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Abstract. The Centrality-Lethality Hypothesis states that proteins with

a higher degree centrality are more likely to be lethal, i.e. proteins in-

volved inmore interactions aremore likely to cause deathwhen knocked

off. This proposition gave rise to several new investigations in which

stronger associations were obtained for other centrality measures. Most

of this previouswork focused on thewell known protein-interaction net-

work of Saccharomyces cerevisiae. In a recent study, however, it was found

that degree and betweenness of lethal proteins is significantly above av-

erage across 20 different protein-interaction networks. Closeness cen-

trality, on the other hand, did not perform as well.

We replicate this study and show that the reported results are due largely

to a misapplication of closeness to disconnected networks. A more suit-

able variant actually turns out to be a better predictor than betweenness

and degree in most of the networks. Worse, we find that despite the dif-

ferent theoretical explanations they offer, the performance ranking of

centrality indices varies across networks and depends on the somewhat

arbitrary derivation of binary network data from unreliable measure-

ments. Our results suggest that the celebrated hypothesis is not sup-

ported by data.
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ȟ Introduction

With advances in high-throughput analysis, availability of protein interaction data

increased dramatically. This provides opportunities to examine interactions and

their properties using network analysis. Substantial interest was sparked by Jeong
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et al. [1] who propose that lethal proteins, i.e. proteins causing death if knocked

off, tend to have more interactions than non-lethal ones, i.e. they have a higher de-

gree. These findings led to a flurry of follow up studies and a hunt for the centrality

best suited to identify lethal proteins [2,3,4,5,6,7,8]. Most of these stuck with the

protein-interaction network of Saccharomyces cerevisiae used in the original study.

Only few studies dealt with different organisms such as Drosophila melanogaster

or Caenorhabditis elegans [9]. In a very recent study, Raman et al. [10] reviewed

the Centrality-Lethality Hypothesis across protein networks of 20 different organ-

isms. Using a bootstrapping approach, they showed that degree and betweenness

centrality of lethal proteins are significantly higher than the network average. In

contrast, closeness centrality was found to be less indicative of lethality.

In the following, we reexamine their results, albeit with a variant of closeness

centrality correcting for the fact thatmost of the networks are not connected.More-

over, we use a more detailed evaluation method specifically designed for models

with binary outcomes, namely the receiver operating characteristic [15]. Finally, we

analyze the robustness of these results when the threshold for high-confidence in-

teractions is varied and discuss theoretical upper bounds for the case when gene

attributes are taken into account as well.

Ƞ Methods

Ƞ.ȟ Data

The protein interactions of 20 organisms3 were obtained from the STRING Data-

base (version 9.0). Besides experimentally identified interactions from published

literature, the database also contains computationally predicted interactions. Each

interaction is given a score which indicates the probability of an actual interaction.

We constructed eight networks using S ∈ {600, 650, 700, 750, 800, 850, 900, 950} as

lower bounds for the interaction scores for each organism. Lethality data were

obtained from the Database of Essential Genes (DEG version 5.0).

Ƞ.Ƞ Network Analysis

Protein interactions are represented in an undirected graph G = (V,E), where the

vertices V represent proteins equipped with a binary attribute indicating lethality
3 We use the same organisms as in [10], except we choose D. melanogaster instead of
S.e.S. typhi.
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and the edges E represent interactions. The cardinalities |V | =: n and |E| =: m

denote the number of proteins and interactions respectively. The adjacency ma-

trix A = (aij) encodes the network relation, i.e. aij = 1 if {i, j} ∈ E and aij = 0

otherwise.

For the prediction of lethal proteins we use four standard indices, degree, between-

ness, closeness and eigenvector centrality, together with two indices proposed

specifically to identify lethal proteins: subgraph centrality [11] and bipartivity [12].

Degree centrality (CD) is defined as the number of edges incident to a vertex.

Betweenness centrality (CB) quantifies the participation of a node in the shortest

paths of the network. It is defined as

CB(v) =
∑

s̸=t∈V \{v}

σ(s, t|v)

σ(s, t)
,

where σ(s, t) is the number of shortest paths connecting s and t and σ(s, t|v) is the

number of shortest paths from s to t passing through v. Closeness centrality (CC)

of a vertex v is defined as the inverse of the sum of its distances to all other vertices

in the network,

CC(v) =
1

∑

t∈V \{v}

dist(v, t)
.

By definition of shortest-path distances, CC is ill-defined on unconnected net-

works. Replication confirmed that it was used in [10] nevertheless, which may

explain its comparatively poor performance. We therefore use a close variant ap-

plicable to both connected and unconnected graphs instead 4,

C∗
C(v) =

∑

t∈V \{v}

1

dist(v, t)
.

Eigenvector centrality (CE) of a node v is given by the vth entry of the eigenvec-

tor corresponding to the largest eigenvalue of A. Again, this formulation is not

well-defined for unconnected networks. We therefore calculate CE for each com-

ponent separately and scale the values according to the number of nodes in each

component. Subgraph centrality (CS) sums up all closed walks starting and end-

ing at a vertex v. These closed walks are weighted in a way that their contribution

decreases as the length increases,

CS(v) =

∞
∑

k=0

(

Ak
)

vv

k!
= trace(eA)v .

4 This variant was proposed, for instance, by Agneessens and Borgatti (presentation at
the ASNA 2012 conference)

SOCNET & FGENET 2014, University of Bamberg, March 19, 2014 13



Bipartivity (β) is defined as the proportion of closed walks of even-length and can

be expressed as

β(v) =
CSeven

(v)

CS(v)
=

∑n
j=1

[xj(v)]
2 cosh(λj)

CS(v)
,

where xj(v) is the vth component of the jth eigenvector associated with the eigen-

value λj of A. The values of β are confined to the interval [0.5, 1]. According to [3],

lethal proteins tend to have a low bipartivity score. Therefore we adjust the value

by setting it to 1− β(v), such that lethal proteins potentially have a higher score.

Ƞ.ȡ Receiver Operating Characteristic

To measure the performance of centrality indices as a predictor for lethal proteins

we use the receiver operating characteristic (ROC) [15]. The power of a prediction

model can be summarized by the area under the ROC curve (AUC). AUC values

are bounded between 0 and 1, where a value of 0.5 is the expected performance of

a random classifier and higher (lower) scores indicate a better (worse) prediction

than expected by chance.

ȡ Results

In this section we investigate the predictive power of the six indices to identify

lethal proteins. Recall that two of them needed correction to account for discon-

nectedness. In addition, we examine whether the results are stable with respect to

the interaction-confidence threshold S and discuss potential upper bounds for the

predictions.

ȡ.ȟ Prediction Performance

Table 1 shows the AUC values of the six centrality indices for the networks with

S = 700. In contrast to the results reported in [10], we see that the adjusted close-

ness performs better than degree and betweenness in most of the networks. How-

ever, the efficiency varies strongly across all organisms in general.

Recently it has been argued that the identification of lethal proteins can be im-

proved if centrality indices are combined with further attributes, say from gene

expression data [7,13]. In such a scenario, preservation of the neighborhood in-

clusion preorder remains a necessary condition for a centrality effect to exist. We
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thus obtain an upper bound on the performance of any classifier by minimizing

the non-lethal/lethal inversions over all linear extension of this preorder. Even

though the problem of finding minimum inversion extensions is NP-hard [14],

we were able to find rankings with an optimal AUC value of 1 for all organisms.

This implies that there is a lot of potential for performance improvement when

external attributes are incorporated.

Table 1. AUC values for the protein networks with S = 700. Bold values indicate the best
performance per organism.

Organism CD CB C∗

C
CE CS β

A. bayli 0.80 0.72 0.84 0.77 0.84 0.82
A. thaliana 0.48 0.54 0.49 0.56 0.51 0.47
B. subtilis 0.80 0.70 0.84 0.56 0.72 0.72
C. elegans 0.60 0.58 0.61 0.63 0.65 0.53
E. coli 0.63 0.71 0.68 0.62 0.65 0.53
F. novicida 0.65 0.60 0.68 0.71 0.70 0.64
H. influenzae 0.77 0.68 0.78 0.77 0.80 0.79
H. pylori 0.56 0.54 0.58 0.55 0.58 0.57
D. melanogaster 0.63 0.58 0.64 0.60 0.65 0.65
M. genitalium 0.66 0.61 0.66 0.64 0.70 0.70
M. pulmonis 0.78 0.73 0.82 0.64 0.82 0.82
M. tuberculosis 0.67 0.63 0.66 0.68 0.71 0.70
P. aeruginosa 0.71 0.65 0.77 0.74 0.77 0.77
S. a.NCTC 0.79 0.73 0.85 0.77 0.86 0.85
S. a.s.a.N315 0.81 0.73 0.83 0.78 0.84 0.83
S. cerevisiae 0.71 0.64 0.70 0.70 0.70 0.50
S. pneumoniae 0.72 0.68 0.76 0.71 0.78 0.79
S. sanguinis 0.83 0.77 0.87 0.78 0.89 0.88
S. typhimurium 0.65 0.62 0.69 0.69 0.70 0.71
V. cholerae 0.65 0.61 0.69 0.70 0.70 0.69

ȡ.Ƞ Robustness

To test the robustness of the results, we varied the confidence threshold S to con-

struct eight networks for each organism. Figure 1 illustrates that prediction accu-

racy depends heavily on the chosen threshold. Observe that the index producing

the highest AUC value varies with S and that the results exhibit high variability in

general.
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abayli athaliana bsubtilis celegans dmelanogaster

ecoli fnovicida hinfluenzae hpylori mgenitalium

mpulmonis mtuberculosis paeruginosa saNCTC sasaN315

scerevisiae spneumoniae ssanguinis styphimurium vcholerae

CD CB C∗

C CE CS β

Fig. 1. Performance of the six centrality indices when S is varied from 600 to 950 (shown
on the x-axis). The AUC values on the y-axis range from 0.45 to 0.9.

ȡ.ȡ Discussion

Our reexamination shows that the original results are skewed for two main rea-

sons: inappropriate use of two indices that are ill-defined on disconnected net-

works, and restriction to a single threshold for interactions. Both are connected to

the availability of a finite list of centrality indices, from which instantiations are

chosen or new indices are added. Since many of them are defined for connected

and unweighted (or otherwise limited classes of) networks, but implementations

often output results also for networks outside of this scope, studies need to check

carefully whether the aggregate results obtained from such analyses are meaning-

ful.

Ȣ Conclusion

We redesigned and extended a study of Raman et al. [10] on the plausibility of

the Centrality-Lethality Hypothesis across 20 different organisms. In contrast to

[10], we find that (a suitably modified variant of) closeness performs better than
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degree and betweenness. We also find, however, that the association of centrality

and lethality heavily depends on where the line for high-confidence interactions

is drawn.

By minimizing the inversions of lethal/non-lethal proteins over linear exten-

sions of the neighborhood-inclusion preorder, we argued that, at least, there is no

principled argument against a centrality effect. However, in their consideration

of purely structural effects, previous results do not provide sufficient support the

Centrality-Lethality Hypothesis either.
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