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Background

Lung cancer (LC) is a leading cause of cancer-deaths globally. Its lethality is due in large part to the paucity of accurate screening markers. Precision Medicine includes the use of omics technology and novel analytic approaches for biomarker development. We combined Artificial Intelligence (AI) and DNA methylation analysis of circulating cell-free tumor DNA (ctDNA), to identify putative biomarkers for and to elucidate the pathogenesis of LC.



Methods

Illumina Infinium MethylationEPIC BeadChip array analysis was used to measure cytosine (CpG) methylation changes across the genome in LC. Six different AI platforms including support vector machine (SVM) and Deep Learning (DL) were used to identify CpG biomarkers and for LC detection. Training set and validation sets were generated, and 10-fold cross validation performed. Gene enrichment analysis using g:profiler and GREAT enrichment was used to elucidate the LC pathogenesis.



Results

Using a stringent GWAS significance threshold, p-value <5x10-8, we identified 4389 CpGs (cytosine methylation loci) in coding genes and 1812 CpGs in non-protein coding DNA regions that were differentially methylated in LC. SVM and three other AI platforms achieved an AUC=1.00; 95% CI (0.90-1.00) for LC detection. DL achieved an AUC=1.00; 95% CI (0.95-1.00) and 100% sensitivity and specificity. High diagnostic accuracies were achieved with only intragenic or only intergenic CpG loci. Gene enrichment analysis found dysregulation of molecular pathways involved in the development of small cell and non-small cell LC.



Conclusion

Using AI and DNA methylation analysis of ctDNA, high LC detection rates were achieved. Further, many of the genes that were epigenetically altered are known to be involved in the biology of neoplasms in general and lung cancer in particular.
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Introduction

Lung cancer (LC) is the leading cause of cancer deaths in the US and worldwide  (1). There has been a dramatic rise in the incidence of this disorder over earlier decades largely due to smoking and more recently to environmental pollution among non-smokers. The 5-year survival rate is dismal at 4-17% (2) making LC the deadliest cancer in the USA. As per the International Agency for Research on Cancer (IARC) GLOBOCAN cancer statistics, 2.21 million cases of lung cancer cases were diagnosed in the year 2020 and 1.79 million deaths were registered worldwide (3). This high mortality is due principally to the late stage at which most cases are diagnosed highlighting the urgent need for the development of accurate biomarkers.

The US Preventative Services Task Force (USPTF) has recommended routine low-dose computed tomography (LDTC) LC screening of a defined population of high risk individuals (4). The USPTF however found that LDTC screening was associated with harms which included high false positive rates resulting in unnecessary tests and invasive procedures, incidental non-cancerous findings, overdiagnosis and radiation exposure. They therefore called for more research to develop biomarkers to improve the detection rate and lower the false positive rate of LDTC screening (4).

Significant focus has historically been placed on the role of gene mutations in the development of cancer. The extreme variability in the types of gene mutations in cancer however, has made it difficult to develop high sensitivity biomarkers for cancer diagnosis (5) using this approach. The stability and widespread nature of epigenomic changes in cancer has fueled its increasing study for understanding both the pathogenesis of cancer and for novel biomarker development. The best understood and most extensively studied epigenetic change is DNA methylation (6) which can alter gene expression.


Epigenetics and Cancer

Epigenetics is believed to play a key role in the neoplastic transformation of stem cells to form microscopic benign tumors (7), with extensive increase or decrease of methylation throughout the genome in most and possibly all tumors (8). Many studies have shown that tobacco smoke and other environmental exposures are important in LC pathogenesis, and induce significant epigenetic changes (9–12). Given the extensive degree of methylation changes throughout the genome and the likely role in neoplastic transformation, DNA methylation has great promise as an accurate and early potential biomarker for the detection of cancers.



Circulating Tumor DNA and LC

‘Liquid biopsy’ involves the harnessing of circulating tumor nucleic acids, such as tumor DNA (ctDNA), micro-RNA, exosomes, and tumor-educated platelets for LC (13) for cancer and other investigations. CtDNA describes cellular DNA released into the bloodstream and is present in higher amounts in cancer compared to normal cases. Several mechanisms such as necrosis and apoptosis induce this DNA release. Furthermore, it is known that newly synthesized DNA is periodically released even from viable intact cells. As a consequence, circulating tumor DNA (ctDNA) has gained increasing attention as a possible source of LC biomarkers (14) both for disease detection and real-time minimally invasive monitoring.

At its core, Precision Medicine deploys a combination of powerful biological approaches (e.g. genomics) and computational and bioinformatic tools for the detection and investigation of complex disorders. Precision Oncology is an established NIH priority (15). We have previously focused on the use of Machine Learning based Artificial Intelligence (AI) and ‘omics’ including epigenomics, metabolomics and proteomics for interrogation of disease mechanisms and the accurate detection of complex disorders (16, 17). Clinically validated DNA methylation markers currently do not exist for LC. In this study we used DNA methylation analysis of ctDNA to interrogate the molecular mechanisms of LC. Further, using multiple AI platforms combined with epigenomic markers, we accurately and minimally-invasively detected LC.




Materials and Methods


Study Subjects and Sample Collection

This study was approved by Beaumont Institutional Review board (IRB#2018-306). Written patient consent was obtained. Blood samples were prospectively obtained from 10 LC cases and 20 controls in the present study. Only cases without any prior treatment for prior or current treatment for lung or other cancers were included in the study. Streck Cell-Free DNA BCT® tubes were used for collecting the blood samples from each study subjects. These tubes are designed to avoid the leukocyte genomic DNA contamination and thus minimizing the dilution and contamination of the cell-free (cf) DNA (18). Medical record numbers were removed, and unique study IDs were allocated to each sample for the purpose of de-identification of samples for laboratory analysis. All samples were processed within 24 hours of sample collection by centrifuging for 15 minutes at 3000 x g and aliquoting plasma into cryogenic vials. Samples were then stored at −80°C until further laboratory analysis (19). The Figure 1 represents the overview of research methodology including downstream steps considered in the present study.




Figure 1 | Overview of research methodology – The figure outlines the sample collection, bisulfite conversion, methylation profiling followed by statistical and artificial intelligence analysis.





Sample Processing and Methylation Profiling

The cf-DNA was extracted using the QIAamp circulating nucleic acid kit (Qiagen Cat # 55114) manual vacuum manifold method. The samples were bisulfite converted using EZ DNA Methylation Kit (Zymo, USA) according to the standardized manufacturer’s protocol. DNA methylation, analysis was performed using the Illumina Infinium MethylationEPIC BeadChip arrays (Illumina, Inc.). The array analyzes approximately 850,000 cytosine (‘CpG’ or ‘cg’) loci covering intragenic and extragenic regions of genome. The assay was performed based on the manufacturer’s protocol, as described in detail previously (20).



Statistical Analysis

The raw iDat files were analyzed using Illumina GenomeStudio software as described in our earlier studies (20). The β-values (methylation level at each cytosine locus) were measured and compared for statistical differences between the LC and control groups at each cytosine locus using the genome build hg37. To avoid gender bias, the CpG sites on the X and Y chromosomes were not considered in further analyses. Also, CpG loci within 10bp of any Single Nucleotide Polymorphism (SNPs) as observed on Single Nucleotide Polymorphism Database (dbSNP) were excluded as well to avoid genetic (e.g. mutations, single nucleotide polymorphisms) effects on methylation (21). For each CpG marker, the Area Under the Receiver Operating Characteristic (AUC) curve was computed using the R packages dplyr, reshape2 and ROCR. The genome-wide association studies (GWASs) significance p-value threshold < 5x10-8 (22) was to designate significant CpG methylation change at each site.



Artificial Intelligence and Predictive Models for LC Detection

An important aim of our study was to test the performance of AI generated predictive algorithms, consistent with the objectives o Precision Oncology, for the detection of LC. AI ranked the top CpG markers in decreasing order of predictive ability. The top markers were then combined to generate the predictive algorithms for each AI platform. A total of six different AI algorithms were used to as previously reported (17, 23, 24). These platforms were: Random Forest (RF), Support Vector Machine (SVM), Linear Discriminant Analysis (LDA), Prediction Analysis for Microarrays (PAM), Generalized Linear Model (GLM) and Deep Learning (DL). Each has relative strengths and limitations. The data was split into a training set (80% of subjects) and validation set (the remaining 20%) and 10-fold cross validation was performed. The splitting process was repeated ten times and the average area under the receiver operator characteristics curve (AUROC or AUC) and 95% confidence intervals was calculated for LC detection, along with sensitivity and specificity values (25). Bootstrapping using random sampling with replacement was also performed to optimize the accuracy of the estimates. The R package “Caret” was used to optimize predictions for five AI algorithms (RF, SVM, LDA, PAM and GLM) (https://cran.r-project.org/web/packages/caret/caret.pdf), and the package h2o was used to tune the parameters of DL algorithm (https://cran.r-project.org/web/packages/h2o/h2o.pdf) (26–28). The variable importance functions varimp in h2o and varImp in caret R packages were utilized to rank the models features in each of the predictive algorithms. We used pROC R package to compute the AUC, specificity and sensitivity values of the models (29). The detailed descriptions of AI algorithms, cross validation, bootstrapping, and feature ranking are provided in a Supplementary Methods Section.



Disease and Functional Enrichment Analysis

All analyses were performed using R programming language (v. 4.1.0). The EPIC array CpG loci were annotated using IlluminaHumanMethylationEPICanno.ilm10b4.hg19 Bioconductor package. For each CpG locus we determined the associated gene if any using the UCSC reference gene names (UCSC_RefGene_Name). When multiple genes were associated with a single CpG locus, the most frequently associated gene with that locus was used. Genomic Regions Enrichment of Annotations Tool (GREAT) was used to determine the number of CpGs associated with each gene and the distance of CpGs from the transcription start site (30). CpG methylation changes in transcription start site are more likely to be associated with altered gene expression and therefore to have an identifiable biological effect. g:profiler enrichment was performed using genes associated with statistically significant CpG loci as foreground and all annotated genes as background. R package gprofiler2 (v. 0.2.0) was used to make the enrichment API call with default parameters (31). miRNA enrichment analysis was performed by subjecting significant miRNAs to “miRNA Enrichment Analysis and Annotation Tool” (miEAA) v2.0 (32). We also searched for long non-coding RNA (lncRNA) using “LncExpDB” (33).



Principal Component Analysis

Given the large number of potential CpG epigenetic predictors generated, dimensionality reduction was performed using Principal Component Analysis (PCA). This approach reduces the number of predictors (dimensionality reduction) and thus simplifies and enhances the interpretability of the data. A visual display is generated showing whether with a limited number of CpG predictors the two groups (LC and controls) can be discriminated. We performed principal component analysis (PCA) MetaboAnalyst (v4.0) (34).




Results

The demographic details of the study subjects are provided in Table 1. All study participants were of Caucasian race. The mean age between two groups was different (Mean age of cases is 64 years and controls were of 75 years, p-value < 0.01), BMI was also lower in LC cases. We therefore performed analysis adjusting for these confounders as well as gender. There were no differences between groups in the frequency of a positive family history for cancer. The histologic types and disease staging of the LC is also presented in Supplementary Table S1. Principal component analysis (PCA) showed very good visual the separation of LC and control groups (Supplementary Figure 1) using methylation markers. Using the GWAS significance threshold of p-value < 5x10-8 (22) we found a total of 4389 CpG loci (intragenic region) (3921 genes) that displayed significant methylation change in LC. Of the total of 4389 CpGs, 2906 were hyper-methylated (increased methylation) and 1483 CpGs were hypo methylated (decreased) in LC compared to control group (Supplementary Table S2).


Table 1 | The demographic characteristics of lung cancer cases and controls.



We identified 1812 significantly differentially methylated CpGs in non-protein coding region of genome (intergenic region). Among them, 1067 CpGs were hyper methylated and 745 were hypo methylated CpGs (Supplementary Table S3). We found that 99% of these CpGs on both intra and intergenic CpGs showed methylation difference of greater than 5%. It should be noted that the higher the methylation difference the more likely is the epigenetic change to correlate with altered gene expression.


Artificial Intelligence and Lung Cancer Detection

A total of 19 individual CpGs among the intragenic CpGs and four among the intergenic CpGs had an excellent individual predictive value for LC detection based on AUC (AUC =1.00). We performed AI analysis using six different algorithms. Each AI platform was used to rank the CpG markers in decreasing order of predictive ability. We developed separate intragenic (within the gene) and intergenic (based on CpG markers) algorithms for LC detection. Using a 10-marker based algorithm, Five of the 6 AI algorithms using intragenic CpG markers achieved an excellent to outstanding diagnostic performance based on AUC (95% CI). These included SVM, GLM, RF and LDA with AUC=1.00 and 95% CI (0.90-1.00). DL had an AUC (95% CI) =1.00; (0.95-1.00) with 100% sensitivity and specificity, Table 2. Bootstrapping yielded excellent predictive accuracies, Table 2A. Equal or slightly lower detection rates were achieved when only 5 markers were used. For example, for SVM the AUC (95% CI) =1.00; (0.90-1.00) with 90% sensitivity and 100% specificity and for DL AUC (95% CI) =1.00; (0.95-1.00) with 100% sensitivity and 100% specificity. Likewise, when using 20 markers in the algorithm, the predictive accuracy was slightly higher but generally comparable to the 10-marker model. For example, for SVM the AUC (95% CI) =1.00; (0.90-1.00) with 94% sensitivity and 100% specificity and for DL AUC (95% CI) =1.00; (0.95-1.00) with 100% sensitivity and 100% specificity.


Table 2 | Artificial Intelligence based prediction on methylation of cf-DNA Lung Cancer for the coding region CpGs (top 10 Variables).




Table 2A | Bootstrapping based on methylation of cf-DNA Lung Cancer for the coding region CpGs (top 10 Variables).



Likewise, using intergenic (non-coding region of the DNA) CpG markers, SVM, GLM, RF and LDA had excellent to outstanding diagnostic performance with AUC (95% CI) =1.00 (0.90-1.00) and DL performed with AUC (95% CI) =1.00 (0.95-1.00) and 100% sensitivity and specificity Table 3. Bootstrapping achieved similar detection performances Table 3A.


Table 3 | Artificial Intelligence based prediction on methylation of cf-DNA Lung Cancer for the non-coding region CpGs (top 10 Variables).




Table 3A | Bootstrapping based on methylation of cf-DNA Lung Cancer for the non-coding region CpGs (top 10 Variables).



We identified 52 genes with at least 3 of their constituent CpGs significantly differentially methylated, 10294 genes had 2 CpGs and 5586 genes were found to have one CpG that had significant alteration in the methylation level in the ctDNA from LC versus normal group. The orientation of the CpGs from Transcription Start Site (TSS) and absolute distance from TSS are depicted on Figure 2. The closer the CpG locus is to the TSS the greater is the likelihood that the methylation change will be biological significant i.e., result in altered gene expression.




Figure 2 | Distance of significantly methylated CpGs’ from Transcription Start Site (TSS) in Lung cancer.



Due to the difference in age group of cases and controls, we performed further analysis in which potential confounders such as age and gender were considered with CpG markers. A 50-marker algorithm did not find any of these potential confounders to contribute significantly to LC prediction. All 50 markers for each AI platform were CpG loci for both the intra- and extra-genic analyses (Supplementary Table S4).



Gene Enrichment Analysis

There were 4 significantly enriched terms associated with LC. (1) WikiPathways - Non-small cell lung cancer (NSCLC) (WP : WP4255, p=1.76e-7), (2) KEGG Non-small cell lung cancer (KEGG:05223, p=5.33e-7), (3) WikiPathways - Small cell lung cancer (WP : WP4658, p=0.0020) and (4) KEGG - Small cell lung cancer (KEGG:05222, p=0.0034). The constituent genes in these significantly enriched pathways that were found to be epigenetically altered are listed in Supplementary Table S5 along with their known or putative roles in LC and in neoplasms in general. Overall, these individual genes based on the quoted references, appear to have a significant role in LC and neoplastic transformation. The epigenetic dysregulation of known LC and cancer molecular pathways lends biological credibility to our findings and supports the argument for a significant role of DNA methylation changes in LC development.

Overall, miRNA genes (epigenetically altered in LC) were found to be enriched and was the top significant term with p-value of <8.24e-239 based on g:profiler enrichment analysis. We observed 45 miRNA genes to be significantly differentially methylated in our study. The CpGs (49 CpGs) encompassing regions of these 45 miRNA genes are provided on Supplementary Table S6 (This is a subset data of Supplemental Table S2) and their enrichment status relative to lung cancer is detailed (Supplementary Table S7). We also identified 70 CpGs from 66 lncRNA genes that were differentially methylated and associated with LC. The CpGs corresponding to lncRNAs are provided in the Supplementary Table S8 (This is a subset data of Supplementary Table S2). A few of these differentially methylated lncRNAs were previously found to be associated with lung cancer as detailed in the Supplementary Table S9.




Discussion

In 2017 the U.S. Food and Drug administration (FDA) established the Oncology Center of Excellence to promote Precision Medicine in oncology and for the development of new cancer therapies. Its writ included the development of biomarker-based treatments and is grounded in the advances made in our understanding of the genomics of cancer pathogenesis and propagation (35). As noted previously, key to the improvement of LC outcomes will be the development of accurate biomarkers. The potential therapeutic value of liquid biopsies including ctDNA in oncology, have been addressed in other reviews (36). These include cancer screening and diagnosis in asymptomatic populations, identifying individual patients for specific treatments, identifying evidence of residual disease after treatment, predicting the risk of relapse, detection of recurrence, distinguishing true from pseudo progression and reducing prolonged or unnecessary treatments in patients. We combined AI with the DNA methylation analysis of circulating tumor DNA to investigate both the mechanism and for the minimally-invasive detection of LC. We achieved highly accurate detection of LC using six different AI platforms with AUC = 0.90-1.0 and high sensitivity and specificity values. For example, Deep Learning achieved high performance with AUC (95% CI) =1.0, with 100% sensitivity and specificity in this preliminary study. High diagnostic accuracies were similarly achieved with algorithms based on combinations of smaller or larger numbers of individual CpG epigenetic markers. The excellent performance was also achieved when only intragenic or alternatively intergenic CpG loci were considered. In the present study, the classes are moderately imbalanced (i.e., no worse than 10:1). Hence, we did not perform analysis to limit the class imbalance which would otherwise have no huge benefit of considering either weighting or sampling techniques to limit the class imbalance. If there was a class imbalance, we would consider different methods to help improve classification performance. Some of the popular techniques to deal with class imbalances are: (i) Class weights: impose a heavier cost when errors are made in the minority class, (ii) Down-sampling: randomly remove instances in the majority class, (iii) Up-sampling: randomly replicate instances in the minority class and (iv) Synthetic minority sampling technique (SMOTE): down samples the majority class and synthesizes new minority instances by interpolating between existing ones.

We further found evidence of a significant role of epigenetic dysregulation in know molecular pathways involved in LC pathogenesis (discussed in more detail below). Confounders such as age and gender did not appear as independent predictors of cancer beyond the epigenetic markers when we adjusted for these confounders in AI analysis. This is likely due to the fact that these variables have an epigenetic impact which is already subsumed in the DNA data.

Freitas et al. (13) recently reviewed the literature on gene mutation analysis of ctDNA for LC detection. Overall, studies screening for multiple rather than a single cancer gene mutation in ctDNA appeared to have higher diagnostic performance. Gene mutation biomarker studies evaluating a combination from 3 to139 cancer related genes achieved a performance that varied from 33% sensitivity and 100% specificity to a high of 85% sensitivity and 96% specificity.

We focused on DNA methylation given the burgeoning evidence of the centrality of epigenomics in tumorigenesis (37). Other studies have confirmed the feasibility of this approach. Using a combination of methylation markers in 6 cancer genes based on plasma ctDNA analysis, Hsu et al. (38) achieved an 73% sensitivity and 82% specificity for LC detection. Begum et al. (39) performed methylation analysis using serum cell-free DNA. Using a combination of five genes they reported an 75% sensitivity and 73% specificity for LC detection. Zheng et al. (40) achieved a sensitivity of 83.64% and a specificity of 74.0% using a combination methylation profiling of five genes from plasma ctDNA.

Methylation analysis may have a future advantage in facilitating new therapeutic approaches. Targeted alteration of epigenomic changes is emerging as a potentially highly impactful therapeutic approach in cancer. This involves the precise targeting of DNA sequences to reverse or introduce epigenetic marks. The CRISPR/Cas 9 system appears to be the most exciting though not the only such approach (41). The CRISPR/Cas-9 approach has been used for targeted reversal i.e. removal of DNA methylation (demethylation) leading to gene activation in cancer (42).

An important objective of “Precision Oncology” is deploying omics and AI to investigate disease pathogenesis. Recent advances in machine learning (a branch of AI) point to a significant potential for future impact on medical research and practice. It has been noted that AI methods could potentially make significant contributions in the medical field in the following areas: understanding “disease underlying architecture, perform early diagnosis of diseases, and disease progression prediction” (43).

We found alterations in molecular pathways that are involved in non-small cell lung cancer (NSCLC), small cell lung cancer development. Our findings provide further evidence in support of the importance of epigenetic dysregulation in LC. Further, the association with known or suspected LC cancer molecular pathways gives biological plausibility to our findings. The cancer related functions of the genes found to be epigenetically dysregulated in this study is further summarized. In Supplementary Table S10, we list the function of genes that were identified to be epigenetically altered and determined by AI to be LC markers, along with their known or suspected roles in LC and neoplastic transformation based on the published literature. Given what is known about their apparent roles of these genes in the neoplastic process, it is therefore not surprising that they emerged as significant markers for LC detection. Examples of epigenetically modified genes that were found in our study and are catalogued in Supplementary Table S5 include FHIT, FN1, FOXO3 and GRB2. They are thought to regulate epithelial-mesenchymal transition and/or metastasis and associated with LC. Also, ITGA2, ITGA3 and ITGA6 are integrin coding genes that participate in cell adhesion, proliferation, and differentiation and are known to have anti-cancer properties in LC. It should be pointed out however that the LC roles of a significant number of genes that were epigenetically altered in our study are currently unknown. Should our findings be subsequently validated, the function of the latter genes in cancer should be investigated. Also, the function of the constituent genes involved in the enrichment pathways reveal an important role in neoplasms in general. Overall, our results were generally enriched with many genes currently known or suspected to be involved in carcinogenesis, giving biological plausibility to our findings.

MicroRNA (miRNA) are small single stranded non-coding RNAs. They play an important role in gene expression through the post- translational regulation of multiple other genes. This is accomplished by binding of miRNA to and degradation of the mRNA of other genes and thus inhibiting their expression. MicroRNA is another well-known epigenetic mechanism. DNA methylation in turn is critical in regulating the expression of miRNA genes (44). miRNA is increasingly being recognized as playing an important role in lung cancer including in tumorigenesis, tumor suppression, with value as biomarkers and potential therapeutic roles among others (45). In the current study, miRNAs overall were found to be significantly enriched, p-value of 8.24e-249, in our gene enrichment analysis. We found a total of 45 miRNAs that were significantly differentially methylated and most of them were enriched in various LC phenotypes (Supplementary Table S6) signifying the complex regulation of miRNA via methylation and regulation of gene expression in LC. Further, we performed a literature review to determine whether our overrepresented miRNAs and their targets were previously identified as having a role in LC pathogenesis. These include miR-96-5p previously identified as an oncogene in lung adenocarcinoma (46), miR-126, miR-212, miR-330, miR-432, miR-563, miR-663a, miR-1238 are considered to be tumor suppressor miRNAs (47–53), miR-136 is significantly upregulated in human NSCLC primary tumors (54). Further, miR-141-3p appears to have prognostic value and is a tumor suppressor involved in the NSCLC progression (55), miR-346 promotes cell growth and metastasis and suppresses apoptosis in non-small cell lung cancer (56), miR-601 is associated with cell apoptosis in lung cancer (57), miR-2861 expression was found to be higher in lung cancer stem cells (58), miR-1307 promotes the proliferation of lung adenocarcinoma (59), the miR-1469 is an apoptosis enhancer that regulates lung cancer apoptosis (60) and miR-200c plays a significant role in suppressing Epithelial-mesenchymal transition in lung cancer (61).

Based on circulating miRNAs studies, the circulating miRNAs, miR-10b and miR141 were found to be elevated in lung cancer cases (62), while circulating miR-487a, miR-30b, miR-601 were found to be associated with NSCLC (63). The serum exosome miR-96 has been identified as a biomarker for lung cancer (64). We also identified lncRNA genes that were differentially methylated in lung cancer and a few of these lncRNAs were already identified in various lung cancer studies (Supplementary Table S9).

Although very encouraging, our study is not without limitations. As a proof-of-concept study, the sample sizes were small. it is possible for example that more DNA methylation markers could be detected with the analysis of a larger sample cohort. Despite these limitations, high statistical significance was obtained. Due to the non-suitability of the circulating cell-free DNA for gene expression analyses, we were unable to assess gene expression associated with the methylation changes. We however searched databases based on two studies i.e. 65 (65) and 51 (66) that document gene expression changes in lung cancer tissue. We cross-matched their differentially expressed genes with our differentially methylated genes. We found the following genes to be both differentially expressed in LC tissue and differentially methylated in our study: DSC3, MUC1, VSNL1, RORC, ACSL5, KRT6B and TP63. Further, many of the CpGs that were epigenetically altered are located close to the gene transcription start site (TSS), which would indicate that methylation changes are likely to impact gene expression. Finally, there were many LC genes with methylation change ≥ 10%. This degree of methylation difference is generally associated with an increased likelihood of gene expression changes (67).


Conclusion

Using principles espoused in Precision Medicine, we report that a combination of DNA methylation analysis of circulating tumor DNA and AI achieved high LC detection rates based on this minimally invasive approach. High performances were observed with the analysis of either intragenic or intergenic areas of the DNA. In addition, many of the genes that were found to be differentially methylated in LC in our study are known or suspected, based on a search of the existing literature, to be involved in the mechanism of development, suppression, or growth of cancer in general including lung cancer. Larger confirmation studies will need to be performed in the future.
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Supplementary Figure 1 | Principal component analysis (PCA) showing separation of cases and control subjects based on methylation markers in Lung cancer.

Supplementary Table 2 | Significantly differentially methylated CpG markers (FDR-p values) for coding regions

Supplementary Table 3 | Significantly differentially methylated CpG markers (FDR-p values) for the non-coding DNA regions

Supplementary Table 6 | Significantly differentially methylated CpG markers (FDR-p values) for the miRNA coding genes (a subset of Supplementary Table S2).

Supplementary Table 7 | Over-representation of differentially methylated miRNA in lung cancer phenotypes based on multiple databases.

Supplementary Table 8 | Significantly differentially methylated CpG markers (FDR-p values) for the lncRNA coding genes (a subset of Supplementary Table S2).
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