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The Wonder of High-Throughput Biology

“May you live in interesting times.”

Over the past decade, we’ve seen the introduction of a
plethora of new assays hitting all levels of the central dogma.

They make thousands of measurements.

They supply tons of information.

This is great!
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“May you live in interesting times.”

Over the past decade, we’ve seen the introduction of a
plethora of new assays hitting all levels of the central dogma.

They make thousands of measurements.

They supply tons of information.

This is great!

But.
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The Need for Simple Tests

Our intuition doesn’t work very well in high dimensions.

These complex and powerful tests require careful attention.

Inadequate attention to detail means we occasionally need to
employ “forensic bioinformatics” to infer what the methods
must have been.

With this in mind, we’re going to go through several case
studies, trying to find simple explanations for odd
phenomena.
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Our First Case Study: SELDI Proteomics

• 100 ovarian cancer patients

• 100 normal controls

• 16 patients with “benign disease”

Use 50 cancer and 50 normal spectra to train a classification
method; test the algorithm on the remaining samples.
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Their Results

• Correctly classified 50/50 of the ovarian cancer cases.

• Correctly classified 46/50 of the normal cases.

• Correctly classified 16/16 of the benign disease as “other”.

Data at
http://home.ccr.cancer.gov/ncifdaproteomics/
(used to be at http://clinicalproteomics.steem.com)

Large sample sizes, using serum

http://home.ccr.cancer.gov/ncifdaproteomics/
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The Data Sets

3 data sets on ovarian cancer

Data Set 1 – The initial experiment. 216 samples, baseline
subtracted, H4 chip

Data Set 2 – Followup: the same 216 samples, baseline
subtracted, WCX2 chip

Data Set 3 – New experiment: 162 cancers, 91 normals,
baseline NOT subtracted, WCX2 chip

A set of 5-7 separating peaks is supplied for each data set.

We tried to (a) replicate their results, and (b) check
consistency of the proteins found
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We Can’t Replicate their Results (DS1 & DS2)
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Some Structure is Visible in DS1
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Or is it? Not in DS2
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Processing Can Trump Biology (DS1 & DS2)
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We Can Analyze Data Set 3!
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Which Peaks are Best? T-statistics

Note the magnitudes: |t|-values > 20!
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One Bivariate Plot: M/Z = (435.46,465.57)

Perfect Separation. These are the first 2 peaks in their list,
and ones we checked against DS2.
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Another Bivariate Plot: M/Z = (2.79,245.2)

Perfect Separation, using a completely different pair. Further,
look at the masses: this is the noise region.
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Meanwhile...

In January 2004, Correlogic, Quest Diagnostics and Lab
Corp announced plans to offer a “home brew” test called
OvaCheck: samples would be sent in by clinicians for
diagnosis.

Estimated market: 8 to 10 million women. Estimated cost:
100-200 dollars/test.
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A Timeline

critiques available online, Jan 29
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A Timeline

critiques available online, Jan 29

New York Times, Feb 3

Statement by the SGO, Feb 7

FDA letter to Correlogic, Feb 18

FDA letters to Quest and Lab Corp, Mar 2

In July of 2004, the FDA ruled that OvaCheck could not be
made available as advertised.

In September 2006, the FDA released draft guidance on
IVDMIAs.
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Another Case Study: Microarrays and Cancer

Can we figure out what’s going wrong in cancer?
Finding patterns of aberrant gene expression

Can we figure out who to treat?
Disease identification and Disease subtyping
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Making Research “Translational”

Can we figure out how to treat cancer patients?

Long term: How should I plan to treat patients 5 years from
now? Develop drugs targeting specific abnormalities.

Short term: How should I treat the patient in my office today?
Figure out which types of available treatments
(chemotherapeutic regimens) are likely to be effective.
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Using the NCI60 to Predict Sensitivity

Potti et al (2006), Nature Medicine, 12:1294-1300.

The main conclusion is that we can use microarray data from
cell lines (the NCI60) to define drug response “signatures”,
which can be used to predict whether patients will respond.

They provide examples using 7 commonly used agents.

This got people at MDA very excited.
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Gathering Data

1. Drug response: assays on NCI60 from DTP at NCI
(http://dtp.nci.nih.gov/docs/cancer/cancer_
data.html)

2. Training: Affymetrix U95Av2 arrays on NCI60, performed in
triplicate by Novartis (http:
//dtp.nci.nih.gov/mtargets/download.html)

3. Testing: 24 breast tumors on U95Av2; Chang et al (2003)
Lancet, 362:362-9. GSE349, GSE350 from GEO.
(GSM4913 is mislabled; It should be “sensitive”. Pers
comm.)

http://dtp.nci.nih.gov/docs/cancer/cancer_data.html
http://dtp.nci.nih.gov/docs/cancer/cancer_data.html
http://dtp.nci.nih.gov/mtargets/download.html
http://dtp.nci.nih.gov/mtargets/download.html
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Fit Training Data

We want the test data to split like this...
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Fit Testing Data

But it doesn’t. Did we do something wrong?
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Examining Signatures

Lists of the probesets used were supplied in supplementary
table 1, and at the website named in the supplementary
methods document: http://data.cgt.duke.edu/Combo1.php
(now NatureMedicine.php). The paper explains why many of
these genes make sense.

How were these found? According to the supplementary
methods: “a variance fixed t-test was used to calculate
significance”.

http://data.genome.duke.edu/NatureMedicine.php
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5-FU Heatmaps

Nat Med Paper
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5-FU Heatmaps

Nat Med Paper Our t-tests Reported Genes

Something isn’t quite right...
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Their List and Ours

> temp <- cbind(
sort(rownames(pottiUpdated)[fuRows]),
sort(rownames(pottiUpdated)[

fuTQNorm@p.values <= fuCut]);
> colnames(temp) <- c("Theirs", "Ours");
> temp

Theirs Ours
...
[3,] "1881_at" "1882_g_at"
[4,] "31321_at" "31322_at"
[5,] "31725_s_at" "31726_at"
[6,] "32307_r_at" "32308_r_at"
...
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Offset P-Values: 5FU
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Offset P-Values: Other Drugs
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Using Their Software

Their software requires two files (and parameter values):

1. a quantification matrix, genes by samples, with a header
row giving the classification (0 = Resistant, 1 = Sensitive, 2
= Test)

2. a list of probeset ids in the same order as the quantification
matrix. The list of probeset ids should not have a header
row.

What do we get?
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Heatmaps Match Exactly for Docetaxel!

From Potti et al, Figure 1 From the software
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Heatmaps Match Exactly for 5 Others!

From the paper:

From the software:
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Heatmaps Match Exactly for 5 Others!

From the paper:

From the software:

We match heatmaps but not gene lists?
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The Software Also Gives Predictions...

So, how good are the predictions?

How good are the ones they report?
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Predicting Docetaxel (Chang 03)
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Predicting Adriamycin (Holleman 04)
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There Were Other Genes...

The 50-gene list for docetaxel has 19 “outliers”.

The initial paper on the test data (Chang et al) gave a list of
92 genes that separated responders from nonresponders.
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There Were Other Genes...

The 50-gene list for docetaxel has 19 “outliers”.

The initial paper on the test data (Chang et al) gave a list of
92 genes that separated responders from nonresponders.

Entries 7-20 in the Chang et al list (a contiguous bloc)
comprise 14 of the 19 outliers.

The other 5 are ERCC1, ERCC4, ERBB2, BCL2L11, and
TUBA3. These are the genes named to explain the biology.
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Don’t Take My Word For It!

Read the paper! Coombes, Wang & Baggerly, Nat Med, Nov
6, 2007, 13:1276-7, author reply 1277-8.

Try it yourselves! All of the raw data, documentation, and
code is available from our web site:

http://bioinformatics.mdanderson.org/
Supplements/ReproRsch-Chemo; All of our code and
documentation is likewise available from Nature Medicine.

http://bioinformatics.mdanderson.org/Supplements/ReproRsch-Chemo
http://bioinformatics.mdanderson.org/Supplements/ReproRsch-Chemo
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Potti/Nevins Reply (Nat Med 13:1277-8)

Labels for Adria are correct – details on their web page. (*)

They’ve gotten the approach to work again. (Twice!)*
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Adriamycin 0.9999+ Correlations (Reply)
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Nat Med, Take 2

• Adria ALL (n = 122).txt (replaced with
Adria ALL data1 n95.doc)

“In the version ... initially published ... 27 samples were
replicated... The authors have reanalyzed ... using only the
95 unique samples...”

“the authors have added two more accession numbers
(GSE2351 and GSE649)”
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The First 20 Files Now Named

Sample ID Response
1 GSM44303 RES 11 GSM9694 RES
2 GSM44304 RES 12 GSM9695 RES
3 GSM9653 RES 13 GSM9696 RES
4 GSM9653 RES 14 GSM9698 RES
5 GSM9654 RES 15 GSM9699 SEN
6 GSM9655 RES 16 GSM9701 RES
7 GSM9656 RES 17 GSM9708 RES
8 GSM9657 RES 18 GSM9708 SEN
9 GSM9658 SEN 19 GSM9709 RES
10 GSM9658 SEN 20 GSM9711 RES
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The First 20 Files Now Named

Sample ID Response
1 GSM44303 RES 11 GSM9694 RES
2 GSM44304 RES 12 GSM9695 RES
3 GSM9653 RES 13 GSM9696 RES
4 GSM9653 RES 14 GSM9698 RES
5 GSM9654 RES 15 GSM9699 SEN
6 GSM9655 RES 16 GSM9701 RES
7 GSM9656 RES 17 GSM9708 RES
8 GSM9657 RES 18 GSM9708 SEN
9 GSM9658 SEN 19 GSM9709 RES
10 GSM9658 SEN 20 GSM9711 RES

15 duplicates; 6 are inconsistent.
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Validation 1: Hsu et al

J Clin Oncol, Oct 1, 2007, 25:4350-7.

Same approach, using Cisplatin and Pemetrexed.

For cisplatin, U133A arrays were used for the training set,
and ERCC1, ERCC4 and DNA repair genes are identified as
being “important”.

With some work, we matched the heatmaps. (Gene lists?)
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The 4 We Can’t Match (Reply)

203719 at, ERCC1,
210158 at, ERCC4,
228131 at, ERCC1, and
231971 at, FANCM (DNA Repair).

ERCC1 and/or ERCC4 were outliers in the earlier gene lists
for Docetaxel, Paclitaxel, and Adriamycin. We find their
frequent recurrence disturbing. Even so, the last two here are
special.
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The 4 We Can’t Match (Reply)

203719 at, ERCC1,
210158 at, ERCC4,
228131 at, ERCC1, and
231971 at, FANCM (DNA Repair).

ERCC1 and/or ERCC4 were outliers in the earlier gene lists
for Docetaxel, Paclitaxel, and Adriamycin. We find their
frequent recurrence disturbing. Even so, the last two here are
special.

These probesets aren’t on the U133A arrays that were used.
They’re on the U133B.



GENOMIC SIGNATURES 42

Validation 2: Bonnefoi et al

Lancet Oncology, Dec 2007, 8:1071-8. (early access Nov 14)

Similar approach, using signatures for Fluorouracil, Epirubcin
(used Adriamycin), Cyclophosphamide, and Taxotere
(Docetaxel) to predict response to one of two combination
therapies: FEC and TET.

Potentially improves ER- response from 44% to 70%.

c© Copyright 2007-2009, Keith A. Baggerly and Kevin R. Coombes
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We Might Expect Some Differences...

High Sample Correlations
after Centering by Gene

Array Run Dates

c© Copyright 2007-2009, Keith A. Baggerly and Kevin R. Coombes
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How Are Results Combined?

Potti et al predicted response to TFAC. Bonnefoi et al TET
and FEC. Let P() indicate prob sensitive. The rules used are
as follows.
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.
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How Are Results Combined?

Potti et al predicted response to TFAC. Bonnefoi et al TET
and FEC. Let P() indicate prob sensitive. The rules used are
as follows.

P (TFAC) = P (T )+P (F )+P (A)+P (C)−P (T )P (F )P (A)P (C).

P (ET ) = max[P (E), P (T )].

P (FEC) =
5
8
[P (F ) + P (E) + P (C)]− 1

4
.

Each rule is different.

c© Copyright 2007-2009, Keith A. Baggerly and Kevin R. Coombes
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Predictions for Individual Drugs? (Reply)

Does cytoxan make sense?

c© Copyright 2007-2009, Keith A. Baggerly and Kevin R. Coombes




