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The Reality of Biological Data 

Can we use these data in 
a numerical model? 



Microarrays Produce Ugly Data 

•  Microarray fabrica%on is inconsistent: 
experiments have poor repea%bility 
–  size, shape, and alignment of spots varies 

from array to array 
–  defects in the slide and different washing 

protocols result in intra‐ & inter‐slide 
varia%ons in background 

•  Results are highly sensi%ve to image 
analysis 
–  spot recogni%on, intensity quan%fica%on 

and normaliza%on, background 
subtrac%on 

•  DNA chips are more consistent, but s%ll 
not perfect ‐ and they cost much more 



More Ugliness – Gels for Proteomics 

DIGE and MS are improvements, but s=ll, at best, semi‐quan=ta=ve. 







Informa%on Derivable from Chip Data 

•  By observing chip data, one can infer which genes are highly expressed or 
not expressed, or in general the rela%ve expression levels of all genes 

genome sequence  Inference: genes x, y, z are highly expressed under 
condi%ons W while genes a, b, c are not expressed 

intensity 



Informa%on Derivable from Chip Data 
•  By comparing gene expression levels under two condi%ons, one can infer 

which genes’ expression levels are affected 

genome sequence 

A/B, A‐B 

Inference: gene X is significantly more highly expressed in diseased cell than in 
normal cell; hence gene X could poten%ally serve s a marker of the disease – 
differen%ally expressed genes 

Diseased cell 

normal cell 

intensity 



Informa%on Derivable from Chip Data 

•  By observing gene expression levels collected at different %me points ader 
a par%cular s%mulus, one can infer how a gene’s expression level changes 
with %me 

Inference: as the disease progresses, gene X’s 
expression decreases; hence …. 



Informa%on Derivable from Chip Data 

•  By observing expression levels of two genes collected at different %me 
ader a par%cular s%mulus, one can infer they have similar or different 
expression paQerns 

Inference: genes with similar expression paQerns 
might be func%onally related, e.g., working in 
the same pathway – co‐expressed genes ‐> co‐
regulated 



Informa%on Derivable from Chip Data 

  By comparing expression paQerns of gene A collected when gene B is 
func%oning and not func%oning (e.g., knockout or muta%on), one could 
possibly derive gene B’s effect on gene A 

Inference: genes A and B may interact directly or 
indirectly, or even B is the cause of A’s altered 
expression paQerns – interac%on or causality 
rela%onship 



Molecular Signatures – Genome, 
Proteome, Metabolome, Glycome, … 

•  New technologies allow large scale, parallel measurement of cell 
state: 
–  transcrip%on (mRNA expression; gene chips, RT‐PCR) 
–  transla%on (protein expression; gels, MS, protein chips) 
–  protein modifica%on (gels, MS) 
–  protein‐protein interac%on (2‐hybrid, protein chips, MS) 
–  metabolites (MS, NMR) 
–  carbohydrates and glycosyla%on (MS, ?) 
–  (also large scale phenotypic changes) 

•  At first order, we can either/both 
–  iden%fy groups of cells/%ssues/popula%ons that share common 

paQerns 
–  detect paQerns of gene/protein/metabolites/etc. that correlate with 

previously iden%fied phenotypic groups 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Many Ways to Iden%fy Signatures 

•  Iden%fying major “components” of varia%on 
(poten%ally something that has to be removed 
from data, such as a fundamental difference 
between sampled groups) 
– singular value decomposi%on (SVD), principle 
component analysis (PCA), etc. 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Singular Value Decomposi%on 

hQp://public.lanl.gov/mewall/kluwer2002.html 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Complex Regula%on Drives Yeast Cell 
Cycle 

Yeast cyclins are proteins responsible for regula=ng 
cell cycle transi=ons. Cyclin gene (mRNA) expression 
data is taken from Spellman, et al., Molec. Biol. Cell, 
9:3273, 1998. 

hTp://cyberia.cfdrc.com/datab/Applica=ons/cell_=ssue_bio/cellcycle/cellcycle.html 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Singular Value Decomposi%on 
(Yeast Cell Cycle Microarray Data) 

(based on 38 genes, elu expression dataset) 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Many Ways to Iden%fy Signatures 

•  Iden%fying major “components” of varia%on 
(poten%ally something that has to be removed 
from data, such as a fundamental difference 
between sampled groups) 
–  singular value decomposi%on (SVD), principle 
component analysis (PCA), etc. 

•  Finding groups within data 
–  clustering 
–  self‐organizing maps 
–  support vector machines 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Clustering (k‐means) 

hQp://rana.lbl.gov/FuzzyK/images/figure3.html 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Many Ways to Iden%fy Signatures 
•  Iden%fying major “components” of varia%on (poten%ally something 

that has to be removed from data, such as a fundamental difference 
between sampled groups) 
–  singular value decomposi%on (SVD), principle component analysis 

(PCA), etc. 
•  Finding groups within data 

–  clustering 
–  self‐organizing maps 
–  support vector machines 

•  Separa%ng known groups 
–  univariate methods (i.e. B‐Tests, T‐Tests on each gene, ANOVA on each 

gene) 
–  horrible “capitaliza%on on chance” problems 
–  linear discriminant analysis / canonical variate analysis 

•  these methods can be generalized for undetermined data, though the rela%ve 
magnitudes of variables becomes significant in that case (but that filters out 
poten%ally noisy data) OR you get capitaliza%on by chance by using stepwise 
methods 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Linear Separa%on – Group 
Classifica%on 

Nonlinear 
Classifica=on? 
(Kernel methods) 

Canonical Variate Analysis 
(Linear Discriminant Analysis) 

Find op=mal linear 
combina=ons of 
variables that maximize 
inter‐group differences 
while minimizing 
intra‐group differences. 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What Do We Get From Signatures 

•  PaQern for discrimina%on between groups (responders, 
non‐responders, different gene%c popula%ons, etc.) 
–  therapeu%c design 
–  diagnos%cs 

•  Lists of Genes 
–  what genes appear to be the most significant in determining the 

difference between groups or cause the forma%on of dis%nct 
paQerns within data? 
•  you get long lists when you “capitalize on chance” using univariate 
methods 

•  shorter lists from mul%variate methods or when you use “honest” 
sta%s%cs modified for variable selec%on 





Rual et al., Nature 437: 1173, 2005. 



Morel et al., Mayo Clin Proc. 2004;79:651‐658  



Calvano et al., Nature 2005, 473: 1032 ‐1037 



Calvano et al., Nature 2005, 473: 1032 ‐1037 



1.  Correla%on of genomic and proteomic data 
does not provide func%onal informa%on 

2.  Complexity:  Thousands of interac%ons that 
cannot be studied via single gene/protein 
approach 



Text‐mining, protein‐protein interac%on 
databases, Gene Ontology... 
iden'fy 
poten=al rela=onships  
between variables 

Dynamic Measurements, 
Func%onal Genomics, 
Func%onal Proteomics... 
constrain 
rela=onship models 

Differences between models 
design 
Hypothesis driven 
lab experiments & clinical trials 

How does 

        change? 



Fuzzy Simula%on Procedure 

Normalized Data for 
Biological Variables 
(e.g. mRNA ra%o) 

Example Rule 1= [3 2 1] 
If X is LO then Y is HI 

If X is MED then Y is MED 
If X is HI then Y is LO 

X1=[0 0.2 0.8] 
X2=[0 0.4 0.6] 
‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐ 

Y1=[0.8 0.2 0] 
Y2=[0.6 0.4 0] 
‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐ 

Y=Y high‐Y low/ Yh+Ym+YL 
Predicted 

Values & Error 

‐1  0  1 

‐1       0        1 



Quan%ta%ve Measurement 



Modeling methodology 



Developing Models based on Data 



Bayesian Network Inference 

•  Science, Volume 308, pp 523‐529, April 22, 
2005 
“Causal protein‐signaling networks derived 
from mul%parameter single‐cell data” 
K. Sachs, O. Perez, D. Pe’er, D. A. 
Lauffenburger, G. P. Nolan 



Biomolecular Network 



Applica%on of Bayes Nets 

•  “Bayesian Network”, “Bayes Net”... a 
generaliza%on of “Bayesian Inference” 

•  Directed, acyclic graphs represen%ng 
rela%onships between variables 

•  NO FEEDBACK LOOPS 
–  (these have to be handled using “Dynamic 
Bayesian Networks”) 



Example of Bayesian Net Inference 

hQp://www.cs.ubc.ca/~murphyk/Bayes/bnintro.html 



Simplify Joint Probability Distribu%ons 

•  By the chain rule of probability, the joint probability of all 
the nodes in the graph above is  

•  P(C, S, R, W) = P(C) * P(S|C) * P(R|C,S) * P(W|C,S,R) 
•  By using condi%onal independence rela%onships, we can 

rewrite this as 
•  P(C, S, R, W) = P(C) * P(S|C) * P(R|C) * P(W|S,R) 

•  where we were allowed to simplify the third term because 
R is independent of S given its parent C, and the last term 
because W is independent of C given its parents S and R.  

•  In general, if we had n binary nodes, the full joint would 
require O(2^n) space to represent, but the factored form 
would require O(n 2^k) space to represent, where k is the 
maximum fan‐in of a node. And fewer parameters makes 
learning easier.  



Iden%fying structure of Bayesian networks 

•  You can use MCMC (Markov Chain Monte 
Carlo) to “learn” parameter values based on 
data, or you can generate models and see how 
well they can predict correla%ons that you 
measure under different perturba%ons (the 
approach taken in the paper) 



Network Inference from Experiments 



Looking at correla%ons = Big mess 

52 out of 55 possible(!) correla=ons are found in data 
with reasonable p value 



Iden%fying causality  

X and Y are correlated... now, if we inhibit X, we see an effect on Y 
(yellow dots) But if we inhibit Y, there is no effect on X (purple dots). 
So, X influences Y, but not vice versa. 



Iden%fying a complex network 

•  Simulated annealing was used, with operators adding 
or dele%ng arcs in the graph. In most cases, a change 
that led to a higher scoring (beQer fit) was accepted, 
but there was a small (and diminishing) probability of 
accep%ng a worse scoring solu%on (to avoid falling in a 
local minimum). 

•  The search starts with a random graph; it was repeated 
500 %mes to explore the whole search space – all the 
highest scoring networks were combined to form a 
“consensus graph” 



Consensus results 
Final result for confidence > 85% graphs 



Limita%on of acyclicity 

Some loops were excluded by confidence > 85% but could be 
biological significant (big limita%on of Bayes nets – but what about 
Dynamic Bayesian Networks?) 


