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Abstract: (267 words).

Background: Coronavirus disease-2019 (COVID-19wseping the globe. Despite multiple

case-series, actionable knowledge to proactivdiyrtdecision-making is missing.

Research Question: Can a statistical model acdyatedict infection with COVID?

Study Design and Methods: We developed a prospectiyistry of all patients tested for
COVID-19 in Cleveland Clinic to create individuadiz risk prediction models. We focus here on
likelihood of a positive nasal or oropharyngeal AD\.9 test [COVID-19 (+)]. A least

absolute shrinkage and selection operator (LAS8@3tic regression algorithm was
constructed, which removed variables that werecootributing to the model’'s cross-validated
concordance index. Following external validatioraitemporally and geographically-distinct
cohort, the statistical prediction model was ilfagtd as a nomogram and deployed in an online
risk calculator.

Results: 11,672 patients fulfilled study critemethe development cohort, including 818 (7.0%)
COVID-19 (+), and 2,295 patients fulfilled criteiirmthe validation cohort including 290
COVID-19 (+). Males, African Americans, older patie, and those with known COVID-19
exposure were at higher risk of being COVID-19 Risk was reduced in those who had
pneumococcal polysaccharide or influenza vaccineiese on melatonin, paroxetine, or
carvedilol. Our model had favorable discriminat{orstatistic=0.863 in development; 0.840 in
validation cohort) and calibration. We presentsg@nty, specificity, negative predictive value,
and positive predictive value at different predintcut-offs. The calculator is freely available at

https://riskcalc.org/COVID19.



Interpretation: Prediction of a COVID-19 (+) testpossible and could help direct healthcare
resources. We demonstrate relevance of age, randeg and socioeconomic characteristics in
COVID-19-susceptibility and suggest a potential g role of certain common vaccinations
and drugs identified in drug-repurposing studies.

Funding: NIH/NCATS UL1TR002548



The first infection with severe acute respiratoygdrome coronavirus 2 (SARS-CoV-2), the
novel virus responsible for coronavirus diseaseé9A@OVID-19) was reported in the United
States on January 21, 2620hree months later, the US healthcare systenoandociety are
struggling in an ever-changing environment of dagistancing policies and projected utilization
requirements,with constantly shifting treatmentiglines. A scientific approach to planning and
delivering healthcare is sorely needed to matcHiouted resources with the persistently unmet
demand. This supply vs demand gap is most obvidthsdiagnostic testing. Plagued with
technical and regulatory challengethe production of COVID-19 test reagents andstist
lagging behind what is needed to fight a panderhthie scale. Consequently, most hospitals are
limiting testing to symptomatic patients and theeam exposed healthcare workers. This is
occurring at a time when experts are calling fgraading testing capabilities beyond
symptomatic individuals to better measure the itmd@¢s transmissibility, limit the spread by
quarantine of those infected, and characterize @PM's epidemiology; Recent loosening of
the FDA testing regulations and the developmeimorit of care testing will make more tests
available, but given the anticipated demand, utnikkely that testing supply will be enough.
Even if enough testing supplies become availabtiications driven by scientific data are still
needed. Another challenge is the suboptimal diggmpsrformance of the tésraising concerns
about false negative results complicating effastsdntain the pandemic. Unless we develop
intelligent targeting of our testing capabiliti®ge will be significantly handicapped in our ability
to make progress in assessing the extent of tleasks directing clinical care, and ultimately

controlling COVID-19.



We developed a prospective registry aligning datkection for research with clinical care of all
patients tested for COVID-19 in our integrated Heaystem. We present here the first analysis
of our Cleveland Clinic COVID-19 Registry, aimingdevelop and validate a statistical
prediction model to guide utilization of this scaresource by predicting amdividualized risk

of a “positive test”. A nomogram is a visual stttial tool that can take into account numerous

variables to predict an outcome of interest fontigmt>.

Methods:

Patient selection:

We included all patients, regardless of age, whieeviested for COVID-19 at all Cleveland
Clinic locations in Ohio and Florida. Albeit impedt, this provides better representation of the
population than testing restricted to the Clevel@hdic main campus. The Cleveland Clinic
Institutional Review Board approval was obtainedararently with the initiation of testing
capabilities (IRB#20-283). The requirement for venmt Informed Consent was waived.
Cleveland Clinic COVID-19 Registry:

Demographics, co-morbidities, travel and COVID-%§@sure history, medications, presenting
symptoms, treatment, and disease outcomes areteallésupplemental data 2). Registry
variables were chosen to reflect available liteatan COVID-19 disease characterization,
progression, and proposed treatments, includingaagans proposed to have potential benefits
through drug-repurposing studies

Capture of detailed research data is facilitatethleycreation of standardized clinical templates
implemented across the healthcare system as atiené seeking care for COVID-19-related

concerns.



Data were extracted via previously validated autechéeedSfrom our electronic health record
(EPIC, EPIC Systems Corporation) and manually byudy team trained on uniform sources for
the study variables. Study data were collectednaadaged using Research Electronic Data
Capture (REDCap) electronic data capture toolsduabat Cleveland Clinig?

COVID-19 testing protocols:

The clinical framework for our testing practicestsown in Figure 1. As testing demand
increased, we adapted our organizational poliassprotocols to reconcile demand with patient

and caregiver safety. This occurred in three phases

» Phase | (March 12-13, 2020): We expanded primany ttaough telemedicine. If

patients called for concerns that they had COVIDth8y were screened through a

virtual visit (VV) using Cleveland Clinic’s Expre€garé Online or called their primary

care provider. If they needed to travel to our tmees, we asked them to call ahead
before arrival. Our goal was to limit exposure #&wegivers, and ensure physicians could
order testing when appropriate, while following enter for Disease Control testing

recommendations. A doctor’s order was requireddsting.

» Phase Il (March 14- 17, 2020): Drive-through tegtivas initiated on Saturday March

14. Patients still needed to have a doctor’s ofalea COVID-19 test, similar to Phase I.
Testing guidelines were similar to Phase I. Upaivalrat the drive-through location,
patients stayed in their car, provided their ddstorder, and remained in their car as
samples were collected. Patients were tested regardf their ability to pay and were

not charged copays.



» Phase Il (March 18- onwards): Given high testiegndnd, low initial testing yield, and

backlog of tests awaiting to be processed, theseanghift to testing high risk patients

(Figure 1).

Processing of COVID tests:
Test samples were obtained through naso and ongpieal swabs — both collected and pooled
for testing. Tests were run using the CDC assayguRbche magnapure extraction and ABI

7500 DX PCR machines, as per the standard lamggistiour organization.

Statistical Methods:

Model development: Data from 11672 patients tested before April 2engsed to develop the

model (Development cohort). Baseline data are ptedeas median [interquartile range [IQR])
and number (%)]. Continuous variables were compasety the Mann-Whitney U test, and
categorical variables were compared using the Qi test. A full multivariable logistic
model was initially constructed to predict COVID-M@sopharyngeal Swab Test Result based
on demographics, comorbidities, immunization higtsymptoms, travel history, lab variables,
and medications identified pre testing. For modgparposes, methods of missing value
imputation for labs variables were compared usieglian values and values from multivariate
imputation by chained equations (MICE) via the Riaaye mice. Restricted cubic splines with 3
knots were applied to continuous variables to rét@xlinearity assumption. A least absolute
shrinkage and selection operator (LASSO) logiggression algorithm was performed to retain
the most predictive features. A 10-fold cross \atiioh method was applied to find the

regularization parameter lambda which gave themnm mean cross-validated concordance



index. Predictors with nonzero coefficients in LA SO regression model were chosen for

calculating predicted risk.

Model validation: The final model was first internally validated bgsassing the discrimination

and calibration with 1000 bootstrap resamples. IA8SO procedure, including 10-fold cross
validation for optimizing lambda, was repeated withach resample. We then validated it in a
temporally and geographically distinct cohort g235 patients tested at the Cleveland Clinic
hospitals in Florida from 4/2/2020 to 4/16/20206isTwas done to assess the model’s stability

over time, and its generalizability to another gapdical region.

Model performance: Discrimination was measured with the concordandex*® Calibration

was assessed visually by plotting the nomogramigtestiprobabilities against the observed
event proportions. The closer the calibration cuie® along the 45° line, the better the
calibration. A scaled Brier score (IPAas also calculated, as this has some advantages o
the more popular concordance index. The IPA rafrges -1 to 1, where a value of O indicates
a useless model, and negative values imply a hamddel. Finally, decision curve analysis
(DCA)* was conducted to inform clinicians about the ramigéareshold probabilities for which
the prediction model might be of clinical value. en calculated sensitivity, specificity,
positive predictive value, negative predictive \&ltor different recommended test cut-offs
(Figure 4). We adhered to the TRIPOD checklisti@diction model development.

Results:

Patient characteristics. 11,672 patients presented with symptoms of a r&spy tract infection

or with other risk factors for COVID-19 before Ap2i, 2020, and underwent testing according

to the framework illustrated in Figure 1. The tegtyield changed as the selection criteria



became stricter (Supplemental figure-1). Betweeril pand 16, 2020, 2,295 were tested in
Florida (Florida Validation Cohort). The clinicaharacteristics of the development cohort and

validation cohort are found in Table 1.

Nomogram results:. Imputation methods were evaluated with 1000 regaebootstrapped

samples. We found that models based on mediantatiuo appeared to outperform those based
on data from MICE imputation, so median imputatizas selected for the basis of the final
model. Variables that we looked at that were nahtbto add value beyond those included in our
final model for predicting COVID-19 test result lnded being a healthcare worker in Cleveland
Clinic, fatigue, sputum production, shortness @&dbh, diarrhea, and transplant history. The
bootstrap-corrected concordance index in the dewedmt cohort was 0.863 (95% CI 0.852,
0.874),and the IPA was 20.9% (95% CI: 18.1%, 23.7%). Tdrecordance index in the Florida
validation cohort was 0.839 (95% CI: 0.817, 0.86hy the IPA was 18.7% (95% CI: 13.6%,
23.9%). Figure 3 shows the calibration curves endavelopment and validation cohort. In the
development cohort, the predicted risk matchesrgbdegoroportions for low predictions before
the model begins to overpredict at high risk lev€lglibration in the Florida validation cohort is
acceptable, although predictions above 40% becombigh as the predicted probability
increases.

Cut-off Definition: Given that the tool provides a probability thatiaeividual subject will test

positive, the challenge is to use the tool in pcact This would usually require choosing a
cutoff, below which, the risk is sufficiently lovaat the subject would not be tested. Figure 4
illustrates the tradeoff by plotting the proportioinnegative tests avoided versus the proportion
of positive tests retained as the cutoff is inceeas A decision curve analysis showed that if the

threshold of action is 1.3% or less, the modebishetter than simply assuming everyone is



“high risk”. However, once the threshold become=sater than 1.3%, using the model to
determine who is high risk is preferable. The ngram and its online version available at

https://riskcalc.org/COVID19/ are shown in Figure 2

Discussion:

The COVID-19 pandemic has significantly impactee world, changing medical practice and
our society. Some countries are now recovering fitpbut many regions are just beginning to
be affected. In the United States, some statestidirpreparing for a “surge” that may

overwhelm the healthcare delivery system, whileerglare preparing to “re-open” and lift social
distancing measures. In a “pre-surge” situatiosgueces needed to address every step of a
patient’s trajectory through COVID-19 are limitesarting from testing, through hospitalization,
and intensive care if needed. In a “pre-reopensigiation, tools to better identify individuals at
risk of developing COVID-19 are sorely needed form policy.

We developed the Cleveland Clinic COVID-19 Registrynclude ALL patients tested for
COVID-19 (rather than just those with the disedsdjetter understand disease epidemiology,
and develop nomograms, tools that go beyond calesxriptions to individualize risk prediction
for any given patient. This could empower fronelimealthcare providers and inform decision-
making, immediately impacting clinical care. Weg@st here our first such nomogram, one that
predicts the risk of a positive COVID-19 test. Wanwto emphasize that our work should not be
interpreted as “accepting” or rationalizing inadatgutesting capacity. Our tool should not take
the pressure off being able to do what is righticélly for individual patients by expanding

testing capabilities.



COVID-19 testing challenge: Available COVID-19 ctal literature is mostly based on small

case series, or descriptive cohort studies of pistiaiready documented to have COVID?1%8:
this provides some information on the populaticet thay be at greatest risk of adverse
outcomesf they get infected with the virus, but does littberform us on who is at most risk to
get infected. The proportion of COVID (-) testd &gnificantly in our patient population with
stricter testing guidelines (Supplemental Figurebii} the yield remained very low, suggesting
that our ability to clinically differentiate COVID9 from other respiratory illnesses at the early
stages of the disease is limited, further suppgttire need for better tools to individualize
testing indications.

COVID-19 risk factors: Some of our predictors fevedloping COVID confirm prior literature.

For example, we corroborate a recent World Heaftja@ization report suggesting that men may
be at higher risk of developing COVID-%9thought to reflect underlying hormonal or genetic
risk. Our finding of a higher COVID-19 risk with @ancing age can be explained by known age-
related changes in the angiotensin-renin systemiée®* and humarfs that may facilitate

infection with the SARS-CoV2 virus which binds teethost cells through angiotensin receptors.
A family member with COVID-19 also increased thekrof testing positive in our cohort,
consistent with familial disease clustering obsdnveChina, and highlighting the limitations of
disease containment strategies that focus on hockedown without isolation of sick

individuals. In addition, our study provides sevenmgque insights, made possible by our large
sample size and our inclusion of a control cohb€OVID (-) patients. Critical findings

ultimately relevant to our model’s performance uus:



1-

lower risk of being COVID (+)in Asians relative @aucasian individuals in our cohort is
intriguing given the higher rates of spread aneake severity observed in the western
hemisphere now when compared to China.

Lower risk observed with pneumococcal polysaccleaviaccine and flu vaccine is also a
unique finding. The mechanism could be biologicalated possibly to the documented
sustained activation of Toll-Like Receptor 7 by th#uenza vaccin@: TLR-7 is critical
for the binding of single stranded RNA respirateiryises, such as SARS-Co V2, and
may thus explain some cross protection. Alterndtjeis correlation may just reflect
safer health practices in general of people whi& aad obtain vaccination.

Higher risk observed with poor socioeconomic stdtisng the Zipcode, our team was
able to infer estimated population per square kdtanand estimated median income
from the 5-year American Community Survey databBké end year of the 5-year dataset
is 2018. The critical role played by these variabieour final model emphasize the
importance of social influencers of health andrth@luence on disparities in healthcare
outcomes.

Most potentially impactful is the reduced risk eting positive in patients who were on
Melatonin, Carvedilol, and Paroxetine, drugs idédiin drug-repurposing studies to
have a potential benefit against COVID 18lelatonin upregulates Angiotensin
Converting Enzyme 2 (ACE2) expression, such thaeased occupancy of ACE2
receptors competes with SARS-CoV?2 viral attachrietie receptors and blocks efitry
Carvedilol was recently found to inhibit ACE-2-inghd proliferation and contraction in

hepatic stellate cells through the rhoa/rho-kinzatway’. It is unclear whether it has



similar effects on ACE-2 in lung endothelium. WAKCE-2 being key in the

pathophysiology of infection with SARS-CoV-2, oumdings are intriguing.
These findings would have to be reproduced andiatdd in clinical trials before their full
significance can be assessed. When interpretinghaltivariable model, it is important to
recognize that a single predictor cannot be in&tgal in isolation. For example, it is artificial t
claim that a drug is reducing risk since, in rgaldther variables tend to be different for a pdtie
who is on, or not on, a drug. Moving a patieneammogram axis, holding all other axes
constant, is hypothetical, since he or she isyikabving on other axes when moved on one.
This is the case for all multivariable statistipa¢diction models.

Nomogram performance: Model performance, as medswy¢he concordance index, is very

good in the development and in the validation cbfmstatistic =0.863 and 0.839 respectively).
This level of discrimination is clearly superioraaoin toss or assuming all patients are at
equivalent risk (both c-statistics = 0.5). The inte calibration of the model is excellent at low
predicted probabilities (see Figure 3), but songeagsion to the mean is apparent at predictions
beyond 40% or so in the validation cohort. Thisidcseem to be of little concern, that the
model is overpredicting risk at that level, sinkes s considerably high risk clinically and likely
beyond a threshold of action. Moreover, the méhat considers calibration, the IPA value,
confirms that the model predicts better than chamge model at all. The good performance of
our model in a geographically distinct region (kaj, and over time (validation cohort in
patients tested at a later timeframe) suggestptttarns and predictors identified in our model
are likely consistent across health systems arnidnegrather than specific to the unique spread

of the virus within Cleveland’s social structures.



Clinical utility: As with any predictive tool, thetility of a nomogram depends on the clinical
context. The decision curve analysis suggestdfttie goal is to distinguish patients with a risk
of 1.3% (or a higher cutoff) vs those of highekrithe prediction model is useful. In other
words, using the model to determine whom to testale more true positives per test performed
than does testing everyone as long as one is wiititest 1000 subjects to detect 13 cases. Any
cutoff choice involves tradeoffs of avoiding negattests vs. missing positive cases, illustrated
in Figure 4. Using a low prediction cut-off (<1.3%6m the tool) as a trigger to order testing

will allow us to continue to identify a vast magyrof COVID (+) cases (assuming we maintain
our other selection criteria for testing constavit)le avoiding testing a large proportion of
patients who are indeed COVID (-). This may be appate when testing supplies are abundant
and one wants to comprehensively survey the extie@OVID-19 in the population.

Conversely, in a resource-limited setting (e.g:pita$ facing a surge), a cut-off greater than
1.3% or more may be more appropriate to avoid uessany testing.

Study Limitations: Available real-time reverse tsanptase polymerase chain reaction (rRT-

PCR) tests of nasopharyngeal swabs have been ltypisad for diagnosis, but data suggest
suboptimal test performance as it only detectedsthiRS-CoV-2 virus in 63% of nasal swabs
and 32% of pharyngeal swabs in patients with kndiseasé In our study, we did both swabs,
hoping to at least partly address this limitatidtihough we performed validation of our model
in a temporally and geographically distinct coharé, acknowledge the fact that our results
depend on the particular time and place that the ware collected. As the pandemic evolves,
our results may not reflect updated distributionhaf virus in any given region and our model
will need to be re-fit. To accommodate an everaasing COVID-19 prevalence, the model will

need to be recalibrated and refit over time. Quine risk calculator is publicly available, but



direct integration with the electronic health retoan further improve its utility. The online
calculator will reflect this updating. Our studynist designed to evaluate the very real issue of
healthcare disparities which would require a pojaabased approach for the study of
healthcare delivery, beyond the scope of the woekgnted here. Our conclusions are highly
dependent on access to testing sites and docbessaiather than population-based predictors of

positive results.

Interpretation:

We provide an online risk calculator that can dftety identify individualized risk of a positive
COVID-19 test. Such a tool provides immediate bienefour patients and healthcare providers
as we face anticipated increased demand and limesalirces, but does not obviate the critical
need for adequate testing: the scarcity of resguragst not be accepted as an unalterable fact,
and we should resist the inevitability of lack eéources and inequities in healthcare. We also

provide some mechanistic and therapeutic insights.
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Table 1: Baseline demographic and clinical charesties in 11,672 patients who tested positive
Vs negative to COVID-19 in the development cohGitefeland Clinic Health System (CCHS)]

before 4/02/2020, and a validation cohort: 2,295 CCHS patients tested between
4/02/2020 and 4/16/2020.

Development Cohort Florida Validation Cohort
COVID-19 | COVID-19 p- COVID-19 | COVID-19 p-
Negative Positive | value Negative Positive value
N (%) 1085«
(93.0) 818 (7.0) 2005 (87.4) 290 (12.6)
Physician discretion <0.0C
(%) 773 (99.3) 6 (0.7) 1 580 (98.5) 9 (1.5) <0.00]
Demogr aphics:
<0.0(¢ <0.001
Race (%) 1
Asiar 174 ( 98) 9(2) 46 ( 85.2) 8 (14.8)
Black 2138 (91.1) | 207 (8.9) 209 ( 79.8 53 (20.2
Othel 1194 (92.1) | 102 (7.9) 369 (84.6 67 (15.4
White 7348 (93.6) | 500 (6.4) 1381(89.5) 162 (10.5)

Male (% 4192 (91.0) | 415 (9.0) <0.00)l 831 (85.8) 138 (142) 0.055
Ethnicity (% <0.001 <0.001
Hispanic 505 (91.3) | 48(8.7) 529 (81.4 121 (18.6)

Non-Hispanic 9608 (93.2) | 697 (6.8) 1383 (89.6) 160 (10.4)
Unknowr 741 (91.0) | 73(9.0) 93 (91.2) 9(8.8)
Smoking (% <0.001 <0.001
Current Smoke 1593 (97.7) | 37 (2.3) 67 (91.8) 6 (8.2)
Former Smoke 2692 (93.0) | 202 (7.0) 366 (81.3 84 (18.7
No 5141 (92.1) | 440 (7.9) 626 (87.4 90 (12.6
Unknowr 1428 (91.1) | 139 (8.9) 946 ( 89.6 110 (10.4)
46.89 54.23 51.60
Age (median [IQR]) | [31.57, [38.81, 56.02 [41.95,| [36.69,
Missing: 0.3% 62.85] 65.94] <0.001] 67.52] 63.08] <0.001
Exposur e history:
Exposed to COVII-19
? YES (%) 1510 (94.5) 88 (4.5) 0.013 492 (68.5 226 (31.5) 0.081
Family member witt
COVID-19 ? YES (%) | 911 (94.1) 57 (5.9) 0.174 467 (68.9 211 (31.1) .0eQ
Presenting symptoms:
Cough? Yes (¥ 2782 (95.5) | 130 (4.5) <0.00fL 609 (70.8) 251 (29.2)| <0.00}
Fever? Yes (¥ 1918 (94.6) 110(5.4) | <0.00k 532 (69.9) 229 (301)<0.001
Fatigue? Yes (¢ 1472 (94.4) 87 (5.6) <0.00L. 406 (68.4 188 (31.,6)<0.001
Sputum production
Yes (%) 929 (96.0) 38(4.0) | <0.00L 343 (68.2 160 (31.8) 0.001
Flu-like symptoms* 1813 (94.3) | 108 (5.7) 0.011
Yes (%) 507 ( 70.7) 210 (29.3)| <0.00]
Shortness of breatt 1578 (96.0) | 64 (4.0) <0.00L
Yes (%) 462 (75.5) 150 (24.5)| <0.00]
Diarrhea? Yes (% 629 (95.0) | 33(5.0) 0.043] 347 (69.5) 152 (30.5) <0.00]1




Loss of appetite? Ye | 671(93.4) | 47(6.6) 0.671
(%) 343 (67.0) 169 (33.0) <0.001
Vomiting? Yes (% 536 (97.1) | 16(2.9) <0.00F 309 (73.2) | 113(26.8)] <0.00}
Co-mor bidities.

28.46 29.23 0.001 28.91
BMI (median [IQR]) [23.90, [25.86, 27.60[23.49,| [24.81,
Missing: 43.3% 33.94] 33.78] 31.05] 33.60] 0.037
COPD/emphyseme 304 (96.2) | 12(3.8) 0.031
Yes (%) 36 (94.7) 2 (5.3) 0.257
Asthma? Yes (¥ 2761(94.9) | 147(5.1) <0.00L 176 (91.7) 16 (8.3) 0.07¢]
Diabetes? Yes 9 2486 (93.0) | 188 (7.0) 0.993] 224 (86.2) 36 (13.8) 0.6
Hypertension? Yes (¢ | 4324 (92.7) | 342 (7.3) 0.283] 460 ( 86.3) 73 (13.7) 0.444
Coronary arten 1325 (93.6) | 90 (7.4) 0.336
disease? Yes (%) 141 (97.9) 3(2.1) <0.001
Heart failure? Yes (9 | 1170 (94.7) | 66 (5.3) 0.018] 88(96.7) 3(3.3) 0.01
Cancer? Yes (9 1616 (93.7) | 108 (6.8) 0.208] 245 (92.8) 19 (7.2) 0.006]
Transplant history? Ye
(%) 190 (96.4) 7 (3.6) 0.046 43 (95.6) 2 (4.4) 0.14
Multiple sclerosis? Ye
(%) 96 (91.4) 9 (8.6) 0.66L 8(88.9) 1(11.1) 1
Connective tissu
disease? Yes (%) 3505 (94.5) | 203 (5.5) <0.00|L 41 (89.1 5 (10.9 880.
Inflammatory Bowe
Disease? Yes (%) 943 (95.6) | 45(4.4) 0.00R 34 (81.0) 8 (19.0) 0.304
Immunosuppressiv
disease? Yes (%) 1557 (94.5) | 91 (5.5) 0.01p 163 (92.6) 13 (7.4) 0.039
Vaccination history:
Influenza vaccine? Ye
(%) 5940 (93.9) | 384 (6.1) <0.00L 328 (91.6) 30 (8.4) 0.011
Pneumococcs
polysaccharide
vaccine? Yes (%) 2667 (95.2) | 135 (4.8) <0.00L 115 (92.0) 10 (8.0) 0.143
Laboratory findings
upon presentation:
Pre—testing platelet 245.00 190.00 <0.001 236.00 213.50
(median [IQR]) [189.00, [154.00, [180.00, [173.00,
Missing: 67.3% 304.00] 241.50] 304.00] 286.75] 0.698
Pre- testingAST 23.00 32.00 <0.001 31.00
(median [IQRY]) [17.00, [24.25, 22.00[18.00,| [21.00,
Missing: 72.9% 34.00] 47.00] 34.50] 53.25] 0.146
Pre- testing BUN 15.00 14.00 0.099
(median [IQRY]) [11.00, [10.00, 18.00 [13.00,| 12.00 [8.25,
Missing: 67.2% 23.00] 22.00] 27.25] 15.50] 0.003
Pre- testing Cholride 101.00 99.00 <0.001 100.00 97.50
(median [IQR]) [97.00, [96.00, [96.00, [92.75,
Missing: 67.2 % 103.00] 102.00] 102.00] 99.25] 0.026
Pre- testing Creatinini ] 0.90[0.71, | 1.01[0.79, | <0.001
(median [IQR]) 1.21] 1.29] 0.94[0.77, | 0.92[0.87,
Missing: 67.2% 1.45] 1.03] 0.677




Pre-testing hematocr

39.10

40.60

<0.001

38.50
(median [IQRY]) [34.20, [37.15, 36.80[32.20,| [36.02,
Missing: 67.3% 43.00] 43.85] 41.00] 43.20] 0.221
Pre- testing Potassiur | 4.00[3.80, | 4.00[3.70, | <0.001
(median [IQRY) 4.40] 4.20] 4.10[3.90, | 4.15[3.90,
Missing: 67.3% 4.60] 4.35] 0.808
Home medications.
Immunosuppressiv 423 (97.2) 12 (2.8) 0.001
treatment? Yes (%) 97 (83.6) 19 (16.4) 0.271]
NSAIDS? Yes (% 3084 (95.1) | 162 (5.0) <0.00L 156 (94.0) 10 ( 6.0) 0.011
Steroids? Yes (¢ 2317 (95.5) | 109 (4.5) <0.00L 135 (93.8) 9(6.2) 0.024
Carvedilol? Yes (¥ 333(96.2) | 13(3.8) 0.022| 27 (100.0) 0(0.0) 0.09
ACE inhibitor? Yes 805 (93.3) | 58(6.7) 0.784
(%) 60 ( 89.6) 7 (10.4) 0.718
ARB? Yes (% 585(91.7) | 53(8.3) 0.214] 78(90.7) 8(9.3) 0.434
Melatonin? Yes (% 513 (97.0) 16 ( 3.0) <0.00L 18 (100.0) 0(0.0) 0.206
Social influencers of
health:
PopulationPerSgKm | 3.06 [2.69, | 3.08[2.72, | 0.24
(median [IQRY]) 3.36] 3.37] 3.20[3.02, | 3.28[3.12,
Missing: 0.1% 3.35] 3.42] <0.001
Median Income 55.61 60.46 <0.001 59.07
(31000, median [IQR])| [38.73, [42.77, 66.28[53.41,| [47.59,
Missing: 0.1% 78.56] 84.24] 89.11] 75.56] <0.001
Population Per Housir| 2.21[1.88, | 2.25[1.89, | 0.038
Unit (median [IQR]) | 2-56] 2.59] 2.47[1.83, | 2.61[2.11,
Missing: 0.1% 2.87] 2.92] 0.001




Figure 1: Timeline illustrating evolution of cliratframework to COVID test ordering during
the first 10 days of testing. *patients were ordntsto the Emergency Department (ED) if they
needed evaluation of additional symptoms, and noglp to obtain COVID testing.
***guidelines to order COVID testing followed theDT recommendations. Main change in
Phase Il was better definition of high-risk categs, rather than reliance on “physician
discretion”. VV= Virtual Visit. Of note, only 6.7%vere tested in Phase [+Phase Il due to
Physician Discretion alone, so that number wasstoall to perform any modeling work in that

group.

All patient screening to order COVID testing was done in context of virtual visits (Primary Care Practice using available telehealth
services), or from emergency department (ED) visits *

Phase I: Phase II: Phase Ill:
March 12-13** March 14-17 March 18-25
L . Focus on high risk patients as defined by
Guideline to order COVID-19 testing: any of the following:
: : : Age >60yo or <36 months
Recent travel history to high-risk area, OR On immune therapy
Symptoms of respiratory illness (cough, fever, flu-like Cancer, End-stage renal disease,
symptoms), OR diabetes, hypertension, coronary
Physician Discretion, OR artery disease, heart failure reduced

Known contact with a patient with COVID-19 ejection fraction, lung disease,
HIV/AIDS, solid organ transplant.

contact with known COVID-19
patient

Clinical context to order COVID-19
testing: Order placed in VV or ED

3 nasopharyngeal swabs obtained/patient in emergency room.

1 swab is tested for Influenza.
COVID testing performed on 2 remaining swabs (nasal +pharyngeal) only if negative flu testing




Figure 2:This figure illustrates the graphical vensof the model (homogram in 2A) and the
corresponding online risk calculator found at hifpskcalc.org/COVID19/ (2B). The example
for both is a 60 yo white male, former smoker, vpnesented with cough, fever, and a history of
a known family member with COVID-19. He has corgnartery disease, did not receive
vaccinations against influenza or pneumococcal progia this year, and is only on Melatonin
to help with sleep. No labs were done at time oMO®19 testing. His predicted risk of testing
positive is 13.79%. If race is changed to blackhwil other variables remaining constant, his
relative risk almost doubles to an absolute valu@3095%.
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Fig 2B: Online risk calculator

Predict COVID-19 test result
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Figure 3: Calibration curves for the model predigtiikelihood of a positive test. The x-axis
displays the predicted probabilities generatedhieystatistical model and the y-axis shows the
fraction of the patients who were COVID-19 (+) la¢ given predicted probability. The 45° line,



therefore, indicates perfect calibration where ggample, at a predicted probability of 0.2 is
associated with an actual observed proportionaxf The solid black line indicates the model’s
relationship with the outcome. The closer the ig® the 45° degree line, the closer the
model’s predicted probability is to the actual pydn. Figure 3A shows the calibration curve
in the Development cohort of 11672 tested in ClawelClinic Health System before April 2.
Figure 3B shows the calibration curve in the Flarithlidation Cohort (2295 patients tested in
Cleveland Clinic Florida from 4/2/2020-4/16/2028% demonstrated, there is excellent
correspondence between the predicted probabiliypsitive test and the observed frequency
of COVID-19 (+) in both cohorts.
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Figure 4: Proportion of COVID-19 (-) tests beingaled (solid line, true negative rate) versus
proportion of COVID-19 (+) tests being identifiedbShed line, true positive rate) at different
nomogram predicted probability cut-offs. . For exéenif a predicted probability of 0.60 and
beyond was required before testing, nearly all ieg@ases would have been avoided, but about



95% of positive cases would have been missed. cAit-aff of 12.3%, the proportion of negative
tests being avoided is equal to the proportionagitpre tests being detected (intersection of Red
and Blue lines). Table shows the sensitivity, sip@ty, negative predictive value (NPV), and
positive predictive value (PPV) for this cut-off 82.3%. For higher cut-offs, we illustrate how
sensitivity decreases while specificity increases.
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Cut-off: 30% 0.483 0.913 0.924 0.444
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Table 1: Basdline demographic and clinical characteristicsin 11,672 patients who tested positive
vs negative to COVID-19 in the development cohort [Cleveland Clinic Health System (CCHS)]

before 4/02/2020, and a validation cohort: 2,295 Florida CCHS patients tested between

4/02/2020 and 4/16/2020.
Development Cohort Florida Validation Cohort
CovVID- | COVID- COVID-
19 19 p- | COVID-19 19 p-
Negative | Positive | value | Negative Positive | value
N 10854 818 2005 290
Physician discretion <0.00
(%) 773(99.3) | 6(0.7) 1 580 ( 98.5) 9(15) <0.001
Demographics:
<0.00 <0.001
Race (%) 1
Asian 174 ( 98) 9(2) 46 ( 85.2) 8 (14.8)
Black 2138 (91.1) | 207 (8.9) 209 ( 79.8) 53 (20.2)
Other 1194 (92.1) | 102 (7.9) 369 ( 84.6) 67 (15.4)
White 7348(93.6) | 500 (6.4) 1381(89.5) | 162(105)
Male (%) 4192 (91.0) | 415(9.0) <0.001 | 831(85.8) 138 (14.2) 0.055
Ethnicity (%) <0.001 <0.001
Hispanic 505(91.3) | 48(8.7) 529 ( 81.4) 121 (18.6)
Non-Hispanic 9608 (93.2) | 697 (6.8) 1383(89.6) | 160 (10.4)
Unknown 741(91.0) | 73(9.0) 93(91.2) 9(8.8)
Smoking (%) <0.001 <0.001
Current Smoker 1593(97.7) | 37(2.3) 67 (91.8) 6(8.2)
Former Smoker 2692 (93.0) | 202 (7.0) 366 ( 81.3) 84 (18.7)
No 5141 (92.1) | 440(7.9) 626 ( 87.4) 90 (12.6)
Unknown 1428 (91.1) | 139 (8.9) 946 ( 89.6) 110 (10.4)
_ 46.89 54.23 51.60
Age (median [IQR]) | (3157, [38.81, 56.02[41.95, | [36.69,
Missing: 0.3% 62.85] 65.94] <0.001 67.52] 63.08] <0.001
Exposur e history:
Exposed to COVID-
19 ? YES (%) 1510 (94.5) 88 (4.5) 0.013 | 492 (68.5) 226 (31.5) | <0.001
Family member with
COVID-19?YES
(%) 911 (94.1) 57 (5.9) 0174 | 467(68.9) 211 (31.1) | <0.001
Presenting
symptoms:
Cough? Y es (%) 2782(95.5) | 130(4.5) <0.001 | 609 (70.8) 251(29.2) | <0.001
Fever? Yes (%) 1918 (94.6) 110(5.4) | <0.001 | 532 (69.9) 229 (30.1) | <0.001
Fatigue? Y es (%) 1472 (94.4) 87 (5.6) <0.001 | 406 ( 68.4) 188 (31.6) | <0.001
Sputum production?
Y es (%) 929 (96.0) 38(4.0) | <0.001| 343(68.2 160 (31.8) | <0.001




Flu-like symptoms? 1813(94.3) | 108 (5.7) 0.011
Y es (%) 507 ( 70.7) 210 (29.3) | <0.001
Shortness of breath? | 1578(96.0) | 64 (4.0) <0.001
Y es (%) 462 ( 75.5) 150 (24.5) | <0.001
Diarrhea? Y es (%) 629 (95.0) |33(50) 0.043 347 (69.5) 152 (30.5) | <0.001
Loss of appetite? Yes | 671(93.4) 47 (6.6) 0.671
(%) 343 ( 67.0) 169 (33.0) | <0.001
Vomiting? Yes (%) 536(97.1) |16(29) <0.001 | 309(73.2 113(26.8) | <0.001
Co-morbidities:

_ 28.46 29.23 0.001 28.91
BMI (median [IQR]) | [23.90, [25.86, 27.60[23.49, | [24.81,
Missing: 43.3% 33.94] 33.78] 31.05] 33.60] 0.037
COPD/emphysema? [ 304(9%6.2) |12(338) 0.031
Yes (%) 36 (94.7) 2(5.3) 0.257
Asthma? Y es (%) 2761(94.9) | 147(5.1) <0.001 | 176 (91.7) 16 (8.3) 0.078
Diabetes? Y es %) 2486 (93.0) | 188(7.0) 0.993 224 (86.2) 36 (13.9) 0.6
Hypertension? Y es 4324 (92.7) | 342(7.3) 0.283
(%) 460 ( 86.3) 73 (13.7) 0.444
Coronary artery 1325(93.6) | 90(7.4) 0.336
disease? Y es (%) 141 (97.9) 3(21) <0.001
Heart failure? Yes 1170 (94.7) | 66(5.3) 0.018
(%) 88 (96.7) 3(33) 0.01
Cancer? Yes (%) 1616 (93.7) | 108 (6.8) 0.208 245 (92.8) 19(7.2) 0.006
Transplant history?
Y es (%) 190 (96.4) 7(3.6) 0.046 43 ( 95.6) 2(4.4) 0.149
Multiple sclerosis?
Y es (%) 96 ( 91.4) 9(8.6) 0.661| 8(88.9) 1(11.1) 1
Connectivetissue
disease? Y es (%) 3505 (94.5) | 203 (5.5) <0.001 | 41(89.1) 5(10.9) 0.889
Inflammatory Bowel
Disease? Y es (%) 943(95.6) | 45(4.4) 0.002| 34(810) 8 (19.0) 0.304
Immunosuppressive
disease? Y es (%) 1557 (94.5) | 91(5.5) 0.012| 163(92.6) 13 (7.4) 0.039
Vaccination history:
Influenza vaccine?
Yes (%) 5940 (93.9) | 384 (6.1) <0.001 | 328(91.6) 30(8.4) 0.011
Pneumococcal
polysaccharide
vaccine? Yes (%) 2667 (95.2) | 135 (4.8) <0.001 | 115(92.0) 10 ( 8.0) 0.143
Laboratory findings
upon presentation:
Pre-testing platelets 245.00 190.00 <0.001 236.00 213.50
(median [IQR]) 5%396%(])’ [215145%?’ [180.00, [173.00,
Missing: 67.3% ' ' 304.00] 286.75] 0.698

23.00 32.00 <0.001 | 22.00[18.00, 31.00

Pre- testing AST [17.00, [24.25, 34.50] [21.00, 0.146




(median [IQR]) 34.00] 47.00] 53.25]
Missing: 72.9%
Pre- testing BUN 15.00 14.00 0.099
(median [IQR]) [221(')%(])’ [21206%(])’ 18.00[13.00, | 12.00[8.25,
Missing: 67.2% ' ' 27.25] 15.50] 0.003
Pre- testing Cholride 101.00 99.00 <0.001 100.00 97 50
(median [IQR]) [1%2%%] [1%%%%] [96.00, [92.75,
Missing: 67.2 % ' ' 102.00] 99.25] 0.026
Pre- testing 0.90[0.71, |1.01[0.79, | <0.001
Creatinine (median | 1211 1.29]
[1QR]) 0.94[0.77, | 0920487,
Missing: 67.2% 1.45] 1.03] 0.677
Pre-testing 39.10 40.60 <0.001
hematocrit (median 51354620(])’ 5%7%? 38.50
[1QR]) ' ' 36.80[32.20, | [36.02,
Missing: 67.3% 41.00] 43.20] 0.221
Pre- testing 4.00[3.80, | 4.00[3.70, | <0.001
Potassium (median | 440 4.20]
[IQR]) 410[3.90, | 4.15[3.90,
Missing: 67.3% 4.60] 4.35] 0.808
Home medications:
Immunosuppressive | 423(97.2) 12(2.8) 0.001
treatment? Y es (%) 97 ( 83.6) 19 (16.4) 0.271
NSAIDS? Yes (%) 3084 (95.1) | 162(5.0) <0.001 | 156 (94.0) 10 ( 6.0) 0.011
Steroids? Y es (%) 2317(95.5) | 109(4.5) <0.001 | 135(93.8) 9(6.2) 0.024
Carvedilol? Yes (%) | 333(96.2) | 13(3.98) 0.022 27 (100.0) 0(0.0) 0.09
ACE inhibitor? Yes ]805(93.3) |58(6.7) 0.784
(%) 60 ( 89.6) 7 (10.4) 0.718
ARB? Yes (%) 585(917) | 53(8.3) 0.214 78 (90.7) 8(9.3) 0.434
Melatonin? Yes (%) [ 513(97.0) | 16(3.0) <0.001 | 18(100.0) 0(0.0) 0.206
Social influencer s of
health:
PopulationPerSqgKm* | 3.06[2.69, |3.08[2.72, [0.24
(median [IQR]) 3:36] 3371 320[3.02, | 3.28[3.12
Missing: 0.1% 3.35] 3.42] <0.001
Median Income 55.61 60.46 <0.001

- [38.73, [42.77,
($1000, median 78.56] 84.24] 59.07
[IQR]) 66.28[53.41, | [47.59,
Missing: 0.1% 89.11] 75.56] <0.001
Population Per 221[1.88, |225[1.89, | 0.038
Housing Unit 2.56] 2.59]
(median [IQR]) 247[183, | 261[211,
Missing: 0.1% 2.87] 2.92] 0.001




Thepointsline identifies the points that are associated with each of
the predictor variables.
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Figure 2B- Online Risk Calculator

Step 3: Obtain
Predict COVID-19 test result Step2: Run P

individualized prediction
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Figure 1

All patient screening to order COVID testing was done in context of virtual visits (Primary Care Practice using available telehealth
services), or from emergency department (ED) visits *

Phase I: Phase Il: Phase llI:

March 12-13** March 14-17 March 18-25

Focus on high risk patients as defined by
any of the following:

Age >60yo or <36 months
Recent travel history to high-risk area, OR On immune therapy

Symptoms of respiratory illness (cough, fever, flu-like Cancer, End-stage renal disease,
symptoms), OR diabetes, hypertension, coronary
Physician Discretion, OR artery disease, heart failure reduced

Known contact with a patient with COVID-19 ejection fraction, lung disease,
HIV/AIDS, solid organ transplant.
contact with known COVID-19
patient

Guideline to order COVID-19 testing:

Clinical context to order COVID-19
testing: Order placed in VV or ED

* 3 nasopharyngeal swabs obtained/patient in emergency room.
* 1 swab is tested for Influenza.
* COVID testing performed on 2 remaining swabs (nasal +pharyngeal) only if negative flu testing



Figure 3: Calibration curves for the model predicting likelihood of a positive test. The x-axis displays the predicted probabilities generated by the
statistical model and the y-axis shows the fraction of the patients who were COVID-19 (+) at the given predicted probability. The 45° line, therefore,
indicates perfect calibration where, for example, at a predicted probability of 0.2 is associated with an actual observed proportion of 0.2. The solid
black line indicates the model’s relationship with the outcome. The closer the line is to the 45° degree line, the closer the model’s predicted
probability is to the actual proportion. Figure 3A shows the calibration curve in the Development cohort of 11672 tested in Cleveland Clinic Health
System before April 2. Figure 3B shows the calibration curve in the Florida Validation Cohort (patients tested in Cleveland Clinic Florida from
4/2/2020-4/16/2020). As demonstrated, there is good correspondence between the predicted probability of a positive test and the observed
frequency of COVID-19 (+) in all cohorts.
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Figure 4
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Predicted probability cutoff
Sensitivity | Specificity NPV PPV
Cut-off: 10% 0.803 0.730 0.963 0.301
Recommended cut-off: 12.3% 0.762 0.765 0.957 0.319
Cut-off: 30% 0.483 0.913 0.924 0.444




