessing
the impact on clinical risk management
and continued patient access to face-to-face
consultations. It should identify and address
gaps in existing guidance (eg, a policy on
providing recordings of consultations to
patients); address access issues for the digi-
tally excluded and any potential liabilities
arising from the shift to virtual consultations
and sharing recordings.

INTEGRATED CARE

The pandemic has highlighted the pressing
need to integrate health and social care,
particularly in England. In collaboration with
NHS Digital’s Social Care Programme4 and
16 local pathfinders, PRSB has developed
standards which have the potential to have
a major impact on those using social care
services. An implementation plan for the new
standards is needed in order to build support
for digital transformation in areas where it is
most needed and to realise the promise of
integrated care.

SELF-MANAGEMENT AND REMOTE MONITORING

PRSB members foresee a step change in
digital remote monitoring and self-care
tools including apps and other digital health
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technologies. But the tools deployed need to command
public trust as well as professional confidence. The
current regulation of digital health technologies is not
sufficiently robust or responsive and needs to be strength-
ened urgently by the NHS, working with professional
bodies, patient groups and medical device regulators to
ensure their safe use.

REDUCING THE BURDEN OF DATA COLLECTIONS

Clinicians and care professionals welcomed suspension of
some national data collections for secondary uses during
the early phase of the pandemic, when the Data Coor-
dination Board was put on hold. System leaders have
seized the initiative to improve the number, quality and
timeliness of data collections so they are fit for purpose,
avoid duplication and reduce burden on overstretched
clinicians. PRSB and its member professional bodies are
working with NHSX on its plans to streamline data collec-
tions and ensure alignment between data collected for
direct care and other uses such as commissioning and
research.

RESETTING SERVICES

The pandemic has also highlighted the need to rede-
sign the front door to urgent and emergency services in
order to avoid overcrowding, reduce infection risks and
improve safety for patients and staff. NHS 111,° England’s
rapid medical advice line for non-emergencies, is a key
feature of the new model of care but better information
based on standardised flows from 111 that interoperate
with acute and emergency services as well as primary and
community care are needed. This will need to be under-
pinned by new standards for information exchange and
NHSX, NHS Digital, PRSB and others have begun this
work.

SHARED DECISION-MAKING AND END-OF-LIFE CARE

The pressures to clear waiting lists and prioritise patients
while dealing with COVID-19 highlight the need for a
consistent approach to shared decision-making. The
pandemic may change the view of the balance of risks for
some patients and they need to be enabled to engage in

these decisions. PRSB believes that a national standard
for shared decision-making with a meaningful imple-
mentation programme is an urgent priority for the
NHS. Equally, PRSB supports NHS England’s Palliative
and End-of-Life Care programme’ in its efforts to align
different approaches to the recording of end-oflife care
wishes with the Electronic Palliative Care Coordination
Systems. Given the impact of the pandemic on end-of-life
care, this work is urgently needed and digital solutions
should give certainty about the provenance and curation
of end-of-life information.

The speed and nature of digital transformation arising
from the pandemic is a testament to everyone working
in health and social care. However, given the concerns
raised, issues around the safety and effectiveness of imple-
mentation must now be addressed if we are to maximise
the benefits while minimising the risk that digital technol-
ogies to patients and health and care workers.
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ABSTRACT

Background/aims To assess the outcomes of home
monitoring of distortion caused by macular diseases
using a smartphone-based application (app), and to
examine them with hospital-based assessments of

visual acuity (VA), optical coherence tomography-derived
central macular thickness (CMT) and the requirement of
intravitreal injection therapy.

Design Observational study with retrospective analysis
of data.

Methods Participants were trained in the correct use

of the app (Alleye, Oculocare, Zurich, Switzerland) in
person or by using video and telephone consultations.
Automated threshold-based alerts were communicated
based on a traffic light system. A ‘threshold alarm’ was
defined as three consecutive ‘red’ scores, and turned into
a ‘persistent alarm’ if present for greater than a 7-day
period. Changes of VA and CMT, and the requirement for
intravitreal therapy after an alarm were examined.
Results 245 patients performing a total of 11592 tests
(mean 46.9 tests per user) were included and 85 eyes
(164 alarms) examined. Mean drop in VA from baseline
was —4.23 letters (95% Cl: —6.24 to —2.22; p<0.001) and
mean increase in CMT was 29.5 um (95% CI: —0.08 to
59.13; p=0.051). Sixty-six eyes (78.5%) producing alarms
either had a drop in VA, increase in CMT or both and
60.0% received an injection. Eyes with persistent alarms
had a greater loss of VA, —4.79 letters (95% Cl: —6.73 to
—2.85; p<0.001) or greater increase in CMT, +87.8 ym
(95%Cl: 5.2 to 170.4; p=0.038).

Conclusion Smartphone-based self-tests for macular
disease may serve as reliable indicators for the worsening
of pathology and the need for treatment.

INTRODUCTION
In the ophthalmic realm, self-testing of vision
enhances patient health empowerment with
the added benefit of enabling the efficient
use of hospital resources and improving
access to treatment.

In recent years, several digital home vision
tests have become available to patients with

' Lucas M Bachmann

,* Andrew M Schimel,®

What is already known?

» Avoidable harm may ensue from delays to ophthal-
mic care.

» Self-testing and the remote monitoring of vision is
gaining traction.

» The Alleye app is accurate in detecting age-related
macular degeneration.

What does this paper add?

» The development of an Alleye alarm and their fre-
quency of generation in patients with all causes of
macula pathology provide a mechanism of alerting
clinicians to worsening disease.

» These alarms should prompt clinicians to consider
expediting an in person review for patients with
such pathology.

macula disease.! Self-testing was first estab-
lished in patients with age-related macular
degeneration (AMD) wusing preferential
hyperacuity perimetry on a standalone device
(ForeseeHome, Notal Vision, United States),
with a randomised trial demonstrating earlier
detection of disease progression and lower
reduction in visual acuity (VA) compared
with standard care.” Currently, there are two
smartphone-based vision tests available for
the remote monitoring of metamorphopsia in
patients with macular pathology that are Food
and Drug Administration 510(k) cleared and
CE (European Conformity)—marked Class
I device approved; myVisiontrack and Alleye
(Oculocare, Switzerland). myVisiontrack uses
a shape discrimination task examining 3°of
the central visual field and the Alleye test a
dot-alignment task covering 12° of the central
visual field.>”

In October 2019, the medical retina team
at Moorfields Eye Hospital in South London
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first implemented the use of the Alleye app in patients
receiving intravitreal therapy for macular disease who
were undergoing extension of their treatment interval.
Following the arrival of the global pandemic and the asso-
ciated national lockdown in the UK from 23 March 2020,
the challenge of providing a retinal therapy service in the
COVID-19 era was created. At Moorfields Eye Hospital,
‘forward triage’ was used.’ Patients triaged to postponed
appointments were invited to participate in remote moni-
toring of their vision.

In this paper, we studied the relationship between the
frequency of Alleye alarms and the central macular thick-
ness (CMT) and VA at subsequent follow-up, in addition
to the need for intravitreal injection therapy following
the easing of the lockdown restrictions.

MATERIALS AND METHODS

Patient enrolment

This study looked at patients recruited at two time
periods: prior to the lockdown, from October 2019 to
February 2020 and after the commencement of the lock-
down in March 2020. Prior to the lockdown, patients with
diabetic macular disease attending the medical retina
injection clinics (in a face to face environment) were
offered the option to use the Alleye application for home-
monitoring of their vision and if they agreed, trained to
use the app in person. Patients were advised that if an
alarm was triggered, they would be contacted by the clinic
team by telephone and given the option of bringing their
appointment forward (shortening interval between clinic
visits). Patients who did not own or have access to a smart-
phone were loaned a new iPod Touch (6th generation,
Apple, Cupertino, California, USA) with the Alleye app
pre-installed for their use. Each patient was given an
anonymised identifier allowing their scores to be moni-
tored remotely, and this remained underway until the
commencement of the first UK lockdown in March 2020.

Home monitoring protocol

Following the Lockdown, patients who were triaged
to ‘medium’ or ‘low’ risk and had their appointments
deferred received a telephone call from the clinical team
and were offered the opportunity for self-testing of their
vision.” Those who were willing to start the home moni-
toring were offered telephone or video training to use the
app. All patients were asked to contact the clinical team
by telephone if there were concerns, and were provided
with an email to contact the clinical team directly with
queries.

Patients’ scores were monitored weekly. A ‘threshold
alarm’ was defined as three consecutive ‘red’ scores,
defined as a ‘persistent alarm’ if present for a >7-day
period. Patients who met this criterion of a persistent
alarm were called by telephone by a clinician and asked if
their vision was worse/better/unchanged. If worse, they
were asked if they felt they needed an injection or that

their vision was worse. If they answered in the affirmative,
their appointment was expedited, within 1-2 weeks.

If once called the patient felt that their vision was
unchanged or better, then they were asked to continue
testing their vision using the app, and would be called
again the following week if their scores remained in the
‘red’ zone. This was also the case for patients who did
not answer the telephone, until they were seen face to
face in the clinic. Any patients who discontinued testing
following a threshold alarm being generated were also
contacted by telephone.

Clinical characteristics

Baseline VA and the optical coherence tomography
(OCT)-derived CMT in addition to medical retina diag-
nosis and laterality were recorded from the electronic
medical record. Demographics were recorded in the
way of age, gender and ethnicity. The first follow-up visit
provided with a VA and OCT scan post threshold alarm
was recorded for each patient that has had a face to face
review since threshold alarm generation.

Statistical analysis

We summarised continuous variables with means and SD
and dichotomous variables with percentages. We calcu-
lated changes of VA (Early Treatment of Diabetic Reti-
nopathy Study letters) and CMT from baseline and tested
differences statistically using one-sample t-tests, consid-
ering a p value <0.05 statistically significant. We plotted
the occurrence of worsening of VA and CMT against
the need for an injection. To assess selection patterns of
enrolment before and during the lockdown, we compared
clinical characteristics at baseline statistically. Analyses
were performed using the Stata V.16.1 statistics software
package (StataCorp)

RESULTS

During the months of April and May 2020, 605 patients
triaged as ‘low’ and ‘medium’ risk were contacted by
telephone. Of these, 222 patients met the minimum VA
criteria of 6/24 to participate and wished to be involved,
being booked for subsequent appointments of training in
the use of the application at a later date. Of these patients,
90 were onboarded via video consultation using the
Attend Anywhere platform (Attend Anywhere, Victoria,
Australia), and 60 were onboarded via telephone. The
remainder of patients involved were recruited via techni-
cians in virtual clinics and clinicians reviewing patients in
a face to face environment, who were then contacted for
a telephone training appointment at a later time. Details
of the selection process are shown in the flowchart of
figure 1.

A total of 212 patients tested with Alleye over the first
UK lockdown and performed 9938 test results, in addi-
tion to 33 patients with diabetic macular oedema, who
had been using Alleye prior to the lockdown, generating
1654 test results. The baseline clinical characteristics did
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150 on-boarded
via telephone or
video consults

222 met criteria and willing
to participate

605 patients called over
Lockdown
(Low and Medium
Risk patients)

72 ongoing on-boarding

383 did not answer
phone/not interested/not
eligible

Patients recruited during
lockdown F2F and by
telephone virtual clinics
(Low and Medium
Risk Patients)

Patients approached F2F
October 2019-February
2020 in IVT Clinics

Figure 1

37 patients on-boarded

62 on-boarded
via telephone or
video consults

33 ongoing users over
lockdown
(29 Low Risk,
4 High Risk)

Flowchart outlining patient recruitment for home monitoring of vision using the Alleye app. Patients were recruited

either by telephone calls to those stratified as ‘low’ and ‘medium’ risk during the COVID-19 pandemic or in person when
attending virtual clinics and face to face (F2F) clinic appointments. Following recruitment, patients were subsequently
onboarded with the smartphone application via telephone or video consultation.

not differ between the two cohorts that were onboarded
before and during the lockdown. The average number
of tests performed per user was 46.9 tests. A threshold
alarm was defined as three consecutive Alleye scores that
are red on separate days, therefore signifying potential
deterioration in the score. A persistent alarm was defined
as a threshold alarm that continues to remain for 7 days.
Over the period from 23 March 2020 to 11 August 2020,
98 eyes of 65 patients each developed a minimum of one
‘Alleye alarm’.

The total number of threshold alarms produced was
164. Of the 98 eyes producing alarms, follow-up data of
85 eyes were available. Of these 164, 30 persistent alarms
were generated. The mean age of patients with alarms was
65.1 years (SD=11.1; range 41-90 years) and 56.2% were
female. On clinical review, 28 eyes were considered worse,
followed by 38 considered as stable, 12 eyes improved.
Classification of seven eyes was missing. The summary of
patients’ characteristics is available in table 1.

The mean change in VA from baseline to follow-up post
threshold alarm generation was -4.23 letters (95% CI:
—-6.24 to -2.22; p<0.001). The mean change in CMT was
+29.5um (95% CI: -0.08 to 59.13; p=0.051). The mean
number of alarms generated per patient was 1.67 (range
1-9). Based on the clinical assessment and the patients’
willingness to be treated, 51 eyes (60.0%) received an
intravitreal injection, 29 eyes received no injection, 3 eyes
had a contra-indication for treatment and 2 eyes were not
treated because the patients declined injection. Sixty-six
eyes (78.5%) producing alarms either had a drop in VA,
increase in CMT or both (figure 2).

The 30 persistent alarms were generated by 24 eyes (22
patients). VA dropped by —4.79 letters (95% CI: —6.73 to
-2.85; p<0.001) and CMT increased by +87.8 pm (95% CI:
5.2 to 170.4; p=0.038) in this group of patients. Injections
were provided in 20/24 eyes (83.3%). Compared with the
group with threshold alarms, the likelihood for an injec-
tion was significantly higher (p=0.034). The patient flow
outcomes for these patients are demonstrated in figure 3.

Eyes considered to have worsened since the last clin-
ical review had a higher probability of receiving an injec-
tion (89.3%) than stable (42.1%) or improved (66.7%)
eyes. Similarly, eyes showing a worsening in the follow-up
visit had a higher drop in VA (-8.4 letters (SD 8.8)) than
stable (-2.3 letters (SD 9.6)) or improved (-3.0 (SD 8.4))
eyes. In addition, CMT increases were highest in those
eyes classified as worse (+116.9pm (SD 144.8)), while
stable (-17.4pm (SD 51.2)) and improved (-18.1 pm (SD
206.3)) eyes had a slightly lower CMT than before the
lockdown.

DISCUSSION

Main findings

Due to the exceptional circumstances during the lock-
down, we were able to study the consequences of delayed
treatment and the relationship between changes of the
Alleye signal and clinical parameters in the absence of any
treatment. We demonstrated a close relationship between
the frequency of the Alleye alarms and the subsequent
deterioration of macular disease coupled with the need
for intravitreal injection therapy. Four out of five patients
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Table 1 Patient characteristics of eyes triggering ‘threshold
alarms’ (n=98)

Characteristics Mean SD
Patients’ age 65.1 11.1
Female gender (%) 56.2
VA (ETDRS letters) baseline 75.8 9.7
Central macular thickness (CMT) (um) 264.9 85.3
baseline
Mean changes in VA (ETDRS letters) -4.2 9.3
from baseline
Mean changes in CMT (um) from 29.5 134.7
baseline
Ethnicity n (eyes)

English/Welsh/Scottish/Northern 27

Irish/British

Mixed/multiple ethnic groups 2

Any other white background 6

Indian 15

Pakistani 12

Any other Asian background 1

African 4

Caribbean 9

Any other Black/African/Caribbean 2

background

Not stated 20
Diagnoses n (eyes)

DMO 57

RVO 14

3-AMD 9

Diabetic maculopathy 5

Diabetic retinopathy no maculopathy 7

Sickle cell retinopathy 1

Atherosclerosis 2

Myopic CNV 3
Frequency of alarms n (eyes)

1 70

2 14

3 5

4 3

5 3

7 1

8 1

9 1

AMD, age-related macular degeneration; CMT, central

macular thickness; CNV, choroidal neovascularisation; DMO,
diabetic macular oedema; ETDRS, Early Treatment of Diabetic
Retinopathy Study; RVO, retinal vein occlusion; VA, visual acuity.

presenting with alarms showed signs of clinical progres-
sion and two out of three patients required immediate
intravitreal therapy. Figure 3 flowchart demonstrates the
outcomes of those patients generating persistent alarms.

Results in context of the existing literature

Macular disease can affect individuals of all ages and is
particularly debilitating as it affects central vision. Nearly
1.5 million people in the UK have macular disease.’
Self-monitoring of vision for macular disease is an area
gaining significant traction, fuelled by clinical needs,
service requirements and patient interest.” The WHO
has identified ‘self-care’ as a key health topic and defines
it as the ability of individuals, families and communities
to promote health, prevent disease, maintain health and
cope with illness and disability with or without the support
of a health worker.® The WHO further advocates evidence-
based digital technologies and mHealth approaches which
can be accessed fully or partially outside of formal health
services. Within the UK, there is an increasing backlog
of routine appointments as a direct consequence of the
COVID-19 pandemic.” This is due to the postponement
of clinical reviews following clinical triage resulting from
the need to reduce face to face contact during the peak of
the pandemic.'” The literature so far discussed the imme-
diate challenges for the management of glaucoma.ll 12
However, even prior to this, ophthalmology as a specialty
was well on its way to buckling under the strain applied
by our National Health Service."” It has been known for
several years that ophthalmology is the busiest outpa-
tient specialty in the UK, with an estimated 30%-40% of
increased demand over the next two decades.'* A combi-
nation of workforce shortages, clinic space and increasing
healthcare requirements for an ageing population has
resulted in health-service initiated delays, demonstrated
by the RCOphth and British Ophthalmological Surveil-
lance Unit to be resulting in permanent and severe visual
loss for our patients.'’

Itis therefore of benefit to patients and doctors to avoid
unnecessary in person hospital appointments that have
direct impacts on waiting lists for others. It is also worth
sparing a thought for the stable patient, attending hospital
for a clinical review that is not required. This is a waste of
resources for both the patient and hospital, and a source
of potential unnecessary anxiety generated for an indi-
vidual, which must not be underestimated. Conversely,
there will be many patients in the community waiting for
their first hospital appointment with long delays, with
potential avoidable harm incurred.'® Prior to this study,
it had been demonstrated that Alleye was highly accurate
in detecting wet AMD."” This is the first study of its kind
observing all patients with known macula pathology.

Strengths and limitations

This study was conducted using a pragmatic approach,
which we recognise as both a strength using a real-world
approach, and as a potential limitation. Due to the lock-
down, the onboarding of patients using video and tele-
phone consultations was necessary. Therefore, it cannot
be entirely ensured that the information and instruc-
tions provided to the patients was always understood to
the desired degree. In addition, regular patient contact
was not feasible and an inherent assumption was made
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Figure 2 Distribution of changes of visual acuity and central macular thickness (CMT) for patients at the next follow-up visit
after triggering ‘threshold alarms’ (n=84) and whether intravitreal injections were received in these patients or not.

that patients would adhere to our testing recommenda-
tions. Finally, due to the backlog of patients requiring
hospital visits following the easing of the lockdown
restrictions, a few of the patients with Alleye alarms had
not yet returned for a clinical follow-up before writing up
this paper, precluding the collection of the results of all
threshold alarms. Using video and telephone consulta-
tions, we maintained what we felt was an appropriate level
of contact and were able to successfully triage patients
requiring a hospital visit. Inevitably, some delays may have
occurred due to natural concerns from patients who were
reluctant to attend hospital due to the risk of catching
COVID-19, and these patients may have returned for later
reviews to the hospital despite Alleye threshold alarms,
however, no patients voiced a deterioration of vision at the
same time as a direct reluctance to attend. If advised, all

30 Persistent Alarms by
22 patients

164 Threshold Alarms by

All patients called

patients attended for earlier review. Delays in returning to
the hospital may have contributed to disease progression
resulting in a positive correlation between occurrence
or frequency of Alleye alarms and the likelihood of the
evidence of clinical signs of progression in the follow-up
visit.

Implications for research

These results provide promise for the future direc-
tions of research for remote monitoring of vision in the
context of macular disease.® ' Future studies should
focus on the false negative rate of Alleye, that is, those
patients returning at follow-up post lockdown whose clin-
ical parameters have deteriorated, but did not trigger a
threshold Alleye alarm. Moreover, our observation that
patients with persistent alarms had a higher likelihood

2 Attended urgent care
services independently

2 Not yet attended clinic
for OCT

9 Felt vision worse and
appointment expedited

1 Felt vision stable
but expedited at
clinicians request

65 patients

2 Patients not yet attended
clinic for OCT

6 Felt vision was stable

1 Contacted the clinical team
with appointment expedited

3 Already had a review planned
for within 1-2 weeks

Figure 3 Flow of patient of outcomes after triggering a ‘persistent alarms’. OCT, optical coherence tomography.
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for progression and subsequently required intravitreal
injections could be further explored. Our data suggest
that changing the policy of alarm management could
have an impact on the specificity of the alarm signal. If
confirmed, healthcare providers could easily adapt the
management based on Alleye alarms according to their
local requirements and service capacities. While the sensi-
tivity of Alleye in the screening setting has been assessed
before,® sensitivity and positive predictive values in the
monitoring situation still need confirmation. Another
stream of research should assess the impact of home
monitoring in conjunction with telemedicine to increase
the efficiency of care delivery and the monetary impact
of home monitoring on health service cost. While there
is some indication from other clinical fields that remote
management of chronic diseases is cost-beneficial,”’ *!
robust evidence in the field of ophthalmology is limited.
Finally, with view to the drug pipeline extended release
applications, the value of home monitoring to support
patient management between reviews should be assessed,
as the prolongation of intervals between face to face visits
bears the risk of missing deterioration.

Implications for practice

Telemedicine in ophthalmology has been steadily gaining
traction over the last few years. Increasingly, time is far
more binary, categorised into the ‘Pre-COVID-19’ and
the ‘Post COVID-19” era.’® People often talk of a ‘new
normal’. Itis important to recognise that an effective, effi-
cient and safe telemedicine programme cannot be imple-
mented overnight. It is imperative that for technological
solutions to have longevity that they harness systems and
procedures that are already in place.” For self-testing and
home monitoring to be incorporated into routine clinical
practice, it requires a network of ophthalmic technicians,
nurses and clinicians to support its use. If incorporated
into routine care, particularly in an era where face to face
review is the exception and not the rule, we could move
towards our ultimate aim of ensuring the right patient
is seen at the right time. We are still at the precipice of
decentralised care for retinal diseases. In addition to the
monitoring of functional limitations by Alleye, morpho-
logical examination methods using mobile OCT devices
will soon be available.? This provides exciting potential
for the exploration of the interaction between function
and morphology to strengthen the informative value of
home measurements.

CONCLUSION

Our work illustrates that Alleye alarms and their frequency
act as reliable indicators for worsening of macula
pathology, and should prompt clinicians to consider
expediting such patients’ face to face clinical reviews.
We are at the beginning of a new era of medical care, in
which valid clinical data from patients staying at home
will be available in real time and can be included in the
decision-making process of the need for on-site clinical

visits. The ecosystem of digital developments is only just
beginning. We envision a future in which the interaction
of integrated digital solutions will have a major impact on
the way healthcare is organised for chronic eye diseases.
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Researchers have proposed to use infor-
mation from digital sources such as smart-
phones and wearable technology to objectify
patient mental health characteristics. Using
big data analysation methods, patterns can be
detected. This is called digital phenotyping.
In this communication, we will discuss the
use of digital phenotyping for professionals
in aviation. We choose this very specific area
of medicine because there have been several
aviation crashes in the last years that were
due to a mental problem of a pilot." The
mental health of flight crews remains one
of the biggest challenges for improving avia-
tion safety. Digital biomarkers may be highly
promising here, while at the same time easily
misused, with enormous consequences. Of
course, most of our findings may also be
applicable outside this area.

Digital phenotyping can include smart-
phone sensors, keyboard interaction and
voice and speech features, but it can also go
as far as social media posts, internet searches
and Bluetooth recognition of other mobile
devices.” The value of digital phenotyping
is that it offers a multidimensional and
measurable method to objectively gather
patient data. Whereas a clinical interview by
a psychiatrist only provides static information
in an artificial setting, smartphone data are
collected throughout the day in the patient’s
daily setting.” Furthermore, clinical inter-
views are dependent on the therapist’s inter-
pretations, in contrast to smartphone data
which are unbiased and quick to assemble.*

The most important challenges of digital
phenotyping and ways to overcome these are
summarised in table 1. An important risk is
that the privacy of the patient may be violated
or that the amount of assembled informa-
tion might be perceived as being intrusive.
As a possible solution, it has been proposed
to collect only ‘contentfree’ data, such as
human—computer interaction.” This would
mean, for example, that the manner in which
someone types is analysed without gathering

the content of what is being typed, with the
purpose that no personal information can be
extracted from it. Still, combinations of data
and context information can provide valu-
able personal knowledge. Therefore, the data
use should be strictly regulated.

In our opinion, digital phenotyping is most
promising for monitoring those with already
identified mental conditions, on a volun-
tary basis. It should not be used for random
screening for mental disorders. This would
be a too large infringement of privacy. Espe-
cially when people are under pressure by
their employer, they might be persuaded to
agree to giving access to their information,
while not actually consenting to the privacy
risks. Also, in an unselected population, the
risk of false-positive results increases, which
means that someone is wrongly identified as
being at risk for or having a mental disorder.
On the contrary, digital phenotyping might
be useful to monitor pilots who are being
treated or have recovered from mental health
problems and who consciously agree to the
use of digital phenotyping. Then, it might
help clinicians to better predict recovery
or early relapse, and could perhaps even
shorten the period a pilot is being grounded
for mental health problems. It should not be
used to replace clinical examinations, but
only to provide additional information to
clinicians, to improve the quality of clinical
examinations. When combined with normal
clinical care, the risk of false-positive and
false-negative results diminishes, as well as the
risk of ‘gaming’, meaning that patients will do
things only to let the algorithm show better
results.

A systematic review about the use of digital
phenotyping for patients with affective disor-
ders shows that there were 27 feasibility
studies investigating digital biomarkers. The
studies reported the association between
mood status and phone usage (9 studies),
physical activity (8), location (8), voice
features (8), light exposure (3) and heartrate

BM)

Miiller L, De Rooy D. BMJ Health Care Inform 2021;28:€100335. doi:10.1136/bmjhci-2021-100335

F 1


http://bmjopen.bmj.com/
http://orcid.org/0000-0001-8866-8416
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjhci-2021-100335&domain=pdf&date_stamp=2021-05-12

Open access

I

Table 1

Using digital phenotyping for mental health in aviation professionals

Challenges regarding digital phenotyping

Possible solutions

Reliability: how well do digital biomarkers
associate with mental health?

Clinical utility: does it help to improve symptoms
and clinical evaluation?

V VVVVVYVYYY

Privacy: how much personal information will be
gathered?

Regulation: who is accountable for proper use
and protection of data?

VVVY VYYVYY

apps
Application: what should it be used for?

vy

More RCTs comparing digital phenotyping with clinician’s prediction
Comparison of different parameters

More research into developing algorithms

Investigating the use of machine learning

Research in healthy individuals

Testing benefits of quick detection of onset/relapse
Research into role of monitoring in treatment or during follow-up
Defining clinical outcomes based on symptoms in future studies

Data are regarded as medical data to which medical confidentiality laws
are applicable

Protection of data by dedicated regulation

Restricted amount of and ‘content-free’ data modalities

Retractable informed consent

Only approved apps: guidance for clinicians
Only use by healthcare professionals
Healthcare professional is responsible for choosing reliable commercial

Monitoring, but not screening
Not mandatory

RCT, randomised controlled trial.

variability (2). Twenty studies (also) included subjective
self-assessments. The quality of the studies was limited, as
many did not have a control group, used small sample
sizes and had a short follow-up period. The data analysa-
tion that was applied differed regarding the number of
analysed parameters and what algorithm was used and
consequently, efficacy results were inconsistent.’ Only one
randomised controlled trial was reported in the system-
atic review. This study showed that in bipolar patients an
intervention consisting of daily self-assessments did not
yield significant change in either depressive or manic
symptoms, compared with the control group.’
Therefore, digital phenotyping is an interesting innova-
tion, which developments should be watched closely, but
critically, as there should be considerably more research
into the association between digital measurements and
mental health as well as the clinical utility. It has potential
to be beneficial in mental disorders in aerospace medi-
cine, but there are important technical and ethical chal-
lenges, regarding effectiveness, privacy and regulation.
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ABSTRACT

New York City quickly became an epicentre of the
COVID-19 pandemic. An ability to triage patients was
needed due to a sudden and massive increase in patients
during the COVID-19 pandemic as healthcare providers
incurred an exponential increase in workload,which
created a strain on the staff and limited resources. Further,
methods to better understand and characterise the
predictors of morbidity and mortality was needed.
Methods We developed a prediction model to predict
patients at risk for mortality using only laboratory, vital and
demographic information readily available in the electronic
health record on more than 3395 hospital admissions

with COVID-19. Multiple methods were applied, and final
model was selected based on performance. A variable
importance algorithm was used for interpretability, and
understanding of performance and predictors was applied
to the best model. We built a model with an area under the
receiver operating characteristic curve of 83-97 to identify
predictors and patients with high risk of mortality due to
COVID-19. Oximetry, respirations, blood urea nitrogen,
lymphocyte per cent, calcium, troponin and neutrophil
percentage were important features, and key ranges were
identified that contributed to a 50% increase in patients’
mortality prediction score. With an increasing negative
predictive value starting 0.90 after the second day of
admission suggests we might be able to more confidently
identify likely survivors

Discussion This study serves as a use case of a machine
learning methods with visualisations to aide clinicians
with a better understanding of the model and predictors of
mortality.

Conclusion As we continue to understand COVID-19,
computer assisted algorithms might be able to improve the
care of patients.

BACKGROUND

New York City quickly became an epicentre
of the COVID-19 pandemic in the USA." As
of 28 April, we identified 7352 cases across
our three major medical campuses, of
which 3995 were admitted. Due to a sudden
and massive increase in patients during
COVID-19 pandemic, healthcare providers

," Kwesi Daniel," Dan Ding,’ Fritz Francois,? Michael Phillips,®

incurred an exponential increase in work-
load that created a strain on the staff and
limited resources. While mortality predic-
tion models have been developed in patients
with septic shock, heart failure and in the
intensive care unit, literature does not show
a model tailored for patients with COVID-19
in the USA.*™ As COVID-19 is not well char-
acterised, we developed a prediction model
using machine learning techniques to iden-
tify predictors and patients with high risk of
mortality. A prediction model can be used to
risk adjust hospitals and unit care, incorpo-
rated into an Al notification tool and used in
additional studies where a mortality risk score
is needed.”” Hospitals can develop straight-
forward models with high accuracy to identify
predictors that characterise a disease in their
patient population.

This study adds another prediction model
methodology to the literature using primarily
objective data readily available electronic
health record (EHR) information to classify
COVID-19 patient’s risk of mortality. This
study aims to: (1) develop models to predict
daily risk of mortality in hospitalised patients
by applying modern machine learning tech-
niques using discrete information found
in the EHR and (2) understand and visu-
alise predictors associated with mortality in
patients with COVID-19 using variable impor-
tance techniques. This study also provides
an example how hospitals can leverage their
own EHR data to build customised prediction
models.

METHODS

Design

Adhering to ‘Transparent reporting of a
multivariable prediction model for individual
prognosis or diagnosis’ (TRIPOD) model
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evaluation, this retrospective cohort study mined struc-
tured patient data from the EHR at NYU Langone Health
and applied machine learning methods to predict the
risk of mortality in patients admitted to the hospital with
COVID-19.° NYU Langone Health is an academic medical
centre located in New York City with over 2000 licenced
beds during COVID-19. This study includes patients from
three of the medical/surgical campuses comprising of
approximately 1700 beds. Data for this study are derived
from our Enterprise Data Warehouse—data aggregated
from clinical and EPIC clarity tables. The outcome was
death during admission in inpatients with COVID-19
confirmed by PCR within prior 60 days of visit. Three
datasets with different samplings of the patient popula-
tion were used to develop three separate models, and a
final performance evaluation of the three models was
conducted on daily patient mortality predictions to deter-
mine the most versatile model (table 1). All three final
‘models included patient demographic information at
admission in addition to the following information: (1)
laboratory and vital results on the first calendar day of
admission—*‘admission’; (2) last available laboratory and
vital results during the admission—‘last-value’ and (3)
laboratory and vital results selected on a random day
during the admission—*‘time-vary’.

The training cohorts for all the three datasets included
adult inpatients with admitted and subsequently
discharged either alive or dead during 3 March 2020-28
April 2020 (n=3395). Patients not admitted or under 18
years of age were excluded. We used the time-holdout
method and split hospital admissions into a training
dataset (3 March—-12 April: n=2054) and an internal vali-
dation dataset (13-16 April:, n=477) for internal valida-
tion including model tuning and model selection. For
the external test set (17-28 April:, n=864), we used future
subsequent discharges to test (estimating accuracy of the
selected, fully-specified models) and monitor the perfor-
mance of the models over time. Dividing the data tempo-
rally (rather than randomly via cross-validation) for
external validation better simulates more realistic results
as models trained from historical data will perform simi-
larly in the risk stratification of future patients.

Feature engineering

A full cohort dataset comprising of 971 patientlevel and
admission-level features were derived from 83 variables
from the EHR (table 1). Features that rely on human deci-
sions such as treatment, or interpretation and documen-
tation such as symptoms and image reviews were excluded
to limit the introduction of bias in the model. The cumu-
lative mean, median, min and max of all patients results
were calculated along with iterations of the absolute
differences among these results at the end of each day
until discharge. This engineering allows for laboratory
and vital results to be put in the context of the patient
rather than the population. For example, low blood pres-
sure might be normal for one patient but unusual for

another, and the change in these results during a hospital
admission might be indicative of disease progression.

Continuous variables were categorised/binned into five
groups based on median cutoffs (<first quintile, second
quintile, third quintile, fourth quintile and >fifth quin-
tile). Variables with missing information were grouped
into a sixth bin.

Binning was performed in the training dataset, and
those thresholds were applied in the validation and test
datasets. The number of features was reduced to decrease
computational memory and avoid overfitting of the
training model. Features that appeared in less than 20%
in the training dataset were excluded.

Machine learning algorithms and tuning parameters

We applied machine learning algorithms to predict
mortality on the constructed features. The following
commonly used algorithms in healthcare research were
used to create prediction models and assessed for perfor-
mance: logistic regression (LR), decision tree (DT),
gradient boosting decision trees (GB), support vector
machine (SVM) and neural network (NN).? To deal with
overfitting in model selection, algorithms were tuned
with the internal validation set using default and associ-
ated hyperparameters listed in supplementary material
(online supplemental table 1).

Missing data

For LR, SVM and NN, missing values were imputed on
datasets using median values from observations found in
the training set in order to avoid dropping incomplete
cases and improve model training. For binary or cate-
gorical variables, the median was rounded to the nearest
integer. For DT and GB, missing values were treated as
separate values and used in the calculation of the worth
of a splitting rule. This consequently produces a splitting
rule that assigns the missing values to the branch that
maximises the worth of the split. This can be a desirable
option as existence of a missing values such as lab test can
be predictive of mortality.

Model performance

We used the area under the receiver operating charac-
teristic curve (AUC), as well as accuracy, sensitivity, spec-
ificity, positive predictive value and negative predictive
value using a prediction estimate threshold of 50% to
evaluate the ability to discriminate survivors from non-
survivors. Each algorithm on the three sampled datasets
(admission, last-value, time-vary) and their associated vali-
dation and test sets were applied. We visually evaluated the
calibration by examining the models’ calibration curves
aligned with the diagonal line that represented perfect
calibration.!® ! Similarly, we created graphs grouping
prediction by deciles on the x-axis and the proportion of
observed mortality on the y-axis to assess calibration at
select time points during a patient stay.'® These graphs
of prediction estimates stratified by deciles are more
intuitive for clinicians compared with the traditional
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Table 1 Features extracted for three training datasets: features on first calendar day of admission, last available value and

selected 1 day at random from patient’s stay

Dataset sample Feature engineering

Variable

Data from admission Quintile binning on training set for
continuous variables

Data from first calendar day Quintile binning on training set variables:
at admission, last available  current value, first value, minimum value,
value, and 1 day selected at maximum value, mean value, median
random from patient’s stay  value, difference in current value from
mean, difference in current value from
median, difference in first value from
mean, difference in first value from median,
difference in max value from mean,
difference in max value from median,
difference in minimum value from mean and
difference in minimum value from median

Data from first calendar day Quintile binning on training set: current

at admission, last available  value, first value, minimum value, maximum

value, and 1 day selected at value, mean value, median value, difference

random from patient’s stay  in current value from mean, difference in
current value from median, difference in first
value from mean, difference in first value
from median, difference in max value from
mean, difference in max value from median,
difference in minimum value from mean and
difference in minimum value from median

Demographic and hospital characteristics: previous
positive COVID-19 PCR test during an outpatient or
inpatient visit within 60 days, race, age, sex, body
mass index (BMI) and days in hospital (current day
minus admission date).

Laboratory values: albumin, alkaline phosphatase
(ALKPHOS), alanine aminotransferase (ALT), anion
gap (ANIONGAP), activated partial thromboplastin
time (APTT), aspartate aminotransferase (AST),
atypical lymphocytes per cent (ATYLYMREL),
bands per cent (BANDSPCT), conjugated

bilirubin (BILIDB), bilirubin direct (BILIDIRECT),
bilirubin total, natriuretic peptide B (BNPEPTIDE),
blood urea nitrogen (BUN), calcium, CKTOTAL,
chloride, carbon dioxide (CO2), creatinine, C
reactive protein (CRP), d-dimer, glomerular
filtration rate — African American (EGGRAA),
glomerular filtration rate — non-African American
(EGFRNONAA), erythrocyte sedimentation rate
(ESR), ferritin, fibrinogen, fraction of inspired
oxygen arterial blood gas (FIO2ABG), glucose,
HCT, haemoglobin, haemoglobin (HA1C),
immunoglobulin A (IGA), immunoglobulin G (IGG),
glomerular basement membrane (IGBM), absolute
immature granulocytes (IMMGRANABS), per

cent immature granulocytes (IMMGRANPCT),
interleukin-1 beta (INTERL1B), interleukin 6
INTRLKNSG, potassium (K), potassium plasma
(KPLA), lactate arterial blood gas (LACTATEABG),
lactate venous blood gas (LACTATEVBG), lactate
dehydrogenase (LDH), lipase, lymphocyte absolute
calculated (LYMPABSCAL), lymphocyte per cent
(LYMPHPCT), lymphocyte absolute (LYMPHSABS),
magnesium (MG), sodium (NA), NEUTABSCAL,
neutrophil absolute (NEUTSABS), neutrophils

per cent (NEUTSPCT), carbon dioxide in arterial
blood (PCO2ART), carbon dioxide in venous
blood (PCO2VEN), pH of arterial blood (PHART),
phosphorous, pH of venous blood (PHVBG),
platelet, PO2ABG, P02VB, procalcitonin (PROCAL),
total protein (PROTTOTAL), prothrombin time (PT),
platelet poor plasma (PTT), red blood cell (RBC),
troponin (TROPONINI), troponin point of care
(TRPNONPOC) and white blood cell count (WBC).
Vitals: systolic blood pressure, diastolic blood

pressure, pulse pressure, oximetry, respiratory rate,
pulse and temperature.

calibration plots used by data science engineers. All  selected the algorithms and hyperparameters based on
model performance measures were reported on external the best discrimination using AUC on the associated test
future holdout test set to evaluate most conservatively. We  sets for each of the three dataset types. The calibration of
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the model with the best discrimination was reviewed to
ensure it was generally well calibrated. Based on the afore-
mentioned performance metrics, three models derived
from each dataset (admission, last-value and time-vary)
were selected.

The performance of these final three models were
further assessed on ability to discriminate during the
duration of patient’s entire stay. The AUCs from each day
of the patient’s stay were plotted to evaluate the models’
ability to discriminate over time: 7 days after admission
and 7 days prior to discharge. Using estimates from
admission and to discharge allows for clearer under-
standing of accuracy as sample sizes inevitably vary due
to early discharge and differences in length of stay. For
example, all patients in the test set were in the hospital for
1 day (n=864); however, on day 2, some were discharged
(n=859). Similarly, all patients were discharged on their
last day of the stay (n=864); however, less patients were
in the hospital 2 days prior to their discharge cohort
(n=859) as some patients only had a 1-day stay. The model
with the highest and largest proportion of AUCs during
the time period was selected as the final model. This was
determined using the test dataset (17-28 April 2020) of
daily values of a patient’s stay.

Variable importance

There are algorithms available to facilitate the under-
standing and trust in machine learning prediction
models.'® We used the variable importance measure to
explore and understand the ‘black box’ model of the
final selected model. Variable importance displays the
importance of each variable as measured by its contribu-
tion to the change in the residual sum of squared errors
value. The scores reflect the contribution each feature
makes in classifying or predicting the target outcome,
with the contribution stemming from both the feature’s
role as a primary splitter and its role as a surrogate to
any of the primary splitters. The feature with the highest
sum of improvements is scored at 100, and subsequent
features will have decreasing lower scores. A feature with
an importance score of zero indicates it was not used as
either a primary or a surrogate splitter, therefore not
needed for predictions. Finally, to better understand
how each feature impacted the overall prediction and
facilitate better visualisation for clinicians, a heat map
was created. This was done by creating dummy variables,
a mean prediction score calculated for each level of the
important features and plotted via a heat map.

All extraction, analysis and visualisation were conducted
using SAS base V.9.4 and SAS enterprise miner V.14.3
(SAS Institute, Cary, North Carolina, USA) and Python
V.3.8.2 (Seaborn 0.10.0, Pandas 1.0.3, Matplotlib).

RESULTS

Model selection and performance

Of the 3395 discharged patients, 452 (22%), 116 (24%)
and 208 (24%) died in the training, validation and test

sets, respectively. The distribution of these features were
similar across all three datasets. We used discrimination
to assess the model with the best ability to rank patients
by risk of morality. To determine the model with the best
discrimination, we used the model with the highest AUC
value in their respective test set (table 2). The gradient
boosting algorithm had the highest of AUC of 0.83 (95%
CI0.80 t0 0.86),0.93 (95% CI0.91 to 0.95) and 0.93 (95%
CI0.91 to 0.95) for the admission, last-value and time-vary
model, respectively. Table 3 and figure 1 demonstrate as
all models approach the time of discharge their ability
to discriminate mortality increases. For example, table 2
shows the models” AUC was higher for 7 days after admis-
sion (AD 7) versus on admission (AD 1). Similarly, the
models’ AUC was the higher the day before discharge
(DD 2) versus 7 daysbefore discharge (DD 7). All models
showed the more data provided to the algorithm, the
better the model predicted. However, the model based
on admission data had the least improvement in discrim-
ination over time (table 3 and figure 1). Also, of note, all
models performed better with the imputed dataset as the
imputed data provided inferred missing lab/vital results
with the assumption results from the day prior would be
similar. After review of the three models on the daily and
daily-imputed set, we determined the GB time-vary model
with the imputed dataset performed best for our needs
as it sustained a higher AUC over time and had better
calibration. The hyperparameters for this model in addi-
tion to the defaultincluded: 150 iterations, 0.1 shrinkage,
70% train proportion, maximum branch 2, maximum
depth 5, minimum categorical size 5, missing values use
in search, leaf fraction 0.01, number of surrogate rules
0 and subtree assessment using average square error. To
assess overfitting, the test was compared with the valida-
tion set, and a 0.018 difference in the AUC on admission
was found showing the model continued to predict well
on external data. The final model’s algorithm with an
example dataset is available at Zenodo."*

Figure 2 shows the calibration plots during GB time-
vary model in the test set from different time periods of
patients stay: on admission, 7 days after admission and 3
days prior to discharge. The model is generally well cali-
brated although with a slight propensity to overpredict
at these various points in time during a patient’s stay.
Figure 3 depicts a more intuitive presentation of the
calibration of the model, via the proportion of observed
mortality stratified by prediction risk deciles from the
GB time-vary model in the test sets. It also shows the
calibration of the model during different time periods:
on admission, 7 days after admission and 3 days prior to
discharge. The model performed better as the prediction
approached discharge. Predictions after 7 days of admis-
sion and 3 days before discharge show 98% and 100%
of patients in the highest decile of predicted risk died,
respectively, and 0% of patients in the lowest decile died
for all the time periods. These calibrations by decile offer
a more intuitive illustration of the performance of the
model for clinicians.
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PPV NPV
0.65 0.89
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0.89
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AUC Acc Sens
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NPV  AUC
0.82 0.98
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0.94 0.66
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0.34
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AUC
0.79

Table 2 AUC, accuracy (acc), sensitivity (sens), specificity (spec), NPV and PPV of LR, DT, GB, SVM and NN models on admission benchmark, last-value and time-
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864
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864
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varying models in test sets
N

Model
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0.53 0.87

0.83
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0.87
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0.97
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0.85

0.49
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0.65
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0.91
0.80
0.92
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0.56
0.49

0.69
0.83
0.77
0.82

DT

0.72 0.94
0.57 0.89

0.63 0.92
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©)
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=z

AUC, area under the receiver operating characteristic curve; DT, decision tree; GB, gradient boosting decision trees; LR, logistic regression; NN, neural network; NPV, negative predictive value;

PPV, positive predictive value; SVM, support vector machine.

Variable importance

The prediction scores of the model ranged from 0%
to 100% with 142 features important to the model. We
explored the important feature results using variable
importance.15 Figure 4 shows a heat map of the 30 features
most associated with the mortality and the overall per
cent association on patient’s information on discharge
day from the validation and test set combined. It lists the
important features along with a calculation of the average
change in prediction score of patients for each of level of
the feature. Briefly, variable importance varies between
zero and one, with higher values indicating features asso-
ciated more strongly with predictions. Some important
features identified by the model included the difference
between two values which is results in weight the changes
in a patient’s value rather than population. The features
of pulse oximetry, respirations, systolic blood pressure,
blood urea nitrogen, white blood cell, age, length of stay
and lymphocyte per cent had a relative importance of at
least 2%. On average, patients had at least a 50% increase
in their prediction score if they had any of the following
characteristics compared with not having it: respira-
tions ranging 22—44, blood urea nitrogen >31, oximetry
value <91%, lymphocyte per cent ranging <7, tempera-
ture >99.6, calcium ranging 4.1-8.1, mean respirations
ranging 23.4-37.2, troponin value 0.09-69.4 and neutro-
phil percentage ranging 84-99. Conversely, patients with
amedian-min difference in oximetry value of 0-0.5, respi-
ratory mean-min difference of 0-0.97 or lymphocyte per
cent of 24-93 had at least a 20% decrease in their predic-
tion for mortality.

DISCUSSION

This study describes the development of a machine
learning model to predict mortality of patients who
present and are admitted to the hospital with a confirmed
COVID-19 by PCR and provide an accurate daily risk esti-
mate during the patient’s stay. The aim of this study was
to explore and compare three methods to build a model
that could accurately predict risk of death on admission
and at each day during the stay of the patient.

A strength of the current study was the use over 3000
dischargesin a US population. We plan to apply this model
to data exported out of clarity each day and provide clini-
cian with daily prediction estimates. The model can be
found at Zenodo, along with a sample table that is created
prior to applying the model. Unlike other models, it does
not require manual calculation of a score, a welcome
improvement for the busy clinician. Because the model
has high accuracy and is well calibrated, it can be used in
other studies as an objective estimation of disease severity.
The objective nature of the model is important as it limits
biases from documentation issues of overwhelmed clini-
cians and differences in treatments and provides trans-
parent objective data to characterise severity of a novel
disease. Additionally, novel feature engineering method-
ologies were included such as changes in laboratory/vital
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o
7
o
3]
3]
©
c
[
o

o

anjeA aAoIpaid anilsod ‘Add ‘enfen aaoipald aanebau ‘AdN ‘$8aJ} uoisioap Buiisooq jusipelb ‘gy) ‘enind onsusioeseyd Buljesado Jaaigdal sy} Japun eale ‘ONy

J abJeyosiq
880 890 €80 S0 180 1670 80 9.0 1670 790 ¢80 160 06°0 850 €0 ¢80 90 060 6€9 aiojeg skeq
g abJeyosiq
16°0 €20 880 8.0 Sg8°0 €6°0 /80 1,0 ¢6’0 /90 780 €6°0 ¢6’0 1G°0 €20 680 /L0 ¢c60 €09 ai0jeg skeq
G abJeyosiq
€6°0 1270 /80 €80 980 96°0 680 ¢80 ¥76°0 cl’0 880 96°0 €6°0 SS0 €.°0 980 /.0 €60 089 alojeg skeg
7 abseyosig
S6°0 720 680 980 880 16°0 06°0 980 96°0 1270 680 16°0 96°0 850 120 06'0 080 ¥6'0 69. alojeg skeg
¢ abueyosiq
960 180 €60 /80 260 96°0 260 880 16°0 .0 160 160 96°0 8G°0 6.0 L6'0 ¢80 ¢6'0 ¢cc8 alojeg skeg
2 obreyosig
16°0 80 76°0 06°0 €60 86°0 ¥6°0 160 86°0 180 ¥6°0 86°0 160 1S90 8/°0 €60 180 ¢60 698 aiojeg skeq
| 8bueyosig
860 980 S6°0 €60 S6°0 €60 S6°0 880 960 G8'0 ¥6°0 G6°0 €60 2s0 9.0 €80 /.0 /80 %98 aiojeg skeq
/ UoIssiwpy
16°0 12°0 680 180 980 ¥6°0 780 9.0 16°0 29’0 ¢80 ¥6°0 06°0 950 040 €8°0 7.0 880 6€9 Jayy skeq
9 uolssiwpy
680 0.0 /80 €.°0 €80 1670 Sg8'0 120 60 6S5°0 €80 ¥6°0 06°0 Ss'0 €0 080 S0 /80 €09 Jayy skeq
G uolssiwpy
06°0 69°0 /80 9.0 780 1670 Sg8'0 120 £€6°0 180 €80 160 680 €50 .0 /.0 S.0 980 089 Jayy skeq
¥ uolssiwpy
06°0 690 88°0 €L°0 780 680 980 9.0 ¥76°0 180 780 160 1670 950 6.0 /.0 8.0 /80 6S. Jeyy sheq
€ uoissiwpy
880 190 06°0 790 €80 680 780 89°0 €6°0 90 180 S8°0 680 180 €80 690 6.0 980 ¢cc8 Jayy skeq
¢ uoissiwpy
/80 650 980 090 080 /80 S8'0 040 €6°0 610 28’0 980 180 180 980 090 6.0 ¥8'0 698 Jeyy skeq
} Uoissiwpy
980 1S°0 280 8G°0 12°0 €8°0 €80 190 ¢6'0 [0)400) 620 ¢80 980 790 16°0 €60 ¢80 ¥8'0 198 Jayy skeq
NAdN Ndd oadg susg ooy onv AdN Ndd oadg suss ool onvy AdN Ndd oadg suss  0dY DNV N feq
Kien-awi ) anjeA-}seT uoissiwpy

18s 1591 uonoipald Ajiep 10 Add PuUe AdN ‘0ads ‘suss ‘Aoeunooe ‘Ony (e) uonoipaid

Alrep susned uo sjppow Alea-swi} pue anfeA-1se| ‘uoissiwpe go jo uosuedwod Add PUB AdN ‘(0ads) Anoiyioads ‘(suss) Alnisuss ‘(0oe) Aoeunooe ‘ONy Alleg € ajgeL

Stachel A, et al. BMJ Health Care Inform 2021;28:6100235. doi:10.1136/bmjhci-2020-100235



Daily AUC from admission Daily AUC to discharge
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Days. Days

0GB Admission D) GB Tme-vary O GB Last-vake G GB Admission 01 GB Trme-vary B GB Lastvale

A AUCs each day from admission of patients” stay

Figure 1 Daily AUCs from the three final models (admission,
last-value and time-vary) and their performance over time (7
days after admission and prior to discharge) on the test set
and ‘imputed’ test set (N=864). (A) Compares the AUCs each
day from admission of patients’ stay. (B) Compares the AUCs
each day to discharge ofpatients’ stay. AUC, area under the
receiver operating characteristic curve.

B AUCs each day to discharge of patients” stay

results within the context of an individual patient, rather
than in the population only, which helped to improve the
model’s predictions over the course of a patient’s stay.

Prior studies suggest Al has been slowly gaining trac-
tion in healthcare due to the perception that machine
learning models are ‘black boxes’ or not interpretable by
the user.'® The methods demonstrated in this study are
more approachable and easily understood by the clini-
cian. This study presented calibration via deciles that is
more intuitive for the non-data scientist. Also, a heat map
was created to present results from the variable impor-
tance algorithm—the distribution of prediction estimates
across the binned variables. Users might hesitate to rely
on Al for decisions without knowing the risk factors
driving the model, despite the computer making accurate
recommendations. By providing user’s information about
the model such as variable importance, the association of
each feature level with the outcome provides additional
insights serve to facilitate trust that is needed to increase
the adoption of Al in the healthcare industry.

This model highlights individualised current and prior
laboratory and vital results to determine patient-specific
mortality risk. Important determinants of risk are further
evaluated to illustrate the changes in prediction among
patient populations. The interpretability of the model
in this study serves to provide insights to intensivists,
researchers and administrators of predictors for surviv-
ability from a disease with unpredictable or little known
outcomes.

This retrospective study applied machine learning algo-
rithms to structured patient data from the EHR of a large
urban academic health system to create a risk prediction
model to predict mortality during admission in patients
with confirmed COVID-19. With an AUC of 0.83 at admis-
sion, and 0.97 3 days prior to discharge on imputed data,
the model discriminates well and is well calibrated. Addi-
tionally, the final model’s AUC was consistent on both the
time held out internal validation and external test sets,
which gives more confidence the model will continue
to perform well on future data. Because we continue to
have large amounts of discharges daily, potential changes

Calibration Plot for death with COVID-19 on Admission

08

0.6

0.4

Actual death

02

0.0

0.0 0.2 04 0.6 08 1.0
Predicted death

A Prediction deciles on admission

Calibration Plot for death with COVID-19 Seven Days after Admission

Actual death

0.0 0.2 0.4 06 08 1.0
Predicted death

B Prediction deciles seven days after admission

Calibration Plot for death with COVID-19 Three Days Prior to Discharge

1.00
075

0.50

Actual death

0.0 02 04 0.6 08 1.0
Predicted death

C Prediction deciles three days prior to discharge
Figure 2 Calibration plots using time-vary model on test
set (A) on admission, (B) 7 days after admission and (C)

3 days before discharge (N=864). The plots show a slight
propensity for the model to over predict during various points
of patients’ stays.

in populations and modification of treatment protocols,
we plan to continue to monitor performance and retrain
model when discrimination falls below 0.8. Ideally, the
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Figure 3 Proportion of actual mortality by predicted
mortality score decile ranking in imputed test set. (A) On
admission, (B) 7 days after admission and (C) 3 days
before discharge (N=864). The model shows an increase in
actual mortality among decile groups with higher predicted
mortality.

monitoring of the AUC score should be automated
and alert the data scientist when the value falls below a
predefined threshold. Hospitals should consider devel-
oping their own mortality prediction models based on
their specific cohorts, as patient populations may differ
across facilities therefore affecting validation results.!”

Finally, and perhaps most importantly, implementa-
tion plays a critical role in supporting in the adoption of
Al as healthcare systems face increasingly dynamic and
resource-constrained conditions.'® ' While a plethora
of literature exists addressing data acquisition, develop-
ment and validation of models, the application of Al in
a real-world healthcare setting has not been substantially
addressed.” *' # Often, prediction model results are used
to risk adjust and benchmark rates of an outcome.”* In
addition to using prediction estimates as part of a tool, we
suggest models be used as tool in the process of under-
standing and studying a disease.

Limitations/next steps

The usual limitations associated with an EHR might affect
our model. While this model relies on mostly objective
data, some inherent bias might be introduced in terms
of demographic and laboratory/vital collection and
documentation. For example, certain laboratory tests
might be ordered on sicker patients or certain types of
clinicians might use similar ordering practices that would
bias the model. Therefore, the model might be relying
on the subjective nature of a clinician rather than purely
objective data. On a similar note, patients that might have
died after discharge would bias the model. As suggested
earlier, results from the model may not be generalisable
to other institutions or patient populations; therefore,
hospitals should develop tailored models for their own
patient population, especially for a disease that is not yet
well understood. Because of this, the ‘external validation’
dataset in this study does not meet the TRIPOD definition
as it is using a sample from the same patient population
although future population. Furthermore, models need
to be continually monitored and retrained when perfor-
mance degrades. Lastly, this model intends to allocate
resources, ensure basic and routine care is completed
and quantify the health of a patient.

The prediction estimates can be used to create reports
adjusting mortality rates by physician, ward or hospital
facility. The estimates can also be used to identify high
performers to gain insights on potential successful aspects
of their care and treatment. The model can be further
enhanced by predicting patients who are most likely to
unexpectedly expire to gain more insights on how predic-
tors compare with current model. The estimates can also
be used for other studies where an objective metric for
disease severity is needed. Finally, prediction estimates
can be incorporated into an Al tool that can allow clini-
cians facing a new illness with an uncertain course to
identify and prioritise patients who might benefit from
targeted, experimental therapy.
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Figure 4 Ranking of most important 30 of 142 features of the final selected model based on per cent relative importance of
the last lab value available in the test set. The purple graph on rightmost column of figure displays the variable importance
value. The map also lists the average influence of a feature’s level on a patient’s overall prediction score with darker red boxes
and darker blue boxes indicating an increase and decrease in the prediction, respectively (N = 864). Full map in supplemental

material.

CONCLUSION

Hospitals can develop customised prediction models as
the amount of EHR data increases, computing power
and speeds are faster and machine learning algorithms
are broadly accessible. During times of high demand and
large uncertainty around a disease, prediction models
can help to identify underlying patterns of predictors of
disease and be deployed. This study shows how to build
a prediction model whereby the predictions improve
during the patient’s course of stay. Results from a highly
accurate model can serve as an objective measure of
disease severity where manual review of every cases is not
feasible. Similar to other industries, machine learning
should be integrated into research and healthcare work-
flows to better understand and study a disease as well as be

incorporated into tools to assist in care, allocate resources
and aid in discharge decisions to hopefully save lives.
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ABSTRACT

Objectives Prior research has reported an increased

risk of fatality for patients with cancer, but most studies
investigated the risk by comparing cancer to non-cancer
patients among COVID-19 infections, where cancer might
have contributed to the increased risk. This study is to
understand COVID-19’s imposed HR of fatality while
controlling for covariates, such as age, sex, metastasis
status and cancer type.

Methods We conducted survival analyses of 4606 cancer
patients with COVID-19 test results from 16 March to 11
October 2020 in UK Biobank and estimated the overall HR
of fatality with and without COVID-19 infection. We also
examined the HRs of 13 specific cancer types with at least
100 patients using a stratified analysis.

Results COVID-19 resulted in an overall HR of 7.76 (95%
Cl 5.78 to 10.40, p<10~'% by following 4606 patients with
cancer for 21 days after the tests. The HR varied among
cancer type, with over a 10-fold increase in fatality rate
(false discovery rate <0.02) for melanoma, haematological
malignancies, uterine cancer and kidney cancer.

Although COVID-19 imposed a higher risk for localised
versus distant metastasis cancers, those of distant
metastases yielded higher overall fatality rates due to their
multiplicative effects.

Discussion The results confirmed prior reports for the
increased risk of fatality for patients with COVID-19 plus
hematological malignancies and demonstrated similar
findings of COVID-19 on melanoma, uterine, and kidney
cancers.

Gonclusion The results highlight the heightened risk

that COVID-19 imposes on localised and haematological
cancer patients and the necessity to vaccinate uninfected
patients with cancer promptly, particularly for the cancer
types most influenced by COVID-19. Results also suggest
the importance of timely care for patients with localised
cancer, whether they are infected by COVID-19 or not.

INTRODUCTION

In localised cancers or haematological malig-
nancies, timely cancer diagnosis and treat-
ment is critical for increasing a patient’s
survivability. Otherwise, localised cancers may
progress into distant (distant organ systems)
metastasis,' * while distant metastases may

become uncontrollable, both of which result
in more fatalities.”” However, with COVID-19
evidently impacting cancer care, diagnosis
and treatment delays are inevitable due to the
unavailability of medical resources, potential
exposure risks of COVID-19 in medical facil-
ities and complications of treatment (eg,
chemotherapies worsening the fatality rate)® !
attributed to the weaker immune systems of
patients with cancer. Therefore, attention
to the timeliness of therapy for patients with
cancer is encouraged to minimise the risk of
fatality.” Still, the extent of risk that delays
in cancer therapies add for persons with
COVID-19 is not known®? and is likely to vary
depending on cancer type,'’ stage, grade and
treatment.” '' Therefore, estimating the risk
COVID-19 imposes on each type of cancer
is critical. Although prior research has been
conducted, most studied the HR or OR by
comparing patients with cancer to non-cancer
patients among patients with COVID-19,
which did not reflect the impact of COVID-19
on specific cancer types, could be confounded
by the therapy types'>'* and is limited by the
small sample size available for specific cancer
types. Exceptions included Passamonti et al’s'
study, which reported 536 haematological
cancer patients with COVID-19 infection at 66
hospitals in Italy. Those patients with severe
or critical COVID-19 infections had an HR of
4.08 for mortality when taking mild severity
as reference in Italy."” However, the associa-
tion between severity and fatality is evident,
and the study was not designed to study the
added risk of fatality from COVID-19 infec-
tion for the haematological malignancies.
Here, we report a study comparing fatality
rates among persons with a wide range of
cancer diagnoses with and without COVID-19
while controlling for age, sex and type of
cancer. Age and sex are essential biological
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variables underlying the fatality of COVID-19'"" and
thus should be controlled for. We further studied the
added COVID-19 risk to fatality for specific cancer types
to aid oncologists in making optimal treatment decisions
from various risk factors, several of which may be contra-
dictory, such as delay of care and infection risk.

METHODS

We conducted a retrospective survival study using UK
Biobank (UKB)* under the UKB COVID-19 policy.”'
Started in 2006, UKB is a government funded biobank
with longitudinal COVID-19 test results, death regis-
tries, cancer registries and inpatient records for approx-
imately 500000 patients.”* COVID-19 tests started on
16 March 2020 for symptomatic patients, during which
testing capacity was limited and results were provided
by Public Health England.*® There were roughly 67000
living cancer subjects at the beginning of COVID-19
testing. Inclusion criteria for the study were: (1) subjects
of British ancestry with a history of hospitalisation in UKB
(updated to the end of September 2020) and (2) subjects
conducted a COVID-19 test no later than 11 October
2020, for which we could obtain a 21-day follow-up in the
death registry from National Health Service (NHS) Digital
and NHS Central Register, UK. The inclusion criteria
resulted in 6528 cancer patients. We then excluded 893
patients with cancer whose cancer diagnoses were 10
or more years ago, without another primary cancer or
recurrence in the record since they are unlikely in remis-
sion and more closely resemble non-cancer patients.
We further excluded five cancer patients with incon-
sistent self-report of sex and 1024 ‘non-melanoma skin
cancer patients’ reported with truncated International

Classification of Diseases, Tenth Revision (ICD-10) codes
in the UKB, which conflates non-lethal basal cell carci-
nomas with lethal forms of non-melanoma skin cancers.
The final cancer cohort comprised 4606 patients, where
288 (6.3%) were positive for COVID-19 (table 1). We also
built a randomised non-cancer cohort of 4606 patients
for comparative studies, which matched the COVID-19
status, sex, age (per b5-year bin) and specific laboratory
testing facility of the corresponding patients with cancer.
We exclude seven non-cancer patients with COVID-19
tests conducted after death during the sampling.

We analysed the case fatality rate (CFR) of patients
with cancer and their cancer types using a multivariate
Cox proportional hazard model.** COVID-19 status was
obtained from the patient’s first test result (negative
controls remained so throughout). Control covariates
included ethnicity, age, sex, and cancer status. Age was
treated as a continuous variable, and cancer status was
categorised as localised versus distant metastatic based on
UKB ICD-10 codes from inpatient records where distant
metastasis status was characterised by ICD-10 codes of
C78 (metastatic to respiratory and digestive organs),
C79 (metastatic to other and unspecified sites) and
C80 (metastasis without specific sites or multiple sites),
whereas localised metastatic status were patients without
any of the three codes, possibly including C77 (spread to
lymph nodes) as well. R’s survival package® was used to
diagnose the model and plot Kaplan-Meier curves.

RESULTS

Quartiles of time from COVID-19 diagnosis to death for
patients with cancer (64 total) are 5, 10 and 14 days, respec-
tively. The CFR within 21 days of diagnosis for COVID-19

Table 1 Demographic and clinical characteristics of 4606 COVID-19 tested cancer subjects in the UK Biobank
COVID-19 positive associated COVID-19 negative associated
Fatalities (%) Survivors Fatalities (%) Survivors
Race
British ancestry 64 (22.2) 224 153 (8.5) 4165
Age (years)
50-59 2 (7.1) 26 8 (2.9) 271
60-69 6 9.7) 56 26 (8.0) 850
70-79 42 (26.4) 117 94 (3.5) 2562
80-84 14 (35.9) 25 25 4.9) 482
Sex
Male 40 (23.8) 128 90 (3.8) 2285
Female 24 (20.0) 96 63 3.2) 1880
History of cancer (years)
>10 18 (27.7) 47 35 (3.4) 1008
5<years <10 15 (18.5) 66 24 (2.3) 1005
1<years <5 3 (13.0) 20 8 4.3) 178
<1 28 (23.5) 91 86 4.2) 1974
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A) Cox model Fatalities Among ¢

Cancer Cases” Hazard Ratio of Fatalities by COVID-19 Infection

COVID-19 + COVID-19 -

Cancer? (ICD-10 prefix) Total COVID-19 + (%) (%) Mean HR FDR 95% Confidence Interval
Melanoma (C43) 248 15 27 2 28.44 1.6x107° L
Leukemia (C91-95) 201 22 50 3 20.23 2.6x1078 L
Lymphoma (C81-86, C884) 314 23 43 4 19.83 2.8x1071° —
Uterine cancer (C54-55) 114 7 29 4 1162 8.3x1078 L
Kidney cancer (C64-65) 147 9 22 4 10.35 2.3x1072 L
Plasma cell neoplasm (C90) 166 8 25 4 914  1.5x1072 L
Esophageal cancer (C15) 134 8 38 6 824 6.1x107° L
Prostate cancer (C61) 952 67 13 2 822 8.9x1077 —
Ovarian cancer (C56) 125 10 30 4 7.35 8.3x107° L
Lung cancer (C34) 303 18 39 9 6.99 1.5x107° ——
Bladder cancer (C67) 435 29 14 3 534 7.4x107° L
Colorectal cancer (C18-20) 589 31 16 4 460 3.9x107° L
Breast cancer (C50) 722 42 5 2 289 1.7x107" =
Distant metastasis 918 53 38 9 5.08 4.1x107'° ——
Localized cancer 3688 235 19 2 9.85 <107"° ——
All cancers 4606 288 22 4 776 <1070 ——
Non-Cancers* 4606 275 16 2 954 <107 ——
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Figure 1 (A) HRs of COVID-19 associated death among patients with cancer and types of cancers. (a) Results were from

stratified analyses using the patients stratifying conditions listed in the column named ‘cancer’. All analyses used Cox model
with covariates of sex, age, COVID-19 infection status, and cancer status (localised or distant metastasis) except for stratified
analyses of localised cancer, distant metastasis, and non-cancers. Cancer subtypes were analysed when they were composed
of 100 or more total cases. (b) Four patients with cancer with inconsistent self-reporting and gene sex were excluded from

the study. (c) Fatality event was assessed for the 21 days following the first COVID-19 positive testing or the first COVID-19
negative testing (negative controls remained so throughout) and was available for all cancer subjects under study. (d) Sixty non-
cancer patients did not match the testing facility with a patient with cancer due to lacking subjects of matching all factors (eg,
age). (B-D) Kaplan-Meier curves for COVID-19 positive vs. negative cancer patients: (B) all cancer patients, (C) patients with
distant metastasis, and (D) patients with only localized cancer.

positive patients with cancer was sixfold higher than that
of COVID-19 negative ones (22.2% (64 out of 288) versus
3.5% (153 out of 4318)) (table 1). Distant metastasis
patients demonstrated a higher fatality rate, where CFR
within 21 days of a positive COVID-19 diagnosis was nearly
double that of patients with localised cancer (37.7%
versus 18.7%) (figure 1). No matter the spread of cancer,
the CFR of COVID-19 within 21 days (22.2%) was higher
than that of non-cancer patients when positive (15.6%),
from the cohort using matched covariates such as test
result, sex, age and testing venue (a proxy of the hospi-
talisation system). A multivariate Cox model was built to
study individual risk factors and showed an HR of 7.76

(95% CI 5.78 to 10.40, p<10™"") for COVID-19 positive
patients with cancer compared with COVID-19 negative
patients with cancer after controlling for ethnicity, sex,
age and metastatic versus localised cancer confounders
(figure 1). The model suggested increased fatality rates by
COVID-19 infections particularly for patients with mela-
noma, lymphoma, leukaemia, uterine or kidney cancer.
The HRs of COVID-19 were 10-fold higher for these five
cancer diagnoses using stratified analyses with matched
cancer types (figure 1). As expected, distant metastasis
was a risk factor for fatality, with an HR of 3.92 (95% CI
2.99 to 5.13, p<107'%) compared with localised cancers.
Age remained an important factor, with an HR of 1.04 per
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year (95% CI 1.02 to 1.07; p=3.1x10"*), implying an over
10-fold higher fatality risk for the 60-year difference that
may exist between the seniors and youths. Sex was not
deemed significant. No factor was found to significantly
deviate from the model assumption (p>0.25). Logistic
regression led to similar but slightly inflated results
because the logistic model does not require constant risk
over time, whereas the Cox model does.

DISCUSSION

Our study demonstrated that COVID-19 adds 10-fold more
risk to 21-day fatality rates for patients with melanoma,
lymphoma, leukaemia, uterine and kidney cancer with a
positive COVID-19 infection versus no COVID-19 infec-
tion. Our results for lymphoma and leukaemia patients
confirm reports from Italy, while the findings of increased
21-day mortality rates in COVID-19 infections among
melanoma, uterine and kidney cancer patients have not
been reported previously. The findings do support prior
kidney injury reports among patients with COVID-19 as
well.” Fortunately, our study suggests that COVID-19 does
not impose a larger risk to distant metastasised cancers
as compared with localised cancers (eg, lymphoma and
leukaemia) in general. However, the overall fatality rate
in distant metastases was still about twice that of local-
ised cancers due to the multiplicative effect of HRs in the
model. It should be noted that fatality rates were depen-
dent on cancer type, and COVID-19 did impose larger
risk to distant metastasis of some types of cancer, such
as melanoma (HR 49.37, 95% CI 3.70 658.85), prostate
cancer (HR 22.11, 95%CI 6.15 to 79.54) and ovarian
cancer (HR 13.04, 95% CI 2.61 to 65.14), based on a
stratified analysis using only metastasis patients (online
supplemental figure 1). In all cases, higher rates of fatality
among patients with COVID-19 of older age were consis-
tent with literature.'®'”*” Our results focused on fatality
are complementary to those few studies focused on onco-
logical procedures unimpacted by COVID-19. Indeed,
investigations of the National Cancer Data Base on pros-
tate radiotherapy® and breast cancer surgeries® report
unchanged overall survival during COVID-19.

The strengths of this study include the large UKB
cancer cohort size for patients with COVID-19 and its reli-
able death registry. Limitations include the unavailability
of complete cancer stage and grade, plus a relatively small
sample size for some specific cancer types. Furthermore,
the study was unable to include other pre-existing condi-
tions that may have been associated with the fatality, and
the conclusions may be limited to symptomatic patients
and hospitalised patients due to the inclusion criteria.

Our findings reinforce the clinical importance of timely
treatment of COVID-19 among older cancer patients with
localised cancers." Timely care is especially important
for those with haematological malignancies, melanoma,
uterine or kidney cancer due to the notable additional
risk of fatality from COVID-19 infection plus the added
risk of metastasis due to the delay of therapies, which

leads to an even higher likelihood of fatality because
of the multiplicative effects of risk. The findings also
support specific guidelines™ emphasising the importance
of timely care for COVID-19 infected patients with cancer
and strongly support a change in COVID-19 vaccine
strategy with haematological malignancies in particular
because the benefit of vaccination far outweighs its risk
of side effects.” *
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