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Supplementary Data 13 

Contains: 14 

- Supplementary Figures S1 – S8 and their legends 15 

- Supplementary Methods 16 

- To accommodate the editorial process, and due to file constraints, Supplementary Tables S1 – S5 17 

are available as excel files, but omitted from the generated composite pdf file.  18 
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SUPPLEMENTARY FIGURES 19 
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Supplementary Fig. S1  22 

(A) Consensus clustering gene set enrichment scores of all TCs in the GEO dataset. Consensus 23 

matrix for a k of 50 gene set clusters. (B) Consensus clustering gene set enrichment scores of all 24 

TCs in the GEO dataset. Relative change in area under the consensus CDF curve with increasing k. 25 

26 
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Supplementary Fig. S2  28 

Scatter plots showing the maximum batch effect and tissue specificity for GEO (A) and TCGA (B) 29 

mTCs. Size of the dots correspond to the highest gene set enrichment score of that mTC. The 30 

magnitude of the batch effect in an mTC is estimated by the maximum fraction of the sample 31 

variance in an experimental batch that is explained by that mTC. Similarly, the tissue specificity 32 

of an mTC is estimated by the maximum fraction of the sample variance in a tissue type that is 33 

explained by that mTC.   34 
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Supplementary Fig. S3  36 

Scatter plot showing absolute spearman correlation coefficients (x-axis), versus the percentage 37 

of overlapping top genes (genes with absolute weight >3) between mTCs from different datasets 38 

(y-axis). Only significant pair-wise correlations (with P-value <0.05 and top gene overlap 39 

significance <0.05) are shown. Colored dots show absolute correlations > 0.5, the size of the dots 40 

represent the P-value of these spearman correlations. Scatter plots are shown for correlations 41 

between (A) GEO and TCGA mTCs, (B) GDSC and CCLE mTCs, (C) GEO and GDSC mTCs, (D) TCGA 42 

and GDSC mTCs, (E) GEO and CCLE mTCs, (F) TCGA and CCLE mTCs. (G) Pie graphs quantifying the 43 

amount of mTCs with high correlations for every dataset.  44 
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Supplementary Fig. S4  46 

Dot plots showing the highest metabolic gene set enrichment score for every CCLE (A) and GDSC 47 

(B) mTC (x-axis) versus the percentage of metabolically annotated genes in the top genes (genes 48 

with absolute weight >3) in those mTCs (y-axis).  49 
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Supplementary Fig. S5  51 

(A) Metabolic landscape for CCLE samples. The 1,067 samples were hierarchically clustered and 52 

divided into 38 metabolic subtypes. (B) Metabolic landscape for GDSC samples. The 1,018 53 

samples were hierarchically clustered and divided into 36 clusters metabolic subtypes. Grey labels 54 

designate tissue types that are present in other datasets, but are not present in the given dataset. 55 

(C) Hierarchical clustering of activity scores of mTCs in samples from GEO and TCGA datasets used 56 

in order to define metabolic subtypes. The plot shows the minimum sample size of a cluster 57 

depending on the chosen cutoff height of the dendrogram resulting from hierarchical clustering. 58 

The heights at which the minimum cluster size reaches 50 is given for both GEO and TCGA 59 

datasets. (D) Hierarchical clustering of activity scores of mTCs in samples from CCLE and GDSC 60 

datasets used in order to define metabolic subtypes. The plot shows the minimum sample size of 61 

a cluster depending on the chosen cutoff height of the dendrogram resulting from hierarchical 62 

clustering. The heights at which the minimum cluster size reaches 50 is given for both CCLE and 63 

GDSC datasets. 64 

65 
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Supplementary Fig. S6  67 

Pie graphs depicting the tissue type composition of the 67 metabolic subtypes defined for the 68 

GEO dataset.  69 
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Supplementary Fig. S7  71 

Pie graphs depicting the tissue type composition of the 58 metabolic subtypes defined for the 72 

TCGA dataset.  73 
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Supplementary Fig. S8 75 

(A) Activity of GEO mTC 14 in samples, grouped per tissue type. Tissue types with a higher median 76 

activity highlighted in the text are given a red axis label, tissue types with a lower median activity 77 

highlighted in the text are given a blue axis label. (B) Activity of TCGA mTC 70 in samples, grouped 78 

per tissue type. Tissue types with a higher median activity highlighted in the text are given a red 79 

axis label, tissue types with a lower median activity highlighted in the text are given a blue axis 80 

label. 81 

  82 



18 
 

SUPPLEMENTARY METHODS 83 

Data acquisition 84 

A detailed description of the data acquisition of the four datasets has been described previously 85 

(17). In short, the GEO dataset contained microarray expression data generated with Affymetrix 86 

HG-U133 Plus 2.0 (accession number GPL570). To select healthy or cancer tissue samples, a two-87 

step search strategy was applied – automatic filtering on keywords followed by manual curation. 88 

Samples from cell lines, cultured human biopsies and animal-derived tissue were excluded. The 89 

TCGA dataset contained the pre-processed and normalized level 3 RNA-seq (version 2) data for 90 

34 cancer datasets available at the Broad GDAC Firehose portal 91 

(https://gdac.broadinstitute.org/). The profiles in the CCLE dataset were obtained from the CCLE 92 

project, which conducted a detailed genetic characterization of a large panel of human cancer cell 93 

lines. Expression data within the CCLE project was generated with Affymetrix HG-U133 Plus 2.0. 94 

The GDSC dataset contained expression data generated with Affymetrix HG-U219. The aim of the 95 

GDSC project is to identify molecular features of cancer that predict response to anti-cancer 96 

drugs. 97 

 98 

Preprocessing, normalization and quality control 99 

A more detailed description has been provided previously (Bhattacharya et al., 2020). In short, 100 

preprocessing and aggregation of raw expression data (CEL files) within the GEO dataset, CCLE 101 

dataset and GDSC dataset was performed according to the robust multi-array average algorithm 102 

with RMAExpress (version 1.1.0). Quality control was performed on the GEO dataset, CCLE 103 

dataset and GDSC dataset separately with principal component analysis (PCA). Duplicate CEL files 104 
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were removed by generating a message-digest algorithm 5 (MD5) hash for each CEL file. The 105 

expression levels for each probeset (in the GEO dataset, CCLE dataset and GDSC dataset) or gene 106 

(in the TCGA dataset) were standardized to a mean of zero and variance of one to remove 107 

probeset-specific or gene-specific variability in the datasets. 108 

 109 

Consensus independent component analysis 110 

We used consensus independent component analysis (c-ICA) to segregate the average gene 111 

expression patterns of complex biopsies into statistically independent transcriptomic footprints. 112 

The input gene expression dataset was preprocessed using whitening transformation, making all 113 

profiles uncorrelated and giving them a variance of one. Next, ICA was performed on the 114 

whitened dataset using the FastICA algorithm, resulting in the extraction of estimated sources 115 

(ESs) and a mixing matrix (MM). The number of principal components which captured 90% of the 116 

variance seen in the whitened dataset was chosen as the number of ESs to extract. Each ES 117 

contains all genes with a specific weight. This weight represents the direction and magnitude of 118 

the influence of an underlying transcriptional regulatory process on the expression level of that 119 

gene. The MM contains the coefficients of ESs in each sample, representing the activity of an ES 120 

in the corresponding sample. We performed 25 ICA runs with different random initialization 121 

weight factors to assess the robustness of the ESs and exclude ICA results derived from 122 

convergence at local solutions. ESs extracted from these runs were clustered together if the 123 

absolute value of the Pearson correlation between them was > 0.9. We calculated consensus 124 

transcriptional components (TCs) by taking the mean vector of weights in the co-clustering ESs. 125 

We considered a consensus TC robust when clustering included individual TCs from > 50% of the 126 
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runs. The consensus TCs, in combination with the original input expression profiles, were used to 127 

obtain the consensus mixing matrix (MM) with the individual activity scores of the consensus TCs 128 

in each sample via matrix inversion. 129 

 130 

Identification of transcriptional components enriched for metabolic processes  131 

First, we selected gene sets defining metabolic process from five gene set collections obtained 132 

from the Molecular Signatures Database (MSigDb version 6.1); BioCarta, Gene Ontology – 133 

Biological Process (GO-BP), Gene Ontology – Molecular Function (GO-MF), KEGG, and Reactome. 134 

From BioCarta, gene sets were selected manually on the basis of their title. Selected gene sets 135 

described metabolic pathways or regulatory pathways regulated by metabolic processes. From 136 

GO-BP, all gene set were selected that contained the motif ‘METABOLIC_PROCESS’ in the title. In 137 

addition, gene sets that contained the name of a metabolite or class of metabolites in 138 

combination with the motif ‘_TRANSPORT’ in the title were selected. Furthermore, gene sets not 139 

containing these title motifs, but nevertheless associated with (cancer) metabolism, were 140 

manually selected on the basis of metabolic pathway names. From GO-MF, all gene set were 141 

selected that contained the name of a metabolite or class of metabolites in combination with the 142 

motif ‘_ACTIVITY’ or ‘_BINDING’ in the title. From KEGG, all gene set containing the motif 143 

“METABOLISM” or “BIOSYNTHESIS” in the title in combination with the name of a known 144 

metabolic route was selected. Furthermore, gene sets concerning metabolism-related regulatory 145 

pathways were selected on the basis of their titles. From Reactome, all gene set that falls within 146 

the hierarchy of the “Metabolism”-pathways were selected (see reactome.org/PathwayBrowser). 147 
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The metabolism of Abacavir was not considered. A full list of all metabolic gene sets selected is 148 

presented in Table S1. 149 

 To identify transcriptional components enriched for metabolic processes, gene set 150 

enrichment analysis (GSEA) was performed using the selected metabolic gene sets. Enrichment 151 

of each metabolic gene set was tested according to the two-sample Welch’s t-test for unequal 152 

variance between the metabolic set of genes, which were under investigation, versus the set of 153 

genes that was not under investigation. To allow comparison between gene sets of different sizes, 154 

we transformed the Welch’s t statistic to a Z-score. 155 

  A biological process can be captured by multiple gene sets in several gene set collections. 156 

It is therefore possible that within the selection of 608 gene sets, multiple gene sets describe the 157 

same metabolic process. These will then show a similar pattern in gene set enrichment scores of 158 

transcriptional components. To reduce this redundancy, consensus clustering was performed 159 

gene set-wise on the GSEA data for the GEO, TCGA, CCLE, and GDSC datasets. Consensus 160 

clustering was performed using the ConsensusClusterPlus-package (v1.51.1) within R, using the 161 

default hierarchical clustering algorithm and Pearson correlation distance, a maximum amount of 162 

clusters (maxK) of 150, 2000 resamplings (reps), with 80% row and 80% column resampling 163 

(pFeature and pItem, respectively). The optimal number of clusters (k) was determined as the k 164 

at which the relative change in area under the CDF curve was minimized (<0.01). This resulted in 165 

a k of 50 clusters (Figure S1). 166 

The 50 clusters of gene sets were subsequently used to select transcriptional components 167 

based on their enrichment for metabolic processes. Per gene set cluster, the three TCs with the 168 

highest absolute enrichment score for any gene set in that cluster were selected. In addition to 169 
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this, the three TCs with the highest absolute mean enrichment score for all gene sets in that 170 

cluster were selected. The selected TCs were then referred to as metabolic Transcriptional 171 

Components (mTCs). In the end 4 different sets of mTCs were identified (GEO mTCs, TCGA mTCs, 172 

CCLE mTCs, GDSC mTCs) 173 

 174 

Pairwise gene level correlations of mTCs between datasets 175 

To correlate two mTCs of different datasets, first the subset of genes that had an absolute weight 176 

higher than 3 in two mTCs were selected. Then, the overlap between these two sets of top genes 177 

was determined. Using the gene weights of the overlapping genes in both mTCs, pairwise 178 

correlations were calculated. Specifically, Spearman correlations were performed in R using the 179 

pspearman-package (v0.3-0) in R, with a t-distribution as approximation to determine the p-value. 180 

As the amount of genes with an absolute weight above 3 was different for every mTC, the size of 181 

the overlap in genes between two mTCs changed as well. The significance of the Spearman 182 

correlation found between two mTCs therefore was dependent on the number of overlapping 183 

genes. Hence, additionally the significance of the found size of the overlap in genes between mTCs 184 

should be determined. To this end, for a pair of mTCs, two sets of random gene identifiers were 185 

selected from all possible gene identifiers. The amount of randomly selected genes per set 186 

corresponded to the number of genes with a weight >3 in both mTCs. Subsequently the overlap 187 

in gene identifiers between the two random sets of gene identifiers was determined. By repeating 188 

this 10,000 times, the chance of finding a given overlap between two sets of genes could be 189 

determined.  190 
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 Ultimately, mTCs were said to be concordant when their correlation was > 0.5, with a P 191 

value < 0.05, given that there was a significant overlap in genes (P value of overlap <0.05). 192 

 193 

Clustering of Metabolic Transcriptional Components, Genes and Samples 194 

For each of the four datasets, the matrix containing gene weights for every mTC was clustered on 195 

genes. To this end, hierarchical clustering was performed using ward.D2 as the method and 1-196 

cor(data) as the distance function. Heatmaps were created using R’s gplots package (v3.0.1).  197 

For each of the four datasets, the mixing matrix (MM) containing activity scores were 198 

clustered both on samples as well as mTCs. To this end, hierarchical clustering was performed 199 

using ward.D2 as the method and 1-cor(data) as the distance function. Heatmaps were created 200 

using R’s gplots package (v3.0.1). On the basis of the MM clustering for every dataset, metabolic 201 

subtypes were defined. To determine the sizes of clusters of samples that would make up a 202 

metabolic subtype, the dendrograms resulting from hierarchical clustering of the samples was 203 

systematically cut at dissimilarity values ranging from 0.0 to 8.0 with increments of 0.2. For each 204 

of the four datasets GEO, TCGA, CCLE and GDSC, the cutoff was chosen at such a dendrogram 205 

height at which the smallest cluster reached a size of 50 samples (Figure S6). 206 

 207 

CIBERSORT  208 

Relative and absolute immune fractions for 22 immune cell types were estimated for all samples 209 

in GEO and TCGA datasets using the CIBERSORT algorithm running with default parameters, 1000 210 

permutations and selecting ‘nosumto1’ as output. This output was then associated with the 211 

activity of the mTCs in samples, through spearman correlation. 212 
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 213 

Statistical Analyses 214 

Univariate OS on breast cancer samples from GEO and univariate DRFS analyses on melanoma 215 

samples from TCGA were performed using a cox regression model through survminer (v0.4.3) and 216 

survival (v2.43-3) packages in R. Confidence intervals were set at 0.95, and significance was tested 217 

through the Log Rank test. Scripts are available at github.com/MetabolicLandscape/.  Pearson 218 

correlations were performed in R using the cor.test()-function from the stats package (v.3.5.1). 219 

Spearman correlations and the corresponding exact p-values were calculated using the 220 

pspearman-package (v0.3-0) in R, with a t-distribution as approximation.  221 

 222 

Additional resources 223 

All identified mTCs and additional analyses can be explored at 224 

http://themetaboliclandscapeofcancer.com. 225 

 226 


