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TimeSeries

AA series of values of variables taken in successive
periods in time

ATime points
ASampling intervals (constant/inconstant)



Gene expression is highly dynamic

ABiological processes are highly dynamic and are
observed through the change of gene expressions

ATo understand the molecular biological dynamics of
specific biological process, gene expression must be
observed at the most crucial time points

AA series of such gene expression snapshots is
defined as Tim&eries data



Power of Time Series Data Analysis

ACapture the molecular biological dynamics to
understand the model of specific biological processes
Involved with transient expression change

ATransient expression change is observed in
A developmental or cycling processes
A perturbationresponse experiments

ASuch information is important for understanding
Athe sequence of events (activation of gegscausality)
A detect temporal pattern of a response
A the dynamic use of transcriptional networks



Exponentially increasingime Serieslata

A Statistics of available time seriesGEO
A Only recently, the number of time series NGS data are starting to increase
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Biological Challenges

A Synchronization

A Duration and sampling rate
A Developmental and cyclic systems
A For cyclic processes, it should be uniform and cover multiple cycles
A For developmental processes, there are two approaches

A Morphological markers
A Vary sampling rate during the life cycle according to the expected changes in gene
expression (ondwour intervals during embryonic stages, nuaay intervals during

adulthood in the D. melanogaster)

A Perturbationresponse experiments
A Early time points are more important than later time points

A Sampling density
A If interest is in identifying genes that take part in dynamics, more time
points with fever replicates
A If differentially expressed genes are important at certain time points, fewer

time points with more replicates



Computation Challenges

AA wide range of aspects fanalysis (each being very

difficult)
A Single DEG detection
A DEG clustering
A Network
A Pathway

AData isdiverse, largeand complex

A Microarray, NGS (normalization issues)
A High dimensional (GerEimeCondition)
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Timeline of TimeSeries (TS) analysis milestones

A TRAPTimeClip(TS Pathway analysis)
A DyNB nextmSigPrqRNAseqTS analysis)

Microarry TS DEG tools TE centric TS A Tempi (TS network)

analysis (DREM)

First TSiclustering TS Gene Regulatory TimesVectotriclustering

; Microarray
analysis
y maSigPro Network
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First TS DEG analysis FirstTriclusteringalgorithm,

Spline based analysis
Ebseghmm

SAM DEG tools (Bayesian analysis)
Bayesian Estimation of
Temporal Regulation

OPTriclustetriclusteringtool
(microarray)



Influence maximization in
time bounded network identifies
transcription factors

regulating perturbed pathways
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Background:
Biological Pathway

A Anordered series of molecular events that leads to a new
molecular product, or a change in a cellglate

1.1 Carbohydrate metabolism
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Background:
Pathwayanalysis

APathway analysidentifies dysregulated (perturbed) biological
pathways bystimuli or disease conditions

Gene expression data Pathway information Pathway analysis resul

A Gene list A Pathway score
A Genegene relationship A Pathwaylevel statistics
A Rankings




Background:
Timelineof Pathway analysis

Genebased Graph(Interactionpased
Approach Approach

DEGrapi011)
ORA (2002) PathwayExpress (2007) Clipper (2013)

SPIA (2009) DEAP (2013
GSEA (2005) NetGSA2009) TEAK E2013§

GSEANP (2008) PATHIWAY2013)
GSASNPZ010)

No pathway tool for
> time-series

A Proportion of DEGs in a pathway A Graphbased (node: gene / edge: interaction)
A Genelevelstatistics (e.g.Ralud A Genegene relationship

for individual genes A Pathway to sulpathway

_ S1:chiX inactive S2: vitc pathway : : :'. : :

j 58, T =

! 2 A k= oo

g o 0 .9 0 -7~ TL...

gl ® B & T2

o 32 ce



Motivation

AQ1.Subpathwaysfrom time-seriestranscriptome date?

Transcriptome data
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A Mapping DEGs in the pathway
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Timeseries
Transcriptome data

f?

A DEGs from each time point or
whole time points?
A How to detect expression
propagation along time?



Motivation (cont.)

AQ2.Requlatorof the subpathwaysfrom time-series
transcriptome data ?

Transcriptome data Timeseries
Transcriptome data

f?

A What if there is a delay between TF

A Finding relationship between TF gene expression patterns?
and target gene by their A What if the number of pathway genes &

expression pattern candidate TFs are too large?



Two Main ldeas

AQ1.Subpathways from timeseries transcriptomelata ?

A A1.Crosscorrelation calculation between two
differential expression vectors

AQ2. Regulators of the syimathways from timeseries
transcriptome data ?

AA2.Influence maximizatiorin the time bounded
network



TimeTHRTimeseries THathway map)

A Overview

Crosscorrelation Influence maximization
(Social network)

(Signal processing)

Al GRN
Pathway
Step 1 ' m
Locating perturbed Pathway
subpathways 2
with time-series
expression propagatior X Perturbed subpathway
found by delay analysis
PIN

Step 2
Construction of

time bounded network
from GRN and PIN
by time delay analysis

Genes

Genes in the
perturbed subpathway

TFs

TFs targeting the
perturbed subpathway

Step 4

Finding the most

influential TFgargeting
the subpathways

Step 3

Mapping the genes starting
sub-pathways into time
bounded network

A2



Two Main ldeas

AQ1.Subpathways from timeseries transcriptomelata ?

AA1.Crosscorrelation calculation between two
differential expression vectors

AQ2. Regulators of the symathways from timeseries
transcriptome data ?

AA2.Influence maximizatiorin the time bounded
network



Differential Expression Vectors

Pathway -0 -0-9 Genes
Step 1 1 S ®—0—0 Genes in the
Locating perturbed perturbed subpathway

subpathways  pappway —>@—>0 >0 TEs
with time-series expression 2 < /
X

propagation -0 TFs targeting the

Perturbed subpathway perturbed subpathway

found by delay analysis

A KEGG pathway database
A Pathway network is represented as a directed graph G=(N, E)

A TimeTRassigns a vectar for each node, representing the differential expression as 1
(overexpressed),l (underexpressey or O.

Gene Condition 1
expression B

value Condition 2 128 20 40 32 38
Differential expression vector 1 0 0 -1 -1

A Determined byLimma(microarray) or DEseq2 (RN&g software



Locating perturbed sufpathways

A Foreach pathway grapHimeTHilters out invalid edges

A Validity of edges

A CrosscorrelationA (1) direction of propagation
(2) the number of delayed time pointfor a gene pair

A Directionof propagatiorshould be same as the original graph
A Thenumber of delayed time poinghould be below the threshold

= O Delay: 2 TP 9

o 0,1,1,0,0,0) (0,0,0,1,1,0)
(A *13)(n) = Y wi(t)o3(t+n)
t=—0c0 Valid edge (0 < delay < threshold)
Crosscorrelation between two genes
d(vi,v2) = argmax(vi * v2)(n) (b) 0 O
Delay -2 TP

Delay between two genes
(0,0,0,1,1,0) (0,1,1,0,0,0)

Invalid edge (Delay < 0)



Two Main ldeas

AQ1.Subpathways from timeseries transcriptomelata ?

A A1.Crosscorrelation calculation between two
differential expression vectors

AQ2. Regulators of the syimathways from timeseries
transcriptome data ?

AA2.Influence maximizatiorin the time bounded
network



Time-bounded network construction

GRN
Genes
Step 2 . Genes in the
Construction of perturbed subpathway
time bounded network . TEs

from GRN and PIN / \J \/ \j / \1 @L TFs targeting th

: - s targeting the
by time delay analysis N \ / x L ‘ perturbed subpathway

PIN

A Integration of GRN and PIN

A To search for upstream regulators of perturbed splathways gene regulatory
network (GRN) and proteiprotein interaction network (PIN) are integrated.

A HTRIdI{6 public databases and literature) and STRING database
A Invalid edges are filtered by the crassrelation



Labeled influence maximization
for transcription factor detection

Step 4 GRN

Finding the most influential ’ Genes

re%ula:ﬁrs targeting the . Genes in the

SIS perturbed subpathway
TFs

Step 3 ®

Mapping the genes starting ‘ TFs targeting the

sub-pathways into time perturbed subpathway

bounded network PIN \

A Mapping sukpathway genes into the network
A Labeling the starting point of the perturbatioin the integrated network
A To find the regulators that have the overall effect on multiplemgathways



Labeled influence maximization
for transcription factordetection (cont.)

Step 4 GRN
Finding the most / Genes
influential regulators Genes in the
targeting the subpathways . perturbed subpathway
TFs
Step 3 W/ o/ \ ¢
Mapping the genes starting \1 1/ N / ‘ TFs targeting the
sub-pathways into time perturbed subpathway
bounded network PIN
. . . Axhrrag
A Influence maximization XKL **\*/’i;*i;x s
: . : . /
A Used for social network to find a viral marketing targets )k/ A */ *\\ *//
that have the biggest influence to other customers \\*//f
A Labeled influence maximization (2011)

A Finding the most influential node for specific (labeled) nodes

A Given the starting points of the perturbed splathways as labeled,
TimeTHinds the most influential TFs on suybathway genes

A Scoring and ranking TFs by the amount of influence



Visualization: TF
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O Genes in

perturbed sub-pathways

Pathway Map in Time Clock

FOXA1

USF1 Ré)gﬂ\ FOXO3 U(Sg? GTF2A1

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
v

A

B
Subpathway gene Wé



Test with Experimental Data

A MCF10A dataset

A RNAseqdatasetof nontransformed human breast epithelial céE€F10AKselewt al., 2015)

A Stimulatedwith 10 ng/ml EGF(Epidermal grovidictor)
for 15, 40, 90, 180 and 300 min (6 time points including 0 min)

A WTand PIK3CA knoaksamples to compare

A Designedo trigger thelong termactivation of PIP3 signaliby the modification of PIK3CA and
track its downstreaneffect

A EWS/FLI1 Knoalown dataset

A Microarray datasedf a shRNAnducedEWS/FLI1 knockdovimthe A673 Ewing's Sarcoma cell line
(Bilkeet al., 2013)

A 6 time points including 0 min

A Single timeseries samples

A EWS/FLI1: Ewing sarcoprecoprotein

A Designed to show coregulation of EWS/FLI1 and E2F3



TRPathway Map In Time Clock

A MCF10A dataset
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TRPathway Map in Time Clock

A Findings

A Perturbationin PI3KAkt signaling the main objective of the

biological experiment

A Consequenthanges in the downstreapathways of P13kt

A Major findings supported by the previous studies:
1. FOXO4 (Known targets @ékt)

2. FoxOandWnt signaling pathway
(known to be affected bifoxO$%

3. The late activation oErbBpathway indicates positive
feedback loop of theAkt signaling(Reproduction of the
same resulj
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Regulator Analysis Result

TimeTP MRA DREM
Rank TF Rank TF TF

1 NKX3-1 I SREBFI | FOXF2, NF1, SRF
2 LMO2
3 ATEF3
4 FOXAI
5 CEBPA
6
7
8

FOX04

FOXL1

RFX1
o Creur)
10 SREBFI
11 FOXO3
12 USF2
13 USF1
14 GTEF2Al
15 RORA
16I RREBII

A TFs predicted and ranked BymeTRnclude three important TFs from
the original paperof the datasetReproduction of the same resylt



TRPathway Map In Time Clock

A EWS/FLI1 Knodown dataset
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