
Maddy Barry

Lauren Driscoll Lehner

Nvolve Biomarker Project II
Part two of the biomarker project involved a lot of discovery and working through

challenges. This project was a continuation of the first part of the biomarker project, where we
analyzed a breast cancer dataset and discovered an interesting overlap in the HER2 positive
and HER2 negative groups that we wanted to explore further. A general outline was supplied,
including a skeleton code that would produce relevant material to put into a Gene Set
Enrichment Analysis tool. Our goal was to use the GSEA tool to learn more about what the
overlap in groups consisted of, such as if any interesting genes were upregulated or
downregulated. Although as a whole this could be perceived as an intimidating project, we were
able to work through it by taking it piece by piece. We broke it down into manageable parts that
we would figure out, and once we felt comfortable with that particular aspect of the project, we
moved on to the next task. This approach proved to be an effective way to navigate through the
project and successfully reach milestones.

Technically, one of us was familiar with coding, and the other was not experienced in
code, so we could work together to interpret and utilize the code written to analyze our
biomarker dataset further. We practiced critical thinking and worked through roadblocks in using
GSEA, as we had never used it before. We spent a lot of time attempting to manually enter our
dataset and adjust the parameters accordingly, and eventually were able to run our dataset
successfully. This was probably the most time-consuming aspect, and in retrospect, we could
have asked for further assistance. However, it was beneficial to be able to work through it on our
own and tackle the challenge. We were able to get a better understanding of how GSEA
functions, compared to if we were able to just plug in the dataset and not have to research the
purpose behind utilizing each of the parameters.

The first breast cancer biomarker project was done using the gene expression data from
human primary tumor samples obtained from the Gene Expression Omnibus (GEO). The
database consists of curated datasets that have been submitted and validated by GEO. It opens
the door for data mining and finding a large quantity of data in an area of interest. With a focus
on the HER2 biomarker, we were able to determine a set of three probes that were able to
detect the EBBR gene and resulted in either HER2 positive or HER2 negative classification.
During our initial analysis, an interesting overlap in the two classification groups occurred
leading us to question what was driving this potential third classification. Our goal for this project
was to determine if there were a set or sets of genes causing samples originally placed in the
HER2 negative category to display overexpression of HER2 in the same threshold as the HER2
positive group.

To do this, we took the original gene expression data from GEO and used an R notebook
given to us by our coach. The R script analyzed the data to determine the interquartile ranges of
the different probes. We filtered based on variance because it is more unlikely to be influenced
by outliers and is the best measurement for skewed data or distribution. We refined our range
by only selecting probes that showed an interquartile range greater than 2. This was done
because a smaller range shows more variability which could indicate the central data is more



closely clustered together. It also indicates that the results are more reliable and consistent. We
performed an unsupervised hierarchical clustering technique to determine if there was a
particular probe that was driving the correlation. Based on the heat map produced, there was
not a distinct probe driving the overlap in the original data analysis. Figure 1 shows the 208
probes with an interquartile range of less than 2 and the 156 tumor samples.

Figure 1: Heat Map obtained from R script depicting the correlation of probes and samples. The heat
map does not show any strong bands of samples or probes grouped together. A strong block of either
yellow or red would indicate that there was a higher output across all the samples for that particular gene
and it could be of interest. However, this was not shown here.

To further analyze the data we utilized the Gene Set Enrichment Analysis software
(GSEA). GSEA is a computational method that allows for multiple gene set comparisons against
a particular dataset. This analysis could give insight into overlaps of gene datasets and
potentially reveal patterns not originally seen. These connections could lead to novel
discoveries and enhance insight into biological similarities between genes. To do this, GSEA
compiles a ranked list of gene sets and calculates enrichment scores (ES) that determine the
degree at which a gene set is overrepresented in a ranked list of genes. A positive ES indicates
ranked genes at the top of the compiled list, while a negative ES are gene sets ranked at the
bottom. This data is then visualized through graphs and distinct peaks, at either the beginning or
end of the graph, which will potentially highlight gene sets of interest. GSEA also determines a
normalized enrichment score (NES) and is used as the primary statistic for examining gene set
enrichment results. We found we got the best results by running our dataset against gene sets
in the C4 category, which consists of 858 computational gene sets formed by mining vast



amounts of cancer-oriented microarray data. Of these 858 gene sets, there were similarities with
3.

After running the GSEA on the two phenotype (HER2 positive, HER2 negative) groups,
the results indicated that there were 10 core enrichment genes for module 117, 12 for module 6
and 9 for module 84. A few of the top genes of interest were CEACAM6 (cell adhesion molecule
6), S100A8 (S100 calcium binding protein A8) and apolipoprotein D. CEACAM6 and S100A8
are known to be overexpressed in breast cancer, whereas upregulation of ApoD has been
suggested to possibly be related to breast cancer progression in recent research.





There were not strong signals on the graphs which is consistent with the lack of strong
clusters on the heat map.

A few limitations and considerations must be considered when analyzing the results
obtained from the Gene Set Enrichment Analysis. For instance, the GSEA software was difficult
to use and ensure the files needed were properly formatted. Potential labeling errors could lead
to insignificant results. Furthermore, the original data analysis done in the first project could
have been done incorrectly, leading to the overlapping interquartile ranges in HER2+ and HER-
samples.

For this particular project, we would suggest implementing certain milestones and
potentially provide an example dataset for people to practice utilizing GSEA with (that is known
to run well and give ‘ideal’ results). For the milestones, the first would be having a dataset to
work with. Another milestone could be researching GSEA and how it works, like we did in this
experiment. The milestone that we did not have but may be beneficial in the future is having the
group practice using GSEA with a sample dataset to get used to how GSEA works. This would
give them an idea of what results can or should look like. Once they have practiced using that,



they can run their own dataset and have a better understanding of what they did right or wrong
and hopefully have a better understanding of why their dataset did or did not have interesting
results. To continue this project, further analysis can be done on gene sets not previously
connected to cancer. We could also do a deeper dive into the different categories of gene sets
provided by GSEA, such as the C3 category that provides different regulatory target gene sets.
However, a quick analysis showed several gene sets with indicators of false positive results.
Overall, the analysis done using GSEA showed no strong indication of novel genes driving the
overlap in expression values in our previous breast cancer biomarker project.


