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Gene	
  Regula)on	
  

	
  	
  	
  	
  Collec)on	
  of	
  biological	
  processes	
  that	
  
determine	
  what	
  set	
  of	
  genes	
  get	
  expressed	
  
when	
  and	
  where.	
  



What	
  regulates	
  gene	
  expression?	
  

4	
  

What regulates gene expression?
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Transcrip)onal	
  gene	
  regula)on	
  

Input:	
  Transcrip9on	
  
factor	
  level	
  (trans)	
  

HSP12	
  

Input:	
  Transcrip9on	
  
factor	
  binding	
  sites	
  
(cis)	
  

Output:	
  mRNA	
  levels	
  

Transcrip)onal	
  regulatory	
  network	
  connects	
  TFs	
  to	
  target	
  genes	
  

Sko1	
  Hot1	
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Challenges	
  in	
  regulatory	
  networks	
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Element	
  iden)fica)on	
  

•  Elements	
  
– Regulators:	
  Transcrip9on	
  factor	
  proteins	
  	
  
– Targets:	
  Sequence-­‐specific	
  binding	
  sites	
  

•  Computa9onal	
  approaches	
  
– Regulators:	
  Sequence	
  alignment	
  
– Mo9fs:	
  De	
  novo	
  mo9f	
  discovery	
  

– Targets:	
  Sequence	
  specific	
  mo9f	
  scanning	
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Network	
  iden)fica)on	
  

HSP12	
  

Sko1	
  Hot1	
  

Sko1	
  

Structure	
  

HSP12	
  

Hot1	
  

Who	
  are	
  the	
  regulators?	
  

ψ(X1,X2)	
  

Func)on	
  

X1	
   X2	
  

Y	
  

BOOLEAN	
  
LINEAR	
  
DIFF.	
  EQNS	
  
PROBABILISTIC	
  …

.	
  

How	
  they	
  determine	
  expression	
  levels?	
  



Approaches	
  to	
  Network	
  iden)fica)on	
  

•  Wet-­‐lab	
  approaches	
  	
  
–  ChIPseq/ChIP-­‐chip	
  
–  Gene9c	
  perturba9ons	
  

•  Computa9onal	
  approaches	
  
– What	
  data	
  to	
  learn	
  networks?	
  

•  Mo9fs,	
  ChIP	
  binding	
  assays,	
  Expression	
  

–  How	
  to	
  learn	
  networks?	
  
•  Supervised	
  network	
  inference	
  
•  Unsupervised	
  network	
  inference	
  

–  How	
  to	
  evaluate	
  network	
  usefulness?	
  



Types	
  of	
  data	
  

•  Physical	
  
–  ChIP-­‐chip	
  and	
  ChIP-­‐seq	
  
–  Sequence	
  specific	
  mo9fs	
  
–  Measure	
  sta9c	
  informa9on	
  

•  Func9onal	
  
–  Gene	
  co-­‐expression	
  
–  Measure	
  dynamic	
  informa9on	
  

Gene	
  

mo9f	
  ChIP	
  

mRNA	
  &	
  chroma9n	
  

TF	
  
Target	
  



Supervised	
  learning	
  of	
  TF-­‐target	
  interac)ons	
  



Supervised	
  learning	
  of	
  TF-­‐target	
  interac)ons	
  

A	
   B	
  

C	
   D	
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   F	
  

…
.	
  

Posi)ve	
  examples	
  

…
.	
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   L	
  

Nega)ve	
  examples	
  

FEATURE	
  SET	
  

Feature	
  extrac)on	
  

TRAINED	
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Training	
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   L	
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Tes)ng	
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   L	
   Predicted	
  regulatory	
  edges	
  



Inferring	
  the	
  regulatory	
  network	
  of	
  the	
  fly	
  

ChIP	
   Mo)f	
  

#	
  
TF
s	
  

	
  0	
  1	
  0	
  0	
  ...	
  

...	
  

#	
  Targets	
  

	
  0	
  1	
  0	
  0	
  ...	
  

...	
  

#	
  Targets	
  

0.2	
  0.4	
  …	
  

#	
  Targets	
  

...	
  

0.2	
  0.4	
  …	
  

#	
  Targets	
  

...	
  

Expression	
   Chroma)n	
  

Gene	
  

mo9f	
  ChIP	
   mRNA	
  &	
  chroma9n	
  

TF	
  

Target	
  

Marbach,	
  Roy	
  et	
  al.,	
  2012	
  

#	
  
TF
s	
  

Known	
  interac)ons	
  (REDfly)	
  

LOGISTIC	
  REGRESSION	
  CLASSIFIER	
  

P (IXY |FXY ) =
1
Z exp(−wFXY )

Training	
  

Test	
  



Supervised,	
  integra)ve	
  approach	
  recovers	
  more	
  
ground	
  truth	
  edges	
  

Recovery of known interactions
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• Integrative networks outperform single-feature networks



Unsupervised	
  network	
  inference	
  

X1	
   X2	
  

X3	
  

f	


Output	
  expression	
  of	
  node	
  

Models	
  differ	
  in	
  the	
  func)on	
  that	
  maps	
  
input	
  system	
  state	
  to	
  output	
  state	
  

Input	
  expression	
  of	
  
neighbors	
  

Rate	
  equa)ons	
   Probability	
  distribu)ons	
  

Boolean	
  Networks	
   Differen9al	
  equa9ons	
   Probabilis9c	
  graphical	
  models	
  

X1	
   X2	
  

0	
  	
   0	
  

0	
   1	
  

1	
   0	
  

1	
   1	
  

X3	
  

0	
  

1	
  

1	
  

1	
  

Input	
   Output	
   dX3(t)
dt

=

κ g(X1(t), X2(t))
−rX3(t)

P (X3|X1, X2) =
N(X1a + X2b, σ)

X1	
   X2	
  

X3	
  



Probabilis)c	
  graphical	
  models	
  (PGMs)	
  

•  A	
  marriage	
  between	
  graph	
  and	
  probability	
  
theory	
  
– Handle	
  noise	
  and	
  uncertainty	
  
– Nodes:	
  Random	
  variables	
  
– Edges:	
  sta9s9cal	
  dependency	
  among	
  random	
  
variables	
  

•  Model	
  the	
  joint	
  probability	
  distribu9on	
  
– Parameters:	
  mathema9cal	
  descrip9on	
  of	
  rela9ons	
  

•  Enable	
  incorpora9on	
  of	
  prior	
  knowledge	
  



Graphical	
  models	
  for	
  unsupervised	
  network	
  
inference	
  

•  Bayesian	
  networks	
  
•  Dependency	
  networks	
  

Structure	
  

Msb2	
  

Sho1	
  

Ste20	
  

Random	
  variables	
  
encode	
  expression	
  levels	
  

TARGET	
  

REGULATORS	
  

X1	



X2	



Y3	



X1	

 X2	



Y3	



Goal:	
  learn	
  the	
  structure	
  and	
  func)on	
  of	
  these	
  networks	
  

Y3=f(X1,X2)	
  

Func)on	
  



Some	
  nota)on	
  

•  Random	
  variables	
  

•  Joint	
  assignment	
  

•  Dataset	
  

•  Joint	
  probability	
  distribu9on	
  

X = X1, · · · , XN

xd = x1d · · · , xNd

P (X = xd)

D = {x1, · · · ,xd}



Bayesian	
  networks:	
  es)mate	
  a	
  set	
  of	
  
condi)onal	
  probability	
  distribu)ons	
  

Func9on:	
  Condi9onal	
  probability	
  
distribu9on	
  (CPD)	
  

?	

?	

 ?	

…	
  

Yi	

 Target	
  (child)	
  

Regulators	
  (parents)	
  

P (Yi|Pa(X1, · · · , Xp))

JPD:	
  product	
  of	
  condi9onals	
  per	
  variable	
  



The	
  learning	
  problems	
  

•  Parameter	
  learning	
  on	
  known	
  structure	
  
– Es9mate	
  	
  	
  	
  	
  	
  	
  of	
  the	
  condi9onals	
  

•  Structure	
  learning	
  
– Find	
  the	
  sta9s9cal	
  dependency	
  structure	
  
– Subsumes	
  parameter	
  learning	
  

θi



Parameter	
  learning	
  

	
  	
  	
  	
  Maximum	
  likelihood	
  parameter	
  es9ma9on	
  

�θ = arg max
θ

P (D|θ,G)
Known	
  graph	
  structure	
  

Data	
  

Data	
  likelihood	
  

P (D|θ,G) =
|D|�

d=1

P (X = xd|θ,G)



Structure	
  learning	
  

•  Maximum	
  likelihood	
  framework	
  

�G = arg max
G

max
θ

P (D|θ,G)



Structure	
  learning	
  using	
  score-­‐based	
  search	
  

...	
  

Maximum	
  likelihood	
  Best	
  graph	
  

Score(G) = P (D|G, θ)



Learning	
  network	
  structure	
  is	
  computa)onally	
  
expensive	
  

•  For	
  N	
  variables	
  there	
  are	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  possible	
  
networks:	
  	
  

•  Set	
  of	
  possible	
  networks	
  grows	
  super	
  
exponen9ally	
  

2(N
2 )

N	
   Number	
  of	
  networks	
  

3	
   8	
  

4	
   64	
  

5	
   1024	
  

6	
   32768	
  

Need	
  approximate	
  methods	
  to	
  search	
  the	
  space	
  of	
  networks	
  



Approxima)on	
  strategies	
  

•  Search	
  the	
  parent	
  set	
  independently	
  
•  Restrict	
  the	
  size	
  of	
  the	
  parent	
  set	
  
•  Assume	
  linear	
  rela9onships	
  	
  



Dependency	
  networks:	
  a	
  set	
  of	
  regression	
  
problems	
  

Yi	

 =	
   X1    …… Xp	

 bj	



1	
  

d	
  

1	
   p	
  
1	
  

d	
  

1	
  

p	
  

Regulariza9on	
  term	
  

?	

?	

 ?	

…	
  

Yi	



Regulators	
  

Func9on:	
  Linear	
  regression	
  

b∗
i = arg min

bi

||Yi −Xi ∗ bi|| + f(bi, λ)

1 ≤ i ≤ m

Number	
  of	
  genes	
  



Regularized	
  linear	
  regression	
  

•  Lasso:	
  sparsity	
  

•  Ridge	
  regression:	
  smoothness	
  

•  Elas9c	
  net:	
  sparsity	
  +	
  smoothness	
  

b∗i = arg min
bi

||Yi −Xi ∗ bi|| + λ|bi|

b∗i = arg min
bi

||Yi −Xi ∗ bi|| + λ||bi||



Goals	
  for	
  today	
  

•  Background	
  
– Components	
  of	
  the	
  regula9on	
  machinery	
  
– Transcrip9onal	
  gene	
  regula9on	
  

•  Challenges	
  in	
  regulatory	
  networks	
  
– Element	
  iden9fica9on	
  
– Network	
  iden9fica9on	
  

•  Extensions	
  to	
  inference	
  
– Network	
  structure	
  analysis	
  

•  Evolu9on	
  of	
  regulatory	
  networks	
  
– Compara9ve	
  func9onal	
  genomics	
  



Extensions	
  to	
  vanilla	
  network	
  inference	
  
approaches	
  	
  

•  Making	
  methods	
  more	
  scalable	
  
•  Imposing	
  biological	
  constraints	
  

•  Integra9ng	
  other	
  types	
  of	
  data	
  



Concept:	
  Expression	
  modules	
  

M1	
  

M2	
  

M3	
  

Cluster	
  

minC
�|C|

k=1

�
i,j d(Xi, Xj)

G
en

es
	
  

Experiments	
  



Learning	
  regulatory	
  programs	
  of	
  modules	
  instead	
  of	
  
genes	
  

Lee	
  et	
  al	
  2009,	
  Segal	
  et	
  al	
  03	
  

Module	
  networks	
  

Regulatory	
  program	
  

X1	
   X3	
  

X4	
   X5	
  
X6	
  

•  Bayesian	
  Network	
  formalism	
  
•  No	
  cyclic	
  dependencies	
  
•  Target	
  genes	
  share	
  CPDs	
  
•  Modules	
  are	
  re-­‐visited	
  

X2	
  

But	
  every	
  gene	
  has	
  the	
  same	
  set	
  of	
  parameters	
  	
  

M1	
  

M2	
  

M3	
  

X1	
  
X2	
  

X3	
  
X4	
  

X5	
  
X6	
  
X7	
  
X8	
  



Combine	
  per-­‐gene	
  and	
  per-­‐module	
  network	
  
inference	
  methods	
  

Per	
  gene	
   Per	
  module	
  

How	
  to	
  impose	
  module	
  constraints?	
  

Y1	
  

X1	
   X2	
  

Y2	
  

X1	
   X3	
  

Y2	
  Y1	
  

X1	
   X3	
  

b3 b4

b34



Keep	
  regulators	
  same	
  but	
  params	
  different	
  

Y4	
  Y3	
  

X1	
   X2	
  

b�
3 b�

4



Group	
  lasso	
  for	
  module	
  constrained	
  per	
  gene	
  
model	
  

With	
  Nikhil	
  Rao	
  and	
  Rob	
  Nowak	
  

y1   … yk	



Y	



=	
   X1   …   Xp	



d	
  

1	
  

X	

 B	



Bi,:	



B11 .. B1k 	


B21	



Bp1	



…
	
  

B∗ = arg min
B

||Y −XB||22 + λΣp
i=1||Bi,:||2



Example	
  coefficient	
  matrix	
  
Re

gu
la
to
rs
	
  (3

18
)	
  

Genes	
  (20)	
  

Not	
  selected	
  

Selected	
  

A	
  regulator	
  is	
  selected	
  for	
  all	
  or	
  no	
  genes	
  

Genes	
  

Coefficient	
  matrix	
   Coefficient	
  matrix	
  (binary)	
  



Integra)ng	
  data	
  as	
  structure	
  priors	
  



Revisi)ng	
  Structure	
  learning	
  

•  Bayesian	
  framework	
  
•  	
  	
  	
  	
  	
  is	
  an	
  unknown	
  random	
  variable	
  	
  	
  

•  Op9mize	
  posterior	
  distribu9on	
  of	
  graph	
  given	
  
data	
  

P (G|D) ∝ P (G)
�

P (D, θ|G)dθ

P (G|D) = P (D|G)P (G)

Graph	
  prior	
  

P (G|D) = P (D|G, θMAP )P (G)

Maximum	
  a	
  posteriori	
  es9mate	
  

G



P (G) =




�

Xi→Xj

P (Xi → Xj)








�

Xi→Xj

(1− P (Xi → Xj))





A	
  structure	
  prior	
  to	
  integrate	
  data	
  

•  Let	
  	
  P(G)	
  distributes	
  independently	
  over	
  edges	
  

•  Define	
  prior	
  probability	
  of	
  edge	
  presence/absence	
  

P (Xi → Xj) =
1

1 + exp(−(β1 + β2wij))

Present	
  edges	
   Absent	
  edges	
  

Prior	
  strength	
  
Graph	
  structure	
  complexity	
  

Edge	
  prior	
  strength	
  



Behavior	
  of	
  graph	
  structure	
  prior	
  

P (Xi → Xj) =
1

1 + exp(−(β1 + β2wij))



Effect	
  of	
  prior	
  on	
  graph	
  structure	
  
Regulators	
  

Target	
  

β1	
   0.5	
   -­‐2	
   -­‐4	
   -­‐4	
   -­‐4	
  

β2	
   0.4	
   0.4	
   0.4	
   2	
   4	
  

TFs	
   199	
   141	
   92	
   96	
   108	
  

Known	
  
Edges	
  

3%	
   3.2%	
   3.25%	
   6.4%	
   18.5%	
  

Score	
   -­‐6890	
   -­‐8319.53	
   -­‐9216	
   -­‐9187	
   -­‐9055	
  



•  Background	
  
– Components	
  of	
  the	
  regula9on	
  machinery	
  
– Transcrip9onal	
  gene	
  regula9on	
  

•  Challenges	
  in	
  regulatory	
  networks	
  
– Element	
  iden9fica9on	
  
– Network	
  iden9fica9on	
  

•  Extensions	
  to	
  inference	
  
– Network	
  structure	
  analysis	
  

•  Evolu9on	
  of	
  regulatory	
  networks	
  
– Compara9ve	
  func9onal	
  genomics	
  

Goals	
  for	
  today	
  



Hierarchical	
  nature	
  

•  Regulators	
  are	
  hierarchically	
  
organized	
  with	
  different	
  roles	
  
per	
  level	
  
– Top:	
  Master	
  regulators	
  
influence	
  many	
  genes	
  

– Middle:	
  Boole	
  necks	
  directly	
  
targe9ng	
  most	
  genes	
  

– Booom:	
  Essen9al	
  regulators	
  

B. Governmental hierarchy of a representive city (Macao)

A. Regulatory hierarchy in S. cerevisiae
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Figure 2AB

Hierarchical	
  structure	
  of	
  S.	
  cerevisiae	
  regulatory	
  
network	
  

Yu	
  &	
  Gerstein	
  2006,	
  Jothi	
  et	
  al.	
  2009	
  	
  



Modularity	
  of	
  regulatory	
  networks	
  

•  Modular:	
  Graph	
  with	
  densely	
  connected	
  subgraphs	
  

•  Genes	
  in	
  modules	
  involved	
  in	
  similar	
  func9ons	
  	
  and	
  co-­‐
regulated	
  

•  Modules	
  can	
  be	
  iden9fied	
  using	
  graph	
  par99oning	
  
algorithms	
  
– Markov	
  Clustering	
  Algorithm	
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aequal to the half-life of the gene product17. The faster 
the degradation rate, the shorter the response time. For 
proteins that are not actively degraded, as is the case for 
most proteins in growing bacterial cells, the response 
time is equal to one cell-generation time. This is a result 
of the dilution effect from cell growth.

Negative autoregulation. Negative autoregulation (NAR) 
occurs when a transcription factor represses the tran-
scription of its own gene17–19 (FIG. 1b). This network motif 
occurs in about half of the repressors in E. coli 5,17, and in 
many eukaryotic repressors10. NAR has been shown to 
display two important functions.

First, NAR speeds up the response time of gene cir-
cuits. This occurs when NAR uses a strong promoter to 
obtain a rapid initial rise in the concentration of pro-
tein X. When X concentration reaches the repression 
threshold for its own promoter, the production rate of 
new X decreases. Thus, the concentration of X locks 
into a steady-state level that is close to its repression 
threshold. This steady-state level can be adjusted over 
evolutionary time by mutations that cause variation 
in the repression threshold of X to its own promoter. 
By contrast, a simply regulated gene that is designed 
to reach the same steady-state level must use a weaker 
promoter. As a result, an NAR system reaches 50% of its 
steady state faster than a simply regulated gene (FIG. 1d). 
The dynamics of NAR show a rapid initial rise followed 
by a sudden locking into the steady state, possibly 
accompanied by an overshoot or damped oscillations. 
Response acceleration (or speed-up) by NAR has been 
demonstrated experimentally 17 using a fluorescently 
tagged repressor, TetR, that was designed to repress its 
own promoter (FIG. 1e). Speed-up in a natural context 
was demonstrated in the SOS DNA-repair system of 
E. coli, in which the master regulator, LexA, represses its 
own promoter20. These and many of the other experi-
ments discussed in this Review were made possible by 
fluorescent-reporter assays, which allow the transcrip-
tion dynamics of living cells to be measured with high 
resolution and accuracy21.

In addition to speeding responses, NAR can reduce 
cell–cell variation in protein levels. These variations are 
due to an inherent source of noise: the production rates 
of proteins fluctuate by tens of percents (reviewed in 
REF. 22) (FIG. 1f). This noise results in cell–cell variation 
in protein level. NAR can, in many cases, reduce these 
variations: high concentrations of X reduce its own 
rate of production, whereas low concentrations cause 
an increased production rate. The result is a narrower 
distribution of protein levels than would be expected 
in simply regulated genes (FIG. 1f), as demonstrated 
experimentally by Besckei and Serrano19,20,23. However, 
if the NAR feedback contains a long delay, noise can 
also be amplified.

Positive autoregulation. Positive autoregulation (PAR) 
occurs when a transcription factor enhances its own 
rate of production (FIG. 1c). The effects are opposite to 
those of NAR: response times are slowed and variation 
is usually enhanced.

Figure 1 | Simple regulation and autoregulation. 
a | In simple regulation, transcription factor Y is activated 
by a signal Sy. When active, it binds the promoter 
of gene X to enhance or inhibit its transcription rate. 
b | In negative autoregulation (NAR), X is a transcription 
factor that represses its own promoter. c | In positive 
autoregulation (PAR), X activates its own promoter. 
d | NAR speeds the response time (the time needed to 
reach halfway to the steady-state concentration) relative 
to a simple-regulation system that reaches the same 
steady-state expression. PAR slows the response time. 
e | An experimental study of NAR, using a synthetic gene 
circuit in which the repressor TetR fused to GFP represses 
its own promoter. High-resolution fluorescence 
measurements in living Escherichia coli cells show that 
this NAR motif has a response time about fivefold faster 
than a simple-regulation design. f | A schematic cell–cell 
distribution of protein levels. NAR tends to make 
this distribution narrower in comparison with simple 
regulation, whereas PAR tends to make it wider, and in 
extreme cases bimodal with two populations of cells. 
X/Xst, X concentration relative to steady state Xst.
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2011"
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metabolism follows the same general outline in all yeasts, impor-
tant biochemical, genetic and regulatory variations exist. Some
species, including S. cerevisiae and close relatives, follow a respi-
ro-fermentative growth during aerobic growth on glucose (charac-
terized by high glucose uptake, high ethanol secretion rate and low
biomass yield); whereas other species (e.g. Kluyveromyces) favor
respiratory growth in the same conditions (low glucose uptake
and high biomass yield). A shift to a respiro-fermentative lifestyle
has occurred more than once in the phylogeny, most notably fol-
lowing the WGD event [12,13] and independently in Schizosaccha-
romyces [14]. These metabolic differences were accompanied by
divergence of gene regulation, including the introduction of a host
of glucose-dependent repressive mechanisms on respiratory
metabolism, the differential transcriptional regulation of isozymes
[13], and the repression of mitochondrial biogenesis genes in log
phase growth [15,16].

In this review, we focus on recent advances made in under-
standing the evolution of gene regulation in Ascomycota from short
evolutionary timescales (hundreds of generations to 5 million
years ago (mya)) that are typical to intra-species variation to long
timescales spanning tens of millions of years involving extensive
adaptive radiation and speciation. We examine conservation and
divergence at three levels of study. First, we wish to characterize
and quantify the key evolutionary signatures that are observed in
these species. Second, we wish to understand the molecular mech-
anisms, in cis and in trans, underlying these signatures. Finally, we
wish to understand the relative role of neutral changes and selec-
tion in shaping conservation and divergence of regulatory systems.
As we show, whereas current strategies have led to the discovery
of surprising signatures and mechanisms, we still understand very
little about the adaptive role of regulatory evolution. Empirical
studies including experimental evolution, comparative functional
genomics and hybrid and engineered strains are showing early
promise toward deciphering the contribution of regulatory diver-
gence to adaptation.

2. An evolutionary and functional dichotomy of expression
conservation and divergence in gene orthologs

Expression profiles collected across organisms allow us to
determine the extent of conservation or divergence in the mRNA
levels and regulation across orthologous genes. Within Ascomy-
cota, large compendia of mRNA profiles exist for the model organ-
isms S. cerevisiae, S. pombe and C. albicans, whereas smaller
datasets are available for other Ascomycota (e.g. other Saccharo-
myces [17], Candida glabrata [18], Kluyveromyces lactis [19], and
some Euascomycota [20,21]) as well as different S. cerevisiae
strains [22–26]. Using such profiles, and a good mapping of
groups of orthologous genes [6] we can determine the degree of
expression divergence (ED) – a quantitative measure of the differ-
ences in the expression of a pair of orthologs between two
species [17].

Interestingly, divergence in the expression of gene orthologs
follows a broad functional and evolutionary dichotomy [25–28]:
genes with conserved expression typically encode proteins in-
volved in growth control and general metabolism (‘growth
branch’), whereas those with divergent expression are often subt-
elomeric, responsive to external and internal signals (e.g. stress
response) and are nonessential. This dichotomy in variation is
preserved at multiple levels: from variation in isogenic cells in
a population [29], through genetic variants of S. cerevisiae
[24,26,30], to different species in the sensu stricto clade [17]. Fur-
thermore, it is also reflected by concomitant constraints on copy
number variation at great phylogenetic distances [6]: genes from
the low-ED ‘growth’ branch have few duplication and loss events,
whereas those in the high-ED ‘stress and metabolism’ end are
volatile, and experience substantial variation in copy number be-
tween species. For low-ED genes, this suggests a strong selective
pressure and functional constraint on the specific amount of gene
products in the cell. For high-ED genes, it is tempting to con-
versely suggest a pressure for flexibility in gene regulation. How-
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(Figure 1a, root) we found surprisingly little divergence of
the molecular function of paralogs, but substantial
(!70%) divergence in gene regulation, as reflected in
the cis-regulatory elements, the transcription factors
(TFs) bound to the genes’ promoters, and the gene
regulon to which they belong [31"]. This is consistent
with the idea that regulatory divergence occurs at an
elevated rate compared to divergence of the coding
sequence of paralogs.

Two likely scenarios can underlie diverged expression of
paralogs. Regulatory subfunctionalization occurs when
multiple, distinct regulatory elements controlling expres-
sion of the single ancestral gene are ‘split’ between its two
descendants, such that each paralog retains only some of
the regulatory inputs. In contrast, regulatory neo-functio-
nalization occurs when one paralog evolves a new control
not used by the ancestral gene. A recent study [32]
proposed neo-functionalization as the dominant mode
of diverged expression of S. cerevisiae paralogs, since often
the expression pattern of only one paralog was distinct
from that of the single preduplication ortholog in C.
albicans.

ED of paralogs may have an important adaptive role.
First, regulatory divergence can effectively lead to sub-

functionalization of paralogs, even if paralogs have the
same biochemical function (but serve different roles
because of expression differences). This may have
occurred in the post-WGD regulatory divergence of gly-
colysis/gluconeogenesis enzymes [33], such as the hexose
kinases, Hxk2 and Hxk1, that share hexokinase activity
but display distinct expression patterns. Notably, sub-
functionalization may be partial and remnants of the
shared (joint) ancestral control may still allow paralogs
to ‘backup’ each other [34]. Finally, constraints on expres-
sion levels could in turn influence the evolution of gene
copy number [29,31"], since low-ED genes also exhibit
few duplication and loss events, whereas high-ED genes
have substantial variation in copy number between
species.

Flexibility in regulatory mechanisms can drive
expression divergence
Genetic changes in both cis and trans elements can
contribute to ED (Figure 1b). A genetic change can
affect expression in cis, either directly by altering
regulatory sequences controlling gene expression, or
indirectly by modifying the activity of the gene’s pro-
duct and consequently affecting expression through
feedback [35]. Polymorphisms in cis appear to contrib-
ute most to ED in phylogenetically close species,

Regulatory evolution in Ascomycota fungi Thompson et al. 573

Figure 2

Alternative modes for the regulatory evolution of transcriptional modules. Each panel shows a distinct scenario of the inferred evolution of an ancestral
program (at tree root) into programs observed in extant species (leaves). (a) Conservation of both cis-elements (boxes) and TFs (ovoids). (b)
Elaboration of a program by the emergence of a new cis-element in addition to the ancestral one. (c) Divergence of a program by the loss of
cis-element. (d–f) Divergence of a program through cis-redundancy or trans-redundancy. (d) In cis, a switch from one cis-element to another through
an intermediate that has both sites, bound by distinct factors. (e) In trans, two paralogous TFs bind the same site following gene duplication. After
subfunctionalization, only one of the factors controls the module. (f) In trans, switching of one TF for another that does not share ancestry, but can bind
a similar site.
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