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Obtaining encoded variables is often a key obstacle to
automating clinical guidelines. Frequently the perti-
nent information occurs as text in patient reports,
but text is inadequate for the task. This paper de-
scribes a retrospective study that automates determi-
nation ofseverity classes for patients with community-
acquired pneumonia (i.e. classifies patients into risk
classes 1-5), a common and costly clinical problem.
Most of the variables for the automated application
were obtained by writing queries based on output
generated by MedLEE', a natural language proces-
sor that encodes clinical information in text. Co-
morbidities, vital signs, and symptomsfrom discharge
summaries as well as information from chest x-ray
reports were used The results were very good be-
cause when compared with a reference standard ob-
tained manually by an independent expert, the auto-
mated application demonstrated an accuracy, sensi-
tivity, and specificity of 93%, 92%, and 93% respec-
tivelyfor processing discharge summaries, and 96%,
87%, and 98% respectively for chest x-rays. The ac-
curacy for vital sign values was 85%, and the accu-
racy for determining the exact risk class was 80%.
The remaining 20% that did not match exactly dif-
fered by only one class.

INTRODUCTION
The electronic patient record contains a vast amount
of patient information that is accessible electronically.
This information would be invaluable if it were avail-
able for automated applications, such as decision sup-
port or outcomes analysis, but those applications re-
quire encoded data. However, a large portion of the
information in the patient record is not encoded be-
cause it occurs as text. Medical language processing
(MLP) techniques have been developed' 5 to extract
and encode clinical information in text.

Several studies of MLP systems were performed in
the specialized domain of radiological reports that
demonstrated satisfactory performance4'69. An im-
portant source of clinical information occurs in

broader clinical domains, such as discharge summa-
ries, and admission notes. These reports are much
more challenging for language processing systems
because they contain complex sentences and relation-
ships, and encompass a very large vocabulary.

In this paper, we present a feasibility study pertaining
to an MLP extraction and encoding system, called
MedLEE', for an application associated with commu-
nity acquired pneumonia (CAP). A key reason this
application was selected was because it has the poten-
tial to impact patient care. Another reason was that it
used variables obtained by processing the History,
Chief Complaint, and Physical Examination sections
of text reports, and therefore was well-suited for
evaluating performance of an MLP system in a broad
domain. For this study, discharge summaries were
used; for a real clinical decision support CAP applica-
tion, emergency room (ER) reports or office visit
notes would be required. However, these types of re-
ports are not currently available in electronic form at
New York Presbyterian Hospital (NYPH), and there-
fore the discharge summary was used as substitute for
the sake of estimating performance.

Community-acquired pneumonia (CAP) is a common
clinical problem having a significant affect on health
care. Over 4 million cases are diagnosed each year in
the United States, more than 600,000 patients a year
are hospitalized, and the total cost for inpatient care
approaches $4 billion per year10"'. An application that
automatically and accurately assigns risk categories
to patients could help physicians identify low-risk
patients and help lower hospitalization rates for
pneumonia. It could also provide objective measures
for treatment.

BACKGROUND
The CIS system at NYPH provides the infrastructure
for this study. It consists of a clinical repository that
includes a combination of textual and structured en-
coded information. Laboratory test findings and cer-
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tain demographic information are stored in the re-
pository in encoded form whereas radiology reports
and discharge summaries are stored in textual form.

MedLEE was integrated with the CIS system at
NYPH and is used routinely to encode information in
radiological reports of the chest (CXR). Studies of
MedLEE and other MLP systems4'69 measured per-
formance for applications associated with radiology
reports, a limited domain. Other evaluations of MLP
systems12 '3 were reported for applications associated
with admission diagnoses and discharge summaries,
both broad domains, but these were not concerned
with automation of guidelines.

Hospital admissions for pneumonia vary markedly
from region to region and physicians depend on sub-
jective impressions in order to decide whether or not
to hospitalize a patient. Guidelines to help physicians
manage patients with CAP have been developed'0 that
require manual entry of a substantial amount of data.
A study related to automating a guideline for pneu-
monia was undertaken14, but the study was not con-
cerned with MLP issues.

In this application we automate a prediction rule for
the prognosis of CAP that was developed by Finel'.
The rule assigns patients with CAP to one of five risk
categories so that they could be treated according to
their risk class. In addition, we also collected other
variables from the discharge summary and chest x-ray
that were relevant to CAP. In all, a total of 18 vari-
ables were collected using MedLEE.

The CAP prediction rule is a two step process. The
first step determines whether a patient with CAP be-
longs to risk class I (lowest-risk). The following con-
ditions must all be true:
i). Age is less than 50, ii) No history of neoplastic disease,
congestive heart failure, cerebrovascular disease, renal dis-
ease or liver disease, and iii). The physical examination
findings do not include any of the following abnormalities:
altered mental status, pulse > 125/minute, respiratory rate 2
30/minute, systolic blood pressure < 90 mm Hg and tem-
perature < 350 C or > 400 C.

If a patient does not belong to class I, step 2 is fol-
lowed to assign the patient to a class 11-V based on a
score. The scoring system is shown in Table 1. It lists
the type of information, the number of points contrib-
uting to the score, and the source of the data used for
the present study. A patient is assigned a risk class
based on the following scores: class II (< 71), class III
(71-90), class IV (91-130), and class V (> 130).

Data Points Srce Data Points Srce
male age C ab sys bp 20 D
female age-10 C ab temp. 15 D
nurse h. 10 D ab pulse 10 D
neoplastic 30 D ab resp. r 20 D
liver dis. 20 D ab bun 20 C
chf 10 D ab sod. 20 C
crbrv. dis. 10 D ab gluc. 10 C
renal dis. 10 D ab hemat 10 C
ch.m. st. 20 D,X ab art pH 30 C
pleural eff 10 X ab ppO 10 C

Table 1. Scores for assignment to risk classes II-V. The
source of the data for this study is also shown: C represents
the CIS and consists of encoded data. The other two data
sources, D and X, represent data obtained from textual re-
ports using MedLEE. D represents discharge summary, and
X represents chest x-ray. The abbreviation ab symbolizes
abnormal value.

METHODS
Cases were selected by automatically identifying pa-
tients who were discharged during a certain year and
who were assigned an ICD9 diagnostic code of 486
(typically given for CAP). The first 100 patients from
that group were chosen who had an admission chest x-
ray. Discharge summaries were then obtained for
those patients. Cases were eliminated from the study
if there was no discharge summary or if the patient
was HIV positive, leaving 79 cases. Demographic
information needed for scoring was obtained from the
CIS along with the necessary laboratory test findings.

A medical expert (who had no knowledge of the MLP
system) was enlisted to read the reports in the test set
and manually establish the reference standard. A pre-
vious study'5 demonstrated that one expert is suffi-
cient for aggregate measures. We measured the ex-
pert's performance with respect to identifying 6 CXR
conditions from a previous study, and found his per-
formance above average compared to the 12 physi-
cians who participated in that study.

In addition to the variables shown in Table 1 (needed
for risk assessment), 6 other variables associated with
CAP (cough, dyspnea, sputum production, fever, rule
out pneumonia, pneumonia) were also collected. The
expert was given instructions describing the source
and criteria for extracting the variables. For example,
numeric values for vital signs were to be obtained
from the Physical Examination or History of Present
Illness sections of the discharge summary; if the value
of a vital sign was missing an A was to be assigned.
Values for the other variables were Y (if positively
asserted), N (if negated as in no liver disease), or A (if
the variable was not mentioned). Values for co-
morbidities, such as neoplastic disease were to be
obtained from the Past Medical History, History of
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Present Illness, and Review ofSystems sections of the
discharge summary. Values for symptoms such as
cough and dyspnea were collected as two distinct
groups; one group was obtained from the Clinical
Information section of the chest x-ray and the second
from the ChiefComplaint or History ofPresent Illness
sections of the discharge summary.

Since the instructions were complex, the expert was
first shown a few reports from the training set and
asked to read the reports and determine the values for
the variables according to the instructions. This was
done to ensure that the task was clear and that ambi-
guities were clarified beforehand. The expert was then
given the CXR and discharge summary reports from
the test set and extracted the required information
manually.

The chest x-ray and discharge summary reports in the
test set were processed using MedLEE. A version of
MedLEE was used that was developed prior to the
start of work on this application so that the perform-
ance could be evaluated prior to any specialized
training for this application. MedLEE was previously
extended to the domain of discharge summaries'6 but
the extension was not evaluated.

Although MedLEE itself was not modified for this
application, queries had to be developed in order to
retrieve the appropriate values for the variables from
the output generated by MedLEE. In order to train the
queries, a set of 40 cases were collected for patients
admitted in a different year using the same criteria
used for collecting the validation set. A second medi-
cal expert (also independent from the developers)
helped configure the queries for the variables based on
the output MedLEE generated.

Queries associated with the vital signs were straight-
forward to write because they just involved retrieving
the values. The queries corresponding to the co-
morbidities and symptoms were more complex; some
corresponded to broad categories that could be as-
serted or negated many different ways. For example,
for change in mental status, target output terms such
as confusion, lethargy, comatose, and decreased
mental status would also be applicable. These type
of queries were developed by showing the expert a list
of target output terms generated by MedLEE and
having him choose the terms that were associated with
each of the co-morbidities and symptoms. In addition,
he also looked over the reports in the training set and
highlighted relevant terms.

RESULTS
A summary of the results comparing the co-
morbidities and symptoms automatically obtained
from the chest x-ray and discharge summaries with
the reference standard are shown in Table 2. The re-
sults showing the accuracy for the variables that have
numeric values (vital signs, risk category, and scores)
are presented in Table 3.

accuracy
sensitivity
specificity

cxr findings
.96 (.94--97)
.87 (.81-.92)
.98 (.96-.99)

dsum findings
.93 (.91--94)
.92 (.89-.95)
.93 (.91-.95) I

Table 2. Performance measures and 95% confidence inter-
vals comparing findings (associated with co-morbidities and
symptoms) obtained automatically by processing chest x-ray
reports and discharge summaries using MedLEE against a
reference standard determined manually by a clinical expert.

The accuracy for the vital signs was 85%. The accu-
racy corresponding to an exact match of the risk class
was 80%, and the accuracy for obtaining a match dif-
fering by at most one category was 100%. There was
no tendency to consistently overestimate or underes-
timate the classes because there were roughly the
same number of classes that differed by plus and mi-
nus one. The accuracy for the exact score was 59%.
Matching a score exactly is a very strict criteria. If we
relax the criteria and allow for differences of at most
10 points, the accuracy was 81%. The cumulative
accuracy was 94% allowing for a difference of at most
20 points

vital sign risk class risk class exact score
values (exact class) (differ by 1)

.85 (.81-.89) .80(.69-.88) 1 (.96-1) .59 (.47-.70)

Table 3. Accuracy measures comparing data obtained using
MLP with values from the reference standard. The values
consisted of vital signs, exact match of risk class category,
risk categories differing by at most 1 category, and match of
exact score.

DISCUSSION
The automated system performed very well (average
accuracy, sensitivity, and specificity were 93%, 92%,
and 93%) in identifying co-morbidities and symptoms
in discharge summaries. The accuracy and specificity
were only slightly lower than those found for chest x-
rays. This is noteworthy considering that discharge
summaries are much more complex than radiological
reports because discharge summaries contain many
more types of information and the sentence structures
are typically longer and more complicated. The auto-
mated system also performed well in retrieving vital
signs from discharge summaries. The accuracy in
computing an exact risk class was somewhat lower
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(80%), but still quite reasonable. All 20% of cases that
did not have exactly the same class differed by at most
1 class all of the time. These results are very encour-
aging and demonstrate that is feasible to use MLP to
automate the computation of severity classes for pa-
tients with CAP, providing that the appropriate clini-
cal reports are available in a timely fashion.

An analysis of the errors revealed that they could be
grouped into four broad categories: MedLEE parsing
errors, query errors, errors in the reference standard,
and errors due to conflicting information in the dis-
charge summaries. It should be noted that the analysis
of errors was performed by the system developer.

Parsing errors were due to incorrect parses and to in-
formation not yet captured by the system. For exam-
ple, several errors occurred because MedLEE did not
adequately capture family information. This caused
co-morbidities to be attributed to patients instead of
family members. Another cause of error stemmed
from incorrect handling of certain temporal expres-
sions. Because the variety of temporal expressions is
very large, it will require a substantial amount of ef-
fort to comprehensively address this problem. Fortu-
nately the performance was satisfactory in spite of this
problem.

Query errors were mainly due to terms missing from
the query. For example difficulty breathing was
missing from the query testing for shortness of breath.
However, although correcting these errors by adding
additional terms will be easy, they may cause other
errors in future studies. In some cases the errors were
attributable to errors in logic. An example of this type
of error occurred in the query for fever because fever
could have been inferred from the output generated by
MedLEE (i.e. the term temperature and a value in-
dicative of fever was in the output) using a simple rule
specifying the appropriate upper and lower bounds for
fever.

Another source of error was the reference standard
itself. One cause for discrepancy appeared to stem
from physician disagreement. In the current study one
expert determined the reference standard while a sec-
ond one determined the criteria for the variables. In a
number of cases, the automated system adhered to the
criteria established by the second expert but the expert
who determined the reference standard differed. For
example, in one case the automated system found that
changes in mental status was present because the
discharge summary stated that the patient had seizures
(a condition for changes in mental status according
to the criteria). However, the reference standard re-
corded that changes in mental status was not men-

tioned in the report. Other errors attributable to the
reference standard were due to human error on the
part of the expert. For example, there were a few cases
where the expert missed negations.

Other errors were due to inconsistencies in the dis-
charge summary itself. Sometimes a report asserted
that the patient had a condition in one section but ne-
gated the condition in another; these discrepancies
were not resolved in a definitive way.

Future studies concerning the reference standard
should be addressed by enlisting more experts to read
the reports. Such a study will provide us with a more
powerful evaluation of the automated system. An in-
teresting aspect of such a study will be the measure of
inter-rater error for this particular task. The error rate
may be higher than ascertained in previous studies
because the manual extraction task appears to be more
complex. In the previous studies, the subjects were
asked to read chest x-ray reports and provide Yes/No
answers to a list of 6-9 variables. In the current study,
the expert had to choose an answer (Yes INegated
lAbsent) for 14 of the variables and supply a numeric
value for another 4.

Another reason this task appears more involved is
that more detailed instructions had to be followed to
determine values for the variables. For example, the
instructions specified which sections should be looked
at (different sections were used for different types of
information), and also specified rules for choosing a
single value if a variable was mentioned multiple
times in a report. For example, vital signs often oc-
curred in the Physical examination section (sometimes
more than once), in History of Present Illness, and in
the Hospital Course. The reason it was important to
specify particular sections was because we wanted to
use sections that closely corresponded to the informa-
tion that would be available in a real application. In a
real automated assessment system for CAP, informa-
tion would most likely be obtained from the admis-
sion Physical examination, History, and Chief Com-
plaint, but information from the Hospital Course
would not be appropriate.

Another factor concerning manual extraction per-
formance may involve properties of the discharge
summaries in contrast to radiology reports. The
lengths of discharge summaries are considerably
longer, and discharge summaries contain more com-
phrensive clinical information than radiology reports.

While this study demonstrated that MedLEE per-
formed very well in extracting information from dis-
charge summaries, and that the automated system was
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effective for the CAP application, more evaluations
have to be performed before we employ a practical
clinical application. In addition, we cannot make
claims about the effectiveness of the methodology.
Although the discharge summaries were selected at
random and the application was chosen by an inde-
pendent clinician for clinical purposes, there may be
something about the application that makes the auto-
mated extraction task easy regardless of the method-
ology. It would be interesting to measure the perform-
ance of a keyword search technique for this applica-
tion.

This study had several limitations. One limitation was
that one expert was used to determine the reference
standard. A second limitation was that the developer
analyzed the causes of error. A third limitation was
that inpatient reports were used. Since inpatients have
more complications than outpatients do, different re-
sults may have been obtained using outpatient records.

CONCLUSION
This study demonstrated that it is feasible to automate
determination of risk classes for patients with CAP by
using natural language processing of patient reports,
particularly information from the history, physical
exam, chief complaint, and chest x-ray. The perform-
ance associated with the processing of discharge
summaries were very good (accuracy, sensitivity, and
specificity of 93%, 92%, 93%), in spite of the broad-
ness and complexity of the domain. Because our
study used one clinical expert to determine the refer-
ence standard, further studies would be desirable us-
ing several experts in order to establish a better refer-
ence standard and assess inter-rater error for this task.
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