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Implementation and Management of Information Technology in Health Care Delivery 

 

Abstract 

Since the passage of the HITECH Act in 2009, the federal government has spent over $30 

billion dollars in an effort to digitize the US health care delivery system. While electronic health 

records (EHRs) are now ubiquitous in acute care hospitals and primary care physician offices, 

many of the theorized benefits of EHRs in reducing costs and improving quality have not 

materialized. Moving beyond digitizing clinical data towards using data and information 

technology to improve care requires a set of complementary changes in both policy and 

organizational management. This dissertation adds to our understanding of how information 

technology use impacts health care delivery organizations and how policymakers and health 

system leaders can work towards using EHRs to improve care.  

Chapter one examines organizational practices of the adoption and use of electronic 

health records using a novel national hospital survey and describes variation in organizational 

practices such as level of senior leadership engagement in EHR-related decision-making and 

level of clinician involvement in IT implementation. This study also finds specific organizational 

strategies, such as human capital investment and integration across technical systems, may 

complement EHR investments to help hospitals achieve more advanced adoption.  

Chapter two focuses on the use of electronic health records and how they have changed 

clinician work. Using a unique dataset of EHR metadata from ambulatory care organizations 



 iv 

with Epic Systems EHRs, this study compares differences between US and international 

clinicians, finding large differences in EHR work time. These results suggest that US-specific 

socio-technical factors may be driving a significant amount of EHR-related clinician work and 

associated burnout.  

Chapter three focuses on the evaluation of electronic health records. Using data from a 

national assessment of hospital inpatient medication EHR safety, this chapter describes the 

current state of EHR safety performance to prevent adverse drug events. The study then uses a 

regression discontinuity design to determine the causal impact of providing hospitals with 

publicly reported negative feedback on their EHR safety, finding that hospitals who received the 

negative qualitative feedback improved significantly more in the subsequent year compared to 

hospitals who received positive feedback. These results have important implications regarding 

the value of quality assessment in health care. This study finds a small but significant “nudge” 

effect of providing hospitals with feedback on improvement in the next year, and provides 

evidence that measurement and feedback can improve quality. 

Taken together, these three studies add to our knowledge of how organizations can more 

effectively use electronic health records, how technology and socio-technical demands contribute 

to clinician workload, and the value of EHR-based quality assessment and feedback programs in 

improving patient safety.   
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Abstract 

Objective: To identify organizational complementarities of adoption and use of electronic health 

records (EHRs) and assess what organizational strategies were associated with more advanced 

EHR use. 

 

Data Sources: Primary survey data of US hospitals combined with secondary data from the 

American Hospital Association Annual Survey and IT Supplement. 

 

Study Design: In this cross-sectional study we describe hospital organizational practices around 

EHR adoption and use and identify how these practices coalesce into distinct strategies. We then 

assess the association between those organizational strategies and adoption of advanced EHR 

functions. 

 

Data Collection: Primary data collection consisted of surveys sent to 797 US acute care 

hospitals in 2018-2019, with 451 complete respondents. 

 

Principal Findings: There was significant variation in hospital organizational practices for EHR 

adoption and use. Factor analysis identified practices in three domains: Leadership Engagement, 

Human Capital, and Systems Integration. Hospitals in the top quartile of the leadership 

engagement factor were 14 percentage points more likely to have adopted patient engagement 

EHR functions (p = 0.01) while hospitals in the top quartile of human capital were 14 percentage 

points less likely to have adopted these functions (p = 0.02). Hospitals in the top quartile of 

systems integration were 12 percentage points more likely to have adopted patient engagement 
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functions (p = 0.02) and 14 percentage points more likely to have adopted EHR data analytics 

functions (p = 0.02). 

 

Conclusions: Our findings suggest that specific organizational strategies are associated with 

more advanced EHR adoption. Hospital leaders interested in realizing more value from their 

EHR investment may find it useful to know that there is an association between adoption of more 

advanced EHR functions, and engaging senior leadership as well as building connectivity 

between clinical and administrative systems. 
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Introduction 

 Following the passage of the Health Information Technology for Economic and Clinical 

Health (HITECH) Act of 2009, electronic health records (EHR) were rapidly adopted by 

hospitals across the United States. 1-5 While HITECH successfully drove hospital EHR 

adoption,6 the regulations have been criticized as being overly prescriptive and constraining 

hospitals from moving beyond basic EHR functions to higher-value uses of EHRs.7 As a result, 

hospitals digitized records but have fallen short of realizing the full potential value for patients or 

clinicians.7 Evidence from other industries reveals that substantial IT value is derived from the 

ability to analyze and share real-time performance data. However, analysis of real-time clinical 

data in EHRs to measure performance (e.g., adherence to clinical guidelines, patient safety), and 

making performance transparent (e.g., via dashboards) were not part of the meaningful use 

criteria. Another area that was underemphasized in meaningful use was EHR functions to 

support patient engagement, for example by allowing patients to submit patient-generated health 

data or by supporting highly-valued convenience functions such as online scheduling.1,8 Thus, 

while more than 80% of hospitals have adopted at least a basic EHR, there is substantial 

variation in the extent to which hospitals have implemented these high-value functions.1  

 Prior research has shown that structural features of hospitals (e.g., size, teaching status) 

are strongly associated with adoption of advanced EHR functions, but these findings are not 

actionable because the features are largely not modifiable. The problem is also more complex 

than simply choosing the right EHR vendor, as studies have found within-vendor performance 

variation on a variety of metrics, and a significant amount of hospital-level customization occurs 

to tailor the EHR to specific needs.9-12 Evidence from other industries reveals that organizational 

decisions about complementary investments are as important as the technology itself in 
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producing value.13-17 Information technology adoption has often generated productivity gains 

after a period of organizational adaptation13 during which firms pursue varied complementary 

strategic investments.18,19 In the hospital context, an example of a complementary investment is 

the size and composition of the IT team. While including a higher proportion of clinicians on the 

team is more expensive, doing so may achieve better usability, workflow integration, and user 

satisfaction since these individuals have direct experience with frontline work. We lack evidence 

on how organizational strategies related to human capital or other complementary domains apply 

in the hospital setting, and whether such strategies may be helpful in achieving advanced EHR 

adoption. While case studies from leading health systems describe single-site approaches to EHR 

adoption20,21, nationally-representative data that capture organizational approaches to EHR 

implementation and optimization offers generalizable, actionable guidance.  

We therefore collected the first national data on hospital organizational strategies to EHR 

adoption and their relationship to adoption of advanced EHR functions beyond those required by 

meaningful use. Informed by evidence on organizational factors from other industries, as well as 

healthcare literature that revealed that leadership engagement22,23 and IT strategy decisions, such 

as the extent of system customization, investment in workflow adaptation, and intra-

organizational system integration7 were associated with organizational performance in a variety 

of metrics, we surveyed a random sample of US hospital and asked a wide range of questions 

about how these domains - leadership and board of directors’ involvement, human capital on the 

IT team including clinician engagement, workflow design, and level of EHR integration with 

other internal systems – were operationalized. We sought to answer three research questions. 

First, to what extent do hospitals vary in their organizational practices related to implementation 

and optimization of their EHR in these three domains? Second, do those organizational practices 
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coalesce into strategies? That is, do certain approaches to operationalizing the different 

dimensions of organizational practices for EHR implementation and optimization cluster 

together in distinct ways? Finally, are those organizational strategies associated with greater 

adoption of advanced EHR functions related to patient engagement and clinical data analytics (as 

measured by a separate survey)? Our results provide the first national-level data characterizing 

hospital organizational strategies surrounding EHR adoption and use, and identifying which 

strategies are associated with adoption of advanced EHR functions.  

 

Methods 

Data Sources  

We combined data from two sources. The first is a new national survey of hospitals that 

we developed and administered to a random sample of 797 US acute care hospitals in 2018-

2019. We combined this data with national hospital data from the annual American Hospital 

Association (AHA) Annual Survey and IT Supplement.24  

 

Survey Development 

 We developed, piloted, and refined our survey to capture organizational practices related 

to implementing and optimizing EHRs. To inform survey development, we conducted case study 

site visits to six hospitals selected to reflect diverse characteristics (e.g. large urban academic, 

small rural). We interviewed senior administrative and clinical leaders to understand how their 

organization implemented and optimized their EHR. We performed a content analysis of the 

transcripts, which resulted in the identification of several broad domains (e.g., leadership 

involvement, intraorganizational system integration) and how to operationalize the domains into 
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concrete organizational practices that could be measured on a survey. The resulting structured 

survey questions were pilot tested with the Chief Information Officers (CIO) at each case study 

hospital. Questions were iteratively refined based on CIO feedback. Our final survey instrument 

consisted of 30 questions. The first section asked respondents about their organizational 

approach to EHR implementation and optimization, including timelines, the scope of clinical 

units involved, the types of training available to clinicians, involvement of the EHR vendor, and 

involvement of hospital leadership and the board of directors. The second section asked 

respondents to report on their staffing levels and approach to support various roles and functions 

related to IT and quality including clinician involvement on the IT team. The final section asked 

respondents to report on the quality of information documented in the EHR, the extent to which 

specific functions were implemented, the standardization of certain practices, and the degree to 

which different IT systems within the organization are integrated. The full survey instrument is 

available in Appendix Exhibit A1. 

 

Survey Sample and Administration 

 We partnered with the American Hospital Association to mail surveys to a national 

random sample of 797 acute-care hospitals. Hospital CIOs were asked to complete the survey or 

delegate to the most knowledgeable person in the institution. Non-respondents received a 

minimum of three follow-up contacts via phone, mail, and email, between June 2018 and August 

2019, and the survey could be completed by mail, fax, phone, or online. Respondents were 

offered a $100 gift card to complete the survey. Our final response rate was 60.1%. Replicating 

the approach to adjust for non-response in prior studies using national hospital survey data, we 

calculated nonresponse weights using a propensity score model,25-27 with hospital characteristics 
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as independent variables including size, teaching status, profit status, region, rurality, and critical 

access hospital status. This study was approved by the Institutional Review Board at the Harvard 

T.H. Chan School of Public Health. 

  

Measures 

Organizational Strategies 

 Our primary independent variables were organizational strategies for EHR 

implementation and optimization. To measure strategies, as opposed to individual practices, we 

conducted an exploratory factor analysis (described below in the Statistical Analysis section) on 

survey questions related to Leadership Engagement, Human Capital, and System Integration. 

The factor analysis both confirmed the three domains were distinct from each other (which we 

designed into the survey content but may not have borne out in the responses) and, more 

importantly, it identified which questions in each domain comprised the factor (i.e., some 

questions that we thought would be relevant did not load onto the given factor).  

The first factor loaded 10 survey questions: four related to how often the board of directors was 

presented topics related to the EHR, five related to how engaged the board of directors was in 

topics related to the EHR, and one question on the extent to which the organization developed a 

shared strategy for improving quality and reducing costs. We labeled this set of organizational 

practices as “Leadership Engagement.” Our second factor loaded two questions: “What 

proportion of your IT build and implementation FTEs comprised of clinicians?” and “What 

proportion of your IT build and implementation FTEs comprised of clinicians with patient 

experience at your hospital?” We labeled this factor “Human Capital.” Our third factor loaded 

six survey questions: three asked “To what extent are your clinical and administrative IT systems 
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integrated?” with sub-questions for across inpatient units, between inpatient and ambulatory care 

units, and between clinical and administrative systems. The other three asked “To what extent 

does your staff have to spend time doing duplicate data entry in clinical and/or administrative IT 

systems?” with sub-questions for frontline clinician staff, other clinical staff, and administrative 

staff. We labeled this factor “Systems Integration.” We constructed measures of each factor by 

taking the mean across the individual questions that loaded onto that factor for each hospital. Full 

survey questions and response distributions are available in Appendix Exhibit A1 and full factor 

analysis results are available in Appendix Exhibit A2. 

 

Advanced EHR Functions 

 Our primary outcome measures were hospital adoption of advanced EHR functions. 

Consistent with previous studies on advanced hospital EHR use, we used questions on the 2018 

AHA IT Supplement to capture advanced functions in two domains: patient engagement and 

clinical data analytics. First, we captured whether hospitals responded that they engaged in each 

of 10 uses of the EHR for patient engagement. These functions were: allow patients to view, 

download, and electronically send their health information online; request amendments to their 

medical record; request refills for prescriptions; schedule appointments; pay bills online; submit 

patient-generated data; use secure messaging with providers; and designate family members or 

caregivers to access information on their behalf. Second, we captured whether hospitals 

responded that they engaged in each of 10 uses of EHR data for clinical data analytics. These 

functions were: create dashboards of organizational, unit-level, and individual performance; 

allow clinicians to query data; assess adherence to clinical guidelines; identify care gaps for 

specific patient populations; generate reports to inform strategic planning; support a continuous 
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improvement process; monitor patient safety; and identify high-risk patients for follow-up care. 

Full survey questions are available in Appendix Exhibit A1. 

 

Hospital Characteristics 

To obtain measures of hospital characteristics, we used AHA Annual Survey and IT 

Supplement data. 93% of hospitals who responded to our survey had also responded to the AHA 

Annual Survey and IT Supplement. Specifically, we captured a variety of hospital characteristics 

that previous studies found to be associated with IT adoption in hospitals. These included size 

(<100 beds, 100 – 399 beds, >400 beds), teaching status, profit status, rurality, census region, 

and system membership. We measured the extent of hospital EHR adoption using the Basic and 

Comprehensive EHR definitions developed by Jha et al.27 

 

Statistical Analysis 

Our final analytic sample consisted of 479 hospitals who responded to our survey and to 

the AHA Annual Survey and IT Supplement. 28 hospitals did not respond to 5 or more of the 

questions included in our factor analysis and were excluded from our analyses, leaving 451 

hospitals in our sample. We compared characteristics of hospitals that responded to the survey to 

non-respondents, using chi-squared tests to identify statistically significant differences.  

To answer our first research question, we reported response distributions to each survey question 

on organizational practices included in our factors, plotted as stacked bar graphs organized by 

factor.  

For our second research question, we conducted the exploratory factor analysis across our 

measures of organizational practices to identify distinct organizational strategies. For questions 
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included in the factor analysis, the small number of missing responses to individual items were 

imputed with the mean response. We identified three factors with eigenvalues greater than one, 

and created new variables for each factor by keeping variables that loaded above 0.4 on each 

factor after varimax rotation, averaging the responses that loaded onto each factor.  

Next, we calculated the mean score of each factor stratified by each hospital 

characteristic using univariate linear models, with Wald F tests for statistical significance. Since 

the factor value itself is not directly interpretable, we present the specific practices that 

comprised the strategy by identifying and reporting the median response for each individual 

question for hospitals in the top quartile and hospitals in the remaining three quartiles of the 

respective factor. For example, in the Leadership Engagement domain, factor scores ranged from 

0 to 1, with scores of 0.70 and greater representing the top quartile. For the practice in this 

domain - board engagement with the selection of a specific EHR - the median hospital in the top 

quartile reported the board was engaged “to a great extent” while the median hospital in the 

remaining three quartiles reported the board was engaged “to a small extent / not at all.” We then 

report the specific practices where top quartile hospitals and other quartile hospitals in each 

factor differ. This approach reveals specific, actionable differences in practices that comprise 

each factor that would not be evident from the numeric factor score. 

To answer our third research question, we created two multi-variate logistic regression 

models. The dependent variable for the first was whether a hospital engaged in at least 8 of 10 

patient engagement EHR functions, and the second was whether a hospital engaged in at least 8 

of 10 EHR data analytics functions. We chose to use the any 8 out of 10 definition of advanced 

EHR function adoption for two reasons: first, to be consistent with previously published 

literature that used this measure.1 Second, we wished to capture hospitals that had broadly 
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adopted advanced EHR functions but did not want to exclude those that purposefully chose not 

to adopt certain functions. Our independent variables were whether a hospital was in the top 

quartile of scores on each of the 3 factors, and our set of hospital characteristics. Both models 

included robust standard errors, and we report average marginal effects (AME) and 95% 

confidence intervals on a forest plot.  

We ran robustness tests for both models with non-dichotomized dependent variables (i.e., 

the count of how many patient engagement or EHR data analytics functions the hospital had 

adopted) using ordinary least squares and Poisson models. We also ran robustness tests for both 

logistic regression models using the factor score rather than the dichotomized top-quartile results 

and report the average marginal effects. Finally, we ran a robustness test including controls for 

EHR vendor choice. All analyses used our non-response weights to create nationally-

representative results. 

 

Results 

 60.1% of hospitals responded to our survey. Respondent hospitals (n=479) were more 

likely than non-respondent hospitals (n=318) to be major teaching hospitals, non-profit or 

government owned, rural, small or large compared to medium-sized, in the Northeast or 

Midwest, not a member of a hospital system, and have implemented at least a basic EHR. 

(Appendix Exhibit A3) 

 

Organizational Strategies 

Figures 1-3 report the response distribution for each question that loaded on our factors. 

Ten specific practices loaded on the first factor: Leadership Engagement. (Figure 1.1) The first 
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practice was the extent to which the hospital developed and communicated a shared strategy for 

improving quality and reducing costs related to EHR adoption. Hospitals in the top quartile of 

the factor had a median response of “to a great extent” while hospitals in the other three quartiles 

had a median response of “somewhat.” The next set of practices that loaded on the factor 

captured the level of Board engagement on the following EHR-related topics: decision to 

implement an EHR, selecting a specific EHR, the quality committee, EHR implementation 

approach, and EHR optimization approach. For the quality committee and selection of a specific 

EHR, hospitals in the top quartile had a median response of “to a great extent” compared to “To 

a small extent / not at all” for remaining hospitals. For EHR optimization approach and EHR 

implementation approach, hospitals in the top quartile had a median response of “Somewhat” 

versus “To a small extent / not at all” for remaining hospitals. Finally, for the decision to 

implement an EHR, hospitals in the top quartile had a median response of “To a great extent” 

compared to “somewhat” for other hospitals. 
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Figure 1.1 Factor 1: Hospital Organizational Practices for Leadership / Board Engagement 

The final set of practices loading on the Leadership Engagement factor captures how 

often EHR-related topics were presented to the Board. Hospitals in the top quartile of the factor 

had a median response of “Quarterly or more often” for each of the topics: decision to implement 

an EHR, selection of specific EHR, EHR implementation approach, and EHR optimization 

approach. Hospitals outside the top quartile had the same median response of “Quarterly or more 

often” for decision to implement an EHR, but presented other topics less frequently: the selection 

of a specific EHR and EHR implementation approach (biannually), and EHR optimization 

approach (annually).  
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 Two factors loaded on the second factor, Human Capital. (Figure 1.2) The first was the 

proportion of the IT team comprised of clinicians and the second was the proportion of the IT 

team comprised of clinicians with patient experience at the hospital. For both questions, the 

median response for hospitals in the top quartile of the factor was more than 50%, while the 

median response for other hospitals was 10-20%.  

 

 

 

Figure 1.2 Factor 2: Hospital Organizational Practices for Human Capital 

  

Our third factor, Systems Integration, included six practices. (Figure 1.3) The first three 

practices captured the amount of time staff spent doing duplicative data entry, and the next three 
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practices captured the extent that IT systems across the organization are integrated. Hospitals in 

the top quartile of the factor responded that frontline clinicians, other clinical staff, and 

administrative staff each spent little-to-no time doing duplicative data entry; hospitals outside the 

top quartile responded similarly with the exception of the administrative staff category in which 

staff spent a moderate amount of time on duplicative data entry. In terms of IT integration, the 

median response among top quartile hospitals was that their systems were integrated “to a great 

extent” across inpatient units, between inpatient and ambulatory clinical systems, and between 

clinical and administrative systems. Hospitals outside the top quartile responded similarly for 

integration of clinical systems across inpatient units, but that systems were only “somewhat” 

integrated between inpatient and ambulatory as well as between clinical and administrative 

systems.  
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Figure 1.3 Factor 3: Hospital Organizational Practices for Systems Integration 

 

Table 1.1 summarizes the different practices for each factor and reveals practices with 

the greatest differences between top quartile hospitals and other hospitals. For Leadership, these 

included how engaged the Board was with the quality subcommittee and on the selection of a 

specific EHR (to a great extent for top quartile hospitals and to a small extent / not at all for other 

hospitals), and how often EHR optimization approach was presented to the Board (quarterly or 

more often for top quartile hospitals and annually for other hospitals). For Human Capital, top 

quartile hospitals had clinicians comprising more than 50% of the IT team, compared to 10-20% 
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of the team at other hospitals. Top quartile hospitals in Systems Integration reported that 

administrative staff spent their time doing duplicative work to a small extent / not at all, 

compared to somewhat for other hospitals.  

 

Table 1.1 Strategies from Top Quartile of Each Factor Hospitals versus Other Three Quartiles 

 Top Quartile Hospitals Other Hospitals 
(Median Response) (Median Response) 

Leadership   

Shared Quality and Cost Strategy To a great extent Somewhat 
How Engaged was the Board on the Topic?     
  Quality Subcommittee To a great extent To a small extent / not at all 
  EHR Optimization Approach Somewhat To a small extent / not at all 
  EHR Implementation Approach Somewhat To a small extent / not at all 
  Selection of Specific EHR To a great extent To a small extent / not at all 
  Decision to Implement EHR To a great extent Somewhat 

How Often Were the Topics Presented to the 
Board     
  EHR Optimization Approach Quarterly or more often Annually 
  EHR Implementation Approach Quarterly or more often Biannually 
  Selection of Specific EHR Quarterly or more often Biannually 
  Decision to Implement EHR Quarterly or more often Quarterly or more often 
Human Capital     
Proportion of IT Team That Are Clinicians More than 50% 10-20% 

Proportion of IT Team That Are Clinicians 
with Patient Experience At Your Hospital More than 50% 10-20% 
Systems Integration     

To What Extent Does Your Staff Spend Time 
Doing Duplicate Data Entry?     
  Administrative Staff To a small extent / not at all Somewhat 
  Frontline Clinicians To a small extent / not at all To a small extent / not at all 
  Other Clinical Staff To a small extent / not at all To a small extent / not at all 

To What Extent are your Clinical and 
Administrative IT Systems Integrated?     
  Clinical and Administrative Systems To a great extent Somewhat 
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  Clinical Between Inpatient and Ambulatory To a great extent Somewhat 
  Clinical Across Inpatient Units To a great extent To a great extent 

 

 

Organizational Strategies and Hospital Characteristics 

 In our univariate comparison of each of our three organizational strategy factors by 

hospital characteristics, we found that for Leadership Engagement, urban hospitals had higher 

scores compared to rural hospitals (mean of 0.56 compared to 0.50, p = 0.01), as did hospitals 

who were members of a health care system (0.58 compared to 0.51, p < 0.001) and hospitals who 

had at least 8 patient engagement advanced EHR functions (0.60 compared to 0.51, p < 0.001) 

and 8 clinical data analytics functions (0.60 compared to 0.51, p<0.001). (Appendix Exhibit A4) 

For Human Capital, larger (0.52) and medium (0.46) sized hospitals scored higher than small 

(0.39) hospitals (p = 0.05). Hospitals with a comprehensive EHR (0.46) or basic EHR (0.39) 

scored higher than those with a less than basic EHR (0.39, p = 0.03), and hospitals with at least 8 

clinical data analytics EHR functions scored better than those without (0.50 compared to 0.38, p 

< 0.001).  

For Systems Integration, hospitals with a comprehensive (0.53) EHR had higher scores 

than hospitals with a basic (0.44) or less than basic (0.50) EHR (p = 0.05). Hospitals with at least 

8 patient engagement (0.56 compared to 0.48, p < 0.001) and 8 clinical data analytics (0.56 

compared to 0.48, p < 0.001) EHR functions had higher average scores than those without. No 

other hospital characteristics were related to our organizational strategies.  

 

Organizational Strategies to Enable Advanced EHR Functions 
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In our multi-variate regression models, hospitals in the top quartile of the Leadership 

Engagement factor were 14 percentage points more likely to have adopted at least 8 patient 

engagement functions, (AME = 0.14, p = 0.01). Hospitals in the top quartile of Human Capital 

were 14% less likely (AME = -0.14, p = 0.02) to have at least 8 patient engagement functions. 

Finally, those in the top quartile of the Systems Integration factor were 12 percentage points 

more likely to have at least 8 patient engagement functions (AME = 0.12, p = 0.02) and 14 

percentage points more likely to have 8 or more clinical data analytics advanced EHR functions 

(AME = 0.14, p = 0.02). (Figure 1.4) For hospital structural characteristics, we found private, 

non-profit hospitals were 27% more likely to have adopted at least 8 advanced patient 

engagement functions (p < 0.01) and 26% more likely to have adopted 8 clinical data analytics 

functions (p < 0.01) compared to private, for-profit hospitals. Other characteristics associated 

with advanced patient engagement adoption include public, non-federal hospitals (AME = 0.28, 

p<0.01) compared to private, for-profit hospitals, and hospitals who are members of health 

systems (AME = 0.24, p < 0.01). Similarly, public, non-federal hospitals (AME = 0.22, p = 0.01) 

compared to private, for-profit hospitals, and hospitals who are members of health systems 

(AME = 0.26, p < 0.01) were more likely to have at least 8 advanced clinical data analytics 

functions. 
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Figure 1.4 Association Between Hospital Characteristics and Adoption of Advanced EHR 

Functions in Two Domains 

 

Our robustness tests using alternative operationalizations of our dependent variable with 

continuous and count model specifications were consistent with these results, though with wider 

confidence intervals. (Appendix Exhibit A5) Our robustness tests using an alternative 

operationalization of our independent variable of interest, with continuous factor scores rather 

than the dichotomous top quartile measure, also produced results consistent with our main 

specification. (Appendix Exhibit A6) Our robustness test including additional controls for EHR 

vendor found similar results to our primary specification, with the exception that the negative 
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association between Patient Engagement functions and hospitals in the top quartile of the Human 

Capital factor is no longer statistically significant (OR=0.54; p = 0.29). (Appendix Exhibit A7) 

 

Discussion 

  Our study offers the first national data on hospital organizational strategies for EHR 

implementation and optimization. Our results may partially help to explain why, after billions of 

dollars in federal incentives for electronic health record adoption, a range of studies have shown 

an inconsistent relationship between EHR adoption and outcomes.1,9,14,28 Our study looks 

upstream to reveal substantial heterogeneity in how hospitals approach EHR implementation and 

optimization, focusing on three key domains. Using factor analysis, we are able to operationalize 

the specific practices that differentiate hospitals that are “top performers” within each domain, 

such that our results offer concrete evidence of variation in how hospitals have approached EHR 

adoption and use (e.g., how often they engage their Board in EHR-related topics, what 

proportion of their IT team is comprised of clinicians). Finally, we examine how these strategies 

relate to adoption of advanced EHR functions in the domains of patient engagement and clinical 

data analytics. These results are important because, until hospitals move beyond digitizing 

records and towards more advanced functions, the full potential benefits of a digitized health 

care system will remain unrealized.  

 We found significant variation across organizational practices related to EHR adoption 

between hospitals in the top quartile of the factor score and other hospitals. First, related to 

Leadership Engagement, we found that while top quartile hospitals regularly engaged their 

Board on a range of EHR topics, other hospitals engaged to a lesser extent, especially on more 

complex topics such as EHR optimization approach. While Board engagement during the 
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implementation decision likely reflects the large financial cost associated with initial EHR 

adoption, it is likely important for Boards to remain engaged in the ongoing process of 

optimizing IT systems. This is supported by previous studies that have found a relationship with 

Board engagement on a topic and performance in that area.29 EHR optimization involves making 

important decisions about where to focus organizational resources as well as priorities after 

establishing baseline functionality and meeting minimum federal requirements. Boards are likely 

to be helpful in aligning these choices with broader strategic goals. 

Additional practices with substantial variation were the degree of systems integration and 

the resulting need for duplicate data entry. Perhaps not surprisingly, hospitals in the top quartile 

of the Systems Integration factor reported both better integration across technology systems and 

less administrative time doing duplicative entry. This offers a clear target for improving 

administrative efficiencies. While significant effort has focused on clinical system integration, 

our results suggest that administrative systems, such as billing, financial, quality reporting, and 

personnel management systems, may be overlooked. In general, there has been little 

investigation of the impact of lack of clinical-administrative connectivity, and the resulting data 

silos that limit the usability of the vast amount of digital data.30,31 If data cannot be extracted 

from integrated clinical and administrative systems, hospitals are unable to use that data for new 

and innovative purpose, such as building machine learning algorithms to identify at-risk patients 

or automating simple but time consuming processes such as the reporting of quality metrics to 

multiple programs.32,33 Hospitals looking for ways to invest organizational resources into their IT 

performance should consider reducing administrative staff duplicative work and integrating 

clinical and administrative technology systems, and working to engage their Board and other 

senior leadership on the ongoing optimization of the EHR. 
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 Two strategies were associated with adoption of advanced EHR functions. Hospitals with 

more engaged leadership and more integrated IT systems were more likely to have advanced 

patient engagement functions. Given that greater hospital Board engagement has been associated 

with better performance in other dimensions of quality such as clinical care,22,23 our results are 

consistent with the hypothesis that senior leadership involvement translates into broader 

advanced EHR investment. The system integration finding is consistent with the hypothesis that 

integration between clinical and administrative systems supports implementation of many patient 

engagement functions – paying bills online requires integration with financial and billing 

systems, while scheduling appointments online requires integration with scheduling and 

workforce management systems. One surprising finding is that hospitals in the top quartile of our 

Human Capital factor were less likely to have advanced patient engagement functions. This 

negative association is puzzling considering Human Capital is positively associated with 

advanced clinical data analytics, and the two advanced EHR functions are positively correlated 

with each other in the overall data. A possible hypothesis to explain this is that having an IT 

team predominantly composed of clinicians translates into a larger focus on clinical use cases or 

perhaps more resistance to patient engagement functions because of the potential for increasing 

clinical workload and associated with EHR-induced clinician burnout.34,35 It may also be that 

among resource-constrained hospitals that must choose which advanced EHR functions to adopt, 

clinicians on the IT team perceive internal-facing functions as more valuable than patient-facing 

functions that require clinician work but are not billable services, such as secure messaging. 

Future research is needed to understand this association in greater detail and determine if a 

causal relationship exists and, if so, in what direction.  
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Only the Systems Integration factor was associated with adoption of advanced EHR data 

analytics functions. This is consistent with the hypothesis that better integration supports 

advanced data analytics functions, as combined data may better support creating performance 

dashboards, identifying high-risk patients using algorithms, and generating reports to inform 

strategic planning. However, it is surprising that the other two factors were not related, 

particularly the Human Capital factor. We would have expected that clinicians would prioritize 

the use of EHR data to improve care processes, but it may be that these IT investments happen at 

an organizational level, making it difficult even for clinicians involved in the EHR 

implementation team to influence adoption.  

 

Implications for Policy and Practice 

 Understanding which organizational strategies are associated with adoption of advanced 

EHR functions is a critical first step to suggest hypotheses about where to conduct further 

investigation of how to help hospitals increase the benefit from the federal investment in health 

IT. Unlike identifying structural characteristics associated with IT adoption, organizational 

strategies can be broadly disseminated and enacted. Health system leaders interested in 

developing IT-enabled patient engagement, for example, may find it useful to know of the 

association between a more involved Board of Directors and advanced patient engagement EHR 

functions. Similarly, our results show an association between investing in systems integration 

and advanced data analytics that requires data from multiple sources. This is consistent with the 

hypothesis that when there are disparate systems used in clinical units or across clinical and 

administrative systems, it is difficult to aggregate data or follow clinicians and patients across 

care settings, which limits the usefulness of data analytics.  
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Advanced EHR functions may require specific organizational approaches, which to-date 

have not been part of federal policy efforts that instead focus on the capabilities themselves. 

While the government is not an appropriate entity to mandate organizational strategy, 

policymakers could play a role in identifying and disseminating best practices. Specifically, 

policymakers are well-positioned to support dissemination through mechanisms such as the EHR 

Reporting Program included in the 21st Century Cures Act.36 While the focus of this Program is 

on reporting provider experiences with health IT products, complementing these experiences 

with context about IT strategy could help understand differences in experiences as well as make 

such strategies more transparent to facilitate learning and benchmarking. Finally, the Cures Act 

prohibition of gag clauses, contractual limitations on sharing data such as screenshots of EHRs, 

may remove a significant barrier for organizational best practice dissemination.37  

Policymakers should consider supporting future research examining how organizational practices 

contribute to adoption of more advanced EHR functions and ultimately outcomes, especially the 

difficult task of identifying causal relationships and directionality. While randomizing different 

organizational practices is not feasible, researchers in other domains have randomized specific 

types of organizational support.38 In some domains, quasi-experimental studies may be feasible, 

for example by leveraging geographic variation in the availability of informatics-trained 

clinicians. On a smaller scale, rapid-cycle randomized trials within hospitals could be used to 

identify how different managerial practices impact the success of IT projects.39 Given the 

importance of the topic and the difficulty of generating strong causal evidence, both public and 

private funders should strongly consider prioritizing these projects to generate actionable 

strategies for hospitals seeking to maximize their EHR performance. 
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Limitations 

 Our study has important limitations. First, while we received a 60.1% response rate, 

hospitals responding to the survey differed from non-respondents on observable characteristics. 

While we adjusted for these differences with non-response weights, adjustments may not fully 

account for differences and our results may not be representative of all US hospitals. Second, we 

rely on self-reported survey data that we are unable to independently verify. Several of our 

survey questions rely on the respondent’s subjective perceptions of organizational practices 

where different hospitals may have interpreted the questions and response options in different 

ways. While we did not conduct cognitive testing, we followed a similar approach to prior 

organizational health IT surveys by conducting in-depth pilot testing with potential respondents. 

Other surveys following this approach, including the AHA IT Supplement, have been found to 

be reliable and valid in measuring hospital information technology adoption and use. We 

attempted to minimize the impact of respondent subjectivity on key measures by designing 

questions and associated answer choices to capture objective dimensions, such as frequency of 

presentations to the Board of Directors and proportion of clinicians involved in the IT team. 

However, some of our measures, such as level of board engagement, did ask for respondent 

perception and are therefore more subjective and potentially biased in nature.40 Third, we made 

several choices in the way that we constructed our measures of organizational strategies and 

advanced EHR functions, and it is possible that they may not fully capture the underlying 

concepts. We therefore performed robustness tests of alternative constructions of both measures 

to the extent our data allowed and found consistent results. Fourth, while our robustness tests 

show that hospital organizational strategies are significant even when controlling for EHR 

vendor choice, the effect size of choosing Epic as an EHR vendor is much larger than our 
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organizational strategies. While our goal was to evaluate associations with vendor-agnostic 

organizational practices, it is important to note these differences as they should also be factored 

in to hospital decisions. Finally, our study is cross-sectional and we are unable to assess the 

causal relationships between hospital organizational strategies and advanced EHR function 

adoption. While a key strength of our approach is that it offers the first nationally representative 

data on hospital organizational strategies and how they may explain some of the variation in 

advanced EHR capabilities, we do not know to what extent, if at all, the strategies directly 

contributed to adoption of these capabilities. Instead, our formative findings could inform future 

research that uses randomization to test causal relationships between organizational strategies, 

EHR function adoption, and care outcomes, as has been done in other contexts (e.g., World 

Management Survey).41,42 

 

Conclusion 

 Our results reveal that EHR implementation and optimization practices vary significantly 

across hospitals in the United States. These organizational practices coalesce around three main 

strategies related to greater engagement of the board of directors, greater reliance on clinicians 

within the IT team, and greater integration across systems, particularly clinical-administrative 

systems. For hospitals seeking to make changes that may drive adoption of more advanced EHR 

functions, our results are consistent with the hypothesis that engagement from leadership and 

integration across systems may help in the patient engagement domain, and systems integration 

may help in the clinical analytics domain. This new evidence on how organizational strategies 

are associated with advanced EHR functions is an important first step in generating a robust 
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understanding of how hospital management can work towards realizing the potential of the 

national investment in electronic health records. 
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Abstract 

Importance: Clinicians spend a significant amount of time using electronic health record (EHR) 

systems, but little is known regarding international variation in patterns of use. 

 

Objective: Measure ambulatory clinician EHR use in the United States and compare it to 

international clinician EHR use. 

 

Design: Cross-sectional study. 

 

Setting: Ambulatory care clinicians using Epic Systems’ EHR system in the United States and in 

international health systems across 8 countries from January – August 2019. 

 

Participants: Clinicians at 348 US and 23 international health systems, a large majority of Epic 

Systems ambulatory customer base. 

 

Exposure: Epic Systems clinician EHR use tracked by deidentified and aggregated Signal 

metadata across a variety of clinical activities. 

 

Main Outcomes and Measures: Descriptive statistics for clinician EHR use including time 

across clinical activities, note documentation (automated vs. manual data entry), messages 

received, and time working after-hours. 
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Results: US clinicians spent more mean time actively using the EHR (90.2 minutes) per day 

compared to international clinicians (59.1 minutes, p<0.001). In addition, US clinicians spent 

significantly more time in Notes, Orders, Messages, and Clinical Review. Clinicians in the US 

used more automated note text (77.5% compared to 60.8% internationally, p<0.001) generated 

by copy-and-paste or automated templates compared to manual entry and received significantly 

more messages (33.8 per day) than international clinicians (12.8 per day, p<0.001). US clinicians 

spent more time actively using the EHR after-hours with 26.5 minutes per day, compared to 19.5 

minutes per day for international clinicians (p=0.01). The median US clinician spent as much 

time actively using the EHR as a clinician in the 99th percentile of EHR time internationally. 

These relationships persist controlling for organizational characteristics including size, patient 

volume, teaching status, and organizational structure. 

 

Conclusions and Relevance: US clinicians spent significantly more time actively using the 

EHR, across a wide range of clinical tasks, than their international counterparts.  
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Introduction 

 Following the passage of the HITECH Act of 2009, health systems in the United States 

rapidly adopted electronic health records (EHRs).1–3 EHRs have shown promise in improving 

quality, 4,5 improving communication,6 and reducing redundant utilization.7–9 However, studies 

suggest that unintended consequences have emerged, including clinician frustration with EHRs 

and the large amount of time they spend working in them.10–15 EHR use has been linked to 

decreased job satisfaction and burnout among clinicians16–20 and disruptions of clinician-patient 

relationships.11,21–24 EHRs also enable clinicians to work outside of the physical walls of the 

clinic—resulting in “desktop medicine” spilling over into “after-hours” work.25  

 It is critical to understand how EHR systems have impacted clinician work, productivity, 

and well-being. Most existing studies of EHR use rely on data from a small number of 

organizations, largely in the US.11,15 An early comparison of EHR documentation found that US 

clinician notes were four times longer than those of their international counterparts and that 

international clinicians were more likely to report satisfaction with their EHR.26 To date, there 

have been few large-scale studies of clinician EHR work, and none that focus on international 

variation, with the largest study focusing on cross-specialty variation within the US.27,28 Little is 

known regarding variation in time spent on specific EHR tasks, such as messaging (also known 

as InBasket), ordering, or documentation.  

To address this, we conducted a large, multi-organizational, cross-national comparison of 

EHR use by clinicians in ambulatory settings. Using a unique dataset of deidentified EHR 

metadata from January to August 2019 in the United States, Canada, Northern Europe, Western 

Europe, the Middle East, and Oceania, our data provides insights on which activities clinicians 
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spend their time,21 the tools they use, 26,29 the messages they receive,22,30,31 and the time they 

spend working after-hours.30,32  

 

Methods 

Data  

Our data sample consisted of 371 ambulatory care health systems for the period January-

August 2019, from one software vendor, Epic Systems. Epic has the largest ambulatory market 

share in the US and our sample represented the large majority of the Epic ambulatory customer 

base.33,34 Organizations using Epic who requested their metadata not be shared were excluded 

from the sample. Our sample included all clinicians with scheduled patient appointments, which 

includes physicians and advance practice practitioners such as physician assistants and nurse 

practitioners, but excludes non-clinical users and clinicians who do not have scheduled 

appointments such as nurses or medical assistants.  

In the data, each organization represents a single Epic EHR installation which may 

include multiple sub-organizations. For example, a hospital with several free-standing 

ambulatory clinics using the same Epic EHR would be counted as one organization. Data were 

then aggregated at the organizational level, averaged over the duration of the study.  

Our data included organizational characteristics provided by the EHR vendor. These 

included country (with international organizations grouped into geographic regions), region 

within the US, organization structure (ambulatory-only, hospital and clinic, or other such as retail 

clinics), organization type (teaching/academic facility, community hospital, pediatric-only 

facility, safety net system, other ambulatory clinic, or other), whether the health system had an 

integrated health plan, and size measured by both the number of physicians and the number of 
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outpatient encounters during the study period, and the average number of daily scheduled 

appointments per clinician during the study period. This study received a designation of exempt 

by the Institutional Review Board at Stanford University. 

 

Measuring Activity 

Epic has the capacity to monitor EHR activity at an extremely granular level, collecting what is 

called metadata, primarily from Epic’s “Signal” data extraction tool. These metadata document 

time using the system indicated by keystrokes, mouse movement, clicks, scrolling, and 

interactions with the EHR. In this analysis, “time” within an EHR is defined as time a user is 

performing active tasks. If no activity is detected for 5 seconds, the system stops counting time. 

This measurement captures active EHR engagement while excluding other clinical time a 

clinician spends with the EHR open performing non-keystroke tasks.  

Measurement of clinician "work" in relationship to an EHR is a challenge, and in this 

study, we defined "work" as the active interaction between the clinician and the tool that 

excludes other work such as talking with the patient or digesting information via reading data 

within the EHR. This measure is inherently conservative, but is available from metadata in a 

standardized fashion across all study sites. However, this measure of time may result in an 

underestimate of true EHR work time if clinicians spend time reading notes or otherwise 

performing EHR tasks without directly interacting with the system. For this reason, our EHR 

active work time should be thought of as a measure related to but distinct from previous studies 

measuring clinician EHR time by methods such as audit log data or time-and-motion studies. 

 

Measures 
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EHR Time Distribution 

 We measured active EHR use time categorized into four main activities.11,28 The first was 

Clinical Review, time reviewing test results and patient history. The second was Notes, time 

documenting the encounter. The third was InBasket, time reading and writing messages and 

managing the messaging feature of the EHR. InBasket activity included messages between 

clinical team members, messages from patients to their clinician, and a wide array of 

automatically generated messages regarding available results, orders, prescribing, and more. The 

fourth was Orders, time entering orders for the patient and other tasks associated with an order 

such as associating a diagnosis. All EHR time was measured as an average per scheduled day in 

the study period to account for differences in workload across clinicians who may not be 

practicing full-time.  

 

Note Composition 

 For Notes, we measured the source of note text. We identified character text created by 

typing manually, transcribed by a scribe or other non-clinician EHR user, or input via voice input 

with a dictation or other text-to-speech program as text generated with a manual process. We 

classified note text created via copy and paste or using the NoteWriter, SmartTool, other 

templates such as “dot phrases”, or any other mechanism where text is brought into the note from 

other parts of the EHR as text generated with an automated process. We then calculated the 

proportion of note text (by character) generated manually versus automatically at the 

organization level for the study period. We chose to measure proportion of automated compared 

to manual text in the note rather than the presence or absence of automated note text in order to 

describe in greater detail the level of use of automatically generated text. 
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InBasket Distribution  

We measured the average number of InBasket messages received per clinician per day, 

both overall and by source. InBasket messages in Epic can be generated from seven possible 

sources: System, Team, Results, Prescription, Patient, Custom, and Other. These categories were 

defined to be consistent with previous studies.22 

 

After-Hours Time 

 We calculated after-hours time in the EHR per day. This metric included only time 

performing clinical work and does not include time for purposes such as research, data analysis, 

performance measurement, or customization. We defined after-hours EHR time as any time 

between the hours of 5:30 P.M and 7:00 A.M. local time on weekdays and any time on 

weekends, unless the clinician was scheduled during those times, based on the EHR vendors 

definition of after-hours time which was broadly consistent with the literature on after-hours 

EHR work.28,30 Weekend days were determined by specific locale for non-US health systems. 

Due to data limitations, the after-hours time is calculated based on data from April-August 2019.  

 

Analytical Strategy 

 We compared descriptive statistics of our organizational characteristics for US and 

International organizations. We tested for statistically significant differences using Fisher’s exact 

test for organizational structure and type and two-tailed t-tests with unequal variance for number 

of physicians, number of outpatient visits, and number of scheduled appointments per clinician 

per day. We then calculated descriptive statistics for EHR time per day across our four activities, 
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as well as total EHR time per day, for both US and International clinicians, with two-tailed t-tests 

with unequal variance to evaluate statistical significance. We calculated descriptive statistics and 

tests of statistical significance comparing US and international health systems for manual vs. 

automated note text, InBasket messages received per day (in total and across message 

categories), and after-hours time per day.  

To assess these relationships while controlling for observable organizational 

characteristics, we created four ordinary least squares regression models. Each model used a 

different dependent variable: total EHR time per day in minutes, after-hours EHR time per day in 

minutes, percentage of note text from automated sources, and system messages received per 

clinician per day. Each model included an indicator for whether the health system was located in 

the US or International, as well as characteristics including organization structure, organization 

type, health plan integration, size, and volume. All models include robust standard errors 

clustered at the health system level. Finally, we conducted a qualitative interview with an 

international hospital chief medical information officer who was previously employed by one of 

our sample organizations.  

 

Robustness and Sensitivity 

 We conducted several robustness and sensitivity analyses. We calculated note text source 

with 3 categories by disaggregating copy and paste and templates. We ran our regression models 

several additional times—first excluding health systems located in Western Europe and then 

excluding health systems located in Canada—to ensure that our results were not driven solely by 

the non-US health systems in areas most represented in our sample. Finally, we ran our model of 
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total EHR time with the dependent variable expressed as time per encounter rather than time per 

day as well as time per day normalized by number of clinician encounters per day. 

 

Results 

 Of the 371 health systems in our sample, 348 were in the US and 23 were International. 

Western Europe was the region most represented in our International health systems with 47.8% 

of our sample, followed by Canada at 26.1%. The Middle East (13.0% of international systems), 

Northern Europe (8.7%), and Oceania (4.3%) comprise the remaining organizations. Full 

descriptive statistics are available in Table 1. (Table 2.1) 

 

Table 2.1. Sample Descriptive Statistics 
      

  United States International 
p-
value 

  N % N %   
Location           
Northeastern US 67 19.3%       
Midwestern US 97 27.9%       
Southern US 105 30.2%       
Western US 79 22.7%       
Western Europe     11 47.8%   
Northern Europe     2 8.7%   
Canada     6 26.1%   
Middle East     3 13.0%   
Oceania     1 4.3%   
            
Organizational Structure           
Ambulatory-only 34 9.8% 1 4.3% 

0.24 
Hospital & Clinic 280 80.5% 22 95.7% 
Other 11 3.2% 0 0.0% 

Organizational Type            
Teaching / Academic Facility 108 31.0% 14 60.9% 

0.01 Other Ambulatory Clinic 12 3.4% 0 0.0% 
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Community 128 36.8% 2 8.7% 
Other 58 16.7% 6 26.1% 
Pediatric Only 10 2.9% 1 4.3% 

Safety Net 32 9.2% 0 0.0% 
Health Plan Integration      
Has an Integrated Health Plan 89 25.6% 0 0.0%  

  Mean 
Std 

Deviation Mean 
Std 

Deviation   
Size         
Number of Physicians 1501.4 1603.5 1382.7 2298.7 0.81 

Number of Outpatient Visits 1195466 1309959 
59408

7 738687.8 0.001 
Daily Volume      
Number of Appointments per 
Clinician per Day 9.66 2.27 8.50 2.50 0.04 

 

 

EHR Use: Comparing US and International Clinicians 

 US clinicians spent a mean of 90.2 minutes actively using the EHR per day, compared to 

59.1 for International clinicians (p<0.001). There were differences across each of the 4 clinical 

activities: US clinicians spent more time in Notes (40.7 minutes versus 30.7 minutes for 

international, p<0.001), Orders (19.5 minutes US, 8.75 minutes international, p<0.001), InBasket 

(12.5 minutes US, 4.80 minutes international, p<0.001), and Clinical Review (17.6 minutes US, 

14.8 minutes international, p=0.01).   

 Clinicians in the US created notes that relied more on automated sources (77.5% of note 

text) compared to international clinicians (60.8%, p<0.001), and we found similar results when 

disaggregating automated text into copy and paste and templated text (Appendix Exhibit A1). US 

clinicians also received more messages per day in total (33.8 US, 12.8 international, p<0.001) 

and across categories, including System (11.5 US, 6.0 international, p<0.001), Team (11.4 US, 

3.27 international, p<0.001), Results (6.49 US, 3.01 international, p<0.001), Prescription (2.70 
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US, 0.14 international, p<0.001), Patient (1.06 US, 0.10 international, p<0.001), Custom (0.35 

US, 0.03 international, p<0.001). US clinicians worked more time after-hours, with 26.5 minutes 

per day compared to 19.5 minutes for international clinicians (p=0.01). (Figure 2.1) The 

distribution of US and international clinician total EHR time per day is shown in Figure 2. 

(Figure 2.2) 
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Figure 2.1 Comparing Electronic Health Record Use Between US and Non-US Clinicians from 

371 Health Systems  

 

 

Figure 2.2 Distribution of Total Electronic Health Record Time per Day Between US and Non-

US Clinicians from 371 Health Systems 

 

 Our multivariable models found similar differences between US and international health 

systems. US clinicians spent 23.67 more minutes per day actively using the EHR (β=23.67, 

p<0.001), had more 7.23 minutes more after-hours EHR active use time per day (β=7.23, 

p<0.001), 17% percentage points more note text was composed with automated tools (β=0.17, 

p<0.001), and received 5.28 more System messages per day in their InBasket (β=5.28, p<0.001). 

(Table 2.2) Model results were robust to excluding international systems in Western Europe 

(Appendix Exhibit A2) or Canada (Appendix Exhibit A3) and to measuring total EHR time at 

the encounter level (Appendix Exhibit A4 and Appendix Exhibit A5). 
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Table 2.2 Association Between US vs International Health Systems and EHR Usage 

 
  

Total EHR Time per 
Day (Minutes) 

After-Hours Time per 
Day (Minutes)* 

  

% of Note Text from 
Automated Sources 

  

System Messages 
Received per Day 

  

 
Coef.  

(95% CI) p-value 
Coef.  

(95% CI) 
p-

value 
Coef.  

(95% CI) 

p-
valu

e 
Coef.  

(95% CI) 
p-

value 

Country               

International  Reference   Reference  Reference   Reference   

US  

23.67  
(17.70 – 

29.64) <0.001 
7.23  

(2.30 – 12.16) 
<0.00

1 
0.17  

(0.11 – 0.22) 
<0.0

01 
5.28 

(3.18 – 7.38) 
<0.0

01 

Organizational Structure               

Ambulatory Only Reference   Reference   Reference   Reference   

Hospital & Clinic 

-16.52 
(-24.70 - -

8.35) <0.001 
-2.13 

(-6.41 – 2.15) 0.33 
<-0.01 

(-0.04 – 0.03) 0.85 
4040  

(3.31 – 7.69) 
<0.0

01 

Other 

-13.23 
(-26.30 - -

0.17) 0.05 
-1.3 

(-7.13 – 4.53) 0.66 
<-0.01  

(-0.05 – 0.05) 0.96 
4.56  

(0.21 – 8.90) 0.04 

Organizational Type                  

Academic Medical Center Reference   Reference   Reference   Reference   

Ambulatory Only Facility 

6.53  
(-15.06 – 

28.12) 0.55 
-4.27 

(-11.66 – 3.11) 0.26 
0.04 

(-0.03 – 0.12) 0.26 

3.28 
 (-1.99 – 

8.55) 0.22 

Community Hospital 

10.73  
(6.48 – 
14.99) <0.001 

0.14 
(-1.54 – 1.81) 0.84 

0.01 
(-0.01 – 0.04) 0.25 

0.36  
(-0.84 – 

1.56) 0.55 

Other 

19.79 
(12.97 – 

26.62) <0.001 
2.11 

(-1.42 – 5.64) 0.24 
0.02 

(-0.01 – 0.06) 0.19 

-1.12  
(-3.10 – 

0.86) 0.27 

Pediatric Only Facility 

-1.32  
(-7.07 – 

4.43) 0.65 
0.02 

(-2.85 – 2.88) 0.99 
0.01 

(-0.04 – 0.05) 0.82 

-3.14  
(-5.46 - -

0.82) 0.01 

Safety Net System 

14.64  
(8.89 – 
20.39) <0.001 

-0.45 
(-3.19 – 2.30) 0.75 

-0.02 
(-0.05 – 0.02) 0.38 

1.12  
(-0.77 – 

3.01) 0.25 

Health Plan Integration                 

No Integrated Health Plan Reference   Reference   Reference   Reference   

Integrated Health Plan 

3.26 
(-0.28 – 

6.80) 0.07 
0.41 

(-1.31 – 2.14) 0.64 
0.01 

(-0.01 – 0.03) 0.54 

-0.15 
(-1.49 – 

1.18) 0.82 

Size                 

Physicians 

<0.01  
(<-0.01 - 

0.01) 0.70 

<0.01  
(<0.01 - 

<0.01) 0.04 
<0.01  

(<-0.01 - <0.01) 0.22 

<0.01  
(<-0.01 - 

<0.01) 0.90 

Outpatient Visits 

<0.01  
(<-0.01 - 

<0.01) 0.38 

<0.01  
(<-0.01 - 

<0.01) 0.61 
<0.01  

(<-0.01 - <0.01) 0.40 

<0.01  
(<-0.01 - 

<0.01) 0.09 

Daily Volume         

Number of Appointments 
per Clinician per Day 

2.00  
(0.42 – 

3.59) 0.01 
-0.22 

(-0.72 – 0.26) 0.36 
-0.01 

(-0.01 – <0.01) 0.79 
0.36 

(0.03 – 0.70) 0.03 
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Discussion 

 We found large differences in EHR use between US and international clinicians. This is 

notable considering all organizations in the study used the same EHR software, though 

institutions may customize functionality. Our results suggest a portion of clinician EHR work is 

driven by contextual factors unique to national health systems, rather than the technical demands 

of the EHR itself or the clinical demands of delivering care. Though some EHR features provide 

significant value to patients and clinicians, quality of care delivered in the US is unlikely to be 

significantly better than the that in the other international countries we examined in our study, 

35,36 and while health outcomes have many causes, ranging from technical skill to social 

determinants such as poverty, racism, and lack of access, recent research has shown that the US 

is not better than peer countries in process quality measures during care delivery that information 

technology could possibly improve, such as reducing rates of medication errors.37 It is therefore 

concerning that US clinicians spent more time actively using the EHR. This is consistent with 

other studies suggesting EHR adoption in the US has not reduced administrative burdens,38 and 

we found the median US clinician spent as much time actively using the EHR as a clinician in 

the 99th percentile of EHR time internationally. This suggests US that if US clinicians were able 

to reduce their EHR work time to the level of their international peers, they may be able to 

increase volume or improve quality along multiple dimensions, such as longer visit times and 

more patient-centered care. 

 There are many factors driving the differences in EHR use. For example, US clinicians 

spending more time on Orders may be due to the need for diagnostic association, a requirement 

driven by billing practices in the US that are absent in most international systems, or US 

clinicians may need to input individual electronic orders for low-risk tasks, such as ear irrigation 
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or immunizations. Similarly, additional time spent by US clinicians in InBasket may reflect 

policy-driven differences in message volume received: Meaningful Use mandated both secure 

messaging with patients and electronic prescribing, resulting in near universal adoption of those 

capabilities by US health systems, and connecting more members of the care team such as 

pharmacists to the EHR naturally resulted in higher volume of team messages. Given the low 

level of patient and prescription messages received by international clinicians, and the wide 

variation in the implementation of electronic prescribing internationally,39 it is possible that the 

requirements of the Meaningful Use program drove a portion of differences in InBasket time. US 

clinicians also spent more time documenting in Notes, despite using more automatically 

generated text. Previous studies have shown note length is considerably longer in the US,26 

which may illustrate the impact of greater use of automatically generated text for non-clinical 

purposes such as billing, quality reporting, documentation to reduce legal liability, or other 

administrative tasks.  

Some areas in which US clinicians spend more time likely deliver value to patients, such 

as secure messaging, which patients may prefer to alternatives. Other functions may improve 

safety and save time elsewhere in the care delivery process, such as e-prescribing, which is 

counted as EHR work for US clinicians in our study but is less likely to be observed for 

international clinicians who may write prescriptions manually.40 Additional time in Orders may 

reflect higher levels of clinical decision support, which may improve safety,41,42 though 

potentially at the cost of burnout and “alert fatigue.”43,44 Studies have suggested associations 

between clinician burnout and total EHR time,21 after-hours EHR time,30 percentage of note text 

from automated sources,26 and system-generated messages received per day.22,30  
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Our study has important implications for policy and practice. Though significant attention 

has been paid to the role of EHRs in burnout, our results show US clinicians use EHRs in 

different ways than their international peers, suggesting at least some of the burden results from 

non-technical aspects of EHR implementation specific to US market characteristics such as 

differences in workflow or policy. Factors such as a multi-payer billing environment where 

clinicians rely on documentation to ensure claims are not denied, Meaningful Use, and 

incorporation of quality measurement and administrative functions may have contributed to our 

results.  

Policymakers concerned about the impact of EHRs on clinician burnout should consider 

the implications of our results. Most ambulatory practices contract with multiple payers and must 

be prepared to submit clinical documentation to substantiate reimbursable services, and may 

have opted to over-document to guard against rejected claims. Similarly, US clinicians may 

over-document if they are concerned they may need to defend themselves from malpractice 

claims. In our qualitative interview with an international Chief Medical Information Officer, they 

suggested this may be driving the difference between US and international EHR 

implementations, indicating that despite working in a fee-for-service reimbursement system, they 

feel no need to document anything not relevant for clinical care as claims are rarely challenged. 

While CMS has clarified documentation requirements,45 aggressive steps toward reducing 

inefficiency in reimbursement are needed. Similarly, EHRs promised to capture the information 

necessary to measure and improve quality.46 However, quality reporting is fragmented with 

multiple stakeholders.47 Reducing uncertainty and consolidating requirements could help 

alleviate US clinicians EHR burden.  
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Limitations 

 Our results should be interpreted with several key limitations in mind. First, our analysis 

is descriptive and cannot address the causal relationship between country of practice and EHR 

use. Second, our data only account for ambulatory practice; we are unable to evaluate inpatient, 

emergency, or long-term care EHR use. Third, because our study uses a narrowly defined 

measure of EHR work that counts only time clinicians are actively working within the system, 

our results are difficult to compare to other studies using audit log data or time-and-motion 

studies and likely underestimates work time, and the times represented in our data should not be 

taken as indicative of the length of a clinician workday. Additionally, our sample includes non-

physician clinicians, and some ambulatory care settings that may have significantly different 

EHR use patterns from existing studies such as minute clinics, which limits comparability to 

previous studies. However, distribution of EHR time across activities in our results is similar to 

other studies.11,28 Fourth, our data do not include detailed information on clinician schedules and 

thus we are unable to standardize our measure of scheduled days, and differences in clinician 

scheduling may be driving some of the differences in EHR time between US and international 

clinicians. However, our multivariable analyses controlling for number of appointments per 

clinician per day, annual outpatient volume, and number of physicians found similar results to 

our bi-variate comparisons, and our sensitivity analysis comparing EHR time per encounter also 

found results consistent with our time per scheduled day measures. Similarly, while US systems 

had significantly more annual volume and only a small number of additional physicians, we do 

not have data on the exact number of non-physician clinicians for health system de-identification 

purposes. However, US health systems are more likely to have more nurse practitioners and 

physician assistants, which may explain why differences in daily volume by clinician are much 
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less pronounced.49,50 Additionally, while our measure of after-hours work time uses a vendor-

derived metric that combines a standard approach to defining a clinical work day with scheduled 

visit data that is consistent with previous literature, we are unable to perfectly classify all time in 

after-hours or not, which may result in some measurement error. Fifth, while we have data across 

a broad range of ambulatory care organizations, our data come from a single EHR vendor and 

from a small number of international organizations, and it is possible organizations using a 

different vendor would have different results, limiting our external generalizability. Additionally, 

while our sample includes nearly all Epic customers using the ambulatory EHR system, the 

health systems not in our data may have different EHR use patterns. Sixth, while our analysis of 

note text includes voice dictation and medical scribes, our analysis of EHR work time only 

includes time spent by the clinician and does not include EHR work time by scribes on behalf of 

the clinician. This may bias our results, though our data indicate scribes and dictation are much 

more common in the US, suggesting our data may underestimate the difference between US and 

International clinicians. Finally, while we include controls for health system characteristics, we 

do not have detailed organizational data. Understanding how EHR use varies across 

organizations is an important area for future research. 

 

Conclusion 

 US clinicians spend significantly more time actively using the EHR than their 

international counterparts using the same underlying technology. Across four dimensions of 

EHR use associated with burnout or representing work of low clinical value – total EHR time, 

after-hours EHR time, percentage of note text automatically generated, and system messages 

received – US clinicians had a higher time burden. Policymakers and health system leaders 



 
 

53 

seeking to address clinician wellness should consider how to reduce the burden of clinician EHR 

work driven by US-specific market and policy factors.   
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Abstract 

Objective: To evaluate whether publicly reported feedback from a national quality program 

encouraged hospital improvement in an evaluation of medication-related electronic health record 

(EHR) clinical decision support (CDS) safety performance. 

 

Data Sources: 1,183 US hospitals who participated in the Computerized Provider Order Entry 

(CPOE) Evaluation Tool in the Leapfrog Hospital Survey in 2017 – 2018, a national quality 

reporting program that evaluates safety performance of hospital clinical decision support using 

simulated orders and patients. 

 

Study Design: We used a sharp regression discontinuity design to identify the impact of 

receiving negative feedback regarding CDS safety performance on hospital performance 

improvement in the subsequent year on the same evaluation, and identify the mechanism for 

improvement between basic and advanced decision support capabilities. We leveraged a cut-off 

between feedback of “Full Demonstration of Safety Performance” and “Substantial 

Demonstration of Safety Performance” at a 50% score on the CPOE Evaluation Tool in 2017 to 

identify the local average treatment effect of receiving negative feedback. 

 

Data Collection: Data were obtained from the Leapfrog Group and combined with survey data 

from the American Hospital Association Annual Survey for 2017 and 2018. 

 

Principal Findings: Hospitals receiving negative feedback improved 8.4 percentage points more 

in the subsequent year compared to hospitals who received positive feedback. This effect is 
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driven by differences in improvement in basic clinical decision support capabilities rather than 

advanced decision support.  

 

Conclusions: Clinical decision support represents an important tool in ensuring patient safety 

and decreasing adverse drug events, especially for complex patients and those with multiple 

chronic conditions who often receive several different drugs during an episode of care. These 

results show performance evaluation and publicly reported feedback can incentivize quality 

improvement, suggesting targeted measurement and reporting of process quality may be an 

effective policy lever to encourage improvement in specific areas. 
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Introduction 

 Following the passage of the Health Information Technology for Economic and Clinical 

Health (HITECH) Act of 2009, the federal government spent well over $30 billion dollars to 

digitize the United States health care delivery system by adopting electronic health records 

(EHRs).1,2 Despite this substantial public investment, the promise of health information 

technology to revolutionize care delivery by dramatically improving quality while reducing costs 

has remained illusory.3 A primary mechanism by which EHRs were expected to improve patient 

safety was the implementation of computerized provider order entry (CPOE), paired with clinical 

decision support (CDS) tools. Computerization of drug ordering in particular can reduce rates of 

adverse drug events, which remain a significant source of patient harm.  

 CPOE allows physicians and other clinicians to write orders for hospitalized patients 

electronically, rather than through verbal or written communication. Decision support linked 

with CPOE then uses EHR data about the patient as well as medication reference databases to 

supplement clinician decision-making and prevent potential adverse drug events, such as 

ordering a drug the patient has a documented allergy to, or a drug that is likely to have a negative 

interaction with another drug the patient is taking.4 This allows clinical decision support tools to 

intervene at the point of care and alert the clinician to potential adverse drug events before they 

happen. However, despite the widespread adoption of EHRs,5 CPOE performance has been 

mixed–and nearly all hospitals now use vendor-developed solutions, while many early studies 

showing improvement were done in internally developed applications. Notably, a significant 

amount of customization happens at the organization level, resulting in heterogeneity even 

within hospitals using the same technology systems.6–8 As a result, while hospital medication-

related safety performance improved in recent years, there is major progress to be made, with 
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hospitals correctly alerting clinicians to fewer than two-thirds of potential adverse drug events in 

a national assessment of medication-related CPOE Evaluation Tool as of 2018.7  

 At the same time, there is considerable debate over the value of hospital quality 

measurement and feedback programs. Public quality reporting of measures has been theorized to 

(1) reduce information asymmetries and increase patient welfare and (2) give low performing 

providers an incentive to improve.9,10 On the first point, recent evidence has cast doubt on 

whether national programs such as the Joint Commission, which purport to identify high quality 

providers, are useful tools in helping patients identify high quality hospitals.11 On the second, 

less evidence is available, but while programs such as the Joint Commission do provide a “floor” 

which practically speaking essentially all hospitals must meet, it is unclear if public reporting is 

an effective tool to encourage improvement beyond basic standards. Public quality reporting may 

also unfairly penalize hospitals that serve low-income and disadvantaged populations,12,13 and 

result in selection by hospitals to avoid sicker patients.14 Whether quality reporting programs 

incentivize improvement is also poorly understood. Some evidence exists that hospitals do 

improve when they participate in these programs,15,16 but many studies examining pay-for-

performance initiatives, payment reforms intended to reward high quality and punish low quality 

through financial incentives, have found mixed results,17 with some evidence going as far to find 

that hospitals game these systems to the point of harming patients rather than actually improving 

on the targeted measures.18  

 Despite the ubiquity of EHRs in US hospitals, little empirical evidence exists regarding 

the impact of IT-focused safety reporting programs. The largest national evaluation of EHR 

safety is the CPOE Evaluation Tool portion of the Leapfrog Hospital Survey, a voluntary 

assessment by hospitals using simulated patients and orders to evaluate whether their EHR 
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correctly generates clinical decision support alerts for potential adverse drug events. The 

evaluation is derived from historical patients and orders that caused patient harm across a range 

of medication contraindications, and is divided into two categories: basic decision support, for 

contraindications such as drug-allergy or drug-drug interactions, and advanced decision support 

for contraindications such as drug-laboratory results, drug-diagnosis, and drug-age interactions.19 

The results of the CPOE evaluation are included as one of many hospital quality and safety 

measures publicly reported on Leapfrog’s website. Empirical evidence has found the Leapfrog 

ratings predict outcome quality,20 and that performance on the CPOE Evaluation Tool was 

correlated with lower rates of adverse drug events,21 with some evidence suggesting that 

hospitals who take the CPOE Evaluation Tool multiple times improve with experience.6 

However, to date there has been no examination of whether participation in the CPOE 

Evaluation Tool encourages hospital improvement.  

Unlike programs such as the Hospital Readmission Reduction Program (HRRP), that 

evaluate outcome quality measures, or the CMS Hospital Compare and Joint Commission 

accreditation, which are aggregate measures sensitive to a wide range of inputs, the CPOE 

Evaluation Tool is a targeted, specific measure of process quality with an actionable mechanism 

by which hospitals can improve – building more robust decision support tools into the EHR. It 

may be that the CPOE Evaluation Tool is more likely to generate quality improvement for this 

reason. Further, if hospitals do improve, it is critical to understand the mechanism by which this 

occurs, that is, do hospitals simply improve over time as they gain experience, or do they 

respond to specific feedback regarding their EHR safety performance? If the latter is true, it may 

have important implications for the design of quality evaluation programs more broadly.  
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 We used national US hospital data from the Leapfrog CPOE Evaluation Tool to identify 

the effect of providing hospitals with feedback on their EHR medication safety performance. 

Leveraging a change in the scoring and feedback aspects of the evaluation in 2017, we used a 

regression discontinuity design to answer two research questions; first, do hospitals who receive 

negative feedback regarding their safety performance improve more in the subsequent year 

compared to hospitals who receive positive feedback, and second, where do hospitals make those 

improvements – basic or advanced decision support capabilities?  

 

New Contributions 

 While prior studies have used data from the Leapfrog CPOE Evaluation Tool to measure 

hospital clinical decision support safety performance and the association between Leapfrog score 

and patient adverse drug events, our study is the first to evaluate the impact of public quality 

score reporting on hospital improvement in the following year. Similarly, while other work has 

examined the impact of public quality reporting hospitals, we are unaware of any studies 

focusing on EHR-related quality such as the use of clinical decision support to reduce adverse 

drug events. Most studies of quality reporting focus on programs that measure outcome quality, 

such as the Hospital Readmission Reduction Program, where the quality metric being measured 

is more difficult for the hospital to control or may incentivize non-optimal behavior such as 

patient selection. Our study instead focuses on an important aspect of process quality, which is 

more in the control of the hospital, making rapid improvement more possible. Our policy-

relevant findings inform the ongoing debate surrounding how policymakers can promote 

effective use of EHRs to improve quality of care, as well as contribute to our understanding of 

how measurement and public reporting programs can incentivize quality improvement.  
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Methods 

Design and Administration of the CPOE Evaluation Tool  

 The CPOE Evaluation Tool is a voluntary self-assessment test designed by researchers at 

the Brigham and Women’s Hospital and the University of Utah and administered by the 

Leapfrog Group, an employer group whose mission is to encourage improvement to health care 

quality via “big leaps” in patient safety.19 The CPOE Evaluation Tool is included as part of the 

Leapfrog Hospital Survey and is one of several process quality measures used by the Leapfrog 

Group in their evaluation and rating of US hospitals. 

 The CPOE Evaluation Tool uses simulated patients and medication orders, input into the 

hospitals EHR system, that mimic the experience of a clinician writing orders for actual patients 

to evaluate safety performance. Simulated test patients and orders were developed by a 

consortium of experts on adverse drug events, CPOE, and clinical decision support specifically 

to test EHR effectiveness at preventing patient harms from medication errors. The simulated 

patients and orders were designed to test the performance of CPOE paired with decision support 

to prevent potential adverse drug events most likely to cause serious harm to patients, and nearly 

all of the orders were based on real-world incidents of preventable adverse drug events from 

patients who experienced serious harm or death.8,22 Simulated orders were divided into sub-

categories based on the type of adverse drug events they represented, and grouped into two 

categories: orders with potential adverse events prevented by basic clinical decision support 

(drug-allergy, drug-route, drug-drug, drug-dose for single doses, and therapeutic duplication) and 

those that require advanced clinical decision support (drug-laboratory, drug-dose for daily doses, 

drug-age, drug-diagnosis, and corollary orders contraindications).22 The number of orders per 
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hospital varies based on hospital formularies – if a medication used in an order is not on the 

hospitals formulary or otherwise not prescriptible, it is excluded the numerator and denominator 

used to calculate the hospitals score. The primary outcome measure was whether the hospital 

CPOE EHR system correctly generated an alert, either through a decision support pop-up alert or 

through a ‘hard stop’ that prevented the clinician from inputting the order, after entering a test 

order that could result in an adverse drug event. The percentage of orders correctly alerted on 

divided by the number of total orders that should generate alerts is the overall score, expressed as 

a percentage.  

 Administration of the test is performed by a designated team of hospital representatives at 

each participating hospital, who download the CPOE Evaluation Tool materials and enter the test 

patients into their hospitals EHR. A clinician with experience using the institution’s CPOE EHR 

application then enters the test medication order into the real EHR for these test patients and 

records in detail how the EHR responds, including what, if any, decision support in the form of 

alerts, messages, guidance, soft or hard stops, or other information is presented and whether the 

order is blocked or allowed to be input into the EHR system. A hospital representative then 

enters all of these responses in detail into the EHR evaluation tool, and hospitals are immediately 

presented with a qualitative feedback score, as well as percentage scores across the sub-

categories, but not the details of individual orders the hospital EHR did not correctly alert on, 

except in the case of orders in which the error would likely result in a fatality. Hospital scores are 

calculated as a percentage of orders correctly alerted on and can range from 0% to 100%. The 

qualitative feedback scores for the 2017 test were “Full Demonstration of Safety Standards” for 

hospitals whose overall score was 50% or greater, “Substantial Demonstration of Safety 

Standards” for hospitals between 30% and 49.99%, and “Some Demonstration of Safety 
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Standards” for hospitals below 30%. Prior to 2017, the overall score and qualitative feedback 

was generated based on a different formula without sharp cut-off points, and after 2017 the 

cutoff point for each score was raised. To prevent gaming of the test, several control orders that 

should not generate decision support alerts are included, and the test process is timed so that 

hospitals cannot take longer than 6 hours to take the test, though most complete it in 2-3 hours. 

Hospitals that exceed the time threshold or report alerts on too many control orders are 

disqualified, though this amounts to fewer than 1% of hospitals each year. Finally, the Leapfrog 

Group randomly audits hospitals in the aftermath of the test and requests screenshots of the alerts 

generated by the hospital EHR to ensure accuracy.  

 

Data Collection and Sample 

 The sample included hospitals who took the Leapfrog Hospital Survey, including the 

CPOE Evaluation Tool Evaluation, in both 2017 and 2018. Hospitals who began taking the test 

but did not fully complete it were marked as incomplete and excluded from the sample. While 

medications in test orders that were not on a hospitals formulary were excluded from the overall 

score as described above, orders where a hospital’s EHR system did not have a specific alert 

functionality for that category were not omitted if that medication was orderable at the hospital. 

These data were merged with American Hospital Association (AHA) Annual Survey data from 

2017 and 2018 to capture hospital demographic information, based on hospital Medicare number 

in each year. The final analytic sample consisted of 1,183 hospitals in a balanced panel from 

2017 – 2018.  

 

Analytic Strategy 



 
 

69 

 We calculated descriptive summary statistics for the hospitals in the sample taking the 

Leapfrog CPOE Evaluation Tool in both 2017 and 2018, including mean overall score and 

standard deviation in both years as well as average change in score between the two years. We 

also described the sample by hospital characteristics from the AHA survey, including size (by 

number of beds), teaching status, health system membership, rural vs urban location, and region 

in the United States. Next, we plotted the relationship between overall score in 2017 on the x-

axis, with a vertical line representing the cutoff point of 50% to between hospitals who received 

the “Full Demonstration” and “Substantial Demonstration” feedback in 2017, and the amount of 

improvement in the subsequent year on the y-axis.  

 To estimate the causal effect of providing hospitals with qualitative feedback on safety 

performance, we employed a sharp regression discontinuity design using the 50% cutoff for 

“Full Demonstration” feedback. This compares hospitals who just narrowly received the negative 

“Substantial Demonstration” feedback to hospitals who narrowly received the “Full 

Demonstration” feedback. The identifying assumption was that hospitals on either side of the 

cut-off are similar across other measures that might impact performance. Because the actual 

performance difference of hospitals receiving a score just below 49% compared to scores just 

above 50% is negligible, we used hospitals who narrowly received the “Full Demonstration” 

feedback as a counterfactual for hospitals who received the “Substantial Demonstration” 

feedback. We first estimated the standard ordinary least squares regression discontinuity 

model,23 where the dependent variable was overall CPOE Evaluation Tool score change from 

2017 to 2018 expressed as a percentage point, and our independent variable of interest was a 

binary indicator for whether the hospital received the “Substantial Demonstration” feedback, the 
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running variable was hospital overall score in 2017. We estimated this model with and without 

including hospital demographic characteristics as controls.  

 We then estimated the local average treatment effect nonparametrically using local 

polynomial inference with bias-corrections, optimal bandwidth calculations, and robust standard 

errors developed by Calonico et al.24–28 All models included robust standard errors clustered at 

the hospital level. This model has several advantages over the traditional OLS estimator. Most 

importantly, it uses a data-driven procedure to select the mean squared error minimizing optimal 

bandwidth surrounding the discontinuity cutoff point. It also empirically adjusts for any potential 

mass points in the data by checking and controlling for repeated observations in the running 

variable, using only a minimal number of unique observations. This estimation procedure also 

allows for more accurate heteroskedasticity robust methods of calculating standard errors, 

including nearest neighbor variance estimators and plug-in residual variance estimators. We 

estimated this model both with and without hospital covariates.  

 Finally, we examined the mechanism by which improvement occurs by estimating the 

robust bias-corrected regression discontinuity model separately on the two components of overall 

CPOE Evaluation Tool score, basic and advanced clinical decision support. The first model 

estimated the impact of feedback on the change in basic clinical decision support performance 

from 2017 – 2018, and the second on change in advanced clinical decision support. Both models 

were estimated with and without covariates. 

 

Robustness, Bandwidth, Falsification and Identification Assumptions 

 Regression discontinuity designs are often sensitive to a wide array of choices made 

during the estimation process. To ensure these results were robust to a wide array of different 
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possible specifications, we estimated the model 60 different times, varying different aspects of 

the specification including bandwidth selection (using several manual as well as different data-

driven bandwidth calculation algorithms), local polynomial order (local linear compared to 

quadratic),29 inclusion of covariates, kernel choice for weighting observations near the cut-off 

point (triangle, Epanechnikov, and uniform,) and standard error calculations. We then plotted the 

point estimates and 95% confidence intervals for the treatment effect in a specification curve. 

 We also conducted a series of tests to ensure that the assumptions necessary for causal 

effect identification were likely to be met. First, to ensure that no manipulation of the running 

variable exists, we plotted the density of the overall score in 2017 and evaluated whether 

empirical evidence of manipulation exists using the procedure outlined by Cattaneo et al., 

building on McCrary’s test, and found no empirical evidence of manipulation (Appendix Exhibit 

1).30,31 We also plotted the distribution of the covariates across the running variable to ensure 

covariates are smooth across the cutoff (Appendix Exhibit 2). We also conducted a series of 

placebo tests estimating the model at alternative cutoff points and found no statistically 

significant results at any of these placebo cutoffs (Appendix Exhibit 3). We also ran several 

versions of the model testing for EHR vendor affects, including sub-samples using only the 3 

most commonly used vendors (Appendix Exhibit 4) as well as including dummy variables to 

control for vendor choice (Appendix Exhibit 5). Finally, to test whether hospital improvement 

results in increased nuisance alerts, we used the same sharp regression discontinuity model at the 

50% treatment assignment cutoff on a dependent variable of nuisance alert score change from 

2017 to 2018. (Appendix Exhibit A6). 
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Results 

Sample Descriptive Statistics 

 Hospital overall scores on the CPOE Evaluation Tool improved from 59.3% in 2017 to 

66.5% in 2018, with an average improvement of 7.24 percentage points. Most hospitals in the 

sample were medium-sized between 100-399 beds (60.9% of hospitals), followed by large 

hospitals with over 400 beds (20.9%) and then small hospitals fewer than 100 beds (18.2%). 

Most hospitals in the sample were teaching hospitals (57.0%), members of a health system 

(84.2%), and located in Urban areas (88.5%). Hospitals were distributed around US census 

regions, with 35.8% of hospitals located in the South, 26.0% in the West, 19.9% in the 

Northeast, and 18.3% in the Midwest. (Table 3.1) 

 
Table 3.1 Sample Descriptive Statistics 
     
  Mean SD 
Leapfrog CPOE Inpatient Drug 
Performance     
Overall Score (2017) 59.3 16.3 
Overall Score (2018) 66.5 14.9 
Change in Score 2017 - 2018 7.24 14.5 
  N % 
Hospital Size     
Small Hospitals (<100 Beds) 215 18.2% 
Medium Hospitals (100 - 399 Beds) 721 60.9% 
Large Hospitals (400+ Beds) 247 20.9% 
Teaching Status     
Non-Teaching Hospital 509 43.0% 
Teaching Hospital 674 57.0% 
Health System Membership     
Not a Member of a Health System 187 15.8% 
Health System Member 996 84.2% 
Location     
Rural 136 11.5% 
Urban 1047 88.5% 
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Region     
Northeast 236 19.9% 
West 308 26.0% 
Midwest 216 18.3% 
South 423 35.8% 

 

 

Hospital Improvement in Response to Feedback 

 We identified a clear discontinuity in hospital improvement in the subsequent year at the 

cut-off point between “Full Demonstration” and “Substantial Demonstration” feedback in 2017. 

(Figure 3.1)  

 

 

Figure 3.1 Hospital 2017 CPOE Performance Score and Improvement in 2018 
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The ordinary least squares model found a significant effect of providing hospitals with the 

negative “Substantial Demonstration” feedback on improvement in the subsequent year without 

(β = 4.71, 95% CI 1.53 – 7.89) and with covariates (β = 4.82, 95% CI 1.65 – 8.01). The robust, 

bias-corrected model with data-driven bandwidth selection also found a significant effect, with 

hospitals who received the “Substantial Demonstration” feedback improving 8.44 percentage 

points more compared to hospitals on the other side of the discontinuity (β = 8.44, 95% CI 0.09 – 

16.80, β = 9.19, 95% CI 0.36 – 18.02 with covariates.) (Table 3.2)  

 
Table 3.2 Impact of Feedback on Hospital Performance Improvement 
 
 Performance Improvement 

 Model 1 Model 2 Model 3 Model 4 
Negative Feedback 4.71*** 8.44** 4.83*** 9.19** 
95% Confidence Interval (1.53 - 7.89) (0.09 - 16.80) (1.65 - 8.01) (0.36 - 18.02) 
Observations 1183 1183 1183 1183 
Effective Observations 1183 238 1183 231 
Controls No No Yes Yes 
Robust Bias Corrected Estimator No Yes No Yes 

     
*** p < 0.01 ** p < 0.05     

 

These results were robust to a wide array of modeling choices, shown in the specification 

curve in Figure 3.2. Of the 60 different specifications tested, all but 3 produced a statistically 

significant result, and the 3 that were non-significant were consistent directionally with other 

specifications. The results were also consistent when evaluating sub-samples of the three largest 

EHR vendors (Appendix Exhibit A4) as well as including controls for EHR vendor (Appendix 

Exhibit A5).  
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Figure 3.2 Specification Curve of Main Result Robustness 

 

 
Improvement Mechanism 

The primary mechanism for the observed effect was through improvement in the safety 

performance of alerting on potential adverse drug events classified as “basic” clinical decision 

support. Using the same robust, bias-corrected estimator with data-driven bandwidth selection, 

we observed a statistically significant effect of receiving negative “Substantial Demonstration” 

feedback on hospital improvement in basic decision support performance both without (β = 0.08, 

95% CI 0.02 – 0.16) and with covariates (β = 0.09, 95% CI 0.02 – 0.16). There was no effect on 

improvement in “advanced” clinical decision support (β = 0.06, 95% -0.08 – 0.21 without 
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covariates, β = 0.08, 95% CI -0.07 – 0.25 with covariates). (Table 3.3) Finally, we found no 

evidence that hospital improvement resulted in increased nuisance alerts (Appendix Exhibit A6).   

 

Table 3.3 Improvement Differences Across “Basic” and “Advanced” Decision Support 

Categories 

 

 

Basic 
Decision 
Support 

Basic 
Decision 
Support 

Advanced 
Decision 
Support 

Advanced 
Decision 
Support 

Negative Feedback 0.08** 0.09*** 0.06 0.08 
95% Confidence 
Interval (0.02 - 0.16) (0.02 - 0.16) (-0.08 - 0.21) (-0.07 - 0.25) 
Observations 1183 1183 1183 1183 
Effective 
Observations 282 263 262 238 
Controls No Yes No Yes 
Robust Bias 
Corrected 
Estimator Yes Yes Yes Yes 

     
*** p < 0.01 ** p < 0.05 

 

Discussion 

 The U.S. has made an enormous investment in EHRs and health information technology 

more broadly, yet while adoption has occurred it is not clear whether safety or quality are 

improving to date. However, few studies have empirically addressed the impact of safety 

feedback to hospitals on their EHR safety performance. We evaluated the impact of providing 

hospitals who participated in a voluntary EHR safety performance assessment with negative, 

publicly reported feedback. We found that hospitals who received the negative feedback 

“Substantial Demonstration of Safety Standards”, rather than the positive “Full Demonstration of 

Safety Standards”, improved significantly more in the subsequent year. That improvement was 
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driven by safety gains from “basic” clinical decision support, such as drug-drug or drug-allergy 

contraindications, rather than “advanced” decision support such as corollary orders or daily drug 

dosing contraindications. These results have important implications for policymakers and 

practitioners evaluating the value of hospital performance measurement and quality feedback 

programs, as well as generalizable insights for the design of future health care quality 

improvement initiatives. 

 These results contribute to our understanding of hospital quality measurement and 

publicly reported performance feedback, where the literature on improvement is mixed.  Many 

existing studies on hospital quality measurement focus on pay-for-performance initiatives, such 

as the Hospital Readmission Reduction Program, which target outcome quality. Despite efforts to 

risk-adjust these programs, outcome quality is only partially within the control of hospitals. The 

result has been an ongoing debate over whether gains in these programs are a result of hospitals 

actively selecting against sicker patients and gaming the measures, rather than improving quality 

to reduce readmissions.18,32 In contrast, the Leapfrog CPOE Evaluation Tool is a measure of 

process quality which evaluates whether or not an alert correctly triggered when best practices 

suggest an order may cause an adverse drug event. While process quality evaluations do not 

directly measure patient harm, they do measure an aspect of care almost entirely within the 

control of the hospital.33 Hospitals are therefore more likely to be able to respond to feedback 

and actually improve, rather than having incentive to simply select patients less likely to 

negatively impact their scores. 

  The Leapfrog CPOE Evaluation Tool also differs from other quality evaluations in its 

scope, focusing narrowly on evaluating hospital electronic health record performance at alerting 

clinicians to potential adverse drug events for inpatient medication orders. This is in stark 
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contrast to broad hospital quality measurement programs like CMS Hospital Compare or the 

Joint Commission, which are composite measures composed of many aspects of care quality. By 

providing feedback on a more targeted dimension of quality, hospitals may be more able to 

quickly identify opportunities for improvement and then act on those to improve their score in 

the next year. Hospitals who received negative feedback on the Leapfrog CPOE Evaluation Tool 

may have allocated more organizational resources, in the form of information technology 

employee time, consultant labor, or leadership focus, on improving EHR medication safety, 

thereby realizing nearly immediate quality gains. In comparison, hospitals seeking to improve 

their CMS Hospital Compare score need to evaluate a wide range of inputs they have varying 

levels of control, ranging from mortality to patient experience to efficient use of medical 

imaging,34 which may require significant effort across multiple areas of the organization to affect 

improvement initiatives. Work is underway to expand the scope of the Leapfrog evaluation to 

areas including hospital-acquired infections and overuse of care, which represent other areas 

amenable to narrow, targeted, and actionable quality measurement.  

 Policymakers designing quality improvement or payment reform incentives may wish to 

consider carefully targeted measures of process quality like the Leapfrog CPOE Evaluation Tool. 

These measures avoid many of the pitfalls of existing outcome quality programs such as the 

Hospital Readmission Reduction Program that encourage patient selection or punish 

organizations treating underserved populations, while providing participants with a clear 

roadmap for improvement if they perform poorly. Additionally, provider organizations looking 

to measure and improve quality should consider participating in voluntary self-assessments of 

narrow quality measures such as the Leapfrog CPOE Evaluation Tool, which can provide 

detailed feedback on a quality dimension of interest. While narrow process quality measures 
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alone do not provide holistic evaluations of care quality, they can be an important aspect of 

quality measurement and improvement programs. Finally, these results suggest that hospitals 

respond to qualitative feedback regarding their safety performance even when not tied directly to 

financial incentives. While the results of the Leapfrog CPOE Evaluation are posted publicly for 

patients to view, hospitals are not subject penalties such as in programs like the Hospital 

Readmission Reduction Program. While understanding the motivation for improvement is 

outside the scope of this study, it’s possible that hospitals may wish to improve their score to 

ensure they do not lose patients to competitors, or they may be motivated by intrinsic forces such 

as a desire to deliver best quality care even if they don’t expect patients will move to a 

competitor due to poor quality scores.35–37 Architects of quality measurement and improvement 

programs may wish to incorporate publicly reported qualitative feedback for provider 

organization participants, taking lessons from these results as well as the literature on 

performance feedback for workers and firms that suggest that even in the absence of direct 

incentives, feedback can generate improvement.38  

 

Limitations 

 These results should be interpreted with several important limitations in mind. First, all 

regression discontinuity models estimate a local average treatment effect, and it’s possible that 

hospitals in different parts of the quality distribution may have different responses to feedback. 

Second, while the Leapfrog CPOE Evaluation Tool has been associated with actual reductions in 

preventable adverse drug events,21 it is a measure of process quality rather than outcome quality, 

and higher scores on the evaluation may not necessarily translate into better quality of care. 

Third, the Leapfrog CPOE Evaluation Tool is a voluntary self-assessment, and it is likely there is 
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a selection into the sample, and that hospitals who choose to participate in quality measurement 

are more highly motivated than others, and thus more likely to respond to negative feedback and 

improve. Finally, it is impossible to completely rule out possible manipulation or gaming of the 

evaluation to achieve the highest feedback score, but there are several features built into the 

evaluation itself to prevent this, and McCrary’s test does not suggest empirical evidence of 

manipulation. 

 

Conclusion 

 Using data from a national evaluation of EHR medication safety, we found that hospitals 

that received publicly reported negative feedback improve quality significantly more than those 

who receive positive feedback in the subsequent year. This effect was driven by improvement in 

basic clinical decision support, rather than more advanced decision support capabilities. Despite 

this progress, there is still considerable room for improvement especially in advanced decision 

support, with few hospitals receiving a perfect score, suggesting that all hospitals may benefit 

from continued assessment of this type, with those with lower performance getting more benefit. 

These results show that publicly reported feedback on specific dimensions of process quality can 

lead to improvement, even in the absence of direct financial incentives. Policymakers and 

practitioners interested in quality of care should take this into account when designing quality 

improvement and payment reform initiatives.    
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Appendices 

 
Appendices for Chapter 1 
 
Appendix Exhibit A1. Full Survey Questions and Response Distribution 
 

Factor 1: Leadership and Board Engagement 
How often were following topics presented to the Board? Decision to implement 
an EHR 

  Frequency Percent 
No Response 18 4% 

Quarterly or more often 265 57% 
Biannually 39 8% 
Annually 49 11% 

Less often than annually 24 5% 
Never 2 0% 

Don't Know 66 14% 
How often were following topics presented to the Board? Selection of Specific EHR 

  Frequency Percent 
No Response 18 4% 

Quarterly or more often 221 48% 
Biannually 37 8% 
Annually 65 14% 

Less often than annually 35 8% 
Never 18 4% 

Don't Know 69 15% 
How often were following topics presented to the Board? EHR Implementation 
Approach 

  Frequency Percent 
No Response 18 4% 

Quarterly or more often 222 48% 
Biannually 45 10% 
Annually 33 7% 

Less often than annually 34 7% 
Never 34 7% 
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Don't Know 77 17% 
How often were following topics presented to the Board? EHR Optimization 
Approach 

  Frequency Percent 

No Response 19 4% 
Quarterly or more often 164 35% 

Biannually 42 9% 
Annually 68 15% 

Less often than annually 53 11% 
Never 42 9% 

Don't Know 75 16% 
How engaged was Board with the following topics? Decision to implement an EHR 

  Frequency Percent 

No Response 20 4% 
To a great extent 200 43% 

Somewhat 118 25% 
To a small extent/not at all 75 16% 

Don't Know 50 11% 
How engaged was Board with the following topics? Selection of Specific EHR 

  Frequency Percent 

No Response 18 4% 
To a great extent 92 20% 

Somewhat 125 27% 
To a small extent/not at all 177 38% 

Don't Know 51 11% 
How engaged was Board with the following topics? EHR Implementation Approach 

  Frequency Percent 

No Response 20 4% 
To a great extent 40 9% 
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Somewhat 117 25% 
To a small extent/not at all 233 50% 

Don't Know 53 11% 
How engaged was Board with the following topics? EHR Optimization Approach 

  Frequency Percent 

No Response 18 4% 
To a great extent 42 9% 

Somewhat 86 19% 
To a small extent/not at all 264 57% 

Don't Know 53 11% 
How engaged was Board with the following topics? Quality Subcommittee 

  Frequency Percent 

No Response 31 7% 
To a great extent 64 14% 

Somewhat 106 23% 
To a small extent/not at all 143 31% 

Don't Know 119 26% 
To what extent did your organization develop and communicate a shared strategy 
for improving quality and reducing costs? 

  Frequency Percent 

No Response 16 3% 
To a great extent 194 42% 

Somewhat 174 38% 
To a small extent/not at all 61 13% 

Don't Know 18 4% 
 

Factor 2: Human Capital 
What proportion of your IT build and implementation FTEs comprised of 
clinicians? 

  Frequency Percent 
No Response 22 5% 
Less than 10% 122 26% 
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10-20% 93 20% 
20-50% 132 29% 

More than 50% 70 15% 
Don't Know 24 5% 

What proportion of your IT build and implementation FTEs comprised of clinicians 
with patient experience at your hospital? 

  Frequency Percent 
No Response 22 5% 
Less than 10% 149 32% 

10-20% 103 22% 
20-50% 102 22% 

More than 50% 68 15% 
Don't Know 19 4% 

 

Factor 3: Systems Integration 
 To what extent are your clinical and administrative IT systems integrated? Clinical 
systems across inpatient units 

Q25_1 Frequency Percent 
No Response 20 4% 

To a great extent 382 83% 
Somewhat 46 10% 

To a small extent/not at all 14 3% 
Don't Know 1 0% 

To what extent are your clinical and administrative IT systems integrated? Clinical 
systems between inpatient and ambulatory care 

  Frequency Percent 
No Response 20 4% 

To a great extent 252 54% 
Somewhat 107 23% 

To a small extent/not at all 81 17% 
Don't Know 3 1% 

To what extent are your clinical and administrative IT systems integrated? Clinical 
and administrative systems 

  Frequency Percent 
No Response 19 4% 

To a great extent 213 46% 
Somewhat 154 33% 

To a small extent/not at all 72 16% 
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Don't Know 5 1% 
To what extent does your staff have to spend time doing duplicate data entry in 
clinical and/or administrative IT systems? Frontline clinicians 

  Frequency Percent 
No Response 19 4% 

To a great extent 24 5% 
Somewhat 109 24% 

To a small extent/not at all 302 65% 
Don't Know 9 2% 

To what extent does your staff have to spend time doing duplicate data entry in 
clinical and/or administrative IT systems? Other clinical staff 

  Frequency Percent 
No Response 20 4% 

To a great extent 22 5% 
Somewhat 135 29% 

To a small extent/not at all 274 59% 
Don't Know 12 3% 

To what extent does your staff have to spend time doing duplicate data entry in 
clinical and/or administrative IT systems? Administrative staff 

  Frequency Percent 
No Response 20 4% 

To a great extent 33 7% 
Somewhat 147 32% 

To a small extent/not at all 237 51% 
Don't Know 26 6% 
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Appendix Exhibit A2. Full Exploratory Factor Analysis Results 
 

Eigenvalues of the Reduced Correlation Matrix: Total = 4.19959695 Average = 
0.27997313 

  Eigenvalue Difference Proportion Cumulative 

1 2.26197517 1.01906511 0.5386 0.5386 

2 1.24291007 0.19028528 0.2960 0.8346 

3 1.05262479 0.50083764 0.2506 1.0852 

4 0.55178715 0.27281894 0.1314 1.2166 

5 0.27896820 0.19381991 0.0664 1.2830 

6 0.08514829 0.03993276 0.0203 1.3033 

7 0.04521553 0.06137036 0.0108 1.3141 

8 -.01615484 0.06996460 -0.0038 1.3102 

9 -.08611943 0.06201283 -0.0205 1.2897 

10 -.14813226 0.01176950 -0.0353 1.2545 

11 -.15990176 0.01889121 -0.0381 1.2164 

12 -.17879296 0.03426548 -0.0426 1.1738 

13 -.21305844 0.02929280 -0.0507 1.1231 

14 -.24235124 0.03217009 -0.0577 1.0654 

15 -.27452133   -0.0654 1.0000 

 
 

Rotated Factor Pattern 

  Factor1 Factor2 Factor3 
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 Q25b- To what extent are your clinical and administrative IT 
systems integrated? Clinical systems between inpatient and 
ambulatory care 

0.63677 0.16509 0.0178 

 Q25c- To what extent are your clinical and administrative IT 
systems integrated? Clinical and administrative systems 

0.54764 0.05214 -
0.02764 

 Q25a- To what extent are your clinical and administrative IT 
systems integrated? Clinical systems across inpatient units 

0.53473 0.02633 -
0.05735 

 Q21- How easy is it to extract data from the EHR for quality 
measurement and reporting? 

0.38142 0.07418 -
0.10957 

 Q12- Internal priorities vs external requirements motivate your 
decision to implement EHR? 

0.23025 0.14012 -
0.08496 

 Q20- Other strategic priorities and investments not pursued or 
altered because of resources dedicated to EHR implementation and 
use? 

-
0.20044 

-
0.05329 

-
0.03421 

 Q19- Optimal approaches to EHR implementation and use 
constrained by your efforts to meet CMS and other regulations? 

-
0.23645 

0.04696 -
0.11839 

 Q26 Average- To what extent does you staff spend time doing 
duplicate data entry 

-
0.52551 

-0.0343 0.12128 

 Q10 Average- Engagement of board on EHR decisions 0.00961 0.70782 0.01176 

 Q10e- How engaged was Board with the Quality Subcommittee? -
0.01184 

0.64653 -
0.05623 

 Q9 Average- How often were EHR topics presented to the board 0.09357 0.51215 -
0.02164 

 Q11- Develop and communicate a shared strategy for improving 
quality and reducing costs? 

0.24011 0.4657 -
0.22123 

 Q22- How often are IT and/or analytics staff involved in quality 
improvement efforts? 

0.18579 0.28295 -0.1942 

 Q15- Proportion of your IT build/implementation FTEs comprised 
of clinicians? 

-
0.03336 

-
0.08981 

0.79065 

 Q16- Proportion of your IT build/implementation FTEs comprised 
of clinicians with patient exp at your hospital? 

-
0.01959 

-
0.09224 

0.75293 
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Appendix Exhibit A3. Sample Descriptive Statistics 
 

  

Responders 
(n=479) 

Non-
Responders 

(n=318) 
p-value 

Hospital Size       
Small 52.2% 46.9% 

0.046 Medium 37.0% 45.3% 
Large 10.9% 7.9% 

Hospital Teaching Status       
Major Teaching 6.1% 2.2% 

0.037 Minor Teaching 23.2% 23.6% 
Non-teaching 70.8% 74.2% 

Profit Status       
Investor Owned, For Profit 9.4% 19.8% 

0.000 Non-Government, Not for Profit 67.2% 65.4% 
Government, Non-Federal 23.4% 14.8% 

Urban       
Rural 28.2% 23.6% 

0.149 
Urban 71.8% 76.4% 

Census Region       
Northeast 17.7% 11.3% 

0.000 
Midwest 32.2% 21.4% 
South 32.4% 45.6% 
West 17.7% 21.7% 

Member of Hospital System       
Yes 51.4% 71.4% 

0.000 
No 48.6% 28.6% 

EHR Adoption       
Comprehensive EHR 66.6% 51.9% 

0.000 Basic EHR 17.3% 11.0% 
Less than Basic EHR 16.1% 37.1% 

Advanced EHR Usage       
At least 8 Patient Engagement Functions 41.1% 39.0% 

0.385 
At least 8 Clinical Data Analytics Functions 41.1% 38.1% 

Source: Authors’ analysis of hospital survey data and AHA Annual Survey and IT Supplement 
Notes: N = 479 respondent hospitals and 318 non-responders. 
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Appendix Exhibit A4. Average Organizational Strategy Score by Hospital Characteristics 
 

 
Factor 1 - 

Leadership  
Factor 2 - 

Human Capital  
Factor 3 - Systems 

Integration  

 

Factor 1 
Average Score 

p-
valu

e 

Factor 2 
Average Score 

p-
valu

e 

Factor 3 Average 
Score 

p-
valu

e 

Hospital Size             

Small 0.53 
0.23 

0.39 
0.05 

0.51 
0.38 Medium 0.56 0.46 0.50 

Large 0.59 0.52 0.56 

Hospital Teaching Status             

Major Teaching 0.55 
0.51 

0.48 
0.77 

0.55 
0.63 Minor Teaching 0.57 0.44 0.52 

Non-teaching 0.54 0.43 0.50 

Profit Status             

Private, For Profit 0.52 
0.30 

0.38 
0.06 

0.50 
0.81 Private, Non-Profit 0.57 0.47 0.52 

Public, Non-Federal 0.53 0.37 0.50 

Urban             

Rural 0.50 
0.01 

0.38 
0.13 

0.47 
0.06 

Urban 0.56 0.45 0.52 

Census Region             

Northeast 0.59 

0.03 

0.40 

0.21 

0.52 

0.99 
Midwest 0.50 0.45 0.51 

South 0.57 0.40 0.51 

West 0.57 0.49 0.51 

Member of Hospital System             

Yes 0.58 <0.0
01 

0.43 
0.65 

0.52 
0.21 

No 0.51 0.44 0.49 

EHR             

Comprehensive EHR 0.57 
0.16 

0.46 
0.03 

0.53 
0.05 Basic EHR 0.52 0.39 0.44 

Less than Basic EHR 0.51 0.34 0.50 

Advanced EHR Functions             
At least 8 Patient 

Engagement Functions 0.60 <0.0
01 

0.45 
0.47 

0.56 <0.0
01 Less Than 8 Patient 

Engagement Functions  0.51 0.42 0.48 

Advanced EHR Functions  
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At least 8 Clinical Data 
Analytics Functions 0.60 <0.0

01 
0.50 <0.0

01 
0.56 <0.0

01 Less Than 8 Clinical Data 
Analytics Functions 0.51 0.38 0.48 

 
Source: Authors’ analysis of hospital survey data 
Notes: N = 451  
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Appendix Exhibit A5.  Robustness Tests with Different Operationalization of Dependent 
Variable 
 
Poisson Count Regression Model: 
 
Poisson Model     
DV: Count of Number of Advanced Patient Engagement Functions  
 Coef. p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board 
Engagement 0.07 0.07 -0.01 0.16 
Factor 2: Human Capital -0.05 0.22 -0.14 0.03 
Factor 3: Systems Integration 0.07 0.08 -0.01 0.15 
Hospital Size         
Small Hospitals (<100 Beds) Ref.       
Medium Hospitals (100 - 399 
Beds) 0.07 0.14 -0.02 0.16 
Large Hospitals (400+ Beds) 0.15 0.01 0.03 0.28 
Teaching Status         
Non-Teaching Hospital Ref.       
Minor Teaching Hospital -0.06 0.30 -0.17 0.05 
Major Teaching Hospital -0.08 0.16 -0.19 0.03 
Profit Status         
Private, For-Profit Hospital Ref.       
Private, Non-Profit Hospital 0.42 0.00 0.20 0.65 
Public, Non-Federal Hospital 0.38 0.00 0.14 0.61 
Rurality         
Rural Ref.       
Urban 0.07 0.21 -0.04 0.17 
Census Region         
Northeast Ref.       
Midwest 0.10 0.04 0.00 0.19 
South 0.09 0.10 -0.02 0.19 
West 0.01 0.86 -0.12 0.15 
System Membership         
Non-System Hospital Ref.       
System Hospital 0.18 0.00 0.10 0.26 
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Poisson Model     
DV: Count of Number of Advanced Clinical Data Analytics Functions  
 Coef. p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board 
Engagement 0.09 0.04 0.00 0.18 
Factor 2: Human Capital 0.07 0.23 -0.04 0.17 
Factor 3: Systems Integration 0.03 0.61 -0.08 0.14 
Hospital Size         
Small Hospitals (<100 Beds) Ref.       
Medium Hospitals (100 - 399 
Beds) 0.10 0.09 -0.02 0.21 
Large Hospitals (400+ Beds) 0.12 0.15 -0.05 0.29 
Teaching Status         
Non-Teaching Hospital Ref.       
Minor Teaching Hospital -0.08 0.27 -0.21 0.06 
Major Teaching Hospital -0.18 0.02 -0.33 -0.03 
Profit Status         
Private, For-Profit Hospital Ref.       
Private, Non-Profit Hospital 0.15 0.10 -0.03 0.33 
Public, Non-Federal Hospital 0.10 0.36 -0.11 0.30 
Rurality         
Rural Ref.       
Urban 0.04 0.57 -0.10 0.17 
Census Region         
Northeast Ref.       
Midwest -0.03 0.63 -0.15 0.09 
South -0.01 0.91 -0.12 0.10 
West -0.06 0.43 -0.19 0.08 
System Membership         
Non-System Hospital Ref.       
System Hospital 0.23 0.00 0.13 0.33 

 
 
Ordinary Least Squares Regression Models: 
 
OLS Model     
DV: Count of Number of Advanced Patient Engagement Functions  
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 Coef. p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board 
Engagement 0.55 0.06 -0.02 1.13 
Factor 2: Human Capital -0.35 0.24 -0.93 0.23 
Factor 3: Systems Integration 0.49 0.10 -0.09 1.07 
Hospital Size         
Small Hospitals (<100 Beds)  Ref.       
Medium Hospitals (100 - 399 
Beds) 0.48 0.14 -0.15 1.11 
Large Hospitals (400+ Beds) 1.09 0.02 0.19 2.00 
Teaching Status         
Non-Teaching Hospital  Ref.       
Minor Teaching Hospital -0.54 0.24 -1.44 0.36 
Major Teaching Hospital -0.68 0.14 -1.58 0.23 
Profit Status         
Private, For-Profit Hospital  Ref.       
Private, Non-Profit Hospital 2.64 0.00 1.48 3.80 
Public, Non-Federal Hospital 2.32 0.00 1.06 3.57 
Rurality         
Rural  Ref.       
Urban 0.42 0.21 -0.24 1.09 
Census Region         
Northeast  Ref.       
Midwest 0.67 0.05 -0.01 1.34 
South 0.59 0.12 -0.16 1.34 
West 0.09 0.85 -0.85 1.03 
System Membership         
Non-System Hospital  Ref.       
System Hospital 1.25 0.00 0.68 1.82 

     
OLS Model     
DV: Count of Number of Advanced Clinical Data Analytics Functions  
 Coef. p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board 
Engagement 0.66 0.04 0.04 1.27 
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Factor 2: Human Capital 0.44 0.25 -0.31 1.20 
Factor 3: Systems Integration 0.19 0.62 -0.57 0.96 
Hospital Size         
Small Hospitals (<100 Beds)  Ref.       
Medium Hospitals (100 - 399 
Beds) 0.65 0.10 -0.12 1.43 
Large Hospitals (400+ Beds) 0.87 0.17 -0.39 2.14 
Teaching Status         
Non-Teaching Hospital  Ref.       
Minor Teaching Hospital -0.66 0.25 -1.78 0.47 
Major Teaching Hospital -1.40 0.02 -2.60 -0.19 
Profit Status         
Private, For-Profit Hospital  Ref.       
Private, Non-Profit Hospital 1.04 0.08 -0.13 2.22 
Public, Non-Federal Hospital 0.74 0.27 -0.57 2.05 
Rurality         
Rural  Ref.       
Urban 0.21 0.61 -0.61 1.03 
Census Region         
Northeast  Ref.       
Midwest -0.23 0.60 -1.07 0.62 
South -0.07 0.86 -0.89 0.75 
West -0.41 0.41 -1.39 0.57 
System Membership         
Non-System Hospital  Ref.       
System Hospital 1.59 0.00 0.92 2.26 
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Appendix Exhibit A6.  Robustness Tests with Different Operationalization of Factor Variables 
 
Logit Model with Average Marginal Effects using non-dichotomized independent variables 
DV: 8+ Advanced Patient Engagement Functions    

 AME p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board Engagement 

0.25 0.04 0.02 0.48 
Factor 2: Human Capital -0.03 0.70 -0.18 0.12 
Factor 3: Systems Integration 0.29 0.01 0.06 0.53 
Hospital Size         
Small Hospitals (<100 Beds) Ref.       
Medium Hospitals (100 - 399 Beds) 0.03 0.60 -0.09 0.16 
Large Hospitals (400+ Beds) 0.16 0.16 -0.06 0.39 
Teaching Status         
Non-Teaching Hospital Ref.       
Minor Teaching Hospital -0.04 0.73 -0.30 0.21 
Major Teaching Hospital -0.11 0.38 -0.37 0.14 
Profit Status         
Private, For-Profit Hospital Ref.       
Private, Non-Profit Hospital 0.24 0.00 0.11 0.38 
Public, Non-Federal Hospital 0.29 0.00 0.11 0.47 
Rurality         
Rural Ref.       
Urban 0.08 0.19 -0.04 0.21 
Census Region         
Northeast Ref.       
Midwest 0.14 0.07 -0.01 0.29 
South 0.03 0.72 -0.13 0.18 
West 0.02 0.85 -0.15 0.18 
System Membership         
Non-System Hospital Ref.       
System Hospital 0.25 0.00 0.14 0.35 

     
 
 
 
Logit Model with Average Marginal Effects using non-dichotomized independent variables 
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DV: 8+ Advanced Clinical Data Analytics Functions    
 AME p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board Engagement 

0.15 0.20 -0.08 0.39 
Factor 2: Human Capital 0.19 0.01 0.05 0.33 
Factor 3: Systems Integration 0.29 0.01 0.06 0.52 
Hospital Size         
Small Hospitals (<100 Beds) Ref.       
Medium Hospitals (100 - 399 Beds) 0.03 0.57 -0.09 0.15 
Large Hospitals (400+ Beds) 0.12 0.28 -0.09 0.33 
Teaching Status         
Non-Teaching Hospital Ref.       
Minor Teaching Hospital -0.06 0.61 -0.30 0.18 
Major Teaching Hospital -0.20 0.12 -0.44 0.05 
Profit Status         
Private, For-Profit Hospital Ref.       
Private, Non-Profit Hospital 0.25 0.00 0.11 0.40 
Public, Non-Federal Hospital 0.26 0.00 0.09 0.43 
Rurality         
Rural Ref.       
Urban 0.10 0.10 -0.02 0.22 
Census Region         
Northeast Ref.       
Midwest 0.01 0.89 -0.13 0.15 
South 0.00 0.96 -0.14 0.14 
West 0.05 0.56 -0.11 0.20 
System Membership         
Non-System Hospital Ref.       
System Hospital 0.26 0.00 0.15 0.37 
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Appendix Exhibit A7. Robustness Tests Including Controls for EHR Vendor Choice 
 
Patient Engagement 

  Odds Ratio p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board Engagement 2.13 0.05 1.01 4.50 
Factor 2: Human Capital 0.54 0.30 0.17 1.72 
Factor 3: Systems Integration 2.53 0.05 1.01 6.35 
Hospital Size         
Small Hospitals (<100 Beds) Ref       
Medium Hospitals (100 - 399 Beds) 1.12 0.79 0.50 2.47 
Large Hospitals (400+ Beds) 1.45 0.53 0.46 4.53 
Teaching Status         
Non-Teaching Hospital Ref       
Minor Teaching Hospital 0.88 0.89 0.14 5.45 
Major Teaching Hospital 1.00 1.00 0.16 6.40 
Profit Status         
Private, For-Profit Hospital Ref       
Private, Non-Profit Hospital 0.52 0.28 0.16 1.69 
Public, Non-Federal Hospital 0.81 0.79 0.18 3.71 
Rurality         
Rural Ref       
Urban 0.93 0.87 0.39 2.23 
Census Region         
Northeast Ref       
Midwest 0.83 0.73 0.28 2.47 
South 0.64 0.44 0.20 2.00 
West 0.70 0.58 0.20 2.46 
System Membership         
Non-System Hospital         
System Hospital 2.63 0.03 1.11 6.24 
Primary Inpatient EHR Vendor         
AllScripts Reference       
Cerner 3.37 0.07 0.92 12.30 
Epic 18.14 0.00 4.54 72.56 
McKesson 0.35 0.31 0.05 2.63 
Meditech 0.95 0.94 0.25 3.65 
Nextgen 1.00       
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Quadramed 0.19 0.47 0.00 16.20 
Other 1.00       
Not Disclosed 1.00       
CPSI 1.00       
Healthland 0.62 0.66 0.07 5.20 
Evident 0.82 0.82 0.15 4.53 
MEDHOST 0.44 0.48 0.05 4.32 
Prognosis 1.00       
Athenahealth 4.52 0.35 0.19 108.72 

  
Advanced Clinical Data Analytics 
 

  Odds Ratio p-value [95% Conf. Interval] 
Top Quartile of Factors         
Factor 1: Leadership / Board Engagement 1.27 0.57 0.56 2.88 
Factor 2: Human Capital 4.04 0.00 1.73 9.40 
Factor 3: Systems Integration 2.72 0.01 1.24 5.99 
Hospital Size         
Small Hospitals (<100 Beds) Ref       
Medium Hospitals (100 - 399 Beds) 1.18 0.69 0.52 2.69 
Large Hospitals (400+ Beds) 0.53 0.30 0.16 1.75 
Teaching Status         
Non-Teaching Hospital Ref       
Minor Teaching Hospital 0.29 0.13 0.06 1.47 
Major Teaching Hospital 0.18 0.04 0.03 0.94 
Profit Status         
Private, For-Profit Hospital Ref       
Private, Non-Profit Hospital 1.30 0.70 0.34 5.02 
Public, Non-Federal Hospital 1.40 0.68 0.29 6.83 
Rurality         
Rural Ref       
Urban 0.72 0.45 0.30 1.70 
Census Region         
Northeast Ref       
Midwest 0.36 0.06 0.12 1.03 
South 0.61 0.37 0.21 1.77 
West 0.55 0.29 0.18 1.66 
System Membership         
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Non-System Hospital         
System Hospital 3.14 0.00 1.56 6.32 
Primary Inpatient EHR Vendor         
AllScripts Reference       
Cerner 7.11 0.00 2.22 22.78 
Epic 10.97 0.00 3.55 33.87 
McKesson 0.89 0.89 0.18 4.45 
Meditech 2.63 0.10 0.82 8.44 
Nextgen 1.00       
Quadramed 4.71 0.13 0.63 35.41 
Other 0.98 0.99 0.11 9.08 
Not Disclosed 1.00       
CPSI 0.23 0.23 0.02 2.47 
Healthland 1.00       
Evident 0.31 0.31 0.03 2.99 
MEDHOST 1.86 0.54 0.26 13.34 
Prognosis 1.00       
Athenahealth 10.72 0.13 0.50 228.11 
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Appendices for Chapter 2 
 
Appendix Exhibit A1. Note Text by Templates, Copy/Paste, and Manual Entry 
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Appendix Exhibit A2. Regression Results Excluding Western Europe 
 

 
DV: Total EHR Time 

per Day (Minutes) 
DV: After-Hours Time 

per Day (Minutes) 
DV: % of Note Text from 

Automated Sources 
DV:  System 

Messages per Day 

 Coef. p-value Coef. p-value Coef. p-value Coef. 
p-

value 

Country                 
International 
Providers Reference   Reference   Reference   

Referenc
e   

US Providers 32.02 <0.001 10.98 <0.001 0.19 <0.001 4.03 0.01 
Organization
al Structure                 
Ambulatory 
Only Reference   Reference   Reference   

Referenc
e   

Hospital & 
Clinic -21.87 <0.001 -2.36 0.26 0.00 0.85 4.81 

<0.00
1 

Other -19.99 <0.001 -1.22 0.67 0.00 0.97 3.52 0.10 
Organization
al Type                  
Academic 
Medical 
Center Reference   Reference   Reference   

Referenc
e   

Ambulatory 
Only 4.84 0.64 -4.81 0.20 0.04 0.26 3.09 0.25 
Community 
Hospital 13.89 <0.001 -0.18 0.82 0.01 0.27 0.81 0.16 

Other 24.22 <0.001 0.52 0.72 0.02 0.24 -0.24 0.80 
Pediatric Only 
Facility -3.22 0.26 0.63 0.69 0.01 0.66 -3.85 0.00 
Safety Net 
Provider 15.26 <0.001 -0.77 0.56 -0.02 0.39 1.23 0.22 
Health Plan 
Integration                 
No Integrated 
Health Plan Reference   Reference   Reference   

Referenc
e   

Integrated 
Health Plan 3.46 0.07 0.36 0.68 0.01 0.56 -0.11 0.87 

Size                 

Physicians 0.00 0.81 0.00 0.00 0.00 0.13 0.00 0.45 
Outpatient 
Visits 0.00 0.26 0.00 0.99 0.00 0.33 0.00 0.23 
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Appendix Exhibit A3. Regression Results Excluding Canada 
 

 
DV: Total EHR Time 

per Day (Minutes) 
DV: After-Hours Time 

per Day (Minutes) 
DV: % of Note Text from 

Automated Sources 
DV:  System 

Messages per Day 

 Coef. p-value Coef. p-value Coef. p-value Coef. 
p-

value 

Country                 
International 
Providers Reference   Reference   Reference   

Referenc
e   

US Providers 18.94 <0.001 6.40 0.04 0.16 <0.001 7.25 
<0.00

1 
Organization
al Structure                 
Ambulatory 
Only Reference   Reference   Reference   

Referenc
e   

Hospital & 
Clinic -21.23 <0.001 -2.21 0.32 0.00 0.94 5.00 

<0.00
1 

Other -19.64 0.00 -1.13 0.70 0.00 0.92 3.71 0.08 
Organization
al Type                  
Academic 
Medical 
Center Reference   Reference   Reference   

Referenc
e   

Ambulatory 
Only 5.28 0.61 -4.71 0.22 0.04 0.24 3.22 0.23 
Community 
Hospital 13.88 <0.001 -0.24 0.77 0.01 0.26 0.69 0.22 

Other 25.35 <0.001 1.29 0.50 0.02 0.20 -0.37 0.68 
Pediatric Only 
Facility -4.48 0.09 0.21 0.88 0.01 0.74 -3.61 0.00 
Safety Net 
Provider 15.52 <0.001 -0.66 0.63 -0.02 0.41 1.18 0.24 
Health Plan 
Integration                 
No Integrated 
Health Plan Reference   Reference   Reference   

Referenc
e   

Integrated 
Health Plan 3.56 0.06 0.40 0.65 0.01 0.55 -0.13 0.84 

Size                 

Physicians 0.00 0.77 0.00 0.04 0.00 0.20 0.00 0.65 
Outpatient 
Visits 0.00 0.19 0.00 0.76 0.00 0.40 0.00 0.16 
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Appendix Exhibit A4. Regression Results with Dependent Variable Specified as EHR Time 
per Encounter 
 
 DV: Total EHR Time per Encounter (Minutes) 

 Coef. p-value 
Country     
International Providers Reference   
US Providers 1.11 0.01 
Organizational 
Structure     
Ambulatory Only Reference   
Hospital & Clinic 0.19 0.75 
Other 2.42 0.10 
Organizational Type      
Academic Medical 
Center Reference   
Ambulatory Only -1.28 0.32 
Community Hospital -1.04 0.00 
Other -1.25 0.01 
Pediatric Only Facility 1.03 0.48 
Safety Net Provider 0.50 0.33 
Health Plan Integration     
No Integrated Health 
Plan Reference   
Integrated Health Plan 0.49 0.08 
Size     
Physicians 0.00 0.03 
Outpatient Visits 0.00 0.07 
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Appendix Exhibit A5. EHR Time Per Appointment: Time per Day Divided by Average 
Number of Clinician Appointments per Day 
 

 DV: Total EHR Time per Encounter (Minutes) 
 Coef. p-value 

Country     
International Providers Reference   
US Providers 1.98 <0.001 
Organizational 
Structure     
Ambulatory Only Reference   
Hospital & Clinic -0.12 0.79 
Other 1.14 0.17 
Organizational Type      
Academic Medical 
Center Reference   
Ambulatory Only 3.40 0.08 
Community Hospital 0.17 0.47 
Other 0.51 0.18 
Pediatric Only Facility 1.46 0.05 
Safety Net Provider 1.32 0.01 
Health Plan Integration     
No Integrated Health 
Plan Reference   
Integrated Health Plan 0.35 0.21 
Size     
Physicians 0.00 0.09 
Outpatient Visits 0.00 0.33 
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Appendices for Chapter 3 
 
Exhibit A1. Density Plot and McCrary’s Test 
 

 
 
T Statistic: 0.3340 
P-value: 0.7384 
 
Do not reject the null: no statistical evidence of systematic manipulation of the running 
variable. 
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Exhibit A2. Covariates Across the Cut-Off Point 
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Exhibit A3. Regression Discontinuity Model Placebo Test 
 

 Coef. p-value [95% Conf. Interval] 
Placebo Cutpoints         
Cutoff: 25% 25.23 0.12 -8.28 75.75 
Cutoff: 45% 5.80 0.10 -1.33 14.81 
Cutoff: 65% -1.04 0.54 -5.03 2.62 
Cutoff: 90% -23.90 0.45 -116.96 51.33 

 
 
All models use the data-driven bandwidth estimator with robust standard errors clustered at 
the hospital level. 
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Appendix Exhibit A4. Sub-Samples by EHR Vendor 
 

  Performance Improvement 
  Vendor A 

Only 
Vendor B 
Only 

Vendor C 
Only 

Vendors A, B, 
and C Only 

All Other Vendors 
Only 

Negative 
Feedback 

13.56 8.67* 16.00 10.11** 8.50 

95% 
Confidence 
Interval 

(-19.52 - 
49.89) 

(-1.07 - 
18.41) 

(-5.81 - 
37.81) 

(1.06 - 23.68) (-5.93 - 22.93) 

Observations 1183 1183 1183 1183 1183 
Effective 
Observations 

39 149 44 204 66 

Controls No No No No No 
Robust Bias 
Corrected 
Bandwidth 
Selection 

Yes Yes Yes Yes Yes 

 
w/ covariates Performance Improvement  

Vendor A 
Only 

Vendor B 
Only 

Vendor C 
Only 

Vendors A, B, 
and C Only 

All Other Vendors 
Only 

Negative 
Feedback 

33.88* 8.22* 21.68** 11.75** 7.27 

95% 
Confidence 
Interval 

(-5.52 - 
73.28) 

(-0.89 - 
17.33) 

(1.81 - 
41.54) 

(1.61 - 26.34) (-5.53 - 20.07) 

Observations 1183 1183 1183 1183 1183 
Effective 
Observations 

31 145 39 190 55 

Controls Yes Yes Yes Yes Yes 
Robust Bias 
Corrected 
Bandwidth 
Selection 

Yes Yes Yes Yes Yes 

 
*** p < 0.01 ** p < 0.05 * p < 0.10 
 
Vendor A is the most commonly represented EHR vendor in our sample, Vendor B is the second 
most common, and Vendor C is the third most common. Vendor identities are blinded due to 
our confidentiality agreement with the data provider. 
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Appendix Exhibit A5. Main Results with EHR Vendor Controls 
 

Full Sample with EHR Vendor Dummy Controls  
Model 1 Model 2 

Negative Feedback 9.31** 9.44** 
95% Confidence Interval (0.53 - 21.35) (0.68 - 18.21) 
Observations 1183 1183 
Effective Observations 238 231 
Demographic Controls No Yes 
Robust Bias Corrected 
Bandwidth Selection 

Yes Yes 

 
*** p < 0.01 ** p < 0.05 * p < 0.10 
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Appendix Exhibit A6. Alert Fatigue Mechanism Analysis 
 

 
 
No significant effect in non-parametric RD model estimates. 
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