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There is need for encoded data for computerized
clinical decision support, but most such data are
unavailable as they are in free-text reports. Natural
language processing offers one alternative for en-
coding such data. MedLEE is a natural language
processing system which is in routine use for encod-
ing chest radiograph and mammogram reports. In
this paper, we study MedLEE'’s ability to identify
mammogram findings suspicious for breast cancer
by comparing MedLEE'’s encoding with a logbook of
all suspicious findings maintained by the mammog-
raphy center. While MedLEE was able to identify all
the suspicious findings, it varied in the level of
granularity, particularly about the location of the
suspicious finding. Thus, natural language process-
ing is a useful technique for encoding mammogram
reports in order to detect suspicious findings.

INTRODUCTION

With the increasing computerization of patient data
in health care, there is growing interest in the use of
automated decision support to improve the quality of
health care and/or reduce the cost of health care de-
livered to the patients. A primary means of providing
such decision support has been through the use of
alerts and reminders to perform a variety of tasks
including the prevention of adverse drug events,
implementation of guidelines, and reduction of un-
necessary diagnostic testing.' Studies have shown
significant improvements in patient outcomes and/or
reduction in health care costs through the routine use
of such systems**

A key requirement for automated clinical decision-
support systems is the availability of patient data
electronically and in a format that the systems can
understand. While the computerization of patient
data is solving the former requirement, the latter
requirement can only be fulfilled by having the data
available in a coded format. Numeric data such as
laboratory results or easily coded data such as phar-
macy medications are readily available in a coded
format. However, a vast amount of patient data is
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predominantly available only as free text—radiology
reports, discharge summaries, pathology reports,
admission histories, and reports of physical exami-
nations. In order to use this data for clinical decision
support, it has to be obtained in a coded form. Two
primary techniques are available to obtain informa-
tion 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 to encode free-text reports. 12

At Columbia-Presbyterian Medical Center (CPMC),
we have been using MedLEE (Medical Language
Extraction and Encoding System),'®"" a natural lan-
guage processing system to extract, structure, and
encode clinical information in all chest radiograph
and mammogram reports since February 1995. On
average, MedLEE processes about 650 chest radio-
graphs and mammograms (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 monitor generates alerts using
Medical Logic Modules written in Arden Syntax.'s

We have studied MedLEE extensively in the domain
of chest-radiograph encoding. An evaluation to de-
tect the presence or absence of 6 clinical conditions
in 200 admission chest radiograph reports showed
that MedLEE was not distinguishable from 6 inter-
nists and 6 radiologists, and was superior to 6 lay
persons and 3 other computer methods.'® Another
study to determine if MedLEE can identify patients
at risk of having tuberculosis based on their admis-
sion chest radiographs showed that MedLEE agreed
with an infectious diseases expert on 92% of the re-
ports.'” Encoded chest radiograph results from
MedLEE are being used to automatically detect tu-
berculosis patients for respiratory isolation'® and for
reporting to the Department of Health. '’

Having achieved success with chest radiograph re-
ports, we are now exploring the use of MedLEE for
encoding mammogram reports and discharge sum-



maries. In this paper, we will focus on mammogram
reports. Breast cancer is the most common form of
cancer for women in the United States, affecting
32% of women diagnosed with cancer.”’ The most
common use of mammograms is for breast cancer
screening. Recently, studies have demonstrated the
benefits of routine mammograms in terms of early
detection of .cancer and the subsequent reduction in
mortality.?! This has led to the recommendation of
an annual mammogram as a preventive health
measure for women over the age of 50.2

One direct consequence of the recommended annual
screening is that mammography clinics are seeing
large patient loads. This has led to the need for
automated techniques to process the mammogram
reports and screen for suspicious cases. This paper
reports on a study to determine if MedLEE can
identify suspicious mammogram findings that have
been identified by radiologists.

METHODS

The Breast Cancer Center at Columbia-Presbyterian
Medical Center performs mammograms for both
screening and diagnosis. As part of its routine op-
eration, the Breast Cancer Center maintains a log-
book containing all suspicious findings found on
screening and diagnostic mammograms, along with
the date of the finding, name and medical record
number of the patient, initials of the technician and
attending radiologist, name of referring physician,
and action taken. For example, a typical entry in the
log book could include finding new mass on 3/19/97
for patient Jane Doe (medical record number
1234567), initials ABC/XYZ, referring physician
Dr. Smith, and action left message for Dr. Smith.

We extracted one year of data from the logbook. For
each of those patients, we obtained the original
mammogram report from our clinical data reposi-
tory."> These reports were then encoded using
MedLEE. For each report, the MedLEE encoding
consists of terms classified into many categories in-
cluding problems (e.g., calcification), procedures
(e.g., mammogram), recommendations (e.g., biopsy),
and findings (e.g., spiculated). Each term also has
several modifiers including section of examination
(e.g., impression), body location (e.g., breast), posi-
tion (e.g., anterolateral), region (e.g., bilateral),
quantity, certainty and size.

For each finding in the logbook, we determined the
nearest term (and associated modifiers) in the

MedLEE encoding from the impression section of
the mammogram report and from the description
section of the mammogram report. We then com-
pared the logbook findings to each of these terms
separately. For the comparison, all the terms within
each of following sets were considered to be equiva-
lent to each other:

® mass, cyst, density, lesion, lump, nodule

o calcification, microcalcification

o architectural distortion, architectural irregularity
Each comparison was classified into one of the four
categories specified in Table 1.

Table 1. Categories and their explanation for com-
paring logbook findings and encoding terms

Category Explanation

Same both logbook finding and encoding term
are the same

Encoding | encoding term has more information
than the logbook finding

Logbook | logbook finding has more information
than the encoding term

Different | both logbook finding and encoding term
are different (though they may overlap)
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Comparisons which were classified as encoding,
logbook, and different were further analyzed to de-
termine the cause of the disagreement.

RESULTS

The study period chosen was from March 1, 1996 to
February 28, 1997. During this period, the Breast
Cancer Center entered information on 160 patients
into the logbook. Of these, 9 patients had to be ex-
cluded for the following reasons—for 5 patients, the
medical record number was not recorded or incor-
rectly recorded in the logbook, and the correct medi-
cal record number could not be found by name
lookup since it was a common name (the medical
record number is required to obtain the mammogram
report from the clinical information system); for 3
patients, MedLEE could not parse and encode the
mammogram report; and for 1 patient, the mammo-
gram report was not available in the clinical infor-
mation system. For the remaining 151 patients, the
logbook recorded 173 suspicious findings.

Table 2 contains the results of comparing the log-
book findings with the encoded terms from the im-
pression and description sections of the mammogram



reports respectively. The level of complete agreement
was very low. However, for each suspicious finding,
the MedLEE encoding also contained the suspicious
term. The main difference was the level of granular-
ity of the findings, with MedLEE usually having
more detail.

Table 2. Comparison of logbook findings and encod-
ing terms from different sections of mammogram

Category Mammogram section
Impression Description
Same 24 (13.9%) 16 (9.2%)
Encoding 56 (32.4%) 61 (35.3%)
| Logbook 40(23.1%) 23 (13.3%)
| Different 53 (30.6%) 73 (42.2%)

The most common form of additional information in
Encoding related to location of the logbook finding.
The impression section encoding also listed laterality
(e.g., left) 17 times, quadrant (e.g., upper inner) 10
times, region (e.g., subareolar) 7 times, and clock
location (e.g., 8:00) 9 times. The description section
encoding also listed laterality 16 times, quadrant 20
times, region 12 times, and clock location 11 times.
Note that some encodings had both laterality and
quadrant which were not in the logbook finding.
Other sources of additional information usually were
modifiers such as asymmetric, clustered, diffuse,
indeterminate, malignant, new, palpable, shadow
which provided more information about the suspi-
cious finding.

The category Logbook included logbook findings for
which there was no corresponding term in the encod-
ing. Eleven logbook findings had no corresponding
term in the impression section encoding, and 2 log-
book findings had no corresponding term in the de-
scription section encoding. Another source of addi-
tional information was location of the logbook find-
ing. The impression section encoding did not have
laterality 19 times, quadrant 5 times, region twice,
and clock location 8 times. The description section
encoding did not have laterality 8 times, region
twice, and clock location 5 times. Other sources of
additional information usually were modifiers such
as those listed for Encoding.

The category Different includes cases where there
was some overlap as well as cases with no overlap at
all. In one case, the logbook recorded palpable red
hot tender whereas the impression section encoding
had mastitis from the mammogram. Once again,
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location was the most common source of difference
between the logbook findings and MedLEE encod-
ings. The impression section encoding had laterality
15 times, quadrant 4 times, region twice, and clock
location 4 times. The description section encoding
had laterality 12 times, quadrant 9 times, region 10
times, and clock location 8 times. On the other hand,
the impression section encoding did not have later-
ality 10 times, quadrant 5 times, region twice, and
clock location 8 times. And the description section
encoding did not have laterality 21 times, quadrant 3
times, region once, and clock location 5 times. Other
sources of difference usually were modifiers such as
those listed for Encoding.

Table 3 contains the pairing of comparison catego-
ries for the two sections of the mammogram report.

Table 3. Comparison categories for impression and

description sections compared
Description
Impression| Same | Encoding| Logbook | Different
Same 2 10 4 8
Encoding 4 32 4 16
Logbook 7 10 8 15
| Different 3 9 7 34

This shows that even though some impression sec-
tion terms and modifiers match with the logbook
findings, there is usually more or other information
in the description section terms. If the impression
section encoding contains more information, then
the description section encoding is also likely to
contain more information. Nothing conclusive can
be stated if the impression section encoding contains
less information than the logbook. Finally, if the
impression section encoding is different from the
logbook finding, then the description section encod-
ing is also likely to be different from the logbook.

DISCUSSION

Researchers have long been interested in using natu-
ral language processing for encoding information in
different free-text reports including radiography re-
ports, pathology reports, and discharge summa-
ries.'®'? This study focuses on encoding the clinical
information in mammogram reports. To our knowl-
edge, this is the first study of natural language proc-
essing specifically for mammograms. Since mam-
mography is a very constrained domain, we expect
natural language processing to be successful within



this domain.

Many published reports have also described studies
conducted to evaluate the performance of natural
language processing systems.'"'2!¢172326 However,
most of these studies are trying to validate the tech-
nology and demonstrate that natural language proc-
essing is feasible; only one study addressed a specific
clinical issue.** Various evaluations conducted on
MedLEE have shown that natural language process-
ing is practical and feasible,'®!"'*'"?" and MedLEE
has now been put into routine clinical use. This pa-
per represents an example of a potential clinical use
of natural language processing in a routine se tting.

One major difference noted between the logbook
findings and MedLEE encodings was the location
modifiers. In many mammograms, location infor-
mation such as laterality is usually inferred from the
context that has been set up in the earlier sentences.
However, MedLEE currently processes reports one
sentence at a time, and does not retain context from
previous sentences. This makes it difficult for Med-
LEE to make the inferences that humans make while
reading free-text reports. An obvious enhancement to
MedLEE would be to try and retain location infor-
mation and use it as a modifier for the terms.

For the purposes for identifying suspicious masses,
MedLEE performed well because it was able to
identify all the suspicious findings, either through
the impression section or the description section of
the mammogram. However, as noted above, the lo-
cation information was often lacking or incomplete.
While this does not impact the flagging of mammo-
grams as potentially abnormal, it does have an effect
on other possible automated tasks. One such task
could be the ordering of follow-up examinations
such as a biopsy where precise location of the suspi-
cious mass is required.

This study has a few limitations. It uses the mam-
mography logbook as a reference standard. However,
while there was some structure to the information in
the logbook, the level of detail was different for dif-
ferent radiologists. This became evident when we
noticed some radiologists noting the laterality as well
as quadrant information of a finding, and other ra-
diologists only noting the finding with no location
information. This difference in individual styles in-
fluenced the comparisons made in this study.

This study only measures the sensitivity (or true-
positive rate) of MedLEE because all the encoded
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cases that were examined were known to have sus-
picious findings. Since we did not study the encod-
ing of a set of normal mammograms to see if they
also contained any suspicious terms, we do not know
the specificity (or 1 — false-positive rate) of MedLEE
for detecting suspicious findings in mammograms.

In conclusion, this study demonstrates that natural
language processing is a useful and practical tech-
nique for encoding mammogram reports to detect
suspicious findings. It can serve as a valuable assis-
tant in dealing with large volumes of mammograms
that are being generated by the current preventive
health maintenance guidelines recommending an-
nual mammograms for women over age 50.
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