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ABSTRACT

PURPOSE Lung cancer screening (LCS) has the potential to reduce mortality and detect
lung cancer at its early stages, but the high false-positive rate associated with
low-dose computed tomography (LDCT) for LCS acts as a barrier to its wide-
spread adoption. This study aims to develop computable phenotype (CP) al-
gorithms on the basis of electronic health records (EHRs) to identify
individual’s eligibility for LCS, thereby enhancing LCS utilization in real-world
settings.

MATERIALS
AND METHODS

The study cohort included 5,778 individuals who underwent LDCT for LCS from
2012 to 2022, as recorded in the University of Florida Health Integrated Data
Repository. CP rules derived from LCS guidelines were used to identify potential
candidates, incorporating both structured EHR and clinical notes analyzed via
natural language processing. We then conducted manual reviews of 453 ran-
domly selected charts to refine and validate these rules, assessing CP perfor-
mance using metrics, for example, F1 score, specificity, and sensitivity.

RESULTS We developed an optimal CP rule that integrates both structured and un-
structured data, adhering to the US Preventive Services Task Force 2013 and
2020 guidelines. This rule focuses on age (55-80 years for 2013 and 50-80 years
for 2020), smoking status (current, former, and others), and pack-years (≥30
for 2013 and ≥20 for 2020), achieving F1 scores of 0.75 and 0.84 for the re-
spective guidelines. Including unstructured data improved the F1 score per-
formance by up to 9.2% for 2013 and 12.9% for 2020, compared with using
structured data alone.

CONCLUSION Our findings underscore the critical need for improved documentation of
smoking information in EHRs, demonstrate the value of artificial intelligence
techniques in enhancing CP performance, and confirm the effectiveness of
EHR-based CP in identifying LCS-eligible individuals. This supports its po-
tential to aid clinical decision making and optimize patient care.

INTRODUCTION

Lung cancer is the leading cause of cancer death in the
United States, exceeding the total number of deaths from
breast, prostate, colorectal, and leukemia cancers com-
bined.1 Early detection plays a crucial role in reducing lung
cancer mortality.2 Results from the US National Lung
Screening Trial (NLST) have demonstrated that using low-
dose computed tomography (LDCT) for screening reduced
lung cancer mortality by 20%.3 Since then, numerous pro-
fessional societies and medical associations, such as the US
Preventive Services Task Force (USPSTF), Centers for
Medicare and Medicaid Services (CMS), American Cancer
Society (ACS), National Comprehensive Cancer Network

(NCCN), and ASCO, have issued guidelines recommending
LDCT for lung cancer screening (LCS) in high-risk
individuals.4–11 The eligibility criteria for LCS with LDCT
outlined in those guidelines are derived from theNLST study,
primarily focusing on two aspects: age and smoking history.
However, as shown in the Data Supplement (Table S1), there
are slight variations in these criteria across the different
guidelines. For example, the age criteria in the 2013 USPSTF
guideline was from 55 to 80 years, while it was 55 to 77 years
in the CMS decision memo. With more evidence on LCS
benefits, the USPSTF has updated their guideline in 2020,
expanding the eligibility criteria to include more at-risk
populations. The new 2020 USPSTF guideline lowered the
initial screening age from 55 to 50 years and the cumulative
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smoking intake requirement from 30 pack-years to 20 pack-
years.9 After this change, both NCCN10 and CMS5,11 have
updated their recommendations to align with the current
USPSTF guideline.

Nevertheless, the high false-positive rate (around 23.3%) of
LDCT in the original NLST remains a significant concern,3

and the issue is even more pronounced in real-world set-
tings. For example, a Veterans Health Affairs study reported
a much higher false-positive rate of 58.2%.12 False positive
from LCS can lead to unnecessary diagnostic invasive pro-
cedures, including biopsies and surgeries, resulting in
postprocedural complications and substantial health care
costs. Real-world studies have reported compilation rates of
invasive procedures ranging from 16.6% to 30.6%,13–15

significantly higher than the 9.8% reported in the NLST.
These compilations lead to financial burdens ranging from
$6,320 in US dollars (USD) for minor complications to
$56,845 (USD) for major ones.14 Hence, the high false-
positive rate poses a barrier to the widespread adoption of
LCS. Accurately identifying individuals who meet the LCS
eligibility criteria in real-world settings has the potential to
increase LCS uptake.16 Computable phenotype (CP)17 is an
increasingly used method that uses real-world data
(RWD),18,19 such as electronic health records (EHRs) to
identify individuals with given traits through a set of exe-
cutable algorithms. Leveraging EHRs, CP algorithms can
automate and more precisely define the at-risk patients
eligible for cancer screening. For example, Petrik et al val-
idated an EHR-based algorithm for identifying eligible pa-
tients in colorectal cancer screening.34 Leder Macek et al
evaluated a rule-based algorithm to automatically determine
patient eligibility and adherence of cancer screening.35 Liu

et al used a novel natural language processing (NLP)–based
approach to identify patients eligible for LCS using EHR data
from Vanderbilt University Medical Center.36 EHRs provide
an electronic representation of a patient’s medical history,
containing valuable clinical information of individuals such
as diagnoses, procedures,medications, vitals, and laboratory
tests. The widespread adoption of EHRs and the creation of
clinical research networks (eg, the National Patient-
Centered Clinical Research Network) with large collections
of EHRs (along with linkages to other RWD sources) have
facilitated the availability of large-scale, longitudinal clinical
data available for research purposes.

Challenges exist in using EHR data to identify eligible in-
dividuals for LCS because it requires fine-grained smoking
status and history (ie, pack-years), which may not be cap-
tured in structured EHRs. Smoking information is increas-
ingly documented in EHRs20 because of its significance as a
risk factor for multiple diseases and the need for appropriate
presurgical counseling21 and assessing readiness to quit
smoking.22 However, this information is often only docu-
mented in clinical narratives rather than in structured data.
EHR data also face quality issues such as discrepancies over
time and variations across different sources within the
system.23,24 For example, a study shows that among 47,849
unique individuals, 67.1% had more than one note doc-
umenting smoking status, and 54.5% had implausible
changes in documentation (39.1% of which involved con-
flicting smoking status).23 Addressing these challenges to
accurately extract patient information from EHRs is critical
for developing a LCS CP. Clinical NLP is essential for
achieving these goals as over 80%of the clinical information
in EHRs is documented in clinical narratives.25

CONTEXT

Key Objective
This study develops and validates computable phenotype (CP) algorithms onthe basis of electronic health records (EHRs)
from University of Florida Health Integrated Data Repository to identify individual’s eligibility for lung cancer screening
(LCS) in real-world settings.

Knowledge Generated
The proposed CP algorithms achieve high F1 scores of 0.75 and 0.84 by integrating both structured and unstructured EHRs,
in accordance with the 2013 and 2020 US Preventive Services Task Force guidelines, respectively. Our results highlight the
importance of artificial intelligence (AI) techniques in enhancing CP performance and validate the effectiveness of EHR-
based CP in identifying eligible individuals for LCS.

Relevance (J.L. Warner)
While the single-institutional nature of the study may limit generalizability, this large well-conducted study demonstrates
that AI can be used with good performance to identify individuals eligible for LCS. Future efforts should focus on external
validation with diverse national and international data sets.*

*Relevance section written by JCO Clinical Cancer Informatics Editor-in-Chief Jeremy L. Warner, MD, MS, FAMIA, FASCO.
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To accurately identify eligible individuals for LCS in a high-
throughput way, it depends on our ability to narrow down
proper and computable search criteria to identify true cases.
This study aimed to develop robust EHR-based CP rules to
accurately identify at-risk populations eligible for LCS. We
first analyzed existing LCS guidelines4-8,26 and selected the
USPSTF guidelines as our primary criteria. Using the
broadest criteria, we developed the initial CP rules. Com-
pared with the USPSTF guidelines, our CP includes more
comprehensive criteria to address complex scenarios in real-
world settings (eg, accounting for missing or unknown
smoking status), preventing the exclusion of at-risk indi-
viduals and improving the accuracy of the CP. Leveraging our
past work on clinical NLP,27 we developed a tool to extract
fine-grained smoking information from clinical narratives28

and designed rules to address the data quality issues.We then
conductedmanual chart reviews to establish the ground truth
and iteratively validated and revised the CP rules until
achieving reasonably high performance.

MATERIALS AND METHODS

In this study, we used RWD from the University of Florida
(UF) Health Integrated Data Repository (IDR).29 Detailed
description of data source and study design are provided in
the Data Supplement. Figure 1 illustrates our overall work-
flow for developing the LCS CP.We began by initializing 11 CP
rules (Data Supplement) to identify eligible LCS individuals,
focusing only on age, smoking status, and smoking history
according to LCS guidelines. We then used a two-step it-
erative process to refine and validate these CP rules.

Step 1—Identify Individuals Potentially Eligible for LCS
Using the Current CP Rules, Leveraging Both Structured
and Unstructured EHR Data

For individuals who received LDCT in the UF IDR, we re-
trieved structured EHR data (eg, encounters, diagnoses, and
procedures) and unstructured clinical narratives (eg, prog-
ress notes, discharge summaries, radiology reports, and
pathology reports). Each individual’s data before the index
date were used to develop the CP. A detailed description of
the eligible rules is presented in the Data Supplement
(Table S2).

Step 2: Validate the Cohort Through Manual Chart
Reviews of Randomly Selected Samples to Assess the CP
Performance and Refine the CP Rules

To focus the analysis on individuals without recent cancer
history, we excluded those diagnosed with lung cancer
within the year preceding their index date, as well as those
diagnosed with any type of cancer (malignant or benign)
within the 5 years before the index date. To ensure precision
of CP algorithms, following Buderer,30 we calculated a
minimal sample size of 292 for manual chart review, as-
suming an anticipated 0.95 sensitivity and specificity, and a
disease prevalence of 6.27%. We systematically generated

various combinations of CP rules and used them to identify
potential LCS-eligible individuals. On the basis of the dis-
tribution of each rule combination, we randomly selected
453 samples for chart review. Detailed description of chart
review is provided in the Data Supplement.

RESULTS

In the UF Health IDR cohort of 5,778 individuals who un-
derwent LDCT, 2,130 with a history of cancer were excluded,
leaving 3,648 potentially eligible for LCS.

We generated all possible combinations of the 11 initial rules,
focusing on four criteria: age, smoking status, pack-years,
and quit-years (detailed in Step 1 in the Methods section
above), and then applied them to our data set, retaining only
the combinations where there are patients met the criteria
and excluding those with zero patients. This process results
in 27 combinations of rules with patients fulfilling the cri-
teria. Samples were randomly selected from each of the 27
combinations for manual chart review. Table 1 displays the
top 10 combinations of individual CP rules on the basis of the
USPSTF 2013 and 2020 guidelines, along with the number of
individuals meeting each rule combination. For rules with a
high number of hits, only a limited number of subsets was
reviewed. For instance, of the 1,316/1,417 hits for the first
rule, only 109/128 were reviewed for 2013 and 2020 guide-
lines, respectively. A statistically significant sample size is
sufficient for accurate analysis. Beyond a certain point,
additional samples offer only marginal improvements to the
performance metrics. Of the 453 charts reviewed, the top 10
rule combinations from the 2013/2020 guidelines (363/398
individuals) are presented in Table 1.

Using the results of manual chart review as gold-standard
labels (yes, no, and maybe), we systematically generated
various permutations of individual CP rules, considering two
scenarios: (1) rule combinations using only structured data,
and (2) rule combinations using both structured and un-
structured data. We also conducted three subgroup analyses
on the basis of the gold-standard labels: (1) yes versus
maybe/no, (2) yes versus no, and (3) yes/maybe versus no.
Table 2 presents the final CP rules under these three sub-
groups across both scenarios, on the basis of the 2013 and
2020 guidelines. Performance metrics, including positive
predictive value (PPV), negative predictive value (NPV),
sensitivity, specificity, and F1 scores were reported in
Table 2.

The most effective CP rules for identifying LCS eligibility on
the basis of the 2013 and 2020 USPSTF guidelines were:

• Age between 55 and 80 years (2013)/age between 50 and
80 years (2020) AND smoking status were current or other
AND maximum pack-years ≥30 (2013)/≥20 (2020).

OR
• Age between 55 and 80 years (2013)/age between 50 and

80 years (2020) AND smoking status was former AND
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Extract key information for analysis  (N = 5,778)
  Age
  Smoking status
  Encounter type
  Cancer diagnosis
  Pack-years
  Quit-years
  Pack per day
  Smoking years

Use NLP tools for the
extraction of pack-
years and quit-years
records

Identify candidate patients who
have  undergone Low-dose CT
(CPT:G0297,G0296,S8032,712
71) between  January 1, 2012, and
February 24, 2022 

Structured data
  Demographics
  Diagnoses
  Findings
  Procedures
  Research
  Visit details
  Immunizations
  Laboratory results
  Medications
  Patient-reported
    outcomes
  Assessment
    scales

Unstructured data
  Order impressions
  Order narratives
  Order results comments
  Discharge summaries
  Radiology reports
  Progress notes

Exclude patients with lung cancer
before 1 year before initial LDCT
date, or any other cancer within 5
years before their initial LDCT date
(n = 2,130)

Establish gold standard LCS-eligible cohort  on the basis of
chart review

(n = 453)

Establish  LCS-eligible cohort on the basis of initial CP rules
(n = 3,648)

Access and refine CP
rules for identifying
eligibility for  LCS

Apply the final CP rules to LCS-eligible cohort
(n = 3,648)

Lung cancer
screening (LCS)
guidelines analysis
  USPSTF
  NCCN
  CMS
  ACS
  ASCO

Develop initial CP rules
  Age criteria 55/50-80 years
  Smoking status
  Quit-years ≤15
  Pack-years ≥30/20

The UF Health
IDR

FIG 1. Workflow of determining eligibility of LCS on the basis of both structured and unstructured data. ACS, American
Cancer Society; CMS, Centers for Medicare & Medicaid Services; CP, computable phenotyping; CT, computed to-
mography; IDR, Integrated Data Repository; LCS, lung cancer screening; LDCT, low-dose computed tomography; NCCN,
National Comprehensive Cancer Network; NLP, natural language processing; USPSTF, US Preventive Services Task
Force.
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TABLE 1. Combinations of Individual Computable Phenotype Rules With Corresponding Sample Sizes and Manual Chart Review Selections

Age, Years Smoking Status Quit-Years Pack-Years No. of Patientsa No. of Patients Selectedb

55-80 or 50-80c Current Smoker Former Smoker Other Smoker Unknown Smoker Smallest ≤15 Unknown Max ≥30 or 20c Unknown 2013 Guideline/2020 Guideline 2013 Guideline/2020 Guideline

1 1 1 1 1,316/1,417 109/128

1 1 1 1 929/979 116/126

1 1 1 1 473/485 35/36

1 1 1 1 248/256 32/32

1 1 1 1 82/82 28/28

1 1 1 74/75 18/19

1 1 1 1 51/53 13/15

1 1 1 18/20 8/9

1 1 1 6/7 3/3

1 1 5/6 1/2

NOTE. 1 means the individuals must fulfill this rule. We did so because we wanted to evaluate the performance of each individual rule.
Abbreviation: USPSTF, US Preventive Services Task Force.
aOnly the top 10 rule combinations on the basis of the 2013 USPSTF guideline/2020 USPSTF guideline are shown here.
bWe randomly selected individuals for chart review on the basis of the distribution of the total number of individuals whomet each rule combination. Overall, we reviewed 453 individuals’ charts. Only
363/398 individuals are shown in this table as the table only lists the top 10 rule combinations.
cThe number preceding the slash corresponds to the 2013 USPSTF guideline, while the number following the slash corresponds to the 2020 USPSTF guideline.
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smallest quit-years ≤15 or unknown ANDmaximumpack-
years ≥30 (2013)/≥20 (2020).

OR
• Age between 55 and 80 years (2013)/age between 50 and

80 years (2020) AND smoking status unknown

As shown in Table 2, CP rules using both structured and
unstructured data outperformed those using only structured
data, achieving higher F1 scores (0.71-0.75 v 0.65-0.70 and
0.79-0.84 v 0.70-0.75 for the 2013 and 2020 guidelines), NPV
(0.55-0.73 v 0.53-0.61 and 0.47-0.76 v 0.41-0.62), and
sensitivity (0.69-0.82 v 0.53-0.61 and 0.75-0.85 v 0.58-
0.65). For the USPSTF 2013 guideline, the inclusion of un-
structured data led to a 30.19% increase in sensitivity and a
9.23% increase in the F1 score. Similarly, for the USPSTF
2020 guideline, sensitivity increases by 29.31%, and the F1
score improves by 12.86%. However, the combined data
sources exhibited lower PPV (0.63-0.72 v 0.72-0.84 and
0.75-0.84 v 0.80-0.90) and specificity (0.58-0.60 v 0.8-0.84
and 0.61-0.62 v 0.77-0.82). Specifically, there was a 14.29%
decrease in the PPV and a 30.95% decrease in specificity for
the 2013 guideline, and a 6.67%decrease in PPV and a 25.61%
decrease for 2020 guideline. CP rules on the basis of the
USPSTF 2020 guideline have higher F1 scores (0.70-0.84 v
0.65-0.75), PPV (0.75-0.89 v 0.63-0.84), and sensitivity
(0.65-0.85 v 0.53-0.82) compared with those on the basis of
the USPSTF 2013 guideline. In subgroup analyses, catego-
rizing maybe as no yields the better F1 scores (0.66-0.80 v
0.65-0.79), NPV (0.62-0.80 v 0.41-0.53), and sensitivity

(0.61-0.85 v 0.53-0.75) compared with categorizing maybe
as yes. Detailed subset CP rules are listed in the Data Sup-
plement (Table S3), and the rules were selected on the basis
of comprehensive evaluation of PPV, NPV, and F1 scores.

Figure 2 illustrates a decision tree that applies our CP rules to
determine LCS eligibility. It starts by evaluating cancer
history: those diagnosed with lung cancer within the past
year or any type of cancer within the past 5 years before the
index date are ineligible, as they are considered as cancer
survivors requiring different screening practices. Next, in-
dividuals age 55-80 or 50-80 years are eligible according to
the 2013 guideline or 2020 guideline. Smoking status is
reassessed on the basis of the latest available information,
including quit-years and other relevant smoking informa-
tion. For former smokers, eligibility depends on whether
they quit in the past 15 years and the number of pack-years
smoked. For other smoking status, eligibility is determined
by the number of pack-years smoked—>20 (2020 guideline)
or >30 (2013 guideline). The tree leads to several end points
indicating LCS eligibility, with detailed notes explaining the
decision process.

We applied the CP rules from the decision tree to determine
LCS eligibility in our UF Health LDCT cohort and assess the
adequacy of their LCS procedures. Among 3,648 individuals
without a cancer history, 2,389 (65.49%) and 2,544
(69.74%) were deemed eligible for LCS under the USPSTF
2013 and 2020 guidelines, respectively. The Data

TABLE 2. Performance of the Final Computable Phenotypes for Determining Lung Cancer Screening Eligibility

Comparison Group

Performance

PPV NPV Sensitivity Specificity F1 Score

USPSTF 2013 guideline

Structured data only

Yes/maybe v no 0.84 0.53 0.53 0.84 0.65

Yes v maybe/no 0.72 0.72 0.61 0.8 0.66

Yes v no 0.82 0.65 0.61 0.84 0.70

Structured data and unstructured data

Yes/maybe v no 0.72 0.55 0.69 0.58 0.71

Yes v maybe/no 0.63 0.80 0.82 0.60 0.71

Yes v no 0.70 0.73 0.82 0.59 0.75

USPSTF 2020 guideline

Structured data only

Yes/maybe v no 0.90 0.41 0.58 0.82 0.70

Yes v maybe/no 0.80 0.62 0.65 0.77 0.72

Yes v no 0.89 0.52 0.65 0.82 0.75

Structured data and unstructured data

Yes/maybe v no 0.84 0.47 0.75 0.61 0.79

Yes v maybe/no 0.75 0.76 0.85 0.62 0.80

Yes v no 0.83 0.66 0.85 0.61 0.84

NOTE. Values in bold indicate the best value per metric. Multiple bold numbers per column signify that there is no statistical difference among the
top-performing values for the given metric.
Abbreviations: NPV, negative predictive value; PPV, positive predictive value; USPSTF, US Preventive Services Task Force.
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Supplement (Fig S1) shows the cohort ascertainment di-
agram. Table 3 details the demographics of the cohort by
eligibility identified by CP rules. Most eligible individuals
were age 55-74 years at their first LDCT (90.38% and

92.20% under 2013 and 2020 guidelines, respectively).
Non-Hispanic Whites were the majority among eligible
individuals (72.00% and 71.03%, respectively), followed
by non-Hispanic Blacks, Hispanics, and others. A slight

Presumptive
cases eligible

for LCSa

Diagnosed
with lung cancer within

1 year or any cancer
within 5 years

Ineligible for
LCS

Ineligible for
LCS

Ineligble for
LCS

Ineligible for
LCS

Majority
in any encounter

type PYe

≥20/30b

Eligible for
LCS

Undecidable

Age between
50 and 80/55 and

80 yearsb

Current smoker

Current smoker

Former smoker

Former smoker

Smallest QY
≤15

Other smoker Unknown

None

Never smoker
/unknown
/missing

Have other
smoking

information

Have QY
information

Cancer history

Age

Latest
c

smoking

status

Have QY

or other

smoking

information
d

QY

Reassigned

smoking

status

PY

Yes

Yes

Yes

Yes

No

No

NoNo

No

No

Yes

Yes

Yes

Yes

Missing

Missing

FIG 2. The LCS eligibility decision tree. Blue rectangle: information comes from structured data only. Purple rectangle: information comes
from both structured data and unstructured data. Pink rectangle: reassigned information. Light white diamond: the rules. Light orange
rectangle: the final decision of eligibility of LCS. aLCS refers to lung cancer screening. The decision-making process is informed by patient
data available before the index date. bThe USPSTF revised their lung cancer screening guidelines in 2020, reducing the minimum age for
screening from 55 to 50 years and the smoking history criterion from 30 to 20 pack-years. cLatest pertains to themost recent record before
the index date. dOther smoking information included (1) smoking start date, tobacco pack per day, tobacco used years, any one of them
has value; (2) have current smoker, former smoker, or smoker, current status unknown in records before index date. eMajority pack-year
refers to the predominant pack-year value obtained from each note date. For determining themajority, each patient encounter counts only
unique pack-year records, regardless of the data source. LCS, lung cancer screening; PY, pack-year; QY, quit-year.
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TABLE 3. Demographics of the Individuals Who Had Taken Low-Dose Computed Tomography in UF Health

Characteristic Overall, N 5 3,648 (100%)

CP Algorithm on the Basis of the USPSTF (2013)a Criteria CP Algorithm on the Basis of the USPSTF (2020)a Criteria

Eligible (n 5 2,389; 65.49%) Ineligible (n 5 1,259; 34.51%) Eligible (n 5 2,544; 69.74%) Ineligible (n 5 1,104; 30.26%)

Age, years, No. (%)b

<55 62 (1.7) 2 (0.08) 60 (4.77) 23 (0.9) 39 (3.53)

55-64 1,625 (44.54) 1,117 (46.76) 508 (40.35) 1,188 (46.7) 437 (39.58)

65-74 1,589 (43.56) 1,042 (43.62) 547 (43.45) 1,099 (43.2) 490 (44.38)

75-80 322 (8.83) 206 (8.62) 116 (9.21) 212 (8.33) 110 (9.96)

>80 50 (1.37) 22 (0.92) 28 (2.22) 22 (0.86) 28 (2.54)

Race/ethnicity, No. (%)

Hispanic 90 (2.47) 64 (2.68) 26 (2.07) 69 (2.71) 21 (1.9)

NHW 2,497 (68.45) 1,720 (72) 777(61.72) 1,807 (71.03) 690 (62.5)

NHB 915 (25.08) 515 (21.56) 400 (31.77) 569 (22.37) 346 (31.34)

Other 99 (2.71) 61 (2.55) 38 (3.02) 68 (2.67) 31 (2.81)

Unknown 47 (1.29) 29 (1.21) 18 (1.43) 31 (1.22) 16 (1.45)

Sex, No. (%)

Female 1,765 (48.38) 1,110 (46.46) 655 (52.03) 1,194 (46.93) 571 (51.72)

Male 1,883 (51.62) 1,279 (53.54) 604 (47.97) 1,350 (53.07) 533 (48.28)

Abbreviations: CP, computable phenotype; NHB, non-Hispanic Black; NHW, non-Hispanic White; USPSTF, US Preventive Services Task Force.
aThe original USPSTF lung cancer screening guideline was released in 2013, and the updated guideline was released in 2020.
bAge at the first low-dose computed tomography.
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gender imbalance was observed, with males comprising
53.54% under the 2013 criteria and 53.07% under the 2020
criteria.

DISCUSSION

In this study, we used data fromUFhealth IDR to develop and
validate two sets of CP rules for assessing eligibility for LCS
on the basis of 2013 and 2020 USPSTF guidelines. The CP
rules achieved high F1 scores of 0.75 and 0.84, respectively,
using both structured and unstructured data. Applying these
CP rules to our cohort, we identified 65.49% and 69.74% of
individuals as eligible for LCS under the 2013 and 2020
guidelines, respectively. These findings demonstrate their
robustness of CPs in effectively assessing LCS eligibility and
highlight the benefits of integrating diverse data sources.

Our results demonstrated that incorporating unstructured
data improves F1 score performance by up to 9.23% and
12.86% under the 2013 and 2020 guidelines, respectively,
compared with using structured data alone. Sensitivity
increased by approximately 30%, but this came at the cost
of up to 31% decrease in PPV or specificity. The incomplete
nature of structured data, oftenmissing critical details such
as pack-years, can lead to lower F1 scores and sensitivity
because of the omission of potential positives. Although
integrating unstructured data enhances the algorithm’s
ability to identify eligible individuals for LDCT screening, it
also inevitably leads to a higher incidence of false positives.
There is a tradeoff between increased sensitivity and de-
creased specificity and PPV. Although higher sensitivity is
generally preferred for screening tools to avoid missing
opportunities for life-saving interventions, scenario spe-
cific considerations must also be taken into account. In
the case of LCS, higher false-positive rates would lead to
unnecessary invasive procedures, postprocedural compli-
cations, and increased health care costs. A more compre-
hensive tool is needed to illustrate both the benefits and
harms of LCS, enabling patients and their physicians to
make informed decision about screening. Further analysis
revealed that in subgroup assessments, treating maybe as
no yielded better F1 scores than treating maybe as yes. This
suggests that classifying uncertain cases as likely true
negatives enhances CP rule performance by reducing false
negatives. Additionally, the 2020 USPSTF guideline out-
performed the 2013 version, showing an improvement of up
to 12.70% in F1 score. This enhancement is attributed to
relaxed eligibility criteria, specifically the reduction in age
from 55 to 50 years and the decrease in required pack-years
from 30 to 20, which expanded detection capabilities and
broadened inclusion criteria. Despite these modifications,
the demographic analysis of cohorts derived from both
CP sets showed consistent distributions across age, sex,
and race/ethnicity, indicating that the updated guidelines
successfully expanded eligibility without introducing de-
mographic biases.

We further compared our study with the existing literature
by Ruckdeschel et al.33 They developed an NLP tool to extract
smoking information and applied age and smoking criteria
from clinical notes to identify LDCT eligibility on the basis of
the USPSTF 2020 guideline. Their method was evaluated on
MIMIC-III database and achieved an F1 score of 0.88.33 Al-
though their results were comparable with ours, our study
offers two advantages. First, we used EHRs from a general
cohort at UF Health, whereas the MIMIC-III data set is
limited to patients in critical care units, which is not the
primary target population of LCS. Second,we integrated both
structured and unstructured EHRs for a comprehensive
analysis. As a result, our CP algorithm has been rigorously
evaluated in real-world settings, demonstrating its potential
to accurately identify true cases for LDCT screening.

We explored the reasons why individuals were categorized as
ineligible for LCS, according to their cancer history, age,
smoking status, quit-years, and pack-years. We manually
reviewed the clinical notes of 35 individuals who are either
ineligible or maybe eligible for LCS and summarized the
reasons for undergoing LDCT in the Data Supplement (Table
S4). The clinical notes included an indication section,
explaining the clinicians’ rationale for recommending LDCT.
The results showed that a significant portion (57.14%) un-
derwent LDCT because of a personal history of tobacco use,
presenting hazards to health. This finding emphasizes that
these individuals sought to mitigate potential risks linked to
their smoking history, despite notmeeting the LCS eligibility
criteria. This review highlighted that many individuals ac-
tively taken LDCT to reduce potential health risks associated
with their smoking history, although they did not meet the
eligibility criteria for LCS.

We assessed adherence to LDCT screening recommendations
by examining how well individuals followed clinician advice.
Adherence was defined as having a follow-up computed
tomography (CT)/LDCT within 1 month before or 2 months
after the recommended timeframe. We reviewed and
extracted relevant information for 25 LCS-eligible and
10 LCS-ineligible individuals. An example clinician follow-
up recommendation noted was management: 3-month
LDCT. Positron emission tomography/CT may be used.
Among the eligible individuals, although 16 had follow-up
scans, only seven followed the clinician recommendations
accurately, resulting in eight instances of adherence (one
individual adhered twice, while six adhered once). By con-
trast, LDCT screening is inappropriate for ineligible indi-
viduals, who should not pursue follow-up LCS according to
guidelines. Yet, we observed that 2 of 10 ineligible individuals
still underwent follow-up scans. Figure 3A illustrates the
timelines of a 65-year-old LCS-eligible individual (over
45 pack-years, current smoker) who underwent LDCT four
times but failed to adhere to the recommended time frame
for the first three scans, and a 70-year-old LCS-ineligible
individual (under 20 pack-years, former smoker, over
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15 quit-years) who inappropriately underwent repeat LDCT.
These results indicate a trend of nonadherence among LCS-
eligible individuals and inappropriate LDCT use among in-
eligibles, indicating a deviation from LCS recommendation
and follow-up guidelines and inefficient use of health care
resources. This analysis underscored the need to perform a
causal study on why eligible individuals frequently disregard
medical advice, which could enhance adherence and opti-
mize health care resource use.

Our study has several limitations. First, our CP rules do not
consider comorbidities, which may affect individuals’ eli-
gibility for LCS. Second, LCS eligibility criteria evolve, and
our rule-based CP may not fully adapt to these changes.

Third, considering both structured and unstructured data
reduces specificity compared with those using structured
data alone. This is due to NLP tools extracting more infor-
mation but also introducing errors, which enhances sensi-
tivity but also increases the false-positive rate. Fourth,
data quality issues such as data inconsistency affect the
accuracy of our CP rules. Figure 3B highlights timelines with
inconsistent pack-years records. Patient A’s records show
fluctuating pack-years, with structured data indicating
10 pack-years from 2007 to 2014, which then changes to
22.5 pack-years in both structured and unstructured data
since 2017. Patients B and C exhibit missing and inconsistent
pack-year data, leading to questions about data reliability.
Patient B’s records switch from 10 pack-years in 2007 to 35
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in 2018, while Patient C has inconsistent records ranging
from 1.12 to 40 pack-years in 2018.

To conclude, we developed a set of CPs on the basis of the
USPSTF 2013 and 2020 guidelines that effectively identify

individuals eligible for LDCT LCS. These CPs have shown
potential as a reliable tool for accurately assessing eligibility
for LDCT screening. We also provided a demonstration al-
gorithm illustrating the application of these CPs in clinical
settings.
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