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Abstract

Many ongoing clinical research projects, such as projects in-
volving studies associated with cancer, involve manual capture
of information in surgical pathology reports so that the informa-
tion can be used to determine the eligibility of recruited patients
for the study and to provide other information, such as cancer
prognosis. Natural language processing (NLP) systems offer an
alternative to automated coding, but pathology reports have cer-
tain features that are difficult for NLP systems. This paper de-
scribes how a preprocessor was integrated with an existing NLP
system (MedLEE) in order to reduce modification to the NLP
system and to improve performance. The work was done in con-
junction with an ongoing clinical research project that assesses
disparities and risks of developing breast cancer for minority
women. An evaluation of the system was performed using man-
ually coded data from the research project’s database as a gold
standard. The evaluation outcome showed that the extended
NLP system had a sensitivity of 90.6% and a precision of 91.6%.
Results indicated that this system performed satisfactorily for
capturing information for the cancer research project. 
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Introduction
Many ongoing clinical research projects [1-2], such as projects
involving studies associated with cancer, involve capturing in-
formation in pathology reports so that the information can be
used to determine the eligibility of recruited patients for the
study and to provide other information, such as cancer progno-
sis. The data is typically extracted and entered manually because
pathology reports consist primarily of unstructured free-text and
thus the information they contain are not usable for other auto-
mated processes that need to reliably access the information.  
Natural Language Processing (NLP) offers an alternative to au-
tomated coding. Recently, NLP in the medical domain has begun
to show promising results [3-8]. At Columbia-Presbyterian
Medical Center (CPMC), MedLEE (Medical Language Extrac-
tion and Encoding System), a natural-language processor, has
been successfully developed for automated encoding of the in-
formation content of text documents, including discharge sum-
mary, radiology, pathology and mammogram reports [9] , but
surgical pathology reports present a number of unique challeng-

es and are difficult to for MedLEE as well as for other NLP sys-
tems.
One difficulty is that many of the reports contain tabular data and
are missing punctuation marks in many places. For example, in
Figure 1(a), instead of a period, a space is used to separate the
value of the finding DNA INDEX from the next finding S-
PHASE, and there is no period following S-PHASE. The results
of NLP systems generally depend on end of sentence markers to
identify sentences as units of processing and lack of end of sen-
tence marks results in errors. Another difficulty is that many of
the reports have explanations that are interspersed with findings
and the information in the explanations should not be considered
as findings.  Shown in Figure 1(b) is an explanation associated
with the interpretation of DNA INDEX results.  For NLP sys-
tems, it is difficult to differentiate between real findings and ex-
planation statements. Another difficulty is that sometimes a
pathology report contains special characters, such as ‘>’(shown
as Figure 3 (c)), which will cause invalid XML output if the orig-
inal text is preserved.

Figure 1 -  Sample findings of pathology reports.

A possible solution to the above difficulties would be to develop
a preprocessor which can transform the original reports into a
format that MedLEE or another NLP system can process more
accurately. For the above DNA INDEX example (Figure 1(a)),
the preprocessor can add periods in the appropriate places.
The particular cancer research project that we are collaborating
with assesses disparities and risks of developing breast cancer
for minority women. Disparities associated with race/ethnicity
have been observed in breast cancer incidence, mortality, and
survival in the United States [2]. Although women of African
and Hispanic descent have lower breast cancer incidence rates
than women of European (non-Hispanic) descent in the United
States, the difference is diminishing, and women of African de-
scent have higher breast cancer mortality rates than other wom-
en.  In this project, data that includes tumor markers obtained
from pathology reports are used. Data from pathology reports in-
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clude 13 types of findings: procedure name, tumor stage, num-
ber of positive lymph nodes, expression of estrogen receptors,
progesterone receptors and Her-2/Neu, nuclear grade, ploidy,
DNA INDEX, quantitative S-Phase, qualitative S-Phase, G2-M
and Proliferation Index. In this study, we used all the findings
except the tumor stage information. 
Currently, the clinical research project has a data manager who
is responsible for reading pathology reports manually, extracting
relevant information, using rules to interpret them and entering
the final results into an Access database. The rules, which were
used to interpret the finding results and determine the final en-
tries in the database, were developed by the research project
team to specify details of the manual encoding process. Figure 2
shows the rules for the Her-2/Neu result. The result for Her-2/
Neu can be “Positive”, “Negative” or “N/A”. For a result of
“Negative”, there are three possible findings: (1) The Herceptest
Score is “0” or “1+"; (2) The Her-2/Neu protein is < .1pg/cell by
immunohistochemical quantification; (3) a narrative expression,
such as “No over expression is identified”. If one of three find-
ings is found, the result for Her-2/Neu will be “Negative” in the
database.  Similar rules for the “Positive” result of Her-2/Neu are
also applied. For an automated NLP system that extracts and
structures relevant clinical information in the reports, a postpro-
cessor would be needed to implement those rules in order to ob-
tain the same results as the manual coding.

Figure 2 -  Rules for Her-2/Neu Finding

This paper reports on the methods used to extend MedLEE for
this application. Additionally, a study was performed to deter-
mine whether the extended MedLEE system could be used to fa-
cilitate the information needs of above project. The methods
section will describe the development of the extended MedLEE
system and the feasibility study. The results section will discuss
the outcome of the evaluation. 

Methods

Manual Analysis
Several samples of surgical pathology reports associated with
breast cancer were retrieved from the data repository at Colum-
bia-Presbyterian Medical Center (CPMC), and a manual analy-
sis was performed. The analysis included several different steps.
The first step identified the overall structure of the surgical pa-
thology report and the information types in each section.  The
second step identified  findings needed for the particular re-
search project. The third step analyzed the sentences containing
the findings to determine if MedLEE’s representational schema
was adequate for capturing the types of information that were
needed. 

Based on the manual analysis of findings that were relevant, the
findings were classified into two categories: tabular findings and
narrative findings. Tabular findings, such as “DNA INDEX
1.09”, primarily have simple “Name Value” formats so that they
are easy to capture automatically with high accuracy. Tabular
findings include DNA INDEX, G2-M, quantitative S-PHASE,
Proliferation Index, Estrogen Receptors and Progesterone Re-
ceptor. Narrative findings, such as “No Her-2/neu over expres-
sion is identified”, are in the form of narrative text. Narrative
types of information are much more varied, and are usually more
challenging to capture. We would expect that an NLP system
would have somewhat lower performance in interpreting them
than the tabular types of findings, and therefore we evaluated the
results for the two categories separately. Narrative findings in-
clude Procedure Name, Number of Positive Lymph Nodes, Her-
2/Neu, Nuclear Grade, Ploidy and Qualitative S-Phase. There-
fore every report contains 6 tabular findings and 6 narrative find-
ings for this study.
As a result of manual analysis, we determined that MedLEE’s
target schema was adequate for representing the relevant infor-
mation. The only modification that was needed was to add new
lexical entries in order to recognize new types of information.

System Development
An extended MedLEE system was developed. Figure 3 shows an
overview of the system. It consists of a preprocessor for pathol-
ogy reports, the MedLEE system with an expanded lexicon and
a postprocessor for the research project. Fifteen new lexical en-
tries for terms, such as “DNA INDEX”, “G2-M”, and “Her-2/
Neu” were created and added to the existing MedLEE system. A
pre-processor is used to transform the pathology report into a
more suitable format for MedLEE. MedLEE processes the trans-
formed report and generates structured XML output, and then
the post-processor processes the XML output, extracts findings
that are needed for the clinical research project, interprets them
according to the rules formulated for the research project, and
then maps the information into a data file that contains a tabular
format where the information is in a form that can be directly
used for the project.  

Figure 3 -  Overview of the Extended MedLEE System.

The pre-processor was developed in Perl to transform certain
text in a pathology  report into a format that MedLEE could pro-
cess more accurately. The preprocessor adds periods at the ap-
propriate place (shown as Figure 4(a)), identifies and marks
explanation statements with a special tag (“<ign”>) so that the
information enclosed by the ignore tag will be ignored when pro-
cessing the text (shown as Figure 4(b)), and removes special

Result Conditions

Negative
No Over expression is identified
Or Herceptest score of 0 or 1+
Or Her-2/Neu protein < .1pg/cell

Positive
Over expression is identified
Or Herceptest score of 2+ or 3+
Or Her-2/Neu protein>= .1pg/cell

N/A Not available
566



H. Xu et al.
characters, such as ‘>’ (shown as Figure 4(c)).  Figure 4 shows
the output after preprocessing the statements in Figure 1.

Figure 4 -  Sample outcomes after preprocessor.

The post-processor was developed in Perl by using the XPATH
module from CPAN (Comprehensive Perl Archive Network).
The postprocessor extracts relevant findings from the XML out-
put of MedLEE, interprets them to obtain the final results based
on the rules established for manual coding, enters the final re-
sults into a data file which is a tabular form that can be imported
directly into the Access database of the research project. In the
data file, 12 finding results from one report are placed in the
same row in tabular form. This format was determined by the
Access database schema associated with the research project.
Figure 5 shows an example of a the value of the finding Her-2/
Neu. Column 1 shows the original statement containing Her-2/
Neu in the report, column 2 shows the corresponding XML out-
put generated by MedLEE, and column 3 shows the final results
that are stored in the corresponding field in the data file. In this
example, the results for the final value of Her-2/Neu were based
on the rules shown in Figure 2.

Figure 5 -  Sample of information associated with Her-2/Neu 
before and after postprocessing.

Evaluation
Manually coded data from 70 surgical pathology reports were
obtained from the Access database of the breast cancer research
project and saved into a data file. This data file of manual coding
served as a gold standard in the study. This data was previously
entered into the database as part of the operation of the research
study, and was not prepared for this particular NLP study. The
70 original textual surgical pathology reports were also obtained
from the data repository of CPMC. Each report was de-identified
and the same study ID corresponding to the manually coded data
ID was assigned. Twenty reports were used as a training set to
develop the preprocessor and postprocessor, and to extend
MedLEE. The remaining 50 reports were used as the test set to
evaluate the performance of the extended MedLEE system. 
After the extended MedLEE system was developed, it was eval-
uated by processing the 50 reports in the test set to obtain results.

Comparison was performed between the gold standard and the
extended MedLEE system. The total number of matches and
mismatches, which contained incorrect or incomplete finding re-
sults, were counted and used for analysis. Differences between
the extended system and the gold standard were shown to the
data manager of the research project for checking purpose. The
data manager found a number of errors in the gold standard and
then corrected the gold standard by fixing the errors. Compari-
son between the extended MedLEE system and the revised gold
standard was performed as well. 

Results
Initially, the extended MedLEE system had an overall sensitivity
of 90.6% and an overall precision of 91.6% when using the orig-
inal gold standard (shown as Table1). As we anticipated, perfor-
mance was better for the tabular findings (sensitivity: 95.8% and
precision: 95.4%) than for narrative findings (sensitivity: 86.0%
and precision: 88.3%).  The data manager of the research project
checked the differences that were detected between the extended
MedLEE system and the manual coding, and determined that a
number of errors (39.2%(20/51)) were due to the manual coding.
When the data manager corrected the gold standard, the extend-
ed MedLEE system had an overall sensitivity of 93.9% and an
overall precision of 95.4% (shown as Table 2). 
Table 1: Comparison of findings identified by MedLEE system 

and original manual Coding

Table 2: Comparison of findings identified by MedLEE system 
and revised manual Coding

For tabular findings, the system had a sensitivity of 96.2% and a
precision of 96.6% with the revised gold standard. For narrative
findings, the system had a sensitivity of 91.9% and a precision
of 94.3% with the revised gold standard. 
Comparison of processing time was also performed for the man-
ual coding and the extended MedLEE system. As estimated by
the data manager of the research project, it took approximately
10 minutes to manually code one report. Therefore 50 reports

Original text XML output Result 
No Her-2/Neu 
overexpression 
is identified.

<labtest v="Her-2/neu" 
idref="p1138"> 
<certainty v="no" 
idref="p1136"> </certainty>
<sectname v="report adden-
dum item"> </sectname> 
<sid idref="s6.19.3"> </sid>
</labtest>

Negative

Category Sensitivity Precision

Tabular Findings 95.8%(227/237) 95.4%(227/238)

Narrative Findings 86.0%(233/271) 88.3%(233/264)

Overall 90.6%(460/508) 91.6%(460/502)

Category Sensitivity Precision

Tabular Findings 96.2%(230/239) 96.6%(230/238)

Narrative Findings 91.9%(249/271) 94.3%(249/264)

Overall 93.9%(479/510) 95.4%(479/502)
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would take 500 minutes for manual coding. For the extended
MedLEE system, it took approximately 10 minutes to process 50
reports when using a Sun Blade 2000 workstation with tow 900
MHz 64-bit UltraSPARC III CPUs and 2GB RAM.

Discussion
In this study, we skipped one finding tumor stage that is also
needed for the clinical research project because there are no di-
rect findings related to tumor stage in the report. The tumor
stage finding was determined by other two findings: tumor size,
which is not captured in this study, and number of positive lymph
nodes, which is one of the findings used in this study. The rules
to determine the tumor stage are complex and have changed dur-
ing the period of the clinical research project. In the future, the
extended MedLEE system will be expanded for the operational
phase in order to capture the finding of tumor size and implement
the rules to determine the tumor stage.
During the development of the extended MedLEE system, an-
other difficulty of surgical pathology reports was explored. Al-
though it occurs infrequently, one report sometimes contains
more than one specimen of interest for the research project, and
findings associated with each different specimen are mentioned
throughout the report. Figure 6 illustrates an example of this
problem. The “Specimen” section refers to two specimens: A
and B. Later, the “Microscopic Description” section mentions
findings associated with specimen A and specimen B separately.
It is difficult for an NLP system to match the findings with the
particular specimens, especially since the specimens are not uni-
formly identified in the reports. Another preprocessing proce-
dure was developed to solve this problem by creating separate
report segments where findings are associated with the appropri-
ate specimen. This procedure will be integrated into the prepro-
cessor to improve the handling of these complex cases.

Figure 6: sample of multiple-specimens problem
Some errors of the extended MedLEE system appear easy to fix.
For example, the system did not get results for the Her-2/Neu
finding in a few reports because the reports contained the phrase
“Herceptest staining score” instead of “Herceptest score”. To fix
this, the term “Herceptest staining score” has to be added to the
lexicon. Other errors would be more difficult to fix. For exam-
ple, the current system did not capture the number of positive
lymph nodes if the finding is expressed in two sentences as:
“There were 16 lymph nodes. One of them was positive.”  
By analyzing the errors in the manual coding, we obtained inter-
esting findings: errors in manual coding seemed to increase
when the interpretation rules were complicated or confusing. For
example, in manual coding, the Her-2/Neu results were occa-
sionally falsely interpreted as “Positive” when the “Herceptest

score” was “1+”. It is possible that “1+” may suggest a result
“Positive”, though the rules defined it as “Negative”.  This dem-
onstrates that an automated system could eliminate some errors
caused by human factors and produce more consistent results if
the performance is satisfactory.
Although the extended MedLEE system generated results in less
time than the manual coding process, the processing time was
relatively long for an automated system because the XPATH
module that was used was slow when the XML output of a report
was large. To improve the efficiency of the system, there are two
alternatives we will explore. One will involve reducing the size
of XML input that is sent to the postprocessor: only relevant
findings would be sent instead of output for the entire report. The
other alternative would be to find a more efficient XML parser
to replace XPATH.
Note that a relatively simple Perl script would have been ade-
quate to extract the structured information needed for this project
without use of MedLEE. However, the rest of data that was re-
quired (around 50%) occurred as free-text, and it would be too
difficult for a simple Perl script to handle the variety found in
free-text. Furthermore, additional effort would also be required
to include code in the Perl program to generate output compara-
ble with MedLEE’s XML output. By using a simple preproces-
sor to change the structured data to a form appropriate for
MedLEE, the effort that was required for the overall system was
minimized.
Although this particular application only needs limited clinical
information, MedLEE, which was previously trained in the pa-
thology domain, captures a much larger amount of clinical infor-
mation in pathology reports. It means that this system can also
be used for other applications requiring other types of informa-
tion in pathology reports. More than that, the model described
here can serve as a prototype for other research studies. For ex-
ample, other types of reports, which may contain tables, expla-
nations that are not findings, or present similar difficulties for
existing NLP systems, can use straightforward preprocessing
programs to reduce or eliminate the difficulties. Meanwhile, this
model broadens the application fields for NLP.
This study had a few limitations. The gold standard we used was
obtained from the manual coding of one data manager and could
be a source of bias. In fact, the data manager noted that the gold
standard contained errors, and different results may have been
obtained if the gold standard was determined by a different
method. However, it is very difficult to obtain a gold standard.
By using the manual coding that already existed as a gold stan-
dard, we saved a substantial amount of time and effort, and also
used data that was realistically obtained for an ongoing clinical
study.
Our results demonstrated that the expanded system performed
well and that the clinical research project would benefit from it.
In the future, we hope to integrate the extended MedLEE system
into an operational mode so that it will be used to populate the
database of the research project. Integration issues will also in-
volve linking the final results to the relevant places in the origi-
nal reports so that, if desired, the data manager of the project
would be able to manually validate the results obtained using the
system. Since NLP will most likely generate some errors, it will
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be important for clinical researchers to be able to conveniently
validate the results for quality control. 

Conclusion
We have identified how certain information in pathology re-
ports, which is troublesome for NLP systems, can be captured
accurately through use of a preprocessor that adjusts the text and
eliminates some of the difficulties. Additionally, we also demon-
strated that post-processing was generally needed. A postproces-
sor was used to incorporate rules formulated by the clinical
project in order to obtain the information in a form that was com-
patible with that of the project. The extended NLP system was
evaluated using a gold standard established as part of the opera-
tion of the clinical research project. Results showed that the ex-
tended MedLEE system had a sensitivity of 90.6% and a
precision of 91.6% with the original gold standard. After the data
manager revised the gold standard to correct errors she felt she
made, the system had a sensitivity of 93.9% and a precision of
95.4%. This study demonstrated how an existing NLP system
could be used to facilitate clinical research projects with only
minor modification.
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