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ABSTRACT
The recent advent of high throughput methods has generated large
amounts of protein interaction data. This has allowed the construc-
tion of genome-wide networks. A significant number of proteins in
such networks remain uncharacterized and predicting the function
of these proteins remains a major challenge. A number of existing
techniques assume that proteins with similar functions aretopo-
logically close in the network. Our hypothesis is that proteins with
similar functions observe similar annotation patterns in their neigh-
borhood, regardless of the distance between them in the interac-
tion network. We thus predict functions of uncharacterizedproteins
by comparing their functional neighborhoods to proteins ofknown
function. We propose a two-phase approach. First we extractfunc-
tional neighborhood features of a protein usingRandom Walks with
Restarts. We then employ a kNN classifier to predict the function of
uncharacterized proteins based on the computed neighborhood fea-
tures. We perform leave-one-out validation experiments ontwo S.
cerevisiaeinteraction networks revealing significant improvements
over previous techniques. Our technique also provides a natural
control of the trade-off between accuracy and coverage of predic-
tion.
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1. INTRODUCTION
The rapid development of genomics and proteomics has gener-
ated an unprecedented amount of data for multiple model organ-
isms. As has been commonly realized, the acquisition of datais
but a preliminary step, and a true challenge lies in developing ef-
fective means to analyze such data and endow them with physical
or functional meaning [24]. The problem of function prediction of
newly discovered genes has traditionally been approached using se-
quence/structure homology coupled with manual verification in the
wet lab. The first step, referred to as computational function pre-
diction, facilitates the functional annotation by directing the exper-
imental design to a narrow set of possible annotations for unstudied
proteins.

Significant amount of data used for computational function pre-
diction is produced by high-throughput techniques. Methods like
Microarray co-expression analysis and Yeast2Hybrid experiments
have allowed the construction of large interaction networks. A pro-
tein interaction network (PIN) consists of nodes representing pro-
teins, and edges representing interactions between proteins. Such
networks are stochastic as edges are weighted with the probability
of interaction. There is more information in a PIN compared to se-
quence or structure alone. A network provides a global view of the
context of each gene/protein. Hence, the next stage of computa-
tional function prediction is characterized by the use of a protein’s
interaction context within the network to predict its functions.

A node in a PIN is annotated with one or more functional terms.
Multiple and sometimes unrelated annotations can occur dueto
multiple active binding sites or possibly multiple stable tertiary
conformations of a protein. The annotation terms are commonly
based on an ontology. A major effort in this direction is the Gene
Ontology (GO) project [11]. GO characterizes proteins in three
major aspects:molecular function, biological processandcellular
localization. Molecular functions describe activities performed by
individual gene products and sometimes by a group of gene prod-
ucts. Biological processes organize groups of interactions into “or-
dered assemblies.” They are easier to predict since they localize in
the network. In this paper, we seek to predict the GO molecular
functions for uncharacterized (target) proteins.

The main idea behind our function prediction technique is that
function inference using only local network analysis but without
the examination of global patterns is not general enough to cover all



possible annotation trends that emerge in a PIN. Accordingly, we
divide the task of prediction into the following sequence ofsteps:
extraction of neighborhood features, accumulation and categoriza-
tion of the neighborhood features from the entire network, and pre-
diction of the function of a target protein based on a classifier. We
summarize the neighborhood of a protein usingRandom Walks with
Restarts. Coupled with annotations on proteins, this allows the ex-
traction of histograms (on annotations) that serve as our features.
We perform a comprehensive set of experiments that reveal a sig-
nificant improvement of prediction accuracy compared to existing
techniques.

The rest of the paper is organized as follows. Section 2 discusses
the related work. Section 3 presents our methods. In Section4, we
present experimental results on twoS. cerevisiaeinteraction net-
works, and conclude in Section 5.

2. RELATED WORK
According to a recent survey [22], most existing network-based
function prediction methods can be classified in two groups:mod-
ule assistedanddirect methods. Module assisted methods detect
network modules and then perform a module-wide annotation en-
richment [16]. The methods in this group differ in the mannerthey
identify modules. Some use graph clustering [23, 10] while oth-
ers use hierarchical clustering based on network distance [16, 2, 4],
common interactors [20] and Markov random fields [15].

Direct methods assume that neighboring proteins in the network
have similar functional annotations. TheMajority method [21]
predicts the three prevailing annotations among the directinter-
actors of a target protein. This idea has later been generalized
to higher levels in the network [13]. Another approach,Indirect
Neighbor[7], distinguishes between direct and indirect functional
associations, considering level 1 and level 2 associations. TheFunc-
tional Flow method [19] simulates a network flow of annotations
from annotated proteins to target ones. Karaoz et al. [14] propose
an annotation technique that maximizes edges between proteins
with the same function.

A common drawback of both the direct and module-assisted meth-
ods is their hypothesis that proteins with similar functions are al-
ways topologically close in the network. As we show, not all pro-
teins in actual protein networks corroborate this hypothesis. The di-
rect methods are further limited to utilize information about neigh-
bors up to a certain level. Thus, they are unable to predict the func-
tions of proteins surrounded by unannotated interaction partners.

A recent approach by Barutcuoglu et al. [3] formulates the function
prediction as a classification problem with classes from theGO bi-
ological process hierarchy. The authors build a Bayesian frame-
work to combine the scores from multiple Support Vector Machine
(SVM) classifiers.

A technique calledLaMoFinder [6] predicts annotations based on
network motifs. An unannotated network is first mined for con-
served and unique structural patterns called motifs. The motifs are
next labeled with functions. Pairs of corresponding proteins in dif-
ferent motif occurrences are expected to have similar annotations.
The method is restricted to target proteins that are part of unique
and frequent structural motifs. A less conservative approach for
pattern extraction (that is robust to noise in network topology) is
needed for the task of whole genome annotation.

Figure 1: Proteins sharing annotations do not always interact
in the Filtered Yeast Interactome (FYI) [12]. Similar functions
are sometimes at large network distances.

We hypothesize that the simultaneous activity of sometimesfunc-
tionally diverse functional agents comprise higher level processes
in different regions of the PIN. We refer to this hypothesis as Sim-
ilar Neighborhood, and to the central idea in all direct methods as
Function Clustering. Our hypothesis is more general, since a clique
of similar function proteins can be equivalently treated asa set of
nodes that observe the same functional neighborhood. HenceSim-
ilar Neighborhoodis a natural generalization ofFunction Cluster-
ing. A justification for our approach is provided by Figure 1 which
shows that proteins of similar function may occur at large network
distances.

3. METHOD
Our approach divides function prediction into two steps: extrac-
tion of neighborhood features, and prediction based on the features.
According to ourSimilar Neighborhoodhypothesis, we summarize
the functional network context of a target protein in the neighbor-
hood features extraction step. We compute the steady state distri-
bution of aRandom Walk with Restarts (RWR)from the protein.
The steady state is then transformed into a functional profile. In the
second step, we employ ak-Nearest-Neighbors (kNN)classifier to
predict the function of a target protein based on its functional pro-
file. As confirmed by the experimental results, the desired trade-
off between accuracy of prediction and coverage of our algorithm
can be controlled byk, the only parameter of the kNN classifica-
tion scheme. Such a decoupled approach allows for the possibility
that other kinds of neighborhood features can be extracted,and that
other kinds of classifiers can be used.

3.1 Extraction of functional profiles
The extraction of features is performed in two steps. First,we char-
acterize the neighborhood of a target node with respect to all other
nodes in the network. Second, we transform this node-based char-
acterization to a function-based one.

We summarize a protein’s neighborhood by computing the steady
state distribution of aRandom Walk with Restarts (RWR). We sim-
ulate the trajectory of a random walker that starts from the target
protein and moves to its neighbors with a probability proportional
to the weight of each connecting edge. We keep the random walker
close to the original node in order to explore its local neighborhood,
by allowing transitions to the original node with a probability of r,
the restart probability [5].



The PIN graph is represented by its adjacency matrixMn,n. Each
elementmi,j of M encodes the probability of interaction between
proteinsi and j. The outgoing edge probabilities of a each pro-
tein are normalized, i.e. M is row-normalized. We use the power
method to compute the steady state vector with respect to each
node. We term the steady state distribution of nodej as theneigh-
borhood profileof proteinj, and denote it asSj , j ∈ [1, n]. The
neighborhood profile is a vector of probabilitiesS

j
i , i 6= j, i, j ∈

[1, n]. ComponentSj
i is proportional to the frequency of visits to

nodei in the RWR fromj. More formally, the power method is
defined as follows:

S
j(t + 1) = (1 − r)MT

S
j(t) + rX. (1)

In the above equation,X is a size-n vector defining the initial state
of the random walk. In the above scenario,X has only one non-
zero element corresponding to the target node.Sj(t) is the neigh-
borhood profile aftert time steps. The final neighborhood profile
is the vectorSj when the process converges. A possible interpre-
tation of the neighborhood profile is an affinity vector of thetarget
node to all other nodes based solely on the network structure.

Figure 2: Transformation of the neighborhood profile of node
1 into a functional profile. Node 2 is annotated with functions
A and B and node 3 is annotated with functions B and C. The
neighborhood profile of node 1 is computed and transformed
using the annotations on the nodes into a functional profile.

As our goal is to capture the functional context of a protein,the
next step in our feature extraction is the transformation ofa neigh-
borhood profile into a functional profile. The valueS

j
i of nodej

to nodei can be treated as affinity to the annotations ofi. Figure 2
illustrates the transformation of a neighborhood profile toa func-
tional profile. Assume that RWR performed from node 1 resultsin
the neighborhood profile(0.7, 0.3), where0.7 corresponds to node
2, and0.3 to node 3. Annotations on these two nodes are weighted
by the corresponding values, resulting in the vector(0.7, 1.0, 0.3)
over functions A, B, and C, respectively. This vector is thennor-
malized, resulting into the functional profile(0.35, 0.5, 0.15).

More formally, based on the annotations of a protein, we define
an annotation flageia that equals1 if protein i is annotated with
functiona and0 otherwise. The affinity to each functiona in the
neighborhood profile is computed as:

S
j

f (a) =

n
X

i=1,i6=j

S
j
i eia. (2)

VectorSj

f is normalized to yield the functional profile for nodej.

3.2 Function prediction by nearest neighbor
classification

The second step in our approach is predicting the annotations of
a given protein based on itsfunctional profile. According to our
Similar Neighborhoodhypothesis, proteins with similar functional
profiles are expected to have similar annotations. An intuitive ap-
proach in this setting is to annotate a target protein with the annota-
tions of the protein with most similar neighborhood. Alternatively,
we can explore the topk similar proteins to a target protein and
compute a consensus set of candidate functions.

We formulate function prediction as a multi-class classification prob-
lem. Each protein’s profile is an instance (feature vector).Each
instance can belong to one or more classes as some proteins have
multiple functions. We choose a distance based classification ap-
proach to the problem, namely the k-Nearest-Neighbor (kNN)clas-
sifier. The classifier uses the L1 distance between the instances and
classifies an instance based on the distributions of classesin its k

nearest L1 neighbors.

The consensus set of predicted labels is computed using weighted
voting. Annotations of a more similar neighborhood are weighted
higher. The result is a set of scores for each function where afunc-
tion’s score is computed as follows:

F
j
a =

k
X

i=1

f(d(i, j))eia, (3)

whereeia is an indicator value set to 1 if proteini is annotated with
a, d(j, i) is the distance between functional profiles of proteinsi

and j andf(d(i, j)) is a function that transforms the distance to
score. We use a distance-decreasing function of the formf(d) =

1

1+αd
, α = 1. It has the desirable property of a finite maximum

at 1 for d = 0, and anti-monotonicity with respect to d. As our
experiments show, the accuracy did not change significantlywhen
alternative distance transform functions are used.

It is worth mentioning that since the two steps of our approach are
completely independent, different approaches can be adopted for
feature extraction and classification. Additionally, it ispossible to
exploit possible dependencies between the dimensions of the func-
tional profile for the purposes of dimensionality reduction.

4. EXPERIMENTAL RESULTS
4.1 Interaction and annotation data
We measure the performance of our method on two yeast protein
interaction networks. As a high confidence interaction network,
we use theFiltered Yeast Interactome (FYI)from [12]. This net-
work is created by using a collection of interaction data sources,
including high throughput yeast two-hybrid, affinity purification
and mass spectrometry,in silico computational predictions of in-
teractions, and interaction complexes from MIPS [18]. The net-
work contains1379 proteins and1450 interactions.FYI is an un-
weighted network, since every edge is added if it exists in more
than two sources [12]. When performing the random walk on this
network, the walker follows a uniformly chosen edge among the
outgoing edges.

The second yeast interaction network is constructed by combin-
ing 9 interaction data sources from theBioGRID [1] repository.
The method of construction is similar to the ones used in [7, 19,
17]. The network consists of4914 proteins and17815 interac-
tions among them. TheBioGRIDnetwork contains weighted edges
based on scoring that takes into account the confidence in each data
source and the magnitude of the interaction.
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Figure 3: TP/FP ratio for the BioGRID network. All genes are
labeled with exactly one annotation and the value of the fre-
quency threshold isT = 30.

The protein GO annotations forS. cerevisiaegene products were
obtained from the Yeast Genome Repository [9].

4.2 Existing techniques
We compare ourKNN technique toMajority (MAJ) [21], Func-
tional Flow (FF) [19] andIndirect Neighbors (Indirect)[7]. Major-
ity scores each candidate function based on the number of itsoccur-
rences in the direct interactors. The scores of candidate functions
in edge-weighted networks can be weighted by the probabilities of
the connecting edges. Functional Flow [19] simulates a discrete-
time flow of annotations from all nodes. At every time step, the
annotation weight transferred along an edge is proportional to the
edge’s weight and the direction of transfer is determined bythe
difference of the annotation’s weight in the adjacent nodes. The
Indirect [7] method exploits both indirect and direct function asso-
ciations. It computesFunctional Similarityscore based onlevel 1
and level 2 interaction partners of a protein. We used the imple-
mentation of the method as supplied by the authors, with weight
function: FSWEIGHT and with minor changes related to the selec-
tion of informative functional annotations.

4.3 Experimental setup
The frequency of a functional annotation (class) is the number of
proteins that are annotated with it. We call functions whosefre-
quency exceeds a given thresholdT asinformative. An informative
instance is a protein (represented by its functional profile) anno-
tated with at least one informative class. For a givenT , our train-
ing instance set contains all informative instances in the network.
We exploit all available annotation information and predict func-
tions at different levels of specificity. Unlike the approach in [8],
we predict informative functions, even if their descendants are also
informative.

We compare the accuracy of the techniques by performing leave-
one-out validation experiments. We use leave-one-out validation
because many annotations in the actual network are of relatively
low frequency, and thus limiting the training set. Our classifier
is working with actual networks, containing significant number of
uncharacterized proteins and hence this is a realistic measure of the
accuracy. Moreover, since the competing techniques implicitly use
all available annoatations, leave-one-out provides a faircomparison
to our method. In this setup, a target protein is held out (i.e. its

1000 2000 3000 4000 5000 6000 7000

500

600

700

800

900

T
P

FP

 

 

Indirect
FF
Random
MAJ
KNN,k=1
KNN,k=5
KNN,k=10
KNN,k=20

(a) BioGRID,T = 30

100 200 300 400 500 600

250

260

270

280

290

300

310

320

330

T
P

FP

 

 

Indirect
MAJ
KNN,k=1
KNN,k=5
KNN,k=10
KNN,k=20

(b) FYI,T = 20

Figure 4: TP versus FP for the (a)BioGRID and (b) FYI net-
works. All genes are labeled with exactly one annotation and
the frequency thresholds are set respectively to30 and 20.

annotations are considered unknown) and a prediction is computed
using the rest of the annotation information in the network.All
competing methods compute a score distribution for every class.
We use the scores to rank the candidate functions and then analyze
the accuracy for different ranks. An ideal technique would rank
the true (held-out) annotation(s) as the top-most one. We penalize
a technique for ranking false annotations above the actual ones.
Additionally, we do not consider functions of zero score as actual
predictions of the techniques.

A true positive (TP) prediction is a protein predicted as itsactual
label or any of the label’s ontological descendants. This isalso
known as thetrue pathprediction criterion and has been used in
previous ontology-aware prediction studies [8]. The motivation for
the true path criterion is the gradual characterization of agiven pro-
tein with more specific terms as more wet-lab experiments areper-
formed. We analogously define a false positive (FP) prediction as a
prediction of a function that is not part of the annotation ofa target
protein.

Though we pose the annotation prediction as a classificationprob-
lem, it is not a general classification task. A domain scientist would
be more interested in the TP and FP predictions, than in the number
of True Negatives (TN) and False Negatives (FN). TNs in the pre-
diction setting cannot facilitate the wet-lab experimentssince the
space of all possible functions is large, hence characterizing a pro-
tein using positive predictions is more tractable comparedto using
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Figure 6: Effect of the informative functions threshold T. The
average TP/FP ratio for each of the first 4 ranks is plotted for
the BioGRID network. All genes are labeled with exactly one
annotation and the value ofk is set to 10.

negative ones.

The Receiver Operating Characteristic (ROC) is a commonly used
metric for comparison of competing classification techniques. In
an ROC setting, the True Positive Rate (TPR = TP/P) is plottedas
a function of the False Positive Rate (FPR = FP/N). We show a
variation of the ROC that skips the normalization terms, so that the
actual number of false predictions is explicit in the plots.

4.4 Effect of parametersk, r, T and the dis-
tance conversion functionf(d)

We first analyze the effect of the number of neighborsk in our
kNN technique on the accuracy of the method. Figure 3 presents
the ratio of TP/FP (accuracy ratio) as a function of the rank up to
which labels are considered as predictions. We analyze thisstatistic
for four different values ofk and all competing techniques. We also
examine the performance of a random predictor (Random) that uses
solely the prior probabilities of the annotations.

The highest rank prediction for most of the methods producesroughly
equal number of TP and FP. Compared to a random model, this ac-
curacy is significantly higher as there are 18 candidate labels in this
specific experiment (T = 30). The average number of classes for
which 1NN gives predictions, i.e. classes that score greater than
0, is 1.2, hence the accuracy ratio of 1NN remains fairly stable for
increasing ranks. The number of predictions increases withk and
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Figure 7: Effect of the distance to score conversion function on
the accuracy of kNN. Our method is not sensitive to the exact
form of the function (FYI, T = 20, k = 10).

more TP are discovered at the price of more FP.

A good predictor needs to be balanced with respect to its accuracy
ratio and coverage, where the coverage is defined as the number of
TP for increasing ranks, regardless of the FP introduced. According
to this definition, kNN for small values of k can be regarded as
high accuracy and low coverage method, and with increasing k, the
coverage is increased at the price of lower accuracy. This effect can
be observed in Figure 4(a). As k increases, the curves becomeless
steep, however coverage improves. This effect of k is even more
evident for the high confidence FYI network (Figure 4(b)). Traces
for the FF and Random predictor are omitted for the FYI network
for clarity since their performance is significantly dominated by the
rest of the techniques.

We next study the effect of the restart probability of the Random
Walks on the quality of the functional neighborhoods. As evi-
dent from Figure 5, the classification accuracy is not sensitive to
the value of restart, as long as it is not chosen extremely lowor
extremely high. Values of 0.5 and 0.33 result in identical perfor-
mance. Hence for all experiments we use a restart value of 0.33.

The overall relative performance of the techniques for varying in-
formative thresholdT is presented in Figure 6. We varyT from 20
to 50 for theBioGRIDnetwork and compare the average accuracy
ratio of the first four ranks. Our technique dominates for allval-
ues ofT . Note that when predicting low frequency classes, a lower
value fork would result in a better prediction accuracy. However,
for this specific experiment, we use a uniform value ofk = 10 for
all T .

We experiment with different distance conversion functions f(d)
in order to assess the sensitivity of our method to this parameter.
The accuracy for three versions of our fractional functionf(d) =

1

1+αd
, α = 0.1, 1, 10 as well as two exponential functionse−d and

e−d2

are presented in Figure 7. Our method is not sensitive to the
exact form of function, however we do not exclude the possibility
of learning the optimal function for a given dataset.

4.5 Prediction accuracy
The prediction accuracy for single-labeled proteins is presented in
Figures 4(a) and 4(b). As we already discussed, kNN outperforms
the competing techniques when predicting single classes.



1000 2000 3000 4000

300

350

400

450

500
T

P

FP

 

 

Indirect
FF
Random
MAJ
KNN,k=20

(a) 2-labeled

1000 1500 2000 2500 3000
200

220

240

260

280

300

320

T
P

FP

 

 

Indirect
FF
Random
MAJ
KNN,k=20

(b) 3-labeled

1000 1500 2000

180

190

200

210

220

230

240

250

T
P

FP

 

 

Indirect
FF
Random
MAJ
KNN,k=20

(c) 4-labeled

600 800 1000 1200 1400 1600 1800
140

150

160

170

180

190

200
T

P

FP

 

 

Indirect
FF
Random
MAJ
KNN,k=20

(d) 5-labeled

Figure 8: Performance comparison on theBioGRID network
for (a) 2-, (b) 3-, (c) 4- and (d) 5-labeled proteins,T = 30.
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Figure 9: Performance comparison on theFYI network for (a)
2- and (b) 3-labeled proteins,T = 20.

A significant number of proteins in most genomes perform several
functions, and hence have multiple annotations. We thus would like
to analyze the performance of our technique on multi-labeled pro-
teins. In this experiment, we group the proteins by the cardinality of
their label set and perform leave-one-out validation. In this case ev-
ery TP label is counted as a TP/C fraction of a true positive, where
C is the cardinality of the label set. We take a similar approach
when counting the false positives. In this set of experiments, we
vary the rank up to which a label is considered predicted starting
from C. Figures 8(a)-8(d) present the accuracy curves for proteins
labeled with two and more annotations in theBioGRID network.
The difference in performance between our method and competing
methods is preserved when predicting more than one label. Similar
plots are shown for the smallFYI network in Figures 9(a), 9(b).

4.6 Discussion
The semantics of both GOprocessandlocalizationimply that same
terms would interact and hence cluster in a PIN. According toits
definition, a GOprocessis a conglomerate of GOfunctionsper-
formed in a sequence. Genes localized in the same compartment
of the cell, i.e. share GOlocalization terms, are also expected to

Figure 10: An example of two Kinases KIC1 and NRP1 that
both interact with GTPases (RHO3 and RAS2) andUnfolded
Protein Binding genes (HSC82 and HSP82)

interact more than ones of different localization. On the contrary,
a GO function describes a molecular activity without specifying
where, when or in what context this activity takes place. An exam-
ple of twoKinasesinteracting withGTPasesandUnfolded Protein
Bindinggenes is presented in Figure 10. They share a functionally
diverse pattern in their neighborhood, which could be captured by
our feature extraction step.

We further analyzed the annotations of the three GO components
in the high confidenceFYI network. We call a labelrelated to a
target label if it is the same or any of the target’s ontological ances-
tors. More than 73% of thelocalizationand 64.2% of theprocess
annotations interact with more related annotations than unrelated
ones. This percentage for thefunctionhierarchy is only 58%. The
semantic uniqueness of the GO function hierarchy makes it harder
for Direct methodsto infer uncharacterized proteins and this is why
we concentrate on this specific part of GO. Our experiments onpro-
cessand localizationdid not reveal a significant advantage of our
method over existing ones.

Our method is robust to the density of the interaction network. This
is demonstrated by the consistent accuracy dominance of ourtech-
nique over the competing ones on two yeast interaction networks
of different size, density and origin. A possible explanation for the
robustness is the preservation of the neighborhood pattensin net-
works of diverse size and origin, which we think is a promising
further direction for exploration.

5. CONCLUSION
We proposed a novel framework for predicting functional annota-
tion in the context of protein interaction network. It is comprised
of two independent components: extraction of neighborhoodfea-
tures and prediction (formulated as classification) based on these
features. The only parameterk to which our approach is sensitive
provides an intuitive interface for control of the trade-off between
accuracy and coverage of our method. Our method is robust to the
density and size of a PIN and its prediction accuracy is higher than
that of previous methods.

The predictive power of our method gives further insight about the
topological structure of functional annotations in a genome-wide
network. The commonly adopted idea that similar functions are
network neighbors does not hold for all annotations. A different
structural annotation trend emerges, namely functions that observe
similar (but sometimes heterogeneous) functional neighborhoods.
Our approach incorporates this idea and has a better predictive
power.
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