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ABSTRACT: 
 
Computational analysis of pancreatic cancer tissues can be used to identify potential drug 
targets for pancreatic cancer. To achieve this goal, tissue gene expression measured using 
microarray chips and the data are correlated with gene and protein interaction 
information. The goal of this analysis is to make predictions that can be tested in the 
laboratory by drug or RNAi knockdown experiments.  Known gene and protein 
interaction data can be used to interpret the gene expression data and look for genetic 
vulnerabilities in cancer cells.  Synthetic lethal interactions identify genes that become 
important when their interacting gene loses its function.  Yeast and flies were used as 
model organisms from which gene interaction information could be extracted. The human 
orthologs of the yeast and fly genes were used to develop a list of predicted human gene 
interactions.  Microarray expression data-sets were used to identify the most differentially 
expressed genes between normal and cancer pancreatic tissues. The list of differentially 
expressed genes was then compared to the list of predicted gene interactions in order to 
find gene pairs that might be good therapeutic targets.  Thus far, 147 synthetic lethal 
interaction pairs have been identified, where 38 pairs have an up and down-expressed 
gene. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



BACKGROUND: 
 

Pancreatic cancer has one of the highest mortality and morbidity rates of all types of 
cancer.  This high rate is because there are no symptoms for pancreatic cancer in early 
stages of the disease.  Thus, it is difficult to detect until the cancer has progressed, and at 
that point the prognosis is more grave.  As a result, it is important to discover new ways 
to identify pancreatic cancer in its early stages and design more efficient methods to treat 
it.  This then leads to the use of yeast genetics for this purpose. 
 
A synthetic lethal interaction occurs when, in a pair of genes, only defects in both genes 
cause the cell to die.  Based on an understanding of these genes’ role in the biological 
pathways, one of the genes is the secondary site mutation which is only lethal to a cell 
when the primary site mutation is also present.  This interaction type is important in 
trying to develop new methods of combating cancer, and especially pancreatic cancer.  
The importance of the synthetic lethal interaction is that when one gene is lost, the other 
interacting gene becomes important to the survival of the cell and thus becomes an 
important potential drug target.  Synthetic lethal screens are relatively easy to perform, 
and have been run extensively and very successfully on yeast (Saccharomyces 
cerevisiae).  These screens are based on loss of function.  The primary gene is mutated, 
and a secondary gene that is functionally related is also mutated; a loss of function leads 
to this being a synthetic lethal pairing [1]. 
 
It is important to understand which genes play a critical role in the regulation of 
pancreatic cancer, as these genes could be used as therapeutic targets in order to combat 
pancreatic cancer.  Synthetic lethal interactions could be very important in accomplishing 
this goal.  In pancreatic cancer, the primary gene might be mutated, and thus inactivated.  
The secondary gene in a synthetic lethal pair could the be essential and prove to be a 
valuable drug target, as knocking out the secondary gene could lead to cell death for 
cancer cells [2].  As a result, synthetic lethal gene pairs where the primary gene is under-
expressed, or knocked out, and the secondary gene pair is over-expressed could prove to 
be an important therapeutic target.  This result is obtained because knocking out the 
secondary gene would kill the cancer cell, while at the same time allowing normal cells to 
survive, due to the primary gene being intact. 
 
In order to identify potential drug targets, gene interaction data will be used to check if 
pancreatic cancer is affecting both genes of an interacting pair.  If this is the case, the 
gene interaction might play a significant role in the regulation of the disease.  The best 
repositories of gene interaction data exist for model organisms, and thus a reliable 



orthologs database will be necessary.  This will allow for human gene interactions to be 
well predicted.  To determine if these interacting human gene pairs play an important role 
in pancreatic cancer, tissue samples from normal and cancerous epithelial tissue of the 
pancreas are run on gene expression microarray chips to determine the differential 
expression of various genes.  The resulting gene pairs that are differentially expressed 
could be potential therapeutic targets for pancreatic cancer.  In order to conduct these 
tests, a repository of genetic information on synthetic lethal mutations is needed. 
 
BioGRID is a free database which stores a collection of genetic and physical interactions.  
This database contains over 116,000 interactions from a variety of organisms including 
yeast (Saccharomyces cerevisiae) and flies (Drosophila melanogaster).  The 
Saccharomyces Genome Database collects its interaction data from BioGRID since 
BioGRID manually went through all the literature on yeast to compile a comprehensive 
list of physical (19,744) and genetic (11,234) interactions, including synthetic lethal 
interactions [3].  The BioGRID database collects its interaction data (10,943 interactions) 
on flies from FlyBase [3].  FlyBase is the main source of genetic and physical 
interactions, especially for the species Drosophila melanogaster [4].  BioGRID is shown 
to be a reliable and comprehensive repository of genetic and physical interaction data.  In 
addition to a source of genetic interactions, a database of gene equivilants (orthologs) is 
required.
 
inParanoid is a free database which stores eukaryotic orthologs between 17 genomes, 
including humans (Homo sapiens), yeast (Saccharomyces cerevisiae) and flies 
(Drosophila melanogaster).  inParanoid stores its orthologs in pairwise orthologs groups.  
This is because inParanoid first compares the proteomes of two species pairwise using 
Blast.  This is followed by the comparisons being clustered by how well various 
comparisons match to the best comparison in each group.  This match is computed to 
ensure that only actual orthologs are included in the orthologs groups, rather than very 
similar, but non-orthologous proteins.  This analysis ensures that for the orthologs that 
inParanoid identifies, the gene duplication occurred after the speciation event [5].  
inParanoid is shown to be the best orthologs identification method based on a comparison 
of functional genomics data between genomes of different organisms [6].  inParanoid is 
shown to be a reliable and comprehensive repository of eukaryotic orthologs.  Another 
necessary part of this project is to collect data in the expression of genes in pancreatic 
cancer tissue.
 
Microarrays are a high-throughput technology which can be used to measure changes in 
gene expression of the entire human genome. The method was used to measure gene 



expression of various tissue samples to compare normal and cancerous tissue. Known 
gene and protein interaction data was analyzed to interpret the gene expression data and 
to look for genetic vulnerabilities in cancer cells.  The Agilent microarray chip is an 
oligonucleotide microarray which prints many probes that represent a gene or gene 
family directly to the microarray chip.  These probes will be able to hybridize to the 
cDNA samples that are added to the microarray chip.  Because the probes sequence is 
used as the linker (extends the oligonucleotide away from the chip), there is greater 
binding specificity [7].  After the cDNA samples are mixed on the chip, the chip is read 
with a scanner that reads the fluorescence levels on the chip, and thus determines the ratio 
of normal to cancerous cDNA that matches to each probe.  To serve as a control between 
microarray chips, control probes are placed on each chip.  These probes hybridize with 
specific RNA transcripts, and the rate of hybridization is used for normalizing the 
hybridization of other probes. 
 
Microarray data analysis is complicated because of the amount of variability and noise in 
the data.  After checking that the microarray meets certain quality standards, the 
microarray data must be normalized.  It must be normalized to account for the uneven 
variation and nonlinear trends of the intensity values/ratios of the normal and cancerous 
tissue on the microarray chip.   The Loess method of normalization fits a complex 
polynomial function to small windows of expression values (rather than just a linear 
regression), as this is more accurate.  A linear model will be fit to each gene over all the 
microarray chips, so that information that is in the common component for all genes is 
used (in addition for the data values for each specific gene on each microarray chip).  The 
differential expression of the genes can then be computed.  First, the empirical Bayes 
shrinkage estimator standardizes errors towards a common value.  This estimate allows 
for a t-test to be run through the ANOVA test on the compilation of data [8].  This will 
yield differentially expressed genes in pancreatic cancer and their statistical analysis. 
 
 
 
 
 
 
 
 
 
 
 



METHODS: 
 
Tissues: 
Tissue samples from normal and cancerous epithelial cells of the pancreas have taken 
from biopsied tissue.  The mRNA from these two cell types are extracted and purified to 
separate the mRNA from other RNAs.  Then using reverse transcriptase, the mRNA can 
be converted to cDNA.  The cDNA from the normal and cancerous cells are each labeled 
with a different fluorescent dye (usually Cy3 and Cy5).  The two cDNA samples are 
mixed on the Agilent microarray chip.  The microarray chip can then be read to obtain 
intensity values of the dyes.  This portion of the methodology was conducted by our 
collaborator, TGen, and others. 
 
Microarrays: 
Initially there are 4 microarray data sets that are analyzed.  The data from the Agilent 
microarray chips will be analyzed in the statistical software package R.  In R, the 
microarray data will be normalized, a linear model will be fit to each gene in the chips, 
and the differential expression of the genes will be computed by empirical Bayes 
shrinkage of the standard errors towards a common value.  R will also run the ANOVA to 
determine the most differentially expressed genes.  This analysis will yield differentially 
expressed genes in pancreatic cancer and their statistical analysis.  From the 4 microarray 
data sets the top 1000 differentially expressed genes are selected.  This methodology is 
repeated again with a different set of 8 normal and cancerous microarray data sets.  In 
this case, the top 3303 over-expressed and top 2107 under-expressed genes are selected.  
This portion of the methodology was conducted and programmed using R. 
 
Genetic Analysis: 
All genetic and physical interactions for Saccharomyces cerevisiae and Drosophila 
melanogaster were downloaded from the BioGRID repository.  The connection between 
BioGRID and this project is illustrated in Figure 1.  BioGRID collects information on 
yeast gene interactions.  All orthologs between Saccharomyces cerevisiae & Homo 
sapiens and Drosophila melanogaster & Homo sapiens are downloaded from inParanoid, 
and in each ortholog group, only the top orthologs is kept.  For each gene in a gene 
interaction pair from the BioGRID data, the human ortholog of that model organism gene 
is determined.  All gene interaction pairs with both genes having human orthologs are 
kept.  To link between the model organism gene listed in the BioGRID and inParanoid 
data sets, a gene conversion file found on BioGRID must be used.  The result of this is a 
listing of predicted human gene interactions.  This portion of the methodology was 
conducted and programmed using Perl. 



 
At this point, a list of predicted human gene interaction pairs and lists of over and under-
expressed genes are used to determine the important human gene interactions in 
pancreatic cancer.  For each gene in a predicted human gene interaction pair, it is 
determined if that gene is over or under-expressed by searching the gene expression data 
sets.  In order to match the genes in both lists, the ensemble BioMart is needed to access 
mappings between the ensemble, RefSeq, and Genbank annotations.  All predicted 
human gene interaction pairs with both genes being differentially expressed are kept.  
The results of this are human gene interactions which could be therapeutic targets for 
pancreatic cancer.  This portion of the methodology was conducted and programmed 
using R. 

 
Figure 1.  Flow Chart on the Use of the Yeast Genome and Microarray Data 
Yeast experiments yield information on interacting yeast genes.  Interacting human genes 
are then predicted using human-yeast orthologs.  Predicted interacting human genes that 
are also differentially expressed in pancreatic cancer are potential drug targets. 



RESULTS: 
 
BioGRID Data: 
A total of 91,249 gene interaction pairs in yeast were accessed from BioGRID.  Out of 
these, 12,186 were synthetic lethal interactions.  A total of 32,757 gene interaction pairs 
in flies were accessed from BioGRID.  Out of these, 0 were synthetic lethal interactions.  
 
Integrating BioGRID and inParanoid Data: 
In constructing a list of predicted human gene interactions based on yeast gene 
interactions (from the yeast gene interaction list from BioGrid of and human-yeast 
orthologs from inParanoid) 36,063 human gene interactions are predicted.  Out of these, 
3,564 are synthetic lethal interactions. 
 
In constructing a list of predicted human gene interactions based on fly gene interactions 
(from the fly gene interaction list from BioGrid of and human-fly orthologs from 
inParanoid) 6,173  human gene interactions are predicted.  Out of these, 0 are synthetic 
lethal interactions. 
 
Microarray Data Analysis: 
In analyzing the first 4 microarray data sets, the top 1000 differentially expressed (up or 
down) genes are selected. 
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Figure 2. MA Plot of First 4 Microarray Data Sets 
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In later analyzing 8 other microarray data sets, the top 3303 over and 2107 under-
expressed genes are selected.  In using gene expression data from the 8 microarray data 
sets, rather than the 4, a much larger quantity of quality gene expression was acquired. 
 
From the first 4 microarray data sets, 5 human gene interactions where the genes are 
differentially expressed were discovered.  Out of these, 2 are synthetic lethal interactions.  
One of these interactions between two eukaryotic translation initiation factors has both an 
over and under expressed genes in the pair.   
 
From the 8 other microarray data sets, in addition to the 2 synthetic lethal interactions 
found by the previous microarray data sets, 37 new unique synthetic lethal interactions 
based on yeast, where the genes have both an over and under expressed gene in the pair, 
were discovered.  Overall, 146 new and unique synthetic lethal interactions, where the 
genes are differentially expressed, were discovered. 
 
In total, 147 new and unique synthetic lethal interactions based on yeast where the genes 
are differentially expressed, were discovered.  Furthermore, 1,851 new and unique 
interactions based on yeast where the genes are differentially expressed, were discovered.  
In addition, 282 new and unique interactions based on flies where the genes are 
differentially expressed, were discovered. 
 

Over Expressed Gene Under Expressed Gene 
PSMA4 WDR5 
POLD1 POLE 
RPA1 POLE 
RFC4 POLE 
RECQL TERT 
POLD1 NR1 

Table 1.  Examples of Findings 
This table shows a few examples of human genes that have yeast orthologs that are 
synthetically lethal.  These genes were shown to be over and under expressed in 
pancreatic cancer. 
 
The findings have identified potential drug targets.  As shown in Table 1, many genes 
that play an important role in the cell cycle.  This is not unexpected, as the cell cycle is 
disrupted by cancer.  From our results, the under-expression, and possible deletion of the 
under expressed genes in pancreatic cancer create a vulnerability in the cell.  The over 
expressed genes are now vital to the survival of the cell.  As a result, the over-expressed 
genes would potentially make great drug targets. 



DISCUSSION: 
 
Initially, in developing this methodology, there were multiple problems.  Instead of using 
the inParanoid database to acquire orthologs, other databases which got orthologs from 
simpler Blast methods was used.  However, this led to many orthologs being identified 
which were not functionally similar.  This was shown especially for protein kinases.  
Protein kinases, regardless of their function, have many highly conserved regions.  This 
leads to many orthologs between kinases in different species which are not functionally 
similar.  By using a kinase tree, kinases in the same group were assumed to have similar 
functionality.  When inParanoid was used as an orthologs database, and the results were 
checked against the kinase tree, inParanoid took care of this problem by have functionally 
similar kinases be orthologs. 
 
The first 4 microarray data sets were not very clean.  One reason was because there were 
mixed pancreatic cell types on the microarray chip and the amount of cancer cell RNA 
was quite small.  Typically, pancreatic cancer occurs in the epithelial tissue of the 
pancreas.  However, in the microarray data, some of the gene expression levels indicated 
that some acinar cells might have slipped into the tissue sample. 
 
The identified genes that are synthetic lethals and differentially expressed are predictions 
based on the validity of the orthologs that are used to bridge between the synthetic lethal 
interactions in yeast and the gene expression data in humans.  Genes that are highly 
conserved through species can be more easily verified and trusted.  While inParanoid is 
shown to be a reliable source of orthologs, other work has shown that a bidirectional hits 
search can be trusted as well.  In the future, these predictions can be tested in the 
laboratory by drug knockout or RNAi knockdown experiments. 
 
The identified gene interactions which are differentially expressed, especially synthetic 
lethal interactions where the genes in pair are both over and under-expressed, make good 
potential targets for drug therapies.  Gemcitabine is one drug that is currently used to 
target DNA replication in pancreatic cancer.  This research can be used to identify similar 
drug targets and create drug cocktails to target specific mutations in the future. 
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