Comparative transcriptomic analysis of ovarian cancers in paraneoplastic cerebellar degeneration associated with anti-Yo antibodies
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Supplementary methods

Packages and versions:

Loading of raw files was made using pd.hta.2.0 package (version 3.12.1). Background subtraction, quantile normalization and summarization using a log2 expression scale were made with oligo package1 (version 1.34.2), using Robust Multi-Array Average (RMA) method. Normalization was made on 70 553 probes. A linear model was used to assess the quality of the transcriptomic data using the fitProbeLevelModel function. Annotation was made with packages AnnotationDBI2 (version 1.38.1) and org.hs.eg.db (version 3.2.3).
Normalization:

To avoid batch effect, normalization between datasets was performed using a cyclic loess nonlinear method with a fast implementation3. Comparability across datasets was assessed using several methods among which hierarchical clustering, principal component analysis (PCA), Pearson’s correlation analysis, before and after normalization. 
Machine learning classification of transcriptomic profiles:
We used the classification and regression training (caret package4, version 6.0-77). We used the entire list of common transcriptome dataset and we splitted into 60% sample of training and the rest as a test cohort considering the variable PCD to balance the distribution of class distributions between the splits. We then used glmnet package5 (version 2.0-10) that fits a generalized linear model via penalized maximum likelihood. We used a grid of values for the regularization parameter that maximizes the results. We also performed a second tuning parameter, the mixing percentage, that represents the elastic-net penalty. We used the trControl function to choose the optimal values of the tuning parameters using a 10-fold cross-validation. Finally, we predicted in the test cohort the identified optimal model using the predict method. Accuracy (true positives + true negatives) / (true positives + false positives + false negatives + true negatives) was obtained using the confusionMatrix function.
Statistical analysis:

Differential gene expression and pathway analysis:
Differential gene expression analysis was done by using a linear model implemented in the limma6 package (version 3.26.9). Benjamini-Hochberg7 (BH) method was used to correct multiple testing. Pathway analysis were done on the following Bioconductor packages: GSVA8 (version 1.18.0), Gage9 (version 2.26.1), ClusterProfiler10 (version 2.4.3). We also used the online software Enrichr11 and Gorilla10. False discovery rate (FDR) and p-value were respectively set to 0.05 when logFC was included in the analysis and 0.1 when unweighted gene names were used. GO (Gene Consortium Ontology) and KEGG (Kyoto Encyclopaedia for Genes and Genomes) ontologies were used in pathway analysis. Go terms summary and correlation analysis were made using G-SESAME13 online software, using Pearson correlation method. We Protein-protein network analysis was conducted on the online software NetworkAnalyst14 and the R package dnet15 (version 1.0.10). We used JASPAR16 database to analyze interaction of CDR2L and its related genes with transcription factors. We used BioGrid17 (version 3.4) and String18 (version 10.5) software to assess CDR2L related genes and proteins.


AIRE related gene analysis:
Hypergeometric testing was performed on all common genes between studies to assess whether the observed overlap was significantly greater than expected by chance alone. In the context of this test, we defined “enrichment ratio” as : enrichment ratio = observed gene counts / expected gene counts. To assess significance of overlap amongst differentially expressed gene list and AIRE related genes, we performed a bootstrap to estimate the p-value. For this, we used a total of two variables, representing differentially expressed gene list and AIRE related genes. Each variable constituted a vector of positions of length n matching the number of significant genes (n = 1314, for the DE gene list, n = 171, for the AIRE related gene list). We randomly allocated the positions in each variable vector to a vector of positions that represented the total number of genes in our analysis (n = 9035). We then counted the positions (i.e. rows) that were true for all two variables and repeated this process 106 times. We used the distribution thus generated to evaluate the fraction of permuted counts that was greater than our observed overlap and used this to approximate the p-value.
Analysis of non-random spatial distribution of DE genes:
We constructed a null model that allowed us to estimate the expected median genomic distance between genes given the size of this gene list. In order to visualize these effects, we plotted the localization of the differentially expressed gene list in a karyogram representation (Figure 4A). We also calculated the density of distribution of genomic regions that contained the differentially expressed gene list. The density for a region was defined as the percentage of a genomic window that was covered by the input genomic windows. We then calculated the gene-gene inter-distance (i.e. for a region there was a distance to the previous region and also there was a distance to the next region).
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