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Abstract. The Automated Functional Prediction (AFP) of proteins be-
came a challenging problem in bioinformatics and biomedicine aiming at
handling and interpreting the extremely large-sized proteomes of several
eukaryotic organisms. A central issue in AFP is the absence in public
repositories for protein functions, e.g. the Gene Ontology (GO), of well
defined sets of negative examples to learn accurate classifiers for AFP.
In this paper we investigate the Query by Committee paradigm of active
learning to select the negatives most informative for the classifier and the
protein function to be inferred. We validated our approach in predicting
the Gene Ontology function for the S.cerevisiae proteins.

Keywords: Query by Committee, active learning, protein function pre-
diction.

1 Scientific Background

The Automated Function Prediction (AFP) of proteins involves sophisticated
computational techniques to accurately predict the annotations of proteins and
proteomes. AFP is characterized by several issues, including the selection of neg-
ative examples to train high quality predictors. The Gene Ontology (GO) [1],
the reference repository of protein functions, usually stores positive associations
(also referred to as annotations) between GO terms and proteins, whereas unan-
notated proteins are rarely marked as negative for a given term — a protein not
currently annotated with a GO term, might be a positive example which has
not been detected yet due to insufficient studies. Surprisingly, a few works in-
vestigated this problem, mainly leveraging the GO structure (a directed acyclic
graph) to choose negative examples. Since in the GO the true path rule (TPR)
holds, which transfers annotations for a node to all its ancestors, initial ap-
proaches considered as negative examples for a term all proteins directly an-
notated (i.e., before applying the TPR) in neither descendant nor ancestral
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terms [2]. Indeed, proteins annotated with descendants belong also to the current
term (descendants specialize the node concept), and annotations (direct) with
ancestors might be transferred to some descendants in light of future studies.
Under the assumption that proteins are rarely annotated with more than one
child of the same node, proteins annotated with sibling terms (i.e. terms sharing
at least one parent) have also been adopted as negative examples [3]. More re-
cent works selected negatives based on the empirical conditional probability of
annotating a protein with the GO function of interest given all the annotations
that protein had with all the other functions [4], or just with the most specific
ones [5], in all three branches. Lastly, in [6, 7] authors assessed the relevance
of several protein features, extracted from protein networks, in detecting false
negatives using a GO temporal holdout setting, thus providing insights about
how to effectively select negative proteins.

We present here a preliminary work which addresses the negative selection
problem by leveraging Query by Committee (QBC) active learning (AL) [9]
to appropriately select the negative proteins. Unlike usual approaches to ac-
tive learning, which typically aim to obtain the true labels of some selected data
points, our approach undertakes the selection of negative examples (whose labels
are obviously known). The rationale behind this approach is that the capability
of active learning to focus on the most informative examples can be leveraged
to filter out from the training set unhelpful non-positive proteins — or even
harmful. Pool-based QBC considers most informative the examples from a pool
of unlabeled examples on which the committee members (classifiers) most dis-
agree. Hence, in our setting QBC is used to select as negative examples a subset
of proteins from the pool represented by non-positive proteins. We experimen-
tally validated our approach using two well-known classifiers to predict, in a
genome-wide fashion, the GO functions of S. cerevisiae (yeast) proteins.

2 Preliminaries and notations

Vectors and matrices are denoted using standard, lower bold and upper bold sym-
bols as x and X. Protein pairwise similarities are represented by an undirected
weighted graph G〈V,W 〉, where V = {1, . . . , n} is the set of nodes/proteins and
W is the n × n matrix of intra-protein functional similarity: Wij ∈ [0, 1] is the
similarity between proteins i, j ∈ V , with Wij = 0 when i and j are not con-
nected. Given a protein function, the labels are described by the binary vector
y = (y1, y2, . . . , yn), where yi = 1 if protein i is annotated with that function
(positive instance), −1 otherwise. Here the GO terms are adopted as protein
functions. Let V+ := {i ∈ V |yi = 1} and V− := {i ∈ V |yi = −1} be the subsets
of positive and non positive proteins, respectively. A relevant issue in AFP is
the labeling imbalance: most GO functions posses a highly unbalanced labeling,

that is |V+|
|V−| � 1. Furthermore, the labeling is known only for a subset S ⊂ V

of proteins, where it is unknown for its complement set U := V \ S. We conse-
quently denote by S+ := S ∩ V+ and S− := S ∩ V− the known sets of positive
and non positive proteins for a given GO term, respectively.
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The Automated protein Function Prediction (AFP) problem consists in in-
ferring the labeling for proteins U using the known labels and the connection
matrix W .

The complexity of AFP is increased by the fact that the GO rarely stores neg-
ative annotations between proteins and functions, and only positive annotations
are usually available. Thus, non positive proteins (proteins in S−) typically do
not correspond to negative annotations, and some of them might be redundant
for the current task. Moreover, some non positive proteins might become positive
in future, in case further studies would annotate them. This makes central the
need to select informative negatives among non positive proteins to be used as
negative examples during the learning of automated models for solving AFP —
indirectly, it would also cope with the label imbalance, since the disproportion
between positives and negatives would be reduced.

2.1 Instance representation.

Following [10], the input proteins are represented through a two-dimensional
feature vector, obtained by operating a projection of nodes S onto the space
R2, so that the node i ∈ S is associated with the point xi ≡ (xi1;xi2), where
xi1 =

∑
j∈S+

Wij and xi2 =
∑
j∈S−Wij . This embedding casts into the position

of point xi the imbalance in the neighborhood of protein i in the graph, and
sensibly reduces the input space dimension, thus speeding up the computation.
Moreover, recent studies have confirmed that this two features are informative
for inferring GO functions [6, 7]. The obtained training set is L = {(xi, yi)|i ∈ S}.

2.2 Data

We retrieved the yeast protein network from the STRING database, version
10.5 [11], which merges several sources of information about proteins, including
experimental data, such as GRID, HPRD, IntAct, and curated data, like Bio-
carta and KEGG. The matrix W of Section 2 is obtained from the STRING
connections Ŵ after the normalization W = D−1/2ŴD−1/2, which preserves
the connection symmetry. D is the diagonal matrix with non-null elements
dii =

∑
j Ŵij . As suggested by STRING curators, we set the threshold for con-

nection weights to 700. The final network contains 6391 proteins. Annotations
for the three GO branches, namely Biological Process (BP), Molecular Function
(MF), and Cellular Component (CC), have been downloaded from the UniProt
GOA, release 69 (9 May 2017), by retaining solely experimentally validated an-
notations. To discard too generic terms and having a minimum of information
to learn, we chose functions with 10–100 annotations, obtaining 162, 227 and
660 terms for CC, MF, and BP branches, respectively.

3 Algorithm

We propose a novel approach to address the negative selection in AFP, which
leverages a variant of Query by Committee active learning to appropriately select
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the most informative negative examples. In particular, our technique focuses on
the selection of most informative negatives for the specific classification model,
rather than selecting those negative examples “most informative” in general. We
empirically validated our proposal on two well-known supervised classifiers.

3.1 QBC active learning for negative selection

Let 0 < B < |S−| be the cardinality of a subset of negative examples Ŝ− ⊂ S−,
which has to be selected in order to maximize the performance of a classifier
trained using the examples S+ ∪ Ŝ−. B is also referred to as budget of the
negative selection algorithm.

This problem is tackled through a pool-based QBC-AL algorithm, which
typically examines a pool of unlabeled examples and selects only those that are
most informative according to the committee models (classifiers in our setting),
and asks for their labels. This avoids to save annotation cost by discarding
redundant labeling examples that contribute little new information [9]. Common
approaches for pool-based QBC is to ask the label of those points on which
committee members most disagree [12].

We adopt a variant of active learning, since we want the QBC algorithm to
select instances whose label is known already (equal to −1). Nevertheless, we
may exploit AL to pick out the “most informative” negative points for training
our model. Our QBC-AL algorithm is defined as follows.

QBC-AL procedure (template).

1. A seed training set I(0) = S+ ∪ S−(0) is selected, where S−(0) ⊂ S− is
randomly drawn and balanced (i.e., |S−(0)| = |S+|).1 Due to the rarity of
positives, I(0) contains all available positives.

2. At iteration t ≥ 1, learn m committee models fk : I(t − 1) → {−1, 1},
k ∈ {1, 2, . . . ,m}.

3. Build I(t) by adding to I(t− 1) the s instances in S− \ I(t− 1) with highest
degree of disagreement among the committee members.

4. Update the committee classifiers using I(t).
5. Iterate steps 2–4 until time t̄, with |I(t̄)| = |S+|+B (budget is exhausted).

The rationale is that examples on which the classifiers most disagree have a
higher ‘utility’ for the committee. Further, it is beneficial in QBC ensuring
diversity among committee classifiers [13]: a common approach is to use bag-
ging for learning the m committee classifiers [14], in which m random subsets
I1, I2, . . . , Im of I(t̄) are randomly drawn, and the member fk is trained using
the set Ik. In our setting each Ii contains all available positives and a randomly
drawn subset of non positive examples in I(t̄).

The Vote Entropy has been employed as measure of disagreement, a nat-
ural measure for quantifying the uniformity of classes assigned to an exam-
ple by the different committee members [12]. Given an instance x ∈ Rq, its

1 A balanced seed training set counterbalances the predominance of −1 labels, and
experimentally performed best
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Vote Entropy disagreement is V (x) = −νx log νx − (1 − νx) log(1 − νx), where

νx =
∑m

k=1 I{fk(x)=1}
m , and I is the indicator function. Thus νx is the proportion

of members that predicted x as positive. Accordingly, the closer νx to 0.5, the
higher the Vote Entropy disagreement.

We validated the QBC-AL algorithm to select negatives in AFP by adopting
two popular feature-based models at Step 2 of the procedure, which are briefly
described below.

Support Vector Machines. Given a training set L = {(xi, li)} ∈ Rq×{−1, 1}, the
Support Vector Machine (SVM) [15, 16] learns the hyperplane ω̂ ∈ Rq unique
solution of the following optimization problem:

min
ω∈HK

1

2
‖ω‖2K + C

|L|∑
i

ei(ω) (1)

where ei(ω) = 1 − li〈ω, φK(xi)〉, if li〈ω, φK(xi)〉 < 1 (margin constraint viola-
tion), 0 otherwise, and K is a kernel implementing the inner product K(x, z) =
〈φK(x), φK(z)〉 of two vectors x, z ∈ Rd according to a feature map φK : Rd →
HK. HK is suitable high dimensional space. The margin of an instance xi is∣∣∑|L|

j=1 αj ljK(xj ,xi)
∣∣, where αj ≥ 0 are the Lagrange multipliers (see for in-

stance [16]).

Two popular choices of K are adopted in this work, namely the linear kernel

K1(x, z) = xTz, and the Gaussian kernel K2(x, z) = exp(−‖x−z‖
2

2σ2 ).

Decision Trees. Let X1, . . . , Xq be q predictor variables (discrete or continuous),
L = {(xi, li)} ∈ Rq ×{−1, 1} be a set of labeled observations on a class variable
Y (binary in our case) that takes values −1, 1. Briefly, the decision tree (DT)
algorithm [17] learns a model T : Rq → {−1, 1} for predicting the values of Y
from observations xi by simply partitioning the space Rq into 2 disjoint sets A−,
A+, such that the predicted value of Y is −1 if T (xi) ∈ A−, 1 if T (xi) ∈ A+.

Classification tree methods grows from an initial (root) node by recursively
partitioning the data set one predictor variable at a time. Each node is assigned
a label (−1 or 1), and accordingly it is associated with a classification error
(based on labels li), used to measure the node impurity. At each step, the node
to be split is determined by exhaustively searching the split, e.g. Xj > t, over
all nodes and predictors Xj which minimizes the total impurity of its two child
nodes. Then, during the inference process, an instance xi at the split node moves
to one of the two children according to the value of its j-th component xij —in
our example, if xij ≤ t move to left child, else move to right child). The process
iterates till a stopping criterion is met (e.g. maximum depth reached). To predict
an instance z, the algorithm follows the path from the root to a leaf node, and
classify z with the label of that leaf node. As impurity measure a common choice
is the Gini index [18], which has been adopted also in this work.
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(a) (b)

Fig. 1. F values averaged across CC terms for (a) DT and (b) linear SVM algorithms.
B is the negative budget, s is the active learning parameter, m the number of committee
members.

4 Results

We name SVM QBC (resp. DT QBC) the method using SVMs (resp. DTs) both
at step 2 of the QBC-AL procedure and as final model over the set I(t̄). Firstly,
to evaluate the usefulness of QBC, we implemented an active learning negative
selection using only one member (baseline AL, m = 1), where the most informa-
tive instances are those with smaller margin for SVMs, and those belonging to
the leaves with higher impurity for DTs. Generalization capabilities have been
evaluated using a 3-fold cross validation (CV) procedure, and measured in terms
of F1 measure (F in short), which is a measure suitable for unbalanced labelings.
The model parameters, C for linear SVM, C and σ for Gaussian SVM, and the
tree maximum depth for DT, have been learned through inner 3-fold CV.

We first investigated the impact of parameters s and B on the model perfor-
mance, by tuning them on the CC GO terms. Furthermore, the variant of AL,
named One shot, has been implemented, in which all the negatives (B − |S(0)|)
are selected at the first iteration of step 3 of the QBC-AL procedure. There is
at least one QBC configuration which outperforms the baseline AL in all the
settings, and the improvements are remarkable when using SVM (see Fig. 1).
Interestingly, with just 200 negatives, SVM QBC already achieves its top perfor-
mance, and adding further examples (B = 300 or B = 400) does not significantly
helps. A similar behaviour is shown also for DT QBC. The one shot approach
seems penalizing more DT-based methods, whereas SVM even in this setting
achieves competitive performance with regard to other choices of s. In particu-
lar, in this setting, increasing the number of committee members does not help,
differently from other choices of s, where in most cases setting m = 4, 5 (i.e. the
highest number of members tested) corresponds to the best results. This is to
some extent expected, since the one shot strategy involves the committee just
once, thus reducing the relevance of QBC.
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(a) (b)

Fig. 2. F values averaged across (a) MF and (b) BP terms. White boxes correspond to
SVM methods, gray boxes to DT methods. SVM-l and SVM-r denotes respectively the
SVM using linear and Gaussian kernels. Red horizontal segments correspond to mean
values.

To assess the effectiveness in AFP for models using QBC, we also tested the
vanilla SVM and DT, learned on all available training data (no negative selection
applied), and the SVM and DT where the B negative examples are uniformly ex-
tracted (named SVM RNEG and DT RNEG). We set s = 100, B = 400 for DTs,
and s = 200, B = 300 for SVMs, and m = 5, as consequence of the results ob-
tained in the first experiment (see Fig. 1). QBC negative selection always allows
to outperform both the vanilla variant and the variant using random negative
selection on MF anc BP classes (see Fig. 2). CC results, not reported, shown an
analogous trend. Random negative selection performs better than vanilla meth-
ods, confirming the need of negative selection in this context. Noticeable is the
case of SVM-l, which is the worst method in the vanilla fashion, but with QBC
is the top performing method. The improvements of QBC over RNEG negative
selection are always statistically significant according to the Wilcoxon signed
rank test (p-value < 0.05) [19].

Finally, to analyze to overall performance of our strategy, we compared the
top performing algorithm (SVM-l-QBC, m = 5, s = 200, B = 300) with the
state-of-the-art networks-based methods for AFP, including also well-known
general-purpose methods, namely the Random Walk (RW) [20] and the La-
bel Propagation (LP) [21] algorithms. The top-performing methods proposed
specifically for AFP considered here are the followings: the guilt-by-association
(GBA) method [22], classifying nodes according to their neighboring functions;
the Cost-Sensitive Neural Network (COSNet) [10, 23], designed for classifying
with unbalanced data, and competitive on the MOUSEFUNC benchmark [24];
the Multi-Source k-Nearest Neighbors (MS-kNN) [25], among the top-ranked
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Table 1. Averaged AUPR values.

RW GBA LP MS-kNN RANKS COSNet SVM-l-QBC

BP 0.244 0.145 0.224 0.116 0.271 0.241 0.327
MF 0.199 0.125 0.201 0.090 0.236 0.214 0.293
CC 0.367 0.207 0.308 0.218 0.398 0.361 0.427

methods in the recent CAFA2 international challenge for AFP [26]; the RAnking
of Nodes with Kernelized Score Functions (RANKS) [27], proposed as effective
ranking algorithm for AFP. Free parameters, when present, have been learned
through inner 3-fold CV. Since the above-mentioned methods do not provide
binary predictions, but just a node ranking, in order to have a fair comparison
we adopted as performance measure the Area Under the Precision-Recall curve
(AUPR), as recently done in the CAFA2 challenge. For our methodology we
naturally obtained a node ranking by considering as final prediction the margin
of instances in the final model. As we can see from Table 1, our method achieves
the top average results in all the GO branches, and the results are statistically
significant (p− value < 0.05).

5 Conclusion

Preliminary results have shown that Query by Committee active learning might
be employed as effective tool to address the negative selection problem in AFP.
Despite the promising results, further studies must be carried out to investigate
the impact that several features of the method have on the classification abili-
ties, like the adoption of different measures of committee disagreement among
the numerous measures proposed in the literature, and of different stopping cri-
terion than fixing a budget of negatives, along with experimentations on other
organisms/datasets.
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