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Abstract 

Background: Lung cancer screening (LCS) participants have a high competing risk 

of non-lung cancer related death, which limits screening benefit. We hypothesized 

that imaging-based biological age can identify individuals at higher risk of non-lung 

cancer mortality.  

Methods: Low dose computed tomography scans from a large LCS trial were 

retrospectively analyzed. Bone density loss, muscular fat infiltration, vascular 

calcification, and visceral fat mass were calculated using segmentations from a nnU-

Net based deep learning segmentation model. Each participant’s age gap, defined 

as the difference between their estimated biological age and chronological age, was 

estimated with disease course mapping using a Bayesian mixed-effects model. 

Disease course map construction used all available longitudinal scan data, whilst 

individual biological age prediction used baseline scan data only. The performance 

of age gap as a parameter in competing risk models for non-lung cancer related 

death versus lung cancer diagnosis was evaluated, following the TRIPOD+AI 

reporting guideline. 

Findings: We included 29,745 scans from 12,478 participants in the final analysis. 

Median follow-up was 5 years, representing 58,284 person-years at risk. 

Multivariable survival models of competing risks were constructed, including the 

estimated age gap. The subdistribution hazard ratio (sHR) for each decade of age 

gap for non-lung cancer related death was higher (sHR=2.0, 95% CI 1.8–2.3), 

compared to lung cancer diagnosis (sHR=1.3, 95% CI 1.2–1.5). Addition of age gap 

improved model concordance of non-lung cancer death compared to a model with 

clinical variables alone (pooled C-index=0.69 vs 0.73, difference +0.04, 95% CI 

0.03–0.04, p<0.001). 

Interpretation: Biological age estimation using an imaging-based disease 

progression model improves prediction of non-lung cancer related death in lung 

cancer screening. 

Funding: None 
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Introduction 

Decades of evidence have shown that lung cancer screening (LCS) reduces lung 

cancer-related mortality1,2. However, improvement in overall survival is less clear, 

with large LCS trials reporting no overall mortality benefit at 10 years2. Selecting a 

population at high risk of lung cancer also selects participants at high risk of death 

from a multitude of other causes, such as cardiovascular disease, chronic 

obstructive pulmonary disease (COPD), and other cancers. Neglecting to account for 

competing mortality risks exacerbating overdiagnosis in screening. Improving overall 

survival in this population requires disentangling the competing risks of lung cancer 

and other comorbidity and frailty. 

Striking the balance of these risks has been the topic of active research. Approaches 

investigating individual response to screening based on frailty such as the Electronic 

Frailty Index3 using health record data, or participant selection based on predicted 

risk of non-lung cancer death4, or expected gains in life-expectancy5 are promising 

methods to enable more equitable and effective screening, with patient centered, 

shared decision-making. The use of imaging in lung cancer screening has often 

focused on refining lung cancer risk, such as from nodule malignancy prediction6. 

Imaging measures of emphysema and cardiovascular disease may aid in the 

refinement of risk of non-cancer related death7. However, prediction of non-lung 

cancer related death using clinically understandable metrics in competing risks time-

to-event models is less well studied. 

Improving prediction of non-lung cancer related death in screening may help identify 

individuals whose competing mortality risk limits potential screening benefit. We 

hypothesized that estimates of biological age can predict the risk of non-lung cancer 

related death. We therefore proposed the construction of a disease course map 

based on the evolution of imaging biomarkers to construct a single metric of imaging-

derived biological age and explored its performance in predicting both cancer 

diagnosis and non-lung cancer death.  
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Methods 

Study population 

The SUMMIT Study was a longitudinal, prospective, cohort study investigating the 

deliverability of low dose computed tomography (LDCT) screening for lung cancer in 

a high-risk population in London, United Kingdom (NCT03934866, Registration date 

26 April 2019, ClinicalTrials.gov). Current or former smokers aged 55 to 77 were 

enrolled from April 2019 to March 2020. Ethical approval for the SUMMIT Study and 

ongoing analyses was obtained from an NHS Research Ethics Committee 

(17/LO/2004) and the NHS Health Research Authority's Confidentiality Advisory 

Group (18/CAG/0054), and written informed consent was obtained from all 

participants. Clinical data collected included age, self-reported sex assigned at birth, 

self-reported ethnicity, smoking status, smoking duration, body mass index (BMI), 

COPD diagnosis at baseline, spirometry data, and rank of Index of Multiple 

Deprivation (IMD).  

Imaging feature extraction and normalization 

LDCT scans were acquired in one continuous craniocaudal acquisition at full 

inspiration using GE Revolution multi-slice scanners. Scans were non-contrast at 

0.625mm slice thickness. All scans were reviewed by specialist thoracic radiologists 

as part of the lung cancer screening workflow. An in-house nnU-Net based deep 

learning segmentation algorithm was adapted from previously published methods8. 

These segmentations were then used to generate the features used for disease 

course map construction (described below). The metrics were of (1) erector spinae 

muscle density; (2) trabecular bone density; (3) aortic calcification; and (4) 

pericardial fat mass. Metrics were chosen to measure the known age-related 

changes of muscular fat infiltration9, bone mineral density loss10, increase in vessel 

calcification11, and redistribution of visceral fat12. Full details of methods used for 

image feature extraction are given in Supplementary Materials.  
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Internal-external cross validation 

An Internal-external Cross Validation (IECV) workflow by geographical regions was 

used for disease course map model fitting and inference, competing risk modelling, 

and competing risk model performance evaluation. This design tests robustness to 

geographic and case-mix variation across a held-out cluster, with the caveat that it is 

performed within a single large trial with homogenous imaging protocols, and does 

not constitute truly distinct geographical external validation. The competing risks 

model performance is likewise calculated on a held-out geographical cluster, 

simulating case-mix variation within the same setting.13–15 The study population was 

split into 3 geographical clusters, grouped according to International Territorial Level 

(Supplementary Table 4). Concordance and calibration were estimated using a 

pooled random effects meta-analysis. The schematic of the IECV process is 

represented in Figure 1 (further detail in Supplementary Materials). 

Disease course mapping 

Disease progression modeling reconstructs long-term disease trajectories by 

positioning individuals at different stages along a common pathway. These 

approaches have been applied to degenerative neurological diseases16 and to 

identify COPD progression patterns from lung CT imaging17. Whilst aging is not a 

disease, age-related biomarker changes follow trajectories that can be modeled 

using the same mathematical framework. We adapt a Bayesian mixed-effect disease 

course mapping model previously described in the context of Alzheimer’s disease18.  

All available biomarker data, whether single timepoint or multi-timepoint, were used 

to estimate a map of biomarker progression by mapping each subject’s data to 

different portions of a common trajectory. By using the age at each observation, the 

constructed map is one of the expected trajectories of each of the imaging 

biomarkers by chronological age. Age gap is defined as the difference between the 

population mean age of onset of biomarker evolution (𝜏mean) and the estimated 

individual age of onset of biomarker evolution (𝜏i), with negative values indicating a 

younger biological age, and positive values indicating an older biological age.  
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Competing risks survival analysis 

Time to lung cancer diagnosis and time to non-lung cancer related death were each 

modelled using separate Fine-Gray subdistribution hazard models within a 

competing risks framework. For the non-lung cancer death model, lung cancer 

diagnosis was treated as the competing event, and for the lung cancer diagnosis 

model, non-lung cancer death was treated as the competing event. Both models 

estimate cumulative incidence functions (CIF) and subdistribution hazard ratios 

(sHR), which account for the presence of competing risks. Lung cancer diagnosis 

was selected rather than lung cancer death because screening benefit derives from 

early detection and curative treatment, and a participant who dies from competing 

causes before diagnosis cannot benefit from screening, regardless of cancer risk. 

Follow up time was calculated from study enrollment to the outcome of lung cancer 

diagnosis, and to death from any other cause or censor as a competing event. Non-

lung cancer related death was defined using death certificate data from the National 

Cancer Registration and Analysis Service, where International Classification of 

Disease-10 codes for lung cancer related terms did not appear in part 1a, 1b or 1c 

(Supplementary Materials).  

The age gap metric included in competing risks models were inferred from baseline 

imaging in the held out IECV region using the disease course map fit to training 

IECV regions. Feature selection was based on clinical knowledge and existing 

literature for lung cancer and non-lung cancer death risk prediction in lung cancer 

screening4. Interactions which were deemed plausible were age-age gap, sex-

smoking status, sex-smoking amount, and sex-time since stopping smoking, and 

included in models if p<0.05. All multivariable models were adjusted for age, sex, 

BMI, maximum educational attainment, ethnicity, IMD rank quintile, diagnosis of 

COPD, bronchitis or emphysema at baseline, family history of lung cancer, personal 

history of any cancer, smoking status, smoking duration, smoking dose (pack-year 

equivalents), and time since quitting smoking. 

Model Comparisons 

Model discrimination was assessed by concordance (C-index) at 5 years of follow-

up. Calibration was reported as pooled estimates of calibration slope and intercept, 
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as well as visually in calibration plots. Validation in the presence of competing risks 

followed methods described in19,20, using pseudo-observations. Methods are 

described further in Supplementary Materials.  

To assess whether the single integrated age gap metric captured comparable 

prognostic information to its constituent biomarkers, we performed a complete case 

analysis restricted to participants with all four CT biomarkers available. We 

compared discrimination and calibration for non-lung cancer death across three 

Fine-Gray competing risks models: (1) clinical variables only (as above); (2) clinical 

variables plus age gap; and (3) clinical variables plus the four raw CT biomarkers as 

separate continuous parameters.  

Statistical methods and software 

Results are presented according to the Transparent Reporting of a multivariable 

prediction model for Individual Prognosis Or Diagnosis: Artificial Intelligence 

(TRIPOD+AI) reporting guidelines21. Statistical analyses were conducted using R 

version 4 (R 4.4.2). R packages used included ‘tidyverse’, ‘gt’, gtsummary’, ‘mice’, 

‘pmsampsize’, ‘tidycmprsk’, ‘riskRegression’, ‘survminer’, and ‘survival.’ Further 

details on methods of regression of clinical features with aging metrics, feature 

selection, survival modelling, sample size calculation, and testing differences in 

concordance indices are provided in Supplementary Materials. 

  



Biological age and competing risk of death in lung cancer screening 

9 of 34 

Results 

Clinical characteristics 

The final analysis included 12,478 participants, of whom 5,312 (43%) were female 

(Table 1). The median age at study enrollment was 65 years (interquartile range, 

IQR: 60–70). A total of 29,745 scans were analyzed across all time points. During a 

median follow-up of 5.0 years (IQR: 4.7–5.2) representing 58,284 person-years at 

risk, 593 participants (4.8%) were diagnosed with lung cancer and 966 (7.9%) died 

from any cause. Of the deaths, 851 (88%) were recorded as non-lung cancer-related 

deaths and 115 (12%) as lung cancer-related deaths. 

Disease course mapping 

Three imaging progression models were fitted in an IECV scheme using data from all 

available timepoints (Figure 1). Individual estimates of age gap were inferred on 

baseline data from participants in the held-out region. The final form follows the 

cumulative distribution function after which the biomarkers were normalized, 

representing the average progression where the population mean of each biomarker 

is centered around 0.5 (Figure 2). All models demonstrated acceptable residual 

noise after fitting and consistency across folds (Supplementary Materials). The range 

of predicted age gap was –21.6 to 21.3 years (IQR –5 to +5 years). 

Clinical and demographic associations of age gap 

The relationship between age gap and chronological age is shown in Figure 3. 

Participants who died during follow-up had a positive age gap compared with those 

who remained alive (mean: +2.2 years [standard deviation, SD 6.9] vs -0.2 years [SD 

6.9], 95% CI 1.8-2.8, p<0.001). This difference was driven primarily by non-lung 

cancer-related deaths rather than lung cancer-related deaths. Participants who died 

from non-lung cancer causes had a mean age gap of +2.4 years (SD 6.9), higher 

than survivors (difference: 2.5 years, 95% CI: 2.1–3.0, p<0.001). In contrast, 

participants who had lung cancer related deaths had a mean age gap of +0.6 years 

(SD 7.1), which did not differ from survivors (difference: 0.6 years, 95% CI: -0.7 to 
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2.0, p=0.3). Multivariable linear regressions examining associations between clinical 

characteristics and age gap are described in Supplementary Materials 

(Supplementary Figure 1, Supplementary Table 6). 

Association of age gap with competing outcomes 

Cumulative incidence of lung cancer and non-lung cancer death 

To help visualise the cumulative incidence for both lung cancer diagnosis and non-

lung cancer death (Figure 4), participants were stratified into quartiles based on age 

gap: 1st (<-5.1 years), 2nd (-5.1–0 years), 3rd (0–5.1 years) and 4th (>5.1 years). 

Age gap for the whole cohort ranged from –21.6 to 21.3 years. 

The 5-year cumulative incidence of lung cancer diagnosis was similar across age 

gap quartiles, ranging from 4.5% (95% CI: 3.8–5.3%) in quartile 1 to 5.7% in quartile 

4 (95% CI: 4.9–6.6%, p=0.09, Gray’s test). In contrast, the 5-year cumulative 

incidence of non-lung cancer death ranged from 3.8% (95% CI: 3.2–4.5%) in quartile 

1, to 10% in quartile 4 (95% CI: 8.9–11%, p<0.001, Gray’s test). (Supplementary 

Table 2) 

Subdistribution hazard models 

Multivariable Fine-Gray competing risk models adjusted for clinical variables and age 

gap (Table 2) demonstrated that age gap was strongly associated with non-lung 

cancer death (sHR per 10 years: 2.0, 95% CI: 1.8–2.3, p<0.001), but this effect was 

attenuated with lung cancer diagnosis (sHR: 1.3, 95% CI: 1.2–1.5, p<0.001). For 

comparison, each 10-year increase in chronological age showed a sHR of 2.8 (95% 

CI: 2.5–3.2, p<0.001) for non-lung cancer death and 2.2 (95% CI: 1.9–2.5, p<0.001) 

for lung cancer diagnosis in the same multivariable models. There was no interaction 

between chronological age and age gap for both non-lung cancer death (p=0.2) and 

lung cancer diagnosis (p=0.7). There were no significant sex-smoking status, sex-

smoking amount, or sex-time since quitting smoking interactions for either outcome.  

Illustrative risks for example participant profiles were derived, showing parameter 

combinations where a younger participant may have a risk profile with higher risk of 

non-cancer related death because of older biological age and a positive age gap 
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(Profile A, Figure 5), relative to an older participant with younger biological age and a 

negative age gap with a high risk of lung cancer (Profile B). 

Model discrimination and calibration 

Model performance was evaluated at a 5-year time horizon for each cluster and 

pooled using a random-effects meta-analysis (Figure 1). The baseline model 

(including clinical variables only) achieved a pooled C-index of 0.69 (95% CI: 0.66–

0.72) for non-lung cancer-related death across the three validation folds (Figure 6). 

Addition of age gap to the baseline model improved discrimination to a pooled C-

index of 0.73 (95% CI: 0.70–0.75). The C-index difference was +0.04 (95% CI 0.03–

0.04, p<0.001). For lung cancer diagnosis, the baseline model achieved a pooled C-

index of 0.66 (95% CI: 0.63–0.68). With the addition of age gap, the pooled C-index 

was 0.67 (95% CI: 0.64–0.70, Supplementary Figure 2). Similar differences in 

concordance were seen at a shorter 2-year time horizon (Supplementary Figure 3 

and 4). 

Calibration plots comparing predicted versus observed cumulative incidence of non-

lung cancer death at 5 years showed good agreement across the range of predicted 

risks (Supplementary Figure 7). The pooled calibration slope was 0.90 (95% CI 

0.78–1.02) and intercept was -0.03 (95% CI -0.12–0.05, Supplementary Table 8). 

Calibration plots for lung cancer diagnosis at 5 years showed underestimation of 

risks at higher risk categories, although at lower ranges calibration appears 

acceptable (Supplementary Figure 8). Calibration slope and intercept for each IECV 

fold and pooled estimates for 5 years are presented in Supplementary Tables 7 and 

8, and for 2 years in Supplementary Tables 9 and 10.  

An additional subgroup analysis of discrimination and calibration was performed 

stratified by socioeconomic deprivation and ethnicity, using out-of-fold prediction 

from IECV, showing that discrimination did not differ by ethnicity or by deprivation. 

Calibration showed that there was underprediction of non-lung cancer related death 

for more deprived participants and non-White participants (Supplementary 

Materials). 
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Comparison with individual imaging features and established tools 

To test the adequacy of the one-dimensional summary of the raw biomarkers, model 

performance was compared in a complete case analysis (n=10,782, 86% of the full 

cohort) using the same IECV framework across three specifications: clinical 

variables only, clinical variables with age gap, and clinical variables with the four raw 

CT biomarkers. The pooled C-index for predicting non-lung cancer death was 0.70 

(95% CI: 0.67–0.72) for the clinical-only model, 0.73 (95% CI: 0.71–0.76) for the 

model including age gap, and 0.73 (95% CI: 0.70–0.76) for the model with raw 

biomarkers (Supplementary Figure 5). Discrimination for lung cancer diagnosis is 

presented in Supplementary Figure 6. Pooled estimates of calibration slope and 

intercept, as well as calibration plots across IECV clusters, are reported in 

Supplementary Tables 11 and 12, and Supplementary Figures 9 and 10. 

We also compared the performance of the model with age gap with other established 

risk prediction methods using comorbidity indices, the PLCO-comorbidity index 

(PLCO-ci) and the Life-Years Gained from Screening CT (LYFS-CT) models. We 

find that both PLCO-ci and LYFS-CT performed comparably to the model with 

clinical variables only in our dataset, and the model with age gap outperformed both 

PLCO-ci and LYFS-CT for the prediction of non-lung cancer related death (C-index 

difference +0.039 and +0.029 respectively, both p<0.001). 

Decision curve analysis 

Decision curve analysis, using out-of-fold predicted risks from the internal-external 

cross-validation, showed that the addition of age gap to a model with clinical 

variables had higher net benefit than the clinical-only model for non-lung cancer 

death across threshold probabilities of 1-20% at 5 years (Supplementary Figure 13); 

both models showed net benefit over a ‘treat all’ strategy above a 2% threshold and 

over ‘treat none’ up to a 19% threshold. The advantage of adding age gap was 

smaller and less consistent at 2 years, consistent with the smaller 2-year 

discrimination gain reported above (Supplementary Figure 14).  
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Discussion 

Here we explore the use of a disease progression modelling approach to provide an 

estimate of biological age using imaging biomarkers in lung cancer screening. The 

difference between an individual’s biological and chronological age (‘age gap’) 

inferred from this disease course map model improves the prediction of non-cancer 

related death in competing risks models compared with models using clinical 

variables alone. Such predictions could inform individualised discussions about the 

balance of benefits and harms from continued screening, particularly for individuals 

with high competing mortality risk. 

We show that combining multiple imaging biomarkers into one single metric using a 

disease progression model does not reduce the predictive power of the competing 

risk models compared to using the individual metrics themselves. This dimensionality 

reduction has multiple practical implications. First, it may have utility in prediction 

models or other applications where parameter numbers are a concern, for example 

in risk prediction models fit in small sample sizes. Second, the framing of the single 

metric of ‘age gap’, where imaging biomarkers from an individual place them relative 

to their peers of the same chronological age, has potential advantages for clinicians, 

researchers, participants, and patients22. Communicating scan findings from multiple 

systems to lung cancer screening participants concisely could mean better shared 

decision making when it comes to decisions around continuing screening and 

lifestyle interventions. Indeed, the concept of a “healthy age” will already be familiar 

to those undertaking routine health checks in the NHS, where estimates of a “healthy 

heart age” as part of cardiovascular risk assessment are provided23,24.  

Frailty and comorbidity are common within cancer populations25, but also in 

screening populations3, where the complex interplay between frailty, screening 

uptake, and oncogenesis needs careful consideration26. In the United States, risk 

prediction using clinical data, such as the Prostate, Lung, Colorectal, and Ovarian 

comorbidity index (PLCO-ci), developed in the PLCO trial and validated in NLST, 

found that participants of the intermediate frailty benefitted the most from lung cancer 

screening4. Also in the US, the life-years gained from screening-computed 

tomography (LYFS-CT)5, a model for patient selection similarly developed using 
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clinical and comorbidity data, increased the total life expectancy gain, whilst 

preventing slightly fewer lung cancer deaths. LYFS-CT is recommended by the 

American College of Chest Physicians, although further studies highlighted the need 

for careful consideration of race and ethnicity in these models to avoid exacerbating 

inequalities in lung cancer screening27. We find that our model with age gap 

performs favourably compared to both PLCO-ci and LYFS-CT, improving upon 

discrimination in our dataset. Furthermore, we did not find evidence that our model 

showed any differences in discrimination by either ethnicity or deprivation, and its 

underprediction of non-lung cancer related death in participants not of White ethnicity 

and of higher socioeconomic deprivation would tend to reduce the chances of these 

participants being excluded from screening based on their predicted risks. 

Previously published risk models incorporating scan-based markers into predicting 

risk of competing death have used logistic regression, which introduces bias when 

handling competing risks, as well as only being applicable at a fixed time horizon7. 

Our approach presents the continuous predictor of age gap, which improves risk 

prediction in a time-to-event model of competing risks, at multiple time horizons, 

overcoming these shortcomings. This more flexible approach allows for broader 

adaptation to different populations and use cases, although these will require 

recalibration and revalidation. 

Importantly, ‘biological age’ as used here is not a direct physiological measurement, 

but a latent parameter (the individual age gap estimated by the disease course 

model) expressed in years. Its meaning is therefore inherently relative to the model 

and the population it was fitted on. Therefore, our biological age gap metric is 

normalised to the LCS population of older adults with significant smoking history, 

rather than the general population. This means that an age gap calculated for an 

LCS participant cannot meaningfully compare them to an age matched individual 

from the general population. An individual who appears biologically older than their 

screening cohort peers carries higher competing mortality risk within that screening 

context, regardless of how the entire cohort compares to the general population. This 

approach of risk stratification within lung cancer screening populations aligns with 

the clinical decision-making context where the metric will be applied.  
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Non-lung cancer related causes of death in LCS for participants are predominantly 

cardiovascular disease, COPD and other cancers1,2. Evidence for incidental findings 

in LCS such as vessel calcification remains limited to observational associations that 

these imaging biomarkers are predictors of cardiovascular events and mortality28. No 

interventional trials have demonstrated that detecting and acting on these findings 

during lung cancer screening improves outcomes. The UK National Screening 

Committee review29 classified incidental findings as a harm of screening, noting 

substantial heterogeneity in definitions and lack of evidence for benefit. Until such 

evidence exists, the contribution of incidental findings to screening benefit-harm 

balance remains uncertain30. The approach highlighted here therefore is to improve 

targeted lung cancer screening itself. Even though the disease progression model 

uses all longitudinal data, all model estimates were derived from baseline scan data. 

This shows how imaging biomarkers could enable more personalised, risk-stratified 

decisions with data available after the first LCS LDCT scan regarding screening 

continuation or frequency which account for an individual's balance of potential 

benefit from lung cancer detection versus competing mortality risks. We provide an 

illustrative example, with two profiles using variables from real participants. A 

participant who is chronologically younger but biologically older (a positive age gap, 

Figure 5, Profile A) may have a competing mortality risk that is disproportionately 

elevated relative to their lung cancer risk, which could support a conversation about 

whether continued screening at the standard interval remains a shared priority, as 

opposed to an extended screening interval or broader comorbidity assessment 

outside the screening pathway. Conversely, a participant who is chronologically older 

but biologically younger (a negative age gap, Profile B) may derive greater relative 

benefit from continued screening than their chronological age alone would suggest. 

Presented alongside conventional lung cancer risk estimates at a routine screening 

appointments, these metrics could support a more individualised conversation about 

continuing, extending, or exiting the screening pathway than either risk estimate 

provides in isolation. 

The feasibility of implementing our models is another potential advantage. Unlike 

end-to-end deep learning prediction models which require significant computational 

resource, the most computationally intense part of this workflow is segmentation. 

Commercially available computer assisted detection software already in use in LCS 



Biological age and competing risk of death in lung cancer screening 

16 of 34 

programmes31,32 perform similar segmentations, and the further application of these 

measurements for inference in a disease course map would require no more 

resource than a modern personal computer. Practically, this could be integrated into 

existing lung cancer screening workflows by running inference on the segmentation 

outputs already generated by commercial computer-assisted detection software at 

the point of the baseline scan, without requiring additional imaging or a separate 

visit. Future work could also explore whether incorporating additional CT-derived 

biomarkers could improve discrimination further within this disease course mapping 

framework. 

There are important limitations to this study. First, the wider geographical 

transportability to other lung cancer screening settings is not explored here. Whilst 

the internal-external cross validation approach taken here uses the clustering 

inherent in our large lung cancer screening study to simulate natural geographical 

variation and come to more realistic estimates of model performance, this is still 

limited to three clusters in a relatively limited geographical area. Furthermore, all 

data were acquired within a single trial with standardised scanner models and 

imaging protocols, and model performance with different scanners, acquisition 

protocols, or in other screening populations remains untested and requires 

independent external validation before clinical use. Second, the negative association 

between mean age gap and chronological age suggests an intuitive explanation of a 

selection effect. However, showing this would require age-matched imaging data 

from the general population, which were not available. Third, it is possible that risk 

prediction models using more sophisticated image analysis techniques such as end-

to-end deep learning could achieve better absolute performance. However, these 

models often reach barriers for clinical translation because of complex technical 

implementation or clinician and patient hesitancy due to interpretability and 

explainability of its outputs33.  Finally, modelling the competing risk of non-lung 

cancer death as lung cancer diagnosis may overstate screening benefit to the extent 

that some diagnoses represent overdiagnosis. However, lung cancer deaths were 

substantially fewer than diagnoses in our cohort, and lacked power for precise 

estimates of performance when using lung cancer death as an alternative outcome. 



Biological age and competing risk of death in lung cancer screening 

17 of 34 

Conclusions 

Imaging at baseline lung cancer screening can be used to construct a single 

biological age gap metric that improves competing risk prediction beyond 

chronological age and clinical variables. Quantifying individualised risk of non-lung 

cancer death could inform shared decision-making about screening continuation and 

enable risk-stratified screening strategies that better balance benefits and harms for 

individual participants. 
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Tables 

Characteristic N = 12,478 

Age at baseline, years 65 (60, 70) 

Sex, female 5,312 (43%) 

Ethnicity  

    Asian, Asian British or Asian Welsh 916 (7.3%) 

    Black, Black British, Black Welsh, Caribbean or African 565 (4.5%) 

    Mixed or Multiple ethnic groups 270 (2.2%) 

    Other ethnic group 349 (2.8%) 

    White 10,378 (83%) 

Current smoker (any tobacco) 6,089 (49%) 

Total smoking duration, years 44 (40, 48) 

    Unknown 3 

Weighted smoking amount, pack-years 20 (15, 22) 

Previous diagnosis of COPD, bronchitis or emphysema 3,661 (29%) 

Maximum educational attainment  

    Completed a further degree (Masters, PhD or equivalent) 622 (5.0%) 

    Completed A Levels or equivalent 1,344 (11%) 

    Completed bachelor's degree or equivalent 1,539 (12%) 

    Completed further education but not degree 1,057 (8.5%) 

    Completed GCSEs, O-Levels or equivalent 2,961 (24%) 

    Finished school at or before age 15 4,955 (40%) 

Body mass index category, kg/m²  

    Normal weight (18.5–24.9) 3,631 (29%) 

    Underweight (≤18.5) 180 (1.4%) 

    Overweight (25–29.9) 4,835 (39%) 

    Obese (>30) 3,832 (31%) 

IMD rank quintile  

    1 (most deprived) 3,988 (32%) 

    2 3,691 (30%) 

    3 2,192 (18%) 

    4 1,848 (15%) 

    5 (least deprived) 627 (5.1%) 

    Unknown 132 

Lung cancer diagnosed during screening 593 (4.8%) 

Death at follow up 966 (7.9%) 

    Unknown 178 

 

Table 1. Characteristics of included participants. Values are expressed as 

median (interquartile range) or number (%). COPD: Chronic obstructive pulmonary 

disease; IMD: Indices of Multiple Deprivation. 
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Characteristic LC diagnosis Non LC-related death 

sHR 95% CI p-value sHR 95% CI p-value 

Age at baseline, 10y 2.15 1.86, 2.47 <0.001 2.81 2.45, 3.21 <0.001 

Age gap , 10y 1.32 1.16, 1.51 <0.001 2.02 1.79, 2.27 <0.001 

Sex, female 1.08 0.92, 1.28 0.4 0.58 0.49, 0.67 <0.001 

Body mass index, kg/m² 0.96 0.94, 0.97 <0.001 0.99 0.97, 1.01 0.3 

Maximum educational 
attainment 

0.93 0.89, 0.99 0.013 0.89 0.85, 0.93 <0.001 

COPD, bronchitis or 
emphysema diagnosis 

1.24 1.05, 1.47 0.013 1.47 1.27, 1.70 <0.001 

Family history of lung 
cancer 

1.71 1.41, 2.07 <0.001 0.87 0.70, 1.07 0.2 

Any prior cancer 1.51 1.24, 1.84 <0.001 1.22 1.01, 1.47 0.037 

Current smoker (any 
tobacco) 

1.31 1.06, 1.62 0.014 1.18 0.97, 1.42 0.094 

Years since stopping all 
tobacco 

1.00 0.98, 1.01 0.8 0.99 0.98, 1.01 0.3 

Weighted smoking 
amount, pack-years 

1.01 1.00, 1.01 0.069 1.01 1.00, 1.01 0.046 

 

Table 2. Fine-Gray competing risks models for lung cancer diagnosis and non-

lung cancer-related death. LC: lung cancer; sHR: subdistribution hazard ratio; CI: 

confidence interval; COPD: Chronic obstructive pulmonary disease. 
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Figures 

 

Figure 1. Summary of model development and inference process for individual 

predictions. Disease progression and risk prediction models are fitted within each 

geographical cluster, following an internal-external cross validation framework. DL: 

Deep Learning. 
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Figure 2. Average trajectory of individual biomarker evolution by 

reparameterised age as estimated by disease course map model, by IECV 

training groups. Training group 1 is trained on IECV clusters 1 and 2; training group 

2 to clusters 1 and 3; and training group 3 to clusters 2 and 3. Features are 

normalised between 0 and 1 using an empirical cumulative distribution function, and 

signs appropriately changed so biomarkers increase with age. IECV: Internal-

external cross validation. 
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Figure 3. Age gap versus chronological age. Each point represents one 

participant. For participants who died, follow up time is represented in a color scale. 

Best fit line fit through participants who died at follow up (dashed line) and 

participants alive at follow up (solid line). 
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Figure 4. Cumulative incidence of lung cancer diagnosis (A) and non-lung 

cancer related death (B) stratified by age gap. Age gap is stratified into quartiles, 

where 1 is the lowest age gap and 4 is the highest. Dashed lines indicate cumulative 

incidence at 5 years. 
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Figure 5. Illustrative examples of individual predictions of competing risks at 5 

years. Both risks from Fine-Gray models. Participant A is a 55-year-old male with no 

family history of lung cancer, and age gap +10 years. Participant B is a 70-year-old 

female with a family history of lung cancer, and age gap -10 years. Both participants 

have a baseline body mass index of 27 kg/m², a diagnosis of chronic obstructive 

pulmonary disease, no personal history of cancer, are former smokers, quit smoking 

5 years ago, 30 pack-year smoking history, and left school before age 15. LDCT: 

Low dose computed tomography; LC: Lung cancer. 
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Figure 6. Forest plot of competing risks model concordance for non-lung 

cancer death at 5-year time horizon by IECV clusters and random effects meta-

analyzed estimates.  C-index: Concordance index; CI: confidence interval. 
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