
Text  S1: Predicting essentiality by network measures in fission and budding yeast  

Following the work of (Yu et al, 2007)  on the budding yeast network we analyzed in detail the 

relationship between degree and betweenness centrality for both networks. Hubs are defined as 

nodes whose degree is in the top 20% of the distribution.  Bottlenecks are defined as nodes 

whose betweenness centrality is in the top 20% of the distribution.  All network measures were 

calculated with NetworkX (Hagberg et al, 2008). 

Fraction of essential genes in: Budding Yeast (%) Fission Yeast % 

Hubs 39 56 

Non-hubs 15 30 

Bottlenecks 31 47 

Non-bottlenecks 17 32 

Hubs Non-bottlenecks 44 57 

Non-hubs bottlenecks 21 41 

Hub Bottlenecks 37 56 

Lethality data of budding yeast from (Giaever et al, 2002).  Lethality data of fission yeast from  

(Kim et al, 2010) 

As the relationship gene essentiality and network scores has been explored extensively explored 

in budding yeast(Yu et al, 2007; Coulomb et al, 2005; Hahn & Kern, 2005), we repeated some 

well-established analysis as a sanity check to see if the data for fission yeast gave consistent 

results.  The original analyses in budding yeast were performed on the filtered yeast interactome 

(FYI), a database containing only very high confidence interactions.  Constructing a similar 

database in fission yeast is currently impossible (such a strict cutoff would result in a very sparse 

network, see Figure 1), so we repeated the analysis in budding yeast on data from STRING using 

a cutoff of 0.7.  The results of our analysis are consistent with those obtained in the original 

paper by  (Yu et al, 2007).  We observe that hubs have the highest % of lethal genes in both 

networks, although hub bottlenecks and hubs non-bottlenecks are very similar. 



Next, based on the work of (Coulomb et al, 2005; Hahn & Kern, 2005) we examined the ability 

of different network measures to predict lethality in fission yeast.  Further, we checked if genes 

with a large amount of publication (high number of PubMed abstracts mentioning the gene) were 

more or less likely to be essential in both organisms.  

  Median: 

(Essential, 

Viable): 

U-Score: p-value: 

(Essential, 

Viable): 

 

 

 

Budding Yeast: 

Degree: (45, 15) 1197044.5 < 10
-117

 

 

Betweenness 

Centrality: 

(0.000298, 

0.0001) 

1568356 < 10
-48

 

PageRank: (0.000226, 

0.000120) 

1311455.5 < 10
-93

 

PubMed Count: (8, 4) 1654226 < 10
-37

 

 

 

Fission Yeast: 

Degree (12, 5) 590746.5 < 10
-46

 

Betweenness 

Centrality: 

(0.000223, 

0.000033) 

689978 < 10
-21

 

PageRank: (0.000385, 

0.000256) 

614423.5 < 10
-38

 

PubMed Count: (1,1) 865274.5 0.311 

 

For all measures, we show the median score for (essential, viable) genes, the value of the U 

statistic, and the significance (All p-values from Mann Whitney test, essential vs non-essential 

genes). 

Next, we established the ability of different network measures to predict gene essentiality using 

logistic regression:   



      
 

     
 

 

Although essential genes differ significantly from non-essential in several network properties, 

and among the most highly rated genes we observe a higher % of essential genes (see both tables 

above) we found that network measures were not strong predictors of essentiality (Coulomb et 

al, 2005). 

The scaled regression coefficients are: 

For fission yeast: 

                                                               

For budding yeast: 

                         –                                  ) 

Where BC is the scaled betweenness centrality score, D is the scaled degree, and PR is the scaled 

PageRank.  Regressions were calculated using scikits.learn (Pedregosa et al, 2011) 
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