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Abstract. We consider the problem of predicting the functions of in-
dividual proteins in protein-protein interaction (PPI) networks. Exist-
ing techniques assume that proteins that are topologically close in the
network tend to have similar functions. We hypothesize that better pre-
dictive accuracy can be obtained by generalizing this assumption. We
call two functions collaborative if proteins with one function often inter-
act with proteins performing the other function. Our hypothesis is that
techniques that extract such function collaboration information from net-
works, and exploit it, can yield better predictions. We propose and evalu-
ate two such techniques. A comparative evaluation on three S. cerevisiae
interaction networks, at di!erent levels of detail, shows that the new
techniques consistently improve over state of the art function prediction
techniques, with improvements in F-measure ranging from 3% to 17%.

1 Methods

The PPI network is represented by protein set P and interaction set E. Each
epq ! E shows an interaction between two proteins p ! P and q ! P . Let F
be the set of all the functions that occur in the PPI network. Each classified
protein p ! P is annotated with an |F |-dimensional vector FSp that indicates
the functions of this protein: FSp(fi) is 1 if fi ! F is a function of protein p,
and 0 otherwise. FSp can also be seen as the set of all functions fi for which
FSp(fi) = 1. Similarly, the |F |-dimensional vector NBp describes how often
each function occurs in the neighborhood of protein p. NBp(fi) = n means that
among all the proteins that interact with p, n have function fi.

In this section we discuss two methods for the task of function prediction in
PPI networks. They both predict functions based on function collaboration.



1.1 A Reinforcement Based Function Predictor

In this method, we try to quantify how strongly two functions fi and fj col-
laborate, in the following way. Let FuncColV al(fi, fj) denote the strength of
collaboration between fi and fj . We consider each classified protein p ! P in
turn. If function fj occurs in the neighborhood of protein p (i.e., NBp(fj) > 0)
then we increase the collaboration value between function fj and all the functions
in FSp:

"fi ! FSp : FuncColV al(fi, fj)+=
NBp(fj) #R

support(fj)

If function fj does not occur in the neighborhood of p (NBp(fj) = 0), we de-
crease the collaboration value between function fj and all the functions belonging
to FSp:

"fi ! FSp : FuncColV al(fi, fj)$=
P

support(fj)

support(fj) is the total number of times that function fj appears on the
side of an edge epq in the network. R and P are ”Reward” and ”Punish” coef-
ficients determined by the user. Next, we determine the candidate functions for
an unclassified protein p and rank them based on how well they collaborate with
the neighborhood of protein p. As an example of a candidate functions strategy,
consider Majority Rule: this method nominates all functions that appear in the
direct neighborhood of the unclassied protein (and among these, will select the
most frequently occurring ones). After selecting candidate functions, we rank
them based on how well they collaborate with the neighborhood of unclassified
protein p. Formula (1) assigns a collaboration score to each candidate function
fc:

Score(fc) =
!

!fj"F

NBp(fj) # FuncColV al(fj , fc) (1)

High score candidate function(s) collaborates better with the neighborhood of
p and are predicted as its functions. We call the above method the “Reinforce-
ment based function predictor”, as it is based on reinforcing collaboration values
between functions as they are observed.

1.2 SOM Based Function Predictor

The second approach presented in this work employs a Self Organizing Map
(SOM) for the task of function prediction in PPI networks. We map the PPI
network to a SOM as follows:

– Input Layer: The number of input neurons equals the number of functions
in the PPI network. So, if inputNeurons is the set of all neurons in the
input layer then |inputNeurons| = |F |. The values we put in the input
layer are extracted from the neighborhood function vector of the protein: if
inputNeuron(i) is the i’th neuron in the input layer then inputNeuron(i) =
NBp(fi).



– Output Layer: The number of output neurons equals to number of func-
tions in the PPI network (|outputNeurons| = |F |). The values we put in
the output layer are extracted from the function vector of the protein: if
outputNeuron(i) is the i’th neuron in the output layer then outputNeuron(i) =
FSp(fi).

– Network Initialization: Weights of the neurons can be initialized to small
random values; in our implementation we initialized all the weights to zero.

– Adaption: Weights of winner neurons and neurons close to them in the SOM
lattice should be adjusted towards the input vector. The magnitude of the
change decreases with time and with distance from the winner neuron. Here,
we take some new parameters into consideration which are LearningRate(LR),
DecreasingLearningRate(DecLR) and TerminateCriteria(TC) parame-
ters. LR is the change rate of the weights toward the input vector and
DecLR determines the change rate of LR in di!erent iterations. TC is the
criteria in which the learning phase of SOM will terminate. Here, we think
of TC as the minimum amount of change required in one iteration: when
there is less change, the training procedure stops. We use Formula (2) for
updating weights of output neurons.

Wij,New = Wi,j,Current + LR # (NBp(j)$Wi,j,Current) (2)

– Testing: For each protein p in the PPI network that we did not use in the
training phase, we find the Euclidean distance between NBp and the weight
vectors. We select the output neurons which have the shortest Euclidean
distance to NBp and predict them as the functions of protein p. The number
of predicted functions is fixed and determined by the user.

2 Evaluation

We compare our collaboration based methods (i.e., collaborative-RL and SOM)
with similarity based methods (i.e., Majority Rule [3] and Functional Cluster-
ing [2, 1]) on the Krogan, VonMering and DIP-Core datasets, using average F-
measure as the evaluation criterion. We predict 3 functions for each unclassified
protein in all methods and then we compare the F-measure of di!erent methods.
Figure (1), compares SOM and Collaborative-RL (or RL in short) with function
similarity based methods on the Krogan, DIP-Core and VonMering datasets
respectively. We compare the methods on five di!erent function levels. For ex-
ample, two functions 11.02.01 (rRNA synthesis) and 11.02.03 (mRNA synthesis)
are considered the same up to the second function level (i.e., 11.02 = RNA
synthesis), but not on deeper levels. In all three datasets, collaboration based
methods predict functions more accurately than similarity based methods. As we
consider more detailed function levels, the di!erence between their performance
increases.
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Fig. 1. Compare Collaborative based methods (SOM and RL) with function similarity
based methods (MR and FC) at five di!erent function levels in Krogan, Von Mering and
DIP Core dataset. In all function levels, collaboration based methods predict functions
more accurately than similarity based methods.

3 Conclusion

To our knowledge, this is the first study that considers function collaboration
for the task of function prediction in PPI networks. We view biological process
as an aggregation of each individual protein functions and our hypothesis is
that topologically close proteins have collaborative functions. We proposed two
methods based on this assumption. The first method rewards the collaboration
value of two functions if they interface with each other in two sides of one
interaction and punishes the collaboration value if just one of the functions occurs
on either side of an interaction. At prediction time, this method ranks candidate
functions base on how well they collaborate with the neighborhood of unclassified
protein. The second method uses Self Organizing Map (SOM) for the task of
function prediction. We selected two methods, Majority Rule and Functional
Clustering, as representatives of the similarity based approaches. We compared
our collaboration based methods with these similarity based methods on three
interaction datasets: Krogan, DIP-Core and VonMering. We examined up to
five di!erent function levels and we found classication performance according
to F-measure values indeed improved, sometimes by up to 17 percent, over the
benchmark methods employed.
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