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ABSTRACT 

Background: Health information exchange technologies are currently being implemented 

in many practice settings with the promise to improve quality, efficiency, and costs of 

care.  The benefits are likely highest in settings where entry into the healthcare system is 

gained; however, in no setting is the need for timely, accurate, and pertinent information 

more critical than in the emergency department (ED). This study evaluated the use of a 

payer-based electronic health record (EHR) in an ED on quality, efficiency, and costs of 

care among a commercially insured population.   

 

Methods: Data came from a large health plan and the ED of a large urban ED.  Visits 

with the use of a payer-based EHR were identified from claims between 9/1/05 and 

2/17/06.  A historical comparison sample of visits was identified from 11/1/04 to 3/31/05. 

Outcomes included return visits, ED duration, use of laboratory and diagnostic imaging, 

total costs during and in the four weeks after, and prescription drug utilization. 

 

Results: A total of 2,288 ED visits were analyzed (779 EHR visits and 1,509 comparison 

visits).  Discharged visits were associated with an 18 minute shorter duration (95% CI: 5-

33); whereas, the EHR among admitted visits was associated with a 77 minute reduction 

(95% CI: 28-126). The EHR was also associated with $1,560 (95% CI: $43-$2,910) 

savings in total plan paid for the visit among admitted visits.  No significant differences 



17 

 

were observed on return visits, laboratory or diagnostic imaging services and total costs 

over the four week follow-up.  Exploratory analyses suggested that the EHR may be 

associated with a reduction in the number of prescription drugs used among chronic 

medication users. 

 

Conclusion: The EHR studied was associated with a significant reduction in ED duration.  

Technologies that can reduce ED lengths of stay can have a substantial impact on the care 

provided to patients and their satisfaction.  The data suggests that the EHR may be 

associated with lower health plan paid amounts among admitted visits and a reduction in 

the number of pharmacy claims after the visit among chronic users of prescription drugs.  

Additional research should be conducted to confirm these findings.   



18 

 

CHAPTER 1 

1. INTRODUCTION 

 The current status of emergency care in the United States has received 

considerable attention as the result of recent reports from the Institute of Medicine (IOM) 

and the Agency for Healthcare Research and Quality (AHRQ).  Once such report entitled, 

“Hospital Based Emergency Care: At the Breaking Point” describes emergency 

departments (EDs) as “bursting at the seams” (Institute of Medicine, 2007).  Over the last 

decade, emergency department volume has drastically increased while the number of EDs 

and hospital beds has declined.  The ED has been characterized as being a high-risk, 

high-stress environment prone to errors and quality concerns, in part due to the need for 

rapid decision making, overcrowding, lack of continuity of care with patients, and 

inadequate information infrastructure across a fragmented continuum of care. 

 In response to concerns over current ED conditions, as well as in all other areas of 

the health care setting, developments in health information technology (HIT) have 

focused on improving healthcare quality, efficiency, and costs.  One area of HIT that has 

recently received great attention has been on technologies related to health information 

exchange (HIE), which provide electronic mobilization of critical patient information 

from previous providers in order to fill information gaps at the point-of-care. 

 The research of this dissertation was a retrospective analysis of ED visits from a 

large tertiary care academic medical center designed to evaluate the association between 

the use of a payer-based electronic health record and the cost, efficiency, and quality 

indicators of ED care among managed care enrollees.  The three main outcomes were 
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based on healthcare utilization measures using administrative data from a health 

insurance claims database supplemented with additional administrative data elements 

from the hospital ED.  The applicability of the results of this research is three-fold.  First, 

results of this research will provide a better insight into the potential benefits and 

consequences of a health information exchange technology within the emergency 

department.  Second, this research may serve to highlight important areas where further 

research is warranted in order to gain better understanding of the impact of sharing 

comprehensive and accurate patient information across the continuum of care. Third, this 

research may provide support for increased collaboration between health plans, as one of 

the best sources for such information, and providers including primary care providers, 

hospitals and emergency departments. 

 

1.1. Background 

1.1.1. Current State of Emergency Care in the United States 

According to the Centers for Disease Control and Prevention (CDC), in 2005 

there were 115.3 million ED visits; approximately 39.6 visits per 100 persons (Nawar, 

Niska, & Xu, 2007).  The average time spent in the ED was 3.3 hours; with 56.3 minutes 

spent waiting.  Emergency department visits resulted in hospital admission 12 percent of 

the time.  Between 1995 and 2005, the number of ED visits in the United States increased 

20 percent while the number of hospital EDs decreased by 9 percent.  In addition, 

diagnostic and screening services were provided in 71.1 percent of the visits; procedures 
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were performed at 47.3 percent of the visits, and medications were either given or 

prescribed at discharge in 76.7 percent of the visits.   

The ED has been characterized as being a high-risk, high-stress environment 

prone to errors and quality concerns, in part due to the lack of continuity of care with 

patients, and inadequate information infrastructure across the continuum (Leape et al., 

1991; Chisholm, Collison, Nelson, & Cordell, 2000; Burstin, 2002; Goldberg, Kuhn, 

Andrew, & Thomas, Jr., 2002; Cosby, 2003; Chamberlain, Slonim, & Joseph, 2004; 

Selbst, Levine, Mull, Bradford, & Friedman, 2004).   Concerning issues also include 

multiple providers involved in the care of individual patients, high acuity, distractions 

from noise and overcrowding, need for rapid decision making, and communication 

barriers (Committee on Data Standards of Patient Safety, 2004).  Two of the most 

common types of errors in the ED are failure to determine the correct diagnosis (Leape et 

al., 1991; Cosby, 2003; Thomas, Morton, & Mackway-Jones, 2004) and medication 

errors (Leape et al., 1991; Croskerry et al., 2004; Institute of Medicine, 2006a). 

The most recent report of the current status of hospital-based ED care from the 

IOM was prepared by the Committee on the Future of Emergency Care in the United 

States Health System (Institute of Medicine, 2007).   Among their principle findings was 

that fragmentation in care results in ED physicians being frequently deprived of critical 

patient information which creates an ‘information vacuum’ practice environment, 

typically without a medical record available for patients who may be unconscious or 

uncommunicative upon arrival (Institute of Medicine, 2007).  Emergency physicians need 

access to large amounts of clinical information with the greatest possible speed more than 
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any other medical specialty (Feied et al., 2004a).  More importantly, under urgent 

situations, accurate diagnosis is made more difficult as important clinical information 

such as comorbidities or current medications may go undetected if patient-reported 

histories are inaccurate or incomplete (Selbst et al., 2004; Institute of Medicine, 2007).   

As a result of the fragmented nature of the healthcare system, information gaps 

occur when clinical information gathered from one medical provider is not 

communicated to other providers involved in the patient’s care (Cook, Render, & Woods, 

2000; Shapiro, Kannry, Kushniruk, & Kuperman, 2007).  Patients presenting to the ED 

are especially susceptible to having information gaps and have resulted in decreased care 

quality (Stiell, Forster, Stiell, & van Walraven, 2003), as well as inefficiencies in care 

such as redundant testing, care delays, and less effective treatments (Overhage et al., 

2002; Hripcsak, Sengupta, Wilcox, & Green, 2007b).  Obtaining accurate and reliable 

medication histories through medication reconciliation has also been a key source of 

quality improvement initiatives for hospitals and EDs (Paparella, 2006; Joint 

Commission on the Accreditation of Healthcare Organizations, 2007).    

 

1.1.2. Cognitive Theories of Clinical Decision Making and Medical Problem Solving 

Emergency physicians and nurses are required to make an unusually high number 

of decisions making emergency medicine known as the highest decision-density specialty 

within medicine (Croskerry, 2002).   A background understanding of the cognitive 

processes and strategies that clinicians use in their decision making and problem solving 
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serves as a guide to the design, analysis and interpretation of research that evaluates 

advances in medical informatics and HIT (Patel & Kaufman, 1998; Kushniruk, 2001).   

Much of the research in medical cognition can be attributed to three distinct 

theoretical and methodological paradigms: the traditional decision making paradigm, the 

problem solving and expertise paradigm, and the naturalistic decision making paradigm 

(Patel, Kaufman, & Arocha, 2002).  Research within the traditional decision making 

paradigm is influenced by normative theories based on statistical models of reasoning 

under uncertainty (Elstein & Schwartz, 2002).  This research focuses on the actual 

decision event, a hypothesized point in time when a decision maker weighs alternatives 

and chooses a course of action (Kushniruk, 2001).  However, little attention is placed on 

content or conceptual knowledge of the decision maker (Patel et al., 2002).   This 

research paradigm has been criticized since decisions are compared against strict 

normative standards that do not typically apply in the real-world setting. 

Research within the medical problem solving and expertise paradigm has focused 

on the processes that precede the decision event (e.g., generation of diagnostic 

hypotheses and situational assessment), how information and knowledge is organized and 

used, and how these processes distinguish experts from novices (Elstein, Shulman, & 

Sprafka, 1978; Kassirer, Kuipers, & Gorry, 1982; Bordage & Zacks, 1984; Groen & 

Patel, 1985; Schmidt, Norman, & Boshuizen, 1990; Patel, Arocha, & Kaufman, 1994; 

Kushniruk, 2001; Patel et al., 2002).  This research views expert performance as the gold 

standard (Patel, Arocha, & Kaufman, 2001; Elstein et al., 2002).  Examples of specific 
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theories within this paradigm include the hypothetico-deductive method (Elstein et al., 

1978; Elstein & Bordage, 1988), and pattern recognition (Schmidt et al., 1990). 

Naturalistic decision-making (NDM) is the newest area of research among the 

three paradigms and is focused on cognition (decision making and problem solving) in 

the “real world” dynamic work environments where unique demands such as time-

pressure, stress, fatigue and organizational constraints are present (Klein & Klinger, 

1991; Orasanu & Connolly, 1993; Cannon-Bowers, Salas, & Pruitt, 1996; Salas & Klein, 

2001; Lipshitz, Klein, Orasanu, & Salas, 2001).   According to Salas and Klein (2001), 

research in NDM is aimed at understanding how people handle complex tasks and 

environments and that decision making in itself cannot be examined independent of other 

processes such as situation awareness, problem solving, planning, management of 

uncertainty, and expertise.  The Recognition-Primed Decision (RPD) model (Klein et al., 

1991; Klein, 1993) is considered the prototypical NDM model (Salas et al., 2001). 

Additional theories of decision making and problem solving include the cognitive 

continuum (Hammond, 1980b) and an industrial process view of decision making (Elson, 

Faughnan, & Connelly, 1997).  The cognitive continuum suggests that cognitive 

processes lie on a continuum, and depending on the nature of the environment and the 

complexity of the problem, the decision maker will select a balance between intuition and 

analytical reasoning.  The industrial process view is unique in that it directly address the 

role of external information on the decision making process.  Under system constraints, 

such as lack of patient information as often experienced in the ED setting, decision 

makers are forced to rely more heavily on long term memory and based on prior 
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experiences.  By providing the decision maker with well-organized and much needed 

external information (such as decision support aids, electronic medical record, etc), the 

quality of the decision should increase.   

 

1.1.3. Health Information Exchange in the ED Setting 

Advances in health information technology (HIT) have focused on improving 

three key elements of patient care: quality, efficiency, and costs (Chaudhry et al., 2006).  

A relatively recent advance in HIT has been in health information exchange (HIE), which 

involves the electronic sharing of patient information across healthcare settings while 

protecting patient privacy (Bordenick, Marchibroda, & Welebob, 2006).  The promise of 

HIE to fill the critical information gaps experienced in the ED is substantial and is 

expected to increase efficiency, safety, and improve the quality of care (Institute of 

Medicine, 2006b; Shapiro et al., 2007). 

Although HIT has broad applications to hospitals in the healthcare system, their 

use involves unique needs and approaches in emergency care because physicians are 

frequently deprived of critical patient information (Institute of Medicine, 2007).  

Recommendations by the Committee on the Future of Emergency Care include, among 

other technologies, HIE systems such as regional health information organizations 

(RHIOs) that link ED physicians with other providers of their patients, for whom 

“immediate access to medical records can mean the difference between lifesaving 

intervention and life-threatening medical errors.” (Institute of Medicine, 2007).   
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According to Kaelber and Bates (2007), patient safety is the most promising 

advantage of HIE because safety is eroded with errors of commission and omission if the 

right information is not available to the clinician at the point of care while information 

gaps in healthcare are the rule rather than the exception, (Kaelber & Bates, 2007).  The 

primary drivers for HIE efforts have been interest in improving quality, efficiency, and 

rising healthcare costs (Bordenick et al., 2006).   

The literature on the benefits of HIE is sparse (Hripcsak et al., 2007a).  However, 

according to a report by the IOM, electronic health records (EHRs) within the ED have 

the potential to increase patient flow and enhance the quality, efficiency, and safety of 

care (Institute of Medicine, 2007).  Additionally, by providing a more complete and 

comprehensive clinical picture of the patient, the interoperability of HIE can substantially 

potentiate the effects of EHRs (Kaelber et al., 2007).   

 

1.2. Statement of the Problem 

The emergency department is a setting often described as a complex and 

overcrowded environment where patients present with a wide range of urgent and 

potentially life-threatening conditions.  Emergency physicians, nurses and other 

clinicians engage in rapid decision making with limited and often inaccurate patient 

information.  As a result, the risk for inefficiencies and compromised patient safety are 

high compared to other healthcare settings. 

Recent advances in health information technology have focused on the 

development of technologies that transform patient clinical information from disparate 
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sources into a mobile health record that can be electronically delivered to the ED 

physician at the point-of-care.   It is widely accepted that these systems will play a role in 

not only improving the efficiency of care and reducing ED costs, but will also improve 

the quality of care through improved decision making reduction of errors.  However there 

are large gaps in the literature related to the evaluation of these technologies in the ED 

setting.  First, many of the currently implemented electronic health records (EHRs) used 

in hospitals are stand-alone systems that do not link to other sources of patient data.  

Although deep with clinical information, these systems provide a narrow view of the 

patient’s medical history because they are missing information across the continuum of 

care.  Second, the few EHRs that are equipped to share data electronically with other 

settings only do so with a neighboring hospital or facility, again limiting the scope of the 

data exchange.   

After thorough review of the literature, few studies were found that evaluate 

either a stand-alone EHR in the ED and even fewer have evaluated the impact in quality, 

efficiency and cost measures during an after the ED visit.  In addition, no studies were 

found that evaluated an HIE technology based on payer data, which includes clinical 

information from outpatient, inpatient and pharmacy utilization across multiple providers, 

on measures of quality, efficiency, and costs in the ED setting.     

Decision making theories suggest that the complexity and time constraints may 

result in increased variability in decision making.  Providing additional important 

external information such as information on the patients’ clinical history will impact the 

decision making performance which, in term will have a benefit on both quality and 
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efficiency of care in the ED.  Together, these improvements may have an impact on costs 

and utilization during and after the visit. 

 

1.3. Purpose of the Study 

The purpose of this research is to evaluate the association between the use of a 

payer-based electronic health record and the quality, efficiency and costs of emergency 

department care as measured from healthcare utilization data from health insurance 

claims and hospital ED administrative data. 

 

1.4. Study Objectives 

This study attempted to achieve the objectives outlined below.   In order to meet 

the objectives of the study, each research hypothesis was evaluated at the 0.05 level of 

significance. 

 

1.4.1. Objective 1 

The first objective was to evaluate the association between the use of a payer-

based electronic health record and the quality of care received in the ED as measured by 

the frequency of return visits to the ED or hospital.  Return visits and hospitalizations 

after ED discharge are a known and accepted indicator for quality of care.   
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1.4.1.1. Hypotheses 1 and 2 

Ho1: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within one week of the 

emergency department visit. 

Ho2: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within four weeks of the 

emergency department visit. 

Rationale 

A major goal of collaboration between health plans and emergency departments is 

to improve quality of care by reducing medical errors through electronic sharing of useful 

clinical information within the patient’s medical history.  Return visits to the ED or 

hospital are an accepted and known indicator of ED quality of care which can be 

measured using claims data.  Furthermore, theories of decision making suggest that 

providing an expert clinician with additional useful information will result in better 

decision making which will lead to better quality of care.  In addition, the rate of return 

visits is listed as a primary outcome by which to evaluate HIE technologies. 

 

1.4.1.2. Hypotheses 3 and 4 

Ho3: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 
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occurrence of return visits to the emergency department or hospital within 

one week of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

Ho4: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

four weeks of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

Rationale 

Improvement in quality of care by sharing important clinical information to the 

emergency physician at the point-of-care is a major goal of collaboration between health 

plans and emergency departments.  Furthermore, theories of medical decision making 

suggest that providing important information about the patient’s medical and medication 

history will result in better clinical decision making.  Patients with recent healthcare 

utilization (within the previous six months) are more likely to have useful information 

contained in their electronic health record for the emergency physician to use in their 

clinical decision making.  Among these patients, the impact of the payer-based clinical 

information may be greater than patients without previous healthcare utilization as 

measured from claims. 
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1.4.2. Objective 2 

The second objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and efficiency of care.  

Efficiency of care was defined by several measures including a decrease in the total time 

spent in the emergency department (ED duration) and decreases in utilization of specific 

medical services, such as laboratory tests and imaging procedures, during the ED visit. 

 

1.4.2.1. Hypothesis 5  

Ho5: There is no association between the use of a payer-based electronic health 

record within an emergency department and time spent in the emergency 

department. 

Rationale 

Providing additional information such as past medical service utilization, 

including office visits, medical procedures, prescription drug utilization, and current 

problem list to the emergency provider, at the point-of-care, will facilitate and streamline 

the history taking and subsequent care received.  As a result, a decrease in the time spent 

in the ED (ED duration) may be observed.  Length of stay in the ED is listed as a primary 

outcome by which to evaluate HIE technologies. 
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1.4.2.2. Hypotheses 6-8  

Ho6: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of laboratory 

blood tests during the emergency department visit. 

Ho7: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of diagnostic 

imaging procedures during the emergency department visit. 

Ho8: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of other 

medical procedures during the emergency department visit. 

Rationale 

Providing information such as recent laboratory tests, diagnostic scans, and 

medical procedures, as well as the dates and provider contact information to the 

emergency provider at the point-of-care will result in unnecessary or redundant 

laboratory tests and medical procedures during the ED visit.  Previous research has 

demonstrated fewer laboratory tests when EHRs were available in the ED setting.  

Reduction of diagnostic tests is listed as a primary outcome by which to evaluate HIE 

technologies. 

 

1.4.3. Objective 3 

The third objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and the total costs of 
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care during the emergency department visit.  Costs included total medical costs incurred 

and costs and specific component costs including pharmacy, laboratory, and imaging 

costs.  

 

1.4.3.1. Hypothesis 9 

Ho9: There is no association between use of a payer-based electronic health 

record within an emergency department and emergency department costs 

of care.  

Rationale 

Providing additional clinical information such as past medical utilization, 

including office visits, medical procedures, prescription drug utilization, and current 

problem list to the emergency provider at the point-of-care will lower costs of ED care as 

a result of improvements in both quality and efficiency.  First, information regarding past 

medical procedures, laboratory tests and diagnostic scans may reduce redundant and 

unnecessary utilization such as testing and procedures.  Second, additional clinical 

information may result in better clinical decision making and consequently fewer medical 

errors and adverse drug events.  The reduction in errors and adverse events may 

contribute to lower costs of care during the ED visit. 
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1.4.4. Objective 4 

The fourth objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and both total healthcare 

costs and outpatient pharmacy utilization over the four weeks after the emergency 

department visit.  Costs evaluated for this objective included total health plan paid 

amounts.  Outpatient pharmacy utilization included the total number of pharmacy claims 

in the four weeks after the visit.    

 

1.4.4.1. Hypothesis 10 

Ho10: There is no association between use of a payer-based electronic health 

record within an emergency department and health care costs in the four 

weeks following the emergency department visit.  

Rationale 

A major goal of collaboration between health plans and emergency departments is 

to improve quality of care by reducing medical errors through electronic sharing of useful 

clinical information within the patient’s medical history.  The effects of medical errors 

during the ED visit or subsequent adverse events may not surface until after ED discharge 

and during the following four weeks.  Such problems may result in increased healthcare 

costs.  The payer-based electronic health record may serve to reduce such errors and 

adverse events which will be measured through lower costs within the four weeks after 

the ED visit.   
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1.4.4.2. Hypothesis 11 

Ho11: There is no association between use of a payer-based electronic health 

record and the number of prescription drug claims in the four weeks 

following the ED visit. 

Rationale 

The analysis is exploratory in nature.  Previous research has shown that ED visits 

and hospitalizations result in disruption of patients’ current drug regimens.  In addition, 

emergency physicians make treatment related decisions that may include discontinuing a 

medication that the patient is already taking, or adding a new medication.  An important 

component of the payer-based EHR is the inclusion of past medication use from the 

outpatient pharmacy setting.  By providing accurate and comprehensive prescription drug 

information to the emergency provider at the point of care, better patient consultation and 

discussion surrounding the patients’ current drug regimen; and better decision making 

may result in fewer disruptions.   This will be measured by an association between the 

number of prescription drugs obtained over the four weeks after the ED visit. 
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CHAPTER 2 

2. REVIEW OF THE LITERATURE 

This chapter provides a review of the literature relevant to this research and is 

presented in six main sections.  First, an overview of three research paradigms from 

which the major cognitive theories of clinical decision making and medical problem 

solving have emanated: traditional decision making research, problem solving and 

expertise, and naturalistic decision making is presented.  The application of the major 

theories within these paradigms, along with two additional descriptive views of decision 

making and problem solving, to the ED setting is also discussed.  Next, the current state 

of care in the ED setting is discussed including major issues and complexities related to 

the environment in which ED providers must operate.  The topic of health information 

technology (HIT), and specifically health information exchange (HIE), are discussed as 

advances in technology intended to affect quality, efficiency and cost of care as they 

related to the ED setting.  In addition, measures of how these three dimensions using 

various sources of data including health insurance claims are discussed.  Finally, concepts 

related to the research design and methods of this study are summarized.   

 

2.1. Cognitive Theories of Clinical Decision Making and Medical Problem Solving 

Emergency physicians and nurses are required to make an unusually high number 

of decisions making emergency medicine the highest decision-density specialty within 

medicine (Croskerry, 2002).   Furthermore, it is commonly accepted that providing 
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information in a timely manner to clinicians is essential for the decision making process 

(Friedman et al., 2001; Bates et al., 2001).  However, since the goal of this dissertation 

research was to evaluate the impact of providing comprehensive patient clinical history to 

the ED clinical staff at the point of care, a background understanding of the cognitive 

processes and strategies that clinicians use in their decision making and problem solving 

serves as a guide to the design, analysis and interpretation of the study results.    

Greenes and Shortliffe (1990) define medical informatics as “the field that is 

concerned with cognitive, information processing, and communication tasks of medical 

practice, education, and research including the information science and the technology 

(i.e., HIT) that supports these tasks” (Greenes & Shortliffe, 1990).  Since medical 

cognition includes studies of cognitive processes, such as perception, comprehension, 

reasoning, decision making, and problem solving in medical practice, theories of medical 

cognition advances medical informatics by addressing the issues of design, usability, and 

evaluation of HIT (Patel et al., 1998; Kushniruk, 2001).   

 

2.1.1. Types of Decision Making Theories 

Theories of decision making and problem solving can be subdivided into three 

categories based on their intent and use: normative, descriptive, and prescriptive (Bell, 

Raiffa, & Tversky, 1988; Thompson & Dowding, 2001).  Normative theories define how 

rational and logical people ought to behave and are bound by strict assumptions about the 

setting and the decision-maker.  These models are based on the fundamental premise that 

humans are rational and are characterized by mathematical and probability-based axioms 
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that dictate optimal choice under uncertainty (Patel et al., 2002).   Examples of classical 

normative models used in traditional decision making research include expected utility 

theory, subjective expected utility theory, and Bayes’s theorem (Fishburn, 1988).   

Normative models are evaluated by their theoretical accuracy to the classical theories 

(Bell et al., 1988).   

In contrast, descriptive models describe how people actually make decisions in 

the real world and, consequently, are highly empirical and evaluated by their empirical 

validity (Bell et al., 1988; Thompson et al., 2001).  Descriptive models emphasize how 

the decision maker deviates from normative standards (as in the traditional decision 

making paradigm) and by characterizing the decision process against the performance of 

experts (as in the problem solving and expertise paradigm) (Patel et al., 2002).   

Prescriptive models “bridge the gap between the normative and the descriptive” 

and are intended to improve individuals improve their decisions and to more closely 

satisfy the normative ideal (Lipshitz & Cohen, 2005).  Prescriptive models are evaluated 

by their pragmatic value and include conceptual schemes and decision aids (Bell et al., 

1988).  Although the three distinctions can be used to describe the main intent of a model, 

overlap can occur.  For example, models originally intended to be normative can go 

through modifications in order to make them more useful for descriptive or prescriptive 

purposes.  Similarly, descriptive models can be modified to reflect ideal rational behavior 

(Bell et al., 1988).  

Since this research focused on measuring how the availability of comprehensive 

patient-specific medical information may alter emergency care outcomes and not in 



38 

 

determining how providers should make decisions under ideal settings or attempting to 

improve decision making processes, this review will focus on descriptive theories.  It 

should also be noted that the underlying theories that describe how clinical information is 

used are being reviewed rather than theories that describe or predict whether new 

technology will be used, accepted, implemented and the associated behavior changes, 

such as Diffusion Theory (Rogers, 1995), Theory of Planned Behavior (Ajzen, 1991), 

Technology Acceptance Model (Davis, 1993).  This approach was taken since the payer-

based EHR represented additional patient clinical information that was already 

implemented into the ED workflow and included in the patient medical chart prior to the 

patient-provider encounter.   

 

2.1.2. Research Paradigms Related to Clinical Decision Making and Medical Problem 

Solving 

Much of the research in medical cognition can be attributed to three distinct 

theoretical and methodological paradigms: the traditional decision making paradigm, the 

problem solving and expertise paradigm, and the naturalistic decision making paradigm 

(Patel et al., 2002).  Psychological research within traditional decision making is heavily 

influenced by normative theories based on statistical models of reasoning under 

uncertainty, with descriptive research approaches aimed at identifying and explaining 

departures from the normative standards (Elstein et al., 2002).  This research focuses on 

the actual decision event, defined as a hypothesized point in time when a decision maker 

weighs alternatives and chooses a course of action (Kushniruk, 2001).  Furthermore, little 
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attention is placed on content or conceptual knowledge of the decision maker (Patel et al., 

2002). The most widely known descriptive research from this paradigm is known as the 

“heuristics and biases’ program (Tversky & Kahneman, 1974; Patel et al., 2002).   

Research within the medical problem solving and expertise paradigm has focused 

on the processes that precede the decision event (e.g., generation of diagnostic 

hypotheses and situational assessment), how information and knowledge is organized and 

used, and how these processes distinguish experts from novices (Elstein et al., 1978; 

Kassirer et al., 1982; Bordage et al., 1984; Groen et al., 1985; Schmidt et al., 1990; Patel 

et al., 1994; Kushniruk, 2001; Patel et al., 2002).  This research views expert performance 

the gold standard and was initially aimed at describing reasoning strategies used by 

expert clinicians in an effort to improve medical education (Patel et al., 2001; Elstein et 

al., 2002).  Examples of specific theories within this paradigm include the hypothetico-

deductive method (Elstein et al., 1978; Elstein et al., 1988), and pattern recognition 

(Schmidt et al., 1990). 

Naturalistic decision-making (NDM) is the newest area of research among the 

three paradigms and is focused on cognition (decision making and problem solving) in 

the “real world” dynamic work environments where unique demands such as time-

pressure, stress, fatigue and organizational constraints are present (Klein et al., 1991; 

Orasanu et al., 1993; Cannon-Bowers et al., 1996; Salas et al., 2001; Lipshitz et al., 

2001).   According to Salas and Klein (2001), research in NDM is aimed at understanding 

how people handle complex tasks and environments and that decision making in itself 

cannot be examined independent of other processes such as situation awareness, problem 
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solving, planning, management of uncertainty, and expertise.  The Recognition-Primed 

Decision (RPD) model (Klein et al., 1991; Klein, 1993) is considered the prototypical 

NDM model (Salas et al., 2001). 

Within the medical literature, the concepts of decision making and problem 

solving are often not discussed in terms of the theoretical background from which they 

are based, but more in terms of how they are operationalized clinically.  These terms have 

been used interchangeably and generally include clinical and medical decision making, 

clinical judgment, clinical inference, clinical reasoning, diagnostic reasoning, and 

medical problem solving (Thompson, 1999).  According to Connelly (1980), medical 

problem solving focuses on the “clinical task” and is characterized by two major decision 

making phases: determination of the correct diagnosis to a level of specificity required 

for therapeutic considerations (also termed diagnostic reasoning (Lyneham, 1998)), and 

selection of the most appropriate therapy (Connelly & Johnson, 1980).  However, the 

medical problem solving process that is imbedded within these two main phases is 

accompanied with many decision making steps, each associated with high levels of 

uncertainty (e.g., identifying what questions to ask the patient, decisions involved in 

interpreting patient responses or obtaining additional information, selection of diagnostic 

testing procedures, and selection of the best or alternative treatments) (Connelly et al., 

1980; Eddy, 1988).   

Practically all of the descriptive research related to clinical decision making and 

medical problem solving is focused on the first half of the diagnostic task (i.e., arriving at 

the initial diagnosis) whereas the focus of prescriptive and normative research using 
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decision analysis modeling techniques focuses on management and treatment decisions 

under uncertainty (Norman, 2005).  According to Sandhu, et al. (2006), arriving at the 

initial diagnosis is the most important part of decision making in the ED since the 

clinician must often use incomplete information from an array of sources and consider 

competing possibilities (Sandhu, Carpenter, Freeman, Nabors, & Olson, 2006).  Also the 

ED presents a unique environment where the clinical goal is to identify the patient’s 

problem or diagnosis, where as in other setting the goal may be very different.  For 

example, the surgical intensive care unit may have very severely ill patients but the goal 

is more related to stabilize the patient over a period of time (Reddy & Spence, 2006).  

Consequently the information needs in the ED are different than those in other healthcare 

settings (Reddy et al., 2006). 

For the purposes of this research, the term decision making will be used generally 

to include the reasoning strategies used by the ED clinical staff during the patient 

encounter, except when differentiating between the traditional decision making paradigm 

and the medical problem solving paradigm.  In addition, many studies of clinical decision 

making focus solely on one type of clinician (e.g., physicians, medical students, nurses or 

nursing students).  Although some have described physicians as having a more 

rational/technical perspective and nurses as having a more intuitive/humanist perspective, 

they tend to use the same reasoning strategies, with differences in the type of information 

that is of focus rather than in the mental processes used (Offredy, 1998; Harbison, 2001).  

For example, physicians may be more inclined to place importance on information via 



42 

 

technical cues (e.g., blood gasses, laboratory results, etc) while nurses may focus more on 

interactive cues such as patient responses to daily care (Harbison, 2001).  

 

2.1.3. Traditional Decision Making Research 

Elstein (1999) characterized the focus of traditional decision making research on 

the uncertainty associated with clinical decision making: 

Many clinical decisions are made under uncertainty.  When the diagnosis is 

uncertain, the goal is to establish a diagnosis or to treat even if the diagnosis 

remains unknown.  If the diagnosis is known…but the treatment is risky and its 

outcome is uncertain, still a choice must be made (Elstein, 1999).   

The major strategy of psychological research in clinical decision making is to compare 

observed clinical decisions with normative decision theories (Elstein, 1999).  These 

theories use mathematical equations to define the standard for rational decision-making 

(Patel et al., 2002).  Rationality is defined using expected utility theory and subjective 

expected utility theory and is based on the assumption that one makes decisions in order 

to maximize expected utility.  In terms of diagnostic decision making, Bayes’ theorem is 

applied as a normative model based on conditional probability (Elstein et al., 2002).  

Under this theory, the known prevalence of the disease, or the clinician’s subjective 

impression of the probability of disease before new information, is known as the prior 

probability.  The posterior probability is the probability that a patient has the disease after 

new information is presented and is a function of the pre-test probability and the 

clinician’s judgment of strength of the new information (Elstein, 1999).  The strength of 
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the evidence is measured as a ratio of the probabilities of observing a particular finding in 

patients with and without the disease of interest (i.e., a likelihood ratio) (Elstein et al., 

2002).   The process of diagnosing is then thought of as using imperfect information to 

revise opinions, while Bayes’ theorem provides a formal rule for updating a diagnosis as 

new data are available.  Treatment decisions are made so as to maximize expected value 

or utility (Elstein, 1999).   

 

2.1.3.1. Heuristics and Biases 

Seminal work by Kahneman and Tversky conducted in the 1970s on samples of 

psychology students characterized departures from the normative standards in decision 

making as “heuristics and biases”(Kahneman & Tversky, 1973; Kahneman, Slovic, & 

Tversky, 1982). Physicians and other clinicians have also been associated with the same 

heuristics and biases in clinical decision making (Elstein, 1999; Friedman et al., 2001; 

Friedman et al., 2005).  Heuristics are mental shortcuts used in decision making that can 

lead to faulty conclusions (Elstein, 1999).  Failed heuristics are known as cognitive errors 

or biases (Croskerry, 2002) and are considered systematic deviations or violations of 

normative constraints (Elstein, 1999; Patel et al., 2002; Elstein et al., 2002).  The most 

frequently reviewed heuristics and biases in clinical decision making include (Kahneman 

et al., 1973; Kahneman et al., 1982; Elstein, 1999; Patel et al., 2002; Elstein et al., 2002): 

• availability  

• representativeness 

• confirmation 
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• anchoring and adjustment 

• framing   

However, at least 30 unique failed heuristics or biases have been discussed (Croskerry, 

2002).   

The availability heuristic describes the tendency of clinicians to overestimate the 

frequency of vivid, readily recalled events (e.g., unusual but memorable conditions) and 

to underestimate the frequency of events that are either very ordinary or difficult to recall 

(Elstein et al., 2002).   

The representativeness heuristic refers to estimating the probability of disease by 

judging how similar it is to the prototypical case, rather than how likely it is based on the 

actual frequency of the condition in the population (i.e., pre-test probability)(Galanter & 

Patel, 2005).  This heuristic often results in accurate diagnoses because 

representativeness typically correlates with likelihood (Galanter et al., 2005).  However, 

Eddy (1982) demonstrated the representativeness heuristic through a study in which 

physicians were asked to estimate a young woman’s risk of breast cancer given a positive 

mammogram.  The physicians were also given the base prevalence in the population 

(1%), the test sensitivity (80%), and the test false positive rate (9.6%).  According to 

Bayes’ theorem, the probability of breast cancer would be just over 8 percent; however 

95 percent of the physicians estimated the probability of breast cancer to be 75 percent.  

It appeared that physicians failed to account for the low probability of the disease in the 

population and the high false positive rate (Eddy, 1982).   
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Confirmation bias refers to selectively gathering and interpreting evidence that 

confirms a diagnosis and ignoring evidence that contradicts it and is thought to be the 

most widely documented deviation from Bayes’ Theorem (Patel et al., 2002).  This bias 

is observed during the generation of a diagnostic hypothesis (as described in the 

hypothetico-deductive method in the next section).  The subsequent search for confirming 

evidence may lead to failure to adequately consider other diagnostic possibilities (Patel et 

al., 2002).  An example related to laboratory testing includes the tendency for clinicians 

to order additional laboratory tests in order to increase confidence in their preferred 

hypotheses even though the additional data do not alter the Bayesian probability of 

diagnosis if the additional test is highly correlated to the previous one (Elstein, 1999).  

The result of confirmation bias is a less than thorough investigation with possible adverse 

consequences for the patient (Patel et al., 2002).   

Anchoring and adjustment refer to a clinician’s tendency to revise their diagnostic 

opinions up or down from an initial anchor that was originally chosen.  Thus the final 

opinions are sensitive to the starting point (i.e., anchor) and that the revision up or down 

(i.e., adjustment) from the anchor is typically insufficient and the result is a final 

judgment that is closer to the initial anchor than would be determined from Bayes’ 

theorem (Elstein, 1999).   

Framing describes the phenomenon that the preference for a particular course of 

action is different when the problem is framed in terms of a potential gain rather than a 

potential loss, even though the underlying risk is identical (Patel et al., 2002).  McNeil et 

al (1982) presented a hypothetical lung cancer treatment scenario to patients and 
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physicians.  Preferences for surgery or radiation therapy changed when their 

corresponding effectiveness was framed in terms of survival versus mortality with 

positive survival descriptions inducing more risk-adverse behavior (McNeil, Pauker, Sox, 

Jr., & Tversky, 1982).   

The availability, representativeness, anchoring, and framing heuristics have been 

associated with cognitive factors related to drug prescribing decisions (Raisch, 1996).   

Although this review only includes a few of the more common heuristics and 

biases, the “heuristics and biases” approach to decision making represents a substantial 

body of knowledge focusing on how decision makers systematically deviate from 

normative standards of rationality and probability theory (Patel et al., 2002).  This 

approach is not without criticisms.  The normative standards have been criticized as being 

inappropriate principles by which to contrast human decision making against.  The 

“rational choice” theoretical base from subjective expected utility including the principles 

of utility maximization and knowledge of all available options has been criticized as 

being contradicted by real life situations since the term rationality can take on many 

meanings (i.e., ethical rationality) beyond maximizing gain (Patel et al., 2002; Shafir & 

LeBoeuf, 2002), most people tend to be risk averse, satisficers rather than maximizers, 

and humans have limited cognitive capacity (termed “bonded rationality”) whereby 

heuristics should be regarded as powerful strategies to making everyday decisions rather 

than faults leading to bias (Newell & Simon, 1972; Allais, 1979; Gigerenzer, 1991; Berk, 

Hughson, & Vandezande, 1996); 3).  Criticisms related to Bayes’ theorem center around 

the Bayesian interpretation of probability (strength of belief in a hypothesis) rather than 
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the frequentist interpretation (relative frequencies over time), which more naturally 

reflects reasoning under uncertainty and, if given information in terms of the latter, 

decision makers appear to make better decisions (Gigerenzer, 1991; Cosmides & Tooby, 

1994), and that that rational decisions can be made without overtly considering base rates 

(Gigerenzer, 1991).  Finally, traditional decision making research has also been criticized 

for lacking ecological validity in that research has typically been conducted within 

experimental settings and not subject to real-world conditions such as time pressure, 

stress and limited resources (Patel et al., 1994; Vicente & Wang, 1998) and only focusing 

on inference under uncertainty rather than directly addressing the concept of information 

supply (Elson et al., 1997). 

 

2.1.4. Problem Solving and Expertise 

The problem solving and expertise approach to medical cognition focuses on the 

process and techniques, as well as the knowledge structures used in decision making 

while relying on expert performance as the gold standard (Elstein et al., 1988; Patel et al., 

1994; Patel et al., 2002).  Unlike traditional problem solving, when the goal is to derive a 

pathway between a clearly defined starting point and an equally clearly defined end point 

or goal, medical problem solving is characterized by an open-ended problem in which the 

clinician seeks to determine what the goal state is (Newell et al., 1972).   

Much of the research in the area of medical problem solving is based on the 

seminal work of Newell and Simon (1972), which established the basis of the information 

processing theory of human problem solving (Newell et al., 1972).  This theory describes 
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how the human brain deals with reception, storage and processing of information 

received from the environment (Harbison, 2001).  The problem solver is viewed as a 

limited information processor, working within a problem space (either through inference 

or action) with a very adaptable nature, rather than a rational decision maker choosing 

among fixed alternatives (Newell et al., 1972; Connelly et al., 1980).  The central 

underlying principle in the information processing theory is the concept of bounded 

rationality which describes humans as being limited in their capacity for rational thought 

(Newell et al., 1972).  With respect to clinical reasoning, two sources of limitations are 

considered paramount: short-term memory capacity and information supply (Connelly et 

al., 1980).  The short-term memory, also known as working memory, capacity refers to 

the amount of information that can be attended to at one time.  Information supply refers 

to the clarity and accessibility of information, either external to the problem solver 

(literature, texts, patient medical record) or internal to the problem solver stored in long-

term memory (LTM) (i.e., reference range of an important laboratory test, knowledge of 

disease pathology) (Connelly et al., 1980).  The limited capacity of the short-term 

memory is considered the most important limitation on performance (Elstein et al., 1988).  

However, when the problem solver allocates all attentional capacity, then performance is 

primarily limited by information supply (Connelly et al., 1980).  As a result of these two 

components of bounded rationality, the medical problem solver experiences cognitive 

strain when faced with new or complex tasks (Connelly et al., 1980).  The information 

processing theory can be viewed as having two phases that work to reduce cognitive 

strain.  The first is concerned with the general heuristic problem solving techniques; the 
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second is focused on knowledge base of the decision maker (Connelly et al., 1980) 

(Groen et al., 1985).   Significant research contributions to both phases will be discussed 

next. 

 

2.1.4.1. Medical Domain Knowledge 

The medical domain knowledge required for effective medical problem solving 

can be divided into disease-centered knowledge and symptom centered knowledge 

(Connelly et al., 1980).  Disease centered knowledge provides the clinician with the 

clinical manifestations that are expected in the presence of a particular disease or medical 

problem.  This type of knowledge includes both knowledge of disease that patients 

present with, as well as, the pathophysiologic principles that explain the relationships 

between symptoms and diseases.  With disease knowledge, a clinician can deduce how 

particular diseases present and use these deductions to diagnose such cases (Connelly et 

al., 1980).  Symptom centered knowledge consists of knowledge of the data categories in 

the diagnosis process (e.g., review of symptoms, past medical history, physical 

examination, laboratory tests) and how these data elements link to possible diseases or 

pathologic processes when taken together (Connelly et al., 1980).  This type of 

knowledge is critical in the early stages of the medical solving process when early 

hypotheses about the clinical problem are being formed and in ensuring the collection of 

all relevant information (i.e., avoiding errors of omission) (Connelly et al., 1980; Joseph 

& Patel, 1990).   

 



50 

 

2.1.4.2. Hypothetico-Deductive Method 

The hypothetico-deductive method (Elstein et al., 1978) is a general problem 

solving heuristic and is considered one of the most influential and most studied theories 

of medical problem solving (Groen et al., 1985; Thompson et al., 2001; Sandhu et al., 

2006).  After studying experienced and novice internists using simulated patient 

scenarios, Elstein, Shulman, and Sprafka (1978), observed that clinicians cope with the 

limitation on the working memory by converting the ill-defined, open-ended diagnostic 

problem into a series of manageable closed-ended tasks by generating trial “hypothetical” 

diagnostic hypotheses through the process of induction.  The series of diagnostic 

hypotheses provides a means by which the clinician simplifies the medical problem 

solving process, through deduction, by limiting and directing the search for additional 

data that ought to be present if the hypothesis was true (Elstein et al., 1978).   Elstein 

(1988) describes the hypothetico-deductive process as a processing of information in four 

main stages:  

• cue acquisition,  

• hypothesis generation,  

• cue interpretation, and  

• hypothesis evaluation.   

Cue acquisition begins during the initial patient encounter and includes collection 

of information such as the presenting symptoms and physical exam.  One of the most 

important elements collected during this stage is the patient’s medical history and is 

considered central to the diagnosis of most medical disorders (Farmer, Roter, & 



51 

 

Higginson, 2006).  Data collected during the later stages of the encounter includes data 

from additional sources including patient medical records, paraclinical records such as 

laboratory or pathology reports (Connelly et al., 1980).  The collected data must also be 

authenticated or verified since medical data are subject to inaccuracy; patient-reported 

data are subjective and affected by past experiences, language barriers, potentially failing 

cognitive ability, mental disorders, or the fallibility of human memory (Connelly et al., 

1980).  Factors such as the clinician’s perception of the reliability of patient-reported 

information, the clinician’s knowledge and experience related to the significance and 

typical accuracy of each data element, and knowledge about his own skills in accurate 

observation affect the determination of the need for and the approach to data verification 

(Connelly et al., 1980).   

Generally, the problem solver will link the relatively few cues collected to the 

clinician’s long-term memory store to generate approximately four or five hypotheses 

(Elstein et al., 1988). Cues may be clustered into similar groups to generate one 

hypothesis or a set of competing hypotheses.  Furthermore, as a mechanism to 

compensate for bounded rationality, the problem solver may attempt to rule-out the 

competing alternative hypotheses in order to rule-in the main hypothesis (Elstein et al., 

1988).  

During cue interpretation, the clinician will interpret the collected information in 

light of the alternative hypotheses by viewing the cues as either confirming, 

disconfirming, or not relevant to the alternative hypotheses (Elstein et al., 1988).  Elstein, 

Shulman, and Sprafka (1978) observed that inaccurate diagnoses are related to both 
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thoroughness of cue acquisition and accuracy of cue interpretation.  However, increasing 

the information supply may serve to increase the difficulty that the clinician will have 

with integrating and interpreting the data accurately, unless appropriate simplifying 

strategies are introduced (Elstein et al., 1988).  Data elements perceived to be significant 

are evaluated for their meaning in the particular clinical context.  Interpreted data become 

the facts that clinicians use to make subsequent decisions (Connelly et al., 1980). 

The final step is hypothesis evaluation in which the data are weighted and 

combined in order to determine if any of the already generated hypotheses can be 

confirmed (Elstein et al., 1988).  In this stage the clinician must make a judgment to 

determine which diagnosis seems most likely or what further actions need to be taken.  

Werner (1995) suggests that the provider may need to collect additional information 

during this stage in an effort to either confirm (rule in) or reject (rule out) candidate 

hypotheses (Werner, 1995).  However, it is more likely that providers in the ED setting 

frequently seek to rule-out competing hypotheses rather than to confirm hypotheses 

(Sandhu et al., 2006).  If none of the hypotheses can be confirmed then the sequence of 

steps is repeated until verification is achieved (Elstein et al., 1988). 

The hypothetico-deductive process has subsequently been studied and observed to 

be used in the practice of medicine (Heemskerk et al., 2007) and nursing (Carnevali, 

Mitchell, Woods, & Tanner, 1984; Tanner, Padrick, Westfall, & Putzier, 1987; White, 

Nativio, Kobert, & Engberg, 1992; McFadden & Gunnett, 1992; Lamond, Crow, & 

Chase, 1996; Taylor, 1997; Lyneham, 1998; Manias, Aitken, & Dunning, 2004; 

Twycross & Powls, 2006).   Furthermore, researchers in the area of nursing have 
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modified Elstein’s four stage method into a seven stage process by including additional 

steps such as early hypothesis generation based on pre-encounter data (i.e., information 

from triage such as  age, gender, chief complaint, etc.) which may serve to increase or 

decrease the clinician’s perception of the probabilities of particular underlying conditions 

and to help the clinician generate early hypotheses that direct more pointed data 

collection based on the early hypotheses (e.g., specific laboratory tests or physical 

exam)(Carnevali et al., 1984).  Also coalescing of individual cues into clusters or chunks 

in order to narrow down or modify the working hypotheses, and then testing the main 

final competing hypotheses for goodness of fit are two additional explicit stages 

(Carnevali et al., 1984).  White et al (1992) further modified this framework by including 

management and evaluation/monitoring as additional steps in the medical problem 

solving process (White et al., 1992).   

Limitations of the hypothetico-deductive method include the potential for 

cognitive errors (Elstein et al., 1988; Croskerry, 2002).  The major cognitive error 

associated with this method is confirmation bias which may seriously confound problem 

solving and decision making (Croskerry, 2002).  This bias occurs during cue acquisition 

and cue interpretation and explains the potential for 1) the search for irrelevant cues that 

may seem to confirm incorrect early hypotheses while ignoring important cues that would 

either reject the initial hypothesis or suggest alternative and potentially correct 

hypotheses; 2) the tendency to overemphasize positive findings since cues that fit the 

hypotheses tend to be remembered more than those that do not fit; 3) distortion or 

discounting of data in order to make the facts more consistent with the generated 
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hypothesis; and 4) excessive collection of redundant data to increase the confidence in 

the decision but does not significantly increase the accuracy of that decision to the extent 

that redundant information provides little new information (Elstein et al., 1988; 

Croskerry, 2002).  Excessive data collection may also adversely affect the interpretative 

process by impairing the clinician’s ability to sort through and determine what 

information is relevant (Elstein et al., 1988).  However, one cognitive skill that 

characterizes the expert problem solver consists of the ability to know when and how to 

limit the information considered without compromising the overall level of performance 

(Connelly et al., 1980).  The risk for anchoring bias is also present which explains 

decision makers’ tendency to favor their initial hypothesis despite incoming contradictory 

evidence (Harbison, 2001).  Premature diagnostic closure is also cited as an important 

limitation to the hypothetico-deductive method (Croskerry, 2002; Sandhu et al., 2006). 

Researchers in the problem solving and expertise domain have criticized the 

hypothetico-deductive method because it is limited in its ability to fully account for the 

skill associated with medical problem solving used by clinicians (Groen et al., 1985; 

Schmidt et al., 1990).  As such, the method fails to account for expert-novice differences, 

since both experts and novices appear to both use this technique and generate about the 

same number of diagnostic hypotheses (Elstein et al., 1978; Neufeld, Norman, Feightner, 

& Barrows, 1981).   Expertise appears to not only be associated with better, more 

accurate hypotheses (Barrows, Norman, Neufeld, & Feightner, 1982; Groves, O'Rourke, 

& Alexander, 2003), but it is in hypothesis evaluation where expertise plays a critical role 

as a result in advanced domain knowledge (Joseph et al., 1990).  On the other hand 
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novices tend to struggle to develop a plan and have difficulty moving beyond the 

collection of data to considering possibilities (Elstein et al., 2002).  Evidence also 

suggests that expert clinicians are able to use efficient discrimination strategies for 

rapidly distinguishing relevant from irrelevant cues (Kushniruk, Patel, & Marley, 1998) 

and do not appear to reason with explicit hypothesis testing in very routine or familiar 

situations, and only use a hypothetico-deductive strategy with difficult cases (Groen et 

al., 1985; Schmidt et al., 1990; Brooks, Norman, & Allen, 1991; Norman, Coblentz, 

Brooks, & Babcook, 1992).  Furthermore, studies comparing experts to novices observed 

that success on one problem was a poor predictor of success on a second problem (Elstein 

et al., 1978) (Neufeld et al., 1981; Norman, Tugwell, Feightner, Muzzin, & Jacoby, 

1985), suggesting that problem-solving performance is highly dependent on the 

availability of knowledge relevant to a specific problem, rather than the technique used 

(Schmidt et al., 1990; Norman, 2005).  These findings suggested that, although all 

clinicians appear to use varying degrees of hypothesis testing and evaluation, it is not 

skill in the application of this technique that distinguishes experts from novices.  

Consequently researchers sought explanations from the area of content knowledge and 

knowledge structure as playing a prominent role in problem solving and decision making 

(Elstein et al., 2002; Norman, 2005)  

Groen and Patel (1985) view the hypothetico-deductive method as a ‘weak 

method’ of problem solving because it is extremely general and can be used in almost 

any domain; however, under time constraints, it tends to result in incorrect answers 

(Groen et al., 1985).  On the other hand, strong methods are highly depended on 
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experience and well developed knowledge base.  These methods almost always yield the 

correct answer, but are applicable in very limited domains (Groen et al., 1985).  

Accordingly novices use weak methods while experts use strong methods, except in very 

complex or ill-structured situations (Groen et al., 1985). 

 

2.1.4.3. Pattern Recognition 

The inability of general reasoning skills such as the hypothetico-deductive method 

to adequately differentiate novice from expert physicians led researchers to focus on the 

second phase of the Newell-Simon information processing theory, knowledge 

organization and memory retrieval as determinants of diagnostic performance (Groen et 

al., 1985; Elstein et al., 2002; Norman, 2005).  According to Custers, Regehr, and 

Norman (1996): 

 If experts and non-experts cannot be distinguished on the basis of problem solving 

processes, but their performances do show large differences in the qualities and 

accuracy of their hypotheses…, then there must be something in the knowledge 

itself that enables experienced physicians to solve medical problems quickly and 

accurately, while preventing less experienced subjects from doing so (Custers, 

Regehr, & Norman, 1996).  

Early research on expertise focusing on memory retrieval and knowledge 

organization grew out of the domain of chess (Simon & Chase, 1973).  Using recall of 

mid-game chess positions, expert chess players were observed to recall the exact position 

of eighty to ninety percent of the pieces after a five second exposure, as long as the 
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positions were legal (Simon et al., 1973).  However, if the pieces were placed at random, 

experts did not perform any better than novices at recalling positions.  This finding lead 

to the postulation that the underlying mechanism that explains the relationship between 

memory performance and expertise was that experts acquire large sets of representative 

cases that can be used to solve new problems (Simon et al., 1973).   

As a result of these findings, it is suggested that experts are far superior to novices 

in their decision making since experts recognize and access large sophisticated “chunks” 

of knowledge stored in LTM and that this process of “pattern recognition” is highly 

rapid, automatic, and difficult to inhibit (Charness, 1976; Goldin, 1978).  These large 

chunks of knowledge are stored as retrieval structures that help to link the long-term 

memory to the working memory in order to help the problem solver overcome cognitive 

strain (Patel et al., 2001).  Schmidt and Boshuisen (1993) concluded that expert clinicians 

have access to elaborate case knowledge that remains encapsulated until needed.  

Furthermore, experts rarely tap into this encapsulated knowledge base when performing 

very redundant and common tasks (Schmidt & Boshuizen, 1993).  Expertise effects seem 

to emerge when task demands are increased, either by reducing time or increasing the 

case complexity (Norman, Brooks, & Allen, 1989; Schmidt et al., 1993; Verkoeijen, 

Rikers, Schmidt, van de Wiel, & Kooman, 2004).  It as also been suggested that medical 

expertise is more related to the kinds of knowledge and the manner in which it is 

organized rather than the amount of knowledge (Norman, 2005).   

Generally, pattern recognition refers to problem resolution by recognition of new 

problems, or patterns of clinical findings, as ones that are similar to previous problems 
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already solved and stored in long-term memory, which are recalled and used as a guide 

for subsequent decision making.  This method of categorization encompasses a complex 

mental process requiring rapid retrieval of an appropriate match, in the form of some 

knowledge structure stored in long term memory, which is retrieved based on salient cues 

(Coderre, Mandin, Harasym, & Fick, 2003).  Pattern recognition has been identified as a 

central feature in expert performance in both the medical literature (Schmidt et al., 1990; 

Brooks et al., 1991; Custers et al., 1996; Hatala, Norman, & Brooks, 1996; Gruppen et 

al., 1996; Coderre et al., 2003; Norman, Young, & Brooks, 2007) and nursing literature 

(Benner, Tanner, & Chesla, 1992; Manias et al., 2004; ONeill, Dluhy, & Chin, 2005).  

Pattern recognition is thought of as being more intuitive and less analytical than the 

hypothetico-deductive reasoning approach with its research focusing more on how 

knowledge and experiences are stored in memory and how new cases are categorized 

(Schmidt et al., 1990; Custers et al., 1996; Norman et al., 2007).    

Two competing frameworks associated with pattern recognition that explain how 

new cases are categorized include the instance or exemplar-based recognition and the 

protocol-based recognition (Elstein et al., 2002; Norman et al., 2007).  The prototype-

based framework describes category assignment as matching a case to a more abstract 

prototype, which is structured in memory around key cases or clear examples that capture 

the core meaning of the category (Bordage et al., 1984).   This framework assumes that 

diseases or conditions are represented mentally as ideal or prototypical cases, either 

developed from textbooks or clinical experience, and diagnosis occurs through feature by 

feature matching (Custers et al., 1996; Norman et al., 2007).  The prototype framework 
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explains why clinicians tend to mention case features in a specific order and why typical 

patients with a disease are diagnosed rapidly, correctly, and with confidence (Bordage et 

al., 1984; Genero & Cantor, 1987).   Furthermore, expert clinicians often describe cases 

as being either typical or atypical and can easily describe a “prototypical patient” 

(Custers et al., 1996).  However, this framework does not describe how the presence of 

two or more typical features may increase the chances of belonging to one particular 

prototype rather than another that may also happen to share the same features.   

The instance or exemplar-based framework addresses the shortcoming of the 

prototype framework because it assumes that categories are represented as a large number 

of memories of individual instances which are stored and used in new cases (Schmidt et 

al., 1990; Brooks et al., 1991).  Individual exemplars and context are kept intact in the 

long term memory which preserves the independent nature of the features rather than 

abstracting features to a more general prototype (Custers et al., 1996).  According to this 

framework, clinicians diagnose through a more intuitive holistic match to a prior example 

rather than through feature by feature matching, as in the protocol framework (Norman et 

al., 2007).  This framework method closely resembles pure intuition; the main difference 

is that intuition occurs at an unconscious level, whereas, exemplar-based pattern 

recognition is conscious (Offredy, 1998).  This framework explains why clinicians rely 

on previous instances even if there are rules or recommendations that are contrary to the 

remembered instance (Custers et al., 1996).  Furthermore, the observations that clinicians 

may rely on only a single case to guide future decisions and the inclusion of patient-

context factors greatly facilitates experienced clinicians in diagnosing new cases argues 
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against the prototype framework (Hobus, Schmidt, Boshuizen, & Patel, 1987; Custers et 

al., 1996).   More recent evidence suggests that clinicians use a mixture of prototype and 

exemplar-based frameworks: when clinicians are novices, they are more likely to rely on 

prototype, but as they gain experience, they rely more heavily on similarity to individual 

exemplars (Minda & Smith, 2001).   

According to Schmidt, Norman and Boshuizen (1990), a clinician passes through 

four distinct frameworks in their development of expertise and all co-exist in the mind of 

the clinician (Schmidt et al., 1990).   The first stage begins during the early years of 

medical education, when students develop elaborated prototypical causal networks, 

largely based on textbooks, which explain causes and consequences of disease.    These 

networks become abridged versions during the second stage, as students advance through 

their education and become exposed to real patients.  In this stage, the student clinicians 

take short-cuts in clinical reasoning as their extensive acquired prototypical knowledge is 

applied to real patient problems (Schmidt et al., 1990).   

The third stage is described as the transition from a causal type of knowledge 

organization into list-like structures, known as “illness scripts”.  Illness scripts are a 

story-like narration of a typical presentation of the condition.  As experience is gained, 

clinicians begin to observe how disease manifestations vary and begin to consider the 

contextual factors under which disease emerges.  Instead of focusing on causal processes, 

different features that characterize the clinical appearance become the anchoring point’s 

around which the clinician’s thinking evolves.   When a clinician sees a patient, he 

searches his memory for an appropriate illness script.  As clinicians gain more 
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experience, their illness scripts tend to contain fewer pathophysiologic concepts in 

understanding the case.  Thus, problem solving in routine cases is a process of script 

search, script selection, and script verification (Schmidt et al., 1990).  The use of illness 

scripts also describes how clinicians, as they gain experience, make extensive use of 

background contextual information.  Schmidt et al (1987) examined the impact of 

providing very limited patient information experienced and novice family practice 

physicians.  Limited information from a patient’s chart was presented on three slides: the 

first containing basic demographic information, the second containing information of 

previous conditions and medication use, and the third containing the patient complaint.  

Both groups of physicians where then asked to provide a diagnosis and then to recall the 

pertinent information that was used.  Experienced physicians were able to accurately 

diagnose the condition, digitalis intoxication, 38 percent of the time compared to 27 

percent among inexperienced physicians.  The experienced physicians were also able to 

recall 40 percent more of the enabling information (such as advanced age, previous use of 

thiazide diuretics in combination with digoxin, and poor patient compliance).  The 

authors concluded that experienced physicians make more extensive use of constraining 

patient information than do novice physicians (Schmidt 1987).   Similarly, clinicians are 

more selective in the use of patient data and made more inferences from the data than 

novices and also use less basic science in their explanations (Patel, Groen, & Frederiksen, 

1986; Boshuizen & Schmidt, 1992).   

The fourth and final mental representation is the instance or exemplar-based 

framework.   To the clinician, medical conditions are represented by general domain 
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knowledge in the form of pathophysiologic processes and illness scripts and also by an 

elaborate set of recollections of specific patients who suffered from the particular 

condition.  During the course of medical practice, the clinician will move from one type 

of mental representation to another as the complexity of the problem demands.  

Furthermore, these differing types of mental representations, derived from both formal 

education and experiences tend to have a synergistic effect (Schmidt et al., 1990).  Illness 

scripts and instance scripts are highly idiosyncratic, based on the clinician’s unique 

experiences, and may or may not resemble the scripts of other clinicians or the textbook 

(Schmidt et al., 1990).  As a result, decision making based on patter-recognition or other 

strategies where the clinician relies on their own unique knowledge and experience can 

result in high variability in diagnostic accuracy (Elson et al., 1997). 

Regardless if prototype, based on experiences and textbook knowledge, or 

individual instances or exemplars are retrieved from memory, pattern recognition relies 

heavily on the initial factors or cues discovered early during the patient encounter.  

Pattern recognition is also described by the representative heuristic, and as a result, can 

lead to bias (Offredy, 1998).  Thus the accuracy of those collected factors is critical for 

diagnostic success (Banning, 2007).   

Although both hypothetico-deductive reasoning and pattern recognition seem to 

be contrasting methods of reasoning, the existence of both is reasonable to assume as 

clinicians approach problems flexibly; the method they select depends upon the perceived 

characteristics of the problem, the experience with the problem, and the time constraints 

involved (Elstein et al., 2002).  Easy cases tend to be solved with pattern recognition; 
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difficult or unfamiliar cases are resolved with hypothesis testing (Elstein et al., 2002).   

Furthermore, both methods are likely to be used to various degrees during a diagnostic 

work-up.  The initial data elements collected during cue acquisition may be used to 

retrieve specific exemplars that help the clinician in generation of diagnostic hypotheses 

(Norman, 2005).  However, if no prior exemplar is available, more formal application of 

the hypothetic-deductive method may be applied.  This is in line with the evidence that 

most clinicians use a form of hypothesis testing; experts are more likely to have better, 

more accurate hypotheses as a result of extensive experience from which to draw on 

(Elstein et al., 2002).   

 

2.1.5. Naturalistic Decision Making 

Naturalistic decision making (NDM) is a rapidly growing study of decision-

making that focuses on explicitly describing how people use their knowledge and 

experience to perform complex tasks in real-world, dynamic environments (Orasanu et 

al., 1993).  The NDM framework, considered a paradigm shift from traditional decision 

making research, was initiated during a 1989 conference in Dayton, Ohio, sponsored by 

the Army Research Institute after 30 behavioral scientists with varied backgrounds 

discovered that they shared three common themes: 1) the importance of time pressure, 

stress, ill-defined problems, missing information and other complexities that characterize 

decision makers in real-world settings but are difficult to replicate in a controlled 

laboratory environment such as in normative-based traditional decision making research; 

2) the importance in focusing on decision-makers with high levels of expertise since 
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novices are not usually involved in the decision-making processes that are characterized 

by the high-level complexities that are of interest to NDM researchers; and 3) that 

decision-makers in these situations place more importance in situational awareness (i.e., 

sizing up the situation) than choosing among alternative courses of action (Cannon-

Bowers et al., 1996; Salas et al., 2001; Lipshitz et al., 2001; Currey & Botti, 2003).   

Similar to the problem solving paradigm, research in naturalistic decision making 

extends beyond the actual decision event to include the events before and after the 

decision is made with a focus on factors related to the decision maker (knowledge and 

experience), factors related to the task complexity, and factors related to the environment 

(Cannon-Bowers et al., 1996; Currey et al., 2003).  Cannon-Bowers, Salas, and Pruitt 

(1996) characterized NDM by three sources of variables: those associated with the 

decision task (structure, complexity, level of uncertainty), those associated with the 

decision maker (knowledge and expertise), and those associated with the decision 

environment (distractions, time-pressure, physical setting).  Table 2.1 summarizes 

variables related to the core components of NDM (Klein et al., 1991; Cannon-Bowers et 

al., 1996).  
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Table 2.1 Features of Naturalistic Decision Making 
 Feature of  

Variable Decision 
Task 

Decision 
Maker 

Environ-
ment Comments 

Uncertain dynamic task 
with ambiguous or 
missing data 
 

X   Considered the single most 
important feature to NDM 

Ill-structured decision 
task X   The decision is not characterized 

as a single, well-defined decision 

Multiple event 
feedback loops 
 

X  X 

Decisions in real environments 
are temporally dependent, 
ongoing, with the outcome of 
iterative decisions affecting 
subsequent decisions 

Meaningful 
consequences/high 
stakes 
 

X X  
Decision may affect the decision 
maker or others; consequence of 
error may be severe  

Multiple goals 
 X  X 

Multiple goals may or may not 
be shifting, competing, or 
unclear 

Time constraints 
 X  X 

Time pressure is a crucial factor 
that may severely affect 
decisions 

Decision Complexity 
 X   Complex decisions pose greater 

challenges 
Multiple players 
 X   Decision maker may be part of a 

team 
Congruent 
organizational norms 
and goals 
 

 X X 

Congruence between the 
decision maker and the 
organization can increase the 
difficulties of decisions 

Quantity of information 
 X  X Information overload may 

present added challenges 

Level of expertise 
  X  

NDM mainly focuses on experts; 
however accounting for a wide 
range of expertise is critical; 
expertise may medicate 
challenges such as information 
overload 
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Much of the research in NDM has focused on decision makers in fire grounds, flight 

decks, and military command (Klein, 1989; Klein et al., 1991; Klein, 1993); however, 

recently this research has been applied to intensive care, anesthesia, surgery, and 

emergency medicine (Gaba, 1992; Falzer, 2004; Bond & Cooper, 2006; Flin, Youngson, 

& Yule, 2007). 

 

2.1.5.1. Recognition-Primed Decision (RPD) Model 

Several models fall within the naturalistic decision making framework, however 

the Recognition-Primed Decision (RPD) model (Klein, 1989; Klein et al., 1991; Klein, 

1993) is considered the prototypical NDM model (Salas et al., 2001).  The development 

of the RPD model was based on the methods employed by fire ground commanders and 

tank platoon leaders in emergency situations (Klein, 1989; Klein et al., 1991).  

Observations revealed that, in emergency situations, decision makers responded quickly 

and acted on the basis of prior experience, immediate feedback, and careful monitoring 

and assessment of the situation (Klein et al., 1991).   

According to the RPD model, decision tasks can be divided into three basic 

phases: 1) situation assessment, 2) serial option evaluation, and 3) mental simulation 

(Klein et al., 1991).  Situational assessment allows the decision maker to classify the task 

as familiar or prototypical (Klein et al., 1991).  Familiar situations cause the decision 

maker to recall plausible goals, cues to monitor, expectancies of the situation sequelae, 

and typical reactions.  This aspect of the RPD model is very similar to the concept of 

pattern recognition from problem solving and expertise research.  In the time-pressure 
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situations characterizing NDM, a decision may need to be made before the problem is 

properly defined or understood.   Decision makers then use serial assessment of a single 

option rather than deliberating about the advantages and disadvantages of alternative 

options or actively weighing probabilities (as described in traditional decision research) 

(Klein et al., 1991).  Mental simulation is the final process that is carried out before a 

decision action is implemented.  In this process the decision maker mentally acts out the 

action, imagining the sequence of events and how they unfold, while simultaneously 

evaluating the course of action (Klein, 1989).  As a result of this simulation, the decision 

maker rejects, modifies, or implements the action.  Also, since NDM emphasizes 

satisfactory rather than optimal decisions, mental simulation occurs rapidly; however, if 

time does not allow for mental simulation, the decision maker simply implements an 

action that experiences indicates to be the most successful action given the situation 

(Klein, 1989).  Figure 2-1 is an illustration of a RPD strategy (adapted from Klein et al., 

1991).  This model has been applied to decisions made in the ED setting (Bond et al., 

2006). 
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Figure 2-1 A Recognition-primed decision strategy (adapted from Klein et al., 1991) 
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2.1.6. Other Relevant Conceptual Frameworks in Clinical Decision Making 

 This section will describe two relevant conceptual frameworks provide structures 

that serve as vehicles to better understand the theoretical models discussed thus far.  

These frameworks include the cognitive continuum theory and the industrial process 

view of decision making and determine which decision making or problem solving 

strategy will be employed by the decision maker (cognitive continuum) or address the 

external forces that may either modify the decision making ability (industrial process 

view). 

  

2.1.6.1. Cognitive Continuum 

Much of the debate concerning the usefulness of very analytical techniques of 

decision making such as normative-based decision analysis versus very intuitive methods 

such as pattern recognition and RPD making serves as the motivation behind the 

cognitive continuum theory (Hammond, 1980b; Hammond, 1981; Hamm, 1988).  This 

theory suggests the cognitive processes used in decision making and problem solving lie 

on a continuum that ranges between intuition and analysis (Hamm, 1988).  The 

determinants of where along the continuum the cognitive process that will be used 

include the nature of the task structure or complexity and the time required for 

manipulation (Kushniruk, 2001).  As such, tasks that require the processing of large 

amounts of information, perceived as being ill-structured, in very short periods of time 

tend to induce intuitive cognitive processing.  On the other hand, tasks that involve 

quantitative information, presented sequentially and thus having more structure, induce 
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more analytical processing (Kushniruk, 2001).  This theory also allows for oscillation 

between intuition and analysis during a period of complex problem solving (Hamm, 

1988).  Figure 2-2 is an illustration of the cognitive continuum theory.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-2 The six modes of the cognitive continuum (adapted from Hamm, 1988) 
 

 

At the analysis end of the continuum (modes 1-3) refer to research approaches to 

solving major, profession-level problems.  These modes are of little use in applied 

decision making at the point of care, and as a result, will not be discussed further.  Mode 
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4 primarily refers to prescriptive tools and decision aids such as Bayesian logic and 

normative-based decision analysis (Hamm, 1988).  In addition HIT being developed in 

efforts to improve decision making are implemented in this stage and are used by 

decision makers at the point of care as a result of task conditions that cannot be solved 

using lower cognitive strategies from lower modes.  Modes 5 and 6 of the continuum 

describe the cognitive strategies used by practitioners at the point of care, without 

prescriptive aids (Harbison, 2001).  Somewhere between modes 5 and 6 lay the cognitive 

models discussed in this review.  Clearly pattern-recognition and a simplified RPD 

making situation where the task is easily recognized lie within mode 6.  As time allows 

for more analytical processing, the nature of the problem requires more analytic 

reasoning such as in unfamiliar situations, or once the urgent situation passes, the more 

analytic hypothetico-deductive approach would be used (Bond et al., 2006; Heemskerk et 

al., 2007).  The cognitive continuum as a useful tool in describing medical decision 

making has been well-described in the medical literature (Hamm, Clark, & Bursztajn, 

1984; Kushniruk, 2001) and nursing literature (Offredy, 1998; Thompson, 1999; 

Harbison, 2001; Cader, Campbell, & Watson, 2005; Twycross et al., 2006) 

 

2.1.6.2. Industrial Process View 

Elson, Faughnan, and Connelly (1997) view health care as an industrial process 

where information in the form of clinical knowledge and medical history data serves as 

the key ingredient required to fuel decision production.  The clinical decision maker then 

becomes the production worker who brings memory-based expertise, experience, and 
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knowledge to the process (Elson et al., 1997).  Furthermore, human memory is viewed as 

being largely non-modifiable and consequently efforts to improve the decision making 

should focus non memory-based external information storage and delivery systems.  

Accordingly, this view has important implications for clinician workflow, error 

reduction, productivity, and justification for HIT such as electronic medical records 

(Elson et al., 1997).  Although these technologies are prescriptive in nature (i.e., designed 

to improve decision making), the Elson industrial process view provides a structure that 

1) directly highlights the importance of information supply rather than handling the issue 

information constraints implicitly through conditions of uncertainty, as in traditional 

decision making research, and 2) allows for overlaying of the various cognitive theories 

that describe how the information is then used (Elson et al., 1997). 

This framework views the patient encounter as an industrial process where LTM-

based and externally stored information are key supplies that must be delivered to 

working memory during the encounter process (Figure 2.3) (Elson et al., 1997). 

According to this model, the process begins with the patient encounter with a clinician 

and ends with decisions that lead to recommendations for treatment or potentially further 

diagnostic testing.  The working memory box represents that internal cognitive 

processing that occurs within the clinician.  Long term memory and external memory, as 

well as information supplied by the patient, serve as process inputs.  As illustrated, when 

system constraints limit the amount of external memory (e.g., literature, references, 

patient medical record), the working memory is forced to rely more heavily on LTM (as 

shown by the thicker arrow).  Since each clinician’s own LTM is developed from unique 
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experiences and background, the result is high variability in information delivery to the 

clinician.  The combination of incomplete information with the variability and limitations 

of human memory results in high variability in decision outcomes.  Since the large 

variability in interclinican memory is unlikely to be reduced, this model suggests that 

attempts to reduce decision variability should focus on improving the delivery of 

externally stored information (Elson et al., 1997).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-3 The Industrial Process View (adapted from Elson, 1997)
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2.1.7. Conclusion and Application to the Emergency Department Setting 

Studies examining decision making in the ED setting have applied and observed  

the major theoretical models discussed including heuristics and biases approach 

(Croskerry, 2002; Croskerry et al., 2004), the hypothetico-deductive method of reasoning 

(Lyneham, 1998) the use of the hypothetico-deductive method (Lyneham, 1998), and the 

RPD model (Bond et al., 2006).  There appears to not be one particular model that best 

describes the decision making in the ED; rather it is the dynamic environment itself that 

plays a direct role in how an ED clinician solves medical problems.   

The ED is not always a high-stress, time-pressure environment with patients of 

the highest acuity.  The ED serves as a portal into the healthcare system for many, and 

although the ED’s primary function is to provide care for patients with life-threatening 

medical conditions, it also provides care for patients with less serious conditions.  It is 

estimated that between 10 percent and 66 percent of all ED visits are nonemergent visits 

(Steinbrook, 1996; Richardson, Asplin, & Lowe, 2002; Washington, Stevens, Shekelle, 

Henneman, & Brook, 2002).  The nature of the environment in the ED at the particular 

time, the amount of information available, the familiarity of the problem to the clinician, 

and the clinician’s level of expertise all play critical roles in determining how decisions 

are made.   

According to NDM and the RPD model, the first step is situation awareness.  If 

the clinician is experiencing a high level of stress as a result of the current ED volume, 

time-pressure, case-mix, or level of acuity combined with minimal patient information, 
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Hammond’s cognitive continuum suggests that the ED physician will likely use a more 

intuitive pattern recognition approach.  However this approach is associated with the 

potential for failed heuristics including representativeness and availability, as described 

in the traditional decision making body of literature.  On the other hand, if as a result of 

situation assessment, the clinician acknowledges being unfamiliar with the case 

presentation or the physician has more information and is not under extreme time 

pressure, he may be more likely to approach the situation more analytically and use the 

hypothetico-deductive process by engaging in hypothesis testing and evaluation.  

However, the confirmation and anchoring biases may play a critical role in diagnostic 

failure or success.   

Regardless of the cognitive approach used, the Elson industrial process view 

highlights that the availability of important accurate external information such as 

information from the patient’s medical record is vital to appropriate decisions.   

 

2.2. Current State of Emergency Care in the United States 
 

In 2004, there were 110.2 million ED visits with approximately 38 visits per 100 

persons (McCaig & Nawar, 2006).  Twenty five percent of these visits occurred with the 

patient being seen for less than 15 minutes; however, the average time spent in the ED 

was 3.3 hours.  ED visits resulted in hospital admission 13.3 percent of the time.  

Between 1994 and 2004, the number of ED visits in the United States increased 18 

percent from 93.4 million to 110.2 million visits annually, while the number of hospital 

EDs decreased by 12.4 percent (McCaig et al., 2006).   
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2.2.1. Nature of the Emergency Department Environment 

The ED has been characterized as being a high-risk, high-stress environment 

prone to errors and quality concerns, in part due to the lack of continuity of care with 

patients and inadequate information infrastructure across the continuum (Leape et al., 

1991; Chisholm et al., 2000; Burstin, 2002; Goldberg et al., 2002; Cosby, 2003; 

Chamberlain et al., 2004; Selbst et al., 2004).   Concerning issues also include multiple 

providers involved in the care of individual patients, high acuity, distractions from noise 

and overcrowding, need for rapid decision making, and communication barriers 

(Committee on Data Standards of Patient Safety, 2004).   

The most recent report of the current status of hospital-based ED care from the 

IOM was prepared by the Committee on the Future of Emergency Care in the United 

States Health System (Institute of Medicine, 2007).   Among their principle findings was 

fragmentation in care resulting in ED physicians being frequently deprived of critical 

patient information operating in a patient information vacuum, typically without a 

medical record available for patients who may be unconscious or uncommunicative upon 

arrival (Institute of Medicine, 2007).  The need for emergency physicians to have access 

to large amounts of clinical information with the greatest possible speed more than any 

other medical specialty has been discussed (Feied et al., 2004a).  Adding to the complex 

environment in the ED includes simultaneous evaluation and treatment of multiple 

unknown patients with acute problems that may be related to any organ system or any 

medical subspecialty in one of the most disruptive and chaotic environments in medicine 

(Taylor, 2004; Feied et al., 2004a).   
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The Harvard Medical Practice Study investigators found that only 2.9 percent of 

all adverse events during a hospitalization took place in the ED; however this estimate is 

likely underestimated because adverse events were only identified by hospital record 

review (Brennan et al., 1991; Leape et al., 1991).  Two of the most common types of 

errors in the ED are failure to determine the correct diagnosis (Leape et al., 1991; Cosby, 

2003; Thomas et al., 2004) and medication errors (Leape et al., 1991; Croskerry et al., 

2004; Institute of Medicine, 2006a).  Such errors have been attributed to failed decision 

making as a result of incomplete case history and patient clinical information, medication 

knowledge deficiencies, and poor communication and documentation (Leape et al., 1995; 

Neale, Woloshynowych, & Vincent, 2001; Feied et al., 2004a). More importantly, under 

urgent situations within the ED, accurate diagnosis is made more difficult as important 

clinical information such as comorbidities or current medications may go undetected if 

patient-reported histories are inaccurate or incomplete (Selbst et al., 2004; Institute of 

Medicine, 2007).   

 

2.2.2. Accuracy of Self-Reported Clinical Information 

The accuracy of the patient history is considered especially critical for appropriate 

diagnosis and risk stratification in patients presenting to the ED with syncope (Huff et al., 

2007) or chest pain (Farmer et al., 2006).  Furthermore, solely relying on history from the 

patient-physician interaction may result in high variability in data accuracy potentially 

resulting in inappropriate risk stratification and treatment decisions (James, Feldman, & 

Mehta, 2006). 
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As a result of the fragmented nature of the healthcare system, information gaps 

occur when clinical information gathered from one medical provider is not 

communicated to other providers involved in the patient’s care (Cook et al., 2000; 

Shapiro et al., 2007).  Missing clinical information (including medical history, 

medications, test results, and family history) has been reported in approximately 16 

percent of all primary care visits (Elder, Vonder, & Cassedy, 2004; Smith et al., 2005).  

In approximately 44 percent of such outpatient visits the missing information was likely 

to result in harm and 60 percent of these visits had the potential to result in delayed care 

or additional services (Smith et al., 2005).  Patients presenting to the ED are especially 

susceptible to having information gaps as a result of factors including high acuity, being 

under the care of multiple providers, and often arrive at the ED without the knowledge of 

their primary care physician (Stiell et al., 2003).  Information gaps in the ED have been 

shown to result in decreased care quality (Stiell et al., 2003), as well as inefficiencies in 

care such as redundant testing, care delays, and less effective treatments (Hripcsak et al., 

2007b) (Overhage et al., 2002).   

A recent study conducted in a single Canadian ED observed that physician-

reported information gaps occur in 32 percent (95% confidence interval [CI] 29.4% to 

35.2%) of ED visits and 15.3 percent of all visits had information missing that was very 

likely to result in patient harm (Stiell et al., 2003).  The most common gaps were related 

to medical history (57%), laboratory findings (23%), and medication history (13%).  

Higher comorbidity burden, older age, and arrival by ambulance were associated with 

higher frequencies of ED visits with information gaps.   
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Studies examining the accuracy and variability of history taking in the ED 

typically focus on specific disease states; however these studies conclude that significant 

gaps occur in the quality of information obtained during history taking occur.  Examples 

of such recent studies include evaluating history taking related to pediatric emergency 

medicine (Porter, Manzi, Volpe, & Stack, 2006), adults presenting with chest pain 

(Farmer et al., 2006), and medication history (Carter, Allin, Scott, & Grauer, 2006).    

 

2.2.3. Information Needs within the Emergency Department 

 Unmet information needs that result in delayed and uninformed medical decisions 

are a leading cause of medical errors (Kohn, Corrigan, & Donaldson, 2000).   Despite 

advances in laboratory testing and diagnostic imaging, traditional patient history taking 

and physical examination remain the most important elements of the diagnostic work-up 

(Bordage, 1999).  Cues uncovered during the history and physical exam are the patterns 

the clinician uses to recognize prior instances and to activate mental networks; 

consequently they influence subsequent diagnoses and treatment pathways (Bordage, 

1999).  Hatala, Norman, and Brooks (1996) observed a significant biasing effect of 

patient clinical effect on physicians’ interpretation of electrocardiograms (ECGs).  

Diagnostic accuracy was 77 percent when the ECG was accompanied with a consistent 

clinical history and only 29 percent when an alternative, incorrect history was supplied (P 

= 0.006).  Also observed was the diagnosis suggested by the clinical history led to the 

identification of more ECG features consistent with the diagnosis than when an 

alternative history was supplied 1.07 vs. 0.55 features, respectively (p<0.05) .   
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Discharge summaries are also considered a vital source of information to ED 

physicians about previous hospital admissions of ED visits (Shablinsky, Starren, & 

Friedman, 1999).  However the type of information deemed important depends on the 

diagnosis and circumstances of the clinical presentation.  Shablinsky, Starren, and 

Friedman (1999) elicited practicing ED physicians which presenting diagnoses and data 

elements from previous discharge record would be important for the ED diagnostic work-

up.   Previous diagnoses and diagnostic procedures were considered the most important 

history elements for patients presenting with chest pain; previous diagnostic procedures, 

laboratory results, and medication use were considered the most important for asthma; 

and laboratory results and medication use were among the most important for diabetes 

with ketoacidosis (Shablinsky et al., 1999).   

Reddy and Spence (2006) used observations and interviews during critical 

incidents to examine the information needs of a multidisciplinary care team in a single 

ED in a rural hospital.  A total of 602 questions from the ED care team were analyzed.  

Patient specific questions (e.g., is the blood pressure elevated? or what is the past medical 

history?) comprised 58 percent; organizational questions (e.g., is there a seizure 

protocol?) comprised 26 percent; and plan of care questions comprised 12 percent of the 

questions.  These results are consistent with previous research conducted across non-ED 

inpatient settings (Currie et al., 2003).  Consequently the patients themselves were the 

source for 47 percent of the answers; nurses were the source for 20 percent of the 

answers; physicians gave 10 percent of the answers and the unit secretary gave 6 percent 

of the answers.  The remaining answers were supplied by patients’ visitors, unknown 
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respondents, paramedics, non-team members, etc.  Also observed was that nurses asked 

the majority of the questions (56%) compared to physicians (17%), and paramedics 

(10%).  The majority of the questions were asked due to a breakdown in information 

flow.  Three reasons for this were observed: information was not available at the time 

needed, information was either incorrect or incomplete, or information was delivered to 

the wrong person (Reddy et al., 2006). 

 

2.2.4. The Importance of Medication History 

The ED is at high-risk for medication errors underscoring the importance of 

complete and accurate medication histories (Leape et al., 1991; Croskerry et al., 2004; 

Institute of Medicine, 2006a).  Approximately 27 percent of all prescribing errors in the 

hospital are due to incomplete medication histories at the time of admission.   

Studies examining information gaps as related specifically to medication use are 

more common in the literature.  Vilke, et al. (2000) interviewed a convenience sample of 

200 adult ED patients who reported either past or current medication use at triage for 

knowledge of current medication use.  Among the interviewed patients, only 48 percent 

could recall all of their medications, 39 percent only knew the times they take their 

medications, and only 24 percent knew all of their dosages.  However, these results are 

likely underestimates of the proportion of ED patients that can recall their medication 

history completely since the sample only included those that could recall at least one 

medication and were conscious and willing to participate (Vilke, Marino, Iskander, & 

Chan, 2000).  Patients presenting in an unconscious or incommunicable state, unless 
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accompanied by a care giver with such information, would not be able to give accurate 

history information.  Furthermore, there was no gold standard used to verify the patient’s 

complete medication history, consequently if the patient stated that they knew all of the 

medications used, that was considered truth (Vilke et al., 2000).    

Chung and Bartfield (2002) also conducted interviews with a convenience sample 

of 77 ED patients older than 65 years.  Of these patients, 43 percent correctly identified 

all of their prescription medications.  Furthermore 33 percent of the patients correctly 

identified their dosages and 57 percent named their dosing intervals correctly.   Patients 

were excluded if they were medically unstable, disoriented, or unable to recall the name 

of their pharmacy (Chung & Bartfield, 2002).  It is likely that patients excluded for any of 

these reasons would have had poorer knowledge of their medications.  Lack of accuracy 

and completeness for key items during history taking have also been observed when 

parents act as proxies in the area of pediatric emergency medicine (Crain et al., 1999) 

(Porter et al., 2006).  

Beginning in 2006, the National Patient Safety Goals of the Joint Commission on 

Accreditation for Healthcare Organizations (JCAHO) have been requiring complete and 

accurate medication reconciliation across the continuum of care (Joint Commission on 

the Accreditation of Healthcare Organizations, 2007).  Medication reconciliation, as 

required by JCAHO, includes, 1) obtaining a complete medication list from the patient or 

caregiver at the point of entry into the organization; 2) using the medication list when 

prescribing; 3) comparing new orders against the original medication list to ensure that 

all of the correct medications are ordered or held as appropriate; and 4) communicate the 
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complete list of medications to the next provider during a transfer to another setting, 

service, practitioner (Paparella, 2006; Joint Commission on the Accreditation of 

Healthcare Organizations, 2007).    

Two recent literature reviews, prior to the JCAHO requirement, reported that the 

variance between the medications patients were taking prior to admission and their 

subsequent admission orders ranged from 30-70 percent with omission of home 

medications being the most common discrepancy cited, many of which were linked to 

potentially serious harm to the patients (Gleason et al., 2004; Cornish et al., 2005).  Other 

reconciliation errors include inadvertently continuing medications in the hospital that 

were previously discontinued, failure to discontinue a contraindicated medication and 

failure to resolve discrepancies in dosages or routes of administration (Paparella, 2006).  

Carter, et al. (2006) compared medication histories acquired by pharmacists to those 

acquired by physicians, nurses and medical students the ED of a 475-bed tertiary care 

teaching facility.  Although the pharmacist identified 34 percent more home medications 

and obtained more complete medications histories overall than those by the other 

healthcare professionals, a significant number of sources were needed to obtain such 

complete histories.  Source used by the pharmacist included the patient, caregivers, 

family members, prescription vials, medication lists from nursing facilities, follow-up 

telephone conversations with community pharmacists and physician offices, and 

discharge information on patients’ medications from recent hospital admissions (Carter et 

al., 2006).   
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Emergency departments represent the entry point for many patients admitted into 

the hospital; however, due to the complexity and urgent environment in the ED, being in 

compliance with the JCAHO requirements represents a burden to EDs resulting in 

incomplete medication histories (Paparella, 2006).  Challenges to obtaining complete and 

accurate medication histories are often heightened when patients bring handwritten 

medication lists that have transcription errors, omissions and are difficult to read; if 

patient forget the names of their medications or inadvertently omit medications; can only 

recall the color of the medication; or are unable to communicate at the time of admission 

(Paparella, 2006; The Regenstrief Insititue, 2006).  Beyond self report medication 

history, the ED clinician (nurse, physician or pharmacist) may need to contact other 

medical providers or pharmacies to obtain such information.  This process can be time 

consuming and cumbersome and results in highly variable fragmented information (The 

Regenstrief Insititue, 2006). 

 

2.3. Health Information Exchange Research  
 

As previously discussed, many of the problems in the ED related to safety, 

quality, and efficiency are due to a lack of provider access to vital patient data at the point 

of care due to information gaps (Stiell et al., 2003; Smith et al., 2005; Institute of 

Medicine, 2007).  These information gaps are likely caused by patient migration among 

providers and fragmentation of the overall healthcare system (Institute of Medicine, 

2001; Institute of Medicine, 2007).  Furthermore, the ED clinical staff is routinely faced 

with treating unfamiliar patients with high acuity and with minimal patient clinical 
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information that often results in both diagnostic and medication-related errors (Institute 

of Medicine, 2007).  The ED is an “information intensive environment” that operates at a 

“baseline information deficit” with ED physicians accustomed to making decisions 

without sufficient access to important patient information (Shapiro et al., 2007).  Also 

according to Elson’s industrial process view of clinical decision making (1997), such 

constraints on external memory sources forces the clinician to rely more heavily on LTM, 

increasing the variability in accurate decisions.   Attempts to reduce decision variability 

should focus on improving the delivery of externally stored information (Elson et al., 

1997).  Health information technology is rapidly being incorporated into all aspects of the 

healthcare system with the promise to meet this need and to improve healthcare quality, 

efficiency, and costs (Chaudhry et al., 2006). 

Health information technology broadly includes, but is not limited to, 

technologies such as electronic health or medical records, computerized provider order 

entry, decision support systems, electronic prescribing, knowledge retrieval systems, and 

data exchange networks (Chaudhry et al., 2006).  Two critical elements within the 

Institute of Medicine’s strategy for narrowing the quality chasm within the 21st-century 

healthcare system include improvements in HIT to include automation of patient-specific 

clinical information within a fully electronic medical record and the sharing of such 

information electronically among clinicians (Institute of Medicine, 2001).  The concept 

of health information exchange (HIE) includes the electronic mobilization of patient 

information that can be shared across healthcare settings  while protecting patient privacy 

(Overhage, Evans, & Marchibroda, 2005; Bordenick et al., 2006; Kaelber et al., 2007; 
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Marchibroda, 2007; Hripcsak et al., 2007a).  Furthermore this concept has reached the 

highest levels of government.  On August 22, 2006, President George W. Bush issued an 

Executive Order calling for healthcare programs that are administered or sponsored by 

the federal government to promote quality and efficient delivery of healthcare through the 

use of HIT and to utilize HIT systems that meet recognized interoperability standards 

(Bordenick et al., 2006).  On July 27, 2006 the House of Representatives passed the 

“Health Information Technology Promotion Act (H.R. 4157) (Bordenick et al., 2006).  

The promise of HIE to fill the critical information gaps experienced in the ED is 

substantial (Shapiro et al., 2007). 

Although HIT has broad applications to hospitals in the healthcare system, their 

use involves unique needs and approaches in emergency care because physicians are 

frequently deprived of critical patient information (Institute of Medicine, 2007).  

Recommendations by the Committee on the Future of Emergency Care include, among 

other technologies, HIE systems such as regional health information organizations 

(RHIOs) that link ED physicians with other providers of their patients, for whom 

“immediate access to medical records can mean the difference between lifesaving 

intervention and life-threatening medical errors.” (Institute of Medicine, 2007).  

According to Kaelber and Bates (2007), patient safety is the most promising advantage of 

HIE because safety is eroded with errors of commission and omission if the right 

information is not available to the clinician at the point of care while information gaps in 

healthcare are the rule rather than the exception (Kaelber et al., 2007).  The promise of 

HIE to fill information gaps by providing needed clinical information at the point-of-care 
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has resulted in more than 165 RHIOs in 49 states nationwide currently in development in 

varying forms.  According to a survey conducted in 2006, 26 of the 165 RHIOs are fully 

operational and 45 are in the implementation stage (Bordenick et al., 2006).  The primary 

drivers for HIE efforts have been interest in improving quality and safety, inefficiencies 

experienced by providers, and rising healthcare costs (Bordenick et al., 2006).  Also 

multiple stakeholders are involved in the funding and implementation of RHIOs such as 

the federal government, hospitals, health plan, employers, and primary care physicians 

(Bordenick et al., 2006).   

Many of the early systems that have emerged in efforts to respond to the growing 

emphasis on regional and nation HIE infrastructures have suffered from disappointments 

along the way (Feied, Smith, & Handler, 2004b).  These disappointments have surfaced, 

in part due to being developed by individuals without experience in clinical informatics 

or real understanding of patient and clinician needs.  These systems were focused on 

making data available according to political and financial agendas while simultaneously 

addressing needs for privacy and security of data elements.  As a result, usability and 

tailoring of systems to meet actual clinician and patient needs have suffered.  Although 

important patient data have been made available in early systems, they were difficult for 

the clinicians to use and to retrieve the desired data elements; making them of limited 

value in emergency care (Feied et al., 2004b).    
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2.3.1. Health Information Exchange Research in the Emergency Department 

The literature on outcomes associated with HIE is sparse (Hripcsak et al., 2007a) 

with even fewer studies that evaluate HIE in the ED setting.  A recent systematic review 

was conducted to evaluate the evidence of HIT on quality efficiency and costs across 

healthcare settings (Chaudhry et al., 2006).  A total of 257 published articles between 

1993 and early 2004 met the study inclusion criteria.  However, only eight evaluated HIT 

in the ED setting; one of which evaluated an EHR (Wilson, McDonald, & McCabe, Jr., 

1982). 

Within the ED, electronic health records (EHRs) have the potential to increase 

patient flow and enhance the quality, timeliness, and safety of care (Institute of Medicine, 

2007).  Additionally, by providing a more complete and comprehensive clinical picture of 

the patient, the interoperability of HIE can substantially potentiate the effects of EHRs 

(Kaelber et al., 2007).     

Shapiro, et al. (2007) conducted a survey of 217 ED physicians from 12 hospitals 

within New York City in order to probe perceived need for HIE and awareness of HIE, 

perception of the costs and benefits, and the data elements perceived to be the most 

useful.  Respondents estimated that it takes an average of 66 minutes (48.2-83.7 min) to 

obtain clinical data from other providers.  Also 66 percent of the respondents indicated 

that attempts to obtain clinical information from other providers fail more than half the 

time.  Although 88 percent and 78 percent of the respondents indicated that HIE would 

increase the efficiency of care and decrease the number of tests ordered, respectively, 

only 54 percent indicated that HIE would greatly reduce healthcare costs.  However, 85 
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percent indicated that the benefits of HIE outweigh the risks.   When asked about which 

data elements were perceived to be the most useful, electrocardiograms, discharge 

summaries, and medication lists were among the top five for 80 percent, 66 percent, and 

65 percent of the respondents (Shapiro et al., 2007).   

Overhage, et al. (2002), through the Regenstrief Institute for Health Care, 

conducted a randomized, controlled trial of providing patient clinical data from a 

longitudinal computerized patient record system from an urban hospital (Wishard 

Memorial Hospital and Health Services, Indianapolis, IN) to two EDs in the Indianapolis 

metropolitan area(Overhage et al., 2002).  The computerized record system used at 

Wishard was the Regenstrief Medical Record System (RMRS) (McDonald et al., 1999) 

and contained clinical data (ED visits, clinic visits, hospital or clinic medication history, 

and hospitalizations) from medical care received at Wishard, which has significant cross-

over with the two study EDs.  Medical care received outside Wishard was not included in 

the longitudinal computerized record system.  Patients seen at either ED from October 

1995 to October 1996 were randomized to either have information from the Regenstrief 

Medical Record System, if available, provided to their ED physician or not.  The primary 

outcome measure was mean ED charge for a single encounter. Since Medicare requires 

that hospitals combine ED and inpatient charges into a single bill for patients admitted 

into the hospital, charges specific to the ED encounter could not be identified and 

unbundled for those patients who were immediately admitted.  Consequently the authors 

decided to only include the first day charges (except for room and board charges) for all 

encounters.  Secondary outcome measures included subsequent hospital admissions, 
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frequency of laboratory tests when the same test had been ordered within 30 or 90 days 

prior to the ED visit and overall frequency of laboratory tests ordered.  Overall a $26 

(95% CI: $2-$51) savings per encounter was observed at one ED but no statistically 

significant savings with the other ED.  No differences were observed at either ED in 

laboratory test ordering or hospital admissions.  Limitations of this study included 

significant information delivery problems with computerized records not being delivered 

to the patient chart 39 percent of the time in one hospital and 14 percent of the time in the 

other hospital even though the information was available) (Overhage et al., 2002).  

Furthermore, the only data available in the medical record system was medical care 

received at the third hospital or clinic without any information on medical care received 

at physician offices or outpatient pharmacies. 

Stair (1998) conducted an observational study to evaluate the association between 

the computer-based medical record system used by the Veterans Health Administration, 

known as DHCP (Decentralized Hospital Computer Program).  In 1995, a group of 

emergency physicians planned the design of a patient summary using data from the 

DHCP including demographics, discharge summaries, clinic appointments, laboratory 

results, radiology reports, and prescription drugs.  A supervising emergency physician 

tallied each time data from the DHCP contributed to clinical decisions during 500 

consecutive ED visits from patients whose DHCP data were available.  Overall, data 

from the computerized record were observed to be associated with avoidance of 

redundant laboratory tests in 24 percent of the ED visits; patient care was improved in 19 

percent of the ED visits (measured as visits in which more time was focused on history, 
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physical exam, patient interaction, medication adjustments, and follow-up planning as a 

result of avoidance of imaging, laboratory testing, specialty consultations or hospital 

admissions due to data being used from the DHCP).  Visits in which the patient’s 

complaints were due to chronic or recurrent, stable, and already fully evaluated during a 

previous visit were associated with the greatest benefit of the DHCP (Stair, 1998).  These 

results agree with a much earlier, randomized controlled trial also conducted by the 

Regenstrief Institute for Health Care to examine the effect of immediately printed 

summaries from an early RMRS (McDonald et al., 1983) that contained data from 

general medicine patients from Wishard Memorial Hospital on test ordering in the ED 

(Wilson et al., 1982).  ED visits where the medical record was used were associated with 

fewer diagnostic test charges ($29.94 [2.7 tests] vs $34.91 [3.2 tests], P<0.026) (Wilson 

et al., 1982). 

 

2.4. Measures of Quality and Efficiency 
 

Studies that have examined the effect of HIT on quality of healthcare across 

settings have defined quality broadly and has been measured by various process 

outcomes (Chaudhry et al., 2006).  Such outcomes have included, but are not limited to 

adherence to clinical practice guidelines; delivery of preventive care; screening; 

vaccination use; reduction in medical errors, medication errors, or adverse drug events; 

and reductions in healthcare utilization and costs associated with or likely to be a result 

from an adverse event (Chaudhry et al., 2006).  In the ED setting, reductions in return 

visits to the ED or hospital have been frequently used as measures of quality (Forster, 
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Murff, Peterson, Gandhi, & Bates, 2005; Nunez, Hexdall, & Aguirre-Jaime, 2006; 

Forster, Rose, van Walraven, & Stiell, 2007).      

Patient safety is a fundamental component of quality of care (Institute of 

Medicine, 2001).   Research evaluating safety within the ED or hospital setting may 

underestimate problems or errors if patients are not followed-up after discharge (Forster, 

Murff, Peterson, Gandhi, & Bates, 2003a).  The relatively first few weeks after discharge 

from a hospital or ED is considered a period where patients are at an increased risk for 

adverse events.  Medical record reviews and structured telephone interviews have 

revealed that 19 percent (95% CI, 15% to 23%) of patients discharged from a general 

medical service unit experienced and adverse event, defined as any type of injury 

resulting from medical management (Forster et al., 2003a).  Among these patients, half 

reported additional health service utilization such as extra physician office visits, 

additional laboratory monitoring, ED revisits and hospital re-admissions.  A similar study 

observed that 11 percent (95% CI, 8% to 14%) of hospital discharged patients 

experienced an adverse drug event within four weeks of discharge (Forster et al., 2005).  

Patients with chronic conditions being treated with medication therapy are particularly 

vulnerable during this period of time since patients are likely to have experienced a recent 

change in health state and may have had several prescription changes (Parkin, Henney, 

Quirk, & Crooks, 1976; Katz, Nicod, Brunner, & Waeber, 1996).  

 According to the IOM, improvements in the efficiency of healthcare is 

accomplished through the avoidance of waste, including waste of equipment, supplies, 

ideas, or energy (Institute of Medicine, 2001; Ballard, Spreadbury, & Hopkins, III, 2004).  
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Studies in the area of HIT have defined improvements in efficiency of care as either 

reducing unnecessary utilization (inappropriate use of drugs, redundant laboratory and 

radiology testing, etc) and improvements in the use of patient or provider time (Chaudhry 

et al., 2006).  These measures are frequently used across settings, including the ED. 

 

2.4.1. Research on Return Visits to the Emergency Department 

A recent report by the united Hospital Fund lists reduced repeat admissions as a 

primary outcome that is important in the evaluation of HIE technologies (Hripcsak et al., 

2007a).  Unscheduled return visits to the ED have been associated with prognostic, 

diagnostic, and treatment errors and are an accepted quality care indicator (O'Dwyer & 

Bodiwala, 1991; Henderson, Graveney, & Goldacre, 1993; Lindsay, Schull, Bronskill, & 

Anderson, 2002; Nunez et al., 2006).  However the timeframe for which to measure 

unscheduled return visits has varied widely from within 72 hours (Lerman & Kobernick, 

1987; Keith, Bocka, Kobernick, Krome, & Ross, 1989; Pierce, Kellerman, & Oster, 1990; 

Liaw, Bullard, Hu, Chen, & Liao, 1999; Nunez et al., 2006; Goldman, Ong, & 

Macpherson, 2006; Wang, Chew, Kung, Chung, & Lee, 2007; Nash, Zachariah, 

Nitschmann, & Psencik, 2007; Fan et al., 2007), to within seven days (Cardin et al., 2003; 

McCusker et al., 2007), and up to 4 weeks (Henderson et al., 1993; Caplan, Brown, 

Croker, & Doolan, 1998; Friedmann et al., 2001; Forster et al., 2007; Moloney, Bennett, 

& Silke, 2007) of discharge.  O’Dwyer and Bodiwala (1991) reported that 63 percent of 

return visits occur within seven days; Forster et al., (2007) reported that over 80 percent 

of return visits occur within 10 days of the initial ED discharge.  Furthermore, due to 
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limitations of data sources and the inability to differentiate planned from unplanned 

return visits, studies have also considered any return visit as a quality indicator (Caplan et 

al., 1998; Cardin et al., 2003; McCusker et al., 2007; Moloney et al., 2007; Wang et al., 

2007).   In addition, return visits to the ED or hospital has been used as an indicator of 

adverse events due to inappropriate discharge medications (Chin et al., 1999; Hastings et 

al., 2008). 

 Rates of return visits have also varied in the literature due to varying definitions 

and populations studied.  Return visits for pediatric patients have been reported to be 3.5 

percent, 5.2 percent, and 6.8 percent within 48 hours, 72 hours, and fourteen days, 

respectively (Zimmerman et al., 1996; Alessandrini, Lavelle, Grenfell, Jacobstein, & 

Shaw, 2004; Goldman et al., 2006).  Within this population, approximately 80 percent of 

all return visits within these timeframes have been considered unscheduled (Zimmerman 

et al., 1996; Alessandrini et al., 2004).  Return visits within seven and 30 days have been 

reported for 10 percent and 14 percent, respectively, among the population 65 years of 

age or older (McCusker et al., 2007); and hospital admission within 4 weeks for 17 

percent of ED patients 75 years or older (Caplan et al., 1998).  Friedmann, et al. (2001) 

reported 16 percent of ED patients 65 years or older experienced an ED revisit, hospital 

admission, or death within 30 days.  Within 90 days of an initial ED visit, estimates of 27 

percent and 34 percent of patients 65 years or older experienced an ED return, 

hospitalization or death have been reported (Friedmann et al., 2001; Hastings et al., 

2007).  An observation study using administrative data and medical record review in a 

sub-sample of all ED patients (regardless of age) from an academic medical center 
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reported return visits within 7 days from 11.0 percent in 1992 to 12.4 percent in 1993 

(Cardin et al., 2003).  Another study within the adult population observed return visits to 

the ED or hospital for 8.5 percent of all discharged visits (Forster et al., 2007).  No 

studies were uncovered during the literature review for this dissertation reported data on 

the impact of an EHR or HIE on ED return visits.   

 

2.4.2. Research on Duration of Stay in the Emergency Department 

In addition to evaluating the rate of repeat visits, the United Hospital Fund also 

lists length of stay as a primary outcome important in the evaluation of HIE technologies 

(Hripcsak et al., 2007a).  ED duration, also termed length of stay or throughput time is 

usually defined as the time from arrival to departure (either discharge to home or transfer 

out of the department for inpatient admission) and is an accepted measure of efficiency in 

the ED (Chan, Reilly, & Salluzzo, 1997; Kyriacou, Ricketts, Dyne, McCollough, & 

Talan, 1999; Gorelick, Yen, & Yun, 2005; Sibbritt, Isbister, & Walker, 2006; Rathlev et 

al., 2007; Gardner, Sarkar, Maselli, & Gonzales, 2007; Flottemesch, Gordon, & Jones, 

2007).  In addition to a marker for efficient use of ED resources, ED duration has also 

been shown to be related to patient satisfaction (Bursch, Beezy, & Shaw, 1993; Magaret, 

Clark, Warden, Magnusson, & Hedges, 2002) and patient safety since longer waiting 

times can lead to patients leaving without receiving care and may therefore increase the 

concern for patient safety (Arendt, Sadosty, Weaver, Brent, & Boie, 2003; Kennedy, 

Rhodes, Walls, & Asplin, 2004). 
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No research studies that evaluated the impact of an EHR or HIE in the ED setting 

were uncovered during the literature review.  A recent retrospective time series analysis 

of evaluated the ED duration in over 93,000 ED visits between 2002 and 2003.  The 

mean duration was 4.02 hrs (95% CI, 3.97 to 4.07) (Rathlev et al., 2007).  This was 

slightly higher then the estimated national average duration in 2005 of 3.3 hours (Nawar 

et al., 2007). 

 

2.4.3. Relevant Variables Related to Quality, Efficiency and Cost 

Triage is a process of prioritization, usually by a trained nurse, of the presenting 

patient’s condition (Iserson & Moskop, 2007).  Emergency department triage systems are 

designed to identify the most urgent cases so that they can be given a higher priority than 

less urgent cases, thus making the most efficient use of resources.  Several different 

severity scores have been developed and are routinely used.  Most of the systems used in 

the United States are 3-level systems; although 5 level systems are gaining popularity as 

they have been shown to be more reliable (Tanabe, Gimbel, Yarnold, Kyriacou, & 

Adams, 2004b).  Common 5-level systems include the Emergency Severity Index (ESI), 

developed in the United States, and the Canadian Triage and Acuity Scale (CTAS) 

(Iserson et al., 2007).  The ESI defines 1 as most urgent and 5 as least urgent and has 

been demonstrated to be an accurate and reliable predictor of ED resource consumption 

(Tanabe, Gimbel, Yarnold, & Adams, 2004a; Tanabe et al., 2004b).  Since the ESI and 

other triage severity scores have been shown to related to LOS (Tanabe et al., 2004a; 

Sibbritt et al., 2006; Gardner et al., 2007; Dong et al., 2007), return visits (Cardin et al., 
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2003; Alessandrini et al., 2004; Goldman et al., 2006; Fan et al., 2007), and costs (Dong 

et al., 2007). 

Comorbidity burden is an important confounder epidemiologic studies and 

healthcare utilization studies that use claims data (Schneeweiss et al., 2001).  Scores that 

can be used to adjust for comorbidity burden are useful tools in controlling for 

confounding (Charlson, Pompei, Ales, & MacKenzie, 1987; Deyo, Cherkin, & Ciol, 

1992; Schneeweiss et al., 2001; Farley, Harley, & Devine, 2006).  The Charlson index is 

the most common index used to control for comorbidity in health outcomes studies and 

was originally developed for use in medical record data to assign weights to nineteen 

different disease states (increasing weight corresponds to increasing comorbidity burden 

(Farley et al., 2006).  The Charlson score has been modified for use in administrative 

claims data (Deyo et al., 1992).  Both the Charlson and the Deyo modification rely on 

International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-

CM) codes on medical claims for score calculation,  In addition to healthcare resource 

utilization and costs, the Charlson score has been shown to be related to repeat ED visits 

(Friedmann et al., 2001; Wang et al., 2007; Hastings et al., 2007).  The number of 

comorbidities has also been related to ED return visits (Cardin et al., 2003) 

Additional variables observed to be related to return ED visits and other adverse 

events include lower socioeconomic level (Nunez et al., 2006), age (Nunez et al., 2006; 

Forster et al., 2007; Fan et al., 2007), diagnosis on initial visit (Nunez et al., 2006), ED 

visit within previous six months (Hastings et al., 2007), hospitalization within previous 

six months (Hastings et al., 2007), poor physical functioning (Friedmann et al., 2001), 
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initial ED visit during the weekend (McCusker et al., 2007), availability of inpatient beds 

at the time of the initial visit (McCusker et al., 2007).  Additional variables related to ED 

duration include gender, age, race, no health insurance, ED census and inpatient bed 

availability (Kyriacou et al., 1999; Rathlev et al., 2007; Gardner et al., 2007; McCarthy et 

al., 2008). 

 

2.5. Relevant Research Methods 
 

2.5.1. Research using Health Insurance Claims Data 

 Over the past several decades, analysis of medical and pharmacy insurance claims 

data has become a widely-used and important tool in health outcomes research including 

studies designed to evaluate comparative effectiveness among medical and 

pharmaceutical technologies.  Compared to randomized clinical trials, claims-based 

approaches generally include much larger populations and rely on data generated from 

actual practice settings, leading to strong external validity.  Such studies allow 

investigators to follow patients for long periods of time, cost less, and often produce more 

timely policy and practice results (Motheral & Fairman, 1997; Garrison, Jr., Neumann, 

Erickson, Marshall, & Mullins, 2007).   Claims-based approaches have benefited from 

the development of consensus practice guidelines that often guide researchers in 

designing studies and analyzing data in order to mitigate many of the limitations of 

claims-based studies, especially those related to selection bias (Schneeweiss, Maclure, 

Walker, Grootendorst, & Soumerai, 2001; Curtis, Hammill, Eisenstein, Kramer, & 
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Anstrom, 2007; Sturmer, Glynn, Rothman, Avorn, & Schneeweiss, 2007; Stukel et al., 

2007).   

 Research using claims data have several main advantages over other types of 

research.  First, claims data are broad in scope since patient-level data can typically be 

linked to all components of the healthcare system including physician, hospital, drug, and 

any other medical utilization covered under health insurance benefits (Motheral et al., 

1997). This characteristic allows researchers to obtain a comprehensive picture of the 

experiences and outcomes associated with use of healthcare services.  Furthermore, 

longitudinal analyses of large cohorts and examination of rare diseases can be conducted.  

Second, claims databases give researchers flexibility over selection of the most 

appropriate study design (e.g., cohort, case-control, or cross-sectional designs); control 

groups; and study timeframe for examining the research hypotheses.  Third, since many 

claims databases are relatively large, they offer more statistical power with a relatively 

lower cost to conduct such research as compared to RCTs or prospective studies.  Finally, 

since claims data are used for payment purposes, they are generally complete and are 

especially advantageous for measuring healthcare resource use and cost (Motheral et al., 

1997; Garrison, Jr. et al., 2007). 

 Claims-based research also has several limitations that threaten the interval 

validity of study findings (Iezzoni, 1997).  Most notably, administrative claims data were 

not collected for research purposes, and as such are subject to diagnostic coding errors 

including misspecification, miscoding, incorrect sequencing decisions, and clerical 

mistakes.  Misspecification refers to errors associated with incomplete information from 
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the provider including providing the wrong diagnosis or failing to provide a diagnosis in 

the medical record.  Miscoding refers to applying the wrong coding rules to the final 

diagnosis and is typically due to failure of the medical coder.  Incorrect sequencing 

describes using diagnostic codes that are more applicable to secondary diagnoses as the 

primary diagnosis.   Clerical mistakes are simple errors such as transposing digits and 

typically make up a small percentage of errors.   

Other specific threats to internal validity depend upon the type of study design 

(Campbell & Stanley, 1963).  However, confounding is a threat to most retrospective 

observation studies with comparison groups since random assignment is not performed.  

Confounding refers to differences between comparison groups that affect the outcomes 

being studied (Motheral et al., 1997).  Such confounding can exaggerate, mitigate, or 

reverse true effects being studied.  According to Motheral and Fairman (1997), severity 

of illness is one of the most prominent confounding variables that should be controlled.  

Controlling for illness severity using administrative claims data can be attempted by 

measuring prior health services use, prior number and types of comorbidities, and prior 

number and type of prescription drugs.  In addition, selection channeling bias can 

threaten the internal validity of the study results.  These biases refer to systematic 

differences between comparison groups as a result of selection (by a patient or provider) 

into on of the comparison groups.  The term channeling bias is specifically for the 

situation where a physician chooses one treatment instead of an alternative based on 

factors that also affect the outcome.  If factors causing the selection bias are observed, or 
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overt, statistical techniques that adjust for the bias include multiple regression or 

propensity score analysis.   

 

2.5.2. Propensity Score Matched Sampling 

Most medical research studies observe what happens to patients who receive a 

treatment or some intervention with the goal of determining the effect.  The 

counterfactual (i.e., true effect) is knowledge of what would have happened to the very 

same patients had they received an alternative treatment (Shadish, Cook, & Campbell, 

2002).  Since it is impossible to simultaneously observe patients receiving and not 

receiving the same treatment, the central task in causal studies is to create a reasonable 

approximation to the counterfactual (Shadish et al., 2002).   Randomized control trials 

(RCTs) are considered the “gold standard” for estimating treatment effects since the 

process of random assignment minimizes, or eliminates, both observed and unobserved 

differences between treatment and control group (Baser, 2006).  As a result, the treatment 

or intervention under study remains to be the most likely cause for differences in 

observed outcomes and is the best approximation of the counterfactual (Baser, 2006).   

In many situations, however, conducting RCTs is not possible due to the nature of 

the research goals, as well as time and financial constraints (Baser, 2006).  As a result, 

researchers rely on observational studies, including quasi-experimental studies, to 

estimate treatment effects or to test causal hypotheses (Shadish et al., 2002).  Since 

systematic differences between subjects in the treatment and comparison groups may 

exist in observational studies, estimates of effect may be biased and inconsistent if such 
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differences are related to the outcome under study (Foster, 2003).  Pretreatment 

differences in observed and accurately measured covariates has been referred to as overt 

bias, which is observable in the data and can be removed by adjustments (Baser, 2006). 

Matching is frequently used to remove overt bias and estimate treatment effects in 

observation studies (Baser, 2006).  In observational studies where the number of potential 

control subjects is much larger than the number of subjects exposed to the intervention, 

many of the controls may not be good matches is they are very different to the 

intervention subjects, in such situations, matched sampling provides a useful strategy for 

obtaining control subjects that are similar on background characteristics to subjects 

exposed to the intervention (Rosenbaum & Rubin, 1985).  One common method for 

matching is exact matching on covariates that are related to both the outcome and 

selection into the treatment group; however, this method requires a matching comparator 

for each covariate pattern in the intervention group and consequently results in a 

dimensionality problem as the number of potential confounding covariates increases 

(Dehejia & Wahba, 2002).  For example, if all n variables used to find exact matches are 

dichotomous, then the number of possible values for the vector of covariates will be 2n 

(Dehejia et al., 2002).  Thus if 10 matching variables were chosen, there would be a 

possible total of 1024 matching patterns; if 20 were chosen, over one million potential 

matching patterns would be possible.  Exact matches would be hard to find for many 

treated patients in both examples. 

Rosenbaum and Rubin suggest the use of a propensity score as a solution to the 

dimensionality problem of exact covariate matching (Rosenbaum et al., 1985).  The 
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propensity score is the predicted probability of group membership (e.g., treatment vs. 

control), based on observed covariates, usually obtained from a logistic regression model 

(Baser, 2006).  Machining on the single scalar propensity score will tend to balance the 

distribution of background covariates and result in a counterfactual group (Rosenbaum et 

al., 1985; Baser, 2006).  According to D’Agostino (1998), using the propensity score to 

adjust the estimates of treatment effects creates a quasi-randomized experiment where 

groups are assumed to be randomly assigned on the observed covariates.  The difference 

in the average treatment effects between the two groups is then calculated as the 

difference in outcomes between the matched groups.  Although propensity score 

matching will balance groups on observed covariates, unlike randomization, it does not 

balance groups on unobserved covariates unless they are correlated with the observed 

covariates (Rosenbaum et al., 1985).  Propensity score analysis is an example of recent 

advances in techniques applied to observation studies to aid in making causal inferences 

(Pearl, 2002). 

Once the propensity score is estimated, three choices must be made and when 

implementing the propensity score matching: whether or not to match with replacement, 

how many comparison subjects to match to each treated subject, and which matching 

method to choose (Dehejia et al., 2002).  The first two decisions involve a trade-off 

between bias and variance (Caliendo & Kopeinig, 2005)  

Matching with replacement results in a better quality match in terms of bias 

reduction because each treatment unit can be matched to the best (nearest) comparison 

unit regardless if the comparison unit is already matched to another treatment unit.  This 
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minimizes the propensity score distance between the matched comparison units and the 

treatment units (Dehejia et al., 2002). However, this procedure also results in increased 

variance and less precision of the estimate of treatment effects since fewer units are used 

to construct the counterfactual (Caliendo et al., 2005).  On the other hand, matching 

without replacement may result in increased bias if there are not sufficient units in the 

comparison pool but may also result in decreased variance (increased precision) because 

the resulting sample size would be larger (Dehejia et al., 2002; Baser, 2006).  Generally, 

matching with replacement is used when the pool of comparison units is small or if the 

propensity score distribution is very different between the treatment and comparison units 

(Caliendo et al., 2005; Baser, 2006). 

The advantages and disadvantages associated with oversampling control units 

also involves a trade-off between bias and variance (Caliendo et al., 2005; Baser, 2006).  

If only one comparison for each treatment unit is chosen (i.e., 1 to 1 matching), generally 

the chosen unit is the best possible match and thus results in decreased bias; however the 

smaller sample size would result in larger variance.  If oversampling of comparison units 

is chosen, then typically the closeness of the required propensity score is relaxed to allow 

multiple comparison units and thus a poorer quality match and increased bias may result.  

However the tradeoff is a larger sample size from which to construct the counterfactual 

resulting in reduced variance and increased precision of the estimates (Caliendo et al., 

2005; Baser, 2006).   

Several different type of estimators have been discussed in the literature and 

include stratified matching, nearest neighbor (NN) matching, radius matching, and 
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Mahalanobis metric matching (Rosenbaum et al., 1985; Dehejia et al., 2002; Caliendo et 

al., 2005; Baser, 2006).  Nearest neighbor (NN) matching is the most straight forward 

method and involves randomly sorting the data by the propensity score and then selecting 

one or more comparison units that is closest to the treatment unit in terms of their 

propensity score.  With this method, there is a risk of poorer matches is the nearest 

neighbor in terms of the propensity score is numerically distant; random sorting is 

therefore strongly recommended.  Furthermore, if imposing a pre-set caliper, or 

maximum propensity score distance that is tolerated, the risk of having a bad match can 

be avoided.  This is similar to allowing for replacement.   

Significant differences have been observed when applying different matching 

algorithms to the same data.  However, when propensity score matching is followed by 

multivariable regression modeling, estimates treatment effects have been shown to robust 

to variation in matching algorithms with significantly reduced variance (Baser, 2006). 

One limitation of propensity score matching is that many of the algorithms omit a 

sizeable and significant proportion of the comparison population, thus limiting the 

generalizability of the results (Curtis et al., 2007).  An alternative approach is the use of 

inverse propensity score estimators or inverse probability weighted estimators to adjust 

for confounding (Hirano & Imbens, 2002; Hirano, Imbens, & Ridder, 2003; Curtis et al., 

2007).  Advantages of using this technique include requiring fewer distributional 

assumptions related to the underlying data and, when combined with regression 

modeling, accounts for residual confounding and leads to unbiased estimates of effect 

even if the regression models are misspecified (Lunceford & Davidian, 2004; Curtis et 
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al., 2007).  However, according to Dehejia and Wahba (2002), the ability to discard 

unmatched comparison units is an important feature of matching since it may be costly to 

obtain data on the outcome of interest; thus retaining a subset of the most relevant 

comparison units is advantageous.  Furthermore, even if data were available for all 

potential comparison units, matching reveals the extent of overlap between the groups 

and limits the amount of extrapolation or smoothing the estimate of treatment effect over 

unnecessary comparison units. 

 

2.6. The Andersen Behavioral Model for Health Services Use 
 

One of the most frequently used conceptual frameworks for examining factors 

related to healthcare utilization is the Behavioral Model of Health Service Use (Andersen 

& Newman, 1973; Aday & Andersen, 1974; Andersen, 1995).  The original model was 

developed to assist in understanding why families use healthcare services and to define 

and measure equitable access to healthcare but has been subsequently modified to focus 

on the individual patient (Andersen, 1995).   

According to this model, the decision to use healthcare services is based on 

predisposing characteristics, enabling resources, and need.  Predisposing characteristics 

include demographic characteristics (e.g., age and gender), social structure characteristics 

(e.g., education, occupation, race), and health beliefs or attitudes about the need for 

health services.  Enabling factors include income, having health insurance and the 

associated benefit design, having a regular source of care, and distance from the source of 

healthcare services.  Need factors are related to perceived need (e.g., perceived health 
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status, perceived severity) and evaluated need (e.g., previous diagnoses, comorbidity 

burden, evaluated illness severity).  It has been suggested by Andersen (1995) that need 

factors are likely to have the strongest association with healthcare use.  More specifically, 

perceived need is more closely related to care-seeking behavior and adherence to 

medication regimens, whereas evaluated need is more closely related to the type and 

amount of treatment a patient receives after a patient presents for medical care.   

Over the last several decades Andersen’s original model has been modified to 

describe additional aspects of healthcare use (Andersen, 1995).  Modifications include 

the addition of improved health status and improved satisfaction as a result of healthcare 

use and the inclusion of multiple feedback loops that describe how the use of healthcare 

and its impact on health status affect subsequent predisposing factors and perceived need 

for additional healthcare use.  The original core of the Behavioral Model for Health 

Services Use (i.e., predisposing, enabling, and need factors) has been used to identify 

factors related to the use of ED services and return ED visits (Cardin et al., 2003; Huang, 

Tsai, Chen, Hu, & Yang, 2003). 
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CHAPTER 3 

3. RESEARCH DESIGN AND METHODS 

 

3.1. Study Overview 

 This was a retrospective cohort analysis of ED visits designed to evaluate the 

impact of a payer-based EHR on quality, efficiency and cost of ED care.   ED visits in 

which a payer-based EHR was accessed were compared to a historical comparison group 

of ED visits that occurred over approximately the same months in the year prior to the 

EHR implementation.  All study variables were measured using health insurance claims 

data combined with additional administrative data elements from the study ED where the 

payer-based EHR was implemented.  Specific medical outcomes examined and compared 

between the EHR visit group and the historical comparison group included occurrences 

of an ED visit within one week and four weeks after the initial visit; total time spent in 

the ED (ED duration); healthcare utilization and cost during the ED visit; and total 

healthcare costs and outpatient pharmacy utilization during the four weeks after the visit 

(follow-up).   

 

3.2. Study Objectives and Research Hypotheses 

3.2.1. Objective 1 

The first objective was to evaluate the association between the use of a payer-

based electronic health record and the quality of care received in the ED as measured by 
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the frequency of return visits to the ED or hospital.  Return visits and hospitalizations 

after ED discharge are a known and accepted indicator for quality of care.   

Ho1: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within one week of the 

emergency department visit. 

Ho2: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within four weeks of the 

emergency department visit. 

Ho3: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

one week of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

Ho4: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

four weeks of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 
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3.2.2. Objective 2 

The second objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and efficiency of care.  

Efficiency of care was defined by several measures including the total time spent in the 

emergency department (ED duration) and the occurrence of laboratory tests and 

diagnostic imaging procedures during the ED visit. 

Ho5: There is no association between the use of a payer-based electronic health 

record within an emergency department and time spent in the emergency 

department. 

Ho6: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of laboratory 

blood tests during the emergency department visit. 

Ho7: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of diagnostic 

imaging procedures during the emergency department visit. 

Ho8: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of other 

medical procedures during the emergency department visit. 

 

3.2.3. Objective 3 

The third objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and the total costs of 
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care during the emergency department visit.  Costs included total medical costs incurred 

and costs and specific component costs including pharmacy, laboratory, and imaging 

costs.  

Ho9: There is no association between use of a payer-based electronic health 

record within an emergency department and emergency department costs 

of care.  

 

3.2.4. Objective 4 

The fourth objective was to evaluate the association between the use of a payer-

based electronic health record within the emergency department and both total healthcare 

costs and outpatient pharmacy utilization over the four weeks after the emergency 

department visit.  Costs evaluated for this objective included total health plan paid 

amounts.  Outpatient pharmacy utilization included the total number of pharmacy claims 

in the four weeks after the visit.    

Ho10: There is no association between use of a payer-based electronic health 

record within an emergency department and health care costs in the four 

weeks following the emergency department visit.  

Ho11: There is no association between use of a payer-based electronic health 

record and the number of prescription drug claims in the four weeks 

following the ED visit. 
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3.3. Research Design 

 To meet the objectives of this study, a retrospective cohort analysis with a 

historical comparison group was conducted.  The retrospective cohort design was 

appropriate since the data used for this research was from an existing health insurance 

claims database and this design allowed for both the intervention group and a larger 

comparison group to be identified and followed forward in time during and after their ED 

visit.  The outcomes of interest could then be measured and compared between the two 

cohorts.  More specifically, the comparison group served as a historical control since it 

represented ED visits from health plan members prior to the implementation of the payer-

based EHR.  Also since data were available on patients in both cohorts before the ED 

visit of interest, allowing for the collection of baseline data, this study was a quasi-

experimental design most similar to the cohort control group design with pretest from 

each cohort (Shadish et al., 2002).  In quasi-experimental designs, the goal is to attempt 

to test descriptive causal hypotheses, however unlike experimental designs, the researcher 

does not have the ability to introduce random assignment and lacks full control over the 

scheduling of when and to whom subjects receive the experimental stimuli (i.e., 

intervention) (Campbell et al., 1963; Shadish et al., 2002).  Furthermore, researchers still 

have control over selecting measures and the kinds of comparison groups with which the 

treatment groups are compared (Shadish et al., 2002).  According to Shadish, Cook and 

Campbell, the cohort control group design is particularly useful if one cohort experiences 

a treatment earlier or later than other cohorts; organizations give treatments to everyone, 

thus precluding simultaneous controls thus only allowing for historical controls; or if only 
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archived records are available for constructing and comparing cohorts.  The present 

research closely matches these situations.   

 

3.4. Data Source  

The data used for this study were provided by HealthCore, Inc., a healthcare 

research organization located in Wilmington, DE.  HealthCore owns and operates the 

HealthCore Integrated Research Database which contains longitudinal health insurance 

claims data from several large health plans located across the United States.  From this 

database, HealthCore extracted health insurance claims and administrative eligibility files 

from one health insurance plan in the Mid-Atlantic region and merged them with 

additional administrative data elements provided by the study ED.  All study ED 

encounters from January 1, 2004 through February 17, 2006 were extracted, compiled 

and made available for this research in a Health Insurance Portability and Accountability 

Act of 1996 (HIPAA) compliant, de-identified dataset. 

The health insurance plan that supplied the claims data to HealthCore is a large 

commercial health insurer in the Mid-Atlantic region of the United States offering a 

comprehensive portfolio of health benefits products to more than 432,000 members.  

Benefit plans include independent practice association (IPA), preferred provider 

organization (PPO), point of service (POS), and traditional indemnity plans.  

Administrative claims data from the health plan provided by HealthCore included fully 

adjudicated health insurance claims from all hospitalizations, ED visits, outpatient 

services, and outpatient pharmacies submitted for provider reimbursement.  Claims were 
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linked by subscriber identification to health plan eligibility files.  Furthermore, 

supplemental claims for members who have federally sponsored Medicare are included in 

the database; however, information on the coordination of benefits was not available. 

The study hospital ED is part of a large healthcare system and is one of the largest 

not-for-profit healthcare providers in the Mid-Atlantic region, serving all of Delaware 

and portions of seven counties bordering the state in Pennsylvania, Maryland and New 

Jersey.   The hospital system comprises two hospitals with the study hospital being the 

larger of the two.  The study hospital is a 780-bed tertiary care academic medical center 

and Level-I Trauma Center for both adults and children.  The Emergency and Trauma 

Center at within the study hospital is a 43,000 square foot, state-of-the-art facility with a 

625-square-foot, surgical shock trauma operating room and 76 ED treatment bays.   In 

addition, most, if not all, of the ED physicians are board certified by the American Board 

of Emergency Medicine (ABEM). The annual ED census in 2005 was 91,391 visits and is 

one of the busiest EDs in the country.  Data elements deemed necessary for the 

completion of this study, but not routinely available in health insurance claims databases 

were obtained from the study hospital and merged with the claims data for this analysis.  

Such data elements included length of stay in the ED, the emergency severity index (ESI) 

measure used at triage, the census of the ED at the time of each ED visit, and whether or 

not the visit resulted in hospital admission or discharge to home. 
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3.5. Electronic Health Record Implementation 

Beginning in September 2005, the health plan partnered with the study hospital 

and a private software and services company to implement a payer-based EHR as a pilot 

project and a first step towards the development of a full scale regional health 

information organization.  The hospital ED became the first beta site where the payer-

based EHR was implemented.  The payer-based EHR is an electronic health record that 

provides a common view of a patient’s medical history based on health insurance claims.   

The payer-based EHR is an organized summary of health information based on health 

insurance claims data.  Techniques used to create the EHR transform health insurance 

claims into useful clinical information for health care providers through proprietary data 

summarization and clinical validation algorithms that are based on evidence-based 

medicine.  Because the EHR is based on health insurance claims submitted for 

reimbursement from physicians, laboratories, pharmacies, hospitals and other sources, it 

represents a comprehensive health information exchange technology.  Components of the 

payer-based EHR include basic patient information (age, gender, date of birth, address, 

and primary care physician information); a list of major conditions and severity; a health 

status measure; previous inpatient admissions and principal diagnosis; previous ED visits; 

previous laboratory services (actual test results/images not provided); previous outpatient 

medication use (including number of fills and date of last fill); name, specialty, and 

contact information for recent providers seen; clinical flags; and active and closed care 

management summaries.  A sample of the payer-based EHR report for a fictitious patient 

is provided in Appendix A.   
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 The workflow within the hospital ED was such that upon initial presentation of a 

health plan member, a registration clerk accessed the website of the private software 

vendor to determine the existence of the payer-based EHR.  If such a record existed, the 

clerk would print the summary along with the chart face sheet and place it on the patient 

chart.  The triage nurse would then transcribe the clinical information into the ED 

admission forms that would subsequently be added to the medical chart for ED physician 

review.  This procedure either occurred during the full registration process at triage, or at 

the patient’s bedside using a computer on wheels.  Since the procedure of determining if 

the payer-based EHR was available online served as one from of verifying insurance, the 

implementation was consistent with the usual ED workflow. 

  

3.6. Identification of Study Sample 

The unit of analysis for this study was an individual ED encounter.  ED 

encounters were identified by the presence of facility charges (HCFA Uniform Bill-92 

(UB-92) codes 450-452) and claims for ED evaluation and management (Current 

Procedural Terminology (CPT) codes 99281-99285).  Unique patients were not restricted 

from contributing multiple ED visits from the analysis.  Each visit was assessed for study 

inclusion independently. 
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3.6.1. Identification of Electronic Health Record Visits 

All payer-based EHR accesses within the hospital ED between September 1, 2005 

and February 17, 2006 were made available to HealthCore by the private software 

vendor.   These EHR accesses were then linked to corresponding insurance claims data to 

identify ED encounters within 1 day of the EHR access.  This allowed for situations such 

as late night ED visits and related early morning EHR accesses.  ED encounters 

associated with EHR accesses were defined as “EHR visits”.  Approximately 900 ED 

visits with a corresponding EHR access were identified prior to applying any inclusion or 

exclusion criteria.  Over the five and a half months after the implementation of the EHR, 

approximately half were associated with an actual EHR access.  It is not known if the ED 

visits that did not have an EHR access associated with them were systematically different 

from those that did.   

The baseline period was defined as the six months prior to the EHR visit date.  

Two periods were defined to measure the outcomes of interest: the ED visit and the four 

weeks after the ED visit (follow-up).   

All EHR visits included in this study were required to be from patients with 

continuous health plan eligibility during the baseline period, the ED visit, and the follow-

up period.  Requiring continuous health plan eligibility reduces the potential bias for 

unobserved healthcare services received outside of the health plan.  The six month 

baseline period was chosen to allow for sufficient time to measure potentially important 

baseline information from health insurance claims such as previous medication use and 

presence of chronic conditions.  The four week follow-up period was chosen in order to 
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ensure capture of important healthcare utilization and potential consequences while 

balancing sample size.  EHR visits were excluded from analysis if there was evidence of 

another ED visit within the 30 days prior to the EHR visit.  Since one of the study 

outcomes was the occurrence of a return visit within 28 days, this last criteria ensured 

that each unit of analysis was not also a return visit. 

 

3.6.2. Identification of Comparison Visits  

Approximately 13,500 potential comparison ED visits within Christiana Hospital 

between January 1, 2004 and February 17, 2006 were made available for this research, 

only a subset of these ED visits were sampled.  Comparison ED encounters used for this 

study were identified from medical claims between September 1, 2004 and February 17, 

2005.  This date range was chosen for three reasons.  First, by only going back one year 

to sample comparison units, rather than the full 20 months available, minimizes the 

history threat to internal validity while still maintaining an adequately large pool of 

potential comparison ED visits.  Second, by sampling from the same five and a half 

calendar months one year prior to the implementation eliminates any systematic 

differences in the type of ED visits due to seasonal variation.  Third, the study hospital is 

a teaching hospital and the residency cycle starts over on July 1st every year resulting in a 

new group of residents in the ED fresh out of medical school.  According to Schmidt, 

Norman and Boshuizen (1991), physicians proceed through at least four developmental 

stages expertise related to how information is organized and stored mentally.  Without 

much experience enabling the development of illness scripts and instance scripts, new 
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residents are more likely to rely on complex pathophysiologic causal models of disease 

when solving problems reasoning strategies which tend to result in slower data gathering 

and problem solving and a decline in clinical reasoning performance as compared to 

experts.  Within the study hospital, confounding due to the fresh cycle of interns may 

have a larger effect on efficiency (ED duration and utilization during the ED visit) rather 

than on return visits (quality measure) and costs since the attending physicians are 

required to see every patient prior to being discharged.   

In addition, comparison visits were not sampled during the same time period as 

the EHR visits (concurrent control) because it is likely that systematic differences 

between the groups may exist that cannot be measured from the data available (e.g., 

decision made at triage to not access the EHR or EHR may not have been available for 

download).  Figure 3-1 illustrates the proposed timeframe used to identify EHR visits and 

comparison visits. 

The baseline, ED visit, and follow-up periods were defined the same way as was 

done for the EHR visits.  Furthermore, the same inclusion and exclusion criteria as 

applied to the EHR visit were applied to the comparison visits.  The shaded box reflects 

entire pool from which comparison ED visits could have been sampled. 
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Comparison Visits EHR Visits

9/1/04 2/17/05 9/1/05 2/17/06

Potential Comparison ED units within Data Set

Unclear reasons why EHR 
was accessed for some 
patients but not others

 
Figure 3-1 Proposed timeframe for selection of EHR and comparison visits 

 
 

3.7. Data Extraction 

All data elements obtained from the administrative claims database and the 

hospital ED were merged and provided in a de-identified HIPAA-compliant dataset.  

 

3.7.1. Independent Variable 

The main independent variable was a dichotomous variable measuring EHR visit 

versus comparison visit. 
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3.7.2. Dependent Variables 

 

3.7.2.1. Return Visits  

Two variables were created to measure the occurrence of a return visit; one 

measured over the first week after the ED visit, the second measured over the four weeks 

after the ED visit.  Claims data were scanned to identify all ED visits or hospitalizations, 

regardless of specific hospital or ED location, within one week and four weeks of the ED 

visit.  These variables were measured for both the EHR visit group and the comparison 

group. 

3.7.2.2. Emergency Department Duration 

Data on the total time spent in the ED (ED duration) was originally obtained from 

the study hospital.  ED duration was calculated for all ED visits and defined as the 

difference, in minutes, between the arrival time and the departure time of the patient 

(either transferred to a different ward or discharged from the ED).  Prior to the 

implementation of the EHR, the study ED also implemented ED Tracker, and infrared 

technology that tracks the movements and positioning of all ED personnel and patients.  

Using advanced algorithms, the study ED uses this information to determine the precise 

timing of each segment of ED care.  This information was used to determine arrival and 

departure times. 
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3.7.2.3. Healthcare Utilization Variables 

Utilization metrics during the ED visits included the occurrence of laboratory 

tests, and the occurrence of diagnostic imaging procedures.  Over the four week follow-

up, healthcare utilization metrics included the frequency and number of prescription 

claims. 

 

3.7.2.4. Healthcare Costs 

Total healthcare costs were measured as health plan paid amounts for all 

healthcare services rendered by the patient and submitted for provider reimbursement.  

Costs reflect the amount paid by the health plan.  Costs were measured during the ED 

visit and over the four week follow-up period.   

Costs during the ED visit included all claims associated with the ED encounter.  

Because ED charges and inpatient charges are combined into a single bill submitted for 

reimbursement for patients immediately admitted into the hospital, ED-specific charges 

were indistinguishable from charges for services incurred in the hospital inpatient setting.  

For this reason, and since information obtained from the payer-based EHR may also 

impact initial hospital care, health plan paid amounts for only the first day (i.e., the day of 

the ED visit) were included for ED encounters in which patients were admitted into the 

hospital.  In addition, inpatient costs associated with the entire span of the hospitalization 

and paid in one lump sum such as inpatient room & board charges were excluded form 

the cost of the ED visit.  Total health plan paid amounts were measured over the four 

week follow-up period.   
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All cost data were adjusted to constant 2006 U.S. dollars using the consumer price 

index for all items averaged across the Philadelphia-Wilmington-Washington DC region 

(U.S.Department of Labor, 2008).   

 

3.7.3. Control Variables 

Since the primary data source was health insurance claims, the study dependent 

variables were primarily based on the use of healthcare services.  For example, although 

return visits are being used as a marker for quality of care, they represent a choice made 

by the patient to seek care.  Other outcomes, including utilization, costs and ED duration 

are also the result of decisions made by the provider or patient to use additional services.  

Therefore, variables chosen to be included as control variables and potential confounders 

were based on previous research and Andersen’s Behavioral Model for Health Services 

Use.  Predisposing factors included age, gender, number of ED visits in the prior six 

months, number of prescription drug claims in the prior six months, and total healthcare 

paid by the health plan in the prior six months.  Enabling factors included specific health 

plan type, day of the week (weekday vs weekend), and ED census at the time of the ED 

visit.  It should be noted that both the ED census at the time of triage and the ED census 

at the time the patient left the ED were both obtained from the study ED.  The latter time 

was used to create an average census over the course of the ED visit.  This variable was 

tested in several of the multivariable models to determine is average census had a higher 

association with the outcomes of interest than the triage census.  Need factors included 

the ESI triage severity score, the ED primary diagnosis, comorbidity burden, number of 
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unique drug classes (another measure of comorbidity burden), whether or not the patient 

arrived by ambulance, and whether or not the ED visit resulted in a hospitalization or 

discharge.  Table 3.1summarizes the definition for each control variable. 

Total health care expenditures over the baseline period will be measured using the 

total health plan paid amount.  The ED primary diagnosis will be determined using the 

ICD-9-CM code included in the first diagnosis code on the ED claim.  A limitation of this 

approach is that the use of diagnosis fields for provider reimbursement is not 

standardized.  As a result, the first diagnosis field may be either the final diagnosis for the 

visit or the presenting condition, if different.  Comorbidity burden will be measured over 

the six month baseline period using three measures: the Deyo-Charlson Index (DCI) 

which is based on ICD-9-CM diagnosis codes (Deyo et al., 1992), the count of unique 

drug classes, and the number of physician office visits.  The combination of multiple 

measures of comorbidity has been demonstrated to be e better method of adjustment than 

any single measure, when using administrative claims data (Schneeweiss et al., 2001; 

Farley et al., 2006).  Ambulance service use was identified by the presence of HCFA 

Uniform Bill-92 (UB-92) codes 540-549 on the hospital facility claim.  Finally, an 

indicator variable was obtained from the study ED administrative data that measured 

whether or not the ED visit resulted in a hospital admission or discharge to home.  
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Table 3.1 Control Variables 
Variable Study Definition Measurement 

Timeframe Data Source 

Predisposing factors    
Age, years Years Date of ED visit HP claims data 
Gender Male vs. female Enrollment period HP eligibility files 
ED visits Count or category Prior 6 months HP claims data 
Prescription drug claims Count or category Prior 6 months HP claims data 
Total healthcare 
expenditures, $ HP paid  Prior 6 months HP claims data 

    
Enabling factors    

Health plan type IPA, PPO, Medicare, 
Ind, Other Date of ED visit HP eligibility files 

Day of the Week Weekend vs. weekday Date of ED visit HP claims data 

ED census  Total number of 
patients in ED Date of ED visit SED data 

    
Need factors    
Emergency severity index 1-5 Date of ED visit SED data 
ED primary diagnosis ICD-9-CM codes/CCS Date of ED visit HP claims data 

Respiratory    
Cardiac    
Abdominal/GI    
Psychosocial    
Injury    
Other    

Comorbidity burden (DCI) ICD-9-CM codes Prior 6 months HP claims data 
Count of unique drug 
classes Count or category Prior 6 months HP claims data 

Number of physician office 
visits Count or category Prior 6 months HP claims data 

Ambulance service UB-92 code Date of ED visit HP claims data 
Immediate hospitalization  Date of ED visit SED data 
HP = Health plan; SED = Study ED; IPA = independent practice association; PPO = 
preferred provider organization; Ind = traditional indemnity plan; CCS = clinical 
classification software; ICD-9-CM = International Classification of Diseases, Ninth 
Revision, Clinical Modification; DCI = Deyo-Charlson index 
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3.8. Statistical Analysis 

Because this research uses an observational retrospective design, multivariable 

regression models will be used to adjust for potential confounding.  However, the nature 

of the data being used presents unique challenges for statistical modeling.  Traditional 

regression models such as ordinary least-square (OLS) regression, logistic regression and 

generalized linear models (GLMs) assume that observations are independently and 

identically distributed (i.i.d.).  Since the unit of analysis for this study is the unique ED 

visit, allowing multiple visits from the same patient, observations may not be 

independent, giving rise to within-patient correlation.  A further complexity is that since 

comparison visits and EHR visits are sampled from distinct time periods (before and after 

implementation of the EHR), a second type of correlation may exist within patients 

whose ED visits occur in each of the two time periods (i.e., the same patient has 

comparison visit(s) and EHR visit(s)).  It was expected a priori that few study patients 

(i.e., less than ten percent) would contribute multiple ED visits, and even fewer would 

contribute multiple comparison and multiple EHR visits to the analysis.   

Several statistical techniques can be used to account for the potential for 

correlated observations.  Examples of these techniques include longitudinal models with 

random effects, mixed modeling such as generalized estimating equations (GEE), multi-

level mixed modeling, and robust variance estimation.  Random effects models are useful 

for determining the existence of significant correlation in the data.  The GEE model is an 

example of a generalized linear mixed model that directly models the serial correlation 

within the data (Hardin & Hilbe, 2003).  Advantages of this technique are that it 
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estimates the fixed effects as in traditional GLMs while accounting for the within patient 

serial correlation.  GEE models are most appropriate when the observations are equally 

spaced in time.  This circumstance was not likely in the present study since the potential 

for multiple observations occurred due to additional ED visits from the same patient and, 

therefore do not represent fixed, equally spaced time points.  Multilevel longitudinal 

models would be appropriate if a moderately large proportion (i.e., more than 20 percent) 

of the sample patients contributed multiple comparison and multiple EHR visits.   

The choice of the regression modeling technique used was made after the data 

was examined to determine the extent of multiple observations on the same patients.  The 

percent of patients that contributed multiple ED visits in the same time period and in both 

time periods was examined to determine the extent of multiple observations.  Since it was 

only desired to account or adjust for the potential for within patient correlation rather than 

to directly measure the existence or magnitude of the within patient correlation, 

multivariable regression models were estimated specifying robust variance estimators.  

More specifically, the clustered sandwich estimator was used which relaxes the 

assumption that the observations are independent and only assumes that observations are 

independent across patients (i.e., clusters) but not necessarily within each patient (Rogers, 

1993; Williams, 2000).  

Finally, it was not known a priori the number of comparison ED visits that were 

available within the study timeframe.  The propensity score matching procedure was 

proposed as a method to obtain a comparison sample of ED visits that were similar to the 

EHR visits, on all measured variables, in the event that the sample size of comparison 
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visits was more than five times the size of the sample of EHR visits.  If there was such a 

large sample of comparison visits, up to five to one matching procedures would have 

been used to obtain control samples (D'Agostino, Jr., 1998; Caliendo et al., 2005).  Since 

there were fewer than five potential comparison visits for every EHR visit in the final 

sample, propensity score matching was not performed and will, therefore, not be 

described here.     

All analyses were conducted using Stata version 10.0 (StataCorp, College Station, 

Texas). 

 

3.8.1. Hypotheses 1 and 2 

Ho1: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within one week of the 

emergency department visit. 

Ho2: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within four weeks of the 

emergency department visit. 

Analysis plan 

 Two dependent variables were used in this analysis: the occurrence of a return 

visit or hospitalization within one week of the ED visit (yes or no) and the occurrence of 

a return visit or hospitalization within four weeks (yes or no).  The main independent 
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variable in each analysis was the dichotomous variable measuring EHR visit (1) versus 

comparison visit (0).  Univariable logistic regressions evaluated unadjusted associations 

between the main independent variable and all control variables with each of the two 

dependent variables.  Multivariable logistic regression models were then used to test 

hypotheses 1 and 2, while adjusting for important control variables.  The significance of 

the regression coefficient for the main independent variable in each model was used to 

test the two hypotheses.  Furthermore, the regression coefficients were displayed in their 

exponentiated form (i.e., odds ratios) for a more meaningful interpretation.   

 For each multivariable model, overall fit was evaluated using the Hosmer-

Lemeshow goodness-of-fit test.  A non-significant test suggests a good fit (Hosmer & 

Lemeshow, 2000).  The area under the receiver operating curve (ROC) was examined to 

evaluate the discrimination.  An ROC value greater than 0.7 is considered to be 

acceptable discrimination; a value greater than 0.8 is desired (Hosmer et al., 2000).  

Furthermore, continuous scaled covariates are assumed to be linear in the logit.  This 

linearity assumption was evaluated visually by plotting a univariable lowess smoothed 

logit versus each continuous covariate.  In addition the Box-Tidwell power 

transformation model was used which transforms the continuous predictors using power 

transformations and finds the best power for model fit based on maximal likelihood 

estimate (Box & Tidwell, 1962).  This method also tests the linearity of the estimated 

linear coefficient.  Model diagnostics were further evaluated with a thorough examination 

of residuals.  The general form of the multivariable logistic regression model with EHR 
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(1 versus 0) is the main independent variable and p control variables is given by the 

following equations (using continuous covariates where appropriate): 

 

 

where 

g(x) = β0 + β1(EHR) + β2x2 + ··· + βpxp 

 

3.8.2. Hypotheses 3 and 4 

Ho3: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

one week of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

Ho4: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

four weeks of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

Analysis plan 

First, the estimation sample from the multivariable logistic regression models 

used in section 3.8.4 was stratified according to the presence of claims for healthcare 

utilization during the baseline six month period.  Within each stratum, the frequencies of 

e g(x) 
1 + e g(x)  π(x) = 
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return visits within one and four weeks were examined.  If the frequencies appeared to be 

different, this was suggestive that the association between use of a payer-based EHR and 

return visits depended upon whether or not the patient had recent claims history.  A 

formal interaction term was then tested in each of the models estimated from section 

3.8.4.  This analysis is exploratory in nature and may not have sufficient power to test for 

the statistical significance of an interaction term. 

3.8.3. Hypothesis 5 

Ho5: There is no association between the use of a payer-based electronic health 

record within an emergency department and time spent in the emergency 

department. 

Analysis plan 

 The dependent variable in this analysis was ED duration.  ED duration was 

measured from the time the patient presented at triage to the time the patient left the 

department.  The outcome was analyzed over the entire sample and separately for ED 

visits in which the patient was immediately admitted into the hospital from ED visits 

where the patient was discharged.   For this analysis, ED duration was treated as a 

continuous variable and plotted using a normal probability plot to assess normality.  The 

data appeared to be skewed but was not as severe as typical healthcare utilization 

variables.  Therefore the data were modeled as Gaussian using ordinary least squares 

(OLS) regression.  The dichotomous variable measuring EHR visit (1) versus comparison 

visit (0) was entered as the main independent variable.  The significance of the regression 

coefficient was used to test this hypothesis.   
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 A thorough evaluation of model fit and assumptions was performed including 

residual plots and calculation of the variance inflation factor for determination of 

multicollinearity.   The general form of the multivariable OLS regression model with 

EHR (1 versus 0) is the main independent variable and p control variables is given by the 

following equation: 

Yhat = β0 + β1(EHR) + β2x2 + ··· + βpxp + e 

3.8.4. Hypotheses 6-8 

Ho6: There is no association between use of a payer-based electronic health 

record within an emergency department and the frequency of laboratory 

blood tests during the emergency department visit. 

Ho7: There is no association between use of a payer-based electronic health 

record within an emergency department and the frequency of imaging 

procedures during the emergency department visit. 

Ho8: There is no association between use of a payer-based electronic health 

record within an emergency department and the frequency of other 

medical procedures during the emergency department visit. 

Analysis plan 

 For each of the above hypotheses, a separate GEE model was used for each 

outcome of interest: occurrence of a laboratory blood test (yes or no), occurrence of an 

imaging procedure (yes or no), and occurrence of other medical procedures (yes or no).  

In each model, the dichotomous variable measuring EHR visit (1) versus comparison 

visit (0) was entered with the comparison visit as the referent.  The significance of the 
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corresponding regression coefficient was used to test each of the three hypotheses.  All 

three GEE models were estimated using the logit link function and the binomial 

distribution.  The exponent of the model coefficients were interpreted in terms of 

population-averaged odds ratios. 

Three dependent variables were used in this analysis: the occurrence of a 

laboratory test (yes or no), the occurrence of a diagnostic scan (yes or no), and the 

occurrence of other medical procedures (yes or no).  The main independent variable in 

each analysis was the dichotomous variable measuring EHR visit (1) versus comparison 

visit (0).  Univariable logistic regressions evaluated unadjusted associations between the 

main independent variable and all control variables with each of the three dependent 

variables.  Multivariable logistic regression models were then used to test hypotheses 6-8, 

while adjusting for important control variables.  The significance of the regression 

coefficient for the main independent variable in each model was used to test the 

hypotheses.  Furthermore, the regression coefficients were displayed in their 

exponentiated form (i.e., odds ratios) for a more meaningful interpretation.   

 For each multivariable model, fit and diagnostics were evaluated as described in 

for 3.8.1.  The general form of the logistic regression model is also given in that section.   

 

3.8.5. Hypothesis 9 

Ho9: There is no association between use of a payer-based electronic health 

record within an emergency department and emergency department costs 

of care.  
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Analysis plan 

 Total costs measured during the ED visit were measured and used as the 

dependent variable in a generalized linear model (GLM).  The dichotomous variable 

measuring EHR visit (1) versus comparison visit (0) was entered with the comparison 

visit as the referent.  The significance of the regression coefficient was used to test this 

hypothesis.  As medical cost data are typically highly skewed, modeling such data using 

the gamma distribution and log link within a GLM framework is an appropriate method 

(Manning & Mullahy, 2001; Barber & Thompson, 2004).  This method allows the 

regression to be modeled with a log of the means, rather than logging the dependent 

variable and then estimating the regression.  The former allows for predicted mean costs 

without a retransformation bias (Manning et al., 2001).  Model fit was evaluated with 

residual plots.  Regression coefficients were exponentiation for interpretation in terms of 

cost ratios (adjusted mean cost if EHR = 1/adjusted mean cost if EHR = 0). 

Unadjusted comparison of means between EHR visits and comparison visits were 

performed using the two-sample t-test prior to the multivariable analysis.  Although these 

data are typically highly skewed, means rather than medians were used as the summary 

measure since the mean is the statistic of interest for budgetary and healthcare-policy 

decisions (Barber & Thompson, 2000; Ramsey et al., 2005; Doshi, Glick, & Polsky, 

2006).  The t-test has been shown to be robust to violations of the normality assumption; 

however it is not clear how robust the t-test is to extreme skewness in unique datasets 

(Barber et al., 2000).  In addition, non-parametric bootstrap methods were used to test the 

difference in means without the parametric distributional assumption of normality 
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(Barber et al., 2000).   The bootstrap test procedure was conducted by creating a dataset 

where the mean total paid amount for EHR visits and comparison visits was equal to the 

combined sample mean, but leaving the variances within each sample unchanged.  From 

this modified dataset, the bootstrap procedure was then performed by drawing 2000 

samples from the data and conducting a two-sample t-test with unequal variance to obtain 

a distribution of the t-statistics under the null hypothesis.  The t-statistic for each 

bootstrap sample was calculated using the following equation, where bθ̂ is the difference 

in bootstrap means, obsθ̂  is the observed difference in means, and bES ˆ is the standard error 

of the bootstrap difference in means assuming unequal variances: 

b

obsb
b

ES
t ˆ

ˆˆ θθ −
=  

The estimated distribution of the t-statistic under the null hypothesis was then used in 

place of a standard t-distribution to obtain the approximate two-sided bootstrapped p-

value, Pb = p{| bt | ≥ |tobs|}, where tobs is the observed value of the t-statistic from a the two-

sample t-test with unequal variances performed in the original data.   

 

3.8.6. Hypothesis 10 

Ho10: There is no association between use of a payer-based electronic health 

record within an emergency department and health care costs in the four 

weeks following the emergency department visit.  
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Analysis plan 

 Total costs measured during the four-week follow-up period were measured and 

used as the dependent variable in a GLM model with the gamma family and log link.  

The dichotomous variable measuring EHR visit (1) versus comparison visit (0) was 

entered with the comparison visit as the referent.  The significance of the regression 

coefficient was used to test this hypothesis.  All analyses were conducted as described in 

3.8.5.   

 

3.8.7. Hypothesis 11 

Ho11: There is no association between use of a payer-based electronic health 

record and the number of prescription drug claims in the four weeks 

following the ED visit among patients with previous prescription drug use. 

Analysis plan 

 Number of prescription drug claims during the four week follow-up period was 

used as the dependent variable in a Poisson model.  Due to significant overdispersion, the 

negative binomial model was used.   The dichotomous variable measuring EHR visit (1) 

versus comparison visit (0) was entered with the comparison visit as the referent.  The 

significance of the regression coefficient was used to test this hypothesis.  Thorough 

evaluation of regression diagnostics was performed using residual analysis.  Regression 

coefficients were exponentiation for interpretation in terms of incident rate ratios (IRRs). 
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3.8.8. Power Analysis 

Determining the necessary sample size needed to find significant differences 

between the EHR visit group and the comparison group on the dependent variables is 

challenging.  First, as mentioned some patients may contribute more than one ED visit to 

the analysis pool of ED visits and accounting for the serial correlation as well as 

including important covariates in the models will tend to improve the precision of the 

estimates and therefore decrease the number of unique patients needed, holding all other 

factors constant.  For this study, crude power analyses will be performed to determine the 

number of patients in each group needed to have 80% power to detect a difference at the 

alpha = 0.05 level of significance and also assuming the ratio of comparison visits to 

EHR visits of 5:1.  The sample size estimates will be conservative as the modeling 

techniques used and the nature of the data allowed for reduced variance in the estimates 

of effect.  Further complicating the needed sample size calculations was the lack of data 

in the literature related to EHR or HIE in the ED setting and the outcomes being 

examined in this research.  Where studies were not available, “best guesses” and national 

estimates of ED resource utilization was used (Nawar et al., 2007).  Table 3.2 contains 

the estimated sample sizes needed for each unique outcome of interest. 
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Table 3.2 Sample Size Calculations 
Outcome Assumed N(%) or  

Mean (SD) 
Reduction 

(%) 
Estimated Sample 

Sizes* 
 Comparison 

Visit Rate 
EHR 

Visit Rate  N1 N2 

Return Visits1      
≤ 7 days 8% 5% 38% 635 3175 
≤ 28 days 11% 8% 27% 971 4,855 

      
ED Duration (min.)2 241 (100) 211 (100) 12% 105 525 

      
Laboratory tests3  38% 32% 16% 604 3,040 
      
Imaging studies3 44% 37% 16% 476 2,380 
      
Other medical 
Procedures3 47% 40% 15% 486 2,430 

      
ED Costs4, $ $420 (550) $368 (500) 12% 1,024 5,112 
      
Number of Rx 
Claims in Follow-up 
Period5 

2.3 (1.4) 2.0 (1.2) 13% 197 985 

*Assuming 80% power; alpha = 0.05; N2 / N1 = 5; SD = standard deviation; N1= number 
of patient required in the EHR visit group; N2= number of patient required in the 
comparison visit group; Rx = prescription drug claims. 
1Based on data from Cardin, et al. (2003) 
2Based on data from Rathlev, et al. (2007) 
3Based on data from Wilson, et al. (1982) and Nawar and Niska (2007) 
4Based on data from Overhage, et al. (2002), best guess for SD, and assumed difference 
of $52 instead of $26 because of the more comprehensive nature of the payer-based EHR 
and the desire to detect a meaningful difference 
3Based on data from Nawar and Niska (2007) for average number of drug mentions 
among ED visits with at least one drug mention and best guess for SD and % reduction. 
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3.9. Study Limitations 

 There are several limitations to this study that can be categorized into three main 

sources: limitations related to the payer-based EHR, limitations related to claims data, 

and limitations related to the study design. 

 It is known that the payer-based EHR was not accessed for all health plan 

members after its implementation; the EHR was accessed for approximately half of the 

patients.  This may suggest that the patients for whom the EHR was accessed are 

systematically different from those for whom it was not accessed.  This issue may 

suggest that a proportion of the comparison units sampled from the one year prior to the 

EHR implementation may also be systematically different.  Furthermore this bias may 

not be fully controlled by multivariable regression.  Also, although information related to 

previous laboratory tests, scans and medical procedures is included in the EHR, the actual 

results are not included.  A member of the ED staff would then need to contact the 

provider of those services to obtain the results.  This limitation will likely reduce the 

potential benefits of the EHR.  Finally, since the information contained in the EHR is 

passed on payer-data, the data is not only subject to errors but also to the lag time from a 

service encounter to the time such service appears in the EHR.  This time is dependent 

upon provider submission for reimbursement and may lag up to 60 days. 

 Limitations related to the data used for this research are related to the fact that 

claims data are not intended for research purposes and as such, are subject to diagnostic 

coding errors including misspecification, miscoding, incorrect sequencing decisions, and 

clerical mistakes.  Furthermore, although study requirements include continuous plan 
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eligibility, it is possible that patients may seek care for which the health insurance 

benefits were not used.  This occurrence would reduce the estimates of utilization before 

or after the ED visit  

 Limitations related to study design stem from the fact that this study is a 

retrospective observational study and is subject to many threats to internal validity 

despite the use of advanced statistical tools (Campbell et al., 1963; Shadish et al., 2002).  

Selection is a major threat due to the lack of randomization.  It is unlikely that the 

comparison groups were uniformly distributed on all baseline variables, any residual 

confounding after multivariable regression analysis or propensity score matching (if 

performed), could bias the study results.  Furthermore, this study uses historical controls.  

Although the comparison visits were sampled over the same months in the previous year, 

history remains a salient threat to internal validity.  Maturation is also a threat as the same 

patient may present to the ED during the period prior to and after EHR implementation 

and thus contribute an EHR visit and a comparison visit.  Also, the ED or physician can 

contribute to the maturation effect since the majority of the treating physicians will be the 

same over the study period and may consequently increase their experience and level of 

expertise.  
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CHAPTER 4 

4. RESULTS 

4.1. Introduction 

This chapter presents the results of the evaluation of the association between the 

use of the payer-based EHR on the study outcomes.  The results presented in this chapter 

include: (1) a description of the selection of the study cohorts, (2) a descriptive analysis 

of the EHR and comparison groups, (3) the examination of the association between EHR 

use and quality of care, as measured by return visits within one and four weeks, (4) the 

examination of the association between EHR use and efficiency of care, as measured by 

ED duration, occurrence of laboratory testing, and occurrence of diagnostic imaging 

procedures, (5) the examination of the association between EHR use and ED costs, (6) 

the examination of the association between EHR use and total costs and the number of 

prescription claims over the four week follow-up, and (7) conclusions from all hypothesis 

tests.   

 

4.2. Selection of Study Cohorts 

A total of 11,670 unique ED visits were identified from the claims data between 

9/1/2004 and 2/17/2006.  From this sample, 8,861 ED visits were by patients with at least 

six months continuous health plan eligibility before the visit and at least 28 days of 

continuous eligibility after the visit.  After excluding visits by patients who had an ED 

visit in the previous 30 days, 7,566 visits remained.  It was intended to only include ED 
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visits during the same months as the EHR visits during the one year prior to the EHR 

implementation in order to reduce bias due to seasonal variation in ED care.  However, as 

previously discussed, both ED census (control variable) and ED duration (main 

dependent variable) were collected by the study hospital after the implementation of the 

ED Tracker.  It was discovered that this system was implemented during November 

2004, and as a result, these data elements were not available for the comparison visits that 

occurred during September and October, 2004.  Thus in an effort to maximize the study 

sample size but still minimize the effect of seasonality, the timeframe for including 

comparison visits was extended through March 31, 2005.  This effectively shifted the 

timeframe forward but still minimized inclusion of spring and summer months.  A total 

of 4,356 ED visits (786 EHR visits and 3,570 comparison visits) were retained for study 

inclusion.  Furthermore, initial examination of the data revealed that all of the EHR visits 

were assigned an ESI triage scores above one (i.e., range: 2-5, where 5 is the least 

severe).  As a result, and since ESI has been observed to be a strong predictor of ED 

outcomes, it was decided to only retain ED visits for which ESI scores were available.  

This restriction reduced the total sample size to 3,759 visits.  Finally, 14 comparison 

visits with an ESI score equal to one were excluded.  The final sample size was 3,745 

visits (779 EHR visits and 2,966 comparison visits).  A breakdown of the selection 

procedures is displayed in Table 4.1. 
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Table 4.1  Sample Selection Steps 

Step Inclusion Criteria Number of Visits 
Excluded 

Number of Visits 
Remaining 

1 Occur between 9/1/2004 and 2/17/2006  11,670 

2 Continuous health plan eligibility at least 6 months 
before the ED visit 700 10,970 

3 Continuous health plan eligibility at least 28 days 
after the ED date 2,109 8,861 

4 No ED visit within previous 30 days 1,295 7,566 

5 EHR visit between 9/1/2005 and 2/17/2006 0 7,566 

6 Comparison visit between 9/1/2005 and 3/31/2005 3,210 4,356 

7 ESI scores available 597 3,759 

8 Comparison visits with ESI > 1 14 3,745 

 
 

 The impact of extending the timeframe for selecting comparison visits by 

approximately a month and a half beyond the block of months from which the EHR visits 

were selected (in the following year) was visually examined by charting the mean ED 

census, mean ED duration, and the mean ED total health plan paid amount per visit by 

month.  These measures were chosen to examine the potential impact of seasonal 

variation.  The average ED census appeared to have been consistent from November to 

December and then trended higher from January to March (Figure 4-1).  Similarly, the 

average duration also appeared to follow the same trend (Figure 4-2).  The total health 

plan paid amount per visit was consistent from month to month with no appreciable 

change as a result of the addition of the second half of February and March (Figure 4-3).  

Based on these results, it was deemed that ED census was an important and appropriate 

variable to control for when comparing EHR visits to the historical comparison group.  
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The decision was made to include comparison ED visits from November 2004 to March 

2005 as the main comparison group (denoted as comparison A) for all hypotheses tested 

since this represented the comparison visits where ED census at triage was available.  

Furthermore, these comparison visits also had ED duration available for analysis.  In 

order to examine the robustness of study findings to the larger comparison group 

(comparison B) from September 2004 to March 2005 but without ED census information 

available, sensitivity analyses were performed on final regression models and were 

included in Appendix C.   

 

Figure 4-1 Mean ED census at triage by month among comparison visits 
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Figure 4-2 Mean ED duration by month among comparison visits 
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Figure 4-3 Mean total ED paid amounts by month among comparison visits 
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Figure 4-4 illustrates the timeframe over which both comparison groups and EHR visits 

were selected. 

 
 

Figure 4-4 Timeframe for comparison A and comparison B visits 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.3. Description of Sample 

4.3.1. Description of Main Comparison Groups 
 

Table 4.2 summarizes the number of patients and number of patients with 

multiple ED visits when examining the EHR and comparison A visits.  Overall, the 2,288 

ED visits were contributed by 2,166 (771 patients in the EHR group; 1,458 patients in the 

comparison A group).  Of these, 63 patients contributed visits to both the EHR and the 

comparison A groups.  The mean (SD) number of visits per patient was 1.06 (0.24) 

 

9/1/04 2/17/05 9/01/05 2/17/06 

Implementation of 
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Comparison B Visits 

EHR Visits 
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overall and 1.01 (0.10) and 1.03 (0.19) for the EHR and comparison groups, respectively.  

Overall 94.7% of all patients contributed one ED visit.  Table 4.3 summarizes the 

distribution of EHR visits and comparison A visits that came from the 63 patients whom 

contributed both.  Fifty seven (90%) of the 63 patients contributed one EHR visit and one 

comparison visit. 

 
Table 4.2 Summary of unique patients and number of visits per patient for EHR 
and comparison A groups 

  Overall EHR Visits Comparison A p-value 
ED Visits 2,288 779 1,509  
Patients* 2,166 771 1,458  
Visits per Patient, Mean (SD) 1.06 (0.24) 1.01 (0.10) 1.03 (0.19) 0.006a 
Visits per patient category, N 
(%)     

1 2,051 (94.7) 763 (99.0) 1,408 (96.6%) <0.001b 
2 108 (5.0) 8 (1.0) 49 (3.4%)  
3 7 (0.32) 0 1 (0.1%)  
4 0 0 0   

EHR = electronic health record, SD = standard deviation 
*2,166 unique patients; 63 patients are counted in the EHR visit group and Comparison A group 
(a) p-value based on two-sample t-test 
(b) p-value based on two-sample proportion test for proportion of patients with one visit 

 
 
 
 
Table 4.3 Distribution of patients with at least one EHR visit and at least one 
comparison A visit (N = 63 patients) 

Number of EHR Visits Number of Comparison A Visits 
 1 visit 2 visits 

1 visit 57 (2.6%) 4 (0.18%) 
2 visits 2 (0.09%) 0 

Data are displayed as number (%) of patients out of 2,166 patients 
p = 0.876 using Fisher’s exact test 
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4.3.2. Description of Sample of EHR and Comparison B Groups 
 

The number of unique patients and the number of patients with multiple ED visits 

when using EHR visits and comparison B visits are summarized in Table 4.4.  Overall, 

the 3,745 total ED visits were contributed to the study sample by 3,454 (771 patients in 

the EHR group; 2,770 patients in the comparison A group).  Eighty seven of these 

patients are counted for in both groups by contributing at least one EHR visit and one 

comparison visit.  The mean (SD) number of visits per patient was 1.08 (0.32) overall and 

1.01 (0.10) and 1.07 (0.28) for the EHR and comparison B groups, respectively.  Overall 

92.7% of all patients contributed one ED visit.  Table 4.5 summarizes the distribution of 

EHR visits and comparison B visits that came from the 87 patients whom contributed 

both types of visits.  Sixty nine (79%) of the 87 patients contributed one EHR visit and 

one comparison visit.    

 

Table 4.4 Summary of unique patients and number of visits per patient for EHR 
and comparison B groups 

  Overall EHR Visits 
Comparison 

B p-value 
ED Visits 3,745 779 2,966  
Patients* 3,454 771 2,770  
Visits per patient, mean (SD) 1.08 (0.32) 1.01 (0.10) 1.07 (0.28) <0.001a 
Visits per patient category, N 
(%)     

1 3,200 (92.7) 763 (99.0) 
2,593 

(93.6%) <0.001b 
2 221 (6.4) 8 (1.0) 158 (5.7%)  
3 29 (0.84) 0 19 (0.7%)  
4 4 (0.12) 0 0   

EHR = electronic health record, SD = standard deviation 
*3,454 unique patients; 87 patients are counted in the EHR visit group and Comparison B group 
(a) p-value based on two-sample t-test 
(b) p-value based on two-sample proportion test for proportion of patients with one visit 
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Table 4.5 Distribution of patients with at least one EHR visit and at least one 
comparison B visit (N = 87 patients) 

Number of EHR Visits Number of Comparison B Visits 
 1 visit 2 visits 3 visits 

1 visit 69 (2.0%) 11 (0.32%) 4 (0.12%) 
2 visits 3 (0.09%) 0 0 

*Data are displayed as number (%) of patients out of 3,454 patients 
p-value = 0.723 from Fisher's exact test 

 
 
 

4.4. Descriptive Statistics for EHR Visits and Comparison A Visits 

Table 4.6 presents the results of the descriptive analysis of EHR visits and 

comparison A visits with respect to predisposing and enabling factors.  Significant 

differences were observed on age categories (p < 0.001), the number of prescription drug 

claims during the previous six months (p < 0.001), the distribution of the health plan line 

of business (p < 0.001), and ED census at triage (p < 0.001), and the average census over 

the ED visit (p < 0.001).  

Table 4.7 presents the results of the descriptive analysis with respect to need 

factors among EHR and comparison A visits.  Significant differences between the groups 

were observed on the count of unique drug classes over the baseline period (p < 0.001), 

the ESI triage score (p = 0.014), and the distribution of the primary diagnosis of the ED 

visit (p = 0.007).  Important findings include that overall, EHR patients appeared to have 

higher percentages of visits with more severe triage scores and obtained fewer unique 

drug classes and fewer number of prescription claims over the baseline period (p-values 

noted above). 
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Table 4.6 Comparison of EHR and comparison A visits on predisposing and 
enabling factors 

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A  
(N = 1,509) p-valuea 

 Mean/N SD/% Mean/N SD/% Mean/N SD/%  
Predisposing         

Age, years, mean/SD 38.2 18.5 37.3 17.2 38.7 19.1 0.060b 
Age category, N/%       <0.001 

≤ 18 years 398 17.4 142 18.2 256 17.0  
19 to 34 years 504 22.0 163 20.9 341 22.6  
35 to 44 years 941 41.1 340 43.6 601 39.8  
45 to 64 years 313 13.7 118 15.1 195 12.9  
≥ 65 years 132 5.8 16 2.1 116 7.7  

Gender, N/%       0.770 
Male  1,077 47.1 370 47.5 707 46.9  
Female 1,211 52.9 409 52.5 802 53.1  

ED visitc, N/% 366 16.0 119 15.3 247 16.4 0.499 
Office visits, mean 
count/SD 

3.2 3.7 3.0 3.3 3.3 3.8 0.404b 

Drug claimsc, mean 
count/SD 

7.3 12 4.2 9.4 8.9 12.8 <0.001b 

Total healthcare 
expendituresc, mean 
dollars/SD 

4,986 16,546 5,201 19,753 4,874 14,624 0.683b 

Enabling         
Line of business, 
N/%       <0.001 

IPA 977 42.7 304 39.0 673 44.6  
PPO 438 19.1 130 16.7 308 20.4  
POS 497 21.7 253 32.5 244 16.2  
Other 376 16.4 92 11.8 284 18.8  
ED visits        

Day of week, N/%       0.499 
Weekday 1,659 72.5 558 71.6 1,101 73.0  
Weekend 629 27.5 221 28.4 408 27.0  

ED census at 
admission, mean/SD 72.2 23.0 69.2 21.6 73.8 23.6 <0.001b 

ED census over stay, 
mean/SD 

72.8 19.3 70.5 17.3 73.9 20.2 <0.001b 

SD = standard deviation, EHR = electronic health record; ED = emergency department; IPA = 
independent practice association, PPO = preferred provider organization, POS = point of service,  
(a) Tests of statistical significance used included the Pearson Chi-square test for categorical data and 
the two-sample t-test for continuous data. 
(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 
(c) Measured over the previous 6 months 
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Table 4.7 Comparison of EHR and comparison A visits on need factors 

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A  
(N = 1,509) p-valuea 

 Mean/N SD/% Mean/N SD/% Mean/N SD/%  
Comorbidity burden 
(DCI)c, mean/SD 

0.6 1.4 0.5 1.3 0.6 1.4 0.111b 

DCI categoryc, N/%       0.104 
No score 1,669 72.9 589 75.6 1,080 71.6  
1 340 14.9 109 14 231 15.3  
2 136 5.9 35 4.5 101 6.7  
>=3 143 6.3 46 5.9 97 6.4  

Unique drug classesc, 
mean count/SD 

3.3 4.6 2 3.9 4 4.8 <0.001b 

Emergency severity 
index, N/% 

      0.014 

2 447 19.5 177 22.7 270 17.9  
3 1,238 54.1 412 52.9 826 54.7  
4 558 24.4 171 22 387 25.6  
5 45 2 19 2.4 26 1.7  

ED primary diagnosis, 
N/% 

      0.007 

Nerv syst 155 6.8 43 5.5 112 7.4  
Circ syst 354 15.5 107 13.7 247 16.4  
Resp syst 250 10.9 67 8.6 183 12.1  
Digest syst 187 8.2 72 9.2 115 7.6  
GU syst 158 6.9 67 8.6 91 6  
Inj/Poison 572 25 201 25.8 371 24.6  
Symptoms 301 13.2 107 13.7 194 12.9  
Other 311 13.6 115 14.8 196 13  

Ambulance, N/% 316 13.8 103 13.2 213 14.1 0.557 
SD = standard deviation, EHR = electronic health record; ED = emergency department; DCI = Deyo-
Charlson Index, ESI = Emergency Severity Index, Inj/Poison = injury or poisoning, Nerv syst = 
nervous system disorder, Circ syst = circulatory system disorder, Resp syst = respiratory system 
disorder, Digest syst = digestive system disorder, GU syst = genito-urinary system disorder  
(a) Tests of statistical significance used included the Pearson Chi-square test for categorical data and 
the two-sample t-test for continuous data. 
(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 
(c) Measured over the previous 6 months 
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4.5. Descriptive Statistics for EHR Visits and Comparison B Visits 
 

Table 4.8 presents the results of the descriptive analysis of EHR visits and 

comparison B visits with respect to predisposing and enabling factors.  Significant 

differences were observed on age (p = 0.009), age categories (p < 0.001), the number of 

prescription drug claims during the previous six months (p < 0.001), the distribution of 

the health plan line of business (p < 0.001).  ED census was not included in this analysis 

because it was not measured on a portion of visits within comparison B. 

Table 4.9 presents the results of the descriptive analysis with respect to need 

factors among EHR and comparison B visits.  Significant differences between the groups 

were observed on the count of unique drug classes over the baseline period (p < 0.001), 

the ESI triage score (p < 0.001), and the distribution of the primary diagnosis of the ED 

visit (p < 0.001).  The observed findings were consistent with the findings when 

comparison A was used. 
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Table 4.8 Comparison of EHR and comparison B visits on predisposing and 
enabling factors 

Variable Overall  
(N = 3,745) 

EHR Visits  
(N = 779) 

Comparison B 
(N = 2,966) p-valuea 

 Mean/N SD/% Mean/N SD/% Mean/N SD/%  
Predisposing 
factors        
Age, years, mean 
/SD 38.7 18.8 37.3 17.2 39.1 19.2 0.009b 
Age category, N/%       <0.001 

≤ 18 years 615 16.4 142 18.2 473 15.9  
19 to 34 years 860 23.0 163 20.9 697 23.5  
35 to 44 years 1,509 40.3 340 43.6 1,169 39.4  
45 to 64 years 514 13.7 118 15.1 396 13.4  
≥ 65 years 247 6.6 16 2.1 231 7.8  

Gender, N/%       0.957 
Male  1,782 47.6 370 47.5 1,412 47.6  
Female 1,963 52.4 409 52.5 1,554 52.4  

ED visitc, N/% 622 16.6 119 15.3 503 17.0 0.261 
Office visitc, mean 
count/SD 3.1 3.8 3 3.3 3.2 3.9 0.363b 
Drug claimc, mean 
count/SD 7.9 12.2 4.2 9.4 8.8 12.7 <0.001b 
Total healthcare 
expendituresc, 
mean dollars/SD 4,552.20 14,485.40 5,201.40 19,752.60 4,381.70 12,745.20 0.272b 
        
Enabling factors        
Line of business, 
N/%       <0.001 

IPA 1,509 40.3 304 39.0 1,205 40.6  
PPO 954 25.5 130 16.7 824 27.8  
POS 680 18.2 253 32.5 427 14.4  
Other 602 16.1 92 11.8 510 17.2  
ED visits        

Day of week, N/%       0.846 
Weekday 2,693 71.9 558 71.6 2,135 72.0  
Weekend 1,052 28.1 221 28.4 831 28.0   

SD = standard deviation, EHR = electronic health record; ED = emergency department; IPA = 
independent practice association, PPO = preferred provider organization, POS = point of service 
(a) Tests of statistical significance used included the Pearson Chi-square test for categorical data and 
the two-sample t-test for continuous data. 
(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 
(c) Measured over the previous 6 months 
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Table 4.9 Comparison of EHR and comparison B visits on need factors 

Variable 
Overall  

(N = 3,745) 
EHR Visits  
(N = 779) 

Comparison B  
(N = 2,966) p-valuea 

 Mean/N SD/% Mean/N SD/% Mean/N SD/%  
Comorbidity burden 
(DCI)c, mean/SD 

0.6 1.3 0.5 1.3 0.6 1.4 0.315 

DCI category, N/%       0.439 
No score 2,747 73.4 589 75.6 2,158 72.8  
1 570 15.2 109 14 461 15.5  
2 193 5.2 35 4.5 158 5.3  
>=3 235 6.3 46 5.9 189 6.4  

Count of unique drug 
classes, mean/SD 

3.5 4.6 2 3.9 3.9 4.7 <0.001b 

Emergency severity 
index, N/% 

      <0.001 

2 (more severe) 637 17 177 22.7 460 15.5  
3 2,028 54.2 412 52.9 1,616 54.5  
4 994 26.5 171 22 823 27.7  
5 (least severe) 86 2.3 19 2.4 67 2.3  

ED primary diagnosis, 
N/%       <0.001 

Nerv syst 267 7.1 43 5.5 224 7.6  
Circ syst 555 14.8 107 13.7 448 15.1  
Resp syst 393 10.5 67 8.6 326 11  
Digest syst 268 7.2 72 9.2 196 6.6  
GU syst 235 6.3 67 8.6 168 5.7  
Inj/Poison 1,054 28.1 201 25.8 853 28.8  
Symptoms 480 12.8 107 13.7 373 12.6  
Other 493 13.2 115 14.8 378 12.7  

Ambulance service, 
N/% 532 14.2 103 13.2 429 14.5 0.377 

SD = standard deviation, EHR = electronic health record; ED = emergency department; DCI = Deyo-
Charlson Index, ESI = Emergency Severity Index, Inj/Poison = injury or poisoning, Nerv syst = 
nervous system disorder, Circ syst = circulatory system disorder, Resp syst = respiratory system 
disorder, Digest syst = digestive system disorder, GU syst = genito-urinary system disorder  
(a) Tests of statistical significance used included the Pearson Chi-square test for categorical data and 
the two-sample t-test for continuous data. 
(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 
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4.6. Objective 1 

The results of the hypothesis tests concerning the association between the use of a 

payer-based EHR within an ED and the frequency of return visits to the ED or hospital 

are presented in this section.   

Bivariate comparisons between EHR visits and comparison A visits on returns to 

either the ED or hospital within seven and 28 days, as well as, returns to the ED 

regardless of hospital admission are displayed in Table 4.10.  Overall, 5.9% and 12.5% of 

the sample experienced a return to either the ED or the hospital within seven days and 28 

days, respectively.  Within seven days, 7.2% of the EHR visits and 5.3% of the 

comparison A visits resulted in a return to either the ED or the hospital (p = 0.070).  

Within 28 days, 13.1% of the EHR visits and 12.2% of the comparison A visits resulted 

in a return to either the ED or the hospital (p = 0.537).  The observed trend was also 

observed when examining returns to the ED without including hospitalizations. 

 

 

 

 

 

 

 

 

 



156 

 

Table 4.10 Comparison of return visits to the ED or hospital within 7 days and 
within 28 days between EHR visits and Comparison A visits (N = 2,288) 
 

Variable Overall  
(N = 2,288)   EHR Visits 

(N = 779)   
Comparison 

A 
(N = 1,509) 

  p-valuea 

 N %  N %  N %   
ED visit within 7 days 116 5.1  51 6.5  65 4.3  0.021 
ED visit or hospitalization 
within 7 days 136 5.9  56 7.2  80 5.3  0.070 
           
ED visit within 28 days 197 8.6  76 9.8  121 8.0  0.160 
ED visit or hospitalization 
within 28 days 286 12.5   102 13.1   184 12.2   0.537 
aTests of statistical significance based on Pearson Chi-square test for 
categorical data     

 
 

Bivariate comparisons between EHR visits and comparison B visits on the 

dependent variables, return visits to either the ED or hospital within seven and return 

visits to either the ED or hospital within 28 days, are displayed in Table 4.11.  Also 

included in Table 4.11 is a comparison of return visits to only the ED (i.e., not including 

admissions to the hospital without an ED claim) within seven and 28 days.  Overall, a 

return visit to the ED or hospital within seven days occurred for 5.7% of the sample and a 

return visit the ED occurred for 4.8% of the sample.  A higher percentage of EHR visits, 

as compared to comparison B visits, experienced a return visit to the ED or hospital 

within seven days (7.2% versus 5.3%, respectively; p = 0.046).  In addition, a higher 

percentage of EHR visits resulted in a return to the ED within seven days as compared to 

comparison B visits  (6.5% versus 4.4%, respectively; p = 0.012).  Furthermore, 12.5% of 

the sample resulted in a return to either the ED or hospital within 28 days.  No significant 

differences were observed between EHR visits and comparison A visits on return visits to 
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the ED or returns to either ED or hospital within 28 days (p = 0.174 and p = 0.589, 

respectively). 

 

Table 4.11 Comparison of return visits to the ED or hospital within 7 Days and 
within 28 Days between EHR visits and Comparison B visits (N = 3,745) 
 

Variable Overall  
(N = 3,745)   EHR Visits 

(N = 779)   
Comparison 

B 
(N = 2,966) 

  p-valuea 

 N %  N %  N %   
ED visit within 7 days 181 4.8  51 6.5  130 4.4  0.012 
ED visit or hospitalization 
within 7 days 214 5.7  56 7.2  158 5.3  0.046 
           
ED visit within 28 days 320 8.5  76 9.8  244 8.2  0.174 
ED visit or hospitalization 
within 28 days 469 12.5   102 13.1   367 12.4   0.589 
aTests of statistical significance based on Pearson Chi-square test for categorical data  

 

4.6.1. Return Visits within One Week 
 

Ho1: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within one week of the 

emergency department visit. 

 

 The association between the use of a payer-based EHR, as well as, each potential 

control variable with return visits to either the ED or hospital within seven days was 

tested using univariable logistic regression models.  All continuous variables were kept as 

continuous when tested in the logistic regression models.  Assuming linearity in the logit 
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at this stage is an accepted practice and is consistent with the goal of determining whether 

a variable should be included in the final model (Hosmer et al., 2000). 

Previous research has demonstrated that approximately ten events per parameter 

estimated in a multivariable logistic regression is a recommended minimum threshold to 

avoid problems of over or under estimation of variances and poor coverage of Wald-

based statistics (Peduzzi, Concato, Kemper, Holford, & Feinstein, 1996; Hosmer et al., 

2000).  Since 214 (5.7%) of the full sample of ED visits were associated with a return to 

the ED or hospital within seven days, it was desired to limit the number of control 

variables in the final multivariable model to only variables with a p-value < 0.25 from the 

univariable analysis.    In addition, age, gender, ESI, and primary diagnosis were included 

regardless of statistical significance due to clinical importance.   

Results from the univariable analysis of return visits to the ED or hospital within 

seven days are displayed in Table 4.12.  Based on the distribution of the Deyo-Charlson 

Index, this score was categorized into three groups: no score, 1-2, and 3 or more.  This 

categorization is consistent with recent ED research (Hastings et al., 2008).  The 

difference between EHR visits and comparison visits on return visits was not statistically 

significant (p = 0.0711).  Occurrence of an ED visit within the previous six months 

(p<0.0001), ED census at triage (p = 0.0193), ESI (p = 0.0055), and ED primary 

diagnosis (p = 0.0005) were associated with return visits within seven days.  Examination 

of both the ED census at triage and the average census over the course that the patient 

was being seen in the ED revealed a stronger association between census at triage and 

return visits.  Thus average census was not used in this objective.   
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Table 4.12 Univariable logistic regressions for return visits within seven days (N = 
2,288) 

  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

EHR Visit 0.3246 0.180 1.384 0.973 1.968 3.26 0.0711 
Predisposing 
factors        
Age, 10 year 
increments -0.0260 0.045 0.974 0.892 1.064 0.33 0.5638 
Gender        

Female Referent       
Male -0.1266 0.177 0.881 0.622 1.248 0.51 0.4755 

Previous ED visit 0.9246 0.195 2.521 1.721 3.692 22.56 <0.001 
Previous 
hospitalization 0.3244 0.281 1.383 0.798 2.398 1.34 0.2478 
Number of Previous 
office visits 0.0173 0.020 1.017 0.978 1.058 0.74 0.3912 
Enabling factors        
Line of business        

IPA Referent       
PPO -0.1836 0.251 0.832 0.509 1.361   
POS 0.1593 0.219 1.173 0.764 1.800   
Other -0.4044 0.285 0.667 0.382 1.167 3.91 0.2708 

Day of week        
Weekday Referent       
Weekend -0.0550 0.201 0.946 0.638 1.405 0.07 0.7846 

Triage Census, every 
20 people 0.1725 0.074 1.188 1.028 1.373 5.47 0.0193 

Average Censusa, 
every 20 people 0.1151 0.086 1.122 0.948 7.327 1.80 0.1794 
Need Factors        

DCI category        
No score Referent       
1-2 0.0539 0.218 1.055 0.688 1.619   

3 or more -0.3752 0.428 0.687 0.297 1.589 0.89 0.6420 
Count of unique 
drug classes 0.0312 0.018 1.032 0.997 1.068 3.14 0.0764 

ESI score        
5 (least severe) Referent       
4 -1.5014 0.465 0.223 0.090 0.555   
3 -0.9285 0.426 0.395 0.171 0.911   
2 (more severe) -1.2226 0.463 0.294 0.119 0.730 12.65 0.0055 

ED primary 
diagnosis        

Other Referent       
Nerv syst -0.5492 0.394 0.577 0.267 1.251   
Circ syst -1.3009 0.374 0.272 0.131 0.567   
Resp syst -1.1723 0.406 0.310 0.140 0.687   
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  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

Digest syst -0.7474 0.391 0.474 0.220 1.019   
GU syst 0.1216 0.319 1.129 0.604 2.111   
Inj/Poison -0.7296 0.273 0.482 0.283 0.823   
Symptoms -0.1644 0.285 0.848 0.485 1.484 26.17 0.0005 

Ambulance service -0.1218 0.266 0.885 0.526 1.491 0.21 0.6471 
Hospital Admission -0.4902 0.266 0.612 0.364 1.031 3.40 0.0651 

SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder  
(a) Average census= [census at triage - census at exit from ED]/2 

 
 

Table 4.13 presents the results of the multivariable logistic regression on the 

occurrence of a return visits within seven days among the reduced sample size using EHR 

visits and comparison A visits.  After controlling for age, gender, previous healthcare 

utilization (ED visits, inpatient admissions, and physician office visits), comorbidity 

burden, triage severity, ED primary diagnosis, and hospital admission (versus discharge 

to home), EHR status was not significantly associated with return visits to the ED or 

hospital within seven days (p = 0.059).  Initial examination of model fit revealed a good 

fit but poor discrimination (data not shown).  ED census at triage was significant in the 

model and was examined for linearity in the logit.  Although examination using Box-

Tidwell’s power transformation model indicated that ED census was linear, analysis of 

coefficients from ED census quartiles indicated that ED census was not linear.  

Consequently, ED census was categorized in the final model displayed in Table 4.13.  

Age, number of physician office visits during the previous six months, and the number of 

unique drug classes during the previous six months were left in the model as continuous 
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variables since they were not statistically significant no further evaluation of linearity was 

performed. 

Overall the final model fit the data well (Hosmer-Lemeshow goodness of fit 

pvalue = 0.7723) but had poor discrimination (area under the ROC curve = 0.6991).  The 

plot of model fit is displayed in Figure D - 1 (Appendix D).  Residual plots of the change 

in the chi-square fit statistic and the change in deviance versus the predicted probability 

revealed several outlying covariate patterns (Appendix D: Figure D - 2, Figure D - 3).  

Exclusion of extreme outliers did not substantially change the coefficient or statistical 

significance of the regression coefficient for EHR status (data not shown).  Leverage was 

examined by plotting Pregibon’s dbeta statistic versus the predicted probability 

(Appendix D, Figure D - 4).  Three extreme outliers were observed in the y direction; 

however, exclusion from the model did not result in a meaningful change in the 

coefficient of the main independent variable or its significance level.   

To evaluate the robustness of findings to comparison group selection, the final 

model was estimated using EHR visits and comparison B visits (Appendix C, Table C - 

1).  The use of a payer-based EHR was not associated with return visits within seven days 

(p = 0.060).   As a result of the evaluation of model fit, and the sensitivity analyses to 

examine deleting outliers and inclusion of comparison B, the final regression results, 

EHR visits did not appear to be associated with return visits within seven days. Based on 

the data presented in Table 4.13, we fail to reject Ho1.   
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Table 4.13 Multivariable logistic regression for return visits within seven days (N = 
2,288) 

  
Odds 
Ratio 

Robust 
SE z p-value 95% LB 95%UB 

Comparison visit Referent Group     
EHR visit 1.431 0.272 1.89 0.059 0.986 2.078 
Age, 10 year increments 1.020 0.057 0.36 0.718 0.914 1.139 
Male gender 1.040 0.200 0.20 0.838 0.714 1.516 
Previous ED visit 2.294 0.491 3.88 <0.001 1.507 3.490 
Previous hospitalization 1.252 0.384 0.73 0.463 0.686 2.285 
Previous office visits 0.994 0.027 -0.23 0.817 0.942 1.048 
DCI category       

No score Referent Group     
1-2 0.835 0.219 -0.69 0.491 0.499 1.396 
3 or more 0.458 0.207 -1.73 0.083 0.189 1.109 

Count of unique drug classes 1.034 0.023 1.48 0.139 0.989 1.080 
ESI score       

5 (least severe) Referent Group     
4 0.236 0.107 -3.19 0.001 0.097 0.573 
3 0.412 0.183 -1.99 0.046 0.172 0.985 
2 (more severe) 0.411 0.200 -1.83 0.068 0.158 1.068 

ED primary diagnosis       
Inj/Poison Referent Group     
Nerv syst 1.057 0.438 0.13 0.893 0.470 2.380 
Circ syst 0.504 0.222 -1.55 0.120 0.212 1.196 
Resp syst 0.573 0.250 -1.28 0.201 0.244 1.346 
Digest syst 0.934 0.402 -0.16 0.874 0.402 2.169 
GU syst 2.099 0.791 1.97 0.049 1.003 4.392 
Symptoms 1.372 0.450 0.96 0.335 0.722 2.610 
Other 1.826 0.551 2.00 0.046 1.011 3.300 

Hospital admission 0.576 0.170 -1.86 0.062 0.323 1.029 
ED census at triage       

<=60 patients Referent Group     
61-80 patients 1.757 0.442 2.24 0.025 1.073 2.878 
>80 patients 1.865 0.450 2.58 0.010 1.162 2.991 

SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder  
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4.6.2. Return Visits within Four Weeks 

 
Ho2: There is no association between the use of a payer-based electronic health 

record within an emergency department and the occurrence of return visits 

to the emergency department or hospital within four weeks of the 

emergency department visit. 

 

The univariable analysis conducted for Ho1 was repeated for return visits to the 

ED or hospital within 28 days.  Since the event rate of return visits within 28 days was 

286 events (2.5%, using comparison A) all predisposing, enabling, and need factors 

collected for this study were included in the final model.  Results from the univariable 

analysis are displayed in Table 4.14.  A statistically significant difference in the 

occurrence of a return visits within 28 days was not observed between EHR visits and 

Comparison A visits (p = 0.5357).  Variables observed to be significantly associated with 

return visits within 28 days included age, gender, previous healthcare encounters (ED 

visit, inpatient admission, number of physician office visits), comorbidity burden, count 

of unique drug classes, ESI, ED primary diagnosis, and hospital admission during the ED 

visit. 
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Table 4.14 Univariable logistic regressions for return visits within 28 days (N = 
2,288) 

  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

EHR Visit 0.082 0.132 1.085 0.838 1.404 0.38 0.5357 
Predisposing factors        
Age, 10 year 
increments 0.101 0.034 1.107 1.035 1.183 8.91 0.0028 
Gender        

Female Referent       
Male -0.237 0.129 0.789 0.613 1.017 3.36 0.0669 

Previous ED visit 0.846 0.153 2.330 1.725 3.148 30.38 < 0.0001 
Previous 
hospitalization 1.325 0.172 3.761 2.685 5.269 59.32 < 0.0001 
Number of Previous 
office visits 0.089 0.014 1.093 1.064 1.124 40.49 < 0.0001 
Enabling factors        
Line of business        

IPA Referent       
PPO 0.080 0.167 1.083 0.781 1.502   
POS -0.066 0.172 0.936 0.668 1.312   
Other -0.314 0.200 0.730 0.494 1.080 3.42 0.3313 

Day of week        
Weekday Referent       
Weekend 0.047 0.141 1.048 0.796 1.381 0.11 0.7370 

Triage Census, every 
10 patients 0.047 0.025 1.048 0.997 1.102 3.45 0.0633 

Average Censusa, 
every 10 patients 0.034 0.030 1.034 0.976 1.096 1.28 0.2574 
Need Factors        

DCI category        
No score Referent       
1-2 0.579 0.148 1.785 1.335 2.385   

3 or more 0.960 0.210 2.611 1.729 3.943 30.20 < 0.0001 
Count of unique drug 
classes 0.073 0.012 1.076 1.052 1.101 39.58 < 0.0001 

ESI score        
5 (least severe) Referent       
4 -1.308 0.394 0.270 0.125 0.585   
3 -0.571 0.368 0.565 0.275 1.162   
2 (more severe) -0.536 0.384 0.585 0.276 1.240 21.27 0.0001 

ED primary diagnosis        
Other Referent       
Nerv syst -0.437 0.283 0.646 0.371 1.126   
Circ syst -0.675 0.229 0.509 0.325 0.797   
Resp syst -0.558 0.246 0.572 0.354 0.927   
Digest syst -0.350 0.258 0.704 0.425 1.168   
GU syst -0.247 0.268 0.781 0.462 1.321   
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  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

Inj/Poison -0.748 0.207 0.473 0.315 0.711   
Symptoms -0.523 0.236 0.593 0.373 0.941 16.90 0.0180 

Ambulance service 0.114 0.178 1.121 0.790 1.589 0.41 0.5225 
Hospital Admission 1.100 0.138 3.004 2.292 3.937 63.50 < 0.0001 
SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder  
(a) Average census= [census at triage - census at exit from ED]/2 

 
 

The final multivariable logistic regression model for return visits within 28 days is 

presented in Table 4.15.  EHR visits were not associated with return visits within 28 days 

(p = 0.553).  The Hosmer-Lemeshow goodness-of-fit test indicated a good fit (p = 

0.7090) and good discrimination (area under the ROC 0.7197).  The plot of model fit is 

displayed in Figure D - 5.  Residual diagnostic plots were also produced (Figure D - 6, 

Figure D - 7, Figure D - 8).  Since none of the continuous variables were significant in 

the model, evaluation for linearity was not performed.  This model was also estimated in 

the larger sample of EHR visits and comparison B visits without ED census (Table C - 2).  

EHR status was not associated with return visits within 28 days (p = 0.905).  Based on 

these findings, we fail to reject Ho2 
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Table 4.15 Multivariable logistic regression results for return visits within 28 days 
(N = 2,288) 

  
Odds 
Ratio 

Robust 
SE z p-value 95% LB 95%UB 

Comparison visit Referent Group     
EHR visit 1.094 0.165 0.59 0.553 0.813 1.471 
Age, 10 year increments 1.010 0.046 0.22 0.829 0.924 1.104 
Male gender 0.953 0.134 -0.34 0.732 0.724 1.255 
Previous ED visit 1.815 0.318 3.41 0.001 1.288 2.557 
Previous hospitalization 2.163 0.447 3.73 < 0.001 1.442 3.243 
Previous office visits 1.040 0.021 1.94 0.053 1.000 1.081 
Line of business       

IPA       
PPO 1.053 0.186 0.29 0.771 0.745 1.487 
POS 0.913 0.166 -0.50 0.616 0.639 1.304 
Other 0.713 0.152 -1.59 0.113 0.470 1.083 

Day of week       
Weekday       
Weekend 1.081 0.164 0.51 0.610 0.803 1.455 

Triage Census, every 10 
people 1.035 0.028 1.24 0.213 0.981 1.092 
DCI category       

No score Referent Group     
1-2 1.045 0.186 0.25 0.805 0.738 1.480 
3 or more 0.934 0.264 -0.24 0.808 0.536 1.626 

Count of unique drug 
classes 1.022 0.016 1.42 0.155 0.992 1.054 
ESI score       

5 (least severe) Referent Group     
4 0.267 0.109 -3.23 0.001 0.120 0.595 
3 0.441 0.179 -2.02 0.044 0.199 0.977 
2 (more severe) 0.417 0.178 -2.05 0.040 0.180 0.962 

ED primary diagnosis       
Inj/Poison Referent Group     
Nerv syst 0.774 0.230 -0.86 0.388 0.432 1.386 
Circ syst 0.504 0.126 -2.74 0.006 0.309 0.822 
Resp syst 0.577 0.147 -2.15 0.031 0.350 0.952 
Digest syst 0.532 0.155 -2.17 0.030 0.300 0.942 
GU syst 0.952 0.282 -0.17 0.868 0.533 1.701 
Symptoms 0.711 0.169 -1.44 0.151 0.447 1.132 
Other 0.736 0.186 -1.21 0.226 0.448 1.209 

Hospital admission 2.552 0.409 5.85 < 0.001 1.864 3.494 
Ambulance 0.897 0.173 -0.56 0.574 0.615 1.309 
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SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder  

 

4.6.3. Interaction between Previous Drug Claims and Return Visits within One Week 
 
 

Ho3: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

one week of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

 

 Initial examination of the frequency of any healthcare claim during the previous 

six months revealed that 90.1% of ED visits overall, 89.1% among EHR visits and 90.2% 

among comparison A visits, incurred at least one paid healthcare claim in the previous six 

months.  Since this represents an overwhelming majority of ED visits, the decision was 

made to define a more discriminating variable by which to test Ho3.  Given that the 

number of unique drug classes is 1) an established measure of comorbidity burden 

(Schneeweiss et al., 2001; Farley et al., 2006) and 2) was significantly different between 

EHR visits and comparison visits, this measure was used to stratify the sample into two 

groups: ED visits with evidence of previous relevant pharmacy utilization and ED visits 

without evidence of previous relevant pharmacy utilization.  The distribution of the 
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unique drug classes is displayed in Figure 4-5.  The sample median of 2 was chosen to 

stratify the data. 

 

Figure 4-5 Distribution of the count of unique drug classes (N = 2,288) 
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In order to test this hypothesis, a stratified analysis was conducted to evaluate the 

association between the use of a payer-based EHR and return visits within each level of 

the number of drug classes (<2 drug classes versus ≥2 drug classes).  The unadjusted 

odds ratios within each stratum were compared to the adjusted odds ratio for the EHR 

status variable in the combined sample controlling for a dichotomous variable for each 

level of the number of drug classes.  Table 4.16 displays the odds ratios for the EHR 
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status variable from three separate logistic regression models.  Model 1 is the combined 

model using all EHR and comparison A visits and included two dichotomous variables, 

one for EHR status and one for the existence of two or more unique drug classes.  Model 

2 was estimated using only the ED visits with fewer than 2 unique drug classes during the 

previous six months.  Model 3 was estimated using only ED visits with two more unique 

drug classes.  The results from model 1 indicated that the number of unique drug classes, 

as a dichotomous variable, was significantly associated with return visits within seven 

days (p = 0.027).  In addition, the odds ratio for the EHR status variable (OR 1.55, 95% 

CI: 1.08 to 2.24) from model 1 was higher than the odds ratio from the univariable 

analysis presented in Table 4.12 suggesting the potential for the number of unique drug 

classes as a dichotomous variable to be a confounder.  However, the odds ratios for the 

EHR status variable were similar from model 2 to model 3 suggesting that the number of 

unique drug classes, as a dichotomous variable, was not an effect modifier and thus the 

effect of the use of a payer based EHR did not depend on the presence of two or more 

unique drug classes during the previous six months.  To confirm this finding, and 

formally test Ho3, an interaction term between EHR status and the observance of two or 

more unique drug classes was added to model 1 and tested (Table 4.17).  Based on these 

results, we fail to reject Ho3. 

To examine the robustness of this finding to 1) the choice of cut-off for 

dichotomizing the count of unique drug classes and 2) the selection of comparison visits, 

two sensitivity analyses were conducted.  The first sensitivity analysis was conducted by 

entering the count of unique drug classes as a continuous variable in the interaction term 
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in the logistic regression from Table 4.17 (Appendix C, Table C - 3).  The second 

sensitivity analysis was conducted by estimating the model from Table 4.17 using EHR 

visits and comparison B visits (Appendix C, Table C - 4).  The results of both analyses 

support the primary conclusion.   

 

Table 4.16 Stratified analysis of the interaction between EHR status and having at 
least two previous drug classes on return visits within seven days (N = 2,288) 
 

Model Strata Independent 
Variable OR Robust 

SE Z P-
Value 

95% 
LB 

95% 
UB 

Comparison A Referent      
EHR visits 1.551 0.290 2.35 0.019 1.075 2.238 1 Overall 
Drug count ≥ 2 1.511 0.281 2.22 0.027 1.049 2.176 

         
Comparison A Referent      

2 
Less than 
2 drug 
classes EHR visits 1.558 0.418 1.65 0.098 0.921 2.635 

         
Comparison A Referent      

3 
2 or more 
drug 
classes EHR visits 1.545 0.403 1.67 0.095 0.927 2.576 

OR = odds ratio; SE = standard error; Z = Wald-based Z statistic; LB = Lower bound in 95% 
confidence interval; UB = upper bound in 95% confidence interval 

 

 
Table 4.17 Logistic regression model to test the interaction between EHR status and 
level of drug classes on return visits within 7 days (N = 2,288) 
Variable OR SE z P-Value 95% LB 95% UB 
EHR visit 1.558 0.418 1.65 0.098 0.921 2.635 
DRG_Class2 1.516 0.373 1.69 0.091 0.936 2.456 
EHRxDRG_Class2 0.992 0.371 -0.02 0.982 0.477 2.063 
Wald chi-square (3 d.f.) = 8.18; p = 0.0424     
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4.6.4. Interaction between Previous Drug Claims and Return Visits within Four Weeks 
 

Ho4: There is no difference between the association between the use of a payer-

based electronic health record within an emergency department and the 

occurrence of return visits to the emergency department or hospital within 

four weeks of the emergency department visit among patients with recent 

healthcare utilization and patients without recent healthcare utilization. 

 

The analysis used in 4.6.3 was conducted for return visits within four weeks.   

Table 4.18 displays the results from the three models from the stratified analysis.  Again, 

model 1 included the EHR visit status variable and the dichotomous variable for the 

existence of two or more unique drug classes, model 2 tested the EHR status variable 

among ED visits with fewer than two unique drug classes during the previous six months, 

and model 3 tested the EHR status variable among visits with two or more unique drug 

classes.  The results from model 1 indicate that the number of unique drug classes, as a 

dichotomous variable, was significantly associated with return visits within four weeks (p 

<0.001).  In addition, the odds ratio for the EHR status variable (OR 1.30, 95% CI: 0.99 

to 1.70) from model 1 was higher (although have overlapping 95% CIs) than the odds 

ratio from the corresponding univariable analysis presented in Table 4.14, again 

suggesting the potential for a confounding effect.  Furthermore, the odds ratios for the 

EHR status variable were similar from model 2 to model 3 suggesting that the association 

between the use of the use of a payer based EHR and return visits within four weeks does 

not depend on the presence of two or more unique drug classes during the previous six 
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months.  To formally test Ho4, an interaction term between EHR status and the 

observance of two or more unique drug classes was added to model 1 and tested (Table 

4.19).  Based on these results, we fail to reject Ho4.   

Again, to examine the robustness of this finding to 1) the choice of cut-off for 

dichotomizing the count of unique drug classes and 2) the selection of comparison visits, 

two sensitivity analyses were conducted.  The first sensitivity analysis was conducted by 

entering the count of unique drug classes as a continuous variable in the interaction term 

in the logistic regression from Table 4.19 (Appendix C, Table C - 5).  The second 

sensitivity analysis was conducted by estimating the model from Table 4.19 using EHR 

visits and comparison B visits (Appendix C, Table C - 6).  The results of both analyses 

support the primary conclusion.   

 

Table 4.18 Stratified analysis of the interaction between EHR status and having at 
least two previous drug classes on return visits within four weeks (N = 2,288) 
 

Model Strata Independent 
Variable OR Robust 

SE Z P-
Value 

95% 
LB 

95% 
UB 

Comparison A Referent      
EHR visits 1.300 0.179 1.90 0.057 0.992 1.704 1 Overall 

Drug count ≥ 2 1.921 0.265 4.73 <0.001 1.466 2.517 
         

Comparison A Referent      
2 

Less than 
2 drug 
classes EHR visits 1.273 0.257 1.20 0.232 0.857 1.889 

         
Comparison A Referent      

3 
2 or more 
drug 
classes EHR visits 1.324 0.248 1.50 0.135 0.917 1.912 

OR = odds ratio; SE = standard error; Z = Wald-based Z statistic; LB = Lower bound in 95% confidence 
interval; UB = upper bound in 95% confidence interval 
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Table 4.19 Logistic regression model to test the interaction between EHR status and 
level of drug classes on return visits within four weeks (N = 2,288) 
 

Variable OR 
Robust 

SE z P-Value 95% LB 95% UB 
EHR visit 1.273 0.257 1.20 0.232 0.857 1.889 
DRG_Class2 1.891 0.332 3.64 <0.001 1.341 2.667 
EHRxDRG_Class2 1.040 0.286 0.14 0.886 0.607 1.784 
Wald chi-square (3 d.f.) = 23.08; p <0.0001     

 

4.7. Objective 2 

The results of hypothesis tests concerning the impact of the use of a payer-based 

EHR within an ED on efficiency of care are presented in this section.  Bivariate 

comparisons between EHR visits and Comparison A visits on measures of efficiency of 

care, including total time spent in the ED, evidence of laboratory testing during the ED 

visit, and evidence of diagnostic imaging during the ED visit are displayed in Table 4.20.   

Overall, the mean (SD) time spent in the ED, from triage to the time the patient 

either left the department or was discharged, was 4.6 (3.4) hours.  EHR visits were 

associated with shorter mean ED duration than the comparison visits (4.3 hours versus 

4.7 hours, respectively; p = 0.0039) and shorter median ED duration than comparison 

visits (3.4 hours versus 3.9 hours, respectively; p = 0.004).  Evidence of laboratory use 

was observed in 60.3% of all ED visits and was more common during EHR visits than 

comparison visits (63.8% versus 58.5%, respectively; p = 0.014).  Furthermore, evidence 

of diagnostic imaging occurred during 57.8% of all ED visits and was also more common 

in EHR visits than in comparison visits (59.9% versus 56.7%, respectively; p = 0.131).  
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Specific types of imaging services, CT and MRI imaging, are also described in Table 

4.20.  A higher percentage of EHR visits were associated with CT imaging than 

comparison visits (p = 0.023).  No difference was observed between EHR visits and 

comparison visits on the occurrence of MRI imaging (p = 0.257). 

 
 
Table 4.20  Bivariate comparisons on measures of efficiency of care 

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A 
(N = 1,509) 

p-
valuea 

  Mean/N SD/% Mean/N SD/% Mean/N SD/%   
ED duration, hours        

Mean / SD 4.57 3.40 4.30 3.06 4.71 3.55 0.0039b 
Median 3.73 3.37 3.88 0.004c 

Evidence of 
laboratory use, 
N/% 1380 60.3 497 63.8 883 58.5 0.014 
Evidence of 
diagnostic 
imaging, N/% 1322 57.8 467 59.9 855 56.7 0.131 

CT imaging 
N/% 504 22.0 193 24.8 311 20.6 0.023 

MRI imaging, 
N/% 72 3.1 29 3.7 43 2.8 0.257 
EHR = electronic health record, SD = standard deviation, ED = emergency department, CP = 
computed tomography, MRI = magnetic resonance imaging 
(a) Tests of statistical significance used included the Pearson Chi-square test for categorical data, 
two-sample t-test for mean ED duration, and non-parametric median test for median ED duration. 
(b) p-value from two-sample t-test with unequal variances due to a significant result from 
Bartlett's test for equal variances. 

 

4.7.1. Time Spent in the Emergency Department 

 

Ho5: There is no association between the use of a payer-based electronic health 

record within an emergency department and time spent in the emergency 

department. 
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Examination of ED duration revealed that the distribution is positively skewed 

(Figure 4-6) with skewness of 1.786 and kurtosis 8.011.   Although this distribution is 

skewed, it is not as heavily skewed as many common healthcare utilization measures 

which require unique statistical methods that are geared to handling severe departures 

from traditional modeling assumptions.   Therefore, the modeling approach used began 

with OLS regression followed by thorough examination of model assumptions.  

 

Figure 4-6 Distribution of ED duration 
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The multiple regression model results are summarized in Table 4.21.  The overall 

model was significant (p < 0.0001) with an adjusted R2 of 0.332.  EHR visits were 

associated with a shorter duration than comparison A visits by 26 minutes (p <0.001).  

Holding all other variables constant at their means, the adjusted duration for EHR visits 

was 4.28 hours and 4.72 hours for comparison A visits.  Control variables statistically 

significantly associated with ED duration included age, census at triage, ESI score, 

primary diagnosis and hospital admission (all p < 0.05).  The following statements of 

association assume that all other variables are held constant.  For every 10 year increase 

in age, ED duration was expected to increase by 13 minutes (p<0.001).  Also, for every 

additional previous physician office visit, ED duration was expected to increase by seven 

minutes (p = 0.049).  As ED census increases by 10 patients, ED duration was expected 

to increase by 11 minutes (p < 0.001).  Furthermore, compared to the least severe ED 

visits (ESI of 5), increases in ED duration were expected to by 29 minutes for visits with 

an ESI of 4 (p = 0.045), 88 minutes for ED visits with an ESI of 3 (p < 0.001), and 72 

minutes for ED visits with an ESI of 2 (p < 0.001).  Compared to ED visits with a 

primary diagnosis of injury or poisoning, diagnoses of nervous system disorders were 

associated with a 39 minute increase in duration (p = 0.010), diagnoses of circulatory 

system disorders were associated with a 36 increase in duration (p = 0.006), digestive 

system disorders were associated with a 39 minute increase in duration (p = 0.010), 

nervous system disorders were associated with an 82 minute increase in duration (p < 

0.001), genitourinary disorders were associated with a 78 minute increase in duration (p < 

0.001), general symptoms were associated with a 72 minute increase in duration (p < 
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0.001), and visits with diagnoses in the “other” category were associated with  a 39 

minute increase in ED duration (p = 0.001).  ED visits that resulted in a hospital 

admission were expected to be 209 minutes or 3.5 hours longer than those resulting in a 

discharge (p < 0.001).     

Initial examination of model fit and adherence to model assumptions revealed 

potential violations that required further attention.  Outliers in X and Y from the multiple 

regression model were evaluated visually by plotting the leverage versus the squared 

residuals (Figure D - 9).  Since many of the post-estimation diagnostic tools are not 

available after robust variance estimation in Stata, the model in Table 4.21 was estimated 

without robust variance estimation in the study sample.  The estimated standard errors 

were very similar to the robust SEs from Table 4.21 (SE for EHR status changed by 

6.3%) and the statistical conclusion of the main independent variable, EHR status, did not 

change.  As a result it was decided to not estimate robust variances in the examination of 

leverage.  Observations with outlying residuals identified in Figure D - 9 were examined 

and were associated with ED durations either above 17 hours or below 15 minutes.  To 

examine the impact of theses extreme values, the regression was re-estimated without 

observations above the 99th percentile (17 hours) or below the 1st percentile (25 min).  

The model results are displayed in Table C - 7. In this model, EHR status was still 

associated with a decrease in duration by 22 minutes (p = 0.001). 

Figure D - 10 (Appendix D) displays the normal quantiles plot for evaluation of 

normality and reveals heavy tails in the positive direction and departure from normality.  

The residuals were also plotted against the fitted values in order to assess 
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heteroskedasticity (Appendix D, Figure D - 11).  The cone-like shape of the plot indicates 

that the residuals increase with increasing fitted values.   As a result of the evidence of 

non-normality of residuals and heteroskedasticity, ED duration was log transformed and 

the model was re-estimated (Appendix C, Table C - 8).  The log-scale coefficient for 

EHR visit status indicates that EHR visits are associated with a [1 – e^( -

0.0837192)]*100 = 8.03% decrease in the ED duration.  This result is consistent in 

magnitude and direction of the preliminary model.   

Muticollinearity was also evaluated by calculating the variance inflation factor 

(VIF) for each predictor variable included in the model.  Since no VIF was larger than 1.6 

and the mean VIF was 1.2, there was no evidence of problems with collinearity.  

Furthermore, each continuous variable (age, number of previous physician office visits, 

census, and number of unique medications) was evaluated for linearity by plotting an 

augmented component-plus-residual plot with lowess smoothing.  No systematic 

deviations were observed between the regression line and the lowess smoother for each 

continuous variable.   

Further examination of the residual plot in Figure D - 11 (Appendix D) revealed a 

clustering of data points between 50 to 350 minutes and another clustering of data points 

between 400 and 600 minutes.  A thorough examination of predictor variable indicated 

that hospital admission status was associated with the observed clustering (Appendix D, 

Figure D - 12).  The decision was made to analyze ED visits that resulted in discharge 

separately from those that resulted in hospital admission.  The histogram of ED duration 
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stratified by hospital admission status is presented in Figure 4-7.  A multivariable linear 

regression was estimated for each stratum separately.   

The results for the 1,864 ED visits that resulted in discharge from the ED are 

displayed in Table 4.22.  The overall model was significant (p < 0.0001) with an adjusted 

R2 of 0.1902. EHR visits were associated with a shorter ED duration by 18.8 minutes (p = 

0.008).  Diagnostic plots of residuals are displayed in Figure D - 13, Figure D - 14, and 

Figure D - 15 (Appendix D).  These plots are similar to those produced for the combined 

model, including evidence of non-normally distributed residuals and heteroskedasticity.   

The multivariable results for the 424 ED visits that resulted in hospital admission 

are displayed in Table 4.23.  The overall model was significant (p < 0.0001) with an 

adjusted R2 of 0.1783.  Among these visits, the EHR was associated with a shorter ED 

duration by 77.3 minutes (p = 0.002).  Residual plots for this model are displayed in 

Figure D - 16, Figure D - 17, and Figure D - 18 (Appendix D).  Two observations were 

observed with high leverage values compared to the remaining observations.  The 

multivariable regression was re-run by excluding these two observations.  The coefficient 

for EHR status changed by less than 0.004%, with no change in the statistical 

significance (data not shown).   Also observed was less departure from the assumptions 

of normality and homoskedastic variance of residuals. 

Overall the EHR was associated with a 26 minute shorter ED duration.  This 

associated was dependent upon whether or not the ED visit resulted in hospital admission 

or not.  Among ED visits that resulted in discharge from the ED, an 18.9 minute saving s 

was observed.  Among visits that resulted in hospital admission, a 77 minute savings was 



180 

 

observed.  These associations were statistically significant.  Furthermore, since remedial 

measures to improve the model’s fit and adherence to assumptions all resulted in a 

statistically significant decrease in ED duration associated with ED visits, Ho5 was 

rejected.  
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Table 4.21 Multiple linear regression results for ED duration 
  Coef. Robust SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit -26.04 7.35 -3.54 <0.001 -40.46 -11.62 
Age, every 10 years 12.91 2.10 6.15 <0.001 8.79 17.03 
Male gender -4.76 7.18 -0.66 0.507 -18.85 9.32 
Previous ED visit 20.56 11.00 1.87 0.062 -1.02 42.13 
Previous hospitalization 13.11 16.76 0.78 0.434 -19.75 45.97 
Previous office visits 2.70 1.37 1.97 0.049 0.01 5.38 
Line of business       

IPA Referent group     
PPO 2.72 9.79 0.28 0.781 -16.47 21.92 
POS -2.80 9.14 -0.31 0.759 -20.72 15.12 
Other -7.36 10.70 -0.69 0.492 -28.35 13.64 

Day of week       
Weekday Referent group     
Weekend 4.08 7.93 0.51 0.607 -11.47 19.62 

Triage Census, every 10 
people 10.665 1.733 6.15 <0.001 7.27 14.06 
DCI category       

No score Referent group     
1-2 4.21 10.72 0.39 0.694 -16.81 25.23 
3 or more -14.17 21.81 -0.65 0.516 -56.94 28.61 

Count of unique drug 
classes 0.37 1.07 0.35 0.727 -1.72 2.47 
ESI score       

5 (least severe) Referent group     
4 29.18 14.57 2.00 0.045 0.61 57.75 
3 87.67 15.13 5.79 <0.001 58.00 117.35 
2 (more severe) 72.49 17.24 4.21 <0.001 38.69 106.29 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 38.66 15.01 2.58 0.010 9.23 68.09 
Circ syst 35.96 13.15 2.74 0.006 10.18 61.74 
Resp syst 14.70 12.20 1.21 0.228 -9.22 38.63 
Digest syst 81.67 16.57 4.93 <0.001 49.18 114.17 
GU syst 77.53 18.02 4.30 <0.001 42.18 112.87 
Symptoms 71.60 11.84 6.05 <0.001 48.38 94.82 
Other 38.62 11.92 3.24 0.001 15.25 61.99 

Hospital admission 208.70 13.84 15.08 <0.001 181.55 235.84 
Ambulance 20.54 11.32 1.81 0.070 -1.67 42.74 
Constant -1.84 22.60 -0.08 0.935 -46.16 42.48 
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SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 
 
 
Figure 4-7 Histogram of ED duration stratified by discharge status 
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Table 4.22 Multiple linear regression results for ED duration among ED visits that 
resulted in discharge (N = 1,864) 
  Coef. Robust SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit -18.78 7.05 -2.67 0.008 -32.60 -4.96 
Age, every 10 years 11.51 2.00 5.74 <0.001 7.58 15.44 
Male gender -3.52 6.82 -0.52 0.606 -16.90 9.87 
Previous ED visit 8.79 9.60 0.92 0.360 -10.04 27.62 
Previous hospitalization 30.46 16.46 1.85 0.064 -1.83 62.76 
Previous office visits 1.07 1.19 0.90 0.369 -1.26 3.40 
Line of business       

IPA Referent group     
PPO 9.87 8.94 1.10 0.270 -7.67 27.40 
POS -2.65 8.57 -0.31 0.757 -19.46 14.15 
Other -12.02 9.64 -1.25 0.213 -30.94 6.89 

Day of week       
Weekday Referent group     
Weekend -3.72 7.02 -0.53 0.597 -17.49 10.05 

Triage Census, every 10 
people 7.043 1.492 4.72 <0.001 4.12 9.97 
DCI category       

No score Referent group     
1-2 7.44 10.20 0.73 0.466 -12.56 27.44 
3 or more -6.29 20.19 -0.31 0.756 -45.90 33.32 

Count of unique drug 
classes -0.05 0.96 -0.05 0.961 -1.92 1.83 
ESI score       

5 (least severe) Referent group     
4 16.45 14.66 1.12 0.262 -12.30 45.21 
3 71.30 15.09 4.73 <0.001 41.71 100.90 
2 (more severe) 77.98 17.52 4.45 <0.001 43.62 112.34 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 34.05 14.03 2.43 0.015 6.53 61.56 
Circ syst 64.83 12.08 5.36 <0.001 41.13 88.53 
Resp syst 5.29 10.70 0.49 0.621 -15.70 26.27 
Digest syst 79.48 17.04 4.66 <0.001 46.05 112.90 
GU syst 79.20 15.09 5.25 <0.001 49.61 108.79 
Symptoms 79.51 11.13 7.14 <0.001 57.68 101.35 
Other 36.78 11.30 3.25 0.001 14.61 58.95 

Ambulance 36.38 11.46 3.17 0.002 13.90 58.85 
Constant 39.52 20.47 1.93 0.054 -0.63 79.67 
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SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 
 
Table 4.23 Multiple linear regression results for ED duration among ED visits that 
resulted in admission (N = 424) 
  Coef. Robust SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit -77.32 24.94 -3.10 0.002 -126.35 -28.28 
Age, every 10 years 24.15 9.40 2.57 0.011 5.66 42.63 
Male gender -4.23 24.49 -0.17 0.863 -52.36 43.91 
Previous ED visit 88.61 41.25 2.15 0.032 7.53 169.70 
Previous hospitalization -35.40 33.28 -1.06 0.288 -100.81 30.01 
Previous office visits 6.22 4.31 1.44 0.150 -2.26 14.69 
Line of business       

IPA Referent group     
PPO -39.48 33.88 -1.17 0.245 -106.08 27.13 
POS 8.51 30.29 0.28 0.779 -51.04 68.06 
Other 10.21 40.58 0.25 0.802 -69.56 89.97 

Day of week       
Weekday Referent group     
Weekend 47.54 29.50 1.61 0.108 -10.45 105.52 

Triage Census, every 10 
people 23.526 6.164 3.82 <0.001 11.41 35.64 
DCI category       

No score Referent group     
1-2 -2.17 32.88 -0.07 0.947 -66.80 62.46 
3 or more -26.80 48.27 -0.56 0.579 -121.69 68.08 

Count of unique drug 
classes 0.60 2.94 0.20 0.839 -5.18 6.37 
ESI score       

5 (least severe) Referent group     
4 212.44 75.30 2.82 0.005 64.42 360.47 
3 190.96 53.68 3.56 <0.001 85.44 296.48 
2 (more severe) 130.50 56.36 2.32 0.021 19.72 241.29 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 81.13 63.46 1.28 0.202 -43.63 205.88 
Circ syst -82.64 44.41 -1.86 0.063 -169.94 4.65 
Resp syst 15.01 48.67 0.31 0.758 -80.67 110.70 
Digest syst 44.84 44.80 1.00 0.318 -43.23 132.90 
GU syst 50.67 83.78 0.60 0.546 -114.01 215.35 
Symptoms 20.60 58.00 0.36 0.723 -93.41 134.60 
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  Coef. Robust SE t p-value 95% LB 95%UB 
Other 23.35 43.52 0.54 0.592 -62.21 108.91 

Ambulance -34.24 28.76 -1.19 0.235 -90.79 22.30 
Constant 13.01 86.26 0.15 0.880 -156.57 182.58 
SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 

4.7.2. Laboratory Blood Tests 

 

Ho6: There is no association between use of a payer-based electronic health 

record within an emergency department and the frequency of laboratory 

blood tests during the emergency department visit. 

 

The association between the use of a payer-based EHR on evidence of laboratory 

blood testing during the ED visit was first examined through a univariable analysis using 

logistic regression models.  Table 4.24 displays the results from univariable logistic 

regression models testing the association of each control variable.  At the univariate level, 

EHR visits were associated with a 25% higher odds of using laboratory services than 

comparison A visits (OR 1.249, p = 0.0144). 
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Table 4.24 Univariable logistic regression results for evidence of laboratory use 
during the ED visit (N = 2,288) 

  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

EHR Visit 0.223 0.091 1.249 1.045 1.494 5.98 0.0144 
Predisposing factors        
Age, 10 years 0.369 0.028 1.446 1.368 1.528 172.55 <0.0001 
Gender        

Female        
Male -0.423 0.086 0.655 0.553 0.776 23.93 <0.0001 

Previous ED visit 0.155 0.119 1.167 0.924 1.475 1.68 0.1954 
Previous 
hospitalization 0.922 0.180 2.515 1.769 3.575 26.38 <0.0001 
Number of Previous 
office visits 0.075 0.015 1.078 1.047 1.110 25.70 <0.0001 
Enabling factors        
Line of business        

IPA        
PPO -0.124 0.117 0.883 0.702 1.112   
POS -0.117 0.113 0.890 0.712 1.111   
Other -0.267 0.124 0.766 0.601 0.977 4.86 0.1824 

Day of week        
Weekday        
Weekend -0.122 0.096 0.885 0.734 1.068 1.62 0.2031 

Triage Census, every 
10 patients 0.015 0.018 1.015 0.979 1.052 0.62 0.4306 
Need Factors        

DCI category        
No score        
1-2 0.663 0.112 1.940 1.558 2.415   

3 or more 1.492 0.237 4.445 1.055 6.290 67.78 <0.0001 
Count of unique drug 
classes 0.073 0.011 1.076 1.054 1.099 46.10 <0.0001 

ESI score        
5 (least severe)        
4 0.027 0.388 1.027 0.480 2.196   
3 2.378 0.379 10.782 5.129 22.666   
2 (more severe) 2.723 0.391 15.226 7.081 32.740 449.48 <0.0001 

ED primary diagnosis        
Other        
Nerv syst -0.192 0.199 0.825 0.559 1.219   
Circ syst 1.207 0.187 3.343 2.318 4.822   
Resp syst -0.449 0.173 0.638 0.455 0.896   
Digest syst 1.359 0.241 3.890 2.427 6.237   
GU syst 2.342 0.363 10.401 5.104 21.198   
Inj/Poison -1.878 0.158 0.153 0.112 0.208   
Symptoms 1.248 0.199 3.483 2.357 5.147 537.75 <0.0001 

Ambulance service 0.854 0.141 2.350 1.784 3.096 36.89 <0.0001 
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  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

Hospital Admission 2.911 0.233 18.379 11.650 28.995 156.62 <0.0001 
SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder  

 

 

Table 4.25 displays the results from the multiple logistic regression model for evidence of 

laboratory use during the ED visit.  EHR status was not significant after controlling for 

important covariates (OR 1.26, p = 0.087).  Since age was significant in the initial model, 

it was evaluated for linearity in the logit by plotting a univariable lowess smoothed logit 

versus age (Appendix D, Figure D - 19).  In addition, the Box-Tidwell power 

transformation model confirmed that age was not linear in the logit of the multivariable 

model.  All model fit and diagnostic plots are in Appendix D (Figure D - 20, Figure D - 

21, Figure D - 22, Figure D - 23).  A sensitivity analysis was run by estimating the final 

model in the sample of EHR visits and comparison B visits.  The results are displayed in 

Table C - 9 (Appendix C).  In this larger sample, EHR visits were associated with a 43% 

higher odds of having laboratory services during the ED visit compared to comparison B 

visits OR 1.43, (p = 0.002).   

The coefficient for EHR status in Table 4.25 appears to support Ho6 that there is 

no association between EHR use and evidence of laboratory testing during the ED visit.  

However, regardless of statistical significance, the odds ratios of both multiple logistic 

regression models (one with comparison A and one with comparison B) indicate higher 
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odds of laboratory use when the EHR was available.  At best, the results from this 

analysis are inconclusive.  Based on the results of the primary analysis, we fail to reject 

Ho6. 

 
Table 4.25 Multiple logistic regression results for evidence of laboratory use during 
the ED visit (N = 2,288) 

  
Odds 
Ratio Robust SE Z p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 1.255 0.166 1.71 0.087 0.968 1.627 
Age category       

<= 18 Referent group     
19-34 1.968 0.376 3.54 <0.001 1.353 2.862 
35-49 2.611 0.488 5.14 <0.001 1.810 3.765 
50-64 3.402 0.693 6.01 <0.001 2.283 5.070 
65+ 1.656 0.529 1.58 0.114 0.885 3.097 

Male gender 0.779 0.096 -2.02 0.043 0.612 0.993 
Previous ED visit 0.950 0.162 -0.30 0.764 0.681 1.326 
Previous hospitalization 1.297 0.363 0.93 0.353 0.749 2.246 
Previous office visits 0.974 0.020 -1.29 0.197 0.935 1.014 
Line of business       

IPA Referent group     
PPO 1.057 0.175 0.33 0.738 0.764 1.462 
POS 0.808 0.130 -1.33 0.184 0.590 1.107 
Other 0.688 0.118 -2.18 0.029 0.491 0.962 

Day of week       
Weekday Referent group     
Weekend 0.959 0.132 -0.31 0.760 0.733 1.255 

Triage Census, every 10 
people 1.026 0.027 0.95 0.341 0.973 1.081 
DCI category       

No score Referent group     
1-2 1.430 0.241 2.13 0.033 1.028 1.989 
3 or more 2.745 0.946 2.93 0.003 1.396 5.394 

Count of unique drug 
classes 1.019 0.018 1.04 0.298 0.984 1.055 
ESI score       

5 (least severe) Referent group     
4 3.606 1.687 2.74 0.006 1.441 9.020 
3 2.417 1.094 1.95 0.051 0.996 5.869 
2 (more severe) 0.640 0.294 -0.97 0.332 0.260 1.576 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 4.213 1.042 5.82 <0.001 2.595 6.840 
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Odds 
Ratio Robust SE Z p-value 95% LB 95%UB 

Circ syst 10.534 2.294 10.81 <0.001 6.874 16.142 
Resp syst 2.733 0.555 4.95 <0.001 1.836 4.069 
Digest syst 12.003 3.285 9.08 <0.001 7.020 20.523 
GU syst 62.635 25.181 10.29 <0.001 28.485 137.727 
Symptoms 23.311 5.248 13.99 <0.001 14.994 36.241 
Other 4.693 0.933 7.78 <0.001 3.178 6.928 

Hospital admission 13.169 3.843 8.83 <0.001 7.433 23.333 
Ambulance 1.968 0.387 3.45 0.001 1.339 2.893 
SE = standard error, Z = Wald z statistic; LB = lower bound, UB = upper bound, EHR = electronic 
health record; ED = emergency department; IPA = independent practice association, PPO = preferred 
provider organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity 
Index, Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory 
system disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU 
syst = genito-urinary system disorder  

 

4.7.3. Diagnostic Imaging 
 

Ho7: There is no association between use of a payer-based electronic health 

record within an emergency department and the occurrence of imaging 

procedures during the emergency department visit. 

 

The association between EHR use and evidence of diagnostic imaging was 

evaluated using logistic regression analysis.  Table 4.26 presents the results of the 

univariable analysis.  EHR visit status was not associated with use of diagnostic imaging 

services (OR 1.15, p = 0.1316). 

Table 4.27 presents the results of the multivariable regression.  After controlling 

for all covariates, EHR visit status was not associated with use of diagnostic imaging 

services (OR 1.06, p = 0.617).  As in the analysis for Ho6 age was significant in the 

preliminary model but was not linear in the logit.  A plot of the univariable smoothed 
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logit of diagnostic use versus age is shown in Figure D - 24 (Appendix D).  Age was 

categorized and then entered into the final model.  The model fit well (H-L goodness-of-

fit p = 0.5541) and had good discrimination (ROC = 0.726).  Analysis of residuals did not 

reveal large deviations; deletion of outliers did not change the direction or statistical 

significance of the EHR status variable.  This was expected since the overall measure of 

goodness-of-fit indicated that the model fit the data well.  All diagnostic plots are 

displayed in Appendix D (Figure D - 25, Figure D - 26, Figure D - 27, Figure D - 28).  

The model was also run using EHR visits and comparison B visits to evaluate the 

robustness of findings to using comparison B.  The results are presented in Table C - 10 

(Appendix C).  EHR status was not associated with evidence of diagnostic imaging use 

(OR 1.14, p = 0.170).  Based on the results of this analysis, we fail to reject Ho7. 
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Table 4.26 Univariable analysis of evidence of diagnostic imaging during the ED 
visit (N = 2,288) 

  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

EHR Visit 0.135 0.090 1.145 0.960 1.365 2.27 0.1316 
Predisposing 
factors        
Age, 10 years 0.183 0.025 1.200 1.144 1.260 54.71 <0.0001 
Gender        

Female        
Male 0.236 0.086 1.266 1.070 1.498 7.54 0.0060 

Previous ED visit 0.128 0.116 1.137 0.905 1.427 1.22 0.2701 
Previous 
hospitalization 0.569 0.163 1.766 1.282 2.432 12.13 0.0005 
Number of Previous 
office visits 0.022 0.012 1.022 0.997 1.047 3.04 0.0812 
Enabling factors        
Line of business        

IPA        
PPO 0.031 0.118 1.031 0.818 1.299   
POS 0.198 0.114 1.218 0.974 1.524   
Other -0.101 0.122 0.904 0.712 1.148 5.01 0.1710 

Day of week        
Weekday        
Weekend 0.032 0.095 1.033 0.856 1.245 0.11 0.7369 

Triage Census, every 
10 patients -0.027 0.018 0.973 0.939 1.009 2.19 0.1392 
Need Factors        

DCI category        
No score        
1-2 0.378 0.109 1.459 1.178 1.808   

3 or more 0.610 0.198 1.841 1.249 2.714 19.11 0.0001 
Count of unique 
drug classes 0.024 0.010 1.024 1.005 1.044 5.86 0.0155 

ESI score        
5 (least severe)        
4 0.894 0.340 2.444 1.255 4.761   
3 1.247 0.334 3.479 1.809 6.691   
2 (more severe) 1.676 0.345 5.342 2.719 10.495 48.64 <0.0001 

ED primary 
diagnosis        

Other        
Nerv syst 0.280 0.199 1.324 0.896 1.956   
Circ syst 1.275 0.165 3.579 2.589 4.948   
Resp syst 1.162 0.179 3.195 2.250 4.537   
Digest syst 0.862 0.193 2.367 1.621 3.457   
GU syst 1.112 0.206 3.040 2.030 4.551   
Inj/Poison 0.731 0.144 2.078 1.566 2.756   
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  Coefficient 
Robust 

SE OR 
95% 
LB 

95% 
UB 

Wald 
chi2 p-value 

Symptoms 0.191 0.163 1.210 0.879 1.666 104.79 <0.0001 
Ambulance service 0.330 0.127 1.391 1.086 1.783 6.80 0.0091 
Hospital Admission 1.813 0.151 6.128 4.558 8.240 144.10 <0.0001 
SE = standard error, OR = odds ratio, LB = lower bound, UB = upper bound, EHR = electronic health 
record; ED = emergency department; IPA = independent practice association, PPO = preferred provider 
organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, 
Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = 
genito-urinary system disorder 

 
 

Table 4.27 Multivariable logistic regression results for evidence of diagnostic 
imaging during the ED visit (N = 2,288) 

  
Odds 
Ratio 

Robust 
SE Z p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 1.053 0.110 0.50 0.617 0.859 1.292 
Age category       
≤ 18 Referent group     
19-34 1.900 0.281 4.34 <0.001 1.422 2.540 
35-49 2.039 0.294 4.94 <0.001 1.536 2.705 
50-64 2.414 0.396 5.38 <0.001 1.750 3.328 
65+ 1.159 0.297 0.58 0.564 0.701 1.916 
Male gender 1.254 0.121 2.34 0.019 1.037 1.515 
Previous ED visit 1.151 0.152 1.07 0.287 0.889 1.491 
Previous hospitalization 1.258 0.251 1.15 0.249 0.851 1.861 
Previous office visits 0.992 0.016 -0.50 0.615 0.962 1.023 
Line of business       

IPA Referent group     
PPO 1.066 0.140 0.49 0.626 0.824 1.379 
POS 1.215 0.154 1.54 0.124 0.948 1.559 
Other 1.103 0.153 0.71 0.480 0.840 1.449 

Day of week       
Weekday Referent group     
Weekend 1.046 0.110 0.42 0.673 0.850 1.286 

Triage Census, every 10 
people 0.977 0.020 -1.14 0.256 0.939 1.017 
DCI category       

No score Referent group     
1-2 1.210 0.163 1.42 0.156 0.930 1.576 
3 or more 1.221 0.300 0.81 0.415 0.755 1.976 

Count of unique drug 
classes       
ESI score       

5 (least severe) Referent group     
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Odds 
Ratio 

Robust 
SE Z p-value 95% LB 95%UB 

4 2.478 0.891 2.52 0.012 1.225 5.012 
3 3.085 1.116 3.11 0.002 1.518 6.270 
2 (more severe) 3.369 1.272 3.22 0.001 1.607 7.062 

ED primary diagnosis       
Other Referent group     
Nerv syst 1.700 0.370 2.44 0.015 1.110 2.603 
Circ syst 3.486 0.654 6.65 <0.001 2.413 5.035 
Resp syst 4.267 0.822 7.53 <0.001 2.925 6.226 
Digest syst 1.591 0.345 2.14 0.032 1.040 2.433 
GU syst 3.690 0.824 5.85 <0.001 2.382 5.715 
Inj/Poison 3.702 0.635 7.63 <0.001 2.646 5.181 
Symptoms 1.740 0.312 3.09 0.002 1.224 2.474 

Hospital admission 5.835 0.991 10.38 <0.001 4.183 8.140 
Ambulance 1.160 0.165 1.05 0.296 0.878 1.533 
SE = standard error, Z = Wald-based Z statistic; LB = lower bound, UB = upper bound, EHR = 
electronic health record; ED = emergency department; IPA = independent practice association, PPO = 
preferred provider organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency 
Severity Index, Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = 
circulatory system disorder, Resp syst = respiratory system disorder, Digest syst = digestive system 
disorder, GU syst = genito-urinary system disorder 

 
 

4.7.4. Other Medical Procedures 
 

Ho8: There is no association between use of a payer-based electronic health 

record within an emergency department and the frequency of other 

medical procedures during the emergency department visit. 

 

This hypothesis was not tested.  After thorough examination, it was deemed that the level 

of detail in the administrative claims that were made available for this research was not 

sufficient to enable the creation of a meaningful measure of “other medical procedures”  
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4.8. Objective 3 

4.8.1. Total plan paid amount for the ED visit 

 

Ho9: There is no association between use of a payer-based electronic health 

record within an emergency department and emergency department costs 

of care.  

 

Emergency department costs were measured as total amount reimbursed to the 

hospital or provider by the health plan for the ED visit and used as the main dependent 

variable for this hypothesis.  For this analysis, total health plan paid amount (from 

medical and pharmacy claims) was also collected over the six month baseline period and 

used as an additional control variable.   The distribution of total plan paid (truncated at 

the 99th percentile for display purposes) for the study ED visits is shown in  

Figure 4-8.  Although the total paid amount for the ED visit was distributed with 

severely right skewness, as is typical with healthcare cost data, means rather than 

medians were used as the summary measure (Barber et al., 2000; Ramsey et al., 2005; 

Doshi et al., 2006).  The t-test has been shown to be robust to violations of the normality 

assumption; however it is not clear how robust the t-test is to extreme skewness in unique 

datasets (Barber et al., 2000).  Since the total ED paid amount appeared to be heavily 

skewed, the arithmetic means were compared using a two-sample t-test assuming unequal 

variances.   
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As described in section 3.8.5, non-parametric bootstrap methods were used to test 

the difference in means without the parametric distributional assumption of normality 

(Barber et al., 2000).  Table 4.28 displays the results from the comparison of baseline 

total healthcare plan paid amounts and total paid amount for the ED visit.  Total 

healthcare paid amount over the baseline six months was not different between EHR and 

comparison A visits (p = 7934).  Furthermore the total plan paid amount for EHR visits 

was lower than for comparison visits however this difference was not statistically 

significant ($2,097 versus $2,299, p = 0.3025).  The p-value from the nonparametric 

bootstrap was similar to that from the two-sample t-test with unequal variance suggesting 

that the t-test was robust to the extreme skewness in this data set (Barber et al., 2000). 

 
Figure 4-8 Distribution of total plan paid for the ED visit 
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Table 4.28  Descriptive results for comparison of total baseline costs and costs of the 
ED visit between EHR visits and comparison A visits  
 

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A 
(N = 1,509) 

p-
valueb 

Bootstrap 
p-valuec 

  Mean SD Mean SD Mean SD     
Total plan 
paid over 
previous 6 
monthsa, $ 

5,225 17,354 5,369 20,446 5,150 15,526 0.7934  

Total plan 
paid for 
the ED 
visita, $ 

2,230 5,074 2,097 3,650 2,299 5,671 0.3025 0.2940 

SD = standard deviation;  
(a) Total plan paid amounts were adjusted to constant 2006 US dollars using CPI-U for Philadelphia-
Wilmington-Washington DC region 

(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 
(c) p-value from non-parametric bootstrap 

 

 

Total paid amount for the ED visit was also tested in a multivariable regression 

model.  Due to the extreme skewness, initially a GLM with assuming the Gaussian 

distribution and log link was specified.  Results from the modified Parks test for GLMs 

indicated that the gamma distribution was a better fit for the data (Glick, Doshi, Sonnad, 

& Polsky, 2007).  The results from the preliminary GLM with gamma distribution and 

log link are presented in Table 4.29.  No significant difference was observed between 

EHR visits and comparison A visits after controlling for important covariates (cost ratio = 

0.982, p = 0.683).  A plot of the Anscombe residuals versus the fitted values revealed a 

poor fit with clustering of residuals around $2,000 and then a relatively uniform 

distribution between $5,000 and $15,000 (Figure D - 29, Appendix D).  Further 

examination identified that this separation of data points was the result of a large 
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difference in the cost distribution of patients who were discharged from the ED and those 

who were immediately admitted to the hospital (Figure D - 30, Appendix D).  The 

decision was made to examine the relationship between EHR status and total ED paid 

separately for visits that resulted in a discharge and visits that resulted in hospital 

admission.  Two-sample t-tests and the non-parametric bootstrap were used to test the 

difference between EHR visits and comparison A visits, stratified by ED discharge and 

hospital admission (Table 4.30).  Among ED visits that did not result in a hospital 

admission, no difference was observed between EHR visits and comparison A visits 

($915 versus $900, respectively; p = 0.868).  Among ED visits that resulted in an 

immediate hospitalization, the mean total paid amount was significantly lower for EHR 

visits than for comparison A visits ($6,635 versus $9,699; p = 0.0025).  
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Table 4.29 Multivariable generalized linear model with gamma family and log link 
for total ED paid amount (N = 2,288) 

  
Cost 
Ratio 

Robust 
SE t p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 0.982 0.044 -0.41 0.683 0.898 1.073 
Age, every 10 years 1.044 0.015 3.07 0.002 1.016 1.072 
Male gender 1.107 0.060 1.87 0.061 0.995 1.231 
Previous ED visit 0.954 0.049 -0.92 0.357 0.862 1.055 
Previous hospitalization 0.913 0.086 -0.97 0.331 0.759 1.097 
Previous office visits 0.992 0.007 -1.09 0.274 0.977 1.007 
Previous total plan paid 
amount 1.005 0.001 3.09 0.002 1.002 1.008 
Line of business       

IPA Referent group     
PPO 0.988 0.063 -0.19 0.853 0.872 1.120 
POS 0.933 0.055 -1.18 0.239 0.830 1.048 
Other 0.672 0.043 -6.19 <0.001 0.593 0.762 

Day of week       
Weekday Referent group     
Weekend 1.106 0.078 1.42 0.154 0.963 1.271 

Triage Census, every 10 
people 0.997 0.009 -0.36 0.719 0.978 1.015 
DCI category       

No score Referent group     
1-2 1.071 0.066 1.12 0.261 0.950 1.208 
3 or more 0.845 0.091 -1.56 0.119 0.683 1.045 

Count of unique drug 
classes 1.008 0.006 1.29 0.198 0.996 1.019 
ESI score       

5 (least severe) Referent group     
4 0.948 0.151 -0.33 0.739 0.694 1.296 
3 1.343 0.215 1.84 0.066 0.981 1.839 
2 (more severe) 1.729 0.288 3.29 0.001 1.247 2.397 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.204 0.118 1.89 0.058 0.993 1.459 
Circ syst 2.035 0.158 9.15 <0.001 1.748 2.370 
Resp syst 0.995 0.066 -0.08 0.938 0.873 1.134 
Digest syst 2.324 0.644 3.05 0.002 1.351 4.000 
GU syst 1.965 0.150 8.86 <0.001 1.692 2.281 
Symptoms 1.586 0.111 6.57 <0.001 1.382 1.820 
Other 1.189 0.081 2.54 0.011 1.040 1.358 

Hospital admission 7.444 0.586 25.51 <0.001 6.380 8.685 
Ambulance 1.042 0.059 0.73 0.465 0.932 1.166 
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SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 
 
Table 4.30 Descriptive results of total ED paid stratified by visits resulting in 
discharge and visits resulting in hospital admission 

Variable EHR Visits  Comparison A p-valueb Bootstrap 
p-valuec 

  Mean SD Mean SD     
ED visits resulting in 
discharge 

N = 618 N = 1,246 
  

Total plan paid for 
the ED visita, $ 914.84 1,071.81 899.79 2,813.06 0.8682 0.8860 

ED visits resulting in 
hospital admission 

N = 161 N = 263   

Total plan paid for 
the ED visita, $ 6,634.71 5,851.16 8,928.61 9,698.57 0.0025 0.0025 

SD = standard deviation;  
(a) Total plan paid amounts were adjusted to constant 2006 US dollars using CPI-U for Philadelphia-
Wilmington-Washington DC region 

(b) p-value from two-sample t-test with unequal variances  
(c) p-value from non-parametric bootstrap 

 

 
To control for important covariates, separate multivariable regression models were 

also estimated for visits that resulted in discharge and those that resulted in hospital 

admission.  In the multivariable analysis, total paid amounts for EHR visits that resulted 

in discharge were not significantly different than comparison visits that resulted in 

discharge (p = 0.365, Table 4.31).  In the multivariable analysis of ED visits that resulted 

in immediate hospital admission, EHR visits were associated with 18.2% lower total paid 

amounts than comparison A visits (cost ratio = 0.818, p = 0.027; Table 4.32).    
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Table 4.31 Multivariable generalized linear model with gamma family and log link 
for total ED paid amount among visits resulting in discharge (N = 1,864) 

  
Cost 
Ratio 

Robust 
SE t p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 1.042 0.047 0.91 0.365 0.954 1.138 
Age, every 10 years 1.033 0.015 2.21 0.027 1.004 1.062 
Male gender 1.106 0.058 1.92 0.055 0.998 1.227 
Previous ED visit 0.932 0.047 -1.39 0.166 0.844 1.030 
Previous hospitalization 0.928 0.100 -0.69 0.491 0.751 1.147 
Previous office visits 0.986 0.009 -1.58 0.113 0.969 1.003 
Previous total plan paid 
amount 1.008 0.002 3.28 0.001 1.003 1.013 
Line of business       

IPA Referent group     
PPO 0.974 0.061 -0.43 0.670 0.862 1.100 
POS 0.980 0.061 -0.33 0.742 0.867 1.107 
Other 0.673 0.042 -6.37 <0.001 0.595 0.760 

Day of week       
Weekday Referent group     
Weekend 1.069 0.066 1.09 0.275 0.948 1.206 

Triage Census, every 10 
people 1.008 0.009 0.81 0.420 0.989 1.026 
DCI category       

No score Referent group     
1-2 1.084 0.075 1.16 0.247 0.946 1.242 
3 or more 0.689 0.078 -3.30 0.001 0.553 0.860 

Count of unique drug 
classes 1.008 0.007 1.19 0.235 0.995 1.021 
ESI score       

5 (least severe) Referent group     
4 0.963 0.146 -0.25 0.802 0.715 1.296 
3 1.435 0.220 2.36 0.018 1.063 1.938 
2 (more severe) 1.921 0.309 4.06 <0.001 1.402 2.633 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.204 0.120 1.86 0.063 0.990 1.465 
Circ syst 2.039 0.162 8.99 <0.001 1.746 2.382 
Resp syst 1.004 0.067 0.06 0.952 0.882 1.143 
Digest syst 3.189 1.298 2.85 0.004 1.437 7.081 
GU syst 2.135 0.168 9.67 <0.001 1.831 2.490 
Symptoms 1.653 0.118 7.04 <0.001 1.437 1.902 
Other 1.197 0.085 2.54 0.011 1.042 1.375 

Ambulance 1.062 0.066 0.97 0.330 0.941 1.199 
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SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 
 
Table 4.32 Multivariable generalized linear model with gamma family and log link 
for total ED paid amount among visits resulting in hospital admission (N = 424) 

  
Cost 
Ratio 

Robust 
SE t p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 0.818 0.074 -2.22 0.027 0.685 0.977 
Age, every 10 years 1.125 0.048 2.78 0.005 1.035 1.223 
Male gender 1.077 0.093 0.87 0.386 0.910 1.275 
Previous ED visit 1.119 0.137 0.91 0.360 0.880 1.422 
Previous hospitalization 0.813 0.105 -1.60 0.110 0.631 1.048 
Previous office visits 1.009 0.011 0.78 0.436 0.987 1.032 
Previous total plan paid 
amount 1.001 0.002 0.83 0.406 0.998 1.005 
Line of business       

IPA Referent group     
PPO 1.003 0.129 0.03 0.980 0.779 1.291 
POS 0.817 0.082 -2.00 0.045 0.670 0.996 
Other 0.858 0.098 -1.34 0.181 0.686 1.074 

Day of week       
Weekday Referent group     
Weekend 1.055 0.101 0.56 0.576 0.874 1.274 

Triage Census, every 10 
people 0.954 0.016 -2.77 0.006 0.923 0.986 
DCI category       

No score Referent group     
1-2 1.018 0.117 0.16 0.877 0.813 1.275 
3 or more 0.996 0.151 -0.03 0.980 0.740 1.341 

Count of unique drug 
classes 0.995 0.009 -0.58 0.563 0.977 1.013 
ESI score       

5 (least severe) Referent group     
4 1.121 0.454 0.28 0.778 0.507 2.480 
3 0.879 0.335 -0.34 0.734 0.416 1.855 
2 (more severe) 0.990 0.392 -0.03 0.980 0.455 2.153 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.060 0.263 0.23 0.815 0.651 1.724 
Circ syst 1.397 0.219 2.13 0.033 1.028 1.899 
Resp syst 0.787 0.147 -1.28 0.200 0.545 1.136 
Digest syst 1.098 0.172 0.60 0.549 0.808 1.493 
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Cost 
Ratio 

Robust 
SE t p-value 95% LB 95%UB 

GU syst 0.934 0.200 -0.32 0.749 0.614 1.420 
Symptoms 0.796 0.162 -1.12 0.263 0.533 1.187 
Other 0.896 0.146 -0.67 0.501 0.650 1.234 

Ambulance 0.903 0.110 -0.84 0.403 0.710 1.147 
SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 

The method of recycled predictions has been recommended for obtaining the 

predicted cost difference from regression models with the log link specified in order to 

avoid the reintroduction of covariate imbalance that arises due to nonlinear 

retransformation (Glick et al., 2007).   This method was used to obtain an identical 

covariate structure for each group by coding all visits as if they were EHR visits and 

predicting the total ED paid amount, 0ˆiZ , and then coding all visits as if they were 

comparison A visits and then predicting the total ED paid amount, 1ˆiZ .  The point 

estimate for the predicted cost difference was then calculated as the difference of the 

predicted paid amounts, 0ˆiZ - 1ˆiZ .  Note that for GLMs with Gaussian family and identify 

link, the method of recycled predictions produces the same result as if predicted paid 

amounts were obtained while holding all covariates at their sample means.  Table 4.33 

summarizes the predicted mean cost using the method of recycled predictions from the 

combined multivariable GLM and for both stratified models.  In addition, the SEs and 

95% CIs of the predicted mean differences from bootstrapped sampling are displayed.  

All three p-values from the non-parametric bootstraps agree with the p-values obtained 
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from the GLM regressions.  Among ED visits that resulted in a hospital admission, the 

predicted mean paid amount is $7,019 and $8,579 for comparison A visits for a savings 

of $1,560.  Using non-parametric bootstrap sampling, the 95% CI of the predicted 

difference is $43 to $2,910. 

 

Table 4.33  Results from multivariable analysis of total Emergency department visit 
plan paid amount 

 Predicted Means 
from GLM   Results from Non-Parametric 

Bootstrap of Predicted Differences 

Model  EHR Compari
son A 

Differe
nce 

P-
Valuea SE P-

Value 
95% 
LB 

95% 
UB 

Combined 2,332.65 2,376.16 -43.51 0.683 108.084 0.837 -244.54 179.04 
Discharged 922.61 885.68 36.93 0.365 42.821 0.370 -39.17 121.09 

Admitted 7,018.69 8,578.77 

-
1,560.0

8 0.027 735.241 0.047 

-
2,910.4

5 -43.01 

EHR = electronic health record, GLM = generalized linear model, SE = standard error, LB = lower 
bound, UB = upper bound 
(a) P-Value based on Wald z-statistic from GLM model 

 

 

To evaluate the robustness of these findings to inclusion of comparison visits 

from September and October 2004, all three regressions (combined model and both 

stratified models) were estimated without ED census and using cohort B (Table C - 11, 

Table C - 12, Table C - 13, Appendix C).  The results agree with the results from the 

regressions among EHR visits and comparison A visits.  Among ED visits that resulted in 

hospital admission, EHR visits were associated with 24% lower total paid amounts than 

comparison B visits (cost ratio = 0.760).  Using recycled predictions, this corresponds to 
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predicted mean paid amount of $6,075 for EHR visits and $7,995 for comparison A visits 

resulting in a cost savings of $1,920. 

Based on the results of the primary analysis and supported by the sensitivity 

analysis that examined the robustness of findings to the comparison group selection, 

results suggest that the use of a payer-based EHR is associated with total paid amount for 

the visit when the ED visit resulted in a hospital admission.  However, among all ED 

visits, differences were not observed.  Therefore, based on the primary analysis, we fail to 

reject Ho9. 

4.9. Objective 4 

4.9.1. Total healthcare paid amount in the four week follow-up period 
 
 

Ho10: There is no association between use of a payer-based electronic health 

record within an emergency department and health care costs in the four 

weeks following the emergency department visit.  

 

The distribution of total health plan paid amount for all healthcare services 

(truncated at the 99th percentile for display purposes) is shown in Figure 4-9.  Due to the 

extreme skewness, the mean total health plan paid amount during the four-week follow-

up was compared between EHR visits and comparison A visits using the two-sample t-

test with unequal variances and the non-parametric bootstrap.  The results from these 

tests are displayed in Table 4.34.  The mean total paid amount for all healthcare services 

was $1,576 for EHR visits and $1,992 for comparison A visits.  A difference of $416 was 
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observed but was not statistically significant using the two-sample t-test with unequal 

variance (p = 0.0889).  This result was confirmed with the non-parametric bootstrap (p = 

0.0915). 

 

Figure 4-9 Distribution of total health plan paid amount for all healthcare services 
during the four-week follow-up period 
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Table 4.34 Descriptive results for comparison of total health plan paid for all 
healthcare services over the four week follow-up period  

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A 
(N = 1,509) 

p-
value

b 

Bootstr
ap p-
valuec 

  Mean SD Mean SD Mean SD     
Total health 
care paid 
over 4 week 
follow-upa, 
$ 

1,850.40 5,795.40 1,576.00 5,258.50 1,992.
10 

6,050.8
0 

0.088
9 0.0915 

EHR = electronic health record, SD = standard deviation,  
(a) Total plan paid amounts were adjusted to constant 2006 US dollars using CPI-U for 
Philadelphia-Wilmington-Washington DC region 

(b) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's 
test for equal variances. 
(c) p-value from non-parametric bootstrap 

 

 

The results from the multivariable GLM with gamma family and log link are 

displayed in Table 4.35.  After adjusting for all covariates, EHR status was not associated 

with total paid amount over the four week follow-up period (cost ratio = 0.921, p = 

0.490).   

Analysis of Anscombe residuals versus the fitted values revealed three 

observations with very high fitted values (Figure D - 33, Appendix D).  The model was 

re-estimated excluding these observations in order to evaluate the impact on the 

relationship between EHR status and total plan paid over follow-up.  The results of the 

regression are displayed in Table C - 14 (Appendix C).  Further examination of these 

observations revealed very large baseline paid amounts and low observed plan paid 

amounts over the four week follow-up.  Excluding the three outlying observations did not 

change the significance level of the EHR indicator variable.  In addition, the log of 

baseline total paid amount was calculated and used in the model.  The results of this 
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analysis are displayed in Table C - 15 (Appendix C).  Again, log transforming baseline 

costs did not change the statistical conclusion for the relationship between EHR status 

and total paid amounts over follow-up.  Furthermore, the final model displayed in Table 

4.35 was estimated using comparison B in order to examine the robustness of findings to 

including comparison visits from September and October 2004 when ED census was not 

captured.  In the larger sample, the EHR indicator variable was again not associated with 

total plan paid amount over follow-up (cost ratio = 0.951, p = 0.644).  These results are 

displayed in Table C - 16 (Appendix C).   

Predicted values and bootstrapped confidence intervals from the final model are 

displayed in Table 4.36.  Based on the multivariable model, EHR and comparison A 

visits are expected to have $2,222 and $2,411 in total paid amounts over the four week 

follow-up, respectively (bootstrap 95% CI of difference = -$764 to $448).   Results from 

the non-parametric bootstrap agree with the model results.  Based on the final 

multivariable regression model, we fail to reject Ho10. 
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Table 4.35 Multivariable generalized linear model with gamma family and log link 
for total plan paid for all healthcare services over the four week follow-up (N = 
2,288) 

  
Cost 
Ratio 

Robust 
SE t p-value 95% LB 95%UB 

Comparison visit Referent group     
EHR visit 0.921 0.109 -0.69 0.490 0.730 1.162 
Age, every 10 years 1.072 0.041 1.83 0.068 0.995 1.155 
Male gender 1.081 0.114 0.74 0.460 0.879 1.330 
Previous ED visit 1.043 0.136 0.32 0.745 0.808 1.348 
Previous hospitalization 0.890 0.180 -0.58 0.564 0.599 1.322 
Previous office visits 1.010 0.014 0.68 0.495 0.982 1.038 
Previous total plan paid 
amount 1.019 0.004 5.32 <0.001 1.012 1.026 
Line of business       

IPA Referent group     
PPO 1.281 0.170 1.86 0.062 0.987 1.661 
POS 0.983 0.121 -0.14 0.888 0.773 1.250 
Other 0.878 0.141 -0.81 0.417 0.641 1.202 

Day of week       
Weekday Referent group     
Weekend 0.780 0.092 -2.12 0.034 0.619 0.981 

Triage Census, every 10 
people 1.015 0.021 0.71 0.475 0.975 1.056 
DCI category       

No score Referent group     
1-2 1.014 0.145 0.10 0.921 0.766 1.344 
3 or more 1.401 0.369 1.28 0.201 0.836 2.349 

Count of unique drug 
classes 1.064 0.011 5.81 <0.001 1.042 1.087 
ESI score       

5 (least severe) Referent group     
4 1.086 0.296 0.30 0.762 0.636 1.853 
3 1.602 0.415 1.82 0.069 0.965 2.661 
2 (more severe) 1.821 0.495 2.20 0.027 1.069 3.104 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.314 0.355 1.01 0.312 0.774 2.232 
Circ syst 1.679 0.282 3.08 0.002 1.208 2.334 
Resp syst 0.681 0.122 -2.14 0.032 0.479 0.968 
Digest syst 1.656 0.419 1.99 0.046 1.008 2.719 
GU syst 1.559 0.325 2.13 0.033 1.036 2.344 
Symptoms 1.337 0.279 1.39 0.164 0.888 2.011 
Other 1.446 0.222 2.40 0.016 1.070 1.954 

Hospital admission 2.659 0.320 8.12 <0.001 2.100 3.367 
Ambulance 0.970 0.127 -0.23 0.816 0.751 1.253 
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SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic health record; ED = 
emergency department; IPA = independent practice association, PPO = preferred provider organization, 
POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity Index, Inj/Poison = 
injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system disorder, Resp 
syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-urinary 
system disorder  

 

 

Table 4.36 Results from multivariable analysis of total health plan paid amount for 
all healthcare services over the four week follow-up period 

Predicted Means from 
GLM   Results from Non-Parametric Bootstrap of 

Predicted Differences 

EHR Comparison 
A Difference P-Valuea SE P-Value 95% LB 95% UB 

2,221.97 2,411.45 -189.48 0.490 321.640 0.461 -764.26 447.99 

EHR = electronic health record, GLM = generalized linear model, SE = standard error, LB = lower 
bound, UB = upper bound 
(a) P-Value based on Wald z-statistic from GLM model 

 

 

4.9.2. Number of pharmacy claims in the four week follow-up 
 

Ho11: There is no association between use of a payer-based electronic health 

record and the number of prescription drug claims in the four weeks 

following the ED visit among patients with previous prescription drug use. 

 

The goal of this analysis was to examine the impact of the EHR on outpatient 

pharmacy utilization during the four week follow-up period.  Outpatient pharmacy 

utilization was measured by the total number of prescription drug claims among the 

entire sample and also by the change in the number of pharmacy claims among patients 
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who averaged at least one claim per month during the baseline period.  The latter analysis 

was intended to more directly examine the potential for the EHR to be associated with 

fewer changes and/or disruptions to the prescription drug regimen among patients who 

are treated with prescription drugs on a continuing basis.    

Descriptive analysis of prescription drug utilization over the baseline period and 

over the follow-up period among all EHR and comparison A visits is summarized in 

Table 4.37.  Since the total number of claims includes refills, the number of unique drug 

classes was also examined.  Comparison A visits were associated with approximately 

twice as many pharmacy claims and unique drug classes over the baseline period as EHR 

visits.  This trend was also observed over the follow-up period.  Over the follow-up 

period, the mean (SD) number of pharmacy claims was 0.70 (1.9) for EHR visits and 2.2 

(2.8) for comparison A visits (p < 0.0001).  The mean (SD) number of unique drug 

classes over follow-up was 0.60 (1.7) for EHR visits and 2.0 (2.5) for comparison visits 

(p < 0.0001).   
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Table 4.37 Descriptive analysis of prescription drug utilization among all EHR and 
comparison A visits  

Variable Overall  
(N = 2,288) 

EHR Visits  
(N = 779) 

Comparison A 
(N = 1,509) p-valuea 

  Mean SD Mean SD Mean SD   
Number of Rx claims 
over baseline 7.30 12.00 4.20 9.40 8.90 12.80 <0.0001 

Number of unique 
drug classes over 
baseline 

3.30 4.60 2.00 3.90 4.00 4.80 <0.0001 

        
Number of Rx claims 
over 4 week follow-up 1.70 2.60 0.70 1.90 2.20 2.80 <0.0001 

Number of unique 
drug classes over 4 
week follow-up 

1.50 2.40 0.60 1.70 2.00 2.50 <0.0001 

EHR = electronic health record, SD = standard deviation 
(a) p-value from two-sample t-test with unequal variances due to a significant result from Bartlett's test 
for equal variances. 

 

 

Table 4.38 summarizes the descriptive analysis of prescription drug utilization 

among visits by patients who averaged at least one pharmacy claim per month.  Overall 

patients who averaged at least one claim per month incurred 18.1 (13.9) actual claims and 

8.0 (7.8) unique drug classes over the baseline period.  No statistically significant 

differences on these two measures were observed between EHR visits and comparison A 

visits.  However, over the follow-up four months, patients associated with EHR visits 

incurred fewer pharmacy claims (2.3 versus 3.9, p < 0.001) and fewer unique drug classes 

(2.1 versus 3.5, p< 0.001) than comparison A visits.   A change score was also calculated 

as the number of claims over the four week follow-up minus the average number of 

claims per month measured over the six month baseline period.  Patients associated EHR 

use experienced 0.7 fewer claims after the visit as compared to their average monthly 
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number of claims before the visit;  whereas, patients not associated with EHR use 

experienced 0.7 more fills after the ED visit as compared to their average monthly 

number of claims prior to the ED visit.  The mean changes were significantly different (p 

< 0.0001).    

 
 
Table 4.38 Descriptive analysis of prescription drug utilization among visits by 
patients who averaged at least one claim per month during the baseline period 

Variable Overall  
(N = 812) 

EHR Visits  
(N = 161) 

Comparison A 
(N = 651) 

p-
valuea 

  Mean SD Mean SD Mean SD   
Number of Rx claims 
over baseline 18.83 13.93 17.95 13.61 19.04 14.01 0.3738 

Number of unique 
drug classes over 
baseline 

7.96 4.78 7.91 5.02 7.98 4.72 0.8822 

        
Number of Rx claims 
over 4 week follow-
up 

3.55 3.20 2.34 3.21 3.86 3.12 <0.0001 

Number of unique 
drug classes over 
4 week follow-up 

3.23 2.83 2.13 2.84 3.50 2.77 <0.0001 

        
Change in Number of 
Rx Claimsb 0.42 2.58 -0.66 2.71 0.68 2.48 <0.0001 

EHR = electronic health record, SD = standard deviation  
(a) p-value from two-sample t-test with equal variances  
(b) A change score was calculated as the number of pharmacy claims over the 28-day follow-up period - 
the monthly average number of pharmacy claims over the 6 month baseline period 

 

 

4.9.2.1. Multivariable analysis of the number of pharmacy claims in the four week 

follow-up among all visits 
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The distribution of the total number of pharmacy claims among all EHR and 

comparison A visits is displayed in Figure 4-10.   Based on the distributions, the 

difference between EHR visits and comparison visits after adjusting for potential 

confounding variables was tested using negative binomial regression (chosen after 

overdispersion was found to be significant in the Poison regression model).   

 

Figure 4-10 Distribution of the total number of pharmacy claims over the four week 
follow-up period among all EHR and comparison A visits 

0
.2

.4
.6

D
en

si
ty

0 5 10 15 20
Number of Rx Claims over Four Week Follow-up

 
 

 

Due to the large imbalance of baseline pharmacy claims, this variable was 

included in the multivariable regression model for the count of pharmacy claims in the 
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follow-up period in place of baseline paid amounts, occurrence of a previous ED visit, 

and occurrence of a previous inpatient hospitalization.  The latter two variables were not 

expected to be related to follow-up number of pharmacy claims.  Based on the 

distribution of data, the initial multivariable model was estimated using the Poisson 

distribution (data not shown).  As expected, strong evidence of overdispersion was 

observed (likelihood-ratio test of alpha=0: chi-square =1035.14, p < 0.001).  As a result 

the negative binomial regression model was used to fit the data.  The preliminary model 

is displayed in Table C - 17 (Appendix C).   The deviance-based dispersion statistic 

(deviance/degrees of freedom) was 0.960, indicating a good fit since it is less than one.  

However, a plot of the Anscombe residuals versus the fitted values (Figure D - 34, 

Appendix D) revealed a poor fit.  A plot of the Anscombe residuals versus each on the 

continuous covariates (data not shown) indicated severe nonlinearity with baseline total 

number of pharmacy claims.  The Box-Tidwell power transformation model was 

estimated and confirmed severe nonlinearity with this covariate (nonlinear deviance = 

286.249, p < 0.001).  As a result, baseline number of pharmacy claims was entered into 

the model as a categorical variable (Table 4.39).  This model resulted in a Bayesian 

information criterion (BIC) decrease of 191.663, which provides very strong evidence in 

support for the model with previous pharmacy claims as a categorical variable (Long & 

Freese, 2001).  EHR visits were associated with fewer number of pharmacy claims over 

the four week follow-up period by 53% (incident rate ratio, IRR = 0.465; p < 0.001).   
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Table 4.39 Multivariable negative binomial regression model of count of pharmacy 
claims over the four week follow-up period (N = 2,288) 

  IRR 
Robust 

SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit 0.465 0.041 -8.75 <0.001 0.392 0.552 
Age, every 10 years 1.066 0.020 3.43 0.001 1.028 1.105 
Male gender 1.081 0.066 1.28 0.201 0.959 1.219 
Previous Rx claim 
count       

None Referent group     
1-2 2.876 0.423 7.19 <0.001 2.156 3.837 
3-6 4.094 0.508 11.35 <0.001 3.210 5.222 
7-12 5.716 0.647 15.41 <0.001 4.579 7.134 
12-18 7.465 0.928 16.16 <0.001 5.850 9.525 
>19 14.816 1.596 25.02 <0.001 11.996 18.299 

Previous office visits 0.988 0.008 -1.52 0.128 0.974 1.003 
Line of business       

IPA Referent group     
PPO 0.786 0.056 -3.40 0.001 0.684 0.903 
POS 0.884 0.077 -1.43 0.154 0.746 1.047 
Other 0.772 0.072 -2.79 0.005 0.643 0.926 

Day of week       
Weekday Referent group     
Weekend 1.004 0.067 0.06 0.954 0.881 1.144 

Triage Census, every 10 
people 1.004 0.013 0.30 0.765 0.979 1.029 
DCI category       

No score Referent group     
1-2 0.893 0.060 -1.69 0.092 0.783 1.019 
3 or more 0.933 0.124 -0.52 0.605 0.719 1.212 

ESI score       
5 (least severe) Referent group     
4 0.841 0.166 -0.88 0.380 0.571 1.238 
3 0.988 0.194 -0.06 0.950 0.671 1.453 
2 (more severe) 0.836 0.173 -0.86 0.387 0.558 1.254 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.110 0.129 0.89 0.371 0.883 1.394 
Circ syst 1.148 0.128 1.24 0.215 0.923 1.430 
Resp syst 1.289 0.138 2.37 0.018 1.044 1.591 
Digest syst 1.066 0.139 0.49 0.625 0.826 1.375 
GU syst 1.156 0.140 1.19 0.233 0.911 1.466 
Symptoms 1.028 0.117 0.24 0.810 0.823 1.284 
Other 1.227 0.126 1.98 0.047 1.003 1.501 

Hospital admission 1.821 0.143 7.65 <0.001 1.562 2.124 
Ambulance 1.004 0.078 0.05 0.956 0.863 1.169 
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IRR = incident rate ratio, SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic 
health record; ED = emergency department; IPA = independent practice association, PPO = preferred 
provider organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity 
Index, Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory 
system disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU 
syst = genito-urinary system disorder  

 

 

Two sensitivity analyses were performed to evaluate the robustness of findings to 

a variation in the definition of the dependent variable and to selection of inclusion of 

comparison visits from September and October 2004 (i.e., comparison B).   The first 

sensitivity analysis used the number of unique drug classes as the dependent variable.  

The negative binomial regression results are displayed in Table C - 18 (Appendix C).  

EHR visits were associated with a lower count of unique drug classes over the four week 

follow-up period by 61% (IRR = 0.387; 95% CI, 0.328 to 0.458).  The second sensitivity 

analysis used comparison B as the comparison group and the total number of pharmacy 

claims as the dependent variable.  The negative binomial regression results are displayed 

in Table C - 19 (Appendix C).  EHR visits were associated with a lower count of total 

pharmacy claims over the four week follow-up period by 54% (IRR = 0.465; 95% CI, 

0.393 to 0.549). 

 

4.9.2.2. Multivariable analysis of the number of pharmacy claims in the four week 

follow-up among patients who averaged at least one claim per month before the 

ED visit 
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The distribution of the total number of pharmacy claims among ED visits by 

patients who averaged at least one claim per month before the ED visit is displayed in 

Figure 4-11.   Based on the distribution, the difference between EHR visits and 

comparison visits after adjusting for potential confounding variables was tested using 

negative binomial regression (chosen after overdispersion was found to be significant in 

the Poison regression model).   Significant overdispersion was observed (likelihood-ratio 

test of alpha=0: chi-square = 149.84, p < 0.001); therefore, the negative binomial 

regression was used.  The results of the final regression model are displayed in Table 

4.40.  Among ED visits from patients who obtained at least 1 pharmacy claim per month 

over the previous six months, EHR status is associated with 40 percent fewer claims in 

the four weeks after the visit (IRR = 0.60, 95% CI: 0.50 to 0.72), holding all covariates 

constant. 

The number of prescription during claims over the baseline period was significant 

in the model.  Comparison of the BIC between this model with a model where the 

number of previous pharmacy claims was categorized (such as the model in Table 4.39) 

revealed a difference in BIC of 50.314, which provides very strong support for the model 

with the previous number of pharmacy claims as continuous (Long et al., 2001).  

Diagnostic plots of the Anscombe residuals versus the fitted values are displayed in 

Figure D - 36 (Appendix D).  One observation with a large leverage and large fitted value 

was further examined and excluded from the regression model (results not shown).  The 

coefficient changed by less that 0.6% and no change in the statistical significance was 

observed.  The decision was made to keep this observation in the analysis.  A sensitivity 
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analyses was conducted to determine the impact of using the count of the unique drug 

classes, rather than all pharmacy claims, as the dependent variable among patients with at 

least one pharmacy claim over the baseline period.  The results agreed with the primary 

analysis (Table C - 20, Appendix C).  Finally another sensitivity analysis was run using 

comparison B visits as the comparison group (Table C - 21, Appendix C)).  Again the 

results from this analysis agreed with the primary analysis.   

 

Figure 4-11 Distribution of the number of pharmacy claims over the four week 
follow-up among visits with at least one claim per month over baseline 
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Table 4.40 Multivariable negative binomial regression model of count of pharmacy 
claims over the four week follow-up among patients who averaged at least one Rx 
claim in the baseline period (N = 812) 

  IRR 
Robust 

SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit 0.600 0.056 -5.47 0.000 0.500 0.721 
Age, every 10 years 1.073 0.021 3.64 0.000 1.033 1.115 
Male gender 0.936 0.053 -1.17 0.240 0.838 1.045 
Previous Rx claim 
count 1.027 0.002 13.83 0.000 1.023 1.031 
Previous office visits 1.003 0.007 0.49 0.626 0.990 1.016 
Line of business       

IPA Referent group     
PPO 0.944 0.064 -0.85 0.395 0.827 1.078 
POS 1.006 0.072 0.09 0.930 0.875 1.157 
Other 0.988 0.084 -0.14 0.886 0.836 1.167 

Day of week       
Weekday Referent group     
Weekend 1.063 0.064 1.03 0.303 0.946 1.196 

Triage Census, every 10 
people 1.003 0.012 0.28 0.778 0.980 1.027 
DCI category       

No score Referent group     
1-2 1.012 0.059 0.20 0.840 0.903 1.133 
3 or more 0.973 0.111 -0.24 0.808 0.777 1.217 

ESI score       
5 (least severe) Referent group     
4 0.743 0.214 -1.03 0.302 0.423 1.306 
3 0.852 0.246 -0.55 0.579 0.485 1.499 
2 (more severe) 0.743 0.217 -1.02 0.310 0.420 1.317 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 1.039 0.131 0.31 0.759 0.812 1.331 
Circ syst 1.050 0.104 0.49 0.627 0.864 1.275 
Resp syst 1.271 0.123 2.49 0.013 1.052 1.536 
Digest syst 0.987 0.108 -0.12 0.902 0.797 1.222 
GU syst 1.089 0.124 0.75 0.454 0.871 1.362 
Symptoms 1.095 0.115 0.87 0.387 0.891 1.346 
Other 1.070 0.102 0.71 0.480 0.887 1.290 

Hospital admission 1.361 0.084 5.02 0.000 1.207 1.535 
Ambulance 1.182 0.084 2.36 0.018 1.029 1.358 
IRR = incident rate ratio, SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic 
health record; ED = emergency department; IPA = independent practice association, PPO = preferred 
provider organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity 
Index, Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory 
system disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU 
syst = genito-urinary system disorder  
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4.9.2.3. Multivariable analysis of the change in the number of pharmacy claims among 

patients who averaged at least one claim per month before the ED visit 

 

The distribution of change in the average monthly number of pharmacy claims 

during the baseline period and the number of claims over the four week follow-up period  

among ED visits by patients who averaged at least one claim over baseline is displayed in 

Figure 4-12.  This figure revealed that the change score was well-approximated by the 

Gaussian distribution; consequently OLS regression was used to test the difference in the 

change in pharmacy claims between EHR visits and comparison visits.   The results of 

the multiple least square model of the change score is displayed in Table 4.41.  EHR 

visits were associated with a decrease in the number of pharmacy claims by 1.29 claims 

(95% CI: 0.82 to 1.76) as compared to comparison A visits.  The adjusted change for 

EHR and comparison visits, while holding all covariates at their means are displayed in 

Table 4.42.   

Residual analysis revealed that the data fit well (Figure D - 37, Figure D - 39, 

Appendix D). However failure to meet the normality assumption was evident (Figure D - 

38, Appendix D).  Analysis with a logged dependent variable did not improve the 

distribution (data not shown).  Furthermore, these results were robust to using 

comparison B visits (Table C - 22, Appendix C). 
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Figure 4-12 Distribution of the change in the number of pharmacy claims from 
baseline to follow-up among visits associated with at least one claim per month 
during the baseline period 
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Table 4.41 Multiple least squares regression model of the change in the count of 
pharmacy claims among ED visits by patients who average at least one claim per 
month over the baseline period (N = 812) 

  Coefficient 
Robust 

SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit -1.289 0.240 -5.37 < 0.001 -1.760 -0.818 
Age, every 10 years 1.099 0.064 1.62 0.106 0.980 1.231 
Male gender -0.139 0.188 -0.74 0.459 -0.508 0.230 
Previous office visits -0.032 0.024 -1.33 0.185 -0.080 0.016 
Line of business       

IPA 
Referent 

group      
PPO -0.0222271 0.219 -0.10 0.919 -0.452 0.408 
POS 0.153 0.245 0.62 0.533 -0.329 0.635 
Other 0.157 0.312 0.50 0.616 -0.455 0.768 
Day of week       

Weekday 
Referent 

group      
Weekend 0.1922446 0.207 0.93 0.352 -0.213 0.598 
Triage Census, 

every 10 people 1.017 0.041 0.41 0.679 0.939 1.101 
DCI category       

No score 
Referent 

group      
1-2 -0.3532117 0.198 -1.79 0.075 -0.741 0.035 
3 or more -0.569 0.479 -1.19 0.235 -1.509 0.371 
ESI score       

5 (least severe) 
Referent 

group      
4 -0.8166725 0.841 -0.97 0.332 -2.467 0.834 
3 -0.355 0.851 -0.42 0.677 -2.025 1.315 
2 (more severe) -0.842 0.866 -0.97 0.331 -2.542 0.858 
ED primary 

diagnosis       

Inj/Poison 
Referent 

group      
Nerv syst 0.0702016 0.435 0.16 0.872 -0.784 0.925 
Circ syst 0.186 0.329 0.56 0.573 -0.461 0.832 
Resp syst 0.863 0.332 2.60 0.009 0.211 1.514 
Digest syst -0.055 0.352 -0.16 0.876 -0.745 0.635 
GU syst 0.556 0.373 1.49 0.137 -0.176 1.287 
Symptoms 0.312 0.344 0.91 0.365 -0.363 0.987 
Other 0.265 0.301 0.88 0.380 -0.327 0.856 
Hospital admission 1.009 0.252 4.01 < 0.001 0.515 1.503 

Ambulance 0.371 0.274 1.35 0.177 -0.168 0.910 
Constant 0.413 0.941 0.44 0.661 -1.435 2.260 



223 

 

IRR = incident rate ratio, SE = standard error, LB = lower bound, UB = upper bound, EHR = electronic 
health record; ED = emergency department; IPA = independent practice association, PPO = preferred 
provider organization, POS = point of service, DCI = Deyo-Charlson Index, ESI = Emergency Severity 
Index, Inj/Poison = injury or poisoning, Nerv syst = nervous system disorder, Circ syst = circulatory system 
disorder, Resp syst = respiratory system disorder, Digest syst = digestive system disorder, GU syst = genito-
urinary system disorder  

 

 

Table 4.42 displays the predicted means from all three multivariable regressions 

that examined outpatient prescription drug utilization.  Overall, EHR visits were 

associated with 0.61 fewer claims in the four week follow-up period (0.53 versus 1.04, p 

< 0.001). Among ED visits by patients who incurred at least one pharmacy claim per 

month over the previous six months, EHR visits were associated with 1.35 fewer 

pharmacy claims in the follow-up period (2.04 versus 3.39, p < 0.001).  Finally when 

examining the change in the number of claim from baseline to four weeks after the ED 

visit among visits from patients who had at least one claim per month in the baseline 

period, use of the EHR was associated with a decrease in the number of claims by 0.64 

(95% CI: 0.22 to 1.06).  Whereas comparison visits were associated with an increase in 

the number of claims from baseline to the follow-up period by 0.64 claims (95% CI: 0.45 

to 0.84).  These rates of change were significantly different between EHR visits and 

comparison visits (p < 0.001).  Based on the results of this analysis, there is clear 

evidence that the use of a payer-based EHR is associated with the number of pharmacy 

claims and the change in the number of pharmacy claims in the four weeks after the ED 

visit.  Based on these results, we reject Ho11. 
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Table 4.42 Predicted results from the multivariable analysis of outpatient 
prescription drug utilization 

Model Group Predicted 
Mean Count 95% UB 95% LB 

     
EHR  0.53 0.45 0.62 Count of claims, Full 

Samplea Comparison A 1.14 1.04 1.25 

     

EHR  2.04 1.71 2.42 Count of claims, ≥ 1 Rx 
Claim/monthb Comparison A 3.39 3.21 3.58 

     

EHR  -0.64 -1.06 -0.22 Change in the Number of 
Rx Claims, ≥ 1 Rx 
Claim/monthc Comparison A 0.64 0.45 0.84 

LB = lower bound, UB = upper bound, EHR = electronic health record 
(a) Based on negative binomial model displayed in Table 4.39 (N = 2,288) 
(b) Based on negative binomial model displayed in Table 4.40 (N = 812) 
(c) Based on the least squares regression displayed in Table 4.41 (N = 812) 

 

 

4.10. Summary of Hypothesis Tests 

A summary of all hypotheses tested in this study are displayed in Table 4.43. 
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Table 4.43 Summary of Hypothesis Statements and Conclusions 
 
Hypothesis Hypothesis Statement Conclusion 

Ho1 

There is no association between the use of a payer-based electronic health 
record within an emergency department and the occurrence of return 
visits to the emergency department or hospital within one week of the 
emergency department visit. 

Fail to reject 

Ho2 

There is no association between the use of a payer-based electronic health 
record within an emergency department and the occurrence of return 
visits to the emergency department or hospital within four weeks of the 
emergency department visit. 

Fail to reject 

Ho3 

There is no difference between the association between the use of a 
payer-based electronic health record within an emergency department and 
the occurrence of return visits to the emergency department or hospital 
within one week of the emergency department visit among patients with 
recent healthcare utilization and patients without recent healthcare 
utilization. 

Fail to reject 

Ho4 

There is no difference between the association between the use of a 
payer-based electronic health record within an emergency department and 
the occurrence of return visits to the emergency department or hospital 
within four weeks of the emergency department visit among patients with 
recent healthcare utilization and patients without recent healthcare 
utilization. 

Fail to reject 

Ho5 
There is no association between the use of a payer-based electronic health 
record within an emergency department and time spent in the emergency 
department. 

Reject 

Ho6 
There is no association between use of a payer-based electronic health 
record within an emergency department and the frequency of laboratory 
blood tests during the emergency department visit. 

Fail to reject 

Ho7 
There is no association between use of a payer-based electronic health 
record within an emergency department and the frequency of imaging 
procedures during the emergency department visit. 

Fail to reject 

Ho8 
There is no association between use of a payer-based electronic health 
record within an emergency department and the frequency of other 
medical procedures during the emergency department visit. 

Not tested 

Ho9 
There is no association between use of a payer-based electronic health 
record within an emergency department and emergency department costs 
of care.  

Fail to reject 

Ho10 
There is no association between use of a payer-based electronic health 
record within an emergency department and health care costs in the four 
weeks following the emergency department visit.  

Fail to reject 

Ho11 

There is no association between use of a payer-based electronic health 
record and the number of prescription drug claims in the four weeks 
following the ED visit among patients with previous prescription drug 
use. 

Reject 
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CHAPTER 5 

5. DISCUSSION 

5.1. Introduction 

This research is a multi-faceted evaluation of a novel payer-based health 

information exchange (HIE) technology implemented in an emergency department 

setting within an acute care institution.  Like many health information technologies, HIE 

promises to improve quality, efficiency, and costs of care.  These technologies, with 

varying similarities to the one evaluated in this study, are currently being developed and 

implemented in many practice setting across the United States, however published 

literature on their actual benefits remains sparse (Hripcsak et al., 2007a).  According to 

Hripcsak et al (2007) initial evaluation of any new HIE technology should focus on the 

primary use case which centers on improving information access in clinical care.  The 

benefit of these technologies is likely highest in settings where entry into the healthcare 

system is gained; however, in no setting is the need for timely, accurate, and pertinent 

patient information more critical than in the ED.  The present study is a retrospective 

analysis of ED visits from a large tertiary care medical center that examined the impact of 

the use of a payer-based EHR on quality, efficiency, and costs associated with ED care 

among commercial insurance enrollees.   

As discussed in Chapter 2, the ED clinical staff provides care in often-times 

overcrowded environment under high-risk and high-stress conditions with tremendous 

pressure to make diagnostic and treatment decisions rapidly.  Errors and quality concerns 

in the ED have been associated with information gaps as a result the fragmented nature of 
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the US healthcare system.  Furthermore, overcrowding has led to longer than expected 

waiting times and has resulted in decreased patient satisfaction and increases in safety 

concerns as a result of patients leaving without being seen (Bursch et al., 1993; Magaret 

et al., 2002; Arendt et al., 2003; Kennedy et al., 2004).  

A review of the relevant theories of clinical decision making and problem solving 

has identified three major areas of research that describe how healthcare providers may 

use information in medical decision making under various environmental conditions.  

These theories were discussed in Chapter 2 and will also be used in the interpretation of 

the study results.    

The objectives of this study were to evaluate the impact of using a payer-based 

EHR in the ED setting on quality, efficiency and costs of ED care using administrative 

data.  A strength of this research, as compared to traditional retrospective claims-only 

analyses, is that additional data elements that either are not available or cannot be 

measured with great accuracy within health insurance claims were obtained from the 

hospital.  Quality of care was measured by examining the occurrence of a return visit to 

the ED or hospital with one and four weeks.  Three separate measures of ED efficiency 

were evaluated and included the total time spent in the ED from triage to the time the 

patient left the department (i.e., ED duration), the occurrence of laboratory measurements 

and the occurrence of diagnostic imaging studies.  Costs of ED care were measured as the 

total amount paid by the health plan for the ED visit and for all healthcare services over 

the four week follow-up.  In addition, utilization of prescription drugs in the outpatient 

pharmacy setting was also examined over the four weeks after the ED visit as an 
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exploratory analysis.   Measures of utilization included the number of pharmacy claims 

and the change in the average number of claims over the baseline period to the four 

weeks after the ED visit.   Prescription drug utilization after the ED visit is related to 

quality and efficiency of care. 

The results of this study are presented in Chapter 4.  This chapter presents a 

discussion of the study findings, starting with a brief overview of the most important 

findings and then followed by a more detailed discussion of each study objective.  This 

discussion includes specific limitations that were encountered during the analysis.  Next 

conclusions are drawn from the findings and implications of this research are presented.  

Finally, and recommendations for future research are discussed. 

 

5.2. Summary of Major Findings 

This study examined several measures of quality, efficiency, and cost of ED care.  

Among these, the use of a payer-based EHR appears to have a significant impact on 

efficiency as measured by the time from triage to the time the patient left the department.  

Overall, compared to the primary comparison visits, EHR visits were associated with a 

shorter ED duration by 26 minutes (95% CI: 11.6 to 40.5) among EHR visits compared to 

comparison visits.  However, the magnitude of the reduction depends upon whether or 

not the ED visit resulted in a hospital admission.  Among visits that resulted in discharge 

from the ED, EHR visits were associated with a 19 minute reduction in duration (p = 

0.008), whereas, EHR visits were associated with a 77 minute reduction (p = 0.002) 

among ED visits that resulted in hospital admission compared to visits not associated 
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with the EHR.  In addition, exploratory analyses suggest that the financial impact of the 

EHR may be greatest among visits that result in hospitalization.  Among these visits, the 

EHR was associated with a lower expected total paid amount for the ED visit by $1,560 

($43 to $2,910).  This analysis was exploratory in nature and results should be interpreted 

with caution.  The following sections discuss the major study findings as related to the 

association between the use of the EHR and each of the outcomes examined. 

 

5.2.1. Primary Findings for Objective 1 

The hypotheses tested in Objective 1 evaluated the impact of the payer-based 

EHR on return visits to the ED or hospital within one and four weeks after the initial 

visit.  Overall there were no statistically significant associations between the use of the 

payer-based EHR and return visits to the ED or hospital, either within one week (Ho1) or 

within four weeks (Ho2).  In both multivariable logistic regression models developed for 

the primary analysis, the odds ratio point estimates indicated a slightly higher odds of 

returning the ED or hospital within one or four weeks for EHR visits as compared to the 

comparison visits; however neither association was statistically significant.  This trend 

was also observed when the final models were estimated using the larger comparison 

group (comparison B), but without ED census as a control variable.  Furthermore, these 

results remained consistent when outlying observations were excluded from the models.  

The overall rate of return visits to the ED or hospital within one and four weeks 

was 5.9% and 12.5%, respectively.  These observed rates are consistent with previous 

research.  Cardin et al (2003) observed return rates within seven days of ED visits within 
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a large academic medical center between 1992 and 1993 to be 11 percent and 12.4 

percent, respectively.   Forster et al (2007) observed a return rate within 20 days of 8.5% 

among 399 patients discharged from a single urban ED over a ten week period (actual 

calendar months used were not reported).  Both studies were conducted in a convenience 

sample of ED patients within a single institution; however neither study limited their 

sample to commercial insurance enrollees.  The return rate within seven days observed in 

the current study is slightly lower than the Cardin et al and Forster et al studies, and may 

potentially be explained by geographic variation, seasonal variation, or differences 

between the commercial insurance population versus the general population.   

As discussed in Chapter 2, the occurrence of return visits to the ED or hospital is 

an established and commonly used indicator for the quality of care received in the ED 

(O'Dwyer et al., 1991; Henderson et al., 1993; Lindsay et al., 2002; Nunez et al., 2006).  

In addition, return visits have been associated with adverse drug events due to 

inappropriate discharge medications (Chin et al., 1999; Hastings et al., 2008).  According 

to the industrial process view of clinical decision making described by Elson, Faughnan, 

and Connelly (1997), the quality of decision making can be improved through the 

reduction in decision variability caused by the reliance on LTM improving the delivery of 

externally stored information.  Thus delivering pertinent information that is contained in 

the payer-based EHR should improve the quality of decision making and therefore the 

quality of care received in the ED.  However, for this line of reasoning to hold, several 

assumptions must be met.  These assumptions include: 1) that critical information is 

displayed in the EHR that would otherwise not have been presented to the emergency 
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physician, 2) that this information is pertinent to the decision making process of the 

emergency physician, 3) that the emergency physician uses this information in their 

decision making, 4) that the resulting improvement in decision making results in 

improved quality of care (i.e., a different decision is made than would have been made if 

the information was not used), and 5) that the improved quality of care can be detected by 

the rate of return visits with seven or four weeks. 

The ED visits used in this study had the potential to have clinically important 

information in their history, which would have been presented to the ED physician during 

the EHR visits.  Over the six month baseline period, 90% of all study ED visits were 

associated with at least one paid healthcare claim; the mean (SD) total healthcare paid 

amount was $4,986 ($16,546); the mean (SD) number of physician office visits was 3.2 

(3.7); and the mean (SD) number of unique drug classes was 3.3 (4.6).  These findings 

clearly indicate the potential for clinically relevant baseline information.  Although the 

downloaded EHRs were likely to have contained this potentially useful information, the 

study findings suggest that having such information accessible to the ED staff does not 

appear to have had an impact on return visits.  Furthermore, the association between EHR 

visit status and return visits within one and four weeks did not depend upon whether or 

not the patient had two or more unique drug classes in the previous six months (Ho3 and 

Ho4).   Two or more drug classes over the baseline period was used as an indicator for 

evidence of chronic conditions and/or the existence of pertinent clinical information 

actually contained in the EHR. 



232 

 

There are several potential reasons for this observation.  First, 54% of all ED 

visits were associated with moderate severity (i.e., ESI = 3, where most severe = 1 and 

least severe = 5).  Based on this rating, the majority of patients in both groups were likely 

coherent and able to communicate their most pertinent medical and prescription drug 

history that may have been needed to prevent adverse outcomes and subsequent return 

visits.  As a result, the value of the EHR on preventing return visits may have been 

diminished.  Second, the detail of the information contained in the EHR is limited.  For 

example, only prescription drug classes were included but no information on the specific 

drug or dose.  Also, results from recent laboratory work or diagnostic imaging was not 

contained in the EHR; only the providers’ contact information.  Under urgent situations, 

the ED staff may not have been able to contact the necessary previous providers to 

inquire the results of the tests.  According to Elson, Faughnan, and Connelly (1997), 

system constraints related to the availability and access to externally stored clinical 

knowledge and patient data are prominent in poor decision making.  Accordingly, time 

and effort are the major barriers to knowledge access and have traditionally limited the 

usefulness of decision support systems (Elson & Connelly, 1995; Elson et al., 1997; 

Gorman, Yao, & Seshadri, 2004).  Although the payer-based EHR under study provides 

instantaneous patient-specific clinical information from across the medical spectrum of 

care, pertinent data elements such as specific information on pharmacotherapy and actual 

laboratory and diagnostic results, are not instantaneously available and the time and effort 

to actually obtain such information may still be too cumbersome in the context of urgent 

situations.  Third, although the EHR was accessed during all of the EHR visits, there is 
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no assurance that the information contained in the record was used or deemed useful by 

the ED staff.  Predicting the percent of time HIE-obtained clinical information is useful to 

ED staff is very challenging and has been roughly estimated to be about 25 percent of the 

time (Greene, 2007).  Finally, although return visits to the ED or hospital is a commonly 

used and accepted measure of the quality of care received in the ED, it may not be a 

sensitive enough measure to detect a true impact of the payer-based EHR on the quality 

of care received in the ED. 

Although not statistically significant, a slightly higher rate of return visits within 

one week and four weeks was observed (ORs 1.41, 95% CI: 0.99 to 2.08 and 1.09, 95% 

CI: 0.81 to 1.47, respectively).  This finding may be explained by the observation that 

EHR cases were slightly more severe (ESI = 2 for 23% of EHR visits and 18% of 

comparison A visits; p-value for Chi-square test of association = 0.014).  The ESI was 

controlled for in this analysis, but this measure may not be sensitive enough to control for 

true differences in severity that may potentially impact return visits.  Also 20.7 percent of 

the EHR visits and 17.4 percent of comparison A visits resulted in immediate 

hospitalization, again suggesting that EHR visits, on average, may have been more severe 

or complex and thus increasing the odds of a return visit.  According to the cognitive 

continuum, as the complexity of the clinical situation rises and becomes more ill-

structured, such as could occur if pertinent information such as laboratory results or 

diagnostic imaging reports are not contained in the EHR, clinicians are likely to engage 

in more intuitive, memory-based decision making (Hammond, 1980a).  This may result 

in higher decision variability and potential impact on the quality of care. 
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5.2.2. Primary Findings for Objective 2 

The hypotheses tested in Objective 2 relate to the impact of the payer-based EHR 

on efficiency measures during the ED visit.  These measures included the length of time 

in the ED (Ho5) and the occurrence of laboratory tests (Ho6) and the occurrence of 

diagnostic imaging (Ho7).  The occurrence of any medical procedure (Ho8) was deemed 

not useful due to the level of detail available from the claims data and there fore was not 

analyzed. 

Overall, EHR visits were associated with an expected mean reduction in the 

amount of time from triage to the time the patient left the ED of 26 minutes (95% CI: 

11.6 to 40.5).  This model also explained 33.4% of the variation in ED duration which is 

higher than previous research (Chan et al., 1997).   When examining visits that resulted in 

discharge from the ED separately from visits that resulted in hospital admission, a 

differential association between EHR visits and comparison visits was observed.  The 

EHR was associated with an 18.8 minute reduction (95% CI: 5.0 to 32.6) in ED duration 

while visits that resulted in hospital admission were associated with a 77.3 minute 

reduction (95% CI: 28.3 to 126.4) in ED duration.  The decision was made to stratify the 

sample rather than enter an interaction term between EHR status and hospital admission 

status for several reasons.  First, the residual plot displayed clear evidence that the 

combined regression model did not fit the data well.  This suggested that a better 

approach would be to analyze the observations separately.  Also, it was reasonable to 

assume that the relationship between all of the independent variables, including EHR 



235 

 

status, and ED duration were very different among discharged ED visits than among 

admitted ED visits.  Also other factors, outside the control of the ED, may be related to 

duration among admitted visits (e.g., hospital bed volume).  Such variables were not 

available for this study.  Visual comparison of the coefficients between both stratified 

models confirmed this assumption.  Finally, the stratified analysis allowed for a more 

straightforward examination and interpretation of the EHR coefficient.   

Length of stay in the ED is not only important as an indicator for efficiency, as 

longer lengths of stay may be associated with inefficient use of resources, but it is also 

related to patient satisfaction (Bursch et al., 1993; Magaret et al., 2002).  In addition, 

longer waiting times can lead to patients leaving without receiving care and may, 

therefore, increase the concern for patient safety (Arendt et al., 2003; Kennedy et al., 

2004).  Implementing the use of a payer-based EHR led to a substantial and clinically 

meaningful reduction in ED duration (19 to 77 minutes).  Gorelick et al (2005) observed 

a 15 minute decrease in ED duration after changing a single process of care by 

implementing a parallel, in-room registration system.  Forster et al (2003) found a 

statistically significant 18 minute increase (95% CI: 11 to 24) for every increase in 

hospital occupancy by 10% among admitted ED visits (Forster, Stiell, Wells, Lee, & van 

Walraven, 2003b).  The authors of both studies considered the magnitude of the observed 

time savings clinically and practically meaningful.  The time savings observed in the 

present study were greater than tin these studies.  Furthermore, Longer ED durations have 

been observed in previous research among admitted visits (Forster et al., 2003b). 
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The 2005 National Hospital Ambulatory Medical Care Survey (NHAMCS) 

estimated that the U.S. national average time spent in the ED in 2005 was 3.3 hours 

(standard error = 0.1) (Nawar et al., 2007).   The average time spent in the ED in the 

current study was higher on average than the U.S. national estimates; the mean (SD) 

duration was 4.57 (3.40) hours and the median ED duration was 3.73 hours.  There are a 

number of possible explanations for the observed difference in ED duration between the 

national estimates and the current study.  The most important difference is that the ED 

visits used in the current study are not nationally representative of all ED visits.  As such, 

these visits were only from commercially insured patients; were collected over a period 

of four to five months, not including summer months; were ensured to not be associated 

with an ED visit within the previous 30 days; and were from a single ED within a large 

urban teaching hospital which may be busier on average than the national average.  

Whereas, the ED visits used for the NHAMCS were collected over the entire year; only 

23.8% of the ED visits were from commercially insured patients; 15% of the EDs 

examined were not within a metropolitan statistical area (MSA); and 40% were 

considered a teaching institution.   

As previously described, the industrial process view of clinical decision making 

suggests that providing clinicians with timely pertinent clinical information should not 

only result in better decisions, but also a more efficient decision making process (Elson et 

al., 1997).   Efficiency is gained by decreasing the time and effort required for obtaining 

needed clinical information.  In this study, a greater time savings was observed among 

ED visits that resulted in hospital admission.  This finding appears to be consistent with 
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the theories of decision making and problem solving.  For example, it is possible that the 

admitting physician engages in more thorough or detailed data gathering for patients who 

are ultimately admitted into the hospital.  These patients may have a more complex 

medical history; the admitting physician and clinical staff may have more time for 

completing a medical and prescription drug history; following up with providers of recent 

medical care (laboratory tests, pathology reports, diagnostic scans or procedures, etc); or 

engaging in a series of diagnostic hypothesis testing while waiting for a hospital bed 

becomes available.  According to the cognitive continuum, as either more time is 

available, the complexity of the case is high but is well-structured due to the availability 

of information, the decision maker is more likely to engage in less intuitive and more 

analytical decision making, such as the hypothetico-deductive method (Hammond, 

1980a).  In these instances, the process of hypothetico-deductive reasoning, including 

data gathering and diagnostic hypothesis testing, may be more streamlined and efficient 

when the payer-based EHR is available.  The impact of the EHR on efficiency may be 

maximized in these situations.  On the other hand, there may be less of an observed 

impact on ED duration for discharged visits since these visits may be more routine (on 

average); the patients may be able to communicate the information that would have been 

in the EHR; and the medical history contained in the EHR may potentially be less 

pertinent to the decision making process. 

There may also be explanations to the observed time savings that are not related 

to the availability of the payer-based EHR.  One explanation may be that the observed 

time savings is explained by EHR visits having been more severe or urgent on average, 
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and therefore, may have been moved through the ED and transferred into an intensive 

care unit more rapidly than comparison visits.  The potential for this occurrence was 

explored.  Administrative claims among ED visits with evidence of hospital admission 

were examined for HCFA Uniform Bill-92 (UB-92) codes 200-219 indicating room & 

board charges for intensive care unit (ICU) or coronary care unit (CCU) use.  Among the 

admitted ED visits, 15 percent were EHR visits and 13 percent were comparison A visits 

(p = 0.484).  This finding suggests that EHR visits may not have been more likely to be 

admitted to intensive care departments and, therefore, may not have had a systematic 

reason, other than through the benefit of the EHR, for being admitted quicker than 

comparison visits.    

Another possible explanation is the threat of history to internal validity.  Since the 

comparison visits represented historical controls, it is possible that some other technology 

or process improvement was implemented in the study ED during 2005.  However, 

information obtained from personnel employed at the study hospital indicated that the 

ED-tracker, which was implemented in November 2004, was the only new process 

improvement effort introduced to the ED between 2004 and 2006 (E. Ewen, personal 

communication January 14, 2008).  Thus it is less likely that the observed time savings is 

due to a technology other than the implementation of the payer-based EHR.  In addition, 

maturation may have played a role in that patients in the EHR group may have been more 

likely to have been seen in the ED in the previous year and therefore be more familiar to 

the clinical staff.  However, less than 3% of the study patients contributed an EHR visit 

and a comparison visit.   



239 

 

The study results support the alternative hypothesis that the use of a payer-based 

EHR is associated with a decrease in the ED duration.  It should be noted that a shorter 

ED duration has been interpreted as a process improvement and translate to 

improvements in the efficient use of medical services, a shorter amount of time in the ED 

may not necessarily translate into better care for the patient (Feied et al., 2004a).  

Furthermore, other variables have also been associated with ED duration that were not 

examined in the present study, including number of attending staff (Gorelick et al., 2005), 

hospital occupancy (Forster et al., 2003b). 

ED efficiency was also measured by the occurrence of either a laboratory test or 

diagnostic image test.  It was hypothesized that the payer-based EHR is associated with 

lower odds of having a laboratory test or diagnostic image performed than comparison 

visits.   Evidence of that a laboratory test was performed during the ED visit was 

observed for 60.3 percent of the primary study sample and was significantly higher for 

EHR visits than for comparison A visits (63.8% and 58.5%, respectively; p = 0.014).  

After controlling for potentially important confounding variable, there was not a 

statistically significant association (OR = 1.26, 95% CI: 0.97 to 1.63); although the 

direction of the association was in the opposite direction as hypothesized.  When the 

multivariable logistic regression model was estimated using the larger comparison group, 

comparison B, EHR visits were associated with a 43% higher odds of having a laboratory 

testing procedure during the ED visit (OR = 1.43, 95% CI: 1.14 to 1.81).  Evidence of 

diagnostic imaging (X-ray, CT, MRI, etc) tests was observed among 57.8 percent of all 

ED visits used in the primary analysis.  No significant difference between EHR visits and 



240 

 

comparison A visits was observed (59.9% versus 56.7%, respectively; p = 0.131).  A 

nonsignificant association between EHR visits and comparison visits was consistent 

regardless of adjustment for confounding and use of comparison B visits.   

In this study the EHR was not associated with a reduction in the odds of having 

either a laboratory test or diagnostic image performed.  Two published research studies 

that examined the impact of an EHR on the frequency of test ordering reported mixed 

results (Wilson et al., 1982; Overhage et al., 2002).  These studies were both conducted at 

the same institution where the ED clinical staff had access to actual laboratory and 

radiology results from tests that were performed at another hospital. Wilson, McDonald, 

and McCabe (1982) observed a statistically significant reduction in redundant test 

ordering when a longitudinal EHR was accessed by the ED staff (2.7 tests vs 3.2 tests, p 

< 0.05).  Overhage et al (2002) did not observe clear evidence that providing ED 

physicians access to actual laboratory test results did not reduce laboratory test ordering.  

In a study of over 40,000 ED visits to the New York-Presbyterian Hospital/Columbia 

University Medical Center where clinical information from a longitudinal electronic 

medical record (WebCIS) was available to the clinical staff, clinical laboratory results 

and radiology reports were the most common data elements accessed and were accessed 

between 20% to 50% of the time when the availability if such information is made known 

to the clinician (Hripcsak et al., 2007b).  Although information on previous diagnosis 

codes, outpatient prescription utilization, and previous ED visits and outpatient visits 

were available in the WebCIS program, the availability of these data elements were not 

made known to the ED clinician and required additional steps for the clinician to obtain 
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this type of information.  Nevertheless, the results from Hripcsak et al (2007) highlight 

the importance of actual laboratory and radiology reports. The payer-based EHR 

examined in the present study did not provide actual results and only provided 

information that such a test was performed and the provider that ordered the 

corresponding test and their contact information.  

There may be several potential explanations for not finding a reduction in the 

occurrences of laboratory and diagnostic imaging tests in the current study.  The most 

likely reason is that the presenting clinical condition did not require that the ED staff 

contact the previous provide for the actual laboratory or imaging results, especially 

considering the time and effort involved in obtaining such information.  Furthermore, 

even if there was evidence that a pertinent test had been performed in the past, due to the 

potential lag time between the performance of the test and the time that the claim shows 

up in the payer-based EHR, may render the result obsolete.  Another related reason may 

be that since the study ED is equipped with full service laboratory and diagnostic imaging 

facilities 24 hours a day, tests deemed critically important would have been ordered 

regardless of the previous history.   In the analysis using comparison B visits, there was a 

statistically significant increase in the odds of a laboratory test being performed.  One 

potential explanation for this finding can be drawn from the hypothetico-deductive 

method.  Among EHR visits, the additional medical information provided to the 

emergency physician may have actually added to the number of potential diagnostic 

hypotheses being developed and therefore may have added to the tests ordered in order to 

rule out competing diagnoses.  Also, as previously noted, the distribution of the ESI was 
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significantly different between EHR visits and comparison visits with EHR visits being 

slightly more severe.  If in fact the EHR visits were more severe on average, this may 

have translated to increase in odds of having laboratory tests ordered.  Finally, it is 

possible that the practice patterns changed within the ED where particular laboratory tests 

were performed more often in 2006 than in 2004-2005.  Although information on actual 

laboratory test performed are routinely available from claims in the outpatient setting, the 

information available in ED and inpatient claims prevented further examination into the 

type of laboratory tests performed.   

 

5.2.3.  Primary Findings for Objective 3 

The third objective of this study was to test the impact of the payer-based EHR on 

total costs paid by the health insurer for the ED visit (Ho9).  The study alternative 

hypothesis was that the payer-based EHR is associated with a reduction in the total 

amount paid by the health plan for the ED visit.  The rationale is that the EHR would be 

associated with improvements in efficiency, through reductions in redundant medical 

services and ED duration, and an improvement in the quality of decision making/fewer 

errors during the visit.  Both of these consequences of the EHR could be measured 

through a lower paid amount for the visit.   All dollar amounts were adjusted to constant 

2006 dollars using the CPI for all urban consumers n the Philadelphia-Wilmington-

Atlantic City area (U.S.Department of Labor, 2008).   

Overall there was no significant difference between EHR visits and comparison 

visits on total health plan paid amount.  Unadjusted mean (SD) amount paid for the ED 
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visit was $2,097 ($3,650) for EHR visits and $2,299 ($5,671) for comparison visits (p 

=0.303).   Due to extreme skewness of the data, the non-parametric bootstrap was used to 

test the difference in arithmetic means, the results for the test confirmed the results of the 

two-sample t-test (p = 0.294).  This study had 18% power to detect a difference of $202.  

Results from the multivariable GLM with log link and gamma family specified, 

controlling for the potential confounding variables, also confirmed no overall differences 

in total plan paid amount for the ED visit mean (95% CI) cost savings of $43 (-$179 to 

$245).  Examination of residuals revealed a separation of observations due to hospital 

admission.  As in the analysis of ED duration, an exploratory stratified analysis was 

conducted to examine the association between EHR status and total paid amount, 

separately for discharged visits and visits that resulted in hospital admission.  Results 

from the corresponding multivariable analyses confirmed no association among 

discharged ED visits; however, admitted visits were associated with 18.2% lower total 

paid amount (cost ratio = 0.818, 95% CI: 0.685 to 0.977).  These results correspond to a 

mean predicted cost savings of $1,560 (95% CI: $43 to $2,910) associated with the 

payer-based EHR.   

The results of this analysis agree with previous research, although the cost savings 

among admitted ED visits is much larger in the current study.  A statistically significant 

cost savings of a $26 savings (p = 0.03) associated with a single institution EHR was 

found among admitted and discharged ED visits combined by Overhage (2002).  Among 

discharged ED visits, a non-statistically significant savings of $13 was found (p = 0.07) 
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and among admitted ED visits a $124 savings was observed, but was not statistically 

significant (p = 0.17) (Overhage et al., 2002).   

As previously described, theories of clinical decision making and problem solving 

may be used to explain the observed impact of the EHR on admitted ED visits as 

compared to discharged ED visits.  If the acuity and complexity of ED visits that result in 

hospital admission is higher on average than discharged ED visits, the information 

contained in the ED may be more useful to the clinical staff.  In addition since visits that 

resulted in hospital admission were much longer in duration than discharged ED visits, 

there may have been more time available for either the ED staff of the staff in the 

destination department to gather more pertinent clinical information that may have 

resulted in either better care (i.e., fewer diagnostic errors) or increased efficiency through 

fewer redundant services performed.   Due to the limitations of claims data, claims for 

services that may have occurred in the inpatient setting, outside the ED, but on the same 

day as the ED visit are rolled up into one claim.  Therefore, the costs for individual 

services were inseparable from those that only occurred in the ED, and as a result, any 

cost savings associated with the EHR in, regardless of the place of service, would have 

been detected in the present study.  This issue, however, is not a limitation in that the 

benefit of the EHR may stretch beyond the ED walls as it is included in the patient’s 

medical chart and therefore would have accompanied the patient during the transfer 

process.   

The CPI for this metropolitan area was chosen since the study hospital is located 

in Wilmington and may more closely reflect the inflation percent over the study years 
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than the US national average.  The corresponding inflation rate from 2004 to 2006 was 

7.9% and was slightly higher than if using the CPI-U for all urban consumers (6.7%) but 

was lower than if the CPI-U for medical care (8.4%).    

 

5.2.4. Primary Findings for Objective 4 

The final objective of this study was to examine the impact of the EHR on total 

healthcare paid amount over the four week follow-up period (Ho10).  Also examined is 

the number of prescription drug claims over the four week follow-up period (Ho11) and 

the change from the average number of claims over the baseline period to the number of 

claims over the four week follow-up period.  In this study, the examination of 

prescription drug utilization was intended to only be exploratory in nature.  Emergency 

physicians make treatment related decisions that may include discontinuing a medication 

that the patient is already taking, or adding a new medication.  It is possible that by 

providing the ED physician with the patient’s medication profile, if any, would help the 

emergency physician in this decision making process.   Although outpatient pharmacy 

claims can be examined to determine the potential appropriateness for these changes, this 

level of detail was not examined in the present study.   

Overall a mean (SD) total healthcare paid amount over the follow-up period was 

$1,850 ($5,795).  No statistically significant difference was observed between EHR and 

comparison A visits; although the mean amount paid was slightly lower for EHR visits 

($1,576 versus $1,992, p = 0.0889).  This study had 40 percent power to detect a 

difference of $416.  After adjusting for all model covariates, the predicted mean paid 
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amount for EHR visits was $189 less for EHR visits than for comparison A visits; 

however, multivariable model results indicated no statistical significance (p = 0.490).  

Total healthcare costs paid by the health plan over the follow-up period was chosen as an 

overall measure of quality and safety since evidence of inappropriate care may not be 

revealed during the actual ED visit but may surface in the weeks to follow.  For example, 

inappropriate or inadequate care as a result of not having sufficient medical history for a 

patient may result in additional follow-up care by the primary care physician, additional 

laboratory testing, or any other medical services than visits that were not associated with 

inappropriate care, all else being equal.   

There are several potential reasons for the observed lack of association.  In all 

comparisons, EHR visits were associated with slightly lower costs over follow-up 

however the variance estimates were very large and required a larger sample size to have 

80% power.  In addition, the literature review did not uncover any previous research that 

examined the impact of an EHR on costs after the ED visit.  It is possible that total health 

care paid amount over the four week follow-up is not sensitive enough to detect an 

improvement in care provided during the ED visit.   

The number of prescription drugs over follow-up was measured to explore the 

impact of the EHR on outpatient prescription drug utilization.  It has been suggested that 

incomplete or inaccurate medication histories obtained in the ED may lead to either 

duplication or inadvertent discontinuation of current medications (Carter et al., 2006).  

For this study, outpatient prescription drug utilization was measured by the number of 

pharmacy claims obtained over the four week follow-up period. 
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Overall, EHR visits were associated with 53% fewer pharmacy claims in the four 

weeks after the ED visit as compared to comparison visits (IRR = 0.47, 95% CI: 0.39 to 

0.55).  Although this result is adjusted for the number of pharmacy claims obtained over 

the baseline period, it should be interpreted with caution.  A substantially large imbalance 

in the number of pharmacy claims between EHR and comparison visits was observed 

over the baseline period.  EHR visits were associated with a total of 4.2 (SD = 9.4) claims 

and comparison visits were associated with 8.9 (12.8) claims over the previous six 

months.  Even though the regression model adjusted for this difference, it is still possible 

that a systematic bias exists that explains the observed difference in the number of claims 

over follow-up instead of the use of the EHR.  Since the comparison visits were used as 

historical controls, it is possible that the history threat to internal validity could be 

involved.  For example, a change in the pharmacy benefit structure may have occurred to 

where patients either are less likely to have prescriptions filled between September 2005 

and February 2006 or there may have been more users of mail order pharmacy.  If the 

latter occurred, then fewer claims would be observed over a six month period since 

typically drugs obtained from mail order pharmacy may cover up to a 90 days supply.  To 

explore the potential for such a history threat, information from the claims data was 

reviewed to determine if this trend also occurred with ED visits where the EHR was not 

accessed (potential concurrent ED comparison visits not used in this analysis).  This trend 

was still observed with non-EHR visits associated with almost twice as many pharmacy 

claims, on average, prior to the ED visit than EHR visits.  Therefore the history threat is 

unlikely the cause of the large imbalance.    
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Because of the observed imbalance of pharmacy claims prior to the ED visits, an 

attempt was made to further evaluate the potential impact, if any, of the use of a payer-

based EHR on changes to a patient’s current prescription drug regimen.  Therefore, a 

change score was calculated as the difference between the average number of claims per 

month over the baseline period and the number of claims during the four week follow-up.  

By analyzing the change in the number of claims, the possibility of observing an effect 

based solely on patients inherently having some systematic difference in the number of 

pharmacy claims regardless of the ED visit is eliminated.  Furthermore, this analysis only 

included patients who had already been incurring pharmacy claims prior to the ED visit.   

Due to the limitations of the analytic dataset obtained for this study, the average number 

of claims over the baseline six months was calculated in order to obtain a measure that is 

comparable to the number of claims over the follow-up four weeks.  Also, the analysis 

was restricted to patients who averaged at least one claim per month.  This restriction was 

made since patients with fewer than six claims over the baseline six months are more 

likely to have been using prescription drugs chronically and therefore are at a higher risk 

of having a disruption in pharmaceutical care as a result of the ED visit.  Furthermore, 

patients with fewer than six claims would have an average claim per month of less than 

one, and therefore, any claim in the follow-up four weeks would have been considered an 

increase in prescription drug regimen.   Among these patients, EHR visits were 

associated with a change of 1.3 fewer claims than comparison visits (1.29, 95% CI: 0.92 

to 1.76).  More specifically, EHR visits were associated with a decrease in the number of 
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claims (from baseline to the follow-up) of 0.64 claims and comparison visits were 

associated with an increase from baseline to the follow-up period of 0.64 claims.    

The total number of pharmacy claims in the follow-up period was also examined 

in this group of patients.  Among these patients, there was no imbalance of pharmacy 

claims in the baseline period.  EHR visits from these patients were still associated with 40 

percent fewer claims in the follow-up period (IRR = 0.60, 95% CI: 0.50 to 0.72).  From 

the negative binomial regression model, patients associated with EHR visits are expected 

to have 2.04 claims (95% CI: 1.71 to 2.42) over follow-up and comparison visits are 

expected to have 3.39 claims (95% CI: 3.21 to 3.58).   

 Again, these results should be interpreted cautiously as there are several 

limitations to defining chronic prescription drug users as those with at least six claims 

over six months.  First, days supply was not collected from the claims data; it is possible 

that patients who were treated chronically with prescription drugs over the baseline 

period were missed in this part of the analysis if they were receiving greater than 30 days 

supply at each fill (i.e., using mail-order).  These patients may not have met the inclusion 

since a minimum of two claims may have been enough to cover the patient for six 

months.  Furthermore, patients who routinely average at least once claim per month may 

have been missed if they experienced a delay in filling a prescription and therefore had 

fewer than six claims.  Finally, outpatient pharmacy utilization after the ED visit was 

measured by the actual number of claims paid by the health plan.  It is possible that 

patients were given prescriptions on discharge but the patient either did not have their 

prescriptions filled or did not pick up heir medications; this is expected to be a rare 
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occurrence.  In a large multi-center observational study, approximately 5.6 percent of 

patients discharged from a hospital either did not have their prescriptions filled or did not 

pick their medication up; however patients with private health insurance were 49 percent 

less likely (OR = 0.51, 95% CI: 0.42 to 0.62) to have experienced a drug related issue 

such as failure to obtain their medication (Kripalani, Price, Vigil, & Epstein, 2008). 

It is expected that the above limitations would not have resulted in differential 

misclassification. 

 In light of these limitations, the results of this analysis suggest that the use of 

payer-based EHR is associated with fewer medication claims obtained after the ED visit.  

One potential explanation is that by providing the emergency physician with 

computerized record of the patients recent pharmacy activity, may have limited the 

discharge medication to only new prescriptions needed for the current condition being 

treated and also may have limited the potential for duplicate therapy.  Without the 

electronic medication list, the potential for duplicate therapy is higher.  The subsample of 

patients who averaged one or more prescription drugs per month prior to the ED visit 

incurred an average of eight unique drug classes over the baseline six months.  No 

difference between EHR visits and comparison visits on the baseline number of 

medications were observed within this subsample of ED visits.  These patients were also 

older on average with a mean (SD) age of 43.3 (16.1) years.  It is possible that the high 

number of prescription drug medications played a role in either their reason for the ED 

visit and/or in the discharge medications.   
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Many of these patients may be considered at high risk for adverse drug events and 

having their complete medication history may have enabled the emergency physician to 

identify duplicate, unnecessary, or inappropriate therapy.  This may explain why those 

associated with the EHR experienced a decrease in the number of mediations as 

compared to the opposite trend in comparison visits.  Polypharmacy, defined as the use of 

multiple medications and/or the use of unnecessary medications, has been shown to 

increase the risk of adverse drug reactions among the elderly after a hospital stay (Hanlon 

et al., 2006; Hajjar, Cafiero, & Hanlon, 2007).  Previous research has deemed ED patients 

of any age who use five or more unique medications at high risk for adverse drug events 

(Gaddis, Holt, & Woods, 2002).  It has been estimated that as many as 47 percent of such 

high-risk patients enter the ED already taking interacting medications (Goldberg, Mabee, 

Chan, & Wong, 1996).  Also, research has shown that specialized geriatric units, where 

the staff has access to the patients drug chart, have been associated with more reductions 

in unnecessary medication and therefore reductions in polypharmcy as compared to 

general units among ED patients (Saltvedt et al., 2005).    

Since the analysis of pharmacy claims was intended to be exploratory, the results 

leave more questions than answers.  For example, what types of medications were 

discontinued among the EHR visits and what types were added among the comparison 

visits?  Also, were these changes appropriate?  Finally, are these trends consistent within 

a subsample of patients with specific comorbidities such as asthma or heart disease? 
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5.3. Secondary Findings  

In addition to the association between the use of the payer-based EHR and the 

main outcomes analyzed, important findings were also observed as related to several of 

the control variables that were used in this study.  The selection of these variables was 

guided by previous research, including the Andersen Behavioral Model for Health 

Services Use, and availability of an appropriate measure in health insurance or hospital 

administrative data sources.  Control variables obtained from health insurance claims 

included age, gender, health insurance line of business, the Deyo-Charlson index 

(calculated using specific ICD-9-CM codes), previous healthcare utilization (previous ED 

visits, hospitalizations, physician office visits, pharmacy claims, unique drug classes and 

total health care costs), day of the week, ED primary diagnosis, and whether or not the 

patient used an ambulance service.  Variables not available in the health insurance claims 

but could be obtained from the study hospital included ED census at triage, ED census at 

discharge (used to calculate average census over the course of the ED visit), ESI measure 

of severity, whether or not the visit resulted in hospital admission.  Among these 

variables, those that had observed statistically significant and meaningful associations 

with the study outcomes will be discussed in this section.  

 In accordance with previous research, ED census at the time of triage was used in 

this study as a measure of overcrowding (Chan et al., 1997; McCarthy et al., 2008).  This 

measure was found to be independently associated with return visits within seven days 

but was unrelated to return visits within 28 days.  Compared to times when the ED census 

was less than or equal to 60 patients, there was a 76% (OR = 1.76, 95% CI: 1.07 to 2.88) 
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greater odds of a return visit within seven days when the census was between 61 and 80 

patients, and 87% (OR = 1.87, 95% CI: 1.16 to 2.99) greater odds of a return visit within 

seven days when the census was greater than 80 patients after controlling for all other 

factors.  Furthermore, higher ED census levels were independently associated with longer 

lengths of time spent in the ED.  After controlling for all other covariates, every 10 

patient increase in census was associated with an 11 minute (95% CI: 7.3 to 14.1) 

increase in the time the patient is in the ED.  Among discharged visits, every 10 patient 

increase in census was associated a seven minute increase in ED duration (95% CI: 4.1 to 

10.0) and among visits that resulted in a hospital admission, every 10 patient increase in 

census was associated with a 24 minute (95% CI: 11.4 to 35.6) increase in ED duration. 

These findings are consistent with previous research and with theories of decision 

making.  Gorelick, Yen, and Yun (2005) observed a 4.3 minute increase in ED duration 

for every 10 patient increase (95% CI: 3.0 to 5.5) in the average daily ED census.  Chan, 

Reilly, and Salluzzo (1997) observed a statistically significant positive correlation 

between census and ED duration.  ED overcrowding within an ED with limited staff has 

been shown to increase the potential for diagnostic and treatment-related errors as well as 

place constraints on the amount of time the clinician has to focus on each patient. This 

may help explain why ED census was positively associated with return visits within 7 

days as adverse events or inappropriate care occurring in the ED may surface during this 

period of time (Forster et al., 2005; Forster et al., 2007).  According to the cognitive 

continuum, as the amount of time a clinician can spend with each patient decreases, the 

more likely the clinician is to engage in more intuitive models of decision making 
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(Hammond, 1980a).  This may add to the variability in appropriate decision making 

(Elson et al., 1997) and may have been measured as an increase in return visits within a 

week.   

 Increasing triage severity, as measured by the ESI, was associated with higher 

odds of return visits within four weeks, longer ED duration, higher odds of laboratory 

testing, higher odds of diagnostic imaging services, and higher total paid amount during 

the ED visit.  These results are consistent with previous research.  Dong et al (2007) 

found increasing triage severity, as measured by the Canadian Triage and Acuity Scale 

(CTAS), to be statistically significantly associated with longer ED duration, higher odds 

of obtaining a computed tomography (CT) scan, higher odds of an immediate hospital 

admission, and higher ED total costs.  Tanabe et al (2004) examined the association 

between the ESI and ED length of stay (duration) and ED resource utilization and 

observed statistically significant positive associations with both outcomes (Tanabe et al., 

2004a).  ESI has also been shown to be related to return visits within seven days (Cardin 

et al., 2003).  As previously discussed, patients classified by the triage nurse as being 

higher in severity are likely to be considered more complex by the ED physician and 

have a higher urgency associated with them.  With the higher urgency, the recognition-

primed decision (RPD) model suggests that the decision maker first engages in situational 

awareness (i.e., acknowledge the urgency of patients with higher severity scores) and 

then both the RPB model and the cognitive continuum suggest that the clinician is then 

likely to engage in more intuitive decision making.  This may help to explain the 
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variability in ED outcomes observed such as longer ED stays, higher costs, more resource 

utilization and higher odds of return visits.    

The day of the week was classified as either weekend or weekday.  In the present 

study, weekend visits, as compared to visits that occurred during the week, were only 

associated with total plan paid over the follow-up four weeks.  No other associations 

were observed when controlling for all other variables.  This finding conflicts with that of 

previous research that found that weekend visits were independently associated with 

return visits to the ED among elderly patients (McCusker et al., 2007).  It may be 

possible that within ED used for the present study, work flow and operations are similar 

regardless of the day of the week due to having fully functioning ancillary services 24 

hours a day. 

 Patients arriving by ambulance may have higher acuity levels than ambulatory 

patients (Chan et al., 1997).  In the present study, compared to ED visits where the patient 

did not arrive by ambulance, ambulance arrival was associated with 2.6 times higher odds 

(OR = 2.55, 95% CI: 1.86 to 3.49) of returning within 28 days and 97% higher odds of 

laboratory use during the visit (OR = 1.97, 95% CI: 1.34 to 2.89).  Among discharged ED 

visits, arriving by ambulance was associated with a 36.4 minute increase in the ED 

duration (95% CI 13.9 to 58.9); however among admitted ED visits, ambulance arrival 

was associated with a non-statistically significant 34 minute decrease in the ED duration 

(95% CI: -90.8 to 22.3).  A statistically significant positive correlation between 

ambulance arrival and ED duration was observed in previous research that only examined 

discharged visits (Chan et al., 1997).  
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5.4. Limitations 

Limitations related to the study design, the use of administrative data, and the 

limitations related to the content of the EHR are discussed in Section 3.9.  Furthermore, 

limitations related to the specific analysis for each hypothesis were discussed in the 

corresponding section within this chapter.  This section will discuss additional limitations 

associated with the study data.   

First, as discussed in Section 4.2, one of the dependent variables, ED duration, 

and an important control variable, ED census, were only available beginning in 

November 2004.  As a result, the timeframe for the selection of comparison visits was 

shifted forward by a month and a half (through March 2005),  Thus comparison A visits 

(main study comparison) were occurred between November 1, 2004 and March 31, 2005, 

while EHR visits occurred between September 1, 2005 and February 17, 2006.  March 

31, 2005 was chosen as the end of the intake period for comparison visits in order to 

minimize the effect of seasonal variation (i.e., inclusion of spring and summer months) 

while still allowing for an adequate sample size of comparison visits.  Furthermore, all 

final regression models, except in the analysis of ED duration, were estimated using 

comparison B visits  (where there was complete overlap of study months) in order to 

evaluate the robustness of study findings to not including comparison visits from 

September, 2004 and October 2004.  All results, except for the analysis of the use of 

laboratory services during the ED visit (same direction of effect however statistical 

significance was achieved), were consistent with using comparison A visits.   
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Second, none of the study visits were classified with ESI = 1 (most severe).  

Therefore, the results of this study cannot be generalized to the most severe ED visits.  It 

is likely that the patients who presented to the ED that received an ESI = 1 were 

immediately taken to the trauma center (located next to the ED) or were automatically 

taken to the trauma center.  To our knowledge the computer terminals that enabled the 

EHR to be downloaded were not located in the trauma center.  It is unknown if the EHR 

would have had any impact in these ED visits. 

Third, the EHR visits occurred in the five and a half months immediately after the 

implementation of the payer-based EHR technology was introduced to the study ED.  

Evaluating the effectiveness of a new technology is challenging during the 

implementation phase as there is limited sustained use, the users are new and 

inexperienced with the technology, and the emergency physicians and other ED clinicians 

may not be used to gathering their information from the EHR that is printed and placed in 

the chart.  Also, there may have been perceived barriers to contacting previous providers 

that were listed in the EHR.  This barrier ma not be as prominent after sustained use of 

the technology.  Although this is a limitation, evaluation of the use of technologies such 

as the one under study is critical at all stages of system development in order to inform 

users and developers of potential issues and limitations (Johnson & Gadd, 2007).   

Fourth, it is also likely that the period studied was also the period of time where 

there was the greatest risk for unintended consequences since the technology was new to 

the department.  One unintended consequence is information overload.  Excessive data 

collection can potentially adversely affect the decision making process by impairing the 
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clinician’s ability to sort through and determine what information is relevant (Elstein et 

al., 1988).  Novice decision makers (i.e., interns) are likely to experience this issue as one 

cognitive skill that characterizes the expert problem solvers is the ability to know when 

and how to limit the information considered without compromising the overall level of 

performance (Connelly et al., 1980).    

Finally, this evaluation did not incorporate the costs of developing or 

implementing the payer-based EHR system.  The intent of this study was to inform 

decision makers on the potential effectiveness of the technology in the ED setting, not to 

provide decision makers with the all the data necessary to make a decision on whether or 

not to implement such a technology.   

 

5.5. Conclusions 

This study was a multi-faceted retrospective evaluation of the association between 

the use of a payer-based EHR on quality, efficiency and costs of ED care.  This study 

included data from health insurance claims and additional data elements from the study 

hospital.  Overall, there was clear evidence that the payer-based EHR was associated with 

significant and meaningful reductions in the amount of time the patient spent in the ED.  

A significant time savings occurred among discharged and admitted ED visits.  

Furthermore, this study suggests that the EHR may have a substantial impact on reducing 

total costs among visits that resulted in hospital admission.  Exploratory analyses 

suggested that the EHR may be associated with reducing polypharmcy among patients 

with chronic use of prescription drugs.   
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5.6. Implications  

This study provides evidence of a potential efficiency benefit in terms of reducing 

the total ED duration associated with using a payer-based EHR.  Time savings were 

observed among admitted and discharged ED visits.  Increases in waiting times and total 

length of stay has been associated with patient satisfaction, increased utilization of 

medical services, and increased incidence of patients leaving without being seen or given 

proper care. (Bursch et al., 1993; Magaret et al., 2002; Arendt et al., 2003; Kennedy et 

al., 2004) 

Technologies that can reduce lengths of stay can have a substantial impact on the 

care provided to patients and their satisfaction.  Although no other efficiencies of care 

were observed in this study, the data suggests that the EHR may be associated with lower 

health plan paid amounts among admitted visits and a reduction in the number of 

pharmacy claims after the visit among chronic users of prescription drugs.  Additional 

research must be conducted to confirm these findings.   

5.7. Recommendations for Future Research 

This study uncovered several important questions that warrant further research.  

First, a major limitation of this study was the retrospective design and the inability to 

have an aqequate concurrent comparison group.  The results of this study provide 

evidence of potential benefits to the efficiency and costs of care.  A study that maximizes 

internal validity is warranted.  Such a study would randomize patients seen in the ED to 

either have the EHR accessed (cases) or EHR suppressed (controls).  This randomization 

could be computerized so that the triage nurse would not have a choice in which new 
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visits would be cases and which new cases would be controls.   Such a randomized 

design would ensure that the comparison group that is similar on all observed and 

unobserved characteristics, thus eliminating the potential for selection bias and other 

threats to internal validity.  In addition such studies should be conducted across multiple 

EDs and seasons in order to adjust for geographic and seasonal variation and therefore 

increase generalizability. 

Aside from a stronger study design, larger studies are warranted in order to have 

sufficient power to detect reasonable differences in costs giving the variability in the data.  

Such studies would need more than 17,400 visits (8,700 in each group) to have 80% 

power to detect the differences in cost observed in the present study. 

 Research is needed that would evaluate the impact of the EHR among subsets of 

patients including those with specific chronic conditions and those who use prescription 

drugs chronically.  The EHR has a very high potential to benefit these groups of patients.  

Additional questions related to the impact on prescription drug use include an 

examination of the changes observed before and after the ED visit are appropriate.  If so, 

this would suggest that the emergency physician is using the prescription data in the EHR 

to improve treatment-related decisions.   

Finally survey research is needed to examine not only the perceptions and 

attitudes toward the using the payer-based EHR among emergency physicians and other 

clinicians, but also surveys that would probe the how the information provided altered the 

decision making process.  Further, more research is needed on discerning the types of 

information that would be most useful. 
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APPENDIX A – EXAMPLE OF THE PAYER-BASED EHR 
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APPENDIX B – LETTER OF EXEMPTION FROM INTERNAL REVIEW BORAD 
APPROVAL 
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APPENDIX C: SUPPLEMENTAL TABLES 
 
Table C - 1 Multivariable logistic regression model for return visits within 7 days 
using EHR visits and Comparison A visits (N = 3,745) 

  
Odds 
Ratio 

Robust 
SE z p-value 95% LB 95%UB 

EHR status       
Comparison visit Referent Group     
EHR visit 1.372 0.231 1.88 0.060 0.987 1.907 

Age category, 10 year increment 0.981 0.044 -0.43 0.664 0.898 1.071 
Male gender 0.868 0.132 -0.93 0.354 0.644 1.171 
Previous ED visit 1.874 0.314 3.75 <0.001 1.350 2.602 
Previous hospitalization 1.732 0.401 2.37 0.018 1.100 2.726 
Count of previous office visits 1.006 0.018 0.33 0.744 0.972 1.041 
DCI category       

No score Referent Group     
1-2 1.097 0.226 0.45 0.655 0.732 1.642 
3 or more 0.666 0.222 -1.22 0.223 0.347 1.281 

Count of unique drug classes 1.025 0.018 1.43 0.153 0.991 1.060 
ESI score       

2 (more severe) Referent Group     
3 0.845 0.179 -0.79 0.428 0.557 1.281 
4 0.501 0.139 -2.50 0.013 0.291 0.862 
5 (least severe) 1.081 0.469 0.18 0.858 0.462 2.529 

ED primary diagnosis       
Inj/Poison Referent Group     
Nerv syst 0.842 0.284 -0.51 0.609 0.434 1.631 
Circ syst 0.532 0.180 -1.87 0.062 0.275 1.031 
Resp syst 0.562 0.189 -1.72 0.086 0.292 1.085 
Digest syst 0.757 0.286 -0.74 0.460 0.361 1.586 
GU syst 1.973 0.581 2.31 0.021 1.108 3.512 
Symptoms 1.286 0.329 0.98 0.326 0.779 2.123 
Other 1.862 0.432 2.68 0.007 1.181 2.935 

Hospital admission 0.478 0.121 -2.92 0.004 0.291 0.784 
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Table C - 2 Multivariable logistic regression model for return visits within 28 days 
using EHR visits and Comparison A visits (N = 3,745) 

  
Odds 
Ratio 

Robust 
SE 

z- 
statistic p-value 95% LB 95%UB 

Comparison visit       
EHR visit 1.017 0.143 0.12 0.905 0.772 1.339 
Age, 10 year increments 1.029 0.036 0.80 0.422 0.960 1.103 
Male gender 0.933 0.102 -0.63 0.527 0.754 1.155 
Previous ED visit 1.730 0.230 4.12 <0.001 1.333 2.245 
Previous hospitalization 1.911 0.325 3.81 <0.001 1.369 2.667 
Previous office visits       

none Referent group     
1-2 1.140 0.194 0.77 0.441 0.817 1.591 
3-5 1.429 0.249 2.05 0.041 1.015 2.010 
6 or more 1.400 0.277 1.70 0.089 0.950 2.062 

Line of business       
IPA Referent group     
PPO 0.942 0.123 -0.46 0.646 0.730 1.216 
POS 0.848 0.128 -1.09 0.275 0.632 1.140 
Other 0.862 0.145 -0.88 0.378 0.620 1.199 

DCI category       
No score Referent group     
1-2 1.217 0.171 1.40 0.161 0.925 1.603 
3 or more 1.126 0.242 0.55 0.581 0.739 1.717 

Count of unique drug classes       
none Referent group     
1-4 1.122 0.170 0.76 0.449 0.833 1.510 
5-10 1.016 0.170 0.09 0.925 0.732 1.409 
>10 1.601 0.328 2.30 0.022 1.071 2.392 

ESI score       
2 (more severe) Referent group     
3 0.988 0.144 -0.08 0.933 0.742 1.315 
4 0.539 0.108 -3.10 0.002 0.365 0.797 
5 (least severe) 1.216 0.447 0.53 0.594 0.592 2.501 

ED primary diagnosis       
Inj/Poison Referent group     
Nerv syst 0.791 0.185 -1.00 0.317 0.500 1.252 
Circ syst 0.784 0.155 -1.23 0.218 0.532 1.155 
Resp syst 0.716 0.151 -1.59 0.112 0.474 1.081 
Digest syst 0.636 0.152 -1.89 0.059 0.397 1.017 
GU syst 1.230 0.290 0.88 0.379 0.775 1.953 
Symptoms 1.008 0.198 0.04 0.966 0.687 1.480 
Other 1.516 0.272 2.32 0.020 1.067 2.156 

Hospital admission 2.718 0.347 7.84 <0.001 2.117 3.491 
Ambulance 0.843 0.123 -1.17 0.242 0.633 1.122 
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Table C - 3 Logistic regression model to test the interaction between EHR 
status and the count of unique drug classes as a continuous variable on 
return visits within 7 days (N = 2,288) 
    Robust         

Return7 
Odds 
Ratio Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.510 0.336 1.85 0.064 0.976 2.336 
DRG_COUNT 1.040 0.022 1.87 0.061 0.998 1.084 
EHRxDRG_COUNT 0.999 0.039 -0.04 0.971 0.925 1.078 

 
 
 
Table C - 4 Logistic regression model to test the interaction between EHR 
status and level of unique drug classes as a dichotomous variable on return 
visits within 7 days using Comparison B (N = 3,745) 
    Robust         

Return7 
Odds 
Ratio Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.547 0.354 1.91 0.056 0.988 2.422 
DRG_2 1.516 0.266 2.37 0.018 1.075 2.138 
EHR x DRG_2 0.992 0.328 -0.02 0.980 0.518 1.897 

 
 
 
Table C - 5 Logistic regression model to test the interaction between EHR 
status and the count of unique drug classes as a continuous variable on 
return visits within 28 days (N = 2,288) 
    Robust         

Variable 
Odds 
Ratio Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.326 0.216 1.73 0.084 0.963 1.826 
DRG_COUNT 1.083 0.015 5.73 <0.001 1.054 1.114 
EHRxDRG_COUNT 0.992 0.026 -0.29 0.770 0.942 1.045 
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Table C - 6 Logistic regression model to test the interaction between EHR 
status and level of unique drug classes as a dichotomous variable on return 
visits within 28 days using Comparison B (N = 3,745) 
    Robust         

Variable 
Odds 
Ratio 

Std. 
Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.152 0.199 0.82 0.413 0.821 1.615 
DRG_2 1.684 0.207 4.24 <0.001 1.324 2.144 
EHR x DRG_2 1.168 0.287 0.63 0.528 0.721 1.892 
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Table C - 7 Multiple linear regression model with the 1st and 99th percentiles of ED 
duration trimmed (N = 2,288) 

  Coef. 
Robust 

SE t p-value 95% LB 95%UB 
EHR visit -22.0035 6.836579 -3.22 0.001 -35.4105 -8.59637 
Age 1.329201 0.196964 6.75 <0.001 0.94294 1.715463 
Male gender -2.50304 6.548588 -0.38 0.702 -15.3454 10.33926 
Previous ED visit 15.44243 9.495977 1.63 0.104 -3.17994 34.0648 
Previous hospitalization 27.57501 14.99602 1.84 0.066 -1.83338 56.9834 
Previous office visits 1.378826 1.137529 1.21 0.226 -0.85196 3.60961 
PPO 4.438311 8.940958 0.5 0.620 -13.0956 21.97224 
POS -0.95629 8.162281 -0.12 0.907 -16.9632 15.0506 
Other -8.24244 9.50392 -0.87 0.386 -26.8804 10.3955 
Weekend 0.814007 0.143694 5.66 <0.001 0.53221 1.095803 
Triage Census -2.75468 6.905673 -0.4 0.690 -16.2973 10.7879 
DCI 1-2 -1.47522 9.28812 -0.16 0.874 -19.69 16.73953 
DCI 3 or more -20.1459 18.34164 -1.1 0.272 -56.1153 15.82351 
Count of unique drug 
classes 0.147208 0.885679 0.17 0.868 -1.58968 1.884095 
ESI4 69.49772 16.51011 4.21 <0.001 37.12006 101.8754 
ESI3 84.51839 14.65959 5.77 <0.001 55.76977 113.267 
ESI2 24.70662 14.24989 1.73 0.083 -3.23855 52.65179 
Nerv syst 37.11049 14.01252 2.65 0.008 9.630818 64.59015 
Circ syst 30.54357 11.6469 2.62 0.009 7.703063 53.38407 
Resp syst 12.69916 11.32775 1.12 0.262 -9.51547 34.91379 
Digest syst 89.81812 15.30895 5.87 <0.001 59.79604 119.8402 
GU syst 55.34569 13.67694 4.05 <0.001 28.52412 82.16726 
Symptoms 70.29757 11.47826 6.12 <0.001 47.78778 92.80736 
Other 36.22821 10.93244 3.31 0.001 14.78881 57.66761 
Hospital admission 176.1962 11.59618 15.19 <0.001 153.4551 198.9372 
Ambulance 24.01709 10.34832 2.32 0.020 3.723206 44.31097 
Constant 25.97356 20.15421 1.29 0.198 -13.5505 65.49757 
Number of obs = 2243     
F( 26,  2261) = 37.17     
Prob > F = <0.001     
Adj R-squared = 0.3248     
Root MSE = 149.94     
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Table C - 8 Multiple linear regression model for the natural log of ED duration (N = 
2,288)  

  Coef. 
Robust 

SE t p-value 95% LB 95%UB 
EHR visit -0.08372 0.030712 -2.73 0.006 -0.14395 -0.02349 
Age 0.005842 0.000873 6.69 <0.001 0.00413 0.007554 
Male gender -0.01853 0.028932 -0.64 0.522 -0.07527 0.038208 
Previous ED visit 0.034091 0.040338 0.85 0.398 -0.04501 0.113197 
Previous hospitalization 0.063386 0.0646 0.98 0.327 -0.0633 0.190071 
Previous office visits 0.002787 0.004942 0.56 0.573 -0.0069 0.012478 
PPO 0.025481 0.038771 0.66 0.511 -0.05055 0.101514 
POS 0.003948 0.03625 0.11 0.913 -0.06714 0.075036 
Other -0.04201 0.044223 -0.95 0.342 -0.12873 0.044715 
Weekend 0.003971 0.00063 6.31 <0.001 0.002736 0.005205 
Triage Census -0.01151 0.030949 -0.37 0.710 -0.0722 0.04918 
DCI 1-2 0.026598 0.039258 0.68 0.498 -0.05039 0.103586 
DCI 3 or more -0.01582 0.06919 -0.23 0.819 -0.1515 0.119868 
Count of unique drug 
classes 0.004262 0.003542 1.2 0.229 -0.00268 0.011209 
ESI4 0.473549 0.118841 3.98 <0.001 0.240495 0.706602 
ESI3 0.528169 0.116353 4.54 <0.001 0.299994 0.756345 
ESI2 0.189633 0.116394 1.63 0.103 -0.03862 0.417889 
Nerv syst 0.153274 0.074306 2.06 0.039 0.007555 0.298992 
Circ syst 0.25777 0.050884 5.07 <0.001 0.157985 0.357556 
Resp syst 0.10936 0.054562 2 0.045 0.002361 0.21636 
Digest syst 0.344039 0.067895 5.07 <0.001 0.210892 0.477186 
GU syst 0.382592 0.062662 6.11 <0.001 0.259708 0.505477 
Symptoms 0.387954 0.054024 7.18 <0.001 0.28201 0.493897 
Other 0.2152 0.052324 4.11 <0.001 0.112589 0.317811 
Hospital admission 0.597579 0.040654 14.7 <0.001 0.517855 0.677304 
Ambulance 0.134279 0.038268 3.51 <0.001 0.059234 0.209324 
Constant 4.082259 0.129126 31.61 <0.001 3.829035 4.335483 
Number of obs = 2243     
F( 26,  2165) = 37.81     
Prob > F = <0.001     
Adj R-squared = 0.3137     
Root MSE = 0.66687     
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Table C - 9 Multiple logistic regression for evidence of laboratory use using 
Comparison B (N = 3,745) 
  Robust           

Lab Use Odds Ratio Std. Err. z P>z 
[95% 
Conf. Interval] 

              
EHR 1.43465 0.171061 3.03 0.002 1.13567 1.812339 
agecat_34 1.817682 0.283229 3.83 <0.001 1.339322 2.466896 
agecat_49 2.614961 0.397545 6.32 <0.001 1.941152 3.52266 
agecat_64 2.877665 0.47201 6.44 <0.001 2.086515 3.968797 
agecat_65 1.766639 0.445687 2.26 0.024 1.077475 2.896599 
gender 0.8598469 0.082381 -1.58 0.115 0.712637 1.037466 
pre_ed 0.8413609 0.111056 -1.31 0.191 0.649572 1.089777 
pre_in_visit 1.539977 0.332493 2 0.046 1.008633 2.35123 
office visit 
count 0.9833947 0.015811 -1.04 0.298 0.952889 1.014877 
LOB2 1.150894 0.137591 1.18 0.240 0.910485 1.454781 
LOB3 0.8893157 0.118596 -0.88 0.379 0.684767 1.154965 
LOB4 0.7774894 0.109794 -1.78 0.075 0.58951 1.02541 
weekend 1.014988 0.104225 0.14 0.885 0.829955 1.241272 
DCI2 1.160323 0.150687 1.15 0.252 0.899574 1.496653 
DCI3 1.649756 0.404401 2.04 0.041 1.020391 2.667306 
DRG_Count 1.018933 0.013586 1.41 0.160 0.992649 1.045912 
ESI2 4.89133 1.701102 4.56 <0.001 2.473984 9.67068 
ESI3 2.977826 0.980458 3.31 0.001 1.561848 5.677537 
ESI4 0.7629819 0.257444 -0.8 0.423 0.393825 1.478173 
_Iprimaryd~6 4.74743 0.873741 8.46 <0.001 3.30978 6.809545 
_Iprimary~_7 10.64557 1.738451 14.48 <0.001 7.729748 14.6613 
_Iprimaryd~8 2.869383 0.452752 6.68 <0.001 2.106104 3.909283 
_Iprimary~_9 10.94018 2.312611 11.32 <0.001 7.229227 16.55608 
_Iprimary~10 103.0011 37.17917 12.84 <0.001 50.76833 208.9732 
_Iprimary~17 20.67158 3.448931 18.15 <0.001 14.90582 28.66762 
_Iprimary~99 5.048443 0.76175 10.73 <0.001 3.755963 6.785683 
Hosp_Admit 13.06081 2.842917 11.81 <0.001 8.524935 20.0101 
ambulance 2.130752 0.31765 5.07 <0.001 1.590878 2.853836 
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Table C - 10 Multiple logistic regression for evidence of diagnostic imaging use 
using Comparison B (N = 3,745) 
  Robust           

Lab Use 
Odds 
Ratio Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.13933 0.108319 1.37 0.170 0.945636 1.372699 
agecat_34 1.575155 0.183034 3.91 <0.001 1.254333 1.978034 
agecat_49 1.744439 0.199339 4.87 <0.001 1.394402 2.182344 
agecat_64 2.018758 0.259758 5.46 <0.001 1.568767 2.597826 
agecat_65 1.130593 0.21314 0.65 0.515 0.781335 1.635971 
gender 1.22885 0.091543 2.77 0.006 1.061913 1.42203 
pre_ed 0.976496 0.097817 -0.24 0.812 0.802425 1.188329 
pre_in_visit 1.222799 0.196839 1.25 0.211 0.891935 1.676396 
office visit 
count 0.99868 0.012277 -0.11 0.914 0.974905 1.023034 
LOB2 1.020796 0.093269 0.23 0.822 0.853425 1.22099 
LOB3 1.242555 0.132145 2.04 0.041 1.008766 1.530525 
LOB4 1.083847 0.120996 0.72 0.471 0.87085 1.34894 
weekend 1.002374 0.080077 0.03 0.976 0.857096 1.172277 
DCI2 1.123567 0.115527 1.13 0.257 0.918496 1.374424 
DCI3 1.112411 0.20532 0.58 0.564 0.774743 1.59725 
DRG_Count 0.998622 0.010222 -0.13 0.893 0.978787 1.01886 
ESI2 4.330792 1.198981 5.29 <0.001 2.517167 7.451139 
ESI3 3.999403 1.043345 5.31 <0.001 2.39849 6.668873 
ESI4 2.924149 0.763331 4.11 <0.001 1.753068 4.877534 
_Iprimaryd~6 0.418728 0.064362 -5.66 <0.001 0.30981 0.565939 
_Iprimary~_7 0.780652 0.106236 -1.82 0.069 0.597889 1.019281 
_Iprimaryd~8 1.004025 0.134793 0.03 0.976 0.771735 1.306234 
_Iprimary~_9 0.340361 0.058164 -6.31 <0.001 0.243489 0.475774 
_Iprimary~10 1.114154 0.189416 0.64 0.525 0.798424 1.554737 
_Iprimary~17 0.428377 0.054564 -6.66 <0.001 0.333738 0.549852 
_Iprimary~99 0.258619 0.03414 -10.24 <0.001 0.199662 0.334987 
Hosp_Admit 6.174761 0.848868 13.24 <0.001 4.716308 8.084219 
ambulance 1.343015 0.149951 2.64 0.008 1.079051 1.671552 
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Table C - 11 Multivariable results for total plan paid amount for the ED visit among 
EHR visits and comparison B visits (N = 3,745) 
    Robust         

ED Total Paid 
Cost 
Ration Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.9904308 0.042002 -0.23 0.821 0.911437 1.076271 
age 1.001435 0.001178 1.22 0.223 0.99913 1.003747 
gender 1.100372 0.048455 2.17 0.030 1.009386 1.19956 

pre_ed 0.948475 0.05319 
-9.40E-

01 0.346 0.849749 1.058671 
pre_in_visit 0.8690284 0.076415 -1.6 0.110 0.731454 1.032478 
office visit 
count 0.9836192 0.00601 -2.7 0.007 0.971911 0.995469 
pre_total_paid 1.000009 2.54E-06 3.46 0.001 1.000004 1.000014 
LOB2 0.9628581 0.051252 -0.71 0.477 0.867468 1.068737 
LOB3 0.9537736 0.052478 -0.86 0.390 0.85627 1.06238 
LOB4 0.6980597 0.044296 -5.66 <0.001 0.616424 0.790507 
weekend 1.086596 0.064972 1.39 0.165 0.966431 1.221701 
DCI2 1.043908 0.05126 0.88 0.382 0.948123 1.14937 
DCI3 0.8721858 0.079799 -1.49 0.135 0.729004 1.04349 
DRG_Count 1.010322 0.004745 2.19 0.029 1.001065 1.019664 
ESI2 2.002207 0.24108 5.77 <0.001 1.581315 2.535128 
ESI3 1.619144 0.177303 4.4 <0.001 1.306398 2.006761 
ESI4 1.03908 0.112555 0.35 0.723 0.840322 1.284851 
prim1 1.157822 0.08538 1.99 0.047 1.002011 1.337862 
prim2 2.012388 0.141386 9.95 <0.001 1.75351 2.309485 
prim3 0.9774 0.059051 -0.38 0.705 0.868251 1.10027 
prim4 1.956404 0.472489 2.78 0.005 1.21867 3.140734 
prim5 1.869513 0.124524 9.39 <0.001 1.64071 2.130224 
prim7 1.538811 0.093547 7.09 <0.001 1.365965 1.73353 
prim8 1.165482 0.0727 2.45 0.014 1.031358 1.317048 
Hosp_Admit 8.710712 0.652573 28.89 <0.001 7.521163 10.0884 
ambulance 1.169136 0.068107 2.68 0.007 1.042987 1.310543 
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Table C - 12 Multivariable results for total plan paid amount for the ED visit among 
visits that resulted in discharge using EHR visits and comparison B visits (N = 
3,117) 
    Robust         

ED Total Paid 
Cost 
Ration Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 1.066888 0.045322 1.52 0.127 0.981657 1.159519 
age 1.000505 0.001159 0.44 0.663 0.998236 1.002779 
gender 1.093453 0.046442 2.1 0.035 1.006115 1.188373 
pre_ed 0.9272321 0.055983 -1.25 0.211 0.823751 1.043712 
pre_in_visit 0.823415 0.077751 -2.06 0.04 0.684297 0.990816 
office visit 
count 0.9817827 0.006136 -2.94 0.003 0.96983 0.993883 
pre_total_paid 1.00001 2.09E-06 4.8 <0.001 1.000006 1.000014 
LOB2 0.9598004 0.04434 -0.89 0.374 0.876714 1.050761 
LOB3 1.001714 0.054255 0.03 0.975 0.900826 1.1139 
LOB4 0.7192776 0.047016 -5.04 <0.001 0.632787 0.81759 
weekend 1.023208 0.054022 0.43 0.664 0.922621 1.134762 
DCI2 1.03348 0.053094 0.64 0.522 0.934486 1.142961 
DCI3 0.7589107 0.075108 -2.79 0.005 0.625099 0.921367 
DRG_Count 1.014477 0.004975 2.93 0.003 1.004774 1.024274 
ESI2 2.07884 0.244241 6.23 <0.001 1.651255 2.617147 
ESI3 1.62005 0.176292 4.43 <0.001 1.308885 2.00519 
ESI4 1.024179 0.109202 0.22 0.823 0.831032 1.262218 
prim1 1.211739 0.090751 2.56 0.010 1.046309 1.403326 
prim2 2.016934 0.138313 10.23 <0.001 1.763274 2.307086 
prim3 1.028836 0.062792 0.47 0.641 0.912843 1.15957 
prim4 2.692101 0.947369 2.81 0.005 1.350665 5.365807 
prim5 2.050848 0.14547 10.13 <0.001 1.784664 2.356734 
prim7 1.610781 0.100376 7.65 <0.001 1.425587 1.820034 
prim8 1.14457 0.068262 2.26 0.024 1.018303 1.286494 
ambulance 1.093475 0.059011 1.66 0.098 0.983723 1.215472 
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Table C - 13 Multivariable results for total plan paid amount for the ED visit among 
visits that resulted in hospital admission using EHR visits and comparison B visits 
(N = 628) 
    Robust         

ED Total Paid Cost Ratio Std. Err. z P>z 
[95% 
Conf. Interval] 

              
EHR 0.7598231 0.0663744 -3.14 0.002 0.640259 0.901715 
age 1.011905 0.0035106 3.41 0.001 1.005048 1.018809 
gender 1.125907 0.0894188 1.49 0.135 0.963609 1.315541 
pre_ed 1.193385 0.153945 1.37 0.171 0.92678 1.536683 
pre_in_visit 0.8982581 0.1199993 -0.8 0.422 0.691335 1.167116 
office visit 
count 0.9972785 0.0114515 -0.24 0.812 0.975085 1.019977 
pre_total_paid 1.000004 3.85E-06 1.02 0.306 0.999996 1.000011 
LOB2 0.9892922 0.1233669 -0.09 0.931 0.774779 1.263197 
LOB3 0.788303 0.0792882 -2.36 0.018 0.64726 0.960081 
LOB4 0.7860829 0.0933878 -2.03 0.043 0.622794 0.992184 
weekend 1.276342 0.1264445 2.46 0.014 1.051091 1.549865 
DCI2 1.143829 0.1158801 1.33 0.185 0.937836 1.395068 
DCI3 1.206163 0.1736286 1.3 0.193 0.90965 1.599328 
DRG_Count 0.9880569 0.0089176 -1.33 0.183 0.970732 1.005691 
ESI2 1.676676 0.6468397 1.34 0.180 0.787167 3.571343 
ESI3 1.598207 0.5833407 1.28 0.199 0.781532 3.268278 
ESI4 1.434481 0.5718935 0.91 0.365 0.656661 3.133637 
prim1 0.7178189 0.1599722 -1.49 0.137 0.463786 1.110996 
prim2 1.242818 0.2127737 1.27 0.204 0.888545 1.738343 
prim3 0.6027867 0.1131975 -2.7 0.007 0.417173 0.870986 
prim4 0.8845873 0.1424053 -0.76 0.446 0.645223 1.21275 
prim5 0.6426632 0.1305609 -2.18 0.030 0.431575 0.956996 
prim7 0.6356572 0.1268846 -2.27 0.023 0.429846 0.940011 
prim8 0.7858334 0.1389861 -1.36 0.173 0.555627 1.111419 
ambulance 1.206484 0.144163 1.57 0.116 0.954578 1.524867 
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Table C - 14 Multivariable generalized linear model with gamma family and log link 
for total plan paid for all healthcare services over the four week follow-up excluding 
three outlying observation (N = 2,285) 
    Robust         

Total plan paid 
over follow-up Cost Ratio 

Std. 
Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.9243 0.1097 -0.66 0.507 0.7324 1.1664 
age 1.0069 0.0038 1.80 0.072 0.9994 1.0144 
gender 1.0801 0.1142 0.73 0.466 0.8779 1.3288 
pre_ed 1.0367 0.1356 0.28 0.783 0.8022 1.3397 
pre_in_visit 0.8413 0.1701 -0.85 0.393 0.5661 1.2504 
office visit count 1.0073 0.0140 0.52 0.600 0.9803 1.0351 
pre_total_paid 1.0000 0.0000 6.01 <0.001 1.0000 1.0000 
LOB2 1.2787 0.1702 1.85 0.065 0.9851 1.6598 
LOB3 0.9860 0.1217 -0.11 0.909 0.7742 1.2559 
LOB4 0.8779 0.1408 -0.81 0.417 0.6411 1.2022 
Census 1.0014 0.0020 0.69 0.490 0.9974 1.0054 
weekend 0.7761 0.0910 -2.16 0.031 0.6167 0.9767 
DCI2 1.0083 0.1449 0.06 0.954 0.7608 1.3363 
DCI3 1.3770 0.3676 1.20 0.231 0.8160 2.3237 
DRG_Count 1.0645 0.0115 5.77 <0.001 1.0422 1.0874 
ESI2 1.8022 0.4892 2.17 0.030 1.0586 3.0680 
ESI3 1.5975 0.4125 1.81 0.070 0.9631 2.6498 
ESI4 1.0831 0.2945 0.29 0.769 0.6356 1.8455 
prim1 1.3195 0.3571 1.02 0.306 0.7763 2.2427 
prim2 1.6856 0.2833 3.11 0.002 1.2126 2.3432 
prim3 0.6761 0.1215 -2.18 0.029 0.4754 0.9616 
prim4 1.6614 0.4213 2.00 0.045 1.0106 2.7310 
prim5 1.5558 0.3240 2.12 0.034 1.0344 2.3402 
prim7 1.3449 0.2808 1.42 0.156 0.8932 2.0249 
prim8 1.4381 0.2214 2.36 0.018 1.0636 1.9446 
Hosp_Admit 2.6665 0.3212 8.14 <0.001 2.1057 3.3766 
ambulance 0.9710 0.1268 -0.23 0.822 0.7518 1.2542 

 



278 

 

Table C - 15 Multivariable generalized linear model with gamma family and log link 
for total plan paid for all healthcare services over the four week follow-up using 
logged baseline costs (N = 2,288) 
    Robust         

ED Total Paid Cost Ratio Std. Err. z P>z 
[95% 
Conf. Interval] 

              
EHR 0.9389 0.1128 -0.52 0.600 0.7419 1.1882 
age 1.0074 0.0040 1.89 0.059 0.9997 1.0152 
gender 1.1389 0.1280 1.16 0.247 0.9138 1.4196 
pre_ed 0.9643 0.1338 -0.26 0.794 0.7348 1.2656 
pre_in_visit 1.5068 0.3133 1.97 0.049 1.0024 2.2649 
office visit count 1.0037 0.0139 0.27 0.789 0.9768 1.0313 
Ln(pre_total_paid) 1.0907 0.0323 2.93 0.003 1.0292 1.1559 
LOB2 1.1543 0.1540 1.08 0.282 0.8886 1.4993 
LOB3 0.8743 0.1100 -1.07 0.286 0.6831 1.1189 
LOB4 0.8150 0.1431 -1.16 0.244 0.5777 1.1499 
Census 1.0036 0.0021 1.71 0.088 0.9995 1.0078 
weekend 0.8592 0.1039 -1.25 0.210 0.6779 1.0891 
DCI2 1.0086 0.1523 0.06 0.955 0.7502 1.3559 
DCI3 1.5721 0.4002 1.78 0.076 0.9546 2.5892 
DRG_Count 1.0492 0.0128 3.94 <0.001 1.0245 1.0746 
ESI2 1.7805 0.5068 2.03 0.043 1.0192 3.1106 
ESI3 1.5760 0.4259 1.68 0.092 0.9280 2.6767 
ESI4 1.0797 0.3032 0.27 0.785 0.6227 1.8723 
prim1 1.4510 0.4230 1.28 0.202 0.8195 2.5693 
prim2 1.6392 0.2797 2.90 0.004 1.1733 2.2901 
prim3 0.7198 0.1314 -1.80 0.072 0.5033 1.0294 
prim4 1.5381 0.3765 1.76 0.079 0.9520 2.4852 
prim5 1.6077 0.3435 2.22 0.026 1.0577 2.4437 
prim7 1.3020 0.2736 1.26 0.209 0.8625 1.9655 
prim8 1.4659 0.2297 2.44 0.015 1.0782 1.9930 
Hosp_Admit 2.5909 0.3240 7.61 <0.001 2.0276 3.3106 
ambulance 0.9897 0.1345 -0.08 0.939 0.7583 1.2918 
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Table C - 16 Multivariable generalized linear model with gamma family and log link 
for total plan paid for all healthcare services over the four week follow-up using 
comparison B (N = 3,745) 
    Robust         

ED Total Paid Cost Ratio 
Std. 
Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.9507 0.1040 -0.46 0.644 0.7672 1.1782 
age 1.0053 0.0029 1.84 0.066 0.9997 1.0111 
gender 1.1196 0.1000 1.27 0.206 0.9398 1.3337 
pre_ed 1.0977 0.1548 0.66 0.509 0.8326 1.4473 
pre_in_visit 0.7584 0.1318 -1.59 0.111 0.5396 1.0661 
office visit 
count 1.0318 0.0124 2.59 0.009 1.0077 1.0564 
pre_total_paid 1.0000 0.0000 6.89 <0.001 1.0000 1.0000 
LOB2 1.1374 0.1175 1.25 0.213 0.9289 1.3928 
LOB3 0.9377 0.0981 -0.62 0.538 0.7639 1.1510 
LOB4 1.0739 0.1646 0.47 0.642 0.7953 1.4501 
weekend 0.9971 0.1061 -0.03 0.979 0.8095 1.2283 
DCI2 1.0953 0.1231 0.81 0.418 0.8787 1.3653 
DCI3 1.1650 0.2345 0.76 0.448 0.7853 1.7284 
DRG_Count 1.0435 0.0096 4.61 <0.001 1.0248 1.0626 
ESI2 2.2535 0.5047 3.63 <0.001 1.4528 3.4955 
ESI3 1.9529 0.4158 3.14 0.002 1.2865 2.9644 
ESI4 1.0868 0.2365 0.38 0.702 0.7094 1.6649 
prim1 1.0464 0.2063 0.23 0.818 0.7111 1.5400 
prim2 1.5340 0.2234 2.94 0.003 1.1530 2.0408 
prim3 0.6908 0.1198 -2.13 0.033 0.4918 0.9705 
prim4 1.2326 0.2769 0.93 0.352 0.7936 1.9145 
prim5 1.4598 0.2903 1.90 0.057 0.9887 2.1555 
prim7 1.4137 0.2445 2.00 0.045 1.0073 1.9840 
prim8 1.3074 0.1709 2.05 0.04 1.0120 1.6892 
Hosp_Admit 3.3816 0.4002 10.29 <0.001 2.6816 4.2644 
ambulance 0.9741 0.1170 -0.22 0.827 0.7697 1.2327 
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Table C - 17 Multivariable negative binomial regression model for count of 
pharmacy claims over follow-up (N = 2,288) 

  IRR 
Robust 

SE t p-value 95% LB 95%UB 
Comparison visit Referent group     
EHR visit 0.377 0.034 -10.96 <0.001 0.317 0.449 
Age, every 10 years 1.059 0.021 2.96 0.003 1.020 1.100 
Male gender 0.963 0.061 -0.59 0.557 0.850 1.091 
Previous Rx claim 
count 1.062 0.003 19.81 <0.001 1.056 1.068 
Previous office visits 0.975 0.009 -2.65 0.008 0.957 0.993 
PPO 0.865 0.062 -2.01 0.044 0.751 0.996 
POS 0.786 0.067 -2.84 0.004 0.665 0.928 
Other 0.582 0.058 -5.40 <0.001 0.478 0.708 
Weekend 0.977 0.066 -0.34 0.735 0.855 1.117 
Triage Census, every 

10 people 0.998 0.013 -0.16 0.869 0.972 1.024 
DCI1-2 0.927 0.072 -0.97 0.330 0.796 1.080 
DCI3+ 0.882 0.139 -0.80 0.426 0.647 1.202 
Count of unique drug 

classes 1.064 0.011 5.81 <0.001 1.042 1.087 
ESI4 0.772 0.161 -1.24 0.215 0.513 1.162 
ESI3 0.917 0.193 -0.41 0.681 0.608 1.385 
ESI2 0.742 0.162 -1.36 0.172 0.483 1.139 
Nerv syst 1.106 0.140 0.80 0.426 0.863 1.419 
Circ syst 1.209 0.131 1.75 0.080 0.978 1.494 
Resp syst 1.294 0.143 2.32 0.020 1.041 1.608 
Digest syst 1.234 0.164 1.58 0.114 0.951 1.600 
GU syst 1.138 0.148 1.00 0.318 0.883 1.468 
Symptoms 0.952 0.104 -0.45 0.652 0.768 1.180 
Other 1.219 0.129 1.88 0.060 0.992 1.499 
Hospital admission 1.864 0.148 7.85 <0.001 1.595 2.177 
Ambulance 1.083 0.093 0.93 0.354 0.915 1.282 
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Table C - 18 Multivariable negative binomial regression model for number of 
unique drug classes over the four week follow-up (N = 2,288) 

Unique drug class 
count IRR 

Robust 
Std. 
Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.3874 0.0331 -11.09 <0.001 0.3276 0.4581 
age 1.0073 0.0019 3.86 <0.001 1.0036 1.0110 
gender 1.0074 0.0613 0.12 0.903 0.8941 1.1351 
baseline class count 1.1812 0.0086 22.84 <0.001 1.1645 1.1982 
office visit count 0.9586 0.0088 -4.59 <0.001 0.9414 0.9761 
LOB2 0.8117 0.0578 -2.93 0.003 0.7060 0.9331 
LOB3 0.8400 0.0677 -2.16 0.031 0.7172 0.9838 
LOB4 0.6037 0.0549 -5.55 <0.001 0.5051 0.7214 
Census_Admit 0.9999 0.0013 -0.07 0.941 0.9974 1.0024 
weekend 0.9886 0.0655 -0.17 0.862 0.8682 1.1257 
DCI2 0.9382 0.0667 -0.90 0.370 0.8161 1.0786 
DCI3 0.8196 0.1214 -1.34 0.179 0.6131 1.0956 
ESI2 0.6926 0.1589 -1.60 0.109 0.4418 1.0858 
ESI3 0.8373 0.1852 -0.80 0.422 0.5427 1.2918 
ESI4 0.7287 0.1597 -1.44 0.149 0.4742 1.1199 
prim1 1.1988 0.1455 1.49 0.135 0.9450 1.5208 
prim2 1.2434 0.1286 2.11 0.035 1.0152 1.5229 
prim3 1.3157 0.1436 2.51 0.012 1.0623 1.6295 
prim4 1.3711 0.1815 2.38 0.017 1.0579 1.7772 
prim5 1.1681 0.1421 1.28 0.201 0.9204 1.4826 
prim7 1.0166 0.1078 0.15 0.877 0.8258 1.2514 
prim8 1.2571 0.1224 2.35 0.019 1.0387 1.5214 
Hosp_Admit 1.6795 0.1279 6.81 0.000 1.4466 1.9500 
ambulance 1.1180 0.0899 1.39 0.165 0.9550 1.3089 
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Table C - 19 Multivariable negative binomial regression model for total number of 
pharmacy claims over the four week follow-up using EHR and comparison B visits 
(N = 3,745) 
    Robust         
Count of pharmacy 
claims IRR 

Std. 
Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.4647 0.0396 -9.00 <0.001 0.3933 0.5490 
age 1.0052 0.0014 3.78 <0.001 1.0025 1.0079 
gender 1.0093 0.0442 0.21 0.832 0.9264 1.0997 
pre Rx1-2 2.3290 0.2551 7.72 <0.001 1.8790 2.8868 
pre Rx3-6 3.4483 0.3178 13.43 <0.001 2.8785 4.1308 
pre Rx7-12 4.8053 0.4063 18.56 <0.001 4.0714 5.6714 
pre Rx13-18 6.5738 0.5980 20.70 <0.001 5.5003 7.8567 
pre Rx19+ 12.0674 0.9849 30.51 <0.001 10.2835 14.1607 
office visit count 0.9911 0.0058 -1.53 0.127 0.9798 1.0025 
LOB2 0.8831 0.0427 -2.57 0.010 0.8033 0.9709 
LOB3 0.8598 0.0557 -2.33 0.020 0.7573 0.9762 
LOB4 0.6808 0.0522 -5.01 0.000 0.5857 0.7912 
weekend 1.0175 0.0478 0.37 0.711 0.9281 1.1156 
DCI2 0.9509 0.0470 -1.02 0.308 0.8630 1.0477 
DCI3 0.8811 0.0849 -1.31 0.189 0.7295 1.0641 
ESI2 0.9107 0.1320 -0.65 0.519 0.6855 1.2100 
ESI3 1.0639 0.1459 0.45 0.651 0.8131 1.3921 
ESI4 0.9238 0.1280 -0.57 0.567 0.7041 1.2121 
prim1 0.9463 0.0756 -0.69 0.49 0.8091 1.1067 
prim2 1.0803 0.0851 0.98 0.327 0.9257 1.2607 
prim3 1.1902 0.0913 2.27 0.023 1.0240 1.3832 
prim4 0.9894 0.0949 -0.11 0.911 0.8199 1.1939 
prim5 1.1649 0.1045 1.70 0.089 0.9771 1.3887 
prim7 0.9987 0.0773 -0.02 0.987 0.8581 1.1624 
prim8 1.2337 0.0921 2.81 0.005 1.0658 1.4280 
Hosp_Admit 1.6573 0.0965 8.67 <0.001 1.4785 1.8577 
ambulance 1.0844 0.0623 1.41 0.158 0.9690 1.2136 
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Table C - 20 Multivariable negative binomial regression model for total number of 
unique drug classes over the four week follow-up among patients who averaged at 
least one claim per month during the baseline period (N = 812) 
Unique drug class 
count IRR 

Robust 
Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.5904 0.0544 -5.72 <0.001 0.4929 0.7072 
age 1.0094 0.0019 4.86 <0.001 1.0056 1.0132 
gender 0.9584 0.0536 -0.76 0.448 0.8589 1.0695 
baseline class count 1.0686 0.0065 10.96 <0.001 1.0560 1.0814 
office visit count 0.9988 0.0066 -0.18 0.854 0.9859 1.0118 
LOB2 0.8998 0.0613 -1.55 0.121 0.7874 1.0283 
LOB3 1.0552 0.0768 0.74 0.460 0.9150 1.2170 
LOB4 0.9812 0.0837 -0.22 0.824 0.8301 1.1599 
Census_Admit 1.0004 0.0012 0.36 0.719 0.9981 1.0028 
weekend 1.0701 0.0647 1.12 0.262 0.9505 1.2048 
DCI2 1.0662 0.0628 1.09 0.277 0.9499 1.1967 
DCI3 0.9980 0.1102 -0.02 0.986 0.8037 1.2392 
ESI2 0.7432 0.1870 -1.18 0.238 0.4539 1.2168 
ESI3 0.8281 0.2032 -0.77 0.442 0.5119 1.3396 
ESI4 0.7431 0.1837 -1.20 0.230 0.4577 1.2062 
prim1 1.1365 0.1448 1.00 0.315 0.8854 1.4588 
prim2 1.0731 0.1039 0.73 0.466 0.8876 1.2974 
prim3 1.2434 0.1212 2.24 0.025 1.0272 1.5052 
prim4 1.0922 0.1296 0.74 0.457 0.8656 1.3781 
prim5 1.1687 0.1335 1.36 0.172 0.9343 1.4621 
prim7 1.1336 0.1134 1.25 0.210 0.9317 1.3792 
prim8 1.1200 0.1013 1.25 0.210 0.9380 1.3373 
Hosp_Admit 1.2917 0.0807 4.10 <0.001 1.1429 1.4598 
ambulance 1.1712 0.0818 2.26 0.024 1.0214 1.3430 
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Table C - 21 Multivariable negative binomial regression model for total number of 
pharmacy claims over the four week follow-up among patients who averaged at 
least one claim per month during the baseline period using Comparison B visits (N = 
1,456) 

Count of Rx Claims IRR 
Robust 
Std. Err. z P>z 

[95% 
Conf. Interval] 

              
EHR 0.5976 0.0548 -5.61 <0.001 0.4992 0.7153 
age 1.0053 0.0014 3.81 <0.001 1.0026 1.0081 
gender 0.9122 0.0375 -2.23 0.026 0.8415 0.9888 
baseline class count 1.0273 0.0015 18.30 <0.001 1.0244 1.0303 
office visit count 1.0044 0.0051 0.88 0.380 0.9946 1.0144 
LOB2 0.9518 0.0439 -1.07 0.285 0.8696 1.0419 
LOB3 0.9260 0.0507 -1.40 0.161 0.8317 1.0310 
LOB4 1.0007 0.0669 0.01 0.992 0.8777 1.1409 
weekend 1.0261 0.0436 0.61 0.544 0.9442 1.1152 
DCI2 1.0308 0.0446 0.70 0.483 0.9470 1.1221 
DCI3 0.8604 0.0750 -1.72 0.085 0.7253 1.0208 
ESI2 0.9636 0.1450 -0.25 0.805 0.7174 1.2942 
ESI3 1.0354 0.1515 0.24 0.812 0.7773 1.3792 
ESI4 0.9236 0.1377 -0.53 0.594 0.6896 1.2371 
prim1 0.9772 0.0788 -0.29 0.775 0.8345 1.1445 
prim2 0.9537 0.0668 -0.68 0.498 0.8313 1.0940 
prim3 1.1488 0.0810 1.97 0.049 1.0005 1.3191 
prim4 0.9260 0.0766 -0.93 0.352 0.7874 1.0889 
prim5 1.1726 0.1083 1.72 0.085 0.9784 1.4054 
prim7 1.0005 0.0736 0.01 0.995 0.8661 1.1556 
prim8 1.0764 0.0735 1.08 0.281 0.9416 1.2306 
Hosp_Admit 1.3144 0.0638 5.63 <0.001 1.1952 1.4455 
ambulance 1.1000 0.0553 1.90 0.058 0.9968 1.2139 
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Table C - 22 Multivariable least squares regression model for total number of 
pharmacy claims over the four week follow-up among patients who averaged at 
least one claim per month during the baseline period using comparison B visits (N = 
1,456) 
Change in Count of 
Rx Claims Coef. 

Robust 
Std. Err. z P>z 

[95% 
Conf. Interval] 

              
ehr -1.3462 0.2240 -6.01 <0.001 -1.7857 -0.9067 
age 0.0056 0.0041 1.35 0.178 -0.0025 0.0136 
gender -0.2331 0.1351 -1.73 0.085 -0.4981 0.0319 
office visit count -0.0293 0.0203 -1.44 0.149 -0.0691 0.0105 
LOB2 -0.0731 0.1548 -0.47 0.637 -0.3768 0.2306 
LOB3 -0.1477 0.1783 -0.83 0.408 -0.4974 0.2020 
LOB4 0.2114 0.2446 0.86 0.388 -0.2685 0.6912 
weekend 0.0709 0.1464 0.48 0.628 -0.2164 0.3582 
DCI2 -0.1910 0.1483 -1.29 0.198 -0.4819 0.0999 
DCI3 -0.9880 0.3423 -2.89 0.004 -1.6595 -0.3166 
ESI2 -0.2453 0.4378 -0.56 0.575 -1.1042 0.6136 
ESI3 0.0589 0.4152 0.14 0.887 -0.7557 0.8734 
ESI4 -0.1984 0.4189 -0.47 0.636 -1.0203 0.6235 
prim1 -0.1810 0.2652 -0.68 0.495 -0.7014 0.3393 
prim2 -0.1146 0.2367 -0.48 0.628 -0.5790 0.3498 
prim3 0.5715 0.2542 2.25 0.025 0.0728 1.0702 
prim4 -0.2451 0.2792 -0.88 0.380 -0.7927 0.3025 
prim5 0.7229 0.3038 2.38 0.017 0.1269 1.3190 
prim7 0.0114 0.2337 0.05 0.961 -0.4471 0.4699 
prim8 0.3450 0.2309 1.49 0.135 -0.1080 0.7979 
Hosp_Admit 0.8934 0.2021 4.42 <0.001 0.4969 1.2900 
ambulance 0.2387 0.1961 1.22 0.224 -0.1460 0.6234 
_cons 0.4985 0.4623 1.08 0.281 -0.4084 1.4054 
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APPENDIX D: SUPPLEMENTAL FIGURES 
 
Figure D - 1 Plot of Hosmer-Lemeshow goodness of fit for the fitted logistic 
regression model in Table 4.13 

0
.0

5
.1

.1
5

.2
 

0 .05 .1 .15 .2
predicted (proportion)

observed (proportion) predicted (proportion)

 
 



287 

 

 
Figure D - 2 Plot of the change in the chi-square fit statistic (dX^2) versus the 
predicted probability for the fitted logistic regression model in Table 4.13 
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Figure D - 3 Plot of the change in the change in deviance (dD) versus the predicted 
probability for the fitted logistic regression model in Table 4.13  
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Figure D - 4 Plot of Pregibon’s dbeta versus the predicted probability for the fitted 
logistic regression model in Table 4.13 
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Figure D - 5 Plot of Hosmer-Lemeshow goodness of fit for the fitted logistic 
regression model in Table 4.15 
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Figure D - 6 Plot of the change in the chi-square fit statistic (dX^2) versus the 
predicted probability for the fitted logistic regression model in Table 4.15 
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Figure D - 7 Plot of the change in the change in deviance (dD) versus the predicted 
probability for the fitted logistic regression model in Table 4.15 
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Figure D - 8 Plot of Pregibon’s dbeta versus the predicted probability for the fitted 
logistic regression model in Table 4.15 
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Figure D - 9 Leverage versus normalized residual squared plot from the multiple 
linear regression model in Table 4.21 
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Figure D - 10. Normal quantile plot for the multiple linear regression model in 
Table 4.21  
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Figure D - 11 Residuals versus fitted values for the multiple linear regression model 
in Table 4.21 
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Figure D - 12 Residuals versus fitted values for the multiple linear regression model 
in Table 4.21 stratified by hospital admission status 
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Figure D - 13 Leverage versus normalized residual squared plot from the multiple 
linear regression model in Table 4.22 
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Figure D - 14 Normal quantile plot for the multiple linear regression model in Table 
4.22 
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Figure D - 15 Residuals versus fitted values for the multiple linear regression model 
in Table 4.22 
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Figure D - 16 Leverage versus normalized residual squared plot from the multiple 
linear regression model in Table 4.23 
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Figure D - 17 Normal quantile plot for the multiple linear regression model in Table 
4.23 
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Figure D - 18 Residuals versus fitted values for the multiple linear regression model 
in Table 4.23 
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Figure D - 19 Univariable lowess smoothed logit from evidence of laboratory use 
versus age 
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Figure D - 20 Plot of Hosmer-Lemeshow goodness of fit for the fitted logistic 
regression model in Table 4.25 
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Figure D - 21 Plot of the change in the chi-square fit statistic (dX^2) versus the 
predicted probability for the fitted logistic regression model in Table 4.25 
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Figure D - 22 Plot of the change in the change in deviance (dD) versus the predicted 
probability for the fitted logistic regression model in Table 4.25 
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Figure D - 23 Plot of Pregibon’s dbeta versus the predicted probability for the fitted 
logistic regression model in Table 4.25 
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Figure D - 24 Univariable lowess smoothed logit from evidence of diagnostic 
imaging use versus age 
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Figure D - 25 Plot of Hosmer-Lemeshow goodness of fit for the fitted logistic 
regression model in Table 4.27 
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Figure D - 26 Plot of the change in the chi-square fit statistic (dX^2) versus the 
predicted probability for the fitted logistic regression model in Table 4.27 
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Figure D - 27 Plot of the change in the change in deviance (dD) versus the predicted 
probability for the fitted logistic regression model in Table 4.27 
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Figure D - 28 Plot of Pregibon’s dbeta versus the predicted probability for the fitted 
logistic regression model in Table 4.27 
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Figure D - 29 Anscombe residuals versus predicted total ED paid from 
multivariable model displayed in Table 4.29 
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Figure D - 30 Anscombe residuals versus total ED paid from multivariable model 
displayed in Table 4.29 stratified by hospital admission status 
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Figure D - 31 Anscombe residuals versus total ED paid from multivariable model 
displayed in Table 4.31 for ED visits resulting in a discharge 
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Figure D - 32 Anscombe residuals versus predicted total ED paid from 
multivariable model displayed in Table 4.32 
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Figure D - 33 Anscombe residuals versus predicted total plan paid over four week 
follow-up for multivariable model in Table 4.35 
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Figure D - 34 Plot of Anscombe residuals versus predicted count of pharmacy 
claims from preliminary multivariable negative binomial model with baseline count 
of pharmacy claims as a continuous variable  
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Figure D - 35 Plot of Anscombe residuals versus predicted count of pharmacy 
claims from multivariable negative binomial model displayed in Table 4.39 
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Figure D - 36 Plot of Anscombe residuals versus predicted count of pharmacy 
claims from multivariable negative binomial model displayed in Table 4.40 

-4
-2

0
2

4
A

ns
co

m
be

 re
si

du
al

0 10 20 30 40

Predicted Count of Rx Claims
 

 
 
 



322 

 

 
Figure D - 37 Leverage versus normalized residual squared plot from the multiple 
linear regression model in Table 4.41 
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Figure D - 38 Normal quantile plot for the multiple linear regression model in Table 
4.41 
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Figure D - 39 Residuals versus fitted values for multiple linear regression model in 
Table 4.41 

-1
0

-5
0

5
10

R
es

id
ua

ls

-2 -1 0 1 2 3
Fitted values



325 

 

REFERENCES 
 
Aday, L. A. & Andersen, R. (1974). A framework for the study of access to medical care. 

Health Services Research, 9, 208-220. 

Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human 
Decision Processes, 22, 453-474. 

Alessandrini, E. A., Lavelle, J. M., Grenfell, S. M., Jacobstein, C. R., & Shaw, K. N. 
(2004). Return visits to a pediatric emergency department. Pediatric Emergency 
Care, 20, 166-171. 

Allais, M. (1979). The foundations of a positive theory of choice involving risk and a 
criticism of the postulates and axioms of the American school. In M. Allais & O. 
Hagan (Eds.), Expected utility hypotheses and the Allais Paradox: Contemporary 
discussions of decisions under uncertainty with Allais' Rejoinder. Boston: Reidel. 

Andersen, R. & Newman, J. F. (1973). Societal and individual determinants of medical 
care utilization in the United States. The Milbank Memorial Fund Quarterly. 
Health and Society, 51, 95-124. 

Andersen, R. M. (1995). Revisiting the behavioral model and access to medical care: 
does it matter? Journal of Health and Social Behavior, 36, 1-10. 

Arendt, K. W., Sadosty, A. T., Weaver, A. L., Brent, C. R., & Boie, E. T. (2003). The 
left-without-being-seen patients: what would keep them from leaving? Annals of 
Emergency Medicine, 42, 317-323. 

Ballard, D. J., Spreadbury, B., & Hopkins, R. S., III (2004). Health care quality 
improvement across the Baylor Health Care System: the first century. 
Proceedings (Baylor University Medical Center), 17, 277-288. 

Banning, M. (2008). A review of clinical decision making: models and current research. 
Journal of Clinical Nursing, 17(2), 187-95. 



326 

 

Barber, J. & Thompson, S. (2004). Multiple regression of cost data: use of generalised 
linear models. Journal of Health Services Research and Policy, 9, 197-204. 

Barber, J. A. & Thompson, S. G. (2000). Analysis of cost data in randomized trials: an 
application of the non-parametric bootstrap. Statistics in Medicine, 19, 3219-
3236. 

Barrows, H. S., Norman, G. R., Neufeld, V. R., & Feightner, J. W. (1982). The clinical 
reasoning of randomly selected physicians in general medical practice. Clinical 
and Investigative Medicine, 5, 49-55. 

Baser, O. (2006). Too much ado about propensity score models? Comparing methods of 
propensity score matching. Value in Health, 9, 377-385. 

Bates, D. W., Cohen, M., Leape, L. L., Overhage, J. M., Shabot, M. M., & Sheridan, T. 
(2001). Reducing the frequency of errors in medicine using information 
technology. Journal of the American Medical Informatics Association, 8, 299-
308. 

Bell, D., Raiffa, H., & Tversky, A. (1988). Descriptive, Normative, and Prescriptive 
Interactions in Decision Making. In D. Bell, H. Raiffa, & A. Tversky (Eds.), 
Decision Making (1st ed., pp. 9-30). Cambridge: Cambridge University Press. 

Benner, P., Tanner, C., & Chesla, C. (1992). From beginner to expert: gaining a 
differentiated clinical world in critical care nursing. ANS Advances in Nursing 
Science, 14, 13-28. 

Berk, J., Hughson, E., & Vandezande, K. (1996). The price is right but are the bids? An 
investigation of rational choice theory. The American Economic Review, 86, 954-
970. 

Bond, S. & Cooper, S. (2006). Modeling emergency decisions: recognition-primed 
decision making. The literature in relation to an ophthalmic critical incident. 
Journal of Clinical Nursing, 15, 1023-1032. 

Bordage, G. (1999). Why did I miss the diagnosis? Some cognitive explanations and 
educational implications. Academic Medicine, 74, S138-S143. 



327 

 

Bordage, G. & Zacks, R. (1984). The structure of medical knowledge in the memories of 
medical students and general practitioners: categories and prototypes. Medical 
Education, 18, 406-416. 

Bordenick, J., Marchibroda, J., & Welebob, E. (2006). Improving the Quality of 
Healthcare through Health Information Exchange: Selected Findings from 
eHealth Initiative's Third Annual Survey of Health Information Exchange 
Activities at the State, Regional and Local Levels. Available online at 
http://toolkits.ehealthinitiative.org/assets/Documents/eHI2006HIESurveyReportFi
nal09.25.06.pdf. 

Boshuizen, H. P. & Schmidt, H. G. (1992). Biomedical knowledge and clinical expertise. 
Cognitive Science, 16, 153-184. 

Box, G. & Tidwell, P. (1962). Transformation of the independent variables. 
Technometrics, 4, 550. 

Brennan, T. A., Leape, L. L., Laird, N. M., Hebert, L., Localio, A. R., Lawthers, A. G. et 
al. (1991). Incidence of adverse events and negligence in hospitalized patients: 
Results of the Harvard Medical Practice Study I. New England Journal of 
Medicine, 324, 370-376. 

Brooks, L. R., Norman, G. R., & Allen, S. W. (1991). Role of specific similarity in a 
medical diagnostic task. Journal of Experimental Psychology. General, 120, 278-
287. 

Bursch, B., Beezy, J., & Shaw, R. (1993). Emergency department satisfaction: what 
matters most? Annals of Emergency Medicine, 22, 586-591. 

Burstin, H. (2002). "Crossing the Quality Chasm" in emergency medicine. Academic 
Emergency Medicine, 9, 1074-1077. 

Cader, R., Campbell, S., & Watson, D. (2005). Cognitive Continuum Theory in nursing 
decision-making. Journal of Advanced Nursing, 49, 397-405. 



328 

 

Caliendo, M. & Kopeinig, S. (2005). Some Practical Guidance for the Implementation of 
Propensity Score Matching (Rep. No. 1588). Institute for the Study of Labor 
(IZA). Available online at http://ideas.repec.org/p/diw/diwwpp/dp485.html. 

Campbell, D. & Stanley, J. (1963). Experimental and Quasi-Experimental Designs for 
Research. Boston: Houghton Mifflin. 

Cannon-Bowers, J., Salas, E., & Pruitt, J. (1996). Establishing the boundaries of a 
paradigm for decision-making research. Human Factors, 38, 193-205. 

Caplan, G. A., Brown, A., Croker, W. D., & Doolan, J. (1998). Risk of admission within 
4 weeks of discharge of elderly patients from the emergency department-the 
DEED study. Discharge of elderly from emergency department. Age Ageing, 27, 
697-702. 

Cardin, S., Afilalo, M., Lang, E., Collet, J. P., Colacone, A., Tselios, C. et al. (2003). 
Intervention to decrease emergency department crowding: does it have an effect 
on return visits and hospital readmissions? Annals of Emergency Medicine, 41, 
173-185. 

Carnevali, D., Mitchell, P., Woods, N., & Tanner, C. (1984). Diagnostic Reasoning in 
Nursing. Philadelphia: Lippincott. 

Carter, M. K., Allin, D. M., Scott, L. A., & Grauer, D. (2006). Pharmacist-acquired 
medication histories in a university hospital emergency department. American 
Journal of Health-System Pharmacy, 63, 2500-2503. 

Chamberlain, J. M., Slonim, A., & Joseph, J. G. (2004). Reducing errors and promoting 
safety in pediatric emergency care. Ambulatory Pediatrics, 4, 55-63. 

Chan, L., Reilly, K. M., & Salluzzo, R. F. (1997). Variables that affect patient throughput 
times in an academic emergency department. American Journal of Medical 
Quality, 12, 183-186. 

Charlson, M. E., Pompei, P., Ales, K. L., & MacKenzie, C. R. (1987). A new method of 
classifying prognostic comorbidity in longitudinal studies: development and 
validation. Journal of Chronic Diseases, 40, 373-383. 



329 

 

Charness, N. (1976). Memory for chess positions: Resistance to interference. Journal of 
Experimental Psychology: Human Learning and Memory, 2, 641-653. 

Chaudhry, B., Wang, J., Wu, S., Maglione, M., Mojica, W., Roth, E. et al. (2006). 
Systematic review: impact of health information technology on quality, 
efficiency, and costs of medical care. Annals of Internal Medicine, 144, 742-752. 

Chin, M. H., Wang, L. C., Jin, L., Mulliken, R., Walter, J., Hayley, D. C. et al. (1999). 
Appropriateness of medication selection for older persons in an urban academic 
emergency department. Academic Emergency Medicine, 6, 1232-1242. 

Chisholm, C. D., Collison, E. K., Nelson, D. R., & Cordell, W. H. (2000). Emergency 
department workplace interruptions: are emergency physicians "interrupt-driven" 
and "multitasking"? Academic Emergency Medicine, 7, 1239-1243. 

Chung, M. K. & Bartfield, J. M. (2002). Knowledge of prescription medications among 
elderly emergency department patients. Annals of Emergency Medicine, 39, 605-
608. 

Coderre, S., Mandin, H., Harasym, P. H., & Fick, G. H. (2003). Diagnostic reasoning 
strategies and diagnostic success. Medical Education, 37, 695-703. 

Committee on Data Standards of Patient Safety (2004). Patient safety- achieving a new 
standard of care Washington, D.C.: National Academy Press. 

Connelly, D. P. & Johnson, P. E. (1980). The medical problem solving process. Human 
Pathology, 11, 412-419. 

Cook, R. I., Render, M., & Woods, D. D. (2000). Gaps in the continuity of care and 
progress on patient safety. British Medical Journal, 320, 791-794. 

Cornish, P. L., Knowles, S. R., Marchesano, R., Tam, V., Shadowitz, S., Juurlink, D. N. 
et al. (2005). Unintended medication discrepancies at the time of hospital 
admission. Archives of Internal Medicine, 165, 424-429. 



330 

 

Cosby, K. S. (2003). A framework for classifying factors that contribute to error in the 
emergency department. Annals of Emergency Medicine, 42, 815-823. 

Cosmides, L. & Tooby, J. (1994). Beyond intuition and instinct blindness: toward an 
evolutionarily rigorous cognitive science. Cognition, 50, 41-77. 

Crain, E. F., Mortimer, K. M., Bauman, L. J., Kercsmar, C. M., Weiss, K. B., Wissow, L. 
et al. (1999). Pediatric asthma care in the emergency department: measuring the 
quality of history-taking and discharge planning. Journal of Asthma, 36, 129-138. 

Croskerry, P. (2002). Achieving quality in clinical decision making: cognitive strategies 
and detection of bias. Academic Emergency Medicine, 9, 1184-1204. 

Croskerry, P., Shapiro, M., Campbell, S., LeBlanc, C., Sinclair, D., Wren, P. et al. 
(2004). Profiles in patient safety: medication errors in the emergency department. 
Academic Emergency Medicine, 11, 289-299. 

Currey, J. & Botti, M. (2003). Naturalistic decision making: a model to overcome 
methodological challenges in the study of critical care nurses' decision making 
about patients' hemodynamic status. American Journal of Critical Care, 12, 206-
211. 

Currie, L. M., Graham, M., Allen, M., Bakken, S., Patel, V., & Cimino, J. J. (2003). 
Clinical information needs in context: an observational study of clinicians while 
using a clinical information system. American Medical Informatics Association 
Annual Symposium Proceedings, 190-194. 

Curtis, L. H., Hammill, B. G., Eisenstein, E. L., Kramer, J. M., & Anstrom, K. J. (2007). 
Using inverse probability-weighted estimators in comparative effectiveness 
analyses with observational databases. Medical Care, 45, S103-S107. 

Custers, E. J., Regehr, G., & Norman, G. R. (1996). Mental representations of medical 
diagnostic knowledge: a review. Academic Medicine, 71, S55-S61. 

D'Agostino, R. B., Jr. (1998). Propensity score methods for bias reduction in the 
comparison of a treatment to a non-randomized control group. Statistics in 
Medicine, 17, 2265-2281. 



331 

 

Davis, F. (1993). User acceptance of information technology: system characteristics, user 
perceptions and behavioural impacts. International Journal of Man-Machine 
Studies, 38, 475-487. 

Dehejia, R. & Wahba, S. (2002). Propensity Score-Matching Methods for 
Nonexperimental Causal Studies. Review of Economics and Statistics, 84, 151-
161. 

Deyo, R. A., Cherkin, D. C., & Ciol, M. A. (1992). Adapting a clinical comorbidity index 
for use with ICD-9-CM administrative databases. Journal of Clinical 
Epidemiology, 45, 613-619. 

Dong, S. L., Bullard, M. J., Meurer, D. P., Blitz, S., Akhmetshin, E., Ohinmaa, A. et al. 
(2007). Predictive validity of a computerized emergency triage tool. Academic 
Emergency Medicine, 14, 16-21. 

Doshi, J. A., Glick, H. A., & Polsky, D. (2006). Analyses of cost data in economic 
evaluations conducted alongside randomized controlled trials. Value in Health, 9, 
334-340. 

Eddy, D. M. (1988). Variations in Physician Practice: The Role of Uncertainty. In J. 
Dowie & A. Elstein (Eds.), Professional Judgment: A Reader in Clinical Decision 
Making (pp. 45-59). New York: Cambridge University Press. 

Eddy, D. (1982). Probabilistic reasoning in clinical medicine: problems and 
opportunities. In D. Kahneman, P. Slovic, & A. Tversky (Eds.), Judgment under 
uncertainty: heuristics and biases. New York: Cambridge University Press. 

Elder, N. C., Vonder, M. M., & Cassedy, A. (2004). The identification of medical errors 
by family physicians during outpatient visits. Annals of Family Medicine, 2, 125-
129. 

Elson, R. B. & Connelly, D. P. (1995). Computerized decision support systems in 
primary care. Primary Care, 22, 365-384. 

Elson, R. B., Faughnan, J. G., & Connelly, D. P. (1997). An industrial process view of 
information delivery to support clinical decision making: implications for systems 



332 

 

design and process measures. Journal of the American Medical Informatics 
Association, 4, 266-278. 

Elstein, A. S. (1999). Heuristics and biases: selected errors in clinical reasoning. 
Academic Medicine, 74, 791-794. 

Elstein, A. S. & Schwartz, A. (2002). Clinical problem solving and diagnostic decision 
making: selective review of the cognitive literature. British Medical Journal, 324, 
729-732. 

Elstein, A. & Bordage, G. (1988). Psychology of Clinical Reasoning. In J. Dowie & A. 
Elstein (Eds.), Professional Judgment: A Reader in Clinical Decision Making (pp. 
109-120). New York: Cambridge University Press. 

Elstein, A., Shulman, L., & Sprafka, S. (1978). Medical Problem Solving: An Analysis of 
Clinical Reasoning. Cambridge: Harvard University Press. 

Falzer, P. R. (2004). Cognitive schema and naturalistic decision making in evidence-
based practices. Journal of Biomedical Informatics, 37, 86-98. 

Fan, J. S., Kao, W. F., Yen, D. H., Wang, L. M., Huang, C. I., & Lee, C. H. (2007). Risk 
factors and prognostic predictors of unexpected intensive care unit admission 
within 3 days after ED discharge. American Journal of Emergency Medicine, 25, 
1009-1014. 

Farley, J. F., Harley, C. R., & Devine, J. W. (2006). A comparison of comorbidity 
measurements to predict healthcare expenditures. American Journal of Managed 
Care, 12, 110-119. 

Farmer, S. A., Roter, D. L., & Higginson, I. J. (2006). Chest pain: communication of 
symptoms and history in a London emergency department. Patient Education and 
Counseling, 63, 138-144. 

Feied, C. F., Handler, J. A., Smith, M. S., Gillam, M., Kanhouwa, M., Rothenhaus, T. et 
al. (2004a). Clinical information systems: instant ubiquitous clinical data for error 
reduction and improved clinical outcomes. Academic Emergency Medicine, 11, 
1162-1169. 



333 

 

Feied, C. F., Smith, M. S., & Handler, J. A. (2004b). Keynote address: medical 
informatics and emergency medicine. Academic Emergency Medicine, 11, 1118-
1126. 

Fishburn, P. (1988). Normative theories of decision making under risk and uncertainty. In 
D. Bell, H. Raiffa, & A. Tversky (Eds.), Decision Making (pp. 78-98). 
Cambridge: Cambridge University Press. 

Flin, R., Youngson, G., & Yule, S. (2007). How do surgeons make intraoperative 
decisions? Quality & Safety in Health Care, 16, 235-239. 

Flottemesch, T. J., Gordon, B. D., & Jones, S. S. (2007). Advanced statistics: developing 
a formal model of emergency department census and defining operational 
efficiency. Academic Emergency Medicine, 14, 799-809. 

Forster, A. J., Murff, H. J., Peterson, J. F., Gandhi, T. K., & Bates, D. W. (2003a). The 
incidence and severity of adverse events affecting patients after discharge from 
the hospital. Annals of Internal Medicine, 138, 161-167. 

Forster, A. J., Murff, H. J., Peterson, J. F., Gandhi, T. K., & Bates, D. W. (2005). 
Adverse drug events occurring following hospital discharge. Journal of Geriatric 
Internal Medicine, 20, 317-323. 

Forster, A. J., Rose, N. G., van Walraven, C., & Stiell, I. (2007). Adverse events 
following an emergency department visit. Quality & Safety in Health Care, 16, 
17-22. 

Forster, A. J., Stiell, I., Wells, G., Lee, A. J., & van Walraven, C. (2003b). The effect of 
hospital occupancy on emergency department length of stay and patient 
disposition. Academic Emergency Medicine, 10, 127-133. 

Foster, E. M. (2003). Propensity score matching: an illustrative analysis of dose response. 
Medical Care, 41, 1183-1192. 

Friedman, C., Gatti, G., Elstein, A., Franz, T., Murphy, G., & Wolf, F. (2001). Are 
clinicians correct when they believe they are correct? Implications for medical 
decision support. Medical Informatics, 10, 454-458. 



334 

 

Friedman, C. P., Gatti, G. G., Franz, T. M., Murphy, G. C., Wolf, F. M., Heckerling, P. S. 
et al. (2005). Do physicians know when their diagnoses are correct? Implications 
for decision support and error reduction. Journal of Geriatric Internal Medicine, 
20, 334-339. 

Friedmann, P. D., Jin, L., Karrison, T. G., Hayley, D. C., Mulliken, R., Walter, J. et al. 
(2001). Early revisit, hospitalization, or death among older persons discharged 
from the ED. American Journal of Emergency Medicine, 19, 125-129. 

Gaba, D. (1992). Dynamic decision making in anesthesia; cognitive models and training 
approaches. In D. Evans & V. Patel (Eds.), Advanced models of cognition for 
medical training and practice. Berlin: Springer-Verlag. 

Gaddis, G. M., Holt, T. R., & Woods, M. (2002). Drug interactions in at-risk emergency 
department patients. Academic Emergency Medicine, 9, 1162-1167. 

Galanter, C. A. & Patel, V. L. (2005). Medical decision making: a selective review for 
child psychiatrists and psychologists. Journal of Child Psychology and 
Psychiatry, and Allied Disciplines, 46, 675-689. 

Gardner, R. L., Sarkar, U., Maselli, J. H., & Gonzales, R. (2007). Factors associated with 
longer ED lengths of stay. American Journal of Emergency Medicine, 25, 643-
650. 

Garrison, L. P., Jr., Neumann, P. J., Erickson, P., Marshall, D., & Mullins, C. D. (2007). 
Using real-world data for coverage and payment decisions: the ISPOR Real-
World Data Task Force report. Value in Health, 10, 326-335. 

Genero, N. & Cantor, N. (1987). Exemplar prototypes and clinical diagnosis: toward a 
cognitive economy. Journal of Social and Clinical Psychology, 5, 59-78. 

Gigerenzer, G. (1991). From tools to theories: a heuristic of discovery in cognitive 
psychology. Psychological Review, 98, 254-267. 

Gleason, K. M., Groszek, J. M., Sullivan, C., Rooney, D., Barnard, C., & Noskin, G. A. 
(2004). Reconciliation of discrepancies in medication histories and admission 



335 

 

orders of newly hospitalized patients. American Journal of Health-System 
Pharmacy, 61, 1689-1695. 

Glick, H., Doshi, J., Sonnad, S., & Polsky, D. (2007). Economic Evaluation in Clinical 
Trials. New York: Oxford University Press. 

Goldberg, R. M., Kuhn, G., Andrew, L. B., & Thomas, H. A., Jr. (2002). Coping with 
medical mistakes and errors in judgment. Annals of Emergency Medicine, 39, 
287-292. 

Goldberg, R. M., Mabee, J., Chan, L., & Wong, S. (1996). Drug-drug and drug-disease 
interactions in the ED: analysis of a high-risk population. American Journal of 
Emergency Medicine, 14, 447-450. 

Goldin, S. (1978). Effects of orienting tasks on recognition of chess positions. American 
Journal of Psychology, 4, 659-671. 

Goldman, R. D., Ong, M., & Macpherson, A. (2006). Unscheduled return visits to the 
pediatric emergency department-one-year experience. Pediatric Emergency Care, 
22, 545-549. 

Gorelick, M. H., Yen, K., & Yun, H. J. (2005). The effect of in-room registration on 
emergency department length of stay. Annals of Emergency Medicine, 45, 128-
133. 

Gorman, P. N., Yao, P., & Seshadri, V. (2004). Finding the answers in primary care: 
information seeking by rural and nonrural clinicians. Medical Informatics., 11, 
1133-1137. 

Greene, J. (2007). The trials and tribulations of health information sharing: the turbulent 
rise of the RHIO. Annals of Emergency Medicine, 50, 549-551. 

Greenes, R. A. & Shortliffe, E. H. (1990). Medical informatics. An emerging academic 
discipline and institutional priority. Journal of the American Medical Association, 
263, 1114-1120. 



336 

 

Groen, G. J. & Patel, V. L. (1985). Medical problem-solving: some questionable 
assumptions. Medical Education, 19, 95-100. 

Groves, M., O'Rourke, P., & Alexander, H. (2003). The clinical reasoning characteristics 
of diagnostic experts. Medical Teacher, 25, 308-313. 

Gruppen, L. D., Grum, C. M., Fincher, R. M., Parenti, C., Cleary, L. M., Swaney, J. et al. 
(1996). Multi-site reliability and validity of a diagnostic pattern-recognition 
knowledge-assessment instrument. Academic Medicine, 71, S65-S67. 

Hajjar, E. R., Cafiero, A. C., & Hanlon, J. T. (2007). Polypharmacy in elderly patients. 
American Journal of Geriatric Pharmacotherapy, 5, 345-351. 

Hamm, R. (1988). Clinical intuition and clinical analysis: Expertise and the cognitive 
continuum. In J. Dowie & A. Elstein (Eds.), Professional judgment: A reader in 
clinical decision making (pp. 78-105). New York: Cambridge University Press. 

Hamm, R., Clark, J., & Bursztajn, H. (1984). Psychiatrists' thorny judgments: describing 
and improving decision making processes. Medical Decision Making, 4, 425-447. 

Hammond, K. (1980a). Human Judgment and Decision Making. New York: Hemisphere. 

Hammond, K. (1980b). The integration of research in judgment and decision theory 
(Rep. No. 226). Boulder, CO: Center for Research on Judgment and Policy, 
University of Colorado. 

Hammond, K. (1981). Principles of organization in intuitive and analytical cognition 
(Rep. No. 231). Boulder, CO: Center for Research on Judgment and Policy, 
University of Colorado. 

Hanlon, J. T., Pieper, C. F., Hajjar, E. R., Sloane, R. J., Lindblad, C. I., Ruby, C. M. et al. 
(2006). Incidence and predictors of all and preventable adverse drug reactions in 
frail elderly persons after hospital stay. The Journals of Gerontology. Series A, 
Biological Sciences and Medical Sciences, 61, 511-515. 



337 

 

Harbison, J. (2001). Clinical decision making in nursing: theoretical perspectives and 
their relevance to practice. Journal of Advanced Nursing, 35, 126-133. 

Hardin, J. & Hilbe, J. (2003). Generalized Estimating Equations. New York: Chapman & 
Hall/CRC. 

Hastings, S. N., Schmader, K. E., Sloane, R. J., Weinberger, M., Goldberg, K. C., & 
Oddone, E. Z. (2007). Adverse health outcomes after discharge from the 
emergency department--incidence and risk factors in a veteran population. 
Journal of Geriatric Internal Medicine, 22, 1527-1531. 

Hastings, S. N., Schmader, K. E., Sloane, R. J., Weinberger, M., Pieper, C. F., Goldberg, 
K. C. et al. (2008). Quality of pharmacotherapy and outcomes for older veterans 
discharged from the emergency department. Journal of the American Geriatrics 
Society, 56, 875-880. 

Hatala, R. A., Norman, G. R., & Brooks, L. R. (1996). The effect of clinical history on 
physicians' ECG interpretation skills. Academic Medicine, 71, S68-S70. 

Heemskerk, L., Norman, G., Chou, S., Mintz, M., Mandin, H., & McLaughlin, K. (2007). 
The effect of question format and task difficulty on reasoning strategies and 
diagnostic performance in Internal Medicine residents. Advances in Health 
Sciences Education: Theory and Practice.  doi 10.1007/s10459-006-9057-8 

Henderson, J., Graveney, M. J., & Goldacre, M. J. (1993). Should emergency 
readmissions be used as health service indicators and in medical audit? Health 
Services Management Research, 6, 109-116. 

Hirano, K. & Imbens, G. (2002). Estimation of Causal Effects using Propensity Score 
Weighting: An Application to Data on Right Heart Catheterization. Health 
Services and Outcomes Research Methodology, 2, 259-278. 

Hirano, K., Imbens, G. W., & Ridder, G. (2003). Efficient estimation of average 
treatment effects using the estimated propensity score. Econometrica, 71, 1161-
1189. 



338 

 

Hobus, P. P., Schmidt, H. G., Boshuizen, H. P., & Patel, V. L. (1987). Contextual factors 
in the activation of first diagnostic hypotheses: expert-novice differences. Medical 
Education, 21, 471-476. 

Hosmer, D. & Lemeshow, S. (2000). Applied Logistic Regression. (Second ed.) New 
York: Wiley & Sons. 

Hripcsak, G., Kaushal, R., Johnson, K. B., Ash, J. S., Bates, D. W., Block, R. et al. 
(2007a). The United Hospital Fund meeting on evaluating health information 
exchange. Journal of Biomedical Informatics, 40, S3-10. 

Hripcsak, G., Sengupta, S., Wilcox, A., & Green, R. A. (2007b). Emergency department 
access to a longitudinal medical record. Journal of the American Medical 
Informatics Association, 14, 235-238. 

Huang, J. A., Tsai, W. C., Chen, Y. C., Hu, W. H., & Yang, D. Y. (2003). Factors 
associated with frequent use of emergency services in a medical center. Journal of 
the Formosan Medical Association, 102, 222-228. 

Huff, J. S., Decker, W. W., Quinn, J. V., Perron, A. D., Napoli, A. M., Peeters, S. et al. 
(2007). Clinical policy: critical issues in the evaluation and management of adult 
patients presenting to the emergency department with syncope. Annals of 
Emergency Medicine, 49, 431-444. 

Iezzoni, L. I. (1997). Data Sources and Implications: Administrative Databases. In Risk 
Adjustment for Measuring Healthcare Outcomes (2nd ed., pp. 169-242). Health 
Administration Press. 

Institute of Medicine (2001). Crossing the quality chasm: a new health system for the 
21st century Washington, D.C.: National Academy Press. 

Institute of Medicine (2006a). Preventing Medication Errors Washington, D.C.: National 
Academy Press. 

Institute of Medicine (2006b). The future of emergency care in the United States health 
system. Annals of Emergency Medicine, 48, 115-120. 



339 

 

Institute of Medicine (2007). Hospital-Based Emergency Care: At the Breaking Point 
Washington, D.C.: National Academy Press. 

Iserson, K. V. & Moskop, J. C. (2007). Triage in medicine, part I: Concept, history, and 
types. Annals of Emergency Medicine, 49, 275-281. 

James, T. L., Feldman, J., & Mehta, S. D. (2006). Physician variability in history taking 
when evaluating patients presenting with chest pain in the emergency department. 
Academic Emergency Medicine, 13, 147-152. 

Johnson, K. B. & Gadd, C. (2007). Playing smallball: approaches to evaluating pilot 
health information exchange systems. Journal of Biomedical Informatics, 40, 
S21-S26. 

Joint Commission on the Accreditation of Healthcare Organizations (2007). National 
patient safety goals. Available online at http://www.jointcommission.org/ 
PatientSafety/NationalPatientSafetyGoals/08_hap_npsgs.htm 

Joseph, G. M. & Patel, V. L. (1990). Domain knowledge and hypothesis generation in 
diagnostic reasoning. Medical Decision Making, 10, 31-46. 

Kaelber, D. C. & Bates, D. W. (2007). Health information exchange and patient safety. 
Journal of Biomedical Informatics, 40, S40-S45. 

Kahneman, D. & Tversky, A. (1973). On the psychology of prediction. Psychological 
Review, 80, 237-251. 

Kahneman, D., Slovic, P., & Tversky, A. E. (1982). Judgment under uncertainty: 
heuristics and biases. New York: Cambridge University Press. 

Kassirer, J. P., Kuipers, B. J., & Gorry, G. A. (1982). Toward a theory of clinical 
expertise. American Journal of Medicine, 73, 251-259. 

Katz, E., Nicod, P., Brunner, H. R., & Waeber, B. (1996). Changes in treatment during 
and after hospitalization in patients taking drugs for cardiovascular diseases. 
Cardiovascular Drugs and Therapy, 10, 189-192. 



340 

 

Keith, K. D., Bocka, J. J., Kobernick, M. S., Krome, R. L., & Ross, M. A. (1989). 
Emergency department revisits. Annals of Emergency Medicine, 18, 964-968. 

Kennedy, J., Rhodes, K., Walls, C. A., & Asplin, B. R. (2004). Access to emergency 
care: restricted by long waiting times and cost and coverage concerns. Annals of 
Emergency Medicine, 43, 567-573. 

Klein, G. (1989). Recognition-primed decisions. In W. Rouse (Ed.), Advances in man-
machine systems research (pp. 47-92). Greenwich, CT: JAI Press. 

Klein, G. (1993). A recognition-primed decision (RPD) model of rapid decision making. 
In G. Klein, J. Orasanu, R. Calderwood, & C. Zsambok (Eds.), Decision making 
in action: models and methods. Norwood, CT: Ablex. 

Klein, GA and Klinger, D (1991). Naturalistic Decision Making. Human Systems IAC 
Gateway, XI, 16-19. 

Kohn, L. T., Corrigan, J., & Donaldson, M. S. (2000). To err is human 
building a safer health system. Washington, D.C: National Academy Press. 

Kripalani, S., Price, M., Vigil, V., & Epstein, K. R. (2008). Frequency and predictors of 
prescription-related issues after hospital discharge. Journal of Hospital Medicine, 
3, 12-19. 

Kushniruk, A. W. (2001). Analysis of complex decision-making processes in health care: 
cognitive approaches to health informatics. Journal of Biomedical Informatics, 
34, 365-376. 

Kushniruk, A. W., Patel, V. L., & Marley, A. A. (1998). Small worlds and medical 
expertise: implications for medical cognition and knowledge engineering. 
International Journal of Medical Informatics, 49, 255-271. 

Kyriacou, D. N., Ricketts, V., Dyne, P. L., McCollough, M. D., & Talan, D. A. (1999). A 
5-year time study analysis of emergency department patient care efficiency. 
Annals of Emergency Medicine, 34, 326-335. 



341 

 

Lamond, D., Crow, R. A., & Chase, J. (1996). Judgments and processes in care decisions 
in acute medical and surgical wards. Journal of Evaluation in Clinical Practice, 2, 
211-216. 

Leape, L. L., Bates, D. W., Cullen, D. J., Cooper, J., Demonaco, H. J., Gallivan, T. et al. 
(1995). Systems analysis of adverse drug events. ADE Prevention Study Group. 
Journal of the American Medical Association, 274, 35-43. 

Leape, L. L., Brennan, T. A., Laird, N., Lawthers, A. G., Localio, A. R., Barnes, B. A. et 
al. (1991). The nature of adverse events in hospitalized patients. Results of the 
Harvard Medical Practice Study II. New England Journal of Medicine, 324, 377-
384. 

Lerman, B. & Kobernick, M. S. (1987). Return visits to the emergency department. 
Journal of Emergency Medicine, 5, 359-362. 

Liaw, S. J., Bullard, M. J., Hu, P. M., Chen, J. C., & Liao, H. C. (1999). Rates and causes 
of emergency department revisits within 72 hours. Journal of the Formosan 
Medical Association, 98, 422-425. 

Lindsay, P., Schull, M., Bronskill, S., & Anderson, G. (2002). The development of 
indicators to measure the quality of clinical care in emergency departments 
following a modified-delphi approach. Academic Emergency Medicine, 9, 1131-
1139. 

Lipshitz, R. & Cohen, M. S. (2005). Warrants for prescription: analytically and 
empirically based approaches to improving decision making. Human Factors, 47, 
102-120. 

Lipshitz, R., Klein, G., Orasanu, J., & Salas, E. (2001). Taking Stock of Naturalistic 
Decision Making. Journal of Behavioral Decision Making, 14, 331-352. 

Long, J. S. & Freese, J. (2001). Regression models for categorical dependent variables 
using Stata. College Station, TX: Stata Press. 



342 

 

Lunceford, J. & Davidian, M. (2004). Stratification and weighting via the propensity 
score in estimation of causal treatment effects: a comparative study. Statistics in 
Medicine, 23, 2937-2960. 

Lyneham, J. (1998). The process of decision-making by emergency nurses. Australian 
Journal of Advanced Nursing, 16, 7-14. 

Magaret, N. D., Clark, T. A., Warden, C. R., Magnusson, A. R., & Hedges, J. R. (2002). 
Patient satisfaction in the emergency department--a survey of pediatric patients 
and their parents. Academic Emergency Medicine, 9, 1379-1388. 

Manias, E., Aitken, R., & Dunning, T. (2004). Decision-making models used by 'graduate 
nurses' managing patients' medications. Journal of Advanced Nursing, 47, 270-
278. 

Manning, W. G. & Mullahy, J. (2001). Estimating log models: to transform or not to 
transform? Journal of Health Economics, 20, 461-494. 

Marchibroda, J. M. (2007). Health information exchange policy and evaluation. Journal 
of Biomedical Informatics, 40, S11-S16. 

McCaig, L. & Nawar, E. (2006). National Hospital Ambulatory Medical Care Survey: 
2004 Emergency Department Summary (Rep. No. 372). Centers for Disease 
Control and Prevention. 

McCarthy, M. L., Aronsky, D., Jones, I. D., Miner, J. R., Band, R. A., Baren, J. M. et al. 
(2008). The emergency department occupancy rate: a simple measure of 
emergency department crowding? Annals of Emergency Medicine, 51, 15-24, 24. 

McCusker, J., Ionescu-Ittu, R., Ciampi, A., Vadeboncoeur, A., Roberge, D., Larouche, D. 
et al. (2007). Hospital characteristics and emergency department care of older 
patients are associated with return visits. Academic Emergency Medicine, 14, 426-
433. 

McDonald, C., Blevins, L., Glazener, T., Haas, J., Lemmon, L., & Meeks-Johnson, J. 
(1983). Data base management, feedback control, and the Regenstrief Medical 
Record. Journal of Medical Systems, 7, 111-125. 



343 

 

McDonald, C. J., Overhage, J. M., Tierney, W. M., Dexter, P. R., Martin, D. K., Suico, J. 
G. et al. (1999). The Regenstrief Medical Record System: a quarter century 
experience. International Journal of Medical Informatics, 54, 225-253. 

McFadden, E. A. & Gunnett, A. E. (1992). A study of diagnostic reasoning in pediatric 
nurses. Pediatric Nursing, 18, 517-20, 538. 

McNeil, B. J., Pauker, S. G., Sox, H. C., Jr., & Tversky, A. (1982). On the elicitation of 
preferences for alternative therapies. New England Journal of Medicine, 306, 
1259-1262. 

Minda, J. P. & Smith, J. D. (2001). Prototypes in category learning: the effects of 
category size, category structure, and stimulus complexity. Journal of 
Experimental Psychology. Learning, Memory, and Cognition, 27, 775-799. 

Moloney, E. D., Bennett, K., & Silke, B. (2007). Effect of an acute medical admission 
unit on key quality indicators assessed by funnel plots. Postgraduate Medical 
Journal, 83, 659-663. 

Motheral, B. R. & Fairman, K. A. (1997). The use of claims databases for outcomes 
research: rationale, challenges, and strategies. Clinical Therapeutics, 19, 346-366. 

Nash, K., Zachariah, B., Nitschmann, J., & Psencik, B. (2007). Evaluation of the fast 
track unit of a university emergency department. Journal of Emergency Nursing, 
33, 14-20. 

Nawar, E. W., Niska, R. W., & Xu, J. (2007). National Hospital Ambulatory Medical 
Care Survey: 2005 emergency department summary. Advance Data, 1-32. 

Neale, G., Woloshynowych, M., & Vincent, C. (2001). Exploring the causes of adverse 
events in NHS hospital practice. Journal of the Royal Society of Medicine, 94, 
322-330. 

Neufeld, V. R., Norman, G. R., Feightner, J. W., & Barrows, H. S. (1981). Clinical 
problem-solving by medical students: a cross-sectional and longitudinal analysis. 
Medical Education, 15, 315-322. 



344 

 

Newell, A. & Simon, H. (1972). Human problem solving. Englewood Cliffs, NJ: 
Prentice-Hall. 

Norman, G. (2005). Research in clinical reasoning: past history and current trends. 
Medical Education, 39, 418-427. 

Norman, G., Young, M., & Brooks, L. (2007). Non-analytical models of clinical 
reasoning: the role of experience. Medical Education, 41, 1140-1145. 

Norman, G. R., Brooks, L. R., & Allen, S. W. (1989). Recall by expert medical 
practitioners and novices as a record of processing attention. Journal of 
Experimental Psychology. Learning, Memory, and Cognition, 15, 1166-1174. 

Norman, G. R., Coblentz, C. L., Brooks, L. R., & Babcook, C. J. (1992). Expertise in 
visual diagnosis: a review of the literature. Academic Medicine, 67, S78-S83. 

Norman, G. R., Tugwell, P., Feightner, J. W., Muzzin, L. J., & Jacoby, L. L. (1985). 
Knowledge and clinical problem-solving. Medical Education, 19, 344-356. 

Nunez, S., Hexdall, A., & Aguirre-Jaime, A. (2006). Unscheduled returns to the 
emergency department: an outcome of medical errors? Quality & Safety in Health 
Care, 15, 102-108. 

O'Dwyer, F. & Bodiwala, G. G. (1991). Unscheduled return visits by patients to the 
accident and emergency department. Archives of Emergency Medicine, 8, 196-
200. 

Offredy, M. (1998). The application of decision making concepts by nurse practitioners 
in general practice. Journal of Advanced Nursing, 28, 988-1000. 

ONeill, E. S., Dluhy, N. M., & Chin, E. (2005). Modeling novice clinical reasoning for a 
computerized decision support system. Journal of Advanced Nursing, 49, 68-77. 

Orasanu, J. & Connolly, T. (1993). The reinvention of decision making. In G. Klein, J. 
Orasanu, R. Calderwood, & C. Zsambok (Eds.), Decision making in action: 
models and methods. Norwood, New Jersey: Ablex. 



345 

 

Overhage, J. M., Dexter, P. R., Perkins, S. M., Cordell, W. H., McGoff, J., McGrath, R. 
et al. (2002). A randomized, controlled trial of clinical information shared from 
another institution. Annals of Emergency Medicine, 39, 14-23. 

Overhage, J. M., Evans, L., & Marchibroda, J. (2005). Communities' readiness for health 
information exchange: the National Landscape in 2004. Journal of the American 
Medical Informatics Association, 12, 107-112. 

Paparella, S. (2006). Medication reconciliation: doing what's right for safe patient care. 
Journal of Emergency Nursing, 32, 516-520. 

Parkin, D. M., Henney, C. R., Quirk, J., & Crooks, J. (1976). Deviation from prescribed 
drug treatment after discharge from hospital. British Medical Journal, 2, 686-688. 

Patel, V. L., Arocha, J. F., & Kaufman, D. R. (1994). Diagnostic reasoning and medical 
expertise. Psychology of Learning and Motivation, 31, 187-252. 

Patel, V. L., Arocha, J. F., & Kaufman, D. R. (2001). A primer on aspects of cognition 
for medical informatics. Journal of the American Medical Informatics 
Association, 8, 324-343. 

Patel, V. L., Groen, G. J., & Frederiksen, C. H. (1986). Differences between medical 
students and doctors in memory for clinical cases. Medical Education, 20, 3-9. 

Patel, V. L. & Kaufman, D. R. (1998). Medical informatics and the science of cognition. 
Journal of the American Medical Informatics Association, 5, 493-502. 

Patel, V. L., Kaufman, D. R., & Arocha, J. F. (2002). Emerging paradigms of cognition 
in medical decision-making. Journal of Biomedical Informatics, 35, 52-75. 

Pearl, J. (2002). Causal Inference in the Health Sciences: A Conceptual Introduction. 
Health Services and Outcomes Research Methodology, 2, 189-220. 

Peduzzi, P., Concato, J., Kemper, E., Holford, T. R., & Feinstein, A. R. (1996). A 
simulation study of the number of events per variable in logistic regression 
analysis. Journal of Clinical Epidemiology, 49, 1373-1379. 



346 

 

Pierce, J. M., Kellerman, A. L., & Oster, C. (1990). "Bounces": an analysis of short-term 
return visits to a public hospital emergency department. Annals of Emergency 
Medicine, 19, 752-757. 

Porter, S. C., Manzi, S. F., Volpe, D., & Stack, A. M. (2006). Getting the data right: 
information accuracy in pediatric emergency medicine. Quality & Safety in 
Health Care, 15, 296-301. 

Raisch, D. (1996). Determinants of Prescribing Behavior. In M. Smith & A. Wertheimer 
(Eds.), Social and behavioral aspects of pharmaceutical care (pp. 149-184). New 
York: Pharmaceutical Products Press. 

Ramsey, S., Willke, R., Briggs, A., Brown, R., Buxton, M., Chawla, A. et al. (2005). 
Good research practices for cost-effectiveness analysis alongside clinical trials: 
the ISPOR RCT-CEA Task Force report. Value in Health, 8, 521-533. 

Rathlev, N. K., Chessare, J., Olshaker, J., Obendorfer, D., Mehta, S. D., Rothenhaus, T. 
et al. (2007). Time series analysis of variables associated with daily mean 
emergency department length of stay. Annals of Emergency Medicine, 49, 265-
271. 

Reddy, M. & Spence, P. R. (2006). Finding answers: information needs of a 
multidisciplinary patient care team in an emergency department. American 
Medical Informatics Association Annual Symposium Proceedings, 649-653. 

Richardson, L. D., Asplin, B. R., & Lowe, R. A. (2002). Emergency department 
crowding as a health policy issue: past development, future directions. Annals of 
Emergency Medicine, 40, 388-393. 

Rogers, E. (1995). Diffusion of innovation. (4th ed.) New York: Free Press. 

Rogers, W. H. (1993). sg17: Regression standard errors in clustered samples. Stata 
Technical Bulletin Reprints, 3, 88-94. 

Rosenbaum, P. & Rubin, D. (1985). Constructing a Control Group Using Multivariate 
Matched Sampling Methods that Incorporate the Propensity Score. The American 
Statistician, 39, 33-38. 



347 

 

Salas, E. & Klein, G. (2001). Expertise and Naturalistic Decision Making: An Overview. 
In E. Salas & G. Klein (Eds.), Linking expertise and naturalistic decision making 
(pp. 3-8). Mahwah, New Jersey: Lawrence Erlbaum Assoc. 

Saltvedt, I., Spigset, O., Ruths, S., Fayers, P., Kaasa, S., & Sletvold, O. (2005). Patterns 
of drug prescription in a geriatric evaluation and management unit as compared 
with the general medical wards: a randomised study. European Journal of 
Clinical Epidemiology, 61, 921-928. 

Sandhu, H., Carpenter, C., Freeman, K., Nabors, S. G., & Olson, A. (2006). Clinical 
decisionmaking: opening the black box of cognitive reasoning. Annals of 
Emergency Medicine, 48, 713-719. 

Schmidt, H. G. & Boshuizen, H. P. (1993). On the origin of intermediate effects in 
clinical case recall. Memory & Cognition, 21, 338-351. 

Schmidt, H. G., Norman, G. R., & Boshuizen, H. P. (1990). A cognitive perspective on 
medical expertise: theory and implication. Academic Medicine, 65, 611-621. 

Schneeweiss, S., Maclure, M., Walker, A. M., Grootendorst, P., & Soumerai, S. B. 
(2001). On the evaluation of drug benefits policy changes with longitudinal 
claims data: the policy maker's versus the clinician's perspective. Health Policy, 
55, 97-109. 

Schneeweiss, S., Seeger, J. D., Maclure, M., Wang, P. S., Avorn, J., & Glynn, R. J. 
(2001). Performance of comorbidity scores to control for confounding in 
epidemiologic studies using claims data. American Journal of Epidemiology, 154, 
854-864. 

Selbst, S. M., Levine, S., Mull, C., Bradford, K., & Friedman, M. (2004). Preventing 
medical errors in pediatric emergency medicine. Pediatric Emergency Care, 20, 
702-709. 

Shablinsky, I., Starren, J., & Friedman, C. (1999). What do ER physicians really want? A 
method for elucidating ER information needs. American Medical Informatics 
Association Annual Symposium Proceedings, 390-394. 



348 

 

Shadish, W., Cook, T., & Campbell, D. (2002). Experimental and quasi-experimental 
designs for generalized causal inference. New York: Houghton Mifflin. 

Shafir, E. & LeBoeuf, R. A. (2002). Rationality. Annual Review of Psychology, 53, 491-
517. 

Shapiro, J. S., Kannry, J., Kushniruk, A. W., & Kuperman, G. (2007). Emergency 
physicians' perceptions of health information exchange. Journal of the American 
Medical Informatics Association, 14, 700-705. 

Sibbritt, D., Isbister, G. K., & Walker, R. (2006). Emergency department performance 
indicators that encompass the patient journey. Quality Management in 
Healthcare, 15, 27-38. 

Simon, H. & Chase, W. (1973). Skill at chess. American Scientist, 61, 394-403. 

Smith, P. C., Araya-Guerra, R., Bublitz, C., Parnes, B., Dickinson, L. M., Van Vorst, R. 
et al. (2005). Missing clinical information during primary care visits. Journal of 
the American Medical Association, 293, 565-571. 

Stair, T. O. (1998). Reduction of redundant laboratory orders by access to computerized 
patient records. Journal of Emergency Medicine, 16, 895-897. 

Steinbrook, R. (1996). The role of the emergency department. New England Journal of 
Medicine, 334, 657-658. 

Stiell, A., Forster, A. J., Stiell, I. G., & van Walraven, C. (2003). Prevalence of 
information gaps in the emergency department and the effect on patient outcomes. 
Canadian Medical Association Journal, 169, 1023-1028. 

Stukel, T. A., Fisher, E. S., Wennberg, D. E., Alter, D. A., Gottlieb, D. J., & Vermeulen, 
M. J. (2007). Analysis of observational studies in the presence of treatment 
selection bias: effects of invasive cardiac management on AMI survival using 
propensity score and instrumental variable methods. Journal of the American 
Medical Association, 297, 278-285. 



349 

 

Sturmer, T., Glynn, R. J., Rothman, K. J., Avorn, J., & Schneeweiss, S. (2007). 
Adjustments for unmeasured confounders in pharmacoepidemiologic database 
studies using external information. Medical Care, 45, S158-S165. 

Tanabe, P., Gimbel, R., Yarnold, P. R., & Adams, J. G. (2004a). The Emergency Severity 
Index (version 3) 5-level triage system scores predict ED resource consumption. 
Journal of Emergency Nursing, 30, 22-29. 

Tanabe, P., Gimbel, R., Yarnold, P. R., Kyriacou, D. N., & Adams, J. G. (2004b). 
Reliability and validity of scores on The Emergency Severity Index version 3. 
Academic Emergency Medicine, 11, 59-65. 

Tanner, C. A., Padrick, K. P., Westfall, U. E., & Putzier, D. J. (1987). Diagnostic 
reasoning strategies of nurses and nursing students. Nursing Research, 36, 358-
363. 

Taylor, C. (1997). Problem solving in clinical nursing practice. Journal of Advanced 
Nursing, 26, 329-336. 

Taylor, T. B. (2004). Information management in the emergency department. Emergency 
Medicine Clinics of North America, 22, 241-257. 

The Regenstrief Insititue (2006). The success of just-in-time emergency department 
access to patient medication history. Available online at www.rxhub.net/pdf/ 
Regenstrief_Initiate_RXHub.pdf 

Thomas, M., Morton, R., & Mackway-Jones, K. (2004). Identifying and comparing risks 
in emergency medicine. Emergency Medicine Journal, 21, 469-472. 

Thompson, C. & Dowding, D. (2001). Decision making and judgment in nursing - an 
introduction. In C. Thompson & D. Dowding (Eds.), Clinical decision making 
and judgment in nursing (pp. 1-19). London: Churchill Livingstone. 

Thompson, C. (1999). A conceptual treadmill: the need for 'middle ground' in clinical 
decision making theory in nursing. Journal of Advanced Nursing, 30, 1222-1229. 



350 

 

Tversky, A. & Kahneman, D. (1974). Judgment under Uncertainty: Heuristics and 
Biases. Science, 185, 1124-1131. 

Twycross, A. & Powls, L. (2006). How do children's nurses make clinical decisions? 
Two preliminary studies. Journal of Clinical Nursing, 15, 1324-1335. 

U.S.Department of Labor (2008). Bureau of Labor Statistics. Available online at 
http://www.bls.gov/data/home.htm 

Verkoeijen, P. P., Rikers, R. M., Schmidt, H. G., van de Wiel, M. W., & Kooman, J. P. 
(2004). Case representation by medical experts, intermediates and novices for 
laboratory data presented with or without a clinical context. Medical Education, 
38, 617-627. 

Vicente, K. J. & Wang, J. H. (1998). An ecological theory of expertise effects in memory 
recall. Psychological Review, 105, 33-57. 

Vilke, G. M., Marino, A., Iskander, J., & Chan, T. C. (2000). Emergency department 
patient knowledge of medications. Journal of Emergency Medicine, 19, 327-330. 

Wang, H. Y., Chew, G., Kung, C. T., Chung, K. J., & Lee, W. H. (2007). The use of 
Charlson comorbidity index for patients revisiting the emergency department 
within 72 hours. Chang Gung Medical Journal, 30, 437-444. 

Washington, D. L., Stevens, C. D., Shekelle, P. G., Henneman, P. L., & Brook, R. H. 
(2002). Next-day care for emergency department users with nonacute conditions. 
A randomized, controlled trial. Annals of Internal Medicine, 137, 707-714. 

Werner, M. (1995). A model for medical decision making and problem solving. Clinical 
Chemistry, 41, 1215-1222. 

White, J. E., Nativio, D. G., Kobert, S. N., & Engberg, S. J. (1992). Content and process 
in clinical decision-making by nurse practitioners. Image-the Journal of Nursing 
Scholarship, 24, 153-158. 



351 

 

Williams, R. L. (2000). A note on robust variance estimation for cluster-correlated data. 
Biometrics, 56, 645-646. 

Wilson, G. A., McDonald, C. J., & McCabe, G. P., Jr. (1982). The effect of immediate 
access to a computerized medical record on physician test ordering: a controlled 
clinical trial in the emergency room. American Journal of Public Health, 72, 698-
702. 

Zimmerman, D. R., McCarten-Gibbs, K. A., DeNoble, D. H., Borger, C., Fleming, J., 
Hsieh, M. et al. (1996). Repeat pediatric visits to a general emergency 
department. Annals of Emergency Medicine, 28, 467-473. 

 


