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Timeline of Molecular Biology

2005-    
Next Generation 
Sequencing

1859    
Charles Darwin: 
On the Origin of 
Species

1869    
Johann Meisher 
isolated DNA

1902    
Walter Sutton:
coined the 
term gene

1953    
James Watson, 
Francis Crick:
DNA double helix

1955    
Frederick Sanger: 
first sequence 
of a protein

1956    
Francis Crick and 
George Gamov:
Central Dogma 

1961    
Nirenberg, 
Mathaei and 
Ochoa: 
Genetic Code

1974    
Maxam, Gilbert & Sanger: 
DNA sequencing

1977    
First complete genome: 
Bacteriophage FX-174 
(5368 bp)

1980    
Kary Mullis: 
PCR

1990    
Human Genome 
Project launched

1995    
H. influenza 
sequenced

1995    
Pat Brown: 
DNA Microarrays

1999    
Drosophila
genome

2000/2  
Human genome



Illustrations from  http://genome.gov

Key players: DNA, RNA & Proteins
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Central Dogma (1956)

DNA ⇒ messenger RNA ⇒ Protein
one gene one function



Hall et al., Science 1990; Miki et al., Science 1994

Success story: BRCA1/2

• Early onset, aggressive breast 
cancer (60% vs. 12% life-time risk 
for breast, 15-40% vs. 1.4% for 
ovarian cancer)

• Linkage analysis on pedigrees: 
genetic variations & approximate 
chromosomal positions



Success story: BRCA1/2

• Sequence of the Breast Cancer 
type 1 susceptibility protein

• BRCA 1/2 alert cells to DNA 
damage, initiating DNA repair 
or cell death



Hope for Human Genome Project

Understand disease (and biology) by

• identifying all genes,

• investigating the proteins each gene codes for, and

• relating genetic variations to phenotypes. 



Number of Genes?

Organism Genome Size #Genes

C. elegans 100 Mbp 19,000

Drosophila 123 Mbp 17,000

H. sapiens
(estimates)

3,080 Mbp >> 100,000

H. sapiens ~21,000



Today’s Picture

DNA ⇒ messenger RNA ⇒ Protein

DNA modifications

protein complexes

multiple genes

 ... a specific function in a specific context

multiple proteins

transcriptional
regulation

post-transcriptional
regulation

alternative splicing



Regulation of Gene Expression

Where, when, why, are which proteins 

produced from a gene?



http://www.ncbi.nlm.nih.gov/genbank/genbankstats.html

Amount of Data



Images: Copyright Nucleic Acids Research  

Types of Data

• Genbank: DNA Sequences
started 1979 at LANL; today at NCBI/NIH

• PDB: Protein Structures
started 1971 at Brookhaven; today at Rutgers

• Today: thousands of other data bases for 
specific types of data, organisms, diseases etc.

• NAR publishes ~100 novel data bases in its 
yearly database issue



Workflow

- Data mining produces interesting observations

- Formulate hypothesis

- Biologists test hypothesis



Workflow

- Data mining produces interesting observations

- Formulate hypothesis

- Biologists test hypothesis

The selected model is (part of) the hypothesis



Problem scale

• Individual problems are large (dimension and/or samples)

• Many problems

• E.g. Databases with HMM for protein families

• Personalized Medicine

• Frequent updates



Transcription factors & 
CSI models

Story #1



Transcription factors



Experimental setup

DNA

Transcription
Factors



Experimental setup

Bound DNA

Transcription
Factors



Experimental setup

Bound DNA

Transcription
Factors

YY

Antibodies

Matrix



Experimental setup

Bound DNA

Transcription
Factors

YY

Antibodies

Matrix



Experimental setup

Released DNA

Transcription
Factors

YY

Antibodies

Matrix

ACCGTTACT
AACGTGATTDNA

Sequencing



Example Leu3
C C G G T A C C G G
G - - - A - A - - -
- - - T C - A - - -
G - T - A - - - - -
- - - C C - - - - -
- - - T C - - - - C
- - - - G G - - - -
- - T A C - - - - -
- - - A A - T - - -
- - T - A - A - - -
...
- - - C G G G - - -
G - - - A T G - - -
G - - - A T A - - -
G - T - - - - - - C
- - T T - C - - - -

Consensus



Leu3 Sequence Logo
A  [  0   0   0  20  26  47   0   0   0   0 ]
C  [100 100   0   0  34  12  61 100   0  32 ]
G  [  0   0  56  35   0  16  39   0 100  68 ]
T  [  0   0  43  45  41  25   0   0   0   0 ]Logo for MA0324.1

position

bi
ts

1

2

1 2 3 4 5 6 7 8 9 10



Naive Bayes mixture

x = (x1, x2 , x3, x4 , x5 , x6 , x7 , x8 , x9 , x10 ) xi ∈{A,C,G,T}

P(x |ω ) = α p1, j (x j )
j=1

10

∏ + (1−α ) p2, j (x j )
j=1

10

∏

pi, j = (pi, j (A), pi, j (C), pi, j (G), pi, j (T ))

 ω = (α, p1,1,…, p2,10 )



Naive Bayes mixture
x1

x2

x3

x4

x5
x6

x7

x8

x9

x10

h

p•,1
p•,2

P(h = 1) = α

p•,3



Context-specific independence CSI

P(x |ω ) = α p1, j (x j )
j=1

10

∏ + (1−α ) p2, j (x j )
j=1

10

∏

R = {}

Mixture of Naive Bayes and relations between parameters

k=1

k=2



Context-specific independence CSI

P(x |ω ) = α p1, j (x j )
j=1

10

∏ + (1−α ) p2, j (x j )
j=1

10

∏

R = {p1,2 = p2,2}

Mixture of Naive Bayes and relations between parameters

k=1

k=2



Context-specific independence CSI

P(x |ω ) = α p1, j (x j )
j=1

10

∏ + (1−α ) p2, j (x j )
j=1

10

∏

 

R = {p1,2 = p2,2 ,…, p1,7 = p2,7 , p1,8 = p2,8 ,
p1,9 = p2,9 , p1,10 = p2,10}

Mixture of Naive Bayes and relations between parameters

k=1

k=2



MAP Estimation

• Priors:

• Parameters (pseudocounts) 

• Structure (#components,#relations)

• Structural EM from full mixture (BIC for #components)

• Given structure, reestimate parameters

• Coordinate-wise greedy introduction of relations 
maximizing posterior



Results Leu3

k=1

k=2



Numbers

• Several databases

• # transcription factors > 400

• # sequences per factor ~ 20-50

• Yearly updates

• Identical problem for other regulatory elements



CSI & Feature selection

Features

k=1
k=2
k=3
k=4
k=5



Copy Number Variants & 
Hidden Markov models

Story #2



Genetic variants beyond mutations
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Array comparative genomic 
hybridization
(Array CGH). A technique 
based on competitively 
hybridizing fluorescently 
labelled test and reference 
samples to a known target 
DNA sequence immobilized  
on a solid glass substrate  
and then interrogating the 
hybridization ratio.

SNP microarrays
Hybridization-based assays  
in which the target DNA 
sequences are discriminated 
on the basis of a single  
base difference. Assays are 
processed with a single sample 
per array and perform both 
SNP genotyping and 
copy-number interrogation.

Single-base extension
Single-base-extension 
reactions use a primer that 
binds to a region of interest 
and follow this with an 
extension reaction that allows 
the incorporation of a single 
base after the primer.

technologies infer copy number gains or losses com-
pared to a reference sample or population, but differ in 
the details and application of the molecular!assays.

Array CGH. Array CGH platforms are based on the 
principle of comparative hybridization of two labelled 
samples (test and reference) to a set of hybridization tar-
gets (typically long oligonucleotides or, historically, bac-
terial artificial chromosome (BAC) clones). The signal 
ratio is then used as a proxy for copy number (see BOX!1 
for details). An important consideration is the effect of 
the reference sample on the copy-number profile. For 
example, when only one sample is examined, a loss in the  
reference sample is indistinguishable from a gain in  
the test sample. For this reason, a well-characterized ref-
erence is key to interpretation of array CGH data19. Early 
studies of germline CNVs were based on BAC arrays or 
low-resolution oligonucleotide platforms and allowed 
detection of CNVs typically greater than 100 kb1,2,6 
(BOX!2). These initial studies highlighted the incred-
ible number of CNVs observed in healthy individuals; 
however, the breakpoints of these alterations were not 
sufficiently well-defined to allow accurate assessment of 
the proportion of the genome altered or its gene con-
tent. This led to a drastic overestimation of the extent 
of copy-number polymorphism using large-insert BAC 
clones2, which was subsequently refined by oligonucle-
otide microarrays or sequence-based studies of the same 
DNA samples4,5,20,21.

Currently,  Roche NimbleGen and Agilent 
Technologies are the major suppliers of whole-genome 
array CGH platforms and routinely produce arrays with 
up to 2.1 million (2.1M) and 1M long oligonucleotides 
(50–75-mers), respectively, per microarray. Detection of 
a CNV typically requires a signal from at least 3 to 10 

consecutive probes (BOX!1); as a result, SNP and CGH 
microarrays can routinely detect anywhere from dozens  
to several hundred events per genome depending on the 
platform applied (BOXES!1,2). Two studies have recently 
used ultra-high-resolution arrays (24M to 42M probes) 
for array CGH-based SV discovery in samples from 
HapMap individuals5,19. Although such high-density 
arrays are not practical for a large number of samples 
(30 and 40 samples were used in these studies), these 
approaches enabled the discovery of CNVs down to 
500 bp, with breakpoints precise enough to allow the 
identification of sequence motifs at a subset of vari-
ants. One key advantage of array CGH platforms is 
the availability of custom, high-probe-density arrays 
from both major manufacturers. This has led to their 
widespread adoption in clinical diagnostics, essentially 
replacing karyotype analysis as the primary means of 
detecting copy-number alterations among children with 
developmental!delay22.

SNP arrays. SNP microarray platforms are also based on 
hybridization, with a few key differences from CGH tech-
nologies. First, hybridization is performed on a single  
sample per microarray, and log-transformed ratios are 
generated by clustering the intensities measured at each 
probe across many samples20,23,24. Second, SNP platforms 
take advantage of probe designs that are specific to 
single-nucleotide differences between DNA sequences, 
either by single-base-extension methods (Illumina) or 
differential hybridization (Affymetrix)20,23,24. One key 
disadvantage is that, per probe, SNP microarrays tend to 
offer lower signal-to-noise ratio than do the best array 
CGH platforms. This is apparent in comparisons of  
array CGH and SNP platforms in terms of detection  
of CNVs by a purely ratio-based approach24–27. However, 
a key advantage of SNP microarrays is the use of SNP 
allele-specific probes to increase CNV sensitivity, dis-
tinguish alleles and identify regions of uniparental  
disomy through the calculation of a metric termed B 
allele frequency (BAF) (BOX!1).

SNP arrays have proved popular in CNV-detection 
studies, historically as complements to array CGH 
platforms for fine-mapping regions2 and currently in 
the large-scale discovery of CNVs in a broad variety of 
populations16,20,23,28,29. Early SNP arrays demonstrated 
poor coverage of CNV regions, but recent arrays (such 
as the Affymetrix 6.0 SNP and Illumina 1M platforms) 
incorporate better SNP selection criteria for complex 
regions of the genome and non-polymorphic copy-
number probes (which are examined for log ratios but 
not BAF)20,23,30. Another important consideration is the 
choice of population because the average heterozygosity 
affects the proportion of SNPs that will generate a mean-
ingful BAF signal (typically, heterozygosity is 30–40% in 
Illumina platforms). This is particularly relevant when 
dealing with populations that may have experienced a 
drastic bottleneck, as opposed to more outbred popula-
tions, and thus may affect the number of probes needed 
to identify an alteration23,24. Some studies combine array 
CGH and SNP platforms to offer higher confidence in 
CNV detection2,20,30.
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Figure from Alkan et al. Nature Reviews Genetics, 2011



Genetic variants beyond mutations
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Array comparative genomic 
hybridization
(Array CGH). A technique 
based on competitively 
hybridizing fluorescently 
labelled test and reference 
samples to a known target 
DNA sequence immobilized  
on a solid glass substrate  
and then interrogating the 
hybridization ratio.

SNP microarrays
Hybridization-based assays  
in which the target DNA 
sequences are discriminated 
on the basis of a single  
base difference. Assays are 
processed with a single sample 
per array and perform both 
SNP genotyping and 
copy-number interrogation.

Single-base extension
Single-base-extension 
reactions use a primer that 
binds to a region of interest 
and follow this with an 
extension reaction that allows 
the incorporation of a single 
base after the primer.

technologies infer copy number gains or losses com-
pared to a reference sample or population, but differ in 
the details and application of the molecular!assays.

Array CGH. Array CGH platforms are based on the 
principle of comparative hybridization of two labelled 
samples (test and reference) to a set of hybridization tar-
gets (typically long oligonucleotides or, historically, bac-
terial artificial chromosome (BAC) clones). The signal 
ratio is then used as a proxy for copy number (see BOX!1 
for details). An important consideration is the effect of 
the reference sample on the copy-number profile. For 
example, when only one sample is examined, a loss in the  
reference sample is indistinguishable from a gain in  
the test sample. For this reason, a well-characterized ref-
erence is key to interpretation of array CGH data19. Early 
studies of germline CNVs were based on BAC arrays or 
low-resolution oligonucleotide platforms and allowed 
detection of CNVs typically greater than 100 kb1,2,6 
(BOX!2). These initial studies highlighted the incred-
ible number of CNVs observed in healthy individuals; 
however, the breakpoints of these alterations were not 
sufficiently well-defined to allow accurate assessment of 
the proportion of the genome altered or its gene con-
tent. This led to a drastic overestimation of the extent 
of copy-number polymorphism using large-insert BAC 
clones2, which was subsequently refined by oligonucle-
otide microarrays or sequence-based studies of the same 
DNA samples4,5,20,21.

Currently,  Roche NimbleGen and Agilent 
Technologies are the major suppliers of whole-genome 
array CGH platforms and routinely produce arrays with 
up to 2.1 million (2.1M) and 1M long oligonucleotides 
(50–75-mers), respectively, per microarray. Detection of 
a CNV typically requires a signal from at least 3 to 10 

consecutive probes (BOX!1); as a result, SNP and CGH 
microarrays can routinely detect anywhere from dozens  
to several hundred events per genome depending on the 
platform applied (BOXES!1,2). Two studies have recently 
used ultra-high-resolution arrays (24M to 42M probes) 
for array CGH-based SV discovery in samples from 
HapMap individuals5,19. Although such high-density 
arrays are not practical for a large number of samples 
(30 and 40 samples were used in these studies), these 
approaches enabled the discovery of CNVs down to 
500 bp, with breakpoints precise enough to allow the 
identification of sequence motifs at a subset of vari-
ants. One key advantage of array CGH platforms is 
the availability of custom, high-probe-density arrays 
from both major manufacturers. This has led to their 
widespread adoption in clinical diagnostics, essentially 
replacing karyotype analysis as the primary means of 
detecting copy-number alterations among children with 
developmental!delay22.

SNP arrays. SNP microarray platforms are also based on 
hybridization, with a few key differences from CGH tech-
nologies. First, hybridization is performed on a single  
sample per microarray, and log-transformed ratios are 
generated by clustering the intensities measured at each 
probe across many samples20,23,24. Second, SNP platforms 
take advantage of probe designs that are specific to 
single-nucleotide differences between DNA sequences, 
either by single-base-extension methods (Illumina) or 
differential hybridization (Affymetrix)20,23,24. One key 
disadvantage is that, per probe, SNP microarrays tend to 
offer lower signal-to-noise ratio than do the best array 
CGH platforms. This is apparent in comparisons of  
array CGH and SNP platforms in terms of detection  
of CNVs by a purely ratio-based approach24–27. However, 
a key advantage of SNP microarrays is the use of SNP 
allele-specific probes to increase CNV sensitivity, dis-
tinguish alleles and identify regions of uniparental  
disomy through the calculation of a metric termed B 
allele frequency (BAF) (BOX!1).

SNP arrays have proved popular in CNV-detection 
studies, historically as complements to array CGH 
platforms for fine-mapping regions2 and currently in 
the large-scale discovery of CNVs in a broad variety of 
populations16,20,23,28,29. Early SNP arrays demonstrated 
poor coverage of CNV regions, but recent arrays (such 
as the Affymetrix 6.0 SNP and Illumina 1M platforms) 
incorporate better SNP selection criteria for complex 
regions of the genome and non-polymorphic copy-
number probes (which are examined for log ratios but 
not BAF)20,23,30. Another important consideration is the 
choice of population because the average heterozygosity 
affects the proportion of SNPs that will generate a mean-
ingful BAF signal (typically, heterozygosity is 30–40% in 
Illumina platforms). This is particularly relevant when 
dealing with populations that may have experienced a 
drastic bottleneck, as opposed to more outbred popula-
tions, and thus may affect the number of probes needed 
to identify an alteration23,24. Some studies combine array 
CGH and SNP platforms to offer higher confidence in 
CNV detection2,20,30.
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Experiments for detecting CNV
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Experiments for detecting CNV
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Experiments for detecting CNV
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Segmenting observation sequences

• Duplications and deletions affect contiguous regions

• Assume: piece-wise constant + noise

• Copy numbers are discrete
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Segmenting observation sequences

• Hidden Markov Model (HMM) with 
continuous emissions

• States = copy numbers
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Segmenting observation sequences

• Estimate Maximum-Likelihood HMM 
parameters using EM (Baum-Welch)

• Segmentation = most likely state 
path for observations (Viterbi path)
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Maximum Likelihood vs Bayesian

θML = argmax
θ

P(O |θ)

Q* = argmax
Q

P(Q |O,θML )

P(Q*
t = '+ ' |O,θML )

P(Q |O) = P(Q |O,θ)P(θ |O)dθ
θ
∫



Markov Chain Monte Carlo in HMM

• Draw                                   and
from 

• Estimate marginal distribution 

P(Qt = '+ ' |O) =
1
n

I{Qt
(i ) = '+ '}

i
∑

 θ
(1),θ (2),θ (3),θ (4 )…  Q

(1),Q(2),Q(3),Q(4 )…
P(Q,θ |O)



Forward-Backwards Gibbs (FBG)

Scott, Journal of the American Statistical Association, 2002

t=7 t=8t=6t=5t=4t=3t=2t=1

State +

State =

State -

• Compute Forward-Variables for i,t P(O1...,Ot,Qt=i|θ(k))

• Sample last state QT from P(O1...,OT,QT|θ(k))



Forward-Backwards Gibbs (FBG)

Scott, Journal of the American Statistical Association, 2002

t=7 t=8t=6t=5t=4t=3t=2t=1

State +

State =

State -

• Sample states backwards from P(Qt, O1...,Ot |θ(k))P(Qt+1|Qt) 



Forward-Backwards Gibbs (FBG)

Scott, Journal of the American Statistical Association, 2002

t=7 t=8t=6t=5t=4t=3t=2t=1

State +

State =

State -

• Sample states backwards from P(Qt, O1...,Ot |θ(k))P(Qt+1|Qt) 

• Sample new parameters θ(k+1)



Relations for Bayesian HMM



Approximate sampling

Scott, Journal of the American Statistical Association, 2002

t=7 t=8t=6t=5t=4t=3t=2t=1

State +

State =

State -

• Assume same state for those piece-wise constant segments



Approximate sampling

Scott, Journal of the American Statistical Association, 2002

t=7 t=8t=6t=5t=4t=3t=2t=1

State +

State =

State -

• Sample states backwards from P(Qt, O1...,Ot |θ(k))P(Qt+1|Qt) 

• Once per block!



Evaluation

• Compare to gold standard evaluation for respective dataset

• Consider as two class problems: normal vs. aberration

• Report

• Recall = TP / (TP + FN)

• Precision = TP / (TP + FP) 

• F1-measure = 2 x recall x precision / (recall + precision)



Why not to use ML …

MethodMethod F1 Recall Precision Likelihood
FBGFBG 0.82±0.00 0.84±0.00 0.88±0.00 —

EM: initial 
parameters 
from prior

ML 0.65 0.90 0.50 15158EM: initial 
parameters 
from prior

best 0.85 0.84 0.86 9616
EM: initial 
parameters 
from prior avg. 0.76±0.09 0.86±0.03 0.68±0.12 13744

EM: initial 
parameters 

sampled 
uniformly

ML 0.64 0.90 0.50 15159EM: initial 
parameters 

sampled 
uniformly

best 0.86 0.84 0.88 9136

EM: initial 
parameters 

sampled 
uniformly avg 0.54±0.24 0.77±0.21 0.46±0.27 13457

All methods run for 810s (1 run FBG, ~1000 repetitions for EM, 30-50 steps each)



Why to use approximate sampling…

MethodMethod F1 Recall Precision Time
FBGFBG 0.82±0.00 0.84±0.00 0.88±0.00 810s

Approximate 
sampling

w=1 0.85±0.00 0.83±0.00 0.88±0.00 72s (11x)

Approximate 
sampling

w=2 0.87±0.00 0.83±0.00 0.91±0.00 21s (40x)

Approximate 
sampling

w=3 0.89±0.00 0.83±0.00 0.95±0.00 13s (62x)Approximate 
sampling w=4 0.84±0.08 0.77±0.11 0.95±0.01 13s (62x)

Approximate 
sampling

w=5 0.71±0.17 0.60±0.22 0.95±0.01 13s (62x)

Approximate 
sampling

w=6 0.79±0.07 0.69±0.10 0.96±0.01 14s (60x)



Imbalanced problems

• Consider data as one-dimensional (ignore spatial information)

• Fit mixture: weights αi

• Consider r=αmax/αmin

• Model selection for r > 10,000,000 ?



Numbers

• ~50,000 observations (arrayCGH)

• ~500,000 observations (SNPArrays)

• Tens of Millions (sequencing)

• Thousands of samples now; 100,000s soon



Regions of equal
sequence composition 

Story #3



Chromosome Bands



Hidden Markov Model



Hidden Markov Model with higher 
order emissions



Numbers

• DNA sequences of 50,000-3,000,000,000

• #hidden states: 4-16

• Many genomes



Outlook

• Selected models important part of the analysis

• Unsupervised, automated model selection necessary

• Important problems (HMM):

• {A,C,G,T} instead of binary observations

• N=3,4,5 hidden states instead of N=2



Stem cells to specialized cells
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specific order during differentiation as the result of a lin-
ear sequence of genomic rearrangements at the T and B
cell receptor loci [4,5]. Based on this, lineage-specific
expression and roles of transcription factors have been
studied extensively [1,2,6]. It has been shown, for exam-
ple, that Gata3 is required for CD4 T cell maturation and
that Runx3 silences the CD4 gene in CD8 T cells. Very
recently, a new class of regulatory RNAs, microRNAs, have
been identified as being involved in lymphocyte cell
development [7-9].

Several groups [4,5,10-12] have combined FACS medi-
ated cell sorting and mRNA expression profiling to derive
a more comprehensive picture of the lymphocytes in dis-
tinguishable developmental stages. Our interest focuses
on these patterns of gene expression in the distinct stages
of the developmental tree, the developmental profiles of
genes; see Fig. 1 for a developmental tree. Observing such
patterns, the first natural question to ask is whether fur-
ther genes exhibit the same developmental profile; for
example, are there other genes co-expressed with Gata3. It
is reasonable to assume that genes with a prescribed pat-
tern of expression, such as "up-regulated in proliferating
cells", might be relevant for specific functions of cells in a
particular stage of differentiation. Clearly, not all relevant
developmental profiles are known beforehand, so cluster-

ing is the next logical step. Clustering allows us to divide
genes into groups of similar developmental profiles, some
of which will be irrelevant–genes expressed in all
stages–others will differ in distinct branches of the devel-
opmental tree and thus indicate relevance for differentia-
tion. Once the gamut of developmental profiles is
determined, further questions can be addressed with sta-
tistical methods: which regulatory effects might cause dif-
ferentiation, which subgroups of developmental stages
share regulatory patterns or at which developmental stage
is the difference in expression between two groups the
largest. Prior work in this context relies on classical clus-
tering methods, such as self-organizing maps [4,5], hierar-
chical clustering [12], or on performing tests of
differential expression between cell types of interest [11].
Further studies concentrated on small-scale data, where
selected genes are used to infer regulatory networks. One
such study applied a state-space model to infer networks
of T cell activation [13]. Troncale and colleagues adopted
Petri Nets to model and infer regulatory networks of early
pHSC development [14], while Basso and colleagues pro-
posed a novel algorithm for a similar task [15].

Classical clustering relies on distance functions between
developmental profiles such as correlation or Euclidean
distance, which neglect the dependence structure of the

Schematic view of lymphocyte cell developmentFigure 1
Schematic view of lymphocyte cell development. Developmental stages are depicted as nodes and arrows indicate tran-
sition from one stage to another, i.e. specialization. Self-renewing hematopoietic stem cells give rise to T cells in the thymus 
(green), B cells in the bone marrow (blue) and natural killer cells (NK) via intermediate stages. DN stands for CD4-/CD8-dou-
ble negative cells, DPL for CD4+/CD8+ double positive large cells, and DPS for CD4+/CD8+ double positive small cells. Cell 
surface antigens and rearrangement events are partially annotated. The expression data sets investigated in this paper are 
marked as follows: green ovals for TCell, blue ovals for BCell, and pink boxes for LymphoidTree. We do not investigate devel-
opmental stages and transitions depicted in grey.
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hypothetical genes with similar developmental profiles is
depicted (Fig. 2, right). The genes display average expres-
sion in stage A, up-regulation in stage B, down-regulation
in stage C and up-regulation in stage D. Furthermore, the
genes have clearly distinct expression intensities, but sim-
ilar relative expression changes. Genes strongly over-
expressed in B are also strongly under-expressed in C and
strongly expressed in D. These dependencies are reflected
in the correlation between these stages. For example, A
and B (or B and D) are positively correlated, and stages B
and C are negatively correlated. A statistical model for
such developmental profiles has to include these depend-
encies between subsequent stages, as it is provided by
dependence trees. Let X = (X1, ..., Xu, ..., XL) be a L-dimen-
sional continuous random vector where the variable Xu
denotes the expression values of the developmental stage
u and x = (x1, ..., xL) denotes a realization of X representing
a developmental profile of a gene. We represent a tree by
its predecessor or parent map, pa {1, ..., L} &#x21A6; {1,
..., L} for which we assume without loss of generality that
1 < pa(u) < u and pa(1) = 1. Then we can write for the
probability density function (pdf) of a conditional

We denote the model parameters by  = ( 1, ..., u, ... L)
and the DTree by the tuple (X, pa, ). Note, that a DTree
can also be viewed as an approximation of the joint distri-

bution of a L-dimensional continuous random vector by
a product of L - 1 second order distributions [16].

We use conditional Gaussian density functions [27] as
conditional densities, denoted by p [xu|xpa(u), u] in Eq. 2.
Hence, for a given developmental profile x and a non-root
developmental stage u with pa(u) = v, the pdf takes the
form

where u = ( u, wu|v, ) are the parameters for one con-

ditional density in the model.

For a given expression data set consisting of measure-
ments for N genes at L developmental stages, let xi = (xi1,
..., xiu, ..., xiL) be the developmental profile of gene i, and
xiu be the expression value of the gene i in development
stage u for 1  i  N and 1  u  L. As derived in the Proto-
col in the Additional data file 1, the maximum likelihood
estimates (MLE) for the parameters of the conditional
Gaussian are
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Example of a simple developmental tree and a cluster of developmental profilesFigure 2
Example of a simple developmental tree and a cluster of developmental profiles. On the left, we depict a simple 
development tree, where arrows represent dependencies between variables. Above each tree variable, we depict a distribu-
tion related to it. On the right, we display the gene expression values (y-axis) in the distinct development stages (x-axis). Each 
line corresponds to the developmental profile of a given gene of a particular path of the tree in the left, as in a time-course plot. 
Distinct paths have distinct colors, in correspondence with the tree on the left. In this particular example, we have the path A, 
B and C in green and B and D in red. By superimposing the lines corresponding to paths B to C and B to D, we can contrast 
the differences in expression values of genes in these two alternative differentiation pathways.
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