Radiology:Artificial Intelligence

ORIGINAL RESEARCH

Automated Identification and Measurement Extraction of
Pancreatic Cystic Lesions from Free-Text Radiology Reports
Using Natural Language Processing

Rikiya Yamashita, MD, PhD e Kristen Bird, MD e Philip Yue-Cheng Cheung, MD, MEng ©
Johannes Hugo Decker, MD, PhD * Marta Nicole Flory, MD  Daniel Goff; MD, PhD ¢
Linda Nayeli Morimoto, MD © Andy Shon, MD  Andrew Louis Wentland, MD, PhD o
Daniel L. Rubin, MD, MS  Terry S. Desser, MD

From the Departments of Biomedical Data Science (R.Y., D.L.R.) and Radiology (K.B., PY.C.C., JJH.D., M.N.E, D.G., LN.M., AS., ALW., D.LR., T.S.D.), Stanford
University School of Medicine, 300 Pasteur Dr, Stanford, CA 94305. Received April 6, 2021; revision requested May 11; revision received October 26; accepted December 2.
Address correspondence to T.S.D. (e-mail: ssdesser@stanford. edu).

Authors declared no funding for this work.
Conflicts of interest are listed at the end of this article.

See also commentary by Horii in this issue.

Radiology: Artificial Intelligence 2022; 4(2):¢210092 ® https://doi.org/10.1148/ryai.210092 ® Content codes: @ @

Purpose:  To automatically identify a cohort of patients with pancreatic cystic lesions (PCLs) and extract PCL measurements from his-
torical CT and MRI reports using natural language processing (NLP) and a question answering system.

Materials and Methods: Institutional review board approval was obtained for this retrospective Health Insurance Portability and
Accountability Act—compliant study, and the requirement to obtain informed consent was waived. A cohort of free-text CT and MRI
reports generated between January 1991 and July 2019 that covered the pancreatic region were identified. A PCL identification model
was developed by modifying a rule-based information extraction model; measurement extraction was performed using a state-of-the-art
question answering system. The system’s performance was evaluated against radiologists’ annotations.

Results:  For this study, 430426 free-text radiology reports from 199783 unique patients were identified. The NLP model for identify-
ing PCL was applied to 1000 test samples. The interobserver agreement between the model and two radiologists was almost perfect
(Fleiss k = 0.951), and the false-positive rate and true-positive rate were 3.0% and 98.2%, respectively, against consensus of radiolo-
gists’ annotations as ground truths. The overall accuracy and Lin concordance correlation coefficient for measurement extraction were

0.958 and 0.874, respectively, against radiologists’ annotations as ground truths.

Conclusion: ~ An NLP-based system was developed that identifies patients with PCLs and extracts measurements from a large single-
institution archive of free-text radiology reports. This approach may prove valuable to study the natural history and potential risks of

PCLs and can be applied to many other use cases.

Supplemental material is available for this article.
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The widespread use of abdominal CT and MRI for the
investigation of upper abdominal complaints results in
frequent incidental detection of small (<2.5 cm) pan-
creatic cystic lesions (PCLs). Despite years of experience
with these lesions at imaging and extensive study, how-
ever, the natural history of small PCLs remains uncertain,
and an indolent versus aggressive course for an otherwise
simple-appearing cyst cannot be predicted with certainty.
In a 2013 study, the estimated overall prevalence of PCLs
in a population of adults in the United States (age range,
40-84 years) was 2.5%, with cysts detected at 2.2% of
upper abdominal CT examinations and at 19.6% of MRI
examinations (1).

To assist radiologists in providing consistent and ra-
tional recommendations when a cyst is detected at imag-
ing, the American College of Radiology (ACR) developed
guidelines for management of PCLs detected incidentally
at pancreatic imaging (2). The recommendations are based

on the initial size of the cyst and the rate of growth at serial
imaging. Assessment of the validity of these recommenda-
tions is ongoing.

Robust research studies of PCLs require large sample
sizes, because malignant transformation is rare in other-
wise simple-appearing small cystic lesions (3). Cohort
size in research studies is constrained by the limited
availability of experts’ time necessary to identify suitable
cases through manual review of free-text documents
such as radiology reports. However, a tremendous num-
ber of free-text radiology reports are stored in digital
format in electronic medical record systems, and these
can be mined and leveraged for many research and ap-
plication development purposes. Furthermore, recent
advances in natural language processing (NLP) have en-
abled analysis of large amounts of unstructured text data
for identifying concepts, patterns, topics, keywords, and
other attribuctes.
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Abbreviations

ACR = American College of Radiology, BioBERT = Bidirectional
Encoder Representations from Transformers for Biomedical Text
Mining, IPMN = intraductal papillary mucinous neoplasm, IQR
= interquartile range, NLP = natural language processing, PCL =
pancreatic cystic lesion, PDAC = pancreatic ductal adenocarcinoma

Summary

Automated algorithms were developed using natural language
processing and a question answering system to identify patients with
pancreatic cystic lesions and extract lesion measurements from a 28-
year archive of free-text CT and MRI radiology reports.

Key Points

= An automated natural language processing system for identifying
pancreatic cystic lesions (PCLs) from free-text radiology reports
showed almost perfect interobserver agreement with radiologists
(Fleiss k = 0.951), and the false-positive rate and true-positive rate
were 3.0% and 98.2%, respectively, against a consensus of radiolo-
gists’ annotations as ground truths.

= A second question answering system—based algorithm for measure-
ment extraction of PCLs achieved an overall accuracy of 0.958 and
Lin concordance correlation coefficient of 0.874 against radiolo-
gists’ annotations as ground truths.
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Automated cohort selection and information extraction from
a large corpus of radiology reports can greatly facilitate research
on PCLs. For cohort selection, three previous studies successfully
applied NLP to identify PCLs from within radiology reports
(4-6), with two studies (4,5) using in-house rule-based systems
and one study (6) using a combination of commercial software
and a string-search algorithm. One shortcoming of these studies,
however, is that the algorithms used are not publicly available.
With respect to extracting the information necessary for lesion
characterization, cyst measurement and interval growth are the
key parameters necessary for managing incidental PCLs per the
recommendations of the ACR Incidental Findings Committee,
as noted above (2). To our knowledge, no studies have been pub-
lished in which NLP was used to extract measurements of PCLs
specifically from radiology reports. Bozkurt et al (7) developed
an automated measurement extraction system for CT and MRI
reports using a hybrid NLP algorithm, but their model extracts
measurements of any sort of abnormality in reports; that is, it
extracts measurements not only of PCLs but also, when applied
to the pancreas, other lesions as well, such as solid tumors and
pancreatic ducts.

A retrospective study published by Pandey et al (8) in 2019
evaluated the size categories of the ACR management guide-
lines in 390 patients referred to their institution with a known
clinical diagnosis of an incidentally detected PCL. Though they
did not specify how they identified the patient cohort in their
study, it is presumable that patients were identified from the
clinical history or study indication field in the radiology report.
Cyst analysis and measurements were performed by manual re-
view of all images and thus were time intensive for radiolo-
gists to perform. Our study aims to explore the feasibility of

conducting a similar but wholly automated assessment of the
natural history of PCLs by deploying NLP methods to extract
the information necessary to provide management recommen-
dations from radiology reports only. Thus, we sought to auto-
matically identify patients whose radiology reports described
PCLs (ie, not simply those with a known diagnosis of an inci-
dental PCL) and to extract measurements from historical CT
and MRI reports using NLP techniques.

Materials and Methods

Study Sample

This Health Insurance Portability and Accountability Act—
compliant retrospective study was approved by the institu-
tional review board, and the need for patient informed consent
was waived. Our institution has dedicated examination codes
for pancreas-specific examinations as well as general abdomi-
nal examinations. We identified a cohort of free-text radiol-
ogy reports for CT and MRI examinations generated between
January 1991 and July 2019 that covered the pancreatic re-
gion through a database query using 204 relevant examination
codes (see Appendix E1 [supplement]).

Identifying Patients with Pancreatic Cysts

An NLP model for identifying PCLs was developed by modify-
ing CheXpert labeler (9), an automated rule-based labeler that
was initially developed for chest radiography, to extract obser-
vations from free-text radiology reports. The labeler was set up
in three distinct stages: mention extraction, mention classifica-
tion, and mention aggregation. First, the labeler extracts men-
tions of observations from the free-text radiology reports. A list
of phrases for mention extraction (see Appendix E2 [supple-
ment]) was curated by a radiologist (R.Y.) with 12 years of ex-
perience in body imaging by reviewing 204 randomly sampled
reports that were subsequently excluded from the rest of the
analysis (Fig 1). Second, the extracted mentions of observa-
tions are classified as negative (eg, “no evidence of pancreatic
cystic lesion”), uncertain (eg, “low-attenuation may represent
small pancreatic cystic lesion”), or positive (eg, “hypodensity
representing small pancreatic cystic lesion”). Finally, we use the
classification for mentions of observations to arrive at a final
label for the presence or absence of a PCL. The model’s perfor-
mance for identifying reports with PCLs was assessed through
a reader study using 1000 reports from 1000 patients selected
via stratified random sampling. We recruited eight radiologists
(K.B.,PY.C.C.,J.H.D., M.N.E, D.G., LN.M,, A.S., A LW,
with 3—10 years experience each, and each radiologist inde-
pendently annotated 250 reports as to the presence or absence
of a PCL. Thus, each report was annotated twice by two in-
dependent radiologists. We assessed agreement among the ra-
diologists, as well as between the algorithm and the radiolo-
gists (see statistical analysis section below). To assess the model
performance, we established consensus ground truths (the
presence or absence of a PCL in each report) on the basis of
the radiologists’ responses obtained through the reader study,
wherein uncertain responses and disagreements between the
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Consecutive radiology reports for CT and MRI
generated between January 1991 and July 2019
that cover the pancreatic region
(n=430,426 reports from 199,783 patients)
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Encoder Representations from
Transformers for Biomedical
Text Mining (BioBERT)-based
model,
which was first pretrained on

question  answering

general domain corpora (English

n=204 reports from
204 patients, from which
a list of phrases for mention
extraction was curated

Wikipedia and BooksCorpus)
and biomedical domain corpora
(PubMed abstracts and PubMed
Central full-text articles) (10)

Y

n=430,222 reports from 199,783 patients

Identification of
pancreatic cystic

—

and then was subsequently fine-
tuned on the Stanford Question
Answering Dataset (version 2.0)
(11). We selected the BioBERT-
based model because BioBERT
is one of the state-of-the-art
models on various NLP tasks in
the biomedical domain, includ-
ing named entity recognition,
relation extraction, and ques-

tion answering (10). The spe-
cific model we used in this study

was downloaded from the NLP
model repository HuggingFace

n=1,000 reports from 1,000
patients were randomly
sampled for evaluating the
model performance

(12), and we did not perform
any further fine-tuning on our
dataset. We fed radiology reports
and a collection of questions
into the model as inputs, and
the model output relevant texts

lesions

h 4

n=15,621 reports from 8,504 patients were -

classified as having pancreatic cystic lesions -

Measurement
extraction

A 4

Measurements were extracted for >

n=13,085 reports from 7,731 patients

n=1,000 reports from 1,000 or subsentences of the reports

patients were randomly
sampled for evaluating the
model performance

that would best answer the ques-
tions. To increase the accuracy
of the measurement extraction,

A

1238 patients were selected who have at least two
abdominal CT or MRI reports with measurements
that are at least 12 months apart

Figure 1:  Study flowchart.

two radiologists were resolved by a senior radiologist (T.S.D.)
with 30 years of experience in body imaging. The radiologists
at our institution have followed the cyst measurement method
proposed in the ACR white paper since its publication in 2017
(2); however, the PCL measurement method was not standard-
ized for the reports generated before publication of the ACR
white paper. To assess the effect of the ACR white paper, we
evaluated our model performance on reports generated before
and after white paper publication separately.

Extracting Measurements for Pancreatic Cysts

As a next step, we developed an NLP-based approach for
measurement extraction of PCLs. We used a Bidirectional
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before being fed into the model,

sentences in the “Findings” sub-

section that were relevant to the

pancreas were selected using the

open-source software Python

(version 3.6.10; Python Soft-

ware Foundation; Aups:/fwww.

python.orgl); 3.35 sentences were

extracted on average. A list of

questions we used is shown in

Table 1. Of the model outputs, we recorded the single larg-

est diameter at each report, which was used for the rest of the

analysis. To assess the performance of measurement extraction,

1000 reports from 1000 patients were randomly selected, and

measurements were manually extracted by a radiologist (R.Y.)

with 12 years of experience in body imaging. As with the le-

sion identification, we also assessed the measurement extrac-

tion performance on reports generated before and after white

paper publication separately. Additional methodological details

can be found in the source code (see code availability section at
the end of this article).

As in the previous work by Pandey et al (8), we selected pa-

tients with PCLs who had at least two CT or MRI reports with
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Table 1: List of Questions for Measurement Extraction for Pancreatic Cystic Lesions

Prefix Lesion

Sufhix

What is the size of the  cyst
cystic lesion

cystic focus

low density

low attenuation
hypodensity
hypoattenuation
IPMN

IPMT

T2 bright lesion
T2 bright focus
T2 hyperintense lesion

T2 hyperintense focus

intraductal papillary mucinous neoplasm

intraductal papillary mucinous tumor

in the pancreas
in the pancreatic head

in the pancreatic neck
in the pancreatic body
in the pancreatic tail

in the uncinate process of the pancreas

neoplasm, IPMT = intraductal papillary mucinous tumor.

Note.—Each question is a combination of prefix, lesion, and suffix. IPMN = intraductal papillary mucinous

measurements from studies performed at least 12 months apart.
Among such patients whose pathology reports were available
through the Stanford Research Repository, we extracted histo-
pathologic diagnosis for any resected pancreatic abnormality. For
extracting histopathologic diagnosis, we only included pathology
reports of surgically resected specimens and did not include endo-
scopic US—guided fine-needle aspiration or biopsy reports. Pathol-
ogy reports were reviewed manually. Radiology reports generated
after the production of pathology reports were excluded. The sin-
gle largest diameter at baseline and at the last available follow-up
were recorded for all patients, as the radiology reports often con-
tain only the single largest diameter of the largest PCL. For each
cyst, growth was defined on the basis of the recommendations of
the white paper of the ACR Incidental Findings Committee (2).
For groups with baseline size of less than 5 mm, of 5-14 mm, of
15-25 mm, or of more than 25 mm, an increase or decrease from
baseline size of 100% or more, 50% or more, 20% or more, and
20% or more, respectively, was considered a change in size.

Statistical Analysis

To assess the interobserver variability of PCL identification in
our study, using the same method as the original CheXpert-la-
beler study (9), we selected 1000 reports from 1000 patients via
stratified random sampling, which consist of 250 samples each
for positively classified CT reports, negatively classified CT re-
ports, positively classified MRI reports, and negatively classified
MRI reports. Cohen k and Fleiss k were calculated for agreement
between two and three observers, respectively. We considered k
greater than 0.81 as denoting almost perfect agreement and values
of 0.61-0.80, 0.41-0.60, 0.21-0.40, 0.0-0.20, and less than 0.0
as denoting substantial, moderate, fair, slight, and poor agreement,
respectively (13).

To assess the model performance of PCL identification, we
computed accuracy, sensitivity, specificity, positive predictive
value, and negative predictive value using the ground truths
generated via the reader study. The 95% Cls were calculated
using the Clopper-Pearson interval. To evaluate the model per-
formance for measurement extraction, we computed accuracy
and Lin concordance correlation coefficient (14) between mea-
surements extracted by the model and the radiologist. For mea-
surements, accuracy was defined as the proportion of reports in
which the maximum measurements extracted by the model and
the radiologist’s annotation were exactly the same. A two-tailed
a criterion of .05 was used for statistical significance. Statistical
analyses were performed in Python (version 3.6.10) and R soft-
ware (version 3.6.3; The R Foundation).

Results

Study Sample

We identified 430426 free-text radiology reports (378061 CT
and 52365 MRI examinations) from 199783 unique patients
through a database query with 204 examination codes between
January 1991 and July 2019. As shown in the study flowchart
(Fig 1), a sample of 204 reports was used to generate phrases
for mention extraction, and the studies were then excluded
from subsequent analysis. Cases were retrospectively sorted by
examination code, and 9193 of 430426 reports were found to
have pancreatic lesion—specific structured text.

Identifying Patients with Pancreatic Cysts

Of the remaining 430222 reports from 199783 patients,
15621 reports (3.63%) from 8504 patients (4.26%) were clas-
sified by the algorithm as positive for PCLs (10281 of 377955
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CT reports [2.72%] and 5340 of 52267 MRI reports [10.2%])
(Table 2). Of the 8504 patients positive for PCL, age data were
available from the reports of 5558 patients; the median age
was 70.0 years (interquartile range [IQR], 49.0-86.0 years).
Data on sex were available in reports for 5595 patients
(3218 [57.5%] female, 2377 [42.5%] male).

Among the 8504 patients positive for PCL, subtypes
of the PCL were mentioned in reports for 6994 patients.
Of these 6994 patients, the reports for 6341 (90.7%), 238
(3.4%), 384 (5.5%), 15 (0.2%), and 16 (0.2%) had phrases
suggestive of intraductal papillary mucinous neoplasms
(IPMNs), serous cystic neoplasms, mucinous cystic neo-
plasms, solid pseudopapillary neoplasms, and lymphoepi-
thelial cysts, respectively.

For the reader study with 1000 samples selected via strat-
ified random sampling, interobserver agreement between
two radiologists was almost perfect (Cohen k = 0.968);
moreover, agreement between the NLP algorithm and two
observers was also almost perfect (Fleiss k = 0.951). With
the ground truths generated via the reader study, the false-
positive rate and true-positive rate for PCL identification
were 3.0% and 98.2%, respectively, for the whole case co-
hort of CT and MRI reports; 3.1% and 98.8%, respectively,
for CT only; and 2.8% and 97.6%, respectively, for MRI
only (Table 3). Among reports generated before and after

Table 2: Numbers of Reports and Patients Positive for
Pancreatic Cystic Lesions

Variable Reports Patients
Positive for PCL 15621 (3.63) 8504 (4.26)
Suggestive of IPMN 13154 (3.06) 7321 (3.66)
Follow-up duration (y)

1 1496 (0.75)
2 742 (0.37)
3 506 (0.25)
4 358 (0.18)
5 250 (0.13)

Note.—Data are numbers with percentages in parentheses.
Percentages based on total number of reports (7 = 430222) and
patients (2 = 199783). IPMN = intraductal papillary mucinous
neoplasm, PCL = pancreatic cystic lesions.

Yamashita et al

ACR white paper publication, the model achieved higher
performance on the reports generated after white paper publi-

cation (Table 3).

Extracting Measurements for Pancreatic Cysts

Of the 15621 positively classified reports by the PCL identi-
fication model, our measurement extraction model identified
measurements for PCL in 13085 reports (83.8%). Examples
of measurement extraction by the question answering system
are shown in Figure 2. For the 1000 randomly sampled reports
and manually collected ground truth labels, the accuracy for
extracting the largest measurements of the PCLs was 0.958,
and the Lin concordance correlation coeflicient was 0.874 (Fig
3). The accuracy and concordance correlation coefficient of the
measurement extraction were 0.954 and 0.774, respectively,
for the reports generated before white paper publication, and
0.962 and 0.894, respectively, for the reports generated after
white paper publication. No measurements were mentioned
in the remaining 2536 reports. An error analysis demonstrated
that the measurement extraction failed in 42 of 1000 reports
for the following reasons: (2) the lesions were not PCLs but
were described as either “nonenhancing,” “low-attenuation,”
or “hypodense” (z = 13); (b) there was a lesion with solid and
cystic characteristics (7 = 1); (¢) our model was confused by
prior measurements (eg, “31 X 33 mm low attenuation cyst
at the pancreatic head/uncinate process has decreased in size
and now measures approximately 15 X 11 mm” and “previ-
ously described 6-mm hypodense cystic lesion in the pancreatic
neck is not well seen, likely due to motion artifact”) (7 = 8);
(d) the measurements were noted in parentheses (7 = 3); (¢)
there was a cystic dilatation of main pancreatic duct (7 = 2);
(f) the lesions were suspicious for pseudocysts (7 = 1); and (g)
the PCL measurements were mentioned in the reports but the
algorithm did not extract them for non-human-interpretable
reasons (7 = 14).

On the basis of the results of measurement extraction, we
identified 1238 patients who had at least two abdominal CT
or MRI reports with measurements available and whose studies
were performed at least 12 months apart. The median follow-
up duration was 31.4 months (IQR, 19.5-56.1 months; range,
12.0-260.9 months). Histopathologic diagnoses for pancreatic
abnormalities were identified and obtained for 31 patients
(Table 4) who underwent surgical resection after a median

Table 3: Cyst Identification Performance on Consensus Ground Truth by Radiologists

MRI (7 = 500)

CT + MRI (pre-
ACRWP, 7 = 697)

CT+MRI (post-
ACRWRP, 7 = 303)

Metric CT + MRI (z=1000) CT (= 500)
Accuracy 97.6 (96.5, 98.5) 97.8 (96.1, 98.9)
Sensitivity 98.2 (96.6, 99.2) 98.8 (96.5, 99.7)
Specificity 97.0 (95.2, 98.3) 96.9 (93.9, 98.6)
PPV 97.0 (95.1, 98.3) 96.8 (93.8, 98.6)
NPV 98.2 (96.6, 99.2) 98.8 (96.5, 99.8)

97.4 (95.6, 98.6)
97.6 (94.8,99.1)
97.2 (94.3, 98.9)
97.2 (94.3, 98.9)
97.6 (94.8,99.1)

97.0 (95.4, 98.1)
97.5 (95.2, 98.9)
96.5 (94.1, 98.1)
96.0 (93.3, 97.9)
97.8 (95.8,99.1)

99.0 (97.1, 99.8)
99.4 (96.8, 100.0)
98.5 (94.6, 99.8)
98.8 (95.9,99.9)
99.2 (95.8, 100.0)

Note.—Data are percentages with 95% Cls in parentheses. ACRWP = American College of Radiology white paper, NPV = negative pre-
dictive value, PPV = positive predictive value.
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Sample report

pancreas: low-density 7 mm cystic focus in the uncinate process and is a small cystic
focus adjacent to the tail the pancreas measuring 7 mm is also seen. pancreatic duct
is borderline dilated in the tail but otherwise normal in caliber. no solid pancreatic
masses are seen. a hypervascular 1cm mass is seen in the tail of the pancreas and is
favored to represent a splenule.

pancreas: adjacent to the pancreaticojejunostomy there is a horseshoe shaped 4.8 x
2.5 cm fluid collection, likely post surgical. there is an adjacent jackson-pratt drain
which extends along the body/tail of the pancreas and comes in close contact to this
small fluid collection. the pancreas enhances symmetrically, and there are a few
stable small cystic lesions in the tail of the pancreas measuring up to 1 cm the spleen

NLP model (mm)

10

Ground truth (mm)

10

and bilateral adrenal glands are unremarkable.

pancreas: redemonstration of a 7 mm hyperenhancing lesion in the head of the

pancreas, unchanged dating back to 2/2/2017 and without uptake on pet, favored to

represent a small neurcendocrine tumor. punctate hypoattenuating lesion in the n/a n/a
pancreatic head is stable, likely a small sidebranch ipmn. mild prominence of the

pancreatic duct measuring 2-3 mm has been slowly increasing from february 2017.

Figure 2:

Examples of measurement extraction by the question answering system. The sysfem identified measurements of

pancreatic cystic lesions (highlighted in orange), and it successfully ignored measurements for prior studies, as well as mea-
surements for noncystic abnormalities (highlighted in green). NIPL = natural language processing.

follow-up of 31.8 months (IQR, 17.7-67.8 months; range,
13.5-260.9 months). Of the 31 patients who underwent sur-
gical resection for their pancreatic abnormalities, pathologic
analysis revealed nine (29.0%) invasive pancreatic ductal ade-
nocarcinomas (PDACs), 15 (48.4%) IPMNs, four (12.9%) se-
rous cystic neoplasms, two (6.5%) mucinous cystic neoplasms
without invasive carcinoma or high-grade dysplasia, and one
(3.2%) cystic pancreatic neuroendocrine tumor (Table 4). Of
the nine PDAC:s, two (22.2%) arose from a gastric-type IPMN
(one combined IPMN, one branch duct IPMN), and the other
seven were de novo. Of the nine PCLs in patients with patho-
logic analysis-proven PDAC, six (66.7%) presented growth
at follow-up according to the ACR growth criteria, whereas
of the 15 PCLs in patients with pathologic analysis—proven
IPMN, eight (53.3%) presented growth at follow-up. Of the
15 IPMNs, three (20.0%) had pathologic analysis—proven mu-
ral nodules, of which one presented growth at follow-up and
the other two remained stable.

The characteristics of PCLs at baseline and their interval
growth patterns are summarized in Table 5. At baseline, 1238
cysts had a median cyst size of 10.0 mm (IQR, 6-15 mm).
At the last follow-up, the cysts had a median size of 11.0 mm
(IQR, 7-17 mm). By ACR size category, the 1238 PCLs mea-
sured as follows: less than 5 mm, 140 (11.3%); 5—14 mm, 742
(59.9%); 15-25 mm, 259 (20.9%); and greater than 25 mm,
97 (7.8%). Among the PCLs demonstrating growth according
to ACR 2017 criteria (2), the median baseline cyst size was 9.0
mm (IQR, 6-16 mm).

A total of 270 cysts (21.8%) increased in size (median fol-
low-up, 44.4 months), 114 (9.2%) decreased in size (median
follow-up, 31.3 months), and 854 (69.0%) remained stable
(median follow-up, 28.9 months). In the baseline size groups
of less than 5 mm, 5-14 mm, 15-25 mm, and greater than
25 mm, size increase was noted in 34 (24.3%), 157 (21.2%),
59 (22.8%), and 20 (20.6%) cysts, respectively (Table 5). The
bar chart in Figure 4, which is modeled on Pandey et al (8),
shows the proportion of PCLs showing size change in the
baseline size categories as defined by the ACR white paper
recommendations (2).

120

100 A

80 A1

60

40 4

extracted measurement (mm)

20 A

T T T T T
0 25 50 75 100 125
ground truth measurement (mm)
Figure 3: Agreement of measurement extraction between ground truth and
natural language processing model. Scatterplot shows agreement of measure-
ment extraction between a radiologist and our question answering-based system;

©5.8% of the reports were aligned on the diagonal line, which is almost perfect
agreement (Lin concordance correlation coefficient = 0.874).

Discussion

Despite decades of experience with CT imaging and MRI of
incidental PCLs, definitive risk stratification strategies have not
yet been established. The recently developed management rec-
ommendations of the ACR for incidental PCLs specify time-
lines for serial follow-up of lesions on the basis of baseline cyst
size and interval growth (2). These management recommenda-
tions have been informed largely by medical society consensus
papers, meta-analyses, and observational studies, because con-
clusive evidence is still lacking (3). Given the number of years
that CT and MRI have been in use, vast archives of evidence to
inform decision-making about PCLs are potentially available,
but this evidence is currently buried within free-text reports.
Robust NLP tools provide a potential opportunity to mine
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Table 4: Histopathologic Diagnoses and Their Association with Cyst Size Categories and Interval Growth Patterns in
Patients with Pancreatic Cystic Lesions
<5 mm 5-14 mm 15-25 mm =25 mm
Histopathologic
Finding All Stable  Enlarged Decreased Stable  Enlarged Decreased Stable  Enlarged Decreased Total*
IPMN 0 4(26.7) 3(20.00 0 1(6.7) 4(26.7) 1(6.7) 1(6.7) 1(6.7) 0 15 (100)
PDAC 0 2(22.2) 3(33.3) 0 1(11.1) 1(1L.1) 0 0 2(222) 0 9 (100)
Arising in 1 1 2
IPMN
SCN 0 0 0 0 0 1(25.0) 1 (25.0) 1(25.0) 1(25.0) 0 4 (100)
MCN 0 0 1(50.0) 0 0 0 0 1(50.0) 0 0 2 (100)
Cystic PNET 0 0 0 0 1(100) O 0 0 0 0 1 (100)
Total 0 6(19.4) 7(22.6) 0O 3(9.7) 6(19.4) 2(6.5) 309.7) 4(129) 0 31 (100)
Note.—Data are numbers with percentages in parentheses. IPMN = intraductal papillary mucinous neoplasm, MCN = mucinous cystic
neoplasm, PDAC = pancreatic ductal adenocarcinoma, PNET = pancreatic neuroendocrine tumor, SCN = serous cystic neoplasm.
* Totals may not equal 100 owing to rounding.

Table 5: Characteristics of Pancreatic Cystic Lesions at Baseline and Their Interval Growth Patterns

11.0 (7.0-17.0)
31.4 (19.5-56.1)

At last follow-up
Imaging follow-up duration (mo)*

Size Change Category

Characteristic Overall Stable Enlarged Decreased
No. of cysts 1238 (100) 854 (69.0) 270 (21.8) 114 (9.2)
Baseline size category

<5mm 140 (100) 106 (75.7) 34 (24.3) 0 (0.0)

5-14 mm 742 (100) 570 (76.8) 157 (21.2) 15 (2.0)

15-25 mm 259 (100) 135 (52.1) 59 (22.8) 65 (25.1)

=25 mm 97 (100) 43 (44.3) 20 (20.6) 34 (35.1)
Cyst size (mm)*

At baseline 10.0 (6.0-15.0) 9.0 (6.0-13.0) 9.0 (6.0-16.0) 19.0 (15.0-25.75)

9.75 (6.0-14.0)
28.9 (18.7-50.0)

12.0 (8.0-14.0)
31.3 (18.6-56.8)

18.0 (12.0-28.0)
44.4 (23.7-74.3)

*Data are medians with interquartile range in parentheses.

Note.—Except where otherwise noted, data are numbers with percentages in parentheses.

these historical archives across multiple institutions to inform
evidence-based recommendations based on natural history as
assessed on serial imaging examinations.

With the aforementioned factors as motivation, we sought to
develop tools to extract the parameters that underscore the ACR
guidelines. Our NLP system has two stages. First, the system
identified patients with PCLs from more than 430 000 free-text
radiology reports. We showed that the system achieved almost
perfect agreement with radiologists in detecting the presence of
PCLs in the free text of radiology reports (Fleiss k = 0.951).
Our system identified PCLs in 2.72% of abdominal CT reports
and 10.2% of abdominal MRI reports, which is comparable to
previous studies in which PCLs were identified at 2.4% of CT
examinations (15) and 19.6% of MRI examinations (16).

Second, our system extracted measurements for the PCLs
from the free-text reports. Regarding the single largest mea-
surement in each examination, our system achieved excel-
lent accuracy of 0.958 and a Lin concordance correlation
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coeflicient of 0.874 against manual annotations by a radiolo-
gist as ground truths.

Our PCL identification model is based on the CheXpert-
labeler (9), which was developed to extract structured labels for
a large chest radiograph dataset. Although the CheXpert-labeler
was originally intended to be applied to chest radiography re-
ports, we showed that our approach successfully transformed it
into a PCL detector for CT and MRI reports. One drawback
of this rule-based approach is that it requires a list of phrases
for mention extraction per each use case, which requires experts’
inputs. As presented in Appendix E2 (supplement), however, the
phrases in the list for mention extraction are not medical site—
specific; that is, they consist only of general terms. Therefore, it is
reasonable to consider that our approach could easily be general-
ized to other medical sites as well as a different set of radiologists.
Additionally, the advantage of such a rule-based approach is that
it does not require the manually labeled large datasets that are
typically required for supervised machine learning models.
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cafegories.

For measurement extraction, we pioneered the use of a ques-
tion answering system; this approach differs from that of previ-
ous studies that applied rule-based and/or supervised machine
learning-based approaches (7,17). Although we applied the
question answering system in an unsupervised manner—that
is, the model has never been directly trained for measurement
extraction on radiology reports—our results demonstrated the
efficacy of such a system for extracting measurements from free-
text radiology reports. Our approach successfully ignored prior
measurements and measurements for noncystic lesions as shown
in Figure 2, which has been challenging for prior NLP ap-
proaches, such as the hybrid NLP algorithm that integrates rule-
based modules and conditional random field model as developed
by Bozkurt et al (7). One possible explanation is that our ap-
proach is based on bidirectional encoding that was obtained by
the Transformer architecture (10,18,19) that enables the model
to understand contexts in free-text documents. It is possible
that performance might be improved by directly pretraining the
measurement extraction model on a large collection of unlabeled
radiology reports; this should be investigated in future studies.

One advantage of our approach is its extensibility or general-
izability. Because our NLP pipeline does not require any training
datasets or ground truth annotations (ie, it requires only a list of
phrases for lesion identification and a set of questions for mea-
surement extraction), our approach can be readily generalized
to other use cases, such as measurement extraction for liver and
kidney cysts or lesions.

With the extracted measurements, we successfully analyzed
interval growth patterns of PCLs on the basis of the ACR size
categories and growth criteria. Our results showed that seven
of nine PDACs were found in patients with PCLs measuring
5-25 mm, of which three PCLs remained stable throughout the
follow-up period. This result suggests that the ACR baseline size
group and interval growth may not be sufficient for risk stratifi-
cation of small PCLs (<25 mm).

Bar chart shows the proportion of pancreatfic cystic lesions with interval growth patterns in the baseline size

Our study was subject to some limitations. First, because
the radiology reports were generated through clinical practice
and collected from the database, lesion measurements were
performed by numerous radiologists and the measurement
methods were not standardized (20), especially for the reports
generated before publication of the ACR white paper. Since
publication of the ACR white paper in 2017 (2), radiologists
at our institution have followed the cyst measurement method
proposed therein. Nevertheless, measurement variability could
potentially have effects on the downstream assessment of
growth pattern; this issue was unavoidable because of the ret-
rospective nature of our study. A possible solution is to collect
a larger number of reports (eg, from other institutions) so that
the effect of variation in measurements can be averaged out.
Second, there is no guarantee that the largest measurements for
the baseline and the last follow-up examinations were extracted
from the same cystic lesion. Therefore, the growth of the cysts
may not be reliable, especially when the index cyst shrinks or
smaller cysts grow rapidly during the follow-up period. It is
necessary to integrate imaging data and cross-reference the
cystic lesions to address this limitation, which is outside the
scope of the present study. Third, there is no guarantee that
the histopathologic diagnoses extracted from pathology reports
correspond to the index lesions in the radiology reports in any
patient who had more than one PCL. Fourth, the specific type
of PCL, such as IPMN or serous cystic neoplasm, was not vali-
dated by comparing the text with the radiologists’ annotations;
therefore, those results should be interpreted with caution. Fi-
nally, our PCL identification model does not consider the over-
lapping nature of entity mentions. Integrating approaches to
address this problem, such as conditional random fields (21),
hypergraphs (22), and neural networks (23,24), into our ap-
proach could improve the performance of PCL identification.

In conclusion, we presented an NLP-based system that iden-
tifies patients with PCLs and extracts the largest measurements
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of the cysts from a large single-institution archive of free-text
radiology reports. Our approach may prove valuable to study the
natural history and potential risks of PCLs, and this approach
can be applied to many other use cases because it does not re-
quire huge, annotated datasets to train models. Further work is
needed to explore the extensibility of our NLP model to other
large institutional radiology report databases.
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