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Multi-cohort analysis identifies a blood-
based immune transcriptomic signature
for early lung cancer detection
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Hong Zheng1,2, Aditya M. Rao1, Ananthakrishnan Ganesan1,2, Hyongsok Tom Soh3,4, Bruce AJ Ponder5,6,
Robert C. Rintoul5,6,7,8,9 & Purvesh Khatri1,2,9

Early diagnosis of lung cancer is critical for timely intervention and reducing mortality. The immune
system and cancer are intricately linked, which provides a unique opportunity to monitor changes in
the immune system as a biomarker of cancer development. We collected bulk blood transcriptome
from 432 lung cancer cases, 8154 healthy controls, and 14,187 samples with other diseases from 241
datasets for discovery.Wealsoobtained aprospectively enrolled cohort of 371 subjects (172with lung
cancer) and 454 subjects from the Framingham Heart Study (42 with lung cancer) for validation.
Furthermore, we integrated single-cell RNA sequencing profiles of 1,022,063 cells from 260 blood,
lymph node, or lung tissue samples from lung cancer patients and other samples across 15 datasets.
We performed a multi-cohort blood transcriptome meta-analysis and identified 6 genes consistently
differentially expressed between lung cancer and other samples. Using the 6-gene signature, we
defined a lung cancer score that was primarily derived frommyeloid cells and was consistently higher
in tumor-associatedmacrophages and fibroblasts than their normal counterparts. In the prospectively
enrolled cohort, the diagnostic classifier using the lung cancer score had an AUROCof 0.822 (95%CI:
0.78–0.864) for distinguishingpatientswith lung cancer fromcontrol or benign samples. Theclassifiers
could also potentially reduce the need for additional testing in 37% of patients with benign lung
conditions at 90%sensitivity. Importantly, the lung cancer scorewasalso significantly associatedwith
an elevated risk of future lung cancer diagnosis in the Framingham cohort study. Together, we
identified a robust blood-based immune gene signature for early detection of lung cancer, which has
potential for further clinical development to aid early cancer detection and diagnosis.

Lung cancer is the leading cause of cancer-related deaths worldwide,
accounting for approximately 1.8 million deaths in 20201. The majority of
lung cancer cases are diagnosed at later stages (III or IV), and an estimated
57% of lung cancer patients are diagnosed with metastatic disease2. This
delayed diagnosis leads to limited treatment options and portends a poor
prognosis. The five-year survival rate for early-stage localized lung cancer is
more than 59%, while for metastatic lung cancer it is less than 10%2.
Therefore, there is an urgent need to detect lung cancer at early stages to
improve the chances of successful treatment and the survival rate.

Low-dose computed tomography (LDCT) is currently the recom-
mended screening test for lung cancer. LDCT screening has been shown to
reduce lung-cancermortality by up to 26%3,4. In theUS, LDCT screening for
lung cancer is recommended only for high-risk adults aged 50 to 80 years,
who have a 20 pack-year smoking history and currently smoke or have quit
within the past 15 years5.However, LDCT is not readily available around the
world, even in the member countries that are part of the Organization for
Economic Co-operation and Development (OECD), with a median of 22
machines per 1,000,000 inhabitants across 37 countries in 20206. In low- and

1Institute for Immunity, Transplantation and Infection, School of Medicine, Stanford University, Stanford, CA, 94305, USA. 2Center for Biomedical Informatics
Research, School of Medicine, Stanford University, Stanford, CA, 94305, USA. 3Department of Electrical Engineering, Stanford University, Stanford, CA, 94305,
USA. 4Department of Radiology, Stanford University, Stanford, CA, 94305, USA. 5Cancer Research UK, Cambridge Institute, Cambridge, UK. 6Department of
Oncology, University of Cambridge, Cambridge, UK. 7Royal Papworth Hospital, Cambridge, UK. 8Thoracic Cancer
Programme, Cancer Research UKCambridge Centre, Cambridge, UK. 9These authors contributed equally: Robert C.
Rintoul, Purvesh Khatri. e-mail: pkhatri@stanford.edu

npj Precision Oncology |           (2025) 9:246 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01043-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01043-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01043-z&domain=pdf
mailto:pkhatri@stanford.edu
www.nature.com/npjprecisiononcology


middle-income countries, multiple hurdles, including lack of transporta-
tion, long travel distances, poor road conditions, physician unawareness,
and social disparities, limit access to screening7. Even within the US, there
are pronounced disparities between rural and urban areas regarding access
to LDCT screening facilities. Less thanhalf of rural residents have access to a
designated LDCT screening center within 30 miles8. Another barrier to
LDCT screening is cost. Among eligible individuals, the rate of LDCT
screening is noticeably lower for uninsured individuals than for people with
health insurance9. Other concerns for LDCT include false positives and
incidental findings, which lead to further unnecessary testing and increased
costs, cumulative radiation exposure, and overdiagnosis10,11.

Given the limitations of LDCT, several blood-based biomarkers have
been proposed to aid early detection of lung cancer. Most of these tests aim
todetect signal from tumor-derivedDNAfragments circulating in the blood
(ctDNA), alongside other cell-free DNA (cfDNA) from various sources.
Multiple cfDNA-based tests have been developed in recent years. The
cfDNA features used in these tests include whole-genome methylation
patterns, small somatic variants, somatic copy number alterations, allelic
imbalance, and fragmentomes (cfDNA fragmentation profiles such as
fragment lengths and endpoints)12,13. The Circulating Cell-free Genome
Atlas (CCGA, NCT02889978) study from GRAIL evaluated all the cfDNA
features for detecting multiple cancers and showed that whole-genome
methylation features provided the best performance for cancer signal
detection, with 34% sensitivity at 98% specificity for cancer of all stages12.
However, these approaches rely on the presence of abnormal signals from
tumor cells, whichmay be too faint to be detected in the blood, especially for
early-stage cancer. In the CCGA study, the sensitivity for detecting stage I
and II cancer dropped below 10% and 20%, respectively, at 98% specificity.
Hence, even newer state-of-the-art approaches are unable to detect the
majority of early-stage cancers12. Anotherdisadvantage of the cfDNA-based
test is the considerable amount of blood required. The GRAIL study
required 20ml of blood to get themethylation features usingwhole-genome
bisulfite sequencing12. Moreover, it takes significant sequencing depth and
breadth to characterize these cfDNAfeatures, leading to a considerably high
cost. Together, although cfDNA-based tests are promising, there is an
unmet need for orthogonal methods to improve accuracy, especially for
early stages of cancer.

Immune system and cancer are intricately linked to each other, where
immune evasion is one of the hallmarks of cancer14 and provides a unique
opportunity to monitor changes in the immune system as a biomarker of
cancer development. These changes in blood transcriptome profiles are
more feasible and cost-effective to profile with as little as 1 ng RNA input15.
Several studies have reported blood-based gene expression signatures for
lung cancer detection16–18; however, they are mostly homogeneous single-
center studies,which are subject to study-specificpopulational and technical
biases. Their findings often lack the broader generalizability required for
application in real-world populations displaying biological, clinical, and
technical heterogeneity. Consequently, none of these gene signatures has
translated into a clinical test as yet.

In contrast, we have repeatedly shown that using multiple hetero-
geneous datasets can identify diagnostic or prognostic gene signatures for
a broad range of diseases, including tuberculosis, sepsis, systemic lupus
erythematosus, dengue, and a broad spectrum of bacterial and viral
infections19–25. We hypothesized that by utilizing multicohort gene
expression meta-analysis and leveraging the biological, clinical, and
technical heterogeneity in multiple datasets, we can identify a robust
immune response gene signature for lung cancer diagnosis that can serve
as both biomarkers and therapeutic targets. We collected blood tran-
scriptomic profiles of 22,773 samples from 241 datasets across 39
countries and identified 6 lung cancer diagnostic genes, from which we
defined a lung cancer score. Next, by integrating single-cell RNA
sequencing profiles of 1,022,063 cells from 260 samples across 15 data-
sets, we showed that the lung cancer score was predominantly derived
from myeloid cells and was consistently higher in tumor-associated
macrophages and fibroblasts than their normal counterparts. Next, we

validated the performance of the lung cancer score for identifying
patients with lung cancer in a prospectively enrolled cohort from the UK.
Lastly, in the Framingham cohort study, we found that the lung cancer
score was also associated with an elevated future risk for lung cancer.

Results
Identification of lung cancer diagnostic genes in discovery
cohorts
We searched the National Center for Biotechnology Information (NCBI)
Gene Expression Omnibus (GEO) and European Bioinformatics Institute
(EBI) ArrayExpress for blood transcriptome datasets frompeople with lung
cancer or other cancers, non-cancer lung diseases, and healthy controls.We
collected blood transcriptomic profiles of 22,773 samples, including 432
lung cancer cases (from 5 datasets), 8154 healthy controls, and
14,187 samples with other diseases (tuberculosis, pneumonia, chronic
obstructive pulmonary disease (COPD), asthma, lupus, multiple sclerosis,
coronary artery disease, neurodegenerative diseases, viral or bacterial
infections, etc.) from 241 datasets across 39 countries (Fig. 1 and Supple-
mentary Data 1). These datasets included diverse geographical, biological,
clinical, and technical heterogeneity observed in real-world populations.
Furthermore, the lung cancer cases included in the analysis represent a
mixture of different histologies and stages (Table 1).

One major limitation of traditional meta-analysis approaches is that
they require all relevant disease groups to be present in every dataset, since
statistical comparisons between groups are calculated within each dataset.
To expand our efforts and to be able to compare diseases more broadly, we
adapted our recently described statistical analysis framework MANATEE
(Multicohort ANalysis of AggregaTed gEne Expression)25,26, to allow us to
perform comparisons between any and all disease groups that are present in
the co-normalized data. We refer to the adapted framework as Multigroup
MANATEE (Supplementary Fig. 1, Methods). Briefly, we co-normalized
and compiled 13 discovery partitions using the datasets from public repo-
sitories such that each partition contained both samples from patients with
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Fig. 1 | Datasets andworkflow overview.Top panel shows the identification of lung
cancer diagnostic genes in the GEO discovery cohorts. Bottom panel shows the
datasets used for validation and interpretation, including the prospectively enrolled
cohort from the UK, the Framingham cohort study, and single-cell RNAseq datasets
from blood and tissues.
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lung cancer and other samples. Statistics for differentially expressed genes
(DEG) between lung cancer samples and other samples were calculated in
each of the 13 datasets. We then performed forward search wherein we
continuously added which ever gene resulted in the largest increase in
average AUROC (area under the receiver operating curve) across all 13
datasets and identified a set of 45 genes that were differentially expressed
between lung cancer andall other samples (Fig. 1 andSupplementaryFig. 1).
In our experience, we have repeatedly observed that genes with higher effect
sizes are more easily translated to clinical assays because genes with higher
effect sizes can overcome the technical noise more easily than those with
lower effect sizes. Therefore, we selected 6 genes (5 over-expressed, 1 under-
expressed) with an absolute effect size ≥ 0.5 in at least 7 datasets
(Figs. 1 and 2A). We defined a lung cancer score as the difference between
the geometricmeans of over-expressed genes and under-expressed genes, as
we have done previously22,25. The lung cancer score could distinguish
patients with lung cancer from other samples with an AUROC of 0.862
(95% CI: 0.575–1) in the discovery datasets (Fig. 2B).

Lung cancer score was primarily derived frommyeloid cells and
was consistently higher in tumor-associated macrophages and
fibroblasts
Next, we analyzed single-cell RNA-seq (scRNA-seq) data to identify
immune cell types that expressed the six genes andwhether these geneswere
also differentially expressed in the cells in the tumormicroenvironment.We
collected and curated 15 scRNA-seq datasets consisting of 1,022,063 cells
from 260 samples, which included 6 blood samples from lung cancer
patients (blood, lung cancer), 73 normal lung tissue from lung cancer
patients (lung (normal), lung cancer), 116 malignant lung tissue from lung
cancer patients (lung (tumor), lung cancer), 10 normal lymph node tissue
from early-stage lung cancer patients (LN (normal), lung cancer), 7 lymph
node tissue with metastatic malignant cells from late-stage-lung cancer
patients (LN (tumor), lung cancer), and 38 blood samples from healthy
controls or patients with viral infections (blood, control) (Fig. 3A and
Supplementary Table 1).

After integrating the 15 scRNA-seqdatasets,we identified 20major cell
types, including epithelial cells, stromal cells (fibroblasts and endothelial
cells), and immune cells (monocytes, neutrophils, mast cells, dendritic cells,
platelets, NK cells, T andB cells) (Fig. 3B–D).We computed the 6-gene lung
cancer score for each cell. The lung cancer score was primarily derived from
myeloid cells, mainly monocytes, macrophages, and dendritic cells. Lung
fibroblasts also had a high lung cancer score (Fig. 3E, F).

Next, we performed a random-effects inverse variance-based meta-
analysis across datasetswith sufficient samples for tumor andnormal tissues
of the lung in patients with lung cancer. The lung cancer score was sig-
nificantly higher in tumor-associated macrophages and fibroblasts than
their counterparts in normal lung tissues, with effect sizes of 0.77 (adjusted

p-value = 4.4e-03) and 1.53 (adjusted p-value = 1.1e-05), respectively
(Fig. 3G, H).

Collectively, our analysis of integrating scRNA-seq datasets showed
that the lung cancer score was derived predominantly from myeloid cells
and was also significantly higher in tumor-associated macrophages and
fibroblasts compared to their counterparts in normal lung tissues, sug-
gesting that the lung cancer score is associated with the pathological state of
the immune system and stromal cells in the tumor microenvironment.

Validation of the diagnostic lung cancer score in an independent
prospectively enrolled cohort
Next,wevalidatedour lungcancerscore inanindependentcohort fromtheUK
(Fig. 4A and Supplementary Data 2). Blood samples from 371 subjects, which
included 239 prospectively enrolled patients who had been referred for sus-
pected lung cancer investigation, and 132 volunteers without cancer (control
group) from the NIHR BioResource in Cambridge, were profiled using
NanoString. Out of 239 subjects suspected of lung cancer, 172were eventually
diagnosed with lung cancer, whereas the remaining 67 patients, despite pre-
sentingwith symptoms suspicious for lung cancer, hadfinal diagnoses of non-
malignant lung conditions, including infection, inflammation, benign lung
nodules, benign lymphadenopathy, or bronchial dysplasia. We refer to these
patients with non-malignant lung conditions as the benign group below.

The 6-gene lung cancer score was significantly higher in patients with
lung cancer compared to the control or benign group (Fig. 4B), and could
distinguish patients with lung cancer from control or benign samples with
an AUROC of 0.734 (95% CI: 0.683–0.785; Fig. 4C).

Given that aging and smoking are known risk factors for lung cancer27,
we next investigated whether combining the lung cancer score with these
variables can improve the performance for lung cancer diagnosis. In theUK
cohort, the AUROCs of age and smoking for distinguishing patients with
lung cancer from control or benign samples were 0.693 (95% CI:
0.64–0.746) and 0.606 (95% CI: 0.577–0.634), respectively (Fig. 5A). When
combining features, we trained diagnostic classifiers with three machine-
learning algorithms, including logistical regression, support vectormachine
(SVM), and multilayer perceptron (MLP) using nested cross-validation
with calibration. All three classifiers had similar AUROCs, andwe chose the
logistic regression classifier for further analysis due to its simplicity (Fig. 5A).
The machine-learning classifier using only age and smoking status had an
AUROCof 0.758 (95%CI: 0.71–0.806, Fig. 5A). Including lung cancer score
togetherwith age and smoking distinguished patientswith lung cancer from
control or benign samples with an AUROC of 0.822 (95% CI: 0.78–0.864,
Fig. 5A, B), which was significantly higher compared to using only age and
smoking status (DeLong’s test p-value = 7.0e-4). The classifier had similar
performance for distinguishing early- and late-stage lung cancer from
control or benign samples, with AUROC of 0.811 (95% CI: 0.757–0.864)
and 0.832 (95% CI: 0.784–0.879), respectively (Supplementary Fig. 2).

Table 1 | Overview of lung cancer samples in the discovery cohorts

GSE1277116 GSE1325517 GSE2018918 GSE3934557 GSE4283458 Total

Lung cancer stage

Early stage (1&2) 71 116 52 0 0 239

Late stage (3&4) 39 51 29 32 16 167

Unknown 26 0 0 0 0 26

Histology

LC-NOS 0 0 0 0 8 8

NSCLC-NOS 84 12 0 32 0 128

LUAD 34 107 73 0 4 218

LUSC 17 48 6 0 1 72

LCC 1 0 1 0 3 5

SCLC 0 0 1 0 0 1

LC-NOS lung cancer-not otherwise specified, NSCLC NOS not otherwise specified, non-small cell lung cancer, LUAD Lung adenocarcinoma, LUSC lung squamous cell carcinoma, LCC large cell
carcinoma, SCLC small cell lung carcinoma.
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Among the patients who had been referred for suspected lung cancer
investigation, the classifier distinguished patients with lung cancer from
benign samples with anAUROCof 0.704 (95%CI: 0.626–0.781, Fig. 5B). At
90% sensitivity, it had 37% specificity, i.e., it reduced the need for additional
testing in 37% of patients with benign lung conditions.

Together, we validated our 6-gene lung cancer score in a prospective
independent cohort. The diagnostic classifier with lung cancer score, age,
and smoking status could distinguish patients with lung cancer from con-
trols or benign samples with high accuracy.

The lung cancer score was associated with future lung cancer
diagnosis in the Framingham cohort study
Next, we investigated whether the lung cancer score is associated with
increased lung cancer risk in the future using a cohort study. We used the
whole blood gene expression data from the Offspring cohort in the Fra-
minghamheart study28, which included 412healthy subjects and 42patients
with lung cancer, of which 14 were already diagnosed with lung cancer at

least 11 months prior to the time when the blood sample for transcriptome
profiling was obtained; the remaining 28were diagnosed with lung cancer 6
to 81 months after the blood sample was obtained. The lung cancer score
wasnot correlatedwith age (Spearman’s rho = 0.06,p-value = 0.21), andwas
higher in people who were regular smokers compared to people who were
not (Wilcoxon Rank-Sum test, p-value = 0.02). We further used a general-
ized linearmodel to determine the factors that are associated with prior and
future lung cancer risk. The lung cancer score was significantly associated
with an elevated risk for being diagnosedwith lung cancer in the future after
adjusting for age and smoking status (Table 2), but not significantly asso-
ciatedwithprior lung cancer (SupplementaryTable 2).Together, our 6-gene
lung cancer score indicated ahigher riskof beingdiagnosedwith lung cancer
in the future in a cohort study.

Discussion
In this study,we appliedMANTEEE, ameta-analysis framework, to identify
blood-based signatures for lung cancer and defined a blood-based 6-gene
lung cancer score from discovery cohorts.We validated the performance of
the lung cancer score in an independent, prospectively enrolled cohort. We
further built machine-learning classifiers incorporating the lung cancer
score and other variables, including age and smoking status, which are
known risk factors for lung cancer. The diagnostic classifier can distinguish
patients with lung cancer from control or benign samples with an AUROC
of 0.822 (95% CI: 0.78–0.864), which performed better than age and
smoking alone, suggesting that our lung cancer score doesn’t solely reflect
age- or smoking-related physiological changes but instead captures key
pathogenesis signal in the immune system that is associated with cancer
development.

In addition to detecting lung cancer at present, our lung cancer score
was also associated with a higher risk of lung cancer diagnosis in the future.
In the FraminghamOffspring cohort, the lung cancer scorewas significantly
associated with an elevated risk of being diagnosed with lung cancer in the
upcoming 6 to 81 months (median 40 months), after adjusting for age and
smoking status. This suggests that our signature could either detect
asymptomatic lung cancer that would become symptomatic later, or lesions
in the lung that would develop into lung cancer in years, or the signature
reflects the tumor-permissive state of the immune system that increases the
likelihood of future cancer development. Further studies are needed to
validate this.

There are two potential real-world applications for our lung cancer
score. First, our classifier could serve as a complementary test to LDCT or
cfDNA-based tests to improve accuracy for detecting early-stage lung cancer
in a high-risk population undergoing screening. For example, although our
logistic regression-based classifier had 45% sensitivity at 90% specificity for
identifying lung cancer, using it post-LDCT could further increase the post-
test probability of diagnosing stage I and II lung cancer. Future studies
should further investigate whether using LDCT and our logistic regression-
based classifier in combination improves the accuracy of diagnosing early-
stage lung cancer. Second, among patients suspected of lung cancer, the
classifier could accurately identify 90% of lung cancer patients with 37%
specificity. Recent advances in technologies (e.g., Myrna that recently
received FDA clearance) to measure expression of multiple genes at point-
of-care (i.e., <30-min turnaround time from a blood sample)29,30 could make
it possible to quickly identify patients that should proceed to confirmatory
tests at low cost, while identifying patients who do not need further screening
with high confidence. It could potentially help reduce the need for further
testing in 37% of the patients who have non-malignant lung conditions while
accurately identifying 90% of the patients with lung cancer.

Our integrated analysis of the single-cell transcriptomes of 1,022,063
cells from 260 samples across 15 datasets showed that the lung cancer score
was predominantly derived from myeloid cells, particularly monocytes,
macrophages, and fibroblasts, which are important regulators of cancer
development and progression31–33. Macrophages within the tumor micro-
environment, also known as tumor-associated macrophages (TAMs), are
largely immunosuppressive, enabling immune evasion of cancer cells while
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also actively contributing to cancer cell proliferation, survival, invasion,
and metastasis. TAMs can arise from tissue-resident cells that self-renew
locally, and also get replenished by circulating monocytes in inflamma-
tory conditions, including cancer32. Fibroblasts are also important com-
ponents in the tumor microenvironment, and cancer-associated
fibroblasts (CAFs) contribute to cancer initiation and progression33. Our
analysis showed that the lung cancer score was consistently higher in
TAMs and CAFs than in normal tissues and was detectable in peripheral
blood. These results suggest that our blood-based signature represents
the pathological state of the immune response within the tumor
microenvironment, including stromal cells.

Thus, we hypothesize that there are two mechanisms underlying the
connection between our score and lung cancer. First, the signature may
indicate a myeloid cell-driven predisposition of the immune system that
is prone to allow the escape of abnormal cells and establishment of an
immune suppressive microenvironment, leading to cancer development
eventually. Second, the signature may also reflect the immune response
to the cancer itself. More mechanistic studies are needed to unravel the
connection between the lung cancer score, tumorigenesis, and tumor
microenvironment.

Despite our best efforts to collect and analyze available datasets, our
study was limited by the relatively small number of lung cancer cases in the
analysis for the discovery of the 6-gene signature. In addition, the signature
needs to be further tested and validated in larger clinically appropriate
prospective cohorts (e.g., a lung cancer screening program) for its perfor-
mance alongside other potential predictors, to evaluate which combination
of predictors is the most accurate and cost-effective for lung cancer detec-
tion. Lastly, the association of the lung cancer score with future lung cancer
diagnosis is preliminary and needs to be validated in other prospective
cohorts with more lung cancer cases.

Together, thesedata suggested that ourblood-based6-gene lungcancer
score reflects the intricate interplay between lung cancer and the immune
system, both in the blood and in the tumor microenvironment, and it can
serve as a robust and non-invasive screening tool for detecting early-stage
lung cancer.

Methods
Discovery datasets collection and preprocessing
Wedownloaded 241 gene expression datasets (SupplementaryData 1) from
the National Center for Biotechnology Information (NCBI) Gene
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Expression Omnibus (GEO) and European Bioinformatics Institute (EBI)
ArrayExpress, consisting of 22,773 samples derived from whole blood or
peripheral blood mononuclear cells (PBMCs) from 251 independent
cohorts.We defined a cohort as a comparable group of individuals within a
dataset, where each dataset has a unique GEO identifier and may contain
multiple cohorts. All the blood samples from lung cancer patients in the five
lung cancer datasets were collected post-diagnosis. Samples in GSE12771,
GSE13255, and GSE20189 were collected prior to treatment. There were
both before- and after-treatment samples in GSE39345, and we only kept
the samples prior to treatment for analysis.We renormalized all microarray
datasets using standard methods when raw data were available from the
GEO. We applied GC robust multiarray average (gcRMA) to arrays with
mismatch probes for Affymetrix arrays. We used normal-exponential
background correction and quantile normalization for Illumina, Agilent,
GE, and other commercial arrays. We did not renormalize custom arrays
and used preprocessed data asmade publicly available by the study authors.
We mapped microarray probes in each dataset to Entrez Gene identifiers
(IDs) to facilitate integrated analysis. If a probe matched more than one
gene, we expanded the expression data for that probe to add one record for
each gene.Whenmultiple probesmapped to the same genewithin a dataset,
we applied a fixed-effect model. Within a dataset, cohorts assayed with
different microarray types were treated as independent.

Multigroup MANATEE
Multicohort ANalysis of AggregaTed gEne Expression (MANATEE) is an
analysis workflow designed to adapt our previously described multicohort
analysis framework25,34 for broader analysis. We designed a modified
MANATEE framework (Supplementary Fig. 1) because there were not
enough datasets containing samples from patients with lung cancer, and
thus, the typical MANATEE workflow was unable to effectively identify a
diagnostic signature. We took 4 of our 5 lung cancer datasets and co-
normalized each one with over 50 other datasets. Next, each of these co-

normalized batches of data was randomly split into two evenly sized data-
sets. In addition,we split ourfifth lung cancerdataset into 5batches basedon
study site and technical platform. Thus, we had a total of 13 datasets con-
taining both lung cancer samples and other samples. To select differentially
expressed genes, we calculated and summarized differential expression
statistics in each dataset and selected the top genes. Next, we performed a
forward search wherein we continuously added whichever gene resulted in
the largest increase in average AUROC across all 13 datasets.

COCONUT co-normalization
We used Combat CONormalization Using conTrols (COCONUT) for
between-dataset normalization35 in the discovery datasets. COCONUT
allows for co-normalization of gene expression data without bias toward
sample diagnosis by applying a modified version of the ComBat empirical
Bayes normalization method36, which assumes a similar distribution
betweencontrol samples. Briefly, healthy samples fromeachcohort undergo
ComBat co-normalization without covariates, and the ComBat estimated
parameters are computed for the healthy samples in each dataset. By
applying these parameters to the non-healthy samples, all datasets keep the
same background distribution while retaining the same relative distance
between healthy and disease samples, which preserves the biological
variability between the two groups within a dataset. We have previously
shown that when COCONUT co-normalization is applied, housekeeping
genes remain invariant across both conditions and cohorts, and each gene
retains the same distribution across conditions within each dataset35.

UK dataset collection
This studywas conducted in accordancewith the ethical principles outlined
in the Declaration of Helsinki. Research ethics approvals for sample col-
lection from participants in this study were given by East of England
Cambridge Central REC 13/EE/0012 and the National Research Ethics
Service Committee South-East Coast – Surrey 13/LO/0889. Informed

Fig. 4 | Validation of the diagnostic lung cancer
score in an independent prospectively enrolled
cohort. ACharacteristic of the subjects in the CRUK
cohort. B Box/violin plot of the lung cancer score in
controls, patients with benign lung conditions, and
lung cancer. The p-values were calculated using the
Wilcoxon rank-sum test and then Bonferroni-
adjusted.CTheAUROC of the lung cancer score for
distinguishing patients with lung cancer from con-
trol or benign samples in the UK cohort.
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consent was obtained from all individual participants included in the study.
Donors, including both clinic patients being investigated for suspicion of
lung cancer and healthy volunteers from theCambridge Bioresource (www.
cambridgebioresource.group.cam.ac.uk), were recruited at Royal Papworth
Hospital, Cambridge (UK). Patients investigated for lung cancer were
referred by their primary care physician with either symptoms suspicious
for lung cancer (e.g., cough, hemoptysis, weight loss, chest pain, shortness of
breath) or because of radiologist-reported imaging findings concerning for
lung cancer. The eligibility criteria for healthy volunteers were: age 18 or
above; current or former smokers must have smoked at least 100 cigarettes
in their lifetime; exclusion of individuals with a previous history or current

suspicion of airway or lung cancer; exclusion of individuals with ‘bleeding
disorders’. Cancer diagnosis by a consultant histopathologic, whichfits with
clinical presentation and radiology, was used as the gold standard reference.
Clinic patients with a final diagnosis of a benign conditionwere followed up
for aminimumof one year to confirm the absence of cancer. Blood samples
were collected prior to any invasive diagnostic procedures being performed.

RNA extraction and Nanostring gene expression measurement
RNA was extracted from PAXgene RNA tubes using the PAXgene Blood
RNA Kit IVD (Qiagen) according to the manufacturer’s protocol and
analyzed for RNA quality using the Agilent bioanalyzer QC analysis. RNA
was concentrated using RNAClean &Concentrator-5 kit (Zymo Research)
according to the manufacturer’s protocol. Gene expression was measured
using NanoString nCounter technology. Each NanoString expression pro-
filing reaction consistedof 300 ngof total RNAper15uL sample, hybridized
for 16 hat 65°Cper themanufacturer’s instructions.ThenCounter SPRINT
standard protocol was used to generate mRNA counts. A quality control
check was performed according to the manufacturer’s guidelines for
assessing imaging quality, binding density, positive control linearity, and the
limit of detection.

6-gene lung cancer score
From 45 robustly differentially expressed genes between lung cancer sam-
ples and other samples in the discovery cohorts, we selected 6 genes (5 over-
expressed, 1 under-expressed) with an absolute effect size ≥ 0.5 in at least 7
datasets. The lung cancer score was calculated as the difference of the
geometric means between up-regulated genes and down-regulated genes.

Machine-learning classifier
In theUKdataset,we evaluated theperformanceof two sets of input features
(clinical variables only, the lung cancer score and clinical variables) to dif-
ferentiate lung cancer cases from benign / control samples using three
algorithms: logistic regression (LR), support vector machine (SVM), and
multilayer perceptron (MLP). For each set of input features and each
algorithm, we employed a nested cross-validation framework with cali-
bration at two stages to robustly tune hyperparameters and obtain well-
calibrated probability estimates. In the inner loop, a grid search was per-
formed using stratified k-fold cross-validation to optimize a gap-penalty
metric defined as the test accuracyminus a weighted difference between the
training and test accuracies. At each fold of this inner loop, the candidate
models were calibrated using a sigmoid-based calibration (via Cali-
bratedClassifierCV) prior to computing the performance metric, ensuring
that the hyperparameter tuning process accounted for the quality of the
predicted probabilities. In the outer loop, repeated stratified k-fold cross-
validation was used to evaluate the performance of the calibrated model on
independent test sets, thus providing an unbiased estimate of generalization
performance. Thehyperparameters that yielded the highest combined (gap-
penalty adjusted) test performance across the outer folds were selected.
Finally, the model was refit on the entire dataset with the chosen hyper-
parameters and underwent a final calibration step, again using the sigmoid
method, to ensure reliable probability outputs. Supplementary Fig. 3 pro-
vides the calibration curves for the classifiers. The analysis was performed
using scikit-learn v1.1.137.
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Fig. 5 | Integrating lung cancer score with age and smoking increases accuracy of
diagnosis. ATheAUROCs for distinguishing patientswith lung cancer fromcontrol
or benign samples in the UK cohort using (1) the lung cancer score, (2) age, (3)
smoking, (4) age and smoking, (5) age, smoking, and the lung cancer score. When
combining features, we trained diagnostic classifiers with three machine-learning
algorithms, including logistic regression, support vector machine (SVM), and
multilayer perceptron (MLP). Thebar shows the 95% confidence interval (CI) of
AUROC. B The AUROC of the logistic regression classifier with the lung cancer
score, age, and smoking for distinguishing patients with lung cancer from control or
benign samples.

Table 2 | Generalized linear model for future lung cancer vs. healthy in the Framingham offspring cohort

Estimate SE p-value

Future lung cancer (N = 28), age range: 59-82, median 72
Healthy (N = 412), age range: 42–86, median 61

(Intercept) −17.628 2.577 7.90E-12

Lung cancer score 1.344 0.630 3.28E-02

Age 0.186 0.032 6.36E-09

Smoking 1.456 0.576 1.15E-02

SE standard error.

https://doi.org/10.1038/s41698-025-01043-z Article

npj Precision Oncology |           (2025) 9:246 7

http://www.cambridgebioresource.group.cam.ac.uk
http://www.cambridgebioresource.group.cam.ac.uk
www.nature.com/npjprecisiononcology


Single-cell datasets curation and analysis
We collected and curated the gene expression data from 15 scRNA-
seq studies: (Supplementary Table 1) chen202038, goveia202039,
kim202040, lambrechts201841, laughney202042, leader202143,
maynard202044, salcher202245, zillionis201946, habermann202047,
reyfman201948, arunachalam202049, combes202150, schrepping202051,
and wilk202152. All the single-cell RNA-seq data were processed with
Seurat (v4.0.5)53. The datasets were integrated using the Seurat
integration workflow with the reciprocal PCA algorithm. After
integration, we then performed dimension reduction, UMAP54 pro-
jection, and Shared Nearest Neighbors clustering on the six datasets.
Cell types were identified using both canonical markers and reported
cell types in the original studies. The lung cancer score was calculated
in each cell using the RNA assay from the Seurat object. The lung
cancer score was aggregated by mean across the cells for each cell
type and each sample, which were then used as input for meta-
analysis. In each dataset, the difference between the two groups was
computed as Hedge’s g effect size (ES). We combined effect sizes
across studies using a random-effects inverse variance model.

Framingham cohort study analysis
The gene expression data for the Framingham offspring cohort were
accessed from dbGaP phs000007.v31.p12. Generalized linearmodeling was
performed using the R package glmnet (v4.1.3).

Analysis platform and figure generation
The analysis was performed in R 4.1.1 or Python 3.10.6. Figures were
generated using ggplot255 and Complexheatmap56.

Data availability
TheUK data used in validation can be found in Supplementary Data 2. The
code for MANATEE is available at https://github.com/Khatri-Lab/
manatee_lungcancer.

Code availability
The code for MANATEE will be publicly available at https://github.com/
Khatri-Lab/manatee_lungcancer with the publication of the manuscript.
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