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• Background

• Earlier Work

• Value Addition

• Current – Feb 2011

• Future – March 2011
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Logic of  Transcription Factor Occupancy
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Earlier work

Correlation of  co-association among TFs
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TF occupancy

Gene Expression

Cell-type

Gene Function

Transcription Factor Occupancy as a “predictor”

5kb upstream TSS and covering whole gene, till TSE

Defining the regulatory region for TF Occupancy

TF1 TF2 TF3 TF4 TF5



Earlier work
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• Compare TF combination 

enriched in genes with 

almost similar expression

• Compare TF combination 

enriched in genes with 

differential expression

Expression Values

K562 HeLa

Expression Values

Compare TF combination 

enrichment within each cell-line

Genes which have specific TF 

combination in only one cell-line 

Functional relevance

TF Occupancy in Gene 

Regulatory Region



Earlier work
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• E2F6- related combinations are enriched in K562

• Myc, Max, Jun- related combinations are enriched in HeLa

• There are combinations of TFs specific to cell-type

nTF Combinations present in HeLa, but absent in K562: 985

nTF Combinations present in K562, but absent in HeLa: 983

Example: 

The E2F4 – E2F6 combination is present upstream of 158 genes in K562, but absent upstream of 

any gene in HeLa

In HeLa:

• 16 of 158 genes have E2F4-E2F6 combinations, but with other factors, mainly Max and Pol2 

• 7 genes have E2F4, not E2F6 and in combination with other factors, mainly Pol2

• 52 genes have E2F6, not E2F4 and in combination with other factors, mainly Pol2

• 90 genes do not have both E2F4 or E2F6, other combination of factors are present



• Datasets 

• Use of  ranked signals*

• Use of  pre-normalization

• Use of  biclustering

• Predictive – Discriminant analysis
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K562: Then,– 42 TFs; Now: 78 TFs



Use of  ranked signals – Why?

Not all peaks are equally “good”

Read-depth varies between datasets
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Preview: Initial analysis

Merge datasets where cell-line and TF are same

Rank Normalize every peak in all datasets based on Signal

Get average of the normalized rank, if datasets are merged

Assign peaks to gene regulatory region & get expression value: avRPKM

Clustering – Hierarchical & Biclustering
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Gata1 – Hierarchical Clustering

First TF-wise, then Peak-wise
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a) TF Cluster members

Clustered Peaks

b) 

c) 



Gata 1 targets
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• Map nearest gene to peak in the cluster

• Average Expression

• Functional Annotation

Nrsf Effect ?

Gata1 – Sub-cluster 1 – functional categories
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a) TF Cluster members

Clustered Peaksc) 

E2f4 – Hierarchical Clustering

First TF-wise, then Peak-wise

b) 



E2f6 targets
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• Map nearest gene to peak in the cluster

• Average Expression

• Functional Annotation

Nrsf Effect ?

E2f4 – Sub-cluster 3 – functional categories



Approaches for Pre-processing

1 Raw-signal

2 Rank Normalized Raw-signal

3 Z-score of  Raw-signal

4 Robust Z-score of  Raw-signal

5 Quantile Binning of  Raw-signal
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Value addition

Use of  pre-processed signals – Why?

Not all peaks are equally “good”

Read-depth varies between datasets
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Stage 1: Generate TF association rules

• Get n(peaks) of any TF overlapping with each peak of the candidate TF

• Generate matrix

Stage 2: Generate TF occupancy containing “raw” signal values

• Identify occupancy of TFs in promoter region, peak-wise

• For every TF peak in the region, obtain the normalized signal at 99th quantile

• Aggregate signals if more than one peak of same TF is found (sum of signals)

• If none of the TFs have a peak in the region, assign signal of genomic region

Raw-signal Matrix

• Convert all raw-signal values to lie between 0 and 1, TF-wise

• Generate matrix

Rank Normalized Raw-signal Matrix

Approaches for Pre-processing – Contd..
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• Convert all raw-signal values to z-score values, TF-wise

• Generate matrix

Z-Score of  Raw-signal Matrix

MAD = median ( | x – median | ) ; MAD = Median Absolute Deviation

Robust z-score = ( x – median ) / MAD

• Convert all raw-signal values to robust z-score values, TF-wise

• Generate matrix

Robust Z-Score of  Raw-signal Matrix

Quantile Binning of  Raw-signal Matrix

• Get 10 bins based on quantile values of raw-signal, TF-wise

• Replace raw-signal values with bin number (0 to 10)

• Generate matrix

Approaches for Pre-processing – Contd..



Biclustering – why?
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Certain combination of TFs would be co-associated only in 

specific sets of peak regions
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Predictive model for gene expression

• Build generalized sparse linear models OR non-linear boosted 

decision trees

• Y = F(X)

• Y = expression of target genes of a particular TF

• X = all TFs binding affinity in the regulatory regions of above 

genes

• Can generate general rules for TF coassociation
- eg., TF1 = 2*TF6 + 2*TF7 + 2*TF8 + 2*TF9 + 2*TF10 + 4*TF15 + 4*TF16 + 6*TF26

• Can build predictive model

- eg., given a cell-type, predict expression of genes in specific 

functional classes
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