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High-density Microarrays Help
Oral Cancer Scientists Develop New Ways

to Predict and Treat Disease

UCLA's Dr. David Wong and UPenn's Rebekah O'Donnell discuss
biomarkers and disease mechanism for orval squamous cell carcinoma

Dr. David Wong

Microarray Sequencing of Mitochondrial Genome

Uncovers New Clues for Cancer Detection

Jobns Hopkins' Dr. Anirban Maitra and Duke University's Amanda Baumann
weigh in on emerging methodologies and technologies for mitochondrial studies of cancer

Scientists led by Dr. Anirban Maitra, assistant professor of pathology, genetic medicine
and oncology at Johns Hopkins Medical Center, are using a new microarray-based
method to rapidly sequence the genome of human mitochondria to find mutations

linked to cancers, including prostate and pancreatic cancer. The microarray, called the

MitoChip, sequences more than 12,000 bases of the mitochondrial genome, and takes
less than a third the time of conventional sequencing methodologies.

“Right now we're using the MitoChip to look at a larger number of pancreatic tumor and
juice samples to see if we are able to detect tumor-specific mutations (contd on page 13)

Scientists from the University of
California Los Angeles (UCLA) and
University of Pennsylvania (UPenn) are
now using microarrays to perform the
most detailed scan of the oral cancer
genome ever undertaken. But they're
approaching their studies with two
different endpoints—finding new ways
to predict disease and finding new
ways to treat it.

Dr. David Wong, associate dean of
research at the UCLA School of
Dentistry, is leading a research group
that's using new genomic and pro-
teomic technologies to discover salivary
markers that distinguish oral cancer
patients from healthy controls; their
goal is to develop a salivary diagnostic
for oral cancer.

“The Holy Grail is for early cancer
prediction,” said Wong. “The problem
with saliva has been (contd on page 2)

Dr. Anirban Maitra
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that the analytes—the potential markers of
disease—are present at very low magni-
tudes and are often below the limits of
detection of an [enzyme-linked
immunosorbent assay] ELISA, for example.
Technology has changed that now.”

While finding predictive markers is critical
for early-detection efforts, discovering the
underlying pathways that cause disease and
then developing ways to block those path-
ways often requires a different study
focused on a different endpoint.

Rebekah O'Donnell, a pre-doctoral fellow
in Dr. Ruth Muschel's laboratory in the
Immunology Graduate Group at the
UPenn, is using the same microarray tech-
nology as Wong, but her studies investigate
the molecular pathways that govern oral
squamous cell carcinoma (OSCC), poten-
tially leading to new targets for drug design.

AMB recently spoke with Wong and
O'Donnell about the common challenges
they face:

m  statistical analysis methodologies
m data validation techniques

m the role of new methods and emerging
technologies in improving signatures

Analysis methods

As the selection of statistical analysis packages
Jfor microarray data continues to grow—self-
organizing maps, Fisher discriminant analy-
sis, and logistic regression models comprise
Just a sample—choosing the right algorithm
is critical.

Wong: We've used a number of tools, but
by and large we really don't know which

one of these will identify markers that are
most discriminatory and validatable. That

really is the six million dollar question! We
started with S-plus, MAS 5.0 and dChip
on the U133A data that was in the paper.
Now we use the U133 Plus 2.0 set, and of
course we're really looking forward to the
new all-exon array which we'll hopefully
start with in a month or so, and pass these
data through all three of these classifying
programs. And from that data, based on a
number of statistical criteria—p-value fold
change and percent present in a number
of individuals—we use the discovery sets
and identify candidate RNAs in saliva that
are most discriminatory in a statistical
sense. That's the discovery phase. And the
next thing is to take these candidate
markers and validate them in an
independent population.

What we have learned so far, in the use of
oral fluid for transcriptome analysis, is that
dChip is very, very useful. It seems to yield
the most discriminatory and validatable
data in our Phase II analysis and is the
most useful in yielding validatable RNA
biomarkers in saliva for diagnostic applica-
tions. Our biomarker validation approach
is based on the Early Disease Research
Network five-phase model from the
Journal of the National Cancer Institute
(JNCI) paper in 2001.

Different expression analysis approaches: biomarkers vs. mechanism of disease

Wong: There's a national initiative to turn salivary diagnostic into a
reality. The National Institute of Dental & Craniofacial Research
(NIDCR) has invested $57 million into the extramural research com-
munity to do two things. One part is to build biosensors that can
detect basically anything that's detectable in saliva—seven groups are
funded to do that, including UCLA. The second part is to decipher
the entire salivary proteome—to know all the proteins in saliva. Three
groups are funded to do that, including UCLA. Once we decode the
salivary proteome, we can use it as a roadmap to identify people with
diabetes, Alzheimer's or major cancers and develop technology for
screening and diagnostic applications.

Saliva is not a segregated fluid in our body. Saliva is part of our circula-
tion; physiologically, saliva is a filtrate of our blood, moving through the
salivary gland into the oral cavity. Analytes that are known to be present
in blood are present in saliva. That is a fact that we've known for
decades. The problem is that these analytes are present in saliva at levels
that are magnitudes lower than in blood. Therefore, ELISA cannot pick
out informative salivary proteins. Technology has changed that, so we're
looking at a new opportunity to use this non-invasive fluid, which basi-
cally has not been touched very much, unlike urine or blood.

So the question was: "What RNA are in saliva?' What Charles Zhou—
who works with me at UCLA—found, is that there are 3,000 species
of RNA in the saliva of normal individuals like us. Interestingly, 185
of those were common in all normal individuals. That work was done
two years ago using U95A microarrays.

For a proof-of-concept experimental study, we thought we needed to
find a disease that happened close to the spit, or close to the mouth,

and oral cancer is a logical choice. Additionally, we have clinical access
to material here. That pilot study was published on December 15 last
year in Clinical Cancer Research. Using a small population—32 cancer
subjects and 32 matched-control subjects—we found that there are a
handful of salivary RNA markers that could distinguish whether a sali-
va is from an oral cancer individual or from a control subject with 91
percent sensitivity and specificity. Obviously, this is a pilot study, but it
gave us the early, encouraging result that there's RNA in saliva, and
that these RNA signatures are disease-associated.

O'Donnell: We're actually using OSCC more as a model than an end-
point. And OSCC is a fantastic model because it doesn't have the con-
flicting distant metastases that exist in many other types of cancer, like
breast cancer and lung cancer. If you find a signature for metastasis in
those cancers, it's hard to be completely sure if you're looking at lym-
phatic metastasis or distant metastasis. But now that a few groups,
including ours, are looking at cancers that primarily metastasize to the
lymph nodes, the specific lymphatic signatures are starting to come out.

We're also doing some work modeling lymphatic metastasis in the
mouse, and our goal is to eventually understand why lymphatic metas-
tasis happens and what factors in the host may encourage or discour-
age it happening in a particular patient. And if we can identify it
quickly, then we can change treatment. In OSCC, there are some non-
metastatic patients who receive unnecessary neck dissections; they
could just be treated with chemotherapy, which is much less invasive.
There are also patients whose lymph node metastases are missed, and
so we hope that by finding this signature, we'd be able to eventually
change the clinical treatment to make cancer treatment more effective
for these patients.
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O'Donnell: I agree with David that we
just don't know the best method, and
that's what makes all this difficult. I spent
six months working with various tools and
my general perception now is that I'm not
a big fan of unsupervised clustering, which
I think is starting to go out of style. Most
of the very early papers use hierarchical
clustering and various other kinds of clus-
tering and the later analyses on those
methods have shown that they're not very
robust or stable, so I don't approve of
them at all anymore.

But which supervised method to use, and
where to get your initial gene list, is a very
difficult question, and that's something that
we're going to have to learn as we go along.
I see the bar being raised in the microarray
papers, but the statistics have to be stronger
and the data sets have to be bigger.

I think we're waiting for the mathemati-
cians to really do their thing—to work on
neural networks and meta-analysis.
Knowing what the best method is—that's
probably several years away. The most
important thing is validation. If you can't
validate it, then you know it's not good.
But if you can validate it, it's hard to argue

that it's bad.

Data validation

Many scientists use leave-one-out cross
validation (LOOCYV) for data validation.
However, the gold standard remains
validating on a truly independent population.

Wong: We absolutely need to do inde-
pendent validation and that's the beauty of
this five-step validation process. You know,

we went only to a Phase IT in that paper.
In terms of the validation tool here, we
have a Phase III detection trial that is cur-
rently ongoing. We are accruing 100 indi-
viduals and it is going to be a blinded
study. But for an initial validation of our
model, David Elashoff, a statistician that
we work with, helped us with LOOCW.

O'Donnell: We use LOOCV as well. We
consider it a kind of trip wire. If your ini-
tial testing set passes leave-one-out valida-
tion then it's worth going on to validate i,
but if it doesn't survive, then you have a
problem and you need to go back and look
at your work. Unfortunately, a lot of stud-
ies have used LOOCYV just on their origi-
nal testing set and consider that a sufficient
validation, but I think we're all pretty clear
at this moment that we don't consider that
to be sufficient anymore.

There really should be two kinds of valida-
tion though. First, you need a completely
independent data set on your microarray
that shows that your findings are repro-
ducible. And then you need a molecular

technique, which could be quantitative
RT-PCR or which could be immunohisto-
chemistry, and that shows that your find-
ings are real. And you really need both of
those to have a really high quality finding.

Wong: For what we do, the process here is
fairly similar. But, I just want to add one
idea here. In terms of our biomarker work,
we approach it with an orientation
towards diagnostic development. One can
certainly embark on it on a direction of
the mechanism of biology. And when biol-
ogy is involved, there is no question one
needs to have an additional level of valida-
tion, and that is at the proteomic level—at
the protein level.

What I want to point out is that in terms
of diagnostic or potential utility of these
markers for disease association, the pres-
ence or absence of a panel of markers with
disease phenotype—given a strong enough
statistical association—could serve as an
important endpoint. So, there are some
subtle and perhaps obvious differences
here, and the endpoint often has a bearing

“We know there is a salivary

transcriptome and that it
has disease-associative
features to it, but in
terms of the source of
this RNA, we basically

don't know.”
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Dr. David Wong is associate dean of research and a professor in the Division of Oral Biology

and Medicine at the UCLA School of Dentistry. Dr. Wong is a dentist-scientist researching the molecular
determinants of head and neck cancer. One of Dr. Wong's recent efforts includes the creation of the
UCLA Collaborative Oral Fluid Diagnostic Research Center and the Human Salivary Proteome Project

bitp:/lwww.hspp.ucla.edu to identify the entire catalogue of proteins in human saliva.
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“Unfortunately, a lot of studies have used LOOCV

just on their original testing set and consider

that a sufficient validation, but I think we're all

pretty clear at this moment that we don't consider

that to be sufficient anymore.”

in terms of how far one needs to go in
terms of validation.

Origins of salivary RNA

The cellular source of RNA used for microar-
ray analysis can be one of the most
important factors in experimental analysis;
however, there are some major differences in
diagnostic versus disease mechanism studies.

Wong: We have many, many questions that
we need to answer, and we're beginning to
work on them. We know there is a salivary
transcriptome and that it has disease-associa-
tive features to it, but in terms of the source
of this RNA, we basically don't know. But
let me talk about the kind of experiments
we're currently doing to find out.

We have stratified saliva into the five
sources: from the three major salivary
glands (parotid, submandibular and sub-
lingual), and also from a space between
the tooth and the gum, called the gingival
crevicular fluid (GCF), and also from
desquamated epithelial cells. And we pro-
filed each one of these sources and found
RNA to be in each one. Now, beyond
that, we're currently tracking it.

We're also using rodent models, where we
implant human cells—non-metastatic
tumor cells—into distal parts of the rodent.
So we use human cells in a mouse back-
ground and then try to track tumor growth.
Once a tumor is formed—it takes about
three to four weeks—we compare the RNA
profile of the implanted tumor and also
look at the presence of human RNA in the
circulation of these mice, as well as in their
oral fluids. Presently, our research is merely
18 months along and I think the data will
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come out fairly soon and hopefully these
questions will be addressable.

For diagnostic purposes, I think it doesn’t
really matter where the RNA comes from,
because the key factor you're looking for is
just the presence of a disease-associative
RNA signature, one that is always there
associated with the disease, e.g. oral cancer.
That's good. That's what a clinician needs
to know and what a diagnostic kit needs
to be able to determine. That's what a
diagnostic company needs to know, if you
have the sensitivity and specificity and can
control all the confounding factors.

O'Donnell: But if you want to design a
treatment based on the ribosomal RNA

and what it's doing, you have to go back
and figure out what's going on.

Wong: Absolutely.

O'Donnell: Right now we're doing a lot
of immunohistochemistry, looking at the
presence or absence of certain molecules in
certain cells in the tumor and then going
back to try and correlate that with the
presence or absence of metastasis.

And there are issues with those experi-
ments as well because it's a static system.
We can see it, but we can't change any-
thing. So then we have to go back to the
mouse models. So I agree with David—
the goal is to get a picture of how this
process works, because once we thoroughly
understand how it works, we should be
able to do something about it. We're all
coming at that from slightly different
directions and different strengths, but
hopefully we're all going to end up in the
same place.
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Improving Signatures

Current studies scan for transcriptional
activity in nearly all known coding genes;
however, by looking at the genome at greater
detail, for instance by analyzing splice
variation, scientists may be able to develop more
specific signatures and more robust classifiers.

Wong: So far we are capturing only a frac-
tion of the information from saliva. We
know for certain that about 50 percent of
the transcripts in saliva are devoid of a
poly-A tail. So, using a T7-oligo dT
primer in linear amplifications, we miss
half of that information based just on that
fact alone. And if you consider all the
other degradative mechanisms of RNA-
either decapping or clipping a piece of
RNA in the middle—we'll miss more than
50 percent of those.

We are very excited and looking forward
to the upcoming all-exon array—we are on
the early-access program—Dbecause every
coding sequence will have multiple 25mers
tiled to it, so that, theoretically, every frag-
ment of RNA in a biological fluid or tissue
will be registered or captured. We're cou-
pling this with an alternative amplification
procedure, because using an oligo-dT pro-
cedure still requires RNA with a poly-A
tail. The degraded RNA in saliva often
don't have this tail, so we're currently
experimenting with a German company,
Artus, using an alternative amplification
procedure for quote-unquote 'less than

optimal RNA.'

O'Donnell: This array may potentially be
the end of the arms race. A lot of the diffi-
culty with comparing various papers is
that they're all on different incarnations of
microarrays. If there could be a consensus
of what we're actually looking at—if we
could really get everything—then I think
that would go a long way to achieving
standardization, which is one of the chief
issues that we're facing.

O
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Expression Profiling Provides
Most Detailed Classifications of Pediatric
and Adult Acute Lymphoblastic Leukemia

Dr. William Evans and Dr. Torsten Haferlach discuss the emerging role

of microarray expression analysis in cancer classification and diagnosis

Leukemia was one of the first cancers that
researchers studied using microarray gene
expression profiling. But recent advances
in whole-genome analysis have enabled
scientists to subtype the disease in totally
new ways, including more detailed sub-
classifications, prognoses, and drug-sensi-
tivity status.

Dr. William Evans from St. Jude Children's
Research Hospital in Memphis, Tennesse
has studied pediatric acute lymphoblastic
leukemia (ALL) for over 30 years, and his
group was among the first to use high-den-
sity microarrays for ALL profiling.

“The expression patterns we've found are
largely concordant with known ALL sub-
types, but within any of those subtypes of

ALL, even those with the best prognosis,
we always had patients with a bad out-
come,” said Evans. “Our recent focus has
been on trying to learn something new
about why some kids respond and some
don't to the same treatment.”

Dr. Torsten Haferlach's research team at
the Ludwig Maximilians University in
Munich has taken a similar approach
studying adult ALL. His group has
developed expression signatures across a
broad range of leukemias and leukemia-
related disorders, including ALL, acute
myeloid leukemia (AML) and acute
promyelocytic leukemia.

Evans and Haferlach recently sat down with
AMB Managing Editor Tommy Broudy to
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discuss the key challenges they face imple-
menting microarray expression analysis in
their leukemia research. Topics covered
include:

m  developing methodologies to assess tumor

load and purity

® adequately powering studies for class
discrimination, integrating different types
of molecular data

m  the role of technology in study
validation

Tumor load and purity

Broudy: Tissue heterogeneity can greatly
influence cancer classification. Traditionally,
people have accounted for this through
pathological and histological methods.
What are your thoughts about putting
heterogeneity classifier probes on the
microarray itself to do this?

Evans: We're always struggling with this
in terms of how much noise is being intro-
duced by cells that aren't really what we
are interested in. And the idea of putting
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Dr. Torsten Haferlach

all clinically relevant
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some classifier probes on the array is a
good one. You would, of course, perhaps
want some signatures that might tell you
what other kinds of cells you might have
contaminating the sample.

But, one reason that we work with
leukemia is because it's easier to deal with
that problem—we can just do purification
and enrichment of bone marrow samples.
In a lot of our work we have had mini-
mum thresholds for percent of leukemia
cells in a bone marrow before we'll include
it in the analysis. In some of our earliest
papers looking at classifications, we had
data that said if we go from saying 70 per-
cent cut-off of leukemia cells to 90 per-
cent, then the data looks even cleaner, as
you would expect.

Haferlach: Well, we have had the same
experience and the question always is,
"What is a tumor cell?'

While we are happy having blood and
bone marrow samples—even if their blast
count is below 70 or 80 percent—we
know from our interphase fluorescence
in-situ hybridization (FISH) analysis

that many other cells also belong to the
tumor population.

So in our experience it does not matter if
the tumor load is 90 percent or 100 percent,
especially if what we are addressing is the
diagnostic approach. The pattern of genes
that can be recognized for a specific diagnos-
tic pattern is so stable that you can do it
with even lower numbers of tumor cells.

That does not mean that they are looking
like blasts, so in our opinion it is much
easier, and this is what is seen in the litera-
ture, that leukemia can be taken as an
example in the paradigm for using tumors
for diagnostics. For example, using
microarrays, the tumor purity in our
hands is normally above 70 to 75 percent,
and that works as far as we use it. We
don't purify in any case, we just do a
Ficoll separation and then perform the
microarray analysis.

Evans: We generally don't purify them
either if they're in that range.

Broudy: What are the typical tumor cells
counts when a patient is in blast crisis?

Evans: Well, we're dealing with acute
leukemias, and these patients typically
present with very high circulating



Sciences in 2002.

“In situations of uncertainty, you must go back
and find additional cases that would allow you
to develop a more robust signature and then
test it in an independent cohort to see if it

really is a unique subgroup of leukemia...”

DAV AN FETS S WAV is dircceor and chief executive officer of St. Jude Children's Research Hospital

and First Tennessee Bank Professor of Pediatrics, Clinical Pharmacy, and Pharmaceutics at the University of
Tennessee Colleges of Medicine and Pharmacy. For the past 30 years, Dr. Evans' research has focused on the
pharmacodynamics and pharmacogenomics of anti-cancer agents, exploring genetic and biochemical mecha-
nisms for inter-individual differences in drug disposition and response. He has received three consecutive

MERIT Awards from NCI, and was elected to the Institute of Medicine of the US National Academy of

leukemia cell burdens. It's often 10,000 or
so circulating blast count; but it can be
100,000 or more. And when we look at
marrows at diagnosis, typically it's 70 to
90 percent or more leukemia cells in the
bone marrow. That's at initial diagnosis.

Now, in a patient who has relapsed, it's a
bit different, it may only be 25 percent
leukemia cells in a marrow. That's one of
the challenges we've seen with doing
expression profiling of relapse samples—
you have fewer cells in the marrow and it's
a smaller percentage.

Haferlach: That's why our group is look-
ing for diagnostic profiles. We only use
samples from the primary diagnosis and
mostly stick to bone marrow, not to
peripheral blood. But it works the same.
For example, if you look for chronic
myeloid leukemia, you will see blast counts
below 10 percent. However, if you use the
same smears and apply interphase FISH,
then you will see that the number of malig-
nant cells are 85 or 95 percent. So it's dif-
ferent looking at this smear in the micro-
scope and doing a specific analysis like
FISH on the samples. But normally we've
found the same thing as Dr. Evans—the
number of tumor cells is, at least at the
diagnosis of the primary disease, more than
70 or 75 percent in leukemia.

Power and Class Discrimination
Broudy: There seems to be an explosion
of cancer subclassifications. What types of
assumptions do you need to make when

you're starting a study to achieve enough
power to discriminate the smallest class?

Haferlach: That's a very difficult question
because it depends on what you want to
do. If you want to make a diagnosis, I
think you need at least 10 to 15 or 20
samples from the same biological kind.
Then you can start making an analysis
using the biostatistic approaches and then
find some genes. Bug, if, for example, you
want to approach a group of AML with a
normal karyotype that show several molec-
ular mutations, you will need 100 or 200
or 300 or more samples to come up with a
new classification. And so, it really
depends on what you are looking for and
where you go to. Then you can define the
data set and the number of samples.

Evans: And sometimes you have unex-
pected subclusters that you didn't antici-
pate and it could be by chance or due to
small numbers, or it could be of biological
importance. In situations of uncertainty,
you must go back and find additional
cases that would allow you to develop a
more robust signature and then test it in
an independent cohort to see if it really is
a unique subgroup of leukemia and let
that take you to the biology of that subset.
So there's an aspect to this that's unbiased
in terms of the possibility of making some
findings that you wouldn't have anticipat-
ed a priori, and that may need to be a pre-
liminary finding the first time through,
that you then go back and replicate or
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expand with adequate numbers. It may
turn out to be noise, but you have to sort
that out in the next experiments.

Haferlach: This is absolutely true. If you
come up with some genes that do some-
thing or suggest to do something, then
you need to study a cohort of patients that
have never been in the analysis. Many,
many experiments are hampered because
the number of patients is too low and
what was seen there was not tested in an
unrelated cohort, and this makes it really
weak from my perspective.

Broudy: Discriminating between the
many different subtypes of ALL is not just
a binary A or B type decision. What statis-
tical methodologies, such as Support
Vector Machines (SVM) or One-Verses-All
(OVA) perhaps, are you using to take this
complex set of conditions into account?

Evans: In some situations, you have multi-
ple classes of phenotypes, and in other sit-
uations the phenotype can be a continuous
variable (e.g. drug sensitivity). So, in the
latter case, instead of using SVM, we have
taken a linear-weighted average approach
to initially look at linear correlations
between gene expression and a phenotype.
We published some of those data in the
Lugthart et al. paper in the April 2005
issue of Cancer Cell.

In this case, we had an LC50 value, a sen-
sitivity to drug value for 400 different
patients. And there was a correlation struc-
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ture that we thought we should take
advantage of, in terms of identifying what
the principal components were that we
should be fitting to the model. And so we
ended up identifying genes, and then
essentially weighting each one of those 50
significant genes somewhat differently to
create the best model for discriminating
sensitivity to drugs among different
leukemias. So that's quite a different
approach than we had taken previously
when we were asking other questions in a
similar context. And it was because we had
the informarticists, who are at every lab
meeting and every research workshop and
every discussion about how these experi-
ments are going to be done and how to
best analyze them.

I think you're just going to continue to see
additional approaches; one vs. all is anoth-
er option that you alluded to. In terms of
a classifier, SVM's still our work horse.

Integrating expression, genotype
and proteomic data

Broudy: Are you integrating multiple
molecular sets, such as genotype data, pro-
teomic data, or expression data to present a
singular decision at the point of treatment?

Evans: There's power in all of those
approaches, and sometimes they overlap.
We're often using germ-line polymor-
phisms to identify the appropriate dose of
a given drug or to select a drug for indi-
vidual patients, and that's information that
may or may not be imbedded in a gene-
expression profile. Obviously, it's typically
a germ-line polymorphism, and so in some
settings we find that helpful in making
treatment decisions.

Some of our work now is looking at germ-
line polymorphisms in the promoter regions
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of genes that we see expressed at different
levels in leukemias that are sensitive vs.
resistant to a given drug. The question there
becomes: 'Is there a polymorphism that is
determining whether a child's leukemia cell
is over- or under-expressing a given gene
that is significant in our analysis?" Of course,
in the simplest world, it would be. But it
may be that there is a polymorphism in a
transcription factor, not a transcription fac-
tor binding site, that is driving the level of
expression. A lot of what's of interest now is
the pathway, and not just a single gene or
pattern recognition.

We've gotten lucky recently—this is not
published—but on a couple of genes we
do find single nucleotide polymorphisms
(SNPs) in promoter regions that are pre-
dictive of expression levels in leukemia
cells. But that won't be the case for all
these genes.

Haferlach: We're just starting with these
DNA arrays and p53, especially in AML
with complex aberrant karyotypes, because
we know that many of these patients have
a p53 deletion and we are looking for
mutations. If there are no deletions there,
then we ask, 'Is there at least some muta-
tion in the gene?' All these techniques are
not in competition, but are used in combi-
nation. If we want to know more, not only
about diagnosis, but also about drug
response, biological backgrounds and
pathways, we shouldn't just spend our
time on one technique, but rather com-
bine all these different approaches in one
data set. We're doing this in our lab as
well as combining all this with morpholo-
gy, molecular genetic data and
immunophenotyping. This is very, very
interesting and we will come up with
many more answers this way than relying
on just one technique.

O
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Technologies for validating results
Broudy: How do you see a technology
like multiplex polymerase chain reaction
(PCR) working with microarrays? Are you
using them together now?

Haferlach: We are just using it for testing
the genes that come up as most discrimi-
native between several leukemia sub-classes
just to see them on another platform. We
use the ABI cards to do this and we found
a very high correlation with these specific
genes—we did it just to see if they work
on the other platform as well. I'm quite
sure that if you have 364 genes on this
plate, you can also use it for several
approaches, because normally you do not
need 40,000 genes. But on the other hand,
a platform like Affymetrix’ in our hands is
much more robust than the ABI platform
using these gene cards. In the next three to
five years, we will see which platform
comes out on top, but from my experience
right now, I think the gene expression pro-
filing using the Affymetrix technology is
ahead. Although you don't need all the
genes that are on the array now for diag-

nostic questions and answers.

Evans: Yeah, I don't have much of a dif-
ferent point of view on that—we'll have to
see. If we can do 30,000 probe sets for the
same price as the 300-probe-set approach
by multiplex PCR, then people are going
to do 30,000.

Haferlach: It's absolutely true what Dr.
Evans said—100 percent. We're happy to
have the opportunity to have three or five
different probe sets for the same gene on
an array, rather than just having one on
the ABI cards.
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University of Minnesota Scientists Find

New Diagnostic Signatures and Therapeutic

Targets in Gene Expression Data

Wife and bhusband team, Drs. Any and Keith Skubitz, discuss the challenges
of expression analysis in ovarian cancer, renal cancer, and sarcomas

Amy and Keith Skubitz are engaged in
two major collaborations that vie for liter-
ally every minute of their time. The first
project involves a small group of cohorts—
their four young children—set against the
variables of school, soccer practice, play-
time and homework.

The second collaboration, finding new ways
to diagnose and treat a wide range of cancers,
gets most of their remaining attention, once
the school bus leaves in the morning and
after the kids fall asleep at night.

Dr. Keith Skubitz is a professor of medi-
cine in the hematology, oncology, and
transplantation division at the University
of Minnesota and has studied gene expres-
sion of soft tissue cancers and renal carci-
noma for the past half decade.

“We really have two problems when it
comes to diagnosing cancers like soft-tis-
sue tumors,” said Keith Skubitz. “One,
within a diagnostic category there's really
more than one entity. And two, even the
reproducibility of how we currently put

samples into these categories is not great.”

In a recent Journal of Clinical Laboratory
Medicine publication, Keith Skubitz led the
research that used microarray-based gene
expression profiling to classify high grade
pleomorphic sarcomas and malignant fibrous
histiocytomas with known entities—results
that were ultimately confirmed in several
instances through more detailed pathological
and biochemical exams.

Dr. Amy Skubitz, an associate professor in the
department of laboratory medicine and
pathology at the same institution focuses her
research on developing new methods to detect
ovarian cancer, a disease that is 90 percent
curable when detected early, but is currently
the fifth leading cause of death in women.
Amy Skubitz has analyzed gene expression
data from hundreds of tissue samples to dis-
cover 66 genes specifically expressed in ovari-
an cancer; the results may eventually lead to
improved screening tests for the disease.

The Skubitz team recently spoke with
AMB about the challenges they face in
their combined research efforts.
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Topics include:

m  developing standardized methodologies
for tissue collection

m choosing appropriate controls and
analysis methods

®  maintaining experimental reproducibility
through generations of tissue samples
and technologies

Tissue collection

The Skubitz research team has analyzed hundyeds
of tumor samples in their studies. Along the way,
they’ve developed standardized methodologies for
tissue collection and sample preparation.

Amy Skubitz: All of the tissues that we
use undergo a very strict standardized pro-
tocol during procurement. We've tried to
keep everything identical, and that includes
the time from when the tissue is resected to
the time that it is snap-frozen. This process
must be completed within 30 minutes to
ensure that RNA and protein degradation
is kept to a minimum. The snap freezing
technique is standardized and the tissue is
then stored in the vapor phase of liquid
nitrogen. Since everything is standardized,
this helps us, as the end users of the tissue,
feel very satisfied that there's no variability
in sample preparation.

Other researchers with whom I've spoken
get their tissue from sources, and they're
not informed as to the procurement
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Dr. KCith Skubitz is a professor of medicine in the

division of hematology, oncology, and transplantation at the

predict disease outcome.

ent and/or non-invasive state.

University of Minnesota. He received his M.D. and clinical
pharmacology training from the Johns Hopkins University
School of Medicine and his internal medicine and oncology
training at the University of Minnesota. Dr. Skubitz cares for
patients with a variety of malignancies and related diseases. His
research primarily involves drug development and clinical trials,

including the use of genomics to identify new drug targets and

Dr. Amy YRS is an associate professor in the

Department of Laboratory Medicine and Pathology at the
University of Minnesota. She received her Ph.D. at the Johns
Hopkins University School of Medicine and performed her post-
doctoral training at the University of Minnesota. Dr. Skubitz'
primary research focus is the role of cell adhesion molecules in
ovarian carcinoma. She is exploring the role of integrins and
CD44 in the interaction between ovarian carcinoma and
mesothelial cells, and is also investigating how ovarian carcinoma

cells that are shed into the ascitic fluid are kept in a non-adher-

parameters. This leads to a potential for
bias in the experiment of which the scien-
tists themselves aren't even aware. It's real-
ly important that researchers know where
the tissues come from and how they were

procured—the whole process.

All of the tissues we use in our experiments
were procured from the University of
Minnesota Hospital's operating room suites
by the Cancer Center's Tissue Procurement
Facility. There's no question whether or not
the tissues have been handled properly or
shipped to us appropriately.

Keith Skubitz: Amy's being a little mod-
est there. She founded that facility and set
up all those parameters.

Amy Skubitz: I belong to the
International Society of Biological and
Experimental Repositories (ISBER). The
society is comprised of repository staff and
vendors involved in storing collections of
samples ranging from human tissues to
blood to environmental samples, such as

soil, animals, and seeds.

Members of ISBER recognize issues such as
consenting the patient, being in the operat-
ing room as soon as the tissue is resected,
rushing the tissue to the pathology depart-
ment for a diagnosis, and then processing
and freezing the waste tissue immediately.

Every step along the way is very well doc-
umented at most of the ISBER sites since
they are aware of the procedures. In fact,
ISBER has just published our best-prac-
tices guidelines in Ce// Preservation
Technology, which outlines some of the pro-
cedures recommended for optimal human
tissue processing and storage. The Society
is really trying to make sure that scientists,
who are the end users, are aware of the
issues surrounding human tissue use in
their experiments.

Keith Skubitz: It's also important to have
a histologic confirmation of the tissues
that you're examining because a piece of
tumor might have a necrotic area or some
extra non-tumor tissues in the sample.

We make sure that nearly our entire sam-
ple is tumor and that there is not much

“It may sound simple, but when selecting controls,

the key thing is figuring out what question you

want to answer. Without formulating the question,

you can't really address anything else.”
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necrosis. In some tumors that may be diffi-
cule to achieve. The pathologist needs to
look at a slice before cutting up the sample
and doing the frozen section. And then,
the researchers who get a sample for RNA
or DNA extraction need to know what
they're working with, usually by examin-
ing a section from that piece.

But, it can get kind of complicated with
some tumors that actually have different his-
tological patterns within them. For instance,
there might be a little patch of one type of
thing here, and another type of thing there.

Amy Skubitz: For quality control, a
pathologist looks at a frozen section at the
time of surgery and then excess waste tis-
sue is given to the staff of the Tissue
Procurement Facility. The procurement
facility staff makes their own quality con-
trol slide from tissue that is adjacent to
what is later given to researchers. A
pathologist will then verify the diagnosis,
percent tumor, and percent necrosis on the
H&E [hematoxylin and eosin] slide. We
then select for those tissues that are greater
than 90 percent tumor and less than 10
percent necrotic.

Keith Skubitz: The microarray data that
we've been publishing was generated by
Gene Logic Inc. based on a contract with
the University of Minnesota.

Amy Skubitz: Each of the tissues that was
provided to Gene Logic Inc. was excess; in



other words, additional samples of the tis-
sue were maintained at the University of
Minnesota. For example, after pathology
keeps the tissue that they need in order to
make a diagnosis, the Tissue Procurement
Facility may be provided with 10 grams of
tissue, which they cut into multiple pieces.
We use a piece of that tissue for immuno-
histochemistry, while Gene Logic Inc. gen-
erates gene expression data with an adja-
cent piece of the tissue. So we have match-
ing tissue that we can use to validate the
gene expression data by immunohisto-
chemistry or other types of experiments.

Appropriate control selection

Obtaining healthy control tissue for many inter-
nal organ diseases is often a difficult task. The
Skubitz’ weigh in on the challenges and solu-
tions they’ve reached for collecting control tissue
in ovarian and kidney cancer studies.

Keith Skubitz: It may sound simple, but
when selecting controls, the key thing is
figuring out what question you want to
answer. Without formulating the question,
you can't really address anything else.

For kidney cancer, we wanted to know if
we could find therapeutic targets that
would be expressed in the tumor, but
would not be expressed in normal tissues.
So in that case, the normal control is really
the rest of the body.

You could modify those conditions if you're
willing to accept certain toxicity. Let's say
you want the drug target expressed in kid-
ney cancer, but not expressed in any essen-
tial tissue like heart or lung. In that case,
you may not care if it's expressed in non-
essential tissues—you don't need a thyroid,
you don't need a prostate, you don't need
an ovary for example.

Amy Skubitz: We obtain the normal ovaries
from women who come to the University of
Minnesota for prophylactic oophorectomies.
For example, women may require a hysterec-
tomy or they may have a family history of
some gynecological disease. When their
ovaries are removed and the pathologist
determines that the ovaries are normal, we
can use them for our research projects.

“The problem is that a kidney is not just a kidney.

There's a cortex and a medulla; so depending on

how much of your ‘normal kidney’ sample came

from one part of the kidney versus another, the

gene expression signal could be quite different.”

What complicates our studies is that the
most common type of ovarian cancer arises
from epithelial cells that are on the surface
of the ovary. Therefore, it is difficult to do a
direct correlation with surface epithelial
cells from normal ovaries since the ovary
may be handled by surgeons, residents,
nurses, and pathologists. By the time the
Tissue Procurement Facility staff gets the
normal ovary, the surface epithelial cells
may be rubbed off. When we eventually
look at the gene expression data, it's with
the understanding that we're comparing a
sample of ovarian carcinoma, which has lots
of cancerous epithelial cells in it, to a nor-
mal ovary, which may have a very small per-
centage of the normal counterpart of normal
surface epithelial cells. That's why it is
important for us to then do the immunohis-
tochemistry and to see if the surface epithe-
lial cells on normal ovaries stain for the
proteins corresponding to the upregulated
genes in the ovarian carcinoma samples.

Furthermore, we've looked at over 300
other tissues, comprising tumors and nor-
mal tissues, to see whether the ovarian can-
cer expression signature would be differen-
tially-regulated in them.

Statistics and software

Eisen Clustering and principle components
analysis (PCA) are two major microarray
analysis solutions frequently used by scientists.
Each has strengths, but limitations as well.

Keith Skubitz: Eisen Clustering does have
a nice visual effect, so it's very easy to
readily understand what you are looking
at. But it also has the obvious limitation
that it's restricting the distribution to
two-dimensional space. So PCA is definite-
ly preferable, and that's what we've been

Heterogeneity in fibromatosis. The heatmap portrays clustering of gene expression in aggressive fibromatosis

samples analyzed with HG U133 microarrays and Eisen clustering software Cluster.
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using primarily, but we still do use Eisen
Clustering as well.

Amy Skubitz: One concern with PCA
might be that you can rotate it any way
you want in order to get clusters to appear.
But, it's very satisfying when the clusters
just leap right out at you.

Keith Skubitz: PCA is usually preferable,
but it is true that with either approach,
depending on how you analyze the data,
you can get different results.

But these things we're manipulating are
numbers, they're measurements, they're
not magic. So we have to convince our-
selves that whatever data or conclusion
we're generating is actually true. One way
to do that is by analyzing the data in
several different ways and getting the same
answer several different ways.

One place where things can get confusing
is in fold change analysis. A gene may be
reported to be 50-fold up in group A ver-
sus group B. But before we would believe
these results, we would like to actually
look at a graphical representation of the
data in each sample group, so that we can
say, 'Yes, we believe this.' For example, it
may be that 20 percent of the samples are
contributing 90 percent of the signal, or
something like that, but one would not be
aware of that unless one looked at the indi-
vidual data itself.

Amy Skubitz: It's also important to look at
the standard errors and p values for each of the
data sets too. You can look at the actual data
plotted out and see if there's a big spread or if
they're all clustered at one end or the other.
It's very time-consuming to do it that way,
but if you don't, you can fall into this trap of
believing that 50-fold up value. And then you
end up choosing that gene without ever actu-
ally seeing the data. That's a concern.

Common cancer signatures

Information from one type of cancer can help
scientists learn more about another. By compar-
ing data, key genes and pathways can emerge
that might otherwise be missed.
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Keith Skubitz: Right now we're focusing
on specific tumors. One interesting point
related to that question was a study we did
looking for genes upregulated in
leiomyosarcoma compared with normal tis-
sues. We looked first at leiomyomas, which
are benign smooth muscle tumors of the
uterus, and we found some genes that were
uniquely expressed compared with all the
normal tissues. Later, we did an analysis of
leiomyosarcomas, which are malignant
tumors of smooth muscle.

We looked for genes that were uniquely
expressed in that sarcoma compared with a
number of normal tissues, and we found
some. But we then decided to go back and
ask specifically, '"Were any of the genes that
we found uniquely expressed in leiomy-
omas also selectively over-expressed in
leiomyosarcomas compared with normal
tissues?' In fact, this approach yielded new
genes selectively expressed in leiomyosar-
comas, but only a fraction of them. In
other words, this approach identified het-
erogeneity in the leiomyosarcoma popula-
tion, and allowed the identification of
potential targets that were not found in
our general screen.

For example, we found that doublecortin
was expressed in about half of the
leiomyosarcomas. That's interesting, because

we identified a subset of leiomyosarcomas
and a potential drug target that we wouldn't
have found without this clue from the earlier
studies of related tumors.

Experimental reproducibility

As the duration of their cancer research has
grown, the Skubitz’ have run into the challenge
of comparing data from different generations of
sample collections and different generations of
microarrays. The data are validating toward
each other, but extra caution needs to be taken
in these instances.

Amy Skubitz: The experimental data that
we initially analyzed was generated using
the Human Genome U95 microarrays. It's
just recently that we've used the Human
Genome U133 chips and we've gone back
to see if we could get some of the same
data. Right now we're doing a different
series of experiments with our ovarian can-
cer samples, and we're coming up with the
same expression trends.

Keith Skubitz: In kidney cancer, we're
also finding a lot of the same genes with
the U133 set that we found with the U95
set. So that's reassuring.

Amy Skubitz: The HG U133 experiments
are using the exact same tissue samples
that were used in the HG U95 experi-
ments. So it's not like taking a totally dif-

O

ferent tissue and seeing if we see the same
trend. I would say that it's working well.

Keith Skubitz: In many of the studies
that we're doing we're looking at genes
that are unique to the tumor versus a lot of
different tissue types. I'd say it's been pret-
ty reproducible. But let's say, for example,
that you wanted to compare kidney cancer
with normal kidney. The problem is that a
kidney is not just a kidney. There's a cor-
tex and a medulla; so depending on how
much of your ‘normal kidney’ sample came
from one part of the kidney versus another,
the gene expression signal could be quite
different. Also, in our first kidney cancer
paper, we looked at gene expression in not
only normal kidney and kidney cancer, but
also in so-called diseased kidney. Not sur-
prisingly, diseased kidney is not the same
as normal kidney.

So if one study looked at kidney cancer
versus perfectly normal kidney, the results
could vary depending on how much of the
cortex or medulla were in the samples.
Also, if there were inflammation in one of
the kidneys, or it were somewhat atrophic,
or they had significant hypertension or
diabetes, or who knows what, the results
could also differ. So, things that might at
first appear to be the same comparison in
different experiments, might not be.
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Microarray Sequencing of Mitochondrial Genome

Uncovers New Clues for Cancer Detection (cont'd from pagel )

in pancreatic juice samples,” said Maitra.
“While we developed the MitoChip to
study cancer biomarkers, it certainly has
uses in non-cancer applications as well,
everything from evolutionary studies to
metabolic diseases to aging.”

Maitra recently spoke with Amanda
Baumann, a pre-doctoral fellow in Duke
University's department of Pharmacology
and Cancer Biology regarding the new
challenges facing mitochondrial research
now that the genome sequence can be
readily accessed. The two discussed:

m the various types of mitochondrial
mutations linked to cancer and models
available for validation

m the “mass advantage” of mitochondrial
genetics and the associated difficulties
of distinguishing heteroplasmies

m the sensitivity, sample preparation, and
genome coverage of microarray-based
resequencing technology

Formerly at Emory University, Baumann
worked with Dr. John Petros to prove that

mitochondrial DNA mutations increase
tumorigenicity in prostate cancer. The
group published their work in the January
2005 Proceedings of the National Academy
of Sciences, USA.

Mutation discovery and

in vivo models

Baumann: Did you use the MitoMap web-
site and the Cambridge Reference Sequence
to identify the mutations that you pub-
lished in your 2004 Genome Research publi-
cation? Were they all amino-acid altering or
did you just distinguish them as polymor-
phic versus non-polymorphic base changes?

Maitra: Actually, it was a mixture of
synonymous and non-synonymous changes.
We were primarily interested in finding
differences between normal and cancer
samples. In this initial study it was not that
important to us if the mutation directly led
to an amino acid change, but rather if we
could identify nucleotide variations between
matched normal and cancer samples. From
a biomarker perspective, finding such
base-pair differences between normal and
tumor is the most important issue.

Having said that, if you are actually studying,
for example, genotype-phenotype correlations

MITOCHONDRIAL GENOME FACT BOX

Coding sequence:
Mitochondrial mutations:

Cancer histologies:

Nuclear mutations:

Size: 16,500 bases
Over 12,000 bases
Present in 70 to 90 percent of cancers

Include breast, lung, prostate, pancreatic, head,
neck, and bladder

p53 is mutated in only about 50 percent of
human cancers

“In this initial study it was not that important to

us if the mutation directly led to an amino acid

change, but rather if we could identify nucleotide

variations between matched normal and cancer

samples. From a biomarker perspective, finding

such base-pair differences between normal

and tumor is the most important issue.”

Dr. Anirban Maitra is an assistant professor of

pathology and oncology at Johns Hopkins University School of

Medicine and an affiliate faculty at the McKusick-Nathans Institute

of Genetic Medicine. He received his M.D. from All India Institute of

Medical Sciences with a specialization in anatomic pathology at the

University of Texas Southwestern Medical Center, Dallas. His laboratory

is actively pursuing novel technological aspects of cancer diagnosis and

therapy, such as custom-designe

high-throughput sequencing

microarrays for mutation detection, and identification of cellular targets

by global profiling technologies for the purposes of targeted therapies.
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or doing a bit more of a functional type of
analysis, then that information becomes very
important. And we did find many of those
examples that had been referenced in
MitoMap, or in previous studies in the litera-
ture. But at the same time, we found a bunch
of other changes as well. I'm not sure what
the significance of them is, except that they
were not present in the matched normal tissue.

Baumann: We were absolutely amazed at
the number of amino-acid altering muta-
tions we found when we started sequencing
whole mitochondrial genomes. How can
we find more of an in-vivo model for some
of these mutations? Obviously, it's not cur-
rently possible to really make a transgenic
mouse where you can alter specific bases in
the mitochondrial genome.

Maitra: One of the biggest challenges has
always been attributing exactly what these
mutations mean in cancer. The implica-
tions of mitochondrial mutations are far
better known in many metabolic diseases,
but the implications for cancer pathogenesis

demonstration that you can take a single
point mutation in the mitochondrial gene
and can actually increase in vivo tumori-
genicity is, by itself, a very nice demonstra-
tion of functionality.

The “mass advantage”

and heteroplasmy

Maitra: The ‘mass advantage’ of mitochon-
dria means that you only have two copies of
every gene in the nucleus, but you have
many more copies of mitochondrial DNA.
So if you're dealing with limited clinical
samples, for example body fluids that have
limited amounts of DNA, you have a better
chance of detecting mutations with mito-
chondria than nuclear DNA. This has been
shown by several groups at Johns Hopkins
in a variety of human cancer types.

Baumann: But the quantity of DNA
you're able to obtain with mitochondria
may also create a disadvantage in distin-
guishing between different types of hetero-
plasmy. Within a mitochondrion you
might have both wild type and mutant

A | | | | |
B I 1

v

1 cttaggcgctatcaccactctgttcgcagcagtctgcgcccttacacaaaatgacatcaa
C 2 cttaggcgctatcaccactctgttcgcagcagtctgcgcccttacacaaaatgacatcaa
3 cttaggcgctatcaccact/tgttf]icagcagtctgcgcccttacacaaaatgacatcaa

The MitoChip microarray sequences the 16,500 base pair mitochondrial genome (represented in panel A).

Upon detailed examination of a small section of the genome sequence (enlarged in Panel B), scientists discover

specific nucleotide sequence variations (Panel C). ‘This sequence alignment shows a mutation (black highlight)

in the tumor (black second row) compared to the normal (black first row), which is wild type as shown in the

reference sequence (red row on top).

and progression have always been
somewhat in doubt.

The first really conclusive evidence actually
came from John Petros' work, that you
obviously were involved in, which showed
that when you over-express a mutant mito-
chondria in a cancer, you were able to
make it grow faster in vivo, while if you
express the wild type, you actually make it
grow slower than it normally does.

I suppose the final sort of proof will be
when we are able to overcome the technical
challenge of making a transgenic mouse
model of a mutant mitochondrial gene and
show that these mice are more predisposed
to cancer, aging and so forth. But just the
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base pairs or maybe within a cell, you have
different mitochondria that are wild type
and mutant. Even within a tissue, you may
have cells that are wildtype or mutant for
certain mitochondrial DNA mutations.
How are you able to distinguish between
these different types of heteroplasmy?

Maitra: The problem at this point is tech-
nically challenging to answer: ‘Is there a
difference if you have an intracellular het-
eroplasmy versus an intercellular heterocel-
lular heteroplasmy?'

You'd have to fall back on in vitro studies
where you basically make cells with design-
er mitochondria (so-called “cybrids”) within
which you can actually titrate the dose of
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heteroplasmy. Then you can say, 'Okay, if I
have this many mitochondria in this cell
that are mutant versus this many that are
wild type, is there a difference compared to
mixed populations of mutant and wild-type
cells?’ These are questions that have to be
answered in vitro using hybrid techniques
that we have access to and gradually titrat-
ing the doses. But in terms of what happens
in vivo, I don't think we have the expertise
at this point to answer that question.

Baumann: [ agree. The hybrid-hybrid
cells are really the best in vitro system that
we have, especially if you can get matched
wild-type and mutant DNA, so you know
the only nucleotide at which the genome
is different.

In terms of the heteroplasmic patients we
looked at, something we talked a lot about
was whether it might actually be better—
instead of obtaining a pure wild-type and
mutant cybrid—to have a 90 percent and
10 percent wild type across the spectrum
to find the threshold at which a mutation
becomes dominant.

Maitra: The cybrid technology allows you
to actually plan some very elegant experi-
ments looking at mutational thresholds that
put a cell over the edge. You know, with the
nuclear DNA it's either heterozygote or
homozygote, so you're dealing with basically
a binary system. But with mitochondria it's
sort of a continuous bell curve, if you will,
and so the experiments you have to conduct
are quite different than what you would do
with a nuclear gene.

Array-based mitochondrial
genome sequencing

Baumann: What does the MitoChip offer
to researchers who are currently doing
manual and automated DNA sequencing?

Maitra: We discussed several of the advan-
tages of the MitoChip in our Genome
Research paper, but there are three key ones
worth recapping:

First, we cut down the number of poly-
merase chain reactions (PCR) required to
sequence the entire mitochondrial DNA to
three. As you know, most routine mito-
chondrial protocols will use anywhere from
20 to 40 individual reactions.

Second, we reduced the amount of starting
template that you need. We cited 100
nanograms in the paper, but we were able
to amplify mitochondria with as low as 10
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nanograms of starting template. I think
that's because on a per-cell basis you're
dealing with a lot more DNA than you
would with nuclear DNA.

Third, of course, now you're able to
sequence the entire mitochondria on a sin-
gle chip without having to pour over
16,000 bases of chromatograms. The first
generation MitoChip we described had the
entire coding sequence short of the D-
loop. Now, Affymetrix has developed a
second-generation chip that has the entire
mitochondria on it, including the D-loop,
as well as redundant tiling for deciphering
mitochondrial haplotypes.

We've been collaborating with an investi-
gator here at Hopkins, David Cutler, who
has a lot of experience in designing high-
throughput genotyping analysis software.
Dr. Cutler has developed an algorithm for
automated sequence analysis of
MitoChips; his software is available as
freeware online. Affymetrix also has its
own software analysis platform that will
basically spew out the mutations for you
in a beautiful Excel format, with the exact
position, the wild-type sequence and the
base change.

Then the other thing is the time factor. It
takes about one and a half days for a full-
time technician to get from starting tem-
plate to a scanned chip with 16,000 bases
of associated information. And you can
multiplex eight chips at a time on most
Affymetrix wash stations, so obviously that
significantly cuts down on the time
required as well.

Sequencing method sensitivities
Maitra: The sensitivity of the assay is par-
ticularly important when you're looking at
this as a potential biomarker-detection
tool. We showed that this assay is more
sensitive than some of the more conven-
tional fluorescent dye-sequencing tech-
nologies that are out there. We've basically
done sequential dilution studies and

shown that in a mixed population of nor-
mal and mutant cells you can detect muta-
tions—=80 percent of the mutations in a
sample—even at a dilution of 1:50 (i.e.,
when only two percent of the cellular pop-
ulation is comprised of tumor cells and 98
percent are normal, wild-type cells). I
think the limit of detection for fluorescent
dye sequencing technologies is about 10
percent. We've managed to achieve about
five-fold better rates.

It's well-known that allele-specific
hybridization techniques are always going
to be more sensitive than fluorescent dye-
sequencing technologies. While it used to
be the gold standard to prove mixed popu-
lations of cells existed within a sample, it's
really time consuming and tedious.
Affymetrix technology basically is allele-
specific hybridization on a chip, so it's not
surprising that it's more sensitive than reg-
ular fluorescent sequencing techniques.

What's interesting is that we have been
collaborating with the National Institute
of Standards and Technologies (NIST),
located in Gaithersburg, Maryland, and
they actually used a two-stage PCR base-
sequencing protocol that they developed
to sequence many of the same tumor sam-
ples that we described in the original
MitoChip paper. So they had these chro-
matograms, and when we gave them the
MitoChip data, there were several muta-
tions they had actually not found using
their sequencing software. Anyone that has
worked with chromatograms knows—
especially with 16,000 bases worth of
chromatograms—that you're bound to
miss small heteroplasmies. When the
NIST group went back, they found that
every one of the heteroplasmies was pres-
ent; they were just little blips that were not
picked up by manual scanning or even by
automated sequencing software. That
paper just came out in the May issue of
Journal of Molecular Diagnostics.

Baumann: [ definitely agree. Those chro-
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matograms can be very time consuming to
read and it's often difficult to know what
is background and what might be consid-
ered heteroplasmy. From just a data collec-
tion point of view, being able to verify and
obtain more accurate results has to be one
of the biggest advantages.

Sample preparation

Baumann: What types of samples are you
able to sequence off the microarray?

Maitra: Well, we've used either snap-
frozen samples or body fluids like urine or
pancreatic juice. Certainly, body fluids
work very well; there's enough mitochon-
dria floating around to amplify. We've
actually never tried paraffin-embedded or
laser-capture micro-dissected samples.

We've designed the assay for long-PCRs
and there are three fragments about 5 to 6
kB long. So, as long as the DNA quality is
adequate enough to get those long prod-
ucts, the assay should work. If you can do
laser capture of cryostat-embedded sec-
tions that should do pretty well. But
unless the existing long-PCRs are modi-
fied, I don't know at this time if paraffin-
embedded, archival material will work, so
that's one drawback.

Baumann: We used about 18 sets of
PCR fragments to span the whole genome.
How did you choose the three sets of PCR
fragments?

Maitra: I designed the primers, made sure
they worked, and then we went to the
MitoChip. I designed these mitochondrial
DNA long PCR primers using a web-
based protocol called Amplify’ that I
found is the best long-PCR program on
the web. It's free on the web and I highly
recommend it; it really works very well.

I arbitrarily divided the mitochondrial
DNA into three fragments and designed
two alternative primers for each, such that
we would have amplicons of 5 to 6 kB
each. So we had six sets of primers, each of
which was sort of an alternative pair cover-
ing three of the fragments. And of each
pair, one of them worked beautifully.

We chose such long-PCR protocols for
two reasons: number one was, of course,
you wanted to cover the mitochondria in
as few PCRs as possible, without having to
do too many amplification reactions. And
the way the chip works, you need to pool
all of them in equi-molar quantities. So if
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you have 20 PCR reactions, you'd have to
clean them each up, you'd have to measure
the DNA quantity, and you'd have to
aliquot equi-molar quantities from each
fragment. The fewer reactions you have,
the better it is for you to actually be work-
ing with the MitoChip, or for that matter,
any DNA sequencing array.

The other more technical issue we had is
that there are significantly long stretches of
mitochondrial DNA insertions in the
nuclear DNA—sort of like pseudo genes if
you will. If you have too short an ampli-
con, you could potentially be amplifying a
nuclear insert, as well as a true mitochon-
drial DNA. And if they are different in
sequence, you'd think that you are getting
a mutation or a heteroplasmy, but it is
really nuclear DNA. To overcome that, we
actually designed these long-PCR primers;
we tested them on cells depleted of mito-
chondria; and we found that there was no
product. So we know that these are mito-
chondria-specific primers.

We've also tested them on mouse DNA, and
they do not amplify. So fortunately for us,
they are also human-specific. So, if you're
looking at xenografted tumors, for example,
you can safely use these primer sets to ampli-

fy, and you know that the only thing you are
amplifying is human mitochondrial tumor
DNA and not the mouse stroma.

Genome coverage

Baumann: You said that initially you had
left out the D-loop in the MitoChip?

Maitra: Yes. However, the new second-gen-
eration MitoChip has several differences.

For one, it has a smaller feature size; so it
has about 50 kB of sequence as compared
to the 32 kB that we had in the first gen-
eration chip. That 50 kB comprises the
entire mitochondrial coding sequence—
top to bottom, forward and reverse
strand—as well as redundant tiling for
mitochondrial haplotypes and known
mutations from common websites such as
what is referenced in MitoMap, and other
online databases out there.

That gets me to one of the problems of
chip-based hybridization chemistries, chips
are very good at detecting single-base
changes, such as missense or nonsense
mutations or single-base polymorphisms;
however, they're not as good when it
comes to detecting insertion-deletions.

Affymetrix has included redundant tiling

O

features in the new MitoChip that will
enable researchers to detect potential inser-
tion-deletion mutations especially in the
non-coding D-loop region where these are
not uncommon. The advantage of an iter-
ative tiling strategy for regions that
demonstrate frequent insertion-deletion
mutations is that you can now actually
look for the sequence that gives you the
best hybridization and use that as a guide
for detecting such mutations with greater
confidence than you could in the older
generation of arrays. In other words, hav-
ing 50 kb worth of sequence to ‘play with’
has given Affymetrix the freedom to intro-
duce additional features that I believe
strongly enhance the utility of resequenc-
ing arrays.

We've now worked with this new
MitoChip for about six to eight months
using human cancer samples, and
although we haven't published the data
yet, it looks very good; for example, we are
able to detect additional mutations that we
missed using the older generation microar-
rays. A lot of the artifacts associated with,
for example, dye bleeding through and so
forth in the older generation chips have
now gone as well.
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100,000 SNP
Copy Number Studies
Find New Genes

Linked to Cancer

Dana-Farber's Dr. Bill Sellers and UPenn's
Dr:_Jobn Maris discuss the challenges of bhigh-
density SNP genovyping in copy number analysis

Chromosomal copy number and loss of
heterozygosity (LOH) studies analyzing
more than 100,000 single nucleotide poly-
morphisms (SNPs) are generating promis-
ing new results in the search for cancer-
causing genes that are mutated, missing or
duplicated. While both methods have been
around for awhile, by using high-density
SNP microarrays to conduct these experi-
ments, scientists can now search the
genome faster and in greater detail than

ever before.

Dr. Bill Sellers together with his colleague
Matthew Meyerson, both of the Dana-
Farber Cancer Research Institute, were
among the first scientists in the world to
use genotyping microarrays for cancer copy
number research. A few years later, Seller's
has upgraded from studying a few thou-
sand SNPs with a microarray to studying
more than 100,000. And in the July issue
of Nature, Seller's reported a critical gene,
MITE, that was amplified in 20 percent of
metastatic melanoma patients studied and
was also functionally required to transform

human melanocytes.

Dr. John Maris, an associate professor at
the University of Pennsylvania's (UPenn)
School of Medicine studies pediatric
cancer and in particular the correlation
between DNA copy number aberrations
and tumor genotype and clinical

phenotype.

“We're very interested in understanding
the pattern of genomic alterations and how
they associate with tumor aggressiveness,”
said Maris. “The potential of SNP arrays is
in having a very high-resolution survey of
the entire genome—and that resolution
continues to increase. That's why the SNP
chips are a very attractive platform for can-

cer genomics.”

“When you go to the
500K arrays, what's

really exciting to me is

the ability to look

simultaneously at the
somatic genetic nature
of cancer and then relate
it to the haplotype

structure of the genome.”

l

A -
Dr. Bill Sellers PEipaysns professor of medicine at the Dana-Farber Cancer Institute and

Harvard Medical School. He is also an Associate Member of the Broad Institute. His research focuses on

generating a genetic and molecular understanding of various cancer types, including prostate and lung; his
lab was among the first to apply SNP-array based LOH detection to prostate cancer. Sellers' research has two
primary aspects: understanding the role of the PTEN tumor suppressor gene in the progression of prostate

cancer, and discovering expression and genetic profiles for poor outcome prediction in prostate cancer.

While technological advances in genotyping density have helped both researchers find new
genes linked to disease, the advances have also generated a new set of challenges.
Sellers and Maris recently discussed some of these emerging issues with AMB; topics included:

m  methods for dealing with cellular contamination during sample preparation
m  the merits of differing copy number analysis technologies
®  ways to improve copy number algorithms and assays for cancer-specific research

m  the value of higher-density SNP analysis in resolving haplotype structure within the
cancer genome and the contribution of germ-line polymorphisms to disease
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Potential of copy number and LOH analysis

Maris: We look at LOH and copy number for two reasons: to identify
prognostic biomarkers and to identify therapeutic targets.

There is a long history in pediatric cancer literature, in particular in
the disease neuroblastoma, and there is a lot of information showing
specific regional gains or losses to be very powerful biomarkers. This is
currently being applied to the clinic and used to help stratify therapy;
examples include MYCN gene copy number status in neuroblastoma
and measurement of 1p or 16q LOH in Wilms' tumor.

The second more recent, and perhaps more important goal, is to use
these data to help us identify the genes that are driving the phenotype.
Certainly my bias is that it really comes back to DNA and DNA
mutations. The most important therapeutic targets are going to be
genes that are targeted by DNA aberrations—either gross DNA aberra-
tions, gains and losses, and/or DNA mutations—and we hope to use
SNP chips to help us streamline identification of these.

Sellers: I agree; those are the two major applications. To expand a little
bit on distinguishing LOH and copy number, which is one of the things
that the SNP array will give you, I think many people end up equating
LOH with hemizygous deletion. This is only one way in which you get
LOH. But you can also get LOH through gene duplication of a mutant
allele. For example, instead of having a wild-type and a mutant allele,
you now have two copies of a mutant allele. This is not uncommon in
the p53 locus. So LOH analysis gives you a different view of the genome
than you can get by straight copy number alteration.

Maris: Yes, that's a very important point and I can give you an anecdote
where this is very important in our disease: LOH in chromosome 11q is
a very important biomarker, but if one were to use something like [fluo-
rescence in-situ hybridization] FISH to just count the number of alleles,
you very frequently see two alleles, despite the fact that there is LOH.

Mitotic recombination gene duplication is very, very common. If you

just use FISH to survey for this aberration you miss it most of the time.

Sample preparation

and sample purity

Sellers: The challenges of array-based
genotyping for copy number analysis are
mainly due to sample preparation. To get
the maximal amount of information across
the array currently requires a highly puri-
fied tumor cell population, especially if
you want to get accurate calls and accurate
determination of LOH.

That's actually the rate-limiting step right
now for common solid epithelial cancers
where the cancer cells are intermixed with
stroma. The primary challenge has been to
optimize conditions of laser-capture
microdissection and amplification of the
DNA. Initially, the informatics was the
biggest challenge, but we've made a lot of
progress there and it no longer poses a
great challenge for us.

Maris: Currently, each of our labs spends
quite a bit of time carefully preparing
high-quality DNA out of carefully
acquired and prepared samples. But to
take this to the next step, to really get at
the 99 percent of human cancer samples
that aren't archived in a way that's
amenable to developing high-qualitcy DNA
probes, that's really going to be a chal-
lenge. The big question is: 'Can you do
this in paraffin?' And right now, the
answer is, 'no.' But the lab efforts are
going to be directed towards either getting
high-quality DNA probes out of sub-opti-
mal tumor preparations and/or finding an
assay that allows lower-qualicy DNA
probes to work.

Sellers: I agree with all of those points;
paraffin is a big obstacle.
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Pluses and minuses of copy
number analysis technologies:
SNP arrays and CGH

Maris: I have two specific examples I can
give you from our own work. First, using a
BAC array platform we identified a
homozygous deletion that also happens to
be on 3p, but not near Bill's locus. On the
BAC array it was quite a large homozy-
gous deletion, but just by putting it on the
10K SNP chip we were able to cut the size
of the homozygous deletion in half, just in
one experiment! Now, as we speak, we're
putting it on 100K. So, just in terms of
mapping, it dramatically helps hone in on
the region where the genes are located.

The other example involves low level gain
of 17g—a frequent occurrence in many
human cancers. In neuroblastoma, it has
been assumed that the gain is even along
the chromosomal arm—i.e. there is one or
two additional copies of each nucleotide.
However, our recent SNP experiments
strongly suggest that there are regional
amplifications many fold higher within the
background of low level copy number
gain. These data may help us identify the
true oncogenes located at 17q.

Sellers: We've clearly seen that the 100K
arrays pick up deletions that you can't see
on the 10K array. The best example might
be a gene like EGFR, which in malignant
glioma has a deletion of exons 2 through 7
or 8 known as vIII. You can't see that on a
c¢DNA array, or a BAC array, or the 10K
array. But on the 100K array, we start to
see the vIII deletion in occasional samples
because there are probes for four SNPs
within that deleted region, but that's not
really enough to be highly confident about
the deletion every time. You can imagine
that if there are 20 SNPs in that region,
like on the 500K array, you'll see that dele-
tion almost every time. There are a num-
ber of genetic events that are very small
that you'd really like to see. And as you get
better and better resolution you'll see more
and more of them.

Maris: BAC arrays are also cumbersome to
create and it's difficult to keep the clone
sets and verify the clone sets. Additionally,
they can't approach the resolution of the
100K chips, and certainly not the 500K
chips. There are full tiling path arrays, but
the spot is still a [polymerase chain reac-
tion] PCR product from an on-average

Dr. JOhIl J\EVSTY is an associate professor at the University of

Pennsylvania School of Medicine and an oncologist at the Children's

Hospital of Pennsylvania. Dr. Maris received his MD at the
University of Pennsylvania and did his post-doctoral research and
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“The big question is:

‘Can you do this in paraffin?’”

200 kB piece of DNA, so there are some
limits in the resolution of the BACs and
they are inconvenient.

That said, BAC arrays do not rely on
high-level PCR amplification of your sam-
ple. Data from our lab, and from many
others, have shown that this issue of nor-
mal stromal DNA contamination—while
it remains an issue—is not critical in BAC
arrays as compared to any sort of SNP
oligo array platform. And although these
numbers are a little bit soft right now, my
guess is that when you have more than

10 percent contamination with normal
DNA, you lose your calls pretty precipi-
tously with the SNPs. But on the BAC
array, you can get away with up to 50 per-
cent normal contamination. Bill, I don't
know if you would agree with those num-
bers or have looked at that in any detail.

Sellers: With SNP arrays, we've found
that at 10 percent contamination, accuracy
for LOH calls—allele calls—is pretty
much gone. You can go down to about

30 percent stromal contamination and still
get pretty good copy number and homozy-
gous deletion measurements if you don't
mind losing the LOH; of course, we'd

rather not lose it.

Improving algorithms and assays
Sellers: But, there's some hope that new
informatics methods with improved call
algorithms might correct aspects of stromal
contamination. I think Affymetrix has opti-
mized the algorithm for germ-line DNA
analysis, so with even the slightest deviation
from a homozygous call—you might hap-
pen to have a little bit more B allele than A
allele—the algorithm starts to make ‘no call’
designations because it really doesn't want
uncertainty. But often, if you visually
inspect the probes for each allele in a con-
taminated sample where a ‘no-call’ determi-
nation was made, you can pretty much see
what the genotype call should have been; of
course for 100,000 SNPs, it's impossible to
manually score all of the genotypes.

It would be really nice to have some help
from Affymetrix looking at how to
improve the call accuracy from mixed sam-
ples. We would imagine taking a tumor
sample and contaminating it with normal
genomic DNA in order to create an artifi-

cial genotype set that usually would result
in ‘no call’ designations, and then try to
develop algorithms that still allow calls to
be made. Maybe you could decide what
algorithm to use for your sample; it might
say, 'when working with the cancer sam-
ple, please don't use the perfect-call algo-
rithm, use the cancer-call algorithm.'

Maris: I like the idea of there being a
germ-line DNA algorithm and there being
a cancer DNA algorithm.

In terms of assay optimization, I guess one
of the other overriding features in getting
this assay to work is the highly multi-
plexed nature. I don't know if there
would be any opportunity to cut back on
the number of cycles of PCR which is sort
of the key step without losing the call rate
pretty significantly.

Sellers: Yes, I think that's a good point.
We have spent almost no time optimizing
the lab process part for copy number alter-
ation detection. We thought about using
quantitative PCR to look for genome
copies that are produced during the PCR
cycling, to see if you hit a certain number
of genome copies; that might give you an
optimal copy number detection point as
well as still having robust calls.

Moving to the shorter fragments will
potentially give more uniform amplifica-
tion during PCR and there may be less
variation around mean copy number
across the genome. Hopefully on the 500K
array we'll move away from the longer
fragments that happened with 100K—
there was a transition between 10K and
100K where a lot longer fragments got put
on the 100K. If you look at the way long
fragments behave with respect to copy
number, it's much worse than the shorter
fragments. It's also worse with respect to
call rates. So their behavior in general is
not as good.

The value of higher resolution analysis

Sellers: When you go to the 500K arrays,
what's really exciting to me is the ability to
look simultaneously at the somatic genetic
nature of cancer and then relate it to the
haplotype structure of the genome. So for
the 500K, I believe you'll start to see
things like haplotype-specific deletions and
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you'll see associations of haplotypes of
amplifications. In other words, we will
begin to see how germ-line polymorphic
alleles might be contributing to the cancer
that develops. I think that's one very excit-
ing area which can really only be looked at
using the SNP array platform.

Maris: Yes, I agree with that completely.
The 500K especially is going to open up a
whole new world in terms of doing classic
genetic association studies as well as pretty
novel cancer-specific genomics. So we're
excited about that as well.

For mainly technological reasons, we have
had a very, uni-focal, looking-under-the-
lamppost type of approach, and prognostic
biomarkers have been assessed one at a
time, a deletion here, or an amplification
there by itself and correlated with corollary
measures, clinical factors. And it is very
clear that it's the pattern of DNA aberra-
tions across the genome that really gives
you a much more refined picture of the
phenotype. There are cooperating loci and
associations that if you can consider those
together, may be more powerful than the
uni-focal approach that we have now. So
that's one of the big areas of interest in our
lab, what is the pattern of aberrations and
can you learn more from the entire profile
than you can from the region-by-region
approach, considering things one at a time.

The only downside I see is as we've gotten
higher and higher resolution, we've really run
into this problem of how complex the human
genome is in terms of copy number polymor-
phisms, and separating out the real signal
from the noise is still a bit of a challenge.

Sellers: Some of that will be offset by the
scale of some of the germ-line studies that
are planned by the medical population
geneticists using the 500K. With
researchers running 10,000 normal germ-
line DNAs on the 500K, you're going to
have a pretty good map of polymorphisms
pretty soon. It'll never find the ones that
are less than one in a thousand, but I
think we can count on our medical popu-
lation genetics colleagues to identify many
of these, and that will help us just simply
subtract these by database searches.

Maris: I agree. In the meantime, we are
going to be scratching our heads until
there is a big database of these copy num-
ber polymorphisms.

O
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SPECIAL SECTION:

TRANSLATIONAL MEDICINE

Dutch Hospital Offers Heavy Dose

of Translational Medicine

Evasmus Medical Center scientists Prof. Peter van der Spek and Prof. John Foekens
weigh in on their institution's evolving infrastructure to support translational medicine

From Pasteur to Salk, the purpose of bio-
medical research has always been to take
research and turn it into a new diagnostic
or treatment that improves health.
Translational medicine aims to speed that
process up by taking advantage of modern
technologies and performing the primary
research in such a way that it can be more
quickly converted into an applied tool.

While translational medicine is a phrase
that baffles a lot of people, they would
clearly support its benefits of cheaper and
more effective healthcare.

Erasmus Medical Center (MC) scientists
John Foekens and Peter van der Spek have
been working in the field for more than 20
years and to them translational medicine
means an institutional commitment to a
cross-functional infrastructure, a heavy
dose of multidisciplinary teamwork, an
unbiased approach to genome exploration,
and developing alliances early with business
partners that can help develop a diagnostic
or therapeutic for the marketplace.

“The bioinformatics team really ranges
from IT [information technology] folks to
molecular biologists to clinicians to statis-
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ticians. It's a variety of people,” said van
der Spek. “But the multi-disciplinary angle
of how the team works makes it possible
to cross borders and perform research that
we wouldn't otherwise be able to do.”

Dr. van der Spek is a professor of bioinfor-
matics, who uses modern genomic and
proteomic approaches to study cancer
predisposition genes and neuroscience rele-
vant pathways at the molecular level. Dr.
John Foekens is a biochemist who has
published more than 200 articles focusing
on breast cancer prognosis and therapeu-
tics. Two recent studies he's been involved
in have discovered expression signatures
predictive of tamoxifen-resistant breast can-
cer and metastatic breast cancer; the studies
were reported in the Journal of Clinical
Oncology and The Lancet, respectively.

The Erasmus MC scientists spoke with
AMB Managing Editor Tommy Broudy
about some of the challenges of setting up a
translational medicine institute and some of
the successes that have resulted.

Setting up a translational
medicine hospital

Broudy: Erasmus MC is now positioned
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as an incredible site for clinical trials using
technologies like microarrays. How did
you transition a traditional hospital to a
clinical center for translational medicine
like the one you have now?

van der Spek: We have set up the bioin-
formatics department in such a way that it
can also be used as a certified environment
for supporting clinical trials and multi-cen-
ter efforts. The bioinformatics department
requires substantial hardware to look at
complex volumes of data, as do the medical
imaging and molecular imaging depart-
ments—two new areas that are expanding
very rapidly. We have managed to combine
the hardware for the molecular array data,
proteomics data, and imaging data. We are
seeing more and more biomarkers being
discovered in projects, and of course, we
can monitor these biomarkers in 3-D
scans. In fact, we have built a 3-D cinema
for the purpose of moving molecular biolo-
gy towards medical imaging, a field now
called molecular imaging.

Foekens: We are already working with
Peter's bioinformatics group on a couple of
new projects. For the breast cancer study
that was just published in our Lancer paper,
all the data-mining and bioinformatics
were done by the group of Dr. Yixin Wang
and Dr. David Atkins, Veridex LLC, a
Johnson & Johnson Company, San
Diego/New Jersey. We started the collabo-
ration at the end of 2002 to help bring this
signature to the clinic. By that time, Peter
was at Johnson & Johnson and linked
David onto the well documented patient
archive in Rotterdam.



Broudy: Translational research accelerates
the process of bringing research from bench
to bedside, but the work that goes on in
each area typically has very different regula-

tory and quality control criteria. How can
one institution really accommodate both?

van der Spek: In terms of working with
patient material for doing diagnostic classi-
fications, there are actually three labs
equipped with Affymetrix equipment in
order to fulfill the regulatory restrictions.
One lab is focusing on DNA SNP [single
nucleotide polymorphism] profiling for
linkage and cytogenetics purpose. Then we
have a lab which focuses on the human
RNA profiling for pathway analysis, and
we have a third lab for animal models—
the biomics core facility.

Certification of the Affymetrix system last
year was a major step forward in order to
tie these things more immediately into our
efforts in the clinic. That's because when
you work with a certified machine and cer-
tified software, there won't be any more
changes in the system. When you change
the software halfway through the proce-
dure, you cannot correlate things back to
the samples that you had run previously. So
that's what we also keep very strongly in
mind. But in case changes are made some-
where in the analysis pipeline, we basically
store the CEL, as well as the DAT files, so

Dr. Peter van der Spek

Dr. Peter van der Spek is head of the depart-
ment of bioinformatics at Erasmus MC in
Rotterdam. His bioinformatics group focuses
on the support of data mining and analysis of
undamental and translational research using
ing-edge bioinformatics tools. The

us MC is a test and development site
hnology and software tools such as
etrix, Inxight, OmniViz and Spotfire.
pertise is being applied in the fields
lar diagnostics, molecular imaging,
cs, and molecular biology and in clini-
Is in one of the largest medical centers

e Netherlands.

that we can go back to the raw data and
push everything through the pipeline again
completely once new ways of normaliza-
tion or data mining get established.

Foekens: We have separate labs to isolate
RNA and DNA in the facility that our
group uses. It's just isolation in these
rooms because you need to, of course,
control for contamination of aerosols. And
then we take the RNA or DNA back to
our lab for qPCRs [quantitative poly-
merase chain reactions] or we take it to the
central facility lab for microarray
hybridization.

Multi-disciplinary approach

Broudy: It wasn't too long ago that you
really couldn't find two people with less in
common than a statistician and a physi-
cian. How are you and the Erasmus
research teams integrating informatics and
statistics with the clinical team?

van der Spek: We have set up a multi-dis-
ciplinary team that includes experts on IT,
software, and on how to use these pieces
of software, experts on genomics technolo-
gies and proteomics technologies, and sta-
tistics. And to tie all this together, we
defined a five-pillar approach:

H The first pillar is based on IT. So we
focused two people on the computers that
everything runs on.
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B Parc two is the software which runs on
the hardware. These are generally client-
server applications. But the software needs
adjustments, so we have a pillar called,
‘Software Development.” There, we opti-
mize certain ways of viewing the data.

For instance, with the leukemia study of
Valk et al. published in the New England
Journal of Medicine in 2004, we made a
picture where we combined clinical data
with the molecular data coming off the
arrays. The first picture was born by ana-
lyzing one correlation view with large vol-
umes of patients. So if we've already com-
pared 300 patients, and number 301 walks
into the clinic, we can immediately posi-
tion that individual into the history of all
the patients that we have previously seen
on the arrays. For the diagnostic decision-
making process, that's part one, a clinician
wants to see where the patient falls out.

H Now, of course, we have a pillar which
focuses on education. This is because we
are a university. Moreover we need to train
people in using visualization and data-
mining solutions. We realized that we
needed to create certain views that clini-
cians and biologists could see via a web
environment, because almost all clinicians
are nowadays used to working with
Internet Explorer or with their email.
When we did that, the learning curve
went down enormously, because then we
didn't have to train them as much and
could actually go for end results.

1 Another pillar covers our genomics
group. All the array profiling expertise is
in there.

A And finally, we have a pillar which
focuses on mass spectrometry and other
proteomic approaches. And, as mentioned,
the five pillars are loaded with a variety of
multi-disciplinary people. We have a
nuclear physicist in our proteomics pillar
that is not afraid to deal with the vast, vast
volumes of data that are generated in pro-
teomic experiments.

Foekens: In my own group, together with
Professor Jan Klijn (he's the medical
oncologist we work with), we also recog-
nized the importance of this multi-discipli-
nary approach. Our group is about 20
people, and we have a biostatistician,
together with a medical doctor, molecular
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biologists, and technicians specializing in
pathology, biochemistry, and molecular
biology. We also have two people who spe-

cialize in animal studies.

Just look at our prognosis or response to
therapy studies. We have information
coming from DNA methylation, from RT-
PCR [real-time reverse-transcriptase poly-
merase chain reaction], from the microar-
rays, and now it's coming from pro-
teomics. It's all different, and we need a
team that can combine it.

Whole genome vs. focused study
Broudy: The benefits of whole-genome
exploration in the discovery phase of trans-
lational research seem clear. What are your
thoughts about whole genome vs. focused
analysis when the data coming off these
high-density technologies make their way
to the actual patient?

Foekens: For the whole genome, you need
frozen tissue. But it's always preferable to do
the whole-genome analysis, because you can
always come back later to ask new questions
and to find new profiles. The breast cancer
study which we have done with Veridex is a
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good example. We found the profile and
validated it in our own patient sec—that's
the Lancet paper. But now we have to move
on to bring it to the clinic, so what we need
is an independent validation set, and prefer-
ably a prospective trial.

But before you can enter a prospective
trial, you need to validate the data. So we
have performed a multi-center study with
several institutes in Europe. For this vali-
dation study, we are working with Veridex
and they have a custom Affymetrix
microarray with the 76 genes on it. The
whole-genome approach may be prefer-
able, but in practice it seems that a dedi-
cated chip is more pragmatic. The whole-
genome chip allows you to do discovery
studies, but you also get your problem of
intellectual property-related issues where
everybody wants a piece of the cake, so it
gets very complicated.

We may bring our 76-gene breast cancer
signature down to a multiple-qPCR. In
the end, it may be a diagnostic chip. I'm
just not sure yet.

van der Spek: In my eyes, whole-genome
analysis is easier also with respect to the
statistics of doing the analysis. The genes
which don't change also tell you a lot in
terms of the stability of the experiments.

And a full-genome chip allows you to
measure and study pathways which you
initially would not study in the context of
the disease. With the hematological type
of questions, you could be studying
leukemia, but the analysis may give you
added information about everything from
blood group to high cholesterol levels. You
can measure so many more things, which
you can't do when you have a theme. And
in order to gain insight into the underly-
ing molecular pathways involved in cancer
we use the Ingenuity pathway database.

Developing better signatures

Broudy: John, you have a lot of experi-
ence with multi-centered studies. What are
your thoughts about maintaining data
quality with so many groups involved?

Foekens: I don't think location of the
participating institutions is a major con-
cern. If you set pre-defined criteria for the
inclusion of patients in your studies before
analyzing any RNA on the microarray, you
should be okay.

We have now performed multi-center
studies where the centers sent tissues to
our institute and we isolated the RNA.
The quality is perfect. There's hardly any
drop-out because of poor quality. It would
be different, of course, if you asked the
separate small institutions to isolate the
RNA themselves. We know from the early
days in the quality control rounds organ-
ized by Professor Theo Benraad, and
nowadays by Professor Fred Sweep in
Nijmegen, that the variability for some-
thing like a protein assay can be over 20 to
30 percent. That does not mean that the
specific laboratory is performing badly; it's

“We have information coming from DNA methylation,

from RT-PCR, from the microarrays, and now it's

coming from proteomics. It's all different, and we

need a team that can combine it.”
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just that everybody uses his own standard
to calculate something like the protein
content or the estrogen-receptor or proges-
terone-receptor level.

There can be a difference of a factor of 10
between two laboratories, while their
intra-laboratory variation is extremely low.
So it's just a matter of standardization.

Developing diagnostics

and impacting healthcare

Broudy: Your recent work in the Lancer

has identified a very strong signature pre-
dictive of breast cancer metastases. What
strategies are you using to move this into
an actual diagnostic?

Foekens: In the Lancer paper we validated
our profile in an independent set of 171
patients. But to bring it to the clinic, you
need more. First of all, you need a compa-
ny, because as a research group you cannot
bring something to the clinic.

We are now validating the profile in two
multi-center patient cohorts. One is an
untreated set of 180 patients. That data has
already been analyzed and the data look

excellent. We are now analyzing a cohort of
lymph-node negative breast cancer patients
treated with tamoxifen, so that will be a
second independent validation. We're still
working up samples, isolating RNA and
sending it to Veridex for microarray analy-
sis. We'll need at least 200 samples in this
second set because there are fewer failures,
fewer relapses, in tamoxifen-treated patients
compared with the untreated.

Then, we would like to go, of course, into
prospective clinical trials, but that's for the
business people at Veridex (Johnson &
Johnson) to decide. We generated the pro-
file together with Veridex and they wish to
bring it to the clinic if the validation studies
hold like they do now. In the first multi-
center validation study, it looks excellent.

Broudy: Integrating expression data and
clinical data along with other molecular
data will be key. How do the software
packages that you're developing now work
towards this very large goal of integration?

van der Spek: That's a very important
point. If you have programmers that build

O

particular solutions, these solutions have to
be supported over time. The aim of a med-
ical center is not to support software, so
you need to build software in collaboration
with professional players in this field. We
can build very fancy new ways of looking
at and analyzing data, but we do it in col-
laboration with preferred software partners
like Spotfire and OmniViz . They can take
over the routines, support them over time
and migrate them into new versions. We
could never do this from a medical center.

Also, pharmas are now interested in using
web based tools, such as Inxight technolo-
gy to couple microarray data onto the latest
version of the human genome, which has
the most current annotation, and link all
their historical experiments onto the newer
annotation files. Of course, you can do this
via the NetAFFX web site, but that's still
quite labor intensive, and you don't want
your scientists to have to worry whether
they are working with the latest annota-
tion. You just want to have it there. We are
working on these kinds of solutions with
EBI, the European Bioinformatics Institute

in Cambridge, UK.
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