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Abstract

Integrated analyses of multiple genomic datatypes are now common in cancer profiling studies.
Such data present opportunities for numerous computational experiments, yet analytic pipelines
are limited. Tools such as the cBioPortal and Regulome Explorer, while useful, are not easy to
access programmatically or implement locally. Here we introduce the MVisAGe R package, which
allows users to quantify gene-level associations between two genomic datatypes in order to
investigate the effect of genomic alterations (e.g. DNA copy number changes on gene expression).
Visualizing Pearson/Spearman correlation coefficients according to the genomic positions of the
underlying genes provides a powerful yet novel tool for conducting exploratory analyses. We
demonstrate its utility by analyzing three publicly available cancer datasets. Our approach
highlights canonical oncogenes in chr11q13 that displayed the strongest associations between
expression and copy number, including CCND1 and CTTN, genes not identified by copy number
analysis in the primary reports. We demonstrate highly concordant usage of shared oncogenes on
chr3q, yet strikingly diverse oncogene usage on chrllq as a function of HPV infection status.
Regions of chr19 that display remarkable associations between methylation and gene expression
were identified, as were previously unreported miRNA-gene expression associations that may
contribute to the epithelial-to-mesenchymal transition.
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INTRODUCTION

Technological advances have led to the development of assays, notably microarrays and
high-throughput sequencing, which are used to interrogate the genome in cancer profiling
studies. Molecular subtypes identified in the seminal gene expression profiling studies of
breast cancer (1, 2) provided insight into the underlying biology, including clinically relevant
biomarkers, thus illustrating the power of genomic data. Not surprisingly, there has been a
corresponding explosion in the development of analysis methods.

Increasingly, cancer studies include data from multiple genomic data types, e.g. gene
expression (GE), gene mutation, and DNA copy number (CN), because this approach
provides greater insight into the underlying genomic changes, pathways, and biomarkers.
Early studies (3-5) showed that somatic CN gains and losses were often accompanied by
corresponding changes in GE. A number of methods have been developed to analyze GE
and CN data in cancer studies, as reviewed in (6) and (7). Methodology, output, and
computational efficiency varies across the procedures, as does the required level of pre-
processing, but each approach provides test statistics or measures of statistical significance
that can be used to prioritize genes based on the relationship between their GE and CN.

In spite of the availability of methods for modeling the relationship between two genomic
data types, Pearson and Spearman correlation coefficients continue to be widely used. For
example, the Regulome Explorer (http://explorer.cancerregulome.org/) is a web-based
application that allows users to compute correlations between GE and CN data in cohorts
from The Cancer Genome Atlas (TCGA). In addition to GE and CN data, the Regulome
Explorer includes DNA methylation (ME), microRNA expression (miRNA), and clinical
data so that pairwise associations between any two data types can be examined. Although
the Regulome Explorer’s broad functionality, high quality graphics, and ease of use make it
a valuable tool for mining various TCGA datasets, to the best of our knowledge it cannot be
applied to other datasets. This motivated our interest in developing MVisAGe, a tool for
Modeling, Visualizing, and Analyzing the cancer Genome.

Here we illustrate MVisAGe’s utility by applying it to GE, CN, ME, and miRNA expression
data from the TCGA cervical, head and neck, and lung squamous cell carcinoma cohorts
(CESC, n =191; HNSC, n = 279; LUSC, n = 178). MVisAGe uses matrix operations to
compute genome-wide Pearson and Spearman correlation coefficients for two matrices of
quantitative genomic data in a matter of seconds. Several plotting functions are available,
and these allow users to identify genomic regions where cis-acting alterations, e.g. CN or
ME changes, affect GE. Plots of smoothed correlations facilitate the identification of
regional effects by reducing noise. By using miRNA-target gene annotation files, MVisAGe
can be applied to explore associations between GE and miRNA expression.

Cancer Res. Author manuscript; available in PMC 2019 June 15.


http://explorer.cancerregulome.org/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Walter et al.

Page 3

Because MVisAGe is available as an R package (https://cran.r-project.org/web/packages/
MVisAGe/index.html), researchers can use it to analyze their own datasets, mine publicly
available datasets, or customize its capabilities. The package includes a set of “helper
functions” that are designed for users without specialized bioinformatics skills who want to
analyze TCGA data. These functions facilitate the creation of data matrices with common
gene and sample identifiers — items required for MVisAGe’s downstream functions but not
available in datasets directly downloaded from web repositories.

Although CESC, HNSC, and LUSC affect different organ systems, they have a number of
underlying similarities, including squamous histology and common risk factors — HPV
infection in CESC and HNSC; smoking in HNSC and LUSC. These and other categorical
factors can be explored with MVisAGe by including optional sample annotation data. This
feature facilitates integrated analyses that identify shared or distinct regions of genomic
alteration or regulation in separate subcohorts. For example, analysis of the TCGA HNSC
cohort highlights regions where CN/GE correlations are markedly different in HPV+ and
HPV- patients, suggesting that genes such as EGFRand TRAF3play different roles in the
two groups. To the best of our knowledge separate subcohorts can only be analyzed with the
Regulome Explorer by performing independent analyses.

CN/GE correlation coefficients are often accompanied by p-values derived from t statistics
in order to prioritize genes where underlying genomic alterations affect gene expression.
However, our findings suggest that this approach may not be appropriate, as evidenced by
the fact that 11978 of 17442 genes yielded CN/GE Pearson correlation coefficients with
false discovery rate (FDR) g-values less than 0.05. For this reason MVisAGE includes two
additional methods for assessing statistical significance. The first is a permutation-based
approach similar to the DR-Integrator method (8), while the second employs mixtures of
normal distributions. Additional approaches are being investigated.

MATERIAL AND METHODS

Datasets

Level 3 mRNA expression, miRNA expression, and DNA methylation data for CESC (n =
191), HNSC (n = 279), and LUSC (n = 178) were downloaded from the Legacy Archive of
the Genomic Data Commons (https://portal.gdc.cancer.gov/legacy-archive/search/f), for the
following platforms: lllumina HiSeq (MRNA and miRNA) and Illumina 450K (DNA
methylation). Gene-level expression measurements for mMRNA and miRNA were
log2(normalized RSEM + 1) and log2(FPKM + 1), respectively. Quantitative gene-level
DNA copy number measurements for the three cohorts were obtained from GISTIC2 output
downloaded from the Broad GDAC Firehose (https://gdac.broadinstitute.org/).

In each tumor type methylation beta values were used to produce binary gene-level
methylation calls, as described previously (9). Briefly, we began by restricting to probes in
transcription start sites, as designated by TSS200 or TSS1500 in the Illumina 450K
annotation data. For each tumor sample the gene-level beta value for gene g was computed
by finding the mean beta value over all probes corresponding to gene g. These gene-level
beta values were then compared to a gene-specific threshold defined below in order to make
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binary methylated calls. The threshold for gene g was defined based on the mean and
standard deviation of the beta values for all probes corresponding to gene g in the normal
samples. More specifically, the gene-specific threshold is three standard deviations above the
mean, i.e.

threshg = min(1, mean(beta_ng) + 3*sd(beta_ng)),

where beta_ng is the set of beta values from normal samples for gene g. The value 1 is
included here because beta values lie between 0 and 1. Each tumor sample was classified as
methylated at gene g if its gene-level beta value was greater than threshg, otherwise it was
classified as unmethylated.

Gene positions (hg38 RefGene) were downloaded from Galaxy (https://galaxyproject.org/).
Genes not in chrl — chr22, chrX, or chrY were removed, as were genes having names that
appeared in multiple chromosomes. Start and stop positions for each gene were defined by
taking the mean across multiple start and stop positions, if necessary.

Matrix-based computation of Pearson and Spearman correlation coefficients

Smoothing

Let X and Y be n x m matrices with numeric entries, where rows are indexed by genes and
columns are indexed by samples. The n Pearson correlation coefficients for each row of X
and each row of Y were computed as follows: First, create n x m matrices X1 and Y1 by
standardizing each row of X and Y to have mean 0 and Euclidean norm 1. Then define the n
x m matrix Z = X1 * Y1 by multiplying the corresponding entries of each matrix. Finally,
the vector of length n corresponding to the row sums of Z gives the n Pearson correlation
coefficients. Spearman correlations were computed using the above approach after first
converting entries in X and Y to row-specific ranks.

Smoothing reduces local variability and thus facilitates the identification of regions with
large correlation coefficients produced by somatic alterations in DNA copy humber or
methylation level. Loess smoothing was applied to the gene-level correlation coefficients
using the gene positions and the loess() R function. The size of the smoothing window is an
input parameter, and smoothing is performed separately for each chromosome. The effect of
smoothing at each telomere is minimized by artificially extending the chromosome,
smoothing the extended chromosome, and then restricting to the smoothed correlation
coefficients from the original chromosomal markers. No adjustment was made at the
centromeres.

Statistical significance

Traditionally the significance of an observed Pearson correlation coefficient p = pgps is

assessed with the test statistic 7, = p [Lé Positive correlation coefficients are of interest
l-p

when working with CN and GE data, so MVisAGe computes the p-value p(¢,-2 > ), the
area under the curve in the right tail of the ¢distribution with 7— 2 degrees of freedom. In
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the permutation-based approach the correlation coefficients ppe,, are computed after
randomly permuting the sample identifiers in the expression data A/times. Each resulting
gene-specific null distribution is then used to assess the significance of p,ps for a given gene
min(1, # (/)perm > pobs)
N
values larger than p,ps Our final method for assessing statistical significance was motivated
by the observation that the CN/GE p values in CESC, HNSC, and LUSC all have bimodal
distributions (Supplementary Figure 1A-C). This suggests that genes fall into two broad
categories: genes whose expression values are driven by underlying copy number alterations
and genes whose expression values are not driven by underlying copy number alterations.
The mixtools R package (10) was used to obtain parameter estimates (i, (b, o1, o») for a
mixture of two normal distributions M4, o1) and Mk, o), and here we assume (o > (.
One would expect correlation coefficients to be larger when copy number alterations drive
changes in gene expression. For this reason, the M, o») distribution is used to assess
significance or obtain thresholds for identifying genes of interest. Additional details are
provided in the Supplementary Methods.

)
using the formula p = , Where #(operm > pobs) 1S the number of pperm

R 3.4.1 (11) was used to create all figures and perform all data analyses.

Somatic copy number alterations and gene expression in HNSC

We began by analyzing the GE and gene-level CN data from the TCGA HNSC cohort. After
restricting to the genes present on both platforms, MVisAGe was used to compute and plot
smoothed Pearson correlation coefficients (CN/GE p values) across the genome (Figure 1A).
Details are presented in the Methods. Several regions with large smoothed CN/GE p values
were observed in Figure 1A, including 3q26-qter, 9p21, and 11q13. Prior studies (12, 13)
have shown that each of these regions exhibit recurrent copy number aberrations in HNSC —
amplifications in 3q and 11913, deletions in 9p21. Although these regions were identified by
GISTIC in the TCGA HNSC study (14), in each case the GISTIC region contained only a
small number of genes (n =7 in 3g26; n = 3 in 11913, one of which is a miRNA; and n = 2
in 9p21). Our results suggest that, broadly speaking, these copy number alterations lead to
corresponding changes in expression of regional genes. Moreover, it seems likely that the
affected genes extend beyond the GISTIC regions because of the number of large
unsmoothed CN/GE p values. In the discussion that follows, we focus primarily on 11913
because the focal gains in this region produce extreme CN/GE p values for a number of
genes. This region includes PPFIAZ and FADD, which were identified by GISTIC (Figure
1B), as well as known oncogenes CCNDI and CT TN not highlighted by GISTIC.

Several genes have been proposed as the target of the 11q13 amplicon, including CCNDJ,
FADD, and CTTN (15 - 17). CCND1 promotes progression through the cell cycle by
dimerizing with CDK4/6 and regulating the G1/S transition (15). Although FADDis a
component of the death-inducing signaling complex that mediates apoptosis, it can also act
as an oncogene by regulating members of the NFxB and MAPK pathways (16). Cortactin is
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an actin-associated scaffolding protein, and high expression of C77N has been shown to
contribute to cell matility and tumor invasion through degradation of the extracellular matrix
(17). Therefore, the observed copy number gains result in increased expression of genes with
biological and therapeutic relevance.

As shown in Figure 2A, the unsmoothed CN/GE p values in 1113 exhibit surprising levels
of variability even though the underlying CN values for these genes are very similar
(Supplementary Data). This suggests that at the gene level there are exceptions to the broad
association between regions of somatic copy number alteration and corresponding changes
in gene expression as depicted in Figures 1A/B. Gene-specific scatterplots of CN and GE are
shown in Figures 2B—F. Interestingly, even though both MRGPRFand FGF4 have low
CN/GE p values (p = 0.10 and 0.02, respectively), the relationship between the CN and GE
values for these two genes is quite different. Unexpectedly, the scatterplots for FADD and
CTTN show that both gains and losses are accompanied by corresponding changes in
expression (p = 0.93 and 0.90, respectively), whereas the effect is much less pronounced for
CCND1 (p = 0.74). As noted above, FADD can induce apoptosis and activate the NFxB
pathway, so both increases and decreases in expression may be beneficial to the tumor. At
present, it is not clear why C77N would exhibit such a duality. Future work is needed in
order to determine whether the decrease in expression that accompanies copy number loss is
functional or merely a passenger event. CCND1 plays a fundamental role in regulation of the
cell cycle, and Klein et al. (18) describe the effect of numerous transcriptional inducers and
repressors. Indeed, it may be the case that the complexity of the transcriptional regulation of
CCND1 contribute to the observation that copy humber changes have less of an effect on
expression than other regional genes such as FADDand CTTN.

Integrated analyses of subcohorts

Sample annotation data can be incorporated into MVisAGe so the gene-specific correlations
are simultaneously computed for two or more subcohorts. As an illustration, we repeated the
above analysis using subcohorts defined by HPV status in HNSC. Figure 3A shows genome-
wide plots of smoothed CN/GE p values in HNSC for HPV negative (HPV-, n = 243) and
HPV positive (HPV+, n = 36) subjects. There are a number of striking differences, including
7p11 (EGFR), 11913 (FADD), 14q32 (TRAF3), and 20q11 (E2FI). Figure 3B shows that
broad copy number gains in chr7p and focal amplification of EGFR are seen almost
exclusively in HPV- subjects (19). In general these gains lead to increased expression of
EGFR in the HPV- subjects (Figure 3C), resulting in large CN/GE p values. On the other
hand, HPV+ samples have large CN/GE p values in chrl4 that appear to be driven by copy
number losses and decreased expression of regional genes, including 7RAF3 (Figure 3D/E).
This could result in dysregulated NFxB signaling (20). On chr20, copy number gains and
increased expression of £2F1 are seen in HPV+ subjects (Figure 3F/G). Figure 3G also
shows that among £2F1 copy neutral samples, expression levels are markedly higher in HPV
+ samples than in HPV—- samples, perhaps because of £2F1 transcription autoregulation in
the absence of negative control by pRb (21).

The heatmap in Figure 3H shows that focal gains of 11g13.3 are found almost exclusively in
the HPV- samples. In spite of this observation, the CN/GE p values for FADD are nearly the
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same among HPV+ and HPV- subjects (Figure 31). This appears to result from the fact that
CN losses and gains of FADD, which are observed primarily in HPV+ and HPV- samples,
respectively, both lead to corresponding decreases and increases in gene expression as a
function of HPV status. On the other hand, CN changes have a less pronounced effect on
CCND1 expression, particularly in HPV+ subjects (Supplementary Figure 2A-C). Although
the reason for this behavior is not clear, the hypothesis that it may be connected to
inactivation of RBZ1 in HPV+ samples is intriguing.

Arm-level alterations of 3p (loss) and 3q (gain) are observed in the majority of the HNSC
samples (Supplementary Figure 3A), but some differences are seen between HPV+ and HPV
- samples. For example, a subset of HPV- samples is essentially copy neutral throughout
chr3, and two HPV+ samples have gains on both arms. Even though HPV+ samples have
larger CN/GE p values across most of chr3, manual review suggests that this distinction
arises because of the differences in CN noted above, not because of gene targets that are
present in HPV+ and absent in HPV~-. Although there is no clear target of the deletion in 3p,
it is noteworthy that known tumor suppressors MLHI and BAPI produce two of the ten
largest CN/GE p values in 3p among the HPV+ samples. MLH1 is a mismatch repair gene,
and a previous study found an association between promoter methylation and decreased
expression (22). Although we did not observe altered methylation in the TCGA cohort, the
effect of copy number losses suggests an alternate method for regulating ML H1 expression
in HNSC. Supplementary Figure 3B shows that both HPV+ and HPV- samples produce a
focal peak in CN/GE p values in 3q. Strikingly, DVL3, which plays a role in Wnt signaling,
has the first and second largest CN/GE p values in 3q for HPV+ and HPV- samples,
respectively. Wnt signaling is known to be important in HPV+ HNSC because it regulates
cellular differentiation and thereby contributes to viral replication (23). Kwan et al. (24)
found that although DvI3 expression was positively associated with Wnt-Bcatenin activity in
cervical cancer, they also observed a decrease in DVL3expression and cell proliferation
when cervical cancer cell lines were treated with the AMPK activator metformin. This
suggests a possible therapeutic approach in HNSC.

Having considered the role of coordinated gene expression and copy number within a single
anatomic site and across subsets of patients within that tumor as a function of viral infection,
we turned our attention to similar relationships in squamous tumors across anatomic sites.
We extended the dataset by obtaining from TCGA smoothed CN/GE p values for cohorts of
cervical (CESC) and lung squamous cell carcinoma (LUSC). This combined cohort allowed
investigation of those shared genomic correlations across squamous tumors of three
anatomic sites in which two tumors are primarily associated with tobacco as an etiology
(HPV—-HNSCC and LUSC) and two others are driven primarily by a viral etiology (CESC
and HPV+ HNSCC). The genome-wide plot of smoothed CN/GE p values in Supplementary
Figure 4A shows that LUSC has pronounced peaks in 3g and 9p that are shared with HNSC,
as well as a peak in 19p (KEAPI, TYK2) that is unique among these three tumor types.
Although PIK3CA, SOX2, and TP63are often mentioned as the proposed targets of the 3q
amplicon in LUSC (25), it is important to note that other regional genes may be relevant as
well. Supplementary Figure 4B shows that DCUN1DI1, DVL3 and SENPZ exhibit larger
CN/GE p values than PIK3CA, SOX2, or TP63in LUSC. The importance of these genes in
LUSC is supported by previous findings (26). In the previous paragraph, we discussed the
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potential relevance of DVL3in HNSC, and the fact that DCUNIDI and SENP2 also have
large values of p in CESC and HNSC (Supplementary Figure 4C/D) suggests that they may
be important in these tumor types as well. HNSC and LUSC also have a common peak at
11913, although the association between GE and CN is stronger in HNSC. CESC has a
distinct peak in 11922/23 ( YAPI, BIRCZ2), and large smoothed CN/GE p values are
observed in HNSC but not LUSC. In particular, the CN/GE p values for CESC and HNSC
display a surprising level of similarity at the YAP1, BIRCZ, and DCUNI1D5 loci
(Supplementary Figure 4E/F). Prior studies (27, 28) illustrate the importance of elevated
YAPI expression in both cervical carcinoma and HNSC cell lines, suggesting a common
role for this gene in pathways that are dysregulated in these tumor types. In LUSC the
CN/GE p values have peaks at B/RCZand DCUN1D5 (Supplementary Figure 4G), but here
p is smaller than the corresponding values in CESC and HNSC. This combined with the fact
that the CN/GE p value for YAPZ is markedly lower in LUSC than CESC and HNSC
suggests that copy number alterations in 11922 may be less relevant in this tumor type.

Statistical significance in HNSC

As noted in the Introduction, in HNSC approximately two-thirds of the genes produced
CN/GE Pearson correlation coefficients whose FDR g-values were less than 0.05 when the
significance of the correlation coefficients was assessed using t-distributions. Interestingly,
highly concordant results were observed when the permutation-based approach was applied
(Supplementary Figure 5). In fact, when significance was assessed using 1000 permutations,
a total of 11943 genes had g-values less than 0.05. Moreover, 11891 genes had g-values less
than 0.05 using both approaches. Supplementary Figure 1B shows a histogram of the
CN/GE p values in HNSC along with normal densities M4, o1) and Mk, o») produced by
the mixtools R package, and here we assume /5 > /4. As noted in the Methods, we use the
Mb, o») distribution to identify genes of interest. In HNSC a total of 1622 genes have
CN/GE p values larger than t» + o» = 0.432 + 0.164 = 0.594. Although this set of genes
includes known tumor suppressors and oncogenes such as CDKNZA, EGFR, and CCND1,
others such as 7P63do not achieve this threshold. These results suggest that the use of
mixture models provides a flexible, data-driven approach for identifying genes having
CN/GE p values of interest in a given cohort. Results for each of the three methods appear in
the Supplementary Data.

DNA methylation- and microRNA-based regulation of gene expression

Using a similar approach we computed gene-specific values of p based on (a) GE and binary
ME calls (0 = unmethylated, 1 = methylated) or (b) expression levels of mMiRNAs and
predicted target genes (29). Binary methylation measurements were chosen because similar
values were computed in the TCGA LUSC study (9) and because the study of Singhal et al.
(29) suggests that beta values are not amenable to correlation-based analyses. The miRNA
analysis involved the computation of p for all predicted miRNA/target gene combinations
(30). However, in an effort to focus on the miRNA/target gene combinations that produced
the strongest associations, we filtered the results by allowing each gene to appear exactly
once in the final output and with the miRNA that produced the smallest (i.e. largest negative)
value of p.
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Methylation-based regulation of expression of zinc finger genes

Like somatic copy number alterations, gene methylation changes have a cis effect on the
expression of regional genes. Thus, it is natural to plot the smoothed p values from GE and
ME in genomic order, as was done earlier for GE and CN. Figure 4A shows the results for
HNSC, and here we observe a pronounced negative peak on chrl9 that to our knowledge has
not been previously reported and which is unmatched across the remainder of the genome.
Closer inspection (Figure 4B) shows the presence of three distinct negative peaks near
22Mb, 37Mb, and 52Mb, as well as smaller peaks near 10Mb and 57Mb. In their analysis of
two independent HNSC cohorts, Gaykalova et al. (31) noted that expression of ZNF14
(19.8Mb), ZNF420(37.5Mb), and ZNF160 (53.5Mb) were all strongly affected by gene
methylation levels. We observed similar results in the TCGA HNSC data (Figure 4C — E).

Comparing the effect of copy number, methylation, and miRNA expression changes on
gene expression

We then examined the results from the different platforms to determine if changes in CN,
ME, and miRNA expression produced expression changes in different classes of genes
across all three tumor types. For each platform — CN, ME, and miRNA — we began by
identifying the genes that produced the 1000 largest (CN) or smallest (ME and miRNA)
values of p. We then used the DAVID annotation database (32, 33) to identify pathways that
are enriched for the three gene sets, as described by Gene Ontology (GO) terms for
biological processes. The results are presented in the Supplementary Data. Pathways for
genes strongly regulated by copy number changes included protein transport/localization,
protein catabolic process, RNA processing, and other related pathways that contribute to cell
proliferation. In contrast, genes controlled by methylation were involved in developmental
pathways including anterior/posterior pattern formation, as well as neuron development/
differentiation, urogenital system development, and epithelium development. miRNA genes
were regulatory in nature, including regulation of cell motion/migration, regulation of cell
proliferation, and regulation of phosphorylation. Highly concordant results were observed in
the TCGA CESC data (Supplementary Data). If we assume that the strong associations
(positive or negative) arose because of underlying changes in DNA copy number,
methylation, or miRNA expression that contributed to the tumor phenotype, these results
suggest a level of diversity and complementarity that may not have been previously
appreciated.

In addition, we were interested in the degree to which gene expression is regulated by
changes in DNA copy number, methylation, or miRNA expression. Although an approach
based on multiple linear regression models could be used to assess the joint effect of the
three genomic datatypes on gene expression, for ease of interpretation we chose to compare
the univariate associations. As above, we began by identifying the genes that produced the
1000 largest (CN) or smallest (ME, miRNA) values of p in HNSC. This yielded a set of
2831 unique genes, 1871 of which had p values for all three datatypes. These 1871 genes
were then separated by whether they belonged to the list of 2000 CN genes (n = 668), the list
of 1000 ME genes (n = 696), or the list of 2000 miRNA genes (n = 614). We then squared
the p values, which eliminates differences in sign and thus allows a direct comparison of the
results across the platforms. Each of the 1871 genes had three corresponding values of p?,
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one from each platform. The three values of p? for each gene were plotted on a common axis
based on different orderings of the genes so that each x coordinate (gene) has three y
coordinates corresponding to the values of p? for the three platforms. Figure 5A shows
results based on ordering the genes according to the maximum value of p? across the three
platforms. In Figure 5B the genes are ordered according to the value p2 of in CN. Panels C
and D of Figure 5 are similar to panel B, only now the genes are ordered according to the
values of p2 ME and miRNA, respectively. The strongest associations are observed between
GE and CN. Moreover, the vertical line at n = 668 in Figure 5B shows that genes with larger
values of p2 from CN had considerably smaller values of p? from either ME or miRNA.
Although a similar result is seen in Figure 5C for the n = 696 genes with large p? values
from ME, the difference between the ME p? values and those from either CN or miRNA is
much less pronounced. In contrast, Figure 5D shows that many of the genes with the largest
p? values from miRNA have expression values that are in fact more strongly influenced by
either CN or ME. This suggests that while many genes have expression patterns that are
driven by copy number changes, very few genes are regulated to the same extent by targeting
mMiRNAsS.

miRNA-based regulation of EMT genes

The epithelial to mesenchymal transition (EMT) is a biological process in which epithelial
cells undergo changes that lead to the development of a mesenchymal phenotype. Although
EMT occurs naturally during development, in tumor cells it can result in increased
metastatic potential (34). Earlier we discussed genes whose expression patterns in HNSC
were strongly influenced by miRNA expression, and we noted that the DAVID analysis
identified enrichment for GO terms such as regulation of cell motion/migration. Closer
inspection of the genes and miRNAs that produced large negative p values revealed several
miRNAs and target genes that are known to play a role in EMT, including members of the
miR-200 family, miR-205, and ZEB1/2 (Figure 6A — F). Both ZEB1 and ZEBZ2are
transcription factors that contribute to EMT by inhibiting the expression of CDHI (34), and
ZEB1/2in turn are regulated by miR-205 and the miR-200 family (35). These associations
were observed for genes and miRNAs on multiple chromosomes, suggesting that a single
underlying genomic event — e.g. CN or ME change - involving miRNAs is unlikely. In their
study of immortalized human mammary epithelial cells, Lim et al. (36) noted that different
mechanisms of epigenetic regulation of mir-200 family members contributed to a
mesenchymal phenotype (histone modification for miR-429/200a/b and methylation for
miR-141/200c). miR-205 and the members of the miR-200 family do not appear to be the
targets of copy number loss. Additional study will be required in order to determine if
epigenetic regulation plays a role in HNSC.

DISCUSSION

Current cancer profiling studies regularly examine data from multiple high throughput
technologies in an effort to better characterize genes and genomic alterations that are
associated with disease. Although many methods have been developed for analyzing a single
type of genomic data — e.g. gene expression, DNA copy number, or miRNA expression —
considerably fewer methods exist for jointly analyzing multiple datatypes. Here we
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introduce MVisAGe, a tool for exploring associations between two quantitative genomic
datatypes, and we illustrate its capabilities by analyzing three publicly available datasets
from The Cancer Genome Atlas.

Like the Regulome Explorer, MVisAGe uses Pearson and Spearman correlation coefficients
to quantify associations between gene expression and other genomic variables. Matrix
multiplication is used for computational efficiency, and built-in plotting functions allow
users to visualize the correlation coefficients according to the genomic position of the
underlying genes in order to easily assess the cis effect of DNA copy number or methylation
effects on gene expression. Regions with extreme correlation coefficients (large positive or
large negative values) are of interest because it is believed they arise from somatic changes
in DNA copy number or methylation level. Graphical output may not be appropriate for
some genomic data types — e.g. miRNA and target gene expression — so output datasets can
also be produced. In either case, MVisAGe can be used to perform exploratory analyses that
highlight genes or regions of interest for later study.

By incorporating optional sample annotation data, MVisAGe can be applied to compare and
contrast associations within two or more groups of subjects. Here we illustrate the utility of
performing such integrated analyses by examining HPV+ and HPV- subjects in the TCGA
HNSC cohort. 11913 is commonly amplified in HNSC, and the region contains oncogenes
such as CCNDI1, FADD, and CTTNthat have been shown to play an important role in the
disease. Interestingly, local copy number changes were largely defined by HPV status, with
gains and losses primarily appearing in HPV- and HPV+ subjects, respectively. Moreover,
the overall effect of these events on expression, as quantified by the Pearson correlation
coefficient, was similar for some genes (e.g. FADD and CTTN) but not others (CCNDI).
Future studies may provide additional insight, but these are the sort of hypothesis-generating
analyses that MVisAGe was designed to perform.

Gene expression is known to be regulated by the underlying DNA copy number, promoter
methylation level, and the expression of targeting miRNAs. Therefore we applied MVisAGe
using all of the above genomic data types. In general, DNA copy number changes had the
strongest effect on gene expression, followed by changes in DNA methylation levels and
miRNA expression. In addition, different classes of genes were most strongly regulated by
changes in DNA copy number, DNA methylation level, or miRNA expression in both HNSC
and CESC. At the moment it is unclear whether the concordant results observed in HNSC
and CESC extend to other tumor types.

Cancer profiling studies involving multiple genomic datatypes are becoming increasingly
common, and methods for performing integrated analyses are needed to fully leverage the
power of these datasets. Although the CBioPortal and Regulome Explorer can be used to
analyze pre-loaded datasets from high-profile studies like those conducted by the TCGA,
considerable infrastructure is required to apply these methods to other datasets. The
MVisAGe R package is a flexible yet powerful tool that researchers can apply to their own
data or use to mine publicly available datasets. MVisAGe allows users to visualize gene-
level associations between two genomic datatypes in order to explore the effect of
underlying genomic aberrations (e.g. DNA copy number changes on gene expression).
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Genome-wide analysis of DNA copy number data and gene expression data from the TCGA
HNSC project illustrated remarkably strong associations in 11g13. However, MVisAGe
highlighted genes in this region that were not identified in the original analyses of copy
number or expression alone. Moreover, we identified differential use of canonical oncogenes
in these regions depending on HPV status. Taken together, these and other examples
illustrate the types of exploratory analyses that can be performed with MVisAGe.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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This study presents an important bioinformatics tool that will enable integrated analyses

of multiple genomic datatypes.

Significance

Cancer Res. Author manuscript; available in PMC 2019 June 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Walter et al.

Smoothed p

0.2

e
o

0.4

0.3

0.1

0.0

1 3 5 7 9 11 1315171

Page 16

11p 11q
B. ML
74:;:':k-
= B
© -
o
v
o
<
o ©
g @
o)
©
o N |
£ ©
(5]
¥, -
o
BN
oy
o | o)
—
© ©
b w
S -

1
135

o

7 9 11 13 15171921

Chromosome chr11 Position (Mb)

Figure 1.
Associations between DNA copy number and gene expression in head and neck squamous

cell carcinoma (HNSC). (A) Genome-wide plot of smoothed gene-level Pearson correlation
coefficients between quantitative measurements of DNA copy number and gene expression
for n = 279 HNSC samples. (B) Plot of smoothed gene-level Pearson correlation coefficients
between quantitative measurements of DNA copy number and gene expression for n = 279
HNSC samples in chromosome 11. Extreme correlation coefficients are observed in
11913.3, the site of recurrent, high-level DNA copy number gains seen in the heatmap
display of gene-level DNA copy number measurements. Genes are ordered by genomic
position in the heatmap display; hierarchically clustered samples appear in rows.
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Figure2.
Gene-level DNA copy number and gene expression in the 11g amplicon in head and neck

squamous cell carcinoma. (A) Plot of gene-level Pearson correlation coefficients for select
genes in 11g913.3. The correlation coefficients exhibit considerable variability even though
the underlying DNA copy number values are very similar. (B — F) Scatterplots of
quantitative DNA copy number and gene expression measurements for select genes in
11g13.3.
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Associations between DNA copy number and gene expression in head and neck squamous
cell carcinoma by human papillomavirus (HPV) infection status. (A) Genome-wide plot of
smoothed gene-level Pearson correlation coefficients between quantitative measurements of
DNA copy number and gene expression for samples with (HPV+, n = 36) and without (HPV
-, n = 243) HPV. Pronounced differences are observed at select genes. (B, D, F, H) Heatmap
displays of gene-level quantitative DNA copy number measurements in select chromosomes.

Genes are ordered by genomic position (columns); samples appear in rows and are
hierarchically clustered according to HPV status. Rectangles highlight select regions

containing driver genes with recurrent copy number changes. (C, E, G, 1) Scatterplots of
guantitative measurements of DNA copy number and gene expression for select genes of

interest by HPV status.
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Associations between DNA methylation and gene expression in head and neck squamous
cell carcinoma (HNSC). (A) Genome-wide plot of smoothed gene-level Pearson correlation
coefficients between binary DNA methylation measurements and gene expression for n =
250 HNSC samples. (B) Plot of smoothed gene-level Pearson correlation coefficients
between binary DNA methylation measurements and gene expression for n = 250 HNSC
samples in chromosome 19. (C — E) Boxplot displays of expression values of select zinc
finger genes by DNA methylation status illustrate strong regulation of gene expression by
DNA methylation.
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Figureb.
Associations between gene expression, DNA copy humber, DNA methylation, and

microRNA expression in head and neck squamous cell carcinoma. Gene-level Pearson
correlation coefficients were computed based on expression values, quantitative DNA copy
number measurements, binary DNA methylation values, and expression levels of targeting
microRNAs (miRNAs). For each platform the largest 1000 (DNA copy number) or smallest
1000 (DNA methylation, miRNA expression) Pearson correlation coefficients were
identified. 1871 of these genes yielded Pearson correlation coefficients for all three
platforms. The three squared correlation coefficients (o?) for each gene are plotted after
ordering the genes according to (A) largest overall gene-level value of o2, (B) gene-level
value of p? for DNA copy number, (C) gene-level value of o2 for DNA methylation, or (D)
gene-level value of o? for miRNA expression.
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miR-200 family in head and neck squamous cell carcinoma. Scatterplots show expression
levels of EMT-related transcription factors ZEB1/2 and select members of the miR-200
family (n = 244). Strong negative correlations suggest transcriptional regulation of ZEB1/2

by the miR-200 family.
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