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Abstract  

Introduction: Few studies have addressed how to select a study sample when using electronic 

health record (EHR) data. 

 Methods: Year 2016 EHR data from three health systems was used to examine how alternate 

definitions of the study sample, based on number of healthcare visits in one year, affected 

measures of disease period prevalence.  Curated collections of ICD-9, ICD-10, and SNOMED 

codes were used to define three diseases.   

 Results: Across all health systems, increasing the minimum required number of visits to be 

included in the study sample monotonically increased crude period prevalence estimates.  The 

rate at which prevalence estimates increased with number of visits varied across sites and across 

diseases.    

Conclusions: When using EHR data authors must carefully describe how a study sample is 

identified and report outcomes for a range of sample definitions, so that others can assess the 

sensitivity of reported results to sample definition in EHR data.   
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Introduction 

Increased adoption of electronic health records (EHR) has generated increased interest in using 

these data in clinical and epidemiologic research 1.  EHRs have been proposed to offer an 

efficient means for identifying eligible subjects for retrospective database studies and for 

prospective observational studies or pragmatic trials.  EHRs offer data elements that are desirable 

for capturing baseline inclusion and exclusion criteria, covariates, treatments and interventions, 

and study outcomes.     

 

EHRs can provide a reasonably complete picture of a patient’s health and medical encounters in 

“closed” health systems, such as traditional health maintenance organizations.  However, many 

EHRs are drawn from non-closed systems, which likely provide only some of a patient’s health 

care encounters.  The EHR will often reflect a subset (sometimes a small subset) of patient 

encounters and as a result, diagnoses.  Therefore, it is challenging to define a study sample using 

EHR data, and, therefore, to calculate even basic outcomes such as chronic disease prevalence.  

Researchers must specify criteria for determining which patients have sufficient information in 

the EHR to be included in the study sample.   Often, this sample is defined by requiring that 

persons have a minimum number of visits in a defined period (for example 2 visits in a 3 year 

period 2).   

 

Many studies have been published that propose, validate, and, in some cases, compare disease 

definitions in EHR systems (see Sprat et al. 3 for a type 2 diabetes example and Pathak et al. for 

an overview 4).  One study included a simulation demonstrating for lower-sensitivity phenotypes, 

the potential for bias is exacerbated when the medical condition also leads to more patient 
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encounters5.  However, the specific implications of different methods for selecting a study 

sample have received little examination.  The objective of this report was to examine how 

changing criterion for number of visits in EHR data required for inclusion in a study sample 

would impact one basic epidemiologic measure: estimates of disease period prevalence, i.e. the 

proportion of individuals in a defined population that have a disease during a specified time 

period.   Period prevalence of three common diseases was examined across three large 

geographically and demographically diverse health care systems. 

 

Methods 

EHR data from three different health systems participating in the Greater Plains Collaborative 6 

and Chicago-Area (CAPriCORN) 7 Clinical Data Research Networks (CDRNs) was used.  

Although the specific health systems are not identified here, systems with varying locations and 

diverse population demographic populations served were intentionally chosen.   Each health 

system provided inpatient, outpatient and emergency department diagnoses (using ICD9, ICD10 

and SNOMED codes) for all patients with health care encounters on two or more discrete days 

during 2016.  The initial sample was filtered to require at least two “visits” (defined as any 

Ambulatory Visit, Emergency Department Visit, Emergency Department Admit to Inpatient 

Hospital Stay, Inpatient Hospital Stay, Non-Acute Institutional Stay, Observation Stay, 

Institutional Professional Consult, or Other Ambulatory visit, per the People-Centered Outcomes 

Research Institute Common Data Model (https://pcornet.org/pcornet-common-data-model/), and 

varied the minimum number of visits from 2 to 6.    
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To define cases of specified diseases in the study samples, curated collections of ICD-9, ICD-10, 

and SNOMED codes drawn from the Center for Medicare Studies Electronic Clinical Quality 

Measures (eCQMs—https://ecqi.healthit.gov/ecqms) were used.  For myocardial infarction, 

codes for the denominator of the eQCM “Coronary Artery Disease: Beta-Blocker Therapy-Prior 

Myocardial Infarction (MI) or Left Ventricular Systolic Dysfunction (LVEF <40%)” were used; 

for diabetic nephropathy codes for the numerator of the eQCM “Diabetes: Medical Attention for 

Nephropathy” were used; and for persistent asthma codes for the denominator of the eQCM “Use 

of appropriate medications for asthma” were used.  An individual was treated as having one of 

these three conditions in 2016 if the EHR indicated a disease specific code on any date in 2016.  

Data were analyzed in 2018. 

 

Statistical analysis 

Crude period prevalence (prevalent case count / study sample) during 2016 was calculated for 

each disease and each network, based on different study sample definitions that required 2,3,4,5 

or 6 visits to the health care system between January 1 2016 and December 31 2016).  This 

analysis was also repeated restricting the study population to patients between the ages of 46 and 

65 in 2016.  This project was approved by the CAPriCORN IRB. 

 

Results 

Figure 1 shows how the study sample for each health system changed as the required number of 

visits to that health system during 2016 increased.  In all cases, not surprisingly, increasing the 

minimum number of visits required dramatically reduced the size of the sample. Interestingly, 

the sites showed fairly similar percentage declines in the size of the sample as the number of 
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required visits increased. For all three sites, requiring 6 visits nearly halved the sample size, 

compared to requiring only 2 visits.  

 

Figure 2 shows how the calculations of crude period prevalence (2016) for MI (a) diabetic 

nephropathy (b) and persistent asthma (c) changed across health systems, as the minimum 

number of health system visits required for inclusion in the study sample increased.  The number 

of patients with each of these diagnoses also fell as the minimum number of visits increased, but 

much more slowly than the denominator.  As a result, the prevalence of all three diseases 

increased as the number of visits required to enter the study sample increased across all health 

systems.  However, the rate of increase differed across sites and diseases.  For site 2 increasing 

the number of required visits from 2 to 6 increased MI prevalence by 36% and increased 

persistent asthma prevalence by 48%.  For MI, increasing the number of required visits from 2 to 

6 increased MI prevalence at site 1 by 57% and MI prevalence at site 2 by 36%.    To see if some 

standardization of populations across the three sites reduced observed differences in the way 

prevalence changed with increasing number of required visits, we also calculated crude period 

prevalence (2016) for MI, diabetic nephropathy, and persistent asthma by the minimum number 

of health system visits required for inclusion in the subset of 46-65 year olds (Supplementary 

Table 1).  This attempt at standardization actually increased observed differences in the way MI 

prevalence changed with increasing number of required visits across sites; increasing the number 

of required visits from 2 to 6 in the subset of 46-65 increased MI prevalence at site 1 by 68% and 

MI prevalence at site 2 by 37%. 

  

Discussion 
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This study demonstrates that for three disease conditions, across three different health systems, 

estimates of basic descriptive epidemiology metrics, like crude disease period prevalence, 

change as one increases the minimum number of health care system visits required to be 

included in the study sample.   The increase in prevalence with minimum number of visits is not 

surprising; people with more contact with the health care system will have more complete 

records of their health status.   However, also as one increases the number of visits to a health 

care system required to enter a study sample, one loses healthy individuals (who presumably 

have less contact with any health care system), making results less generalizable to the 

population.  Unfortunately, there appears to be only limited consistency in the magnitude of 

increases in period prevalence estimates as one increases the minimum number of required visits, 

both across different diseases (within a single health care system) and across health care systems 

(for a single disease), which severely limits broadly generalizable recommendations about study 

sample definition using EHRs from non-closed systems.  Given these challenges (as well as lack 

of adjustment, different measurement methods, and geographic and demographic diversity) it is 

not surprising that the calculated crude estimates of MI, diabetic nephropathy, and asthma 

differed both widely across health systems and from recent Behavioral Risk Factor Surveillance 

System and National Health Interview Survey estimates 8-10. 

 

Researchers are developing methods to estimate disease prevalence using EHR data, some with 

notable success 11-13.  This study suggests decisions in the basic definition of the study population 

can greatly impact estimation of disease prevalence, which, in turn, can greatly impact many 

descriptive and analytic epidemiology analyses.    Study population definition should be a 

carefully considered element in any clinical or epidemiologic study using EHR data.  
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Investigators should carefully define the study sample (and their reasons for choosing that study 

sample definition, including information about the effect of choosing different definitions) when 

using EHRs in research.  Investigators should also consider that different EHR study sample 

definitions may be required for the study of different diseases.   If an algorithm for EHR study 

sample selection for a disease is proposed, it should be tested and validated across multiple 

health systems, in the same manner that EHR phenotype definitions are often validated 14. 

 

 

  

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted May 3, 2019. ; https://doi.org/10.1101/622761doi: bioRxiv preprint 

https://doi.org/10.1101/622761


9 

 

9 

 

 

References 

1. Remington PL, Wadland WC. Connecting the dots: bridging patient and population 

health data systems. Am J Prev Med 2015;48(2):213-214. 

2. Jackson KL, Mbagwu M, Pacheco JA, Baldridge AS, Viox DJ, Linneman JG, Shukla SK, 

Peissig PL, Borthwick KM, Carrell DA, Bielinski SJ, Kirby JC, Denny JC, Mentch FD, 

Vazquez LM, Rasmussen-Torvik LJ, Kho AN. Performance of an electronic health 

record-based phenotype algorithm to identify community associated methicillin-resistant 

Staphylococcus aureus cases and controls for genetic association studies. BMC Infect Dis 

2016;16(1):684. 

3. Spratt SE, Pereira K, Granger BB, Batch BC, Phelan M, Pencina M, Miranda ML, 

Boulware E, Lucas JE, Nelson CL, Neely B, Goldstein BA, Barth P, Richesson RL, Riley 

IL, Corsino L, McPeek Hinz ER, Rusincovitch S, Green J, Barton AB, Group DDCP, 

Kelley C, Hyland K, Tang M, Elliott A, Ruel E, Clark A, Mabrey M, Morrissey KL, Rao 

J, Hong B, Pierre-Louis M, Kelly K, Jelesoff N. Assessing electronic health record 

phenotypes against gold-standard diagnostic criteria for diabetes mellitus. J Am Med 

Inform Assoc 2017;24(e1):e121-e128. 

4. Pathak J, Kho AN, Denny JC. Electronic health records-driven phenotyping: challenges, 

recent advances, and perspectives. J Am Med Inform Assoc 2013;20(e2):e206-11. 

5. Goldstein BA, Bhavsar NA, Phelan M, Pencina MJ. Controlling for Informed Presence 

Bias Due to the Number of Health Encounters in an Electronic Health Record. Am J 

Epidemiol 2016;184(11):847-855. 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted May 3, 2019. ; https://doi.org/10.1101/622761doi: bioRxiv preprint 

https://doi.org/10.1101/622761


10 

 

10 

 

6. Waitman LR, Aaronson LS, Nadkarni PM, Connolly DW, Campbell JR. The Greater 

Plains Collaborative: a PCORnet Clinical Research Data Network. J Am Med Inform 

Assoc 2014;21(4):637-41. 

7. Kho AN, Hynes DM, Goel S, Solomonides AE, Price R, Hota B, Sims SA, Bahroos N, 

Angulo F, Trick WE, Tarlov E, Rachman FD, Hamilton A, Kaleba EO, Badlani S, 

Volchenboum SL, Silverstein JC, Tobin JN, Schwartz MA, Levine D, Wong JB, 

Kennedy RH, Krishnan JA, Meltzer DO, Collins JM, Mazany T, Team CA. 

CAPriCORN: Chicago Area Patient-Centered Outcomes Research Network. J Am Med 

Inform Assoc 2014;21(4):607-11. 

8. de Boer IH, Rue TC, Hall YN, Heagerty PJ, Weiss NS, Himmelfarb J. Temporal trends in 

the prevalence of diabetic kidney disease in the United States. JAMA 2011;305(24):2532-

9. 

9. Centers for Disease C, Prevention. Prevalence of coronary heart disease--United States, 

2006-2010. MMWR Morb Mortal Wkly Rep 2011;60(40):1377-81. 

10. CDC. Most Recent Asthma Data. https://www.cdc.gov/asthma/most_recent_data.htm 

Accessed 2/8, 2019. 

11. Perlman SE, McVeigh KH, Thorpe LE, Jacobson L, Greene CM, Gwynn RC. 

Innovations in Population Health Surveillance: Using Electronic Health Records for 

Chronic Disease Surveillance. Am J Public Health 2017;107(6):853-857. 

12. Klompas M, Cocoros NM, Menchaca JT, Erani D, Hafer E, Herrick B, Josephson M, Lee 

M, Payne Weiss MD, Zambarano B, Eberhardt KR, Malenfant J, Nasuti L, Land T. State 

and Local Chronic Disease Surveillance Using Electronic Health Record Systems. Am J 

Public Health 2017;107(9):1406-1412. 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted May 3, 2019. ; https://doi.org/10.1101/622761doi: bioRxiv preprint 

https://doi.org/10.1101/622761


11 

 

11 

 

13. Flood TL, Zhao YQ, Tomayko EJ, Tandias A, Carrel AL, Hanrahan LP. Electronic health 

records and community health surveillance of childhood obesity. Am J Prev Med 

2015;48(2):234-240. 

14. Newton KM, Peissig PL, Kho AN, Bielinski SJ, Berg RL, Choudhary V, Basford M, 

Chute CG, Kullo IJ, Li R, Pacheco JA, Rasmussen LV, Spangler L, Denny JC. Validation 

of electronic medical record-based phenotyping algorithms: results and lessons learned 

from the eMERGE network. J Am Med Inform Assoc 2013;20(e1):e147-54. 

 

 

  

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted May 3, 2019. ; https://doi.org/10.1101/622761doi: bioRxiv preprint 

https://doi.org/10.1101/622761


12 

 

12 

 

Figure 1. Study sample for each health system for different minimum required number of visits 

([inpatient, outpatient, or emergency room visits] from January 1 2016 to December 31 2016) 
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Figure 2.  Variation in basic descriptive epidemiology metrics (example: period prevalence) with 

increase in minimum number of health care visits required to enter the study sample.  Estimates 

of period prevalence during 2016 for (a) MI (b) diabetic nephropathy and (c) persistent asthma, 

for different minimum numbers of required visits during 2016. 
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