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David C. Muller, Mattias Johansson, and Paul Brennan

Purpose

Several lung cancer risk prediction models have been developed, but none to date have assessed the
predictive ability of lung function in a population-based cohort. We sought to develop and internally
validate a model incorporating lung function using data from the UK Biobank prospective cohort
study.

Methods

This analysis included 502,321 participants without a previous diagnosis of lung cancer, pre-
dominantly between 40 and 70 years of age. We used flexible parametric survival models to es-
timate the 2-year probability of lung cancer, accounting for the competing risk of death. Models
included predictors previously shown to be associated with lung cancer risk, including sex, variables
related to smoking history and nicotine addiction, medical history, family history of lung cancer, and
lung function (forced expiratory volume in 1 second [FEV1]).

Results

During accumulated follow-up of 1,469,518 person-years, there were 738 lung cancer diagnoses. A
model incorporating all predictors had excellent discrimination (concordance (c)-statistic [95% Cl] =
0.85 [0.82 to 0.87]). Internal validation suggested that the model will discriminate well when
applied to new data (optimism-corrected c-statistic = 0.84). The full model, including FEV1, also
had modestly superior discriminatory power than one that was designed solely on the basis of
questionnaire variables (c-statistic = 0.84 [0.82 to 0.86]; optimism-corrected c-statistic = 0.83;
Prev = 3.4 X 107 "3). The full model had better discrimination than standard lung cancer screening
eligibility criteria (c-statistic = 0.66 [0.64 to 0.69]).

Conclusion
A risk prediction model that includes lung function has strong predictive ability, which could improve
eligibility criteria for lung cancer screening programs.

J Clin Oncol 35:861-869. © 2017 by American Society of Clinical Oncology

the majority of lung cancers are diagnosed at stage
111 or IV.? Taken together, these facts indicate that
an increase in the proportion of lung cancer cases

As the result of common incidence and poor
prognosis, lung cancer is responsible for more
than 1.5 million deaths worldwide each year.' In
the United Kingdom alone, in 2011, there were
more than 43,400 new cases of lung cancer di-
agnosed, and 35,184 deaths from lung cancer.”
Lung cancer survival rates are poor overall, but
prognosis varies strongly by disease stage at di-
agnosis. In the United Kingdom, the 1-year rel-
ative survival rate is approximately 15% for
patients with stage IV disease, but approximately
70% for patients with stage I disease.” Currently,

diagnosed at an earlier stage could have a pro-
found effect on overall lung cancer survival rates.

It has been shown that screening for lung cancer
may be beneficial. The US National Lung Screening
Trial (NLST), a randomized study of more than
50,000 people, showed that screening using low-dose
computed tomography (CT) reduced lung cancer
mortality rates by 20%." Baseline results from the UK
Lung Cancer Screening Trial were recently pub-
lished,” and follow-up results for lung cancer mor-
tality from this and several other European screening
trials are eagerly awaited.® Despite the promise of CT
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screening, accurate identification of the appropriate population to be
screened is essential to maximizing screening program efficacy.

The NLST enrolled participants between the ages of 55 and 75
years who were ostensibly at high risk of lung cancer on the basis of
their smoking behavior, having accumulated a smoking history of
at least 30 pack-years, as well as being current smokers or having
quit within the last 15 years. Even within this high-risk population,
it has been shown that the 20% of participants at lowest risk of lung
cancer in the NLST accounted for only 1% of the lung cancer
deaths prevented by CT screening.” This underlines the importance
of having a precisely defined population to be screened. Limiting
screening to those at sufficiently high risk, who are most likely to
benefit from screening, will maximize the benefit in terms of early
detection, and minimize the harms associated with screening-
detected false-positives among those at lower risk.

The identification of individuals at high risk requires an ac-
curate and powerful risk prediction model. Several models for lung
cancer have been developed, largely on the basis of strong risk factors
such as tobacco smoking behaviors, family history, and occupational
exposures.*!” In this study, we developed, internally validated,
and evaluated a risk prediction model using data from the UK
Biobank prospective cohort study. We focused on established risk
factors for lung cancer that are routinely available or easily
ascertained by general practitioners during a standard consul-
tation. These risk factors included smoking behaviors (including
number of cigarettes smoked per day or time since smoking
cessation)'®** and nicotine addiction®*; personal medical his-
tory, including previous cancer diagnoses, emphysema and
bronchitis,”” and allergic conditions***’; as well as family history
of lung cancer.”®*%? In addition to established risk factors, we
sought to evaluate the predictive performance of a measure of
lung function, the forced expiratory volume in 1 second (FEV1).

The UK Biobank

The UK Biobank is a prospective cohort study of more than 500,000
people who were between 37 and 73 years of age at the time of recruitment,
which occurred between 2006 and 2010. At baseline assessment, participants
completed a questionnaire that included items assessing general health and
medical history, lifestyle and diet, and family history of disease. Participants
also underwent a physical assessment that included measurements of blood
pressure, pulse rate, height, weight, body fat, vision, fitness, grip strength, bone
density, and lung function. Follow-up for cancer incidence and death was

conducted via linkage to cancer and death registries. Participants were followed
up from the date of baseline attendance until the date of diagnosis of an
invasive primary lung cancer, date of death, or January 1, 2012, whichever
occurred first. All participants provided written consent, and the study
protocol was approved by the North West Multicenter Research Ethics
Committee in the United Kingdom.

Model Development and Assessment

We restricted our investigation to factors that have been consistently
associated with lung cancer risk in prospective studies. In addition, these
factors were limited to those that are routinely available or can be easily
ascertained by general practitioners during a standard consultation. In
particular, we investigated sex, variables related to smoking history and
addiction to nicotine, personal medical history, family history of lung
cancer, and lung function assessed by spirometry (ie, FEV1).

To calculate the probability of lung cancer in the presence of the
competing risk of death, we separately modeled the hazard of lung cancer
and the hazard of death from all causes. We used flexible parametric survival
models on the cumulative hazard scale to estimate baseline hazards and
hazard ratios.”> Age was used as the timescale and was modeled by a re-
stricted cubic spline with boundary knots at 40 and 70 years, and internal
knots at 60 and 65 years. Separate models for lung cancer risk were fitted
for never, former, and current smoker participants. The model for risk of
death included sex, prebaseline cancer, and smoking status as covariates.
Participants with missing data on any of the covariates were excluded
from the primary analyses, and sensitivity analyses on the basis of
multiply imputed data were conducted. We used restricted cubic splines
to model potential nonlinear relationships with continuous variables.
Nonproportional hazards were investigated by fitting interactions be-
tween covariates and the timescale. The 2-year absolute risk of lung
cancer was estimated by the cumulative incidence function conditional
on age at baseline attendance (Appendix, online only).

Model calibration was assessed by plotting the mean predicted
probability against the mean observed probability of lung cancer by tenth of
predicted risk. Model discrimination was assessed with the concordance
statistic (c-statistic). Internal validation of model discrimination was assessed
by calculating the bootstrap optimism-corrected c-statistic with 100 boot-
strap replications,” as well as a development/validation split where the
model was fitted to 80% of the data and evaluated on the remaining 20%.

We conducted sensitivity analyses, in which we excluded participants
recorded as having extreme values for FEV1 (> 10 L) or number of
cigarettes smoked per day (> 80), and the model parameters were not
materially affected. All statistical analyses were conducted using Stata 12.1
(Stata Corporation, College Station, Texas) and R version 3.2.1.%°

Of the 502,649 UK Biobank participants, 325 had a prebaseline
diagnosis of lung cancer, and three were reported to have died on

Table 1. Cohort Follow-Up, Cancer Diagnoses, and Deaths Among UK Biobank Participants (n = 502,321) With No Prebaseline Diagnosis of Lung Cancer and
Participants Included in the Risk Models (n = 443,535)

Lung Cancers Deaths Incidence Rate Per 10,000*
Variable Person-Years Total In ModelsT Total In Modelst Overall Women Men
Smoking Status
Never 999,350 161 136 1,995 1,616 8 7 8
Former 353,359 325 228 1,334 917 31 30 33
Current 116,808 252 182 627 413 95 77 108
Overall 1,469,518 738 546 3,956 2,946 20 16 24

manuals-and-guidelines/-/KS-RA-13-028).

* Age-standardized incidence rate for lung cancer, using the 2013 European Standard Population (European Commission, http://ec.europa.eu/eurostat/en/web/products-

TNumber of events included in models, after excluding individuals with missing data.
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the same day that they attended the study center. Among the
remaining 502,321 participants, there were 738 incident lung
cancer diagnoses and 3,956 deaths in a total of 1,469,518 person-
years of follow-up. The majority of lung cancers were identified
among participants who were current or former smokers

(Table 1). Demographic characteristics and lung cancer risk
factors are listed in Table 2. After excluding participants with
missing covariate data, there were 443,535 participants included
in the models, of whom 546 had a lung cancer diagnosis
(Table 1).

Table 2. Distribution of Demographic Characteristics and Covariates
No Lung Cancer Lung Cancer Total
(n = 501,583) (n =738) (n = 502,321)
Variable No. % No. % No. %

Sex

Female 272,983 54 330 45 273,313 54

Male 228,600 46 408 55 229,008 46
Age at recruitment, years

37-49 117,871 23 27 4 117,898 23

50-54 76,273 15 54 7 76,327 15

55-59 90,667 18 122 17 90,789 18

60-64 121,168 24 241 33 121,409 24

65-73 95,604 19 294 40 95,898 19
Cigarette smoking status

Never 342,146 68 161 22 342,307 68

Former 120,474 24 325 44 120,799 24

Current 38,963 8 252 34 39,215 8
Previous cancer diagnosis

No 476,540 95 648 88 477,188 95

Yes 25,043 5 90 12 25,133 5
Family history of lung cancer

No 439,581 88 582 79 440,163 88

Yes 62,002 12 156 21 62,158 12
History of asthma

No 441,694 88 635 86 442,329 88

Yes 57,754 12 96 13 57,850 12

Missing data 2,135 0 7 1 2,142 0
History of allergy and/or eczema

No 383,894 77 628 85 384,522 77

Yes 115,554 23 103 14 115,657 23

Missing data 2,135 0 7 1 2,142 0
History of emphysema and/or bronchitis

No 491,213 98 655 89 491,868 98

Yes 8,235 2 76 10 8,311 2

Missing data 2,135 0 7 1 2,142 0
Maximum FEV1, liters

0.02-2.28 112,614 22 289 39 112,903 22

2.29-2.75 113,574 23 141 19 113,715 23

2.76-3.33 112,484 22 91 12 112,575 22

3.34-22.3 114,402 23 66 9 114,468 23

Missing data 48,509 10 151 20 48,660 10
Cigarettes smoked per day (former and current smokers)

09 17,978 1 37 6 18,015 11

10-14 29,757 19 72 12 29,829 19

15-19 25,856 16 71 12 25,927 16

20-29 56,023 35 232 40 56,255 35

30-140 20,589 13 121 21 20,710 13

Missing data 9,234 6 44 8 9,278 6
Age stopped smoking, years

8-29 24,892 21 13 4 24,905 21

30-39 35,500 29 34 10 35,534 29

40-49 30,679 25 70 22 30,749 25

50-69 28,718 24 207 64 28,925 24

Missing data 685 1 1 0 686 1
Difficulty not smoking for 1 day, current smokers

Very easy 2,294 6 1 0 2,295 6

Fairly easy 7,687 20 26 10 7,713 20

Fairly difficult 12,687 33 86 34 12,773 33

Very difficult 13,058 34 122 48 13,180 34

Missing data 3,237 8 17 7 3,254 8
Abbreviation: FEV1, forced expiratory volume in 1 second.
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Table 3. Hazard Ratios and 95% Cls for the Lung Cancer Risk Models
Never Smokers Former Smokers Current Smokers
Predictor HR 95% Cl HR 95% CI HR 95% Cl

Male (v female) 1.89 1.25 t0 2.87 1.61 1.18 t0 2.21 1.52 1.07 to 2.14
Previous cancer diagnosis 2.36 1.43 to 3.89 2.18 1.50 to 3.18 1.40 0.81 t0 2.43
Family history of lung cancer (first-degree relative) 0.82 0.48 to 1.41 1.61 1.19 10 2.18 1.50 1.07 to0 2.12
History of emphysema and/or chronic bronchitis 2.66 0.97 to 7.27 1.57 1.00 to 2.47 1.90 1.18 to 3.05
History of hay fever, allergic rhinitis, or eczma 1.18 0.79 to 1.74 0.83 0.57 to 1.21 0.51 0.29 to 0.90
Maximum FEV1, liters 0.57 0.43 t0 0.77 0.50 0.40 to 0.63 0.62 0.48 to 0.80
Age stopped smoking, years 1.05 1.04 to 1.07

First spline basis of cigarettes per day (knots: 4, 15, 30) 1.10 1.04 t0 1.16 1.03 0.97 to 1.08
Second spline basis of cigarettes per day (knots: 4, 15, 30) 1.00 1.00 to 1.00 1.00 1.00 to 1.00
Difficulty of not smoking for 1 day (easy v difficult) 0.48 0.29 to 0.77
Abbreviations: FEV1, forced expiratory volume in 1 second; HR, hazard ratio.

Table 3 lists the hazard ratios and 95% Cls for the lung cancer
risk models that include FEV1. Maximum FEV1 was strongly
inversely associated with lung cancer risk regardless of smoking
status, and a likelihood ratio test of the FEV1 terms suggested that
it contributed substantially to the model (P = 3.4 X 10719,
Similar estimates were obtained for all covariates when FEV1 was
excluded from the models (Table 4). The analysis of multiply
imputed data also yielded similar estimates (Table 5).

Figure 1 shows the observed 2-year risk of lung cancer
(calculated using the Kaplan-Meier estimate) by tenth of model-
predicted risk. The predicted and observed probabilities agreed
well, suggesting that the model-predicted risks were well calibrated.
The receiver operating characteristic curve for the fitted model is
shown in Figure 2A, and the sensitivity and specificity of the
model are plotted by the predicted probability cutoff in Figure 2B.
When applied to all participants regardless of smoking status, the
model was able to discriminate well between those who were
diagnosed with lung cancer within 2 years and those who were
not (c-statistic = 0.85 [0.82 to 0.87]). Discrimination was
similarly good when applied only to current or former smokers
(c-statistic = 0.82 [0.79 to 0.84]).

Internal validation suggested that the model will perform
well when applied to new observations or data sets (optimism-
corrected c-statistic = 0.84; development/validation split sample
c-statistic = 0.83). Excluding FEV1 and using only demographic
data and questionnaire-derived variables led to a model with
slightly lower, but still substantial, discriminatory power when

applied to the whole cohort (c-statistic = 0.84 [0.82 to 0.86];
optimism-corrected c-statistic = 0.83). Importantly, the in-
clusion of FEV1 also improved discrimination among never smokers
(c-statistic = 0.74 [0.69 to 0.78] v 0.72 [0.67 to 0.76]; P = .02).
To assess the possible implications of adopting a model-based
inclusion criterion for lung cancer screening, we compared the
discrimination and sensitivity of a model-based strategy with that
of the NLST inclusion criteria. The discrimination of the NLST
criteria was substantially lower than the model-predicted proba-
bilities when applied to the UK Biobank data, with a c-statistic of
0.66 (0.64 to 0.69) versus the optimism-corrected c-statistic of 0.84
for our full model. Instead of applying the NLST criteria, we could
take a model-based approach to identifying participants at high
risk on the basis of their predicted probability of lung cancer. In
this approach, the sensitivity of selecting individuals for screening
could be improved for a given specificity (Table 6). Applying the
NLST criteria to the whole UK Biobank cohort would yield
a specificity of 95% with a sensitivity of 37%. Setting the prob-
ability cut point to 0.354% to obtain the same specificity of 95%
yields a sensitivity of 47% for the model-based strategy.
Similarly, when we consider only those participants with
a history of smoking, the NLST criteria yield a specificity of 83%
and a sensitivity of 50%. The model-based strategy would improve
the sensitivity to 64% for the same specificity. The distribution of
predicted probabilities by NLST eligibility and lung cancer case
status at 2-year follow-up is plotted in Figure 3. A vertical line is
drawn at 0.354%, which would yield the same specificity as the

Table 4. Hazard Ratios and 95% Cls for the Lung Cancer Risk Models Excluding Forced Expiratory Volume in 1 Second

Never Smokers

Former Smokers Current Smokers

Predictor HR 95% Cl HR 95% Cl HR 95% Cl

Male (v female) 1.17 0.83 to 1.64 0.97 0.74 to 1.27 1.07 0.80 to 1.45
Previous cancer diagnosis 2.37 1.43 to 3.90 2.23 1.53 to 3.24 1.41 0.81 to 2.44
Family history of lung cancer (first-degree relative) 0.82 0.48 to 1.40 1.60 1.18 to 2.17 1.51 1.08 to 2.13
History of emphysema/chronic bronchitis 3.30 1.22 t0 8.94 2.29 1.49 to 3.563 2.36 1.49 to 3.74
History of hay fever, allergic rhinitis, or eczema 1.19 0.80 to 1.77 0.82 0.56 to 1.20 0.51 0.29 to 0.89
Age stopped smoking, years 1.06 1.05 to 1.08

First spline basis of cigarettes per day (knots: 4, 15, 30) 1.11 1.04 t0 1.17 1.03 0.98 to 1.09
Second spline basis of cigarettes per day (knots: 4, 15, 30) 1.00 1.00 to 1.00 1.00 1.00 to 1.00
Difficulty of not smoking for 1 day (easy v difficult) 0.46 0.28 to 0.74

Abbreviation: HR, hazard ratio.
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Table 5. Hazard Ratios and 95% Cls for the Lung Cancer Risk Models Fitted to Multiply Imputed Data
Never Smokers Former Smokers Current Smokers
Predictor HR 95% ClI HR 95% ClI HR 95% Cl

Male (v female) 1.82 1.22 10 2.70 1.69 1.28 10 2.23 1.42 1.04 t0 1.94
Previous cancer diagnosis 2.51 1.61 to 3.93 2.06 1.50 to 2.81 1.56 1.00 to 2.45
Family history of lung cancer (first-degree relative) 0.73 0.44 to 1.23 1.67 1.30 to 2.15 1.41 1.05 to 1.90
History of emphysema and/or chronic bronchitis 2.25 0.91 to 5.55 1.43 0.99 to 2.05 1.72 1.17 to 2.54
History of hay fever, allergic rhinitis, or eczema 1.156 0.79 to 1.66 0.84 0.61 to 1.16 0.59 0.38 to 0.92
Maximum FEV1, liters 0.58 0.43 t0 0.78 0.55 0.45 to 0.68 0.63 0.50 to 0.80
Age stopped smoking, years 1.06 1.05 to 1.07

First spline basis of cigarettes per day (knots: 4, 15, 30) 1.09 1.04 to 1.15 1.02 0.97 to 1.06
Second spline basis of cigarettes per day (knots: 4, 15, 30) 1.00 1.00 to 1.00 1.00 1.00 to 1.00
Difficulty of not smoking for 1 day (easy v difficult) 0.49 0.32 t0 0.75
Abbreviations: FEV1, forced expiratory volume in 1 second; HR, hazard ratio.

NLST criteria when applied to these data. Thirty-eight percent of
current smokers and 10% of former smokers have predicted risks
exceeding this threshold, but only 87 (< 0.1%) of never smokers in
our sample exceed the threshold.

We found that a model designed solely on the basis of demographic
data, family and personal medical history, and smoking behavior
information strongly discriminated between incident lung cancer
cases and noncases. The addition of FEVI as a measure of lung
function provided a modest increase in discriminatory power
(c-statistic of the final model = 0.85). When the model was applied
only to ever smokers, the discriminative ability remained high
(c-statistic = 0.82). Internal validation of model discrimination
indicated that the model is likely to perform well when applied to
new individuals.

1e-03 A

Te-04 A

Observed 2-Year Probability
o——

Te-05 A

1e-04 1e-03
Predicted 2-Year Probability (grouped at deciles)

Fig 1. Calibration of the prediction model—the observed 2-year probability of
lung cancer (Kaplan-Meier estimates and 95% Cls by tenths of model-predicted
probability.

jeo.org

Strengths and Weaknesses

Our study has several strengths. To our knowledge, this is the
first study to directly assess the ability of lung function, as mea-
sured by spirometry, to predict lung cancer in a population-based
cohort. The prospective nature of the UK Biobank cohort also
offers several advantages. The possibility of differential reporting
biases is minimal, because all participants completed the baseline
assessment before any diagnosis of lung cancer. Furthermore, we
were able to directly model lung cancer incidence rates and overall
mortality rates within one of the largest cohorts worldwide in
a continuous fashion.

In addition, because the model only requires information
that is readily available to general practitioners, it would be straight-
forward to implement on a wide scale in a primary care setting.
This is of crucial importance if individual risk assessment be-
comes an integral part of any population screening programs for
lung cancer. One potential practical limitation to implementing
our model in practice is the requirement for the assessment of
FEV1. Spirometry can be performed by physicians or nurses at
most general practice surgeries in the United Kingdom, as well as
local specialist clinics and hospitals.”® The use of spirometry is
routine in the diagnosis and management of chronic obstructive
pulmonary disease, for which its use is encoded in the National
Institute for Health and Care Excellence guidelines.”” Thus al-
though the addition of FEV1 adds some complexity to the risk
assessment, the added burden is minimal.

The principal weakness of our study is that we were unable to
externally validate the risk prediction model. The results of the
internal validation provide promising evidence that the model will
perform well when applied to new individuals. However, in
practice, performance may vary when applied to new data, es-
pecially in populations with different average risks. Also, the
relatively short follow-up to date of some participants in the UK
Biobank means that we cannot evaluate estimates of absolute risk
over a long-term follow-up.

Existing Lung Cancer Risk Prediction Models

Several lung cancer risk prediction models have been de-
veloped in various settings (described in a recent review by
Tammemigi’®). The Spitz et al'® and LLP? models were developed
using data from case-control studies combined with population

© 2017 by American Society of Clinical Oncology 865
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cancer incidence and overall mortality statistics. Similar to our
model, those described by Bach et al,* Kovalchik et al,” Prostate,
Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO)"?
(as well as the updated PLCO}50,, and PLCO014), European
Prospective Investigation into Cancer and Nutrition,'® Park et al,'®
and Liverpool Lung Project Risk Prediction Model for Lung Cancer
Incidence (LLPi),'” were developed using data from prospective
studies, either cohorts or randomized trials. The Bach et al,
Kovalchik et al, PLCOy 012, and European Prospective In-
vestigation into Cancer and Nutrition models were developed
using data from participants who had ever smoked, whereas the
PLCO, 12014, Park et al, and LLPi models also included data from
participants who had never smoked.

To our knowledge, the only previous study to assess lung
function directly was conducted in British Columbia, Canada, and
included 2,596 “high-risk” individuals, defined as having
a smoking history of at least 20 pack-years."” This study also found
that the inclusion of lung function improved model discrimination
(AUC 0.767 [0.725 to 0.809]) compared with a base model (AUC
0.718 [0.671 to 0.765]). It is difficult to directly compare the
discriminative ability of models developed using data from dif-
ferent target populations with varying baseline risks. For instance,
it is difficult to compare statistics from populations with differing
age distributions, or from a population of ever smokers versus
a population that also includes people who have never smoked.

Table 6. Comparison of Sensitivities of the National Lung Screening Trial
Criteria and the Model-Based Strategy for Identifying Individuals at High Risk in
the UK Biobank Cohort

Specificity (%)* Sensitivity (%)

Category NLST Model NLST Model
Current and former smokers 83 83 50 64
All participants 95 95 37 47

Abbreviation: NLST, National Lung Screening Trial.
*For the model-based strategy, the probability cut point was selected to obtain
the same specificity as the NLST criteria.

866 © 2017 by American Society of Clinical Oncology

Nevertheless, each of the models developed using data from
prospective studies has similar discriminative ability, with ap-
parent c-statistics between 0.72 and 0.86. Models such as the Park
et al, PLCO,12014, and LLPi, which were applied to samples in-
cluding never smokers, tend to have higher discriminative
power as a result of the predictably low lung cancer incidence
among never smokers. The predictive power of our model was
similarly high when applied to all participants, and remained
substantial when applied only to participants who had ever
smoked (c-statistic = 0.82).

Potential for Targeted Screening

There is great potential for a risk prediction model such as ours
to improve the performance of population screening programs
for lung cancer. The NLST demonstrated that CT screening could
reduce lung cancer death rates by 20% in a population of current
or former heavy smokers.® It was subsequently shown by
Kovalchik et al” that the 20% of participants at lowest predicted
risk experienced essentially no benefit from screening, accounting
for only 1% of the prevented deaths from lung cancer. In a recent
paper, Katki et al*® applied an updated version of the Kovalchik
et al model to NLST and PLCO data. They estimated that a model-
based inclusion criterion would lead to a 17% reduction in the
number of people needed to screen to prevent one death. Sim-
ilarly, Tammemigi et al compared an inclusion criterion on the
basis of the PLCO,,59;, model with the US Preventive Services
Taskforce guidelines (similar to the NLST criteria). When these
criteria were applied to ever-smokers in the PLCO intervention
arm, the model-based approach led to improved sensitivity (80%
v 71%) and specificity (66% v 63%).>

Screening trials in Europe have typically used similar inclusion
criteria to those of the NLST, the exception being the United
Kingdom Lung Cancer Screening trial, which has used the LLPi risk
prediction model to identify those at high risk before random
assignment.® We envisage that our model, with the inclusion of an
assessment of lung function, may further improve such targeted
screening approaches. This could particularly be the case if FEV1
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can provide additional power to detect never smokers at suffi-
ciently high risk to warrant screening.

Future Research in Lung Cancer Risk Prediction

We have demonstrated that a relatively simple model,
designed on the basis of readily available individual characteristics
and a measure of lung function, is capable of discriminating well
between those at high and low risk of lung cancer. However, there
remains substantial room for improvement. One potentially
fruitful avenue would be to incorporate genetic and molecular
predictors of lung cancer in the model. Genome-wide association
studies have identified multiple risk loci for lung cancer.*'** Al-
though taken individually, these genetic variants are typically
weakly associated with risk, inclusion of a panel of multiple
variants might improve predictive power.

Circulating microRNAs have also been identified as potential
markers of lung cancer risk, but these have not yet been evaluated
in large prospective studies.***> Circulating metabolites of nico-
tine, such as cotinine, are likely to improve model discrimination
among current smokers. Circulating cotinine is strongly associated
with lung cancer risk,*® and could be used as a more sensitive
assessment of smoking intensity than self-reported number of
cigarettes smoked per day. Further, it has recently been shown that
both prosurfactant protein B*” and diacetylspermine*® can provide
additional predictive power. Comprehensive models that incorporate

jeo.org

demographic data and smoking information, lung function, and
molecular risk markers thus have great potential to improve lung
cancer risk stratification. However, any potential gains from the
inclusion of molecular markers must be carefully weighed against the
increased cost and inconvenience of conducting more invasive blood
tests on a routine basis.

In summary, we developed and internally validated a lung
cancer risk prediction model incorporating a direct assessment of
lung function via spirometry, using data from a large prospective
cohort of UK residents. The model was capable of discriminating
well between those at high and low risk of lung cancer, and the
model-predicted probabilities were well calibrated. Using this model
to establish eligibility for screening could lead to substantially greater
sensitivity than the NLST screening criteria in the UK population.
The model is based on covariates that are readily available or easily
ascertained in a primary care setting. Our model could thus be easily
implemented as an aid to physicians and patients who may be
considering undergoing screening for lung cancer.

Disclosures provided by the authors are available with this article at
jco.org.
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Appendix

The 2-year absolute risk of lung cancer was estimated by the cumulative incidence function (CIF), conditional on age at
baseline attendance t:

to+2 u
CIF(t0+2|t0)=/ hy(u)exp —/ hi(v) + hy(v)dv | du

ty to

where h(t) is the model-estimated hazard function for lung cancer, and h,(#) is the model-estimated hazard function for
death.

An easy-to-use Stata code for calculating the model-predicted probability of lung cancer is available from GitHub, Inc. (https://
github.com/dcmuller/ukbiobank_lca_model_predictions).
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