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Introduction 

Paper-based medical records are 
difficult to use for clinical research. 
They are frequently unavailable be
cause they are being used for patient 
care, or financial audit, or because 
they have been misplaced. Even when 
the medical record can be located, the 
information in it is poorly organized 
[54], difficult to read, and time-cons
u~g to abstract. Recognizing these 
inherent limitations, clinical research
ers have usually argued for concur
rent, prospective data collection 
[24,27]. This data collection effort is 
not meant to replace the clinical record, 
but rather to produce a research-qual
ity database. This type of approach, 
used in the rheumatology database 
ARAMIS [ 14, 15] and the Duke cardi
ology database [36], is highly success
ful; it improves our understanding of 
health care, but requires a high degree 
of coordination, commitment, and 
costs. 

Clinical computing systems have 
evolved over the past two decades to 
the extent that much of the clinical 
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encounter can be captured in elec
tronicformat [1,3,5-7,10, 17,29,30,33-
35,38,46-48,51,53,55-58]. While re
searchers can legitimately claim that 
clinical databases that result from rou
tine collection of data will never be of 
the same quality as a research data
base such as ARAMIS or Duke cardi
ology database [ 11, 12,16,22,25-
,27 ,28,44,49,59], many clinicians, 
health services researchers, adminis
trators, and politicians are beginning 
to· ask questions of these clinical data 
repositories [2,8,9,13,18,23, 26,31,32, 
40,49,52,59]. 

To understand the use of routinely 
collected clinical data for research, 
one must first distinguish between 
ambulatory data and acute care data. 
While the distinction may seem arbi
trary from a patient-centered perspec
tive, the mechanisms and incentives 
for data collection are quite different 
in the two settings. Moreover, data 
obtained in the acute care setting are 
more plentiful and are accumulated 
over a shorter period. The density of 
data in the acute care setting makes 
data analysis easier because there are 

fewer missing data items and because 
the temporal relationships between 
them may be less important (see sec
tion on limitations and bias). 

Almost all hospitals worldwide now 
collect some of their clinical data in 
electronic form. Traditionally, elec
tronically capture of health data in the 
United States was stimulated by the 
need to capture charge data. As the 
mechanism of reimbtirsementfor acute 
medical care shifted from transfer of 
charges to payment linked to diagno
sis and procedure codes, so-calle4 
claims databases became widely avail
able [22]. With the advent of auto
mated results reporting in the clinic~ 
laboratory, clinical information also 
became more available. Now, with the 
appearance of less expensive depart· 
mental computing, medications and 
diagnostic results can be stored in elec· 
tronic form. In the ambulatory care 
setting, computer-based patienJ 
records, first introduced in the 1970'~ 
[3,17,29], are now more widely used, 
In Great Britain [55-57] and the Neth· 
erlands [50] government support b 
led to primary capture of clinical da 
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in physicians' offices. 

These evolving computer-based 
patient records will solve the prob
lems of access, readability, and per
haps, organization of clinical data [54]. 
However, computing systems designed 
to support patient care directly still 
present problems to those interested in 
clinical research. First, considerable 
computer time is needed to aggregate 
infowation across patient records 
[39,41]. Second, and more important, 
the researcher usually cannot gain ac
cess to the clinical database directly; it 
is necessary to use computer program
mers to act as data intermediaries. This 
situation is analogous to the situation 
that existed nearly two decades ,ago, 
before end-user literature searching 
was initiated by Bleich [4,20,21]. 
Moreover, routinely collected clinical 
data introduce a variety of biases that 
must be understood before the rich
ness of these clinical databases can be 
realized [11,12,27,28,44]. 

Clinical computing systems have 
traditionally been designed to store 
and display information about particu
lar patients who are considered active 
with respect to their care. As a result, 
data are usually archived once a pa
tientis considered inactive (sometimes 
in as short a period as 90 days and 
usually within one year of the patient's 
last activity). In addition, the data struc
tures necessary to support rapid dis
play of a single patient's data are not 
optimal for evaluating data in the ag
gregate. Many hours of computer pro
cessing time and much assistance from 
the programming staff are typically 
required to obtain information such as 
the status of all patients with specific 
laboratory values or x-ray interpreta
tions. Yet the ability to review data 
from many records can be extremely 
Valuable for the physician or scientist 
With general or specific questions about 
patient care. Searches of clinical data 
could also help the clinician decide on 
~course of action.for a particular pa
tient with unusual clinical findings 
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[23]; patients with clinical similarities 
can be identified and their medical 
records examined for precedence for 
success in .therapy [8]. Whether these 
data are stored in the databases of 
departmental computers or in a central 
data repository, they represent a po
tential gold mine of information and 
knowledge. Rapid access to such in
formation can help bridge the gap be
tween clinical care and research, sup
port clinical and executive decision 
making, and improve the quality of 
care [19,28,32,37,41,44,49,58]. 

Uses of Clinical Data 

A clinical database can be used in 
four ways: (1)to display information 
about ~;ill individual patient (results 
reporting), (2)to find data on a patient 
with similarities to one being seen 
(case finding), (3)to describe a group 
of patients with at least one attribute in 
common (cohort description), and ( 4 )to 
analyze data patterns for trends or re
lationships (predictive modeling). 

The first use of clinical data is the 
most common, and is at the heart of 
every clinical information system. 
Rapid access to data on individual 
patients is the primary informational 
need of every practicing clinician. At 
Boston's Beth Israel Hospital, clini
cians look up individual patient infor- · 
mation in the computing system 100 
times more frequently than they look 
up data in aggregate [39]. 

In the second instance, a clinician 
might wonder, "Have we ever seen a 
patient like this before? I remember 
seeing a patient two years ago with 
AIDS and pericarditis who ... ," or 
"Could Hind a recent case for teaching 
rounds of a patient with diabetic 
ketoacidosis with an anion gap greater 
than 24 who ... ?" While case finding is . 
obviously useful, problems relating to 
pattern matching, often with incom
plete data, are formidable. Moreover, 
the more precise the specification, the 

larger the clinical database needs to be 
to contain probable matches [8]. 

In the nine years that clinicians at 
Boston Beth Israel Hospital have been 
searching the ClinQuery database [39], 
cohort description has been the most 
frequent reason. In this instance, clini
cians and health administrators ask, 
"Find me all the patients with a diag
nosis of AIDS and describe this popu
lation in terms of their demographics 
and resource utilization." Cohort de
scription (data aggregation) is the first 
step in transforming clinical data into 
information. Both case finding and 
cohort description are exploratory in 
nature and require repetitive interac
tion with the clinical database [43]. 

The fourth use of clinical data fo
cuses on prediction. The questions 
arise, "How can we use the richness of 
our evolving clinical data repositories 
to derive relationships or hypotheses?" 
How can clinical data be transformed 
into knowledge? Statistical approaches 
to partiting and analyzing clinical 
records can be used to answer such 
questions as "Can we identify patients 
at risk for bad outcomes?" [18,26, 
31 ,49], but the · general problem of 
prediction remains difficult. However, 
this use of clinical data should be our 
goal. 

Limitations and Biases 

It seems unlikely that many impor
tant clinical questions will be subject 
to randomized clinical trials because 
of the ethics, logistics, and expense 
that would be involved [ 16,27]. Evolv
ing statistical and epidemiological 
methods allow us to approach these 
clinical data repositories with the pur
pose of building predictive models, 
but a clear understanding of the limita
tions of routinely collected clinical 
data and the inherent biases is neces
sary [12,28,32,37 ,44,50,59]. 

Perhaps the most pressing question 
about routinely collected clinical data 
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concerns quality [ 11,22]. Do these data 
have the same quality as research da
tabases like ARAMIS or the Duke 
cardiology database? Data collected 
for a particular reason, such as charge 
capture, may be accurate enough for 
this designated purpose, but inaccu
rate for other reasons. The diagnosis 
a.Ssigned to an episode of care is a good 
example of these limitations. Even if 
the clinician is selecting a diagnosis 
code and there is sufficient vocabulary 
to allow an appropriate diagnosis, the 
clinician may be intentionally mis
leading. For example, a clinician might 
assign a diagnosis of "irregular 
menses" rather than "fertility control," 
if the diagnosis was needed only for a 
billing form that would be sent to a 
young woman's parents. 

Organizing and collecting clinical 
data is costly, and this cost introduces 
a collection bias. While clinical care 
and research were the early reasons for 
organization of data, the fiscal impera
tives of the past two decades have 
governed the development of most 
health care computing. Thus, data have 
been captured as if doing so were 
equivalent to charge capture. 

In many instances, the_ collected 
data, such as discharge diagnoses, are 
fraught with inaccuracies [11,22,40]. 
Both errors of omission and commis
sion occur when hospital personnel 
assign codes to patient encounters. 
These codes can be random or system
atic, depending on the diagnosis, and 
error rates are frequently reported to 
exceed 20%. Having access to clinical 
data as an alternative to abstracted 
codes circumvents this problem in 
some instances. 

Not all patients have the same data 
collected for each episode of care. The . 
recognized wide variability in practice 
styles, as well as the underlying care 
issues, leads to a selection bias in data 
reporting. In other words, sicker pa
tients may have more testing. Thus, 
analysis of clinical databases must not 
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only recognize these inherent biases, 
but also effectively deal with the com
plexity of missing data. 

As access to data sources increases, 
the ability to link patient records pre
sents new problems for clinical re
searchers. If patients can be uniquely 
identified in two databases, are data 
from one institution comparable to 
data from another? For the individual 
test, were they conducted on the same 
machine, with the same technique, and 
reported with the same normal values? 
In reality, every institution that seeks 
to build a clinical data repository has 
to consider this issue as its database 
accumulates over time and its labora
tories change and update their proce
dures. However, when two databases 
from different institutions are central
ized in a common data repository, this 
issue must be resolved. Even without 
considering common patients between 
two institutions, the comparability of 
data elements must be taken into ac- . 
count. Standardized coding of diag
noses and other patient information is 
just one of the issues that need to be 
addressed. 

The promise of centralized clini
cal data repositories is that patient 
records will not only be linked, but 
also followed longitudinally. Time
oriented representation of data and 
time-linked analysis are critical to 
making good use of clinical data 
[15]. For instance, suppose a clini
cian wants to compare the diabetic 
control of two populations of pa
tients. Since every patient will have 
a different period of observation, 
this time-dependent relation will 
have tci be analyzed. 

Because all data collected from pa
tients come at a cost; even if it is 
simply the clinician's time, data may 
not always be collected by current 
clinical computing systems. In acute 
care settings, for example, it may be 
difficult to know which clinicians are 
responsible for a patient's care. 

Discussion 

The computer-based patient record 
linked to longitudinal clinical data re. 
positories represents a valuable re. 
source for decision makers ( clini. 
cians, hospital administrators, and 
health policy executives. TechnologiJ 
cal advances and improvement in the 
cost-performance of random-access 
storage now make it possible to con. 
sider large-scale clinical databases that 
are national or international in scope. 
If ethical considerations such as confi. 
dentiality of information can be as
sured [39,42], these repositories should 
advance both clinical medicine and 
health policy. The largest barrier to 
using routinely collected clinical data 
is not the limitations of the data them
selves, but rather the lack of a data 
paradigm for the decision maker [ 44]. 
Decision makers are well trained to 
recognize when they lack sufficie~ 
data; however, they are less well trained 
to work with data when the data are 
provided. 

Although the use of routinely col· 
lected clinical data has limitatiollSJ 
use of aggregated data collected from 
large numbers of computer-based pa· 
tient records is virtually limitless. 
Today's clin ical researchers have 
many of the same problems facing 
radio-astronomers [28]. Clinical in· 
formation systems are collecting vast 
quantities of data. Some of these data 
may be inaccurate, and so~e are 
merely noise. We need to filter outth4 
noise and transform data to informas 
tion· and then to knowledge; 
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