
Open Forum Infectious Diseases                                   

M A J O R  A R T I C L E

An Elastic Net Regression Model for Identifying Long 
COVID Patients Using Health Administrative Data: 
A Population-Based Study
Mawuena Binka,1,2 Braeden Klaver,2 Georgine Cua,1,2 Alyson W. Wong,3,4 Chad Fibke,2 Héctor A. Velásquez García,1,2 Prince Adu,1,2 Adeera Levin,3

Sharmistha Mishra,5,6 Beate Sander,7,8 Hind Sbihi,1,2, and Naveed Z. Janjua1,2,9

1School of Population and Public Health, University of British Columbia, Vancouver, British Columbia, Canada, 2Data and Analytic Services, British Columbia Centre for Disease Control, Vancouver, 
British Columbia, Canada, 3Department of Medicine, University of British Columbia, Vancouver, British Columbia, Canada, 4Centre for Heart Lung Innovation, St. Paul’s Hospital, University of British 
Columbia, Vancouver, British Columbia, Canada, 5MAP Centre for Urban Health Solutions, St. Michael’s Hospital, Toronto, Ontario, Canada, 6Department of Medicine, University of Toronto, Toronto, 
Ontario, Canada, 7Toronto Health Economics and Technology Assessment (THETA) Collaborative, University Health Network, Toronto, Ontario, Canada, 8Institute of Health Policy, Management and 
Evaluation, University of Toronto, Toronto, Ontario, Canada, and 9Centre for Health Evaluation and Outcome Sciences, St Paul’s Hospital, Vancouver, British Columbia V6Z IY6, Canada

Background. Long coronavirus disease (COVID) patients experience persistent symptoms after acute severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2) infection. Healthcare utilization data could provide critical information on the disease 
burden of long COVID for service planning; however, not all patients are diagnosed or assigned long COVID diagnostic codes. 
We developed an algorithm to identify individuals with long COVID using population-level health administrative data from 
British Columbia (BC), Canada.

Methods. An elastic net penalized logistic regression model was developed to identify long COVID patients based on 
demographic characteristics, pre-existing conditions, COVID-19-related data, and all symptoms/conditions recorded >28–183 
days after the COVID-19 symptom onset/reported (index) date of known long COVID patients (n = 2430) and a control group 
(n = 24 300), selected from all adult COVID-19 cases in BC with an index date on/before October 31, 2021 (n = 168 111). 
Known long COVID cases were diagnosed in a clinic and/or had the International Classification of Diseases, Tenth Revision, 
Canada (ICD-10-CA) code for “post COVID-19 condition” in their records.

Results. The algorithm retained known symptoms/conditions associated with long COVID, demonstrating high sensitivity 
(86%), specificity (86%), and area under the receiver operator curve (93%). It identified 25 220 (18%) long COVID patients 
among the remaining 141 381 adult COVID-19 cases, >10 times the number of known cases. Known and predicted long 
COVID patients had comparable demographic and health-related characteristics.

Conclusions. Our algorithm identified long COVID patients with a high level of accuracy. This large cohort of long COVID 
patients will serve as a platform for robust assessments on the clinical course of long COVID, and provide much needed 
concrete information for decision-making.
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Approximately 20% of adult coronavirus disease 2019 
(COVID-19) survivors develop long COVID, a syndrome char
acterized by a wide range of persistent symptoms and condi
tions affecting multiple body systems that emerge during or 

after the acute phase of COVID-19 illness [1–4]. Also known 
as post-COVID-19 condition, the full spectrum of symptoms 
and conditions that define long COVID is still under investiga
tion, and the underlying mechanisms associated with this syn
drome are poorly understood [3, 5]. Assessment for long 
COVID is done at 4 weeks (Centers for Disease Control and 
Prevention [CDC], United States; National Institute for 
Health and Care Excellence [NICE], United Kingdom [UK]) 
[6, 7] or 12 weeks (World Health Organization [WHO]; 
Government of Canada) [8, 9] after the initial COVID-19 infec
tion. Commonly reported symptoms associated with this syn
drome include malaise and fatigue, shortness of breath, 
myalgia, and brain fog/cognitive impairment [2, 3, 6, 8, 10, 
11]. The broad range of symptoms and conditions experienced 
by long COVID patients has a profound impact on their quality 
of life, with 70%–86% needing to limit work schedules to ac
commodate this condition [2, 11].
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Most of what is known about long COVID is based on data 
from clinical studies involving restricted subsets of the popula
tion [1, 2, 12]. However, given the large number of people pro
jected to be living with long COVID worldwide, larger-scale 
population-level studies are needed to support exhaustive assess
ment of the factors associated with long COVID and to inform 
the clinical management of this complex condition. Gaps in the 
care continuum for persons living with long COVID could also 
be evaluated to provide concrete population-level data to ensure 
equitable access to care. These macro-level assessments of long 
COVID could be done using the International Classification of 
Diseases, Tenth Revision (ICD-10), code for “post COVID-19 
condition, unspecified” in health administrative databases. 
However, preliminary data from the United States [13] and 
Canada suggest that this code for long COVID is not widely 
used, possibly due to the heterogeneous nature of this condition. 
Thus, algorithms using various patient characteristics are needed 
to identify long COVID patients in health administrative data
bases to facilitate the population-level assessment of this condi
tion. Using linked health administrative datasets, we developed 
an algorithm to identify long COVID patients in a population- 
based cohort of COVID-19 cases in British Columbia (BC), 
Canada. Data from long COVID patients identified through 
this algorithm could support further robust assessments related 
to long COVID.

METHODS

Study Population

This study used the BC COVID-19 Cohort (BCC19C) [14], 
which includes data from all individuals who tested for severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), 
and reported COVID-19 cases in BC. This information is inte
grated with data from various provincial registries/databases 
containing demographic, immunization, emergency room 
(ER) visit, medical visit, hospitalization, laboratory testing, pre
scription drug dispensation, chronic condition, and mortality 
data (Supplementary Table 1). Quantitative polymerase chain 
reaction (qPCR)–confirmed adult SARS-CoV-2 cases (≥18 
years) with a COVID-19 index date (earliest date of symptom 
onset or reported date) on or before October 31, 2021, were el
igible for this analysis (n = 168 111). The follow-up period for 
COVID-19-related symptom assessment began 28 days after 
the COVID-19 index date and lasted up to 183 days (6 months) 
afterward. The >28-day starting point was selected in accor
dance with CDC/NICE [6, 7] definitions of long COVID, al
though a sensitivity analysis was done with symptom 
assessment after 12 weeks (WHO/Canada definitions) [8, 9]. 
The shortest follow-up time for symptom assessment for this 
analysis was 3 months. Out-of-province COVID-19 cases and 
people who died any time during their follow-up period were 
excluded from this analysis.

Long COVID Status

Known long COVID patients in the BCC19C were either diag
nosed in 1 of 4 Post-COVID-19 Recovery Clinics (PCRC) in BC 
[15] or identified with the Canadian ICD-10 (ICD-10-CA) code 
for “post COVID-19 condition” (U07.4) [16, 17] during ER vis
its or hospitalization. Patients seen in PCRCs were either hos
pitalized or treated as outpatients during their acute COVID-19 
illness. Assessment for long COVID at PCRCs was done at 
baseline, 3 months, and 6 months after symptom onset using 
standardized validated questionnaires assessing patient- 
reported outcome measures (fatigue, Fatigue Severity Scale; 
cough, Cough Visual Analogue Scale; dyspnea, University of 
California San Diego shortness of breath questionnaire; anxi
ety, Generalized Anxiety Disorder 2-item; depression, Patient 
Health Questionnaire-2; post-traumatic stress disorder 
[PTSD], Primary Care Post Traumatic Stress Disorder Screen 
for DSM-5) [18–23] and quality of life (EuroQoL 5 dimensions 
visual analogue scale [EQ5D VAS]) [24]. PCRC-diagnosed long 
COVID patients had persistent symptoms for at least 12 weeks 
after acute symptom onset, and ≥1 abnormal patient-reported 
outcome measure score (cough, ≥30/100; dyspnea, ≥10/120; 
fatigue, ≥4/7; anxiety, ≥3/6; depression, ≥3/6; PTSD, ≥3/5) 
during their initial PCRC assessment.

In BC, a special ICD-9 code “C19” was introduced in March 
2020 to denote medical visits for “services directly related to 
COVID-19” [25]. To minimize misclassification of long 
COVID cases within our control group, controls for the model 
were selected from the subset of the remaining eligible 
COVID-19 cases who did not visit a PCRC and had no occur
rence of this C19 code after acute COVID-19 illness, that is, 
>14 days after their COVID-19 index date (Figure 1). This 
was based on the assumption that these individuals may not 
have been sick long enough to seek additional medical care out
side of the hospital setting after the acute phase of their illness, 
and thus were less likely to be living with long COVID.

Machine Learning Approach

COVID-19 cases were divided into the development dataset, 
comprised of all known long COVID cases and controls, and 
the application dataset, which included all remaining 
COVID-19 patients (Supplementary Figure 1), to support the 
identification of additional long COVID patients using a ma
chine learning approach: elastic net penalized logistic regres
sion (glmnet package in R) [26–29]. The elastic net penalized 
logistic regression model [26–29] leverages the penalties ap
plied in both ridge regression and lasso regression to perform 
variable selection in the presence of highly correlated indepen
dent variables, constructing a parsimonious model that is not 
overfitted to the development dataset. Our elastic net model 
was developed using the characteristics of all known long 
COVID patients (n = 2430) and controls (n = 24 300) in the 
cohort. Controls were randomly selected from the group of 
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COVID-19 cases with decreased likelihood of living with long 
COVID, determined by the absence of the C19 code >14 days 
after the COVID-19 index date as described above (Figure 1). 
Random sampling of controls was done to reflect the underly
ing distribution of the population pertaining to hospitalization/ 
ER visits during the 6-month follow-up period (Figure 1).

Variable Selection for the Model
Patient characteristics assessed within the elastic net regression 
model included (i) demographic and (ii) geographic variables; 
(iii) socioeconomic status, assessed using the Québec Index of 
Material and Social Deprivation [30]; (iv) pre-existing chronic 
conditions before the COVID-19 index date, including asthma, 
heart disease, and hypertension, as determined with ICD-9/10 
diagnostic/intervention codes, billing codes, and prescription 

drug dispensations (Supplementary Table 2); (v) 
COVID-19-related data including SARS-CoV-2 variant, 
SARS-CoV-2 vaccination status, and hospitalization; and (vi) 
all relevant unique symptoms, conditions, and presenting com
plaints noted during medical/ER visits or hospitalization 
throughout the follow-up period (Supplementary Figure 2). 
Missing geographic region, socioeconomic status, age, and 
sex were denoted as “unknown,” and, with exception of the 2 
people with unknown ages, all other individuals with unknown 
sex, socioeconomic status, and geographic region were includ
ed in the models.

Modeling and Statistical Analyses
Two tuning parameters were used to optimize the elastic net re
gression model: alpha and lambda. Alpha determines the asso
ciated weight applied to either the ridge or the lasso regression 
penalty, which ranges from 0 (full ridge regression) to 1 (full 
lasso regression) [26]. Lambda is the applied combined penalty, 
which is the summation of either the squared or absolute re
gression coefficients for the ridge and lasso penalties, respec
tively [26]. We applied 11 different values of alpha (0.0, 0.1, 
0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0) to the penalized elastic 
net model using the glmnet package (version 3.0-2) [29]. 
Lambda determinations to optimize the area under the receiver 
operator characteristic curve (AUROC) were done with 10-fold 
cross-validation in the development data set. A predictive prob
ability threshold was determined using the ROCR package (ver
sion 1.0-7) that maximized both sensitivity and specificity 
equally for the model. The best model was selected based on 
specificity, sensitivity, and AUROC. All analyses were done 
with R statistical software (version 3.6.2) [31]. The develop
ment data set was also split 80% for training and 20% for testing 
(caret package [32], version 6.0-85) for comparison 
(Supplementary Figure 1).

Sensitivity Analyses

Additional analyses were conducted to assess the effect of 
choices made on model output: First, we examined the effect 
of solely using PCRC-confirmed known long COVID patients 
in the “known long COVID” group. Second, to reduce the risk 
of misclassifying long COVID patients as controls, we restrict
ed the pool of possible controls to individuals who were not 
PCRC patients and had no record of a C19 code >14 days after 
their COVID-19 index date in the base case analysis. In a sen
sitivity analysis, all individuals who were not PCRC patients 
and had no record of a C19 code throughout the 6-month 
follow-up period were excluded from the control group. 
Third, to determine the impact of the >28–183-day symptom 
evaluation period, additional models were run incorporating 
only symptoms/conditions recorded from (i) >84–183 days 
and (ii) 0–183 days post–COVID-19 index date. Finally, we 
evaluated the impact of excluding hospitalization-related 

Figure 1. Selection of the development dataset. COVID-19 cases were divided 
into the development dataset, comprised of all known long COVID cases and con
trols, and the application dataset, which included all remaining COVID-19 patients. 
To minimize misclassification of long COVID cases within our control group, controls 
for the model were selected from the subset of the remaining eligible COVID-19 
cases who did not visit a PCRC and had no occurrence of the BC-specific “C19” 
ICD-9 code after acute COVID-19 illness (>14 days after their COVID-19 index d
ate). Random sampling of controls was done to reflect the underlying distribution 
of the population pertaining to hospitalization/ER visits during the 6-month follow- 
up period (dotted sections). Abbreviations: COVID-19, coronavirus disease 2019; ER, 
emergency room; ICD-9, International Classification of Diseases, Ninth Revision; 
PCRC, Post-COVID-19 Recovery Clinic.
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variables (hospitalization, intensive care unit [ICU], life sup
port) from the model.

Ethical approval for this study was provided by the 
University of British Columbia Behavioral Research Ethics 
Board (No: H20-02097).

RESULTS

Characteristics of Study Cohort Used for Model Development

Long COVID patients in the development data set were more 
likely to be female (53.9%), aged between 50 and 59 years old 
(23.2%), and hospitalized for COVID-19-related reasons 
(44.0%) (Table 1). Prevalent conditions within the long 
COVID group included diabetes mellitus (22.8%), hyperten
sion (32.7%), depression (43.4%), and mood and anxiety disor
ders (51.4%). In contrast, a relatively smaller proportion of 
controls belonged to the 50–59 age group (13.1%), were female 
(48.4%), or hospitalized (1.8%) (Table 1). Baseline characteris
tics for long COVID patients differed by whether patients were 
hospitalized and/or visited the ER with COVID-19-related ill
ness, such that those who received COVID-19-related care in 
the hospital setting were more likely to be older, with relatively 
higher prevalence of most comorbidities assessed.

Model Selection

Model robustness in the development data set was demonstrat
ed by high sensitivity (≥80%), specificity (≥85%), and AUROC 
(≥92%) across the range of alphas assessed (Supplementary 
Figure 3, Supplementary Table 3). Models were also similar 
in variable composition (Supplementary Figure 4). Given the 
small variation in sensitivity, specificity, and AUROC, the al
pha = 0.5 model, which leverages the best features of both ridge 
and lasso regression, was selected for application (alpha = 0.5, 
sensitivity = 86%, specificity = 86%, AUROC = 93%, probabili
ty threshold = 0.391). Long COVID–related variables selected 
by the optimal model encompassed each of the categories 
considered for inclusion. Top symptoms included shortness 
of breath, malaise/fatigue, and chest pain (Figure 2; 
Supplementary Table 4), while mood and anxiety disorders 
and heart disease were among pre-existing conditions in the 
model. Factors associated with SARS-CoV-2 infection retained 
in the model included variant of concern, vaccination status at 
COVID-19 index date, and hospitalization. Older age (40–49, 
50–59, and 60–69 years) was a positive predictor of long 
COVID (Figure 2; Supplementary Table 4), while negative pre
dictors included male sex and receiving at least 1 dose of a 
2-dose COVID-19 vaccine (Supplementary Table 5). The top 
50 positive and negative predictors included in the best per
forming model are shown in Supplementary Tables 4 and 5, 
respectively.

Characteristics of Known and Predicted Long COVID Cases

A total of 25 220 model-predicted long COVID cases were 
identified following model application, representing 18% of 
the application dataset. Table 2 shows the profiles of model- 
classified long COVID patients and the known long COVID 
patients whose characteristics were used to develop the model. 
Known and predicted long COVID patients were comparable 
in sex and age distribution, although model-predicted long 
COVID cases had a slightly larger proportion of females and 
of people aged 40–59 years (known/predicted rate ratio <1.0). 
Pre-existing conditions were also comparably distributed be
tween both groups, with rate ratios nearing or equaling 1 for 
most conditions assessed (Table 2). These results were similar 
across models (Supplementary Figure 5). Notably, predicted 
long COVID cases had lower rates of severe disease, demon
strated by smaller proportions of hospitalizations, ICU admis
sions, and people on life support (rate ratios ≥2.1) (Table 2).

Sensitivity Analyses

Supplementary Table 6 summarizes data from the alpha = 0.5 
models from the remaining sensitivity analyses. Selecting only 
PCRC-confirmed known long COVID patients improved model 
performance and increased the number of predicted cases. 
However, considering the measured use of this ICD-10-CA code 
in our health administrative datasets and the source-specific differ
ences in known long COVID patient profiles (Supplementary 
Table 7), we opted to include known long COVID patients from 
both data sources. Restricting the pool of controls to COVID-19 
cases without the C19 code recorded throughout their follow-up 
period resulted in modest improvements in model performance 
and an increased number of predicted long COVID cases. 
Nevertheless, given the resultant small shift in predicted long 
COVID patient characteristics (<1 percentage point), and to avoid 
eliminating recovered COVID-19 cases with severe acute illnesses 
from contention as possible controls, we opted for a 14-day cutoff 
for this code. Furthermore, adding all symptoms/conditions fol
lowing COVID-19 diagnosis resulted in marginal improvements 
in sensitivity and specificity, decreasing the number of predicted 
cases. In addition, starting symptom assessment at >84 days 
(WHO definition) decreased model sensitivity and specificity, in
creasing the number of predicted long COVID cases. However, we 
decided to maintain symptom assessment at >28 days as long 
COVID is typically assessed after acute illness. Finally, removing 
variables related to hospitalization worsened model performance 
and increased the number of predicted cases. However, we opted 
to retain hospitalization variables in the model given the possible 
association between disease severity and long COVID.

DISCUSSION

In this study, we developed a computable phenotype model to 
identify people living with long COVID within a large 
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population-based cohort of all reported COVID-19 cases in 
British Columbia, Canada. This elastic net regression model 
was trained on the characteristics of known long COVID pa
tients within the cohort, including demographic variables, 
pre-existing conditions, COVID-19-related variables, and all 
unique symptoms/conditions/presenting complaints recorded 
at or after the COVID-19 index date. The optimal model had 
high sensitivity (86%), specificity (86%), and AUROC (93%), 
classifying 25 220 individuals as long COVID cases out of a pos
sible 141 381 COVID-19 patients.

Variables identified by our model as being predictive of long 
COVID encompassed the major categories of factors commonly 
linked to the syndrome in several clinical studies [1, 2, 10, 12, 33]. 
Many of the top-ranking factors in the model were symptoms 
consistently reported by long COVID patients, such as shortness 

of breath/dyspnea and malaise and fatigue [1–3, 10, 12], indi
cating the robustness of our approach. Model stability was 
demonstrated with multiple sensitivity analyses showing mini
mal changes to the AUROC, sensitivity, and specificity, with 
changes in the symptom/condition assessment period and the 
exclusion of hospitalization-related variables. It was encourag
ing to note that the final model also considered demographic 
factors, socioeconomic status, and comorbid conditions along
side SARS-CoV-2/COVID-19-related factors when making de
terminations related to long COVID status. The direction of 
association between these variables and long COVID within 
the model was also congruent with known trends, such that 
the aforementioned symptoms and older age were predictive 
of long COVID [10], while male sex and vaccination were pro
tective [12], further bolstering the validity of our model. Of 

Figure 2. Top 40 positive predictors of long COVID status in the optimal model (alpha = 0.5). Determined in a cohort of known long COVID patients (n = 2430) and controls 
(n = 24 300). Abbreviation: COVID-19, coronavirus disease 2019.
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note, substance use and extreme material deprivation were 
among the negative predictive factors within the model, which 
speaks to the risk profiles of known long COVID patients in our 
cohort and may be reflective of systemic barriers to accessing 
healthcare among people with limited resources. The use of 

diagnostic codes for “other bacterial pneumonia” and “other vi
ral pneumonia” appeared to mirror the COVID-19 waves in BC 
(data not shown), suggesting that clinicians may have been us
ing this code as part of the clinical diagnosis process for people 
with severe COVID-19 illness, leading to strong associations 
with long COVID. Nevertheless, despite the large odds ratios 
for these conditions, only a fraction of model-predicted long 
COVID cases had at least 1 occurrence of these diagnostic co
des (data not shown).

Our model identified 18% of our remaining population- 
based cohort of adult COVID-19 patients as probable long 
COVID cases. This is in line with published prevalence esti
mates of up to 20% within this population [1]. Together, pro
files of known and predicted long COVID patients in our 
cohort paint a clearer picture of long COVID as a condition 
more likely to affect females and middle-aged people with 
pre-existing comorbidities such as mood and anxiety disorders, 
asthma, cardiovascular disease, and diabetes mellitus. These 
findings are in keeping with data from the United States, where 
chronic conditions such as diabetes were prevalent among hos
pitalized long COVID patients, who were also mostly female 
and middle-aged [12], and with data from the United 
Kingdom, where nonhospitalized long COVID patients also 
had an increased likelihood of being female and having pre- 
existing conditions such as asthma, anxiety, and depression, de
spite being relatively younger than people in our cohort [34].

This study is strengthened by the use of machine learning 
coupled with a hands-off approach to variable selection, which 
allowed for an objective assessment of long COVID–associated 
variables. Additionally, data fed into our model were derived 
from administrative datasets, which allowed for more uniform 
symptom assessment. Furthermore, our cohort was based on 
data from the entire population of BC, as opposed to selected 
clinical cohorts that select for patients with more severe disease 
[1, 12], making our study less prone to selection bias and our 
findings more applicable to the entire population. Although 
not accounted for in a similar study [12], the potential misclas
sification presented by the absence of confirmed “no long 
COVID” cases was addressed to the best of our ability using 
a BC-specific code for reporting COVID-19-related medical 
care. We lacked access to data pertaining to race/ethnicity 
and immigration status, which are associated with the comor
bid conditions and socioeconomic factors selected by our mod
el and could in turn be associated with long COVID. Future 
studies are planned to address this knowledge gap. We also 
plan to develop and validate algorithms to for identifying peo
ple with pre-existing autoimmune disorders and other chronic 
illnesses to provide additional dimension to the classification of 
long COVID patients by our model. Despite these limitations, 
the likelihood that model-predicted long COVID cases are true 
cases is increased by model performance, which was compara
ble to that of a similar model developed in the United States 

Table 2. Characteristics of Known and Predicted Long COVID Patients

Known Long 
COVID (n = 2430)

Predicted Long 
COVID (n = 25 220)

No. (%) No. (%)
Rate 

Ratiob.

Demographics … … …

Age group … … …

18–29 y 215 (8.8) 1964 (7.8) 1.1

30–39 y 361 (14.9) 3815 (15.1) 1.0

40–49 y 529 (21.8) 6173 (24.5) 0.9

50–59 y 564 (23.2) 6413 (25.4) 0.9

60–69 y 435 (17.9) 3877 (15.4) 1.2

70–79 y 234 (9.6) 1929 (7.6) 1.3

80+ y 92 (3.8) 1049 (4.2) 0.9

Sex … … …

Female 1310 (53.9) 15 860 (62.9) 0.9

Male 1119 (46.0) 9319 (37.0) 1.2

Unknown <5 <5 …

Pre-existing 
conditionsb

… … …

Asthma 777 (32.0) 7659 (30.4) 1.1

Chronic obstructive 
pulmonary disease

146 (6.0) 1502 (6.0) 1.0

Chronic kidney 
disease

197 (8.1) 1990 (7.9) 1.0

Diabetes mellitus 553 (22.8) 5014 (19.9) 1.1

Heart disease 581 (23.9) 5964 (23.6) 1.0

Hypertension 795 (32.7) 7903 (31.3) 1.0

Chronic vascular 
disease

258 (10.6) 2857 (11.3) 0.9

Cancer 259 (10.7) 2771 (11.0) 1.0

Depression 1055 (43.4) 12 954 (51.4) 0.8

Mood and anxiety 
disorders

1250 (51.4) 15 304 (60.7) 0.8

COVID-19 related … … …

Variant of concern … … …

Alpha 291 (12.0) 2757 (10.9) 1.1

Beta 0 (0.0) 22 (0.1) 0.0

Delta 275 (11.3) 2794 (11.1) 1.0

Gamma 284 (11.7) 2139 (8.5) 1.4

Not a variant of 
concern

1580 (65.0) 17 508 (69.4) 0.9

Hospitalized 1069 (44.0) 5316 (21.1) 2.1

ICU 541 (22.3) 1670 (6.6) 3.4

Life support used … … …

Mechanical 
ventilation

183 (7.5) 393 (1.6) 4.7

Oxygen 143 (5.9) 499 (2.0) 3.0

Other support used 276 (11.4) 833 (3.3) 3.5

No support used 1828 (75.2) 23 495 (93.2) 0.8

Abbreviations: COVID, coronavirus disease; ER, emergency room, ICU, intensive care unit.  
aBefore COVID-19 index date.  
bRate ratio comparing prevalence among known vs predicted long COVID patients (known/ 
predicted).
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[12], and by the strong similarity between the risk profiles of 
known and predicted long COVID cases. Given the heteroge
neous nature of long COVID, misdiagnosis of some known 
long COVID cases was possible. At the very least, model- 
predicted long COVID cases represent individuals who should 
be assessed for long COVID and linkage with care, thus fulfill
ing the objective of providing critical information for service 
planning at the population level.

In this study, we developed an algorithm to identify long 
COVID patients at the population level using healthcare ad
ministrative datasets. Our model was developed with the best 
available data for the comprehensive assessment of symptoms 
and conditions associated with long COVID in BC. This model 
is reproducible and can be expanded to include additional data
sets, such as immigration and ethnicity data, once they become 
available. Population-level data derived from the cohort of long 
COVID patients identified using this method are much needed 
to inform the clinical management of this condition and to pro
vide concrete information for policy-making for the benefit of 
people living with long COVID.
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