July 2018 Update.

Sarcoma Dataset Coming Soon to Mapping Cancer Markers Project

In this comprehensive update, the Mapping Cancer Markers team explains how they are determining
which genes and gene signatures carry the greatest promise for lung cancer diagnosis. They also
introduce the next type of cancer—sarcoma—to be added soon to the project.

The Mapping Cancer Markers (MCM) project continues to process work units for the ovarian cancer dataset.
As we accumulate these outcomes, we continue to analyze MCM results from the lung cancer dataset. In
this update, we discuss preliminary findings from this analysis. In addition, we introduce the sarcoma
dataset that will be our focus in the next stage.

Patterns of gene-family biomarkers in lung cancer

In cancer, and human biology in general, multiple groups of biomarkers (genes, protein, microRNAs, etc.)
can have similar patterns of activity and thus clinical utility, helping diagnosis, prognosis or predicting
treatment outcome. For each cancer subtype, one could find large number of such groups of biomarkers,
each having similar predictive power — yet current statistical and Al-based methods identify only one from
a given data set.

We have two primary goals in MCM: 1) to find good groups of biomarkers for the cancers we study, and 2)
to identify principles how and why these biomarkers form useful groups of biomarkers, so we can build a
heuristic approach that will find such groups for any disease without needing months of computation on
World Community Grid. The first goal will give us not only information that after validation may be useful in
clinical practice, but importantly, it will generate data that we will use to validate our heuristics.

Multiple groups of biomarkers exist primarily
due to redundancy and complex wiring of
the biological system. For example, the
highly interconnected human protein-protein
interaction network enables us to see how
individual  proteins  perform  diverse
molecular functions and together contribute
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However, using these groups of biomarkers

for patient stratification may not be straightforward. Groups of biomarkers often do not validate in new
patient cohorts or when measured by different biological assays, and there are thousands of possible
combinations to consider. Some groups of biomarkers may have all reagents available while others may


https://www.worldcommunitygrid.org/research/mcm1/overview.do

need to be develop (or be more expensive); they may also have different robustness, sensitivity and
accuracy, affecting their potential as clinically useful biomarkers.

At the present time, there is no effective approach to find all good groups of biomarkers necessary to
achieve the defined goal, such as accurately predicting patient risk or response to treatment.

The first goal of the Mapping Cancer Markers project is to gain a deeper understanding of the “rules” of
why and how proteins interact and can be combined to form a group of biomarkers, which is essential to
understand their role and applicability. Therefore, we are using the unique computational resource of World
Community Grid to systematically survey the landscape of useful groups of biomarkers for multiple cancers
and purposes (diagnosis and prognosis). Thereby, we established a benchmark for cancer gene biomarker
identification and validation. Simultaneously, we are applying unsupervised learning methods such as
hierarchical clustering to proteins that group by predictive power and biological function.

The combination of this clustering and the World Community Grid patterns enables us to identify
generalized gene clusters that provide deeper insights to the molecular background of cancers, and give
rise to more reliable groups of gene biomarkers for cancer detection and prognosis.

Currently, we are focusing on the first-phase results from the lung cancer dataset, which focused on a
systematic exploration of the entire space of potential fixed-length groups of biomarkers.

As depicted in lllustration 2, World Community Grid computed about 10 billion randomly selected groups of
biomarkers, to help us understand the distribution of which group sizes and biomarker combinations
perform well, which in turn we will use to validate heuristic approaches. Analysis showed that about 45
million groups of biomarkers had a high predictive power and passed the quality threshold. This evaluation
gives us a detailed and systematic picture of which genes and gene groups carry the most valuable
information for lung cancer diagnosis. Adding pathway and protein interaction network data enables us to
further interpret and fathom how and why these groups of biomarkers perform well, and what processes
and functions these proteins carry.

Simultaneously, we used the described lung cancer data to discover groups of similar genes. We assume
that these genes or the encoded proteins fulfill similar biological functions or are involved in the same
molecular processes.

To find the appropriate clustering algorithms and the right number of gene groups (clusters) we use different
measures to evaluate the quality of each of the individual clustering. For instance, lllustration 3 shows the
results of the evaluation of the hierarchical clustering for different numbers of clusters. To evaluate
clustering quality, we used silhouette value (method for assessing consistency within clusters of data, i.e.,
measure of how well each object relates to its own cluster compared to other clusters). A high silhouette
value indicates good clustering configuration, and the figure shows a large increase in the silhouette value
at 700 gene groups. Since this indicates a significant increase in quality, we subsequently select this
clustering for further analysis.

Not all combinations of biological functions or the lack of it will lead to cancer development and will be
biologically important. In the next step, we apply a statistical search to investigate which combinations of
clusters are most common among the well-preforming biomarkers, and therefore result in gene groups or
pattern families. Since some gene-pattern-families are likely to occur even at random, we use enrichment
analysis to ensure the selection only contains families that occur significantly more often than random.

In the subsequent step we validated the selected generalized gene-pattern-families using an independent
set of 28 lung cancer data sets. Each of these studies report one or several groups of biomarkers of up- or
down-regulated genes that are indicative for lung cancer.
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lllustration 1: Workflow of the MCM-gene-pattern-family search. The results of the WCG analysis
combined with the unsupervised clustering of genes identifies a set of gene-pattern-families,
generalizing the groups of biomarkers. Finally, the results are evaluated using known cancer
biomarkers and by using functional annotations, such as signaling pathways, Gene Ontology
function and processes.

lllustration 4 depicts a selection of the most prevalent pattern families and the studies that support them.
Each circle in the figure indicates the strength of the support: The size of the circle represents the number
of clusters in the family that where found significantly more often in the biomarker of this study; The color
of the circle indicates the average significance calculated for all clusters in the pattern-family.

Finally, we annotated the most effective gene-pattern-families and their gene clusters with molecular
functions and pathways that the genes or corresponding proteins are involved in. lllustration 5 shows an
example for such a gene-pattern-family that comprises gene-cluster 7, 1 and 21.
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lllustration 2: Evaluation of the hierarchical clustering of the lung cancer data, using the
complete linkage parameter, for different numbers of groups indicated by the K-values (100 to
1000). The first plot shows the silhouette value - a quality metric in this clustering, i.e., measure
of how well each object relates to its cluster compared to other clusters. The second plot depicts
the inter- and intra-cluster distance and the ratio of intra/inter cluster distance.

The word could visualization indicates that cluster 7 is involved in pathways related to GPCRs (G protein—
coupled receptor) and NHRs (nuclear hormone receptors). In contrast, the genes in cluster 1 are highly
enriched in EGFR1 (epidermal growth factor receptor) as well as translational regulation pathways.
Mutations affecting the expression of EGFR1, a transmembrane protein, have shown to result in different
types of cancer, and in particular lung cancer (as we have shown earlier, e.g., (Petschnigg et al., J Mol Biol
2017; Petschnigg et al., Nat Methods 2014)). The aberrations increase the kinase activity of EGFR1,
leading to hyperactivation of downstream pro-survival signaling pathways and a subsequent uncontrolled
cell division. The discovery of EGFRL1 initiated the development of therapeutic approaches against various
cancer types including lung cancer. The third group of genes are common targets of microRNAs. Cluster
21 indicates strong involvement with microRNAs — as we and others have shown before (Tokar et al.,
Oncotarget 2018; Becker-Santos et al., J Pathology, 2016; Cinegaglia et al., Oncotarget 2016).



The final Illustration evaluates the 20 most significantly enriched pathways for cluster 1. The size of the
pathway nodes corresponds to the number of involved genes, and the width of the edges corresponds the
number genes of overlapping between pathways. One can see that all pathways involved in translation are
highly overlapping. mRNA-related pathways form another highly connected component in the graph. The
EGFR1 pathway is strongly overlapping with many of the other pathways, indicating that genes that are
affected by those pathways are involved in a similar molecular mechanism.
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lllustration 3: Shown is a selection of high performing pattern families and how they are
supported by 28 previously published gene signatures. Each circle in the figure indicates the
strength of the support: The size of the circle represents the number of clusters in the family that
where found significantly more often in the signature of this study. The color of the circle
indicates the average significance calculated for all clusters in the pattern-family.
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lllustration 5: One of the most frequent gene-pattern-families, is a combination of cluster
1, 7 and 21. We annotated each cluster with pathways using pathDIP and visualized it
using word clouds (the larger the word/phrase, the most frequently it occurs).
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lllustration 6: Evaluation of enriched pathways for cluster 1. Here we used our publicly
available pathway enrichment analysis portal pathDIP (Rahmati et al., NAR 2017). The
network was generated with our network visualization and analysis tool NAViGaTOR 3
(http://ophid.utoronto.ca/navigator).

Sarcoma

After lung and ovarian cancers, next we will focus on sarcoma. Sarcomas are a heterogeneous group of
malignant tumors that are relatively rare. They are typically categorized according to the morphology and
type of connective tissues that they arise in, including fat, muscle, blood vessels, deep skin tissues, nerves,
bones and cartilage, which comprises less than 10% of all malignancies (Jain 2010). Sarcomas can occur
anywhere in the human body, from head to foot, can develop in patients of any age including children, and
often vary in aggressiveness, even within the same organ or tissue subtype (Honore 2015). This suggests
that a histological description by organ and tissue type is neither sufficient for categorization of the disease
nor does it help in selecting the most optimal treatment.

Diagnosing sarcomas poses a particular dilemma, not only due to their rarity, but also due to their diversity,
with more than 70 histological subtypes, and our insufficient understanding of the molecular characteristics
of these subtypes (Jain 2010).

Therefore, recent research studies focused on molecular classifications of sarcomas based on genetic
alterations, such as fusion genes or oncogenic mutations. While research achieved major developments in
local control/limb salvage, the survival rate for “high-risk” soft tissue sarcomas (STSs) has not improved
significantly, especially in patients with a large, deep, high-grade sarcoma (stage Ill) (Kane 111 2018).

For these reasons, in the next phase of World Community Grid analysis, we will focus on the evaluation of
the genomic background of sarcoma. We will utilize different sequencing information and technologies to
gain a broader knowledge between the different levels of genetic aberrations and the regulational
implications. We will provide a more detailed description of the data and the incentives in the next update.
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Other news

We have secured a major funding from Ontario Government for our research: The Next Generation
Signalling Biology Platform. The main goal of the project is developing novel integrated analytical platform
and workflow for precision medicine. This project will create an internationally accessible resource that
unifies different types of biological data, including personal health information—unlocking its full potential
and making it more usable for research across the health continuum: from genes and proteins to pathways,
drugs and humans.

We have also published papers describing several tools, portals and applications with our collaborators.
Below we list those most related directly or indirectly to work on World Community Grid:
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