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ABSTRACT

Objective: The US Preventive Services Task Force (USPSTF) requires the estimation of lifetime pack-years to de-

termine lung cancer screening eligibility. Leading electronic health record (EHR) vendors calculate pack-years

using only the most recently recorded smoking data. The objective was to characterize EHR smoking data

issues and to propose an approach to addressing these issues using longitudinal smoking data.

Materials and Methods: In this cross-sectional study, we evaluated 16 874 current or former smokers who met

USPSTF age criteria for screening (50–80 years old), had no prior lung cancer diagnosis, and were seen in 2020

at an academic health system using the EpicVR EHR. We described and quantified issues in the smoking data. We

then estimated how many additional potentially eligible patients could be identified using longitudinal data.

The approach was verified through manual review of records from 100 subjects.

Results: Over 80% of evaluated records had inaccuracies, including missing packs-per-day or years-smoked

(42.7%), outdated data (25.1%), missing years-quit (17.4%), and a recent change in packs-per-day resulting in in-

accurate lifetime pack-years estimation (16.9%). Addressing these issues by using longitudinal data enabled the

identification of 49.4% more patients potentially eligible for lung cancer screening (P< .001).

Discussion: Missing, outdated, and inaccurate smoking data in the EHR are important barriers to effective lung

cancer screening. Data collection and analysis strategies that reflect changes in smoking habits over time could

improve the identification of patients eligible for screening.
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Conclusion: The use of longitudinal EHR smoking data could improve lung cancer screening.

Key words: lung cancer screening, self-reported smoking history, electronic health records, lung cancer screening eligibility,

pack-years

INTRODUCTION

Lung cancer is the leading cause of cancer deaths in the United States.1

Lung cancer screening with low-dose computed tomography could re-

sult in a 20% relative reduction in lung cancer mortality.2 In March

2021, the US Preventive Services Task Force (USPSTF) recommended

that annual low-dose lung cancer screening be offered to patients 50–

80 years old with a 20þ pack-year smoking history who are current

smokers or quit in the last 15 years.3 Despite potential benefits, lung

cancer screening rates remain at about 5% in the United States among

individuals meeting USPSTF screening eligibility criteria.4

Electronic health record (EHR) systems could help improve lung

cancer screening rates by enabling the collection and use of detailed,

discrete data on smoking history. Such data can be used to automate

determination of USPSTF eligibility and inform high-quality shared

decision-making based on individual-specific benefits and risks from

screening.3,5 In addition, these data can be used to help identify

patients who are particularly good candidates for screening due to

their individual benefit and risk profile.6,7

Key smoking data collected in EHRs include the number of packs

smoked per day, years smoked, and smoking quit date.8–11 For ex-

ample, the vendors Epic and Cerner, which held a combined 58%

ambulatory EHR market share in 2019,12 use the most recently

recorded packs-per-day and years-smoked to calculate lifetime

smoking exposure. In the default configuration for Epic, lifetime

smoking exposure is calculated using the most recently recorded

packs-per-day and years-smoked as “pack-years” (Figure 1). Simi-

larly, Cerner calculates “total pack-years” from the most recent re-

cord.13 Thus, while some EHRs hold over 25 years of longitudinal

smoking data, these data are oftentimes not being used to identify

patients eligible for lung cancer screening.

Previous studies have reported on the low quality of the most re-

cent smoking data in EHRs.8,14–18 One retrospective study found

96.2% discordance in pack-year smoking history between the EHR

and data obtained through a shared decision-making conversa-

tion.14 In a qualitative study of primary care physicians, some pro-

viders expressed lack of trust in EHR smoking data and perceived

smoking documentation in the EHR as inaccurate or insufficient for

determining whether to order low-dose computed tomographies.19

Another study evaluated the impact of random error in pack-year es-

timation.17 However, these studies did not quantify the potential im-

pact of such data issues nor propose an approach to overcoming

such issues using existing longitudinal data.

OBJECTIVE

Our objectives were to address both limitations by (1) characterize

EHR smoking data issues, and (2) propose a potential approach to

addressing these issues using longitudinal EHR smoking data.

METHODS

This was a cross-sectional study of University of Utah (UU) Health

patients 50–80 years old with a history of smoking. This study was

approved by the UU Institutional Review Board.

UU Health is comprised of 5 hospitals and 11 community health

care centers providing inpatient and ambulatory care across various

specialties including primary care, cancer care, and pulmonary care.

UU Health has 12 primary care clinics, and all primary care clinics

have used the EpicVC EHR system since 1999. Smoking data for

some patients were electronically collected since 1995.

Patients were included based on the following criteria: (1) in-

person or virtual provider visit in a study clinic in 2020; and (2) age

50–80 years on December 31, 2020. Patients were excluded based

on the following criteria: (1) had a lung cancer diagnosis before Jan-

uary 1, 2020, (2) had no smoking status recorded, or (3) never

smoked according to the EHR data. Lung cancer diagnosis was de-

termined based on Epic diagnosis codes in the problem list, medical

history, and visit diagnoses (Supplementary Appendix Box 1).

Figure 1. Smoking history collection form.
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“Never smoker” status was assigned to patients who reported that

they never smoked at every visit when the smoking history was

recorded. An individual who had previously smoked, but who was

not documented as such in the EHR, would have been missed and

represent a false negative.

Age, gender, race, ethnicity, and smoking history data were

extracted from the EHR on September 2, 2021. Due to the elevated

risk of lung cancer among Black patients, the study race was set to

Black if at least one race recorded in the EHR was Black.20

We used smoking data entered in the EHR in designated struc-

tured fields. In the default configuration for Epic used by UU

Health, smoking history is usually recorded by the medical assistant

or provider in 4 fields: smoking status, packs-per-day, years-

smoked, and smoking quit date (Figure 1). Smoking status is a drop

down. Years-smoked and packs-per-day fields allow entering free

text. Smoking data required some data cleaning before use. For ex-

ample, we replaced ‘20þ’ with 20, and ‘0.5’ with ‘0.5’. An addi-

tional field for smoking start date is available for patients to

complete through the patient portal, but the field is usually not pop-

ulated. Every time smoking history is documented in the EHR, a

new smoking history record is created. The most recent smoking

data are displayed on the screen (Figure 1). Longitudinal smoking

data can be accessed by clicking a link to the “Audit Trail” in the

History Tab for “Substance and Sexual Activity.”

For screening-eligible patients, we estimated their 10-year risk of

developing lung cancer and estimated life-expectancy using equa-

tions developed by Bach et al.21,22 Then, based on the work of Cav-

erly et al6 and Mazzone et al,7 we classified patients as being

particularly ‘high-benefit’ patients with regard to lung cancer screen-

ing if they had a 10-year risk of developing lung cancer �5.2% and

an estimated life-expectancy >10 years.

Baseline, Longitudinal, and Combined Approaches
Both EHR vendors and external clinical decision support vendors

usually use the most recently documented years-smoked, packs-per-

day, and years-quit to assess for screening eligibility (Box 1).19 For

example, this Baseline Approach was used by UU Health to generate

care reminders and to support shared decision-making for lung can-

cer screening.19,23

To address the issues identified with the smoking data, as well as

the presumably inaccurate assumptions used by the Baseline Ap-

proach, we developed a Longitudinal Approach using longitudinal

smoking data. The main purpose of the Longitudinal Approach was

to leverage longitudinal EHR data to identify individuals who may

be eligible for lung cancer screening but were deemed to be ineligible

using the Baseline Approach. Figure 2 illustrates the Baseline and

Longitudinal Approaches. The logic of the Longitudinal Approach

is described in Supplementary Box 2 of the Appendix. The main

assumptions of the Longitudinal Approach are that (1) current

smokers continue to accumulate smoking exposure and that (2) the

packs-per-day recorded at a given point in time reflects the packs-

per-day the individual was smoking at that time.

To identify as many patients as possible who may be eligible for

lung cancer screening based on available EHR data, we combined the

Baseline and Longitudinal Approaches into a Combined Approach

that identifies patients eligible for screening through either approach.

Quantification of smoking data issues, iterative

development of Longitudinal Approach, and manual

verification of approach
To characterize smoking data issues and to develop a Longitudinal

Approach to address these issues, the following steps were taken.

Box 1 Logic of the Baseline Approach

The Baseline Approach is as follows:

1. Pack-years are calculated by multiplying the years-smoked and packs-per-day most recently recorded in the EHR.

2. For former smokers, years-quit are calculated as the years that have passed since the quit date most recently recorded in the EHR.

3. The following assumptions are used:

a. The most recently recorded years-smoked is accurate.

b. The most recently recorded packs-per-day reflects the average packs-per-day smoked over the individual’s entire smoking history

as opposed to the packs-per-day currently smoked.

c. If the most recent record lacks a needed data point, there is no relevant data available. For example, even if it is documented that a

patient transitioned from a current smoker to a former smoker 3 years ago, the years-quit is deemed unknown if the field is not

populated in the most recent record.

Figure 2. Example of using Baseline and Longitudinal Approaches for patient who smoked 1 pack-per-day for 20 years and then switched to smoking 0.5 packs-

per-day.
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First, a sample EHR smoking records were reviewed to identify pat-

terns of data issues and an initial Longitudinal Approach was devel-

oped to address these issues. Then, the eligibility of study patients

based on USPSTF criteria was determined using both the Baseline

and Longitudinal Approaches, and patients with discrepancies in eli-

gibility determinations were selected for manual review so as to fo-

cus on cases of potential clinical significance. During this review, the

patient’s longitudinal smoking history was reviewed to identify ad-

ditional data issues not yet accounted for in the Longitudinal Ap-

proach. To facilitate the review, data records that were identical

across visits were merged into a single record (eg, records from 10

visits spanning March 1, 2016 to July 15, 2019 all noting that the

patient was a 20 years, 1 pack-per-day smoker were collapsed into a

single record spanning these dates). Finally, additional identified

data issues were addressed by updating the Longitudinal Approach.

These last 2 steps of data issue identification and approach enhance-

ment were iteratively repeated until no further data issues were iden-

tified following a review of 51 patient record.

Following the development of the Longitudinal Approach

addressing all identified issues, the appropriateness of the Longitudi-

nal Approach was manually verified. In this verification process,

PVK and KK conducted independent manual review of the smoking-

related EHR records of 100 randomly selected patients with available

smoking data. The reviewers manually assessed the patient’s lifetime

tobacco exposure using the Longitudinal Approach and indepen-

dently determined whether the patient met USPSTF eligibility criteria.

Discrepancies between the 2 reviewers were adjudicated through dis-

cussion, and all discrepancies between reviewers were identified as

resulting from an error in manual application of the approach by one

of the reviewers. No new data issues were identified during this pro-

cess. Finally, the prevalence of each data issue was quantified.

Statistical analysis
All statistical analysis was performed using R version 4.1.0. We

used n (%) and mean (standard deviation) to describe nominal and

continuous variables. We used bootstrapping to calculate the 95%

confidence intervals (CIs) of the relative changes and the absolute

differences in average pack-years and years-quit. McNemar’s Chi-

squared test was used for logical variables and Wilcoxon signed

rank test was used for numeric variables to compare algorithm accu-

racy and patient eligibility for lung cancer screening according to the

Baseline and Longitudinal Approaches. We performed a sensitivity

analysis in which we removed from the Longitudinal Approach the

assumption that the packs-per-day recorded at a given point in time

reflects the packs-per-day the individual was smoking at the time.

Given that 2020 data could have been affected by the disturbances

from coronavirus disease-19 (COVID-19), we repeated the analysis

using 2019 data. To visualize the relationship between pack-years

estimated by the approaches, we used a local polynomial regression

(R ggplot2 package, geom_smooth function, “loess” method). An

analysis stratified by race/ethnicity and gender was conducted to en-

sure fairness.

RESULTS

Patient characteristics
Patient inclusion and exclusion criteria are shown in Figure 3. In to-

tal, 16 874 patients met study criteria. About 35% of patients

smoked at some point in their life. Patient characteristics for patients

meeting inclusion criteria are summarized in Table 1. Among in-

cluded patients, about 25% of patients were current smokers and

75% were former smokers.

Smoking data issues
Among 16 874 patients meeting eligibility criteria, the EHR data

contained 12 types of issues that could cause errors in calculating

pack-years and years-quit using the Baseline Approach (Table 2).

Over 80% of patient records had at least one such data issue. The 3

most common issues were missing data, stale data, and changes in

packs-per-day that affected all the previous years. A given patient

could have more than one data issue, including issues that are spe-

cific subsets of more general issues.

Figure 3. Patient flow through inclusion and exclusion criteria.
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Lung cancer screening eligibility determination by

Baseline and Longitudinal Approaches
The Longitudinal Approach was verified as being implemented as

intended, with the computationally implemented Longitudinal Ap-

proach having a sensitivity of 0.97 (95% CI: 0.92, 1) and specificity

of 1 (95% CI: 1, 1) with regard to USPSTF eligibility classification

in comparison to the manual application of the approach for the

100 randomly selected patients. Interrater reliability for this deter-

mination, as calculated using Cohen’s kappa, was high (0.91).

Figure 4 presents patient eligibility diagram based on USPSTF

2021 eligibility criteria using Baseline and Longitudinal Approaches.

Baseline Approach identified 2228 patients and the Longitudinal Ap-

proach identified 3167 patients as eligible for lung cancer screening.

Figure 5 depicts a Venn diagram demonstrating how many

patients were identified by just one approach. A total of 2066 indi-

viduals were identified as eligible by both approaches. The Longitu-

dinal Approach enabled identification of 1101 screening-eligible

individuals in addition to the 2066 individuals identified by both

algorithms. These additional records included 271 patients who were

missing required data (packs-per-day, years-smoked, and/or years

quit) in the most recent observation. The rest were missed by the

Baseline Approach due to the other inaccuracies described in Table 2.

Conversely, the Baseline Approach identified 162 patients as being

eligible whom the Longitudinal Approach did not consider to be eli-

gible. One hundred forty-one (87%) of these 162 patients had a re-

cent increase in packs-per-day. For example, after reporting smoking

0.5 packs-per-day for 30 years, they reported smoking 1 pack-per-

day, which would make them eligible according to the Baseline Ap-

proach, but not the Longitudinal Approach. Since there are conceiv-

able situations were both algorithms could be correct, it could be

reasonable to use both algorithms in a Combined Approach.

Figure 6 depicts the pack-year discrepancies between the 2 algo-

rithms in a scatter plot. The dark vertical lines indicate data patterns

related to EHR-recorded pack-years remaining static over multiple

years at increments such as 10, 20, and 30 pack-years rather than

incrementing upwards with continued tobacco exposure. The regres-

sion line shows that the Longitudinal Approach provides higher

pack-year values compared to the Baseline Approach in the 0–50

pack-years range, but lower values for the higher pack-year range.

The sensitivity analysis evaluated the impact of removing the

Longitudinal Approach’s assumption that the packs-per-day

recorded at a given point in time reflected the packs-per-day the indi-

vidual was smoking at the time. Even with this assumption removed,

the Longitudinal Approach identified a significantly greater number

of patients as being eligible for screening (2758 vs. 2228, P< .001).

In addition to 2115 individuals identified by both algorithms, the

Longitudinal Approach identified 643 additional individuals and the

Baseline Approach identified 113 additional individuals.

Additional patients identified using the Combined

Approach
Using the Combined Approach, 3329 patients were identified as po-

tentially meeting USPSTF eligibility criteria for lung cancer screen-

ing, which was 1101 (49.4% [95% CI: 46%, 53%]) more patients

than the 2228 patients identified using the Baseline Approach alone

(P< .001) (Table 3). This estimate included 399 (40.4% [95% CI:

36%, 45.2%]) more high-benefit patients. Among current smokers

with sufficient data to estimate pack-years, the Baseline Approach

underestimated a patient’s pack-years by an average of 7.8 [95% CI:

6.7, 8.8] years compared to the Longitudinal Approach.

Given that 2020 data could have been affected by the disturban-

ces from COVID-19, we repeated the analysis using 2019 data (Sup-

plementary Appendix Table 1). All the conclusions of the study held

for 2019 data.

Fairness analysis
Supplementary Appendix Table 1 shows results of the fairness anal-

ysis stratified by race/ethnicity and gender. Using longitudinal data

identified significantly more patients across race/ethnicity and gen-

der as potentially eligible for lung cancer screening compared to us-

ing the Baseline Approach. Using the longitudinal data might be

especially beneficial for Hispanic patients and women. The relative

increase in the identification of potentially eligible patients using the

Combined Approach was 75.4% (95% CI: 57.5%, 96.1%) for His-

panic patients, 47.1% (95% CI: 43.6%, 50.8%) for White patients,

56.8% (95% CI: 50.8%, 63.4%) for female patients, and 43.7%

(95% CI: 39.3%, 48%) for male patients.

DISCUSSION

We quantified issues in EHR smoking data at a single site. Over

80% of patient records had at least one issue, including missing, out-

dated and inaccurate data. To partially address these issues, we de-

veloped an approach that uses longitudinal smoking data. This

Longitudinal Approach can help identify patients eligible for lung

cancer screening who would be missed by the Baseline Approach,

which uses only the most recent EHR data and is the predominant

algorithm used by market-leading EHR systems.

Among 16 874 current and former smokers with no prior history

of lung cancer, the Combined Approach leveraging both most recent

and longitudinal data was able to identify 49.4% (95% CI: 46%,

53%) more patients potentially eligible for lung cancer screening

than the Baseline Approach (P< .001). This included identifying

40.4% (95% CI: 36%, 45.2%) more high-risk, high-benefit patients

(P< .001). Screening is particularly important for this high-benefit

population and misclassifying such patients as ineligible is particu-

larly disconcerting. If implemented in clinical practice, the Com-

bined Approach could substantially increase the number of

individuals who are evaluated for lung cancer screening.

This study has several implications. First, this study underscores

the critical need to improve the collection of smoking history in the

EHR in order to improve lung cancer screening. In our patient popu-

Table 1. Patient characteristics

Patient characteristics (N¼ 16 874) N (%)

Age

50–59 5926 (35.1%)

60–69 6438 (38.2%)

70–80 4510 (26.7%)

Female gender 8057 (47.7%)

Race/ethnicity

Non-Hispanic White 13 230 (78.4%)

Non-Hispanic Black/African American 324 (1.9%)

Hispanic 1822 (10.8%)

Other race/ethnicitya 1498 (8.9%)

Smoking status based on last record

Current smoker 4151 (24.6%)

Former smoker 12 723 (75.4%)

aOther race/ethnicity includes non-Hispanic participants with race other

than White or Black or those who chose not to disclose race.
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Table 2. Data issues that could affect Baseline Approach

Data issue that could affect Baseline

Approacha

Prevalence of

issue,

N 5 16 874

Illustrative example How issue is addressed in Longitudinal

Approach

1. Insufficient data to calculate pack-

years from the most recent smoking

record

7204 (42.7%) While patient is recorded as smoker, no

information on packs-per-day or

smoking duration is present in the

most recent smoking record.

Pack-per-day are calculated from the

first available observation. If never

available, pack-per-day are imputed

as the median value for the sample

(0.5 packs-per-day). If years-smoked

are missing from the most recent ob-

servation, the algorithm uses data

from previous observations, with ap-

propriate increase in duration with the

passage of time.

2. Insufficient data to calculate pack-

years from the longitudinal records

6708 (39.8%) While patient is recorded as smoker, no

information on packs-per-day or

smoking duration is present in the lon-

gitudinal records.

Longitudinal Approach does not address

this issue.

3. Pack-years did not change for over a

year when a patient was a current

smoker

4235 (25.1%) Patient remained 20-year smoker for the

past 15 years.

Instead of using years-smoked to calcu-

late pack-years, years-smoked is used

to calculate the start date of the first

smoking period, and pack-years are

calculated based on duration of the

period.

4. Unknown smoking quit date for a for-

mer smoker

2942 (17.4%) A patient was recorded as a smoker,

then was recorded as being a former

smoker, but the quit date was not en-

tered.

When smoking date is missing for a for-

mer smoker, we use the transition

date as the quit date.

5. An increase or decrease in packs-per-

day in the most recent observation

results in changed pack-years for pre-

vious periods

2852 (16.9%) A patient smoked 1 pack-per-day for 20

years, then cut down to 0.5 packs-per-

day, resulting in pack-years decreasing

from 20 to 10.

Decreases and increases in packs-per-day

do not affect results for previous peri-

ods. This assumption was tested in the

sensitivity analysis.

6. Pack-years decreased over time

(caused by decreased years-smoked or

packs-per-day)

2001 (11.9%) A patient originally said that they

smoked for 30 years, then reported

later that they smoked for 20 years.

Period-pack-years are added over time to

the first period pack-years.

7. Smoking quit date changed to an ear-

lier date

711 (4.2%) A patient was documented as having

quit smoking on January 01, 2010,

but the most recent observation over-

rode the quit date with January 01,

2000.

The latest smoking quit date on record is

used to determine how long a patient

has been a former smoker.

8. Patients became a ‘never smoker’ after

being a current or former smoker

512 (3%) A patient was recorded as being smoker

for a year, then subsequently was

recorded as being a never smoker.

If detailed smoking information is avail-

able, it is used to estimate tobacco ex-

posure.

9. New smoking quit date not recorded

after patient quit smoking repeatedly

234 (1.4%) Patient quit smoking on January 01,

1999, then restarted smoking and quit

again on January 01, 2009. However,

January 01, 1999 was the only quit

date recorded.

If the recorded quit date is before the last

known smoking date, the last known

transition from smoking to not smok-

ing is used to determine the quit date.

10. The duration between recorded

smoking start and end dates did not

correspond to recorded years-smoked

213 (1.3%) A patient was documented as having

started smoking on January 01, 2000

and having quit smoking on January

01, 2010. However, the smoking du-

ration was recorded as 20 years.

The start date of the first period is calcu-

lated as the earliest date across all

records indicating when the patient

started smoking.

11. Recorded as started smoking before

age 5

91 (0.5%) A patient was recorded as starting smok-

ing when 3 years old.

For patients reported to start smoking

before the age of 5, the smoking start

date was moved to the 5th birthday.

12. Recorded as smoking over 5 packs

per day

36 (0.2%) A patient was recorded as smoking 10

packs-per-day for 20 years.

Packs-per-day >5 are divided by 20,

with an assumption that cigarettes-

per-day were mistakenly entered as

packs-per-day.

Any of above 13 833 (82%)

aOne record can have more than one issue.
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lation, only about 60% of ever-smokers in the USPSTF-eligible age

range had the requisite smoking data recorded in the EHR to deter-

mine screening eligibility. Moreover, we found that over 80% of

patients with the requisite smoking data had issues in that data. This

is consistent with others’ findings, such as a study by Modin et al14

which found that pack-year history calculated using the most recent

EHR data were almost always different from pack-year history

obtained through clinical interview at a centralized lung cancer

screening program. As EHR data are known to be incomplete when

it comes to cohort identification,24 approaches improving data col-

lection should be considered, such as leveraging health information

exchanges and directly engaging patients in the collection and re-

view of the needed data.

As a second implication, smoking history should always be veri-

fied prior to making screening or treatment decisions dependent on

smoking history. Clinicians and health IT implementers need to be

mindful of the potential impact of missing and inaccurate data when

making decisions about lung cancer screening based on EHR smok-

ing data.

As a third implication, the Longitudinal Approach described in

this paper add clinical value in several ways. As one potential use,

the Longitudinal Approach could be used to alert clinicians about

patients with significant discrepancy between the results of the Base-

line and Longitudinal Approaches, so that the clinicians can verify

the smoking history with the patient. For example, when the Base-

line Approach estimated higher pack-years than the Longitudinal

Approach in our dataset (Figure 6), this often appeared to be a result

of cigarettes-per-day being mistakenly entered as pack-per-day by

EHR users, which were taken at face value in the Baseline Approach

but assumed to be cigarettes-per-day in the Longitudinal Approach

(eg, assumed to be 10 cigarettes-per-day as opposed to 10 packs-per-

day, which would likely not be possible to achieve). Second, patients

eligible for lung cancer screening through either the Baseline or Lon-

gitudinal Approaches (ie, through the Combined Approach) could

be flagged for evaluation for lung cancer screening. This could sig-

nificantly increase the number of eligible patients who are identified

for screening, which is a critical need given that <5% of eligible

patients are currently screened in the United States.4 Third, more

individuals with high lifetime smoking exposure could be targeted

for smoking cessation outreach, such as through electronic

reminders as described by Bar et al.25 Fourth, the Combined Ap-

proach could be used to identify household members with concern-

ing levels of secondhand tobacco exposure. Fifth, the Longitudinal

Approach could be used to pre-populate an EHR’s smoking history

Figure 4. Diagram of patient eligibility for lung cancer screening according to the Baseline and Longitudinal Approaches.

Figure 5. Number of eligible patients identified using Baseline and Longitudi-

nal Approaches.
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if and when EHR vendors move to a period-based reporting ap-

proach (eg, smoked 1 pack-per-day from age 18 to 35, quit from 35

to 40, and then smoked 0.5 packs-per-day since). An important as-

sumption of the Longitudinal Approach was that patients tend to re-

port how much they are currently smoking instead of an average of

how much they smoked over their lifetime. A period-based reporting

approach would obviate the need for such assumptions, and we are

aware of at least one major EHR vendor planning to convert to such

an approach.

As a final implication, this study suggests that historical smoking

data should ideally be made accessible to clinical decision support

systems in addition to the most recent smoking data. In particular, it

would be ideal if longitudinal smoking data were available from

EHRs through their Health Level 7 (HL7) Fast Healthcare Interop-

erability Resources (FHIR) application programming interfaces, so

that the data can be used by external apps and Web Services con-

nected to the EHR to identify a patient’s eligibility and appropriate-

ness for screening.19,26

One of the strengths of this study is that it used a computational

approach to quantify issues in EHR smoking data among a large

group of patients (ie, all patients with a history of smoking seen at

an academic medical center). In comparison, prior studies have only

characterized the issue qualitatively or in a much smaller sample of

patients,14,16 or focused on issues arising from random noise rather

than bias in the data.17 As a second strength, this study proposes a

computable algorithm to address these issues. Thus, we not only

quantify the problem but also provide an actionable approach to

addressing the problem. Finally, this study evaluated the accuracy of

the Longitudinal Approach in identifying patients considered to be

particularly high benefit.6,7

This study has several limitations. First, this study did not in-

clude a true gold standard for lifetime tobacco exposure. However,

due to the evolving nature of smoking habits over time, creating a

true gold standard would have required decades-long prospective

data collection with frequent questionnaires. When estimating life-

time smoking exposure through a single patient interaction, there

are methods to reduce recall bias such as the Timeline Followback.27

However, it is questionable whether an individual’s recollection

many decades later is more accurate than what they reported at the

time. For example, for a 50-year-old patient who began reporting

their smoking habits in the EHR 20 years ago, it is questionable

whether their recollection at age 50 of their smoking habits in their

30s or 40s is more accurate than what they reported back when they

were that age. Indeed, a 2020 study found that when individuals

were prospectively asked to provide a self-reported lifetime smoking

history 1 month apart, differences in their recollection just over this

1 month was such that 12% of participants were eligible for lung

cancer screening at one but not both assessments.28 Given the poten-

tial inaccuracy of self-recollection for lifetime tobacco exposure,

even when done prospectively, we did not seek to establish a gold

standard. Instead, we sought to characterize data issues and to de-

velop an approach to help identify as many patients as possible who

may be eligible for lung cancer screening based on available EHR

data. While use of the Combined Approach may result in a false pos-

itive identification of screening-eligible patients as compared to the

ground truth, we believe this is a reasonable approach to using EHR

data to identify patients for lung cancer screening, as potentially eli-

gible patients can be evaluated by their clinical providers to verify el-

igibility, whereas patients not flagged as being potentially eligible

may easily be overlooked for screening purposes.

Figure 6. Scatter plot of pack-years estimated using Baseline and Longitudinal Approaches for current smokers. The red line divides the plane in equal parts. The

blue line represents the regression line between the pack-years estimated using 2 algorithms fitted by the local polynomial regression model. Forty-seven points

are omitted due to pack-years estimated using either of the 2 algorithms larger than 100.
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As the second limitation, the data analysis was conducted using

data from one healthcare system; as such, replication is needed.

However, we have no particular reason to believe that our findings

are significantly divergent from what would be found in other clini-

cal settings. Of note, our findings are consistent with earlier studies

in this area, and the EHR product used at the study site is one of the

most widely used EHRs in the United States.12

As a third limitation, the study was performed in Utah, where

the population is mostly White (78%). However, we have included

a fairness analysis, which showed that the Combined Approach

would allow identification of more patients potentially eligible for

lung cancer screening in White, Black, Hispanic and other popula-

tions. The fairness analysis showed that using the longitudinal data

would disproportionately benefit women and Hispanics.

As a fourth limitation, we did not explicitly account for the ran-

dom error inherent in patient-reported measures, including smoking

history.17

As a fifth limitation, this study did not analyze free text data. How-

ever, including free text data in the Longitudinal Approach might have

further limited the portability of the approach to other healthcare sys-

tems by requiring more adaptation and validation prior to clinical use.

CONCLUSION

This study contributes to the body of research indicating that smok-

ing data recorded in the EHR at a point in time are often inaccurate

for assessing longitudinal smoking history. This makes relying on

only the most recent smoking history suboptimal. This study showed

that a Longitudinal Approach, which leverages longitudinal smok-

ing records in the EHR, can substantially improve upon the Baseline

Approach, which uses only the most recent record. Healthcare

organizations, EHR vendors, and researchers should consider adopt-

ing the Longitudinal Approach.
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Table 3. Patient eligibility for lung cancer screening according to the Baseline and Combined Approaches

Baseline

Approach, N¼ 16 874

Combined

Approach, N¼ 16 874

Absolute

change

Relative change P-value

Sufficient data to calculate pack-years and

years-quit

8164 (48.4%) 10 171 (60.3%) 2007 (11.9%) 24.6% (23.3%, 25.9%) <.001*

Current smoker, sufficient data to calculate

pack-years

2592 (15.4%) 2769 (16.4%) 177 (1%) 6.8% (5.8%, 7.9%) <.001*

Smoked <20 pack-years (did not meet cri-

teria)

1405 (8.3%) 1620 (9.6%) 215 (1.3%) 15.3% (13.2%, 17.5%) <.001*

Smoked �20 pack-years (met criteria) 1187 (7%) 1759 (10.4%) 572 (3.4%) 48.2% (43.4%, 53.2%) <.001*

Former smoker, sufficient data to calculate

pack-years and years-quit

5572 (33%) 7441 (44.1%) 1869 (11.1%) 33.5% (31.6%, 35.6%) <.001*

Quit �15 years ago (did not meet criteria) 3298 (19.5%) 4225 (25%) 927 (5.5%) 28.1% (26%, 30.3%) <.001*

Smoked <20 pack-years (did not meet cri-

teria)

1233 (7.3%) 2067 (12.2%) 834 (4.9%) 67.6% (61.9%, 73.3%) <.001*

Smoked �20 pack-years (met criteria) 1041 (6.2%) 1577 (9.3%) 536 (3.2%) 51.5% (46.7%, 56.8%) <.001*

Average pack-years for current smokers

with sufficient data for both algorithmsa

22.7 (27.5) 30.5 (22.2) 7.8 (6.7, 8.8) 34.3% (28.5%, 39.8%) <.001*

Average pack-years for former smokers

with sufficient data for both algorithmsa

18.1 (23.4) 20.6 (21.5) 2.5 (1.8, 3) 13.8% (9.9%, 17.4%) <.001*

Average years-quit for former smokers with

sufficient data for both algorithmsa

21.4 (15.3) 20.6 (15.1) �0.7 (�0.9, �0.6) �3.3 (�4.3%, �2.8%) <.001*

Met USPSTF lung cancer screening criteria

(combining current and former smokers)

2228 (13.2%) 3329 (19.7%) 1101 (6.5%) 49.4% (46%, 53%) <.001*

Met USPSTF lung cancer screening criteria,

high-benefit population (Bach model)

988 (5.9%) 1387 (8.2%) 399 (2.4%) 40.4% (36%, 45.2%) <.001*

USPSTF: US Preventive Services Task Force.
aAverage pack-years and years-quit are calculated for Baseline and Longitudinal Approaches.

*P< .05.
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