Analyzing How Protein Interaction Networks Improve Classitication Performance in Gene

Expression Data Analysis
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Unsupervised two-dimensional cluster analysis of 98 breast tumours [1]

Method

Problem statement:

@ Input: Gene expression data
@ Output: Prognosis (Poor vs. Good), Metastases
@ Goal: Classify samples and find important genes

@ Issue: Hard to classify due to large number of features
(genes) compared to number of samples

(~ 22000 >> 98)
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Yeast protein interaction network. The colour of a node indicates the phenotypic
effect of removing the corresponding protein (red = lethal, green = non-lethal,
orange = slow growth, = unknown) [2]

@ SVM modified objective function [3]
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@ Dual Problem
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Laplacian matrix:

B=D-A

€ Dual to Primal
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What we do:

@ Reverse engineer the learned machine to extract
important genes after using the network information.

@ Solve SVM problem for original and transformed data.

@ Calculate w for both models.

@ Compute for each pair of nodes, for each model:

SCO’I‘G(i,j) — |wz’|‘|2‘|’wj| % e—maw(dg(i,j),l)

@ Report pairs with highest scores for both trained models.

Blue: random gene, Orange: Signal node being a member of a pathway of signal
nodes, . A lonely signal node

N(—p,1) ifnisinclass 1

N(u, 1) if v is in class 2

- Random nodes (non-informative genes): f(n) = IN(0,1)

- Signal nodes (genes): f(n) =

Results
@ @ @
) @ &9 @) G
5" @ S @ S @
. o ® . E ® . o o
() ) ) ) ) )
@5? e . @g & o @ S w o g®
@@% N AT @ @@g N AT @ @@g - & e @
> o e S oo TR ® “oc e ® oo 180 ® “oc e ® oo G808 ©
% J ”!é““ Og" % ‘ ”!é“"’ ©.g° @ ‘° ”!é“’ ®.g°
o o o
&g S é? ° e &g S @@ ° e &g S @@ ®
2 @@ C) @ . @@ ST @ 2 @@ ST ®
X7) X7) X7)
% @@ @ @@ @ % @@ @ @ﬁ @ % @@ @@ @
SED, 5y SED, S SED, (o)
ScC D6 o0 @ ScC V.6 o0 @ ScC V.6 o8 @
=) ) @
& () & () & ()
Easy Medium Hard
Original Transformed Original Transformed Original Transformed
X196 X196 X53 X53 X196 X196 | X233 X233 X190 X190 X104 X104 X233 X233 X190 X190 X190 X190 X101 X101 X233 X233 X190 X190
X233 X233|| X39 X39 X196 X133 X133 X133 X233 X233 | X190 X272 X112 X112 | X240 X240 X233 X233 | X190 X272 X112 X112 [ X190 X272
X88 X88 | X196 X133 X133 X116 X116 X116 X277 X277 | X88 X88 X190 X272 X240 X243 X88 X88 | X297 X297 X86 X86 | X190 X127
X116 X116 | X127 X127 X95 X95 | X240 X240 X190 X127 | X165 X165 X86 XB86 | X243 X243 X190 X127 X93 X93 X272 X272 | X272 X205
X197 X197 | X127 X148 X39 X39 | X240 X243 X272 X272 X272 X22 X243 X150 X190 X127 X26 X26 | X138 X138 X205 X205 | X146 X146
X148 X148 | X150 X150 X590 XhH9 | X106 X106 X106 X106 | X165 X96 X150 X150 X272 X272 X272 X272 X272 X22 X146 X68 | X68 X68
X148 X273 X116 X133 X243 X243 | X106 X168 X150 X150 X250 X250 X246 X246 | X298 X298 X101 X41 | X123 X123 X298 X298 || X272 X22
X160 X160| X96 X96 X114 X114 | X168 X168 X88 X215| X22 X22 X106 X106 || X125 X125 X22 X22 | X101 X198 X90 X90 | X127 X127
X95 X95 | X273 X273 X243 X150 X56 Xb6 Xb1 Xb1 | X28 X28 X35 X35 [ X125 X82 X146 X146 | X228 X228 X100 X100 || X272 X69
X88 X115| X40 X40 X39 X447 | X298 X298 X73 X73 | X35 X35 X247 X247 |IX272 X69 X278 X278 | X72 X72 X297 X297 | X72 X72
X653 X8 | Xb3 X164 X150 X150 X247 X247 X162 X162 | X113 X113 X272 X22 | X82 X82 X88 X115| X96 X96 X127 X148 | X155 X155
X195 X195 X56 Xb56 X125 X125 | X83 X83 X112 X112 | X277 X102 X100 X100 | X257 X257 X148 X148 | X112 X112 X247 X247 | X196 X196
AUC (Original): 60.6 AUC (Original): 60.1 AUC (Original): 60.2

AUC (Transformed):  62.4
wc p-value (paired): 5.669e-09

AUC (Transformed):  61.5
wc p-value (paired): 1.383e-06

AUC (Transformed):  62.5
wc p-value (paired): 8.151e-13
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