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Appendix A: More topological statistics of the Yeast Gene Network 
 
The inferred yeast gene network has 14723 edges and 4239 nodes, with a resulting density of 
8.195e-04. The maximum in-degree is 19, while the maximum out-degree is 285. As a measure of 
the fragmentation of the out-degree values, we observe that 182 out-degree values in the range 
(0,285) are not instanced. 
The number of regulators is 1111, of which 192 are not regulated by any gene, and the number of 
targets is 4047, of which 3128 have no target. The number of nodes both regulating and regulated is 
919. 
The average degree is <kin>=<kout>=3.47. The average of the in- and out-degree product is 
<kin*kout> = 17.7 and is different from the product <kin><kout>, meaning that the in- and out- degree 
distributions are only lightly correlated. This can be better seen using the Pearson correlation 
coefficient (ranging from -1 to +1), that shows a small positive correlation: 
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The average shortest path length is 5.687 and the network diameter (maximum shortest path length) 
is 19. Then, on average, in less than six steps a gene is capable to reach another gene. The number 
of gene pairs such that the first node reaches the second but not vice versa is 690176, while the 
number of pairs connected in both directions is 57310.  
 
The in-degree distribution is well fitted by an exponential decay: )exp()( iiPIN l-µ  with 

356.0=l and 9759.02 =R . The out degree is well represented by a power law. Excluding the last 
25 points in the noisy tail, we obtain the following fit: n-µ jjPOUT )(  with 3.1=n  and 8537.02 =R . 
 
From the shortest path distribution is immediate to obtain the average number of nearest-neighbors 
(z2=13.32), next-nearest-neighbors (z3=36.26), and so on ...( z4=60.56, z5=69.59, z6=61.02...). 
 
We also have done a basic motif analysis, finding that the number of reciprocally regulated couples 
is 134. 
 
The upstream cluster coefficient defined for a given node i is the number of triangles (Ntr) the node 
forms with two input neighbours divided by the number of all possible such triangles: 

( )1-= inintr
ups
i kkNC  (Guelzim, et al., 2002). It measures how likely a node is part of an upstream 

clique. The average upstream clustering coefficient is 0.08711, showing that on average a node can 
have only about 9% of the incoming neighbours that are adjacent. The upstream clustering 
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coefficient distribution fits quite well a decay behaviour Cups(kin)= 4.91*kin
-0.57 (R2 = 0.74), that can 

be the signature of an underlying hierarchical structure (Ravasz and Barabasi, 2003). 
 
The downstream clustering coefficient is 0.007485, one order of magnitude smaller than its 
upstream counterpart, indicating that it is about ten times more likely to have a clique in the input 
rather than in the output neighbourhood (Guelzim, et al., 2002).  The downstream clustering 
coefficient distribution roughly shows decay behaviour, though a good fit to a power law cannot be 
obtained due to the noisy tail fluctuations. Considering only the first 30 points, it can be obtained a 
nicer fit:  
 
Cdns(kout)= 0.71*kout

-1.42 (R2 = 0.75). 
  
 
Finally, considering an undirected version of the network is also possible to evaluate the standard 
clustering coefficient, which is 0.1126.  
 
Next, we compare these results to the mean properties of the ensemble of networks with the same 
degree distribution by using the generating function (GF) formalism (Newman, et al., 2001). 
Differences between the results from this analytic framework and the observations in the yeast gene 
network may indicate the action of evolutionary forces having shaped the network for functional 
purposes. Given the joint distribution P(kin, kout), the generating function is defined as: 
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the observed value. The upstream and downstream clustering coefficients can be then derived as 
(Guelzim, et al., 2002): 
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Thus, we estimated the upstream and downstream clustering coefficient, respectively as 0.001749 
(compare with observed value of 0.007485), and 0.02805 (0.08771). The values based on the 
generating function are of the same order of magnitude but definitely smaller of those observed, 
showing that our network is quite distinct from the ensemble null model, at least concerning the 
local aggregation properties. 
 
In the GF machinery, a threshold for the giant strongly connected component (GSCC) appearance is 
identified by: ( ) ( ) 0,2, ³--�

outin kk outinoutinoutin kkPkkkk . For the yeast gene network this sum is 28.5, 

showing that the giant component transition already took place. This allows using the GF approach 
to predict the size of the bow tie components. We define the generating functions separately for the 
in- and out-degree distribution of a node: ( ) ( ) ( ) ( )yGyGxGxF ,1  ,1, 00 ==  . We also need to define 
the distribution of degrees for a randomly chosen neighbour of a given 

node: ( ) ( ) ( ) ( )yxGkyGxyGkxF outin ,1  ,1, 
1

1

1
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. Sizes of components can be defined 

as follows: S + O = 1 - F0(u),  S + I = 1 - G0(v),  S = 1 – F0(u) – G0(v) + G(u,v), where u and v are 
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solutions of u = F1(u), v = G1(v), and I, O, S are the size of the IN, OUT and SCC components, 
respectively.  
The predicted sizes (in term of number of nodes) are as follows: the GSCC size is 9.8% of the 
whole network (to be compared with 8%), the IN component represents 2.1% (1.75%) and the OUT 
component accounts for 82.5% of the whole nodes (77.1%). These results, even if good 
approximations, show again a difference between the null model and the yeast gene network. These 
differences are the most interesting aspects from our point of view because they can hinder 
biological forces in action to shape the network. 
Taking into account the predicted relative size S of the giant component, the GF formalism allows 
to compute the average shortest path: ( ) ( )[ ] 1loglog 1

121 += -zzzSnl . The obtained value is 5.21, in 
good agreement with the observed value (5.68). 
 
 
Appendix B: Growing network model: the rules and analytical solutions 
 
We propose a model for GN growth with the goal to give a possible explanation to the observed 
degree distributions. Networks among genes are believed to grow through a process of gene 
duplication (Conant and Wagner, 2003; Teichmann and Babu, 2004; van Noort, et al., 2004), 
completely excluding the possibility of growth by ‘horizontal gene transfer’, a mechanism more and 
more believed to be a mayor driving force of biological evolution and to contribute significantly to 
the evolution of transcriptional regulation (Price, et al., 2008). The model we propose relies 
completely on recruiting new genes and does not involve gene copying at all. Figure 10 describes 
the set of rules governing the growth process inspired by the work on directed scale free networks 
by Krapivsky et al. (Krapivsky, et al., 2001). The basic idea is that a new node can either enter the 
network as a regulator or a regulated node. If it enters the network as a regulator, it uniformly 
selects its target, while if it enters as a regulated node the input will be selected with preference to 
nodes with high number of outputs. This ‘preferential attachment’ is due to the fact that regulatory 
sequences of such regulators occur frequently in the genome and thus are copied into the new 
gene’s promoter region with higher probability. 
Using the Rate Equation formalism for growing networks (Krapivsky and Redner, 2003) it can be 
shown analytically (see online supplementary information) that networks grown by these rules 
indeed posses the same form of degree distribution as we observe in the YGN, i.e. a power law out-
degree distribution and an exponential in-degree distribution. The parameters of the distributions 
strongly depend on the values of the probabilities p and ps. These ratios were approximated from 
the YGN: p = nodes/(nodes+edges) = 0.224, and ps = sources/nodes = 0.262. The observed 
exponent of the in-degree distribution is reasonably well approximated: –0.356 (model: –0.237). 
However, the power law exponent produced by the rules is larger than the one observed in the 
YGN, i.e. the model predicts a minimum attainable exponent of –1.86 in contrast to the observed 
value of –1. Though, it must be noted that the out-degree distribution has a ‘blurry tail’ (see figure 
9) and excluding the last 25 points in the tail yields an improved fit (R2 = 0.9) with a power 
exponent equal to –1.3, comparing slightly better with the theoretical quantity. Additional 
comparisons of topological properties are provided in the on-line supplementary material. 
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Figure B1: The rules governing the growth process based on gene recruitment through horizontal 
gene transfer and specific ways of attaching to already present genes. 
 
 
We defined rules to grow a network with the aim to reproduce some local and global properties of 
the inferred yeast gene network. As explained in the paper, this should provide insight about the 
biological mechanisms acting during network evolution. It is known that a scale free behavior can 
be obtained as a result of both preferential attachment and a growing mechanism (Albert and 
Barabasi, 2002) while there's less evidence on how to create a distribution with different behavior 
for in- and out-degree, as we observed in the inferred network. Our idea was to mix preferential and 
flat attachment as follows (see also Figure 10 in the paper): 
1) add to the network a new node with probability p, 

1a) the new node is a source with probability pS, and in this case the probability to attach to a 

node with in-out degree (i,j) is constant, 
1b) or a target with probability qS = 1- pS, and in this case the attachment kernel depends only 

on the source node outgoing degree j: Aj; 
2) add an edge with probability q=1-p, and the probability to link node (ij)  with node (i'j')  depends 
only on the source outgoing degree j: Cj 
We used in both cases 1b) and 2) a shifted linear attachment kernel because it is the only one 
showing the most rich and interesting behavior: Aj=j+ a, Cj=j+ b,. The shift parameters a,b could be 
used to modulate the in and out degree distribution behavior. 
Analyzing the process as a whole: if (N(t),I(t),J(t)) are the total number of nodes, incoming and 
outgoing edges at growing time t, then at time t+1, with probability p one may have a new node 
(and then an associated edge) or with probability 1-p a new edge alone: 
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Then, in any case the number of in- and out- degree increase by 1 at every time step, while the 
number of nodes increases by 1 with probability p: 
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Then the average in- and out-degrees are simply: 
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The growing process of the network can be statistically defined by a master equation describing all 
the possible changes happening when adding a node or an edge (as shown pictorially in Figure 10 in 
the paper) (Krapivsky and Redner, 2001; Krapivsky, et al., 2001). Defining Ni,j as the number of 
nodes having i incoming degree and j outgoing degree (similar to the joint degree distribution), we 
can write: 
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Where the source term represents the insertion of a new node as a source or target ((a) and (b) 
processes represented in Figure 10 of the paper): 
 

( )0110 )1( jiSjiSij pppS dddd -+=  

 
The second term in the master equation represents the attachment of the new node ((c) process of 
Figure 10 in the paper) to a node with in-degree i, thus decreasing the number of nodes with in 
degree i (- sign), or to a node with in degree i-1, thus increasing the number of nodes with in degree 
i (+ sign). The constants ppS in the nominator are the relative frequencies of these events, while the 

constant A in the denominator is simply a term ensuring each single term normalize correctly:  
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The same reasoning applies to the other terms of the master equation. To solve the master equation, 
we can make the ansatz ijij tntN =)( , thus transforming the differential equation into a simpler finite 

difference one. Solving the resulting rate equation, it is immediate to show that the in- and out-
degree show the desired asymptotic behavior: 
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exactly as in the inferred yeast gene network. The parameter l  and n depend on the growing rules 
parameters: 
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Our rules thus can only generate power law decay with index greater than nC. 
Having in mind our growing network rules, we estimated p and pS in the following manner: 
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Then, with the data for the inferred yeast gene network, we obtain: 
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These values must be compared with the fit of degree-distribution on the inferred yeast gene 
network presented in Appendix A: 356.0=l and 3.1=n . 
Then, our rules are perfectly capable to capture the functional behavior of the observed 
distributions, but fail in fixing the specific trend. More precisely: the in-degree distribution is 
roughly well represented, while the out-degree distribution is only very approximately fitted 
because the minimum tunable power is 1.8584. 
To conclude, we observe that the modeled joint in-out degree distribution does not factorize in the 
product of the in- and out-degree distributions, as it happens also for the inferred yeast gene 
network. The correlation coefficient is <kin*kout> = 17.97 and the Pearson correlation coefficient 
is 1931.0=r , both very close to the observed values (17.7 and 0.115). 

 
Appendix C: Coding region SNP counts 
 
The sequence alignments of the parent strains RM and BY were performed by the Kruglyak group 
(Ronald, et al., 2005) and kindly made available to us by Joshua Akay. Of the 5736 genes in the 
dataset, 4079 were identified to have one or more SNPs in their coding region. Only these genes 
were considered as potential trans-regulators. The number of SNPs in the coding regions of these 
4079 varied from 1 to 312. Figure S1 shows the histogram of counts. 



 

 

 7 

 

 
Figure C1:  Counts of genes (y-axis) with a number of coding SNPs (x-axis).  
 
Appendix D: Target set overlap between nodes in the YGN and YTRN 
 
Table D1: Top 10 most significant overlaps obtained through ‘target set overlap analysis’ (Schlitt, 
et al., 2003). In addition to the highly significant target set overlap, also an overlapping GO can be 
observed. (red = genes involved in the ribosome, blue = genes involved in amino acid biosynthesis 
and green = respiratory system genes) 
 

 YGN source node GO YTRN source 
node GO 

Target set overlap p-value  
(Hypergeometric Test - Holms 

corrected) 

1 YDR064W 
Protein component of 

the small (40S) 
ribosomal subunit 

YPR104C 1.39E-39 

2 YJL190C 
Protein component of 

the small (40S) 
ribosomal subunit 

YPR104C 5.69E-32 

3 YCR087W unknown YPR104C 2.93E-30 

4 YIL133C 

N-terminally 
acetylated protein 
component of the 

large (60S) ribosomal 
subunit, binds to 5.8 S 

rRNA 

YPR104C 2.13E-22 

5 YOL127W 

Primary rRNA-
binding ribosomal 

protein component of 
the large (60S) 

ribosomal subunit 

YPR104C 

Transcriptional 
activator; required 

for rRNA 
processing 

1.23E-20 

6 YDR064W 
Protein component of 

the small (40S) 
ribosomal subunit 

YNL216W chromatin silencing 8.97E-20 

7 YMR062C 

Mitochondrial 
ornithine 

acetyltransferase, 
catalyzes the fifth step 

in arginine 
biosynthesis; also 

possesses 
acetylglutamate 

synthase activity, 
regenerates 

acetylglutamate while 

YEL009C 

Basic leucine 
zipper (bZIP) 
transcriptional 

activator of amino 
acid biosynthetic 
genes in response 

to amino acid 
starvation 

1.68E-19 
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forming ornithine 

8 YBL030C 

Major ADP/ATP 
carrier of the 

mitochondrial inner 
membrane, exchanges 

cytosolic ADP for 
mitochondrially 
synthesized ATP 

YKL109W 

Transcriptional 
activator and global 

regulator of 
respiratory gene 

expression 

3.00E-14 

9 YIL116W 

Histidinol-phosphate 
aminotransferase, 

catalyzes the seventh 
step in histidine 
biosynthesis; 

responsive to general 
control of amino acid 

biosynthesis 

YEL009C 1.47E-13 

10 YCL030C 

Multifunctional 
enzyme containing 

phosphoribosyl-ATP 
pyrophosphatase, 

phosphoribosyl-AMP 
cyclohydrolase, and 

histidinol 
dehydrogenase 

activities; catalyzes 
the second, third, 

ninth and tenth steps 
in histidine 
biosynthesis 

YEL009C 

Basic leucine 
zipper (bZIP) 
transcriptional 

activator of amino 
acid biosynthetic 
genes in response 

to amino acid 
starvation 

 8.79E-11 

 
 
Table D2: All 65 significant overlaps (p-value<0.05) 
 

 
YGN source 

node 
YTRN source 

node 
n1 n2 

Target set 
overlap 

Holms 
corrected 

p-value from 
Hypergeomet

ric Test 
1 YDR064W YPR104C 146 162 66 1.39E-39 
2 YJL190C YPR104C 35 162 32 5.69E-32 
3 YCR087W YPR104C 98 162 49 2.93E-30 
4 YIL133C YPR104C 146 162 51 2.13E-22 
5 YOL127W YPR104C 38 162 27 1.23E-20 
6 YDR064W YNL216W 146 174 50 8.97E-20 
7 YMR062C YEL009C 24 78 18 1.68E-19 
8 YBL030C YKL109W 21 67 14 3.00E-14 
9 YIL116W YEL009C 70 78 22 1.47E-13 
10 YCL030C YEL009C 28 78 14 8.79E-11 
11 YOR028C YKL109W 17 67 11 2.70E-10 
12 YOL127W YNL216W 38 174 19 6.25E-09 
13 YCR087W YNL216W 98 174 30 8.02E-09 
14 YAL054C YOR363C 5 17 5 6.96E-08 
15 YLR295C YKL109W 7 67 7 7.08E-08 
16 YKL148C YKL109W 50 67 14 1.31E-07 
17 YLR287C YPR104C 110 162 29 1.96E-07 
18 YJL190C YNL216W 35 174 17 1.99E-07 
19 YOL097C YPR104C 40 162 17 8.84E-07 
20 YKR080W YKR099W 21 36 8 1.46E-06 
21 YPL038W YPR104C 42 162 17 2.25E-06 
22 YLR052W YPR104C 87 162 24 4.56E-06 
23 YIL133C YNL216W 146 174 33 5.01E-06 
24 YCL018W YHR084W 20 47 8 9.00E-06 
25 YBL030C YBL021C 21 30 7 1.71E-05 
26 YLR464W YLR013W 5 49 5 2.14E-05 
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27 YCL018W YMR043W 20 63 8 0.000103 
28 YJL225C YLR013W 6 49 5 0.000126 
29 YDR545W YIR018W 10 170 8 0.000157 
30 YCL009C YEL009C 18 78 8 0.000213 
31 YJL225C YGL013C 6 60 5 0.000361 
32 YBR083W YHR084W 13 47 6 0.000465 
33 YJL225C YMR182C 6 21 4 0.00048 
34 YBL024W YPR104C 34 162 13 0.00072 
35 YER102W YPR104C 12 162 8 0.001044 
36 YBL030C YGL237C 21 33 6 0.001452 
37 YKR080W YDL106C 21 33 6 0.001452 
38 YDR545W YMR016C 10 142 7 0.001666 
39 YCR005C YLR451W 36 20 6 0.001814 
40 YOR136W YKL109W 7 67 5 0.002176 
41 YOR160W YML099C 12 14 4 0.002604 
42 YLR287C YNL216W 110 174 24 0.002975 
43 YCL018W YCL067C 20 9 4 0.003208 
44 YJL225C YPL248C 6 33 4 0.003248 
45 YOR160W YMR042W 12 15 4 0.00354 
46 YDR034C YEL009C 43 78 10 0.004278 
47 YDR545W YLR013W 10 49 5 0.004982 
48 YLR462W YLR013W 5 49 4 0.005628 
49 YLR467W YLR013W 5 49 4 0.005627 
50 YOR160W YEL009C 12 78 6 0.005663 
51 YMR307W YEL009C 12 78 6 0.005662 
52 YJR060W YKR099W 14 36 5 0.007662 
53 YKL148C YBL021C 50 30 7 0.011465 
54 YHR043C YFL031W 14 5 3 0.011737 
55 YLR464W YIR018W 5 170 5 0.012469 
56 YLR464W YGL013C 5 60 4 0.012891 
57 YOR028C YGL237C 17 33 5 0.014608 
58 YCL018W YCR096C 20 5 3 0.036602 
59 YDR354W YEL009C 5 78 4 0.037463 
60 YLR257W YKL109W 18 67 6 0.039642 
61 YER102W YNL216W 12 174 7 0.039767 
62 YLR464W YMR182C 5 21 3 0.042653 
63 YLR467W YMR182C 5 21 3 0.042647 
64 YCL001W YEL009C 16 78 6 0.044161 
65 YCL001W YLR451W 16 20 4 0.044507 
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