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1 Supplementary Results

1.1 Supplementary Figure 1

Supplementary Figure S1: Gene membership for differentially expressed FGS after HDACI-treatment. Heatmap
visualizing gene membership for the differentially expressed Functional Gene Sets (FGS) enriched in DU-145 and PC3 cells
upon HDACI treatment (GSE34452). Rows in the heatmap corresponds to the FGS from Figure 1A in the main paper, while
the columns represent the most differentially expressed genes (FDR < 0.1%) annotated to such FGS. In the heatmap when
a particular gene is annotated to a specific FGS it is highlighted in white, while black is used when the gene does not belong
to the gene list. Hierarchical clustering of rows and columns was obtained using the binary distance and the Ward clustering
method. A number of distinct FGS clusters are evident, based on distinct subset of differentially expressed genes in common
among the FGS. A high resolution version of this figure can be downloaded here.
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1.2 Supplementary Figure 2

Supplementary Figure S2: Gene membership for up-regulated FGS after HDACI-treatment. Heatmap visualiz-
ing gene membership for the up-regulated Functional Gene Sets (FGS) in DU-145 and PC3 cells upon HDACI treatment
(GSE34452). Rows in the heatmap corresponds to the FGS from Figure 1B in the main paper, while the columns represent
the most up-regulated genes (FDR < 0.1%) annotated to such FGS. In the heatmap when a particular gene is annotated to
a specific FGS it is highlighted in white, while black is used when the gene does not belong to the gene list. Hierarchical
clustering of rows and columns was obtained using the binary distance and the Ward clustering method. A number of distinct
FGS clusters are evident, based on distinct subset of up-regulated genes in common among the FGS. A high resolution version
of this figure can be downloaded here.
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1.3 Supplementary Figure 3

Supplementary Figure S3: Gene membership for down-regulated FGS after HDACI-treatment. Heatmap visualizing
gene membership for the down-regulated Functional Gene Sets (FGS) in DU-145 and PC3 cells upon HDACI treatment
(GSE34452). Rows in the heatmap corresponds to the FGS from Figure 1C in the main paper, while the columns represent
the most up-regulated genes (FDR < 0.1%) annotated to such FGS. In the heatmap when a particular gene is annotated to
a specific FGS it is highlighted in white, while black is used when the gene does not belong to the gene list. Hierarchical
clustering of rows and columns was obtained using the binary distance and the Ward clustering method. A number of distinct
FGS clusters are evident, based on distinct subset of down-regulated genes in common among the FGS. A high resolution
version of this figure can be downloaded here.
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1.4 Supplementary Figure 4

Supplementary Figure S4: Social network analysis of FGS differentially expressed after HDACI-treatment. The
figure depicts the weighted undirected network based on the differentially expressed genes in common among the enriched
FGS from Figure 1A in the main paper (see also Supplementary Figure S11). In the network vertexes represent the specific
FGS, while the edges (and their weights) are based on the number of differentially expressed genes in common among the
FGS. A number of distinct FGS ”communities” (i.e. subgraphs of FGS sharing common subset of genes) were identified using
the fast greedy modularity optimization algorithm described by Clauset and colleagues4, and are shown in the figure with
distinct colors. A high resolution version of this figure can be downloaded here.
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1.5 Supplementary Figure 5

Supplementary Figure S5: Social network analysis of FGS up-regulated upon HDACI-treatment. The figure depicts
the weighted undirected network based on the up-regulated genes in common among the up-regulated FGS from Figure 1B
in the main paper (see also Supplementary Figure S12). In the network vertexes represent the specific FGS, while the edges
(and their weights) are based on the number of up-regulated genes in common among the FGS. A number of distinct FGS
”communities” (i.e. subgraphs of FGS sharing common subset of genes) were identified using the fast greedy modularity
optimization algorithm described by Clauset and colleagues4, and are shown in the figure with distinct colors. A high
resolution version of this figure can be downloaded here.
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1.6 Supplementary Figure 6

Supplementary Figure S6: Social network analysis of FGS down-regulated upon HDACI-treatment. The figure
depicts the weighted undirected network based on the down-regulated genes in common among the down-regulated FGS from
Figure 1C in the main paper (see also Supplementary Figure S13). In the network vertexes represent the specific FGS, while
the edges (and their weights) are based on the number of down-regulated genes in common among the FGS. A number of
distinct FGS ”communities” (i.e. subgraphs of FGS sharing common subset of genes) were identified using the fast greedy
modularity optimization algorithm described by Clauset and colleagues4, and are shown in the figure with distinct colors. A
high resolution version of this figure can be downloaded here.
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1.7 Supplementary Figure 7

Supplementary Figure S7: Heatmap showing the correlation across distinct gene expression experiments comparing
HDACI treatment versus control. This dataset accounts for 375 microarray experiments, it was obtained from four distinct
datasets (GSE34452, GSE8645, GSE31620, and Connectivity Map), and encompasses different cell lines, inhibitors, dosages,
and time points. The color code used for the columns highlights the different inhibitors that were used: VPA in yellow,
SAHA in red, Buphenyl in blue, TSA in green, CG1521 in purple, and miR transfection in cyan. The color code used for the
rows highlights the different cell lines that were analyzed: DU-145 in red, PC3 in blue, and LNCaP in green. Correlations
were computed between moderated t-statistics expressing the degree of differential gene expression between treatment and
control. As expected the highest degree of correlations are observed within study. A high resolution version of this figure can
be downloaded here.
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1.8 Supplementary Figure 8

Supplementary Figure S8: Heatmap showing the correlation across distinct gene expression experiments comparing
HDACI treatment versus control. This dataset accounts for 375 microarray experiments, it was obtained from four distinct
datasets (GSE34452, GSE8645, GSE31620, and Connectivity Map), and encompasses different cell lines, inhibitors, dosages,
and time points. The color code used for the columns highlights the different inhibitors that were used: VPA in yellow,
SAHA in red, Buphenyl in blue, TSA in green, CG1521 in purple, and miR transfection in cyan. The color code used for the
rows highlights the different cell lines that were analyzed: DU-145 in red, PC3 in blue, and LNCaP in green. Correlations
were computed between log2 fold-change expressing the degree of differential gene expression between treatment and control.
As expected the highest degree of correlations are observed within study. A high resolution version of this figure can be
downloaded here.
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1.9 Supplementary Figure 9

Supplementary Figure S9: Correspondence at the top curves for the 1000 most up-regulated genes upon HDACi
inhibition in the DU145 cell line. Genes were ranked in decreasing order by the moderated t-statistics obtained from the
comparison between treated and untreated cells. Each CAT curve represents the proportion of differentially expressed genes
that are in common between two comparisons. All time points and HDACI treatments in the DU145 cell line from our study
(GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map).
CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.10 Supplementary Figure 10

Supplementary Figure S10: Correspondence at the top curves for the 1000 most downregulated-regulated genes
upon HDACi inhibition in the DU145 cell line. Genes were ranked in decreasing order by the moderated t-statistics obtained
from the comparison between treated and untreated cells. Each CAT curve represents the proportion differentially expressed
genes that are in common between two comparisons. All time points and HDACI treatments in the DU145 cell line from
our study (GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity
Map). CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.11 Supplementary Figure 11

Supplementary Figure S11: Correspondence at the top curves for the 1000 most up-regulated genes upon HDACi
inhibition in the PC3 cell line. Genes were ranked in decreasing order by the moderated t-statistics obtained from the
comparison between treated and untreated cells. Each CAT curve represents the proportion of differentially expressed genes
that are in common between two comparisons. All time points and HDACI treatments in the PC3 cell line from our study
(GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map).
CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.12 Supplementary Figure 12

Supplementary Figure S12: Correspondence at the top curves for the 1000 most downregulated-regulated genes
upon HDACi inhibition in the PC3 cell line. Genes were ranked in decreasing order by the moderated t-statistics obtained from
the comparison between treated and untreated cells. Each CAT curve represents the proportion differentially expressed genes
that are in common between two comparisons. All time points and HDACI treatments in the PC3 cell line from our study
(GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map).
CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.13 Supplementary Figure 13

Supplementary Figure S13: Correspondence at the top curves for the 1000 most up-regulated genes upon HDACi
inhibition in the DU145 cell line. Genes were ranked in decreasing order by the log2 fold-change obtained from the comparison
between treated and untreated cells. Each CAT curve represents the proportion of differentially expressed genes that are in
common between two comparisons. All time points and HDACI treatments in the DU145 cell line from our study (GSE34452)
were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map). CAT curves in
the white area above the gray shading indicate agreement, while the curves below indicate disagreement between experiments.
The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT curves in the white represent
agreement beyond what it would be expected by chance alone. Overall the we observed good agreement across studies, apart
from comparisons involving miR and Buphenyl. A high resolution version of this figure can be downloaded here.
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1.14 Supplementary Figure 14

Supplementary Figure S14: Correspondence at the top curves for the 1000 most downregulated-regulated genes
upon HDACi inhibition in the DU145 cell line. Genes were ranked in decreasing order by the log2 fold-change obtained from
the comparison between treated and untreated cells. Each CAT curve represents the proportion differentially expressed genes
that are in common between two comparisons. All time points and HDACI treatments in the DU145 cell line from our study
(GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map).
CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.15 Supplementary Figure 15

Supplementary Figure S15: Correspondence at the top curves for the 1000 most up-regulated genes upon HDACi
inhibition in the PC3 cell line. Genes were ranked in decreasing order by the log2 fold-change obtained from the comparison
between treated and untreated cells. Each CAT curve represents the proportion of differentially expressed genes that are in
common between two comparisons. All time points and HDACI treatments in the PC3 cell line from our study (GSE34452)
were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map). CAT curves in
the white area above the gray shading indicate agreement, while the curves below indicate disagreement between experiments.
The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT curves in the white represent
agreement beyond what it would be expected by chance alone. Overall the we observed good agreement across studies, apart
from comparisons involving miR and Buphenyl. A high resolution version of this figure can be downloaded here.

17

http://luigimarchionni.org/HDACIs/Figures/figS15.png


1.16 Supplementary Figure 16

Supplementary Figure S16: Correspondence at the top curves for the 1000 most downregulated-regulated genes
upon HDACi inhibition in the PC3 cell line. Genes were ranked in decreasing order by the log2 fold-change obtained from
the comparison between treated and untreated cells. Each CAT curve represents the proportion differentially expressed genes
that are in common between two comparisons. All time points and HDACI treatments in the PC3 cell line from our study
(GSE34452) were compared to those obtained from the remainder studies (GSE8645, GSE31620, and Connectivity Map).
CAT curves in the white area above the gray shading indicate agreement, while the curves below indicate disagreement
between experiments. The grey shading represents the 99% probability intervals of agreement by chance, therefore CAT
curves in the white represent agreement beyond what it would be expected by chance alone. Overall the we observed good
agreement across studies, apart from comparisons involving miR and Buphenyl. A high resolution version of this figure can
be downloaded here.
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1.17 Supplementary Figure 17

Supplementary Figure S17: AFA results displaying enriched FGS after HDACI-treatment. Heatmap visualizing
Functional Gene Sets (FGS) enriched in DU-145 and PC3 cells upon HDACI treatment (GSE34452), along with the level of
enrichment for similar experiments in other studies (GSE8645, GSE31620, and Connectivity Map). This heatmap corresponds
to Figure 1A in the main paper, in which enrichment was assessed after ordering the genes based on absolute moderated
t-statistics, thus irrespective of the direction of gene expression modulation upon HDAC-inhibition. Each row represents a
distinct FGS, while each column represents a distinct coefficient from our previous linear model analysis. The most enriched
FGS across all the comparisons performed are shown in the figure (top 5 FGS showing an adjusted p-value ≤ 5%, or more
in case of ties). Color scales representing the enrichment correspond to the absolute adjusted p-values obtained from our
analysis after base 10 logarithmic transformations (i.e. the number on the color scale increases with decreasing adjusted
p-values). Enriched FGS were selected from different collections in order to encompass distinct biological concepts, as shown
by the color bar on the left of each heat map. Cell signaling FGS are highlighted in red and yellow (Pathway Commons
Reactome and NCI pathways, respectively), signaling pathway target gene sets in green (Human Protein Reference Database,
HPRD), protein-protein-interaction networks in cyan (PPI, as compiled in the NCBI Entrez Gene database), FGS for shared
transcriptional factor binding sites (TFBS) in blue, and microRNA (MIR) targets gene sets in pink (both from the Broad
Institute Molecular Signature Database collections). A high resolution version of this figure can be downloaded here.
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1.18 Supplementary Figure 18

Supplementary Figure S18: AFA results displaying down-regulated FGS after HDACI-treatment. Heatmap visu-
alizing Functional Gene Sets (FGS) enriched in DU-145 and PC3 cells upon HDACI treatment (GSE34452), along with the
level of enrichment for similar experiments in other studies (GSE8645, GSE31620, and Connectivity Map). This heatmap
corresponds to Figure 1C in the main paper, in which the enrichment was assessed after increasing ordering the genes based
by signed t-statistics. Each row represents a distinct FGS, while each column represents a distinct coefficient from our
previous linear model analysis. The most enriched FGS across all the comparisons performed are shown in the figure (top
5 FGS showing an adjusted p-value ≤ 5%, or more in case of ties). Color scales representing the enrichment correspond
to the absolute adjusted p-values obtained from our analysis after base 10 logarithmic transformations (i.e. the number on
the color scale increases with decreasing adjusted p-values). Enriched FGS were selected from different collections in order
to encompass distinct biological concepts, as shown by the color bar on the left of each heat map. Cell signaling FGS are
highlighted in red and yellow (Pathway Commons Reactome and NCI pathways, respectively), signaling pathway target gene
sets in green (Human Protein Reference Database, HPRD), protein-protein-interaction networks in cyan (PPI, as compiled
in the NCBI Entrez Gene database), FGS for shared transcriptional factor binding sites (TFBS) in blue, and microRNA
(MIR) targets gene sets in pink (both from the Broad Institute Molecular Signature Database collections). A high resolution
version of this figure can be downloaded here.
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1.19 Supplementary Figure 19

Supplementary Figure S19: AFA results displaying up-regulated FGS after HDACI-treatment. Heatmap visualizing
Functional Gene Sets (FGS) enriched in DU-145 and PC3 cells upon HDACI treatment (GSE34452), along with the level of
enrichment for similar experiments in other studies (GSE8645, GSE31620, and Connectivity Map). This heatmap corresponds
to Figure 1B in the main paper, in which enrichment was assessed after decreasing ordering the genes based by signed t-
statistics. Each row represents a distinct FGS, while each column represents a distinct coefficient from our previous linear
model analysis. The most enriched FGS across all the comparisons performed are shown in the figure (top 5 FGS showing
an adjusted p-value ≤ 5%, or more in case of ties). Color scales representing the enrichment correspond to the absolute
adjusted p-values obtained from our analysis after base 10 logarithmic transformations (i.e. the number on the color scale
increases with decreasing adjusted p-values). Enriched FGS were selected from different collections in order to encompass
distinct biological concepts, as shown by the color bar on the left of each heat map. Cell signaling FGS are highlighted in
red and yellow (Pathway Commons Reactome and NCI pathways, respectively), signaling pathway target gene sets in green
(Human Protein Reference Database, HPRD), protein-protein-interaction networks in cyan (PPI, as compiled in the NCBI
Entrez Gene database), FGS for shared transcriptional factor binding sites (TFBS) in blue, and microRNA (MIR) targets
gene sets in pink (both from the Broad Institute Molecular Signature Database collections). A high resolution version of this
figure can be downloaded here.
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1.20 Supplementary Figure 20

Supplementary Figure S20: Flow cytometry graphs after treatment of PC3 cells with HDACIs, alone or with
combinations of Colcemid with HDACIs, containing all time points measured. PC3 cells were treated for variable periods
with either 9 µM SAHA alone, or a combination of 0.1 µg/ml Colcemid with 4 µM SAHA or 4 mM VPA. Every 2-3 hours cells
were harvested and stained with propidium iodide and flow cytometry analyses were performed. Combining HDAC-inhibitors
with Colcemid resulted in mitotic accumulation of PC3 cells. A high resolution version of this figure can be downloaded here.
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1.21 Supplementary Figure 21

Supplementary Figure S21: Flow cytometry graphs after treatment of DU-145 cells with HDACIs alone or with
combinations of Colcemid with HDACIs, containing all time points measured. DU-145 cells were treated for variable periods
with either 9 µM SAHA alone or a combination of 0.04 µg/ml Colcemid with 4 µM SAHA or 4 mM VPA. Every 2-3 hours cells
were harvested and stained with propidium iodide and flow cytometry analyses were performed. Combining HDAC-inhibitors
with Colcemid resulted in a time-dependent increase of a sub-G0 population in DU-145 cells. A high resolution version of
this figure can be downloaded here.
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2 Study Synopsis

Analysis of Functional Annotation (AFA)5,6 is conceptually similar to Gene Set Enrichment Analysis7–9, and it is
used to mine microarray gene expression data. Common functional themes used are Gene Ontology (GO) terms10,
and pathways from the Kyoto Encyclopedia of Genes and Genomes (KEGG)11,12, as well as gene lists from other
sources (i.e. the Molecular Signature data base8,9).

We applied AFA using several Functional Gene Set (FGS) collections, including protein-protein interaction (PPI)
and transcription factor binding sites (TFBS), to extract biological meaning from differential gene expression as
measured by microarray analysis upon HDAC inhibitors (HDACIs) treatment in prostate cancer cell lines. To this
end we compared differential gene set enrichment across different prostate cancer cell lines (DU-145, PC3, and
LNCaP), distinct HDACIs (SAHA, VPA, TSA, Buphenyl, CG-1521), and different treatment times (48 and 96
hours), using four independent datasets (GSE34452, GSE8645, GSE31620, and Connectivity Map).

3 Supplementary Materials and Methods

3.1 Microarray Pre-processing and Differential Gene Expression Analysis

3.1.1 GSE34452 data

Expression data for our original HDAC-inhibition study in PC3 and DU-145 cell (GSE34452) was processed using
the R-Bioconductor13,14 library limma15–18. A detailed explanation of all procedures and methods used for microar-
ray data pre-processing, and differential gene expression analysis and detection was described previously19.

3.1.2 GSE8645 data

LNCaP Prostate Cancer cells were treated for a period of 24h with either CG-1521 (7.5uM) or TSA (5uM) following
a 24h seeding period. At the selected time point, total RNA was harvested from the cells for hybridization and
analysis by Nimblgen Systems Inc using the homo sapiens gene expression array.

We downloaded the raw data files from GEO20. These could be found at http://www.ncbi.nlm.nih.gov/

geo/query/acc.cgi?acc=GSE8645. The “Rquantile” normalization method17,21 was applied to standardize log2
Cy5/Cy3 ratio (the so called M-value) distributions across different arrays. In order to assess the quality of the
data, several diagnostic plots such as boxplot, MAplot, heatmap etc. were made.

Differential gene expression was investigated for the following contrasts:

• CG-1521 versus Control, using Control as the denominator in the log-ratio;

• TSA versus Control, using Control as the denominator in the log-ratio;

• Both (CG-1521+TSA) versus Control, using Control as the denominator in the log-ratio;

The data had biological replicates for which a correlation coefficient was computed between replicates and the
associated consensus correlation was added to the model16. Finally, for each analyzed feature moderated t-
statistics, log-odds ratios of differential expression (B-statistics), raw and adjusted p-values (FDR control by the
Benjamini and Hochberg method22) were obtained. Gene annotation was based on the R/Bioconductor package
org.Hs.eg.db. Gene-set enrichment analysis was performed to identify the biological concepts associated with
the phenotypes and/or comparisons of interest.
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3.1.3 GSE31620 data

Hudson and colleagues23 monitored global miRNA expression changes in prostate cancer LNCaP cells treated
with the epigenetic compounds 5-Azacytidine (5-AzaC) and/or trichostatin A (TSA). Cells were treated with
epigenetic drugs for 36 hours and total RNA was isolated for hybridization to miRNA microarrays. 5 independent
experiments were performed. The candidate prostate tumor suppressor miRNAs, miR-1, miR-206, and miR-27
were up-regulated in LNCaP cells for Affymetrix microarray analysis. LNCaP cells were transfected with pre-miR
oligos and 24 hr post-transfection total RNA was collected for microarray analysis; total of three independent
experiments.

We downloaded the raw data files from GEO20. These could be found at http://www.ncbi.nlm.nih.gov/geo/

query/acc.cgi?acc=GSE31620. For miRNA data within-array dye effects were corrected by the “loess” normal-
ization method24. The “Rquantile” normalization method17,21 was applied to standardize log2 Cy5/Cy3 ratio
(the so called M-value) distributions across different arrays. No background subtraction was performed prior to
normalization25,26. The expression data was normalized using rma normalization method27–29. In order to assess
the quality of the data, several diagnostic plots such as boxplot, MAplot, heatmap etc. were made.

For miRNA data, differential gene expression was investigated for the following contrasts:

• AzaC versus Control, using Control as the denominator in the log-ratio;

• TSA versus Control, using Control as the denominator in the log-ratio;

• Both (AzaC+TSA) versus Control, using Control as the denominator in the log-ratio;

For expression data, differential gene expression was investigated for the following contrasts:

• miR-206 versus Control, using Control as the denominator in the log-ratio;

• miR-1 versus Control, using Control as the denominator in the log-ratio;

• miR-27 versus Control, using Control as the denominator in the log-ratio;

Finally, for each analyzed feature moderated t-statistics, log-odds ratios of differential expression (B-statistics), raw
and adjusted p-values (FDR control by the Benjamini and Hochberg method22) were obtained. Gene annotation
was based on the R/Bioconductor package org.Hs.eg.db. Gene-set enrichment analysis is performed to identify
the biological concepts associated with the phenotypes and/or comparisons of interest.

3.1.4 Connectivity Map data

Lamb and colleagues2,3 monitored global miRNA expression changes, using the Affymetrix Human Genome U133A
Array platform, in 4 distinct human cancer cell lines upon treatment with various doses of a wide range of FDA
approved drugs (“perturbagens” in their definition). The cell lines utilized in this experiment included:

• the MCF7 breast cancer cell line;

• the HL60 leukemia cell line;

• the SKMEL5 melanoma cell line; and

• the PC3 prostate cancer cell line.

Overall in this experiment more than 1300 different compounds were used to treat these 4 cell lines, measuring
gene expression before and after treatment for a total of over 7500 experiments. In Connectivity Map the PC3
cells were treated with various doses, as follows:

• Sodium phenylbutyrate (Buphenyl), 0.001M, 1 experiment;
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• TSA 1−7M, 39 experiments;

• TSA 1−6M, 16 experiments;

• SAHA 1−5M, 2 experiments;

• VPA 5−5M, 2 experiments;

• VPA 5−4M, 2 experiments;

• VPA 2−4M, 2 experiments;

• VPA 1−3M, 4 experiments;

• Buphenyl 1−3M, 1 experiments;

• Untreated control, 237 experiments;

All cells were treated the drugs for 6 hours and total RNA was isolated for hybridization to the Affymetrix
arrays.

We downloaded the complete set of raw data in the form of 7500 CEL files, along with phenotypic information
about treatment regimens, from the Connectivity Map data base (http://www.broad.mit.edu/cmap). We used
the ’frozen-RMA’ normalization method30,31 implemented by McCall and Irizarry in order to achieve a better
control of batch effect. We further normalized across DNA-chips by quantile normalization21. In order to assess
the quality of the data, several diagnostic plots such as boxplot, MAplot, heatmaps, etc. were made.

After gene expression data pre-processing using the entire dataset, we further analyzed the PC3 cell lines treated
with HDACIs along with the corresponding untreated samples. Differential gene expression was investigated
separately for each drug/dose combination mentioned above, controlling for platform and experimental batch,
using a generalized linear model approach as implemented in the limma R/Bioconductor package. Finally, for each
analyzed feature moderated t-statistics, log-odds ratios of differential expression (B-statistics), raw and adjusted
p-values (FDR control by the Benjamini and Hochberg method22) were obtained. Gene annotation was based on
the R/Bioconductor package hgu133a.db. Gene-set enrichment analysis is performed to identify the biological
concepts associated with the phenotypes and/or comparisons of interest.

3.2 Correspondence-at-the-top and correlation analysis

The “Correspondence-at-the-top” curves (CAT-plot)32 was implemented and successfully used to evaluate the
agreement among distinct microarray studies, as previously described33,34 This technique allows for comparing the
agreement (i.e “correspondence”) between two ranked vectors of features starting from the top, as follows:

1. The two vectors are ordered based on a ranking statistics (e.g. t-statistics for differential gene expression,
p-values for significance, . . . );

2. The proportion of overlapping elements is then computed starting from the top, considering more and more
features until all used;

3. Finally the proportion of common elements are plotted against the increasing size of the vectors being
compared creating a CAT-curve.

Since CAT-curves focus on the agreement between vectors at the top, they are particularly useful to compare
vectors ordered based on differential gene expression studies, since only a small fraction of genes is expected to
be different over the large total number of analyzed genes. We used cat-plots to evaluate the agreement among
the different contrasts investigating differential gene expression upon HDAC-inhibition in prostate cancer cell lines
(see Figures S9 ,S10, S11, S12, S13, S14, S15, S16). To this end we ranked the genes based on the moderate
t-statistics as obtained from our linear model analysis and performed the CAT-curve analysis as follows:

• By increasing ordering using the signed moderate t-statistics to investigate the down-regulated genes;
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• By decreasing ordering using the signed moderate t-statistics, to investigate the up-regulated genes.

We also computed the Pearson’s correlation between all pairs of moderated t-statistics and log2 fold-change
obtained from our linear model analysis and displayed them using heatmaps (see Figures S7, S8). In this repre-
sentation clustering based on this pari-wise correlation was achieved using the euclidian distance and the average
clustering method.

Summary tables reporting the list of the differentially expressed genes identified for each study can be accessed
for each analyzed contrast and for each study in html format:

• GSE34452 study, differentially expressed genes:
– Comparisons to controls, on-line tables;
– Comparisons by drug or cell line, on-line tables;

• GSE8645 study, differentially expressed genes, on-line tables;

• GSE31620 study, differentially expressed mRNA, on-line tables;

• GSE31620 study, differentially expressed miR, on-line tables;

• Connectivity Map study, differentially expressed genes, on-line tables;

3.3 Analysis of Functional Annotation

Enrichment analysis of functional themes was performed to capture biological processes affected by HDAC inhi-
bition in the studied cellular models. The Wilcoxon rank sum test, as implemented in the geneSetTest function
of the limma R-Bioconductor package15,35, was applied to test whether each FGS was differentially expressed,
up-regulated, or down-regulated across all the 8 investigated contrasts, using the moderated t-statistics from the
linear model analysis to order the genes (see Kortenhorst et al for details19) . This function computes a p-value
to test the hypothesis that a given genes set, defined by any functional annotation of interest, tends to be more
highly ranked on a given statistic.

In the present study, individual, non redundant probes on the microarray were ranked by their absolute moderated
t-statistics, and the enrichment p-values were computed by one-sided Wilcoxon rank sum tests. This approach
enabled the identification of biological concepts enriched by differential gene expression irrespective to up- or
down-regulation. In addition, genes were also ranked by their signed moderated t-statistics, performing separate
tests on each tail, therefore enabling the identification of FGS enriched either by gene up-regulation upon HDACIs
treatment or gene down-regulation.

The enrichment analysis was performed using all non-redundant genes present on the microarray, according to
the NCBI Entrez Gene database annotation36 (see details below). Filtering of redundant microarray features (i.e.
probes mapping to the same NCBI Entrez Gene identifier) was achieved by retaining only the probes with the
largest absolute t-statistics for further analysis.

Correction for multiple hypothesis testing was obtained separately for each FGS collection, by applying the Ben-
jamini and Hochberg method37 as implemented in the multtest R/Bioconductor package. Overall, our approach
is analogous to Gene Set Enrichment Analysis (GSEA) like procedures8,9), and has already been successfully
applied in other studies5,6.

3.4 Microarray and Functional Gene Set Annotation

In the present study mappings between each FGS considered and the individual probes of the Agilent mi-
croarray were based on NCBI Entrez Gene identifiers36, as obtained from the hgug4110b.db, hgu133a.db, and
org.Hs.eg.db R/Bioconductor packages (see details below).
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3.4.1 The hgug4110b.db metadata package

The hgug4110b.db metadata package was obtained from R/Bioconducor13,14. This package contains annotation
information for the human Agilent array hgug4110b, as detailed below:

> hgug4110b()

Quality control information for hgug4110b:

This package has the following mappings:

hgug4110bACCNUM has 20173 mapped keys (of 20173 keys)

hgug4110bALIAS2PROBE has 65694 mapped keys (of 110538 keys)

hgug4110bCHR has 18252 mapped keys (of 20173 keys)

hgug4110bCHRLENGTHS has 93 mapped keys (of 93 keys)

hgug4110bCHRLOC has 18110 mapped keys (of 20173 keys)

hgug4110bCHRLOCEND has 18110 mapped keys (of 20173 keys)

hgug4110bENSEMBL has 17773 mapped keys (of 20173 keys)

hgug4110bENSEMBL2PROBE has 16597 mapped keys (of 19887 keys)

hgug4110bENTREZID has 18253 mapped keys (of 20173 keys)

hgug4110bENZYME has 2274 mapped keys (of 20173 keys)

hgug4110bENZYME2PROBE has 919 mapped keys (of 936 keys)

hgug4110bGENENAME has 18253 mapped keys (of 20173 keys)

hgug4110bGO has 16963 mapped keys (of 20173 keys)

hgug4110bGO2ALLPROBES has 13163 mapped keys (of 13360 keys)

hgug4110bGO2PROBE has 9949 mapped keys (of 10161 keys)

hgug4110bMAP has 18199 mapped keys (of 20173 keys)

hgug4110bOMIM has 13394 mapped keys (of 20173 keys)

hgug4110bPATH has 5758 mapped keys (of 20173 keys)

hgug4110bPATH2PROBE has 214 mapped keys (of 214 keys)

hgug4110bPFAM has 18196 mapped keys (of 20173 keys)

hgug4110bPMID has 18216 mapped keys (of 20173 keys)

hgug4110bPMID2PROBE has 272631 mapped keys (of 283543 keys)

hgug4110bPROSITE has 18196 mapped keys (of 20173 keys)

hgug4110bREFSEQ has 18212 mapped keys (of 20173 keys)

hgug4110bSYMBOL has 18253 mapped keys (of 20173 keys)

hgug4110bUNIGENE has 18223 mapped keys (of 20173 keys)

hgug4110bUNIPROT has 17718 mapped keys (of 20173 keys)

Additional Information about this package:

DB schema: HUMANCHIP_DB

DB schema version: 2.1

Organism: Homo sapiens

Date for NCBI data: 2010-Sep7

Date for GO data: 20100904

Date for KEGG data: 2010-Sep7

Date for Golden Path data: 2010-Mar22

Date for IPI data: 2010-Aug19

Date for Ensembl data: 2010-Aug5
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3.4.2 The org.Hs.eg.db metadata package

The org.Hs.eg.db metadata package was obtained from R/Bioconducor13,14. This package contains annotation
information for the human genome, as detailed below:

> org.Hs.eg()

Quality control information for org.Hs.eg:

This package has the following mappings:

org.Hs.egACCNUM has 30045 mapped keys (of 44811 keys)

org.Hs.egACCNUM2EG has 656242 mapped keys (of 656242 keys)

org.Hs.egALIAS2EG has 110538 mapped keys (of 110538 keys)

org.Hs.egCHR has 44424 mapped keys (of 44811 keys)

org.Hs.egCHRLENGTHS has 93 mapped keys (of 93 keys)

org.Hs.egCHRLOC has 22107 mapped keys (of 44811 keys)

org.Hs.egCHRLOCEND has 22107 mapped keys (of 44811 keys)

org.Hs.egENSEMBL has 19496 mapped keys (of 44811 keys)

org.Hs.egENSEMBL2EG has 19887 mapped keys (of 19887 keys)

org.Hs.egENSEMBLPROT has 19461 mapped keys (of 44811 keys)

org.Hs.egENSEMBLPROT2EG has 75463 mapped keys (of 75463 keys)

org.Hs.egENSEMBLTRANS has 19494 mapped keys (of 44811 keys)

org.Hs.egENSEMBLTRANS2EG has 109368 mapped keys (of 109368 keys)

org.Hs.egENZYME has 2142 mapped keys (of 44811 keys)

org.Hs.egENZYME2EG has 936 mapped keys (of 936 keys)

org.Hs.egGENENAME has 44811 mapped keys (of 44811 keys)

org.Hs.egGO has 17794 mapped keys (of 44811 keys)

org.Hs.egGO2ALLEGS has 13360 mapped keys (of 13360 keys)

org.Hs.egGO2EG has 10161 mapped keys (of 10161 keys)

org.Hs.egMAP has 37845 mapped keys (of 44811 keys)

org.Hs.egMAP2EG has 2601 mapped keys (of 2601 keys)

org.Hs.egOMIM has 14704 mapped keys (of 44811 keys)

org.Hs.egOMIM2EG has 17368 mapped keys (of 17368 keys)

org.Hs.egPATH has 5501 mapped keys (of 44811 keys)

org.Hs.egPATH2EG has 214 mapped keys (of 214 keys)

org.Hs.egPFAM has 24976 mapped keys (of 44811 keys)

org.Hs.egPMID has 30298 mapped keys (of 44811 keys)

org.Hs.egPMID2EG has 283543 mapped keys (of 283543 keys)

org.Hs.egPROSITE has 24976 mapped keys (of 44811 keys)

org.Hs.egREFSEQ has 28641 mapped keys (of 44811 keys)

org.Hs.egREFSEQ2EG has 91755 mapped keys (of 91755 keys)

org.Hs.egSYMBOL has 44811 mapped keys (of 44811 keys)

org.Hs.egSYMBOL2EG has 44796 mapped keys (of 44796 keys)

org.Hs.egUCSCKG has 20528 mapped keys (of 44811 keys)

org.Hs.egUNIGENE has 25212 mapped keys (of 44811 keys)

org.Hs.egUNIGENE2EG has 25814 mapped keys (of 25814 keys)

org.Hs.egUNIPROT has 18990 mapped keys (of 44811 keys)

Additional Information about this package:

DB schema: HUMAN_DB

DB schema version: 2.1

Organism: Homo sapiens

Date for NCBI data: 2010-Sep7

Date for GO data: 20100904

Date for KEGG data: 2010-Sep7

Date for Golden Path data: 2010-Mar22

Date for IPI data: 2010-Aug19

Date for Ensembl data: 2010-Aug5
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3.4.3 The hgu133a.db metadata package

The hgu133a.db metadata package was obtained from R/Bioconducor13,14. This package contains annotation
information for the Affymetrix hgu133a platform, as detailed below:

> hgu133a()

Quality control information for hgu133a:

This package has the following mappings:

hgu133aACCNUM has 22283 mapped keys (of 22283 keys)

hgu133aALIAS2PROBE has 53200 mapped keys (of 110538 keys)

hgu133aCHR has 20267 mapped keys (of 22283 keys)

hgu133aCHRLENGTHS has 93 mapped keys (of 93 keys)

hgu133aCHRLOC has 20066 mapped keys (of 22283 keys)

hgu133aCHRLOCEND has 20066 mapped keys (of 22283 keys)

hgu133aENSEMBL has 19742 mapped keys (of 22283 keys)

hgu133aENSEMBL2PROBE has 12921 mapped keys (of 19887 keys)

hgu133aENTREZID has 20273 mapped keys (of 22283 keys)

hgu133aENZYME has 3002 mapped keys (of 22283 keys)

hgu133aENZYME2PROBE has 869 mapped keys (of 936 keys)

hgu133aGENENAME has 20273 mapped keys (of 22283 keys)

hgu133aGO has 19270 mapped keys (of 22283 keys)

hgu133aGO2ALLPROBES has 12901 mapped keys (of 13360 keys)

hgu133aGO2PROBE has 9648 mapped keys (of 10161 keys)

hgu133aMAP has 20229 mapped keys (of 22283 keys)

hgu133aOMIM has 16682 mapped keys (of 22283 keys)

hgu133aPATH has 7585 mapped keys (of 22283 keys)

hgu133aPATH2PROBE has 214 mapped keys (of 214 keys)

hgu133aPFAM has 20157 mapped keys (of 22283 keys)

hgu133aPMID has 20197 mapped keys (of 22283 keys)

hgu133aPMID2PROBE has 266196 mapped keys (of 283543 keys)

hgu133aPROSITE has 20157 mapped keys (of 22283 keys)

hgu133aREFSEQ has 20182 mapped keys (of 22283 keys)

hgu133aSYMBOL has 20273 mapped keys (of 22283 keys)

hgu133aUNIGENE has 20232 mapped keys (of 22283 keys)

hgu133aUNIPROT has 19681 mapped keys (of 22283 keys)

Additional Information about this package:

DB schema: HUMANCHIP_DB

DB schema version: 2.1

Organism: Homo sapiens

Date for NCBI data: 2010-Sep7

Date for GO data: 20100904

Date for KEGG data: 2010-Sep7

Date for Golden Path data: 2010-Mar22

Date for IPI data: 2010-Aug19

Date for Ensembl data: 2010-Aug5
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3.4.4 Functional Gene Set Collections

Overall we analyzed 43 FGS collections, which were obtained from various databases, encompassing distinct
biological and molecular concepts (see Table T1 below for details) including:

1. Cytogenetic bands and chromosomes;

2. Gene Ontology Terms (GO)10,38,

3. Signaling pathways from KEGG11,12,39 and other databases;

4. Functional themes from the Molecular Signature Database (MSigDb)8,9, (see: MSigDb);

5. Protein-Protein-Interaction (PII) networks obtained from Biogrid40, the Biomolecular Interaction Network
Databas (BIND)41, and the Human Protein Reference Database (HPRD)42 databases;

6. Genes sharing conserved Transcription Factor Binding Site (TFBS), as defined in the University of California
at Santa Cruz (UCSC) GoldenPath data base43,44 (see Table T1 below for details);

7. MicroRNA targets according to a number of different databases and prediction algorithms, including miRGen
data base45, PicTar46, TargetScanS47, tarbase48,49, miRBase50, mirtarget251, miRanda52, and DIANA-
microT53,54) (see Table T1 below for details);

8. Genes co-cited in published manuscripts as recorded in PubMed;

9. Genes co-cited in the Online Mendelian Inheritance (OMIM) database;

10. Genes sharing similar protein domain, as defined in the Prosite database;

11. Genes annotated to the same Enzyme Commission number (EC number);

Table T1 reports the description and source of each Functional Gene Sets collection used in the presents study to
perform the the enrichment analysis.

Supplementary Table T1: Description and source of each Functional
Gene Set (FGS) collections used in the present study

FGS Collection Description Source

GO
Gene Ontology; FGS defined based on Gene Ontology annotation, as obtained from
the R/Bioconductor org.Hs.eg.db metadata package. In this GO collection each gene is
associated to all parents GO terms.

R/Bioconductor

KEGG
KEGG; FGS defined based on the KEGG pathways data base. Data obtained from the
R/Bioconductor org.Hs.eg.db metadata package

R/Bioconductor

Broad.c1.CYTOBAND
Broad Institute MSigDB Molecular Signature Database (MSigDB) Gene sets correspond-
ing to each human chromosome and each cytogenetic band harboring at least one gene

MsigDB

Broad.c2.CGP
Broad Institute MSigDB CGP gene sets: chemical and genetic perturbations. These
FGS represent gene expression signatures of genetic and chemical perturbations

MsigDB

Broad.c2.CP
Broad Institute MSigDB CP gene sets: canonical pathways. These FGS are canonical
representations of a biological process compiled by domain experts

MsigDB

Broad.c2.CP.BIOCARTA
Broad Institute MSigDB canonical pathways BioCarta gene sets. These FGS are derived
from the BioCarta pathway database

MsigDB

Broad.c2.CP.KEGG
Broad Institute MSigDB canonical pathways KEGG gene sets. These FGS are derived
from the KEGG pathway database

MsigDB

Broad.c2.CP.REACTOME
Broad Institute MSigDB canonical pathways Reactome gene sets. These FGS are derived
from the REACTOME pathway database

MsigDB

Continued on next page
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Supplementary Table T1 – Continued from previous page

FGS Collection Description Source

Broad.c3.MIR

Broad Institute MSigDB regulatory motifs gene sets. FGS that contain genes that share
a cis-regulatory motif that is conserved across the human, mouse, rat, and dog genomes.
The motifs are catalogued in Xie, et al (2005, Nature), and represent known or likely
regulatory elements. This collection contains 3’-UTR microRNA binding motifs.

MsigDB

Broad.c3.TFT

Broad Institute MSigDB regulatory motifs gene sets. FGS that contain genes that share
a cis-regulatory motif that is conserved across the human, mouse, rat, and dog genomes.
The motifs are catalogued in Xie, et al (2005, Nature), and represent known or likely
regulatory elements. This collection contains FGS accounting for the genes that share a
specific transcription factor binding site as defined in the TRANSFAC database (version
7.4)

MsigDB

Broad.c4.CGN

Broad Institute MSigDB computational gene sets: CGN, cancer gene neighborhood.
FGS computationally derived from large collections of cancer-oriented microarray data.
This collection accounts for expression neighborhoods centered on 380 cancer-associated
genes, as defined in Brentani, et al (2003, PNAS)

MsigDB

Broad.c4.CM

Broad Institute MSigDB computational gene sets: CM, cancer modules. FGS computa-
tionally derived from large collections of cancer-oriented microarray data. This collection
accounts for gene expression modules defined by Segal et al (Nature Genetics, 2004).
Briefly, the authors compiled gene sets (’modules’) from a variety of resources such as
KEGG, GO, and others. By mining a large compendium of cancer-related microarray
data, they identified 456 such modules as significantly changed in a variety of cancer
conditions.

MsigDB

Broad.c5.BP
Broad Institute MSigDB Gene Ontology gene sets: BP FGS are derived from the Bio-
logical Process Gene Ontology (see guidelines)

MsigDB

Broad.c5.CC
Broad Institute MSigDB Gene Ontology gene sets: CC FGS are derived from the Cellular
Component Gene Ontology (see guidelines)

MsigDB

Broad.c5.MF
Broad Institute MSigDB Gene Ontology gene sets: MF FGS are derived from the
Molecular Function Gene Ontology (see guidelines)

MsigDB

PMID
PubMed; FGS defined based on the PubMed identifiers obtained from the org.Hs.eg.db
R/Bioconductor metadata package

R/Bioconductor

OMIM
OMIM; FGS defined based on the OMIM identifiers obtained from the org.Hs.eg.db
R/Bioconductor metadata package

R/Bioconductor

ChromosomalTiles5Mb
This collection accounts for FGS containing all the genes located on consecutive five
Mb chromosomal tiles, as obtained from Stanford Microarray Database; a description is
available at Synthetic genes page on SMD

Tibshirani’s webpage

Prosite
Prosite; FGS defined based on proteins domains, families, and functional sites, as defined
in the Prosite data base. Data obtained from the org.Hs.eg.db R/Bioconductor metadata
package

R/Bioconductor

Enzyme
Enzyme Commission number; FGS defined based on the Enzyme Commission number.
Data obtained from the org.Hs.eg.db R/Bioconductor metadata package

R/Bioconductor

ppi.BIND
Protein-protein-interaction data from the BIND database, as listed in the Entrez Gene
data base

NCBI Entrez Gene

ppi.BioGRID
Protein-protein-interaction data from the BioGRID database, as listed in the Entrez
Gene data base

NCBI Entrez Gene

ppi.HPRD
Protein-protein-interaction data from the HPRD database, as listed in the Entrez Gene
database

NCBI Entrez Gene

ppi.anyDB
Protein-protein-interaction data from of any of the data bases listed above, as listed in
the Entrez Gene data base

NCBI Entrez Gene

pathwayCommons.cell-map
FGS corresponding to pathways defined in the Pathway Commons data base. This
collection accounts for gene lists from the Cancer Cell Map collection (Memorial Sloan-
Kettering Cancer Center)

Pathway Commons

Continued on next page
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FGS Collection Description Source

pathwayCommons.humancyc
FGS corresponding to pathways defined in the Pathway Commons data base. This
collection accounts for gene lists from HumanCyc collection (the Encyclopedia of Human
Genes and Metabolism)

Pathway Commons

pathwayCommons.nci-nature

FGS corresponding to pathways defined in the Pathway Commons data base. This
collection accounts for gene lists from the NCI/Nature Pathway Interaction Database.
The Pathway Interaction Database is a collaborative project between the US National
Cancer Institute (NCI) and Nature Publishing Group (NPG)

Pathway Commons

pathwayCommons.reactome
FGS corresponding to pathways defined in the Pathway Commons database. This col-
lection accounts for gene lists from the Reactome collection, which is a knowledgebase
of biological processes

Pathway Commons

miranda.targets
miRNA targets as predicted by the miranda algorithm. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

mirbase.targets
miRNA targets as obtained from the miRBasedatabase. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

mirtarget2.targets
miRNA targets as obtained from the mirtarget2 algorithm. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

pictar.targets
miRNA targets as predicted by the PicTar algorithm. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

tarbase.targets
miRNA targets as obtained from the TabBasedatabase. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

targetscan.targets
miRNA targets as predicted by the targetscanalgorithm. Data obtained from the
RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

miRNAtargetIntersection

FGS resulting from the combinations of target predictions resulting from different algo-
rithms and databases. In particular FGS in this collection account for predicted target
intersections of any three of the following: targetscan, tarbase, pictar, mirtarget2,
mirbase, or miranda. Such intersection lists might provide more specific results. Data
obtained from the RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

miRNAtargetUnion

FGS resulting from the combinations of target predictions resulting from different algo-
rithms and databases. In particular FGS in this collection account for predicted target
unions of any three of the following: targetscan, tarbase, pictar, mirtarget2, mirbase,
or miranda. Such intersection lists might provide more specific results. Data obtained
from the RmiR.Hs.miRNA R/Bioconductor metadata package

R/Bioconductor

hprdBatch.UP

Genes up-regulated by pathway activation; the genes contained in this collection are
the up-regulated targets induced by the activation of the signaling pathway; the gene
lists were manually curated, result from the evaluation of evidence available from the
literature, and are available from the HPRD data base (batch download)

NetPath

hprdBatch.DOWN

Genes down-regulated by pathway activation; the genes contained in this collection are
the down-regulated targets induced by the activation of the signaling pathway; the gene
lists were manually curated, result from the evaluation of evidence available from the
literature, and are available from the HPRD data base (batch download)

NetPath

hprdBatch.DIFFERENT

Genes up- and down-regulated by pathway activation; the genes contained in this collec-
tion are the up- and down-regulated targets induced by the activation of the signaling
pathway; the gene lists were manually curated, result from the evaluation of evidence
available from the literature, and are available from the HPRD data base (batch down-
load)

NetPath

hprdManual.UP

Genes up-regulated by pathway activation; the genes contained in this collection are
the up-regulated targets induced by the activation of the signaling pathway; the gene
lists were manually curated, result from the evaluation of evidence available from the
literature, and are available from the HPRD data base (manual download)

NetPath

hprdManual.DOWN

Genes down-regulated by pathway activation; the genes contained in this collection are
the down-regulated targets induced by the activation of the signaling pathway; the gene
lists were manually curated, result from the evaluation of evidence available from the
literature, and are available from the HPRD data base (manual download)

NetPath

Continued on next page
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FGS Collection Description Source

hprdManual.DIFFERENT

Genes up- and down-regulated by pathway activation; the genes contained in this collec-
tion are the up- and down-regulated targets induced by the activation of the signaling
pathway; the gene lists were manually curated, result from the evaluation of evidence
available from the literature, and are available from the HPRD data base (manual down-
load)

NetPath

tfbsK3Z3

TRANSFAC Transcription Factor Binding Site (TFBS); the genes contained in this
collection have a TFBS in the genomic region around their transcription starting site
(TSS); The genomic window considered spans from 3kb before the TSS to 3kb after the
TSS, with a Z-score for conservation of 3.0, corresponding to a False Discovery Rate of
less than 1%. Details are available from the UCSC Genome Browser

GoldenPath

3.5 AFA results exploration

We selected and considered significantly enriched FGS that showed an adjusted p-values < 5% after correction
for multiple testing. Summary tables, reporting the top differentially expressed FGS (adjusted p-values of 5% or
less), can be accessed for each endpoint and for each study in html format:

• GSE34452 study, AFA results on-line:
– Comparisons to control;
– Comparisons by cell line or drug;

• GSE8645 study, AFA results on-line;

• GSE31620 study, AFA results on-line;

• Connectivity Map study, AFA results on-line;

Heatmaps were also used to display and explore significant AFA results for all studies, and can be accessed on line.
When we considered the GSE34452 study alone, we selected FGS, if any, that were significantly enriched (adjusted
p-values < 5%) across all considered comparisons. When we considered all the studies together (GSE34452,
GSE8645, GSE31620, and Connectivity Map) we selected FGS, if any, that were significantly enriched (adjusted
p-values < 5%) in a least one comparison. In all theses heatmaps for GSE34452 we used only the comparisons to
control cells.

• GSE34452 study alone:
– FGS enriched (FDR < 5% in all comparisons) by differential gene expression;
– FGS enriched (FDR < 5% in all comparisons) by gene up-regulation;
– FGS enriched (FDR < 5% in all comparisons) by gene down-regulation;

• All studies together (GSE34452, GSE8645, GSE31620, and Connectivity Map):
– FGS enriched (FDR < 5% in at least one comparison) by differential gene expression;
– FGS enriched (FDR < 5% in at least one comparison) by gene up-regulation;
– FGS enriched (FDR < 5% in at least one comparison) by gene down-regulation;

We used the color scale to represent the absolute negative base 10 logarithm obtained from of the adjusted Wilcoxon
rank sum test P values. FGS were represented in the as rows, and were clustered using the Euclidian distance and
the average clustering method, while the different HDACIs treatments were represented by column and were not
reordered. This exploratory approach intuitively allowed us to detect commonalities and peculiarities among the
different biological contrasts we evaluated.
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3.6 FGS communities

We used social network analysis to explore the relationship among the enriched FGS and to assess whether the
enrichment was driven by common or distinct gene modules, as follows:

• First we assembled “gene by FGS” matrices indicating the membership of each gene to the enriched FGS
from Figures 1A, 1B, and 1C in the main paper;

• We then performed hierarchical clustering to group the enriched FGS based on common genes, using the
binary distance and the Ward clustering method (see Figures S1, S1, and S1);

• We then represented the gene-FGS membership data as adjacency matrices and use this information to
reconstruct the corresponding networks using weighted undirected graphs;

• We subsequently performed social network analysis to identify distinct FGS communities using the fast
greedy modularity optimization algorithm described by Clauset and colleagues4 (see Figures S4, S5, and
S6);

• We also repeated all analytical steps above filtering the genes based on increasing significance in differential
gene expression analysis (FDR < 10%, < 5%, < 1%, and < 0.1%) with similar results.

Similarly to what we have done for AFA, we applied social network analysis separately for differentially expressed,
up-regulated, and down-regulated FGS and genes. Overall this analysis revealed distinct FGS communities for
which the enrichment is driven by distinct sets of differentially expressed genes. Even most interestingly these
FGS communities represent distinct and complementary biological concepts. For instance the FGS communities
for the upstream signaling pathways proved to be distinct from those for the downstream target genes. These
findings may suggest that HDACIs treatment not only can modulate cell signaling pathways, but also that such
modulation may result in the reactivation of the downstream responses depending on such pathways.

For instance, among the FGS that were differentially expressed upon HDACIs treatment in PC3 and DU-145 cells
four main subgraphs were identified based on the most significant differentially expressed genes (FDR < 0.1%, see
Figure S4):

1. FGS related to modulation of cell-cycle and gene expression (highlighted in green in Figure S4):

• REACTOME gene lists for ”Gene Expression”, ”mRNA Processing”, and ”Processing of Capped Intron-
Containing Pre-mRNA”;

• ENTREZ protein-protein-interaction networks for MEPCE, MGMT CDT1, and 155871.

2. FGS related to cell signaling (highlighted in red in Figure S4):

• NCI Pathways for C-MYC, p53 and EGF receptor signaling;

• ENTREZ protein-protein-interaction networks for TP53.

3. FGS related to cell signaling transcriptional responses (highlighted in purple in Figure S4):

• HPRD gene lists for downstream targets of ”IL-2 Signaling Pathway”, ”Androgen Receptor Signaling
Pathway”, ”EGFR1 Signaling Pathway”, ”B Cell Receptor Signaling Pathway”, ”TGF-beta Receptor
Signaling Pathway”, and ”TNF-alpha Signaling Pathway”.

4. Regulatory networks associated with specific TFBS and miRs (highlighted in cyan in Figure S4):

• TFBS target gene lists for ”V$MYC Q2”, ”V$NRF1 Q6”, ”V$GABP B”, ”V$ELK1 02”, ”V$MYC Q2”,
”V$USF 01”, and ”V$SP1 Q6”

• miR target gene lists for ”MIR-381”, ”MIR-9”, ”MIR-506”, and ”MIR-200B,MIR-200C,MIR-429”.
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Among the FGS that were up-regulated upon HDACIs treatment in PC3 and DU-145 cells three main subgraphs
were identified based on the most significant up-regulated genes (FDR < 0.1%, see Figure S5):

1. Immune system related FGS (highlighted in green in Figure S5):

• REACTOME gene lists for ”Signaling in Immune system”, ”Interferon Signaling”, ”Interferon alpha/beta
signaling”, and ”Interferon gamma signaling”;

• ENTREZ protein-protein-interaction networks for LILRB1, and LILRB2.

2. EGF signaling related gene lists (highlighted in red in Figure S5):

• NCI Pathways for ”ErbB receptor signaling network”, ”EGF receptor (ErbB1) signaling pathway”,
”Internalization of ErbB1”, ”ErbB1 downstream signaling”, ”Proteogylcan syndecan-mediated signaling
events”, ”Plasma membrane estrogen receptor signaling”, and ”Integrin cell surface interactions”;

• ENTREZ protein-protein-interaction networks for ITGB1, ITGB5, ADAM9, and MYO10;

• HPRD gene lists for downstream targets of ”Wnt Signaling Pathway”.

3. Transcriptional responses and regulatory networks associated with specific TFBS and miR (highlighted in
blue in Figure S5):

• HPRD gene lists for downstream targets of ”EGFR1 Signaling Pathway”; ”HPRD Androgen Receptor
Signaling Pathway”, ”TGF-beta Receptor Signaling Pathway”;

• TFBS targets potentially downstream immune system signaling pathways: ”V$E12 Q6”and ”V$E12 Q6”;

• TFBS targets potentially downstream the EGFR signaling pathway: ”V$AP1 C” and ”V$FOXO4 01”;

• miR target lists for ”MIR-17-5P,MIR-20A,MIR-106A,MIR-106B,MIR-20B,MIR-519D”, ”MIR-200B,MIR-
200C,MIR-429”, ”MIR-218”, ”MIR-519C,MIR-519B,MIR-519A”, ”MIR-124A”, and ”MIR-19A,MIR-19B”.

Finally, among the FGS that were down-regulated upon HDACIs treatment in PC3 and DU-145 cells four main
subgraphs were identified based on the most significant down-regulatedgenes (FDR < 0.1%, see Figure S6):

1. FGS related to gene expression (highlighted in green in Figure S6):

• REACTOME gene lists for ”Gene Expression”, ”mRNA Processing”, and ”Processing of Capped Intron-
Containing Pre-mRNA”;

• ENTREZ protein-protein-interaction networks for MEPCE, SRRM1, SRRM2, SFRS12, and 155871.

2. FGS related to cell-cycle progression (highlighted in purple in Figure S6):

• REACTOME gene lists for ”DNA Replication”, ”Cell Cycle, Mitotic”, and ”Mitotic M?M/G1 phases”.

3. Transcriptional responses and regulatory networks associated with cell cycle progression and regulation
(highlighted in red in Figure S6):

• TFBS targets potentially potentially regulated by the the E2F family of transcription factors: ”V$E2F Q4”
and ”V$E2F Q6”, ”V$E2F1 Q6 01”, and ”V$E2F Q4 01” ;

• NCI Pathways for ”BARD1 signaling events” and ”Regulation of Telomerase”.

4. Transcriptional responses and regulatory networks associated with the c-Myc signaling pathway (highlighted
in cyan in Figure S6):

• TFBS targets potentially potentially regulated by the the c-Myc: ”V$MYC Q2”and ”V$MYCMAX 01”;

• NCI Pathways for ”C?MYC pathway” and ”Validated targets of C?MYC transcriptional activation”.

Similar networks and communities were obtained by applying less stringent criteria to filter the underlying genes
(FDR < 10%, < 5%, < 1%, data not shown).
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3.7 Software

All analyses were performed using analytical packages from the R/Bioconductor project13,14, including limma16,
affy55, RTopper56, matchBox, igraph, and multtest. Additional functions and methods were developed by Dr.
Marchionni and implemented in additional packages available from http://luigimarchionni.org/software.

html.
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