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ABSTRACT

Objective: The study sought to assess the feasibility of nationwide chronic disease surveillance using data ag-

gregated through a multisite collaboration of customers of the same electronic health record (EHR) platform

across the United States.

Materials and Methods: An independent confederation of customers of the same EHR platform proposed and

guided the development of a program that leverages native EHR features to allow customers to securely con-

tribute de-identified data regarding the prevalence of asthma and rate of asthma-associated emergency depart-

ment visits to a vendor-managed repository. Data were stratified by state, age, sex, race, and ethnicity. Results

were qualitatively compared with national survey-based estimates.

Results: The program accumulated information from 100 million health records from over 130 healthcare sys-

tems in the United States over its first 14 months. All states were represented, with a median coverage of

22.88% of an estimated state’s population (interquartile range, 12.05%-42.24%). The mean monthly prevalence

of asthma was 5.27 6 0.11%. The rate of asthma-associated emergency department visits was 1.39 6 0.08%.

Both measures mirrored national survey-based estimates.

Discussion: By organizing the program around native features of a shared EHR platform, we were able to rap-

idly accumulate population level measures from a sizeable cohort of health records, with representation from

every state. The resulting data allowed estimates of asthma prevalence that were comparable to data from tra-

ditional epidemiologic surveys at both geographic and demographic levels.

Conclusions: Our initiative demonstrates the potential of intravendor customer collaboration and highlights an

organizational approach that complements other data aggregation efforts seeking to achieve nationwide EHR-

based chronic disease surveillance.
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INTRODUCTION

The Health Information Technology for Economic and Clinical

Health Act of 2009 catalyzed the widespread adoption of electronic

health records (EHRs) in the United States.1 As of 2015, 96% of

nonfederal acute care hospitals and nearly 78% of office-based prac-

tices in the United States had adopted EHRs certified by the Office

of the National Coordinator for Health Information Technology.2

These ever-expanding repositories of health data hold the potential

for complementing traditional approaches to population health re-

search and disease surveillance at a national level. The largest bar-

rier to realizing this potential has been the lagging development of

processes that would allow for the efficient, timely, and meaningful

aggregation of data from disparate sources.3 Health information

exchanges (HIEs) have continued to mature beyond their primary

goal of serving individual stakeholders, but the development of pub-

lic health surveillance programs has been hampered by technological

and resource limitations at the local level and the absence of a coor-

dinated strategy at the national level.4,5 Even with efforts by the

Centers for Medicare and Medicaid Services to incentivize health-

care systems for meeting standards of public health data

reporting,6,7 the goal of universal data exchange and aggregation for

public health reporting, surveillance, and research purposes remains

elusive to date.8,9

Despite ongoing challenges to meaningful data aggregation, at

least two localized efforts in the United States have gained traction

in achieving chronic disease surveillance with EHR generated

data.10 NYC Macroscope is a surveillance system that can query

more than 700 primary care provider practices using the same EHR

platform, with cumulative coverage of approximately 1.5 million

individuals in New York City.11,12 MDPHnet is a collaboration that

allows officials to query data from more than 1 EHR platform

across different health systems, covering more than 1 million indi-

viduals in the state of Massachusetts.13,14 Both programs reported

reasonable success in achieving chronic disease prevalence estimates

that mirrored the results of well-established local survey data and

declared EHR-based disease surveillance feasible.12,14–16 While the

cost of the development of either program was not explicitly stated,

both programs required significant new partnerships, third party

support and external funding to achieve their goals.11,13 Owing pri-

marily to substantial financial and human capital constraints at the

level of local health departments, the ability to successfully scale

such approaches across the nation is in question.17

To facilitate the compilation and exchange of EHR data between

multiple healthcare systems, an independent group of customers of

the same EHR platform repurposed native EHR functions to de-

velop a mechanism that allowed institutions to aggregate and submit

de-identified patient data to a vendor-managed repository. The

resulting collaborative, the Aggregate Data Program (ADP), elimi-

nated the need for additional third-party hardware or software and

greatly simplified participation in the ADP. Because all customers

use the same base data model and the vendor provided the auto-

mated query for the data pull as part of its base code set, customers

wanting to contribute data merely needed to sign an agreement

allowing their de-identified population-level data to be automati-

cally queried and aggregated.

The first product of the ADP collaboration is a dataset on

asthma prevalence and asthma-associated emergency department

(ED) utilization. Herein, we describe the structure and function of

the program and the size and geographic extent of the population

the program ultimately covered. In order to characterize the quality

of the data produced, ADP data are qualitatively compared with tra-

ditional survey-based national estimates of asthma prevalence and

rates of asthma-associated ED visits, with stratification along geo-

graphic and demographic subgroups for the former. We then discuss

the distinguishing features, advantages, and limitations of this ap-

proach in comparison with other chronic disease surveillance

efforts.

MATERIALS AND METHODS

Program governance and structure
Program governance is through the ADP Data Governing Council

elected by and from participating organizations. Any U.S. healthcare

organization using the Epic EHR (Epic Systems, Verona, WI) was el-

igible to contribute de-identified data to the ADP. Customers and

institutions were not charged for participation and did not receive

any financial incentives from the vendor to partake in the develop-

ment of the program, nor was there an incentive from the vendor for

institutions that contributed data. Organizations submitting data to

the ADP registry benefited from potentially qualifying for Centers

for Medicare and Medicaid Services incentives for specialized regis-

try reporting and were allowed access to ADP data for research pur-

poses. Any resulting studies and manuscripts (including this one)

required unanimous approval by the independent members of the

ADP Data Governing Council to confirm compliance with the pro-

gram’s bylaws. The last major revision of this manuscript was sub-

mitted to the members of the Council, with no objections to its

dissemination registered.

Data collection and aggregation mechanism
Existing query functionality of the EHR platform is used to generate

de-identified population level data for a participating healthcare sys-

tem, extracted from standard, common data fields. This data is then

securely transmitted through a pre-existing EHR embedded, Health

Insurance Portability and Accountability Act–compliant data trans-

fer mechanism to a centralized, secure server administered by the

vendor (Figure 1). Any summary level with fewer than 10 patients is

not transmitted as a further privacy protection. Population level

data from each participating healthcare system is then pooled into a

single dataset without any record of the contributing organization’s

identity. Datasets were contributed monthly.

Definition of asthma in the ADP
The ADP dataset described here summarizes asthma prevalence and

the rate of asthma-associated ED visits in participating organiza-

tions. The prevalence data counts active patients in participating

organizations and the subset of those patients with asthma. A pa-

tient was considered active if they were not deceased and had an

EHR encounter documented during the preceding 24 months.

Patients were considered to have “treated” asthma if any of the fol-

lowing criteria were met during the preceding year: (1) an encounter

or billing diagnosis of asthma, (2) an active asthma diagnosis on the

patient’s problem list, or (3) a health maintenance modifier (a prop-

erty or tag attributed by a clinician) indicating a diagnosis of

asthma. An asthma diagnosis was defined as any International Clas-

sification of Diseases diagnosis mapped in the EHR to the

SNOMED-CT (Systematized Nomenclature of Medicine - Clinical

Terms)18 concept for asthma or any of its child concepts. The ED

data comprises counts of ED visits with a principal encounter
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diagnosis of asthma and of all ED visits, both for the preceding 12

months. Prevalence data were summarized by age, sex, race, ethnic-

ity, and geographic location at the state level. The data presented

here were collected between September 2016 and November 2017.

Comparison data
Traditional epidemiological survey data on asthma are presented for

comparison. National data on the prevalence of asthma is publicly

available from the National Health Interview Survey (NHIS) con-

ducted by the National Center for Health Statistics of the Centers

for Disease Control and Prevention (CDC).19 The comparative

NHIS data available was for January through June of 2017. State

level data was obtained from the Behavior Risk Factors Surveillance

System (BRFSS).20 Data on ED visits was obtained from the Na-

tional Hospital Ambulatory Medical Care Survey (NHAMCS).21

BRFSS reported data up to 2016 and NAHMCS reported data into

2015 at the time of the study. State population estimates are from

the U.S. Census Bureau for July 2016.22

Asthma prevalence is measured in two ways for the CDC survey

data presented here. “Current” asthma is counted when the follow-

ing questions are both answered affirmatively: “Have you ever been

told by a doctor or other health professional that you have asthma?”

and “Do you still have asthma?” The second measure of asthma

prevalence in CDC surveys is “active” asthma, which is counted

when an affirmative answer is given to the question “During the

past 12 months, have you had an episode of asthma or an asthma

attack?”

Statistical approach
Descriptive statistics were used to illustrate ADP asthma prevalence

measures over time, and within previously defined subgroups. When

data from multiple months are combined, the reported mean is

weighted by the active patient population for that period. As the

data are not a well-defined random sample, statistical inference of

confidence intervals was not conducted. Standard deviation of the

monthly prevalence is reported with means as a measure of disper-

sion. The geographic coverage of the ADP dataset was estimated by

dividing the active patient population for each state by the U.S. Cen-

sus Bureau July 2016 estimate of that state’s population.22 To evalu-

ate geographic variation, absolute differences between the ADP and

2016 BRFSS adult asthma prevalence estimates were compared at

the state level. In a post hoc analysis, a scatter plot was constructed

to demonstrate the relationship between the ADP and BRFSS differ-

ences and relative program penetration by state. The relationship

was also illustrated by a locally estimated scatterplot smoother

(loess) function that was overlaid on the same figure. All analyses

for this study were conducted in R (version 3.5.1),23 and figures gen-

erated using the ggplot2 package.24

No Institutional Review Board approval was sought or obtained

for this study and analysis because it involved only population level

de-identified data. This study was approved by the independent

ADP Data Governing Council made up of representatives of health-

care systems contributing data to the ADP. While input from Epic

Systems staff was solicited to ensure an accurate representation of

the ADP, neither Epic Systems nor its employees had a role in the ap-

proval of this study or the resulting manuscript.

RESULTS

Program scale
The absolute size of the number of patients in the ADP asthma dataset

trended upward from its inception in September 2016, when the ac-

tive patient population was lowest at just under 16 million (Figure 2).

It passed 100 million in October of 2017. All fifty states were repre-

sented. California had the largest peak active patient count, 11.8 mil-

lion, followed by Ohio at 8.7 million and Texas at 8.3 million. Rhode

Island had the smallest peak active patient count of 4447.

Figure 1. Conceptual schematic of aggregated population data-sharing methodology. EHR: electronic health record; PHI: protected health information.
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The geographic coverage of the ADP dataset is demonstrated in

Figure 3. This proportion peaked for North Dakota at 100.8%, fol-

lowed closely by Minnesota at 97.98%. The remaining states were

distributed roughly uniformly between Rhode Island (0.42%) and

Michigan (76.82%). The median represented proportion was

22.88% and interquartile range was 12.05%-42.24%.

Asthma prevalence
The mean monthly prevalence of treated asthma in the ADP dataset

during 2017 was 5.27 6 0.11%. This measurement was essentially

stable as the program grew (Figure 2). The prevalence of treated

asthma in the ADP dataset was compared with the NHIS Early Re-

lease of Selected Estimates for January through June 2017.19 During

this period, the national estimate of current asthma prevalence was

8.10% (95% confidence interval, 7.68%-8.52%) and the national es-

timate of active asthma was 3.90% (95% confidence interval, 3.57%-

4.18%), bracketing the ADP treated asthma prevalence (Figure 4).

The comparative prevalence of ADP-measured treated asthma

and NHIS active and current asthma was maintained across demo-

graphic subgroups (Figure 5). Current and active asthma preva-

lence estimates are included in the NHIS Early Release by

sex, race, and ethnicity, and for age groups of <15 years of age

(children), 15-34 years of age (young adults), and �35 years of age

or older (older adults). The ADP also summarized data by age,

sex, race, and ethnicity but used different age divisions. It reported

summaries for ages of <12 years of age, 12-20 years of age, 20-39

years of age, 40-64 years of age, and >64 years of age. It also, sep-

arately, reported summaries for the categories “child” and

“adult.” We show comparison of the NHIS age divisions with

ADP data for <18 years of age (children), 20-39 years of age

(younger adults), and >39 years of age (older adults). Similar com-

parison was also made with ADP data for children <12 years of

age and <20 years of age, with no change in the qualitative rela-

tionship to the prevalence of current and active asthma (data not

shown). While treated asthma prevalence was between active and

current asthma prevalence for each group examined, the proximity

of the measures varied. The prevalence of treated asthma and the

prevalence of active asthma were closest for female older adults,

while the prevalence of treated asthma and the prevalence of cur-

rent asthma were closest for black children.

The mean difference between the ADP adult-treated asthma

prevalence and the BRFSS adult current asthma prevalence was 4.57

6 1.79%. The relationship between the magnitude of these differen-

ces and the maximal proportion of state representation in the ADP

is demonstrated in Figure 6.
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Figure 2. The total number of patient records aggregated in each month’s active patient population (top panel) and the prevalence of treated asthma in that popu-

lation (bottom panel).
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Figure 3. Proportion of number of health records in the Aggregate Data Program cohort to census based population estimates, by state.
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Figure 4. Aggregate Data Program (ADP) treated asthma prevalence and National Health Interview Survey (NHIS) active and current asthma prevalence esti-

mates. Treated asthma prevalence is the mean of monthly values for December 2016 to November 2017. NHIS estimates are from the indicated year, with error

bars showing 95% confidence interval of the estimate.
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ED visits
The ADP rolling average of the rate of asthma-associated ED visits

in 2017 was 1.39 6 0.08%. By comparison, prior estimates from

the NHAMCS dataset ranged between 1.3% and 1.4% (standard er-

ror ¼ 0.1%) between 2010 and 2015.

DISCUSSION

We describe the application of an efficient and accessible mechanism

for nationwide health data aggregation that leverages a shared data

model and native features in a widely used commercial EHR. This

approach lowers barriers to sharing de-identified data from multiple

healthcare organizations, as demonstrated by its ability to accumu-

late information from over 100 million patient records over a rela-

tively short period of time (13 months). While this dataset was not

designed to be a representative national sample, the volume of

health records accumulated allowed us to generate estimates of

asthma prevalence and rates of asthma-associated ED utilization

that mirror those produced by traditional survey-based methods.

The efficiency, scope and quality achieved by this approach demon-

strate the potential value of a confederated, customer driven, and

EHR vendor-facilitated collaboration.

The relatively seamless and scalable nature of the ADP allowed

the initiative to reach the national scale that it did (Figure 2). Each

of the 50 states was represented, often with a significant portion of

a state’s population potentially included (Figure 3). However, sev-

eral states had minimal representation. In other states, the pro-

gram counted more individuals than would have been expected.

Most notably, North Dakota had >100% of the estimated popula-

tion represented. Repeated counting of patients is likely to be the

biggest culprit. This particular issue is highlighted by Kho et al,25

who demonstrated that de-duplicating records in a Chicago-based

EHR-linkage tool reduced their estimates of asthma prevalence by

28%. As data are de-identified before submission in the ADP, we

are not able to prevent repeat counting of any patient seen at more

than 1 participating organization. Other efforts that leverage

de-identified data for aggregation have grappled with similar

trade-offs.11
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The ADP produced asthma prevalence estimates that were con-

sistent with well-established national and state-level surveys. The

prevalence of treated asthma, as measured by the ADP, was consis-

tently between the prevalence of active asthma and the prevalence of

current asthma measured by traditional epidemiologic methods (Fig-

ures 4 and 5). However, the quantitative relationship between the

ADP definition of treated asthma and the NHIS definitions of cur-

rent and active asthma appeared to vary within both state and de-

mographic subgroups. At the geographic level, the magnitude of the

absolute difference between NHIS estimate of current asthma and

ADP measure of treated asthma at the state level appeared to be re-

lated to the proportion of inhabitants that could have been repre-

sented by the ADP (Figure 6). The ADP estimates deviated more in

states with lower representation, but the relationship appeared to

stabilize once at least 25% of the population of a state was repre-

sented in the dataset. The latter can likely be attributed to sampling

bias from less represented states. At the demographic level, the most

prominent example of differences between our counts and estab-

lished estimates is a greater proximity of the ADP treated asthma

prevalence to NHIS estimates of current asthma prevalence, as op-

posed to the estimates of active asthma prevalence, in Black and His-

panic subgroups. We believe that this may be explained by 2 factors.

First, the ADP measure may appear more inflated in minorities, as it

reflects asthma-associated healthcare utilization, which is known to

be significantly higher in this subgroup when compared with

others.26 Second, we suspect that active asthma may be underre-

ported by minorities, a hypothesis that is raised by documented dif-

ferences in the perception of disease severity and reporting of

asthma symptoms in Black patients when compared with Cauca-

sions.27,28 In contrast, when the ADP estimate of ED utilization was

compared with more objective data from the NHAMCS surveys, the

correspondence was found to be excellent.

The success of the ADP was likely driven by its low barrier of en-

try, which should be viewed in the context of recent advancements

in EHR-based population health surveillance achieved by the NYC

Macroscope and MDPHnet programs. Both the MDPHnet and

NYC Macroscope are externally funded collaborations between aca-

demic health care centers, public health officials and clinicians.

MDPHnet leveraged 2 different open source third-party applications

to allow centralized queries of several large practices across several

different EHR platforms in the state of Massachusetts. This required

the development of applications behind the firewalls at each health-

care system.13 NYC Macroscope incorporated different practices us-

ing the same EHR platform to develop a new virtual network (the

“Hub”)29 that could query over 700 primary care providers across

New York City. In contrast, the ADP required no new relationships

and leveraged EHR-native tools for the querying and submission of

de-identified data from any organization that uses the same EHR.

Such an approach lowered technical barriers of entry into the pro-

gram and, most concretely, avoided the need for additional third-

party hardware or software behind an organization’s firewall. Un-

like the MDPHnet and NYC Macroscope programs, no external

funding was necessary for the development and maintenance of the

ADP. In addition, ADP contributors, once agreeing to participate,

had automated queries, aggregation and submission of their popula-

tion level de-identified data at no additional cost. Conversely, the

centralized designs of the NYC Macroscope and MDPHnet pro-

grams lent themselves to flexible and dynamic ad hoc querying,

which the ADP structure did not allow. These limitations of the

ADP are felt to be offset by the advantages of increased participation

in data sharing. The rapid growth of the ADP program, from aggre-

gate summaries representing 16 million active patients to 100 mil-

lion in approximately 1 year, is a testament to the effectiveness of

this approach.

Outside of programs crafted for the express purpose of achieving

chronic disease surveillance, regional health information organiza-

tions (RHIOs) are perhaps best positioned to take advantage of their

existing data aggregates to contribute to the same goal.10 The Indi-

ana Health Information Exchange, one of the largest and most ma-

ture RHIOs in the country, has made significant progress in the

general area of population health surveillance.30 Notable successes

stemming from the Indiana Health Information Exchange include a

relatively robust syndromic surveillance program31,32 and, more re-

cently, the creation of a specialized traumatic brain injury, spinal

cord injury, and stroke registry.33 To our knowledge, however,

peer-reviewed reports of successful chronic disease surveillance pro-

grams specifically have yet to be published in the medical litera-

ture.34 Even if RHIOs are ultimately successful in achieving chronic

disease surveillance at the local level, scalability across the nation

might still be hindered by the need for multiple new collaboratives

and the development of heterogenous interfaces at a time when the

financial sustainability of HIEs cannot always be guaranteed.35 In

contrast, initiatives like the ADP place the impetus on vendors to

continue to develop within-platform standardization and data-shar-

ing mechanisms as an organizational step toward more centralized

interfaces for meaningful data exchange.

While our nationwide disease prevalence and ED utilization esti-

mates mirrored those of national survey data, this success is likely

attributable to the sheer scale of our cohort. Accordingly, there are

significant limitations in our approach that would likely become

more evident if applied to a smaller sample size. The lack of true

random selection of contributed sites and patients, as well as the ab-

sence of demographic weighting, hinders data representativeness

and generalizability.36 This selection bias invariably present in

EHR-based studies is potentially magnified by our dependence on a

single EHR platform, although the NYC Macroscope had the same

limitation and was still able to produce valid estimates of regional
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disease prevalence.12 In addition, EHR estimates of disease preva-

lence can fluctuate depending on the look back period chosen. In

our cohort, we incidentally used a 1-year look back period, which

Rassen et al37 have demonstrated to produce a more stable and

potentially representative estimate of disease prevalence than an all-

time look back in their own simulation study. Importantly, the

success of our pilot program relied on an easily identifiable clinical

diagnosis with a relatively high prevalence. Rare disorders will not

be well served by the suppression of sparse counts at the site level,

and producing reasonable estimates of more complicated clinical

phenotypes from disparate systems will likely prove more difficult.38

Finally, while we were able to uncover interesting trends in asthma-

associated healthcare utilization in minority groups in this version of

the ADP, we could not explore this relationship further due to the

absence of additional potentially relevant characteristics inclusive of

indicators of access to care as well as individual and area-based

measures of socioeconomic status and geography (eg, rural vs urban

distinction). Despite these limitations, we feel that our collaboration

represents a step in the right direction and opens the door for the de-

velopment and validation of new EHR-specific sampling and adjust-

ment techniques that seek to better approximate regional and

national representation.

Our results should not be viewed as an endorsement of any EHR

platform over others. On the contrary, the ADP highlights the po-

tential benefits and limitations of organizing public HIE across cus-

tomers of a shared technology platform and its accompanying data

model. The data elements aggregated in this study were standard de-

mographic data (age, sex, state address, race or ethnicity) and

United Medical Language System International Classification of

Diseases diagnoses codes that are expected to be common in all Of-

fice of the National Coordinator–certified EHRs. Equivalent

approaches to data aggregation could be applied to datasets from

any group of independent healthcare systems along the same orga-

nizing principle, regardless of their reliance on propriety EHR data

models or other open source standards such as the Observational

Medical Outcomes Partnership (OMOP) data model and the Infor-

matics for Integrating Biology and the Bedside (i2b2) data

model.39,40 In the case of vendor-facilitated within-platform organi-

zation, coordination and data aggregation is fundamentally simpler

when the underlying data to be aggregated across different systems

relies on the same data model. Furthermore, efficiency can be

achieved from exploiting existing relationships and reapplying exist-

ing technology. While healthcare organizations might only imple-

ment a data sharing system once, EHR vendors can develop

expertise in this area that complements their existing mastery of

their product, potentially reducing the marginal cost of each expan-

sion of a data cooperative. Smaller organizations, lacking the size to

support an independent data-sharing platform, could become in-

volved via integration with their existing platforms. Finally, all par-

ties involved have the potential to make use of the shared

information, including the fulfillment of federal meaningful EHR

use requirements. The resulting standardization of data structure

and information exchange within individual EHR platforms

presents an alluring organizational step toward the national goal of

interoperability among different EHR platforms, healthcare systems,

and HIE networks.

CONCLUSION

In conclusion, we describe the development and implementation of

a confederated, customer driven and EHR vendor-facilitated data

aggregation collaboration that complements other data aggregation

efforts and brings national EHR-based chronic disease surveillance

closer to reality. As a proof of concept, the program allowed the

rapid aggregation of information from 100 million patient records

across the U.S. and produced asthma prevalence and asthma-

associated ED utilization rates that approximate traditional survey-

based surveillance data at the national and state levels. Future imple-

mentations of this approach could expand the variables collected

and involve an assessment of differential approaches to data sam-

pling and weighting techniques to provide more representative and

externally valid disease estimates.
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