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Abstract: Recent advances in high-throughput technologies have made it possible to
investigate not only individual protein interactions but the association of these proteins
in complexes. So far the focus has been on the prediction of complexes as sets of proteins from the experimental results while the modular substructure and the physical
interactions within protein complexes have been mostly ignored. In this article, we
present an approach for identifying the direct physical interactions and the subcomponent structure of protein complexes predicted from affinity purification assays. Our
algorithm calculates the union of all maximum spanning trees from scoring networks
for each protein complex to extract relevant interactions. In a subsequent step this
network is extended to interactions which are not accounted for by alternative indirect
paths. We show that the interactions identified with this approach are more accurate in
predicting experimentally derived physical interactions than baseline approaches and
resolve more satisfactorily the subcomponent structure of the complexes. The usefulness of our approach is illustrated on the RNA polymerases for which the modular
substructure can be successfully reconstructed with our method.

1

Introduction

Cellular processes of all sorts are shaped by proteins associated in complexes. Thus, the
identification of such complexes and the interactions within the complexes have become
a major experimental focus. While direct, physical interactions can be identified by the
yeast two-hybrid (Y2H) approach [FS89], affinity purification methods followed by mass
spectrometry, such as tandem affinity purification (TAP) [RSR+ 99], can also identify indirect interactions via other proteins in complexes. Recently, the TAP systems was applied
by Gavin et al. [G+ 06] and Krogan et al. [K+ 06] to identify protein complexes in the
yeast Saccharomyces cerevisiae on a genome-scale .
In the TAP system, epitope tagged proteins (baits) are expressed and purified in consecutive affinity columns [RSR+ 99]. Proteins interacting directly or indirectly with the bait,
so-called preys, are then co-purified with the bait and identified by mass spectrometry.
Ideally, the purification of one bait would yield the complete protein complex the bait is
involved in. However, due to large false positive and negative rates in the experiments,
∗ Corresponding

author.

sophisticated methods are necessary to predict the actual complexes from the purification
results.
The first predictions methods were developed by the groups of Gavin et al. [G+ 06]
and Krogan et al. [K+ 06] themselves. Since the resulting complexes showed only relatively little agreement, advanced methods have been developed recently [PVE+ 07, C+ 07,
HLM07, FKZ08] which improved predictive performance significantly. Here, most approaches use a two-step approach by first calculating interaction scores and then predicting
the complexes from those scores. However, the focus so far has been on predicting sets of
proteins associated in complexes and not the substructure of the complexes or the physical
interactions within these.
A few methods have been developed which analyse the substructure of protein complexes.
Aloy et al. [A+ 04] used interactions from 3D structures and electron microscopy to at least
partially resolve interactions between subunits of 54 experimentally derived complexes.
The method of Hollunder et al. [HBW05, HBW07, HFB+ 07] identifies substructures
in protein complexes which occur more frequently in different complexes than expected
at random. As a consequence, this approach can only identify substructures in protein
complexes which occur in more than one complex. Gavin et al. [G+ 06] distinguished
between core elements and modules or attachments in their protein complex predictions
but did not predict direct interactions.
Scholtens et al. [SVG05] and Bernard et al. [BVH07] modeled the physical topology of
protein complexes using both affinity purification and Y2H results. However, Scholtens
et al. used this only as an intermediate step in predicting protein complexes and did not
evaluate the actual interactions they predicted. Bernard et al. showed that accurate predictions can be obtained with their approach but did not evaluate to what degree their results
depend on the Y2H interactions used additionally.
In this article, we investigate if the topology of protein complexes can be predicted from
the affinity purification results alone. Here, the topology of a protein complex describes
both the direct physical interactions within a complex (the complex scaffold) but also its
modular substructure, i.e. the subdivision of the complex into smaller components. Since
most methods for predicting protein complexes from affinity purification results calculate
interaction scores as an intermediate step, we developed a method to extract interactions
relevant for the complex scaffold from these densely connected scoring networks.
Our algorithm calculates the union of all maximum spanning trees from the interaction
scores for each complex. The maximum spanning trees are then extended heuristically
by interactions which are not accounted for by alternative indirect interactions. We applied our method to confidence scores and protein complexes calculated with the Bootstrap
method [FKZ08] from the yeast affinity purification experiments of Gavin et al. [G+ 06]
and Krogan et al. [K+ 06]. We show that the interactions predicted by our approach are
enriched for direct physical interactions determined by Y2H experiments. Furthermore,
the distance in the resulting network reflects the functional and localization similarity of
the corresponding proteins and the substructure of protein complexes can be resolved in a
straightforward way.

2

Methods

In the following, let C = {C1 , . . . , Cn } be a set of protein complexes with Ci a set of
proteins and G = (V, E) a weighted network of interaction scores. Here, V is the set of
all proteins and E the set of all interactions between them. In the following, we assume
that all scores are confidence values in the range of 0 to 1. The function w : E → [0, 1]
defines the weight, i.e. the confidence score, of each edge. Interactions not contained in
the network are given a weight of 0. If the scoring method calculates general scores from
−∞ (or 0) to ∞, edge weights are scaled to [0, 1].
Furthermore, we assume that each complex is connected in the network of actual physical
interactions. This means that each protein can be reached from every other protein in
the same complex by an indirect path of physical (direct) interactions. This network of
direct interactions is denoted as the scaffold of the complex in the following. We perform
predictions separately for each complex and, consequently, two interactions with the same
weight may be predicted as direct in one complex and indirect via other proteins in another
one depending both on the association strength within a complex and the existence of
alternative paths in this complex.

2.1

Maximum spanning trees

For each complex, we start with a fully or almost fully connected scoring network for
interactions between proteins in this complex. In this network, we want to identify a
hierarchical subcomponent structure and, thus, not only the largest subcomplexes but also
subcomponents of these subcomplexes. This hierarchical structure can be identified with
hierarchical clustering algorithms.
The most commonly used variants of hierarchical clustering are average linkage and single
linkage clustering. Average linkage uses the average score between two clusters to define
their similarity which makes it difficult to assign the actual physical interactions. Single
linkage uses the maximum score and, accordingly, the physical interactions can be defined
in a straightforward way as the interactions providing the link between two clusters.
Single linkage effectively computes the maximum spanning tree of the network if the
resulting dendrogram is unrooted. A spanning tree is a tree which connects all vertices in
the network. The maximum spanning tree (MST) is the spanning tree which maximizes the
sum of its edge weights and can be calculated efficiently in O(|E|+|V | log |V |) [CLRS00].
Because of this relationship between hierarchical clustering and MSTs, our algorithm for
predicting the scaffold of a complex is based on calculating the MST of the corresponding
network. If all interaction weights within the complex are distinct, the MST is unique.
As this is generally not the case in scoring networks, many MSTs can exist. As a consequence, we calculate the set of direct interactions in the complex scaffold as the union of
all possible MSTs.
To calculate all interactions contained in at least one MST, we do not have to compute all
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Figure 1: Figure A outlines how interactions contained in at least one MST are identified. The solid
lines show the MST T calculated first. By removing edge e, a cut into the two sets {A, B, C}
and {D, E, F } is created (grey ellipses). Dashed lines indicate edges crossing that cut with the
same weight as e. By replacing e with any of these edges another MST T 0 is created. Thus, all
of these edges are contained in at least one MST and added to the predicted scaffold. Figure B
illustrates how MSTs are extended. For each possible edge (A, D), we find the optimal shortest
path between the two nodes. In this case, this is A → B → C → D (black) which has a weight of
0.9 · 0.7 · 0.8 = 0.504. Since the weight of edge (A, D) is smaller than this, the edge is discarded.
If the weight of (A, D) were larger than 0.504, it would be added to the scaffold network.

possible MSTs, but can find the relevant interactions from one arbitrary MST (see Figure
1). Deleting each edge e in turn from this MST yields a cut Cut(T, e) – a partitioning
into two sets – of the proteins in the complex. All edges crossing that cut, i.e. connecting
proteins not in the same set, with the same weight as e are contained in at least one MST.
With this algorithm, all edges in the union of all MSTs can be identified.
Thus, the algorithm for predicting the scaffold consists of two steps. First, an MST is
calculated either with the Kruskal or Prim algorithm [Kru56, Pri57]. Second, all other
edges contained in an MST are identified with the approach described above.

2.2

Extended MSTs

Although the combination of all MSTs is no longer a tree, the resulting networks are
extremely sparse and many protein interactions may still be missing. As a consequence, we
add a post-processing step in which we identify interactions which are not yet accounted
for by an indirect interaction via other proteins in the MST scaffold. For this purpose,
we compare an interaction (u, v) in the original network to the best indirect interaction
between u and v in the current scaffold network. If the edge weight is at least as high as
a factor α times the weight of the best indirect interaction, the interaction is added to the
MST network. The resulting network is denoted as eM STα and generally, α is set to 1.
For calculating the best indirect interaction we use the fact that all edge weights are confidence values in [0, 1] and, thus, can be interpreted as probabilities. The weight of an

indirect interaction is the probability of the optimal path between the corresponding proteins in the current scaffold (without the edge (u, v)). The probability is calculated as
the product of the edge probabilities on this path and the optimal path is defined as the
path with the highest probability. If we transform edge weights by taking the absolute
values of the logarithms, the path with maximum probability is the path with the smallest
sum of transformed edge weights. This optimal path between a pair of nodes can then be
calculated using Dijkstra’s algorithm for shortest paths [CLRS00].
To identify interactions which cannot be explained by a sequence of sufficiently strong
indirect interactions, we process candidate interactions in the order of non-increasing edge
weights. For each interaction e, we calculate the optimal alternative path P between the
corresponding proteins in the current scaffold. The interaction e is added to the scaffold
if w(e) ≥ αw(P ) and the scaffold is updated whenever a new interaction is identified. In
the following, we show that this algorithm is correct for α ≤ 1. This means that there is
no edge e in the final scaffold such that an alternative path P exists in the network with
w(e) < αw(P ).
Proof by contradiction: Assume, there exists such a path P for an edge e. Since the
weight of each edge is ≤ 1, we have for each edge f ∈ P that w(P ) ≤ w(f ). Thus,
w(e) < αw(f ) ∀f ∈ P and w(e) < w(f ) ∀f ∈ P if α ≤ 1. Thus, all edges on this path
have been processed before e and this path was already contained in the network at the
time e is added. This is a contradiction to the construction of the scaffold network.

2.3

Baseline prediction algorithms

We compare our algorithm against two baseline predictors. The complete approach predicts all interactions within the complex as direct, physical interactions. The connected
approach calculates the network Gτ for each complex where ∀e ∈ Eτ : w(e) ≥ τ and τ
the largest value such that Gτ is connected.

3

Results

The MST and extended MST approaches were applied to interaction scores and complex
predictions calculated from the combined results of the genome-scale TAP experiments
of Gavin et al. [G+ 06] and Krogan et al. [K+ 06] in yeast. Here, we used confidence
scores and protein complexes predicted with the unsupervised Bootstrap approach we presented recently [FKZ08]. These confidence scores are more accurate than any other scoring method. Furthermore, the medium (BT-409) and high confidence (BT-217) Bootstrap
complexes are of the same quality as the best supervised predictions and manually curated
protein complexes, respectively.
All bootstrap confidence scores are between 0 and 1 and the original network contains
62,876 interactions. By restricting this to interactions within BT-409 complexes (the complete approach), we obtained 9,918 interactions (15.8% of the original set). The connected

approach yielded 5,404 interactions (8.6%), the MST approach 1,658 interactions (2.6%)
and the extended MST approach (with α = 1) 3,085 interactions (4.9%).

3.1

Reference interactions

To compile a reference set of direct interactions we extracted all yeast protein-protein
interactions from the DIP database [SMS+ 04] determined with the Y2H method. We
chose Y2H interactions to make sure that only direct physical interactions are contained
in the reference set. Furthermore, we used the genome-scale Y2H results for yeast from
the studies of Uetz et al. [U+ 00] and Ito et al. [I+ 01]. For the Ito dataset, both the high
confidence and complete set were evaluated.
Since large Y2H interaction sets are also available for Drosophila [G+ 03], C. elegans
[L+ 04] and human [S+ 05, R+ 05], we used orthology assignments from the Inparanoid
database [BSOS08] to map these interactions onto yeast. Interactions were mapped if both
interaction partners had orthologs in yeast. This resulted in 575 predicted interactions from
Drosophila to yeast, 170 from C. elegans to yeast (70 from the core set defined by Li et
al.) and 220 predicted interactions from human to yeast.
Table 1 shows a comparison of the Y2H interaction networks against the BT-409 and
BT-217 complexes and manually curated complexes from the MIPS database [M+ 04].
The first row for each combination indicates the enrichment of Y2H interactions within
complexes. Enrichment is calculated as pC /pC where
pC =

|EC | ∩ |EY 2H |
|EC |

and

pC =

|EC | ∩ |EY 2H |
.
|EC |

(1)

Here, EC is the set of interactions within complexes, EC the set of interactions between
proteins in different complexes and EY 2H the set of Y2H interactions. The second row of
Table 1 specifies the fraction of Y2H interactions contained within complexes.
Complex set

MIPS
BT-409
BT-217

DIP

Uetz

53.0
[0.06]
64.5
[0.07]
75.1
[0.05]

106.9
[0.07]
152.4
[0.14]
150.9
[0.1]

Y2H interaction network
Ito
Ito core All yeast
33.9
[0.03]
53.1
[0.05]
65.1
[0.03]

195.6
[0.09]
192.7
[0.18]
205.2
[0.12]

52.1
[0.05]
64.2
[0.07]
75.2
[0.05]

Yeast +
Pred.
41.4
[0.05]
59.8
[0.07]
66.8
[0.05]

Table 1: This table shows for each Y2H network the enrichment (see equation 1) of Y2H interactions
within the MIPS, BT-409 and BT-217 complexes. The second row for each combination of network
and complex set specifies the fraction of Y2H interactions within protein complexes.

As can be seen, Y2H interactions are significantly enriched within protein complexes and
the enrichment values appear to reflect at least partly the confidence of the corresponding
Y2H set. The Ito core interactions have much higher enrichment values than the less
confident complete Ito set. When adding the less confident predicted interactions to the
complete yeast network a less distinctive but still considerable decrease in enrichment
can be observed. Interestingly, the enrichment is significantly higher in the Bootstrap
complexes than in the MIPS complexes. The average bootstrap score of Y2H interactions
in complexes (0.76) is significantly higher than for interactions in complexes not confirmed
by Y2H (0.44). Unfortunately, the fraction of interactions in the Y2H network which
actually connect proteins in the same complex is very small.

3.2

Assessing the predictive accuracy of complex scaffolds

We evaluated the predictive accuracy of the presented methods using receiver operating
characteristic (ROC) curves [Faw06]. For this purpose, true positive rates are plotted
against false positive rates with decreasing thresholds for predicting a direct interaction. In
this case, true positive rate is the fraction of Y2H interactions within the BT-409 complexes
recovered by the prediction methods. False positive rate is the fraction of interactions
within the BT-409 complexes predicted to be in the scaffold but not contained in the Y2H
network.
Figure 2 A shows the ROC curve for the complete, connected, MST and extended MST
predictions compared against the complete set of yeast Y2H interactions. Similar results
can be observed for all Y2H sets. As can be clearly seen, significant improvements in
predictive accuracy can be obtained with the MST approach. At a maximum true positive
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Figure 2: ROC curve (A) for the direct interactions predicted by the complete, connected, MST
and extended MST (for α = 1) approach compared to all yeast Y2H interactions within the BT409 complexes. Here, the curves for the complete and connected approach are almost identical in
this range as 90% of the top scoring interactions of the complete network are also contained in the
connected network. The two networks differ mostly in the low scoring and low quality interactions
contained additionally in the complete network. Figure B illustrates true positive and false positive
rates for decreasing values of α and the connected networks (CON).

rate of 41.6%, only 14.5% false positives are predicted. At the same true positive rate,
about 22% false positives are predicted by the complete and connected predictions.
However, the higher specificity of the MST approach results in a significantly lower sensitivity. Thus, less than half of the Y2H interactions recovered by the baseline predictions
are recovered by the MST approach. By extending the MSTs, the fraction of true positives
identified can be increased significantly. Although the false positive rate consequently increases as well, the overall performance of the extended MSTs is nevertheless significantly
better than observed for the baseline predictions.
Figure 2 B illustrates the true and false positive rates for decreasing values of α used for
extending the MSTs. The more conditions are relaxed for extending the networks, the
more interactions are added. As a consequence, more true interactions are recovered but
also more wrong predictions are made. Nevertheless, at the same false positive rate the
extended MSTs can recover more true positives than the connected networks.

3.3

Separation of substructures within complexes

By predicting the topology of protein complexes, we aim to identify substructures within
complexes. Proteins which are closely involved with each other should end up very close to
each other in the network, i.e. separated by only few interactions. Proteins more distantly
related, on the other hand, should be separated by many interactions within the network. To
measure the distance of two proteins in the network we calculate the number of interactions
on the shortest (unweighted) path between them.
Figure 3 A illustrates the correlation between the distance of two proteins and the confi-
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Figure 3: Figure A compares the distance between a protein pair in the complete (COMP), connected
(CON), MST and extended MST networks against the confidence of this pairwise interaction in the
complete network. Averages are taken over all protein pairs with the same distance. Figure B
compares the distance in the network against the fraction of GO cellular compartment annotations
the two protein have in common.

dence of the corresponding interaction in the original bootstrap network. As expected, the
more interactions the predicted network contains the shorter are the distances in the network. Thus, largest distances are observed in the MST network and shortest distances in
the complete network where most proteins are directly connected. Furthermore, the higher
the confidence of an interaction between two proteins is, the smaller is the distance in the
resulting scaffold network. Due to the larger distances in the MST and extended MST
networks, the rate of decrease is significantly smaller for these networks which allows for
a better resolution of the network structure.
We calculated for each pair of proteins the fraction of Gene Ontology (GO) [A+ 00] annotations they have in common and correlated this with their distance. We used this simple
measure instead of more complicated methods as semantic similarity [SDRL06] because
semantic similarity within complexes is generally very high [FKZ08]. In this case, the
simple overlap measure allows for a more fine-grained analysis of protein function and
localization within complexes.
Figure 3B shows the results for the cellular component ontology of the GO. Similar results
were observed for the biological process and molecular function ontologies. As with interaction confidences, we observe that the similarity of the cellular component assignments
tends to decrease with the distance between the corresponding proteins. Furthermore, the
rate of decrease is lowest for the sparse MST network. In the extended MSTs, this rate is
significantly higher but still by far not as high as in the connected and complete networks.
This indicates that proteins involved in different subcomponents of a complex are separated from each other by many interactions in the predicted scaffolds, whereas proteins
involved in the same subcomponents are close to each other. Surprisingly, co-localization
scores increase again at a distance of 4 for the connected network and at a distance of 9
for the extended MST network. This is due to the small number of protein pairs with this
distance in the corresponding networks. Thus, outliers affect the average co-localization
more strongly.

3.4

Analysis of the DNA-directed RNA polymerase complex

To illustrate the value of the predicted interaction scaffolds for the identification of substructures in complexes, we analyzed the DNA-directed RNA polymerase complex. This
complex contains 46 proteins in the BT-409 set and effectively consists of three separate
RNA polymerase complexes (RNA polymerase I, II and III) which have been clustered
into one complex since they have many proteins in common. The crystal structure of polymerase II is known, whereas only little structural information is available for polymerases
I and III [CAB+ 08].
Figure 4 shows the complex connections for the RNA polymerase in the connected and
extended MST network. The complex was visualized using the organic layout function of
Cytoscape [SMO+ 03] which clusters closely connected proteins together. In the complete
bootstrap network, no substructure can be observed but all proteins form a tight cluster.
In the connected network (see Figure 4 A), we observe at least a separation between the

RNA polymerase III complex and the remaining proteins but polymerase I and II are too
tightly connected to identify the substructure. It is only when proteins are colored by
their cellular components that we detect that proteins from the same subcomponents are
clustered together.
In the extended MST network (see Figure 4 B) the subdivision of the complex into polymerase complexes I, II and III can be clearly observed. The polymerase III complex (light
grey) is connected by two proteins (RPC19, RPC5) to the polymerase I complex (dark
grey). The latter one is then connected to the polymerase II complex (black) by a group
of five proteins (RPB5, RPB6, RPB8, RPB10 and RPB12) contained in all three RNA
polymerase complexes.
Interestingly, these five proteins are not directly connected to the other polymerase III proteins although they are contained in this complex. If we relax the criterion for extending an
MST (α = 0.99), the interaction between RPB10 and RPC5, which has also been identified in Y2H screens [LCST93, FBG+ 99], is added to the scaffold. This might suggest that
the interaction of the common proteins to polymerase III is mediated via this interaction.
However, if we look at the crystal structure of polymerase II and the model for polymerase
III [CAB+ 08], we find that none of the common proteins are actually in physical contact
in the complexes (possibly apart from RPB10 and RPB12).
Going back to the original purification experiments, we find that of the 7 interactions predicted between the common proteins, 6 interactions are bait-prey interactions which have
been found to be very reliable [BCRC04] and 3 of those are identified in both directions.
Since the proteins do not appear to physically interact, this is probably a consequence of
the common occurrence of these proteins in several different complexes.
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Interacting with
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Other proteins

Figure 4: This figure shows the predicted subnetworks for the DNA-directed RNA complex. Figure
A shows the results for the connected subnetwork and B the results for extended MST network.
Colors indicate the subcomponents: Polymerase complexes I (dark grey), II (black) and III (light
grey). Rectangles denote polymerase proteins and diamonds transcription factors.

Another example which illustrates the problems of affinity purification in distinguishing
the actual physical interactions, is the interaction between the RPB3 and RPB9 protein in
the polymerase II subcomplex. Although the two proteins are located at different ends of
the Polymerase II in the 3D structure, this interaction has a very high confidence score as
RPB3 and RPB9 co-purified each other whenever one of these proteins was used as bait
(6 times for RPB3 and 5 times for RPB9).

4

Discussion

In this article, we presented an approach for predicting the topology of protein complexes,
i.e. the scaffold of direct interactions which spans the complex. First, our method calculates the union of all maximum spanning trees (MSTs) in the interaction score network for
a protein complex. In a subsequent step, this network is iteratively extended by interactions which cannot be explained by a path of alternative indirect interactions. The MST
approach is applicable to all weighted interaction networks and in particular to interaction scores calculated from affinity purification assays with any of the recently published
scoring methods. Confidence scores which are required for extending the MSTs in our
algorithm, can be obtained by scaling any type of scores to [0, 1] or using the Bootstrap
approach we developed to calculate scores from affinity purification experiments.
Predictive performance of subnetworks calculated from Bootstrap confidence scores was
evaluated on experimentally determined direct, physical interactions from Y2H experiments. We showed that predictive accuracy can be increased significantly with our approach compared to baseline predictions. When comparing the individual protein complexes to the Y2H network, we observed that less than half of the complexes both in the
predicted complex set and in manually curated complexes contain at least one Y2H interaction, and only 5% to 11% of the complexes are actually non-trivially connected (i.e. they
are connected and contain more than two proteins) in the Y2H network. This suggests that
many of the direct interactions within complexes have not been identified yet. Here, the
interactions predicted by our approach but not found in the Y2H network are promising
starting points for experimental verification.
Protein complexes are not simply clumps of proteins but they have an internal substructure
in which not all proteins bind closely together. Thus, proteins in the same subcomplex are
closely connected by short paths of direct interactions whereas proteins in different subcomponents are separated by many physical interactions in this network. Our results show
that both for the network predicted with our approach and for the baseline predictors, the
distance between protein pairs is correlated strongly with the corresponding interaction
confidence and the similarity of the cellular components these proteins are contained in.
However, in the scaffold network predicted by our method, separation of proteins in different subcompartments of a complex is more distinctive and thus, the substructure of the
complex can be better resolved.
We illustrated this observation on the complex of DNA-directed RNA polymerases. While
the substructure of the complex with three different RNA polymerases can only be partly

observed in the baseline predictions, it is clearly evident in the network predicted with
our approach. By relaxing the conditions of our algorithm slightly, the substructure of the
complex can be further emphasized and important interactions can be identified. Thus,
the algorithm presented in this article is valuable for identifying the scaffold of physical
protein interactions within complexes as well as their subcomponent structure.
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