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THE BIG QUESTIONS

º What factors predispose to specific diseases?

º What factors initiate diseases?

º What factors regulate disease progress?

º What factors determine responses to treatments?

º How to prevent disease?

º How to diagnose disease as early as possible?

º How to cure or delay disease indefinitely?

º How to monitor disease and treatment progress?

º How to predict the effects of specific treatments on 
specific patients (and use the information to choose 
best treatment strategies)?

º How can we organize our technologies and services so 
that it is economically possible for all to benefit from 
current and future advances in preventing, 
diagnosing and treating disease?
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DATA ANALYSIS PROBLEMS ASSOCIATED

WITH COMPLEX MOLECULAR DATA

ºNew and evolving instruments (next gen 
sequencing, microarrays, proteomics, imaging, 
etc.) produce massive amounts of data points
that are necessary to answer the Big Questions

ºNew and evolving computer technology (medical 
records, order entry, etc.) captures and stores 
medical patient and provider data

ºAnalytic capabilities lag data production 
rate increases

ºAs researchers need to address the Big Questions 
with often limited tools they shift toward 
becoming process oriented rather than 
question -oriented. 3



EXAMPLES OF BECOMING PROCESS

ORIENTED

ºòOur specific aim #1 is to find the genes that are 

differentially expressed between the two 

conditionsó

ºòThe data clusters nicelyéó

ºòI want you to cluster this data for meéó

ºòWe have pioneered analysis methodology XYZ, 

and this is our preferred method for this projectó

ºEtc.,etc .
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OUR GOALS IN THIS TALK

º Re-examine some of the common practices and try to 
understand them in the context not of process but of end 
game results (answering the Big Questions)

º NIH has made informatics a major area of focus and 
prominently important in several areas of NIH Roadmap.

º In a highly competitive research landscape solid 
bioinformatics/data analytics of molecular data is 
critical to optimize funding òfitnessó (and survivalé)

º For everything we will discuss there exists extensive 
evidence (experiments, theoretical analyses, references etc.) 
however to stay within time limits we will focus on the 
main points, not the technicalities

º For technical details please contact speaker after the talk
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M YTH 1: MODEL SPECIFIC PARAMETERS

ARE BIOLOGICALLY RELEVANT /IMPORTANT

º òConventional statistical inference about 

unobservable population parameters amounts to 

inference about things that do not exist éó 

Seymour Geisser (1929 ð2004), Predictive Inference: An 

Introduction 

º It is one thing to estimate the average height of, say, 

American adult males from a small random sample and a 

completely thing to estimate the effects of a mutation on 

risk for a specific disease

º Why?
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MYTH 1: MODEL SPECIFIC PARAMETERS

ARE BIOLOGICALLY RELEVANT /IMPORTANT

CONTõD

º Because height is a physical property (a real -life 

characteristic) of actual people, whereas, a coefficient value 

of a variable is a part of a more -or -less arbitrary 

artifact , i.e., a mathematical device (e.g., regression 

model) we operationally use. 

º Contrary to height the coefficient changes 

dramatically depending on the type of modeling used, and 

context of variables in the model (among other factors)
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PRACTICAL DEMONSTRATION

º SVM model will yield genes X1 and X2 as having equal importance in the model

º RFE gene selection will select half of the time gene X1 and half of the time both genes X1 
and X2 

º Markov Boundary biomarker selection followed by fitting SVM will yield gene X1 as solely 
important variable (because if you know X1 you do not need X2 but not vice versa ); By the 
way in the majority of distributions this is the correct direct causal inference to make as 
well as the smallest marker panel with highest predictivity for the distribution

º Standard differential expression will yield a list in which X1 will be first and X2 second. 

º Etc., etc.
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DIFFERENT COEFFICIENT VALUES IN

DIFFERENT MODELS
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Logistic regression  

(penalized formulation) 
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M YTH 2: YOU CANNOT ANALYZE DATA RELIABLY

UNLESS YOU HAVE THOUSANDS OF SAMPLES (THE

DREADED òOVER FITTING PROBLEMó)

ºOver fitting: defined by model error not 

apparent complexity

ºA model overfits if its describes the training data 

well but not the general population where the 

data was sampled from

ºModern theory and experiments show that is 

perfectly feasible to fit models with unbounded 

(even infinite!) parameters with small samples

· E.g., modern SVMs using a Gaussian kernel (highly 

usable in practice)
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FEASIBILITY OF SMALL SAMPLE STUDIES : 

AN EXAMPLE
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Michiels S, Koscielny S, Hill C. Prediction of cancer outcome with microarrays: 

a multiple random validation strategy. Lancet 2005;365(9458):488 -92.



FEASIBILITY OF SMALL SAMPLE STUDIES : M ITCHIELS ET AL

ANALYSIS CORRECTED (ALIFERIS ET AL , PLOS ONE , 2009)
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M YTH 3: POWER-SIZE ANALYSIS CAN BE

ACCOMPLISHED UNIVARIATELY

º Typically P -S analysis is done univarietly

º However analysis goals often are not to just examine 
univariate effects but rather to answer diagnostic, 
prognostic and mechanistic questions

º Thus P-S analysis should have at a minimum:
· a predictive modeling section, and 

· a mechanistic analysis section

º Explicit modeling of the target distributions is needed, 
NOT simplified sampling assumptions

º Estimated sample sizes vary wildly according to 
purpose and method . In the Mitchiels example dataset 
collection using state of the art methods:
· Univariate effects sample sizes needed are in the many 

thousands

· Multivariate predictive modeling sample sizes needed are in 
the few hundreds

· Multivariate pathway modeling (reconstruction) sample sizes 
are in the several hundreds to few thousands 
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M YTH 4: LOW POWER IS BAD BECAUSE IF TEST

NEGATIVE THEN RESULTS IS NOT CONCLUSIVE

ºOmits considering priors and updated posteriors

º In other words if prior very low, then posterior is 

also low under small power even if test is positive 

(i.e., statistical significant)!
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M YTH 5: DIFFERENTIAL EXPRESSION

REVEALS MECHANISMS

º The Hiroshima ðNYC example
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º List all variables that differ between the two cities

º Rank them so that top variables reveal what caused the two cities to be so different

º Silly? That is exactly what differentially expressed gene lists bewten cancer and 

controls do!...



TERMINOLOGY REFRESHER : MECHANISMS , 

CAUSALITY , DRIVERS , PASSENGERS
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M YTH 6: GENE SELECTION POINTS TO

MECHANISMS

ºLetõs see a summary of a large  benchmarking 

study of biomarker selection algorithms 

conducted at the Best Practices Integrative 

Consulting service

17



CAUSAL GRAPH DISTANCE FROM THE TARGET AND

PREDICTIVITY (CLASSIFICATION ACCURACY )

HITON -

PC based 

causal 

methods

HITON -

PC-FDR 

methods
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CAUSAL GRAPH DISTANCE FROM THE TARGET

(HEAT -MAPS )
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COMPARISON OF ALL METHODS IN TERMS OF CAUSAL GRAPH

DISTANCE FROM THE TARGET
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COMPARISON OF SVM -RFE AND HITON -PC



M YTH 7: STABILITY POINTS TO DRIVERS
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º It is trivial to get maximally stable

· Just select all genes!...

º It is possible to be maximally unstable and being perfectly 

reproducible/causally valid

· E.g., when information redundancy exists



M YTHS 8-9: INSTABILITY CAUSES

MULTIPLICITY AND MULTIPLICITY IS DUE TO

SMALL SAMPLE

23

TIE* Signatures in Comparison with TIE* Signatures in Comparison with 

Other SignaturesOther Signatures
P redictivity results  for Leukemia 5 yr. prognos is  task

C lass ification performance (AUC ) in discovery dataset

C
la

s
s

ifi
c

a
tio

n 
p

e
rfo

rm
a

nc
e

 (
A

U
C

) 
in

 
va

lid
a

tio
n

 d
a

ta
s

e
t

Multiple s ignatures output by T IE * 
have optimal predictivity & low 
variance

Multiple s ignatures output by other 
methods have sub-optimal 
predictivity & high variance

Multiple s ignatures output by T IE * 
have optimal predictivity & low 
variance

Multiple s ignatures output by other 
methods have sub-optimal 
predictivity & high variance

E ach dot in the plot corresponds to a 
s ignature (computational model) of the 
outcome: E .g., Outcome(x)=S ign(w�Âx+b), 
where x, wÍÁm, bÍÁ, m is  the number 
of genes in the s ignature.


