Multiple approaches to elucidate subtypes of lung cancer patients
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According to the findings of a survey from Institute for Health Metrics and Evaluation (IHME),
cancer is the second cause of death worldwide[l]. In 2019, Lung & Bronchus cancer was e e T L it . 15
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cases In both males and females[2]. About 80 percent to 85 percent of lung cancers are non- | | !
small cell lung cancer(NSCLC)[3]. Lung adenocarcinoma(LUAD) is the most common type of e e —————— 1w me m
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Construct co-expression regulatory network with multi-omics data Fig3. Immune clustering results

The survival probability was higher in NMF subtype 3 and 4 clusters than In
other clusters.

We used expression data of 515 LUAD and 501 LUSC patients from TCGA database. By
bioinformatics approaches, co-expression networks are increasingly being used[4]. We used

WGCNA(Weighted correlation network analysis), Clust, CC(CrossClustering), K-means, SOMS, — |mmune cells such as CD8+ T cells are associated with prolonged survival of cancer patients
HC(Hierarchical Clustering) for clustering co-expression genes as a module of highly correlatec and increased efficacy of immunotherapy!12!.
expression genes. We divided genes into 51 modules. Then, we collected genomic anc According to the result of survival analysis of NMF subtypes, the survival probability was higher
epigenomic data from Encyclopedia of DNA Elements(ENCODE) database to understanc in NMF subtype 3 and 4 than other two subtypes.
transcriptional regulatory interactions based on co-expression modules. We modeled specific And according to our results(Fig3), NMF 3 subtype has high scores in T cells CD8+ and
transcriptional regulation in each module using various epigenome data as described in the enriched in hot tumor immunogram cluster.
previous study|[5]. Bayesian networks are a type of probabilistic graphical model that uses
Bayesian inference for probability computations[6]. Using Bayesian networks, we constructed T Subtypet | subtype? | Subtype3 | subtype+ [ NSSEEE N e
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(1,016 patients) Figd. Schematic diagram(left) and networks over-/under-expressed in specific subtype(right)
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Schematic diagram of discovering specific subtype-specific overexpression and under

" expression transcriptional regulatory networks(left). And result of discovery of networks
E overexpressed In subtype3 and under expressed In subtype 4. As a result of performing
o % ENCODE data pathway analysis on a network specifically overexpressed Iin patient subtype 3, cell adhesion
E,J,'O and migration were enriched, which was a pathway that was enriched even when analyzed
o based on multi-omics data. In addition, CDHS5, one of the core regulators of the transcriptional

regulatory network, is known to be involved in adhesion, and SYNPO protein, which is a one of

Clobal key factors Iin determining the sample subtypes, Is a transcriptional target of CHD5 and also
Protein Acetyl interacts with CHD5 proteins.
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Figl. Overview of Input data Our plan is to predict clinical traits(i.e., overall-survival, metastasis) with multi-omics data.
Finding networks that outstanding describes the characteristics of samples may contribute to a
Immune clustering progressing understanding of the correlation between alterations at the multi-omics level and the
patients’ clinical traits. We are also attempting to create a model that predicts patient’s
We used RNA expression data of 205 Tumor samples and 85 Normal adjacent tissues (NATS) ~ Prognosis.. - | | | |
samples generated from Asan Medical Center. We verified NMF subtypes(4 clusters) in each _The_ next goal is to create model that can predict prognosis of patients when a certain treatment
method using RNA expression data as described in the refs®101112 |n the Immunogram 1> 9IVen.

In addition, since the prognosis for treatment is different for each patient, it is also aimed to find

clustering method, GSVA was performed with gene sets involved in the Cancer-immunity _ _ _
a biomarker that can predict the prognosis for each treatment.

cycle(CLC), followed by K-means clustering(Hot, Cold, Warm)®l. In other method, samples was

clustered by Consensus Clustering(Hot, Cold, Warm, NAT enriched) using xcell scores

converted from RNA expression datall? 11, Finally, in the Fges clustering method, ssSsGSEA was
performed for 28 gene sets related to immune invasion to calculate nes for each sample. After
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