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Effect of sampling on topology predictions
of protein-protein interaction networks

Jing-Dong J Han!~3, Denis Dupuy!?, Nicolas Bertin!, Michael E Cusick! & Marc Vidal

Currently available protein-protein interaction (PPI) network

or ‘interactome’ maps, obtained with the yeast two-hybrid
(Y2H) assay or by co-affinity purification followed by mass
spectrometry (co-AP/MS), only cover a fraction of the complete
PPI networks. These partial networks display scale-free
topologies—most proteins participate in only a few interactions
whereas a few proteins have many interaction partners. Here
we analyze whether the scale-free topologies of the partial
networks obtained from Y2H assays can be used to accurately
infer the topology of complete interactomes. We generated four
theoretical interaction networks of different topologies (random,
exponential, power law, truncated normal). Partial sampling

of these networks resulted in sub-networks with topological
characteristics that were virtually indistinguishable from those
of currently available Y2H-derived partial interactome maps.
We conclude that given the current limited coverage levels,

the observed scale-free topology of existing interactome maps
cannot be confidently extrapolated to complete interactomes.

and the connecting edges, is relevant for assessing network stabil-

l, .I Determining the topology of a network, the configuration of its nodes

=" ity, dynamics and function, and ultimately for being able to design

and reengineer networks of interest! (see Box 1). Only recently has it
become possible to discern the topology of large, complex networks!2.
Typically, such networks and their topologies are determined using a
variety of sampling methods. These partial networks are then used to
infer the topology of the whole network®*.

Existing large-scale protein-protein interaction (PPI) or interactome
network maps are considered scale free>1°. To date two methods have been
used to generate such maps: yeast two-hybrid (Y2H)>~® and co-affinity
purification followed by mass spectrometry (co-AP/MS)! 12, Despite the
wealth of information collected in these maps it is important to remem-
ber that they are partial maps covering only a small fraction of the total
in vivo interactome!3~18, The total number of interactions in the yeast
Saccharomyces cerevisiae interactome has been estimated to be 15,000—
30,000 (refs. 13,17). Maps derived from the two published co-AP/MS
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data sets'b12 contain putative interactions, predicted on the basis of co-
membership in a protein complex. Thus, a significant fraction of the PPIs
reported in each of these maps may correspond to indirect interactions
that would lead to a significant overestimation of their actual coverage.
The yeast interactome maps generated by analyzing direct binary inter-
action assays with the Y2H assay independently cover a mere 3-9% of
the complete interactome (948 and 806 defined in the Uetz and Ito core
Y2H maps respectively>®) (Table 1). The Caenorhabditis elegans and
Drosophila melanogaster Y2H interactome maps show similar limited
coverage®?. This low coverage can explain the limited overlap observed
between large-scale yeast Y2H data sets>®1418, between large-scale co-
AP/MS data sets'H1218 and between D. melanogaster Y2H data sets®1°
(see Box 2). To extrapolate the topology of complete interactomes from
such incomplete maps requires the assumption that the limited sampling
does not affect the overall topological analyses?’. Recent reports have
already noted discrepancies in matching existing interactome networks
to a scale-free topology?!22.

Here, we analyze whether extrapolation of network topologies from
partial network data to the whole network can be done accurately and
with high confidence. Our approach consisted of generating theoretical,
topology models, sampling them without introducing erroneous interac-
tions (no false positives), analyzing the resulting network topologies and
comparing them to experimental data. This approach is in contrast to that
of previous studies, where experimental PPI data sets are directly matched
to a topology model'%22-24 We show with these in silico simulations that
limited sampling alone can give rise to apparent scale-free topologies,
irrespective of the original network topology, and thus complete network
topologies cannot be extrapolated directly from sub-network data.

Sampling complete theoretical interactomes

The two commonly used PPI mapping approaches have fundamental
technical differences that preclude the use of a single method to simu-
late them both. On the one hand, co-AP/MS detects co-membership
in a protein complex. A co-AP/MS complex can thus contain proteins
that are second-degree and third-degree interactors of the protein used
as bait. In co-AP/MS-derived interactome maps the edges between the
proteins are therefore predicted interactions, generated by either the
‘spoke’ model (the bait is predicted to interact directly with all mem-
bers of a complex) or the ‘matrix’ model (all members of the complex
are presumed to interact directly with all other members of the com-
plex)! L1215 On the other hand, Y2H detects only direct binary inter-
actions. Our sampling simulation was designed to model such direct
binary PPI assays only (see Box 3).
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Box 1 Why topology matters

The topology of a network refers to the relative connectivity of
its nodes. Different topologies affect different specific network
properties.

Scale-free networks are resistant to random failure but
vulnerable to targeted attack, specifically against the most
connected proteins (hubs)36. This property has been held
to account for the robustness of biological networks to
perturbations like mutation and environmental stress!22:37 A
positive correlation between essentiality and connectivity has
been demonstrated, linking topological centrality to functional
essentiality?2. |dentification of high-degree proteins would then
represent one strategy for therapeutic mediation of signaling
pathways that go awry in cancer38. Investigating high-degree
proteins as drug targets might prove a valuable approach!:39.
Such a strategy would have lesser impact if the true topology
were exponential, and would be inoperable if the true topology
were random.

Current interactome maps are far from complete!3-18. Since high-
coverage interactome mapping is costly, a strategy for interactome

We applied our simulation procedure to four different starting net-
work topologies: (i) random networks as defined by Erdés & Rényi
(ER)?? for which the distribution of the number of nodes of a given
degree (number of interactions) follows a Poisson distribution

f(k)y=em\k /,
where m is the average number of occurrencer per k. When m >> 1 it
can be approximated by a normal distribution

A"

1 N .
(f(k) = We (20-2),w1th o<U)
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mapping optimization is desirable. One proposed strategy assumes
that the complete interactome is scale free. The strategy focuses

on an iterative process where the identified hubs are used as baits

in the subsequent mapping step9. If the topology of the complete
interactome were not truly scale free then this strategy would be less
cost effective.

How the interactome evolved into its present form is naturally a
question of great interest. Numerous hypotheses on the mechanism
underlying the evolution of interactomes are based on their
topology#1-43. Different models produce different topologies. To
decide which model comes closest to reality calls for accurately
defining the true topology of the full interactome.

Whether the interactome is organized into modules, clusters of
interconnected proteins that have related or identical biological
function, is another question of compelling interest19:44-46_Various
methods for dividing the interactome into modules have been
presented0:47-51 To evaluate the relative performance of these
approaches it helps to have an understanding of the true topology of
the full interactome.

where G is the standard deviation and | the mean of the degree dis-
tribution); (ii) exponential networks (EX) whose degree distribution
follows an exponential function (f(k)=e%); (iii) scale-free networks
whose degree distribution follows a power law (PL) (f(k)=k™")?%; (iv)
networks that have a normal distribution with a standard deviation
greater than the mean that lead to a dramatic left truncation of the
distribution (truncated normal or TN)

1 . (—(k —uf
——— e \20°
ov2r
(Supplementary Fig. 1 and Supplementary Note online). For each of
these topologies we generated networks containing 6,000 nodes (the

predicted size of the yeast proteome?”) with an average degree (<k>)
of 5,10 and 20.

(flk) = ),with o> )

o0
‘g Table 1 Topological properties of interactome maps
Ito et al. Uetz et al. Ito-Uetz Li et al. Giot et al. Minimum Maximum

Data set (yeast) (yeast) combined (worm) (fly) value value
Total number of nodes 797 1,005 1,417 1,415 4,651 797 4,651
Nodes in main 417 (52%) 473 (47%) 970 (68%) 1,260 (89%) 3,039 (65%) 47% 89%
component
Total number 806 948 1,520 2,135 4,787 806 4,787
of interactions
Interactions in main 544 558 1,229 2,038 3,715 544 3,715
component
R-square 0.843 0.954 0.899 0.885 0.91 0.843 0.954
% -1.82 -2.42 -1.91 -1.59 -2.75 -2.75 -1.59
<k> 1.96 1.84 2.15 2.98 2.04 1.84 2.98
Average clustering 0.2 0.11 0.09 0.09 0.06 0.06 0.2
coefficient
Number of network 143 177 160 70 591 70 591
components
Average component size 5.6 5.7 8.9 20.2 7.9 5.6 20.2
Characteristic path length 6.14 7.48 6.55 491 9.43 491 9.43
Number of baits 455 512 827 502 2,820 455 2,820

The linear regression R-square measures the linearity between log(n(k)) and log(k) i.e. the fit to a power-law distribution. y is the exponent of the power law distribution
formula that best fits the observed distribution. <k> is the average number of interactions per protein observed in the network. For the Ito, Li and Giot data sets only the high

confidence interactions were considered (core).
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Box 2 Coverage versus accuracy

False positives (identified interactions that do not occur
physiologically) in PPl maps are of two classes?33-35. On

the one hand, technical false positives arise from limitations

of the experimental procedures used—the more stringent
implementations of Y2H recently developed allow elimination of
most of these9:33-3%. On the other hand, biological false positives
are PPI that occur in the experimental procedure but do not occur
in vivo, because the two proteins are not expressed at the same
time, in the same sub-cellular compartment, or in the same tissue.
We chose not to introduce spurious interactions into our sampling
simulation. First, we wanted to study the impact of sampling alone
on the topological features of the map. Second, as false-positive
interactions in the PPl maps are not recognizable (otherwise they
would have been eliminated) any attempt to simulate them a
priori would have to rely on speculative assumptions. Lastly, this
approach permits comparison between samples containing only
true positives and the experimental data, thereby providing insight
into the impact of false positives on the observed topology.

The dramatic impact of sampling on the observed topology is illus-
trated with an ER network with <k> = 10: the more limited the sam-
pling, the more the peak of the degree distribution shifts toward a lower
degree (Fig. 1). Ultimately only a truncated exponential decay tail is
evident, whose shape resembles a scale-free degree distribution with
an R-square value approaching 1 (Fig. 1¢).

Low coverage sampling of all four of these network types generated
maps whose degree distribution could be approximated by a power-
law function as reflected by the R-square evaluations of linearity
(Fig. 2, orange-red region of each panel). Marginal coverage of all four
model topologies can thus give rise to sampled networks whose distri-
bution fits a power law function as well as the available experimental

Box 3 Sampling methodology

To simulate the sampling

PPI assays mapping
experiments, such as
Y2H, we derived two
metrics, bait coverage
and edge coverage. Bait
coverage simulates the
percentage of proteins
in the entire proteome

experimentally tested - ; - ."O"'O
as baits in large-scale o= p B
mapping experiments. O O O

Edge coverage simulates

the limited percentage of interactions per bait recovered in large-
scale mapping experiments, arising from both technical and
experimental limitations®-33-3°, Preys are also randomly selected
from the entire proteome. Bait can be preys and preys can also
be baits, just as in actual Y2H screens. For each theoretical
topology model tested we scanned through the full range of bait
and edge coverage each from O to 100%. For each combination
of bait and edge coverage, we generated a sampled network by
first randomly picking nodes as baits (black nodes in diagram) at
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The minimal overlap between independently generated
Y2H data sets has led to the supposition that these data
sets are skewed by false-positive interactions®:17. However,
as each map covers a mere 3-9% of the total interactome,
it can be argued that this poor overlap is to be expected.
We systematically compared all sampled networks of a size
comparable to the Uetz et al. yeast Y2H data set® (black dots in
Fig. 2) to all samples of a size comparable to the Ito-Core data
set6 (black dots in Supplementary Fig. 2a online). In 23,903
such comparisons, the average fraction of interactions that were
common to each pair of sampled maps was 2.1% (+0.94%) with
a maximum of 7.8%. This result indicates that it is possible
to observe perfectly accurate samples (without false positives)
that have very limited overlap solely because of the low coverage
of these maps. Therefore, the low overlap between Y2H maps
does not allow firm conclusions regarding their accuracy, and
the experimental Y2H data sets may be of better quality than is
ordinarily believed.

interactome networks do (Table 1). We repeated this experiment with
networks of 20,000 nodes, simulating the size of the worm C. elegans?®
or the fly D. melanogaster®® proteomes, and obtained similar results
(Supplementary Fig. 2 online, Supplementary Table 1 online).

Comparison of existing interactome maps with in silico maps

Although degree distribution is one of the most widely studied net-
work parameters, it does not capture all aspects of the topology of
a network>?426, To further test if the sampled networks obtained in
our simulations resemble current interactome maps, we assessed other
topological parameters that follow a common trend across all avail-
able experimental data sets (Table 1). These parameters include: (i) the

the designated bait coverage, then randomly selecting as preys
(grey nodes in diagram) a fraction of their interactors, according
to the designated edge coverage. Both the original theoretical
network (dotted lines in diagram) of various topologies and the
sampled networks (solid lines in diagram) are undirected graphs,
that is, edges A-B and B-A are regarded as one single edge and
homodimeric interactions are allowed and regarded as one single
edge. We then examined how closely the degree distributions of
the sampled networks so obtained match a scale-free distribution.
In a scale-free network the degree distribution follows a power law
distribution3. The linear regression R-square function was used

to assess linearity between log(n(k)) and log(k). R-square ranges
from O to 1, with 1 representing perfect linearity, that is, a perfect
power-law distribution.

Given estimations of average k (<k>) in full yeast
interactomes!3:17, we chose to model the complete interactomes
with <k> of 5, 10 and 20. Networks matching a predefined
degree distribution formula for ER, PL, TN or EX distribution were
generated by an edge allocation algorithm. Briefly, we first allocate
the number of links each node in the network makes according to
the degree distribution formula, then we randomly pick a pair of
nodes to make an edge, then decrease the degree for both nodes by
one until the desired number of edges has been assigned to nodes.

841
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value of the log(n(k)) and log(k) linear regression R-square (= 0.843);
(ii) the value of the exponent 7y of the power law distribution formula
n(k) = k¥ (between 1.59 and 2.75); (iii) the fraction of nodes in the
main component?*3 (between 0.471 and 0.89); and (iv) the average
degree k of the networks (between 1.84 and 2.98). Sampled networks for
which all four parameters are within the described ranges are shaded in
each panel in Figure 2. For all four network topologies tested there were
regions of coverage that satisfy all the topological constraints (shaded
region in Figure 2). Although the ER graphs have significantly smaller
areas satisfying the constraints than the other topologies tested, this
does not necessarily exclude a random distribution as the underlying
topology of the PPI networks.

To investigate how closely our simulation could approach the experi-
mental observations, we decided to examine samples that have a size
similar to that of the available data sets. We present here the examination
of simulated samples that correspond in size to the Uetz et al. yeast Y2H
data set® (1005 proteins and 948 interactions). This data set has similar
accuracy'® to but is slightly larger than Ito-Core®, the other available
large-scale yeast Y2H data set. Results for the other currently available

Figure 1 Sampling of an Erdés-Rényi random
network. (a) Degree distributions of sampled
networks, starting from a random network of
<k>=10. The bait and edge coverage
corresponding to each curve is marked by a white
dot in c. (b) Degree distributions of the sampled
networks on log-log scale. The bait and edge
coverage corresponding to each curve is marked by
a white dot in c. (c) The linear regression R-square
function is used to measure the linearity between
3 5 log(n(k)) and log(k). The colors corresponding
20 40 60 80 10 to particular R-square values are plotted against
Edga caveraga (%) discrete bait and edge coverage of network
sampling. The red-orange end of the color scale
indicates strong linearity, while the purple-blue
end of the color scale indicates poor linearity.

R —— .
0 05 1
R-square

binary PPI data sets> (Table 1) are reported (Supplementary Figs. 2 and
3 online and Supplementary Table 1 online). Networks of similar size are
defined as those sampled networks whose number of nodes and edges are
within 10% of those of the corresponding PPI map, and are marked by
black dots in Figure 2. We obtained sampled networks of similar size to
four out of the five Y2H data sets examined. For several of the Y2H maps
these sampled networks also fit the four consensus topological features
described above (Fig. 2 and Supplementary Fig. 2 online).

For each of the 12 (three <k> values and four distributions) starting
in silico networks (6,000 nodes), we plotted the degree distribution of
the sampled networks of comparable size, overlaying them onto the
degree distribution of the Uetz et al. Y2H map (Fig. 3). Many of the
selected networks sampled from PL, TN and EX topologies display a
degree distribution that is consistent with that of the Uetz et al. map.
A few sampled networks derived from the ER5 and ER10 networks
also fit this distribution, but they generally display a sharp drop-off at
the higher degree end. Similar fitting trends were observed when the
comparison was carried out with other Y2H data sets (Supplementary
Table 1 online and Supplementary Fig. 3 online). If the number of

Figure 2 Sampled networks derived from
starting networks of various topologies. The
simulations are based on the size of the yeast
proteome (6,000 nodes). The starting networks
are Erdés-Rényi random networks (ER),
exponential networks (EX), scale-free networks
that follow a strict power law distribution

(PL), and networks having a truncated normal
distribution (TN). Each network has average
degree <k> values of 5, 10 and 20. The
networks are sampled at discrete bait and edge
coverage. For each combination of bait coverage
(y coordinate) and edge coverage (x coordinate)
the color represents the value of the linear
regression R-square function between log(n(k))
and log(k) of the resulting sampled network.
The shaded regions in each panel indicate the
regions of bait and edge coverage that fit all four
topological constraints described in the text.
(Table 1). Black dots indicate that the sample
obtained at the corresponding bait and edge

: e coverage was of a size similar to the Uetz et al.
100 0 50 100 PPl data set®. The axes are as in Figure 1c.
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Figure 3 Degree distribution of sampled

networks. The Uetz et al. PPI® data set 10,000
(black line) is compared to sampled networks 1000
(colored lines) of similar size, indicated by the i) T
black dots in Figure 2. The node degree k is <k>=5 100
represented on the x-axis, and the number \-.
of nodes with a particular k is represented on 10 \
the y-axis. ; 4
10,000
n(k) 1,000
<k>=10 100\
A
10 '\Q‘
Ul
1 |
10,000
n(k) 1000

sampled networks of comparable size to experimental Y2H maps is
taken to indicate the likelihood of a particular underlying topology,
then the PL model seems more likely than the other tested models.
However, it is not possible to definitely exclude any of the other tested
topologies based solely on the existing interaction data.

Conclusions
A recent report used mathematical modeling to demonstrate a dis-
torting impact of sampling on the apparent topology of scale-free
networks?’. Our simulation raises the possibility that the apparent
scale-free topology of the experimental Y2H interactome maps®~® may
not represent the true topology of the full interactome. Current bait and
Q edge coverage in these data sets is so limited that none of the topolo-
© gies tested herein can be definitively ruled out. The difficulty presented
=Ye) by marginal sampling is not limited to Y2H but would arise if any
other method for determination of binary interactions, such as protein
=" microarrays®!, binary co-affinity purification’, or phage display??, were
applied in large-scale experiments.

We have shown that limited sampling alone can lead to mislead-
ing degree distribution, apart from any influence of the false posi-
tives. Limited sampling can also explain the lack of overlap between
independent maps, which is often attributed to ‘noisy’ data sets (see
Box 2). Many technical false positives are auto-activators or sticky
proteins represented by nodes of artificially high degree?3-3°, which
might tilt the apparent topology even more towards scale free than that
observed here by sampling alone.

Our study does not imply that scale-free topology is always an artifact
of sampling. The scale free Internet and World Wide Web networks are
necessarily sampled because of their vast size>*2°. Even so, they are
likely truly scale free, because although node coverage is very low, edge
coverage by the sampling methods used is close to 100 percent (bottom
right corner in the panels of Fig. 2).

Lastly, it is little appreciated just how low the coverage of the complete
interactome is in existing interactome maps'$. Our results show that
low coverage makes a determination of the true topology of the inter-
actome difficult, indicating a dire need to increase coverage through
further experimentation, as well as through development of improved
PPI mapping technology®31-35,
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Note: Supplementary information is available on the Nature Biotechnology website.
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