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A b stra c t. Recent experimental advances facilitate the collection of time 
series data that indicate which genes in a cell are expressed. This paper 
proposes an efficient method to generate the genetic regulatory network 
inferred from time series data. Our method first encodes the data into 
levels. Next, it determines the set of potential parents for each gene based 
upon the probability of the gene’s expression increasing. After a subset of 
potential parents are selected, it determines if any genes in this set may 
have a combined effect. Finally, the potential sets of parents are competed 
against each other to determine the final set of parents. The result is a 
directed graph representation of the genetic network’s repression and 
activation connections. Our results on synthetic data generated from 
models for several genetic networks with tight feedback are promising.

1 I n tr o d u c t io n

High th roughput technologies such as cDNA m icroarrays and oligonucleotide 
chips can collect gene expression data on a large num ber of genes in parallel 
which can potentially  be used to  determ ine the connectivity of genetic regula­
to ry  networks [1]. These techniques m easure gene activity  and by inference the 
am ount of the protein  in the  cell produced by each gene. They can be used to  
gather tim e series data in which a series of m easurem ents of gene activity  is 
taken over a period of time.

M any techniques exist to  analyze gene expression data . One approach is clus­
tering  which groups genes w ith sim ilar expression p a tte rn s [2]. O ther approaches 
modify m achine learning algorithm s to  create Boolean functions th a t would de­
scribe when a gene should be active [3-6]. M any o ther m ethods such as the 
work by Friedm an et al. use Bayesian  analysis to  learn genetic networks [7]. 
These m ethods consider each gene as a variable in a jo in t probability distribu­
tion. If knowledge of gene A ’s expression level yields inform ation about gene B, 
the genes are said to  be correlated. In th is case, one gene may be a (potential) 
parent of the other. Recently, Sachs et al. applied a Bayesian analysis to  find 
causal connectivities in the  hum an T-cell signaling network [8].

* This material is based upon work supported by the National Science Foundation 
under Grant No. 0331270.
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Unfortunately. Bayesian approaches have several lim itations. F irst. Bayesian 
approaches often have difficulty determ ining which gene is the  parent and which 
is the  child. Second, these approaches rely prim arily on correlational d a ta  and 
only use tim e to  separate  the  d a ta  points. Third, these approaches can only be 
applied to  networks th a t are acyclic. This last one we consider a m ajor lim itation 
since feedback control is a crucial com ponent of genetic regulatory networks.

To address some of these lim itations. D ynam ic Bayesian Networks (DBN) 
have been introduced which incorporate an aspect of tim e to  allow networks w ith 
cycles to  be found. One example is the  work by Yu et al. th a t uses two different 
scoring functions to  find the  best m atching network to  their d a ta  [9]. They first 
generate a DBN to  limit the  num ber of parents considered for a gene since the 
second step  is exponential in the  num ber of parents. Next, the  algorithm  assigns 
an influence score to  each poten tia l connection. To find th is  score, they build a 
cumulative distribution function  (CDF) for the  child’s poten tia l parents. A CDF 
is basically a set of bins th a t indicate the num ber of tim es the  genes are seen 
in a given configuration or an earlier one. For example, a configuration may be 
th a t proteins produced by all genes are a t their highest s ta te . If as the  p a ren t’s 
value increases the  resulting CD F is more positive th a n  the  previous one the 
paren t is considered an activator. If the  resulting CD F is more negative, then  
the parent is considered a repressor. As there can be m any different parents 
and the d a ta  can be noisy, each case contributes a vote on the  likelihood of 
activation or repression. To evaluate their m ethod, they generate synthetic d a ta  
for 10 genetic networks th a t include 20 genes in which 8 to  12 are connected to  
a t least one other gene. Using th is synthetic da ta , their m ethod is shown to  be 
fairly successful a t recovering the  initial networks given sufficient data . They still 
do. however, occasionally have problem s determ ining the  direction of influence. 
Tim e is also still only used to  separate  d a ta  points. Finally, only two of their 
networks have any feedback (i.e.. cycles), and these cycles are several genes long.

This paper, therefore, presents a new m ethod th a t ta rgets  learning genetic 
networks w ith feedback and in particu lar tigh t feedback. W hile th is m ethod is 
sim ilar to  the work by Yu et al. it differs in  several key ways. F irst, while Y u’s 
m ethod begins w ith an expensive search for a best fit network, our m ethod be­
gins w ith a local analysis to  determ ine the  best poten tia l paren ts for each gene. 
Second, our m ethod utilizes the  child’s own level in the calculations to  further 
help in determ ining a child’s parent genes. T hird . Y u’s m ethod neglects the  tim e 
series na tu re  of the  d a ta  and simply com putes a CD F th a t represents correlation 
w ithin each individual experim ental d a ta  point. O ur m ethod considers two se­
quential tim e series d a ta  points to  find the  percentage of tim e a child gene rises 
in a given configuration. We believe th a t by utilizing the  tim e series na tu re  of 
the data , our m ethod can potentially  b e tte r determ ine activation and repression 
behavior especially in the  case where there  is tigh t feedback in  the  network. In 
o ther words, we feel th a t not only the  context of when a gene is high or low gives 
inform ation, bu t more im portan tly  the  context in which it rises. O ur m ethod is 
evaluated using synthetic d a ta  generated from models of several genetic net­
works th a t include tigh t feedback. O ur results indicate th a t our m ethod is more 
successful th an  Y u’s in learning these types of networks.
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O ur m ethod produces a directed g rap h  model of th e  genetic regulatory network 
th a t indicates which gene products activate and repress o ther genes. A directed 
graph  model is the  tup le  (S. C) where S  is th e  set of species in the  network 
and also the  vertices of the  graph. Connections between species, or edges in 
the  graph, are represented by C  C 2^SxJ) x S. Each connection, (P, s)  €  C,  
is composed of a set of parents, P , for a child, s. Each parent in P  is paired 
w ith its type of influence (i.e., I  = {a. r}  where 'a' represents activation and 'r' 
represents repression). A directed graph  representation of the  genes in th e  phage 
A decision network is shown in Figure 1(a) [10]. T he 'a,' edges are represented 
by —> and 'r ' edges are represented by H. For example, N —> CII implies th a t 
the  proteins produced from gene N activate the  gene CII. If there  are n  species, 
there  are an astronom ical 24 n possible network topologies.

2  F o r m a l i s m s

Possible Five-Gene Networks Time Series Expermeuts
I Experim<

Experiment i
Time N Cro CI CO cm
0 0 0 0 0 0

0 30 0 0 0
10 0 30 0 0 2

100 •15 133 12 29 25

(b)

Fig. 1. (a) High level network representation for phage A. (b) Tim e series data.

Tim e series d a ta  is assum ed to  be of th e  form D  =  (S. E )  where S  is the  set 
of species (typically proteins or mRNA) th a t is being m onitored, and E  is the 
set of tim e series d a ta  experim ents. Each element of E  is of the  form A  =  (M.  S), 
where M  is th e  set of species m u ta ted  in the  experim ent, and S is the  set of d a ta  
points. A m ajor goal of th is work is to  integrate results from m any different 
experim ents to  improve the  quality of our predictions. For the  best results, tim e 
series d a ta  should include bo th  w ild-type and m utational experim ents. A d a ta  
point a  €  5 is of the  form a  =  {r, v } where r  €  R is a tim e point and v  €  is a 
vector over S ,  which includes a value for each species. Tim e series d a ta  collected 
from m icroarray d a ta , for example, would provide an expression level for each 
gene m onitored by the  microarray. Figure 1(b) shows exam ple tim e series data .

O ur m ethod requires tim e series d a ta  as it is d iffic u lt to  determ ine the  direc­
tion  of causality from purely correlational da ta . Consider for example the  5 gene 
network shown in Figure 1(a) in which the  proteins from gene C II activate CI. 
W ith  only correlational d a ta  it would appear th a t bo th  C II and  C I:s proteins 
are either high or low together. I t is, however, difficult to  determ ine which gene 
activates th e  other. By adding th e  element of tim e, the  gene th a t rose first can 
be detected, and thus an activation p a tte rn  can be determ ined more easily.

i.acSOa
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The G eneN et algorithm  shown in Figure 2 generates a directed graph represen­
ta tio n  of the  connectivity between genes in a genetic network. The m ain inputs 
to  the  G eneN et algorithm  are the  species, S , and the  tim e series experim ents, E . 
I t also takes three optional inputs. The first is the  set of initial network connec­
tions, C , representing background knowledge about known connections between 
species used to  reduce com putational tim e. The next inputs are the  probability 
thresholds, T , for activation and repression. The final inputs are the  encodings, 
or ranges of tim e series d a ta  values, specified in L  for each molecular species. 
These encodings can be autom atically  calculated by taking the  highest and low­
est level of each species and dividing up the  s ta te  space evenly. They can also 
be calculated by partitioning the level of each species into equal size bins, which 
is the  default since it appears to  be the  m ost effective. The G eneN et algorithm  
first determ ines the level encodings if they are not provided and encodes the ex­
perim ental d a ta  into discrete levels for each of the  species. Next, each species is 
considered separately to  determ ine the  species (parents) th a t activate or repress 
the gene th a t produces th is species (child). If parents are already provided in C  
for a species, it is skipped. The experim ents where the  child species is m utated  
are discarded as these provide no inform ation for th is species.

A fter initial parent genes are selected, the  next step  is to  determ ine if parent 
genes act together to  influence the  child. The last step of the G eneN et algorithm  
is to  determ ine the  m ost likely parents using the C o m p e te P o s s ib le P a re n ts  func­
tion which considers sets of poten tia l paren ts together. The result of our m ethod 
is a new network which includes only those activation or repression edges sup­
ported  by the  experim ental data . Currently, our m ethod does not look for self 
activation or self repression though it does allow for cycles resulting from any 
other type of feedback. The rest of th is section uses the  5 gene network shown 
in Figure 1 as an example. This network is comprised of the 5 genes involved in 
the Lysis-Lysogeny decision in the  phage A [10]. The running example focuses 
on gene C I I I  as the  child gene.

3  D i s c o v e r i n g  G e n e t i c  N e t w o r k s

G eneNet(Species S ,  Expts E ,  NetCon C,  T hresho lds T ,  Encodings L) 
(.E , L) := EncodeExpts(S, E, L) 
fo re a c h  s €  S  

if  (* ,s) <£C
E ' := E  — { e x p e r im e n ts  in  w h ich  s is m u ta te d  }
C := SelectInitialParents(s, S, E ' , C, T, L)
C  :=  CreateMultipleParents(s, S, E ' , C, T, L)
C := Compete,PossibleParents(s, S, E ' , C, T, L) 

r e tu r n  (S, C)

F ig . 2. The GeneNet algorithm.
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Crucial to  each step  of the  G eneN et algorithm  is a m ethod to  evaluate differ­
ent poten tia l sets of parents for each child gene. This is accomplished w ith the 
S c o re P a re n ts  function, shown in Figure 3, which re tu rns a score representing 
the  likelihood of a parent set of genes activating or repressing a child gene. This 
score is com puted by tallying votes for activation (vo tesa ), repression (vo te s r ), 
and unrelated  (vo tesu) for each poten tia l level assignm ent. These votes are ini­
tially set to  0. N ext, all possible level assignm ents for the  o ther genes of interest, 
G, are calculated, and a level assignm ent, V , is selected. The level assignm ents 
for the  set of poten tia l parents, P ,  are also calculated, and a level assignm ent,
I, not equal to  Iq (the lowest level assignm ent for the  parents) is selected. Next, 
a probability ra tio  is calculated. The num erator is the  probability of the child 
rising between two consecutive tim e points given th a t the  paren ts are at the 
levels specified by I and the o ther genes of in terest are at the  level specified by
V. T he denom inator is the probability  of the  child rising when the parents are 
a t their lowest level, Iq, while the  other genes are a t the levels specified by V. 
If th is  probability ratio , probRatio, is larger th a n  the activation threshold, Ta, 
th en  there is a vote for th is  parent set activating the child. If the  ra tio  is sm a lle r 
th a n  a repression threshold, I . th en  there is a vote for repression. Otherwise, 
there is a vote for unrelated. The process continues checking each com bination 
of level assignm ents. W hen all level assignm ents have been considered, the  score 
is determ ined by taking the votes for activation and sub trac ting  the votes for 
repression and dividing by the to ta l am ount of votes obtained. If activation votes 
outweigh repression votes the  score is positive. If repression votes outweigh ac­
tivation  votes the  score is negative.

S co reP aren ts  Cs, P, G, E, T, L )  
v o te s  a , v o t e s T, votesu '■ =  0 
fo re a c h  I’ G l e v e l  A s s i g n m e n t s ( G ,  L )

fo re a c h  I G (levelA s s i g n m e n t s ( P ,  L )  — {^o})
probRatio =  V (s  f \ v p  =  1 , v g  =  l ) / V ( s  f  | v p  =  lo, v g  =  V)  
if  probRatio >  T a th e n  v o te s a +  +  
e lse  if  probRatio <  Tr th e n  votesr +  +  
e lse  v o te su  +  +  

r e tu r n  ( v o t e s a — votesT)/(votesa +  v o t e s T +  v o te s u )

F ig . 3. The S co reP aren ts  function.

Intuitively, if a parent set tru ly  activates a child, th en  whenever the parents 
are low, the  child should have a lower rising ra te  between tim e points th a n  when 
the  parents are high. This should be tru e  regardless of the  level of o ther species 
in the  system . However, if the  selected gene is not a parent and the  tru e  parents 
are in the  G  set, th en  by fixing the  tru e  paren ts to  a low sta te , the  probability 
of the  child rising should not change as the  false p a re n t’s level is increased.

3 . 1  S c o r i n g  P a r e n t s
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The S e l e c t l n i t i a l P a r e n t s  algorithm , shown in Figure 4, is used to  select 
species from the  set S  as potential parents for the child species s. Every species 
except the  child is considered as a potential parent. The S c o re P a re n ts  function 
is used to  determ ine if this parent is a potential activator or repressor of the  child 
gene. If the score is higher th an  the  vote threshold, T v , (default value is 0.5) the 
paren t gene is included in the  set of network connections, C , as an activator. If 
the score is lower th a n  the  negative of the  vote threshold, T v, the  paren t gene is 
included as a repressor.

S e le c t ln i t i a lP a r e n t s  (s, S, E, C, T, L ) 
fo re a c h  p €  S  — {s}

score = ScoreParents(s,  {p}, {{s}}, E, T, L) 
if  score >  Tv th e n  C := C  U {({(p, a)}, s)} 
else  if score <  —Tv t h e n  C  := C U { ({ (p ,r )} ,» )}  

r e tu r n  C

F ig . 4 . The S e le c t ln i t i a lP a r e n t s  algorithm.

Considering the  gene C I I I  as the child, the  scores obtained for the  4 o ther 
genes as parents are shown in Table 1. The result is th a t N ,  C ro, and C I  are 
found to  potentially  repress C I I I  while C I I  potentially  activates C I I I .  C I I ,  
however, is discarded since it does not have a high enough score.

3 . 2  S e l e c t i n g  I n i t i a l  P a r e n t  S e t s

T a b le  1. Rates and values for potential parents of CIII.

N Levelo Leveli Level2 Li /  Lo L2 /  Lo Votes Score
C III Levelo 5.4% 2.9% 3.7% 0.53 0.68 votesa 0
C III Leveli 9.3% 7.2% 6.7% 0.78 0.72 votes,. 5
C III Level2 8.6% 6.4% 6.1% 0.75 0.71 votesu 1 -0.83

Cro Levelo Leveli Leveb Li /  Lo L2 /  Lo Votes Score
C III Levelo 11.5% 1.8% 1.5% 0.16 0.13 votesa 0
C III Leveli 14.2% 4.7% 3.1% 0.33 0.23 votes,. 6
C III Leveb 9.7% 5.0% 4.2% 0.52 0.43 votesu 0 -1.0

CI Levelo Leveli Leveb Li /  Lo L2 /  Lo Votes Score
C III Levelo 19.0% 1.7% 1.0% 0.09 0.05 votesa 0
C III Leveli 17.1% 2.6% 1.2% 0.15 0.07 votes,. 6
C III Level2 11.6% 2.7% 1.1% 0.23 0.09 votesu 0 -1.0

CII Levelo Leveli Leveb Li /  Lo L2 /  Lo Votes Score
C III Levelo 3.1% 13.7% - 4.32 - votesa 3
C III Leveli 4.4% 7.4% 12.6% 1.65 2.83 votes,. 2
C III Level2 19.4% 5.5% 6.8% 0.28 0.35 votesu 0 0.2
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The C re a te M u ltip le P a re n ts  algorithm , shown in Figure 5, is used to  test if two 
or more paren ts exert a combined effect on the child gene. The current imple­
m entation  though is lim ited to  parent sets of size two. The algorithm  considers 
two parent sets, p i and p 2 -, a t a time. It first com putes the  scores for these par­
ent sets (note th a t th is can actually  be retrieved from a cache ra th e r th an  being 
recom puted and th a t R() removes a or r  from each pair in p% and P2  leaving 
only the parents). Next, it com putes the score for the  com bination of these two 
parent sets (i.e., Pi U p 2 ). If the  score for the com bination is b e tte r th an  bo th  of 
the sim pler parent sets, then  this com bination is inserted into C  and potentially  
combined again. Finally subsets are removed from the  set of parents.

3 . 3  C r e a t i n g  M u l t i p l e  P a r e n t  S e t s

C reateM ultip leParents (s, S, E,  C, T, L ) 
fo reach  (p i, s) G C

scorei := ScoreParents(s, R(pi),  {{«}}. E, T, L) 
fo reach  (p2, s) e  C — {(pi, s)}

scar6 2  '■= ScoreParents(s, R(p 2 ), {{<&'}}, E, T, L) 
scoreh := ScoreParents(s, R(pi)  U R(p2 ), {{«}}. E, T, L) 
if  abs(scoreh) > abs(scorei) a n d  abs(scoreb) >  abs(score2 ) th e n  

C := CU {({pi} U {pa},*)}
C := removeSubsets(C) 
r e tu rn  C

Fig. 5. The C reateM ultip leParents algorithm.

Table 2(a) shows the  votes and scores for the  three different po ten tia l parents 
of CTTT as well as the different com binations of parents. For th is example, the 
com bination of N  and C ro  does not have a b e tte r score th an  C ro  alone, so it 
is not retained. The repressor com bination of C ro  and CT, however, has a score 
b e tte r or equal to  each individually, so this com bination is retained.

T able 2. Information computed for child CIII.

CreateMultipleParents Algorithm CompetePossibleParents Algorithm

Parents votesa votes,. votesn Score Retained Parents votesa votes,. votes„ score
N 0 5 1 -0.833 N 27 12 15 0.27

Cro 0 6 0 -1.0 Cro, Cl 0 71 1 -0.98
Cl 0 6 0 -1.0

N, Cro 0 23 1 -0.958 110
N, Cl 0 21 3 -0.875 110

Cro, Cl 0 24 0 -1.0 yes
(a) (b)
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The C o m p e te P o s s ib le P a re n ts  algorithm  in Figure 6 com petes paren t sets until 
only one paren t set rem ains. The g e tC o n te n d e rs  function re tu rns sets of parents 
to  be com peted (for example, the  sets w ith the  highest and lowest scores in C). 
Next, a score is calculated for each contender, q. controlling for the  levels of the 
o ther contenders (i.e.. Q — {g}). Finally, the  scores are com pared and the  losers, 
paren t sets w ith scores closest to  0. are removed from C. Also if a parent se t’s 
score represents a change in influence (for example, an activator w ith a negative 
score). th is paren t set is removed. This algorithm  is run  in a tournam ent fashion 
to  lim it the  num ber of configurations which prevents the  d a ta  from becoming 
too sparse. The contenders for C I I I  are { N }  and {Cro.CI} .  Table 2(b) shows 
the scores for each set of genes. The winner is the  set {Cro, C I}  so the  G eneN et 
algorithm  correctly identifies th a t C I I I  is repressed by Cro  and CI.

C om peteP ossib leP aren ts(s, S, E, C, T, L ) 
w h ile  \{c €  C\c = (*, s)}| >  1

Q = getContenders(s, S, E, C, T, L ) 
fo re ac h  q €  Q

Scoresq = ScoreParents(s, {q}, (Q — {q}) U {{«}}, E, T, L)
C := removeLosers(C, Q, Scores) 

r e tu r n  C

F ig . 6. The C om petePossib leParen ts algorithm.

3 . 4  C o m p e t i n g  P o s s i b l e  P a r e n t  S e t s

4  R e s u lt s

To evaluate our m ethod, it m ust be tested  on known networks. As there are 
currently  very few known genetic networks, and  even fewer w ith available tim e 
series da ta , we generated synthetic d a ta  for the  phage A network and several ran ­
domly generated networks. This procedure is shown in Figure 7. The high level 
description of the  gene interactions are transla ted  into a very detailed reaction- 
based model expressed in the  Systems Biology Markup Language (SBML). This 
purely reaction-based model can be sim ulated stochastically w ith the  U. of Ten­
nessee’s Exact Stochastic Simulator (ESS). ESS im plem ents an  optim ized version 
of Gillespie’s stochastic simulation algorithm [11] which produces the  tim e evo­
lutions of species in a well-stirred biochemical system . A lim ited num ber of tim e 
points from th is sim ulation are selected to  produce a synthetic tim e series d a ta  
run  for the  original SBML model, which is then  used by the  G eneN et algorithm  
to construct a network. The original network is com pared to  the results of our 
m ethod. As shown in Figure 7. 7 of the  10 arcs in the phage A network are 
obtained and no spurious arcs generated. The tool described in [9] recovers 3 of 
the 10 arcs and reports 3 spurious arcs.
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Fig. 7. Data flow for the GeneNet algorithm evaluation.

In addition to the phage A network, our method is examined on 18 synthetic 
networks inspired by the 4 gene plasmids created by Guet et al. [12]. Given 20 
experiments with 100 data  points generated by ESS for each of these networks, 
the GeneNet algorithm finds all 72 arcs but reports a to tal of 74. The DBN tool 
from [9], only finds 33 of the 72 arcs but reports 43 to tal arcs.

We also created 10 high level 10 gene randomized networks th a t followed the 
Guet et al. framework. For this example, we also varied the number of experi­
ments where each experiment includes 200 data  points. The results are shown 
in Table 3 using both our GeneNet algorithm and Yu's DBN algorithm. The run­
times of the two tools are very similar. Precision difference between algorithms 
are minimal for the first two cases, but increase as more experiments are added. 
There are larger differences in recall. For example, the GeneNet algorithm finds 
26 percent of the arcs using only 1 experiment, and nearly 60 percent using only 
5 experiments. On the other hand, the DBN algorithm is only able to find 11 
percent of the arcs with 5 experiments. W ith 50 experiments, GeneNet finds 94 
percent while the DBN method still only finds 47 percent.

Table 3. Results for 10 gene networks.

Number of 
Experiments

Gene
Recall

sNet
Precision

DBN
Recall

[9]
Precision

1 26% (26/100) 19% (26/135) 4% (4/100) 15% (4/26)
5 58% (58/100) 46% (58/126) 11% (11/100) 48% (11/23)
10 75% (75/100) 57% (75/132) 14% (14/100) 42%, (14/33)
25 82% (82/100) 65% (82/127) 37% (37/100) 47% (37/79)
50 94% (94/100) 70% (94/135) 47% (47/100) 49%, (47/96)
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This paper describes a new m ethod for learning connectivities in genetic networks 
from tim e-series d a ta  using a Bayesian type of analysis. A lthough the results are 
promising, there  are way to  improve them . To reduce noise from the stochasticity  
of the d a ta  a low pass filter can be used. In terpolation  can also be used to  create 
in term ediate d a ta  points to  help sm ooth the  data . Transitive edges, a special case 
of ex tra  edges formed from ’sh o rtcu ts’ when m ultiple genes are connected by a 
pa th , may potentially  be removed or m arked for la ter review by graph traversal 
algorithm s. The use of d a ta  w ith interventions (i.e., m utational da ta) may also 
significantly improve the  results. W hile our m ethod does allow for cycles as 
opposed to  trad itional Bayesian approaches, it does not yet detect self-activation 
or repression. Finally we plan to  apply our m ethod to  real experim ental data .
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