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Abstract

Background: Few models exist that incorporate measures from an array of individual characteristics to predict the risk of
COVID-19 infection in the general population. The aim was to develop a prognostic model for COVID-19 using readily obtain-
able clinical variables.

Methods: Over 74 weeks surveys were periodically administered to a cohort of 1381 participants previously uninfected with
COVID-19 (June 2020 to December 2021). Candidate predictors of incident infection during follow-up included demographics,
living situation, financial status, physical activity, health conditions, flu vaccination history, COVID-19 vaccine intention, work/
employment status, and use of COVID-19 mitigation behaviors. The final logistic regression model was created using a penalized
regression method known as the least absolute shrinkage and selection operator. Model performance was assessed by discrim-
ination and calibration. Internal validation was performed via bootstrapping, and results were adjusted for overoptimism.

Results:Of the1381participants, 154 (11.2%) had an incidentCOVID-19 infectionduring the follow-upperiod. Thefinalmodel included
six variables: health insurance, race, household size, and the frequency of practicing three mitigation behavior (working at home, avoiding
high-risk situations, and using facemasks). The c-statistic of the final model was 0.631 (0.617 after bootstrapped optimism-correction).
A calibration plot suggested that with this sample the model shows modest concordance with incident infection at the lowest risk.

Conclusion: This prognostic model can help identify which community-dwelling older adults are at the highest risk for incident
COVID-19 infection and may inform medical provider counseling of their patients about the risk of incident COVID-19 infection.
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Introduction
As of December 2022, it is estimated there have been over
650,000,000 COVID-19 infections from the SARS-CoV-2
virus worldwide and almost 100,000,000 in the USA (https://
covid19.who.int/ accessed 29 December 2022).1 Researchers
worldwide have been collecting population-based data from
individuals who are uninfected with COVID-19 along with
infected people and tracking their status over time to assess
COVID-19 prevalence and incidence rates. As COVID-19 var-
iants develop, the dynamics of the infection process change and
public health officials and clinicians are faced with estimating
the risk for COVID-19 infection.2

At the outset of the COVID-19 pandemic beginning in early
2020, public health agencies developed and disseminated
guidelines for reducing the risk of infection. Prior to and
early in the distribution of COVID-19 vaccines in the United
States in December 2020–January 20213 Centers for Disease
Control (CDC) issued guidelines comprised of ten behavioral
measures including masking, social distancing, working at
home, staying home, avoiding crowds, washing hands, avoid-
ing high-risk situations, avoiding restaurants, avoiding touching
people, and wiping surfaces.4 On a global basis, similar behav-
ioral and nonpharmaceutical guidelines were studied and rec-
ommended by public health organizations1,5,6 and other
investigators.7–9 The efficacy of such behavioral and nonphar-
maceutical interventions in the time frame previous to the initi-
ation of the rollout and widespread availability of vaccines in
the United States and Europe were largely found to be the
most useful tools to attenuate the rate of Covid-19 infec-
tion.10–16 Community studies of adherence to behavioral and
nonpharmaceutical interventions contributed to building an
evidence base about the uptake of the nonvaccine guide-
lines.9,12,17–27

Utilizing the power of extant databases (eg, formal registries,
electronic health records, or various types of surveys), data
of all types can be fed into programs that model the risk
of a given outcome, such as hospitalization or death28,29.
However, few models exist that incorporate measures from an
array of individual characteristics, including clinical and socio-
demographic features and use of CDC-recommended protective
behaviors, among other items, to predict the risk of COVID-19
infection in the general previously uninfected population.
Ultimately clinicians can translate the predictions to effectively
counsel patients as to their risk with respect to modifiable risk
factors. To address this issue, we developed a prognostic
model for incident COVID-19 infection among uninfected par-
ticipants in a longitudinal, community-based cohort study.

Methods

Study Sample
All data from this study came from the Cabarrus County
COVID-19 Prevalence and Immunity (C3PI) Study. The
C3PI Study was a community COVID-19 surveillance study

that enrolled 1410 individuals from the Measurement to
Understand the Reclassification of Disease of Cabarrus/
Kannapolis (MURDOCK) Study Community Registry and
Biorepository longitudinal cohort30,31 and was conducted in
North Carolina by Duke University with funding from the
North Carolina Department of Health and Human Services
(NCDHHS). The design and methods of this study were pub-
lished previously.32 Briefly, each participant completed a base-
line survey covering demographics, current health status,
household features, lifestyle, and employment and their percep-
tions of the COVID-19 pandemic, use of COVID-19 mitigation
behaviors, and attitudes about COVID-19 vaccination.
Follow-up after the baseline survey occurred on a biweekly
basis for up to 74 weeks. Of all participants, 29 (2.1%) did
not respond to most or all of the use of COVID-19 mitigating
behavior items (see Measures) and were dropped from the anal-
ysis. This left 1381 (97.9%) that were ultimately included in
this analysis with an age range from 24 to 98 years. Over the
course of the follow-up period, there were 154 COVID-19
infections. COVID-19 infections were identified from C3PI
Study-related testing in a subset of 300 individuals in a
COVID-19 testing subcohort or from self-report of infection
in the biweekly surveys.

Measures
The baseline survey comprised nearly 370 unique items query-
ing a variety of dimensions before a vaccine for COVID-19 was
available (Appendix 1: the baseline survey). For the current
analysis, a subset of representative items was identified by
the authors, and in some cases, summary variables were
constructed:

• Demographics
• Living situation
• Financial status
• Physical activity
• Health conditions
• Flu vaccination history
• COVID-19 vaccine intention
• Work/employment status
• Use of COVID-19 mitigation behaviors from CDC.4

After a data reduction, data quality, and adjudication decision-
making process, 34 separate items were included in the analysis
(see Table 2).

Statistical Analysis
Descriptive statistics comparing participants with and
without incident COVID-19 infections during the follow-up
period were presented as means (SD) for continuous variables
or frequencies for categorical variables. To develop our predic-
tion model, we included the selected variables described above
in a multivariable logistic regression33 with any infection
during the follow-up period as the outcome variable. Missing
values were imputed using single-imputation maximum
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likelihood estimation. We then developed a parsimonious
model by using a penalized regression method known as the
least absolute shrinkage and selection operator (LASSO)34

specifying 500 bootstrap samples and included those predictors
that were retained in more than 10% of the bootstrapped
samples35 for the final logistic model. There are several
methods for selecting a set of independent variables for use to
develop the “best” regression model, but some such as the
family of methods known as stepwise regression have several
problems including inflated R2 values, invalid F and
Chi-square distributions, underestimated standard errors and
confidence intervals with resultant too small p-values, inflated
parameter estimates, and exacerbated issues around multicolli-
nearity.33 LASSO selection arises from a constrained form of
ordinary least squares regression where the sum of the absolute
values of the regression coefficients is constrained to be smaller
than a specified parameter.34 Using conventional methods,
model performance was assessed through discrimination and
calibration.

Discrimination of the logistic models refers to the ability of
the model to separate individuals who develop an infection
from those who do not.36 Calibration refers to the graphical
association between the observed risk of infection and predicted
risk. This was visually assessed via a calibration plot with the
x-axis displaying the predicted estimate from the model and
the y-axis displaying the observed proportion of infection.37

Internal validation was assessed by evaluating the c-statistic
of results of bootstrapped samples.33 Estimates from the final
model were used to develop several hypothetical scenarios
based on a participant’s specific characteristics in order to illus-
trate the risk of infection. All statistical analyses were per-
formed using SAS statistical software, version 9.4 (SAS
Institute, Inc, Cary, NC).

Ethics
Both the parent MURDOCK Study (Approval Number:
Pro00011196) and Phase 1 and 2 of the C3PI Study
(Approval Number: Pro00105703) were approved by the
Duke Health Institutional Review Board. Participants provided
electronic informed consent within REDCap<συπ>® to partici-
pate in the C3PI Study.

Results

Baseline Characteristics
The baseline characteristics of the 1381 participants included in
this study are summarized in Table 1. Of the total sample, 154
(11.2%) participants reported or tested positive for a COVID-19
infection.

For most of the demographic, living situations, employment,
health conditions, and attitudes and behaviors associated with
the COVID-19 pandemic, the infected and noninfected
groups were similar in their characteristics (Table 1). The
group with an infection was on average about 2.1 years

younger (p = .054), had a lower proportion of Whites (p =
.005), a higher proportion with Hispanic ethnicity (p = .03),
reported more people living in their household (p = .05), and
a lower proportion who had any health insurance coverage
(p < .0001). Of the CDC-recommended COVID-19 mitigation
behaviors, compared with the not-infected group the infected
group reported lower average frequencies of practicing
using facemasks (p = .03), maintaining six-foot distances
(p = .04), avoiding high-risk situations (p = .008), working
at home (p = .002), and avoiding touching people (p = .04).

Modeling COVID-19 Infection Using LASSO
The candidate variables were analyzed for predicting
COVID-19 infection using LASSO. The final model retained
six variables (Table 2): Any current health insurance coverage
(yes or no); Race (white, black, or other); the number of
people living in the household; and the frequency of practicing
three CDC-recommended mitigation behavior (working at
home, avoiding high-risk situations, and using facemasks.
The c-statistic for this model was 0.631. After bootstrap internal
validation, the optimism-corrected estimate of the c-statistic
was 0.617. A calibration plot is shown in Figure 1. Based on
the parameter values from the final logistic model, we present
a set of estimates for risk of infection for a set of hypothetical
patients with different baseline characteristics (Table 3) and
graphically in Figure 2.

Discussion
Using the LASSO method in a community-based cohort we
developed a prognostic model for incident COVID-19 infection
during one-year follow-up surveillance after the baseline
assessment. In our final model the effects of not having
current insurance, identifying as non-White race, having four
or more people in the household, and not frequently using a
face mask significantly contributed to the prognostic informa-
tion for incurring an incident COVID-19 infection, while not
working from home fell just out of the range of statistical
significance.

As noted above, the set of items captured in the baseline
survey (Appendix 1: the baseline survey) was wide-ranging
and included candidate risk factors prevalent in the current lit-
erature of the time as well as the behavioral and nonpharma-
ceutical interventions, for example.5,7 Many of these variables
included in the final model are consistent with previous litera-
ture that employed LASSO to process a wide selection of epi-
demiologic variables to model incident COVID-19 infection,
particularly those related to race, number of people in the
household, and level of compliance with some of the CDC mit-
igation behavior guidelines.38 While in that study many of the
same or similar demographic characteristics were included in
the initial set of variables, the most informative one in our
final model, health insurance coverage, was not included
although it is likely that insurance status is associated as a
marker or proxy for social deprivation, poorer health, and
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inadequate resources.39 Liang et al.28 used a cohort infected
with COVID-19 and constructed a calculator to estimate the
risk of critical illness, and used primarily clinical characteristics
upon presentation at hospital admission to calculate the risk

score. The objective of our study was to develop an algorithm
from a model as a proof-of-concept that given a sufficiently
large evidence base a valid prognostic model can be used to
inform a simple risk calculator so that clinicians can effectively

Table 1. Baseline Characteristics of Participants by Infection status During Follow-up.

Infected
(n = 154)

Not infected
(n = 1227) p-value

Age, mean (SD)Range 58.3 (12.9)24–98 60.4 (12.5)26–91 0.054
BMI, mean (SD) 29.5 (6.7) 28.6 (6.1) 0.12
Sex, % female 68.8 69.2 0.92
Race (%)

White 77.9 87.2 0.005
Black 11.7 7.7
Other 10.4 5.1

Hispanic ethnicity 8.4 4.4 0.026
Annual income < 50,000 (%) 18.6 21.9 0.36
Education: Less than college grad (%) 31.4 28.7 0.48
Number living in household, mean (SD) 2.7 2.5 0.05
Any people under 18 years old living in household, % 30.9 24.1 0.07
Covered by some type of insurance (%) 90.2 97.5 <.0001
How serious a problem is the COVID-19 pandemic (from 1 to 4), mean (SD):

For you personally? 2.18 (0.98) 2.13 (0.97) 0.48
For people in your community? 1.86 (0.87) 1.81 (0.90) 0.50
For people in the United States? 1.68 (0.85) 1.57 (0.83) 0.14
For people of the world? 1.69 (1.02) 1.56 (0.87) 0.08

Self-rated health pre-COVID-19, 1 = excellent 5 = poor, mean (SD) 2.21 (0.97) 2.20 (0.87) 0.94
Self-rated health over the past two weeks, 1 = excellent 5 = poor, mean (SD) 2.29 (0.89) 2.22 (0.86) 0.35
Has your work situation changed since the COVID-19 pandemic began in North Carolina? (% Yes) 30.1 26.5 0.34
Employment status pre-COVID-19 (%) 0.22

Full-time 44.8 42.4
Part-time 12.3 8.8
Unemployed 0 1.3
Retired 28.6 35.8
Homemaker 7.8 6.9
Other 6.5 4.9

Received flu vaccine past year (%) 75.3 79.2 0.27
Intend to get vaccine for COVID-19 when one becomes available (%)

Yes 57.5 61.8 0.56
No 9.2 7.6
Do not know 33.3 30.6

Engage in moderate physical exercise on a weekly basis (%) 72.1 72.6 0.89
Currently smoke tobacco (%) 2.7 3.8 0.46
Ever smoke tobacco (%) 26.0 29.9 0.31
Currently consume alcohol at least once a week (%) 45.8 43.5 0.59
CDC recommended COVID-19 mitigating Behaviors, 1 = never 5 = always, mean (SD)

Use facemask 4.09 (1.15) 4.28 (1.03) 0.03
Washed hands 4.71 (0.54) 4.70 (0.57) 0.91
Maintain six feet 4.28 (0.70) 4.40 (0.62) 0.04
Avoid crowds 4.60 (0.71) 4.69 (0.63) 0.14
Avoid high-risk situations 4.49 (0.90) 4.65 (0.67) 0.008
Avoid restaurant food 3.16 (1.24) 3.22 (1.24) 0.57
Work at home 3.22 (1.74) 3.67 (1.62) 0.002
Avoid touching people 4.52 (0.85) 4.64 (0.69) 0.04
Staying home 4.78 (0.73) 4.85 (0.66) 0.22
Wiped surfaces 4.26 (1.02) 4.19 (0.95) 0.36
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counsel patients as to their risk with respect to modifiable risk
factors. On a cumulative basis, the administration of vaccine
doses exceeds 13 billion1 but the global distribution of those
doses is highly variable,40 leaving large groups of individuals
as unvaccinated or partially vaccinated. While the vaccines
have been shown to be effective40,41 the antibodies for the
Omicron variants can wane substantially over time rendering
fully vaccinated and boosted individuals protection against hos-
pitalization and death but vulnerable to asymptomatic and
symptomatic infection.42 For the groups of currently unvacci-
nated individuals prognostic models similar to the one pre-
sented here have value for the clinician offering counseling

regarding modifiable behaviors such as using facemasks, avoid-
ing high-risk situations, working at home, and other nonphar-
maceutical behavioral measures. The prognostic models can
be revised to estimate risk of Covid-19 infection for the partially
and fully vaccinated in the context of waning effectiveness of
administered doses of vaccine.

Our final model included variables dichotomized as “yes/
no,” which could be assessed using a short questionnaire in a
clinician’s office and potentially entered into a web- or
computer-based calculator utility. For example, using Table 3
hypothetical patient examples, the model estimates that the
non-COVID-19 infected patient with all the risk factors has a

Figure 1. LASSO calibration plot.

Table 2. Multivariable-adjusted prognostic factors assessed at baseline for incident COVID-19 infection during follow-up after penalized least
absolute shrinkage and selection operator selection.

Odds ratio 95% CI

Not having current insurance 2.89 1.46–5.72
Did not frequently work at home (dichotomized)ψ 1.42 0.99–2.03
Non-White race 1.61 1.03–5.23
Not frequently avoiding high-risk situations (dichotomized)ψ 1.26 0.63–2.55
Number in house >= 4 1.50 1.01–2.23
Not frequently using face mask (dichotomized)ψ 1.60 1.04–2.46
c-statistic = 0.631
Optimism-corrected c-statistic after bootstrap validation = 0.617

ψCDC recommended mitigating behaviors were dichotomized as: 1, 2, 3 = Not frequently practicing behavior, 4 or 5 = frequently practicing the behavior
δReferent group was White race
Abbreviations: c-statistic, concordance statistic (or area under the receiver operating characteristic curve); CDC: Centers for Disease Control.
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61% risk of an incident COVID-19 infection at some point in
the next year. The patient with all the risk factors except “not
frequently using face masks” has about a 50% risk, so all
other things being equal, in that case not frequently using face-
masks adds about 10–11% risk. Similar types of added risk sce-
narios can help clinicians counsel their patients in practicing
these modifiable risk behaviors. The model had modest discrim-
ination, with a c-statistic of 0.631 (optimism corrected to
0.617).43 Rozenfeld et al.43 developed a more discriminating
risk factor model (c-statistic 0.78) for COVID-19 infection
using a much larger sample of over 34,000, but did not
include variables with modifiable risk factors. Among a large
cohort of nursing home patients, Mehta et al. found29 significant

associations of incident COVID-19 infection, including
non-White race and other demographic and facility-level
factors, but did not construct a multivariable model or risk
calculator.

There are a few important limitations to the construction of
this prognostic model. First, while the rate of incident infections
was in the range reported at the time the database was active, the
number of infections was not high enough to provide sufficient
statistical power to accurately classify many individuals to the
correct true infection status (see the calibration plot,
Figure 1). Although it appears that the estimated infection pro-
jection below 25% has a modest agreement with the observed
infection rate, at higher estimated levels the agreement is low.

Table 3. Hypothetical patient examples with the prediction model’s calculated predicted probability of COVID-19 infection.

Not having
current
insurance

Not work
at home

Non-White
race

Not avoid
high-risk
situations

Number in
house >= 4

Do not
frequently
use face mask

Estimated risk of
incident COVID-19
infection

95% CI for risk
estimate

Lower Upper

- - - - - - 0.07 0.06 0.09
- - X - - - 0.11 0.07 0.17
- X - - X X 0.21 0.14 0.31
X - X - - - 0.27 0.15 0.43
- X - - - X 0.37 0.20 0.58
X X - X X - 0.38 0.19 0.62
X X X X X - 0.50 0.28 0.71
X X X X X X 0.61 0.38 0.80

Figure 2. Predicted probability of infection using hypothetical scenarios from final model.
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With a larger database that offers enhanced discriminatory
power it is likely that the calibration between estimated and
observed infection rates can be improved. Therefore, the
model discrimination, as noted above, was modest. Also, it is
common that in the LASSO procedure, variables retained in
the final models are developed from being present in at least
50% of the models, while we used 10% as the threshold,
mostly for illustrative purposes. Further, most of the incident
infections in our analysis were derived from self-report from
follow-up surveys rather than from serology databases, which
could have led to under- or over-identification of true infec-
tions; thus, affecting both power and potentially introducing
error into the estimate of associations with infection.
However, the surveys did collect the date of diagnosis and
method of diagnosis to add stringency to this self-report ques-
tion. Finally, during the follow-up period there was 15.9%
early termination (5.8% in the infected group and 17.2% in
the non-infected group) so there are likely incident infection
cases that were missed from the final count.

Conclusion
In summary, the COVID-19 pandemic has persisted since early
2020 and as new variants develop, infections affect patient
health status and contribute greatly to healthcare costs and uti-
lization. Our model offers proof of concept that the risk of inci-
dent COVID-19 infection can be estimated using a limited
number of predictor variables. We believe this prognostic infor-
mation could provide foundational information to develop tool
clinicians and patients can use to assess risk, guide clinical deci-
sions and inform the allocation of healthcare resources.
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