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Identification of eligible patients from electronically
available patient data is a key difficulty in comput-
erizing clinical practice guidelines because a large
amount of the relevant data is stored as free text. We
have been using MedLEE (Medical Language Ex-
traction and Encoding System), a natural language
processing system, to encode the clinical informa-
tion in all chest radiograph and mammogram re-
ports. This paper describes a retrospective study to
determine if MedLEE can identify patients at risk for
having tuberculosis (TB) based on their admission
chest radiographs. Reports of 171 adult inpatients
with culture-positive TB during 1992 and 1993 were
manually coded (by a TB specialist) using seven
terms suggestive of TB, and were also encoded by
MedLEE. Using manual coding as the gold stan-
dard, MedLEE agreed on the classification of
152/171 (88.9%) reports—129/142 (90.8%) suspi-
cious for TB and 23/29 (79.3%) not suspicious for
TB; and 1072/1197 (89.6%) terms indicative of TB.
Analysis showed that most of the discrepancies were
caused by MedLEE not finding the location of the
infiltrate. By ignoring the location of the infiltrate,
the agreement became 157/171 (91.8%) reports and
946/1026 (92.2%) terms. Thus. natural language
processing offers a practical alternative for using
[free-text reports to determine patient eligibility for
computerized clinical practice guidelines.

INTRODUCTION

Automated clinical decision-support systems which
generate alerts and reminders have helped in signifi-
cantly improving the quality and/or reducing the cost
of health care delivered to patients.'” Such systems
have been used to perform a wide varicty of tasks
including the selection of appropriate drugs, preven-
tion of adverse drug events, and reduction of unnec-
essary diagnostic testing. Government health care
agencies and professional organizations are taking
the lead in developing clinical practice guidelines for
various clinical conditions.* The focus of this activity
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is to reduce variation in clinical practice and im-
prove the quality of health care. Various strategies
arc available for the effective implementation of
these guidelines.” Among all the strategies, comput-
erization of the practice guidelines may hold most
promise.® Automated clinical-decision support sys-
tems are currently being developed to implement
published clinical practice guidelines.”*

A key difficulty in computerizing practice guidelines
is the identification of eligible patients, because
computerized guidelines depend on electronically
available patient data to determine eligibility. How-
ever, having patient data electronically available may
not be sufficient because the data may be stored as
free text and automated systems cannot interpret it.
Thus determination of eligibility is restricted to nu-
merical and coded patient data. This excludes a vast
amount of patient data which is predominantly
available only as free text—radiology reports, dis-
charge summaries, pathology reports, admission
histories, and reports of physical cxaminations.
These reports typically contain information which is
essential in determining patient eligibility for a
practice guideline. Two primary techniques are
available to obtain information in free-text reports in
coded form. The first is to use structured data entry
to directly create coded reports.”'' The second is to
use natural language processing (NLP) to encode
free-text reports.'>"?

At Columbia-Presbyterian Medical Center (CPMC),
we have been using MedLEE (Medical Language
Extraction and Encoding System),'' an NLP sys-
tem to extract, structure, and encode clinical infor-
mation in all chest radiograph and mammogram
reports since February 1995. On average, MedLEE
processes about 650 chest radiographs and mammo-
grams (preliminary and final reports) daily, and the
coded data are stored in our clinical database.'* The
coded data are used for automated decision-support
using our clinical event monitor.'® The event moni-



tor generates alerts using Medical Logic Modules
(MLMs) written using Arden Syntax.'” An evalua-
tion to detect the presence or absence of 6 clinical
conditions in 200 admission chest radiograph reports
showed that MedLEE was not distinguishable from 6
internists and 6 radiologists, and was superior to 6
lay persons and 3 other computer methods.'*

This paper reports a study performed to determine if
MedLEE can identify patients at risk of having tu-
berculosis (TB) based on their admission chest ra-
diographs. Although MedLEE was trained for the
overall domain of chest radiographs, it was not
specifically trained for TB. The incidence of TB,
once believed to be on the decline, is rapidly increas-
ing in the US.'® It remains the single largest cause of
death in the world from an infectious disease.”” In
particular, the number of TB patients in New York
City has more than tripled since 1978.2?2 The Bu-
reau of Tuberculosis Control of the New York City
Department of Health has put together a manual of
clinical policies and protocols for the prevention,
detection, and treatment of TB.?® Early identification
of TB patients is crucial to determine which clinical
policy or protocol is most appropriate for them.

METHODS

One hundred seventy six adult inpaticnts who had
culture-positive TB during 1992 and 1993 were the
subjects for the study. For each patient, we identified
the chest radiograph taken at the time of admission
for the episode of care during which they tested
positive for tuberculosis. Admission chest radiograph
reports were found for 171 patients. The remaining
five patients were excluded from the study.

These chest radiograph reports were manually coded
by an infectious diseases specialist (CAK-he special-
izes in the care of TB patients) using seven terms
suggestive of TB (Table 1). Manual coding was re-
stricted to the impression and description sections of
the report. For each term, a 1 was recorded if it ap-
peared positively in the report and 0 if it appeared
negatively or did not appear in the report. If any
term was coded 1 for a report, the report was consid-
ered suspicious for TB based on manual coding.

The chest radiograph reports were then coded using
MedLEE. MedLEE used the text from the clinical
information, impression, and description sections of
the report. Encodings of the clinical information
section were ignored. For each report, MedLEE pro-
duced findings (clinical terms) along with modificrs
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indicating body location, region, certainty, degree,
change, status, descriptor, quantity, section of the
chest radiograph report, and parse mode. The rec-
ognized terms came from MedLEE’s own lexicon.

Table 1. Terms suggestive of TB used in the manual
coding of chest radiograph reports.
| Cavitation |
Upper lobe infiltrate
Middle or lower lobe infiltrate]
Pleural effusion
Miliary tuberculosis
Hilar adenopathy
Tuberculosis

MedLEE’s output was used to code the reports for
the terms in Table 1. Additional terms were used
because MedLEE did not always find the lobar loca-
tion of an infiltrate and MedLEE identified negative
findings (Table 2). Thus MedLEE’s output was
coded for 14 terms. A clinical finding of density,
opacity, mass, consolidation, lesion, or pneumonia
was considered as an infiltrate with appropriate lo-
cation. The term infiltrate from Table 2 includes
infiltrate findings with and without lobar location.
Positive terms were coded similar to manual coding.
Negative terms were coded | if the term appeared
negatively in the report, and 0 otherwise. A report
was considered suspicious for TB if any term appear-
ing in Table 1 was coded 1. By ignoring the location
modifiers for infiltrate, a report was considered sus-
picious for TB if any of the 6 terms (5 from Table 1
and infiltrate from Table 2) was coded 1.

Table 2. Additional terms suggestive of TB used in
coding chest radiographs based on MedLEE output.

Infiltrate
No cavitation

No infiltrate
No pleural effusion
No miliary tuberculosis
No hilar adenopathy
No tuberculosis

Three comparisons were made between manual
coding and MedLEE—positive terms suggestive of
TB (Table 1 and infiltrate from Table 2); negative
terms (Table 2) only when they were present in
MedLEE'’s output; and reports considered suspicious
for TB (with and without infiltrate location). All
discrepancies were analyzed to determine their ori-
gin. In all these comparisons, manual coding was
assumed to be the gold standard.



RESULTS

The first two comparisons were at the level of indi-
vidual terms used in manual coding and in coding
MedLEE’s output. MedLEE agrecd on 1218/1368
(89.0%) positive terms, and agreement ranged from
130/171 (76.0%) to 170/171 (99.4%) (Table 3).

Table 3. Comparison of positive terms identified by

MedLEE and manual coding.

Agree | Disagree|

[MedLEE Yes| No | No | Yes
anual codin Yes| No | Yes| No
Eavitation 20 1128] 13| 1
[Upper lobe infiltrate st{otf2ar] 8
[MidAower lobe infiltrate| 59 [ 71 | 27 ] 14
[Pleural effusion 33[130] 5] 3
Miliary tuberculosis 31167 1] 0
[Hilar adenopathy 11 {145] 6 | 9
[Tuberculosis 36 |118] 10] 7
Iinfiltrate 1131 331 18] 7
Total 335/883]101] 49
(89.0%) | (11.0%)

Three negative terms (no cavitation, no miliary tu-
berculosis, no tuberculosis) did not appear in any
report. For the other three terms, agreement with
manual coding was 85/95 (89.5%) and ranged from
28/38 (73.7%) to 25/25 and 32/32 (100%) (Table 4).

Table 4. Comparison of negative terms identified by

MedLEE and manual coding.
Agree | Disagree |

[MedLEE Yes Ycs
I%danual coding No Yes

o infiltrate 28 10
[No pleural effusion 25 0
INo hilar adenopathy | 32 0
Total 85 10

(89.5%) | (10.5%)

The circumstances of disagreement were analyzed
for the discrepant term agreements. During the
analysis, some errors were noted in manual coding
and in the coding of MedLEE’s output. Of the 160
term discrepancies, 32 were resolved by correcting
the coding errors. Initially 77 reports contained no
discrepant terms, and discrepant terms in another 19
reports were resolved by the correction. Thus 96/171
(56.1%) reports contained no discrepant terms. The
remaining 75 reports contained the 128 term dis-

crepancies, ranging from 1 to 4 discrepant terms per
report (average—1.71 terms per report).

The primary cause of discrepancies was the inability
of MedLEE to identify the lobar location of an infil-
trate (26 times). The reason for this is that MedLEE
was not trained to have such a fine granularity for
body locations. Also, 9 times the location was in-
ferred as upper and lower lobe because the report
stated that infiltrates were throughout the lung. For
21 discrepancies, MedLEE was unable to parse a
part of a sentence or did not recognize words which
were not in its lexicon or were misspelt. On 8 occa-
sions, MedLEE interpreted no definite infiltrate as
absence of an infiltrate which was not considered
right. For 8 discrepancies, MedLEE was unable to
use the right context from the rest of the sentence, or
from previous sentences. In 4 cases, MedLEE failed
to creatc a finding containing the term. In 4 other
cases, MedLEE identified an adenopathy but could
not find its location. Twice, TB was not mentioned
directly but as PPD positive or known infectious dis-
ease which MedLEE did not identify as TB. On the
other hand, manual coding was also unable to iden-
tify the location of an infiltrate or an infiltrate itself
32 times. In 14 other instances, manual coding
missed terms that MedLEE identified successfully.

The third comparison was at the level of the entire
report about suspicion for TB. MedLEE agreed with
manual coding on 152/171 (88.9%) reports. When
using infiltrate without lobar location, the agreement
became 157/171 (91.8%) (Table 5). MedLEE cor-
rectly identified patients to be suspicious for TB not
identified by manual coding. The overall sensitivity
of MedLEE was 135/171 (78.9%) with infiltrate lo-
cation and 146/171 (85.4%) without infiltrate loca-
tion, while manual coding was 142/171 (83.0%).

Table 5. Number of reports considered suspicious for
TB by manual coding and MedLEE.

Suspicious] Manual MedLEE
for TB coding [Infiltrate with Infiltrate w/o
location location

Yes 142 129 (90.8%)] 137 (96.5%)
No 29 23 (79.3%) | 20 (69.0%)
Total 171 1152 (88.9%)] 157 (91.8%)

Of the 19 discrepancies, MedLEE was unable to find
infiltrate (or its location) 9 times, failed to create a
finding twice, incorrectly identified terms twice, and
could not identify a term once due to misspelling.
Manual coding was unable to identify hilar adenopa-



thy thrice and infiltrate twice. Five discrepancies
were resolved if the infiltrate location was ignored.

DISCUSSION

Researchers have long been interested in using NLP
for encoding information in different free-text re-
ports including radiography reports, pathology re-
ports, and discharge summaries.'>"? This study fo-
cuses on encoding the clinical information in chest
radiograph reports. Such encoded information has
been used to identify reports that describe new or
expanding neoplasms for monitoring and follow-up
of these patients.”* More commonly, it is used to
increase the amount of electronic patient data that
can be used by computers for decision support.'***

Many published reports have also described studics
conducted to evaluate the performance of NLP sys-
tems.'>1418242% However, most of these studies are
trying to validate the technology and demonstrate
that NLP is feasible; only one study addressed a
specific clinical issue.* Various evaluations con-
ducted on MedLEE have shown that NLP is practical
and feasible,'>'*'* and MedLEE has now been put
into routine clinical use.

This paper reports one of the earliest clinical studics
of an NLP system, rather than an experimental study
conducted under laboratory conditions. While the
study was retrospective because we had more infor-
mation on that patient population, MedLEE is being
used routinely to identify patients suspected of hav-
ing TB. An agreement rate of 89% on positive terms
surpassed our expectations because MedLEE has
been trained for the domain of chest radiographs in
general, and not specifically for TB. One possible
reason for the high agreement rate is that the study
focuses on few selected clinical terms, and it does
not report the agreement rate of other terms.

One of MedLEE’s weaknesses demonstrated by this
study was its inability to determine the location of
lung infiltrates, even though such information was
present in the report. This is because MedLEE has
not been specifically trained to look for this. In fact,
when location information was ignored, the agree-
ment of the infiltrate terms went from 272/342
(79.5%) to 146/171 (85.4%). By fine-tuning
MedLEE for these findings, it may be possible to
achieve a better agreement rate.

The motivation of the study was to demonstrate that
NLP can be used to encode free-text reports in order
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to determine patient eligibility for clinical practice
guidelines. This was attempted in one other system
where admission reports of patients with coronary
artery disease and chronic stable angina were en-
coded to determine if they were eligible for coronary-
artery bypass grafting surgery.”’” In our study, 90.8%
of the patients with suspected TB were correctly
identified by MedLEE. Manually, the same task
would require trained personnel to read and interpret
every chest radiograph report, and determine if the
patient is eligible for TB guidelines. This is a diffi-
cult task because we have 250 final chest radiograph
reports produced daily, but is necessary due to the
high incidence of TB in our patient population. Thus
NLP offers a practical alternative to determine pa-
tient eligibility for computerized practice guidelines.

This study has couple of limitations. The results may
be biased because the manual coding of one physi-
cian was being used as the gold standard. We have
previously shown that physicians disagree among
themselves about the presence of clinical conditions
in a report.'® We also noted that our gold standard
was not infallible and contained errors. Different
results may have been obtained if the gold standard
manual coding was done by a group of physicians. A
simple rule was used to identify eligible patients—
presence of at least one positive term suggestive of
TB. Since the study subjects were limited to TB pa-
tients, it gave us an accurate estimate of the sensitiv-
ity of the rule in TB patients. However we do not
know the specificity of the rule because it was not
tested on chest radiographs from a non-TB popula-
tion. We suspect that the specificity will not be as
high because the selected terms (Table 1) occur often
in abnormal chest radiograph reports where the ab-
normality may not be related to TB.

In conclusion, this study shows that MedLEE agrees
very well (nearly 90%) with manual coding per-
formed by a human expert on chest radiograph re-
ports of TB patients. Thus NLP can be used in order
to encode free-text reports to determine patient eli-
gibility for clinical practice guidelines.
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