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RECAP

• Expression-based network inference aims to infer 
regulatory networks from expression data

• Per-gene and per-module based methods
• Probabilistic graphical models are powerful 

representations of regulatory networks
– Different PGMs encode different types of statistical 

dependencies
• Bayesian networks: DAG, CPD, Joint probability 

distribution



An example Bayesian network 

Adapted from Kevin Murphy: Intro to Graphical models and Bayes networks: 
http://www.cs.ubc.ca/~murphyk/Bayes/bnintro.html

Cloudy 
(C)

Rain (R)Sprinkler 
(S)

WetGrass
(W)

P(C=f)  P(C=t)

0.5     0.5

P(R=f)  P(R=t)

0.8     0.2
t 0.2     0.8

P(S=f)  P(S=t)

0.5     0.5f
t 0.9     0.1

P(W=f)  P(W=t)

1        0f  f
t  f 0.1     0.9

C

f  t
t  t

0.1     0.9
0.01   0.99

C

f

S  R



Compute probabilities using a Bayesian 
network

What is P(C=f)  P(C=t)

0.5     0.5

P(S=f)  P(S=t)

0.5     0.5f
t 0.9     0.1

C
P(R=f)  P(R=t)

0.8     0.2
t 0.2     0.8

C

f

P(W=f)  P(W=t)
1        0f  f

t  f 0.1     0.9
f  t
t  t

0.1     0.9
0.01   0.99

S  R

C

RS

W

P(W |S, R)P(S|C)P(R|C)P(C)
<latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="nR0z1eec7xRaO7peR8ck+cgjc5c=">AAAB9nicbVBNSwMxEJ31s9aqqyfBS7AILUjZ9aJHoRePa2s/oF1KNk3b0Gx2SbJC2daLf8WLB0X8Kd78N6bbHrT1wQyP92ZI5gUxZ0o7zre1sbm1vbOb28vvFw4Oj+zjQlNFiSS0QSIeyXaAFeVM0IZmmtN2LCkOA05bwbg691uPVCoWiQc9iakf4qFgA0awNlLPPvVKrWn9slb2SvVp1fRa1qvlnl10Kk4GtE7cJSnCEl7P/ur2I5KEVGjCsVId14m1n2KpGeF0lu8misaYjPGQdgwVOKTKT7MLZujCKH00iKQpoVGm/t5IcajUJAzMZIj1SK16c/E/r5PowY2fMhEnmgqyeGiQcKQjNI8D9ZmkRPOJIZhIZv6KyAhLTLQJLW9CcFdPXifNq4rrVNx7B3JwBudQAheu4RbuwIMGEHiCF3iDd+vZerU+FnFtWMvcTuAPrM8f20OSvQ==</latexit><latexit sha1_base64="nR0z1eec7xRaO7peR8ck+cgjc5c=">AAAB9nicbVBNSwMxEJ31s9aqqyfBS7AILUjZ9aJHoRePa2s/oF1KNk3b0Gx2SbJC2daLf8WLB0X8Kd78N6bbHrT1wQyP92ZI5gUxZ0o7zre1sbm1vbOb28vvFw4Oj+zjQlNFiSS0QSIeyXaAFeVM0IZmmtN2LCkOA05bwbg691uPVCoWiQc9iakf4qFgA0awNlLPPvVKrWn9slb2SvVp1fRa1qvlnl10Kk4GtE7cJSnCEl7P/ur2I5KEVGjCsVId14m1n2KpGeF0lu8misaYjPGQdgwVOKTKT7MLZujCKH00iKQpoVGm/t5IcajUJAzMZIj1SK16c/E/r5PowY2fMhEnmgqyeGiQcKQjNI8D9ZmkRPOJIZhIZv6KyAhLTLQJLW9CcFdPXifNq4rrVNx7B3JwBudQAheu4RbuwIMGEHiCF3iDd+vZerU+FnFtWMvcTuAPrM8f20OSvQ==</latexit><latexit sha1_base64="HZtVnw7t2dzR4iw7scUFv6X5dQE=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARWpCSuNFlsRuXsbUPaEOZTCft0MkkzEyEktaNv+LGhSJu/Qt3/o3TNAttPTCXwzn3cuceL2JUKsv6NnJr6xubW/ntws7u3v6BeXjUkmEsMGnikIWi4yFJGOWkqahipBMJggKPkbY3rs399gMRkob8Xk0i4gZoyKlPMVJa6psnTqk9bVzUy06pMa3pWk9rrdw3i1bFSgFXiZ2RIsjg9M2v3iDEcUC4wgxJ2bWtSLkJEopiRmaFXixJhPAYDUlXU44CIt0kvWAGz7UygH4o9OMKpurviQQFUk4CT3cGSI3ksjcX//O6sfKv3YTyKFaE48UiP2ZQhXAeBxxQQbBiE00QFlT/FeIREggrHVpBh2Avn7xKWpcV26rYd1axepPFkQen4AyUgA2uQBXcAgc0AQaP4Bm8gjfjyXgx3o2PRWvOyGaOwR8Ynz85KZQl</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit><latexit sha1_base64="GeW9hLBImaOR6OyCaEkn/l9FNNA=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxCC1ISEXRZ7MZlbO0D2lAm00k7dDIJMxOhpHXjr7hxoYhb/8Kdf+M0zUJbD8zlcM693LnHixiVyrK+jZXVtfWNzdxWfntnd2/fPDhsyjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbVWd+64EISUN+r8YRcQM04NSnGCkt9cxjp9ia1M9rJadYn1R1raW1WuqZBatspYDLxM5IAWRweuZXtx/iOCBcYYak7NhWpNwECUUxI9N8N5YkQniEBqSjKUcBkW6SXjCFZ1rpQz8U+nEFU/X3RIICKceBpzsDpIZy0ZuJ/3mdWPnXbkJ5FCvC8XyRHzOoQjiLA/apIFixsSYIC6r/CvEQCYSVDi2vQ7AXT14mzYuybZXtu8tC5SaLIwdOwCkoAhtcgQq4BQ5oAAwewTN4BW/Gk/FivBsf89YVI5s5An9gfP4AOmmUKQ==</latexit>

Bayes net allows us to write

0.9*0.5*0.2*0.5
Looking up in the CPD

=0.045

Plugging in the assignments for the variables:
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8
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5
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8

Score(Bm )

5
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8

Score(B2)

5
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Bayesian network representation of a 
regulatory network

Bayesian network

TARGET (CHILD)

REGULATORS (PARENTS)
X1

X2

X3

X1 X2

X3
P(X3|X1,X2)

Random variables

HSP12
Sko1Hot1

Inside the cell

Hot1:

Sko1:

Hsp12:

P(X1) P(X2)
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Sparse candidate algorithm

• Input:
– A data set D
– An initial Bayes net B0
– A parameter k: max number of parents per variable

• Output: 
– Final Br

• Loop for r=1,2.. until convergence
– Restrict

• Based on D and Br-1 select candidate parents Ci
r for Xi

• This defines a skeleton directed network Hr

– Maximize
• Find network Br that maximizes the score Score(Br) among networks 

satisfying

• Termination: Return Br

Par(X i) ! Cr
i
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Sparse candidate learns good networks faster 
than hill-climbing
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Figure4: Graphsshowing the performanceof the differentalgorithmson the text andbiological domains. The graphs
on the top row show plotsof score( -axis)vs. runningtime ( -axis). Thegraphson thebottomrow show thesamerun
measuredin termsof score( -axis)vs.numberof statisticscomputed( -axis).Thereportedmethodsvary in termsof the
candidateselectionmeasure(Disc Ðdiscrepancy measure,Shld Ðshieldingmeasure,Score Ðscorebasedmeasure)and
thesizeof thecandidateset(k = 10or 15). Thepointson eachcurve for thesparsecandidatealgorithmaretheendresult
of aniteration.

marginalize statisticsto get the statisticsof subsets.We
report the numberof actualstatisticsthat werecomputed
from thedata.

Finally, in all of ourexperimentsweusedtheBDe score
of [16] with auniformprior with equivalentsamplesizeof
ten. This choiceis a fairly unformedprior that doesnot
codeinitial biastowardthecorrectnetwork. Thestrength
of the equivalentsamplesizewassetprior to the experi-
mentsandwasnot tuned.

In theÞrstsetof experimentsweusedasampleof 10000
instancesfrom theÒalarmÓnetwork[1]. This networkhas
beenusedfor studiesof structurelearningin variouspa-
pers,andis treatedasa commonbenchmarkin the Þeld.
This network contains37 variables,of which 13 have 2
values,22 have 3 values,and2 have 4 values. We note
thatalthoughwe do not considerthis datasetparticularly
massive, it doesallow us to estimatethe behavior of our
searchprocedure. In the future we plan to usesynthetic
datafrom largernetworks.

Theresultsfor thissmalldatasetarereportedin Table1.
In this table we measureboth the scoreof the networks
found and their error with respectto generatingdistribu-
tions. The resultson this toy domainshow that our algo-
rithm, in particularwith the selectionheuristic,Þnds
networkswith comparablescoreto theonefoundby greedy
hill climbing. Although the timing resultsfor this small
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less,subsequentiterationsimprove thescore.Thus,there-
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to importantimprovements.
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set that containsmessagesfrom 20 newsgroups(approxi-
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groupdesignatorandthe99 (text 100 set)or 199(text 200
set)mostcommonwords.We trainedon 10,000messages
thatwererandomlyselectedfrom thetotal dataset.

Theresultsof theseexperimentsarereportedin Þgure4.
As we cansee,in the caseof 100 attributes,by usingthe

selectionmethodwith candidatesetsof sizes10 or
15, we canlearnnetworksthatarereasonablycloseto the
onefoundby greedyhill-climbing in abouthalf therunning
time andhalf thenumberof sufÞcientstatistics.Whenwe
have 200 attributes,the speedupis larger than3. We ex-
pect that as we considerdatasetswith larger numberof
attributes,this speedupratio will grow.

To testthat,wedevisedanothersyntheticdataset,which
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differences from the mean ranged from 30 (in vineyard strain I14)
to nearly 600 (in clinical isolate YJM789), with a median of 88
expression differences per strain. The number of expression
differences did not correlate strongly with the genetic distances of
the strains (R2 = 0.16). However, this is not surprising since many
of the observed expression differences are likely linked intrans to
the same genetic loci [27,31,34,35,43]. Consistent with this
interpretation, we found that the genes affected in each strain
were enriched for specific functional categories (Table S4),
revealing that altered expression of pathways of genes was a
common occurrence in our study.

We noticed that some functional categories were repeatedly
affected in different strains. To further explore this, we identified
individual genes whose expression differed from the mean in at
least 3 of the 17 non-laboratory strains. This group of 219 genes
was strongly enriched for genes involved in amino acid metabolism
(p,10214), sulfur metabolism (p,10214), and transposition
(p,10247), revealing that genes involved in these functions had
a higher frequency of expression variation. Differential expression

of some of these categories was also observed for a different set of
vineyard strains [26,28], and the genetic basis for differential
expression of amino acid biosynthetic genes in one vineyard strain
has recently been linked to a polymorphism in an amino acid
sensory protein [35]. We also noted that the 1330 genes with
statistically variable expression in at least one non-laboratory
strain were enriched for genes that contained upstream TATA
elements [46] (p = 10216) and genes with paralogs (p = 1026) but
under-enriched for essential genes [47] (p = 10225). The trends
and statistical significance were similar using 953 genes that varied
significantly from YPS163. Thus, genes with specific functional
and regulatory features are more likely to vary in expression under
the conditions examined here, consistent with reports of other
recent studies [30,43,48,49] (see Discussion).

Influence of Copy Number Variation on Gene Expression
Variation

Expression from transposable Ty elements was highly variable
across strains. However, Ty copy number is known to vary widely

Figure 3. Variation in gene expression in S. cerevisiae isolates. The diagrams show the average log2 expression differences measured in the
denoted strains. Each row represents a given gene and each column represents a different strain, color-coded as described in Figure 1. (A) Expression
patterns of 2,680 genes that varied significantly (FDR = 0.01, paired t-test) in at least one strain compared to S288c. (B) Expression patterns of 953
genes that varied significantly in at least one strain compared to strain YPS163 (FDR = 0.01, unpaired t-test). For (A) and (B), a red color indicates
higher expression and a green color represents lower expression in the denoted strain compared to S288c, according to the key. (C) Expression
patterns of 1,330 genes that varied significantly (FDR = 0.01, paired t-test) in at least one strain compared to the mean expression of all 17 strains.
Here, red and green correspond to higher and lower expression, respectively, compared to the mean expression of that gene in all strains. Genes
were organized independently in each plot by hierarchical clustering.
doi:10.1371/journal.pgen.1000223.g003
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least 3 of the 17 non-laboratory strains. This group of 219 genes
was strongly enriched for genes involved in amino acid metabolism
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were enriched for specific functional categories (Table S4),
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individual genes whose expression differed from the mean in at
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interpretation, we found that the genes affected in each strain
were enriched for specific functional categories (Table S4),
revealing that altered expression of pathways of genes was a
common occurrence in our study.

We noticed that some functional categories were repeatedly
affected in different strains. To further explore this, we identified
individual genes whose expression differed from the mean in at
least 3 of the 17 non-laboratory strains. This group of 219 genes
was strongly enriched for genes involved in amino acid metabolism
(p,10214), sulfur metabolism (p,10214), and transposition
(p,10247), revealing that genes involved in these functions had
a higher frequency of expression variation. Differential expression

of some of these categories was also observed for a different set of
vineyard strains [26,28], and the genetic basis for differential
expression of amino acid biosynthetic genes in one vineyard strain
has recently been linked to a polymorphism in an amino acid
sensory protein [35]. We also noted that the 1330 genes with
statistically variable expression in at least one non-laboratory
strain were enriched for genes that contained upstream TATA
elements [46] (p = 10216) and genes with paralogs (p = 1026) but
under-enriched for essential genes [47] (p = 10225). The trends
and statistical significance were similar using 953 genes that varied
significantly from YPS163. Thus, genes with specific functional
and regulatory features are more likely to vary in expression under
the conditions examined here, consistent with reports of other
recent studies [30,43,48,49] (see Discussion).
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individual genes whose expression differed from the mean in at
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interpretation, we found that the genes affected in each strain
were enriched for specific functional categories (Table S4),
revealing that altered expression of pathways of genes was a
common occurrence in our study.
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affected in different strains. To further explore this, we identified
individual genes whose expression differed from the mean in at
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(p,10247), revealing that genes involved in these functions had
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has recently been linked to a polymorphism in an amino acid
sensory protein [35]. We also noted that the 1330 genes with
statistically variable expression in at least one non-laboratory
strain were enriched for genes that contained upstream TATA
elements [46] (p = 10216) and genes with paralogs (p = 1026) but
under-enriched for essential genes [47] (p = 10225). The trends
and statistical significance were similar using 953 genes that varied
significantly from YPS163. Thus, genes with specific functional
and regulatory features are more likely to vary in expression under
the conditions examined here, consistent with reports of other
recent studies [30,43,48,49] (see Discussion).
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revealing that altered expression of pathways of genes was a
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strain were enriched for genes that contained upstream TATA
elements [46] (p = 10216) and genes with paralogs (p = 1026) but
under-enriched for essential genes [47] (p = 10225). The trends
and statistical significance were similar using 953 genes that varied
significantly from YPS163. Thus, genes with specific functional
and regulatory features are more likely to vary in expression under
the conditions examined here, consistent with reports of other
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differences did not correlate strongly with the genetic distances of
the strains (R2 = 0.16). However, this is not surprising since many
of the observed expression differences are likely linked intrans to
the same genetic loci [27,31,34,35,43]. Consistent with this
interpretation, we found that the genes affected in each strain
were enriched for specific functional categories (Table S4),
revealing that altered expression of pathways of genes was a
common occurrence in our study.

We noticed that some functional categories were repeatedly
affected in different strains. To further explore this, we identified
individual genes whose expression differed from the mean in at
least 3 of the 17 non-laboratory strains. This group of 219 genes
was strongly enriched for genes involved in amino acid metabolism
(p,10214), sulfur metabolism (p,10214), and transposition
(p,10247), revealing that genes involved in these functions had
a higher frequency of expression variation. Differential expression

of some of these categories was also observed for a different set of
vineyard strains [26,28], and the genetic basis for differential
expression of amino acid biosynthetic genes in one vineyard strain
has recently been linked to a polymorphism in an amino acid
sensory protein [35]. We also noted that the 1330 genes with
statistically variable expression in at least one non-laboratory
strain were enriched for genes that contained upstream TATA
elements [46] (p = 10216) and genes with paralogs (p = 1026) but
under-enriched for essential genes [47] (p = 10225). The trends
and statistical significance were similar using 953 genes that varied
significantly from YPS163. Thus, genes with specific functional
and regulatory features are more likely to vary in expression under
the conditions examined here, consistent with reports of other
recent studies [30,43,48,49] (see Discussion).
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Figure 1: (a) A simple Bayesian network over stock price variables; the stock price of Intel (INTL)
is annotated with a visualization of its CPD, described as a different multinomial dis-
tribution for each value of its inßuencing stock price Microsoft (MSFT). (b) A simple
module network; the boxes illustrate modules, where stock price variables share CPDs
and parameters. Note that in a module network, variables in the same module have the
same CPDs but may have different descendants.

to modules and the probabilistic model for each module. We evaluate the performance of our al-
gorithm on two real data sets, in the domains of gene expression and the stock market. Our results
show that our learned module network generalizes to unseen test data muchbetter than a Bayesian
network. They also illustrate the ability of the learned module network to revealhigh-level structure
that provides important insights.

2. The Module Network Framework

We start with an example that introduces the main idea of module networks and then provide a
formal deÞnition. For concreteness, consider a simple toy example of modeling changes in stock
prices. The Bayesian network of Figure 1(a) describes dependencies between different stocks. In
this network, each random variable corresponds to the change in price of a single stock. For illus-
tration purposes, we assume that these random variables take one of three values: ÔdownÕ, ÔsameÕ
or ÔupÕ, denoting the change during a particular trading day. In our example, the stock price of
Intel (INTL) depends on that of Microsoft (MSFT). Theconditional probability distribution (CPD)
shown in the Þgure indicates that the behavior of IntelÕs stock is similar to that of Microsoft. That
is, if MicrosoftÕs stock goes up, there is a high probability that IntelÕs stockwill also go up and vice
versa. Overall, the Bayesian network speciÞes a CPD for each stock price as a stochastic function
of its parents. Thus, in our example, the network speciÞes a separate behavior for each stock.

The stock domain, however, has higher order structural features thatare not explicitly modeled
by the Bayesian network. For instance, we can see that the stock price ofMicrosoft (MSFT) in-
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For example, in the case of networks that use only multinomial table CPDs, we have one suffi-
cient statistic function for each joint assignment x ! Val(M j),u ! Val(PaM j ), which is

! {Xi[m] = x,paM j [m] = u},

the indicator function that takes the value 1 if the event (Xi[m] = x,PaM j [m] = u) holds, and 0
otherwise. The statistic on the data is

Ŝ j[x,u] =
M

"
m= 1

"
Xi! X j

! {Xi[m] = x,PaM j [m] = u}.

Given these sufficient statistics, the formula for the module likelihood function is:

Lj(PaM j ,X
j,#M j|PaM j

:D) = $
x,u! Val(M j,PaM j )

#Ŝ j[x,u]
x|u .

This term is precisely the one we would use in the likelihood of Bayesian networks with multinomial
table CPDs. The only difference is that the vector of sufficient statistics for a local likelihood term
is pooled over all the variables in the corresponding module.

For example, consider the likelihood function for the module network of Figure 1(b). In this
network we have three modules. The first consists of a single variable and has no parents, and so
the vector of statistics Ŝ[M 1] is the same as the statistics of the single variable Ŝ[MSFT]. The second
module contains three variables; thus, the sufficient statistics for the module CPD is the sum of the
statistics we would collect in the ground Bayesian network of Figure 1(a):

Ŝ[M 2,MSFT] = Ŝ[AMAT,MSFT] + Ŝ[MOT,MSFT] + Ŝ[INTL,MSFT].

Finally,
Ŝ[M 3,AMAT, INTL] = Ŝ[DELL,AMAT, INTL] + Ŝ[HPQ,AMAT, INTL].

An illustration of the decomposition of the likelihood and the associated sufficient statistics using
the plate model is shown in Figure 2.

As usual, the decomposition of the likelihood function allows us to perform maximum likeli-
hood or MAP parameter estimation efficiently, optimizing the parameters for each module sepa-
rately. The details are standard (Heckerman, 1998), and are thus omitted.

3.2 Priors and the Bayesian Score

As we discussed, our approach for learning module networks is based on the use of a Bayesian
score. Specifically, we define a model score for a pair (S,A) as the posterior probability of the
pair, integrating out the possible choices for the parameters #. We define an assignment prior P(A),
a structure prior P(S | A) and a parameter prior P(# | S,A). These describe our preferences over
different networks before seeing the data. By Bayes’ rule, we then have

P(S,A | D) %P(A)P(S | A)P(D | S,A),

where the last term is the marginal likelihood

P(D | S,A) =
Z
P(D | S,A,#)P(# | S)d#.
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We deÞne the Bayesian score as the log ofP(S,A | D), ignoring the normalization constant

score(S,A : D) = logP(A)+ logP(S| A)+ logP(D | S,A). (3)

As with Bayesian networks, when the priors satisfy certain conditions, the Bayesian score de-
composes. This decomposition allows to efÞciently evaluate a large number of alternatives. The
same general ideas carry over to module networks, but we also have to include assumptions that
take the assignment function into account. Following is a list of conditions on theprior required for
the decomposability of the Bayesian score in the case of module networks:

DeÞnition 7 Let P(! ,S,A) be a prior over assignments, structures, and parameters.

¥ P(! ,S,A) is globally modularif

P(! | S,A) = P(! | S),

and

P(S,A) " # (S)$(A)C(A,S),

where#(S) and$(A) are non-negative measures over structures and assignments, and C(A,S)
is a constraint indicator function that is equal to 1 if the combination of structure and assign-
ment is a legal one (i.e., the module graph induced by the assignmentA and structureS is
acyclic), and 0 otherwise.

¥ P(! | S) satisÞesparameter independenceif

P(! | S) =
K

%
j= 1

P(! M j |PaM j
| S).

¥ P(! | S) satisÞesparameter modularityif

P(! M j |PaM j
| S1) = P(! M j |PaM j

| S2).

for all structuresS1 andS2 such thatPaS1
M j

= PaS2
M j

.

¥ #(S) satisÞesstructure modularityif

#(S) = %
j

#j (Sj ),

whereSj denotes the choice of parents for moduleM j and#j is a non-negative measure over
these choices.

¥ $(A) satisÞesassignment modularityif

$(A) = %
j

$j (Aj),

whereAj denote is the choice of variables assigned to moduleM j and$j is a non-negative
measure over these choices.
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Defining the likelihood

Lj =
|D|Y

m=1

Y

Xi! Xj

P (xi[m]|paMj
[m], ! j)

K!"#$%&'(")*"%)+$,'-."Xj !"jth %)+$,' PaMj /0('#1-")*"%)+$,'" 2 3

456',57))+")*"%)+$,'"3=
K!

j =1

L j (Pa M j , X j , ! j : D)

X j = {Xi 2 X |A(Xi) = j}
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Input:
D // Data set
K // Number of modules

Output:
M // A module network

Learn-Module-Network
A0 = cluster X into K modules
S0 = empty structure
Loop t = 1,2, . . . until convergence

St = Greedy-Structure-Search(At−1,St−1)
At = Sequential-Update(At−1,St );

Return M = (At,St)

Figure 4: Outline of the module networklearning algorithm. Greedy-Structure-Search successively
applies operators that change the structure as long as each such operator results in a legal
structure and improves the module network score

prove the score. Hence, it converges to a local maximum, in the sense that no single assignment
change can improve the score.

The computation of the score is the most expensive step in the sequential algorithm. Once again,
the decomposition of the score plays a key role in reducing the complexity of this computation:
When reassigning a variable Xi from one module Mold to another Mnew, only the local scores of
these modules change. The module score of all other modules remains unchanged. The rescoring of
these two modules can be accomplished efficiently by subtracting Xi’s statistics from the sufficient
statistics of Mold and adding them to those of Mnew. Thus, assuming that we have precomputed
the sufficient statistics associated with every pair of variable Xi and module M j , the cost of recom-
puting the delta-score for an operator is O(s), where s is the size of the table of sufficient statistics
for a module. The only operators whose delta-scores change are those involving reassignment of
variables to/from these two modules. Assuming that each module has approximately O(n/ K) vari-
ables, and we have at most K possible destinations for reassigning each variable, the total number
of such operators is generally linear in n. Thus, the cost of each reassignment step is approximately
O(ns). In addition, at the beginning of the module reassignment step, we must initialize all of the
sufficient statistics at a cost of O(Mnd), and compute all of the delta-scores at a cost of O(nK).

4.3 Algorithm Summary

To summarize, our algorithm starts with an initial assignment of variables to modules. In general,
this initial assignment can come from anywhere, and may even be a random guess. We choose to
construct it using the clustering-based idea described in the previous section. The algorithm then
iteratively applies the two steps described above: learning the module dependency structures, and re-
assigning variables to modules. These two steps are repeated until convergence, where convergence
is defined by a score improvement of less than some fixed threshold ! between two consecutive
learned models. An outline of the module network learning algorithm is shown in Figure 4.

Each of these two steps — structure update and assignment update — is guaranteed to either
improve the score or leave it unchanged. The following result therefore follows immediately:
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Input:
D // Data set
A0 // Initial assignment function
S// Given dependency structure

Output:
A // improved assignment function

Sequential-Update
A = A0
Loop
For i = 1 ton
For j = 1 toK

A! = A except thatA!(Xi) = j
If "GM ,A!#is cyclic,continue
If score(S,A! : D) > score(S,A : D)

A = A!

Until no reassignments to any ofX1, . . .Xn
Return A

Figure 3: Outline of sequential algorithm for Þnding the module assignment function

4.2.3 MODULE REASSIGNMENT

In the module reassignment step, the task is more complex. We now have a given structureS, and
wish to ÞndA = argmaxA!scoreM(S,A! : D). We thus wish to take each variableXi, and select the
assignmentA(Xi) that provides the highest score.

At Þrst glance, we might think that we can decompose the score across variables, allowing
us to determine independently the optimal assignmentA(Xi) for each variableXi. Unfortunately,
this is not the case. Most obviously, the assignments to different variablesmust be constrained
so that the module graph remains acyclic. For example, ifX1 $ PaMi andX2 $ PaM j , we cannot
simultaneously assignA(X1) = j andA(X2) = i. More subtly, the Bayesian score for each module
depends non-additively on the sufÞcient statistics of all the variables assigned to the module. (The
log-likelihood function is additive in the sufÞcient statistics of the different variables, but the log
marginal likelihood is not.) Thus, we can only compute the delta score for movinga variable from
one module to another given aÞxedassignment of the other variables to these two modules.

We therefore use a sequential update algorithm that reassigns the variables to modules one by
one. The idea is simple. We start with an initial assignment functionA0, and in a Òround-robinÓ
fashion iterate over all of the variables one at a time, and consider changing their module assignment.
When considering a reassignment for a variableXi, we keep the assignments of all other variables
Þxed and Þnd the optimal legal (acyclic) assignment forXi relative to the Þxed assignment. We
continue reassigning variables until no single reassignment can improve thescore. An outline of
this algorithm appears in Figure 3

The key to the correctness of this algorithm is its sequential nature: Each time avariable as-
signment changes, the assignment function as well as the associated sufÞcient statistics are updated
before evaluating another variable. Thus, each change made to the assignment function leads to a
legal assignment which improves the score. Our algorithm terminates when it can no longer im-
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AMAT<5%

INTL<4%

00000

false

truefalse

true

INTL

MSFT

MOT

DELL
Module 3

Module 2

Module 1

AMAT

HPQ

P(M3 | AMAT, INTL)

N(1.4,0.8) N(0.1,1.6) N(-2,0.7)

Figure 6: Example of a regression tree with univariate Gaussian distributions at the leaves for rep-
resenting the CPDP(M3 | AMAT, INTL), associated withM3. The tree has internal nodes
labeled with a test on the variable (e.g.AMAT< 5%). Each univariate Gaussian distri-
bution at a leaf is parameterized by a mean and a variance. The tree structure captures
the local dependency structure of the conditional distributions. In the example shown,
whenAMAT! 5%, then the distribution over values of variables assigned toM3 will be
Gaussian with mean 1.4 and standard deviation 0.8 regardless of the value ofINTL.

Figure 6. We note that, in some domains, Gaussian distributions may not be the appropriate choice
of models to assign at the leaves of the regression tree. In such cases, we can apply transforma-
tions to the data to make it more appropriate for modeling by Gaussian distributions, or use other
continuous or discrete distributions at the leaves.

To learn module networks with regression-tree CPDs, we must extend our previous discus-
sion by adding another component toS that represents the treesT1, . . . ,TK associated with the dif-
ferent modules. Once we specify these components, the above discussion applies with several
small differences. These issues are similar to those encountered when introducing decision trees to
Bayesian networks (Chickeringet al., 1997; Friedman and Goldszmidt, 1998), so we discuss them
only brießy.

Given a regression treeTj for P(M j | PaM j ), the corresponding sufÞcient statistics are the statis-
tics of the distributions at the leaves of the tree. For each leaf! in the tree, and for each data instance
x[m], we let! j [m] denote the leaf reached in the tree given the assignment toPaM j in x[m]. The mod-
ule likelihood decomposes as a product of terms, one for each leaf! . Each term is the likelihood for
the Gaussian distributionN

!
µ! ; ! 2

!

"
, with the usual sufÞcient statistics for a Gaussian distribution.

Given a regression treeTj for P(M j | PaM j ), the corresponding sufÞcient statistics are the statis-
tics of the distributions at the leaves of the tree. For each leaf! in the tree, and for each data instance
x[m], we let! j [m] denote the leaf reached in the tree given the assignment toPaM j in x[m]. The mod-
ule likelihood decomposes as a product of terms, one for each leaf! . Each term is the likelihood for

573

Module 3 values are modeled using Gaussians at each leaf node



!""#""$%&'()#'*+,-#'./'-"$%&'0.1-,#'2#(3.45"

! !"#$%&"#'()*+,-&-*+*
" .,$,/*+,&-*+*&0/1'&*&2$13$&'1-(),&$,+31/2&
" 4$13$&'1-(),&$,+31/2&3*"&#$&+(/$&),*/$,-&0/1'&/,*)&-*+*

! 56&'1-(),"7&866&9*/#*:),"&
" ;9*)(*+,&("#$%

! <,"+&-*+*&)#2,)#=11-
! >,?19,/@&10&+/(,&A*/,$+B?=#)-&/,)*+#1$"=#A"&*/,&/,?19,/,-&#$&

),*/$,-&'1-(),&$,+31/2

! !"#$%&%,$,&,CA/,""#1$&-*+*
" ;C+,/$*)&9*)#-*+#1$&10&'1-(),"&D.,$,&1$+1)1%@7&'1+#0&

,$/#?=',$+E
" F/1""B?=,?2&3#+=&)#+,/*+(/,



!"#$%&'$'%()*"()+,,&%
LEARNING MODULE NETWORKS

-800

-750

-700

-650

-600

-550

-500

-450

0 20 40 60 80 100 120 140 160 180 200

Number of Modules

T
es

t D
at

a 
Lo

g 
Li

ke
lih

oo
d 

(p
er

 in
st

an
ce

)

25 50
100 200
500

-600

-575

-550

-525

-500

-475

-450

0 20 40 60 80 100

Number of modules

T
ra

in
ni

ng
 D

at
a 

S
co

re
 (

pe
r 

in
st

an
ce

)

25 50
100 200
500

(a) (b)

Figure 7: Performance of learning from synthetic data as a function of the number of modules and
training set size. The x-axis corresponds to the number of modules, each curve corre-
sponds to a different number of training instances, and each point shows the mean and
standard deviations from the 10 sampled data sets. (a) Log-likelihood per instance as-
signed to held-out data. (b) Average score per instance on the training data.

to a specification of the total number of modules. We used regression trees as the local probability
model for all modules, and uniform priors for ! (S) and " (A). For structure search, we used beam
search, using a lookahead of three splits to evaluate each operator. When learning Bayesian net-
works, as a comparison, we used precisely the same structure learning algorithm, simply treating
each variable as its own module.

6.1 Synthetic Data

As a basic test of our procedure in a controlled setting, we used synthetic data generated by a known
module network. This gives a known ground truth to which we can compare the learned models.
To make the data realistic, we generated synthetic data from a model that was learned from the
gene expression data set described below. The generating model had 10 modules and a total of
35 variables that were a parent of some module. From the learned module network, we selected
500 variables, including the 35 parents. We tested our algorithm’s ability to reconstruct the network
using different numbers of modules; this procedure was run for training sets of various sizes ranging
from 25 instances to 500 instances, each repeated 10 times for different training sets.

We first evaluated the generalization to unseen test data, measuring the likelihood ascribed by
the learned model to 4500 unseen instances. The results, summarized in Figure 7(a), show that, for
all training set sizes, except the smallest one with 25 instances, the model with 10 modules performs
the best. As expected, models learned with larger training sets do better; but, when run using the
correct number of 10 modules, the gain of increasing the number of data instances beyond 100
samples is small and beyond 200 samples is negligible.
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Figure 8: (a) Fraction of variables assigned to the 10 largest modules. (b) Average percentage of
correct parent-child relationships recovered (fraction of parent-child relationships in the
true model recovered in the learned model) when learning from synthetic data for models
with various number of modules and different training set sizes. Thex-axis corresponds
to the number of modules, each curve corresponds to a different numberof training in-
stances, and each point shows the mean and standard deviations from the10 sampled data
sets.

To test whether we can use the score of the model to select the number of modules, we also
plotted the score of the learned model on the training data (Figure 7(b)). Ascan be seen, when the
number of instances is small (25 or 50), the model with 10 modules achieves thehighest score and
for a larger number of instances, the score does not improve when increasing the number of modules
beyond 10. Thus, these results suggest that we can select the number of modules by choosing the
model with the smallest number of modules from among the highest scoring models.

A closer examination of the learned models reveals that, in many cases, they are almost a 10-
module network. As shown in Figure 8(a), models learned using 100, 200,or 500 instances and up
to 50 modules assigned! 80% of the variables to 10 modules. Indeed, these models achieved high
performance in Figure 7(a). However, models learned with a larger number of modules had a wider
spread for the assignments of variables to modules and consequently achieved poor performance.

Finally, we evaluated the modelÕs ability to recover the correct dependencies. The total num-
ber of parent-child relationships in the generating model was 2250. For each model learned, we
report the fraction of correct parent-child relationships it contains. Asshown in Figure 8(b), our
procedure recovers 74% of the true relationships when learning from adata set with 500 instances.
Once again, we see that, as the variables begin fragmenting over a large number of modules, the
learned structure contains many spurious relationships. Thus, our results suggest that, in domains
with a modular structure, statistical noise is likely to prevent overly detailed learned models such
as Bayesian networks from extracting the commonality between different variables with a shared
behavior.
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Figure 2  Regulation programs represent context-specific and combinatorial
regulation. Shown is a scheme depicting three distinct modes of regulation
for a group of genes. (a) Context A. Genes in the module are not under
transcriptional regulation and are in their basal expression level. (b) Context
B. An activator gene is upregulated and, as a result, binds the upstream
regions of the module genes, thereby inducing their transcription. (c) Context
C. A repressor gene is upregulated and, as a result, blocks transcription of the
genes in the module, thereby reducing their expression levels. (d) A regulation
tree or program can represent the different modes of regulation described
above. Each node in the tree consists of a regulatory gene (for example,
ÔActivatorÕ) and a query on its qualitative value, in which an upward arrow
(red) denotes the query Òis gene upregulated?Ó and a downward arrow (green)
denotes the query Òis gene downregulated?Ó. Right branches represent
instances for which the answer to the query in the node is ÔtrueÕ; left branches
represent instances for which the answer is ÔfalseÕ. The expression of the
regulatory genes themselves is shown below their respective node. Each leaf
of the regulation tree is a regulation context (bordered by black dotted lines)
as defined by the queries leading to the leaf. The contexts partition the arrays
into disjoint sets, where each context includes the arrays defined by the
queries of the inputs that define the context. In context A, the activator is not
upregulated and the genes in the module are in their basal expression level
(left leaf). In contexts B and C, the activator is upregulated. In context C, the repressor is also upregulated and the module genes are repressed (right leaf).
In context B, the repressor is not upregulated and the activator induces expression of the module genes (center leaf). This regulation program specifies
combinatorial interaction; for example, in context B, the module genes are upregulated only when the activator is upregulated but the repressor is not.

of the moduleÕs genes contained the known motif in their upstream
regions). Overall, our results provide a global view of the yeast
transcriptional network, including many instances in which our
method identifies known functional modules and their correct reg-
ulators, showing its ability to derive regulation from expression.

A regulation program specifies that certain genes regulate certain
processes under certain conditions. Our method thus generates
detailed, testable hypotheses, suggesting specific roles for a regulator
and the conditions under which it acts. We tested experimentally the

computational predictions for three putative regulators with
unknown functions (a transcription factor and two signaling mole-
cules). Our methodÕs results make specific predictions regarding the
conditions under which these regulators operate. Using microarray
analysis, we compared the transcriptional responses of the respective
genetically disrupted strains with their congenic wild-types under
these conditions. Deletion of each of the three regulators caused a
marked impairment in the expression of a substantial fraction of their
computationally predicted targets, supporting the methodÕs predic-
tions and giving important insight regarding the function of these
uncharacterized regulators.

RESULTS
We compiled a list of 466 candidate regulators and applied our proce-
dure to 2,355 genes in the 173 arrays of the yeast stress data set3,
resulting in automatic inference of 50 modules. We analyzed each of
the resultant modules (Fig. 1) using a variety of external data sources,
evaluating the functional coherence of its gene products and the
validity of its regulatory program.

Sample modules
We first present in detail several of the inferred modules, selected to
show the methodÕs ability to reproduce diverse features of regulatory
programs.

The respiration module (Fig. 3) is a clear example of a predicted
module and of the validation process. It consists primarily of genes
encoding respiration proteins (39 of 55) and glucose-metabolism reg-
ulators (6 of 55). The inferred regulatory program specifies the Hap4
transcription factor as the moduleÕs top (activating) regulator, pri-
marily under stationary phase (a growth phase in which nutrients,
primarily glucose, are depleted). This prediction is consistent with the
known role of Hap4 in activation of respiration1,19. Indeed, our post-
analysis detected a Hap4-binding DNA sequence motif (bound by the
Hap2/3/4/5 complex) in the upstream region of 29 of 55 genes in the
module (P < 2 ! 10Ð13). This motif also appears in non-respiration
genes (mitochondrial genes and glucose-metabolism regulators),
which, together with their matching expression profiles, supports
their inclusion as part of the module. When Hap4 is not induced, the
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Figure 1 Overview of the module networks algorithm and evaluation
procedure. The procedure takes as input a data set of gene expression
profiles and a large precompiled set of candidate control genes. The method
itself (dotted box) is an iterative procedure that determines both the partition
of genes to modules and the regulation program (right icon in dotted box) for
each module. In a post-processing phase, modules are tested for enrichment
of gene annotations and cis-regulatory binding site motifs.
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Application of Module networks to 
mammalian data

! Module networks have been 

applied to mammalian systems 

as well

! We will look at a case-study in 

the human blood cell lineage

! Dataset

" Genome-wide expression levels 

in 38 hematopoietic cell types 

(211 samples)

" 523 candidate regulators 

(Transcription factors)

by induction of lineage-speciÞc genes or by a unique combina-
tion of modules, wherein the distinct capacities of each cell
type are largely determined through the reuse of modules? (2)
Is hematopoiesis determined solely by a few master regulators,
or does it involve a more complex network with a larger number
of factors? (3) What are the regulatory mechanisms that maintain
cell state in the hematopoietic system, and how do they change
as cells differentiate?

Here, we measured mRNA proÞles in 38 prospectively puriÞed
cell populations, from hematopoietic stem cells, through multiple
progenitor and intermediate maturation states, to 12 terminally
differentiated cell types (Figure 1). We found distinct, tightly
integrated, regulatory circuits in hematopoietic stem cells and

differentiated cells, implicated dozens of new regulators in
hematopoiesis, and demonstrated a substantial reuse of gene
modules and their regulatory programs in distinct lineages. We
validated our Þndings by experimentally determining the binding
sites of four TFs in hematopoietic stem cells, by examining the
expression of a set of 33 TFs in erythroid and myelomonocytic
differentiation in vitro, and by investigating the function of 17 of
these TFs using RNA interference. Our data provide strong
evidence for the role of complex interconnected circuits in hema-
topoiesis and for ÔÔanticipatory bindingÕÕ to the promoters of their
target genes in hematopoietic stem cells. Our data set and
analyses will serve as a comprehensive resource for the study
of gene regulation in hematopoiesis and differentiation.
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Figure 1. Hematopoietic Differentiation
The 38 hematopoietic cell populations puriÞed by ßow sorting and analyzed by gene expression proÞling are illustrated in their respective positions in hema-
topoiesis. (Gray) Hematopoietic stem cell (HSC1,2), common myeloid progenitor (CMP), megakaryocyte/erythroid progenitor (MEP). (Orange) Erythroid cells
(ERY1Ð5). (Red) CFU-MK (MEGA1) and megakaryocyte (MEGA2). (Purple) Granulocyte/monocyte progenitor (GMP), CFU-G (GRAN1), neutrophilic meta-
myelocyte (GRAN2), neutrophil (GRAN3), CFU-M (MONO1), monocytes (MONO2), eosinophil (EOS), and basophil (BASO). (Blue) Myeloid dendritic cell (DENDa2)
and plasmacytoid dendritic cell (DENDa1). (Light green) Early B cell (Pre-BCELL2), pro-B cell (Pre-BCELL3), naive B cell (BCELLa1), mature B cell, class able to
switch (BCELLa2), mature B cell (BCELLa3), and mature B cell, class switched (BCELLa4). (Dark green) Mature NK cell (NK1Ð4). (Turquoise) Naive CD8+ T cell
(TCELL2), CD8+ effector memory RA (TCELL1), CD8+ effector memory (TCELL3), CD8+ central memory (TCELL4), naive CD4+ T cell (TCELL6), CD4+ effector
memory (TCELL7), and CD4+ central memory (TCELL8). SeeTable S1 for markers information.
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The signature genes are enriched for molecular functions and
biological processes consistent with the functional differences
between lineages (Figure S1D and Table S2). Of note, a set of
16 genes comprised of the 5 0 partners of known translocations
in leukemias (Mitelman et al., 2010) is enriched in the HSPC pop-
ulation (p < 0.013). This suggests that the 50partners of leukemia-
causing translocations, containing the promoters of the fusion
genes, tend to be selectively expressed in stem and progenitor
cell populations.

The diversity of gene expression across hematopoietic line-
ages is comparable to the diversity in gene expression observed
across a host of human tissue types. The number of genes that
are differentially expressed throughout our hematopoiesis data
set (outlier analysis) (Tibshirani and Hastie, 2007) (Extended

Experimental Procedures) is comparable to that determined for
an atlas of 79 different human tissues (Su et al., 2004) and far
higher than in lymphomas (Monti et al., 2005), lung cancers
(Bhattacharjee et al., 2001), or breast cancers (Chin et al.,
2006) (Figure 2C).

Coherent Functional Modules of Coexpressed Genes
Are Reused across Lineages
To dissect the architecture of the gene expression program, we
used the Module Networks (Segal et al., 2003) algorithm (Exper-
imental Procedures) to Þnd modules of strongly coexpressed
genes and associate them with candidate regulatory programs
that (computationally) predict their expression pattern. We iden-
tiÞed 80 gene modules (Figure 3A; modules are numbered
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Figure 3. Expression Pattern and Functional Enrichment of 80 Transcriptional Modules
(A) Average expression levels of 80 gene modules. Shown is the average expression pattern of the gene members in each of the 80 modules (rows) across all 211
samples (columns). Colors and normalization as in Figure 2B. The samples are organized according to the differentiation tree topology (top) with abbreviations as
in Figure 1. The number of genes in each module is shown in the bar graph (left). The expression proÞles of a few example modules discussed in the text are
highlighted by vertical yellow lines. The expression of individual genes in each module is shown in Figure S2.
(B) Functional enrichment in gene modules. Functional categories with enriched representation (FDR < 5%) in at least one module are portrayed. Categories were
selected for broad representation. The complete list appears in Table S3.
See also Figure S2 and Figure S7.
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The signature genes are enriched for molecular functions and
biological processes consistent with the functional differences
between lineages (Figure S1D and Table S2). Of note, a set of
16 genes comprised of the 5 0 partners of known translocations
in leukemias (Mitelman et al., 2010) is enriched in the HSPC pop-
ulation (p < 0.013). This suggests that the 50partners of leukemia-
causing translocations, containing the promoters of the fusion
genes, tend to be selectively expressed in stem and progenitor
cell populations.

The diversity of gene expression across hematopoietic line-
ages is comparable to the diversity in gene expression observed
across a host of human tissue types. The number of genes that
are differentially expressed throughout our hematopoiesis data
set (outlier analysis) (Tibshirani and Hastie, 2007) (Extended

Experimental Procedures) is comparable to that determined for
an atlas of 79 different human tissues (Su et al., 2004) and far
higher than in lymphomas (Monti et al., 2005), lung cancers
(Bhattacharjee et al., 2001), or breast cancers (Chin et al.,
2006) (Figure 2C).

Coherent Functional Modules of Coexpressed Genes
Are Reused across Lineages
To dissect the architecture of the gene expression program, we
used the Module Networks (Segal et al., 2003) algorithm (Exper-
imental Procedures) to Þnd modules of strongly coexpressed
genes and associate them with candidate regulatory programs
that (computationally) predict their expression pattern. We iden-
tiÞed 80 gene modules (Figure 3A; modules are numbered
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Figure 3. Expression Pattern and Functional Enrichment of 80 Transcriptional Modules
(A) Average expression levels of 80 gene modules. Shown is the average expression pattern of the gene members in each of the 80 modules (rows) across all 211
samples (columns). Colors and normalization as in Figure 2B. The samples are organized according to the differentiation tree topology (top) with abbreviations as
in Figure 1. The number of genes in each module is shown in the bar graph (left). The expression proÞles of a few example modules discussed in the text are
highlighted by vertical yellow lines. The expression of individual genes in each module is shown in Figure S2.
(B) Functional enrichment in gene modules. Functional categories with enriched representation (FDR < 5%) in at least one module are portrayed. Categories were
selected for broad representation. The complete list appears in Table S3.
See also Figure S2 and Figure S7.
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An HSCs, MEPs, and Early Erythroid-Induced 
Module

PBX1

SOX4SOX4

BRCA1 MNDA
FUBP1

Figure S3. Module 865, an HSCs, MEPs, and Early Erythroid Cells-Induced Module, Related to Figure 4
(Bottom) Shown are expression levels of the 52module genes (rows) across the 211 samples (columns). (Top) Samples are sorted by the regulation program. The

regulation program, presented as a decision tree, shows the TFs whose combinatorial expression best explains the expression of the module’s genes. For

example, the regulation program states that when both the PBX1 and SOX4 TFs are induced (in HSCs, CMPs, MEPs, and early erythroid cells), the module’s

genes are induced (red, right). The induction is the highest when MNDA is repressed (rightmost), and lower when MNDA is not repressed (second from right).

Conversely, when both PBX1 and SOX4 are off, themodules genes are themost repressed (leftmost, blue). The regulation tree is automatically built by theModule
Network algorithm, and is different for each module. In this example the regulators of module 865 are PBX1 (top regulator), SOX4 (2nd regulator), BRCA1, FUBP1

and MNDA.

S10 Cell 144, 296–309, January 21, 2011 » 2011 Elsevier Inc.
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Other key points from this analysis
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Extensions to module networks
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! Cannot model cyclic dependencies
! In practice have not been shown to be better  

than dependency networks
" However, most of the evaluation has been done 

on structure not parameters
! Directionality is often not associated with 

causality
" Too many hidden variables in biological systems
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