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The data and labels are provided as a collection of matrices, with rows corresponding to
genes and columns corresponding to features. Our strategy for making function predictions
from this data consists of four stages: (1) computing kernel matrices, (2) training a large
collection of GO-term-specific SVMs, (3) mapping vectors of SVM discriminants to proba-
bilities, and (4) handling missing data by choosing at test time a relevant combination of
kernels. These four stages are detailed next.
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1 MGI X X

2 OMIM X X X

3 Inpar X X

4 Biomart X X

5 Inter X X X

6 PfamA X X X

7 PPI X X XXX

8 Su X X X

9 Zhang X X X X X

10 SAGE X X X

Table 1: Various types of kernels are computed for each data set. Details of the
kernel computations are provided in the text. “LoL” is “linear on linear.”

1 Kernels

Our first challenge is to choose an appropriate representation of each data type. In the
context of SVM learning, this choice is embodied in the choice of kernel function. Our
strategy is to construct several kinds of kernels for each data matrix. The first kind of kernel
is linear: K(x, y)=x · y. Prior to computing this kernel, the data is standardized; i.e, each
variable is centered to have mean 0 and scaled to have variance 1. We compute two linear
kernels, with and without normalization, where the normalized version K̃ of kernel K is
K̃(x, y) = K(x, y)/

√

K(x, x)K(y, y). We also compute one or more non-linear kernels for
each data set, as shown in Table 1. The radial basis function (RBF) kernel is defined as
K(x, y) = e−‖x−y‖2

. The other dataset-specific kernels are described below.
For the protein-protein interaction data, we compute a diffusion kernel [Kondor and

Lafferty, 2002] on the binary adjacency matrix, in which vertices are the proteins and edges
are interactions. Diffusion kernels correspond to embeddings of the vertices in a Hilbert space
whose inner product between two vertices equals the probability of getting from one vertex
to the other in time τ if we perform a random walk on the graph. The method therefore
efficiently accounts for all possible paths connecting two nodes, and for the lengths of those
paths. Nodes that are connected by shorter paths contribute more to the similarity. The
diffusion computation involves a diffusion parameter τ that controls the relative weighting
of long versus short paths. We compute three diffusion kernels with τ ∈ {0.1, 1, 10}.

For the Sage expression data we use only the sum of all tag counts per gene. For the
phylogenetic profiles, we use only the binary data.

For the Zhang expression data, Zhang et al. conclude from their study that patterns of
co-expression accross tissues are more predictive of function than tissue-specific expression
levels. Given that we have a lot of unlabelled data, this suggests that a representation of a
gene in terms of co-expressed genes might be relevant. In a linear kernel matrix built from
expression data, the columns corresponding to a gene can be interpreted as a representation
of the gene in terms of its co-expressed genes. If we consider the latter matrix as a new
representation of the data, we can again build a kernel from it. We choose to build a linear
kernel from that matrix which is equivalent to squaring the original kernel matrix. Note that
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this is different from the quadratic kernel, which is defined as the Hadamard product of the
kernel matrix with itself and not the regular matrix product.

2 Term-specific support vector machines

In the second stage, we train a collection of SVM classifiers for each GO term. Thus, the
output of this stage is a matrix with three dimensions: gene, GO term and kernel-specific
SVM. Note that typically not all data types are available for a given gene, so that some of
the entries in this matrix are missing. We handle these missing values in the subsequent
stages.

In order to train each (binary) SVM classifier with respect to a given GO term T , we
partition the set of mouse genes into three sets. First, all genes that are annotated with
T are labelled as “positive”. Genes that don’t have any annotation in a GO hierarchy are
assigned to the root of the hierarchy. Next, we traverse from T along all paths to the root of
the Gene Ontology graph. At each GO term along this path, we look for proteins that are
assigned to that term and not to any of that term’s children. We consider that such proteins
might be properly assigned to T , and so we label those proteins as “uncertain” and do not
use them during training. Finally, all proteins that are not on the path from T to the root
are labelled as “negative.” For efficiency, for the purpose of learning the SVMs, we then
randomly select a subset of the negative examples, so that the ratio of negatives to positives
is at most 3-to-1, down to a minimum of 50 negative examples.

We train one SVM per kernel and per GO term using five-fold cross-validation. The
SVM we train uses two soft-margin parameters C+ and C−, corresponding to penalizing
respectively false positives and false negatives, which are chosen proportionally to the inverse
of the number of positives and negatives respectively. More precisely C+ = 0.01

]positives
and

C− = 0.01
]negatives

; these values were chosen empirically. The discriminant function used on any
new gene is the average of the five discriminants learnt.

3 Mapping to probabilities

For each GO term and each kernel constructed, the output of a trained SVM on a new gene
is a discriminant value, which is proportional to the distance of that gene to the separating
hyperplane. This number is not comparable from one SVM to another and moreover, a
discriminant value cannot be interpreted directly as an absolute confidence measure. There-
fore, one needs to calibrate this value, i.e., map it to a probability that reflects the degree
of confidence that we have when assigning that gene to the GO term corresponding to the
SVM built. A simple calibration method just fits a logistic regression to the non-calibrated
values using held-out data [Platt, 1999]. One possibility for us would be to calibrate the
discriminant function of each SVM separately and then combine the calibrated values. How-
ever, we choose to combine directly all the discriminant functions of SVMs learnt from a set
of kernels with a plain logistic regression with vector input. The algorithm we use to fit the
regression is the classical iterative re-weighted least squares (IRLS) method.
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4 Handling missing data

There are essentially two ways in which the lack or absence of data impacts our approach.
First for a certain gene, labelled or not, only a subset of the data types are available, which
is a priori different for every gene. Second, for some GO terms we identify only a very small
number of positive examples, which makes it impossible or highly unlikely to learn an SVM
correctly. If we have less than five positive examples for a certain GO term, we give up
trying to learn that term. As a consequence of both, each gene will only have discriminant
values for a subset of the kernels that we could a priori use to learn a GO term.

This poses a challenge at the level of the calibration. To learn a logistic regression for
a large set of kernels, we will be forced to use the small set of labelled examples that are
present in all these kernels. Conversely, if we want to learn from a large set of examples we
will have to give up a certain number of kernels. A similar problem appears on the side of the
genes that we want to apply this logistic regression to. To a certain extend the problem can
be partially addressed by imputation: if a couple of values are missing, we allow ourselves
to fill them in with the average value of the corresponding discriminant function. Obviously
it is not reasonable, either during training or prediction, to use imputation on a too large
fraction of the missing data types.

We therefore proceed as follows. We call the “feature pattern” of a gene the list of data
types available for that gene. For a certain GO term:

1. Eliminate from the set of usable data types the ones corresponding to SVMs that
couldn’t be learnt for lack of positive examples.

2. List all feature patterns present in the genes whose function is to be predicted.

3. Select the 10 most frequent ones.

4. Eliminate those feature patterns that are too rarely present in the training set (where
“training set” is defined as the union of all the held-out sets obtained from learning
the SVMs by five-fold cross-validation).

5. Add a backup pattern which comprises the inparanoid, Pfam and phylogenetic based
kernels (common to a large fraction of the testing data) or based on the Su data if we
aim at making predictions on the entire dataset.

6. Fix these patterns as models to learn, and fit each of the corresponding logistic regres-
sions with all training points that have at least the data types needed for that logistic
regression

7. If a test point pattern exactly matches the pattern of a model, then calibrate that test
point with that model.

8. Assign the remaining testing points by identifying the model that matches most closely
their pattern and use imputation to fill in the missing values. Abandon the few re-
maining test points for which no appropriate model is available.
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5 Authors’ contributions

GO and WSN designed the methodology and machine learning approach. GO wrote most
of the code and ran some of the experiments. CG wrote some code and ran most of the
experiments. JQ provided biological expertise, and GL provided machine learning expertise.
MIJ and WSN supervised the research.
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Methods:

Kernel logistic regression

The kernel logistic regression (KLR) method combines a kernel function with the logistic

regression method [1]. For a given network, assume that the kernel K(i, j) defines the

similarity between two proteins i and j. Given a function of interest, the logistic regression

for the probability that protein i has the function is defined as

log
Pr(Xi = 1)

1− Pr(Xi = 1)
= γ + δM0(i) + ηM1(i), (1)

where Xi = 1 indicates that the protein i has the function, and γ, δ, and η are the parameters

to be determined from the known proteins and their interactions. M0(i) is the sum of kernel

similarity measures between protein i and other known proteins that do not have the function
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of interest, and M1(i) is similarly defined as that for protein i and other known proteins that

have the function of interest.

M0(i) =
∑

j 6=i, xj known

K(i, j)I{xj = 0},

M1(i) =
∑

j 6=i, xj known

K(i, j)I{xj = 1}.

This model is extended to incorporate multiple data sets. Let K(d)(i, j) be the kernel

matrix for the d-th data source. Then, the KLR model can then be further extended to

log
Pr(Xi = 1)

1− Pr(Xi = 1)
= γ +

D∑

d=1

{δ(d)M
(d)
0 (i) + η(d)M

(d)
1 (i)}, (2)

where

M
(d)
0 (i) =

∑

j 6=i, xj known

K(d)(i, j)I{Xj = 0},

M
(d)
1 (i) =

∑

j 6=i, xj known

K(d)(i, j)I{Xj = 1}.

M
(d)
l (i) is the weighted number of neighbors of protein i having the function (l = 1) and not

(l = 0) with weight K(d)(i, j) for protein j in the d-th network.

Kernels for the data sets

We used different kernels for different data sets. For the protein interaction data, we used an

adjacency kernel where the similarity measure is 1 if two proteins interact, and 0 otherwise.

K(i, j) =

{
1 if protein i interacts with protein j ;

0 otherwise.

For Pfam and Interpro protein-domain data, we defined the domain information for

protein i as a vector vi. If the protein has a given domain, the value of the domain in the

vector is 1, and 0 otherwise. We defined the following polynomial kernel based on protein-

domain data:

Kn(i, j) = (1 + vivj)
n (3)
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We tried this polynomial kernel with degree n = 1 and n = 2. We also tried the modified

polynomial kernels with degree n=1 and n=2, which take into account the number of 1’s in

proteins i and j.

Kn(i, j) = (1 +
vivj

|vi|+ |vj| − |vivj|)
n

(4)

We treated MGI phenotype ontology, Biomart and Inparanoid phylogenetic profiles, and

OMIM disease data sets similarly as the protein-domain data. A protein in each data

set is represented by a vector containing binary values for phenotypes, orthologues defined

in different species or diseases. Then, we tried the polynomial kernels or the modified

polynomial kernels.

For Zhang, Su, and Sage gene expression data, we calculated the Pearson correlation

coefficient (PCC) between the expression profiles of two proteins i and j. Then, four kernels

are implemented; thresholding the PCC with parameters 0.4 and 0.6, and the following

kernel matrices (Eq. 5) with n=1 and n=2.

Kn(i, j) = (1 + PCC(i, j))n (5)

Feature selection

Because the contributions of different data sources to protein functions can be different, we

estimated the contributions of each data source based on a five-fold cross-validation (we used

a two-fold cross-validation for GO terms with the number of genes ranging from 3 to 50 in the

training set). Some data sources may not contain enough information to predict particular

functions. For each function, instead of integrating all of the ten data sources, we chose a

subset of the ten data sources and kernels for data integration. First, we calculated AUC

scores with four different kernels (except for the protein interaction data set) and the best

kernel was chosen for a given data source. Second, we integrated up to three data sources

which have the highest AUC scores and that the scores are larger than 0.65 ROC scores.
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METHODS 
 
1. Algorithm 
 
We predicted gene function using the guilt-by-association principle on an affinity network representation of 
MouseFunc data using a version of our unpublished GeneMANIA algorithm. We construct a separate 
affinity network for each dataset whose nodes are the genes and whose edges are weighted by gene 
similarity implied by the dataset.  We compute weights for each affinity network separately for each 
function prediction task and use those weights to build a task-specific composite affinity network.  To make 
predictions using the composite network, we use a variation of the Gaussian field label-propagation 
algorithm (Zhu et al 2003, and Zhou et al 2004).  
 
First we describe how we make predictions given the single composite affinity network and then we will 
describe how we build the composite network by computing weights for the individual affinity networks.  
 
1.1 GeneMANIA Label Propagation  
 
To predict gene function we perform independent binary classification on each of the GO categories using 
a variation of the Gaussian random field label-propagation algorithm (Zhu et al 2003, Zhou et al 2004). 
Given a list of positive and negative genes and an affinity network described by a matrix, this algorithm 
assigns a discriminant value to each gene in the network. This value can then be thresholded to classify the 
genes as positives or negatives.  
 
We represent an affinity network over n genes by an n by n symmetric matrix W in that each edge (i,j) in 
the affinity network corresponds to a non-zero, positive element wi,j of W.  The value of wi,j represents the 
affinity (or similarity) of genes i and j implied by a particular dataset. 
 
Given a binary classification task for which we have l labeled and u unlabeled genes (l+u=n), the Gaussian 
field algorithm computes a discriminant value   for each node i as follows:  
 

 
where yi is set based on the label of node i. The obtained discriminant values satisfy the following equation:  

 
 
If gene i has a positive label, yi is set to one; if it has a negative label, yi is set to -1; and if gene i is 
unlabeled yi is set to k: 

 
   

                                                 
1Computer Science Department and 2 Banting and Best Department of Medical Research, 3Donnellly 
Centre for Celllular and Biomolecular Research, University of Toronto, Toronto, ON, Canada. 4Gatsby 
Computational Neuroscience Unit, London, UK.  
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where n+ is the number of positive examples and n- is the number of negative examples. We have found 
that using the label bias k gives a significant improvement in the predictive accuracy of label propagation 
over setting k=0 as done in (Zhou et al 2004).  
 
1.2 Combining Multiple Affinity Networks 
 
GeneMANIA constructs a combined network Wcomb by taking a weighted linear combination of all the 

individual affinity networks Wh, thus , where . To determine the weight of each 
network we investigated several approaches. For our predictions in the first round of MouseFunc we used 
method (a). In the second round, we used method (b).  
  
(a) Dynamic Weights 
 
Cristiani et al (2002) introduced Kernel Target Alignment to measure the fit of a kernel matrix to a target 
matrix as Frobenius inner product between the two. If the target matrix Y is an outer product yTy of a label 
vector y, Kernel Target Alignment can be used as a measure of the fit of a kernel for a particular set of 
labels.  All of our affinity networks Wh can be thought of as kernel matrices, as can any positively weighted 
sum of our affinity networks.  As such we decided to optimize a variant of Kernel Target Alignment to set 
our network weights .  For our application, minimizing the Frobenius distance is equivalent to 
maximizing the Frobenius inner product.    
 
The Frobenius distance between our composite affinity Wcomb and the target matrix Y is:  
 

 
 

Note that if Wcomb and Y were transformed to vectors by stacking their columns atop one another, then their 
Euclidean distance would be the same as the Frobenius distance between the matrices.  As such, we can 
optimize the Kernel Target Alignment with respect to our weights  using ordinary least squares (OLS) 
regression on the vectorized affinity networks Wh. 
 
 

 
Table 1 The datasets that were used in MouseFunc 1st and 2nd submissions along with normalization procedure 

Data Normalization 1st submission 2nd submission 

Su Log √ √ 
Sage Log √ √ 
Zhang  √ √ 
Protein-Protein interaction Fisher Transformation √ √ 
Interpro Fisher Transformation √ √ 
Pfam A Fisher Transformation √ √ 
Inparanoid Fisher Transformation √ √ 
Biomart Fisher Transformation √ √ 

Phenotype Fisher Transformation √ √ 
Disease Fisher Transformation √ √ 
BP annotation kernel Fisher Transformation  √ 
CC annotation kernel Fisher Transformation  √ 
MF annotation kernel Fisher Transformation  √ 

 
 



In particular, if we were to construct a matrix  such that each column of  is the vectorized version of 
the affinity network Wh. We could then solve the following ordinary least squares (OLS) problem:  

 
 

 
We also include a bias term, , by adding a column of “1”s, , to  and discard this bias term when 
constructing the composite affinity network.  The weight vector, , minimizes the 
Frobenius distance between the composite affinity network and the vectorized outer product, t, of the label 
vector y.  
 
However, we reasoned that in gene function prediction problems there is little value to ensuring that two 
negatively labeled genes have high affinity in the composite network.  As such, when we construct  we 
only include the elements of Wh, wi,j, for which one or both of i and j are positively labeled.  Note that we 
also exclude all the elements in Wh that include an unlabeled node when constructing . The target vector 
t is similarly constructed.  Intuitively, we are attempting to choose the network weights so that pairs of 
positively labeled genes have high similarity and pairs containing a positive and negative node have low 

similarity. The target value ti for the affinity of an edge connecting two positives is  and the target 

affinity for a positive/negative pair is . The solution to the OLS problem is .   
 
To guarantee that our composite affinity network remains positive semidefinite, we adopt an iterative 
algorithm to ensure that our network weights remain positive. Namely, if   for i > 0 then we discard 
column  and recalculate . If no affinity network is assigned a positive weight, we select the network h 
whose column has the largest correlation coefficient with the target vector t. 
   
(b) Dynamic Weights with prior 
 
We observed that when predicting the most specific GO categories (categories with 3-10 positive 
examples) the obtained weight vector, as described above, often has a very few non-zero entries which 
leads to poor generalization presumably due to overfitting.  To address this problem we adopt a Bayesian 
approach and put a prior on the OLS parameters A and . We decided to use the conjugate prior 
distribution for  which is the normal-inverse-gamma and which factors as .   
Given the prior mean  and the prior covariance , we set the network weights to the mean of the 
posterior which is: 

 
 

 
where A* is the OLS estimate of the weight vector described above, i.e. .We set the prior 
mean  to be the mean of the network OLS weights computed over all of the categories in the same 
GO hierarchy, use a diagonal prior covariance matrix, , and set the diagonal entries as the variance of 
values used to calculate . 

2.  Methods 
 
2.1 Affinity Networks 

For all our predictions we used the 13 datasets listed in Table 1. To make affinity networks we first 
construct similarity matrices by using Pearson Correlation Coefficient (PCC) to measure pair-wise 
similarities. To ensure achievable time complexity, we sparsify the similarity matrices so that each gene has 
at most fifty non-zero similarity values, corresponding to its fifty most correlated neighbors. We restore 
symmetry in the sparsified matrices by replacing each value at the position in the sparsified matrix 
with the maximum of  and  elements.  
 
Fisher transformation:  Prior to measuring pairwise similarities we transform all the binary valued data 
using what we call a Fisher transformation which replaces the 0’s with  and the 1’s with, , 
where  is the frequency of 1 in the column.  We then calculate PCCs on the transformed values. This 



transformation ensures that genes that share ‘rare’ features are assigned higher similarity than those which 
share more ‘common’ features.  
 
Log transformation: For some of the expression datasets, we log transformed the expression levels before 
calculating the PCC as shown in Table 1.  For the Su dataset, we also subtracted 6 from the log-transformed 
levels and set any resulting negative values to 0. 
 
Annotation kernels:  In the second round, to aid in the prediction of novel annotations added to previously 
annotated genes, we constructed affinity networks (or kernels) to measure the similarity between gene 
annotations.  To construct these kernels, we represented a gene’s annotations as a binary vector whose 
elements corresponded to GO categories, so a “1” in the gth element would indicate that the gene was 
annotated in category g.  We constructed three separate affinity networks for each of the three separate 
branches of the GO hierarchy.  However, we would vary the annotation kernels slightly based on the GO 
category that we were predicting.  In particular, when predicting GO category g, we would not consider 
annotations in either g itself or any of its descendants. 
 
 2.3 Negative Genes 
 
In our initial submission, we labeled as negatives all genes that had some annotation but not one in the GO 
category g under consideration. For our second submission we changed the definition of the negative 
examples to exclude the genes that were annotated in categories ancestral to g. We did this because we 
reasoned that if novel annotations include annotating genes from a less specific to a more specific category, 
then genes annotated to an ancestor of g should not be considered as negatives.  This new definition of 
negative examples contributed to an improvement in our accuracy in predicting novel annotations but 
resulted in slight decline in the accuracy of our test set predictions. 
 

2.4 Experimental Framework 

All GeneMANIA experiments were performed using our own MATLAB code. Prior to submission of our 
results we evaluated our prediction performance by 1 - Area Under the Curve (AUC) of Receiver Operating 
Characteristic (ROC) using 3 fold cross-validation. In total we predicted a score for all 21,603 genes for 
1,726 GO Biological Processes categories, 326 GO Cellular Component categories, and 736 GO Molecular 
Function categories.  
 
 
3. Authors’ Contributions 
QM conceived of the project.  DR and QM designed the GeneMANIA algorithm. SM and DWF 
implemented the GeneMANIA algorithm used in the contest. SM collected the data, designed the affinity 
networks, and performed the experiments. CG contributed code to create affinity networks. SM and QM 
wrote the description of GeneMANIA.  QM supervised the project and provided feedback.   
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Method Description 
The basis of our approach is the support vector machine (SVM) classifier, which has 
been used successfully for supervised learning on high-dimensional data in a number of 
different application domains (Vapnik 1995).  We demonstrated in earlier work that SVM 
predictions in the context of the Gene Ontology (GO) can be improved by leveraging 
hierarchical relationships between GO terms (Barutcuoglu, Schapire et al. 2006).  Our 
previous work, however, assumed a single SVM classifier per GO term on a single set of 
data features.  Since we have several input datasets, heterogeneous in both the biological 
phenomena they capture as well as relevance for predicting function in the context of 
each GO node, we extended this approach to allow for robust integration of multiple 
datasets, while also leveraging the hierarchical relationships defined by the Gene 
Ontology. 
     Our approach can be summarized as follows.  We train support vector machine 
classifiers on each input dataset individually for each GO term, using bootstrapping to 
characterize the reliability of each independent classifier and obtain an aggregate 
prediction.  The output of the individual dataset SVM’s is combined using a Bayesian 
framework, which also incorporates the hierarchy of the GO.  For each term, the final 
predictions are selected from either stage of this process (e.g. after only Bayesian 
integration, or after Bayesian hierarchical correction) based on performance estimates 
from cross-validation.  The details of this process are described below. 
     The classification process began with training individual SVM classifiers for each of 
the input datasets.  For all datasets but the protein-protein interaction data, we trained an 
SVM with a linear kernel using the SVMlight implementation (Joachims et al, 1999).  For 
the PPI data, we used a diffusion kernel as described in (Kondor and Lafferty 2002).  We 
used bootstrap aggregation for all SVM’s over 25 bootstrap samples, reporting the 
median output of all held-out SVM instances for each gene.  Held-out values were also 
used to characterize SVM performance for each dataset and GO term, which was used in 
the Bayesian integration.  Bayesian networks reflecting the hierarchical structure of the 
GO and performance characteristics of each classifier were constructed by assuming a 
hierarchy of hidden nodes corresponding to each GO term.  The constraints on class 
membership implied by the hierarchy were encoded in the conditional probability tables.  
Each hidden node was also associated with a set of corresponding observed nodes, 
representing the output of the individual dataset SVM’s for that particular GO term 
(SVM’s for different datasets are treated as noisy, independent indicators of class 
membership).  Cross-validation experiments revealed that the Bayesian integration of 
several independent datasets performed poorly in comparison to a single bagged SVM on 
a combined dataset for small GO terms (i.e. less than 20 genes), so we replaced the naive 
integration with a single observed node for the SVM on the complete dataset for those 
terms.  The distributions of all SVM outputs for positive and negative examples were 
estimated from bootstrapping as described above.  To make inference on our Bayesian 
networks feasible, we split each GO branch into several smaller subsets, each preserving 
the local neighborhood around each GO term.  Using this approach, each GO term 
occurred in several Bayesian networks in different contexts.  We selected the best-
performing context for each GO term based on evaluation on held-out data.  Specifically, 
marginal probabilities were computed for each gene-GO term pair, and the resulting 
AUC on held-out data was compared among all GO term contexts as well as to the 
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Bayesian integration without hierarchical correction.  The output from the Bayes net or 
the SVM yielding the highest AUC on held-out data was chosen for each GO term.  
Further details and a complete performance characterization of our approach will be 
provided in a future publication. 
 
Author’s Contributions 
YG was responsible for implementing and applying the approach.  CLM assisted in 
applying the method and helped in interpreting the results.  OGT supervised the effort 
and provided feedback throughout the process. 
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Methods for MouseFunc Gene Function
Prediction
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We combined two different strategies: a network based approach that
identifies functional associations between genes and propagates GO terms
via the linkages and a direct approach that employs an ensemble of classifiers
to predict each gene’s GO annotations from the available data. These two
approaches are complementary: the network excels at finding shared terms
based on correlations between gene features, while the feature based classifier
finds strong associations between particular features and annotations, such
as particular protein domains and enzymatic activity.

1 Network-based Prediction

The network-based prediction was performed in two steps. First, the prob-
ability of sharing a GO term was predicted for all possible gene pairs in
the training set. Second, the GO terms of a target gene were inferred by
propagating the GO terms of the gene’s network neighbors.

1.1 Probability of sharing GO term(s) between two
genes

Eight pairwise features were used: protein interactions, MGI phenotypes,
OMIM diseases, shared domains (Pfam, InterPro) and mRNA co-expression
(Zhang, Su and SAGE). Each feature was scored using one of three scoring
schemes: hypergeometric, frequency, or Pearson correlation coefficient.
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1. Hypergeometric probability - used for protein interactions

−log P = −log
(min(n,m)∑

i=1

p(i| n,m,N)
)
, where

P (i| n,m,N) =

( n
i

)( N − n
m − i

)
( N

m

)
,

and where n, m = the number of interactions in which each protein A,
B is involved, respectively, and N = the total number of interactions. P
indicates how likely the protein pair (A, B) is observed to interact one
or more times by random chance. −logP is taken as the score value.

2. Frequency - used for MGI, OMIM, Pfam, InterPro
Each gene has a feature vector (vi) of length n, where each vector
element represents the presence(1) or absence(0) of a phenotype, a
disease or a domain. −logP is taken as the score, where P is the
probability of sharing vector elements by chance.

−logP =
n∑

i=1

−log
( fi

N

)2

where fi is the frequency of the element i among the N total genes.

3. Correlation coefficient - used for gene expression (Zhang, Su and SAGE)
We calculated the Pearson correlation between mRNA expression vec-
tors. Gene pairs with correlation < 0.5 were filtered out.

The training set consisted of all pairs of genes in which both genes have
GO annotation and show at least one functional linkage, e.g. share a Pfam
domain, correlation > 0.5 etc.

In each BP, MF and CC, the gene pairs that shared at least one GO term
were given a label of “1” and those not sharing any term were given a “0”.
The posterior probability of sharing at least one GO term was predicted using
a näıve Bayesian classifier (implemented in the Orange data mining toolkit
[2]) after the scores for each feature were discretized into four bins of equal
intervals.
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1.2 Network Prediction

A network was constructed between genes with edge weights equal to the
predicted probabilities from the previous section. GO terms were predicted
for a target gene by propagating the GO terms of its neighboring genes in
the network. Given k neighbors (n1, n2...nk) of a target gene, the prediction
score, S for each GO term (Gi), was calculated as :

Si = 1 −
∏
k

(1 − Pk)

where Pk is the edge weight between the target gene and its k-th neighbor
[4].

2 Feature-Based Classifier Construction

The most direct approach to learning GO term assignments is to use a classi-
fier to learn a mapping from feature vectors to GO labels. Our intuition was
that this approach - feature-based classification - would be adept at finding
strong connections between particular GO annotations and specific features
in the data, for example, a particular protein domain being a strong indicator
of an enzymatic molecular function.

2.1 Features

For computational efficiency, we constructed binary feature vectors for each
gene. Several of the MouseFunc datasets (InterPro, Pfam, OMIM) were
already in this form and were used directly. For the real-valued microarray
datasets (SAGE, Su, Zhang), we constructed binary vectors as follows:

1. Perform singular value decomposition (SVD) on the dataset

2. Find the top 30 eigengenes

3. For each eigengene, find the Pearson correlation with every gene rep-
resented in the dataset

4. Assign the gene a “1” for this feature i if the correlation with eigengene
i is greater than 1.5 standard deviations from the mean correlation, “0”
otherwise

3



dataset dimension coverage

InterPro 5405 78.5%
Pfam 3133 72.1%
OMIM 2488 9.0%
sage 30 77.4%
Su 30 84.3%

Zhang 30 62.8%

Table 1: Datasets used for feature based classification

classifier notes
Näıve Bayes -Applied to all features
Decision Tree -Applied to Mutual Information selected subset of 30 features
Boosted Tree -Applied to Mutual Information selected subset of 30 features

-Using depth 2 trees as Weak Learner
-Boosting repeated 50 times

Table 2: Classifiers used for each dataset

Each microarray then provides a binary vector of length 30 where 1’s
indicate high correlation with a given eigengene.1

After this transformation of the microarray datasets, each of the six
datasets was therefore represented as a binary vector as shown in Table 1.

2.2 Classifiers

It is notable in Table 1 that no dataset covers all of the genes. Very few genes
( 5%) have data present in all of the datasets; many genes have data present
in only one or two datasets. We cannot expect a new gene presented for
classification to have data present in for all the datasets; thus, we learned a
classifier for each dataset and then constructed an overall classification from
the results on the datasets that were present. In the next section, we give our
approach for producing a score from a combination of the individual dataset
classification results. In this section, we discuss the classification techniques
we used for each dataset.

1This approach was inspired by Alter, et al. [3] which showed the potential biological
relevance of correlation with eigengenes.
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We applied three different classifiers to each dataset: Näıve Bayes 2, De-
cision Tree 3 and Boosted Decision Tree 4 (see Table 2).

2.2.1 Feature Selection

While Näıve Bayes, which constructs probabilities by counting, has com-
putational complexity O(d) in the number of dimensions, trees check every
dimension for a split at each node, and are O(d2). Thus, the tree-based ap-
proaches require the input feature set to be pruned. We pruned each dataset
by selecting the 30 features with the highest mutual information with the
true labels.

2.3 Combining Classifiers

Each classifier’s contribution to the final prediction for a dataset was weighted
by its log-likelihood ratio of being correct on the training data. The combiner,
which also factored in the prior log-likelihood ratio, was essentially a Näıve
Bayes classifier on the features of the three base classifiers.

3 Feature-Based Classification

To apply the classification system described above, we loaded each gene and
applied each present dataset’s classifier/combiner. We then took the high-
est score among each dataset as the overall feature-based prediction. The
complete feature based system is shown in Figure 3.

4 Combination of Network and Feature-Based

Results

We combined the GO term predictions from the network with the feature-
based predictions by taking the maximum score of the two methods for each
gene and each term.

2Implemented by us in Matlab.
3Using treefit and treeval from the Matlab Stats Toolbox. [1]
4Using the GML AdaBoost Matlab Toolbox [5]
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Dataset 1

Naïve Bayes

Decision Tree

Boosted Tree

Naïve Bayes Combiner

Dataset 2

Naïve Bayes

Decision Tree

Boosted Tree

Naïve Bayes Combiner

Max Result

Figure 1: Diagram of Feature Based Classification System. For a given gene,
a classification for each present dataset was made using a weighted combi-
nation of classifiers. The ultimate prediction for a gene was the maximum
score taken across all of the present datasets.

Notes

Due to the running time of our network construction algorithm, our initial
prediction for the newly-annotated gene set was based only on the feature-
based classification approach (Fig 1b, group E). The prediction by the com-
bined score was performed later (Fig 2b, group E*). The phylogenetic profile
data were not used in our results.
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Method Description: GeneFAS 
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We used our method GeneFAS (Gene Function Annotation System) [1] for gene function 
prediction by utilizing all types of mouse high-throughput data provided by the 
organizers. We quantified the relationship between functional similarity and high-
throughput data, and coded the relationship into ‘functional linkage graph’, where each 
node represents one protein and the weight of each edge is characterized by the Bayesian 
probability of function similarity between two proteins. We developed a Bayesian 
statistical method together with Boltzmann machine and simulated annealing for protein 
functional annotation through integrating various high-throughput biological data, 
including microarray, sage data, inparanoid, phylogenetic, and domains information. 
GeneFAS has been developed in both a GUI [2] and a command line version. The 
method description is as follows: 
 
1: Processing of raw data 
We consider all the provided raw data and process them to create binary interactions 
between two genes. In case of microarray, SAGE, inparanoid and phylogenetic we 
calculate correlation coefficient between the two genes. For domains (Pfam, Interpro) 
data we created binary interactions between two genes by comparing their domain 
profiles and representing the relationship between them with a ratio of the intersection 
over the union of the number of domains shared between them. For protein-protein 
interactions data we treat them as an association between the two proteins without 
computing correlation coefficient. 
  
2: Function Prediction 
Upon processing the raw data we calculated the Bayesian probability between a pair of 
genes based on the provided data and then predicted the functions using Boltzmann 
machine. 
 
2.1 Measurement of protein function similarity  
The Gene Ontology annotations have a hierarchical structure with multiple inheritances. 
We generated a numerical GO INDEX, which represents the hierarchical structure of the 
classification for all the 3 ontologies individually [3]. The more detailed level of the GO 
INDEX, the more specific is the function assigned to a protein. The maximum level of 
GO INDEX is 14. The following shows an example of GO INDEX hierarchy, with the 
numbers on the left giving the GO INDICES and the numbers in the brackets indicating 
the GO IDs: 
GO Index Function (GO ID) 
2 cellular process (GO:0009987) 
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2-1 cell communication (GO:0007154) 
2-1-8 signal transduction (GO:0007165) 
2-1-8-1 cell surface receptor linked signal transduction (GO:0007166) 
2-1-8-1- 4 G-protein coupled receptor protein signaling pathway (GO:0030454) 
2-1-8-4-4-12 signal transduction during conjugation with cellular fusion (GO:0000750) 
 
2.2 Calculation of Bayesian probabilities 
We calculated probabilities for two genes to share the same function based on different 
types of high-throughput data [4]. Given two genes are correlated with Pearson 
correlation coefficient r as in microarray data (Mr), the posterior probability that two 
genes have the same function, p(S|Mr), is computed using the Bayes’ formulas: 

                                   p(S|Mr) = ( | ) ( )
( )

r

r

p M S p S
p M

                                                     (1) 

where S represents the event that two genes have the same function at a given level of 
GO INDEX, p(Mr|S) is the conditional (a priori) probability that two genes are correlated 
in their expression profile with correlation coefficient r, given that two genes have the 
same level of GO INDEX. The probability p(S) is the probability of proteins whose 
functions are similar at the given level of GO INDEX by chance. The probabilities 
p(Mr|S) and p(S) are computed based on a set of proteins whose functions have been 
annotated in GO biological process. The probability p(Mr) is the frequency of gene 
expression correlated with coefficient r over all gene pairs in mouse, which is calculated 
from the gene expression profiles. 
 
To quantify the gene function relationship among the correlated gene expression pairs, 
we calculated the probabilities of such gene expression correlated pairs sharing the same 
function at each GO INDEX level. We similarly applied the Bayes formula for the other 
high-throughput data including SAGE, inparanoid, phylogenetics and domains. Figure 1 
shows the probabilities of pairs sharing the same levels of GO indices versus Pearson 
correlation coefficient for the inparanoid data from mouse.  It shows a higher probability 
of sharing the same function for broader functional categories (the high-order GO 
INDEX levels), or more correlated genes in their inparanoid data. Based on Figure 1, we 
decided to consider pairs with the correlation coefficient from the inparanoid data >0.5 
for function predictions, as other pairs have little information for function prediction.  
 
For protein protein interaction data (P), the probability that two proteins have the same 
function, p(S|M), is computed as: 

                                        p(S|P) = 
)(

)()|(
Pp

SpSPp                                                       ( 2 ) 

where S represents the event that two proteins have the same function at a given GO 
INDEX level. p(P|S) is the probability for two proteins to have a protein binary 
interaction when they share the same function. The prior probability p(S) is the relative 
frequency of proteins whose functions are similar. The probabilities of p(P|S) and p(S) are 
computed based on the set of proteins whose functions have been annotated in the GO 
biological process. The probability p(P) is the relative frequency of two proteins having a 
known protein interaction over all possible pairs in mouse, which is estimated from the 
known protein interaction data set. 



 

Inparanoid Data

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Pearson Correlation Coefficient

Pr
ob

ab
ili

ty

index2
index3
index4
index5
index6
index7
index8
index9
index10
index11
index12
index13
index14

 
Figure 1. Probabilities of pairs sharing the same levels of GO indices versus Pearson 
correlation coefficient for the inparanoid data from mouse. 
 
2.3 Global prediction.  
A major limitation of the many prediction methods is that they only use the information 
of immediate neighbors in a graph to predict a protein’s function. In some cases, the 
uncharacterized proteins may not have any interacting partners with known function 
annotation, and its function cannot be predicted using the local prediction method. In 
addition, the global properties of the graph are underutilized since this analysis does not 
include the links among proteins of unknown functions.  
 
To address this issue we developed a new approach based on the global optimization 
strategy for predicting protein function. We used the Boltzmann machine to characterize 
the global stochastic behavior of the network [4]. A protein can be assigned to multiple 
functional classes, each with a certain probability. In the Boltzmann machine, we 
consider a physical system with a set of states, a, each of which has energy Ha. In 
thermal equilibrium, given a temperature T, each of the possible states α occurs with 
probability: 

                                          Pα = /1
BH K Te

Z
α−                                                         (3) 

where the normalizing factor Z = / BH K Te α

α

−∑ and KB is the Boltzmann’s constant.  This is 

called the Boltzmann-Gibbs distribution. It is usually derived from the general 



assumptions about microscopic dynamics. It is also applied to a stochastic network. In an 
undirected graphical model with binary-valued nodes, each node (protein) i in the 
network has only one state value Z (1 or 0). In our case, Z = 1 means that the 
corresponding node (protein/gene) has either known functions or predicted functions 
assigned to the node. Now, we consider the system going through a dynamic process 
from non-equilibrium to equilibrium, which corresponds to the optimization process for 
the function prediction. For the state at time t (optimization integration step t), node i has 
the probability for Zt,i to be 1, P(Zt , i  = 1| Z t-1, j≠i ) and the probability is given as a 
sigmoid function of the inputs from all the other nodes at time t -1: 

P(Zt , i  = 1| Z t-1, j≠i )  = 1,

1

1 ij t j ij i
W Z

e
α − ≠≠

− ∑+
              (4) 

where α is a parameter reversely proportional to the annealing temperature and Wij is the 
weight of the edge  connecting proteins i and j in the interaction graph. Wij is calculated 
by combining the evidence with correlation coefficient > 0.5 from microarray (M), 
inparanoid (I), phylogenetics (H), domains (D) and protein-protein interaction (P): 
Wij =   ∑

Fi
k jiFG ),|(jδ       (5)     

Wij = ∑ −−−−−−
Fi

lllll PSPDSPHSPISPMSP )))|(1))(|(1))(|(1))(|(1))(|(1(1( jδ  (6)     

where Sk represents the event that two proteins i and j have the same function Fk (k = 1, 
2, …, n), whose GO INDEX has l levels, l = 1, 2, …,12. P(Sl|M) , P(Sl|I),  P(Sl|H), P(Sl|D) 
and P(Sl|P) were estimated probabilities retrieved from the probability curves calculated 
in section 2.2.  δj is the modifying weight: 

 
To achieve the global optimization, we applied the simulated annealing technique as the 
following process: first, we set the initial state of all unannotated proteins (nodes) to be 0 
or 1 randomly. The state of any annotated protein is always 1. If an unannotated protein is 
assigned with the state 1, its function will be predicted based on its immediate neighbors 
with known functions, using the local prediction method. Next, starting with a high 
temperature, pick a node i and compute Pi according to Equation 4, then update its state 
to 1 if the probability Pi is above a certain threshold. Each update of function prediction 
is based on its immediate neighbors with state 1 (i.e. known functions or predicted 
functions in the previous steps), using the local prediction method. The iterations are 
done till all the nodes in the network reach the equilibrium. With gradually cooling down, 
the system is likely to settle in a global optimal state of the network configuration. 
 
3: Comparison with Prior Methods 
 
We have compared GeneFAS against a few other methods using a set of yeast high-
throughput data [4]. GeneFAS covered more unannotated proteins for functional 
predictions than any other methods published before (see Table 1), in particular 
Schwikowski et al. (2000) [5], Deng et al. (2002) [6], Letovsky and Kasif (2003) [7],   



Vazquez et al.(2003) [8], Karaoz et al. (2004) [9]. One improvement of our method is 
that we can assign unannotated proteins into deeper levels of biological processes while 
the most other methods make protein function prediction using functional categories 
defined in YPD (http://www.incyte.com) or MIPS (http://mips.gfs.de) databases. 
 

Prediction methods Number of unannotated proteins with predicted function 
GeneFAS 1802 

Schwikowski et al. (2000) 364 
Deng et al. (2002) 422 

Letovsky and Kasif (2003) 320 
Troyanskaya et al. (2003) No information 

Vazquez et al. (2003) 441 
Karaoz et al. (2004) >200 

 
Table 1:  The prediction methods and the number of proteins with predicted functions. 
Some of the increased performance of our method might be due to the different size of 
dataset used in different studies, but we believe it does not account for the major 
improvement of our method. The major contribution is that our method integrated 
multiple sources of data and utilized maximal information by combining and propagating 
information systematically across the entire network based on the global optimization 

 
4. Contributions of each author 
 
TJ and DX designed the prediction protocols. CZ modified GeneFAS to handle the 
provided data and ran the gene function predictions. GL processed the input data and 
calculated the Bayesian probabilities. TJ calculated the ROC curves using the training 
data sets and validated the prediction protocols. DX provided high-level technical 
guidance for the project. All the authors worked closely to deliver the predictions 
collectively. 
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matrix name(s) full name
zhang Zhang et al microarray data

su Su et al microarray data (Affymetrix)
sage Mouse Atlas of Gene Expression SAGE data
pfam Sanger Institute Pfam domain data

interpro EBI InterPro domain data
partition, mcode protein-protein interactions data

phenotype MGI phenotype ontology data
biomart bioMart phylogenetic profile data

inparanoid Inparanoid phylogenetic profile data
omim OMIM (via homology) disease data

Table 1: Datasets (full names and short names used throughout the methods
description) employed by the random forests classifiers.

1 Training Dataset Organization

Much of the data used by the classifiers was obtained directly from the shared
Mousefunc dataset (i.e. that data available to all participants). Table 1 enu-
merates the datasets used by the classifiers, and provides the short names
that will be used throughout the remainder of this document. Any post-
processing performed on each dataset will be described in the following sub-
sections (each devoted to one dataset).

For each dataset, the classifiers considered the data solely as a binary
matrix, with the rows corresponding to genes (examples), and the columns
corresponding to the dataset categories available (or computed through post-
processing). An entry of 1 in any cell (i, j) indicates that gene i has the
attribute j for that dataset.

The training data is provided for all of the 21603 Mus musculus genes,
although for many of the genes particular datasets in the training data are
missing.

1.1 Expression data

Three expression datasets were provided, two from microarray experiments
(Su et al. 2004; Zhang et al. 2004), and a third using Serial Analysis of Gene
Expression (Velculescu et al. 1995). While the details of preprocessing vary

1
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for each dataset (see below), in broad outline the process went as follows:
gene expression data was filtered using the prebuilt binary of Cluster 3.0 [6],
run on Windows, and without modification. The filtered data was clustered
on a Linux computer, using the source code for Cluster 3.0.

All datasets were clustered by k-means and agglutinative hierarchical
methods. The hierarchical trees were generated using both the complete-
and average-linkage variants, then cut at various points, to produce a prede-
termined number of clusters. The number of clusters was one of: 10, 20, 50,
100, 200, 500, and 1000 for microarray data, and one of 10, 100, and 1000
for SAGE data.

Finally, the clusters were combined into a binary attribute matrix (using
the R programming language [7]), where each attribute (column) represents
membership of a single cluster, with a “1” indicating membership, and a
“0” lack thereof. For example, cutting a hierarchical tree into 200 clusters
generates 200 new attributes. Therefore, using all such cuts generates 1880
attributes for each application of a clustering method to a dataset. In all,
this creates 3 · 3 · 1880 ≈ 17000 new attributes, applying three clustering
algorithms to each of three datasets. Knowledge that attributes vary widely
in the frequency of their occurrence led us to cover as wide a range of cluster
sizes as possible, since information about less-common gene attributes might
more easily be gleaned from small clusters, and similarly for more-common
genes in large clusters. There is no penalty to this, since the feature-selection
properties of the machine-learning algorithms would later retain only those
attributes which proved sufficiently informative.

The final matrices for each dataset are called sage, su, and zhang ; with
further details provided below.

1.1.1 Mouse Atlas of Gene Expression SAGE data

The average tag counts for the SAGE dataset were selected for analysis.
Each column (i.e. library) was first normalized by its sum, to remove library-
specific effects. Libraries with the same name were then averaged (e.g., the
two ”Kidney” libraries were combined, but kept distinct from the ”Kidney —
Whole” library). The number of copies ranged from one (the most common)
up to six (for “Brain, whole head” and “Prostate, dorsal lobe”).

Clustering methods were applied using Canberra distance, which is ap-
propriate for count-based (Poisson-like) data. This metric, defined as the
sum of the element-wise ratios of the difference of the two expression pro-
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files to their sum, tends to accentuate the effect of a given difference among
profiles close to zero. There is evidence [8] that a distance metric which ac-
knowledges the poisson nature of a counting-based method such as SAGE,
may result in clusters of superior biological signifance. This is to be expected
since the variance of a poisson process increase with the mean, with the result
that a given fixed difference is more significant for smaller values. Euclidean
distance was also used.

This latter metric was applied both with and without log-transformation.
Since this method is based on counting tags, there is a natural asymmetry to
the data, and it was felt that mean- or median-centering was not appropriate.
No filtering was performed on the basis of variation in counts across libraries
for a given gene.

1.1.2 Microarray-based gene expression data

The approach for the array-based datasets was somewhat different. First,
profiles corresponding to the same GID were averaged. A log2-transformation
was applied to the Su dataset, which showed a much larger dynamic range
in signal strength across tissues, than the Zhang data. Next, genes were re-
moved which did not rise sufficiently above the baseline sufficiently (at least
40 observations strictly greater than zero for Zhang; at least 40 observations
above 3.0 for Su). Genes were then removed if they did not show sufficient
variation across the tissues (defined as the difference between their maxi-
mum and minimum values; they had to exceed a threshold of 1.0 (Zhang)
or 3.0 (Su)). The remaining data were clustered using both k-means and
agglomerative hierarchical clustering, as described earlier. Both Pearson and
absolute-value-of-Pearson correlation methods were used, with centering.

1.2 Protein domain data

Protein domain data was provided only in binary form via the files interpro domainData.txt

and pfamA domainData.txt. The data in these files was mapped directly to
the interpro and pfam matrices, with 5405 and 3133 columns, respectively.
Each column corresponds to a distinct InterPro or Pfam protein domain,
with a “1” for cell (i, j) indicating sufficeint evidence that gene i possesses
domain j, “0” otherwise.
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1.3 Protein-protein interaction data

The protein-protein interaction data (available in the ppi adjacency.txt

file) was clustered into complexes using Cytoscape version 2.2 [4], with the
MCODE version 1.1 plugin [5]. The default memory allocation for the Java
Virtual Machine was increased significantly, to make maximum use of avail-
able memory, but default parameters were used for the MCODE algorithm
itself. Eighty-eight clusters were obtained, ranging in size from three up to
ninety-seven proteins. The binary attribute mcode matrix was produced (us-
ing a Perl program) consisting of 97 columns, corresponding to the MCODE-
generated clusters. A “1” at cell (i, j) indicates membership of gene i in
complex j, while a “0” indicates the lack of membership.

1.4 Phenotype data

Phenotype data was processed in binary form via the file MPheno OBO.ontology.
The organizational structure of the phenotype ontology (i.e. the definitions
and structure found in the MPheno OBO.ontology file) is ignored. The pheno-

type matrix then is a direct mapping of the data, and consists of 33 columns
corresponding to each distinct “leaf” phenotype characteristic. A “1” at
cell (i, j) indicates gene i has been shown to be linked in some fashion to
phenotype j (usually via a knock-out experiment), “0” otherwise.

1.5 Phylogenetic profile data

The phylogenetic data is provided in both binary are real-valued forms, from
two data sources: bioMart and Inparanoid. For both data sources, the real-
valued data is ignored and only the data in the phylogenetic binary.txt

and inparanoid binary.txt files are used. Each file maps directly to the
biomart and inparanoid binary matrices with 18 and 24 columns, respec-
tively. A “1” at cell (i, j) indicates sufficient evidence that gene i has some
homologue in organism j, “0” otherwise.

1.6 Disease data

The OMIM disease data is provided only in binary form, and no further
post-processing is performed on it. The omim matrix then consists of 2488
columns, corresponding to each distinct disease identified in the omim disease.txt
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file. A “1” at cell (i, j) indicates sufficient evidence that gene i has a homo-
logue associated with disease j, “0” otherwise.

2 Target Dataset Organization

Provided in the MousefuncI datasets is the complete GO annotation record
for 19885 of the 21603 Mus musculus genes. 5416 distinct GO terms are
identified as having one of these genes annotated to them, although only 2815
of these terms are considered as targets for MousefuncI prediction. These
target GO terms are broken up into twelve categories by a combination of
branch and annotation count. The three branches are biological process
(BP), molecular function (MF), and cellular component (CC); the annotation
count groupings across each branch are [3, 10], [11−30], [31−100], [101−300].

It should be noted here that of the 19885 training examples, only 10542
have some GO annotation (not including the terms “molecular function un-
known”, “biological process unknown”, and “cellular component unknown”).
This subset plays an important role in the training of classifiers (described
below).

3 Functional Linkage Classification

One type of classifier used in our MousefuncI entry is based on a functional
linkage approach (similar to that described in ref. [?]). Here, pairs of genes
are examined in order to predict the assignment of a GO term to a holdout
gene.

3.1 Training Data for Functional Linkage Approach

3.1.1 Expression Data

The Pearson product-moment correlation coefficient was computed for each
gene-pair using the zhang , su, and sage datasets (one gene-pair coefficient
for each dataset). These coefficients are continuous (in the range [0, 1]), and
for later use each gene pair is given membership in some of five non-disjoint
sets E0.5, E0.6, E0.7, E0.8, and E0.9; the sets are defined as follows: Ex =
{(a, b)|ρ(a, b) ≥ x} (where a and b are genes, and ρ(a, b) is the correlation
coefficient between a and b). Across the three expression datasets, this results
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in 15 binary attributes for gene pairs (a 1 indicating membership in the
corresponding set, 0 otherwise).

3.1.2 Protein-protein Interactions Data

Since the protein-protein interaction data is provided as binary values for
gene-pairs already (i.e. as a function ppi : a × b → {0, 1}), no further pro-
cessing was done. This results in a single binary attribute for gene pairs (1
indicating experimental evidence of a protein-protein interaction, 0 other-
wise). Note that this does not make use of the partition or mcode matrices,
but instead relies on the original (unprocessed) data provided by the Mouse-
funcI competition.

3.1.3 Protein Domain Data

For the pfam and interpro datasets, the Jaccard similarity coefficient was
used to acquire a statistic (in the range [0, 1]) for each pair of genes. Let A and
B represent sets for (respectively) genes a and b, where the set members are
those protein domains identified by the dataset (pfam or interpro) assigned
to the appropriate gene. Then the Jaccard similarity coefficient is defined as
ρ(a, b) = |A∩B|

|A∪B|
. Those gene-pairs (a, b) having ρ(a, b) ≥ 0.9 are then assigned

membership into a single set (a quantization method identical to that for the
set E0.9 described in §3.1.1). This processing results in two binary attributes
for gene pairs (one for each of interpro and pfam).

3.1.4 Phenotype and Disease Data

The phenotype and omim datasets are given the same treatment as that
applied for either of the interpro or pfam datasets (§3.1.3), resulting in two
binary attributes for gene pairs (one each for phenotype and omim).

3.1.5 Phylogenetic Data

The biomart and inparanoid datasets are given the same treatment as that
applied for either of the interpro or pfam datasets (§3.1.3), with a slight ex-
ception. Rather than creating only a single binary attribute for each dataset,
three binary attributes are created instead, corresponding to Jaccard simi-
larity coefficients equal to or greater than 0.7, 0.8, and 0.9. This is analogous
to the quantization described in §3.1.1 for sets E0.7, E0.8, and E0.9. Thus,
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size binary attributes are constructed for phylogenetic data (three each for
biomart and inparanoid).

3.1.6 Gene-Pair Attribute Summary

The previously identified gene-pair binary attributes are then combined into
a single matrix, with gene-pairs as the rows and 26 distinct attributes repre-
senting the columns. This single matrix is further split into 12 sub-matrices
(each disjoint row-wise, but sharing the same 26 columns), corresponding to
the 12 distinct target GO term categories identified for performance assess-
ment in the MousefuncI competition.

3.2 Target Data for Functional Linkage Approach

Since the MousefuncI competition target data provided for the training ex-
amples is simply a binary attribute assigned to each individual gene, some
processing is needed for the functional linkage approach. A single target at-
tribute is instead constructed for each sub-matrix constructed in §3.1.6. Two
genes a and b (members of the training examples provided in MousefuncI)
are considered to be “functionally linked” with respect to one of the 12 target
GO categories if a and b are both annotated with a GO term in the same
category (branch and cardinality) or same branch but with smaller cardi-
nality. For example, two genes a and b are functionally linked with respect
to the MF-[11, 30] category if they share a GO term annotation that is in
the MF branch with cardinality [2, 30] (the lower bound is trivially at least
2, if both a and b have the annotation). Using this definition of functional
linkage, a gene-pair binary response attribute is constructed for each of the
twelve sub-matrices.

3.3 Decision Trees for Functional Linkage

3.3.1 Decision Tree Training

Twelve decision trees [2] (one for each GO prediction category) were then
created for the

(

10542

2

)

gene pairs (with some non-unknown GO annotation)
using the 26 training attributes and the single functional linkage response
attribute. Candidate node splits were assessed by computing the hypergeo-
metric probability of the null hypothesis that the candidate split attribute
and the response attribute are independent. The split with the lowest such
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probability p∗ emerges as the selected split. An early-stopping criteria was
also employed to prevent further splits when p∗ > 10−8. This use of exact
probabilities has been shown to produce simple trees with comparable error
rates when compared to other selection and stopping criteria [3].

3.3.2 Decision Tree Classification

At each leaf node in the decision trees, the ratio of genes that are func-
tionally linked to those that are not can then be treated as the probability
of functional linkage for a new gene-pair being classified. A proportional
pseudocount approach is used to handle pure leaf nodes, so the estimated
probability of a gene-pair being functionally linked is equal to T+α

T+F+1
, where

T is the number of functionally linked training gene-pairs found at that node,
F is the number of non-functionally linked training gene-pairs found at that
node, and α is the proportion of functionally linked training gene-pairs among
all the training gene-pairs. Since the decision trees classify gene-pairs, and do
not directly provide scores for single genes being annotated with single GO
attributes, a further step is needed. To determine if an unknown (held-out)
gene a is annotated with a particular GO term, we first collect all known
genes (training examples) assigned to that GO term (call this set of genes
B). The probability of functional linkage is then computed for all gene-pairs
(a, b)|b ∈ B using the appropriate (corresponding to the twelve categories))
decision tree. The top three such probabilities are then averaged and taken
to be the probability that gene a is (or should be) annotated with the GO
term.

4 Random Forests Classification

A variant on random forests is used to classify each of the specified target
GO terms.

4.1 Random Forests Described

Random forests [1] are part of a machine learning family called ensemble clas-

sifiers. Each classifier (forest) consists of a set of individual decision trees
[2]. Each tree is trained on a bootstrapped sample of the examples (training
genes), with the (approximately 1/3) non-sampled genes used to estimate
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performance — called out-of-bag error). At each internal node in a tree,
a sampling (without replacement) of the remaining variables (columns) are
considered (via the information gain measure) for a binary split. The train-
ing instances are partitioned accordingly, and the split variable is no longer
considered for further splits (as it can only result in zero-gain future splits).
Traditional random forests do not employ early-stopping (pre-pruning), in-
stead forcing the splitting to continue until a pure node has been reached (a
leaf), or until all possible splits (columns) have been exhausted.

4.1.1 Early Stopping Criteria

Unlike strict random forests, the classifiers here do employ an early-stopping
criteria. Once the best candidate split has been found the likelihood of the
split is considered against a null hypothesis that there is not dependence be-
tween the split variable and the response variable (the GO term annotations).
This likelihood l is measured directly via a hypergeometric distribution, and
is thus easily computable. A number of cutoff thresholds have been exam-
ined, with a final selection of l ≤ 0.05 indicating that a split should be made,
and l > 0.05 resulting in the construction of a (possibly impure) leaf. The
early-stopping is used due to the very large number of predictive variables
in the training matrices and the low probability that any one (or boolean
combination of some) leads to a pure leaf. The practical result of this is
many long branches extending to the depth of the number of possible split
variables, increasing computation time significantly.

Using a statistical measure of likelihood as an early-stopping criteria has
been observed to be effective, especially when combined with using the same
measure for assessing the quality of a candidate split [3]. Computing the
hypergemoetric probability for each candidate split at each node, however,
proved to be too computationally costly, leading to the adoption of the in-
formation gain split measurement, with likelihoods (for early-stopping) com-
puted only for winning candidates at each node.

4.1.2 Method of Classification

Classification of new instances is performed by traversing down each tree
in the forest, making the appropriate splits according to the values of the
training variables for the new instance. When a leaf is reached, the current
tree “votes” by reporting the percentage of training instances at that leaf
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that have a “1” for the GO annotation. Thus, a pure leaf will provide a vote
of 0.0 or 1.0, while impure leafs will range between those two extremes. A
tally of votes across all trees is made, and normalized to the range [0.0, 1.0]
via a division by the number of trees. This final score represents the strength
of belief of the forest that the new instance has the GO annotation.

4.1.3 Parameter Selection

The number of trees used in each forest is 100, and the sample size of can-
didate split variables at each node is 500. These values were selected by re-
peated trial-and-error, examining the performance estimates after each trial
and altering the parameters accordingly. A more algorithmic approach can
certainly be used to search in the parameter space for an optimal configura-
tion, but given the time limitation of MousefuncI, this hands-on parameter
selection method was deemed more feasible.

4.1.4 Out-Of-Bag Performance Estimates

One can used a variety of methods to evaluate random forests performance,
including cross-validation. The two primary difficulties with cross-validation
are bias in the dataset partitioning and the increased computation time re-
quired. Bias can occur when the holdout partitions are not distributed iden-
tically as the true expected data. When considering GO terms with fewer
than 30 annotations (amongst the ∼ 20000 genes), biased splits can lead to
performance estimates that deviate from true performance by a significant
margin. A solution to this is to repeat the cross validation run n times, often
stated as “n-times-m-fold” cross-validation (usually with m = n). Unfortu-
nately, this only increases the computation time further.

Ensemble classifiers provide an alternative error estimation measure, us-
ing the out-of-bag examples that are not sampled during the bootstrapping
(1-fold sampling with replacement) performed at the start of each tree’s (or
other ensemble classifier primary unit) training run. Those out-of-bag exam-
ples are classified by each tree not using them as a training example. This
leads to approximately 1/3 of the trees being used to classify each training
example. Previous studies have described this measure as being unbiased
and accurate for estimating performance on holdout data that is identically
distributed with the training data.
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BP CC MF

3–10

interpro interpro interpro

pfam pfam omim

phenotype sage

11–30

interpro interpro interpro

pfam pfam pfam

omim biomart

31–100

interpro interpro interpro

pfam pfam pfam

phenotype biomart

inparanoid

101–300

interpro interpro interpro

pfam pfam pfam

inparanoid biomart

Table 2: Datasets used for training classifiers on each GO term category.

4.2 Term-Specific Datasets

When training a classifier for a specific target GO term, it may be best
to used only a subset of all the possible training variables available. This
amounts to selecting specific columns out of the training dataset matrices,
concatenating the chosen columns, and training the classifier on the resulting
sub-matrix. Since there are 2815 target GO terms to be predicted, such an
approach (fine-tuning for the optimal predictive variables for each GO term)
is infeasible (especially when considering the time limitation of MousefuncI).

As an alternative approach, one can instead select for a subset of predic-
tive variables for each of the twelve categories of target GO terms. Moreover,
rather than find the specific subset of optimal predictive variables for each
category, the problem can be simplified by finding the subset of datasets. A
greedy approach is used to identify the combinations of datasets that lead
to the best out-of-bag performance estimates. The method begins by train-
ing classifiers for a number of target GO terms in each category using each
dataset matrix as the lone training data. For each category, select the dataset
offering the best performance estimate, and repeat by incrementally adding
the remaining unselected datasets. Continue until no significant gain in per-
formance is observed. The result of this procedure identifies a subset of the
datasets that are then used for full classification. Table 2 shows the datasets
assigned to each of the GO term categories.
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4.3 Training Set Pruning (Example Selection)

The MousefuncI competition contains two distinct parts. The first task is
to predict the target GO term annotations for the held-out set of 21603 −
19885 = 1718 genes. This is the testing analogue to assessing the perfor-
mance of a classifier in predicting the annotations of a gene for which one
has experimental data (i.e. the attributes used as columns in the matrices
identified in table 1), but no GO annotation yet. The 1718 held-out test
genes are selected uniformly from the mouse genes for which experimental
data is available. For constructing classifiers used to make predictions for
the target GO terms in this portion of the competition, all 19885 training
genes are used as examples.

The second task of the MousefuncI competition is to update the set of
target GO annotations for the 19885 training genes. Since the GO annotation
data (the target data) corresponds to an early-2006 snapshot of the GO,
and the competition results are submitted in late-2006, one expects some
of the target GO terms to have additional annotations (amongst the 19885
training genes). To build classifiers used to make predictions for this portion
of the competition, only the 10542 genes having some non-unknown GO
annotation are used as training examples. Note that any non-unknown GO
annotation qualifies for membership in this training example set, not just
those genes with a target GO annotation. This choice reflects the notion
that the competition will only consider for performance measurement those
genes that have had some update, thus practically guaranteeing at least one
GO annotation. The selection of this training set then is logical as one would
like to train on data that is as closely representative (distributed identically)
to the eventual test data.

4.4 Technical Specifications

The random forests code was written in the Java programming language
(version 1.5), and executed primarily on Linux-based machines.
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5 Combination of Functional Linkage and Ran-

dom Forests Approaches

Both the functional linkage approach and the random forest approach give
conditional probability estimates of a gene i belonging to the annotation set
for go term t; call these two estimates p+

rf and p+

fl, respectively. To combine
these estimators, a logistic regression method is employed according to the
following model:

ln
p+

1 − p+
= α · ln

p+

rf

1 − p+

rf

+ (1 − α) · ln
p+

fl

1 − p+

fl

,

from which one can solve for p+ as:

p+ =
exp(α · ln

p+

rf

1−p+

rf

+ (1 − α) · ln
p+

fl

1−p+

fl

)

1 + exp(α · ln
p+

rf

1−p+

rf

+ (1 − α) · ln
p+

fl

1−p+

fl

)
.

The single parameter α was found using the training data via out-of-bag
estimates (for the random forests) and cross-validation (for the functional
linkage decision trees). The area under the curve (AUC) of a precision-
recall plot (precision = TP

TP+FP
, recall = TP

TP+FN
) was chosen as the metric

for performance for each target GO term category, in an attempt to identify
then the 12 values of α leading to the greatest performance. A “grid” method
was adopted for this parameter search, starting first by ranging α over the
choices {0, 0.1, 0.2, . . . , 0.9, 1}, representing the best-performing value as αinit.
Further refinement is perfomed by examining possible values within the range
[αinit − 0.1, αinit + 0.1], with increments of 0.2. The identified values for α
using this method are shown in table 3.

6 Final Predictions

6.1 Test Set Predictions

Predictions for the held-out test set of genes were made by training the
random forests on all provided training examples. The test set of genes
were then classified using both the random forests and functional linkage
approaches. The resulting scores were combined as described in §5.
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BP CC MF
3–10 0.52 0.58 0.72
11-30 0.62 0.62 0.80
31-100 0.66 0.48 0.76
101-300 0.50 0.34 0.86

Table 3: Selected values of α for the logisitic combination of random forest
and functional linkage estimators.

6.2 Novel Predictions

Predictions for new annotations amongst the training examples were carried
out by training the random forests only on those 10542 training examples
with some non-unknown GO annotation. The training examples were then
re-classified using both the random forests and functional linkage approaches.
The resulting scores were combined as described in §5.
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Protein function prediction is one of the major challenges in computational biology. Here we present a
’Query Retrieval’ method to predict the functions of proteins by combining a large number of high throughput
biological datasets.

(Note that in this article with respect to the functional annotation task we use the term ’protein’ and
the term ’gene’ exchangeably.)

1 Pairwise Similarity from Multiple Information Sources

Our underlying assumption for the prediction task is that similar proteins (with respect to some biological
function) are more likely to share common attributes (features) when compared with proteins from different
functions. Note that this does not imply that these shared properties are the same for all functional classes.
For example, M phase cell cycle proteins may share similar expression patterns, but may differ in their
domain contents, whereas transcription factors may have different expression patterns but similar sequence
features. Thus, while same pairwise similarity scores are used for all functional categories, the importance
of each specific similarity may depend on the specific functional category (see below where we discuss the
classifier).

Table 1 lists the feature sources that we used for the ”mouseFunc” [1] competition. We computed
similarity scores for pairs of proteins with respect to each of the data sources. For instance, for gene
expression data sets we applied the correlation coefficient to measure similarity for a given protein pair.
For domain information we use the dot product as the similarity measure. For the remaining data sources,
the dot product operations were applied similarly. Totally twelve similarity features were derived from six
types of different data sources. Concatenating these features then gave us the feature vector describing a
protein-protein pair.

Most biological datasets are noisy and contain many missing values. For example, the disease profile for
most proteins is yet to be discovered. The fifth column in Table 1 describes the average coverage of the
derived pairwise similarities from each feature source. As can be seen, different features have varied degrees
of missing values. The coverage of the 12 features (Table 1 ) ranges from 2.6% for disease to over 83.1% for
one of the gene expression features.

2 Protein Function Prediction through Query Retrieval

Here, we propose to handle this protein function prediction task by taking into account of two issues:
(1) Considering the properties of protein function labels. (2) Combining evidence from multiple biological
datasets.

The Gene Ontology (GO) [2] functional annotations define a set of terms (categories) for annotating
proteins. We observe that for most GO terms only a very small number of positive examples exist currently.
This naturally leads us to the ’Query Retrieval’ scenario. The prediction of a test protein could rely on how
similar this protein to the known positive examples for a particular GO category. Furthermore we could
also extract some information from proteins not annotated to this category by considering the dissimilarity
between a query protein to the negative examples.
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Table 1: Pairwise similarity features collected for the protein function prediction task in M. musculus.
Feature sources were downloaded from the ”mouseFunc” competition website [1]. A total of twelve protein
pairwise similarity features were extracted from six types of data sources. The first column lists the index
number. The second column lists the name of the feature source. The third column lists the related file
from which each feature is derived. The fourth column describes the method used to calculate the pairwise
measure. The fifth column presents the percentage of pairs for which information is available using this
feature.

No. Feature Name Related File Method Coverage
1 Co-expression Zhang expData.txt Correlation Coeff. 0.4732
2 Co-expression Su expData.txt Correlation Coeff. 0.8313
3 Co-expression sage expData avgTagCounts.txt Correlation Coeff. 0.7141
4 Domain Fusion pfamA domainData.txt Dot Product 0.7356
5 Domain Fusion interpro domainData.txt Dot Product 0.8266
6 Protein-protein Interaction ppi adjacency.txt Dot Product 0.2746
7 Phenotype Similarity MGI phenotype.txt Dot Product 0.0758
8 Phylogenetic Profile phylogenetic binary.txt Dot Product 0.7116
9 Phylogenetic Profile phylogenetic scores.txt Dot Product 0.7116
10 Phylogenetic Profile inparanoid binary.txt Dot Product 0.6842
11 Phylogenetic Profile inparanoid scores.txt Dot Product 0.6842
12 Disease Profile omim disease.txt Dot Product 0.0264

Figure 1: Query retrieval for the protein function prediction.

Figure 1 illustrates this basic idea. Treating a candidate test example as a query, our protein function
classification problem aims to figure out how similar this query to the positive points. This objective is
achieved by fitting the retrieval task into a classification framework. That is to distinguish between the
positive example’s similarity to other positive points and the negative examples’ similarity to the positive
set. If the similarity features between a query protein and positive proteins are quite similar to those pairwise
features from positive-vs-positive pairs, and at the same time, quite different compared to those similarity
features of the negative-vs-positive pairs, we would classify this query gene as a positive example for the
current GO category.

Thus given a specific GO category A, we divide protein-protein pairs into two classes: positive pairs
(both proteins belong to A) and negative pairs (one of the proteins belongs to A while the other does not).
Negative examples are randomly selected from all proteins not assigned to category A. The positive and
negative pairs are used to train a random forest (RF) classifier [3]. Given a test protein, we derive pairwise
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features between that protein and all proteins assigned to A and use the RF model to classify the new pairs.
If most pairs containing the test protein and a positive protein are classified as positive we assign that protein
to A. Specifically the data examples related to this binary classification task include:

• Training Positive: protein pair with both proteins belong to A

• Training Negative: protein pair with one of the proteins belongs to A while the other does not

• Testing: protein pair with one of the proteins belongs to A while the other is the query protein

For each protein-protein pair, pairwise similarity features were derived from Table 1 and function as input
attributes for the protein pair classification. In addition, in our submissions to the ”mouseFunc” competition
[1], the probability for a test gene to belong to a certain function uses the average value of all its evaluated
pairs’ RF predicted scores.

3 Random Forest Classifier

Random forest [3] uses a collection of independent decision trees instead of one tree. Denote by Θ the set
of possible feature attributes and by h(x, Θ) a tree grown to classify a vector x. Using these notations a
random forest f is defined as:

f = {h(x,Θk)}, k = 1, 2, ...,K (1)

Where Θk ⊆ Θ. That is, a random forest is a collection of trees, where each tree is grown using a subset of
the possible attributes. For the k-th tree, Θk is randomly selected, and is independent of the past random
vectors Θ1,Θ2, ..., Θk−1. Each of the trees ’votes’ for one of the classes and the most popular class is assigned
to input x.

Specifically, the random forest is grown in the following way: Each tree is grown on a bootstrap sample
of the training set (this helps in avoiding overfitting). A number m, which is smaller than d (d is the total
number of attributes and d = 12 here) is specified, and for each node in the tree the split is chosen from
m variables that are selected at random out of the total d attributes. Once the trees are grown, they can
be used to estimate missing values by an iterative algorithm. If the extreme size imbalance exists between
positive and negative examples, the RF sets different weights for the classes to balance the overall error rate.
In general, we grew 300 trees in our experiments. For m, we used the default value that was equal to the
square root of the feature dimension d.

The randomization and ensemble strategies within the RF make it robust to noise and allow it to handle
missing values problems [3, 4]. In addition, the biological datasets used in this task are often correlated
with each other and thus should not be treated as independent sources. The RF classifier does not make
any assumptions about the correlations between the data, which makes it appropriate for the type of data
available for the protein function prediction task.

In addition, the random forest classifier derives an implicit mapping relationship between input attributes
and the target class label. The importance of each attribute depends on the training examples and the trained
RF model. In our predictions, we consider only one GO functional category at a time. This means that
for each GO term we have a distinct RF model tree trained for the corresponding protein pair classification
task. Thus, while the same set of pairwise similarity features (Table 1) is used for all functional categories,
the importance of each specific similarity depends on the particular category being evaluated.

4 Discussions

Though Gene Ontology annotations exhibit a hierarchy structure between various terms, in our prediction
we consider only one category at a time. These GO categories exhibit large variations in the number of
known proteins assigned to them. Table 2 adapted from ”mouseFunc” [1] competition website presents the
distribution over the sizes of the various GO categories. As can be seen, most GO categories have less than
30 genes. Thus, for the majority of GO categories, when determining if any of the test set genes should be
assigned to these categories we can only rely on this small number of existing positive assignments.

For our ’Query Retrieval’ method, the function prediction for a gene is based on the assumption that the
similarity between a certain positive gene to the remaining positive genes is much greater than the similarity
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Table 2: Size distribution of the training GO categories (from the ”mouseFunc” [1] competition website.
The first column represents the range of category size. Columns 2-4 represent the number of GO categories
within this size range for the different GO terms.

Number of Assigned Genes BP CC MF
3-10 952 151 475
11-30 435 97 142
31-100 239 48 111
101-300 100 30 35

between negative genes to the positive examples. That is, we assume that the proteins/genes assigned to a
certain GO function term are similar to each other with respect to the collected data (features) (Table 1).

For those GO terms with only a few positive examples (less than thirty genes), this assumption is one
of the very few reasonable frameworks for a learning strategy. However, this is not necessarily true for
those GO terms with a larger positive set (more than thirty examples assigned). In this case, the collected
data evidence (Table 1) could be transformed to describe a neighborhood structure among the proteins.
For an unannotated protein, the functions of its neighbors contain information about the function of this
unannotated one. Belief propagation or similar approaches could then be applied to deduce functions of a
protein through the functions of its close graph neighborhoods.

Indeed, the evaluation results confirm our assumptions, that is: our predictions are reasonably well for
the small GO categories (3-10 and 11-30 cases in Table 2) and not as good for the remaining cases (30-100
and 101-300 cases in Table 2). Apparently, most of the GO categories belongs to the small size cases where
our algorithm performs well (we place in the top 3 for almost all such cases). These categories are arguably
the hardest to predict and in many cases contain a more detailed description for proteins, making them more
useful for researchers.

Considering the above facts, we believe that our ’Query Retrieval’ strategy is useful for many functional
prediction tasks.
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Introduction

This contribution is based on an adaptation of a message passing algorithm family - known
in the literature as Belief Propagation (BP) - to the problem of assigning functions to a
set of not annotated genes. The method was previously used in a benchmark study of
partially annotated yeast protein-protein interaction network (PPI). Differently from that
case, the graph used here was built using a mixture of PPI, Gene Arrays and Protein Domains
information.

The method used relies on the topological properties of the interaction network built and
on the analytic properties of a cost function defined on the basis on the network topology
and the set of known functions assigned to a part of the vertices. Therefore, it is very flexible
and portable on a wide variety of problems, but can only assign functions to genes/proteins
drawing out of a given starting set. It cannot - in the present form - predict completely new
functions.

It is in principle possible to use a message passing procedure also to optimize the hetero-
geneous graph construction from experimental data, as well as to assign meaningful weights
to single links. This goes however beyond the scope of the present study.

Interactions

In this work we integrated three main source of data: the Protein Protein Interaction (PPI)
graph, a graph inferred by the two Gene Arrays experiment (GA) (Zhang and Su dataset),
and the graph inferred by Protein Domain data (PD).

• The GA graph has been inferred by means of the Pearson correlation coefficient between
all couples of genes in the two sets of experiments. All couples with Pearson coefficient
> 0.95 where associated with a possible functional interaction. We considered then
the graph GGA made from the intersection between the two graphs relative to the two
different experiments: i.e. all edges in GGA join two genes with a Pearson coefficient
> 0.95 in both GA experiments. GGA has 28393 edges and 1449 vertexes.

• Interpro and PfamA Protein Domains files were preprocessed in the following way:
an interaction link was drawn between genes having at least one protein domain in
common. A threshold was put on the significance of protein domains appearance, in
the sense that domains that appeared a number of times greater than the threshold
were considered too generic (i.e. not informative) from the functional point of view -
and were therefore disregarded. In the present data files the threshold is set to 500. GPD

has 88419 edges and 11002 vertexes. In this case the interaction graph was taken as the
union of the Interpro and the PfamA resulting graphs, after a compatibility test and
a statistical comparison between the quality of the functional information contained
if the PD and GA data sets (the test was based exclusively on the competition given
data).

• For the PPI graph no preprocessing was needed. GPPI has 32351 edges and 7125
vertexes.
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Gene Array, PPI and Protein Domains originated graphs were subsequently merged in
a union file used by the Belief Propagation algorithm. As a zeroth order hypothesis, all
links were weighted uniformly, even if coming from different data sources and different pre-
processing procedures. The graph G = GGA ∪ GPD ∪ GPPI has 147930 edges and 13590
vertexes.

Annotations

Given the large number of GO terms to be predicted we decided to prune backward each
annotation, by leaving only the most specific term (i.e. the leaves in GO directed acyclic
graph). More specifically the pruning is done as it follows: given a gene and starting from
one of its most specific GO terms, the is a and the part of hierarchies are up followed pruning
out all connected less specific GO terms.

Algorithm

Let G be our graph, with set of vertexes V = {1, · · · , N} representing the observed proteins,
each protein name being assigned a numerical value form 1 to N . Let us also define a
mapping between the set of all observed annotations and the numbered set F = {1, · · · , F}.
Each protein i belonging to V can then be characterized via a discrete variable Xi that can
take values f ∈ F . One would like to compute the probability Pi(f) = Pr(Xi = f) for each
protein to have a given function f given the functions assigned to the proteins in the rest of
the graph. The method is extensively explained in [2].

Given sets V , A and V \A, the interaction graph G, the graph of unclassified proteins
U ⊂ G and the set of observed function F , a score function can be defined following Vazquez
et al. [3] as

E[{Xi}
N
i=1] = −

∑

ij

Jijδ(Xi; Xj) −
∑

i

hi(Xi) (1)

where Jij is the adjacency matrix of U (Jij = 1 if i and j ∈ V \A and they interact with
each other). δ(σ; τ) is the Kronecker delta function measured between functions σ and τ
assigned to the neighboring proteins and hi(τ) is an external field that counts the number
of classified neighbors of protein i in the original graph G that have at least function τ . The
Gibbs potential can than be calculated as a variational way to compute the quantity

F = −
1

βN
log





∑

{Xi}i=1,...,N

e−βE[{Xi}i=1,...,N ]



 (2)

called free-energy of the system. Configurations with a largest statistical weight can then
be calculated as those maximizing this potential function. Using the message passing ap-
proach [1] under the assumption that correlations are low enough in the graph so that one
can write Pij(Xi, Xj) ∝ Pi(Xi)Pj(Xj) if proteins i and j are chosen at random, one can cal-
culate each Pj(Xj) as product of conditional probabilities contributions Mi→j(Xj) incoming
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to j from all neighbors of protein j, conditional to the fact that j has function Xj:

Pj(Xj) ∝
∏

i∈I(j)

Mi→j(Xj) = e
β
∑

i∈I(j)
ui→j (Xj) (3)

where I(j) ⊂ V \A denotes the set of unclassified neighbors of j and ui→j(σ) is a “message”
that represents the field in direction σ ∈ F acting on protein j due to the presence of protein i
when protein j has function σ. Equations for the message functions can be solved iteratively
as fixed points of the system of equations

Mi→j(σ) =
F

∑

τ=1





∏

l∈I(i)\j

Ml→i(τ)



 eβJijδ(σ;τ)+βhi(τ) (4)

one for each link of U , for both directions in the graph. Self consistent BP equations can be
rewritten in terms of messages u’s, and solved as explained in [2].

Results

We ran our algorithm solving at high enough but non-infinite β since we were interested
in predicting functional assignments that could be biologically allowed although not strictly
maximizing the score function. The function probabilities for each protein converge on a set
of values organize themselves into hierarchies. The probability values are β-dependent, but
not so the hierarchical structure, which is highly conserved if β is chosen above a certain
critical transition threshold. The conserved functional ranking structure was exploited in the
analysis of the results. Ranking was changed into a confidence value on the prediction in the
following way: we computed the fraction of annotated genes that have at least either a first
or a second neighbor they share at least one function with. This was taken as a raw estimate
of the fidelity of the guilt-by-association procedure up to distance 2 on the interaction graph.

The procedure was repeated for all three GO categories. For each gene, the first and sec-
ond best ranked functions were then assigned a confidence value equivalent to the fraction
predicted by the above method on the distance 2 neighbors graph. The other ranked func-
tions were given a decreasing confidence value, proportional to the above fraction divided by
the number of overall predicted functions on that gene. Other more sophisticated interpre-
tations of the ranking results are of course possible, but are not currently implemented.

Nothing can be said for the 453 genes in the test set that do not appear in the interaction
graph.
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1 The Näıve Bayes Model

The näıve Bayes model is one of the simplest classification models used in
practice, which is a redeeming feature and makes it a useful “baseline” model
by which other — more complex — models can be compared against. Let
an example x = (x1, x2, . . . , xd) be a d-dimensional binary feature vector
where xj ∈ {−1, 1} for all j ∈ {1, 2, . . . , d}. The case xj = 1 indicates
that example x has a positive (“true”) annotation for feature j. Similarly,
xj = −1 indicates that example x does not have a positive annotation for
feature j (i.e. a “false” annotation). Let y ∈ {−1, 1} be the response variable
for a particular classification task (e.g. GO term annotation). If y = 1, then
the annotation is true; if y = −1, then the annotation is false.

The näıve Bayes model assumes independence amongst the d features in
x, conditioned on y. Put formally,

P (x|y) =
d

∏

j=1

P (xj |y). (1)

The full näıve Bayes model then is generative as the parameters are chosen
to maximize the likelihood of generating all of the data (the examples and
their associated responses).

Here, the genes and their binary attributes are the examples, and the GO
annotation is the response. Rather than computing the probability of a true
GO annotation directly, it is instead easier to compute the log-likelihood of
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a true GO annotation as

ℓ = log

(

P (y = 1|x)

P (y = −1|x)

)

= log

(

P (x|y = 1)P (y = 1)

P (x|y = −1)P (y = −1)

)

= log

(

P (y = 1)

P (y = −1)

)

+ log

(

P (x|y = 1)

P (x|y = −1)

)

= log

(

P (y = 1)

P (y = −1)

)

+

d
∑

j=1

log

(

P (xj |y = 1)

P (xj |y = −1)

)

.

(2)

Letting there be m training examples and associated responses, the likeli-
hoods in equation 2 can be estimated by enumerating the training data as
in the following example. To compute P (xj = 1|y = 1), one simply takes
the ratio of the number (over the m cases) of training examples with both a
positive GO annotation and a positive j-th feature annotation to the number
of training examples with a positive GO annotation. An analogous counting
measure is made for each combination (4 such measures per feature: P (xj =
1|y = 1), P (xj = −1|y = 1), P (xj = 1|y = −1), P (xj = −1|y = −1)).
A single pseudo-count is added to each of the four counts to prevent the
computation of infinite values.

The log-likelihood ℓ of a positive GO annotation is converted back to a
probability of annotation via

P (y = 1|x) =
eℓ

1 + eℓ
, (3)

although a loss in precision may result if the log-likelihood values are too
extreme. The two values (P (y = 1|x) and ℓ) are monotonically related
however, thus confidence-rated classification can be based on ℓ alone.

2 Training Dataset Organization

All of the data for the näıve Bayes model was obtained directly from the
shared Mousefunc dataset (i.e. that data available to all participants). Ta-
ble 2 enumerates the datasets used by the model, and provides the short
names that will be used throughout the remainder of this document. Any
post-processing performed on each dataset will be described in the following
subsections (each devoted to one dataset).
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matrix name(s) full name
pfam Sanger Institute Pfam domain data

interpro EBI InterPro domain data
phenotype MGI phenotype ontology data
biomart bioMart phylogenetic profile data

inparanoid Inparanoid phylogenetic profile data
omim OMIM (via homology) disease data

Table 1: Datasets (full names and short names used throughout the methods
description) employed by the random forests classifiers.

The training data is provided for all of the 21603 Mus musculus genes,
although for many of the genes particular datasets in the training data are
missing.

2.1 Protein domain data

Protein domain data was provided only in binary form via the files interpro domainData.txt

and pfamA domainData.txt. The data in these files was mapped directly to
the interpro and pfam matrices, with 5405 and 3133 columns, respectively.
Each column corresponds to a distinct InterPro or Pfam protein domain,
which are then viewed as features in the näıve Bayes model.

2.2 Phenotype data

Phenotype data was processed in binary form via the file MPheno OBO.ontology.
The organizational structure of the phenotype ontology (i.e. the definitions
and structure found in the MPheno OBO.ontology file) is ignored. The pheno-

type matrix then is a direct mapping of the data, and consists of 33 columns
corresponding to each distinct “leaf” phenotype characteristic, which is then
viewed as a feature in the näıve Bayes model.

2.3 Phylogenetic profile data

The phylogenetic data is provided in both binary are real-valued forms, from
two data sources: bioMart and Inparanoid. For both data sources, the real-
valued data is ignored and only the data in the phylogenetic binary.txt
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and inparanoid binary.txt files are used. Each file maps directly to the
biomart and inparanoid binary matrices with 18 and 24 columns, respec-
tively; each viewed as a feature in the näıve Bayes model.

2.4 Disease data

The OMIM disease data is provided only in binary form, and no further
post-processing is performed on it. The omim matrix then consists of 2488
columns, corresponding to each distinct disease identified in the omim disease.txt

file; each also being viewed as a feature in the näıve Bayes model.

3 Target Dataset Organization

Provided in the MousefuncI datasets is the complete GO annotation record
for 19885 of the 21603 Mus musculus genes. 5416 distinct GO terms are
identified as having one of these genes annotated to them, although only 2815
of these terms are considered as targets for MousefuncI prediction. These
target GO terms are broken up into twelve categories by a combination of
branch and annotation count. The three branches are biological process
(BP), molecular function (MF), and cellular component (CC); the annotation
count groupings across each branch are [3, 10], [11−30], [31−100], [101−300].

It should be noted here that of the 19885 training examples, only 10542
have some GO annotation (not including the terms “molecular function un-
known”, “biological process unknown”, and “cellular component unknown”).
This subset plays an important role in the training of the models (described
below).

3.1 Training Set Pruning (Example Selection)

The MousefuncI competition contains two distinct parts. The first task is
to predict the target GO term annotations for the held-out set of 21603 −
19885 = 1718 genes. This is the testing analogue to assessing the perfor-
mance of a classifier in predicting the annotations of a gene for which one
has experimental data (i.e. the attributes used as columns in the matrices
identified in table 2), but no GO annotation yet. The 1718 held-out test
genes are selected uniformly from the mouse genes for which experimental
data is available. For constructing the models used to make predictions for
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the target GO terms in this portion of the competition, all 19885 training
genes are used as examples.

The second task of the MousefuncI competition is to update the set of
target GO annotations for the 19885 training genes. Since the GO annotation
data (the target data) corresponds to an early-2006 snapshot of the GO,
and the competition results are submitted in late-2006, one expects some
of the target GO terms to have additional annotations (amongst the 19885
training genes). To train models used to make predictions for this portion
of the competition, only the 10542 genes having some non-unknown GO
annotation are used as training examples. Note that any non-unknown GO
annotation qualifies for membership in this training example set, not just
those genes with a target GO annotation. This choice reflects the notion
that the competition will only consider for performance measurement those
genes that have had some update, thus practically guaranteeing at least one
GO annotation. The selection of this training set then is logical as one would
like to train on data that is as closely representative (distributed identically)
to the eventual test data.

4 Näıve Bayes Model with Feature Selection

The first model constructed used all features described in table 2 (i.e. no
feature selection). Cross-validation performance showed that the model’s
ability to discriminate between positive and negative annotations was fairly
weak, especially for GO terms with low cardinality. Essentially, much of the
discriminative power is being “drowned out in the noise” of the thousands
of non-useful predictor features. To combat this, a feature selection method
was adopted. Before training each model, the d features are sorted into
order by mutual information with the response. Consider a feature vector
f ∈ {−1, +1}m representing the m values for the feature amongst the training
data. Similarly, consider the response vector y ∈ {−1, +1}m representing
the m responses (where f and y are ordered together, corresponding to the
training examples). These two vectors then represent distributions over two
random variables F and Y (both of which only taking values −1 or +1).
Then the mutual information between random variables F and Y (I(F ; Y ))
is defined as:

I(F ; Y ) =
∑

f∈F

∑

y∈Y

P (F = f, Y = y) log
P (F = f, Y = y)

P (F = f)P (Y = y)
. (4)
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The probabilities in equation 4 are estimated in the same fashion (i.e. count-
ing) as that described above for the näıve Bayes model.

With each feature’s mutual information with the response, the features
can now be added to the model in order of decreasing “importance”. A series
of thresholds were tested, with the final adopted number of features being 64
for all categories. That is, the 64 top-scoring (via mutual information with
the response) features are incorporated into the näıve Bayes model. This has
the effect of setting d = 64 in equation 2.

5 Final Predictions

5.1 Test Set Predictions

Predictions for the held-out test set of genes were made by training (via
the counting procedure) the two näıve Bayes models (full-featured, and the
64-feature model) on all provided training examples.

5.2 Novel Predictions

Predictions for new annotations amongst the training examples were carried
out by training the two näıve Bayes models only on those 10542 training
examples with some non-unknown GO annotation.
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