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A B S T R A C T

Objective: To identify robust markers of lung adenocarcinoma (LUAD) using DNA methylation
profiles from blood samples informed by tissue lung adenocarcinoma.
Methods: This study analyzed 56 LUAD blood samples from patients attending clinic at Siriraj
Hospital, Thailand and 51 samples from healthy participants, using 644 tumor and 59 normal
tissue methylome datasets from the Gene Expression Omnibus (GEO) and The Cancer Genome
Atlas (TCGA) databases for candidate gene identification. We performed comparative analysis to
identify DNA methylation (DNAm) changes present in tumors that are also observable in blood, to
be taken forward for validation.
Results: DNAm profiling of lung tumor datasets identified 59,639 differentially methylated posi-
tions (DMPs), of which 17,251 exhibited a negative correlation with gene expression. In blood
samples, 46,680 DMPs were identified among LUAD patients, which were enriched in pathways
associated with the ribosome, spliceosome, cell cycle, ubiquitin mediated proteolysis and
nucleocytoplasmic transport. Comparative analysis revealed a two DMP epigenetic signature of
matching changes in both tissue and blood. This signature offered high diagnostic performance in
distinguishing LUAD from normal lung tissue (AUC: 0.77–0.91) and in blood samples from LUAD
patients (AUC:0.92–0.96). Similarly high performance was observed in two independent tissue
validation datasets (AUC:0.90–0.92).
Conclusions: Our novel two DMP signatures offer robust performance in both lung tissue and blood
for the identification of LUAD.

Abbreviations: AGER, Advanced glycosylation end product-specific receptor; AHRR, Aryl hydrocarbon receptor repressor; CDKN2A, Cyclin-
dependent kinase inhibitor 2A; cfDNA, Cell-free DNA; CI, Confidence intervals; DMPs, Differentially methylated positions; DNAm, DNA methylation;
EGFR, Epidermal growth factor receptor; F2RL3, Coagulation factor II receptor-like 3; FUT7, Fucosyltransferase 7; GEO, Gene Expression Omnibus;
GO, Gene Ontology; HOXA9, Homeobox A9; HOXD12, Homeobox D12; KEGG, Kyoto Encyclopedia of Genes and Genomes; KRAS, Kirsten rat
sarcoma viral oncogene homolog; LUAD, Lung adenocarcinomas; MPO, Myeloperoxidase; NSCLC, Non-small cell lung cancer; PNPLA2, Patatin-like
phospholipase domain-containing protein 2; PTGER2, Prostaglandin E receptor 2; RASSF1A, Ras association domain-containing protein 1 isoform A;
ROC, Receiver operating characteristic; SHOX2, Short stature homeobox 2; SOX1, (SRY, sex determining region Y)-box 1; STX8, Syntaxin 8; TAF4,
Transcription initiation factor TFIID subunit 4; TCGA, The Cancer Genome Atlas; TP53, Tumor protein p53; ZIC1, Zinc finger protein ZIC 1; ZIC4,
Zinc finger protein ZIC 4.
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1. Introduction

Lung cancer accounts for approximately 1.8 million deaths worldwide every year [1], which constitute 25 % of all cancer-related
deaths [2]. The high mortality associated with this disease is in part due to its diagnosis at an advanced stage, with more than half of
cases diagnosed at Stage IV where the five-year survival rate is less than 6 %, in comparison to 59 % for those diagnosed with Stage I or
II disease [3]. It is therefore an urgent clinical need to develop novel screening methodologies to detect early tumors and enhance the
chances for successful treatment. However, this has been inhibited by the invasiveness of most approaches, such as biopsy, which
preclude their use in screening. Subsequently there has been significant interest in the development of non-invasive methodologies to
detect early genetic or epigenetic changes. Blood-based tests have been developed for lung [4] and colorectal cancers [5], while cell
free DNA (cfDNA) originating from the tumor is present in the blood and has become a promising avenue of research for hard-to-biopsy
tissues [6].

Epigenetics is the study of heritable changes in cellular and physiological traits that are passed down to daughter cells without
altering the underlying DNA sequence [7]. These changes are primarily driven by mechanisms such as DNA methylation, histone
modifications, and non-coding RNAs. Epigenetic modifications play a crucial role in development, cellular differentiation, and
adaptation to environmental stimuli [8], and they are implicated in a wide range of diseases, including cancer, neurological disorders,
and metabolic conditions. Unlike genetic mutations, which are permanent alterations in the DNA sequence, epigenetic changes are
often reversible and can be influenced by factors such as diet [9]. While the transgenerational inheritance of ‘epimutations’ remains a
topic of debate, DNA methylation can impact upon evolutionary genetics. Highly methylated regions of the genome are prone to
mutation through spontaneous deamination of 5-methylcytosine [10], resulting in decreased abundance of CpG sites in the human
genome to only 20 % of their expected frequency [11].

As with most malignancies, the epigenome shows extensive disruption in the initiation and progression of lung cancer. DNA
methylation (DNAm) changes occur early in lung tumor development and are observable in Stage I disease [12], although many
changes in localized tumors are not clonal [13]. Key genes implicated in cancer development are known to be epigenetically disrupted,
such as the hypermethylation of RASSF1A [13,14], CDKN2A [13,15], HOXA9 and SOX1 [16]. At the epigenome-wide level, DNAm
patterns are associated with the occurrence of genetic aberrations within key genes such as EGFR, KRAS and TP53 mutations [17,18]
and the smoking history of the patient [18]. Aberrant epigenetic marks may influence response to chemotherapeutic agents through
silencing of genes conferring sensitivity [19], and subsequently, epigenetic profiling can predict patient prognosis [12,18,20].

Epigenomic aberrations have unique features which make them highly suitable to serve as diagnostic biomarkers. They can occur
very early in disease development [21], and even single-gene tests can offer very high sensitivity and specificity when assessed in lung
tissue [22]. However, an inherent challenge remains in identifying appropriate targets for non-invasive testing. Many of the epigenetic
differences reported between the blood of cancer patients and healthy subjects are representative of changes in leukocyte populations,
rather than epigenetic changes present in tumors [23]. Risk factors for cancer can also be associated with epigenetic changes in the
blood, such as AHRR and F2RL3 hypomethylation in response to tobacco smoke exposure [24,25]. Here, we sought to identify robust
markers of lung adenocarcinoma (LUAD), the most common subtype of non-small cell lung cancer (NSCLC) worldwide, that are
detectable in non-tumor tissue. Our analysis identified novel epigenetic aberrations that can serve as diagnostic biomarkers with high
sensitivity and specificity.

2. Materials and methods

2.1. Examination of DNA methylation in lung tumors and normal tissue

To investigate DNA methylation patterns and signature loci in lung tissues, we utilized methylation data obtained from The Cancer
Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. In the available datasets employed in this study: GSE85845,
GSE66836, GSE141682, GSE56044, and GSE75008 datasets were approved by the review board and regional ethics committee of the
Fujian Medical University, China [26], the Oslo University Hospital-Rikshospitalet, Norway (S-05307) [27], Tongji Medical College,

Table 1
Clinical characteristics of the methylome datasets.

Dataset Total (N) Sample type (N (%)) Gender (N (%)) Age (year) Mean ± SD Smoking (N (%))

LUAD Normal Male Female Smoker Non-smoker Unknown

Tissue
GSE66836 180 161 (89.44) 19 (10.56) 80 (44.44) 100 (55.56) NA 180 (100) 0 (0) 0 (0)
GSE85845 16 8 (50) 8 (50) NA NA NA 16 (100) 0 (0) 0 (0)
TCGA 507 475 (93.69) 32 (6.31) 238 (46.94) 269 (53.06) 64.98 ± 10.27 416 (82.05) 72 (14.2) 19 (3.75)
Blood
Thai 107 56 (52.34) 51 (47.66) 23 (21.50) 84 (78.50) 60.06 ± 14.64 20 (18.70) 87 (81.30) 0 (0)
Han Chinese 28 0 (0) 28 (100) 14 (50) 14 (50) 49.93 ± 10.46 22 (78.57) 6 (21.43) 0 (0)
Validation
GSE56044 136 124 (91.18) 12 (8.82) 56 (41.18) 80 (58.82) NA 110 (80.88) 26 (19.12) 0 (0)
GSE75008 80 40 (50) 40 (50) NA NA NA NA NA NA

N = number of samples; LUAD = lung adenocarcinoma; NA = no data available.

P. Chitta et al. Heliyon 11 (2025) e42581 

2 



Huazhong University of Science and Technology, China (IEC #S099/2018) [28], Lund, Sweden (Registration no. 2004/762 and
2008/702) [17], and the University of Lübeck (Ref. 12–220 and Ref. 12–238) [29], respectively. For the TCGA dataset, Illumina
HumanMethylation450K BeadChip (450K) DNA methylation microarray data from 475 LUAD tumors and 32 associated normal tissues
were obtained from the Genomic Data Commons data portal (https://portal.gdc.cancer.gov/) using the TCGAbiolinks R package [30].
For the combined GEO dataset, 450K data from further two studies, GSE85845 [26] and GSE66836 [27], were obtained from GEO
(https://www.ncbi.nlm.nih.gov/geo/) using GEOquery [31]. A total of 196 samples were included from GSE85845 (8 LUAD and 8
matched non-LUAD tissues) and 180 from GSE66836 (161 LUAD and 19 matched normal tissues). Validation of markers was per-
formed using data from two 450K data sets (GSE56044 (124 LUAD and 12 matched normal tissues) and GSE75008 (40 LAUD and 40
matched normal tissues). Further details can be found in Table 1.

2.2. Epigenetic analysis of blood samples from LUAD patients

Two versions of the Illumina HumanMethylation BeadChip (850K and 900K) DNA methylation microarray were employed to
measure DNA methylation in whole blood samples from 56 Thai LUAD patients and compared with methylation profiles of 51 Thai
healthy individuals elderly cohort or 28 Han Chinese healthy individuals (GSE141682). The 850K and 900K microarray include more
than 90 % of the probes present on the 450K array, enabling direct comparison of the blood and tumor datasets. They also provide
excellent coverage of both gene promoters and enhancer regions, as well as non-coding regions important for gene regulation. Samples
from LUAD patients and elderly cohort participants attending the clinical molecular pathology laboratory at Siriraj Hospital were
collected, DNA extracted using QIAamp Blood Mini Kit (Germany), and DNA methylation analyzed at the Genomics Centre at Uni-
versity of Minnesota, USA. Ethical approval for this study (COA no. Si701/2021) was granted by the Siriraj Institutional Review Board,
Siriraj Hospital, Mahidol University, Bangkok, Thailand. The required sample size for the Thai DNA samples was calculated using
G*Power [32], based on a t-test for means with the statistical power set at 0.95.

2.3. Differentially methylated positions (DMPs)

All intensity data (.idat) files were analyzed in R Studio using the Bioconductor package, except GSE75008 and GSE83842 datasets
for which DNAm levels were calculated from methylated and unmethylated signal intensities. Poor-quality probes (detection p-value
>0.01) were removed from the analysis. For normalization, the single-sample normalized (ssNoob) method, which is part of the minfi
package, was utilized. This normalization procedure is well-suited for the incremental preprocessing of individual methylation arrays,
especially when integrating data from multiple generations of Infinium methylation arrays [33]. The remaining probes were then
adjusted for probe-type bias for Infinium type I and type II probes [34]. SNP probes, cross-reactive probes, and probes mapping to the
sex chromosomes were removed. To mitigate the potential influence of batch effects that could compromise biological findings, our
high-throughput data were incorporated into adjustment and removed batch effects by the ComBat function within the sva package
[35]. Furthermore, correction for cell-type heterogeneity in blood was performed with the reference-based RefbaseEWAS [36] within
the ChAMP package. RefbaseEWAS uses pre-defined reference DNA methylation data to infer cell-type composition and adjust for
confounding factors, particularly in blood samples, to enhance the detection of true epigenetic changes. A total of 327,667 (GEO,
450k), 320,520 (TCGA, 450k), 709,611 probes (blood (Thai), EPIC v.2), and 782,501 probes (blood (Thai and Han Chinese), EPIC)
remained after quality control and filtering steps. The methylation level of each CpG site was determined by calculating the β value
between 0 and 1 based on the ratio of fluorescent intensities. DMPs were identified using the limma package [37]. This package
performs a pairwise comparison of β value between groups. It achieves this by applying the same general linear model to each probe
individually, calculating a moderated t-statistic, and determining an unadjusted p-value. The moderated t-statistic is derived from the
ratio of the beta-value for a CpG to a pooled standard error (SE). The pooling of information from all CpGs allows limma to moderate SE
at individual probes, enhancing the accuracy of inference for each CpG. Probes with Benjamini-Hochberg adjusted p-values <0.05 (adj.
P Value) were considered significant.

2.4. Gene expression analysis

For the gene expression analysis of LUAD, we included a dataset from TCGA consisting of 59 normal and 539 tumor samples
obtained from the Genomic Data Commons data portal (https://portal.gdc.cancer.gov/) using the TCGAbiolinks R package [30].
RNA-seq expression profiles were generated using the Illumina Hiseq platform. To ensure accurate quantification, we applied the
trimmed mean of M values (TMM) method through the edgeR R package [38] to normalize the raw RNA-seq read counts. Subse-
quently, the normalized counts were fitted using a negative binomial generalized log-linear model.

2.5. Gene functions and pathway analysis

To predict biological functions and gene regulatory networks associated with overlapping DMPs between tissue and blood of LUAD
patients, a list of genes (6361 genes mapping to the 17,251 DMPs that showed significant correlations with gene expression) was
submitted to pathfinder [39] for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways and Gene Ontology (GO).
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2.6. Statistical analyses

Statistical analyses were performed using GraphPad Prism (version 9.2.0) and R Studio (version April 1, 1103). The Mann-Whitney
U test was used to compare the differences in DNA methylation by CpG density between the LUAD and non-LUAD. The diagnostic value
of methylation levels at signature CpG sites for discriminating LUAD samples from non-LUAD samples was assessed using the area
under the ROC curve (AUC), which was computed by plotROC. This evaluation was conducted on combined datasets from GEO
(GSE85845 and GSE66836), TCGA, Thai blood samples, Thai and Han Chinese samples, as well as validation datasets from GEO
(GSE56044 and GSE75008). The proportions of samples were reported with 95 % confidence intervals, calculated based on binomial
distributions. Data are presented as mean ± standard deviation (SD), and p ≤ 0.05 were considered to be significant.

3. Results

In our study, a total of 644 tumors and 59 normal tissues from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas
(TCGA) databases were examined and used to inform the analysis of whole blood samples from 56 cancer patients and 79 healthy
individuals. The clinical characteristics of the study groups are summarized in Table 1, and the study design is summarized in Fig. 1.

3.1. Identification of DMPs in lung adenocarcinoma tissue

We first identified the differentially methylated positions (DMPs) in LUAD versus normal tissue samples. This revealed 83,977
DMPs in the combined GEO dataset (Fig. 2A) and 160,337 DMPs in the TCGA dataset (Fig. 2B). Of the 59,639 DMPs showing significant
changes in both datasets, 28,499 (48 %) were hypomethylated and 31,140 (52 %) exhibited hypermethylation (Fig. 2C). Gains of
methylation were most commonly observed at CpG-rich regions (CpG islands and shores), while losses were observed at regions of
lower CpG density (open seas and shelves) (Fig. 2D). The leading significant DMPs are presented in Table 2. Amongst these, we
identified a set of five CpG sites (cg09887059, cg16768018, cg26521404, cg12595013, and cg08328160) mapping to the ZIC4,
HOXA9, ZIC1, and AGER genes that were strongly hypermethylated in both the TCGA and combined GEO datasets.

3.2. Correlation of DMPs with gene expression changes in lung adenocarcinoma tissue

Among the 59,639 DMPs that intersected between the GEO and TCGA datasets, the correlation between the mean DNA methylation
difference and log fold change of gene expression was classified into four groups: hypermethylated–upregulated (hyper–up); hyper-
methylated–downregulated (hyper–down); hypomethylated–upregulated (hypo–up); and hypomethylated–downregulated (hypo–-
down) genes (Fig. 2E). We identified 17,251 DMPs mapping to 6361 genes that showed significant correlations with gene expression.
Of the 2830 hypermethylated genes, 2597 were upregulated and 233 genes were downregulated. Among the 3531 hypomethylated
genes, 3419 genes were upregulated and 112 genes were downregulated.

Fig. 1. Flow chart of study design.
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3.3. Epigenetic changes in the blood of LUAD patients

We next examined DNAm in blood samples from Thai patients and healthy elderly Thai cohort controls. This revealed a total of
46,680 DMPs. Among these, 27,073 (58 %) CpG sites exhibited hypomethylation, while 19,607 (42 %) CpG sites showed hyper-
methylation (Fig. 3A). Gains of methylation were again most commonly observed at regions of high CpG density (CpG islands), while
losses were observed at regions of low CpG density (shelves and shores). GO analysis of the 46,680 DMPs revealed a significant
enrichment of genes involved in the structural constituents of ribosomes and protein serine/threonine kinase activity (Fig. 3B). KEGG

Fig. 2. DNA methylation (DNAm) profiling of tissue samples of lung adenocarcinoma. A, B, Volcano plots of the differentially methylated
positions (DMPs) from the combined GEO dataset (A) and the TCGA dataset (B). C, Venn diagram depicting DMPs overlapping between the
combined GEO and TCGA datasets by methylation change. D, The distribution of DMPs by CpG density within the combined GEO dataset. E, Scatter
plot of mean methylation difference versus log fold change of gene expression in the TCGA dataset (blue: hypomethylated and upregulated; red:
hypermethylated and down-regulated).
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analysis demonstrated that the significant enrichment of pathways was related to cancer such as the ribosome, spliceosome, cell cycle,
ubiquitin-mediated proteolysis and nucleocytoplasmic transport (Fig. 3C). The leading hits in blood were distinct from those identified
through analysis of tissue samples (Table 2).

3.4. Signature DMPs within tumor tissue and blood samples from LUAD patients

To develop a common DMP signature between lung tissue and blood samples of LUAD patients, we conducted a comparative
analysis. Furthermore, to enhance the robustness of our findings, we also included an analysis of DNAm from Thai patients vs an
independent external cohort of blood samples taken from healthy Han Chinese individuals (Supp Fig 1). We restricted our DMP list to
those that a) were identified in both blood DNAm dataset analyses and b) show concordant changes in the tissue and blood of LUAD
patients (i.e. hypomethylation or hypermethylation in both tissues). This revealed a two DMP signature (Table 3) matching between
lung tumors and blood samples from cancer patients: one locus mapping to the PTGER2 gene that is hypermethylated in cancer cases
(cg00717218; Fig. 3D); and another mapping to STX8 that is hypomethylated (cg15837531; Fig. 3E).

3.5. Epigenetic signature performance in classifying LUAD patient and control blood samples

In order to assess the diagnostic accuracy of the two signature DMPs in LUAD, we performed receiver operating characteristic
(ROC) curve analysis on both lung tissue and blood samples as testing datasets. The diagnostic performance of the signature in dis-
tinguishing LUAD samples from normal lung tissue was high. The AUC for the combined GEO dataset was 0.77 (95%CI: 0.67–0.88),
and for the TCGA dataset it was 0.92 (95%CI: 0.89–0.95). Diagnostic performance in the two blood datasets (Thai participants and Han
Chinese) were similarly high, with an AUC of 0.96 (95%CI: 0.91–1.00) and 0.92 (95%CI: 0.85–0.98), respectively (Fig. 4A). We then
assessed the performance of the DMP signature in independent validation cohorts, using two 450K datasets: GSE56044 (N = 136) and
GSE75008 (N = 80). The performance of the signature was similarly high, with AUC of 0.92 (95%CI: 0.88–0.97) and 0.90 (95%CI:
0.83–0.97) in the GSE56044 and GSE75008 datasets, respectively (Fig. 4B).

Table 2
Top 10 significant CpG sites by dataset.

CpG logFC Adjusted
P value

Chromosome CpG density CpG location Gene

GEO
cg08566455 2.44 2.85E-11 2 Island  
cg00249511 2.77 1.97E-10 11 Island 5′UTR SCT
cg04864807 1.79 1.97E-10 2 Island  
cg09628877 1.28 1.97E-10 3 Island Gene body TNK2
cg09887059 2.17 1.97E-10 12 Island  
cg14754787 1.68 1.97E-10 17 Island Gene body LHX1
cg16768018 1.96 1.97E-10 3 Island Gene body ZIC4
cg26521404 2.41 1.97E-10 7 Island 1stExon HOXA9
cg12595013 1.47 2.56E-10 3 Island 1stExon ZIC1
cg08328160 1.12 4.42E-10 6 Open sea Gene Body AGER
TCGA
cg08566455 3.72 2.88E-105 2 Island  
cg14823851 2.01 2.05E-94 17 Island TSS1500 TBX4
cg25774643 3.99 2.46E-83 11 Island TSS200 SCT
cg26521404 3.74 4.40E-83 7 Island 1stExon HOXA9
cg03964958 2.84 4.01E-79 2 Island 1stExon HOXD12
cg12595013 2.51 1.74E-77 3 Island 1stExon ZIC1
cg08328160 1.38 1.74E-77 6 Open sea Gene Body AGER
cg16768018 3.20 5.74E-77 3 Island Gene Body ZIC4
cg08943107 1.78 2.15E-75 1 Open sea Gene body MACF1
cg09887059 3.39 3.12E-75 12 Island  
Whole Blood (Thai)
cg01957330 − 0.68 5.73E-45 7 Island TSS200 SKAP2
cg08604594 − 0.62 5.73E-45 10 Open sea  
cg08786079 0.75 5.73E-45 17 Shelf 3′UTR BCL6B
cg09830059 0.74 5.73E-45 3 Shelf Gene body DNAJC19
cg10124255 0.55 5.73E-45 7 Open sea  
cg25484319 − 0.56 5.73E-45 14 Open sea Gene body RDH11
cg26306476 − 0.61 5.73E-45 19 Shelf Gene body PRR22
cg10985479 − 0.65 7.07E-45 4 Shore TSS1500 LEF1
cg27626141 0.55 7.07E-45 8 Island TSS200 AZIN1
cg02159896 − 0.60 1.40E-44 18 Shore 5′UTR MPPE1

LogFC = log fold change.
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4. Discussion

The early detection of lung tumors is an urgent clinical need. Most patients are diagnosed with advanced disease that has already
metastasized. Non-invasive testing, such as through the use of blood or sputum samples, offers a means to screen populations and to
identify tumors while still localized, thereby offering improved patient outcomes. By taking a stringent approach, our study has been
able to identify epigenetic changes present in tumors that are also measurable in blood and which offer high sensitivity and specificity

Fig. 3. DNAm profiling of blood samples from lung adenocarcinoma patients. A, the differentially methylated positions (DMPs). B, C, Pathway
and gene oncology (GO) analysis of the 46,680 DMPs (B) and Kyoto Encyclopedia of Genes and Genomes pathway analysis (C). D, E, CpG sites
mapping of cg00717218 (D) and cg15837531 (E).

Table 3
Two DMP signatures for tissue and blood.

CpG Methylation Adjusted P value chr CpG
density

CpG
location

Gene

Combined GEO
(GSE85845 and
GSE66836)

TCGA Whole
Blood
(Thai)

Whole Blood (Thai
and Han Chinese)

cg00717218 Hypermethylated 1.62E-05 1.23E-
32

0.02 1.31E-02 14 Island 1stExon PTGER2

cg15837531 Hypomethylated 4.27E-02 1.55E-
04

1.65E-13 1.82E-04 17 Open sea Gene
body

STX8

chr = chromosome.
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for the identification of the disease.
Our novel signature is comprised of two DMPs, mapping to the PTGER2 and STX8 genes. PTGER2 is the more well-characterized of

these, known to promote tumor development [40] and stimulate the growth of malignant cells [41], and it has been reported as
hypermethylated in 58–70 % of NSCLC cases [42,43]. The STX8 gene encodes syntaxin 8, a component of the SNARE complex involved
in vesicular trafficking, which is normally expressed at low levels in lung tissue [44]. This gene demonstrates increased expression in
NSCLC tissues [45], where it plays a pivotal role in regulating the DNA damage response and facilitating epithelial-to-mesenchymal
transition [46]. These mechanisms contribute to the development of radiation resistance in lung cancer, emphasizing its clinical
relevance and potential therapeutic implications [46].

Our approach has enabled us to account for epigenetic changes in the blood of patients that may not be specific to the disease. The
presence of solid tumors within the body is associated with changes leukocyte composition in the blood that can be inferred through
epigenetic analysis [23]. Indeed, many early studies examining blood samples from cancer patients reported differential methylation
of genes related to immune function [47], including for lung cancer [48]. Such changes are unlikely to be specific to malignancies and
able to serve as robust clinical biomarkers. Furthermore, many risk factors for cancer are associated with epigenetic changes in the
blood. Of particular relevance, hypomethylation of AHRR and F2RL3 has been widely reported in response to smoking [24]. While
these loci may predict risk of lung cancer [25,49,50] and cancer-associated mortality [51], they are not suitable for diagnostic pur-
poses. The impact of these risk factors is demonstrated by a recent blood-based case-control study in which 23 of 25 the identified
DMPs were associated with smoking [52]. The DMPs identified through our study are more likely to be directly relevant to tumor
biology. The benefit, and necessity, of this tumor-informed analysis of patient blood samples is demonstrated by fewer than 2 % of the
DMPs observed in blood also showing corresponding changes within malignant lung tissue. Notably, DMPs identified in blood samples

Fig. 4. Performance of the two DMP signatures assessed by ROC curve analysis. A, Training datasets of tissue samples (combined GEO, and
TCGA) and two blood datasets (Thai and Thai/Han Chinese). B, Testing datasets (GSE75008 and GSE56044).
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are associated with pathways implicated in lung cancer, including the cell cycle, MAPK signaling, and cellular senescence. In a detailed
characterization of the tumor immune infiltrate in patients with LUAD, Lin et al. [53] observed that genes related to cellular senescence
could significantly influence the composition and distribution of the tumor immune infiltrate. The unregulated activation of the MAPK
pathway plays a significant role in the oncogenic transformation of mammalian cells [54]. Senescence is a complex biological process
with both cell-autonomous and paracrine effects, exerting a significant impact on the microenvironment [55,56]. However, the fold
enrichment observed in the KEGG analysis was modest, which could be attributed to the relatively small sample size used in this study
and interpatient heterogeneity. To fully assess the biological relevance of these pathways, further validation in larger, more diverse
cohorts is necessary. Expanding the sample size in future studies will help confirm the significance of these pathways and provide a
more robust understanding of their functional role in carcinogenesis.

The epigenetic signature identified in our study compares well to other blood-based studies of lung adenocarcinomas. Methylation
of PTGER4, RASSF1A and SHOX2 has been the most extensively examined, with these markers offering an AUC of 0.94 in blood for the
diagnosis of all lung cancer types, with 89 % sensitivity for adenocarcinomas [57]. A similar model using only PTGER4 and SHOX2
offered an AUC of 0.95 in plasma [58]. Other commercially-available marker panels such as Lung EpiCheck have been similarly
effective [59]. Other proposed markers include FUT7 [60] and PNPLA2 [61]. Recently, a panel of seven genes demonstrated promising
detection rates for lung cancer compared to healthy controls, with a sensitivity of 86.7 %, specificity of 81.4 %, and an AUC of 0.891
[62]. We also cross-evaluated the methylation probes identified in Moon’s [63] and Fasanelli’s [25] studies using validation datasets.
Our signature loci demonstrated superior performance compared to the probes reported in those studies (Supp Fig. 2). However,
further work will be required to evaluate its performance as a diagnostic test, such as assessing the sensitivity in detection of early
disease.

Due to the absence of publicly-available and blood-based validation datasets, we have been unable to test our signature further to
evaluate its relative performance. While the relatively low number of blood samples from patients is a further limitation of our study, it
should be noted that the blood samples originated from individuals of Asian descent while the selection of signature loci was based on
methylation and gene expression data from a tissue database representing a diverse ethnic mix. This may provide some confidence that
the signature may hold true across diverse ethnic groups. It is also important to note that while these loci show large changes in
methylation within tumors (Δβ>0.2), the differences measured in blood were significantly more subtle. Further work will be required
to determine the sensitivity of the signature in cfDNA in comparison to whole blood samples.

Sputum samples may offer an alternative approach to non-invasive testing that avoids some of the issues inherent in the use of
blood. RASSF1A and SHOX2 methylation testing offers a sensitivity of 81 % and specificity of 97 % in bronchoalveolar lavage fluid,
with an AUC of 0.89 [64], while the use of SHOX2 as a single gene marker offers similar performance in bronchial aspirates (AUC =

0.94) [4] and blood (AUC = 0.91) [65]. Elsewhere, methylation-specific PCR-based testing of alternative three-gene panels has
demonstrated superior performance in sputum in comparison to plasma [66]. In parallel to evaluating the two DMP signatures in blood
samples from an independent patient cohort, it will be important to examine the signatures in alternative biofluids such as sputum or
bronchial washings, to determine the most effective method for non-invasive screening of lung cancer. Since sputum and bronchial
washings are more directly associated with the respiratory tract, they may provide a more sensitive and specific reflection of
tumor-related methylation changes. Comparing the diagnostic performance of these sample types alongside blood-based biomarkers
could lead to a more comprehensive understanding of the optimal non-invasive screening approach, potentially improving early
detection and patient outcomes. Moreover, functional assays could further demonstrate clinical relevance by revealing the mechanistic
function of the changes in carcinogenesis and disease progression.

5. Conclusions

Our two DMP signatures offer promising performance in both lung tissue and blood for the identification of LUAD. Furthermore, to
harness the advantages of utilizing these signature loci, longitudinal studies on DNA methylation as a potentially crucial indicator of
tumorigenesis will contribute to the identification of potential biomarkers for prognostic purposes.
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