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PURPOSE SEER registries do not report results of epidermal growth factor receptor (EGFR) and anaplastic
lymphoma kinase (ALK) mutation tests. To facilitate population-based research in molecularly defined sub-
groups of non—small-cell lung cancer (NSCLC), we assessed the validity of natural language processing (NLP) for
the ascertainment of EGFR and ALK testing from electronic pathology (e-path) reports of NSCLC cases included
in two SEER registries: the Cancer Surveillance System (CSS) and the Kentucky Cancer Registry (KCR).

METHODS We obtained 4,278 e-path reports from 1,634 patients who were diagnosed with stage IV non-
squamous NSCLC from September 1, 2011, to December 31, 2013, included in CSS. We used 855 CSS reports
totrain NLP systems for the ascertainment of EGFR and ALKtest status (reported vnot reported) and test results
(positive v negative). We assessed sensitivity, specificity, and positive and negative predictive values in an
internal validation sample of 3,423 CSS e-path reports and repeated the analysis in an external sample of
1,041 e-path reports from 565 KCR patients. Two oncologists manually reviewed all e-path reports to generate
gold-standard data sets.

RESULTS NLP systems yielded internal validity metrics that ranged from 0.95 to 1.00 for EGFR and ALK test
status and results in CSS e-path reports. NLP showed high internal accuracy for the ascertainment of EGFR and
ALK in CSS patients—F scores of 0.95 and 0.96, respectively. In the external validation analysis, NLP yielded
metrics that ranged from 0.02 to 0.96 in KCR reports and F scores of 0.70 and 0.72, respectively, in KCR
patients.

CONCLUSION NLP is an internally valid method for the ascertainment of EGFR and ALK test information from
e-path reports available in SEER registries, but future work is necessary to increase NLP external validity.
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INTRODUCTION

The US National Cancer Institute’s SEER program
consists of population-based cancer registries that
provide valuable information on cancer incidence and
mortality, patient demographic and tumor character-
istics, and initial treatment patterns in approximately
28% of the US population.! SEER registries collect

guides the choice of initial therapy.? Several
guidelines recommend testing tumors for epidermal
growth factor receptor (EGFR) gene mutations and
anaplastic lymphoma kinase (ALK) gene rear-
rangements, as well as to treat patients with oral
targeted therapies when tests indicate the presence
of EGFR or ALK genomic alterations.?* The SEER

validated tumor-specific data elements, including
stage, grade, and histologic types. Despite providing
data on essential tumor characteristics, the SEER
program has not yet developed routine processes by
which to report data on most of the genomic bio-
markers that offer prognostic information or that guide
the selection of novel therapies. This data gap is
particularly relevant for SEER cases of stage IV
non-small-cell lung cancer (NSCLC), a disease in
which testing for specific genomic abnormalities

program can inform novel population-based out-
comes studies in molecularly selected subgroups of
patients with NSCLC by developing and validating
processes by which to ascertain genomic test results
available in SEER records, including for EGFR and
ALK. Manual abstraction of genomic data is labor
intensive. Automated methods may represent more
efficient and cost-effective strategies for data
gathering, particularly for such large data sets as
SEER registries.
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CONTEXT

Key Objective Can investigators use natural language processing (NLP) methods to accurately report genomic test results in
SEER cases of advanced non-small-cell lung cancer (NSCLC)? This is the first study that evaluates the validity NLP to
ascertain epidermal growth factor receptor and anaplastic lymphoma kinase test data from electronic pathology reports of
two SEER registries.

Knowledge Generated Support vector machine NLP demonstrated high internal validity for the ascertainment of epidermal
growth factor receptor and anaplastic lymphoma kinase tests in the Seattle Puget-Sound SEER registry, but external validity
was poor when we tested the NLP systems in the Kentucky Cancer Registry. Differences in pathology report format and
language partly explained the lower external validity. Future work to enhance external validity could include NLP training in
combined registry data sets.

Relevance NLP methods are potentially useful tools with which to enable outcomes research in biomarker-defined patients
with NSCLC. If validated across registries, use of NLP methods may allow for population-based assessments of access to
targeted therapies in patients with mutation-positive NSCLC.

Natural language processing (NLP) is a subfield of artificial
intelligence that encompasses tasks such as classification,
named entity recognition, and relation extraction, which fur-
ther enables quantitative analyses.® Previous studies have
demonstrated the feasibility of using NLP systems to report
clinical information from electronic health records (EHRs) of
patients with cancer.® We hypothesized that NLP is a valid
method by which to ascertain EGFR and ALK test information
from electronic pathology (e-path) reports available to SEER
registries as part of their routine data collection activities.
Although testing for other molecular targets (eg, ROS-1 or
B-RAF) have become routine practice, we focused on EGFR
and ALK, as they are the most common actionable driver
mutations, and designed the study as a preliminary assess-
ment of NLP performance for the ascertainment of molecular
tests in SEER cases of NSCLC. This study leverages the
availability of e-path reports for virtually all reported cancer
cases included in Seattle-Puget Sound and Kentucky SEER
registries, as well as the inclusion of EGFR and ALKtest results
in e-path reports. Our goals were to develop and internally
validate NLP algorithms to ascertain EGFR and ALK test status
and results in cases of NSCLC included in the Seattle Puget
Sound SEER registry (Cancer Surveillance System [CSS]), and
to externally validate the NLP algorithms in a separate sample
of NSCLC cases from the SEER Kentucky registry (Kentucky
Cancer Registry [KCR]).

METHODS
Data Sources

We obtained patient demographic (age, sex, and race/eth-
nicity) and tumor characteristics (stage and histology), date
of diagnosis, and all e-path reports available for incident
NSCLC cases identified in CSS and KCR diagnosed from
September 1, 2011, to December 31, 2013 (Appendix).

Patient Eligibility

Patients were eligible for this study if they were age 20 years
or older at diagnosis, had histologically confirmed invasive
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nonsquamous NSCLC (on the basis of International Clas-
sification of Disease, Oncology, Third Revision codes for
adenocarcinoma, adenosquamous carcinoma, large-cell
carcinoma, and non-small-cell carcinoma not otherwise
specified; Appendix), American Joint Commission on
Cancer stage IV at diagnosis, and availability of one or more
e-path reports in the registry’s database (Appendix Fig Al).

NLP Algorithm Development

An NLP engineer (E.T.S.) developed EGFR- and ALK-
specific, hybrid rule-based and machine learning sys-
tems using support vector machine (SVM) algorithms for
test ascertainment in e-path reports. We used SVM NLP
models as these are binary classifiers by nature and can be
used for multiclass labeling if investigators develop a series
of binary tasks. We applied the linear kernel and set the
regularization parameter to 1. Algorithms classified each
e-path report according to a sequence of binary questions,
which generated distinct outputs for EGFR and ALK per
report. The first question assessed test status—that is,
whether the EGFR or ALK test was reported or not in the
e-path report. If a test was reported, NLP algorithms
addressed the question of whether the result was positive or
negative and which test technique was used. For EGFR,
NLP algorithms classified the test technique as mutational
analysis (ie, polymerase chain reaction or other gene se-
quence analysis methods) or other (immunohistochemistry,
fluorescence in situ hybridization [FISH], or indeterminate
technique). For ALK, NLP algorithms classified the test
technique as FISH or other (gene sequence analysis
methods, immunohistochemistry, or indeterminate when the
test technique was not clear).

If the EGFR or ALK test was not reported, NLP algorithms
classified the e-path report with one of two possible reasons
for the lack of reporting. The first reason consisted of
technical difficulties—that is, when the e-path text in-
dicated that an attempt to perform the test failed to yield
results because of technical limitations, such as insufficient
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tumor tissue, or when the text indicated that no test at-
tempts could be performed because the tumor specimen
was unsuitable for testing. The second consisted of status
unknown—that is, the e-path report contained insufficient
information to determine whether the EGFR or ALK test was
performed or, if the test was performed, results were not
available in the report.

NLP Algorithm Training

Two oncologists (B.H.G. and C.S.B.) independently clas-
sified a training data set of 855 e-path reports from CSS
according to the same binary questions addressed by the
NLP algorithms. Oncologists discussed the discrepancies
in their report interpretations and achieved consensus for
all reports to generate a gold-standard training data set
(Appendix). The NLP engineer iteratively modified the NLP

algorithms on the basis of comparisons of their outputs
against the gold-standard training data set. Once the NLP
algorithms achieved a sensitivity and specificity of 1.00 for
EGFR and ALK test status and results, we deemed the
algorithms sufficiently trained for the internal validation
analysis (Fig 1).

NLP Internal Validation

The two oncologists independently classified a separate
data set of 3,423 CSS e-path reports for EGFR and ALKtest
status, results, technique, and reasons for a lack of test
reporting. After achieving consensus for discrepant report
interpretations, we generated a gold-standard internal
validation report data set. We first applied the trained NLP
algorithms to determine EGFR and ALK test status. We then
selected the e-path reports that contained an EGFR or ALK

Hybrid rule-based and machine learning algorithms
for text classification of EGFR and ALK tests.

NLP outputs in a larger sample of CSS reports;
distinct from reports used for training.

reports.

NLP EGFR and ALK outputs in a sample of e-path
reports from KCR, followed by NLP logic rules to
assign EGFR and ALK labels at patient level.

NLP training in 855 e-path reports from CSS

Internal validity analysis at the e-path report level (n = 3,423 reports)

Internal validity analysis at the patient level (n = 1,634 patients)

NLP logic rules to assign one EGFR and one ALK test
label per patient on the basis of outputs from e-path EGFR and ALK labels at the patient level on the basis
of e-path reports and following the same logic rules.

External validity analysis at the report (n = 1,041) and patient (n = 565) levels

Gold standard: independent report classification of
EGFR and ALK tests by two oncologists.

Gold standard: independent report classification of
EGFR and ALK tests by two oncologists.

Gold standard: two oncologists' classification of

Gold standard: classification of EGFR and ALK tests
at report and patient level by the same two
oncologists.

FIG 1. Scheme of the validation study of natural language processing (NLP) as a method to ascertain epidermal
growth factor receptor (EGFR) and anaplastic lymphoma kinase (ALK) testing in stage IV non—-small-cell lung cancer
in two SEER registries (2011-2013). CSS, Cancer Surveillance System; e-path, electronic pathology report; KCR,
Kentucky Cancer Registry.
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result to proceed with the validity assessment of EGFR and
ALK test results and technique. We selected the e-path
reports that did not contain EGFR or ALK results to proceed
with the validity assessment for the reasons for a lack of
reporting.

NLP Internal Validation at the Patient Level

When a patient had more than one e-path report, NLP
algorithms could yield discrepant EGFR and ALK results at
the report level for the same patient. For the NLP algorithms
to assign a unique EGFR and ALK label per patient from
multiple discrepant e-path reports, we developed a hier-
archical system of logic rules that rolled up the NLP outputs
from reports into one output per patient (Appendix) on the
basis of the available literature and guidelines.®'3 We in-
tegrated the logic rules with the NLP algorithms, which
resulted in one NLP-generated EGFR and ALK label per
CSS patient. We then compared the patient-level NLP la-
bels for EGFR and ALK with the oncologists’ gold standard
patient-level labels. To assign patient-level labels, oncolo-
gists followed the same hierarchical logic rules used for the
NLP algorithms (Fig 1).

NLP External Validation

The two oncologists classified 1,041 e-path reports from
the KCR to generate an external gold-standard report data
set. We applied the NLP algorithms to the KCR e-path
reports and compared the outputs against the external
gold-standard report data set following the same approach
used for the internal validity analysis. As our goal was to test
NLP performance in an external report sample, we did not
retrain the algorithms in the KCR data set. We used the
same logic rules system to generate NLP EGFR and ALK
labels at the patient level and compared them with the
oncologists’ patient-level labels (Fig 1). The same oncol-
ogists (B.H.G. and C.S.B.) annotated all internal and ex-
ternal data sets.

Statistical Analysis

In the CSS internal validation report data set, we conducted
a five-fold cross-validation analysis to estimate sensitivity
(recall), specificity, positive predictive value (PPV; or pre-
cision), and negative predictive value (NPV) for NLP as-
certainment of EGFR and ALK test status, results, test
technique, and reason for the lack of test reporting. The
five-fold cross-validation entailed partitioning the report
samples into five subsamples of equal size, which allowed
further training of the NLP systems in four of the sub-
samples while saving a fifth subsample for testing. By
performing the training and testing tasks five times and
using each subsample for testing once, we maximized NLP
training and avoided overfitting the models. This approach
generated five different NLP models for EGFR and ALK with
nearly identical intermodel validity results. For simplicity,
we report the average internal validity metrics across the
five models. For the external validity analysis, we directly
applied the five NLP models to the external data set without
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additional training and report averaged validity metric
results.

At the patient level, we estimated the microaveraged
F-scores to measure NLP accuracy. We also estimated the
sensitivity, specificity, PPV, and NPV for each specific
EGFR and ALK patient label.

For all validity metrics, we used bootstrap with no distri-
butional assumptions to estimate 95% Cls. We conducted
all statistical analysis using R software version 3.5.1.

Data Sharing

We provide links to the SEER Data Query feature and to
GitHub, including codes for applying NLP to test data,
regular expressions, execution of patient-level hierarchical
rules, and statistical scripts in the Appendix.

Error Analysis

We conducted an error analysis in random samples of
615 e-path reports from the external data set that contained
at least one NLP report misclassification. We focused the
error analysis on EGFR and ALK test status and results as
those are the most clinically relevant NLP tasks. We
identified seven error categories: NLP incorrectly indicated
that the EGFR (1) or ALK (2) test was reported; NLP in-
correctly indicated that the EGFR (3) or ALK (4) test was not
reported; NLP incorrectly indicated thatan EGFR (5) or ALK
(6) test result was negative; and NLP incorrectly indicated
thatan EGFR (7) test was positive. For each error category,
we revised a random sample of at least 20 e-path reports
and provided potential explanations and solutions for the
errors (Appendix Table A2).

RESULTS
Patient Characteristics

A total of 1,634 and 565 patients comprised the CSS and
KCR NSCLC datasets, respectively (Table 1). Age, sex, and
tumor histology were similar between the two datasets.
Compared with the KCR, the CSS dataset had a higher
proportion of Asian patients (6.4% v 0.6%) and a lower
proportion of non-Hispanic black patients (3.5% v 6.0%)
and a higher mean number of e-path reports per patient
(2.6 v 1.8).

On the basis of the gold-standard annotations, 906 (55.4%)
and 273 (48.3%) patients had a reported EGFR test result
in the CSS and KCR populations, respectively. Of these
patients, 163 (18.0%) and 43 (15.8%) patients, re-
spectively, had a positive EGFR result. For ALK, 763
(46.7%) and 267 (47.2%) patients had a reported result in
CSS and KCR, respectively, of which 79 (10.4%) and 3
(1.1%) were positive. Among the CSS patients with EGFR-
and ALK-positive tumors, 158 (97.0%) and 77 (97.4%)
patients had mutational analysis as the technique for the
EGFR and FISH for ALK, respectively. In KCR, 25 (58.1%)
and two (66.7%) patients had mutational analysis for EGFR
and FISH for ALK, respectively (Table 1).
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TABLE 1. Selected Characteristics of Patients With Incident Stage IV Non-Small-Cell Lung Cancer Used for Natural Language Processing Development and
Validation to Ascertain Molecular Test Results, Two SEER Registries, 2011 to 2013

Cancer Surveillance System Kentucky Cancer Registry
Characteristic (n =1,634) (n = 565)
Mean age at diagnosis, years (SD) 68.2 (= 11.3) 65.3 (= 11.3)
Sex
Male 815 (49.9) 259 (50.1)
Female 819 (50.1) 258 (49.9)
Race
White 1,424 (87.2) 482 (93.2)
Non-Hispanic black 58 (3.5) 31 (6.0)
Asian 105 (6.4) 3 (0.6)
Other 47 (2.9) 1(0.2)
Tumor histology
Adenocarcinoma 1,347 (82.4) 452 (87.4)
Non-small-cell carcinoma, NOS 241 (14.8) 59 (11.4)
Large-cell carcinoma 46 (2.8) 6 (1.2)
Year of diagnosis
2011 241 (14.8) 136 (26.3)
2012 686 (42.0) 182 (35.2)
2013 707 (43.2) 199 (38.5)
Missing demographic or tumor data 0 (0.0) 48 (8.5)
Mean No. of e-path reports/patient (range) 2.6 (1-14) 1.8 (1-7)
EGFR results
Positive, mutational analysis 158 (9.7) 25 (4.2)
Positive, other* 5(0.3) 18 (3.2)
Negative, mutational analysis 733 (44.8) 214 (37.9)
Negative, other* 10 (0.6) 16 (2.8)
Technical difficulties 42 (2.6) 21 (3.7)
Status unknown 686 (42.0) 271 (48.0)
EGFR mutation type (n = 158) (n = 25)
Exon 21 L858R/exon 19 deletion 132 (83.6) 19 (76.0)
Exon 20 insertion 10 (6.3) 1 (4.0
Othert 16 (10.1) 5 (20.0)
ALK results
Positive, FISH 77 (4.7) 2(0.3)
Positive, othert 2(0.1) 1(0.2)
Negative, FISH 658 (40.3) 221 (39.1)
Negative, other 26 (1.6) 43 (7.6)
Technical difficulties 78 (4.8) 22 (3.9)
Status unknown 793 (48.5) 276 (48.9)

NOTE. EGFR results indicate the gold-standard annotation of EGFR test results at the patient level. ALK results indicate the gold-standard annotation of ALK
test results at the patient level.

Abbreviations: ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor; e-path, electronic pathology report; FISH, fluorescence in situ
hybridization; NOS, not otherwise specified; SD, standard deviation.

*EGFR other test techniques include immunohistochemistry or FISH methods or instances in which the test technique could not be determined.

TOther EGFR mutation types included exon 21 L861Q (five at Cancer Surveillance System [CSS], three at the Kentucky Cancer Registry [KCR]), exon 18
G719X (six at CSS), exon 20 S768l (three at CSS), and exon 21 P848L (one at KCR). Specific type was not reported in two and one patients at CSS and KCR,
respectively, despite a positive EGFR test by mutational analysis.

tALKother test techniques include immunohistochemistry, mutational analytic methods, or instances in which the test technique could not be determined.

JCO Clinical Cancer Informatics 5
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EGFR and ALK Tests at the Report Level

Table 2 lists the gold-standard annotations for EGFR and
ALK test status, results, and technique determined for all
e-path reports in CSS (n = 4,278) and KCR (n =1,041).
Among CSS e-path reports, 2,844 (66.5%) and 3,092
(72.3%) received the status unknown classification for
EGFR and ALK, respectively. Technical difficulties
accounted for 75 (1.8%) and 137 (3.2%) of EGFRand ALK
reports, respectively. Of 1,359 and 1,049 reports that
contained EGFR and ALK results, 233 (17.1%) and 103
(9.8%) were positive, respectively. The majority of reported
EGFR (n=1,336; 98.3%) and ALK (n =991; 94.5%) tests
indicated mutational analytic and FISH methods for EGFR
and ALK, respectively. Compared with CSS, KCR reports
had lower proportions of EGFR tested by mutational
analysis (n = 323; 79.2%), ALK tested by FISH (n = 329;
76.5%), and positive ALK results (n = 3; 0.7%).

NLP Internal Validity at the Report Level

In the CSS validation report dataset, NLP algorithms yielded
sensitivity, specificity, PPV, and NPV that ranged from 0.95
to 1.00 for EGFR and ALK test status and results, re-
spectively (Table 3). NLP algorithms accurately classified
mutational analysis as the EGFR technique, as indicated by
a sensitivity and PPV of 0.99. The algorithms frequently
misclassified the EGFR technique as other, indicated by
a specificity and NPV of 0.41 and 0.64, respectively. For
ALK, NLP algorithms accurately classified the test tech-
nique as FISH or other. With regard to the reasons for a lack
of test reporting, NLP algorithms frequently missed tech-
nical difficulties, as indicated by a sensitivity of 0.36 and

0.52 for EGFR and ALK, respectively. NLP algorithms
accurately classified status unknown for both tests as in-
dicated by a specificity and NPV of 1.00 and 0.98, re-
spectively (Appendix Table Al).

NLP External Validity at the Report Level

Among the KCR e-path reports, NLP algorithms frequently
misclassified EGFR test status, results, and technique, as
indicated by validity metrics that ranged from 0.29 to 0.95
(Table 3). For ALK, NLP algorithms accurately classified
test status, but yielded a high proportion of false-positive
ALK results, as indicated by a specificity and PPV of 0.73
and 0.02.

NLP Validity at the Patient Level

NLP algorithms yielded micro-averaged F-scores of 0.95 and
0.96 for correct labeling of EGFR and ALK, respectively,
among CSS patients. Among KCR patients, F-scores were
0.70 and 0.72 for EGFR and ALK, respectively.

Table 4 lists the validity metrics for EGFR and ALK NLP
labels at the patient level. Among CSS patients, validity
estimates ranged from 0.94 to 1.00 for EGFR positive and
negative, respectively, by mutational analysis, EGFR status
unknown, ALK positive and negative by FISH, and ALK
status unknown. Sensitivity ranged from 0.20 to 0.69 for
EGFR positive or negative, respectively, by other tech-
niques, ALK negative by other techniques, and for EGFR
and ALK lack of reporting because of technical difficulties.
Among KCR patients, NLP algorithms had consistently
lower sensitivity and PPV across all labels for EGFR and
ALK, ranging from 0.01 to 0.91.

TABLE 2. Gold Standard Classification of EGFR and ALK Tests on Stage IV Non—-Small-Cell Lung Cancer From Electronic Pathology Reports, Two

SEER Registries, 2011 to 2013

Cancer Surveillance System

Kentucky Cancer Registry

(n = 4,278) (n =1,041)

Report Classification EGFR ALK EGFR ALK
Result reported (yes) 1,359 (31.7) 1,049 (24.5) 408 (39.2) 430 (41.3)
Result not reported, status unknown 2,844 (66.5) 3,092 (72.3) 603 (57.9) 585 (56.2)
Result not reported, technical difficulties 75 (1.8) 137 (3.2) 30 (2.9) 26 (2.5)
Results among reported tests

Positive 233 (17.1) 103 (9.8) 63 (15.4) 3(0.7)

Negative 1,126 (82.9) 946 (90.2) 345 (84.6) 427 (99.3)
Technique used among reported tests

EGFR mutational analysis 1,336 (98.3) 323 (79.2)

EGFR other* 23 (1.7) 85 (20.8)

ALK FISH 991 (94.5) 329 (76.5)

ALK othert 58 (5.5) 101 (23.5)

NOTE. Data are presented as No. (%).

Abbreviations: ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor; FISH, fluorescence in situ hybridization.

*EGFR other refers to test methods other than mutational analysis, including immunohistochemistry and FISH, or when the electronic
pathology report does not provide sufficient information to determine the test technique used.

ALK other refers to test methods other than FISH, including immunohistochemistry or mutational analytic approaches, or when the electronic
pathology report does not provide sufficient information to determine the test technique used.

6 © 2019 by American Society of Clinical Oncology
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TABLE 3. Natural Language Processing Internal and External Validity for Ascertainment of EGFR and ALK Test Status, Results, and Technique on Stage IV
Non-Small-Cell Lung Cancer at the e-path Report Level, Two SEER Registries, 2011 to 2013
Cancer Surveillance System
(internal validation; n = 3,423)

Kentucky Cancer Register
(external validation; n = 1,041)

Variable

EGFR
(95% Cl; n = 3,423)

ALK
(95% Cl; n = 3,423)

EGFR
(95% Cl; n = 1,041)

ALK
(95% Cl; n = 1,041)

Test status (reported v not reported)*

Sensitivity 0.98 (0.97 to 0.99) 0.97 (0.96 to 0.98) 0.76 (0.72 t0 0.79) 0.95 (0.93 to 0.96)
Specificity 0.99 (0.98 to 0.99) 0.99 (0.99 to 1.00) 0.82 (0.80 to 0.85) 0.92 (0.90 to 0.94)
PPV 0.98 (0.97 to 0.99) 0.98 (0.97 to 0.99) 0.74 (0.70 to 0.77) 0.90 (0.87 to 0.92)
NPV 0.99 (0.98 to 0.99) 0.99 (0.98 to 0.99) 0.84 (0.82 to 0.87) 0.96 (0.95 to 0.97)

Test result (positive v negative, among
reported test)t

(n=1,071)

(n =807)

(n =328)

(n = 406)

Sensitivity 0.97 (0.95 to 0.99) 0.95 (0.92 to 0.98) 0.29 (0.19 to 0.39) 1.00 (1.00 to 1.00)
Specificity 0.99 (0.99 to 1.00) 1.00 (1.00 to 1.00) 0.95 (0.93 to 0.97) 0.73 (0.69 to 0.76)
PPV 0.98 (0.96 to 0.99) 1.00 (1.00 to 1.00) 0.48 (0.33 to 0.62) 0.02 (0.00 to 0.03)
NPV 0.99 (0.99 to 1.00) 0.99 (0.99 to 1.00) 0.89 (0.87 to 0.93) 1.00 (1.00 to 1.00)

Test technigue (among reported test)$

(n =1,071)

(n = 807)

(n = 328)

(n = 406)

Sensitivity 0.99 (0.99 to 1.00) 0.99 (0.99 to 1.00) 0.95 (0.94 to 0.97) 0.97 (0.95 to 0.98)
Specificity 0.41 (0.18 to 0.64) 0.98 (0.95 to 1.00) 0.55 (0.52 to 0.59) 0.94 (0.92 to 0.97)
PPV 0.99 (0.98 to 1.00) 1.00 (0.99 to 1.00) 0.90 (0.88 to 0.93) 0.98 (0.97 to 0.99)
NPV 0.64 (0.33 to 0.86) 0.93 (0.87 to 1.00) 0.71 (0.64 to 0.79) 0.89 (0.85 to 0.93)

Abbreviations: ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor; NPV, negative predictive value; PPV, positive predictive value.

*For the interpretation of validity metrics regarding EGFR and ALK test status, a reported test received a positive value designation and an unreported test
received a negative value designation.

TFor the interpretation of validity metrics regarding EGFR and ALKtest results (among reported tests), a positive EGFR or ALK test result received a positive
value designation and a negative EGFR or ALK test result received a negative value designation.

tFor the interpretation of validity metrics regarding EGFR test techniques (among reported tests), mutational analytic methods received a positive value
designation and other techniques (or a lack of information to determine the technique) received a negative value designation. For ALK test techniques,
fluorescence in situ hybridization methods received a positive value designation and other techniques (or a lack of information to determine the technique)
received a negative value designation.

Error Analysis ALK—at the report and patient levels. NLP had modest
internal validity for the ascertainment of nonstandard EGFR
and ALKtesttechniques and poor validity for discerning the
reasons for a lack of test reporting. In an external data set,
NLP algorithms generally failed to demonstrate adequate
validity for the ascertainment of EGFR and ALK at the report

and patient levels.

We summarize the error analysis in the Appendix (Excel;
Appendix Table A2). For the seven categories of NLP report
misclassification, errors likely occurred as a result of a lack of
intersentential linking—that is, long text snippets or spaces
separated the terms “EGFR” or “ALK’ from terms that in-
dicated test results—or because of NLP failure to recognize

terms or expressions used to describe results—for example,
“alteration detected” or “translocation.”

DISCUSSION

We conducted a study to determine whether SYM NLP is
a valid method by which to ascertain EGFR and ALK tests
from samples of e-path reports of stage IV nonsquamous
NSCLC cases available to SEER registries. Compared with
annotations from two medical oncologists, NLP algorithms
demonstrated high internal validity to ascertain EGFR and
ALK test status and results, and the test techniques of
interest—mutational analysis for EGFR and FISH for

JCO Clinical Cancer Informatics

Our error analysis suggests two main sources of NLP errors
to help explain the modest validity performance in the
external data set: a lack of intersentential linking and
variations in terminology used to describe molecular test
results. Potential solutions for the former could include
changes in the NLP models from document-level classifi-
cation to entity recognition and linking. To mitigate the latter
source of error, future NLP training data sets could com-
bine broader report samples from multiple registries.

Our study adds to the mounting evidence that supports the
use of automated methods for the classification of oncology
unstructured data from EHRs. One study from the Veterans
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Affairs Connecticut Health care System demonstrated
higher sensitivity (0.77 v 0.51) and similar PPV (0.88 v
0.89) for an NLP system that classifies lung computed
tomography reports as concerning versus not concerning
for lung cancer compared with radiologists’ manual
coding.** The Flatiron Health database uses a technology-
enabled abstraction strategy to ascertain EGFR and ALK
test data from EHRs.'1® These and other studies indicate
an increasing role for automated methods for data gath-
ering from EHRs, particularly in an era of ever-growing
complexity of health care information.!6-18

Our study has several limitations. Nearly 50% of patients in
the CSS and KCR study populations had no information
about EGFR and ALK tests. Potential explanations for
missing data include the unavailability of electronic reports
of EGFR and ALK results to registries and a lack of ordering
of EGFR and ALK tests by the treating oncologists. We only
designed algorithms for ascertaining EGFR and ALK, but
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APPENDIX

Structured Query Language Search Criteria Used to Select
Eligible Cases

Where SEER_REPORTABLE_STATUS =1

and c.deleted = false

and DATE_OF_DIAGNOSIS_YYYY between 2011 and 2013
AND (DATE_OF_DIAGNOSIS_MM BETWEEN

CASE WHEN DATE_OF_DIAGNOSIS_YYYY = 2011 THEN 9 ELSE 1
END AND 12)

AND AGE_AT_DIAGNOSIS>20
AND BEHAVIOR_ICDO3 = 3
AND PRIMARY_SITE between 'C340" and 'C349'

AND DERIVED_AJCC_7_STAGE_GRP between '700" and '740' (Note:
the storage codes of 700-740 for Stage Group translate to AJCC 7 Stage
Group 1V)

AND (

HISTOLOGY_ICDO3 between '8012' and '8014'

or HISTOLOGY_ICDO3 between '8250" and '8260'

or HISTOLOGY_ICDO3 between '8480" and '8481"

or HISTOLOGY_ICDO3 = any (

array['8046', '8140', '8144', '8146', '8525', '8560', '8570", '8572',
‘8574, '8576']

And at least one electronic pathology report exists for the tumor.

Dates of data extraction: 10/13/2015 (training data set); 11/23/2015
(internal validation data set); 10/07/2016 (external validation data set).

List of International Classification of Disease, Oncology,
Third Revision, Histology Codes for Patient Selection

Adenocarcinoma codes: 8140; 8144; 8146; 8250; 8251; 8252; 8253;
8254; 8255; 8260; 8323; 8480; 8481; 8490; 8525; 8570; 8572;
8573; 8574; 8576.

Adenosquamous carcinoma: 8560.
Large-cell carcinoma codes: 8012; 8013; 8014.
Non-small-cell carcinoma, not otherwise specified: 8046.

Adjudication of Discrepant Interpretations of Electronic
Pathology Reports by the Two Oncologists (B.H.G. and
C.S.B.)

The adjudication process involved face-to-face discussions be-
tween the two oncologists regarding each specific discrepancy at
the report and patient level. After discussion of each discrepancy,
oncologists achieved a consensus and annotated the consensual
interpretation of epidermal growth factor receptor (EGFR) and
anaplastic lymphoma kinase (ALK) data at the report and patient
levels for the training, internal, and external data sets. To facilitate
discussions, oncologists made their individual Excel spreadsheets
with their annotations available, as well as a third Excel spreadsheet
that contained only the discrepant reports and patient-level in-
terpretations. After correcting the discrepancies in the third
spreadsheet, the natural language processing (NLP) engineer in-
corporated the revised annotations in the original gold-standard Excel
file, generating a final version of a gold-standard data set with 100%
agreement between the two oncologists. Of note, discrepancies in
electronic pathology report interpretation (with or without discrep-
ancies at the patient level) occurred in 3.7% of all 5,319 analyzed
reports from the internal and external data sets.

JCO Clinical Cancer Informatics

Hierarchical Rules for Determining EGFR and ALK Labels
at the Patient-Level on the Basis of Electronic Pathology
Reports From Patients With Non-Small-Cell Lung Cancer
(NLP and oncologists followed these same rules)

These rules follow a descending hierarchical order. A particular rule
trumps all rules described under it and is trumped by any rules de-
scribed above it.

EGFR

a. Any positive EGFR tests by mutational analytic methods (eg, po-
lymerase chain reaction and gene sequencing) will indicate that
a patient is EGFR positive by mutational analysis regardless of any
other test results.

b. A negative EGFR test by mutational analytic methods defines
a patient as EGFR negative by mutational analysis regardless of any
other test results, except for those described in the rule above.

c. A positive EGFR test by nonmutational analytic methods (eg, im-
munohistochemistry or fluorescence in situ hybridization) or a positive
EGFR test in which the technique cannot be determined defines
a patient as EGFR positive by other methods, regardless of other test
results, except for those described in the rules above.

d. A negative EGFR test by nonmutational analytic methods (eg, im-
munohistochemistry or fluorescence in situ hybridization [FISH]) or
a negative EGFR test in which the technique cannot be determined
defines a patient as EGFR negative by other methods, regardless of
other test results, except for those described in the rules above.

e. A test not reported because of technical difficulties defines a patient
as EGFR status not reported, technical difficulties, regardless of other
test results, except for those described in the rules above.

f. A test reported as unknown status defines a patient as EGFR status
unknown, except by the results described in the rules above.

ALK

a. Any positive ALK test by FISH methods defines a patient as ALK
positive by FISH regardless of other test results.

b. Any positive ALK test by non-FISH methods—for example, im-
munohistochemistry or mutational analysis—or a positive ALK test in
which the technique cannot be determined defines a patient as ALK
positive by other methods regardless of other test results, except for
those described in the rule above.

c. Any negative ALK test by FISH methods defines a patient as ALK
negative by FISH regardless of other test results, except for those
described in the rules above.

d. Any negative ALKtest by non-FISH methods or a negative ALKtest in
which the test technique cannot be determined defines a patient as
ALK negative by other methods regardless of other test results, except
for those described in the rules above.

e. ALK not reported because of technical difficulties defines a patient
ALK status as not reported, technical difficulties, regardless of other
test results, except for those described in the rules above.

f. ALK not reported because of unknown status defines a patient ALK
status as unknown, except by the tests described in the rules above.

We generated the hierarchical rules from current evidence and rec-
ommendations from the ASCO Endorsement Summary of the College
of American Pathologists/International Association for the Study of
Lung Cancer/Association for Molecular Pathology Clinical Practice
Guideline for molecular testing in non-small-cell lung cancer).>'2 In
summary, we structured the rules to allow the NLP systems to dis-
tinguish EGFR testing via mutational analytic techniques from other
methods, such as immunohistochemistry (IHC) or FISH. A positive test
for a sensitizing EGFR mutation predicts for responsiveness to oral
EGFR tyrosine kinase inhibitors (TKIs), whereas a negative EGFR test
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by mutational analysis indicates a lack of responsiveness to TKis.!®
Current evidence demonstrates weak associations between EGFR
protein overexpression (through IHC) or gene amplification (through
FISH) with responsiveness to TKls.!* Current guidelines endorse EGFR
testing via mutational analytic methods (polymerase chain reaction or
gene sequencing) and discourage the use of IHC or FISH to guide the
selection of patients for therapy with EGFR TKils.?? For ALK, current
guidelines consider FISH, IHC, or multiplexed gene sequencing as
acceptable standard testing methods.'? We structured the NLP hi-
erarchical rules to distinguish ALK testing by FISH from other tech-
niques with the goal of monitoring ALK testing patterns over time as
FISH is the most prevalent technique used in community oncology
practices.

Error Analysis

Shared Codes and Materials

Information on the data search feature in the SEER*DMS database is
available at: https://seer.cancer.gov/seerdms/manual/chap20.
searching.for.records.and.patients.pdf

Codes for applying NLP to new test data and regular expressions are
available in GitHub at: https://github.com/esilgard/EGFR_ALK_
Classification

Codes for executing the patient-level EGFR and ALK labels are available
at: https:/github.com/esilgard/EGFR_ALK_PatientLevelRollup

The R scripts for the statistical analysis is available at: https://github.
com/esilgard/EGFR_ALK_Confidencelntervals

Gia | Resits | sites |
Conjunction Field Operator
I ¢ Jleted [T 15 b
fliod | JsceR Reportble Stotus [TC] {is il
lid ¢ \Restnrted Release [CTC) fls Mot it
lnd ¢ \oateofmagnossvear [CTC) (£390) fits (20112013
fand ¢ \Aqe at Diagnosis [CTC) (£230) |15 Greater or Equal ¢ |20
I|And \ \Hlsto!ogm 1C0-0-3 (2001+) [CTC] (£522) |ils 8046, 8140, 8141, 8143, 8144, 8148, 8130, 8250, 8251, 8252, 8253, 82!
fland ¢ _\ Primary Site [CTC] (2400) lits $e3e00
1{And =\:\ Diagnostic Confirmation [CTC] (2490) fils $12
ld ¢ \:\ Derived AJCC 7 Stage Group [CTC) (£3430) fis ¢ {[700-740
FIGURE A1. Example of data fields and values included in the SEER data management system data search feature.

TABLE A1. NLP Validity to Determine the Reason For a Lack of EGFR or ALK Test Reporting (technical difficulties v status unknown) for Patients
With Non-Small-Cell Lung Cancer at the Electronic Pathology Report Level, Two SEER Registries, 2011 to 2013

Cancer Surveillance System
(internal validation; n = 3,423)

Kentucky Cancer Registry
(external validation; n = 1,041)

Reason For Not Reporting
(technical difficulties vstatus
unknown)*

EGFR
(95% Cl; n = 2,307)

ALK
(95% Cl; n = 2,575)

EGFR
(95% Cl; n = 511)

ALK
(95% Cl; n = 548)

Sensitivity

0.36 (0.27 to 0.45)

0.52 (0.44 t00.60)

0.24 (0.09 to 0.37)

0.31 (0.15 to 0.49)

Specificity

1.00 (0.99 to 1.00)

1.00 (0.99 to 1.00)

0.99 (0.98 to 1.00)

0.99 (0.99 to 1.00)

PPV

0.91 (0.83 to 1.00)

0.97 (0.94 to 1.00)

0.59 (0.25 to 0.95)

0.74 (0.48 to 1.00)

NPV

0.98 (0.98 to 0.99)

0.98 (0.97 to 0.98)

0.97 (0.95 to 0.98)

0.97 (0.96 to 0.99)

Abbreviations: ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor; NPV, negative predictive value; PPV, positive
predictive value.

*For the interpretation of the validity metrics regarding the reason for a lack of test reporting in electronic pathology reports, technical difficulties
received a positive value designation and status unknown received a negative value designation.

12 © 2019 by American Society of Clinical Oncology
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TABLE A2. Examples of Common NLP Misclassification Errors in Electronic Pathology Reports from the External Validation Data Set (Kentucky Cancer

Registry) for EGFR and ALK Test Status and Results
Gold-Standard No. (%) of Error
NLP Output Output Occurrences Explanation for Common Error Potential Solution
Test status (reported No. of reports = 1041
v not reported)
EGFR not reported EGFR reported 172 (16.5) 1. “EGFR mutation analysis:” Next line: “No ~ More varied training data
mutations detected”
Possible explanation(s): NLP system did not
recognize expression “No mutations
detected”
2. “EGFR by FISH: [space] Non-amplified” More varied training data
Possible explanation(s): NLP system did not
recognize the term “amplified”

EGFR reported EGFR not reported 147 (14.1) 1. “KRAS mutation detected” Change in model from
document-level
classification to entity
recognition and linking

Possible explanation(s): Term “EGFR” was
present in other portions of the report, and
NLP system misinterpreted expression
“mutation detected” as if EGFR test was
reported
2. “Slides will be sent to [laboratory/hospitall ~ Change in model from
for EGFR mutation analysis” document-level
classification to entity
recognition and linking
Possible explanation(s): NLP system did not
recognize expression “...will be sent...” and
misinterpreted expression “EGFR mutation
analysis” as if EGFR test was reported
3. “ALK rearrangements are most commonly ~ Change in model from
associated with lung adenocarcinomas with document-level
signet ring histology and negative EGFR and classification to entity
KRAS” recognition and linking
Possible explanation(s): NLP system
misinterpreted snippet “negative EGFR" as
if EGFR test was reported
ALK not reported ALK reported 34 (3.3) 1. “The tumor cells were immunoreactive More varied training data
for...and were immunonegative for TTF-1,
Napsin A, p16, CK20, and ALK-1.”
Possible explanation(s): NLP system did not
recognize the terms “ALK-1" and
“immunonegative”
2. “-ALK STAIN: NEGATIVE” More varied training data
Possible explanation(s): NLP system did not
recognize the term “stain”; the interposition
of term “stain” between terms “ALK” and
“negative” prevented NLP system from
interpreting the expression as a negative
ALK test
ALK reported ALK not reported 73 (7.0) 1. “...slides will be sent to [hospital/laboratory] ~ Change in model from

for ALK rearrangement analysis by FISH”

document-level
classification to entity
recognition and linking

JCO Clinical Cancer Informatics
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TABLE A2. Examples of Common NLP Misclassification Errors in Electronic Pathology Reports from the External Validation Data Set (Kentucky Cancer
Registry) for EGFR and ALK Test Status and Results (Continued)

Gold-Standard

NLP Output Output

No. (%) of Error
Occurrences

Explanation for Common Error

Potential Solution

Possible explanation(s): NLP system did not
recognize expression “will be sent” and
interpreted the test as being performed

2. “Should these tests be negative, remaining
slides will be triaged for ALK and ROS-1
gene rearrangement analysis by FISH”

Change in model from
document-level
classification to entity
recognition and linking

Possible explanation(s): “Should these tests
be negative” referred to EGFR and KRAS;
NLP did not recognize the expression “will
be triaged” and misinterpreted the
sentence as if ALK test was performed

3. “ALK rearrangement FISH studies are
pending and will be reported in another
addendum”

Change in model from
document-level
classification to entity
recognition and linking

Possible explanation(s): NLP system did not
recognize expression “are pending”, and
misinterpreted “will be reported” as if test
was reported

Test result (positive v
negative)

EGFR negative or not
reported

EGFR positive

No. of reports = 63

1. “EGFR alteration(s) detected (see
comment)”; next line: “Alteration detected:
[mutation type; eg, L858R]”

More varied training data

40 (63.5)

Possible explanation(s): NLP system did not
interpret expression “alteration(s) detected”
as an EGFR mutation positive result; NLP
system did not relate terms “EGFR” with
mutation type because of a lack of
intersentential linking (text line separating
the two expressions)

2. “...adenocarcinoma, which is diffusely
decorated with the EGFR antibody,
demonstrates dense EGFR labeling”

More varied training data

Possible explanation(s): The sentence
indicates an EGFR positive result by other
technique (immunohistochemistry); NLP
system did not recognize expression
“diffusely decorated with the EGFR
antibody” or “dense EGFR labeling” as
a positive EGFR result

3. “See the complete separately scanned
EGFR Mutation Analysis report from [name
of laboratory] in the electronic medical
records file”; next line: “Their report, in
part:”; next line: “Positive for the [name of
mutation; eg, exon 19 deletion]”

Change in model from
document-level
classification to entity
recognition and linking

Possible explanation(s): Lack of
intersentential linking: two text lines
separate expression “EGFR Mutation
Analysis report” from the expression
describing the mutation
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TABLE A2. Examples of Common NLP Misclassification Errors in Electronic Pathology Reports from the External Validation Data Set (Kentucky Cancer

Registry) for EGFR and ALK Test Status and Results (Continued)
Gold-Standard No. (%) of Error

NLP Output Output Occurrences Explanation for Common Error Potential Solution
EGFR positive or not ~ EGFR negative No. of reports = 345 1. “EGFR mutation not detected” More varied training data
reported

33 (9.5)

Possible explanation(s): NLP system did not
recognize the term “detected”

2. “EGFR results: no mutation detected”

More varied training data

Possible explanation(s): NLP system did not
recognize the term “detected”

3. “EGFR alteration(s) not detected”

More varied training data

Possible explanation(s): NLP system did not
recognize the terms “alteration” and
“detected”

ALK positive or not ALK negative No. of reports = 427

reported

1. “Negative for ALK rearrangement”; next
line: “Results”; next line: “Number of cells
positive for ALK: [space] [value; eg, 0]”;
next line: “Number of cells negative for ALK:
[space] [value; eg, 100]”

Change in model from
document-level
classification to entity
recognition and linking

116 (27.2)

Possible explanation(s): NLP system
misinterpreted the expression “Number of
cells positive for ALK” as a positive ALK test,
trumping the first expression “Negative for
ALK rearrangement”

2. “ALK: [space] negative for translocation”

More varied training data

Possible explanation(s): NLP system did not
recognize the term “translocation”

NOTE. We identified a total of 615 external reports that contained at least one of seven possible types of errors: NLP incorrectly indicated that the EGFR (1)

or ALK (2) test was reported; NLP incorrectly indicated that the EGFR (3) or ALK (4) test was not reported; NLP incorrectly indicated that an EGFR (5) or ALK

(6) test result was negative; and NLP incorrectly indicated that an EGFR (7) test was positive. Because we could not feasibly review all 615 reports to perform
a full quantitative error analysis, we reviewed random samples of at least 20 reports per error category and provide possible explanations for the most common

errors followed by potential solutions.

Abbreviations: ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor; FISH, fluorescence in situ hybridization; NLP, natural language

processing.
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