figure1:Flowchart of this study
figure2:Anoikis (ANO) characteristic in the singlecell transcriptome.
	A t-SNE plot showing the cell types identified by marker genes. 
	B Heatmap showing the top 4 marker genes in each cell cluster.
	C The activity score of Anoikis (ANO) in each cell.
	D The distribution of the ANO score in different cell types.
figure3:Identification of anoikis-related genes (ARS).
	A Dendrogram showing the hierarchical clustering of TCGA-LUAD samples. The bottom heatmap represents each sample's ANO score, calculated by ssGSEA algorithm. 
	B Cluster dendrogram of the WGCNA analysis
	C Module-trait heatmap showing that the MEbrown module was closely related to the ANO trait. 
	D Volcano plot showing the results of differential analysis of TCGA-LUAD tumor samples and normal samples, with the top 5 upregulated or downregulated genes specially marked.
	E Venn plot showing the intersecting genes between MEbrown module and DEGs in bulk RNA-seq.
	F GO enrichment of the anoikis-related genes.
	G Copy number variation (CNV) frequency of anoikis-related genes.
figure4:A consensus ARS was developed and validated via the machine learning-based integrative procedure.
	A-B Visualization of LASSO regression in the TCGA-LUAD cohort. The optimal λ was obtained when the partial likelihood deviance reached the minimum value.
	C Visualization of LASSO regression in the TCGA-LUAD cohort. 
	D-G Kaplan–Meier curves of OS according to the ARS in the TCGA-LUAD, GSE29013, GSE42127 and TCGA-DDS based on the log-rank test.
	H A total of 101 kinds of prediction models via a tenfold cross-validation framework and further calculated the C index of each model across all validation datasets. 
figure5:Evaluation of the ARS model. 
	A-C ROC curves showing the specificity and sensitivity of ARS in predicting 1, 3, and 5-year OS in TCGA-LUAD, GSE29013 and GSE42127.
	D The distribution of clinical characteristics and the expression of model genes according to the ARS risk score.
	E-F The difference in risk score between patients grouped by T stage.
	G Correlation between the ARS low and high risk groups and clinical characteristics. 
	H The proportion of M stage in ARS risk subgroups
	I ROC curves of ARS in predicting the metastasis of NSCLC.
figure6:Establishment and verification of the nomogram.
	A-B Univariate and multivariate analyses of the clinical characteristics and ARS for the OS in the TCGA-LUAD cohort.
	C The comparison of the C index between the nomogram and other clinical characteristics.
	D Calibration curve of the nomogram for 1, 3, and 5-year OS.
	E  Construction of the nomogram based on the ARS and clinical characteristics, including age, grade, stage, and T.
	F Decision curve analysis (DCA) showing the net benefit by applying the nomogram and other clinical characteristics
figure7:The transcriptome features of patients with various ARS in NSCLC.
	A Ridge plot showing the GO terms enriched in the low-risk group.
	B GO terms enriched in the high-risk group by GSEA analysis.
	C Differences in hallmark pathway activities between the highand low-risk groups scored by GSVA. 
	D Correlation between the risk score and hallmark pathway activities scored by GSVA.
	E-G IL6-JAK-STAT3, HYPOXIA, E2F signaling pathways
figure8:Genetic alterations associated with ICDRS between low- and high-risk groups.
	A Violin plot showing the difference in mutant allele tumor heterogeneity (MATH) score between the high and low-risk groups.
	B Kaplan–Meier curve analysis for OS by combining the MATH score and the ARS risk score.
	C-D The waterfall plot of the somatic mutation landscape in high- and low-risk patients in the TCGA-LUAD cohort.
	E-F Heatmaps showing the association of co-occurrence and exclusive mutation among the top 20 mutated genes in high- and low-risk groups.
	G Distribution of CNV frequency among DEGs between high- and low-risk groups. 
figure9:The immune landscape associated with ARS in NSCLC.
	A-C The immune score, the ESTIMATE score, and the tumor purity were applied to quantify the different immune statuses between the highand low-risk groups. 
	D-E The abundance of each TME-infiltrated cell type between high- and low-risk groups, quantified by the CIBESORT algorithm and the ssGSEA algorithm.
	F The association between TME-infiltrated cells and genes built-in ARS.
	G Correlation analysis between TME infiltrated cells and ARS.
	H Venn plot showing the intersecting TME-infiltrated cell types of differential analysis, correlation analysis, and survival analysis
figure10:
	A Heatmap showing the difference in the seven-step anticancer immunity cycle activity between high- and low-risk groups.
	B The radar plot demonstrating the difference in the ability of ARS subgroups to recruit immune cells.
	C The expression of immune checkpoints in high- and low-risk groups. 
	D-G The IPS score between highand low-risk groups.
	H A boxplot illustrating the variation in tumor mutation burden (TMB) score between high- and low-risk groups of the IMvigor210 cohort.
	I The proportion of CR/PR or SD/PD patients, who received immunotherapy, in high- and low-risk groups of the IMvigor210 cohort.
	J A boxplot depicting the difference in risk score between patients with CR/PR and those with SD/PD in the IMvigor210 cohort.
	K A boxplot illustrating the variation in risk score among patients with CR, PR, SD, and PD in the IMvigor210 cohort. *p < 0.05, **p < 0.01, ***p < 0.001
figure11:Association between the ICDRS and drug sensitivity.
	a-e A comparison of the sensitivity to tyrosine kinase inhibitors (TKIs) and cytotoxic drugs, including cisplatin, paclitaxel, ositinib, gefitinib and gemcitabine, between high- and low-risk groups.
	f-j The correlation between the risk score and the half-maximal inhibitory concentration (IC50) of small molecule drugs, including cisplatin, paclitaxel, ositinib, gefitinib and gemcitabine, in NSCLC.
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