www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Predictive performance of risk
prediction models for lung cancer
Incidence in Western and Asian
countries: a systematic review and
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Numerous prediction models have been developed to identify high-risk individuals for lung cancer
screening, with the aim of improving early detection and survival rates. However, no comprehensive
review or meta-analysis has assessed the performance of these models across different sociocultural
contexts. Therefore, this review systematically examines the performance of lung cancer risk
prediction models in Western and Asian populations. PubMed and EMBASE were searched from
inception through January 2023. Studies published in English that proposed a validated model

on human populations with well-defined predictive performances were included. Two reviewers
independently screened the titles and abstracts, and the Prediction Model Risk of Bias Assessment Tool
(PROBAST) was used to assess study quality. A random-effects meta-analysis was performed, and a
95% confidence interval (Cl) for model performance was reported. Between-study heterogeneity was
adjusted for using the Hartung-Knapp-Sidik-Honkman test. A total of 54 studies were included, with
42 from Western countries and 12 from Asian countries. Most Western studies focused on ever-smokers
(19/42; 45.2%) and the general population (17/42; 40.5%), and only two Asian studies developed
models exclusively for never-smokers. Across both Western and Asian prediction models, the three
most consistently included risk factors were age, sex, and family cancer history. In 45.2% (19/42) of
Western and 50.0% (6/12) of Asian studies, models incorporated both traditional risk factors and
biomarkers. In addition, 14.8% (8/54) of the studies directly compared biomarker-based models with
those incorporating only traditional risk factors, demonstrating improved discrimination. Machine-
learning algorithms were applied in eight Western models and two Asian models. External validation
of PLCO,,,,,, (AUC=0.748; 95% Cl: 0.719-0.777) outperformed other prediction models, such as Bach
(AUC=0.710; 95% Cl: 0.674-0.745) and Spitz models (AUC=0.698; 95% Cl: 0.640-0.755). Despite
showing promising results, the majority of Asian risk models in our study lack external validation. Our
review also highlights a significant gap in prediction models for never-smokers. Future research should
focus on externally validating existing Asian models or incorporating relevant Asian risk factors into
widely used Western models (PLCO,,,,,) to better account for unique risk profiles and lung cancer
progression patterns in Asian populations.
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For decades, lung cancer has been the leading cause of cancer-related deaths worldwide!. Given that early stage
lung cancer is often asymptomatic, most new cases are diagnosed at an advanced-stage?. The 5-year relative
survival rate for patients with advanced-stage is 6%, compared to 61% for those with localized lung cancer®.
Therefore, early detection could significantly reduce lung cancer mortality. Extensive randomized trials,
including the 2013 National Lung Screening Trial (NLST)* and the 2020 NELSON trial®, have demonstrated
the efficacy of low-dose computed tomographic (LDCT) screening as an effective tool for early lung cancer

detection. Currently, the U.S. Preventive Services Task Force (USPSTF) recommends screening for high-risk
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individuals, defined as smokers aged 50 to 80 years with at least 20 pack-years of smoking history, who currently
smoke or have quit within the last 15 years®. It is important to note that the USPSTF guidelines were established
prior to the findings of the NELSON trial and differ from the original NLST-based criteria. Conversely, due to
the assumption of low lung cancer risk, light- and never-smokers are not eligible for LDCT screening. However,
the rising incidence of lung cancer among never-smokers, particularly among women in Asian countries such as
South Korea, Taiwan, and Singapore’~?, highlights the need to re-evaluate current screening guidelines.

Over the past decades, considerable efforts have been made to develop prediction models that identify high-
risk groups for screening and improve screening outcomes. For example, the Bach model'’, developed from the
B-Carotene and Retinol Efficacy Trial (CARET), and the Liverpool Lung Project (LLP) model'!, tailored for the
UK population, extend beyond traditional risk factors to provide more precise predictions in specific Western
contexts. Notably, the PLCO, ,, ,model'?, developed from the Prostate, Lung, Colorectal, and Ovarian Cancer
Screening Trial (PLCO), has demonstrated superior discriminatory capabilities compared to USPSTF2013
criteria and is recommended for use prior to LDCT screening referral. For instance, using a threshold of 1.70%
over 6 years, the PLCO,,,, model identified 162 out of 171 lung cancer cases (94.7%; 95% CI: 90.2-97.6),
significantly outperforming the USPSTF criteria, which detected only 135 cases (78.9%; 95% CI: 72.1-84.8).

Despite advances in predictive modeling, significant gaps remain in our understanding of how these models
perform across diverse sociocultural contexts. For example, existing lung cancer prediction models developed
for Western populations may not be directly applicable to Asia contexts due to cultural and socioeconomic
differences, including variations in healthcare systems, smoking habits, environmental exposures, and genetic
factors!®>-1>. These factors can impact the applicability and accuracy of such models in non-Western settings. The
increasing lung cancer incidence among never-smokers, particularly women, in Asian regions is likely driven by
factors such as family history of lung cancer!®'?, exposure to environmental carcinogens'®-2!, dietary habits?>%3,
and genetic predispositions like epidermal growth factor receptor (EGFR) mutations?*?>, underscoring the need
for region-specific risk assessments. Given that lung cancer incidence among never-smokers is considerably
higher in Asian countries as compared to Western countries, models like PLCO,,,,,, which heavily weigh
smoking history, may not perform as well?®. As a result, other models have been developed to improve screening
selection, particularly for light- and never-smokers, compared to existing guidelines®”?$. Notably, the TNSF-
SQ model has successfully identified 27.03% of high-risk Taiwanese never-smoking females (NSFs) aged 55
to 74 years for LDCT screening, indicating its potential to enhance early lung cancer detection among NSFs?’.
However, given the distinct epidemiological profile of lung cancer in Asian countries compared to Western
nations, it is crucial to rigorously compare existing models across different sociocultural contexts to ensure more
accurate and culturally sensitive risk predictions that address the diverse needs of populations worldwide.

In practice, the predictive performance of models is typically assessed using the observed/expected (O/E)
statistic?’, the Hosmer-Lemeshow (H-L) goodness-of-fit test®’, the C-statistic®!, or the area under the receiving
operating characteristic (ROC) curve (AUC)*. The O/E statistic measures model calibration by comparing the
expected (E) and observed (O) number of events. A model with a good calibration will have a value closer to
1. The H-L goodness-of-fit measures calibration, and small p-values (< 0.05) indicate that the model is not a
good fit*. Model discrimination, which refers to the ability to distinguish between two groups (e.g., presence
and absence of a condition), is quantified by metrics such as the C-statistic or AUC. The C-statistic, comparable
to AUC in time-fixed binary classification, provides an aggregated measure of the model’s performance across
all thresholds. Values between 0.9 and 1 are considered excellent, 0.8 to 0.9 good, 0.7 to 0.8 fair or moderate, 0.6
to 0.7 poor, and 0.5 and below as failed?334, In time-to-event analyses, however, the C-statistic incorporates the
temporal aspect of events, whereas the AUC does not. Therefore, it is important to carefully differentiate between
these metrics when comparing model types.

Previous reviews by Gray et al.®, Toumazis et al.*, and Wu et al.*” have provided valuable insights into lung
cancer risk prediction models. Gray et al.? evaluated the performance of these models across various populations,
primarily focusing on Western populations, with less emphasis on Asian populations. Toumzais et al.* reviewed
risk-based lung cancer screening strategies, focusing on how integrating risk prediction models can enhance
screening programs, while Wu et al.*” systematically examined the performance and applicability of models for
predicting malignancy in pulmonary nodules. Our study builds on these insights by offering a broader and more
comprehensive evaluation of risk prediction models, extending beyond nodule-based models to include diverse
geographic and sociocultural contexts, specifically comparing Western and Asian countries. Unlike previous
reviews, we provided a critical appraisal of the risk of bias (ROB) and performed a meta-analysis of models
frequently subjected to external validation, quantitatively synthesizing their performance across diverse settings
and populations. The absence of such a comprehensive review and ROB quality assessment leaves uncertainty
regarding the applicability of these models across diverse sociocultural contexts. In predictive modeling for
lung cancer, some studies focus on mortality-based models, which aim to identify individuals at the highest
risk of mortality, potentially maximizing life-saving interventions. However, this review specifically focuses on
incidence-based models, which identify individuals at risk of developing lung cancer. These models enable early
detection through screening, with the ultimate goal of reducing mortality by diagnosing cases at a more treatable
stage. Our review systematically examines the performance of incidence-based models in both Western and
Asian populations, stratified by target population, study design, validation type, model development approaches,
and model risk factors, as well as meta-analyzes the predictive performance of models validated in external
cohorts. This is critical, as models demonstrating good calibration and discrimination across diverse populations
and settings have the potential to improve future screening programs.

Methods

This systematic review and meta-analysis was performed in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analysis of Diagnostic Test Accuracy Studies (PRISMA-DTA) 2020 checklist.
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This review has been registered in the International Prospective Register of Systematic Reviews (PROSPERO)
(Registration ID: CRD42022347087). In this paper, we use various specialized terms and acronyms related to our
study. Definitions for these terms can be found in the glossary (Table S1).

Eligibility criteria

Studies that meet all the following criteria will be included: (a) full articles published in English; (b) lung
cancer incidence risk prediction models developed and/or validated (internally and/or externally) using a
human population; (c) reported a well-defined statistical method for model development and their predictive
performance (e.g., C-statistic/ AUC values with 95% confidence interval (CI)) [or standard error (SE) such that
the 95% CI could be estimated]. Studies that meet any of the following criteria will be excluded: (a) non-clinical
studies; (b) not related to lung cancer risk prediction models; (c) duplicated studies; (d) incomplete description
of the development and predictive performance of prediction model from which estimates could be computed;
(e) informal publications (e.g., conference abstracts, summary, editorial, or commentary); (f) not published in
peer-reviewed journals. These criteria were outlined in Table S2, which provided a detailed breakdown of the
inclusion and exclusion criteria used to assess the relevance of the studies. Discrepancies between reviewers (JYR
and LA) regarding study eligibility were resolved through discussion. When consensus could not be reached, a
third reviewer (SWJ) was consulted to make the final decision.

Information sources

We searched the following electronic bibliographic databases: Embase and PubMed, which encompass literature
from MEDLINE and PubMed Central (PMC), due to their extensive coverage of biomedical, clinical, and
scientific research, for relevant articles published from inception to January 2023. No restrictions were applied
to the publication date. Backward citation searching was performed on the reference lists of selected full-text
articles to identify potentially relevant studies that were not initially captured in the literature search phase.

Search strategy

We conducted a preliminary search across two databases using combinations of relevant keywords such as “lung
cancer;” “lung neoplasm,” and “risk prediction models” to identify all relevant articles published in English.
Boolean operators (AND, OR) were used to combine terms and refine the search. The full search strategy with

keywords and exact search terms adapted to the requirements of the databases used is presented in Table S3.

Study selection

All studies retrieved from respective databases were imported into EndNote version 20° and duplicate records
were removed. Two reviewers (JYR and LA) independently screened article titles and abstracts in Rayyan
software?? and those that did not meet the eligibility criteria were discarded. Full texts of potentially relevant
articles were subsequently retrieved and evaluated for inclusion. Any discrepancies were resolved through
discussion with a third reviewer (SWJ). Backward citation searching was performed to identify additional
relevant publications, which were subjected to the same screening and selection process. Two reviewers
independently selected articles, extracted data, and assessed the quality of included studies and overall evidence.

Data extraction

Data were independently extracted by two reviewers (JYR and LA), and discrepancies were resolved through
discussion with a third reviewer (SWJ). An electronic, standardized data extraction form was developed using
Microsoft Excel to extract data from the full-text articles. For each included study, we extracted the following data:
study characteristics, i.e., first author, publication year, geographical location, study design, study population;
model variables i.e., model type, variable selection approach, internal validation method, risk factors, predictive
performance in terms of discrimination (i.e., C-statistic, AUC) and calibration (i.e., O/E statistic, H-L goodness-
of-fit test) with 95% CI. In addition, sensitivity and specificity rates of the prediction models at specific risk
thresholds were recorded.

Risk of bias and applicability assessment

PROBAST*! was used to assess study quality, including the ROB introduced and its applicability based on
study sample, predictive factors, and the outcome measures. PROBAST provides a checklist of four domains:
participants, predictors, outcome, and analysis, with signaling questions which are answered with “yes” (Y),
“probably yes” (PY), “no” (N), “probably no” (PN) or “no information” (NI). Specifically, the participant
subdomain addresses the adequacy of participant selection and data sources, noting that case-control studies
may misrepresent true risk due to sampling biases, and models must be developed in populations similar to the
intended use. The predictor selection subdomain evaluates the consistency and blinding of predictor definitions
and measurements, emphasizing the need for predictors available at the time of prediction. The outcome
subdomain focuses on accurate, unbiased outcome definitions, avoiding incorporation bias, and ensuring
consistency across participants and centres. Finally, the analysis subdomain critiques statistical methods,
including issues like overfitting, inappropriate dichotomization of continuous predictors, handling of missing
data, and reporting of regression coefficients. Studies were rated as “low ROB” when a domain had all signaling
questions rated as “yes” or “probably yes.” A rating of “no” or “probably no” for one or more questions indicates
the potential for bias; however, specific reasons should be provided if the ROB is still considered low. “Unclear
ROB” was assigned if relevant information was missing. Scoring was performed independently by two reviewers
(JYR and LA), and disagreements in quality scores were resolved via a consensus discussion and re-examination
of the full-text articles. A full description of the ROB and applicability signalling questions can be found in
Supplementary Table S5.
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Statistical analysis
Data extracted from included studies were subjected to qualitative assessment, where we evaluated and
summarized key characteristics and findings. In addition, we employed graphical representation, such as tables
and figures, to visually present the extracted data. Statistical heterogeneity among studies was evaluated using the
12 statistic*2. Considering model heterogeneity, a random-effects meta-analysis was performed only on the same
prediction models that had undergone numerous external validations*’. This approach addresses a significant
gap overlooked in previous reviews, which often fail to account for the variability in model performance across
different populations and settings. Given that models that have not been externally validated may exhibit biases
due to overfitting or limited scope, focusing on models with rigorous external validation minimizes these biases
and ensures that the meta-analysis results reflect models that have been tested under real-world conditions.
This approach ensures that the conclusions drawn are based on well-tested models, providing a clearer and
more dependable assessment of how these prediction models perform in varied sociocultural contexts for lung
cancer risk prediction and screening, supporting evidence-based recommendations, and identifying areas for
improvement. A random-effects meta-analysis was performed using the DerSimonian and Laird method, which
involves extracting effect sizes and their corresponding variances. Each study was assigned a weight based on
the inverse of its AUC variance, and weighted AUC values were calculated by multiplying each AUC by its
weight before computing the sum of weighted AUC and total weights. The overall combined AUC is obtained
by dividing the sum of the weighted AUCs by the sum of weights, accounting for within- and between-study
variability using Tau-squared. Specifically, the weight for each study is adjusted to account for both within-study
and between-study variability using this formula w;* = ﬁ and the random-effects weighted average effect
Z w * >
2.

% We further adjusted for between-study heterogeneity

wg*

size is calculated based on this formula 6 rg =

using the Hartung-Knapp-Sidik-Jonkman (HKS]) test** with the ‘metafor’ package in R**. The analysis involved
fitting a random-effects meta-analysis model using the ‘rma’ function with the Restricted Maximum Likelihood
(REML) method to estimate between-study variance. This approach allowed us to refine the confidence intervals,
providing more conservative and robust estimates of the effect sizes. Detailed methodology and results of these
adjustments are provided in Supplementary Table S4. We employed a mixed-effects model to assess statistically
significant differences within subgroups, using AUC as the dependent variable. Results, including estimated
coefficients, standard errors, and p-values, were interpreted in accordance with the chosen significance level
(p = 0.05), with any violations of model assumptions (e.g., linearity and normality of residuals) acknowledged*®.
Publication bias was assessed using Egger’s test” and illustrated via a funnel plot*®. The trim-and-fill method*
was applied to address publication bias, adjusting for funnel plot asymmetry by trimming outliers and filling in
potentially missing studies, resulting in more accurate overall effect size estimates. All statistical analyses were
conducted using R Version 4.2, and R packages such as meta’, metafor®’, and dmetar®' were used.

Results

Study selection

Figure 1 illustrates the study selection process. The preliminary literature search in two electronic databases
(n=1,792) and backward citation searching (n=15) identified a total of 1,807 potentially relevant papers.
Subsequently, 289 duplicate records were removed using the EndNote software, and 1,402 records were excluded
after screening the titles and abstracts. The remaining full texts of 116 studies were retrieved and assessed based
on the eligibility criteria. A total of 62 studies were excluded, mainly due to wrong outcome measures (n=12),
prediction models for lung nodules malignancy (n=20), studies focused on lung cancer screening without
proposing a model (n=3), and providing insufficient information regarding the model’s development and
predictive performance (n =27). A total of 54 studies!'>?”?852-103 were included for qualitative synthesis, and 15
studies were included for quantitative meta-analysis!%>3:61:64:66.71,76-79,82,91,92,95.98,100

Study characteristics

Table 1 presents an overview of lung cancer prediction models!0-1261.76.78:93100 that have undergone numerous
external validations. These models are often employed in numerous studies to validate risk estimates and assess
model performance across diverse cohorts and populations. Among these models, age and smoking duration
are the most frequently examined risk factors. Most models are developed in cohort studies and primarily
designed for ever-smokers. However, the Spitz model®®, developed using data from a case-control study, stands
out for its approach of stratifying lung cancer risk estimates based on smoking status. Out of the 8 models, the
PLCO,,,;,model'? which estimates the 6-year lung cancer risk for ever-smokers aged 55-74, has gained
global recognition and acceptance in the medical (clinical practice) and research communities. The model
incorporates various risk predictors, including age, race/ethnicity, education status, body mass index (BMI),
chronic obstructive pulmonary disease (COPD), personal cancer history, family history of lung cancer, smoking
status, smoking intensity (measured in pack-years), and time since smoking cessation. The PLCO,,,,, model
demonstrated an AUC of 0.803 in the development dataset (PLCO control arm) and 0.797 in the validation
set (PLCO intervention arm). Compared against the NLST eligibility criteria, applying the PLCO,,,,, model
with a 6-year risk threshold of 1.3455% on the intervention arm significantly enhanced sensitivity (0.83 vs.
0.71, P<0.0001) and showed a significantly higher positive predictive value (4.0% vs. 3.4%, P=0.01), without
compromising specificity (0.629 vs. 0.627, P=0.54).

The characteristics of the 54 included articles can be found in Table 2 (Western countries) and Table 3 (Asian
countries). Several papers described more than one prediction model validated in different cohorts while new
models were oftenamodification of previously developed models (e.g., with theaddition of one or morerisk factors).
Amongallstudies,77.8% (n=42) of the studies were conducted in Western countries!»>°-57-39-68.70-73,75-85,88-96,99-102
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Fig. 1. PRISMA 2020 flow diagram for the selection of studies to be included in the systematic review and
meta-analysis.

while 22.2% (n=12) were conducted in Asian countries?”’-28>2-5458.69.7486,87.97.98 The included studies
were mainly from North America (44%)1255-5739,61-6365,6670-727677.79,81,83,8892,939596.10L102  Eyrope
(269)30.6773757880.8284,89-92.94100 and East Asia (22%)72552-5458.69748687.9798 Models developed in Western
countries had AUCs ranging from 0.601 to 0.920 while those developed among Asian countries had AUCs
ranging from 0.639 to 0.867. Among Asian studies, 58.3% (n=7) of models were developed using case-control
studies?”>2546%7487.98 and 41.7% (n=>5) using cohort studies*®>>>%8%97 In contrast, Western countries had a
higher proportion of models developed using cohort studies (64.3%, n=27) and a lower proportion of case-
control studies (28.6%, n=12). Additionally, 7.1% (n = 3) of the models were developed using nested-case control
studies. Among Western countries, the AUCs of the models developed using cohort studies ranged from 0.668
to 0.920, case-control studies (AUCs=0.601-0.918), and nested-case control studies (AUCs=0.776-0.862).
Among Asian countries, the AUCs of the models developed using cohort studies ranged from 0.680 to 0.871,
while those developed using case-control studies ranged from 0.635 to 0.759.

Among included studies which reported the methods used for model internal validation, 13 studies employed
cross-validation®%545568-70.79,84,89.93-95100 sy studies employed train-test spilt validation®627280:8398 ' yhile 19
studies employed bootstrapping methods!227:28:57-60.63-65,70,73,74,78,80.81.85.96.98 T contrast to models developed in
Western populations, those developed within Asian populations lack external validation. The majority of data used
to develop Asian models were acquired from single-centre retrospective cohort studies, with only three studies
validated using an external dataset®®?7%8, While current existing Asian risk models have shown promising results,
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Cassidy et al Smoking duration, history of pneumonia, Multivariable General
LLP! yeta | uk occupational exposure to asbestos, personal history | 579 Case-control | Logistic 5 .
(2008) ot . population
of cancer, and family history of lung cancer Regression
. . Cox Proportional
LLPi® Marcus et al. UK Age, sex, smoking durgtlor}, COPD, Personal 237 Case-control | Hazards 87 General}
(2015) history of cancer, Family history of lung cancer ; population
Regression
143
(PLuSS)
1,000 Multivariable Ever-smokers
Pittsburgh Wilson et al. Smoking duration, smoking status, smoking (NLST s
. .S Us . . Cohort Logistic 6 (Heavy-smokers;
Predictor’ (2015) intensity, age LDCT) L
854 Regression 25+PY)
(NLST
CXR)
Tammemagi oAfg cez;rrligi) ;ﬁ;ﬁ;‘ﬁggoél}:ﬂ;»f lcl:1(n)5 lc)a’r?ceerrS ()SI:r?(I)I}(lilrslz)ry Multivariable Ever-smokers
PLCO 12 Canada RSt . > > | 964 Cohort Logistic 6 (Heavy-smokers;
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. . . egression 30+PY)
since smoking cessation
Never smokers: Exposure to environmental
tobacco smoke, family history of cancer
Spitz et al. Former smokers: Emphysema, dust exposure, Multivariable General
Spitz® (5007) : Us family history of cancer, age at smoking cessation 1,851 Case-control | Logistic 1 opulation
Current smokers: Emphysema, PY, dust exposure, Regression pop
asbestos exposure, family history of cancer, hay
fever

Table 1. Summary of risk factors included in risk prediction models that have undergone numerous validation
in external cohorts. COPD, Chronic obstructive pulmonary disease; CXR, Chest radiography; LCRAT,

Lung Cancer Risk Assessment Tool; LDCT, low-dose computed tomography; LLB, Liverpool Lung Project
Cohort; LLPi, Liverpool Lung Project Risk Prediction Model for Lung Cancer Incidence; NLST, National

Lung Screening Trial; PLCO, Prostate, Lung Colorectal, and Ovarian Screening Trial; PLuSS, Pittsburgh Lung
Screening Study; PY, Pack-Years; UK, United Kingdom; US, United States.

external validation is crucial to ensure their generalizability across populations. Regarding study population,
most Western studies were designed for ever-smokers (n=19)125%56:61,63,64,66,68,70,73,76,77,82,91,95,96,99,100,102 3 q
the general population (n=17)%7::6271.7275.78-80.83-8589.90.92-94 yhile two studies proposed a model for both
ever-smokers and the general population®”*°. Two studies focused on individuals who underwent lung cancer
screening®®®!, and two studies specifically targeted African Americans®®!%!. In contrast to Western studies, most
Asian studies (n=>5)?454586991 were designed for the general population, but a smaller proportion of studies
specifically targeted ever-smokers (n=3)>>%7%7. Among Asian studies, one study proposed a model each for
never- and ever-smokers®, while one study targeted only never-smoking females?”’, and two studies were
designed for men®*%. Among Asian studies targeting never-smokers, the TNSF-SQ model*” was developed with
the aim to effectively identify high-risk Asian never-smoking females (NSFs) who could benefit from LDCT
screening. The model demonstrated moderate discriminative power (AUC=0.77) and identified approximately
27% of high-risk NSFs aged 55 to 74 years, highlighting its potential for early lung cancer detection among
NSFs. Another study conducted by Wang et al.”® externally validated the China NCC-LCm2021 model for lung
cancer risk prediction among never-smokers and identified justifiable risk thresholds of >0.47% and >0.51%
to select never- and ever-smokers respectively for screening. Despite the increasing lung cancer incidence
among never-smokers, only a small proportion of studies (15%)28°280.83.93.9498.100g¢ratified participants based
on smoking status, with only two Asian studies?”*® focused on developing a model exclusively among never-
smokers, highlighting a significant gap in prediction models for this population.

Among the included studies, 29 (23 Western studies and 6 Asian studies) developed models using traditional
risk factors!25253,55,58,61,64-67,69,71-73,75-78,80,82,85,86,91-93.9598,100101 wwhile 25 (19 Western studies and 6 Asian
studies) incorporated both traditional risk factors and biomarkers such as genetic biomarkers (i.e., single
nucleotide polymorphisms (SNPs)), protein biomarkers (i.e., carcinoembryonic antigen (CEA)), imaging
biomarkers (i.e., CT scan) or serum-based inflammation markers (i.e., high-sensitivity C-reactive protein (hs
CRP))27/28:5456.57.59,60,62,63,68,70.7479,81.8384:87-90.94.9697.99.102 _ Qupplementary Figures SIA and S1B presents the
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distribution of traditional risk factors incorporated in Western and Asian prediction models. Across both
settings, the top three risk factors consistently included are age, sex, and family cancer history. Based on the Venn
diagram (Fig. 2), 22 overlapping risk factors were identified. However, there are still notable differences in the risk
factors incorporated within each population. For instance, Asian models incorporate unique risk factors such as
dietary habits®? and exposure to radon and carcinogens®?, which are particularly relevant in the Asian context
due to cultural and environmental differences that influence cancer risk. Conversely, Western models include
specific risk factors such as hay fever®®7177:80889193,101 ' dajly cough®?72%, and nicotine dependency®>%, which
reflect different comorbidities profiles, lifestyle exposures that are more prevalent or differently characterized in
Western populations. Additionally, clinical risk factors and biomarkers including forced expiratory volume in
one second as a percentage of the predicted value (FEV1%), CEA, CRP, and the rs2736100 SNP, were consistently
incorporated across both Asian and Western prediction models (Supplementary Tables S4 and S5). Among
models that integrated both traditional risk factors and biomarkers; six Western studies®*¢36>68:94102 and two
Asian studies®*®” directly compared their biomarker-based models with those incorporating only traditional risk
factors, demonstrating better discrimination. For instance, Tammemagi et al. (2011)% reported the incremental
value of pulmonary function and sputum DNA image cytometry in lung cancer risk prediction (AUC=0.773;
95% CI: 0.732—-0.815) compared to base PLCO model (AUC=0.718; 95% CI: 0.671-0.765). Thomas et al.
(2020)% also reported that the inclusion of either serum or urinary cotinine, in addition to the number of
cigarettes per day and years of smoking in the epidemiological model (AUC=0.68; 95% CI: 0.64-0.71), resulted
in a significant increase in the AUC by 0.04 (95% CI: 0.02-0.06, p =0.001). Similarly, Li et al. (2022)>* observed
that compared to the logistic regression model predicted solely with epidemiological risk factors (age, gender,
smoking intensity, smoking duration, family history), the addition of SNPs increased the AUC by 0.039 to 0.742
(p<0.001). The comprehensive list of specific biomarkers and SNPs incorporated in both Asian and Western risk
prediction models is provided in Supplementary Table S4 and Table S5, respectively.

Among studies that developed a new prediction model (1 =49), the majority were developed using statistical
approaches such as multivariable logistic regression (n =23)!227:5%545569-71,74,76,81,84-86,88-90,92,93,96,99,101,102 anq
Cox proportional hazards regression (n = 17)28:53:55:5859606164656673.75.78,86.90.94.98 The remaining studies developed
their models using parametric survival regression with Weibull distributions (n=2)%1%, flexible parametric
survival analysis (n =1)%°, and machine-learning approaches such as artificial neural network (ANN) (n =1)"2,
convolutional neural network (CNN) (n =3)°77 and extreme gradient boosting (XGBoost) (n=4)3%626779,
Among Western countries, the AUCs of the models developed using statistical approaches ranged from 0.601
to 0.920, while those developed using machine-learning approaches showed an AUC ranging from 0.704 to
0.881. Conversely, among Asian countries, the AUCs of the models developed using statistical approaches
ranged from 0.639 to 0.867, while those developed using machine-learning approaches ranged from 0.680 to
0.759. Among models developed using machine-learning algorithms (n=10) (8/42; 19.0% in Western studies
and 2/12; 16.7% in Asian studies), only one Asian study®* directly compared and demonstrating significant
improvements using XGBoost in their full model (AUC=0.759; 95% CI: 0.737-0.782) compared to logistic
regression model (AUC=0.742; 95% CI: 0.718-0.765) (p <0.001). Overall, there has been little consistency in
how lung cancer models have been reported thus far. While calibration measures including H-L goodness-of-fit
and Brier scores were not consistently reported in the included studies, those that were tested exhibited relatively
good individual predictions. Conversely, AUC and C-statistic have been the most reported metrics to determine
model discrimination.

Synthesis of results

Eligible studies were combined to obtain an overall pooled AUC/C-statistic estimates. Recognizing that it may
not be appropriate to combine estimates from all included studies due to heterogeneity in study design and model
risk factors, meta-analysis was performed only on the same prediction models that have undergone numerous
external validations. Figure 3 shows the forest plot for AUC/C-statistic of the eight models (Table 1), with
PLCO,,,,, showing the best overall performance (AUC=0.748; p <0.001) when validated in external cohorts. A
full description of the heterogeneity and mixed-effects model estimates can be found in Supplementary Table S6.

Risk of bias and applicability

Using PROBAST, Fig. 4 summarises the ROB and applicability for each domain and the overall judgment for
each study. Among the 54 included studies, 21 were graded as low ROB, 26 were graded as unclear ROB, and 7
were graded as high ROB. High ROB was mainly observed in the analysis domain, where 10% of the studies did
not account for optimism in model performance (e.g., bootstrap and cross-validation) and data complexities
(e.g., censoring and competing risks). Unclear ROB was mainly due to incomplete statistical analysis information
regarding missing data handling. Among included studies, most were deemed to have a low level of concern
(n=47) regarding model applicability, while a handful (n=7) were rated as having an unclear concern. A full
description of the ROB and applicability assessment for each study can be found in Supplementary Table S7.

Publication bias

Egger’s test (Fig. 5) showed no statistically significant evidence of funnel plot asymmetry (p>0.05) among the
studies included in the meta-analysis. The trim-and-fill method was applied to studies with indications of funnel
plot asymmetry, despite being statistically insignificant. After adjustment, the LLPi and Pittsburgh models had
higher p-values for asymmetry of 0.869, and 0.845, respectively (Supplementary Figure S2), indicating a lower
likelihood of publication bias for these models. The adjusted pooled estimates for these models are presented in
Supplementary Table S6, and the overall conclusions remain consistent after adjustment.
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Discussion

This is the first extensive systematic review evaluating the performance of lung cancer prediction models in both
Western and Asian contexts, stratified by target population, study design, validation type, model development
approaches, and model risk factors. Our review included 54 studies containing models for lung cancer risk
prediction, of which 42 were from Western countries and 12 from Asian countries. In this review, we highlight
that the majority of models predominantly examine lung cancer risk in Western populations, with models
such as PLCO,,,,, gaining global recognition and acceptance in clinical practice. The PLCO,,;, model was
developed as an update to its predecessor (PLCO,,,,,)** by addressing limitations and enhancing usability. The
original PLCO,, ,, model, which used more complex modeling techniques such as restricted cubic splines, was
considered cumbersome and did not incorporate certain relevant predictors. In contrast, the PLCO,,,,, model
simplified the approach using multivariable fractional polynomials for more straightforward risk calculation,
while introducing additional predictors such as race/ethnicity and personal cancer history, and excluding the
chest radiography predictor. Furthermore, while the original model based risk estimates on a 9.2-year median
follow-up, PLCO, ,,, truncated follow-up to 6 years for more accurate NLST comparisons. Our meta-analysis
revealed that among the eight models that underwent extensive external validations, PLCO,,,,, demonstrated
the best overall predictive discrimination when validated in external cohorts (Fig. 2). This finding is consistent
with previous research by Gray et al. (2016)*> and Tammemigi et al. (2022)'%%, who reported that PLCO,,,,,
may be more efficient than the USPSTF2013 criteria for selecting high-risk individuals for lung cancer screening
programs. The robustness of PLCO, ,,,, also aligns with findings by Weber et al. (2017)%, who found that the
model outperformed the categorical and dichotomized NLST criteria in identifying high-risk individuals aged
55-74 years. However, PLCO,, ,'* is limited in its applicability, as it was developed exclusively in a cohort of
ever-smokers in the US and may not be generalizable to never-smokers or Asian populations due to potential
differences in baseline lung cancer risk, ethnic, and genetic variations!?*-1%. Therefore, to enhance applicability to
never-smokers, the PLCO_,,, ,model® was developed as an extension of the PLCO, ,,, model'?, incorporating
both never- and ever-smokers from the PLCO control arm and validated in the PLCO intervention arm. This
model demonstrated high discrimination (AUC=0.848) and robust calibration for risk thresholds below 0.10.
However, compared to PLCO, 0,2 the PLCO, ;5014 model exhibited an overestimation of risks above 0.15.
Furthermore, Cox recalibration analysis revealed that both the PLCO,,,, and PLCO,,,,, models slightly
overestimated the intercepts and original model logits (log odds) when assessed using the PLCO intervention
arm data, suggesting that further adjustments may be needed to enhance model accuracy and better align with
observed data, including their applicability to non-Western populations.

Ultimately, when deploying Western models within Asian populations, it is crucial to consider other well-
established and prevalent risk factors (e.g., environmental tobacco smoke, asbestos exposure in certain Asian
regions, and genetic factors associated with EGFR mutations)!'?” to enhance the applicability and relevance of the
model within Asian populations. Currently, it is challenging to directly compare the discriminatory performance
between regions, as models are often validated in different populations with varying baseline risks and or follow-
up times. To conclusively determine the impact of ethnic and genetic differences on the model’s predictive
performance in Asian and non-Asian populations, further studies directly evaluating predictive performance in
both populations are necessary.

Target population

Given the well-established association between smoking and lung cancer'%1%, the majority of the Western
models in our study were developed among ever-smokers. Our review reveals a significant gap in research on
risk prediction models for never-smokers, as only a small proportion of studies (15%)28-52-80:83:93:94.98,100 gtratified
participants based on smoking status, and only two Asian studies?”*® focused on developing a model exclusively
among never-smokers. However, the rise in lung cancer incidence among never-smokers, particularly in Asian
countries’™ underscores the critical need to develop a personalized prediction model tailored specifically to
this subgroup. Considering that traditional risk factors may not fully explain the risk among never-smokers,
there has been a paradigm shift in research focus toward understanding lung cancer etiology and potential risk
factors among never-smokers. For instance, studies have shown that environmental factors such as increased
exposure to second-hand tobacco smoke and environmental pollutants (i.e., air pollution and carcinogens in the
workplace or household) could further increase the risk of developing lung cancer at a younger age*!1°. Other
contributing risk factors, including genetic predisposition and the presence of driver gene mutations, also play
a role in the increasing lung cancer incidence among female never-smokers, particularly in Asian populations.
A research study conducted in China examined these mutations in never-smoking Chinese females diagnosed
with lung adenocarcinoma and the findings revealed a high mutation rate of 76% for the EGFR gene''l. Sun
et al.'2 and Ren et al.!'? reported comparable rates of genetic changes, with EGFR mutations detected in 79%
and 70% of cases, respectively, among never-smoking Chinese women. These findings indicate that oncogenic
mutations, particularly involving EGFR, predominantly drive lung cancer development in this subgroup.
Therefore, understanding the interplay between genetic susceptibility and environmental factors holds promise
in informing the development of a refined prediction model tailored to accurately assess lung cancer risk among
Asian never-smoking populations.

Study design and validation type

The majority of the models developed among Western and Asian countries were developed using cohort
studies (64%; 27/42) and case-control studies (58%; 7/12), respectively. In current practice, cohort!!* and
case-control!'*designs are predominantly used for model development using data from healthcare databases
or registries. Alternative study designs include nested case-control''® and case-cohort!!” studies. Theoretically,
case-control designs are generally less desirable for developing prediction models for several reasons. Firstly,
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the design may not be well-suited to estimate the absolute risks of outcomes, which is often a key goal of
risk prediction modelling!!8. Secondly, the design is highly susceptible to temporal bias affecting the model’s
ability to predict future events and often leads to miscalibrated predictions!!®. However, in cases where a case-
control design is deemed necessary, it is crucial to construct the design with great care. To ensure a fair model
evaluation, it is imperative that researchers recalibrate and prospectively validate the model using a cohort
design to mitigate potential limitations inherent in case-control designs'?’. A major concern is that prediction
models derived from case-control studies lack longitudinal risk or time-to-event data, which hampers the
assessment of their robustness and reliability across different timeframes. Conversely, for models developed
using prospective cohorts, comparing discriminatory performance can also be challenging due to differences in
follow-up durations. Consequently, we recommend that future research utilize time-dependent metrics'?!, such
as AUCs or hazard ratios, and conduct temporal validation'?? to provide a more nuanced assessment of model
performance and robustness across different timeframes.

In addition, although the Asian risk models in our study have shown promising results, the majority (75.0%)
of the Asian studies lack external validation. One potential reason is that many Asian-developed models are
relatively new compared to Western models like the Bach model (2003)1°, Spitz model (2007)°%, and LLP model
(2008)!!. Consequently, these newer models may have focused more on internal validation within their own
populations or healthcare settings before pursuing external validation. Furthermore, Asian models are often
tailored to the specific epidemiological and genetic characteristics of their local populations, resulting in less
emphasis on validation in non-Asian populations where risk factors and disease profiles differ. However, this is
concerning as internally validated models are highly dependent on the original study sample and may not address
selection bias with missing data'?*. Model performance is likely to be overestimated in the absence of additional
internal validation methods like cross-validation'?*12> and bootstrapping!2%!?7. Conversely, external validation
aims to evaluate a model’s generalizability in new populations'?® to prevent overestimated performance due
to chance or data snooping. Consequently, prediction models typically exhibit worse discrimination, which is
closer to their true discriminatory ability when applied in clinical practice!?®!?°. Therefore, while internally
validated prediction models generally perform better during development phases, current Asian models and
future model development studies, should prioritize external validation (gold standard) to better assess the
model’s generalizability in other populations!'?%1%°,

Model development approaches

Machine learning has emerged as a pivotal tool for healthcare providers and clinicians in the early screening,
prediction, and/or prognosis of various diseases!*!~133. While skepticism persists concerning the practical
implementation and interpretation of findings derived from machine learning in healthcare settings, the adoption
of these methods is rapidly growing. In our review, the predominant approach in model development involved
traditional statistical methods, notably regression analyses. Conversely, machine-learning algorithms were
employed in eight models originating from Western studies and two models from Asian contexts. In our study,
Lu et al. (2020)*” developed and validated a deep-learning model that uses chest radiographs to identify high-
risk PLCO smokers for lung cancer screening. By applying advanced deep learning algorithms to radiographic
images and integrating these findings with patient data, the model refines risk prediction and improves
screening efficiency by offering an additional layer of risk assessment and supporting more targeted and effective
interventions for high-risk smokers. In addition, based on a systematic review and meta-analysis conducted
by Kanan et al. (2024)!**, Al-driven models, including convolutional neural networks (CNNs), support vector
machines (SVMs), and ensemble methods, have significantly advanced lung cancer diagnosis and prognosis.
These models analyze imaging data, pathology slides, and patient demographics, demonstrating promising
results in improving diagnostic accuracy by identifying malignancies with high sensitivity and specificity, often
outperforming traditional diagnostic methods'*!. However, despite the relatively high predictive discrimination
of machine-learning models assessed in our review, the dependency on large amounts of data, sophisticated
imaging equipment, research funding, and ethical issues for model development makes it challenging to adopt
these models in primary healthcare settings'>>. Moreover, identifying the specific variables utilized in developing
the machine learning prediction models is challenging, which could potentially limit the quality and authenticity
of these models. Current literature also suggests the importance of prioritizing the development of machine
learning-based models using decentralized and non-parametric data'3®, which directly process raw data, thereby
reducing heterogeneity and data distribution assumptions compared to traditional methods®”.

Risk factors included in the model

The impetus for biomarker research has grown considerably after the NLST trial demonstrated a significant
reduction in lung cancer mortality risks through LDCT screening!®’. Subsequently, numerous prediction studies
have incorporated genetic and serum-based inflammation markers associated with lung cancer. Among Western
studies in our review, Tammemagi et al. (2011)% reported the incremental value of pulmonary function and
sputum DNA image cytometry in lung cancer risk prediction, while Li et al. (2022)> found that adding SNPs
to the epidemiologic-based logistic regression significantly improved the model’s predictive performance in a
Chinese population. In our study, it is noteworthy that clinical risk factors, including FEV1% and biomarkers such
as CEA, CRP, and the rs2736100 SNP, were consistently incorporated across both Asian and Western prediction
models. This consistent inclusion underscores the critical importance and utility of FEV1% in evaluating
respiratory health and its strong predictive value for lung cancer across diverse populations'*®. Reduced FEV1%
levels have been strongly associated with an increased lung cancer risk, particularly in smokers, as impaired
lung function may reflect pathological processes that predispose individuals to malignancy. Conversely, CEA
and CRP are widely recognized biomarkers associated with tumor activity and chronic inflammation and have
been consistently linked to different cancer types. Elevated levels of CRP'3-14! and CEA!42-1#* are frequently
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Fig. 2. Venn Diagram illustrating the distribution and overlap of traditional risk factors in Western and Asian
risk prediction models.

observed and have been associated with poor prognosis among lung cancer patients, highlighting their potential
utility in enhancing early detection and monitoring of the disease. The widespread use of FEV1%, CEA, and
CRP highlights their reliability as a standardized measure, making it a key component in risk assessments
across different demographic or geographic contexts. Additionally, rs2736100, located in the telomerase reverse
transcriptase (TERT) gene, has been extensively studied and is strongly associated with an increased risk of lung
cancer due to its role in regulating telomere length!4>146, Despite its inclusion across diverse prediction models,
studies have shown that individuals of Asian descent have a higher prevalence of the C allele of TERT rs2736100
compared to Caucasians'*” and this allele is particularly associated with an increased risk of lung adenocarcinoma
in never-smoking Asian women, with effect sizes significantly larger than those reported in European smokers!*3.
Consequently, while rs2736100 shows a strong association with lung cancer in certain Asian populations, the
significance and reliability of this genetic marker for risk assessments in different geographical regions remain a
topic of ongoing debate. Variations in allele frequency, genetic background, and environmental exposures across
populations suggest that further research is needed to fully understand the role of rs2736100 in lung cancer
risk globally!*®. Furthermore, while studies included in our review consistently showed improved predictive
power with the addition of biomarkers, the diversity of included biomarkers may pose a challenge when directly
comparing model performance across populations with diverse sociocultural contexts. The relatively smaller
sample sizes in Asian studies with biomarkers may lead to underpowered analyses, and caution is warranted
when drawing conclusions about the relative performance of biomarker-based models in Asian populations.

Ultimately, the integration of biomarkers into predictive models presents a promising avenue for enhancing
the accuracy of lung cancer risk prediction and improving patient outcomes. Future research could refine risk
estimates by using a joint-effects approach to model multiple diagnostic criteria markers. This approach aims
to identify well-poised biomarkers to predict lung cancer risk within specific populations'*”-1>°. Nevertheless, it
is essential to acknowledge the uncertainty regarding the applicability of employing models that integrate both
clinical and biomarker data to the general population. This uncertainty arises from the fact that utilizing clinical
and molecular information for risk assessment necessitates physical examination and sample collection, thereby
introducing complexity into the decision-making process. Future studies could investigate the clinical utility
and cost-effectiveness of biomarker-based models across both Western and Asian settings to validate the use of
biomarkers in prediction models to facilitate population-based lung cancer screening.

Patient-centered outcomes and implementation feasibility

When evaluating lung cancer risk prediction models, it is critical to address patient-centered outcomes
and the practical feasibility of implementing these models across diverse healthcare settings. For instance,
while models such as PLCO,,,,,'* and LCRAT®! have shown high predictive accuracy—particularly with
PLCO,,,,,outperforming NLST criteria in selecting high-risk individuals for lung cancer screening®—their
real-world effectiveness relies heavily on patient engagement and adherence to screening protocols'®!. In
resource-limited settings, the feasibility of widespread lung cancer screening programs is often hindered by
restricted access to LDCT due to its high cost, limited availability, and the requirement for trained personnel
to perform and interpret scans!%”!2. Additionally, the lack of comprehensive patient education presents a
significant challenge, as individuals may not fully understand the importance of screening, the risks associated
with smoking, or the benefits of early detection'>>. Lower health literacy, cultural barriers, and distrust in
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Fig. 3. Forest plots of AUC/C-statistic of eight lung cancer risk prediction models that have undergone
numerous validation in external cohorts.

healthcare systems can further impede patient engagement, leading to lower participation in screening and
reduced adherence to follow-up care!®”154-156 These factors ultimately diminish the effectiveness of lung
cancer risk prediction models in preventing and detecting the disease early in diverse healthcare settings. Also,
most Asian models are developed based on the specific epidemiological and genetic characteristics of their
local populations?”->*86, While these models are effective within their contexts, their applicability in non-Asian
settings may be limited due to differences in disease risk profiles, prevalence of risk factors, and healthcare

Scientific Reports |

(2025) 15:4259 | https://doi.org/10.1038/s41598-024-83875-6 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1. Participants

Risk of Bias

3. Outcome

4. Analysis

2. Predictors

3. Outcome

2. Predictors .

Low

l M High

- Unclear

Overall -

1. Participants

Overall

0 25 50 75 100
Proportion of studies (%)
Applicability
Low
M High
Unclear
0 25 50 75 100

Proportion of studies (%)

Fig. 4. Bar charts showing the risk of bias and applicability ratings for each domain and the overall judgment,
for the 54 included studies. “Overall” indicates the overall risk of bias; “participants” indicates bias introduced
by participants or data sources; “predictors” indicates bias introduced by predictors or their assessment;
“outcome” indicates bias introduced by outcomes or their assessment; “analysis” indicates bias introduced by
the analysis. Values in the bars are proportion (%).

practices, which can affect the model’s predictive accuracy and relevance in diverse healthcare settings. By
incorporating patient-centered outcomes—such as satisfaction with risk communication and willingness to
participate in screening!**—into the evaluation process, we can more accurately assess the broader clinical
applicability and true impact of these models in enhancing lung cancer prevention and early detection efforts
globally. Furthermore, when assessing lung cancer prediction models, it is important to distinguish between pre-
test risk models and those that incorporate post-screening data. Pre-test models use demographic and clinical
data to identify high-risk individuals before screening, while post-screening models incorporate CT findings
to enhance predictive accuracy through real-time tumor characteristics, focusing on ongoing risk assessment
and changes in risk status over time. Together, these complementary approaches can enhance clinical decision-
making for both early detection and longitudinal patient care in lung cancer management.

Strengths and limitations

For our review, we strictly adhered to the guidelines for conducting systematic reviews and meta-analyses and
used stringent eligibility criteria and quality assessment tools to assess included studies. However, our study
must be viewed in consideration of several limitations. Firstly, due to the heterogeneity between studies in terms
of study population, model development, and variable selection approaches, we were only able to meta-analyze
the predictive performance of the same model across multiple external cohorts. In our analysis, we observed
that adjusting for between-study heterogeneity led to slightly wider confidence intervals, reflecting the natural
variability among studies and a modest increase in uncertainty in the pooled estimates. However, the overall
conclusions remain robust, and this adjustment enhances the reliability of our findings for broader population
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Fig. 5. Funnel plot of studies included in meta-analysis. Each plotted point represents the standard error

and AUC/C-statistic estimates of (A) Bach, (B) Spitz, (C) LLP, (D) LLPj, (E) PLCO,,,, (F) Pittsburgh, (G)
Hoggart, and (H) LCRAT models. The white triangle represents the region where 95% of the data points would
lie in the absence of publication bias. The vertical line represents the average AUC/C-statistic of each model.

applicability. Secondly, as a handful of studies in our analysis showed high ROB due to the absence of optimism
consideration in model performance and data complexities, their reported study findings should be interpreted
with caution. Thirdly, our review focuses on incidence-based models and does not include mortality-based
models, which, while offering valuable insights, fall outside the scope of our current work.

Future work

To inform future guidelines for the selection of high-risk individuals for lung cancer screening across diverse
sociocultural contexts, it is crucial that future studies focus on validating multiple prediction models using
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the same datasets for direct comparisons'®” and rigorously test these models in large populations with diverse
ages and ethnicities'*®. Additionally, it is crucial to carefully assess the implications of employing different
study designs, variable selection approaches, and modelling techniques in developing prediction models, as
these choices may greatly influence model performance and generalizability across diverse settings. While
less frequently reported, performance metrics such as Net Reclassification Improvement (NRI) and Decision
Curve Analysis (DCA) provide valuable insights into the clinical utility of prediction models. NRI quantifies
the model’s improvement in risk classification over existing models'*®, while DCA assesses net benefits across
threshold probabilities, balancing false positives and negatives to inform clinical decisions'®. Including these
metrics enhances the evaluations completeness and highlights their practical implications for lung cancer
management and outcomes. Future research should also prioritize identifying effective combinations of
biomarkers and clinical risk factors, tailored to unique population characteristics, to accurately predict lung
cancer risk. For instance, future prediction models could explore integrating results from emerging non-invasive
technologies like circulating tumor DNA (ctDNA)!¢162 which was approved in 2015 by the U.S. Food and Drug
Administration!®, to detect EGFR mutations in the bloodstream, particularly in Asian populations. This enables
early identification of precancerous genetic alterations or mutations associated with lung cancer, potentially
enhancing the accuracy of risk predictions before clinical symptoms or tumor imaging are evident. Lastly, it
is crucial to regularly update and recalibrate prediction models to maintain their accuracy and relevance!s*.
Initially developed using specific datasets, models must adapt to evolving demographics, healthcare practices,
and sociocultural behaviours such as rising lung cancer rates among never-smokers in Asia and advancements
in screening technologies like LDCT. Updating involves re-estimating parameters with recent data to reflect
current population characteristics and risk factor distributions'?, while recalibration incorporates new risk
factors or biomarkers, enhancing the model’s predictive performance and clinical utility'®®. Regular updates
ensure models remain accurate and relevant for current risk assessments and targeted interventions.

Conclusion

Despite the significant proportion of lung cancer cases observed among never-smokers, particularly in Asian
settings, our review reveals a significant gap in prediction models for this population. Future research should
focus on externally validating existing Asian models or adapting widely used Western models, such as PLCO, ., »»
to incorporate pertinent Asian risk factors (e.g., asbestos exposure, and genetic factors associated with EGFR
mutations) to optimize risk-based screening for this population. Ultimately, given the unique sociocultural
contexts in Western and Asian countries, it is crucial to meticulously develop prediction models that account for
the distinct risk profiles and lung cancer progression patterns of the target populations.

Data availability
The datasets generated and analyzed during the current study are derived from published studies and are availa-
ble in the public domain. Detailed references for each included study are provided in the manuscript.
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