
the deleterious effect of A53 became more prominent, its
replacement by T53 was advantageous. Nevertheless, the
fixations of such mutations might not be under strong
positive selection because they have a negligible effect on
the reproductive success of the organism.

Compensatory changes?

Although only five FDDAMs are associated with fatal
early-onset diseases, all 16 early-onset diseases reduce the
fitness of the affected individuals to certain degrees. The
mutations associated with these diseases are probably
under strong purifying selection and it is difficult to
explain why they have been fixed in mice. Even for Sgca,
in which the P30L substitution probably occurred during
mouse breeding (Figure 2), the mouse protein is appa-
rently functional because the null mutation leads to the
expected disease phenotype [13]. In other words, a founder
effect cannot adequately explain why P30L did not lead to
the disease in mice. Kondrashov et al. [9] suggested that
compensatory mutations at other sites of the same or a
different protein render the deleterious mutations neutral.
Compensatory mutations have been experimentally demon-
strated in several proteins [14,15]. In general, if (i) a
mutation from amino acid A1 to A2 at position A causes
a disease in human; (ii) human has amino acid B1 at
position B (of the same or a different protein); and
(iii) amino acid B2 at position B can compensate the
deleterious A2, the compensatory hypothesis predicts that
all species with A2 should also have B2. Such predictions
can be tested using comparative methods when sequence
data from multiple species are available. Two empirical
examples have been extensively discussed in Ref. [9].
Given the pervasiveness of protein–protein interaction
and possibility of genotype–environment interaction,
compensatory changes might occur in different genes or
even in the environment.

Concluding remarks

In summary, our analyses of 20 cases of human–mouse
FDDAMs show that a small number of FDDAMs might be
explained by either a founder effect in mouse breeding or
reduced selection against late-onset disease phenotypes,
but the majority require other explanations. The compen-
satory hypothesis appears to be the most likely one and
identification of the compensatory changes would greatly

help understand the mechanisms behind the FDDAMs in
mice and other species.
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Recently, large-scale experiments have provided new

insights into the complex protein interaction network

in yeast. However, previous analyses have shown that

the number of interacting pairs that are common to

different methods is extremely low and, therefore, less

informative than expected. In this article, we show

that comparing the connectivities of individual proteins

can reveal that a common tendency between methods
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has been missed by the pairwise comparison of

interactions. We found significant correlations between

experimental methods and also between various

in silico methods. Exceptionally, a computational

method, gene neighbourhood, correlates with both

in silico and experimental approaches.

Mering [1] and Bader et al. [2] compared experimental
and in silico network predictions for yeast and
concluded that the agreement between individual
methods was extremely low. Tandem affinity purifi-
cation (TAP) and high-throughput mass spectrometric
complex identification (HMS), for instance, are techni-
cally similar, but they agree only in a fraction of their
interacting pairs. This low overlap of interactions
between methods is usually explained by the intrinsic
experimental errors and complexity of the system [3].
However, the possibility exists that different methods
are simply measuring different types of interactions
(e.g. transient or stable) [4]. In this article, we adopt a
different perspective and compare the organization of
predicted networks by individual protein connectivity.
In other words, we compare the number of connections
that a protein has in different experimental conditions
and not the particular nature of each connection.

Although based on various technical approaches,
current methods all predict a scale-free topology for the
intracellular network [5,6]. In such networks, a few
central hub proteins interact with many other proteins,
but the majority of proteins have few interactions and
are placed at the periphery of the network. The
importance of hub proteins has been discussed in the
context of essential functions [5] and the evolution of
interaction networks [7]. We argue that it is difficult to
imagine how two result sets can represent the same
network, if they do not agree on the general organiz-
ation of individual proteins within the network. In
other words, hub proteins, should be predicted as
central by all compatible methods, even if there is
no agreement on all specific interactions. Therefore we
propose that the connectivity of proteins is a more
suitable measure for the comparison of two protein
networks than the comparison of single pairwise
interactions (Figure 1a). Furthermore, measuring the
connectivity takes all data into account because
individual proteins, and not only pairs of proteins,
are considered.

The organization of protein networks

To compare our approach with previous analyses [1,2]
we have tested data collected from various sources by
Mering et al. [1]. For every protein in each method
(Box 1) we have calculated the degree of interaction.
Then, all methods were compared in pairs, taking into
account only those proteins that had been covered by
both methods. (Figure 1b). Experimental methods such
as spectrometric complex identification (HMS) and
tandem affinity purification (TAP) correlate signifi-
cantly with the curated comparison standard

Figure 1. (a) Topological comparison of two hypothetical networks. The number of

connections is the same in both networks (red and blue), however, the connectivity

of individual proteins is distributed differently. For example, protein X has a central

position only in the blue network. The degree of interaction of each protein is

determined by its total number of connections, independently of the identity of its

binding partners. Protein Y, for example, has a connectivity of six in both net-

works, although the individual interactions are not the same. This way, the com-

plete data can be taken into account and the comparison of networks is not

restricted to the small number of identical interactions. (b) Correlation matrix of

protein connectivities detected by experimental and in silico methods. Every field

in the matrix represents a nonparametric comparison of protein connectivities

between two methods. Symbol sizes correspond to correlation coefficients

(Spearman’s rho). A nonparametric correlation analysis was applied, because the

distribution of connectivity follows a power law and the assumption of normal

distribution is not valid. Positive correlation is shown as circles, negative

correlation as triangles. Significant correlation coefficients are indicated in red

(P-value ¼ 0.01) and in orange (P-value ¼ 0.05). See supplementary information

online. (c) Functional classes of proteins involved in GN correlations. Intersection

of GN and TAP is shown in red, intersection of GN and CO in blue and of GN,

TAP and CO in orange. The correlation between methods increases significantly

when restricted to the corresponding functional categories (see supplementary

information online). Abbreviations: ANNOT, reference set (MIPS and YPD); CO,

co-occurrence of genes; CE, correlated mRNA expression; GF, gene fusion events,

GN, conserved gene neighbourhood; HMS, spectrometric complex identification;

SL, synthethic lethal interactions; TAP, tandem affinity purification; Y2-H, yeast

two-hybrid.
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(ANNOT) and with each other. The other group is
made up of the in silico methods gene neighbourhood
(GN), co-occurrence (CO) and gene fusion (GF). At the
network organization level, there is no consistency
between yeast two-hybrid (Y2-H) and the other
methods, although reasonable consistency between
yeast two-hybrid datasets from different laboratories
can be found, something that was not detected by
previous assessments [8] (see supplementary material
online).

Interestingly, the in silico gene neighbourhood
method (GN), which is based on evolutionary con-
straints on genome organization, correlates with most
other methods, thereby linking experimental and in
silico predictions. This seems to be because of its broad
coverage of proteins from diverse functional classes;
the correlation between GN and TAP is caused
essentially by proteins involved in transcription and
translation, whereas the correlation between GN and
CO is based mainly on proteins that function in
metabolism and energy production (Figure 1c). For
example, both GN and TAP agree on the central role of
MRPL8 (large subunit of the mitochondrial ribosome),

whereas they completely disagree on the connectivity
of ACACA (acetyl-Coenzyme A carboxylate a), which is
involved in fatty acid biosynthesis. Further information
is available from the authors at http://www.pdg.cnb.
uam.es/supplement/protein_network/index.html.

Conclusion

Although the pairwise comparison of interactions revealed
little coincidence between the various experimental or
computational methods, we have shown that comparing
connectivities of individual proteins can uncover charac-
teristic experimental bias and common tendencies within
network organizations.
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Box 1. Predicting functional interaction

Various experimental and in silico methods have been developed to

predict the functional or physical interaction of proteins. In silico

methods are generally based on the comparative analysis of bacterial

genomes, and functional interactions in yeast are inferred by

homology between yeast and bacterial proteins.

Conserved gene neighbourhood (GN)
This method predicts the functional interaction of genes on the basis

of the conservation of gene clusters in bacterial genomes [9,10].

Co-occurrence of genes (CO)

The underlying assumption of this method is that genes that

function together in a pathway or structural complex will have

matching or similar phylogenetic profiles [11], exhibiting a similar

pattern of presence and absence over genomes.

Gene fusion events (GF)

Gene fusion is based on the assumption that the functional

interaction of proteins might lead to the fusion of the corresponding

genes in some species [12,13].

Correlated mRNA expression (CE)
The prediction of functional interaction from mRNA expression data

is based on the hypothesis that genes will have a functional

relationship if their expression profiles correlate across several

experiments (conditions) [1].

Synthetic lethal interactions or genetic interaction (SL)
This method is based on the assumption that two genes functionally

interact if only the absence (i.e. deletion) of both genes has a lethal

effect in yeast [14].
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