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Public Health Methodology

In the United States, COVID-19 incidence and mortality has 
illuminated inequities by race and ethnicity, age, and socio-
economic status, driven by long-standing social inequality 
and disparities in access to and quality of care.1,2 The United 
States has among the highest per-capita rates of SARS-
CoV-2 infection and death in the world, despite spending the 
most on health care per capita.3 Effective and rapid disease 
and syndromic surveillance, supported in many countries 
through investments in public health infrastructure, is criti-
cal to manage public health crises such as the current 

pandemic.4,5 However, disease and syndromic surveillance 
methods in the United States that include laboratory infor-
mation, comprehensive sociodemographic data, and clinical 
information have been inadequate during the pandemic, in 
part because of chronic underfunding.6-8 Data on incident 
cases, diagnostic testing, and health care use by race and 
ethnicity, language, and other important subgroups are criti-
cal to identify outbreaks, locate areas with inadequate test-
ing, allocate resources, and guide nonpharmaceutical public 
health interventions.
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Abstract

Objective: Robust disease and syndromic surveillance tools are underdeveloped in the United States, as evidenced by 
limitations and heterogeneity in sociodemographic data collection throughout the COVID-19 pandemic. To monitor the 
COVID-19 pandemic in Minnesota, we developed a federated data network in March 2020 using electronic health record 
(EHR) data from 8 multispecialty health systems.

Materials and Methods: In this serial cross-sectional study, we examined patients of all ages who received a COVID-19 
polymerase chain reaction test, had symptoms of a viral illness, or received an influenza test from January 3, 2016, through 
November 7, 2020. We evaluated COVID-19 testing rates among patients with symptoms of viral illness and percentage 
positivity among all patients tested, in aggregate and by zip code. We stratified results by patient and area-level characteristics.

Results: Cumulative COVID-19 positivity rates were similar for people aged 12-64 years (range, 15.1%-17.6%) but lower for 
adults aged ≥65 years (range, 9.3%-10.7%). We found notable racial and ethnic disparities in positivity rates early in the pandemic, 
whereas COVID-19 positivity was similarly elevated across most racial and ethnic groups by the end of 2020. Positivity rates 
remained substantially higher among Hispanic patients compared with other racial and ethnic groups throughout the study period. 
We found similar trends across area-level income and rurality, with disparities early in the pandemic converging over time.

Practice Implications: We rapidly developed a distributed data network across Minnesota to monitor the COVID-19 
pandemic. Our findings highlight the utility of using EHR data to monitor the current pandemic as well as future public health 
priorities. Building partnerships with public health agencies can help ensure data streams are flexible and tailored to meet 
the changing needs of decision makers.
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Electronic health records (EHRs) are an emerging tool 
for public health surveillance.9-11 EHR data include demo-
graphic information (including variables often unavailable 
through traditional public health surveillance methods, 
such as race, ethnicity, and language), zip codes and geolo-
cations, health care use across encounter types, diagnosis 
codes, procedure codes, and laboratory orders and results. 
However, the breadth of EHR data is not readily available 
to most public health agencies in the United States.11 When 
available, they are rarely customizable at the pace required 
during a pandemic.

In March 2020, health care professionals, researchers, and 
leaders from Minnesota health systems, statewide health care 
organizations with expertise in multisystem collaboration 
and measurement (ie, Institute for Clinical Systems 
Improvement, MN Community Measurement), and the 
Minnesota Department of Health (MDH) met with the goal 
of developing a Minnesota EHR Consortium (hereinafter, 
“the Consortium”) to study the epidemiology of chronic con-
ditions such as cardiovascular disease, hypertension, and 
substance use disorders. The COVID-19 pandemic provided 
an unanticipated motivation to expand the focus of this col-
laborative and rapidly establish a statewide EHR-based 
COVID-19 surveillance system in partnership with MDH.

The primary goal of the Consortium’s COVID-19 Project 
was to address gaps in traditional public health surveillance 
and inform a coordinated statewide response to the pan-
demic. A key principle was protecting the security and pri-
vacy of individual data by using a federated data network. 
The Consortium’s early objectives were (1) to develop syn-
dromic surveillance definitions to detect viral symptoms and 
determine testing rates among people with viral symptoms, 
(2) to contribute a more equitable and complete understand-
ing of disease variation by demographic characteristics and 
clinical comorbidities than what was available through 

existing data infrastructure, and (3) to demonstrate the ability 
to work and govern collaboratively and flexibly to meet the 
needs of health system and public health leaders.

The Consortium worked with representatives from MDH 
to identify how EHR data could augment ongoing surveil-
lance efforts. In March/April 2020, MDH had access to all 
COVID-19 laboratory results; billing data for admission, dis-
charge, and transfer files for emergency department visits 
and hospitalizations; and information from patient inter-
views. The Consortium was able to augment this information 
with data on patients with COVID-19–like symptoms in out-
patient and telehealth settings, including patients who had 
not received COVID-19 testing. The Consortium was also 
able to provide data on demographic, comorbidity, and area-
level characteristics among tested patients with viral symp-
toms and patients with confirmed COVID-19 on a 
week-by-week basis; these data were not systematically or 
completely collected by MDH.

We describe the development process of the Consortium’s 
COVID-19 Project, provide initial results, and discuss future 
implications of our work, including how health system and 
public health collaborations can augment existing surveil-
lance efforts and inform short- and long-term responses to 
COVID-19 and other pressing public health challenges.

Materials and Methods

Study Design and Setting

Across all 8 health systems involved in the Consortium at the 
time of this study, we obtained deidentified EHR data for 
patients of all ages who received a COVID-19 polymerase 
chain reaction (PCR) test, had symptoms of a viral illness 
(hereinafter, viral symptoms), or received an influenza test 
from January 3, 2016, through November 7, 2020. We updated 
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estimates weekly beginning in March 2020. Institutional 
review boards at each participating site reviewed the project. 
All applications were approved, deemed to be exempt nonhu-
man subjects research, or deemed to be exempt public health 
surveillance.

Demographic, Clinical, and Area-Level 
Socioeconomic Characteristics

Patient demographic and clinical characteristics including 
age (all ages), sex (male/female), race and ethnicity (White, 
Black, American Indian/Alaska Native, Asian/Pacific 
Islander, multiracial, Hispanic, other/unknown/missing), 
language (Spanish, Somali, English, other), need for an 
interpreter (yes/no), comorbidities (asthma, chronic 
obstructive pulmonary disease, HIV, cancer, heart disease, 
diabetes, and chronic kidney disease), and patient zip code 
were identified from EHR data. Approximately 15% of 
patients did not have data on language; missingness for the 
remaining demographic variables was generally ≤5%.

Race and ethnicity definitions were mutually exclusive 
and reflected self-reported identities collected from the EHR. 
Hispanic patients were all labeled as Hispanic, whereas non-
Hispanic patients were designated according to race. The 
multiracial category reflects non-Hispanic patients with mul-
tiple race designations. International Classification of 
Diseases, Tenth Revision (ICD-10) codes were used to define 
comorbidities.12,13 Neighborhood-level socioeconomic status 
was defined at the zip code level using median annual house-
hold income from the 2015-2019 American Community 
Survey (ACS).14 Rurality was defined at the zip code tabula-
tion area (ZCTA) level using 2010 rural–urban commuting 
area (RUCA) codes from the US Department of Agriculture’s 
Economic Research Service15 and percentage of patients liv-
ing in rural areas from the 2015-2019 ACS.14 ZCTAs were 
labeled as urban if they were classified as urban by RUCA 
and had <50% of the population living in a rural area, rural 
if they were classified as rural by RUCA and had ≥50% of 
the population living in a rural area, exurban if they were 
classified as urban by RUCA and had ≥50% of the popula-
tion living in a rural area, and small town if they were classi-
fied as rural by RUCA and had <50% of the population 
living in a rural area.

COVID-19 and Viral Illness Case Definitions

The Consortium defined COVID-19–positive patients as 
those who received a positive test result for SARS-CoV-2 
using the PCR test. The definition of viral illness was updated 
and retroactively applied to previous time points as reports of 
symptom prevalence among various populations with con-
firmed COVID-19 were published.16-20 We defined viral 
symptoms as the presence of any of the following ICD-10 
codes: fever (R50.9, R50.81), cough (R05), respiratory fail-
ure (J96.00, J96.01, J96.02), influenza-like illness (J09-J11), 

viral pneumonia (J12, J16-J18), or coronavirus (U07.1, 
B97.21, B97.29, B34.2, J12.81).13 Additional data from lab-
oratory orders identified whether patients were symptomatic 
or asymptomatic at the time of SARS-CoV-2 testing.

Outcomes

Outcomes reported by the Consortium on a weekly basis 
included COVID-19 testing rates among patients with viral 
symptoms (ie, COVID-19 tests among patients with viral 
symptoms/total patients with viral symptoms) and percent-
age test positivity in aggregate and at the zip code level (ie, 
COVID-19–positive patients/total patients tested for 
COVID-19; referred to as “positivity rates” hereinafter). We 
also reported COVID-19 tests and positivity rates among 
symptomatic and asymptomatic patients, year-over-year 
counts of patients with viral symptoms, and similar data for 
influenza in our online dashboard; however, we did not 
include these data in the results of this evaluation. Symptoms 
at the time of testing were identified if a health care provider 
selected “symptomatic” in a PCR order. We reported results 
by race and ethnicity, language, age, sex, comorbidities, and 
area-level characteristics such as income and rurality.

Data Aggregation and Analysis

We used a federated data network, and our methods 
matured from March through November 2020. We initially 
developed a detailed codebook that documented inclusion 
and exclusion criteria and data formats. Each week, 
Consortium sites produced a summary file containing 
counts of patients with confirmed COVID-19 stratified by 
demographic and area-level characteristics, patients with 
viral symptoms, and the number of COVID-19 tests and 
corresponding positivity rates (overall and among those 
with viral symptoms). Sites shared summary data using 
standardized templates; summary data were centrally 
merged and analyzed for dissemination.

During the first 6 months of the project, the effort of add-
ing new variables to the data model and ensuring data integ-
rity across all sites grew in complexity. Because sites did not 
share a common data model, we developed centrally man-
aged code to deploy a novel standardized, patient-level data 
model in November 2020 that functioned as a project-spe-
cific common data model. Variable creation was based on 
definitions outlined in a codebook developed by the project 
leaders. Given the evolving nature of the pandemic, sites 
updated the laboratory definition for a COVID-19 PCR test. 
For each site, abstracted patient data were included in the 
intermediate file if the patient had a COVID-19 test, met the 
viral symptoms case definition, or had a documented influ-
enza test. The intermediate file was organized at the patient-
week level; thus, a single patient could contribute multiple 
rows of data in the intermediate file if the patient had encoun-
ters or laboratory studies that met our inclusion criteria in 
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multiple weeks. The standardized code linked each site’s 
intermediate file to an area-level file with ZCTA informa-
tion, produced the summary tables, and transferred summary 
data for central merging and analysis. Procedures were 
developed to identify potential reporting errors including 
spot checks, week-over-week comparisons, visual inspection 
of site-specific trends, and comparisons with internal and 
statewide estimates.

We performed statistical analyses in R version 4.0.3 (R 
Foundation for Statistical Computing). We created maps 
using Power BI (Microsoft Corp) to demonstrate rates of 
COVID-19 test positivity, COVID-19 case and testing rates, 
and viral illness rates by ZCTA. Summary results were ini-
tially shared as documents but later uploaded each week to 
an online dashboard and discussed in collaboration with 
health system and MDH representatives. We used Morbidity 
and Mortality Weekly Report (MMWR) weeks for reporting 
time. An MMWR week is the week of the epidemiologic year 
used by the Centers for Disease Control and Prevention for 
disease reporting.

Results

As of December 2020, eight large MN Health Systems 
(Allina Health, Children’s Minnesota, Essentia Health, 
HealthPartners, Hennepin Healthcare, M Health Fairview, 
CentraCare, and Mayo Clinic) had contributed data to the 
Consortium’s COVID-19 Project. Approximately 50% of all 
COVID-19 tests with a positive result in Minnesota were 
included in Consortium data, with greatest representation 
from the Twin Cities metropolitan area.

Demographic, Clinical, and Area-Level 
Characteristics

We examined demographic, clinical, and area-level character-
istics for patients who received a COVID-19 test, COVID-
19–positive patients with corresponding positivity rates, 
patients with viral symptoms, and patients with viral symp-
toms who received a COVID-19 test with corresponding test-
ing rates for MMWR weeks 42-45 (October/November 2020; 
Table). During this period, 13.6% of all COVID-19 test results 
were positive and 60.4% of patients with viral symptoms were 
tested. The percentage of positive test results was similar 
among all people aged 12-64 years who were tested (range, 
15.1%-17.6%) but was lower among children aged <12 years 
(range, 6.2%-9.6%) and adults aged ≥65 years (9.3%-10.6%). 
We found notable racial and ethnic disparities in positivity 
rates early in the pandemic that closed toward the end of 2020 
because of rising positivity rates across most racial and ethnic 
groups, but positivity rates remained substantially higher 
among Hispanic patients compared with patients in other 
racial and ethnic groups (Figure 1A; Supplemental Tables S1 
and S2). Disparities in positivity rates by language persisted 
throughout 2020 (Table; Supplemental Tables S1 and S2). The 

patient population that received COVID-19 testing was simi-
lar to the overall care-seeking population at Consortium sites 
(Supplemental Table S3).

COVID-19 Test Positivity by ZCTA-Level 
Characteristics

Disparities by area-level income and rurality also converged 
during the study period (Figure 1B, C). This convergence 
occurred because of rising levels of COVID-19 positivity 
across all income quartiles and geographic regions. Rising 
levels of positivity, despite high levels of testing (testing lev-
els during MMWR weeks 42-45 [Table] were higher than 
during MMWR weeks 13-16 [Supplemental Table S1]), indi-
cate increased case growth. In April/May 2020 (MMWR 
weeks 14-22), patients from neighborhoods in the lowest 
quartile of median annual household income had positivity 
rates as high as 22.9%, whereas patients from neighborhoods 
in the highest income quartile had positivity rates as high as 
9.1%. By November 2020, these disparities were attenuated 
in the wake of increasing positivity rates across all neighbor-
hoods regardless of median annual household income. We 
observed a similar pattern by rurality. From April to June 
2020 (MMWR weeks 18-23), urban areas and small towns 
were disproportionately affected. Urban areas experienced a 
second wave in the summer (MMWR weeks 28-36), with 
positivity rates rising from <5.0% in June (MMWR weeks 
24-25) to 6.9% in August (MMWR weeks 31-32). Positivity 
rates gradually increased in exurban and rural areas from 
June (MMWR weeks 23-26) through September (MMWR 
weeks 36-39). As with median annual household income, 
positivity rates increased steeply in all areas by November 
(MMWR weeks 44-48), regardless of rurality.

COVID-19 Positivity and Testing by ZCTA

We found geographic disparities in positivity and testing 
rates among patients with viral symptoms (Figure 2). In 
MMWR week 47, we found areas of high positivity in north-
ern Minnesota and in the outer suburbs of the Minneapolis–
St Paul metropolitan area. Similarly, the percentage of viral 
cases tested varied by zip code. In the Minneapolis–St Paul 
metropolitan area, most neighborhoods had a testing rate 
>50%, with some >75%. However, the percentage of viral 
cases tested was <40% in some neighborhoods.

Discussion

Our findings highlight the shifting nature of disparities 
throughout the pandemic, including persistently elevated 
COVID-19 positivity rates among Hispanic patients. We 
were able to identify target populations in which either case 
growth was elevated or levels of access to testing were low, 
which informed outreach efforts by health care systems and 
public health officials to address key drivers of elevated 
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Table.  Demographic, clinical, and area-level characteristics associated with COVID-19 testing and positivity among the overall study 
populationa and among patients meeting viral case criteria, as of MMWR weeks 42-45,b Minnesota, 2020

Variable

No. (%) of 
COVID-19 

tests received

No. (%) of 
positive 

COVID-19 test 
results

COVID-19 
test 

positivity 
rate, %

No. (%) of 
patients with 
symptoms of 
a viral illnessc

No. (%) of patients 
with symptoms of 
a viral illness who 

were tested

Testing rate 
among patients 

with symptoms of 
a viral illness, %

Total 280 456 (100.0) 38 250 (100.0) 13.6 78 100 (100.0) 47 206 (100.0) 60.4
Age, y
  0-4 12 388 (4.4) 765 (2.0) 6.2 5661 (7.2) 3651 (7.7) 64.5
  5-11 15 124 (5.4) 1448 (3.8) 9.6 3718 (4.8) 2644 (5.6) 71.1
  12-18 18 205 (6.5) 2786 (7.3) 15.3 3983 (5.1) 2988 (6.3) 75.0
  19-24 21 835 (7.8) 3835 (10.0) 17.6 5451 (7.0) 3791 (8.0) 69.5
  25-44 83 030 (29.6) 12 561 (32.8) 15.1 20 368 (26.1) 13 713 (29.0) 67.3
  45-64 73 594 (26.2) 11 219 (29.3) 15.2 21 173 (27.1) 12 147 (25.7) 57.4
  65-74 29 635 (10.6) 3156 (8.3) 10.6 9135 (11.7) 4398 (9.3) 48.1
  ≥75 26 648 (9.5) 2482 (6.5) 9.3 8618 (11.0) 3875 (8.2) 45.0
Race and ethnicityd

  White 223 156 (79.6) 29 373 (76.8) 13.2 59 540 (76.2) 35 558 (75.3) 59.7
  Black 16 136 (5.8) 2183 (5.7) 13.5 5959 (7.6) 3577 (7.6) 60.0
  American Indian/Alaska Native 2069 (0.7) 210 (0.5) 10.1 620 (0.8) 395 (0.8) 63.7
  Asian/Pacific Islander 6983 (2.5) 992 (2.6) 14.2 2364 (3.0) 1309 (2.8) 55.4
  Multiracial 2752 (1.0) 285 (0.7) 10.4 1150 (1.5) 562 (1.2) 48.9
  Hispanic 12 300 (4.4) 2799 (7.3) 22.8 4792 (6.1) 3209 (6.8) 67.0
  Other/unknown/missing 17 027 (6.1) 2396 (6.3) 14.1 3668 (4.7) 2596 (5.5) 70.8
Sex
  Male 120 252 (42.9) 18 212 (47.6) 15.1 35 564 (45.5) 21 800 (46.2) 61.3
  Female 160 120 (57.1) 20 038 (52.4) 12.5 42 531 (54.5) 25 401 (53.8) 59.7
Language
  Spanish 4142 (1.5) 1317 (3.4) 31.8 2109 (2.7) 1422 (3.0) 67.4
  Somali 1998 (0.7) 374 (1.0) 18.7 950 (1.2) 510 (1.1) 53.7
  English 263 792 (94.1) 35 098 (91.8) 13.3 72 521 (92.9) 43 730 (92.6) 60.3
  Othere 2767 (1.0) 456 (1.2) 16.5 1284 (1.6) 631 (1.3) 49.1
No. of comorbiditiese

  0 195 594 (69.7) 29 371 (76.8) 15.0 48 237 (61.8) 32 401 (68.6) 67.2
  1 39 051 (13.9) 4601 (12.0) 11.8 12 935 (16.6) 6865 (14.5) 53.1
  ≥2 45 851 (16.3) 4287 (11.2) 9.3 16 957 (21.7) 7963 (16.9) 47.0
Ruralityf

  Rural 37 436 (13.3) 6093 (15.9) 16.3 8810 (11.3) 6136 (13.0) 69.6
  Small town 33 616 (12.0) 4693 (12.3) 14.0 7636 (9.8) 5329 (11.3) 69.8
  Exurban 16 477 (5.9) 2599 (6.8) 15.8 4023 (5.2) 2570 (5.4) 63.9
  Urban 171 297 (61.1) 21 815 (57.0) 12.7 50 454 (64.6) 30 552 (64.7) 60.6
Socioeconomic status (median  

annual household income)g

  Quartile 1 (low) 46 187 (16.5) 5937 (15.5) 12.9 13 084 (16.8) 8083 (17.1) 61.8
  Quartile 2 38 818 (13.8) 5031 (13.2) 13.0 11 268 (14.4) 6815 (14.4) 60.5
  Quartile 3 44 639 (15.9) 6065 (15.9) 13.6 12 421 (15.9) 7586 (16.1) 61.1
  Quartile 4 (high) 57 882 (20.6) 7360 (19.2) 12.7 17 633 (22.6) 10 601 (22.5) 60.1

aData source: Deidentified data from 8 health systems on patients who received a COVID-19 polymerase chain reaction test, had symptoms of a viral illness, or received an 
influenza test from January 3, 2016, through November 7, 2020.
bMorbidity and Mortality Weekly Report (MMWR) week is the week of epidemiological year used by the Centers for Disease Control and Prevention for disease reporting.
cThe viral case definition included the presence of any of the following International Classification of Diseases, Tenth Revision (ICD-10) codes: fever (R50.9, R50.81), cough (R05), 
respiratory failure (J96.00, J96.01, J96.02), influenza-like illness (J09-J11), viral pneumonia (J12, J16-J18), or coronavirus (U07.1, B97.21, B97.29, B34.2, J12.81).13

dDefinitions of race and ethnicity are mutually exclusive and reflect self-reported identities collected from the electronic health record. Hispanic patients, regardless of 
race, were categorized as Hispanic; non-Hispanic patients were categorized according to race. The multiracial category includes non-Hispanic patients with multiple race 
designations. The other/unknown/missing category includes those who belong to any race or ethnicity other than the mentioned categories, did not know their race or 
ethnicity, or did not provide the answer.
eComorbidities were defined using ICD-10 codes. Comorbidities included asthma, chronic obstructive pulmonary disease, HIV, cancer, heart disease, diabetes, and chronic 
kidney disease.
fRurality was defined at the zip code tabulation area (ZCTA) level using 2010 rural–urban commuting area (RUCA) codes from the US Department of Agriculture’s Economic 
Research Service15 and percentage of patients living in rural areas from the American Community Survey (ACS).14 ZCTAs were labeled as urban if they were classified as urban 
by RUCA and had <50% of the population living in a rural area, rural if they were classified as rural by RUCA and had ≥50% of the population living in a rural area, exurban 
if they were classified as urban by RUCA and had ≥50% of the population living in a rural area, and small town if they were classified as rural by RUCA and had <50% of the 
population living in a rural area.
gNeighborhood-level socioeconomic status was defined at the ZCTA level using median annual household income from the 2015-2019 ACS.14



268	 Public Health Reports 137(2)

0

5

10

15

20

25

30

35

40

13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45

Pe
rc
en
ta
ge

MMWRWeek

Hispanic

Asian/Pacific Islander

Black

White

American Indian/Alaska Na�ve

MMWR Week

0

2

4

6

8

10

12

14

16

18

20

13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45

Pe
rc

en
ta

ge

MMWR Week

Rural

Small town

Exurban

Urban

A

B

C

0

5

10

15

20

25

13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45

Pe
rc

en
ta

ge

Figure 1.  COVID-19 positivity rates within the Minnesota Electronic Health Record (EHR) Consortium, by (A) individual race and 
ethnicity, (B) zip code tabulation area (ZCTA)–level socioeconomic status, and (C) ZCTA-level rurality, Minnesota, 2020. Estimates 
are 3-week rolling averages. Definitions of race and ethnicity are mutually exclusive and reflect self-reported identities collected from 
the EHR. Hispanic patients, regardless of race, were categorized as Hispanic; non-Hispanic patients were categorized according to 
race. Neighborhood-level socioeconomic status was defined at the ZCTA level using median annual household income from the 2015-
2019 American Community Survey (ACS).14 Rurality was defined at the ZCTA level using 2010 rural–urban commuting area (RUCA) 
codes from the US Department of Agriculture’s Economic Research Service15 and percentage of patients living in rural areas from the 
2015-2019 ACS.14 ZCTAs were labeled as urban if they were classified as urban by RUCA and had <50% of the population living in a 
rural area, rural if they were classified as rural by RUCA and had ≥50% of the population living in a rural area, exurban if they were 
classified as urban by RUCA and had ≥50% of the population living in a rural area, and small town if they were classified as rural by 
RUCA and had <50% of the population living in a rural area. An MMWR (Morbidity and Mortality Weekly Report) week is the week of 
the epidemiologic year used by the Centers for Disease Control and Prevention for disease reporting.
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positivity. The program was able to generate and iteratively 
update findings within weeks of initiation, further illustrating 
the promise of collaboration across health systems and pub-
lic health agencies to inform decisions on critical public 
health issues, such as targeting testing resources.

Although the Consortium’s COVID-19 Project is a clear 
example of the versatility and customizability of EHR data 
for public health purposes, such collaborations are rare. The 
National Academy of Medicine recognized the potential for 
EHR data to improve care for patients across most health 
conditions and has strongly advocated for the use of EHR 
data for research, quality improvement, program evaluation, 
and public health.21 The National Academy of Medicine 
emphasized the importance of moving beyond claims data, 
which can have considerable lag time and often lack data on 
laboratory results, certain comorbidities, social determinants 
of health, and demographic characteristics that are com-
monly available in an EHR.21,22 Our ability to report on dis-
parities by race and ethnicity, language, and area-level 
factors after linking with US Census data highlights the 
potential of EHR data. Our multisystem results were similar 
to those at Vanderbilt University Medical Center, where dis-
parities in positivity rates by language were noted in a single 
health system’s EHR data, and our model expands on their 
work by merging data from numerous health systems across 
the state.10 Furthermore, using our internal data, we were 
able to reproduce trends across Minnesota from data col-
lected at state testing facilities and reported to MDH, sug-
gesting our approach had good face validity.

The early successes of the Consortium’s COVID-19 proj-
ect were the result of several factors. First, before the begin-
ning of the pandemic, an initial Consortium working group 
had recently convened and agreed to collaborate on dispari-
ties-focused projects. Second, the use of a federated data 

approach, with each health system providing summary data 
and no patient-level identifiable information, was key in 
overcoming previous reluctance to sharing data across 
health systems and provided additional security protections 
for patient data. Third, it was understood that all health sys-
tems would, at least initially, be contributing time, resources, 
and summary data in kind. Remarkably, all partners were 
committed to the public health benefit that the Consortium 
could provide and agreed to this stipulation. Fourth, we 
understood the critical need to include partner organiza-
tions. The Institute for Clinical Systems Improvement con-
venes the chief executive officers of Minnesota’s major 
health systems quarterly as part of its MN Health 
Collaborative initiatives.23 MN Community Measurement 
works with health care systems and providers to collect and 
analyze clinical data for quality measures.24 Inclusion of 
these organizations contributed importantly to the success 
of the Consortium, in part because of their existing relation-
ships and years of experience facilitating multi–health sys-
tem collaborations throughout the state.

In addition to COVID-19 syndromic surveillance, the 
Consortium is working with MDH to enable monitoring of 
COVID-19 vaccination rates in certain subpopulations. The 
Consortium will report on vaccination rates by zip code, 
race and ethnicity, language, age, comorbidities, and area-
level factors.25 This new initiative highlights the flexibility 
of our methods to quickly adapt to changing public health 
priorities, in this case, from a focus on COVID-19 testing to 
vaccination.

Limitations

This study had several limitations. First, the Consortium 
includes most of Minnesota’s large health systems, but 

Figure 2.  (A) COVID-19 positivity rates among all tests and (B) COVID-19 testing rates among patients with viral symptoms, by zip 
code tabulation area, Minnesota, MMWR week 47, 2020. An MMWR (Morbidity and Mortality Weekly Report) week is the week of the 
epidemiologic year used by the Centers for Disease Control and Prevention for disease reporting.
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smaller health systems and clinics are not currently partici-
pating, as demonstrated by limited coverage in western and 
rural Minnesota. Smaller health systems without staff 
resources to participate on their own may be able to do so by 
leveraging existing data systems used by MN Community 
Measurement for collecting clinical data for quality mea-
sures; thus, efforts are underway to involve more health sys-
tems and clinics in the Consortium. Second, the data 
presented herein include only patients who sought care at the 
participating health systems; results cannot be extrapolated 
to people who did not seek care despite experiencing 
COVID-19–like symptoms. In addition, analyses of sum-
mary-level EHR data may overrepresent patients who seek 
care at multiple health systems or undercount COVID-19 
testing in these same patients. Nonetheless, the distribution 
of racial and ethnic populations in our data are within 1 per-
centage point of US census estimates for Minnesota. We are 
currently in the process of implementing secure, deidentified 
methods for deduplicating patients across systems. Finally, 
we did not examine severity of illness but have plans to 
incorporate outcomes such as hospitalization and mortality 
in future updates.

Practice Implications

In less than 2 months, the Consortium developed a feder-
ated data network and reported on patients who received 
positive COVID-19 test results and who had symptoms of 
viral illness, by race, ethnicity, and area-level factors 
across 8 large health systems. This information bridged 
important gaps in COVID-19 syndromic surveillance for 
MDH, particularly granular data on patient race, ethnicity, 
and language, as well as data on patients with symptoms of 
viral illness who did not receive testing. The Consortium is 
currently focusing on COVID-19–related surveillance, but 
the governance, agreements, workflow, data models, and 
process infrastructure that have been developed to address 
the COVID-19 pandemic can provide an important foun-
dation for future public health surveillance projects using 
EHR data. Beyond the current pandemic, the Consortium 
is well positioned to monitor chronic conditions such as 
diabetes, hypertension, cardiovascular disease, depression, 
and opioid use disorder and will be able to react to novel 
crises that might emerge.
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