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Tumour compartment transcriptomics demonstrate the activation of inflammatory and odontogenic programmes in human adamantinomatous craniopharyngioma and identify the MAPK/ERK pathway as novel therapeutic target
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SUPPLEMENTARY RESULTS

Gene expression modules
The expression patterns of each module were plotted as heatmaps affirming the patterns highlighted in Fig. 1f (Suppl. Figs. 2-4 (Online Resource 3)).  Full details of genes within each module as well as the enriched ontologies can be found in Suppl. Table 4 (Online Resource 6). The brown and magenta modules are discussed in further detail in the main text. Below we describe the remaining modules, including further analysis of the blue and dark-turquoise modules. 

Black and dark grey modules
WGCNA analysis showed that the black module also correlated with tumour content (r=0.65, p=6x10-4), similar to the brown module but at a lesser extent. In addition, the black module correlated better with abundance of wet keratin (r=0.73, p=1x10-5) (Fig. 1f; Suppl. Fig. 2a,b (Online Resource 3)). The heatmap showed the highest expression of the black module genes predominantly in those tumour cases where wet keratin had been identified as a predominant feature (Suppl. Fig. 2b (Online Resource 3)). This module includes several keratins, keratin associated proteins and enamel proteins and proteinases (Suppl. Table 4a,d (Online Resource 6)). Likewise, the dark grey module also correlated with CTNNB1 mutation allelic frequency (r=0.78, p=6x10-6), but some genes were also expressed in control tissues (Suppl. Fig. 2c (Online Resource 3)). This module includes genes involved in cell-cell junction organisation and skin development (Supplementary Table 4a,f (Online Resource 6)). Among the brown, black and dark grey module, the brown module is more likely to specifically represent the molecular signature of the tumour cell compartment, hence excluding host-derived reactive tissue. We explore this module further in the main text. Black module genes are also further explored with respect to odontogenesis.

Blue and dark turquoise modules
Both the blue and dark turquoise modules, which closely correlated with the presence of glial tissue through WGCNA, were enriched for genes implicated in central nervous system development (Fig. 2f; Suppl. Table 4a,j,l (Online Resource 6)). This suggests that these genes are expressed by the reactive glial component of the specimens. This was validated by GSEA, which showed a significant enrichment of expression of the genes in these modules in laser capture micro-dissected reactive glial tissue when compared with isolated tumour tissue (i.e. clusters and palisading epithelium together) (NES:  Blue=3.36, Dark Turquoise=3.07, FDR <0.001) (Fig. 2d). Blue module genes were only highly expressed in tumours with glial tissue (Suppl. Fig. 3a (Online Resource 3)), whereas dark-turquoise genes were also highly expressed in fetal pituitaries (Suppl. Fig. 3b (Online Resource 3)). This suggests that the genes in these modules may indicate different biological functions. Genes with strong membership of the blue module included the astrocytic markers S100B and GFAP, whilst the gene with the highest module membership score for the dark turquoise module was NKX2.2 a transcription factor involved in oligodendrocyte differentiation suggesting these modules represent different glial cell types.  

Green module
Expression of the genes in this module correlated with GFAP expression (r=0.64, p=8x10-4) and inversely with tumour content (r=-0.7, p=2x10-4) and CTNNB1 mutation frequency (r=-0.9, p=2x10-9 (Fig. 1f). The green module genes were highly expressed by tumours with abundant glial tissue and also by control tissues (Suppl. Fig. 3c (Online Resource 3)).  It was enriched for genes of microtubules and cilia (Supplementary Table 4a,m (Online Resource 6)). 

Pink, cyan and light green modules
Genes of the pink, cyan and light green modules correlated with fetal pituitary and/or NFPA and were expressed by the fetal pituitaries and/or NFPA control tissues (Fig. 1f, Suppl. Fig. 4a-c (Online Resource 3)). Genes expressed in these modules included genes related to hormone processing and release (pink, light green) or cell cycle (cyan), which are cellular processes relevant to these control tissues (i.e. containing hormone producing and proliferative cells (Suppl. Table 4a,b,h,I (Online Resource 6)).  

Yellow module
Genes in this module correlated weakly with fetal pituitaries and inversely with NFPA and were expressed by fetal pituitaries and variably across ACPs (Fig. 1f, Suppl. Fig. 3d (Online Resource 3)). Genes in this module included collagen and extracellular matrix genes (Suppl. Table 4a,c (Online Resource 6)). 

Grey module
The grey module contains the remaining 131 genes that could not be grouped into a distinct co-expression module. It included a small subset of genes relating to sex determination (e.g. XIST, TSIX, PRKY, ZFY), information regarding patient sex was only available in a small number of cases and where available was consistent with expression of these genes (Suppl. Fig. 4d (Online Resource 3)).  

Modular analysis of an independent ACP transcriptomics dataset
WGCNA was also performed on the human ACP microarray data published by Gump et al. to assess whether the co-expression modules observed in our cohort were also present in this independent dataset [6]. Of the 5000 genes included in our WCGNA analysis, the expression patterns of 2963 were available but the other genes were not present in the microarray data provided [6]. Multidimensional scale plotting and hierarchical clustering of genes expression patterns showed consistency with the modules identified in our cohort (Suppl. Fig. 1b (Online Resource 3)). Moreover, statistical assessments of module preservation, which measure how well patterns of gene co-expression are maintained in independent sample sets, revealed a moderate preservation of the major modules between the two datasets (i.e. brown, magenta, blue; Zsummary  10) (Suppl. Fig. 1c (Online Resource 3)). Together, these computational analyses suggest that the molecular signatures of the main cellular types within ACP samples (i.e. tumour epithelium, reactive glial tissue and inflammatory infiltrate) may be contained in specific modules.  


SUPPLEMENTARY MATERIALS AND METHODS

Human tumour and pituitary samples
Frozen samples were subdivided into two, one part for confirmation of diagnosis and estimation of the tumour content, and another for RNA extraction and sequencing. The percentage of tumour content (i.e. palisading epithelium, stellate reticulum and clusters) and non-tumour content (i.e. glial reaction and wet keratin), as assessed histologically for each of the tumour samples, ranged from 20% (e.g. JA011) to 90% (e.g. JA014). Eight samples contained abundant glial reactive tissue and wet keratin was variably present in the frozen sections and prominent in eight cases (Suppl. Table 1 (Online Resource 2); Fig. 1a). Tumour content was estimated as the proportion of tumour cell nuclei within the whole of the frozen section (i.e. including glial reactive tissue). Cell nuclei, rather than area were counted to compensate for the lower cell density of the host-derived glial reactive tissue relative to the tumour. RNA was extracted using the miRNeasy Mini kit (Qiagen). Experiments were performed under NHS Research Ethics Committee approval (14/LO/2265; 13/NW/0851) or approval from individual biobanks. Where required, informed consent was obtained from individual participants included in the study.

Laser capture micro-dissection of human ACP
Cryopreserved ACP 8-10μm histological sections were mounted on membrane slides (Zeiss Membrane Slides 1.0 PEN, Item No 415190-9041-00) and stained with haematoxylin and eosin. The Zeiss PALM MicroBeam system was used to separately isolate multiple epithelial whorls/clusters and areas of palisading epithelium, and neighbouring reactive glial tissue, all of which were collected on adhesive caps (Zeiss, Adhesive caps opaque 415190-9201-001). Blood vessels and areas of evident inflammation were avoided. RNA was extracted using the RNeasy Microkit (Qiagen). For case JA004 collection and processing of epithelial whorls/clusters and palisading epithelium was performed twice, independently, as a technical control for assessing the reproducibility of the RNA-Seq data when using very low amounts of total RNA. 

RNA-Sequencing and targeted DNA sequencing 
Sequencing libraries were prepared using the TruSeq Stranded mRNA Library Prep kit (Illumina) and sequenced to a depth of approximately 50 million paired-end reads of 80 base pairs. For laser capture micro-dissected samples RNA was amplified using the Clontech SMARTer® low input RNA kit and sequencing libraries generated using the Nextera XT library prep and sequenced to a depth of approximately 15 million 76 base pair single-end reads. For murine ACP samples, sequencing was performed by the Oxford Wellcome Trust Centre for Human Genetics. Sequencing libraries were prepared using the TruSeq Stranded mRNA library Prep kit (Illumina) and sequencing was performed to a depth of approximately 30 million paired-end reads of 76 base pairs. Targeted DNA sequencing was carried out as described [15]
 
Bioinformatics analysis
FASTQ files were assessed using FASTQC and aligned using STAR aligner against UCSC human reference genome hg19 or murine reference genome GRCm38.ERCC. Exon 3 CTNNB1 mutations were assessed using the integrative genome viewer (Broad Institute) and the variant allele frequency calculated as a proportion of all reads of a given base. FASTQ and BAM files are available on Array Express (E-MTAB-5267 and E-MTAB-5266). Downstream analyses were performed using Bioconductor in RStudio. Full code is available on request.

Differential expression analysis 
Differential expression analysis was performed between ACP tumours and control tissues. For control tissues, fetal pituitary was selected as the most likely to reflect the cell of origin of ACP tumours [2, 5]. Non-functioning pituitary adenoma (NFPA) was also selected as previous microarray studies have shown that it closely resembles adult pituitary [6]. Using Bioconductor, per gene read counts were calculated using RSubread, differential analyses performed using DESEq2, ontology analysis using GOSeq [12, 13, 20]. Differential expression was performed using a standard DESeq2 pipeline. This recommends use of adjusted p-value cut of p<0.1 (see Love et al., 2014 for details [13]). This adjusted p-value is calculated using the procedure of Benjamini and Hochberg following "independent filtering" of genes, which have inadequate reads to reach significance [13].  Ontology relationships were explored using Quick GO [1]. For gene set enrichment analysis (GSEA), genes were ranked by the Wald statistic and GSEA performed using the pre-ranked tool in GSEA v2.2 (Broad Institute) [16]. The WNT pathway and inflammatory repsonse gene sets were downloaded from the hallmark molecular signatures database v5.2 (Broad Institute).
Enamel epithelium ameloblast and enamel knot gene sets were derived from a gene expression tooth database [7, 16]. This curated gene set includes details of genes that have been experimentaly confirmed to be expressed in specific cell types at different developmental stages (e.g. by in situ hybridisation in various species, including human, mouse and vole). Where required gene names were converted to their human homologues. IL1β response gene sets were derived from published expression analyses, which assessed the response to IL1β in macrophages, myometrium or osteochondroma cells [3, 9, 18].  An atherosclerosis gene set was taken from expression array analysis identifying 29 genes up-regulated in atherosclerotic plaques (aorta, carotid or femoral) compared to non-atherosclerotic plaques (Fold change > 15, FDR<0.05) [17].

Weighted gene co-expression network analysis (WGCNA)
Initially, we performed WGCNA using variance stabilised transformed counts (a method of count normalisation in DESeq2) of all the genes in our RNA-Seq dataset or just the top 5000 most variably expressed genes as assessed by their median absolute deviation. As results were very similar, for computational ease, we decided to perform all the subsequent analyses with the of the top 5000 most dysregulated genes. WGCNA is a systems biology approach used to identify co-regulated gene networks across datasets in a hypothesis independent manner [8, 10, 21]. First described in the context of brain tumours, this approach has been used to identify novel candidate pathogenic genes [8, 10, 21]. Genes whose patterns of expression across samples are similar are grouped together in modules based on their Pearson correlation coefficient. WGCNA uses soft thresholding to weight/emphasize high correlations at the expense of low correlations, generating an adjacency measure for each gene. Groups of closely interconnected (co-expressed) genes, as assessed using a network analysis function (topographical overlap measure) are then defined as modules and assigned a colour. Full details are available in Langfelder and Horvath, 2008 [10]. 
For each module an eigengene was calculated as a representative number of the gene expression of the whole module. This was correlated with available sample phenotype information of the tumours (e.g. diagnosis, histological features, CTNNB1 mutation allele frequency, age, RNA integrity number (RIN)). Ontology analysis of modules was performed using the GOStats package [4]. Central nervous system cell gene sets were extracted from Zhang et al. and the immune infiltrate of breast cancer gene set from Yoshihara et al. [19, 22]. Gene enrichment scores and barcode plots were generated using the geneSetTest and barcodeplot functions in Limma [14]. Genes were ranked by their module membership score of a specific module, a measure of the extent to which a given genes expression pattern matches that of the module. 

Analysis of ACP published datasets
Raw CEL files of ACP and comparable controls (3 normal pituitaries, 3 pituitary adenomas) published by Gump et al. were downloaded from the National Centre for Biotechnology Information Gene Expression Omnibus (GEO) database (accession numbers GSE68015, GSE26966) [6]. Expression values were robust multi-array average (RMA) normalised and WGCNA performed as above. Hierarchical clustering and multidimensional scaling plots of the expression patterns of the genes were generated where genes were annotated using the module colours from the analysis of our RNA sequencing results. Module preservation analysis was performed as per Langfelder et al, 2011 [11]. The Zsummary statistic summarises several different statistical measures of how well preserved modules are in independent datasets. 

Proteomic analysis of cystic fluid
The proteome of the cystic fluid is dominated by a few, highly abundant proteins that impede detection of lower abundance proteins. Accordingly, proteomic profiling of cystic fluid was based on proteome equalisation using Proteominer beads (Bio-Rad) comprising a large, highly diverse bead-based library of combinatorial peptide ligands that simultaneously suppress high abundance proteins and which concentrate low abundance proteins. Preliminary analyse of a sample without Proteominer bead equalisation allowed detection of 50 proteins, but after equalisation, this increased to approximately 500 proteins. A 20%(v/v) ethanol suspension of Proteominer beads was mixed on the Coulter mixer and 50µL was dispensed in to 1.5mL low bind tubes (equal to 10 µL resin). The resin was centrifuged at 1,000 x g for 1min and supernatant ethanol aspirated and discarded. The resin was then washed 3x with 100µL of PBS pH7.4.  Cyst fluid (~110µL) were centrifuged at 10,000 x g for 10min to remove any particulates and 100µL of each sample added to ~10 µL resin in each tube and thoroughly mixed. The tubes were placed in a rotary mixer for 2h at RT. Samples were centrifuged at 1,000 x g for 1 min and the supernatant was aspirated and retained. The beads were washed 3x with 100 µL of phosphate buffered saline and then finally in 100 µL of 25 mM ammonium bicarbonate buffer (ambic). The beads were re-suspended in 80µL of 25 mM ambic and 5 µL of freshly reconstituted 1%(w/v) Rapigest SF (a digestion enhancer, Waters, UK) added and the sample was heated at 80C for 10 min. For reduction, 5 µL of 60 mM DTT in 25 mM ambic was added and the sample incubated at 60C for 10min, followed by addition of 5µL of 180 mM iodoacetamide in 25 mM ambic and incubation at room temperature in the dark for 30 min. Trypsin (5µL of a 0.2 mg/mL stock solution in 50 mM acetic acid) was added and the sample was incubated overnight. The digests were acidified with trifluoroacetic acid (final concentration 1 % (v/v)) and incubated for 45 min at 37C before centrifugation at 17,200 x g for 30 min, after which the clarified digest was aspirated into a fresh 0.5 mL low-bind tube. After dilution of the digest 5-fold with, 1µL was analysed by LC-MS/MS. To provide an estimate of the amount of each protein in each sample, each digest was diluted with a protein standard digest (50 fmol/µL yeast enolase digest) in 0.1% (v/v) trifluoroacetic acid/ 3% (v/v) acetonitrile. However, these calculated values reflect the equalised loading onto the combinatorial library beads, not the initial concentrations in the cystic fluid.
The peptide mixture was resolved on an Ultimate 3000 nano system (Dionex/Thermo Fisher Scientific) connected to a QExactive mass spectrometer. For each analysis, the sample was loaded onto a trap column (Acclaim PepMap 100, 2 cm x 75 µm inner diameter, C18, 3 µm, 100Å) at 9µL/min with an aqueous solution containing 0.1%(v/v) TFA and 2%(v/v) acetonitrile. After 3 min, the trap column was set in-line with an analytical column (Easy-Spray PepMap® RSLC 50 cm x 75 µm inner diameter, C18, 2 µm, 100Å) (Dionex). Peptide elution was performed by applying a mixture of solvents A and B. Solvent A was HPLC grade water with 0.1% (v/v) formic acid, and solvent B was HPLC grade acetonitrile 80% (v/v) with 0.1% (v/v) formic acid. Separations were performed by applying a linear gradient of 3.8% to 40% solvent B over 90 min at 300 nL/min followed by a washing step (5 min at 99% solvent B) and an equilibration step (15 min at 3.8% solvent B). 
The Q Exactive mass spectrometer was operated in data dependent positive (ESI+) mode to automatically switch between full scan MS and MS/MS acquisition. Survey full scan MS spectra (m/z 300-2000) were acquired in the Orbitrap with 70,000 resolution (m/z 200) after accumulation of ions to 1x106 target value based on predictive automatic gain control (AGC) values from the previous full scan. Dynamic exclusion was set to 20s. The 10 most intense multiply charged ions (z ≥ 2) were sequentially isolated and fragmented in the octopole collision cell by higher energy collisional dissociation (HCD) with a fixed injection time of 100 ms and 35,000 resolution. Typical mass spectrometric conditions were as follows: spray voltage, 2.1 kV, no sheath or auxillary gas flow; heated capillary temperature, 280C; normalised HCD collision energy 30%. The MS/MS ion selection threshold was set to 1 x 105 counts and a 2 m/z isolation width was set.
Raw data files were uploaded into Proteome Discoverer 1.3 and searched against the human reviewed UniProt database using the Mascot search engine (version 2.4.1). A precursor ion tolerance of 10ppm and a fragment ion tolerance of 0.01Da were used with carbamidomethyl cysteine set as a fixed modification and oxidation of methionine as a variable modification. A quantification workflow using the area of the top 3 most intense peptides of each protein relative to the top 3 area of yeast enolase (Saccharomyces cerevisiae) protein standard was used to approximate a label-free quantification of each protein.

Detailed protocols for immunofluorescence and immunohistochemistry:

IMMUNOFLUORESCENCE

	Name
	Species
	Supplier
	Antigen Retrieval
	Concentration

	CTNNNB1 Clone 6F9
	Mouse 
	Sigma
	Citrate pH6 or Tris-EDTA pH9
	1:300

		BCL11B/CTIP2
Clone 25B6 (ab18465)



	Rat
	Abcam
	Citrate pH6
	1:250

	TP63 Clone 4A4 (ab735)
	Mouse
	Abcam
	Tris-EDTA pH9
	1:250

	P21 Clone M19 (sc-471)
	Rabbit
	Santa Cruz
	Tris-EDTA pH9
	1:400

	EDAR Clone E-19 (sc-15289)
	Goat
	Santa Cruz
	Tris-EDTA pH9
	1:100

	EDA Clone C-17 (sc-18927)
	Goat
	Santa Cruz
	Tris-EDTA pH9
	1:200

	pERK1/2 #9101
	Rabbit
	Cell Signalling
	Citrate pH6
	1:250

	Ki67 (ab42170)
	Rabbit
	Abcam
	Tris-EDTA pH9
	1:100

	pSMAD3 (ab52903)
	Rabbit
	Abcam
	Tris-EDTA pH9
	1:100

	pSMAD1,5,8/9 (#9511)
	Rabbit
	Cell Signalling
	Tris-EDTA pH9
	1:200

	CASPASE-3 antibody  #9664

	Rabbit
	Cell Signalling
	Tris-EDTA pH9
	1:300

	APCDD1L (NBP2-49502PEP)
	Rabbit
	Novus Biologicals
	Citrate pH6
	1:2500


0. 
0. 3,3′-DIAMINOBENZIDINE (DAB) IMMUNOHISTOCHEMISTRY
0. 
The following were performed on Leica BondMax® automated immunohistochemistry machine as follows:
	Name
	Species
	Supplier
	Detection kit
	Concentration

	CD68 (PGM1) (clone 514H12, cat PA0273)
	Mouse
	LEICA
	Bond-Max Protocol F
	1:100 

	CD4 (clone 4B12, cat PA0368)
	Mouse 
	LEICA
	Bond-Max Protocol F
	 Pre-diluted

	CD3 (clone LN10, cat PA0553)
	Mouse
	LEICA
	Bond-Max Protocol F
	 Pre-diluted

	CD8 (clone 4B11, cat PA0183)
	Mouse
	LEICA
	Bond-Max Protocol F
	 Pre-diluted

	GFAP (cat 20334)
	Rabbit
	DAKO
	Bond-Max Protocol F
	 1:2000

	β CATENIN (clone Bcat-1,code M3539)
	Mouse
	DAKO
	Bond-Max Protocol F
	 1:100

	pERK1/2  (197G2)
	Rabbit
	Cell Signalling
	Bond-Max
Protocol F
	1:50

	CCL2 (HPA019163)
	Rabbit
	Sigma
	Bond-Max Protocol F
	1:100

	4.16H1 anti-IDO-1 antibody

	Rabbit
	Dr Van den Eynde
	Cancer Immunol Res. 2015;3:161-72
	1:1000





SUPPLEMENTARY FIGURE LEGENDS

Suppl. Fig. 1. Clustering of the human samples using for RNA Seq and module preservation with the dataset of Gump et al. (2016). 
 a Hierarchical clustering of samples used in this study showing the separation of controls from tumours. Note that samples JA002 and JA004, both from the same patient, group together and that JA051, the only adult ACP sample, groups with other paediatric ACP samples. The heatmap is further annotated with sample information. Blue indicates the type of samples (e.g whether the sample is NFPA or fetal pituitary) or the presence of a trait (e.g. abundance of glial tissue or wet keratin). For instance, tumours JA005, JA011, JA010, JA020, JA029, JA002, JA004 and JA051 contain abundant reactive glia tissue whilst all the other tumours did not contain glial tissue in the frozen sections (white) or could not be assessed usually due to freezing damaged (grey). Likewise, wet keratin was a prominent feature in tumours JA029, JA002, JA008, JA026, JA056, JA009, JA023 and JA053 whilst less prominent is JA005, JA011 and JA004. The other tumours did not contain any wet keratin in the frozen section (white) or could not be assessed (grey). The assessment of tumour content and CTNNB1 mutation allele frequency is represented in red colour, the higher the value the more intense the red.  For instance, JA009 shows a high tumour content and CTNNB1 mutation allele frequency. 
b Multi-dimensional scaling of the expression pattern 2963 matched genes from Gump et al, 2016 annotated with the colors of module identified in our cohort. c Assessment of module preservation in the dataset of Gump et al., 2016. Modules are plotted by colour. Values over 10 (green line) indicate strong evidence of module is presrvation. Values between 2 (blue line) and 10 indicate weak to moderate evidence of preservation. The pink, magenta, brown, blue and green are the most preserved modules. The cyan module is the least preserved. This represents cell cycle genes expressed by proliferating fetal pituitary tissue. As the normal pituitary tissue analyzed in Gump et al., 2016 is adult, it is expected that this module would be the least preserved.

Suppl. Fig. 2: Heatmaps for the brown, black, dark-grey and magenta gene expression modules obtained from in silico analysis.
Heatmaps of gene expression for each module. Gene expression is scaled by row across the heatmap.  Yellow indicates high expression, red low expression. Heatmaps are annotated with samples’ names and a brief summary of significant characteristics. The brown module (a) shows genes expressed only in tumours, the black (b) predominantly in those tumours with wet keratin and the dark-grey (c) in most tumours and controls with the exception of JA005, JA011 and JA038. The magenta module genes (d) are expressed minimally in controls and tumours with high tumour content. Pits: pituitaries.

Suppl. Fig. 3: Heatmaps for the blue, dark-turquoise, green and light-yellow gene expression modules obtained from in silico analysis. 
Heatmaps of gene expression for each module. Gene expression is scaled by row across the heatmap.  Yellow indicates high expression, red low expression.  Heatmaps are annotated with samples’ names and brief summary of significant characteristics. The blue, dark-turquoise and green module genes (a-c) are expressed in tumour samples with glial tissue and in some controls. The light-yellow module genes (d) are highly expressed in fetal pituitaries and a subset of tumours (JA026, JA056, JA023), correlating with those with the most wet keratin.

Suppl. Fig. 4: Heatmaps for the cyan and light-green gene expression modules obtained from in silico analysis.
Heatmaps of gene expression for each module. Gene expression is scaled by row across the heatmap.  Yellow indicates high expression, red low expression. Heatmaps are annotated with samples’ names and brief summary of significant characteristics. The pink, cyan and light-green modules are variably expressed in controls. The grey module contains genes that do not fall into modules. It includes a small subset of genes relating to sex determination (e.g. XIST, TSIX, PRKY, ZFY), information regarding patient sex was only available in a small number of cases and where available was consistent with expression of these genes.  

Suppl. Fig. 5:  Expression analysis of APCDD1L in human ACP.
[bookmark: _GoBack]Double immunofluorescence against APCDD1L and-catenin on histological sections of human ACP. Note the expression of APCDD1L in the tumour tissue, mostly in the -catenin-accumulating clusters (C), as well as in glia cell adjacent to the tumour (G). However, no APCDD1L staining is observed in the vast majority of the glial cells further away from the tumour. The bottom panel depicts an area of the section with only glial cells and no tumour epithelial cells, which is devoid of any APCDD1L staining. Scale bars: 100 m.

Suppl. Fig. 6: Expression of TP63, APCDD1L and BCL11B correlates with the CTNNB1 mutation frequency.
Each dot represents a tumour sample from Suppl. Table 1 (Online resource 2). 

Suppl. Fig. 7: Expression of ligands, receptors and downstream signals in clusters, palisading epithelium and glial reactive tissue.
a Plots of normalised counts of two ACP samples for SHH, FGF3, TGFB1 and BMP4 showing higher expression in the clusters (C) relative to palisading epithelium (PE) and glial reactive tissue (G). Normalised counts are on a log2 scale. Colours indicate case, note duplicates for C and PE for case JA004b. b Heatmaps of normalised counts for specific members of the FGF, TGFβ, BMP and WNT families of secreted factors and their receptors. 

Suppl. Fig. 8: Proteome analysis of cystic fluid.
a SDS-PAGE analysis of cystic fluid revealed a predominance of a single protein at 66kDa, predicted to be serum albumin and confirmed by proteomics analysis (Suppl. Table 7 (Online Resource 9)). After the fluid was equalised using a bead-bound combinatorial peptide library, the relative intensities of individual proteins were considerably more even, and many more proteins were visible on the gel. Cystic fluid treated this way was used for subsequent proteome analysis of six patient samples.
b Six samples of cystic fluid were analysed by ‘discovery’ proteomics after equalisation using Proteominer beads. A total of 461 proteins were identified in all six samples. Label free quantification, using yeast enolase as a standard, revealed a wide range of abundances, ranging from 5-10 pmol of abundant proteins, such as apolipoproteins, to less than 0.1 fmol/100L for the lowest abundant proteins. A matrix plot of the log(protein abundance) for all samples indicated a broad similarity between all six samples
c Overall proteome profile of equalised cystic fluid samples. The data for all six patient samples were combined, and the log of the average protein abundance (expressed as pmol protein in 100L equalised cystic fluid) was plotted for 461 proteins. 
d The 461 proteins in the ACP fluid were analysed for enriched gene ontogeny terms using GOrilla (http://cbl-gorilla.cs.technion.ac.il/) and visualised for high scoring terms using Revigo (http://revigo.irb.hr/) to reduce and visualise gene ontology terms. High scoring processes are labelled.
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