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Why Temporal gene expression
analysis is important?

Tem poralgene expression data is ofparticular
mterestto researchers as itcan be used to
create requlatory gene netwotrks.Such gene
networks representthe requlatory relationships
between genes over tin e and provie msiyght
into how genes up-and down-regulate each
other from one tin e-pontto the next (the
BiobgicalMotherboard).
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Hamingerofhope for the vision ofdiagnosis,
prognosis and m edicine being personalised.

Researchers beleve thattem poralgene
expression m odels the biobbgicalsystem m ore
accurately and clbsely as dynam ic living
system s
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Unique Research Propositions

:One ofthe probkem s n the
applcaton ofartifcialneuralnetw orks
I this research area concems to the
diffculy in creating com p ex
reqguhtory networks fiom the analysis
ofhigh-din ensbnalweightm attces
thatrepresentthe ndwvidual
connectbns between genes overtine.

-This work mtroduces an A N N based
novelapproach by ntroducing
sensitwily analysis as a centralthem e
ofthe NNSBAGSS m ethodobgy
discussed here.

-Sensitwity analysis s more

am enabk than weghtanalysis and
can be extended to m ore com p kx
neuralnetwoiks,such as those that
result iom the analysis ofhrge

tem poralgene expression datasets
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NNSBAGSS,what' s inthe
name?

NeuralNetwork System Biblgy Approach w ith G ene
Sikencing Sin ulations.

Sensitivity analysis has an analgy w ith the system
biblbgy approach described by Leroy Hood ,KHeker
etal in which they see the effectofGenetic and
environm entalperturbations in a system and then
analysing the efiecton other system com ponents
thus gaining novelpredictions and hypotheses about
the system .

A particular tem poralGene expression experin ent
being regarded as a system we perturb the Gene
expressibn value ofa Gene atprevius tin e step to
see the efiecton Gene expressin value ofother
Genes atsubsequenttin e steps thus revealing the
inherentcause-efiectrelations in our system

(tem poralG ene expression system ).
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NNSBAGSS methodology :
Artificial temporal data

-The data mvolved in this experin entis an artificialgene
expression dataset forward engineered by a C** program
which creates tem poralBoolkan Liang networks.

e The data contain 10 genes
derwved fiom Boolan ruks
w ith k values of2 and 3 The
data consists 0£2° 1024)
records needed to specify
every possib ke truth

assiynm ent oreach dataset.
The data consists 0£1024 *20
expressin values This data
w as generated using a C++
program m e and had the

O lbow ing 20 nherentrulkes

Table 1 - Rules embedded m the artificial datazet

[ Rule | Arguments | Rule | Arguments

] 39] 11 896

2 4 &1091 12 596

3 6 &1092 13 8 &77

4 4 &9 14 6 &1097
5 5 &AD3 15 6 &398

6 93 16 1&198

7 294 17 799

8 94 18 5 &499

9 695 19 | 5&1010
10 9&6>5 [ 20 1910

betw een values attin e tand the subsequentvalue attin e
t+1.A gene goes offata tin e-step unkss itis specifically sw ilched on
by som e gene atthe previus tin e-step.



NNSBAGSS methodology :
Artificial temporal data

Choice ofdesired mputoutputm apping

The task thatthe ANN has to sole is a Inearproblem ie.the artifcial
neuralnetwork has to kam the mput @ene expressibn valie attine t)
to output @ene expresson valie attin e t+1)m apping,w here no non-
Inearrehtbnshps existbetween mputvalies and outputvalie.
There are 1024 exem phrs ofthis mput-outputm apping.

Choxe ofneuralarchitecture

Neuralnetwouks can be very powerfulkaming system s.How ever, it
Is very in portantto m atch the neuralarchitecture to the problem .For
the artifcialtem poraldata we tried a num berofsingk hyer
perceptons thatis,fillconnectwity between the mputnodes and
outputnodes,w ith no hidden hyers),adopting difierentleaming uke
param eters and transferfunctons.W e ©lbwed the standard taining,
cross-valdatbn and testing routne Drperceptrons w ith difierent
param eters .Outof£1024

random ised exem plrs we used 60% (614)brtraning,l5% (154)br
cross-valdatbn and 25% @256) brtesting.The bestnetwork w ith
m nin um Mean Squared Enorbrtaining as wellas cross validatbon
setwas chosen.The bestneuralnetwouk architecture was a
perceptron w ith the activatbn functbn as the hyperbolc Tanh
fuincton .This w illsquash the range ofeach neuron n the hyerto
between -1 and 1.
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NNSBAGSS methodology :
Artificial temporal data

Sensitivity analysis
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NNSBAGSS methodology :
Artificial temporal data

By analysing Figure 3 and the sensitwity m atrix @qot
shown)allthe em bedded ruks were reverse engineered by
the approach .This can be seen m ostckarly n the first
colimn of“Genel ¢+1)’,where gene 3 has a hrge affect
and genes 4 and 10 have a ss m avked afiect.This
conoborates the ruks seen earleras gene 3 can actwate
gene 1 by itself Rulk 1),whereas itrequires the com bmned
efibrtofgene 4 and gene 10 Ruk 2)to accom plish this.
The sensitwity analysis therefore notonly defines
reqgultory behavibur,butalko the rehtive strengths ofthe
requlton.Therere,this dem onstrates thatourm ethod
Is abk to reverse engineerthe em bedded ru ks fiom
artifcialgene expressin data.
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Table 1 - Rules embedded in the artificial dataset

[ Rule | Arguments | Rule | Arguments
1 3=>1 11 S=»6
2 4 &10->1 12 S=>»6
3 6 &10->2 13 S &77
4 4 &9=2 14 6 &107
5 S &4=D3 15 S &3I-98
6 S=>3 16 4 &1-98
7 23 17 79
S S>4 18 5 &4-99
9 6=>5 19 S &10-210
10 9 &6=>5 20 1=10




NNSBAGSS methodology

A 4

L [ ot menming o ubmision t neat ntwork s |
) 4

|t e ¥ o e e TSk |
A 4




NNSBAGSS methodology : Rat
C.N.S development time-course data

The Rat Sprague-Daw ky abio rat)data is an RT-PCR study of112
genes each m easured on cervralspinalcord tissue 1 tplcate at
nie difierenttin e points during the devebpm entofthe ratcentral
nervous system [].This gene expressibn data s accepted to be non-
noisy,sm alland accurate,and 55 dealbrtesting a new strategy
because ofprevibus work 1 lierature.

There are nine difierenttin e points in the CNS devebpm entstudy
namekyE11,E13,E15,E18,E21,P0,P7,P14,A .The mputoutput
mappngwere E11 nmput-E13 outputE13 hput-E15 output,E15 mput-
El18 outputE18 mputE21 output,E21 mputPO output, PO mput-
P7output,P7 mput-P14 output,P14 mput-A output.
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There are eghtexem plars ornetwork to am fiom .Each exem phr
has 112 mputgene expressbn valies ofthe prbrtin e step and 112
desired gene expressibn outputvalies ofthe subsequenttin e step.

The traming ,testing and cross valdatbn regin e was lbwed to
choose the bestnetwouk.The sensitwity analysis was perfom ed on
the perceptron traned on alleghtexem phrpais @ tin e steps).
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Conclusions/Future directions

The reverse engineerng ofgene netwounks and causalrehtobnshps
between genes is them aprobstack n extracting system know kdge
fiom gene expressibn data.These experin ents dem onstrate thata
neuralnetwork approach ,com bined w ith sensitivily analysis,can
reverse engineerboth actualand bobgially phusbk ruks fiom
artifcialand realworHd data,respectvely. The results presented here
provile evilence ofa novel allematwve approach to reverse
engmneering thatcan kad to autom atic extracton ofrulks fiom

tem poralgene expressin data.The process i sin pk and
repeatabk,w ith ckarvisualisatbns resultng fiom the m ethod.
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The applicatibn ofthis m ethodobgy w ith m ore com plex netwouks on
hrge gene expressibn data sets is cunrently on-going and resulis of
ourexperin ents on one such data set (yeretalm entbned i the

abstract), Iw illbe presenting mn Y B F on 20/10/2004 rthe firsttin e.




