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gl Experimental Design

— Prevent systematic bias and experlme |
variation from sabotaging a study

2. Quantitative Analysis

— Data visualization (frequently a simple
look at the data will reveal problems)

— Preprocessing (extract and normalize
orotein signal from raw data)

— Data Analysis (identify potential
plomarkers and/or proteomic signatures

for disease/response)




Selection ol appropriate controls . g
— see your local epidemiologist (speC|f|C|ty’?)
e Sample size

— make sure you have enough to find meaningful
differences (or when constrained, at least find out
how small of a difference you can detect)

« Sample collection and handling must be
carefully controlled

e May want to Block on factors likely to impact
data (e.g. run time)

e Randomization is needed at multiple points
INn the process

v I
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- All samples must be collected unifor
— Consistent protocol
— Enforced at every collection site

e Fallure to do this can (will) affect
protein profiles

e The problem is particularly serious if
sample handling is confounded with
Interesting variables (normal vs cancer)
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» Reference: Conrads et al., Endoch
Related Cancer, July 2004.

e OQvarian cancer
— —90 controls, —160 cases

e Q-star instrument
— high resolution

e Careful QAZ7QC

e Claim: can distinguish healthy women
from cancer patients
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» All samples must be processec s
the same protocol .

e Randomization should be performed
— Before sample preparation steps
— Before acquiring spectra/gels

e May also want to block on important
factors — reduce variability — there are
ways to filter out systematic block
effects

e Same principles should be used for
other sensitive laboratory instruments.

. =& 292 ==




Qua 1Ive Anc
eLook at raw data
*Pre-process

SIS of Proteo

Clean things u
eData Analysis

el 0Ok at results

| ook at processed
data

“‘Data IS expensive, Analysis is cheap”




= i

important to account for multiple test
when declaring biomarker “significant™

— If many peaks, p<<0.05 gives lots of false +
— Methods available to control FDR

e When building discriminating model,
Important to properly validate model
— Independent validation samples/cross validation!!

— Internal vs. External CV: Cross-validate
feature selection step!




“Petricoin et al. (2002 Lance
e Collected SELDI proteomics data on'st
samples from
— 100 women with ovarian cancer
— 100 normal controls
— 16 women with benign disease

e Selected 50 normal and 50 cancer

e Trained a statistical/ computational
algorithm to distinguish between the two

types
e Tested the algorithm on the remaining
samples
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e Correctly classified 50/50 of tiTes
ovarian cancer test cases as cancer

e Correctly classified 47/50 normal
samples as normal, with 3/50
classified as cancer

e Correctly classified 16716 benign
disease as “neither normal nor
cancer”
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e \We have found that preprocé§§i'
be the most important step in the
quantitative analysis process.

e |t takes us from the raw data
(spectra/Zgel images) to the
meaningful scientific features we want
to analyze (quantified peaks/spots)

e Important to get right, since
subsequent analyses depend on results
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Sem!odel for Spectrum

Baseline Protein
Artlfact Slgnal g
Y(t) B(t )+ N ,(tj)+
H,-J
Normal additive
1zation noise
Factor (detector)

e; ~ N{O, Gz(tj)}



 Goal: Isolate protein S|gnal ,(t
— Filter out baseline and noise, normalize
— Extract individual features from signal

e Problem:

— Baseline removal, denoising,
normalization, and feature extraction
are interrelated processes.

— Where do we start?
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e First step: Isolate noise using waveletiS™

— Wavelets: basis functions that can e
parsimoniously represent spiky functions

— Standard denoising tool in signhal processing

e |dea: Transform from time to wavelet domain,
threshold small coefficients, transform back.
— Result: Denoised function and noise estimate

— Why does it work? Signal concentrated on few wavelet
coefficients, white noise equally distributed.
Thresholding removes noise without affecting signal.

e Does much better than denoising tools based
on kernels or splines, which tend to attenuate
peaks in the signal when removing the noise.
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e Baseline: smooth artifact, Iargely
attributable to detector overload.

— Estimated by monotone local minimum

— More stably estimated after denoising
e Normalization: adjust for possibly different

amounts of material desorbing from plates

— Divide by total area under the denoised
and baseline corrected spectrum.
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e |deal Form of Protein Signal:
Convolution of peaks

— Proteins, peptides, and their alterations

— Alterations: Isotopes; matrix/sodium adducts;
neutral losses of water, ammonia, or carbon

e Limitations of instrument used means we
may not be able to resolve all peaks.

e Advantages of peak detection:
— Reduces multiplicity problem

— Focuses on units that are theoretically the
scientifically interesting features of the data.
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e Easy to do after other preprocessiﬁé“ -

 Any local maximum after denoising, baseling
correction, and normalization is assumed to
correspond to a “peak”.

e May want to require S/N=¢ to reduce
number of spurious peaks.

— We can estimate the noise process o(t) by
applying a local median to the filtered noise from
the wavelet transform.

— Signal-to-noise estimate is ratio of
preprocessed spectrum and noise.
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Two options:

1. Area under the peak: Find the left and rlght
endpoints of the peak, compute the AUC in this

Interval.

2. Maximum intensity: Take intensity at the local
maximum (may want to take log or cube root)

e Theoretically, AUP qguantifies amount of given

substance desorbed from the chip.

— But it i1s very difficult to identify the endpoints of

peaks



e The maximum intensity is a practic
alternative

e No need for endpoints, should be
correlated with AUP

e Physics of mass spectrometry shows that,
for a given ion with m/z value x, there is a
linear relationship between the number of
ions of that type desorbed from plate and
the expected maximum peak intensity at x.

v I
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e If peak detection performed on&&s
individual spectra, peaks must be
matched across samples to get n xp
matrix.

— Difficult and arbitrary process

— What to do about “missing peaks?”
e Our Solution: Identify peaks on mean
spectrum (at locations X, ..., x,), then

quantify peaks on individual spectra
by Intensities at these locations.
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e Advantages
— Avolds peak-matching problem
— Generally more sensitive and specific

 Noise level reduced by sqgrt(n)

e Borrows strength across spectra in
determining whether there is a peak or not
(signals reinforced over spectra)

— Robust to minor calibration problems

e Disadvantage

— May be less sensitive when prevalence of peak
< 1/sqgrt(n).
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~ « Difficult to evaluate processingh?ﬁét'; _
real data since we don’t know “truth”

e We have developed a simulation engine to
produce realistic spectra

— Based on the physics of a linear MALDI-TOF with
ion focus delay

— Flexible incorporation of different noise models
and different baseline models

— Includes isotope distributions
— Can include matrix adducts, other modifications
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e

sensitivity | FDR

SUDWT 0.75 0.09| 0.03
(indiv. spectra)
MUDWT 0.83 0.06| 0.97

(mean spectrum)

*pv=the proportion of simulations with higher sensitivity
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sensitivity [0.43 0.74 0.81 0.82
(SUDWT)
sensitivity  |0.38 0.74 0.93 0.97
(MUDWT)
pVv 0.25 0.49 1.00 1.00
(MUDWT)
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log(1): <9.0 |9.0-95 |9.5-10 &
(31%0) |(27%) [(23%) | (XL

sensitivity  [0.68 |0.75 |0.78 |0.82
(SUDWT)

sensitivity 0.78 |0.84 0.85 0.88
(MUDWT)

o 0.97 |0.89 |0.84 | |0.78
(MUDWT)
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~ Usual Approach (¢.0. PDO, Proger. S5
B Background correct and normalize
Individual gels
B Detect spots on individual gels

B Match spots on each gel with spots on
chosen reference gel

B Detect spot boundaries, quantify each
spot on each gel by normalized spot
volume.
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2. Complicated algorithms lead to many
errors.
e Detection errors (miss/split/merge)
e Matching errors
e Errors/variability in spot boundaries

These errors tend to Increase as more gels are run
INn a given experiment, encouraging researchers
to run small studies that may be underpowered
for detecting realistic differences

3. Requires hand editing (days/weeks?)
4. Results In many “missing spots’: What to
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Our Approach

Align gel images
Compute average gel
Denoise average gel using wavelets

Detect spots on average gel using
pinnacles

Background correct and normalize
Individual gels

Quantify each spot on each gel by taking
maximum pixel intensity in neighborhood
of pinnacle
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. Warp all gels to chosen refercne
SO spots are aligned across gels |

e Easier and more accurate than matching ™
detected spots, since warping algorithm
can borrow strength from nearby regions
of the gel when aligning spots

e We use TT900 (Nonlinear) to do the
warping; other image registration
programs are available and being
developed.
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Use of the average gel results in Mot - <
sensitivity and specificity for spot detec

e Denoising the average gel using wavelets
reduces the number of artifact spots found

e We identify spots based on their
corresponding p/nnacles
« A pixel location (X,y) on the gel is a pinnacle
If:
1. Itis a peak (local maximum) in both the
horizontal and vertical directions

2. It has a pixel intensity above some minimum
threshold (e.g. median intensity on gel)
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Spot Detection:

. Unambiguous definition

. Not affected by overlapping spots
. No need to find spot boundaries

. Seems to capture most real spots



Results: Spot Detection
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“We quantify each spot fz)_-r_ each geloy
maximum pixel intensity within a neighbo
around the corresponding pinnacle
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2.

3.
4.

=

~ Why use pinnacle iﬁi_:é'h-i__,__ __F
Why not use spot volumes? ;
1.

Pixel intensity at a spot’s pinnacle iIs
highly correlated its volume.

No need to detect spot boundaries, which
reduces CV of quantification

Much quicker and easier

Results in spot intensities for each spot
for every gel, 1.e. no missing spots

e This approach leads to more reliable
and precise spot guantifications



——

e

Nishihara and Champion (2002)(:
dilution series experiment to validate

PDQuest and Progenesis methods

e 4 replicate gels for each of 7 protein loads
0.5ug, 7.5ug, 10pg, 15ug, 30ug, 40ug, 50 ug

e Reliability assessed by computing R2 from
regression of spot quantification on protein load

e Precision assessed by computing CV for 30ug load

e They only assessed set of 20 “representative” spots,
and found good results (mean R°=0.98, CV—~15)
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Method mean R?2 mean C\
Pinnacle 0.984 17.8
PDQuest 0.986 12.6
Progenesis 0.983 16.8

e Results of pinnacle method for 20 selected
spots comparable

e What about the other —~1000 spots?
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Method spots spots with  median E
detected R°=0.95

Pinnacle

PDQuest 1448 636 0.936

Progenesis
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Method spots spots with  median E
detected R°=0.95

Pinnacle
PDQuest 1448 636 0.936
Progenesis 381 286 0.975

I' I
-



Method spots spots with  median E
detected R°=0.95

Pinnacle 1040 853 0.980
PDQuest 1448 636 0.936
Progenesis 381 286 0.975

I' I
-
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Method spots spots with
detected CV<20%
Pinnacle 1040 (23 17.2
PDQuest 1377%* 519 29.9
Progenesis| 367* 204 18.7




n=1040 n=1448 n=381
180 - ‘
160 - |
140 %
120 - ‘ N |
(>) 100 |- i

80 - T

+ § —
60 - i % -

* _F
40 i ‘ .
20 | | l l N

0 P@__ P?QIst ProgieIsis
i Method

e What if PDQuest and Progenesis are run on

ire—aliined ﬁels? i



Method spots spots with  median E
detected R°=0.95

Pinnacle 1040 853 0.980

PDQuest 1387 639 0.940

(after alignment)

Progenesis| 1038 592 0.965

(after alignment)
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— Distribution of R? across Spots,
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Method spots spots with
detected CV<20%

Pinnacle 1040 (23 17.2
PDQuest 1326* 392 31.5
(after alignment)
Progenesis| 942* 340 25.1
(after alignment)
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: Distribution of CV across Spots,
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Automatic — After_allgnment "v'.--
e Quick to implement — <1 minute for 60 gers

e Effective — appears to work very well, finding
most “real” spots

e Sensitive — use of average gel borrows strength
across gels, allowing one to find fainter spots, thus
Increasing realized dynamic range of gel

e Robust — use of average gel can eliminate artifacts
limited to single gel

e NoO missing spots — we get quantifications for
each spot on every gel

e Reliable and Precise — The use of the average
gel and pinnacles results in more reliable and

irecise iuantifications than standard aPproaches
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- Statistical Input is valuable at a
of Proteomics experiment

— Experimental Design Phase

— Preprocessing

— Data Analysis and Discovery
 Principles:

— Randomize! Randomize! Randomize!

— Look at the Data!

— Preprocessing is important!
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3ioinformatics

— Kevin Coombes ® BiOIOQiStS (MDAC i:
— Keith Baggerly — Howard Gutstein O
— Phil Brown (U Kent) — Jim Abbruzzese
— Jianhua Hu — 1.J. Fidler
— Jing Wang — Stan Hamilton
— Lianchun Xiao — Nancy Shih
— Spyros Tsavachidis — Ken Aldape
— Thomas Liu — Henry Kuerer
— Auston Wel — Herb Fritsche
e Proteomics (MDACC) “ordonivils
— Howard Gutstein (2D) — Lajos Pusztai
— Ryuji Kobayashi — Jack Roth
— Lin Ji

— David Hawke
— John Koomen



Experimental Design: >

1. Baggerly, KA, Morris JS, and Coombes KR: Reproducibility of SELD 5
Spectrometry Patterns in Serum: Comparing Proteomic Data Sets from
Different Experiments. Bioinformatics, 20(5). 777-785, 2004.

2. Baggerly KA, Edmonson S, Morris JS, and Coombes KR: High-Resolution
Serum Proteomic Patterns for Ovarian Cancer Detection. Endocrine-Related
Cancers, 11(4): 583-584, 2004.

3. HuJ, Coombes KR, Morris JS, and Baggerly KA: The Importance of
Experimental Design in Proteomic Mass Spectrometry Experiments: Some
Cautionary Tales. Briefings in Genomics and Proteomics, 3(4), 322-331,
2005.

4. Coombes KR, Morris JS, Hu J, Edmondson SR, and Baggerly KA: Serum
Proteomics Profiling: A Young Technology Begins to Mature. Nature
Biotechnology, 23(3): 291-292, 2005.

5. Baggerly KA, Coombes KR, and Morris JS. Are the NCI/FDA Ovarian
Proteomic Data Biased? A Reply to Producers and Consumers. Cancer
Informatics, 1(1): April 14, 2005.

6. Baggerly KA, Morris JS, Edmonson S, and Coombes KR: Signal in Noise:
Evaluating Reported Reproducibility of Serum Proteomic Tests for Ovarian
Cancer. Journal of the National Cancer Institute, 97. 307-309, 2005 (with
commentary).
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imulation:

Understanding the characteristics of mass spectrometry data
use of simulation. Cancer Informatics 1, 2005.

Preprocessing:

1. Coombes KR, Tsavachidis S, Morris JS, Baggerly KA, and Kuerer HM:

1. Coombes KR, Koomen, JM, Baggerly KA, Morris JS, éﬁa'KOba TRy

Improved Peak Detection and Quantification of Mass Spectrometry Data
Acquired from Surface-Enhanced Laser Desorption and lonization by
Denoising Spectra with the Undecimated Discrete Wavelet Transform.

Proteomics, 5: 4107-4117, 2005.

2. Morris JS, Coombes KR, Kooman J, Baggerly KA, and Kobayashi R: Feature
Extraction-and Quantification for Mass Spectrometry Data in Biomedical
Applications Using the Mean Spectrum. Broinformatics, 21(9): 1764-1775,

2005.

3. Morris JS, Brown PJ, Baggerly KA, Herrick RA, and Coombes KR: Bayesian
Methods for Analysing Mass Spectrometry Proteomic Data Using Functional

Mixed Models. Biometrics, under revision.

4. Morris JS and Gutstein H: Fast, Automatic Pinnacle-Based Method for
Detecting and Quantifying Spots in 2d Gel Data Using the Average Gel. In

preparation.

e Links to papers and code can be found at

l
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