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“Machines will be capable, within 
twenty years, of doing any work a 
man can do.” 
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“In from three to eight years we will 
have a machine with the general 
intelligence of an average human being.” 

Marvin Minsky, 1970
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“People were impressed by the memory, speed, 
and logical manipulations of the computer. 
Some felt that in [medical] decision making 
computers would rival the human brain.”1

By end of 1960’s, there was a proliferation of 
medical diagnostic systems based on early 
breakthroughs in AI, e.g., MYCIN, HEME.

Most of these systems failed to be adopted.

1. Engle RL Jr. Attempts to use computers as diagnostic aids in medical decision 
making: A thirty-year experience. Perspect Biol Med. 1992;35(2):207–19.
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Will the Wave Finally Break? A Brief View of the Adoption
of Electronic Medical Records in the United States

ETA S. BERNER, EDD, DON E. DETMER, MD, MA, DONALD SIMBORG, MD

A b s t r a c t For over thirty years, there have been predictions that the widespread clinical use of computers was
imminent. Yet the ‘‘wave’’ has never broken. In this article, two broad time periods are examined: the 1960’s to the
1980’s and the 1980’s to the present. Technology immaturity, health administrator focus on financial systems,
application ‘‘unfriendliness,’’ and physician resistance were all barriers to acceptance during the early time period.
Although these factors persist, changes in clinicians’ economics, more computer literacy in the general population, and,
most importantly, changes in government policies and increased support for clinical computing suggest that the wave
may break in the next decade.

j J Am Med Inform Assoc. 2005;12:3–7. DOI 10.1197/jamia.M1664.

In a series of reports over the last 15 years, the Institute of
Medicine (IOM) has highlighted that wider use of informa-
tion technology in health care is essential for major improve-
ments in the quality of care.1-6 The publicity surrounding
these reports has led to an increased interest in electronic
medical records (EMR), including computer-based physician,
or provider, order entry (CPOE) and clinical decision support
systems (CDSS), all of which were the focus of some of the
earliest work in medical informatics. The prospect of finally
seeing these systems in widespread use is gratifying to those
who have labored for more than 35 years to develop and pro-
mote them, but this latest flush of interest is not the first time
such enthusiasm has flourished. In 1970, Schwartz,7 proposed
that it was probable that clinical computing would be com-
monplace ‘‘in the not too distant future.’’ Yet almost 35 years
later, when CPOE use is estimated to have at best approxi-
mately 10% market penetration,8 we are again speculating
over having reached a ‘‘tipping point.’’ The title of this article
comes from one of the authors (DS) who referred in a 2004
American College of Medical Informatics presentation to

the prediction of the widespread use of the electronic medical
record as ‘‘the wave that never breaks.’’ In this article we dis-
cuss some of the factors that at different times seemed to pres-
age the ‘‘age of clinical computing’’ and explore reasons why
there may be more reason for optimism in today’s health care
climate than at earlier times.

The Beginning of Computers in Healthcare—1960s
to 1980s
Computers were first used for administrative and fiscal func-
tions in hospital settings in the early 1960s, following prior
use in business and in research settings. At the same time,
the early work inmedical informatics focused on clinical com-
puting with a clear goal—to improve clinical decisions and re-
duce medical errors—essentially through electronic access to
procedure results, faster access to relevant medical informa-
tion in the literature, and, from the beginning, decision sup-
port functions such as reminders and alerts.9,10 It had been
widely hypothesized that physicians’ errors of omission
and commission were at least as frequently related to their
lack of information about the patient as they were to lack of
medical knowledge.11 Not only were the early goals of im-
proving both access to patient information as well as access
to medical knowledge similar to what is proposed today,
but the strategies that are the focus today were also envi-
sioned in the early EMRs—encounter note documentation,
coded information, and more active decision support. Some
of these early systems were exemplars of this vision. The
HELP system at LDS Hospital in Utah, the development of
the COSTAR system at Massachusetts General Hospital, the
TMR system at Duke, and the Regenstrief Medical Record
System have been recognized as models for EMRs.9,12-14

The work of Lindberg and his colleagues at Missouri also de-
serves mention for pioneering the concept of a departmental
system for laboratory automation.15 These systems and
others developed during this period utilized workflow, dis-
play, and user interface techniques that are widely used and
embellished upon today. Systems such as these led
Schwartz7 and others to predict the rapid adoption of com-
puter systems into clinical care. Obviously, widespread early
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ATTEMPTS TO USE COMPUTERS AS DIAGNOSTIC
AIDS IN MEDICAL DECISION MAKING:
A THIRTY-YEAR EXPERIENCE

RALPH L. ENGLE, JR.*

Introduction

In the 1950s, when electronic computers were first coming into use,
there was already great interest in having the computer perform func-
tions that had previously been performed only by the human brain.
People were impressed by the memory, speed, and logical manipulations
of the computer. Some felt that in decision making computers would
rival the human brain. Some were even concerned that the computer
of the future would be making all of the important decisions in certain
fields. Still others felt that computers would never be able to match the
decision-making capabilities of the brain. Yet all agreed that computers
would be useful in various ways to decision making. We still do not have
final answers to this basic question of the computer's ability to make
decisions, and most experts have not changed their minds about it.

Computers have found an important role as aids to decision making
in the field of radiology, for example, where many modern imaging
techniques depend entirely on their capabilities. Also, computers as ana-
lytic tools have been used to aid in decision making in many fields of
medicine, as in the interpretation of electrocardiograms. Even less direct

Over the years a number of people not mentioned in the text have contributed in
important ways to the project. Drs. Leo Leveridge and George Ubogy participated as
members of the group during 1967-1970. Programmers included Doris Cavalieri and
Margaret Hurley. Gary Novick, Deborah Lasher, and Paul Aisen were summer student
employees of IBM and participated actively in developing and testing computer programs.
Consultants to the project during the early stages included Dr. Saul Amarel of RCA and
Rutgers, Dr. Ivan Sublette of RCA, Dr. Gerald Goertzel of IBM, and Dr. Aubey Roten-
berg, director of the Biomathematics Computer Center of Cornell University Medical
College.
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“We concluded that we should stop trying to make a computer act like a 
diagnostician and concentrate instead on ways of making computer-
generated relevant information available to physicians as they make 
decisions.”
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“In 1982, Komaroff characterized the prevailing attitude as, ‘I am being 
regimented if you give algorithms to me, but I am being systematic if I 
develop algorithms for myself.’”The intrinsic rigidity of such models 
reinforced the perception of regimentation.
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Even when systems were clearly demonstrated to have improved quality 
and cost, if they impeded clinicians’ workflow they were not widely 
adopted. 

The early decision support systems functioned more like the ‘‘Greek 
Oracle’’ rather than permitting a more flexible, interactive approach. The 
intrinsic rigidity of such models reinforced the perception of 
regimentation.
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Overriding of Drug Safety Alerts in Computerized Physician
Order Entry

HELEEN VAN DER SIJS, MSC, RPH, JOS AARTS, PHD, ARNOLD VULTO, MSC, RPH, PHD,
MARC BERG, MD, MA, PHD

A b s t r a c t Many computerized physician order entry (CPOE) systems have integrated drug safety alerts. The
authors reviewed the literature on physician response to drug safety alerts and interpreted the results using Reason’s
framework of accident causation. In total, 17 papers met the inclusion criteria. Drug safety alerts are overridden by
clinicians in 49% to 96% of cases. Alert overriding may often be justified and adverse drug events due to overridden
alerts are not always preventable. A distinction between appropriate and useful alerts should be made. The alerting
system may contain error-producing conditions like low specificity, low sensitivity, unclear information content,
unnecessary workflow disruptions, and unsafe and inefficient handling. These may result in active failures of the
physician, like ignoring alerts, misinterpretation, and incorrect handling. Efforts to improve patient safety by increasing
correct handling of drug safety alerts should focus on the error-producing conditions in software and organization.
Studies on cognitive processes playing a role in overriding drug safety alerts are lacking.

j J Am Med Inform Assoc. 2006;13:138–147. DOI 10.1197/jamia.M1809.

Computerized physician order entry (CPOE) systems fre-
quently include integrated decision support components,
which can reduce errors and improve patient safety.1–6

Studies documenting positive effects of decision support on
patient outcomes, including fewer duplicate orders, fewer
overdoses, fewer allergic reactions, and reduced drug interac-
tions, have prompted calls for additional safety-related,
patient-specific advice.1,3,5 Yet, the burden of reminders and
alerts must not be too high,1,2,6–8 or ‘‘alert fatigue’’ may cause
clinicians to override both important and unimportant
alerts,2,9 in a manner that compromises the desired safety
effect of integrating decision support into CPOE.

This review attempts to provide insight into physicians’ han-
dling of safety alerts by asking the following questions: How
often and in what situations are safety alerts overridden?
Why do physicians override them? What effects ensue?
What understanding of alert overrides can lead to improved
alerting systems? The authors employ Reason’s model of ac-
cident causation10 to understand overriding and its effects
and to suggest new directions to improve alerting.

Methods
The MEDLINE and EMBASE databases from January 1980 to
December 2004 were searched for English-language publica-
tions with the following MeSH headings and text words:

computerized physician (medication) order entry, CPOE,
electronic prescribing, computerized prescribing, medical rec-
ord systems computerized and alert *, remind *, prompt *,
order check, critic*, critiq*, decision support systems clinical,
reminder systems, drug therapy computer assisted and over-
rid *, medical error, adverse drug events, and attitude. The
authors also checked literature references of three recent sys-
tematic reviews and one synthesis of review paper.1,3,5,11

The authors selected publications discussing overriding of
unsolicited drug safety alerts that appear during the prescrip-
tion process because automatic provision of alerts has been
proven to be a critical feature for changing clinician behav-
ior.12 The term computerized physician order entry is used
because interpretation and handling of drug safety alerts
requires medical expertise. Full articles were included, but
also proceedings when pertinent. The references of these
publications were checked also. The refined selection was
used for the first part of this review. To learn how alerting
could be improved, the authors examined all publications
from the search for characteristics of unsolicited safety alerts
as well as measures to minimize error-producing conditions.

Results
Seventeen publications on overriding safety alerts in CPOE
were identified2,13–28 (Table 1). Quantitative information on
overriding was present in nine publications.13–21 This small
yield does not pose a problem because the review focuses
mainly on the conceptual analysis of the determinants of
overriding. For the second part of this article, we selected
from 193 papers of the first search those that described char-
acteristics of safety alerts.

How Often and in What Kinds of Situations
Are Safety Alerts Overridden?
Papers discussing percentages of overridden alerts of differ-
ent types are summarized in Table 2.13–21 Except for serious
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Comparison of Methodologies for Calculating Quality Measures
Based on Administrative Data versus Clinical Data from an
Electronic Health Record System: Implications for Performance
Measures

PAUL C. TANG, MD, MS, MARY RALSTON, PHD, MICHELLE FERNANDEZ ARRIGOTTI, MPH,
LUBNA QURESHI, MS, JUSTIN GRAHAM, MD, MS

A b s t r a c t New reimbursement policies and pay-for-performance programs to reward providers for
producing better outcomes are proliferating. Although electronic health record (EHR) systems could provide
essential clinical data upon which to base quality measures, most metrics in use were derived from administrative
claims data. We compared commonly used quality measures calculated from administrative data to those derived
from clinical data in an EHR based on a random sample of 125 charts of Medicare patients with diabetes. Using
standard definitions based on administrative data (which require two visits with an encounter diagnosis of
diabetes during the measurement period), only 75% of diabetics determined by manually reviewing the EHR (the
gold standard) were identified. In contrast, 97% of diabetics were identified using coded information in the EHR.

The discrepancies in identified patients resulted in statistically significant differences in the quality measures for
frequency of HbA1c testing, control of blood pressure, frequency of testing for urine protein, and frequency of eye
exams for diabetic patients. New development of standardized quality measures should shift from claims-based
measures to clinically based measures that can be derived from coded information in an EHR. Using data from
EHRs will also leverage their clinical content without adding burden to the care process.
! J Am Med Inform Assoc. 2007;14:10–15. DOI 10.1197/jamia.M2198.

Background
Since the Institute of Medicine’s (IOM’s) 2001 call to “cross
the quality chasm,”1 many major health systems have put in
place programs to improve the quality of health care in
America.2 To support these quality improvement efforts,
there has been a major push to promote the adoption and
use of electronic health record (EHR) systems by clinicians,3

and personal health record systems by patients.4 Larger
physician practices have made significant strides in deploy-
ing EHR systems, but penetration of EHR use among
smaller practices lags behind.5

Major payers are using payment incentives to motivate
providers to demonstrate that they have achieved improved
quality.6 Increasingly, providers are asked to submit process
and outcomes data—using different data definitions and
different reporting formats—to be used in pay-for-perfor-
mance programs, quality improvement initiatives, and other
public-reporting endeavors. At the heart of any improve-
ment activity must be accurate, reliable, standardized, and
cost-effective means for measuring current performance and
for setting desired performance goals. While the number of
quality measures in use has increased substantially over
recent years, debate is surfacing as to whether these diverse
measures of quality have actually led to improvements.6

Some assert that only modest improvements have been
achieved since the IOM’s Quality Chasm report was re-
leased.7

To be useful, a quality measure should be precisely defined,
tied causally to an outcome, and affected by processes that
the providers and/or the patients control. The accuracy and
validity of the data used to calculate a measure’s value are
primarily determined by the match between the purpose for
which the data was entered (whether on paper or in an
electronic system) and the meaning ascribed to that data
element when generating a report. The meaning of the data
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Comparison of Information Content of Structured and Narrative
Text Data Sources on the Example of Medication Intensification

ALEXANDER TURCHIN, MD, MS, MARIA SHUBINA, DSC, EUGENE BREYDO, PHD,
MERRI L. PENDERGRASS, MD, PHD, JONATHAN S. EINBINDER, MD, MPH

A b s t r a c t Objective: To compare information obtained from narrative and structured electronic sources
using anti-hypertensive medication intensification as an example clinical issue of interest.
Design: A retrospective cohort study of 5,634 hypertensive patients with diabetes from 2000 to 2005.
Measurements: The authors determined the fraction of medication intensification events documented in both
narrative and structured data in the electronic medical record. The authors analyzed the relationship between
provider characteristics and concordance between intensifications in narrative and structured data. As there is no
gold standard data source for medication information, the authors clinically validated medication intensification
information by assessing the relationship between documented medication intensification and the patients’ blood
pressure in univariate and multivariate models.
Results: Overall, 5,627 (30.9%) of 18,185 medication intensification events were documented in both sources. For a
medication intensification event documented in narrative notes the probability of a concordant entry in structured
records increased by 11% for each study year (p ! 0.0001) and decreased by 19% for each decade of provider age
(p " 0.035). In a multivariate model that adjusted for patient demographics and intraphysician correlations, an
increase of one medication intensification per month documented in either narrative or structured data were
associated with a 5–8 mm Hg monthly decrease in systolic and 1.5–4 mm Hg decrease in diastolic blood pressure
(p ! 0.0001 for all).
Conclusion: Narrative and structured electronic data sources provide complementary information on anti-
hypertensive medication intensification. Clinical validity of information in both sources was demonstrated by
correlation with changes in blood pressure.
! J Am Med Inform Assoc. 2009;16:362–370. DOI 10.1197/jamia.M2777.

Introduction
A large fraction of medical data are contained in narrative
documents.1 As electronic medical record (EMR) systems
grow more prevalent,2 narrative information is increasingly
being entered in digital format and thus becomes amenable
to computational extraction. Since the late 1990’s, a large
number of tools have been successfully developed for this
purpose.3–9

Electronic medical record (EMR) systems employ increas-
ingly rich data models that offer a large variety of options

for structured data entry.10 Data available from the EMR
systems frequently includes electronic prescribing informa-
tion problem and allergy lists, structured note templates,
inpatient and outpatient orders, and laboratory results,
among others. These data sets have great potential for use in
clinical research and/or quality of care surveillance.11,12

Not surprisingly, the information in the narrative and struc-
tured data sources in the EMR frequently overlap. Physi-
cians typically document all facts pertinent to patient care in
narrative notes; at the same time, many of these facts are also
entered into the structured data fields in the EMR. It is not
known how the data from narrative and structured elec-
tronic information compare, to what extent they are over-
lapping or complementary, and which one better represents
reality.

Background
Elevated blood pressure is the most common treatable
cardiovascular risk factor13 and is one of the major risk
factors for macro- and micro-vascular complications in pa-
tients with diabetes.14–16 Nevertheless, a majority of diabetic
patients with hypertension do not have their blood pressure
under control.17,18 The reasons for poor blood pressure
control are not completely understood but lack of appropri-
ate intensification of anti-hypertensive medications is thought

Affiliations of the authors: Clinical Informatics Research and Devel-
opment, Partners HealthCare System (AT, EB, JSE), Wellesley, MA;
Division of Endocrinology (AT, MLP), Center for Clinical Investi-
gation (MS), Division of General Internal Medicine (JSE), Brigham
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SUMMARY

The implementation of clinical-decision support
algorithms for medical imaging faces challenges
with reliability and interpretability. Here, we estab-
lish a diagnostic tool based on a deep-learning
framework for the screening of patients with
common treatable blinding retinal diseases. Our
framework utilizes transfer learning, which trains
a neural network with a fraction of the data of
conventional approaches. Applying this approach
to a dataset of optical coherence tomography
images, we demonstrate performance comparable
to that of human experts in classifying age-
related macular degeneration and diabetic macu-
lar edema. We also provide a more transparent
and interpretable diagnosis by highlighting the
regions recognized by the neural network. We
further demonstrate the general applicability of
our AI system for diagnosis of pediatric pneu-
monia using chest X-ray images. This tool may
ultimately aid in expediting the diagnosis and
referral of these treatable conditions, thereby
facilitating earlier treatment, resulting in improved
clinical outcomes.

INTRODUCTION

Artificial intelligence (AI) has the potential to revolutionize dis-
ease diagnosis and management by performing classification
difficult for human experts and by rapidly reviewing immense
amounts of images. Despite its potential, clinical interpretability
and feasible preparation of AI remains challenging.
The traditional algorithmic approach to image analysis for

classification previously relied on (1) handcrafted object seg-
mentation, followed by (2) identification of each segmented
object using statistical classifiers or shallow neural computa-
tional machine-learning classifiers designed specifically for
each class of objects, and finally (3) classification of the image
(Goldbaum et al., 1996). Creating and refining multiple classifiers
required many skilled people and much time and was computa-
tionally expensive (Chaudhuri et al., 1989; Hoover and Gold-
baum, 2003; Hoover et al., 2000).
The development of convolutional neural network layers has

allowed for significant gains in the ability to classify images
and detect objects in a picture (Krizhevsky et al., 2017; Zeiler
and Fergus, 2014). These are multiple processing layers to
which image analysis filters, or convolutions, are applied. The
abstracted representation of images within each layer is con-
structed by systematically convolving multiple filters across the
image, producing a feature map that is used as input to the
following layer. This architecture makes it possible to process
images in the form of pixels as input and to give the desired
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