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Malaria and Plasmodium

• Complex life cycle, including
mosquito, human liver and red 
blood cell stages 

• Common areas of study are 
metabolic pathways (for drug 
treatment) and surface 
proteins (as potential targets 
for vaccines)

• Plasmodium can be 
cultured in media containing 
erythrocytes

• Control of Gene Expression 
is largely unexplored(www.cdc.gov/malaria/biology/life_cycle.htm)
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Transcriptional Control in Plasmodium

• Several experimental studies of 
P. falciparum gene expression 
indicate upstream elements 
control gene expression

• A few sites have been 
characterized; corresponding 
proteins not known

• Predicted proteome contains 
basal transcription proteins, as 
well as proteins involved with 
chromatin structure and 
regulation (Aravind et al 2003)

• Specific families of transcription 
factors are not detected in the 
genome (Coulson et al 2004)

(Militello et al 2004)

(Voss et al 2003)

Constructs Reporter Expression

Gel shift assays detect binding activities 
from P. falciparum nuclear extracts

SPE1
activity

CPE
activity



Transcriptional Control and Output

Regulatory Sites

Chromatin

Transcription Factors

Basal Txn Machinery

Expression of gene transcripts is the 
most direct output

Binding Site Discovery

• General approach:  Group genes 
by function, look for enriched 
sequence motifs in potential 
regulatory regions

• Advanced approaches also use:  
Binding site clustering
Phylogenetic comparisons

False Positives and False Negatives:

Biological

Methodological

mRNA turnover
Translation control

Post-translational control{VERY
IMPORTANT

FOR
BIOLOGY



• Hourly measurements provide robust time course for Intra-erythrocytic
Developmental Cycle (IDC) gene expression

• Neighboring time points act similar to replicates

• Many genes change expression over the time course

• Subset of time points with measurement replicates:  show noise in 
measurement is <20%

The Challenge Data

Bozdech et al, figure1A

Long oligo array
Timepoint (red) vs. Pool (green)



The Challenge Data, Visual Perspective

References:
(1)  Bozdech et al 2004
(2)  Spellman et al 1998
(3)  Rustici et al 2004(2) (1) (3) 

• 3 Datasets from 
microarray 
experiments of 
cyclical, time course 
experiments

• In each case, 
genes with cyclical 
expression were 
selected and 
arranged by phase

• Gene expression 
observed in (2) and 
(3) is driven by 
transcription factors



* * * * * * * * * *  
* * * * * * * * * *
* * * * * * * * * * 
* * * * * * * * * * 
* * * * * * * * * *
* * * * * * * * * * 
* * * * * * * * * *
* * * * * * * * * * 
* * * * * * * * * * 
* * * * * * * * * * 
* * * * * * * * * * 
* * * * * * * * * * 

Data

X

gene 1

gene N

* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *
* * * *

gene 1

gene N

pa
tte

rn
 1

pa
tte

rn
 kco

nd
iti

on
 1

co
nd

iti
on

 M

* * * * * * * * * * 
* * * * * * * * * *
* * * * * * * * * * 
* * * * * * * * * *

pattern 1

pattern k

co
nd

iti
on

 1

co
nd

iti
on

 M

Amplitude matrix

Patterns of 
Behavior

=

The behavior of 
one gene can be 
explained as a 
mixture of 
patterns

Developed for analysis of MRI spectra (Ochs et al 1999)

We have used BD to analyze microarray data in several contexts

Bayesian Decomposition 



• This example shows the patterns 
that BD analysis produces when 5 
patterns are sought

• Each pattern has a dominant, 
broad peak

• Patterns cover expression over 
the entire range 

Example Patterns found by 
Bayesian Decomposition 



• Simulation will continue to mathematically better fit the data as more 
patterns are allowed; in the extreme it will over fit the data

• Too few patterns will force the data into broad patterns 

• Run BD on 
“Overview dataset” for 
3-12 patterns

• Use ClutrFree 
program to visualize 
relationships between 
patterns

• Run BD on 
“Overview dataset” for 
3-12 patterns

• Use ClutrFree 
program to visualize 
relationships between 
patterns

How many patterns to fit?
A common problem in cluster/pattern analysis



One of six patterns

Out of 7 patterns, the 2 
with the highest 
correlation with the 
“parent” pattern show a 
temporal shift in the 
pattern peak 

Peak around 9 hpi

Peak around 4 hpi

Peak around 12 hpi

Temporal profiles 
of patterns 

modeled by BD



GO term enrichment as metric for
estimating appropriate pattern number
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Peak 4 hpi 11 hpi 18 hpi 25 hpi 33 hpi 38 hpi 43 hpi 47 hpi 
Pattern # 3 6 5 4 7 1 2 8 

>50%         
Genes 31 97 58 460 328 128 85 10 

MAP>10  13       
         
         

>60%         
Genes 14 32 28 276 177 72 62 4 

MAP>10 4 7 9 50 29 12 15 4 
Pass Filters         

         
>75%         
Genes 8 9 12 84 41 30 25 3 

MAP>10    25     
         
         
         

 

Non-uniform membership of 
oligos in BD patterns



Selecting Genes and Promoters 
Representing Each Pattern

Sort the oligo elements by 
percentage of behavior 
explained by the pattern

Sort the oligo elements by 
percentage of behavior 
explained by the pattern

Map oligo ID to gene name; 
collapse to average percentage 
(except where different oligos are 
>20% different)

Map oligo ID to gene name; 
collapse to average percentage 
(except where different oligos are 
>20% different)

Convert to gene name, 
chromosome number, start site 
(ATG proxy), and strand using 
annotation from PlasmoDB 

Convert to gene name, 
chromosome number, start site 
(ATG proxy), and strand using 
annotation from PlasmoDB 

Collect upstream regions from 
chromosome Genbank files and 
sort into multi FASTA files 
representing the pattern groups at 
different cutoffs (50, 60, 75%)

Collect upstream regions from 
chromosome Genbank files and 
sort into multi FASTA files 
representing the pattern groups at 
different cutoffs (50, 60, 75%)

Sorting,
Database searches,

PERL scripts



Discovering Enriched Sequences

AlignACE (Hughes et al 2000):  Gibbs sampling method

AT rich genome:   86% in 1 kb upstream of ATG
85% in 2 kb upstream of ATG

Motif-finding algorithm corrects for A/T content by considering first 
order probability of finding A/T vs. C/G

High score for each method means the motif is present in the input 
sequence set more often than expected

Found high-scoring sequence motifs varying several parameters:
Membership cutoff for weight in group

Chose 60% for full analysis
Size of upstream sequence

Chose 2kb to include more potential sites



Judging the Motifs by Visual Inspection?

Disfavor motifs that are:
• Highly repetitive
• Found in many (or all) patterns

Disfavor motifs that are:
• Highly repetitive
• Found in many (or all) patterns

Etc. Etc.

(WebLOGO:  Crooks et al 2004)



Ranking Motifs by the Numbers

For each list of upstream regions:
• Analyze motifs with MAP scores > 10 (Hughes et al 2000)

• Scan all promoters of Overview dataset for strong matches to 
motif (ScanACE, same scoring method as AlignACE)

• Compare the number of motifs in the input set to the number 
found in the complete OV promoter set

• Ratio of observed to expected is Enrichment Factor

• To estimate significance, perform parallel analysis on random 
collections of Overview promoters

• Remove motifs with very few occurrences in the promoter set



False Discovery Estimates
Enrichment Factors and Random Promoter Sets
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Peak 4 hpi 11 hpi 18 hpi 25 hpi 33 hpi 38 hpi 43 hpi 47 hpi 
Pattern # 3 6 5 4 7 1 2 8 

>50%         
Genes 31 97 58 460 328 128 85 10 

MAP>10  13       
Pass Filters  0       

         
>60%         
Genes 14 32 28 276 177 72 62 4 

MAP>10 4 7 9 50 29 12 15 4 
Pass Filters 0 0 2 2 1 3 3 0 

         
>75%         
Genes 8 9 12 84 41 30 25 3 

MAP>10    25     
Pass Filters    1     

         
         

 

Minority of enriched motifs 
survive cutoff filtering



Top Scoring Motifs

18 hpi peak 
(Pattern 5)

19.2  (1)

16.8  (1)

5.7  (36)
(7)

Enrichment Factor (Percentile)



Top Scoring Motifs

5.0  (9)

4.6  (11)

25 hpi peak 
(Pattern 4)

5.9  (6)

Enrichment Factor (Percentile)



Top Scoring Motifs

9.2  (3)

33 hpi peak 
(Pattern 7)

Enrichment Factor (Percentile)



Top Scoring Motifs

5.9
(7)

5.7
(7)

4.8
(10)

38 hpi peak 
(Pattern 1)

Enrichment Factor (Percentile)



Top Scoring Motifs

4.8  (15)

5.7  (4)

16.3  (1)

43 hpi peak 
(Pattern 2)

Enrichment Factor (Percentile)



Do the motifs predict expression pattern?
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# Pattern Members
Bulk =

# OV genes

# Motif Hits in Pattern
Observed =

# Motif Hit GenesHypergeometric p-values < 0.05 except for p5m8



Significance of Enriched Motifs
Where are the transcription factors?

Two predictions for identified motifs:  
1) Important for regulation of gene expression
2) Binding sites for transcription factor proteins

1) Test these sequences using expression reporter assays

2a) Direct Identification of Proteins is Difficult:
Scale-up purification + Mass Spectrometry analysis for direct 

identification of important binding activities

2b) High throughput approaches would be useful, such as:
P. falciparum protein expression library tested for binding to 

oligo array

Identification of transcription factors is crucial for understanding biology 
of parasite development cycle



Summary

• Hypothesis:  Coordinated transcriptional regulation drives 
temporal expression, so functional regulatory sites should be 
enriched in co-regulated genes 

• Bayesian Decomposition defined mathematically robust expression 
patterns that compose the date; chose 8 patterns

• Upstream regions for the strong genes in the patterns were 
analyzed for over-represented sequence motifs

• Those enriched in specific patterns are good candidate binding
sites for heretofore unidentified transcription factors

• Hypothesis:  Coordinated transcriptional regulation drives 
temporal expression, so functional regulatory sites should be 
enriched in co-regulated genes 

• Bayesian Decomposition defined mathematically robust expression 
patterns that compose the date; chose 8 patterns

• Upstream regions for the strong genes in the patterns were 
analyzed for over-represented sequence motifs

• Those enriched in specific patterns are good candidate binding
sites for heretofore unidentified transcription factors
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