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Abstract.

BACKGROUND: Large community cohorts are useful for lung cancer research, allowing for the analysis of risk factors and
development of predictive models.

OBJECTIVE: A robust methodology for (1) identifying lung cancer and pulmonary nodules diagnoses as well as (2) associating
multimodal longitudinal data with these eventsfromeelectronic health record (EHRs) is needed to optimally curate cohorts at scale.
METHODS: In this study, we leveraged (1) SNOMED concepts to develop ICD-based decision rules for building a cohort
that captured lung cancer and pulmonary nodules and (2) clinical knowledge to define time windows for collecting longitudinal
imaging and clinical concepts. We clirated/three cohorts with clinical data and repeated imaging for subjects with pulmonary]
nodules from our Vanderbilt University,Medical Center.

[RESULTS: Our approach achi€ved an estimated sensitivity 0.930 (95% CI: [0.879, 0.969]), specificity of 0.996 (95% CI: [0.989,
1.00]), positive predictive value'of0.979 (95% CI: [0.959, 1.000]), and negative predictive value of 0.987 (95% CI: [0.976, 0.994])
for distinguishing lung canecer from subjects with SPNs.

ICONCLUSION: This work represents a general strategy for high-throughput curation of multi-modal longitudinal cohorts at risk]
for lung cancer from routinely collected EHRs.

Keywords: Pulmonary nodules, lung cancer, EHR mining, multimodal longitudinal cohorts

1. Introduction

The use of predictive models to inform clinical diag-
nosis, management, and prognosis is an area of intense
research, especially in the early diagnosis of lung cancer|
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communities [3]. Although prospective clinical trials
such as the National Lung Screening Trial [4] have pro-
vided a richly annotated datasets for this purpose, they
are costly to replicate at scale and are limited in scope
as they only include high-risk, lung cancer screening
patients. Without well-funded clinical trial enrollment,
electronic health records (EHRs) represent the next best
window into clinical populations [5,6]. Curating a ret-
rospective cohort from the EHRs is a two-step pipeline
that includes (1) defining a phenotype to separate cases
and controls within an appropriate time window, and
(2) mining data across modalities and time.

Individuals with an indeterminate pulmonary nodule
(IPN) detected incidentally or during screening, and
without a recent or active history of any cancer, repre-
sent a clinical challenge due to limitations of available
noninvasive methods to risk stratifying IPNs [7]. In con-
trast, individuals with an active cancer or recent cancer
history who present with an IPN undergo more aggres-
sive diagnostic investigations due to a higher pretest
probability of malignancy. The value of predictive mod-
els is limited in this setting, so these individuals should
excluded from study cohorts for lung cancer predic-
tion [8,9]. A common starting point for finding diag-
noses from the EHR are International Classification of
Diseases (ICD) codes, a hierarchical terminology of
medical findings, diagnoses, and conditions that is ubiqs
uitously used for reimbursement requests in the United
States [10]. For many diagnoses, including lung cancer,
there is no consensus on which ICD codes ‘should be
included to define the diagnostic eventeFurthermore,
identifying cases where an IPN resultediin/a diagnosis
of lung cancer is a nontrivial issue'a$ the information
is often only accessible as nonfstructured data within
biopsy reports and clinical notes.This study proposes a
strategy for defining lungeancer and IPN events based
on existing SNOMED-CT.concepts [11]. We further
leverage the implicit timing between the two events to
label cases and controls.

Once cases and controls have been identified, data
from these subjects are commonly retrospectively ex-
tracted. An imaging study would require chest CT scans
that capture SPNs, ideally with multiple scans that show
nodule change over time. To this end, imaging studies
require expensive and time-consuming visual assess-
ments of each image. Studies of non-imaging risk fac-
tors likewise undertake challenging efforts to extract
clinical concepts from the EHR. These challenges mo-
tivate a scalable method for medical image and clini-
cal concept mining that would enable high-throughput

esearch or at least preliminary curation to minimize

manual effort. This study proposes to implicitly curate
images and clinical concepts that occur in clinically-
informed time windows surrounding the lung cancer or]
SPN events.

Standardized cohort curation methods are needed to
increase the chance that cohorts are comparable across
geographic and institutional boundaries. However, the
underlying data structure of EHRs differ by institution,
with each facing unique challenges in extracting infor-
mation from heterogeneously structured, sparse, and
irregularly sampled data. The methods put forth in this
study seek to be agnostic to data structure by inferring
phenotypes from ICD codes only. We test the validity|
of these inferences by comparing our cohorts with our
institution’s cancer registry{12]. The proposed method
was used to curate thregseohorts from our home insti-
tution: a clinical coneepts_cohort and two longitudinal
imaging cohorts.

2. Data

All data were collected from Vanderbilt University,
Medical Center (VUMC) under a protocol approved by,
the Vanderbilt Human Research Protections Program,
IRB #140274. Non-imaging data were pulled from the
Research Derivative, our archive of 2.5 million EHRs
from VUMC starting from 1990 to the present day [13].
The full history of ICD codes and their occurrence
date were retrieved for each subject in the study. We
also tapped ImageVU, our linked imaging archive that
contains an incomplete subset of chest and full body
CTs acquired at VUMC after 2012. Clinical scans that
are not available in ImageVU were excluded due to
administrative or technical barriers such as temporary)
server downtime during scan acquisition.

3. Methods

Risk factors, biomarkers, and predictive models are
most valuable when they inform early risk stratification
before patients undergo invasive procedures and well
before the disease becomes metastatic. We choose to
retrospectively capture this population by finding indi-
viduals with a SPN detected incidentally or by screen-
ing who do not have a history of any cancer. We use
ICD-based rules to define the presence of pulmonary|
nodules, lung cancer, and history of any cancer, and
leverage their relative timing to distinguish those who
developed lung cancer from those with benign disease
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Research Derivative
Subjects (n~2.5 million)

ImageVU
Scans (nx826,000)
Subjects (n~246,000)

13 scans within 5 years

Scans (n=4229)
Subjects (n=1672)

l Imaging QA

Scans (n=4110)
Subjects (n=1636)
|
[ |

First SPN and no cancer history No cancer history

Subjects Scans (n=632) Scans (n=2082)
(n=16,053) Subjects (n=259) Subjects (n=796)
| | |
Within observation Within observation Within observation
window window window
VU-'SPN VU-LI-SPN VU-LI
Subjects Scans (n=436) Scans (n=1377)
(n=6254) Subjects (n=199) Subjects (n=535)

[Fig. 1. Archives linking EHRs to imaging allowed for the selection
of subjects via ICD rules. Scans that were low quality and data that
did not fall within observation windows were excluded. VU-SPN:
subjects with no cancer history prior to an SPN code. VU-LI-SPN:
subjects in VU-SPN with imaging. VU-LI-Incidence: subjetts with
imaging.

These methods are used to curate three different cohorts
that represent populations from VUMC with (1) an
SPN, (2) an SPN and longitudinal chest-€T imaging,
and (3) longitudinal chest CT imaging. We denote these
cohorts as VU-SPN, VU-LI-SPN,%and VU-LI respec-
tively. VU-SPN included those'with and without longi-
tudinal imaging data while VU-LI-SPN only includes
subjects with longitudinalimaging available. Other than
this, both employ the same inclusion criteria and there-
fore the former is a superset of the latter. In contrast,
'VU-LI employed different inclusion criteria to cap-
ture more imaging data. There is an incomplete overlap
in subjects between VU-LI and the other two cohorts
(Fig. 1).

3.1. ICD-based phenotypes

ICD-based phenotypes can be inferred using clinical
expert-designed schemas that map high level clinical
concepts to aggregations of ICD codes. The leading
expert-designed schemas that have emerged include

based clinical and genetic research, and SNOMED-
CT, a comprehensive terminology that broadly includes
clinical concepts beyond diseases. The phenotyping
efforts in this study leveraged a mapping between
SNOMED-CT concepts and ICD codes [16], but we
note that Phecodes result in similar phenotype defini-
tions for lung cancer and pulmonary nodules.

For the SPN phenotype, we used SNOMED-CT with
SCTID 427359005, concept name “Solitary nodule of|
lung (finding)”, to identify ICD-9 793.11 and ICD-10-
CM RO91.1 both named “solitary pulmonary nodule”.
For the lung cancer phenotype, we aggregated the de-
scendants of SCTID 363358000, concept name “Malig-
nant tumor of lung”, and mapped them to ICD-9/ICD-
10/ICD-10-CM codes, ultimately finding 56 matching
codes in our archives (Fable 1). This aggregation of]
codes represents a bread,phenotype of lung cancer and
includes any malighaney*found in the bronchus or lung,
but excludes malignancies of the trachea, larynx, me-
diastinum, and'pleura. The phenotype can be further
factorized to distinguish between primary lung cancer|
and ‘metastasis to the lung from other cancers if the
needyarises. Finally, a phenotype for any malignancy|
was created by aggregating the descendants of SCTID
363346000, concept name “Malignant neoplastic dis-
ease” and mapping the concepts to ICD codes.

3.2. Criteria for inclusion, case, and control

We defined the cohort inclusion criteria as individu-
als with a SPN phenotype and no cancer phenotype oc-
curring before the SPN phenotype (Fig. 1). Lung cancer|
cases are individuals with a lung cancer phenotype oc-
curring 4 to 1095 days after the SPN phenotype. Lung
cancer phenotypes occurring imminently after a SPN
event is likely to represent patients where the presence
of lung cancer is known concurrently or before the SPN
detection. Therefore we used 4 days as a heuristic cutoff
to exclude these patients from the cohort. 1095 days
was chosen as the maximum follow up period because a
SPN that is stable for three years is highly unlikely to be|
malignant [8,17]. Controls are individuals that meet the
inclusion criteria but not the positive case criteria. Im-
portantly, we excluded records that ended within three
years of an SPN. We defined the end of a record as the
date of the last ICD code plus a 1 month buffer. These
rules were used to label VU-SPN and VU-LI-SPN.

These criteria represent a conservative strategy that
may not be adequately sensitive for capturing lung can-
cer incidence, since subjects must have a SPN that rises

Phecodes [14,15], representing diseases for PheWAS-

to the threshold of being worked up to be included i
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Table T
ICD-based phenotypes for SPN and lung cancer

Code
Phenotype: Solitary pulmonary nodule

Version Description

ICD-9 793.11 Solitary pulmonary nodule

ICD-10 R91.1 Solitary pulmonary nodule

Phenotype: Lung cancer

ICD-9 1621 Malignant neoplasm of trachea bronchus and lung
ICD-9 197.0 Secondary malignant neoplasm of lung

ICD-9 209.21 Malignant carcinoid tumor of the bronchus and lung
ICD-9 176.4 Kaposi’s sarcoma, lung

ICD-10 C34* Malignant neoplasm of bronchus and lung

ICD-10 C7A.090 Malignant carcinoid tumor of the bronchus and lung
ICD-10  C46.5* Kaposi’s sarcoma of lung

ICD-10 C78.0* Secondary malignant neoplasm of lung

TIncludes all sub-categories below the hierarchy except 162.0 “Malignant neo-
plasm of trachea”. *Includes all sub-categories below the hierarchy under this
general category.
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Table 2
Cohorts characteristics
Cohort VU-SPN VU-LI-SPN VU:LI

No. subjects 6254 199 535

Cases/controls 946 (6%)/5308 30 (15%)/169 66 (12%)/469
No. scans N/A 436 1337

Cases/controls ~ N/A 42 (9.9%)/394 88 (6.6%)/1249
Age 5724+ 158 59.9 4= 13l 62.0+ 11.0
Sex (male) 2776 (44%) 126.(59%) 383 (72%)
BMI 29.2+7.03 275 ¥7.23 27.1 +£6.33

the cohort. We defined a broader inclusion criteria to
identify those with and without lung cancer, regardless
of SPN presence. Cases were those without cafcernof
any type before an occurrence of a lung cancer phe-
notype. Controls were those without lung'caneer, and
no cancer of any type before an observation. Any data
occurring after a diagnosis of cancer'were excluded.
These rules were used to label VU-LI

3.3. SPN cohort

We collected records from the Research Derivative
with ICD codes matching the SPN phenotype. Our ob-
servation window for each subject ranged inclusively
from the start of their record to the date of their lung
cancer event. Within this window, we collected demo-
graphics, ICD codes, laboratory values, and medication
orders. Observations occurring after the lung cancer
code was excluded (Table 2).

3.4. Longitudinal Imaging cohorts
We assembled a cohort with repeated chest CTs that

captured pulmonary nodules or untreated lung cancer
for a longitudinal imaging study (Fig. 1). We started

with an initial discovery cohort of individuals in Im-
ageVU with three CTs within five years. As a quality as-
surance step, we algorithmically analyzed the imaging
metadata to discard images with poor slice contiguity|
and unrealistic physical dimensions. We also performed
a fast manual review to remove CTs that did not fully|
include the lung field or had occluding artifact. Finally,
we retrieved ICD codes for the discovery cohort that
passed this quality assurance and identified cases and
controls (Table 2).

A unique challenge in building imaging cohorts is
inferring which images best capture a lung cancer with-
out the need for visual assessment or robust natural
language processing of radiologic reports. The scans
for cases and controls were classified differently. We
hypothesized that in lung cancer cases, the diagnostic
value of images is related to its time-distance from the
lung cancer diagnosis. In control subjects, the diagnos-
tic value of images depends on its time-distance from
the observation of a pulmonary nodule. To reflect this,
we implicitly classified images from lung cancer cases
based on their timing relative to the first occurring lung
cancer event (Fig. 2). The classes are distinguished as
follows. Pre-3+: Images acquired three or more years
before the lung cancer phenotype. They are unlikely to
capture any relevant pulmonary nodules. Pre-3: Image
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(a) Collected Imaging for Cases

Excluded scans

(b) Collected Imaging for Controls
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acquired 1-3 years before the lung cancer phenotype.
They are likely to capture pulmonary nodules in the
pre-malignant stage. Pre-1: Images acquired from the
date of the lung cancer phenotype to 1 year before. They
are likely to capture undiagnosed and untreated lung
cancer [8,9]. Post-3: Images acquired 3 years after the
lung cancer phenotype was observed. They are likely
to capture lung cancer that was diagnosed and treated.
[Post-34: Images acquired more than 3 yearsqafter the
lung cancer phenotype. They are not likelyite capture
findings relevant to lung cancer. For controls, we desig-
nate two classes of images as useful fof analysis: images
before the SPN code (Pre) and.those within three years
after the SPN (Post-3). Imagestacquired more than three
years after the SPN (Post=3+) were discarded due to
the possibility of containing unlabeled lung cancer.

3.5. Validation

The ICD-based decision rules for distinguishing lung
cancer cases and controls were compared against the
VUMC Cancer Registry (VCR), an externally devel-
oped registry of all patients who received a cancer di-
agnosis or first course treatment for a cancer at VUMC
from 1983 to 2023. For inclusion in the registry, records
are first broadly selected using pathology reports or
the presence of ICD codes. Each selected record is re-
viewed by trained clinicians and confirmed cases are
reported the Tennessee State Registry. We estimate that
this process produces an extremely low false positive

[Fig. 2. Distribution of collected imaging surrounding first diagnosis of lung cancer in cases and the first6bservation of a pulmonary nodule in|
controls. Scans were classified into disjoint time windows (in chronological order: Pre 34, Pre 3, Pre 1, Post 3, and Post 34-) based on their
proximity to the first lung cancer event for cases or first SPN event for controls. For cases (a), scang/occurring at or before the lung cancer event
(Pre 3+, Pre 3, Pre 1) were included in the cohort while scans collected after were excluded (Post 35 Post 3+). For controls (b), scans that were|
acquired before or within three years after the first SPN code (Pre, Post 3) were included in the.cohort while scans acquired three years after were

80+
704
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Table 3
VU-SPN cases/controls vs. presence in VUMC
Cancer Registry (VCR) (Number of subjects that
we chart reviewed from each cell)

VCR
Present Absent
VU-SPN
Predicted cases 675 (0) 271 (28)
Predicted controls 50 (50) 5258 (526)

rate for inclusion in the VCR to indicate a true cancer|
case [12]. However, the false negative rate is difficul
to bound because the VCR does not include patients
diagnosed at other institutions who then receive second
course treatment or beyond at VUMC.

To explain the gap between our cohorts and the VCR|
we conducted a chart review of the mismatched patients
using clinical notes and pathology reports (Table 3).
Due to the large cohort size, we reviewed a random
10% of cases and controls absent from the VCR. We
did not review cases present in the VCR because they|
are manually reviewed and we expected a negligible
false positive rate.

3.6. Statistics

We used the following bootstrap procedure to esti-
mate the proportions of cases and controls that truly|
meet criteria from our chart review. First, we attained
100,000 samples by sampling with replacement from
subjects whose charts were reviewed. The size of eac
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Table 4

Estimated proportion of predicted cases and controls in VU-SPN that truly met criteria, reported as median

and 95% CI of bootstrapped samples

Estimated
True case True control Do not meet inclusion criteria
VU-SPN
Predicted cases 0.979 [0.948, 1.00] 0.021 [0.00, 0.052] 0 [0, 0]
Predicted controls  0.013 [0.006, 0.024]  0.987 [0.976, 0.994] 0.009 [0.002, 0.019]

Table 5
Estimated true cases and controls from VU-LI-SPN and VU-LI. Only
mismatches between cohort vs. VCR were reviewed (Number of
subjects that we chart reviewed from each cell)

VCR Estimated

True True
case control

Present Absent

VU-LI-SPN
Predicted cases 28 (0) 2() 30 0
Predicted controls 5(5) 164 (0) 0 169
VU-LI
Predicted cases 58 (0) 8(8) 66 0
Predicted controls 3(3) 466 (0) 3 466

sample was 627, which is 10% of VU-SPN. We strati-
fied the sampling by the comparison between VU-SPN
and VCR. That is, each bootstrapped sample was the
union of a 10% sample from the 675 cases present in
IVCR, a 100% sample from the 28 reviewed cases absent
from VCR, a 10% sample from the 50 reviewed con-
trols present in VCR, and a 100% of the 526 reviewed
controls absent from VCR. We report the propettion
estimates as the bootstrapped medians. Values‘at the
2.5" and 97.5" percentile among bootstrap/$amples
formed the 95% confidence intervals of-each,estimate
(Table 4). We also computed the sensitivity, specificity,
positive predictive value (PPV), andnegative predictive
value (NPV) in each bootstrap,§ample and report their
aggregate estimates using the“same procedure.

For imaging cohorts, we simply conducted reviewed
the predicted cases absent/from VCR and predicted
controls present in the VCR (Table 5). We did not per-
form a full review of these imaging cohorts because
we conducted our validation with a larger overlapping
cohort in VU-SPN.

4. Results
4.1. Clinical concepts

16,053 unique subjects were found to match inclu-
sion criteria. However, 9769 controls were excluded

due to their record ending within three years of the
SPN date. Ultimately we identified 946 cases and 5308

controls (Table 2). We collected all demographics, ICD
codes, laboratory tests, and medications occurring be-
fore the SPN.

4.2. Longitudinal imaging

4229 CT scans across 1672'subjects were included in
the initial discovery cohert, From the discovery cohort,
4110 chest CTs acrossyl636 subjects were found to
meet quality standards.*1 99 of these subjects met the
SPN inclusion ériteria with 30 lung cancer cases and
169 controls: The broader inclusion criteria identified
535 subjects with 66 cases and 469 controls.

VU-LI-SPN cases were associated with 167 chest
CTs=with O in the Pre-3+ class, 13 in Pre-3, 29 in Pre-1,
94iin Post-3, and 31 in Post-34- (Fig. 2a). Controls were
associated with 465 chest CT's with 189 in the Pre class,
205 in Post-3, and 71 in Post-3+ (Fig. 2b). VU-LI cases
were associated with 2082 chest CTs, with 1 in the Pre-
3+ class, 16 in the Pre-3 class, 71 in the Pre-1 class,
543 in Post-3, and 202 in Post-3+-. Since images in the|
Post-3 and Post-3+ class are likely to capture cancers
that have been diagnosed and treated, their diagnostic
value to an imaging study is uncertain and they should
excluded. After excluding usable scans, VU-LI-SPN
captured 436 scans across 199 subjects while the VU-LI
captured 1337 scans across 535 subjects (Table 2).

4.3. VCR validation

In the VU-SPN cohort we reviewed all 50 controls
present in the VCR, 28 out of 271 cases absent from
the VCR, and 451 out of 5258 controls absent from|
the VCR. Within the first group, 4 (8%) were diag-
nosed with lung cancer before the SPN date, 10 (20%)
were diagnosed within three years after the SPN, and
36 (72%) were diagnosed beyond three years after the
SPN. Within the second group, we found that 24 records
met case criteria while 4 were unable to be confirmed as
cases via chart review. 2 of these 4 subjects were likely
to have lung cancer based on the clinical picture, but the
diagnosis was not confirmed due to patient choice and

patient death. For the third group, we found 1 (0.19%)

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332



333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

Galley Proof 21/03/2024; 9:28

File: cbm-1-cbm230340.tex; BOKCTP/xjm p. 7

subject with lung cancer, 5 (0.95%) subjects with a
history of cancer before their SPN, and 520 (98.8%)
subjects that met control criteria. With bootstrapping,
we estimated that 0.979 (95% CI: [0.948, 1.00]) of pre-
dicted cases and 0.987 (95% CI: [0.976, 0.994]) of pre-
dicted controls to truly meet their respective criteria
(Table 4). Our method achieved a median sensitivity
of 0.930 (95% CI: [0.879, 0.969]), specificity of 0.996
(95% CI: [0.989, 1.00]), and positive predictive value
of 0.979 (95% CI: [0.959, 1.000]), negative predictive
value of 0.987 (95% CI: [0.976, 0.994]).

In the VU-LI-SPN cohort, there were 5 controls
present in the VCR and 2 cases absent from the VCR.
All of the former developed lung cancer more than three
years after their first observed SPN code, meaning they
were appropriately labeled as a control. Chart review
of the latter confirmed that they all met case criteria
despite being absent from the VCR. In VU-LI there
were 3 controls present in the VCR and 8 cases absent
from the VCR. Chart review determined that all of the
former did have lung cancer, while all of the latter met
case criteria (Table 5).

5. Discussion

In this work we outline a strategy that leverages sim¢
ple and well-defined rules around ICD codes to curate
three cohorts for studying pulmonary nodules @t risk
for lung cancer from our local institution. Ougapptreach
avoids any systematic assumptions about the astitution
or the EHR, except for similarity in th¢ use of the rel-
evant ICD codes for reimbursement purposes. Within
these cohorts we verify that our appreach is highly ac-
curate in identifying subjects with'and at risk for lung
cancer. We are not surprised that lung cancer codes
have high specificity, at 0.996;"and high PPV, at 0.979,
because billing for this life<changing condition should
not occur unless clinicians are certain of the diagnosis.
'We believe this is a reasonable explanation for our re-
sults that likely holds across code sets of other cancers
and across different institutions. For cancers that are
not associated with observable nodules, the appropriate
selection criteria should be used in place of the SPN
phenotype. For example, studies for prostate cancer di-
agnosis can leverage elevated Prostate-Specific Anti-
gen levels as a broad selection criteria and phenotypes
targeting prostate cancer to identify cases and controls.
Applying our approach in other types of cancers is a
future area of study.

We offer two strategies, conservative vs. liberal, for

horts. In the conservative approach used for VU-SPN,
subjects are required to be initially observed with an|
SPN phenotype whereas no such inclusion criteria was
imposed in VU-LI. Using the conservative approach,
72% of the predicted controls present in the VCR de-
veloped lung cancer 3 years after SPN diagnosis. These
lung cancers are most likely unrelated to the first SPN
and may have arisen from other nodules that the sub-
jects acquired after the first. They may have also rep-
resented cancers that grew so rapidly that serial CT]
scans were unable to capture gradual growth or cancers
that presented at late-stage due to a lack of health care
surveillance [18]. If these patients had imaging, they|
would have been labeled as lung cancer cases in VU-LI,
which was the case for 4 of the controls in VU-LI-SPN|
that became lung cancer.cases in VU-LI In this sense,
the conservative SPN-based approach leads to cohorts
focused on pulmonary nodule diagnosis with the trade-
off of possibly b€ing more bias towards indolently pre-
senting lung cancers.

In this workyswe excluded a large portion of data
because it'fell outside of the observation windows of]
interest. The observation window for non-imaging data
was anytime before the SPN event, while the window,
for imaging data depended on its proximity to the lung
eancer and SPN events. This strategy is suitable for]
building a validation cohort because it prevents esti-
mates of the posterior probability, found in data after
the lung cancer event, from leaking into the validation.
However, including data that occurs after the lung can-
cer event can be beneficial for hypothesis generation or]
model development, as this research may gain insight
from seeing posterior observations. For example, unsu-
pervised training on imaging acquired after diagnosis of
lung cancer can lend statistical strength to a predictive
model even if those images have no diagnostic value.

Institutional cancer registries are highly specific for]
lung cancer but they have fundamental limitations. Our]
approach was more sensitive for lung cancer cases than|
VUMC'’s Cancer Registry, which missed an estimated
quarter of the true cases. Moreover, other institutions
may not have cancer registries or may implement them
differently according to state-specific requirements. In
contrast, our approach is reproducible at any site that
uses the ICD billing system.

A few edge cases demonstrate the limitations of our]
approach. First, the SPN phenotype was used to broadly
select for patients at risk for lung cancer in this study,
but we do not directly measure its sensitivity and speci-
ficity for detecting patients that were actively undergo-
ing management for a pulmonary nodule. The billing

defining cases and controls that lead to two different co-

practices of SPN codes may vary across institutions
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Second, our validation supports a 7% false negative
rate with various modes of failure. 14 out of the 20 false
negatives developed lung cancer but were incorrectly
billed and did not receive a lung cancer code. 5 of the
false negatives were subjects who had a clinical note
citing a remote history of cancer before their SPN and
therefore should not have met our inclusion criteria.
There was no corresponding ICD code for these sub-
jects. A single false negative had a code for mucosa-
associated lymphoid tissue lymphoma (MALT), which
can arise in the lung and present as a SPN [19]. How-
ever, ICD taxonomy does not distinguish pulmonary
MALT lymphoma from MALT lymphoma in other or-
gans. In summary, our high-throughput method is ef-
fective at curating and labeling cohorts for lung cancer
research from subjects that have a EHR footprint in the
form of billing codes, but rare limitations arise when
relying on the medical billing system.

Acknowledgments

This research was funded by the NIH through
F30 fellowship 1F30CA275020, T32 training grants
of 5T32GM007347-41 and 5T32GM007347-42, and
RO1CA253923. This work was funded in part by NSF
CAREER 1452485 and NSF 2040462. This research i$
also supported by ViSE through T32EB021937-07 and
the Vanderbilt Institute for Clinical and Transldtional
Research through UL1TR002243-06.

Author contributions

Conception: Thomas Z. Li, Thomas, A. Lasko, Bennett
IA. Landman, Kim L. Sandlér, Eabien Maldonado.
Interpretation or analysis/f data: Thomas Z. Li, Kaiwen
Xu, Neil C. Chada, Heidi®Chen, Michael Knight, Sanja
IAntic, Thomas A. Lasko, Bennett A. Landman.
Preparation of the manuscript: Thomas Z. Li.

Revision for important intellectual content: Kaiwen Xu,
Thomas A. Lasko, Bennett A. Landman, Kim L. San-
dler, Fabien Maldonado.

Supervision: Thomas A. Lasko, Bennett A. Landman,
Kim L. Sandler, Fabien Maldonado.

References

[1] ES. Collins and H. Varmus, A new initiative on precision
medicine, New England Journal of Medicine 372 (2015), 793—
795. doi: 10.1056/NEJMP1500523/SUPPL_FILE/NEJMP150
0523_DISCL.OSURES.PDF

(3]

(4]

(51

(6]

(71

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

E.P. Gray, M.D. Teare, J. Stevens and R. Archer, Risk predic-
tion models for lung cancer: A systematic review, Clin Lung|
Cancer 17 (2016), 95-106. doi: 10.1016/J.CLLC.2015.11.007
A. Halevy, P. Norvig and F. Pereira, The unreasonable effec-
tiveness of data, IEEE Intell Syst 24 (2009), 8—12. doi: 10,
1109/M1S.2009.36.

Reduced Lung-Cancer Mortality with Low-Dose Computed|
Tomographic Screening, New England Journal of Medicin
365 (2011), 395-409. doi: 10.1056/NEJMOA1102873/SUPPL
_FILE/NEJIMOA1102873_DISCLOSURES.PDF.

M.R. Cowie, J.I. Blomster, L.H. Curtis, S. Duclaux, I. Ford, F|
Fritz, S. Goldman, S. Janmohamed, J. Kreuzer, M. Leenay, A,
Michel, S. Ong, J.P. Pell, M.R. Southworth, W.G. Stough, M,
Thoenes, F. Zannad and A. Zalewski, Electronic health records
to facilitate clinical research, Clin Res Cardiol 106 (2017). doi;
10.1007/S00392-016-1025-6.

M.S. Lauer and R.B. D’Agostino, The randomized registry|
trial — the next disruptive technology in clinical research? Ne:
England Journal of Medigine 369 (2013), 1579-1581. doi;
10.1056/NEIMP1310102/SUPPL_FILE/NEIMP1310102_
DISCLOSURES.PDF!

P.P. Massion andR:C:*Walker, Indeterminate pulmonary nod-
ules: Risk fordaving or for developing lung cancer? Cance
Prevention Research'7 (2014), 1173-1178. doi: 10.1158/1940-
6207.CAPR#14-0364.

H. MacMahon, D.P. Naidich, J.M. Goo, K.S. Lee, AN.C,
LeungpJiR. Mayo, A.C. Mehta, Y. Ohno, C.A. Powell, M|
Prokop, G.D. Rubin, C.M. Schaefer-Prokop, W.D. Travis, P.E|
Van, Schil and A.A. Bankier, Guidelines for management of]
incidental pulmonary nodules detected on CT images: From
the Fleischner Society 2017, Radiology 284 (2017), 228243
doi: 10.1148/RADIOL.2017161659/ASSET/IMAGES/LAR|
GE/RADIOL.2017161659.FIG14B.JPEG.

M.P. Rivera, A.C. Mehta and M.M. Wahidi, Establishing the
diagnosis of lung cancer: Diagnosis and management of lung|
cancer, 3rd ed: American college of chest physicians evidence-
based clinical practice guidelines, Chest 143 (2013), e142S+
e165S. doi: 10.1378/CHEST.12-2353.

W.H. Organization, International statistical classification of]
diseases and related health problems 10th revision, 2011.

C. Gaudet-Blavignac, V. Foufi, M. Bjelogrlic and C. Lo+
vis, Use of the Systematized Nomenclature of Medicine|
Clinical Terms (SNOMED CT) for Processing Free Text in|
Health Care: Systematic Scoping Review, ] Med Internet Res
2021; 23(1): E24594 Https://Www.Jmir.Org/2021/1/E24594
23 (2021), €24594. doi: 10.2196/24594.

M.L. Riyad Naser, J. Roberts, T. Salter and J.L. Warner, An
informatics-enabled approach for detection of new tumor reg-
istry cases, J Registry Manag 41 (2014), 19-23.

I. Danciu, J.D. Cowan, M. Basford, X. Wang, A. Saip, S,
Osgood, J. Shirey-Rice, J. Kirby and P.A. Harris, Secondary
use of clinical data: The vanderbilt approach, J Biomed Infori
52 (2014), 28. doi: 10.1016/J.JB1.2014.02.003.

W.Q. Wei, L.A. Bastarache, R.J. Carroll, J.E. Marlo, T.J. Os-|
terman, E.R. Gamazon, N.J. Cox, D.M. Roden and J.C. Denny,
Evaluating phecodes, clinical classification software, and ICD-
9-CM codes for phenome-wide association studies in the elec-
tronic health record, PLoS One 12 (2017), e0175508. doi
10.1371/JOURNAL.PONE.0175508.

P. Wu, A. Gifford, X. Meng, X. Li, H. Campbell, T. Varley,
J. Zhao, R. Carroll, L. Bastarache, J.C. Denny, E. Theodora-
tou and W.Q. Wei, Mapping ICD-10 and ICD-10-CM Codes
to Phecodes: Workflow Development and Initial Evaluation,
JMIR Med Inform 7 (2019). doi: 10.2196/14325.

478
479
480
481
482
483
484
485
486
487

489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541



542
543
544
545
546
547
548

Galley Proof

21/03/2024; 9:28

File: cbm-1-cbm230340.tex; BOKCTP/xjm p. 9

[16]

[17]

National Institutes of Health, SNOMED CT to ICD-10-CM
map, U.S. National Library of Medicine. (n.d.). https://
www.nlm.nih.gov/research/umls/mapping_projects/snomedct_
to_icd10cm.html.

P.J. Mazzone and L. Lam, Evaluating the patient with a pul-
monary nodule: A review, JAMA 327 (2022), 264-273. doi:
10.1001/JAMA.2021.24287.

[18]

[19]

American Lung Association, State of Lung Cancer 2023 Re-
port, 2023.

R. Borie, M. Wislez, M. Antoine, C. Copie-Bergman, C.
Thieblemont and J. Cadranel, Pulmonary mucosa-associated
lymphoid tissue lymphoma revisited, European Respirato
Journal 47 (2016), 1244-1260. doi: 10.1183/13993003.01701+
2015.

549
550
551
552
553
554
555





