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Promises and limitations of cancer biomarkers

1. ‘Disconnect’ between claims, products

2. Fundamental problems in study design
-chance
-bias

3. How to address (1), (2)

-role of specimens
-(other)



‘Disconnect’ between claims, products

.... for markers of cancer diagnosis, prognosis,
response to therapy



Big claims, little product
Proteomics for diagnosis
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Fic. 5. The declining rate of introduction of new protain tests.
The data of Fig. 4 are plotted to indicate the rate of introduction of

new protein analytes in FDA-approved clinical tests.
Anderson, L. Molecular & Cellular Proteomics; 2002



Big claims, little product
Proteomics for diagnosis

Asking for the impossible?
| do not understand the surge of activity in the search for
biomarkers. The available evidence suggests that proteomics,
despite almost a billion dollars investment, has so far failed to
deliver any new biomarkers or commensurate returns. Many
flagship companies have failed. More worrying, flawed studies,
poor business models and exaggerated expectation will take

time to reverse.
Walter Blackstock

University of Sheffield
(at Royal Society of Chemistry; London 2006)



Big claims, little product
RNA expression genomics for prognosis

Science, 10.22.04
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Getting the Noise Out of Gene Arrays

Thowsands of papars have reported results obtained using gens arrays,
which track the activity of multiple genes simultaneousty. But are thess

results reproducibe?

When Margaret Cam began hanibng for
genes that are turned up or down in
stresacd-ouil pancreis colli & couple of yeas
ago, she wasn't ookmg for a sclemific
breakthroogh, She was dhopping. As director
of p suppart lab af the Matonal Instvute of
Dhisbeies aned Digestive and Kidney Disciscs
(NI ), she wantad b0 test=trive manu-
nctured devices callad microarmyy or gone
nrrays that measune gene expression; she
had her eve on three different brands. These
devices are hot, s they provide panorasiic
views of the genes that are active in o

particubnr cell o tesse ol o partiular time

being hughdy up- or down-egalated

The daharmony appeans m a sinkng
ilustration in Cam’s 2003 paper in Muckes
Acidy Research, B shows a Venn dingram of
overlapping circles representing the nurmber
of pened that were the most or lenst scine
on cnch device. From a set of | B comimon
genes Bt Cam selected, only four behaved
consistently on all three plicforms—"very
low concordance,” she said of an Angust
forum in Washington, D.C., run by the
Combridge Healthioch Instifute, based in
Mewton Upper Falls, Massochusetis, Using
less ngorois critersd, she found shout 3P

Rapid Incroass [n Microarmay Publications
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what we wonld ex-
pect if the probes
were manying for the
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he gatherad on kidney fumaor cells, the less
significant it seomed,

But those who have perievered with
g expression nmmys sitribute such probs
lema to early growmg pams They clmim
ithat experiencad lnbs are alroady defivering
wsefl clinicnl informution—such a8
whether 2 brens cancer potiend is likely o
requie strong chemothempy—and that new
amalytical methads will moke it possble i
conmdnne eailts Fam dfcen avpenments
and devices, Francis Barany of Cornell
Lindversaty's Well Madical College in MNew
York City msists that arras work well—if
one digs deeply nio the underdying beology.

imperfeciiona

Drigging indo the Walogy i jus what Cam
did after her experiments produced reams
of discondont data. She amd colleagees
Marvin Gershengom's group al NIDDEK
wianicel to peck ol A sl of key genes active
in pancrestic tumor cells ondergoing
differentiation. From there, they meast to
£0 o0 10 examine how iled cells develop,
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Principles of science

h‘_-h-__“—'—--_..._ Lt . , .
= - . -_-| = *. -‘_
e = ]
! LY
Hh...

i

Cargo Cult

Science

by RICHARD P FEYNMAN

Some remarks on science, pseudoscience,
and learning how to not fool yourself.
Caltech’s 1974 commencement address.

Feynman. Engineering and Science 1974:10-13.



Principles of science

“Details that could throw doubt on your
interpretation must be given, if you know
them.... [I]f you know anything at all wrong,
or possibly wrong--to explain it.”

Feynman 1974

Ask ‘what might be wrong.’



Ask ‘what might be wrong’

John Platt said this is the reason “why...some fields advance
faster than others.” (Strong inference. Science 1964;146:347)

experimental test.”” Or “[o]n any given moming the black-
boards of Francis Crick or Sidney Brenner... [will show]
the hot new result just up from the laboratory or just in
by letter or rumor. On the next line will be two or three al-
ternative explanations, or a little list of ‘what he did wrong.’
Undemeath... a series of suggested experiments or controls
that can reduce the number of possibilities™ [94]. Platt was
saying that progress is based on considering alternative ex-
planations and avoiding overinterpretation.
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Chance as a threat to validity
of clinical research study design

Definition: In multivariable predictive models, overfitting (a
problem of ‘chance’) occurs when large N of predictor
variables is fit to a small N of subjects. A model may “fit
random variations within the original data that do not
represent true relationships that hold for independent data.”

(Simon, JNCI 2003)

Consequence: Results not reproducible in independent group.

Method to demonstrate that overfitting did not occur:
assess reproducibility in independent group.



Assess reproducibility in totally independent group

to show overfitting (chance) did not occur

Ransohoff. Nat Rev Cancer 2004:;4:309
Ransochoff. J Clin Epidemiol 2007;60:1205
Clarke. Nat Rev Cancer 2008:8:37

ASSEMELE HYPOTHESIS GENERATION HY POTHESIS
STUDY GROUP TESTING

-®» o EE
’/)- "-.,.'\\ . sithat |
¥ “raining sel oo
Ovefrfitting can
—————occur here "
“valiclation saf”




Chance as a threat to validity
of clinical research study design

Status in 2008
*'Qverfitting’ is rookie mistake:
-easily recognized
-avoided by showing discrimination in
totally-independent specimens
Situation improving: editors, others become aware
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Threats to validity:
Bias is the main threat in clinical research

Definition
Bias: systematic difference between compared
groups; comparison gives distorted answer.
l.e., wrong, misleading

Ransohoff. Nat Rev Cancer 2005;5:142
Ransohoff. J Clin Epidemiol 2007;60:1205



Bias - Example #1



MECHANIEMS OF DISEASE

- Mechanisms of disease |

Lancet 2002; 3589: 572-77

3 Use of proteomic patterns in serum to identify ovarian cancer

Emanuel! F Patricain lil, Ali M Ardekani, Ben A Hitt, Petar 1 Levine, Vincent A Fusaro, Seth M Steinberg, Gordon B Mills,
Charles Simone, David A Fishman, Elise C Kohn, Lance A Liolta

Summary

Background New technologies for the detection of early-
stage ovanan cancer are urgently needed. Pathological
changes within an argan might be reflected in proteomic
patterns in serum, We developed a bioinformatics tool and
used it to identify proteomic pattems in seum that
distinguish neoplastic from non-neoplastic disease within
the ovary

Methods Proteomic spectrs were generated by mass
spectroscopy  (surfaceenhanced laser desorption and
lonisation), A preliminary “training™ set of spectra derived
from analysis of sarum from 50 unaffected women amnd
B} patients with owarian cancer wom analysed by an
itarative searching algorithm that identified a proteomic
pattern that completely discriminated cancer from non-
cancer, The discovered pattern was then used to classify
an independent set of 116 masked sarum samples: B0
from women with ovarian cancer, and B from unaffected
women or those with non-malignant disordera,

Findings The algonthm identified a cluster pattem that, in
the training set, completely segregated cancer from non-
cancer. The discriminatory patterm comectly identified all
60 ovarian cancer cases in the masked sel, including all
18 stage | cases. Of the B6 cases of non-malignant
disease, B3 were recognised as not cancer. This resuit
yielded a sensitivity of 100% (95% Cl 93-100), specificity
of 95% (B7-99), and positive predictive value of 94%
(R4-G0).

Interpretation These findings justify & prospective
population-based assessment of proteomic pattemn
technology @s a screening ool for all stages of ovarian
cancer in highrisk and general populations.

Lancet 2002; 369: 572-77



MECHANIZMS OF DISEASE

| Mechanisms of disease

3 Use of proteomic patterns in serum to identify ovarian cancer

Emanuel F Petricoin NI, All M Ardekani, Ben A Hitt, Peter .t Levine, Vincent A Fusara, Seth M Stelnberg, Gordon B MIs,
Charlos Slimone, Davd A Fshiman, Elflse € Kohn, Lanca 4 Liolla

Methods
*Subjects: persons with/without ovarian cancer
*Sera were analyzed (training set) to derive pattern
-Pattern was applied to independent validation set



lon
Source

A mass analyzer
(Glish, Nat Rev 2003)

TOF drift tube
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MECHANISMS OF DISEASE

Mechanisms of disease |

Lancet 2002; 399: 5/7/2-/7

&3 Use of proteomic patterns in serum to identify ovarian cancer

Emanuel F Petricoin Ill, Ali M Ardekani, Ben A Hitt, Peter J Levine, Vincent A Fusaro, Seth M Steinberg, Gordon B Mills,
Charles Simone, David A Fishman. Elise C Kohn, Lance A Liotta

Results:

“The discriminatory pattern correctly identified
all 50 ovarian cancer cases....

[for] a sensitivity of 100%... specificity of 95%...”



Does bias explain some serum

proteomics results for ovarian cancer?
(Keith Baggerly's proposal, as reported in Nature news 2004)

Was bias introduced by ‘run order’ of specimens?

If cancers and non-cancers are run on different days and if

the mass spec ‘drifts’ over time, then non-biologic ‘signal,’
associated with Ca vs no-Ca, is hard wired into results.



Does bias explain some serum

proteomics results for ovarian cancer?
(Keith Baggerly's proposal, as reported in Nature news 2004)

Was bias introduced by ‘run order’ of specimens?

If cancers and non-cancers are run on different days and if

the mass spec ‘drifts’ over time, then non-biologic ‘signal,’
associated with Ca vs no-Ca, is hard wired into results.

Keith Baggerly has been called forensic statistician:’
someone who, after study is published, tries to understand
what was done.



Many sources of bias

in study of diagnostic test, prognosis, or response to therapy

After specimens are received,
differences occur in handling:
time, place, etc.

Specimens
received in lab

Cancer-—-——-——---——-—-—-———----

Cobbol v
Discipline:
laboratory science



Bias - Example #2

Differential exoprotease activities confer
tumor-specific serum peptidome patterns

Josep Villanueva, Dawid R. Shaffer, John Philip, Carlos A. Chaparro, Hediye Erdjument-Bromage,
Adam B. Olshen, Martin Fleisher, Hans Lilja, Ech Brogi, Jeff Boyd, Marta Sanchez-Carbayo,
Eric C. Holland, Carlos Cordon-Cardo, Howard |. Scher, and Paul Tempst

J Clin Invest 2006;116:271

i.e., Peptide patterns are
~100% sensitive, specific for prostate cancer.



Bias may explain ‘discrimination’

Compared groups are different:
*Cancer: mean age 67 y.o.; 100% men



Bias may explain ‘discrimination’

Compared groups are different:
*Cancer: mean age 67 y.o.; 100% men
«Control: mean age 35y.0.; 58% women



Many sources of bias

in study of diagnostic test, prognosis, or response to therapy

Before specimens are received, AftEf specimens are FEEE-‘i‘{Ed.
differences occur in demographics, differences occur in handling:
collection methods, etc. time, place, etc.

\\ Specimens
¥ received in lab

Cancer-—-——-—-—--------
Cobbol v

_Discipline: Discipline:
(clinical) study design; laboratory science

clinical epidemiology



Threats to validity:
Bias is the main threat in clinical research

How to address bias (goal):

a. Design (avoid bias)

b. Conduct (learn if bias occurred)

c. Interpretation (was bias important?)
d. Reporting (transparency)

Ransohoff D. Nat Rev Cancer. 2005:5:142-9

Feynman: “details that could throw doubt on your
interpretation... if you know them.... If you know
anything at all wrong, or possibly wrong--to explain it.”



Threats to validity:
Bias is the main threat in clinical research

No study can be expected to be perfect.

But every study can - and must - be expected to:
-not have fatal bias (design)
-be reported fairly
«design
sconduct
*interpretation



Promises and limitations of cancer biomarkers

1. ‘Disconnect’ between claims, products

2. 'Fundamental problems in study design
-chance
-bias

3. How to address (1), (2)

-role of specimens
-(other)



Role of specimens:
the determining factor in marker research

*without ‘right’ specimens, cannot ‘evaluate the test’

Example: If a plausible blood test for early pancreatic
cancer was created tomorrow, it could not be evaluated
because no specimens.



Role of specimens:
the determining factor in marker research

*without ‘right’ specimens, cannot ‘evaluate the test’

Example: If a plausible blood test for early pancreatic
cancer was created tomorrow, it could not be evaluated
because no specimens.

*with ‘right’ specimens, can do amazing unexpected things,
in discovery, development, and ‘validation.’

“Person who controls the specimens controls the field.”



With ‘right’ specimens, can do
amazing, unexpected things...

1. Discovery and ‘validation’ from same group of specimens



Discovery and validation
from same group of specimens

Discovery Validation
ASSEMBLE HYPOTHESIS GENERATION HYPOTHESIS
STUDY GROUP TESTING

Ransohoff DF. J Clin Epidemiol 2007;60:1205-19, 1226-28



With ‘right’ specimens, can do
amazing, unexpected things...

1. Discovery and ‘validation’ from same group of specimens

2. Discovery and validation of multiple tests simultaneously
(‘bake-off’)



‘Bake-off’
Example: Serum tests for CRC

Suppose you collect 10ml sera in 1000 CRC, 1000 controls
prior to colonoscopy (i.e., before ‘true state’ known).

Suppose labs can do ‘discovery’ on S0pl.

Then make 200 identical sets for training (unblinded), and 200
identical sets for validation (blinded) with many CRCs and
controls in each set...

Can do ‘bake-off’ - training and validation - involving
200 labs/tests.



With ‘right’ specimens, can do
amazing, unexpected things...

. Discovery and ‘validation’ from same group of specimens

. Discovery and validation of multiple tests simultaneously
(‘bake-off’)
. Use banked specimens; e.g.,

*PLCO - blood specimens: assess markers of diagnosis

‘NSABP (and other RCTs) - FFPE specimens:
can assess markers of prognosis or prediction



With ‘right’ specimens, can do
amazing, unexpected things...

. Discovery and ‘validation’ from same group of specimens.

. Discovery and validation of multiple tests simultaneously
(‘bake-off’)
. Use banked specimens.

Approaches 1,2,3 not easy logistically... but not impossible..



With ‘right’ specimens, can do
amazing, unexpected things...

. Discovery and ‘validation’ from same group of specimens.

. Discovery and validation of multiple tests simultaneously
(‘bake-off’)
. Use banked specimens.

Approaches 1,2,3 not easy logistically... but not impossible..

These kinds of approaches cannot be thought about
in drug development research.

J Clin Epidemiol 2007;60:1205-19, 1226-28
(see discussion of ‘shortcuts’, ‘phases’)



By the time specimens are collected,
the study was ‘designed’ and done



By the time specimens are collected,
the study was ‘designed’ and done

l.e., ‘clinical study, to Left of red line

Specimens
received in lab

clinical study laboratory study



By the time specimens are collected,
the study was ‘designed’ and done

l.e., ‘clinical study, to Left of red line

Specimens
received in lab

clinical study laboratory study

So:
1. Do you know where your specimens have been?

2. Will you be able to describe (1) in Methods, and
consider impact in Discussion?



Description will be required by
Guidelines for Reporting, Information

STAR D (STAF{D statement for reporting studies of diagnostic eeeureey)
CONSORT (Geﬂeelideted standards of reporting triele)
REMARK (Hepﬂrﬂng recommendations for tumor marker prognostic etudiee)
VITAME (Minimum information about a microarray experiment )

MIAPE (Minimum information about a proteomics experiment)

Guidelines apply to both sides of red line

Specimens

received in lab
ey

STARD CanCEr- = — MIAME
CONSORT MIAPE

clinical study laboratory study




Example of detail to report, on Left of red line
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Implications for ‘specimen collection’

Specimens
received in lab
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clinical study laboratory study

On Right of red line,
«collection/handling must be ‘biologically sensible’
»steps must be taken to avoid bias



Implications for ‘specimen collection’

Specimens
received in lab

P
CRNORr: s st ¥

-

clinical study laboratory study

On Right of red line,
«collection/handling must be ‘biologically sensible’
»steps must be taken to avoid bias

On Left of red line,

*specimens/subjects must be ‘clinically relevant’

*steps must be taken to avoid bias



Implications for ‘specimen collection’

Specimens
received in lab

clinical study laboratory study

Are you thinking:

‘| don’t have to worry about what happens on Left
of red line; I'm a biologist. Avoiding bias is for ‘later
phase’ research.”



If that's what you’re thinking,
then think again

Bias is particularly important in ‘early’ research.

Stan (inventor of medical diagnostic) says:
The worst thing you can do is a weak [biased] early
study, because it sets you off in wrong direction...
wastes time and money... takes so long to figure out

what was wrong.



If that's what you’re thinking,
then think again

Bias is particularly important in ‘early’ research.

Stan (inventor of medical diagnostic) says:
The worst thing you can do is a weak [biased] early
study, because it sets you off in wrong direction...
wastes time and money... takes so long to figure out
what was wrong.

We may need, in 2008, to ‘turn conventional wisdom on
its head’ in marker research: use high-quality
‘strongly-unbiased’ specimens as early as possible.

J Clin Epidemiol 2007;60:1205-19, 1226-28
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Promises and limitations of cancer biomarkers

Other topics

role of ‘guidelines’

role of ‘phases’

role of journals

the ‘system’: Is it ‘self-correcting’
role of ‘incentives’ funding, publication
efc etc



1.

Conclusions

Promise:
We know so much biology; tools to measure biology
are so powerful.

Limitations
Large ‘disconnect’ between claims and products,
related to threats to validity from chance and bias.

‘Specimens’ have a critical role to address threats
and to improve productivity, efficiency of the process.
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