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abstract

PURPOSE Typically stored as unstructured notes, surgical pathology reports contain data elements valuable to
cancer research that require labor-intensive manual extraction. Although studies have described natural
language processing (NLP) of surgical pathology reports to automate information extraction, efforts have focused
on specific cancer subtypes rather than across multiple oncologic domains. To address this gap, we developed
and evaluated an NLP method to extract tumor staging and diagnosis information across multiple cancer
subtypes.

METHODS The NLP pipeline was implemented on an open-source framework called Leo. We used a total of 555,
681 surgical pathology reports of 329,076 patients to develop the pipeline and evaluated our approach on
subsets of reports from patients with breast, prostate, colorectal, and randomly selected cancer subtypes.

RESULTS Averaged across all four cancer subtypes, the NLP pipeline achieved an accuracy of 1.00 for In-
ternational Classification of Diseases, Tenth Revision codes, 0.89 for T staging, 0.90 for N staging, and 0.97
for M staging. It achieved an F1 score of 1.00 for International Classification of Diseases, Tenth Revision codes,
0.88 for T staging, 0.90 for N staging, and 0.24 for M staging.

CONCLUSION The NLP pipeline was developed to extract tumor staging and diagnosis information across
multiple cancer subtypes to support the research enterprise in our institution. Although it was not possible to
demonstrate generalizability of our NLP pipeline to other institutions, other institutionsmay find value in adopting
a similar NLP approach—and reusing code available at GitHub—to support the oncology research enterprise
with elements extracted from surgical pathology reports.
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INTRODUCTION

Although electronic health record (EHR) systems are
designed principally to facilitate billing and clinical
care, they also contain real-world clinical data
captured in both structured and unstructured for-
mats that may be useful for research. Natural lan-
guage processing (NLP) methods, a suite of
techniques for rendering unstructured, free-text
data amenable to computational analysis, have
provided the opportunity to uncover insights about
disease trajectories and other health outcomes that
would otherwise require manual abstraction.1,2 With
the advent of NLP techniques, there has been an
influx of oncology studies applying such methods,
as many of the data points critical for conducting
population-level research in oncology remain scat-
tered across disparate components of the EHR,
often with limited or nonexistent structure. Differing
groups have used diverse NLP techniques to extract
oncology-specific clinical predictors and outcomes,
with varying levels of success for particular tasks,

including, but not limited to, case identification,
staging, and outcome.2

Surgical pathology reports are a particularly rich
source of oncology-specific data elements and a po-
tentially valuable target for NLP techniques. These
reports often contain disease-agnostic data elements
ranging from tumor classification to diagnostic indi-
cations of the patient. Some of these oncology-specific
data elements, although only found within surgical
pathology reports for neoplastic specimens, contain
information critical for assessing disease severity at
presentation, including the TNM staging score. Sur-
gical pathology reports often contain the formal
pathologic diagnosis, standardized with reference
terminologies, such as SNOMED clinical terms, In-
ternational Classification of Diseases, Ninth Revision
(ICD-9), or International Classification of Diseases,
Tenth Revision (ICD-10), often offering a more specific
description of the diagnosis. Structured diagnoses
provided by pathologists in a formal report may often
display more specificity than diagnoses assigned by
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clinicians in the course of an office visit, specifically
denoting laterality and/or morphology by their use of par-
ticular terms. For example, a patient diagnosed with an
ICD-10 code of C74.9 (“malignant neoplasm of unspecified
part of adrenal gland”) by an oncologist or primary care
physician might see their disease coded as C74.12
(“malignant neoplasm of medulla of left adrenal gland”) in a
surgical pathology report for a biopsy or adrenalectomy.

The College of American Pathologists has published several
protocols3 promoting required data elements to be reported
in pathology reports.4 Although these protocols have been
crucial in harmonizing how pathologists report specific data
elements within the past couple of years (eg, TNM staging),
there are a large number of legacy pathology reports written
before implementation of these protocols. When developing
an NLP technique to extract data elements of interest,
reporting styles before and after implementation of these
protocols should be taken into account.

NLP techniques reported to date have primarily focused on
extraction for specific disease areas, as opposed to surgical
pathology reports writ large. Efforts focused on disease-
specific areas, although useful in a particular subspecialty,
hinder the potential impact of such methods to support the
research enterprise within large medical centers with a
broad range of oncology patients. To the best of our
knowledge, the majority of studies that used NLP tech-
niques to parse pathology reports focused on only one
disease area to extract a set of disease-specific concepts of
interest. Relevant work often focused on a specific disease
area such as prostate,5,6 breast,7 lung,8-10 colorectal,11 or
bladder12 cancer, except for two studies.13,14 The breadth of
methods and models used in each study varied from using
regular expressions5,10,12,14 to more complex machine
learning techniques.6,7,9,13

Although the studies mentioned had relatively good per-
formances, the disease-specific nature of the NLP tech-
niques limits the algorithms’ generalizability to other
disease areas. We aimed to develop a technique to support

our research enterprise and provide assistance to re-
searchers interested in various fields and disease areas. In
this study, we developed and evaluated a rule-based NLP
method for surgical pathology reports to extract TNM
staging scores and diagnosis codes regardless of the
diagnosis.

METHODS

Setting

Weill Cornell Medicine (WCM), with more than 20 outpa-
tient sites across New York City, is an academic medical
center with approximately 1,000 attending physicians and
250,000 patient visits annually. WCM physicians hold
admitting privileges at NewYork-Presbyterian Hospital.
Since 2000, WCM physicians have used the EpicCare
Ambulatory EHR system to document clinical care in the
outpatient setting. This study was approved by the WCM
Institutional Review Board.

Data Collection

We identified a total of 555,681 surgical pathology reports
of 329,076 patients from December 1, 2017, to February
12, 2020. These reports represent a broad array of
specimen types, including both malignant and nonmalig-
nant samples. The reports varied in the level of details and
structure depending on the pathologic, anatomic, topo-
logical, and morphological characteristics of the sample
submitted. Figure 1 provides an example of a surgical
pathology report containing TNM staging and ICD-10 di-
agnosis codes. As shown in Figure 1, pathology reports at
our institution often begin with hospital and laboratory in-
formation, followed by clinical assessment and diagnosis.
The gross description and histological type of the tumor
appear toward the end of each report.

Leo NLP System

The NLP method was implemented on an open-source
framework called Leo previously developed by the De-
partment of Veterans Affairs.15 The Leo framework

CONTEXT

Key Objectives
To develop a natural language processing (NLP) method for surgical pathology reports extracting TNM staging scores and

International Classification of Diseases, Tenth Revision codes regardless of the disease area.
Knowledge Generated
Extracting TNM staging scores substantially reduces the need for manual review of patients’ charts to support several cancer

investigations use cases, such as predictive modeling and patient stratification. We developed a method to enhance
generalizability to other oncologic domains and support the research enterprise in our institution.

Relevance
The majority of the NLP methods developed to this date focused on only one disease area to extract a set of disease-specific

concepts of interest, limiting the generalizability of those methods to other disease areas. Our NLP method demonstrated
that extracting TNM staging is achievable within a large medical center with a broad range of oncology patients.
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comprises services and libraries to facilitate rapid creation and
deployment of Apache Unstructured Information Manage-
ment Architecture—Asynchronous Scale-out annotators.16,17

Leo includes a client component for data input and output, a
core component that facilitates local or external NLP anno-
tations, and a service component that provides functionalities
to build custom annotators and launch Unstructured Infor-
mation Management Architecture—Asynchronous Scale-out
services.

NLP Method Development

We previously used Leo NLP system15-17 to extract struc-
tured data elements from clinical free text, including Patient
Health Questionnaire-9 scores18 and race and ethnicity.19

As shown in Figure 2A, we implemented a rule-based
approach for data extraction following an iterative pro-
cess focused on concept definition, context analysis, rule
definition, system application, andmanual review. For TNM
staging and International Classification of Diseases codes,
we used a similar approach to develop rules, working
through the steps defined in Figure 2B. For each of the two
concepts of interest, the first step was to define an an-
choring term. For example, we defined patterns such as
primary tumor or lymph nodes as potential anchoring terms
for TNM staging data elements in the reports. Next, we used
iterative context analysis to determine whether concepts
were used in the appropriate context, depending on the
concept of interest. We also defined, for each concept of
interest, a window size of 80 tokens around the anchoring
term, beyond which we would reject mentions of the
concept of interest as irrelevant or referring to another
concept. Of note, the NLP method was developed against
all surgical pathology reports regardless of the diagnosis for
all types of malignancies.

All concepts of interest were identified on the basis of
predefined patterns. For example, we defined ICD-10
Clinical Modification concepts as a three- to seven-
character code, starting with an alphabetic character
and followed by one numeric character and up to five al-
phanumeric characters along with an optional decimal after
the third character, if the code is longer than three digits.
Similarly, each of the TNM staging patterns was developed
by allowing only particular numbers or letters as suffixes
and/or prefixes for each staging pattern. For instance, the
allowed prefixes for the T component were p, rp, or yp,
whereas the allowed suffix options were a, b, or c. Informal
review of the corpus indicated that in instances with

multiple mentions of the concepts of interest, the final
mention of the concept contained the most recent or
pertinent mention. Accordingly, we defined rules in such a
way as to extract the final mention of each concept of
interest, ignoring earlier mentions where present.

Reference Standard Creation

To evaluate the effectiveness of the NLP method, we
identified a reference standard, which consisted of 294
surgical pathology reports generated during the period from
December 1, 2017, to February 12, 2020. Because the
NLP pipeline was developed regardless of diagnosis and
against all subtypes, we decided to evaluate the pipeline
against a randomly selected reference standard in addition
to three different disease subtypes. Of the 294 reports in the
reference standard, 71 were associated with prostate
cancer, 70 were associated with colorectal cancer, 65 were
associated with breast cancer, and 89 were associated with
a random array of malignancies (Table 1). Each disease
subtype in the reference standard was annotated by a pair
of reviewers, with disagreements adjudicated by a third
reviewer. We only included samples associated with a di-
agnosis of cancer in the reference standard, and we divided
the reference standard into four subsets for patients with
particular types of cancer. A total of 297 ICD-10, 399 T
stage, 326 N stage, and 51 M stage target concepts were
present across all 294 reports. All 294 reports in the ref-
erence standard contained at least one ICD-10 code, 258 of
those had at least one mention of a T staging, 249 con-
tained at least one N staging, and only 44 included at least
one mention M staging classification. Reviewers were
instructed to indicate the last mention of each target
concept as the most pertinent whenever there were more
than one available. Table 2 demonstrates the wide range of
associated billing diagnoses in the randomly selected co-
hort. We then evaluated the interrater reliability for each
subset of the reference standard by calculating Cohen’s κ
across all concepts of interest. Ideally, 10% of the overall
corpus should be allocated to the reference standard
creation; however, this may not be feasible in this study
given the large corpus size.

Evaluation of NLP Performance

For each of the 294 reports in the reference standard, we
compared the results of manual annotation with the results
of NLP output. For each concept of interest in reports, we
classified performance into one of the following categories:

Hospital information: XXXXXX Laboratory/report information: XXXXXX
Clinical information: Elevated PSA, known h/o prostate cancer      Diagnosis: Prostate, right transition zone, biopsy:
Prostatitc adenocarcinoma, Grade Group 1 (Gleason score 3 + 3 = 6)… Anatomical segmentation of prostate:  
A. prostate, right base, biopsy: benign prostatic tissue. B. prostate, right mid, biopsy: benign prostatic tissue with focal
Acute and chronic inflammation… Gross description: XXXXXX Summary of section: XXXXXX
Histological Type: XXXXXX pT2c: Bilateral disease XXXXXX pN0: No regional lymph node metastasis
pMx: Distant metastasis cannot be assessed Margins: XXXXXX
Electronic signature: XXXXXX        Billing information: ICD-10 Codes: A-C: C61 Billing Codes: XXXXXX

FIG 1. Mock-up pathology report that
contains sections with pathologic stag-
ing and ICD-10 code information. h/o,
history of ICD-10, International Classifi-
cation of Diseases, Tenth Revision; PSA,
prostate-specific antigen.
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1. A true positive was defined as an instance when the
output of the NLP method matched the reference
standard.

2. A true negative was defined as an instance when both
the NLP method and reference standard did not contain
the concept of interest.

3. A false positive was defined either as an instance when
the NLP method’s outcome did not match the reference
standard, or an instance when the NLP method
extracted a value, but the reference standard did not
contain any value.

4. A false negative was defined as an instance when the
NLP method failed to extract any concept of interest
when one existed in the reference standard.

For each of the prostate, colon, breast, and random
specimen groups described above, we created a confusion
matrix and calculated precision, recall, and F1-score.

Create a measurement window of (–80, +80) tokens
around concept phrase 

Find value in the measurement window 

Create a range annotation when the value is
expressed as a range 

Filter values that do not meet context criteria 

Filter values that do not conform to standardized
coding practices 

Find concept phrase 

ICD codeTNM stage 

Create a concept-value relation

Concept phrase (anchoring term)
TNM stage
     Primary tumor
     Lymph node
     Metastasis
     TNM stage
     Pathologic stage summary
     Pathologic stage classification
     Pathologic tumor stage
     Pathologic stage TNM margin
ICD code
     ICD-9 code
     ICD-10 code

 
 

 
 
 

   

 
 

 
 

A

DIAGNOSIS: A. Prostate, seminal vesicles, and bilateral pelvic lymph nodes; radical prostatectomy with
lymphadenectomy: Prostatic adenocarcinoma, Grade Group 2 (Gleason score 3 + 4 = 7). Tumor is organ
confined and involves the right anterior region from mid to base. No angiolymphatic invasion identified.
Seminal vesicles and all surgical margins are negative for tumor. Five lymph nodes are negative for
metastatic carcinoma (0/5). SYNOPTIC DIAGNOSIS: Histologic Type: Adenocarcinoma (conventional, not
otherwise specified) Primary Pattern: Grade 3 Secondary Pattern: Grade 4 Total Gleason Score: 7 Tumor
Quantitation: Proportion (percent) of prostatic tissue involved by tumor: 7% Pathologic Staging (pTNM):
pT2b: Unilateral involving more than one-half of one side (lobe) but not both sides (lobes) pN0 No 
regional lymph node metastasis Number of regional lymph nodes examined: 5 Number of regional lymph 
nodes involved: 0 pMx: Distant metastasis cannot be assessed Margins: Margins uninvolved by invasive
carcinoma Extraprostatic Extension: Absent Seminal Vesicle Invasion: Absent ** Electronically Signed
Out ** XXXX XXXXXX, X.X. XXXXXXXXX XXXXXXXXX XXXX XX pathologist whose signature appears
on this report has reviewed the diagnostic slides, and has edited the gross and microscopic portions of
the report in rendering the final diagnosis.

Anchoring term

–80, + 80 tokens range

Concept of interest
within the token range

-

+80 Tokens

–80 Tokens

Pathologic Staging (pTNM):

Prostatic adenocarcinoma, Grade Group 2 (Gleason score 3 + 4 = 7). Tumor is organ
confined and involves the right anterior region from mid to base. No angiolymphatic invasion identified.
Seminal vesicles and all surgical margins are negative for tumor. Five lymph nodes are negative for
metastatic carcinoma (0/5). SYNOPTIC DIAGNOSIS: Histologic Type: Adenocarcinoma (conventional, not
otherwise specified) Primary Pattern: Grade 3 Secondary Pattern: Grade 4 Total Gleason Score: 7 Tumor
Quantitation: Proportion (percent) of prostatic tissue involved by tumor: 7% 

No Unilateral involving more than one-half of one side (lobe) but not both sides (lobes) 
regional lymph node metastasis Number of regional lymph nodes examined: 5 Number of regional lymph 
nodes involved: 0 Distant metastasis cannot be assessed Margins: Margins uninvolved by invasive
carcinoma Extraprostatic Extension: Absent Seminal Vesicle Invasion: Absent ** Electronically Signed
Out ** XXXX XXXXXX, X.X. XXXXXXXXX XXXXXXXXX XXXX XX pathologist whose signature appears
on this report has reviewed the diagnostic slides,

REDACTED

pMx: 

pT2b: pN0 

B

FIG 2. (A) NLP logic implemented for
extracting TNM staging and diagnosis
codes from surgical pathology reports.
(B) NLP logic implementation on a
pathology report to extract TNM staging
from a surgical pathology report. NLP,
natural language processing; pTNM,
Pathological Tumor-Node-Metastasis.

TABLE 1. Reference Standard Details and Assignments

Disease Area
Associated Diagnosis

Codes
No. of
Reports Reviewers

Randomly
selected

Not applicable 89 S.A. and S.E.W.

Prostate cancer C61* and Z85.46 71 S.A. and M.M.C.

Breast cancer C50* 65 S.A. and S.E.W.

Colorectal
cancer

C18* and C19* 70 S.A. and M.M.C.
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RESULTS

As described in Table 3, the NLP method extracted ICD-10
code concepts with the highest level of accuracy, with F1
scores ≥ 0.99 across all disease subtypes in the reference
standard. Of note, all pathology reports in the reference
standard contained at least one ICD-10 code concept. All
manually reviewed notes were created during the period
from the beginning of December 2017 to February 21,
2020, in which all health care organizations weremandated
to use ICD-10 Clinical Modification. Owing to the timeframe
we selected for our evaluation, none of the manually
reviewed notes contained an ICD-9 code. Accordingly, we
excluded the ICD-9 concepts from our evaluation. We
observed the highest average Cohen’s κ, 0.93, among the
pairs of reviewers when annotating ICD-10 codes across
four reference standards. The Cohen’s κ was fairly con-
sistent across other concepts of interest with 0.75, 0.87,
and 0.73 for T, N, and M stages, respectively.

The overall performance of the NLP method was the worst
when evaluatingM stage concepts, with the lowest F1 score
of 0.11 in the randomly selected reference standard. M
stage concepts also had the lowest data element availability
across all reference standards with 15, 10, 11, and 8 notes
with M stage present in each of the disease-specific
subgroups. Finally, the NLP method’s performance was
comparable in extracting T and N stage concepts, with an
average F1 score of 0.88 and 0.90 across all standard
references for T and N stage concepts, respectively.

DISCUSSION

In this study, we developed and evaluated an NLP method
to obtain staging and diagnosis information from surgical
pathology reports regardless of the disease area. To the
best of our knowledge, previous studies demonstrated the
use of NLP to extract data elements specific to particular
cancer subtypes. In contrast, our approach extracts data
elements across multiple oncologic subtypes. The current

approach may be valuable to other institutions seeking to
unlock data in unstructured surgical pathology reports.

The NLP method performed particularly well in extracting
ICD-10 code concepts, demonstrating an almost perfect F1
score (0.99 and above) across all disease subtypes in the
reference standard. However, we observed substantially
poorer performance in extracting M stage concepts across
all reports. Despite high precision, this method displayed
poor sensitivity. As shown in Table 4, only 44 reports (of
294) contained an M stage target concept. Since a pa-
thology report contains only data derived from observations
about a specific specimen, its dictator cannot make an
accurate assessment of the M stage without access to full-
body imaging data, such as a positron emission tomog-
raphy scan. This is likely the reason for the relative paucity
of M stage data in our gold standard reference set. Con-
sidering the low number of reports containing M staging in
the reference standard, the false-negative cases were more
heavily punished when evaluating M stage concepts.

Further manual review of false-positive samples from all
reference standards indicated a systematic error for in-
stances with several mentions of each concept, more
specifically TNM stages. Each surgical pathology note may
contain more than one TNM staging value for multiple
biopsy samples. However, in our institution, the majority of
surgical pathology reports only report on one specimen. In
rare cases where there are multiple mentions of the target
concept in one report, the NLP method is designed to
extract the final mention of each concept of interest.
However, when creating the reference standards, the an-
notators considered the last mentions of staging classifi-
cations as the most pertinent. Lexical variability of the
repeating concepts may also contribute to an increased
number of false positives. For instance, if the T stage
concept is once indicated as pT4a in the pathologic stage
classification section of the report, and once again indi-
cated in the body of the report as T4a, the NLP method
favors the last mention. This is a major limitation of this rule-
based NLP system, more prominently in settings where one
report contains information pertaining to more than one
specimen.

One of the main limitations of NLP techniques developed
and evaluated in only one institution is lack of external
validation. Owing to the variability in how pathology reports
are written at each institution, NLP pipelines may not perform
similarly across all. This is a major limitation of this study, as
we have not evaluated the performance of our NLP pipeline
against pathology reports written at other institutions.

In contrast to our rule-based NLP method, other studies
have used a number of machine learning (ML) techniques
to extract structured information from pathology reports for
particular cancer disease areas.6,7,9 Notably, the ML
models reported in the literature have not substantially
outperformed rule-based approaches. For example, Leyh-

TABLE 2. Breakdown of the Most Common Diagnosis Associated With 89
Randomly Selected Reference Standard Reports in the Order of Abundance
Diagnosis
Code Diagnosis Name

No. of
Reports

C34 Malignant neoplasm of bronchus and lung 19

K76 Other diseases of liver 13

C73 Malignant neoplasm of thyroid gland 8

C50 Malignant neoplasm of breast 6

C22 Tomographic nuclear medicine imaging 4

C64 Malignant neoplasm of kidney, except renal pelvis 4

C67 Malignant neoplasm of bladder 4

C25 Nonimaging nuclear medicine probe 3

C15 Malignant neoplasm of esophagus 3

NA Other 25

Abbreviation: NA, not available.
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Bannurah et al6 developed a convolutional neural network
to extract prostate-specific elements but needed to sup-
plement the convolutional neural network with a set of
regular expression rules to improve performance.

The majority of NLP techniques applied to surgical pa-
thology reports to date have focused on a single disease
area,5-12 limiting the generalizability of the methods to other
disease areas. However, in a 2018 study, AAlAbdulsalam
et al developed a rule-based system to extract and classify
TNM staging information from multiple disease areas using
data from a state cancer registry. Although AAlAbdulsalam
et al14 evaluated performance using pathology reports for
colon, lung, and prostate cancer, the corpus included only
reports containing target concepts (eg, TNM staging). In
contrast, our study included reports with and without target
concepts, which enabled us to better evaluate the NLP
method’s precision, or how many selected items were
relevant. In addition to the studies discussed, Savova et al13

presented DeepPhe software that enables automated ex-
traction of phenotype information from EHRs of cancer
patients regardless of the disease area. To the best of our
knowledge, the authors have not evaluated the perfor-
mance of this software, and the article cited here only
details the NLP system and its challenges.

The main task of the present NLP method, identifying TNM
stages and ICD-10 codes, may be relatively simple, with low
lexical variability and similar note structure across all pa-
thology reports. Despite the simplicity of this task, the
importance of ready availability of such quantitative pa-
rameters remains important for research, quality improve-
ment, and clinical care cannot be exaggerated—without
accurate data on initial tumor staging, it is difficult to
conduct observational research on treatment efficacy and
safety. Although several diagnosis-specific data elements
exist in surgical pathology reports, we sought to extract
the most common shared elements regardless of the

TABLE 3. Performance Metrics in all Four Reference Standard Cohorts
Target Concept Accuracy Precision Recall F1 Count of Reports With Target Concepts

Prostate cancer, n = 71

ICD-10 0.99 0.99 1.00 0.99 71

T stage 1.00 1.00 0.99 0.99 70

N stage 0.97 1.00 0.94 0.97 67

M stage 1.00 1.00 0.21 0.35 15

Colorectal cancer, n = 70

ICD-10 1.00 1.00 1.00 1.00 70

T stage 0.76 0.77 0.94 0.85 67

N stage 0.87 0.95 0.90 0.92 64

M stage 0.96 0.77 0.15 0.25 10

Breast cancer, n = 64

ICD-10 1.00 1.00 1.00 1.00 64

T stage 0.92 0.93 0.88 0.90 57

N stage 0.89 0.96 0.88 0.92 56

M stage 0.94 0.82 0.15 0.25 11

Randomly selected, n = 89

ICD-10 1.00 1.00 1.00 1.00 89

T stage 0.89 0.92 0.68 0.78 64

N stage 0.88 0.98 0.65 0.78 62

M stage 0.97 1.00 0.06 0.11 8

Abbreviation: ICD-10, International Classification of Diseases, Tenth Revision.

TABLE 4. Average Performance Metrics Across All Four Reference Standard Cohorts
Concept of Interest Accuracy Precision Recall F1 Count of Reports With Target Concepts

ICD-10 1.00 1.00 1.00 1.00 294

T stage 0.89 0.90 0.87 0.88 258

N stage 0.90 0.97 0.84 0.90 249

M stage 0.97 0.90 0.14 0.24 44

Abbreviation: ICD-10, International Classification of Diseases, Tenth Revision.
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associated diagnosis to enhance the generalizability of the
NLP method to support the research enterprise in our
institution. Using a similar approach, we previously im-
puted the race and ethnicity of underrepresented patient
populations to fill gaps in structured EHR data. Notably,
those patients were older, more likely to be male, less likely
to have commercial insurance, and more likely to have
higher comorbidity, demonstrating the value of rule-based
NLPmethods to support the research enterprise.19 We plan
to scale the current NLP pipeline to also capture disease-
specific concepts of interest, such as Gleason scores in-
dicated in surgical pathology reports.

Oncology research requires accurate, comprehensive, and
high-quality data. The extraction of TNM staging values and
ICD-10 codes, which clinical researchers have identified as
of immediate use in patient stratification and predictive
modeling, directly supports cancer investigations by sub-
stantially reducing the need for manual review of patients’
charts. Although it was not possible to demonstrate gen-
eralizability of our NLP pipeline to other institutions, other
institutions may find value in adopting a similar NLP
approach—and reusing code20—to support the oncology
research enterprise with elements extracted from surgical
pathology reports.
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