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Abstract Objectives: The College of American Pathologists (CAP) Category 1 quality measures, tumor stage,
Gleason score, and surgical margin status, are used by physicians and cancer registrars to categorize patients into
groups for clinical trials and treatment planning. This study was conducted to evaluate the effectiveness of an
application designed to automatically extract these quality measures from the postoperative pathology reports of
patients having undergone prostatectomies for treatment of prostate cancer.

Design: An application was developed with the Clinical Outcomes Assessment Toolkit that uses an information
pipeline of regular expressions and support vector machines to extract CAP Category 1 quality measures. System
performance was evaluated against a gold standard of 676 pathology reports from the University of California at Los
Angeles Medical Center and Brigham and Women’s Hospital. To evaluate the feasibility of clinical implementation, all
pathology reports were gathered using administrative codes with no manual preprocessing of the data performed.

Measurements: The sensitivity, specificity, and overall accuracy of system performance were measured for all
three quality measures. Performance at both hospitals was compared, and a detailed failure analysis was
conducted to identify errors caused by poor data quality versus system shortcomings.

Results: Accuracies for Gleason score were 99.7%, tumor stage 99.1%, and margin status 97.2%, for an overall
accuracy of 98.67%. System performance on data from both hospitals was comparable. Poor clinical data quality
led to a decrease in overall accuracy of only 0.3% but accounted for 25.9% of the total errors.

Conclusion: Despite differences in document format and pathologists’ reporting styles, strong system performance
indicates the potential of using a combination of regular expressions and support vector machines to automatically
extract CAP Category 1 quality measures from postoperative prostate cancer pathology reports.
� J Am Med Inform Assoc. 2008;15:341–348. DOI 10.1197/jamia.M2649.
Introduction
A growing recognition of the inconsistencies in the quality
of health care delivered1 has led to a greater emphasis on the
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analysis of key quality measures contained within the med-
ical record.2–4 Unfortunately, many of the quality measures
required for such analyses remain accessible only through
time- and resource-intensive manual record review because
of the predominant use of unstructured free text in the
clinical record.5

One disease for which patterns of care indicate differences in
the quality of treatment is localized prostate cancer.6,7 Pros-
tate cancer is the second leading cause of cancer death in
American men, with an estimated 234,460 new cases of
prostate cancer diagnoses in the United States in 2006.8

Despite the significance of this disease’s effect on society,
efforts to test whether and how the quality of care varies
have historically been hindered by the lack of accessible and
reliable quality measures.9

As part of an effort to explore the challenges and opportu-
nities of using automated approaches to facilitate records-
based research, the University of California, Los Angeles
(UCLA) and the Center for Surgery and Public Health at
Brigham and Women’s Hospital (BWH) have created the
Clinical Outcomes Assessment Toolkit (COAT). COAT pro-
vides a framework for developers to create custom informa-

tion pipelines to import, extract, transform, and analyze
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clinical record data and an integrated user interface to
manage and audit the process.10

The three quality measures the College of American Pathol-
ogists (CAP) identifies as Category I prognostic factors, or
measures whose prognostic value has been demonstrated
empirically in the literature, are Gleason score, tumor stage,
and surgical margin status.11 Surgical margin status also
represents an important intermediate outcome because tu-
mor inadvertently left in the patient, referred to as a positive
surgical margin, is correlated with decreased cancer-specific
and overall survival and a two to four times greater chance
of biochemical cancer recurrence.12,13 All three measures are
reported in postoperative pathology reports and are used by
physicians and cancer registrars to categorize patients into
groups for clinical trials and treatment planning.14 An
application was developed using COAT that uses a combi-
nation of regular expressions and support vector machines
to extract the three CAP Category 1 quality measures.

In this study, this technique was evaluated using a com-
bined sample of UCLA and BWH prostatectomy pathology
reports. To be considered a viable alternative to manual
record abstraction, the pathology reports used in this study
were identified using International Classification of Disease
(ICD-9) and Common Procedural Terminology (CPT) codes.
In addition, no manual review or filtering of the documents
was conducted. The results produced by the system were
compared to a manually abstracted gold standard to mea-
sure the sensitivity and specificity of the system’s perfor-
mance. A detailed failure analysis was conducted to identify
the effects of data quality versus any shortcomings of the
methods used.

Background
Clinical Information Extraction
Several natural language processing (NLP) and information
extraction (IE) techniques have been successfully applied to
extract information from free text medical records. Robust
natural language processing systems such as MedLEE15 and
the National Library of Medicine’s MetaMap Transfer
(MMTx)16 use controlled vocabularies and grammatical
rules to map free text to structured representations. The use
of such systems is often supplemented with a degree of
customization to achieve acceptable levels of performance in
specific domains.17,18 In contrast, many “lighter weight”
clinical information extraction systems are designed to tar-
get specific clinical values by capitalizing on consistent
patterns in text. Examples of techniques often used in such
tasks include the use of numeric patterns and attribute labels
to capture diabetes metrics,19 regular expressions for iden-
tifying blood pressure and antihypertensive treatment inten-
sification,20 and statistical machine-learning techniques such
as support vector machines and entropy-based approaches
to identify key clinical findings.21,22 The level of customiza-
tion involved in such techniques can lead to high levels of
performance, but can also result in systems that do not port
well across medical subdomains. A third approach that has
recently gained traction in the medical informatics commu-
nity is the development of hybrid systems capable of apply-
ing several different extraction and natural language pro-
cessing approaches, often in combination, to abstract

targeted clinical information.23,24 In consideration of the
heterogeneity and complexity of clinical data25 and the
growing list of targeted quality measures,26 a similar design
was chosen for COAT. COAT combines a collection of
reusable information extraction components and clinical
data structures with integration to third-party open-source
packages such as Weka and MetaMap, and a user interface
to control and audit the results of custom information
pipelines.10

Prostate Cancer
CAP identifies three Category I prognostic factors: Gleason
score, tumor stage, and surgical margin status.11 All three
variables are the results of microscopic analyses performed
by a pathologist on specimens submitted after radical pros-
tatectomy. Specimens typically include the prostate, lymph
nodes, and some surrounding tissue. Examples of appear-
ances of Gleason score, tumor stage, and surgical margin
status can be found in Table 1.

• Gleason score is assigned based on the appearance of
cancer cells. A score of 1–5, with 5 being most aggressive,
is assigned to the two most prevalent patterns of cancer-
ous cells to create a combined Gleason score or sum.

• Tumor stage, otherwise referred to as TNM stage, is a
composite score summarizing several key pathological
findings.27,28 Tumor stage measures the volume and
location of the tumor or tumors (T), possible spread to the
lymph nodes (N), and whether disease has metastasized
to other parts of the body (M).

• As part of the histological examination, the prostate is
inked, sectioned, and inspected. If the inked margin of
resection is found to contain tumor, it indicates that the
surgeon inadvertently incised into the tumor, resulting in
a positive surgical margin.29 Unlike Gleason scores and
TNM stage, a widely adopted standardized format for
reporting margin status does not exist. As a result, it is
not uncommon for margin status to appear in sentence,
phrase, or semistructured form.

Data Collection and Sampling
Postoperative radical retropubic prostatectomy (RRP) pa-
thology reports were gathered from two major hospitals, the
UCLA Medical Center and BWH. Pathology reports were
identified by the appearance of CPT code 55845, “Retropubic
radical with bilateral lymph node dissection”30 and an

Table 1 y Typical Appearances of Gleason Score,
TNM Stage, and Surgical Margin Status

Gleason Score Tumor Stage

Gleason grade 3 � 3 � 6 T2a N0 MX
Gleason score (3 � 4) T 3 a, No, Mx
(3 � 4 � 6) T3 No Mx
Surgical margin status

No tumor present at the soft tissue resection
margin

No carcinoma is present at the inked margin
Surgical margins: negative
Surgical margins involved at right apex
Base margin positive focal left
Tumor is present focally at the margin of

resection
ICD-9 code of 185, “Malignant neoplasm of the prostate.”31
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The reports selected from BWH were drawn from RRP
surgeries conducted at BWH between January 1, 1996, and
June 1, 2006. The UCLA pathology reports were from
surgeries performed between January 1, 1998, and June 1,
2006. The total number of patients identified as having RRPs
during these time periods at both institutions is 3,483. From
this data set, a random sample of 676 pathology reports was
selected, 353 from BWH and 323 from UCLA. To conduct
this study, institutional review board approvals were ob-
tained from both institutions.

There are some noteworthy differences in the format of
UCLA and BWH post-RRP pathology reports. Both BWH
and UCLA reports feature a short summary of key findings
in paragraph form. Unlike the BWH reports, most UCLA
reports also contain a semistructured Microscopic Examina-
tion section that lists these and other pathological measures
in bulleted form. As a result, UCLA reports feature consid-
erable duplication of measures and tend to be longer than
BWH reports.

Gold Standard
For this study, no manual preprocessing or filtering of
documents was performed. This approach was taken to
validate system performance with consideration of the cur-
rent limitations of the clinical data environment. As shown
in Table 1, abstraction of the targeted quality measures does
not require any degree of clinical interpretation. As a result,
three nonphysician reviewers (medical informatics graduate
students) were trained to identify and abstract Gleason
score, TNM stage, and margin status to create a gold
standard. Partial values were logged exactly as they ap-
peared in the pathology reports. For example, a tumor stage
value reported without a numbered stage associated with
the T value was entered as “T N0Mx” as opposed to
“T2N0Mx.” Margin status was recorded as positive, nega-
tive, or left blank if no margin status diagnosis was included
in the report. Keeping with the majority position in the
urology literature, tumor reported as being close but not at
the margin (e.g., “less than a few millimeters”) was consid-
ered negative.12 To measure interrater reliability, each of the
three abstractors was asked to extract the three targeted
values from a randomly selected subsample of 38 reports.
From a total of 114 targeted values, there was only one
inconsistency: a tumor stage transcribed by one of the
abstractors as 2TbNxMx rather than T2bNxMx. The result-
ing Kappa coefficient for this analysis was 0.99. To create the
gold standard, the sample was divided equally among the
three abstractors.

In the gold standard there were a total of 12 reports (1.78%
of the sample) that did not pertain to patients with prostate
cancer who had undergone radical retropubic prostatecto-
mies, despite being labeled with CPT code 55485 and ICD-9
code 185. If these 12 reports with incorrect administrative

F i g u r e 1. Automated prepro-
cessing of clinical data.
codes were excluded, the rates of quality measure inclusion
would have been 100% for Gleason score, 98.2% for TNM
stage, and 99.4% for margin status. As they were not
excluded, the total number of missing quality measures was
12 for Gleason score for an inclusion rate of 98.2%, 24 for
TNM stage (96.5%), and 16 for surgical margin status
(97.6%). Considering partial or missing lymph node and
metastasis information (the NM of TNM stage) in an all-or-
nothing approach for TNM stage, the rate of inclusion for
this measure decreased to 94.5%.

Methods
A pipeline was created using COAT to: (1) import data from
UCLA and BWH; (2) select a random sample, and (3) extract
CAP Category I prognostics. The COAT user interface was
used to manage the flow of data through this pipeline and to
evaluate the results of each step. Reports from both institu-
tions were processed through the same pipeline. The heu-
ristics used to extract the three quality measures were
designed based on a qualitative analysis of the appearances
of the values in a random subsample of 60 reports.

Automated Preprocessing
Automated preprocessing consisted of breaking reports into
section and sentence-like structures and filtering out the
Clinical History section. Sections were defined in this imple-
mentation as text appearing between double line breaks.
Because much of the pathology report is formatted as
attribute-value pairs (e.g., “Margin Status: Negative”), this
method of partitioning sections also resulted in isolating
sentence-like units. The Clinical History section of pathology
reports often features a preliminary estimate of Gleason
score. As a result, this section had the ability to produce
inaccurate values for the pathological measurement of Glea-
son score. This section was therefore automatically identi-
fied and excluded from further processing by applying a
regular expression to the first line of each section
(“(?i)\\s*clinical.*[:.\n]\\s*\n”). Once the Clinical History
section was removed, an attempt was made to break the
remaining sections into smaller sentence-like units using
Java’s standard sentence boundary detector (Break Iterator).
Each resulting string was then sent through the pipeline of
three extraction components created for this study. The
preprocessing components of the pipeline are shown in
Figure 1.

Gleason Score, Tumor Stage, and Margin Status
Extraction
Regular expressions were used to identify Gleason score and
tumor stage. For identifying Gleason score (e.g., 3 � 4 � 7),
each string was searched for the appearance of the numbers
1–5 followed by a “�” before another appearance of 1-5. In
the case that the sum of the score was offered, it was also
captured by searching for the optional appearance of “�”
followed by a number between 1 and 10. The regular

expression was designed to account for spaces and the use of
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parentheses. The pattern used to identify Gleason score is
listed in Table 2.

The tumor “T” portion of TNM stage (e.g., T2aN0Mx) was
identified by conducting a case-insensitive search for the
appearance of “t” followed optionally by the number 1
through 4, followed optionally by the letters a, b, or c. For
both the N and M values, the letter “o” was accepted as a
substitute for the number 0. The regular expression written
in Java used for TNM stage is also provided in Table 2.
Figure 2 shows the similar processes for extracting Gleason
score and tumor stage.

Surgical margin status was extracted in two steps. First,
sentence-like strings were searched for indications that they
contained a possible reference to margin status. Next, any
strings identified as having a potential reference were clas-
sified using a trained support vector machine to arrive at a
final diagnosis of margin status.

To capitalize on the consistency of any available semistruc-
tured margin status reporting, the algorithm used first
sought out potential semistructured references to margin
status. This initial pass searched for the appearance of the
word “margin” or “margins” followed by a “:” and one or
more words prior to a double line break using the regular
expression as shown in Table 3.

If no match was found, the algorithm continued searching
strings for a series of two-word combinations discovered to
appear regularly in text describing margin status. Table 4
shows the heuristics used for extracting sentences describing
margin status.

Each of the identified potential margin sentences was then
automatically classified into one of three possible classes: (1)
positive surgical margin, (2) negative surgical margin, and
(3) not applicable or no explicit diagnosis provided. This
third category was used to classify sentences extracted with
no relevance to margin status (i.e., false positives). Examples
of this third category of sentences are provided in Table 5.

A support vector machine (SVM) classifier was used to
classify each potential margin sentence. SVMs have been

Table 2 y Regular Expressions for Identifying Quality
Measures in Pathology Reports
Gleason score “\\s\\(�[1-5]\\s�\\ � \\s�[1-5]\\s�\\)�

( � \\s�[1-9]�0�)�”
TNM stage “(?i)T[0-

4]\\s�[abc]�(\\s�N[xO01]\\s�MX�

[O01]�[abc]�)�”
used in the clinical domain for several NLP-related tasks
including document classification32 and complex concept
identification in radiology reports.22 To train the classifier,
automatically extracted margin sentences were taken from a
separate random sample of 782 pathology reports from the
combined BWH/ UCLA collection. A total of 851 extracted
sentences in the training set were manually categorized by
the author (LWD) into one of the three categories: positive,
negative, and not applicable. Extracted sentences were
stripped of punctuation, converted to lower case, and their
tokens and assigned class were passed to an implementation
of an SVM classifier that used a polynomial kernel function
and sequential minimal optimization (SMO) for training.33

The resulting model was used to classify the margin status
of sentences extracted from the 676 reports used in this
study. For reports containing more than one classified
margin sentence, an assignment of positive margin status
was given if one of the sentences was classified as positive.
In the case that no positive margin sentences were identified,
the report was classified as negative if one of its sentences
was classified as negative. Reports for which no potential
margin sentence was found were classified as having no
margin status and logged by COAT for review. Figure 3
illustrates the process used to extract and classify surgical
margin status.

Evaluations of system performance were conducted for the
combined results as well as for each institution. A detailed
analysis of failures was performed to identify areas of
improvement as well as to measure the effects of poor data
caused by incorrectly assigned administrative codes, miss-
ing values, and typographical errors. The COAT pipeline
was run on a personal computer running Windows XP with
a Pentium 4 3.06-GHz processor and 512 MB of RAM.

Results
The total number of quality measures targeted in this study
was 2,028 (676 reports times three targeted measures per
pathology report). Of these targets, 2,001 were accurately
mapped to the gold standard for an overall accuracy of
98.7%. As shown in Table 6, the accuracies for the extraction

F i g u r e 2. The processes for ex-
tracting Gleason score and tumor
stage.

Table 3 y Example of Semistructured Margin Status
and the Regular Expression Used

Example of semistructured surgical margin status reference:
“Margin status: within 1 mm of ink“

Java implementation of regular expression used:
(?i)\\w � \\s�\\W�((margin)s�(:)\\s�\\W�\\w � )
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of Gleason score, TNM stage, and surgical margin status
from the pathology reports of patients identified as having
undergone prostatectomies as treatment for prostate cancer
were 99.7%, 99.1%, and 97.2%, respectively.

System errors, or errors in which a quality measure existed
in a report but was not accurately captured, were responsi-
ble for 74% (20 of 27) of all errors. The remaining 26% of
errors were caused by poor data quality, including inaccu-
rate administrative code assignment, typographical errors,
and partial values. The distribution of system versus data
quality failures is shown in Table 7. There were 12 (1.8%)
documents in the sample that should not have been assigned
either CPT 55845 or ICD-9 code 185. However, only one of
the false-positive extractions was caused by an inappropri-
ately labeled report. Details of the system’s performance
along with analyses of system failures are provided in the
following sections.

Gleason Score Extraction
In comparing the automatically extracted Gleason score
results to the gold standard, the created pipeline accurately
mapped 99.7% (674 of 676) of the values. The two inaccu-
rately mapped measures were both the result of poor data
quality. The first was due to a single text document from
BWH containing two different pathology reports. The sec-
ond inaccurate mapping was caused by the inclusion of two
different Gleason scores in one UCLA pathology report. The
12 mislabeled reports in the gold standard did not adversely
affect the automated extraction of Gleason score. The total
time for extraction of Gleason scores from the 676 reports
was 37 seconds.

Tumor Stage Extraction
Tumor stage was correctly mapped in 99.1% (670 of 676)
reports in the sample. Of the six inaccurately mapped stage
results, four were failures of the system to capture measures

Table 4 y Heuristics Used for Identifying Potential
Margin Sentences
resection and (margin or margins)
surgical and (margin or margins)
apical and (margin or margins)
tumor and (margin or margins)
carcinoma and (margin or margins)

Table 5 y Examples of Category 3 (False Positive)
Sentences
“the apical and basal margins are amputated and fixed

separately”
“note benign prostate glands are focally present at an inked

resection margin”

F i g u r e 3. Extraction and classi-
fication of surgical margin status.
that existed in a report. Of these system errors, one was
caused by an addendum added to the report that listed two
different tumor stage results. The other three were caused by
the inclusion of commas in the reported tumor stage, a
pattern not accounted for in the regular expression used
(e.g., “T2, No, Mx”). All four system errors occurred on
UCLA reports. The two remaining errors were data quality
errors. One was caused by an incorrectly formatted tumor
stage in a BWH report (2Tc, rather than T2c). The other was
a false positive caused by an incorrect administrative clas-
sification of the document in the UCLA collection. Although
the document did feature a similarly formatted tumor stage
result that was captured by the system, the pathology report
was for a patient treated for bladder cancer, not prostate
cancer. The total time for extraction of tumor stage was 44
seconds.

Surgical Margin Status Extraction
Surgical margin status was accurately mapped to the gold
standard in 97% of the cases. Positive margin cases in the
gold standard were accurately mapped for 93% (114 of 122)
of cases. Negative margin classification was 99% (530 of 535)
accurate. In reports that made no reference to margin status,
the system accurately classified 81% (13 of 16) of the cases as
having no margin status. A fourth category of margin status
not anticipated in the design of the system that was discov-
ered during the analysis of the results was cases in which the
pathologist described being unable to make a definitive
diagnosis of margin status. This occurred in 3 of the 676
reports. In these reports the pathologists cited poor speci-
men quality for their inability to make a diagnosis of margin
status. Overall sensitivities and specificities for the com-
bined sample are shown in Table 8. Details of the sensitivi-
ties and specificities of the three categories of margin status
for each institution are provided in Table 9.

Of the 19 errors in identifying surgical margin status, 16
(84%) were system errors and three (16%) were attributed to
poor data quality. The three data quality errors were false
positives mapped to reports that were in the sample because
of incorrect administrative code assignment. Eleven (69%) of
the sixteen system errors were from UCLA reports, and five
were from BWH. Four system errors were caused by failure
to capture sentences describing margin status. In all four
cases the sentences describing margin status featured the

Table 6 y Overall System Accuracy
Gleason score 99.7% 674/676
TNM stage 99.1% 670/676
Margin status 97.2% 657/676
Overall accuracy 98.7% 2,001/2,028
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words “margin or margins” and “ink,” a combination not
accounted for in the original design of the algorithm used to
identify potential margin sentences. The other 12 errors were
caused by misclassification of extracted sentences. Of the
eight missed positive margin diagnoses, seven were from
UCLA reports. A confusion matrix with the distribution of
errors per category of margin status is provided in Table 10.
The total time to extract potential margin sentences was 24
seconds. The trained model took 4 seconds to classify the
extracted sentences.

Discussion
The overall accuracy of the system in mapping the three
CAP Category 1 quality measures for prostate cancer
(98.7%) shows promise for the use of automated extraction
methods to facilitate prostate cancer surgical outcomes as-
sessment. The use of regular expressions proved effective for
extracting both TNM stage (99.1%) and Gleason score
(99.7%). Performance in extracting these two quality mea-
sures also shows the significance of physicians’ use of
documentation standards to support automated quality
measure extraction. Performance in the extraction and clas-
sification of margin sentences was also strong (97.2%),
despite the lack of standards governing its format. The results

Table 7 y Reasons for Failures

Types of Errors
Distribution of

Error Types
Percentage of

Total Error

System errors 20/27 74%
Typos or inconsistencies 6/27 22%
Incorrect billing code 1/27 3.7%

Table 8 y Sensitivity and Specificity Results for
Margin Status Identification

Sensitivity Specificity

Positive margin 93% 99%
Negative margin 99% 91%
Missing margin status 81% 99%

Table 9 y Institution-specific Sensitivity and Specificity
Brigham and Women

Sensitivity

Positive margin 97%
Negative margin 99%
Missing margin status 89%

Table 10 y Confusion Matrix of Surgical Margin Status

Could not be
determined

Positive

Could not be
determined

0 0

Positive 0 0
Negative 0 2
Missing 0 1
Total False 0 3
Positives
of this study show that the described technique is capable of
quickly and accurately determining important outcomes-re-
lated information including the number of prostate cancer
surgery patients whose surgeries resulted in a positive surgical
margin, the number and percentage of each surgeon’s cases
that resulted in a positive surgical margin, as well as the
histological and staging characteristics of the cancers of treated
patients. These results also indicate the potential to use these
techniques to quickly identify the degree of adherence to
prostate cancer–related pathology documentation require-
ments, recently cited as a measure of the quality of care
delivered by the IOM’s Committee on Assessing Improve-
ments in Cancer Care34 and an important component of
accreditation by American College of Surgeons Commission
on Cancer.35 Equally important, the exclusion of any manual
preprocessing in this study indicates that these measures can
be gathered within minutes, given access to a collection of
electronically formatted pathology reports, with minimal
effects of poor data quality on the results produced.

There were some differences in system performance in
extracting quality measures between UCLA and BWH re-
ports. It was originally hypothesized that the performance
on the UCLA collection would be stronger because of the
inclusion of a semistructured Microscopic Examination sec-
tion. However, classification of positive surgical margins
from UCLA reports had a sensitivity of 91.95% versus
97.14% for BWH. On closer inspection of the seven missed
UCLA positive margins responsible for this difference, only
one was the fault of failure of the algorithm to extract the
sentence containing the information; in the six other cases,
the sentences were successfully extracted, but falsely classi-
fied as negative. This result was likely caused by insufficient
training of the SVM classifier. Of the 851 sentences used to
train the model, only 130 of the sentences were positive
surgical margin sentences. Although the two institutions
were equally represented in the training set, UCLA was
discovered to have twice as many positive margin cases in
the gold standard sample. Further, two of the seven misclas-
sifications of margin status were discovered to have origi-
nated from a pathologist who dictated a total of five of the

lts for Margin Status Identification
pital UCLA Medical Center

ecificity Sensitivity Specificity

99% 92% 99.6%
96% 99% 89.6%
99% 72% 99.4%

rs
Extracted Results

Negative Missing Total False
Negatives

3 0 3

7 1 8
0 3 5
2 0 3

12 4 Total errors
Resu
’s Hos

Sp
Erro
19
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reports in the sample. All five of this pathologist’s reports
were created on a template that represented margin status in
a format different than the other doctors at UCLA. Rather
than feature one line with the margin status result coupled
with the location (e.g., “surgical margins: positive at apex”),
this pathologist featured one entry for each of the margin
locations (e.g., “apical margin: positive”). This variation in
the descriptions of positive surgical margins in UCLA
reports was not significantly represented in the training set.
Updating the classifier with more examples of positive
surgical margins should increase its performance. Training
the classifier to recognize cases in which the pathologist
makes explicit reference to not being able to determine the
margin status will be a greater challenge because only three
of the 676 cases in the sample featured such a reference.
Prevalence of this diagnosis should be analyzed in a larger
sample to determine the clinical significance and technical
feasibility of automatically extracting this result.

The effect of poor data quality on the final results was quite
low in this case, causing only 0.3% of the 2,028 targeted values
to be mapped incorrectly. However, poor data quality repre-
sented a large proportion of the failures, accounting for 25.9%
of incorrect extractions. Poor data quality was also responsible
for falsely inflating the number of patients believed to have had
RRPs as a treatment of prostate cancer by nearly 2%. The
inclusion of these reports did not, however, have a significant
effect on the extraction of quality measures. Although the
algorithm searched these twelve reports for a total of 36
potential measures, only one was found. In other words, there
was only one pattern in the text of the twelve falsely classified
reports similar enough to produce a false-positive quality
measure (a tumor stage in an incorrectly coded bladder cancer
operation). The issue of poor data quality and its effects on
clinical outcomes assessment is a significant and largely un-
solved issue. Although the effects of poor data quality in this
study were relatively insignificant, such results are domain-
and institution-dependent and should be accounted for in the
evaluation of any automated system designed to learn from
clinical data.

Several potential improvements to the technique were iden-
tified as a result of this study and are listed in Table 11.
These improvements should result in the capture of at least
seven missed values and have the potential to improve
overall system accuracy. To that effect, the ability to use
COAT to log and review cases with missed values was
useful in identifying potential improvements as well as in
recognizing the cause of errors.

There were several limitations of this study. First, both
UCLA and BWH are American College of Surgeons Com-
mission on Cancer (ACoS CoC)–approved hospitals, which
indicates that both have achieved a baseline of quality in
regard to their oncology services.35 The format and inclusion
of quality measures in nonapproved facilities may differ

Table 11 y Identified Improvements to Increase System
Area of Improvement

Identifying potential margin sentences
Classifier training
Tumor stage regular expression
systematically. This study also did not consider data quality
issues introduced by properly formatted but inaccurate
measurements. Although this approach offers insights into
the effects of poor specificity of claims data on outcomes
assessment, it is unable to measure the effects of the poor
sensitivity of claims data, an important obstacle to the
foundational task of target population identification.36

Conclusion
In this study, automated extraction proved capable of iden-
tifying the three CAP Category 1 quality measures for
prostate cancer surgery from pathology reports with high
levels of accuracy. Interinstitutional differences in data for-
mat were largely mitigated, as were the effects of poor data
quality on the final results. Despite the small number of
failures, data quality was responsible for 26% of failures and
is a topic that deserves greater attention. The existence of
documentation standards contributed significantly to strong
system performance. However, in the absence of standards,
the machine-learning approach still performed with an
accuracy of �97%. Future directions in the urology domain
include the application of COAT as part of an RRP outcomes
assessment effort. We are also planning to test the extensi-
bility of the COAT architecture to facilitate outcomes assess-
ment in other medical subdomains.
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