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Abstract

The task of expert finding has been getting increasing attention in the information retrieval litera-
ture. However, the current state-of-the-art still lacks in principled approaches for combining different
sources of evidence in an optimal way. This article explores the usage of learning to rank methods
as a principled approach for combining multiple estimators of expertise, derived from the textual con-
tents, from the graph-structure of the citation patterns for the community of experts, and from profile
information about the experts. Several supervised learning to rank algorithms, representative of the
pointwise, pairwise and the listwise approaches, were experimented.

This article also explores the effectiveness of rank aggregation approaches combined with data fusion
techniques in the task of expert finding in digital libraries. Several experiments were performed with
state of the art data fusion techniques.

Experiments made over a dataset of academic publications for the Computer Science domain attest
for the adequacy of the proposed approaches.

1 Introduction

The automatic search for knowledgeable people in
the scope of specific user communities, with basis
on documents describing people’s activities, is an
information retrieval problem that has been receiv-
ing increasing attention [30]. Usually referred to as
expert finding, the task involves taking a short user
query as input, denoting a topic of expertise, and
returning a list of people sorted by their level of
expertise in what concerns the query topic.

Several effective approaches for finding experts
have been proposed, exploring different retrieval
models and different sources of evidence for esti-
mating expertise. However, the current state-of-
the-art still lacks in principled approaches for opti-
mally combining the multiple sources of evidence
that can be used to estimate expertise. In tra-
ditional information retrieval tasks such as adhoc
retrieval, there has been an increasing interest on
the usage of machine learning methods for build-
ing retrieval formulas capable of estimating rele-
vance for query-document pairs, as area referred
to as Learning to Rank for Information Retrieval
(L2R4IR) [22]. The general idea behind tradi-
tional L2R4IR approaches is to use hand-labelled
data (e.g., document collections containing rele-
vance judgements for specific sets of queries, or
information regarding user-clicks aggregated over
query logs) to train ranking models, this way lever-

aging on data to combine the different estimators
of relevance in an optimal way. So far, many ap-
proaches have been proposed in the expert finding
literature, however few previous works have specif-
ically addressed the usage of learning to rank ap-
proaches for the task of expert finding. Since hand-
labelled data containing relevance judgements are
very hard to find for this task, most of the works
of the literature are based in probabilistic language
models.

This article explores the usage of learning to rank
methods, as well as rank aggregation algorithms,
in the expert finding task, specifically combining
a large pool of estimators for expertise. These in-
clude estimators derived from the textual similarity
between documents and queries, from the graph-
structure of the citation patterns for the community
of experts, and from profile information about the
experts. We have built a prototype expert finding
system using learning to rank algorithms, as well
as data fusion techniques, and evaluated it on an
academic publication dataset from the Computer
Science domain.

The rest of this article is organized as follows:
Section 2 presents the main concepts and related
works. Section 3 presents the learning to rank ap-
proaches used in our experiments. Section 4 details
the rank aggregation framework as well as the data
fusion techniques used in our experiments. Sec-
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tion 5 introduces the multiple features upon which
we leverage for estimating expertise. Section 6 de-
scribes how the system was evaluated, detailing the
datasets used in our experiments as well as the eval-
uation metrics. Section 7 presents the experimental
evaluation of the proposed methods, detailing the
obtained results. Finally, Section 8 presents our
conclusions and points directions for future work.

2 Concepts and Related Work

Serdyukov and Macdonald have surveyed the
most important concepts and representative previ-
ous works in the expert finding task [30, 24]. Two
of the most popular and well-performing types of
methods are the profile-centric and the document-
centric approaches [10, 35]. Profile-centric ap-
proaches build an expert profile as a pseudo doc-
ument, by aggregating text segments relevant to
the expert [1]. These profiles are latter indexed
and used to support the search for experts on a
topic. Document-centric approaches are typically
based on traditional document retrieval techniques,
using the documents directly. In a probabilistic
approach to the problem, the first step is to esti-
mate the conditional probability p(q|d) of the query
topic q given a document d. Assuming that the
terms co-occurring with an expert can be used to
describe him, p(q|d) can be used to weight the co-
occurrence evidence of experts with q in documents.
The conditional probability p(c|q) of an expert can-
didate c given a query q can then be estimated by
aggregating all the evidences in all the documents
where c and q co-occur. Experimental results show
that document-centric approaches usually outper-
form profile-centric approaches [1].

Many different authors have proposed sophisti-
cated probabilistic retrieval models, specific to the
expert finding task, with basis on the document-
centric approach [1, 28, 30]. For instance, Cao et
al. proposed a two-stage language model combin-
ing document relevance and co-occurrence between
experts and query terms[7]. Fang & Zhai derived
a generative probabilistic model from the proba-
bilistic ranking principle and extend it with query
expansion and non-uniform candidate priors [16].
Zhu et al. proposed a multiple window based ap-
proach for integrating multiple levels of associa-
tions between experts and query topics in expert
finding[45]. Later, Zhu et al. proposed a unified
language model integrating many document fea-
tures for expert finding[44]. Although the above
models are capable of employing different types of
associations among query terms, documents and

experts, they mostly ignore other important sources
of evidence, such as the importance of individual
documents, or the co-citation patterns between ex-
perts available from citation graphs. In this pa-
per, we offer a principled approach for combining
a much larger set of expertise estimates for expert
finding.

More recently, Macdonald & Ounis proposed a
learning to rank approach where they created a
feature generator composed of three components,
namely a document ranking model, a cutoff value
and rank aggregation methods. Using those fea-
tures, the authors made experiments with the
AdaRank listwise algorithm which outperformed all
generative probabilistic methods proposed in the
literature[25] .

Deng et al. proposed a query sensitive Author-
Rank model based on co-authorship networks. In
their work, they considered a weighted directed
graph to model the co-authorship network, in which
each edge represents a co-authorship information.
Since the AuthorRank algorithm is query indepen-
dent, the authors proposed a modification of the
this algorithm to take into consideration the query
topics when measuring the co-authorship weight
between two linked authors[13].

In the Scientometrics community, the evaluation
of the scientific output of a scientist has also at-
tracted significant interest due to the importance
of obtaining unbiased and fair criteria. Most of the
existing methods are based on metrics such as the
total number of authored papers or the total num-
ber of citations[32, 33]. Simple and elegant indexes,
such as the Hirsch index, calculate how broad the
research work of a scientist is, accounting for both
productivity and impact. Graph centrality met-
rics inspired on PageRank, calculated over citation
or co-authorship graphs, have also been extensively
used by Liu et al. [23]. In the context of academic
expert search systems, these metrics can easily be
used as query-independent estimators of expertise,
in much the same way as PageRank is used in the
case of Web information retrieval systems.

For combining the multiple sources of expertise,
we propose to leverage on previous works concern-
ing the subject of learning to rank for informa-
tion retrieval (L2R4IR). Liu [22] presented a good
survey on the subject, categorizing the previously
proposed supervised L2R4IR algorithms into three
groups, according to their input representation and
optimization objectives:

• Pointwise approach - L2R4IR is seen as ei-
ther a regression or a classification problem.
Given feature vectors of each single document
from the data for the input space, the relevance
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degree of each of those individual documents is
predicted with scoring functions which can sort
all documents and produce the final ranked list
of results. Several different pointwise meth-
ods have been proposed in the literature, such
as the Additive Groves algorithm proposed by
Sorokina et al [36].

• Pairwise approach - L2R4IR is seen as a bi-
nary classification problem for document pairs,
since the relevance degree can be regarded as
a binary value which tells which document or-
dering is better for a given pair of documents.
Given feature vectors of pairs of documents
from the data for the input space, the rele-
vance degree of each of those documents can
be predicted with scoring functions which try
to minimize the average number of misclassi-
fied document pairs. Several different pairwise
methods have been proposed, including SVM-
rank [21], RankNet [6] and RankBoost [19].

• Listwise approach - L2R4IR is addressed in
a way that takes into account an entire set
of documents, associated with a query, as in-
stances. These methods train a ranking func-
tion through the minimization of a listwise loss
function defined on the predicted list and the
ground truth list. Given feature vectors of a
list of documents of the data for the input
space, the relevance degree of each of those
documents can be predicted with scoring func-
tions which try to directly optimize the value
of a particular information retrieval evalua-
tion metric, averaged over all queries in the
training data [22]. Several different listwise
methods have also been proposed, including
SVMmap[42], AdaRank[40, 39] and Coordi-
nate Ascent[26].

In this article, we made experiments with rep-
resentative supervised learning to rank algorithms
from the pointwise, pairwise and listwise ap-
proaches. The listwise approaches tested were
AdaRank, SVMmap and Coordinate Ascent. The
pairwise approaches were RankNet, SVMrank and
RankBoost. And Finally, the pointwise approach
tested was the Additive Grover algorithm. Sec-
tion 3 details the considered approaches.

Previous studies have also addressed the prob-
lem of L2R4IR through a rank aggregation frame-
work, often with basis on data fusion methods that
take their inspiration on voting protocols proposed
in the area of statistics and in the social sciences.
Riker[29] suggested a classification to distinguish
the different existing data fusion algorithms into

two categories, namely the positional methods and
the majoritarian algorithms.

The positional methods are characterized by the
computation of a candidate’s score based on the po-
sition that the candidate occupies in each ranking
lists given by each voter. If the candidate falls in
the top of the ranked list, then he receives a maxi-
mum score. If the candidate falls in the end of the
list, then his score is minimum. The most repre-
sentative positional algorithms are the borda count
fuse[11] and the reciprocal rank fuse[38].

The majoritarian algorithms are characterized
by a series of pairwise comparisons between can-
didates. That is, the winner is the candidate
which beats all other candidates by comparing their
scores between each other. The most representative
majoritarian algorithm is probably the Condorcet
fuse method proposed by Montague & Aslam[27].
However, there have been other proposed methods
based on Markov chain models[14] as well as tech-
niques from multicriteria decision theory[17].

On the other hand, Fox & Shaw[18] have also
proposed another type of data fusion algorithms,
based on the aggregation of the scores of docu-
ments, which have been widely used in the informa-
tion retrieval community. Their key contributions
comprise the CombSUM algorithm, which will be
detailed in Section 4.

3 Learning to Rank Experts

One of the research questions motivating this
work was to see if learning to rank approaches can
be effectively used in the context of expert search
tasks, in order to combine different estimators of
expertise in a principled way, this way improving
over the current state-of-the art.

In order to validate this hypothesis, a proto-
type was developed as follows. Given a set of
queries Q = {q1, . . . , q|Q|} and a collection of ex-
perts E = {e1, . . . , e|E|}, each associated with spe-
cific documents describing the topics of expertise,
a training corpus for learning to rank is created as
a set of query-expert pairs, each (qi, ej) ∈ Q × E,
upon which a relevance judgement indicating the
match between qi and ej is assigned by a labeller.
This relevance judgement is a binary label indicat-
ing whether the expert ej is relevant to the query
topics qi or not. For each instance (qi, ej), a fea-
ture extractor produces a vector of features that
describe the match between qi and ej . Features
can range from classical IR estimators computed
from the documents associated with the experts
(e.g., term frequency, inverse document frequency,
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Figure 1: The learning to rank prototype for expert finding in digital libraries

BM25, etc.) to link-based features computed from
networks encoding relations between the experts
in E (e.g., PageRank). These features are de-
tailed in Section 5 of this article. The inputs to
the learning algorithm comprise training instances,
their feature vectors, and the corresponding rele-
vance judgements. The output is a ranking func-
tion, f(qi, ej), which produces a ranking score for
each candidate expert ej so that when sorting ex-
perts according to these scores the more relevant
ones appear on the top of the ranked list.

During the training process, the learning algo-
rithm attempts to learn a ranking function capable
of sorting experts in a way that optimizes a par-
ticular bound on an information retrieval perfor-
mance measure (e.g., Mean Average Precision) for
the case of the listwise approaches, or which tries to
minimize the number of misclassifications between
query-expert pairs, in the case of the pairwise ap-
proaches. In the test phase, the learned ranking
function is applied to determine the relevance be-
tween each expert ej in E and a new query q. Fig-
ure 1 shows a general illustration of the learning to
rank prototype built in this work.

In this article, we conducted experiments with
representative learning to rank algorithms from
the pointwise, pairwise and listwise approaches.
The listwise approaches tested were AdaRank,
SVMmap and Coordinate Ascent. The pairwise
approaches were RankNet, SVMrank and Rank-
Boost. And Finally, the pointwise approach tested
was the Additive Grover algorithm. All these algo-
rithms required the manually tuning of parameters
in order to give good results. This parameter
search was done using a grid search approach in
which we place a grid over the parameter space

and evaluate the data at every grid intersection,
returning the parameters which lead to maximum
performance of the learning algorithm[26]. The
algorithms used in our experiments are described
as follows.

The AdaRank listwise method, proposed by
Xu et al.[40], builds a ranking model through the
formalism of the Boosting approach, attempting
to optimize a specific information retrieval per-
formance measure. The basic idea of AdaRank
is to train one weak ranker at each round of
iteration, and combine these weak rankers as the
final ranking function. After each round, the
experts are re-weighted by decreasing the weight
of correctly ranked experts, with basis on a specific
evaluation metric, and increasing the weight of
the experts which performed poorly for the same
metric. The AdaRank algorithm receives as input
the parameter T , which is the number of iterations
that the algorithm will perform, and the parameter
E, which corresponds to a specific information
retrieval performance measure. In the scope of this
work, the MAP evaluation metric was used. In our
experiments, we set the parameter T to 400.

The Additive Groves pointwise method,
introduced by Sorokina et al.[36], builds a ranking
model through the formalisms of additive models
and regression trees, attempting to directly mini-
mize the training errors over the dataset. In this
approach, a grove is an additive model containing
a small number of large trees. The ranking model
of a grove is built upon the sum of the ranking
models of each one of those trees. The basic idea
of Additive Groves is to initialize a grove with a
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single small tree. Iteratively, the grove is gradually
expanded by adding a new tree or enlarging the
existing trees of the model. The trees in the grove
are then trained with the set of experts which were
misclassified by the other previously trained trees.
In addition, trees are discarded and retrained in
turn until the overall predictions converge to a
stable function. The goal of this algorithm is to
find the simplest model which can make the most
accurate predictions. The prediction of a grove is
given by the sum of the predictions of the trees
contained in it. The algorithm receives as input
the parameter N , which is the number of trees
in the grove, the parameter α, which controls the
size of each individual tree and the parameter b
which is the number of bagging iterations, i.e. the
number of additive models combined in the final
ensemble. The parameters were automatically
tuned by the algorithm.

The Coordinate Ascent listwise method, pro-
posed by Metzler & Croft[26], is an optimization al-
gorithm, used in unconstrained optimization prob-
lems, which builds a ranking model by directly
maximizing an information retrieval performance
measure. The basic idea of Coordinate Ascent
is to iteratively optimize a multivariate objective
function, by solving a series of one dimensional
searches[26]. In each iteration, Coordinate As-
cent randomly selects one feature to perform search
while holding all other features. This way, in
each iteration, the algorithm chooses the parame-
ters which maximize the information retrieval per-
formance measure. In the scope of this work, we
used the Mean Average Precision metric as evalu-
ation measure. Equation 1 shows the optimization
formula, where E corresponds to the performance
measure on the training data (qi, ei, yi).

λi = argmaxλiE(qi, ei, yi) (1)

The Coordinate Ascent algorithm receives as input
the parameter rr, which is the number of random
restarts, and the parameter T , which corresponds
to the number of iterations to perform in each one
dimensional space. In our experiments, we set the
parameter rr to 5 and parameter T to 100.

The RankBoost pairwise method, proposed
by Freund et al.[19], builds a ranking model
through the formalism of the Boosting approach,
attempting to minimize the number of misclassified
pairs of experts. The basic idea of RankBoost
is to train one weak ranker at each round of
iteration and combine these weak rankers as the
final ranking function. After each round, the
expert pairs are re-weighted by decreasing the

weight of correctly ranked pairs of experts and
increasing the weight of wrongly ranked experts.
The RankBoost algorithm receives as input the
parameter T , which is the number of iterations
that the algorithm will perform, and the parameter
θ, which is a threshold corresponding to the
number of candidates to be considered in the weak
rankers. In our experiments, we set the parameter
T to 300 and the parameter θ to 40.

The RankNet pairwise method, proposed by
Burges et al.[6], builds a ranking model through
the formalism of Artificial Neural Networks, at-
tempting to minimize the number of misclassified
pairs of experts. The basic idea of RankNet is to
use a multilayer neural network with a cost entropy
function. While a typical artificial neural network
computes this cost by measuring the difference
between the network’s output values and the
respective target values, RankNet computes the
cost function by measuring the difference between
a pair of network outputs. RankNet attempts to
minimize the value of the cost function by adjust-
ing each weight in the network according to the
gradient of the cost function. This is done through
the usage of the backpropagation algorithm. The
RankNet algorithm receives as input the parameter
epochs, which is the number of iterations through
the process of providing the network with an
input and updating the network’s weights, and the
parameter hiddenNodes, which corresponds to the
number of nodes to be contained in the networks
hidden layer. The hiddenNodes parameter has a
big impact in the learning process of the network,
because if they are too few, we can underfit the
data and therefore the network cannot learn any
details from the data. On the other hand, if there
are too many nodes, we can overfit and therefore
the network cannot generalize well and will not be
able to predict the value of never seen data. In our
experiments, the parameter epochs was set to 30
and the parameter hiddenNodes to 50.

The SVMmap listwise method, introduced by
Yue et al.[42], builds a ranking model through
the formalism of structured Support Vector
Machines[37], attempting to optimize the metric
of Average Precision (AP). The basic idea of
SVMmap is to minimize a loss function which
measures the difference between the performance
of a perfect ranking (i.e., when the Average Pre-
cision equals one) and the minimum performance
of an incorrect ranking (i.e., when it is less than
one). The SVMmap algorithm receives as input
the parameter C, which affects the trade-off
between model complexity and the proportion of
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non-separable samples. If it is too large, we have
a high penalty for non-separable points and we
may store many support vectors and overfit. If
it is too small, we may have underfitting. In our
experiments, we used SVMmap with a radial basis
function kernel which also requires the manual
tuning of the parameter γ, which determines the
area of influence of the center support vector has
over the data space. In our experiments, we set
the parameter C to 8 and the parameter γ to 0.125.

Finally, the SVMrank pairwise method, intro-
duced by Joachims[21], builds a ranking model
through the formalism of Support Vector Machines.
The basic idea of SVMrank is to attempt to mini-
mize the number of misclassified expert pairs. This
is achieved by modifying the default support vec-
tor machine optimization problem, which considers
a set of experts, by constraining the optimization
problem to perform the minimization of each pair
of experts. This optimization is performed over a
set of training queries, their associated pairs of ex-
perts and the corresponding relevance judgement
over each pair of experts (i.e., pairwise preferences
resulting from a conversion from the ordered rel-
evance judgements over the query-expert pairs).
SVMrank receives as input the parameter C which
affects the trade-off between model complexity and
the proportion of non-separable samples. In our ex-
periments, we used a linear kernel, since the radial
basis kernel did not converge in convenient time.
The parameter C was set to 900.

4 Aggregating Expert Ranks

The general rank aggregation framework for ex-
pert finding is illustrated in Figure 2.

Figure 2: Rank Aggregation Framework for Infor-
mation Retrieval

Given a set of queries Q = {q1, q2, ..., q|Q|} and a
collection of candidate experts E = {e1, e2, ..., e|E|}
each associated with specific documents describ-
ing the candidate’s topics of expertise, for each in-
stance (qi, ej), a feature extractor produces an or-
dered ranking list according to each feature that
describes the match between qi and ej . Features
can range from classical IR estimators computed
from the documents associated with the experts
(e.g., term frequency, inverse document frequency,
BM25, etc.) to link-based features computed from
networks encoding relations between the experts in
E (e.g., PageRank). These features are detailed in
Section 5 of this work. A data fusion algorithm is
then applied in order to combine the various rank-
ing lists computed by each one of the features. The
inputs of a rank aggregation algorithm comprise a
set of query-expert pairs corpus, their correspond-
ing feature vectors and the data fusion technique to
be applied. The output produces a ranking score
resulting from the aggregation of the multiple fea-
tures. The relevance of each expert ej towards
the query q is determined through this aggregated
score.

In this article, we made experiments with rep-
resentative data fusion algorithms of the infor-
mation retrieval literature, namely CombSUM,
CombMNZ, CombANZ, Borda Fuse, Reciprocal
Rank Fuse and Condorcet Fusion algorithms.

All the data fusion techniques applied in the ex-
periments required normalized sums for the differ-
ent features. So, to perform the normalization,
we applied the Min-Max Normalization procedure,
which is given by Equation 2.

NormalizedV alue =
V alue−minV alue

maxV alue−minV alue
(2)

The CombSUM, CombMNZ and CombANZ are
rank aggregation algorithms originally proposed
by Fox & Shaw[18]. These algorithms are defined
as follows.

The CombSUM score of an expert e for a given
query q is the sum of the normalized scores received
by the expert in each individual ranking, and is
given by Equation 3.

CombSUM(e, q) =

k∑
j=1

scorej(e, q) (3)

Similarly, the CombMNZ score of an expert e
for a given query q is defined by Equation 4, where
re is the number of systems which contribute to the
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retrieval of the candidate.

CombMNZ(e, q) = CombSUM(e, q)× re (4)

The CombANZ score of an expert e for a
given query q is defined in the same way as the
CombMNZ method, but the scores of the candi-
dates are divided by the number of systems which
contribute to the retrieval of the candidate, instead
of being multiplied, just like illustrated in Equa-
tion 5

CombANZ(e, q) =
CombSUM(e, q)

re
(5)

The Borda Fuse positional rank aggregation
method, was originally proposed by de Borda[11]
in the scope of voting social theory. The borda fuse
determines the highest ranked expert by assigning
to each individual candidate a certain number of
votes which correspond to its position in a ranked
list given by each feature. Generally speaking, if
for the feature BM25 candidate ej appears in the
top of the ranking list, it is assigned to him |E|
votes, where |E| is the number of experts in the
list. If it appears in the second position of the
ranked list, it is assigned |E| − 1 votes and so on.
The final borda score is given by the aggregation
of each of the individual scores obtained by the
candidate for each individual feature.

The Reciprocal Rank Fuse positional rank
aggregation method, was originally proposed by
Voorches[38] in the scope of the Q&A field. The
reciprocal rank fuse determines the highest ranked
expert by assigning to each individual candidate a
certain score which corresponds to the inverse of
its position in a ranked list given by each feature.
Generally speaking, if for the feature BM25 candi-
date ej appears in the top of the ranking list, it
is assigned to him 1/1 votes. If it appears in the
second position of the ranked list, it is assigned 1/2
votes and so on. The final reciprocal rank score is
given by the aggregation of each of the individual
scores obtained by the candidate for each individual
feature. The following equation shows the compu-
tation of the reciprocal rank scores of some expert
ej using the ranking position of each individual fea-
ture, fi, from a set of features (i=1...n).

RR(ej) =

n∑
i=1

1

position(fi(ej))
(6)

Finally, the Condorcet Fusion majoritarian
rank aggregation method, was originally proposed
by Montague & Aslam[27] in the scope of the vot-
ing social theory. The condorcet fusion method de-
termines the highest ranked expert by taking into
account the number of times an expert wins or ties
with every other candidate in a pairwise compari-
son. To rank the candidate experts, we use their
win and loss values. If the number of wins of an ex-
pert is higher than another, then that expert wins.
Otherwise, if they have the same number of wins,
then we untie them by their loss scores. The candi-
date expert with the smaller number of loss scores
wins. If the candidates have the same number of
wins and losses, then they are tied[4].

5 Features for Estimating Ex-
pertise

The considered set of features for estimating the
degree of expertise of a researcher towards a given
query can be divided into three groups, namely tex-
tual features, profile features and graph features.
The textual features are similar to those used in
standard text retrieval systems and also in previ-
ous learning to rank experiments (e.g., TF-IDF and
BM25 scores). The profile information features cor-
respond to importance estimates for the authors,
derived from their profile information (e.g., number
of papers published). Finally, the graph features
correspond to importance and relevance estimates
computed from the author co-authorship and co-
citation graphs.

5.1 Textual Similarity Features

Similarly to previous expert finding works based on
document-centric approaches, we also use textual
similarities between the query and the contents of
the documents to build estimates of expertise. In
the domain of academic digital libraries, the asso-
ciations between documents and experts can easily
be obtained from the authorship information asso-
ciated to the publications. For each topic-expert
pair, we used the Okapi BM25 document-scoring
function, to compute the textual similarity features.
Okapi BM25 is a state-of-the-art IR ranking mecha-
nism composed of several simpler scoring functions
with different parameters and components (e.g.,
term frequency and inverse document frequency).
It can be computed through the formula shown in
Equation 7, where Terms(q) represents the set of
terms from query q, Freq(i , d) is the number of oc-
currences of term i in document d, |d| is the number
of terms in document d, and A is the average length
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of the documents in the collection. The values given
to the parameters k1 and b were 1.2 and 0.75 re-
spectively. Most previous IR experiments use these
default values for the k1 and b parameters.

BM25(q, d) =
∑

i∈Terms(q)

log

(
N − Freq(i) + 0.5

Freq(i) + 0.5

)
×

(k1 + 1)× Freq(i,d)
|d|

Freq(i,d)
|d| + k1 × (1− b+ b× |d|A )

(7)

We also experimented with other textual features
commonly used in ad-hoc IR systems, such as Term
Frequency and Inverse Document Frequency.

Term Frequency (TF) corresponds to the num-
ber of times that each individual term in the query
occurs in all the documents associated with the au-
thor. Equation 8 describes the TF formula, where
Terms(q) represents the set of terms from query q,
Docs(a) is the set of documents having a as author,
Freq(i, dj) is the number of occurrences of term i
in document dj and |dj | represents the number of
terms in document dj .

TFq,a =
∑

j∈Docs(a)

∑
i∈Terms(q)

Freq(i, dj)

|dj |
(8)

The Inverse Document Frequency (IDF) is the
sum of the values for the inverse document fre-
quency of each query term and is given by Equa-
tion 9. In this formula, |D| is the size of the docu-
ment collection and fi,D corresponds to the number
of documents in the collection where the ith query
term occurs.

IDFq =
∑

i∈Terms(q)

log
|D|
fi,D

(9)

Other features used were the number of unique
authors associated with documents containing the
query topics, the range of years since the first and
last publications of the author containing the query
terms, and the document length, in terms of the
number of words, for all the publications associated
to the author.

In the computation of these textual features, we
considered two different textual streams from the
documents, namely (i) a stream consisting of the
titles, and (ii) a stream using the abstracts of the
articles.

5.2 Profile Information Features

We also considered a set of profile features related
to the amount of published materials associated

with authors, generally assuming that highly pro-
lific authors are more likely to be considered ex-
perts. Most of the features based on profile infor-
mation are query independent, meaning that they
have the same value for different queries. The con-
sidered set of profile features are based on the tem-
poral interval between the first and the last publi-
cations, the average number of papers and articles
per year, and the number of publications in confer-
ences and in journals with and without the query
topics in their contents.

5.3 Co-citation and Co-authorship
Features

Scientific impact metrics computed over scholarly
networks, encoding co-citation and co-authorship
information, can offer effective approaches for esti-
mating the importance of the contributions of par-
ticular publications, publication venues, or individ-
ual authors. Thus, we considered a set of features
that estimate expertise with basis on co-citation
and co-authorship information. The considered fea-
tures are divided in two sets, namely (i) citation
counts and (ii) academic indexes. In what regards
citation counts, we used the total, the average and
the maximum number of citations of papers con-
taining the query topics, the average number of ci-
tations per year of the papers associated with an
author and the total number of unique collabora-
tors which worked with an author. On what regards
academic impact indexes, we used the following fea-
tures:

• Hirsch index of the author and of the au-
thor’s institution, measuring both the scien-
tific productivity and the scientific impact of
the author or the institution[20]. A given au-
thor or institution has an Hirsch index of h if h
of his Np papers have at least h citations each,
and the other (Np − h) papers have at most
h citations each. Authors with a high Hirsch
index, or authors associated with institutions
with a high Hirsch index, are more likely to be
considered experts.

• The h-b-index,which is an extension of the
Hirsch index for evaluating scientific topics in
general[2]. In the scope of this work, we de-
veloped a variation of this index, described as
follows. An author has an h-b index of i if i of
the Np papers containing the query terms have
at least i citations each, and the other (Np...i)
papers have at most i citations each.

• Contemporary Hirsch index of the au-
thor, which adds an age-related weighting to
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each cited article, giving less weight to older
articles[31]. A researcher has a contemporary
Hirsch index hc if hc of his Np articles get
a score of Sc(i) >= hc each, and the rest
(Np − hc) articles get a score of Sc(i) <= hc.
For an article i, the score Sc(i) is defined as:

Sc(i) = γ∗(Y (now)−Y (i)+1)−δ∗|CitationsTo(i)|
(10)

In the formula, Y (i) refers to the year of pub-
lication for article i. The γ and δ parameters
are set to 4 and 1, respectively, meaning that
the citations for an article published during the
current year account four times, the citations
for an article published 4 years ago account
only one time, the citations for an article pub-
lished 6 years ago account 4/6 times, and so
on.

• Trend Hirsch index[31] for the author,
which assigns to each citation an exponentially
decaying weight according to the age of the ci-
tation, this way estimating the impact of a re-
searcher’s work in a particular time instance.
A researcher has a trend Hirsch index ht if ht

of his Np articles get a score of St(i) >= ht

each, and the rest (Np−ht) articles get a score
of St(i) <= ht. For an article i, the score St(i)
is defined as shown bellow:

St(i) = γ∗
∑
∀x∈C(i)

(Y (now)−Y (x)+1)−δ (11)

Similarly to the case of the contemporary
Hirsch index, the γ and δ parameters are here
also set to 4 and 1, respectively.

• Individual Hirsch index of the author, com-
puted by dividing the value of the standard
Hirsch index by the average number of authors
in the articles that contribute to the Hirsch in-
dex of the author, in order to reduce the ef-
fects of frequent co-authorship with influential
authors[3].

• The a-index of the author or the author’s in-
stitution, measuring the magnitude of the most
influential articles. For an author or an insti-
tution with an Hirsch index of h that has a
total of Nc,tot citations toward his papers, we
say that he has an a-index of a = Nc,tot/h

2.

• The g-index of the author or his institution,
also quantifying scientific productivity with
basis on the publication record[15]. Given a
set of articles associated with an author or an
institution, ranked in decreasing order of the

number of citations that they received, the g-
index is the (unique) largest number such that
the top g articles received on average at least
g2 citations.

• The e-index of the author[43] which repre-
sents the excess amount of citations of an au-
thor. The motivation behind this index is
that we can complement the h-index by taking
into account these excess amounts of citations
which are ignored by the h-index. The e-index
is given by the Equation 12:

e =

h∑
j=1

√
citj − h2 (12)

In the above equation, citj are the citations
received by the jth paper and h is the h-index.

Besides the above features, and following the
ideas of Chen et al.[9], we also considered a set
of network features that estimate the influence of
individual authors using PageRank, a well-known
graph linkage analysis algorithm that was intro-
duced by the Google search engine[5].

PageRank assigns a numerical weighting to each
element of a linked set of objects (e.g., hyperlinked
Web documents or articles in a citation network)
with the purpose of measuring its relative impor-
tance within the set. The PageRank value of a node
is defined recursively and depends on the number
and PageRank scores of all other nodes that link to
it (i.e., the incoming links). A node that is linked
to by many nodes with high PageRank receives a
high rank itself.

Formally, given a graph with N nodes i =
1, 2, · · · , N , with L directed links that represent ref-
erences from an initial node to a target node with
weights α = 1, 2, · · · , L, the PageRank Pri for the
ith node is defined by:

Pri =
0.5

N
+ 0.5

∑
j∈inlinks(L,i)

αjPrj
outlinks(L, j)

(13)

In the formula, the sum is over the neighbouring
nodes j in which a link points to node i. The first
term represents the random jump in the graph, giv-
ing a uniform injection of probability into all nodes
in the graph. The second term describes the prop-
agation of probability corresponding to a random
walk, in which a value at node j propagates to node
i with probability

αjPrj
outlinks(L,j) .

The PageRank-based features that we considered
correspond to the sum and average of the PageR-
ank values associated to the papers of the author
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that contain the query terms, computed over a di-
rected graph representing citations between papers.
Each citation link in the graph is given a score of
1/N , where N represents the number of authors in
the paper. Authors with high PageRank scores are
more likely to be considered experts.

6 Experimental Validation

The validation of the prototype required a suffi-
ciently large repository of textual contents describ-
ing the expertise of individuals. In this work, we
used a dataset for evaluating expert search in the
Computer Science domain, corresponding to an en-
riched version of the DBLP1 database made avail-
able through the Arnetminer project.

DBLP data has been used in several previous ex-
periments regarding citation analysis[32, 33] and
expert search[12, 13]. It is a large dataset cover-
ing both journal and conference publications for the
computer science domain, and where substantial ef-
fort has been put into the problem of author iden-
tity resolution, i.e., references to the same person
possibly with different names. Table 1 provides a
statistical characterization of the DBLP dataset.

To validate the different experiments performed
in this work, it was required a set of queries with the
corresponding author relevance judgements. For
the Computer Science domain, we used the rele-
vant judgements provided by Arnetminer2 which
have already been used in other expert finding
experiments[41, 13]. The Arnetminer dataset com-
prises a set of 13 query topics from the Computer
Science domain, and it was built by collecting peo-
ple from the program committees of important con-
ferences related to the query topics. Table 2 shows
the distribution for the number of experts associ-
ated to each topic, as provided by Arnetminer.

To measure the quality of the results produced by
the different L2R4IR algorithms and by the differ-
ent data fusion techniques tested, we used two dif-
ferent performance metrics, namely the Precision at
k (P@k) and the Mean Average Precision (MAP).

Precision at rank k is used when a user wishes
only to look at the first k retrieved domain experts.
The precision is calculated at that rank position
through Equation 14.

P@k =
r (k)

k
(14)

In the formula, r(k) is the number of relevant au-
thors retrieved in the top k positions. P@k only

1http://www.arnetminer.org/citation
2http://arnetminer.org/lab-datasets/

expertfinding/

considers the top-ranking experts as relevant and
computes the fraction of such experts in the top-k
elements of the ranked list.

The Mean of the Average Precision over test
queries is defined as the mean over the precision
scores for all retrieved relevant experts. For each
query r, the Average Precision (AP) is given by:

AP [r] =

∑n
k=1 P@k[r]× I{grk = max(g)}∑n

k=1 I{grk = max(g)}
(15)

In the above equation, n is the number of experts
associated with query q and grk is the relevance
grade for author k in relation to the query r. In
the case of our datasets, max(g) = 1 (i.e., we have
2 different grades for relevance, 0 or 1).

7 Experimental Results

This section presents the results obtained in both
approaches tested in this work, namely the super-
vised learning to rank approach and the rank ag-
gregation approach for expert finding in digital li-
braries.

7.1 The Learning to Rank Approach

The main hypothesis behind this work is that learn-
ing to rank approaches can be effectively used in
the context of expert search tasks, in order to com-
bine different estimators of relevance in a principled
way, this way improving over the current state-
of-the art. To validate this hypothesis, we have
built a prototype expert search system, reusing
existing implementations of state-of-the-art learn-
ing to rank algorithms. We used the RankLib3

software package developed by Van Dang, as well
as the SVMrank4 implementation by Joachims[21],
the SVMmap5 implementation by Yue et al.[42]
and the Additive Groves algorithm implemented by
Sorokina et al.[36]. The statistical tests were per-
formed using ta two sided randomization test made
available by Mark D. Smucker[34].

The algorithms contained in the RankLib pack-
age are AdaRank, RankNet, RankBoost and Coor-
dinate Ascent. All these algorithms have already
been described in Section 3 of this work.

To train and validate the different learning to
rank algorithms, since the Arnetminer only con-
tains relevant people for all 13 query topics, it was
required to complement this dataset with negative

3http://www.cs.umass.edu/~vdang/ranklib.html
4http://www.cs.cornell.edu/people/tj/svm_light/

svm_rank.html
5http://projects.yisongyue.com/svmmap/

10



Property Value
Total Authors 1 033 050
Total Publications 1 632 440
Total Publications containing Abstract 653 514
Total Papers Published in Conferences 606 953
Total Papers Published in Journals 436 065
Total Number of Citations Links 2 327 450

Table 1: Statistical characterization of the DBLP dataset used in our experiments

Query Topics Rel. Authors Query Topics Rel. Authors
Boosting (B) 46 Natural Language (NL) 41
Computer Vision (CV) 176 Neural Networks (NN) 103
Cryptography (C) 148 Ontology (O) 47
Data Mining (DM) 318 Planning (P) 23
Information Extraction (IE) 20 Semantic Web (SW) 326
Intelligent Agents (IA) 30 Support Vector Machines (SVM) 85
Machine Learning (ML) 34

Table 2: Characterization of the Arnetminer dataset of Computer Science experts.

relevant judgements (i.e., adding unimportant au-
thors for each of the query topics). In order to do
this, the database was searched with the keywords
associated to each topic, retrieving the top n/2 au-
thors according to the BM25 metric and retrieving
n/2 authors randomly selected from the database,
where n corresponds to the number of experts as-
sociated to each particular topic in the Arnetminer
dataset.

In order to make the learning process fair,
the feature vectors associated to each candidate
were preprocessed, using the package provided by
Chakrabarti et al.[8] in the following way:

• Normalization of the feature vectors. In
the SVM based algorithms and Neural Net-
works, if the feature vectors are not normal-
ized, then when performing the algorithm, fea-
tures with high features will tend to ignore the
values of very low features, this way leading to
an unfair learning process.

• Removal of null feature vectors. These
vectors do not contribute for the learning pro-
cess, since they do not provide any additional
information to the system.

• Removal of conflicting feature vectors.
Conflicting feature vectors are the ones which
have similar feature values but have oppo-
site relevance judgements. These vectors do
not bring additional information to the learn-
ing process, since no decision (relevant/non-

relevant) can be made with contradictory in-
formation.

The test collection was used in a leave-one-out
cross-validation methodology, in which different ex-
periments used 9 different queries to train a ranking
model, which was then evaluated over the remain-
ing queries. The averaged results from the four
different cross-validation experiments were finally
used as the evaluation result.

Table 3 presents the obtained results over the
DBLP dataset. These results show that the point-
wise approach Additive Groves outperformed all
other pairwise and listwise learning to rank algo-
rithms, in terms of MAP, and therefore provided
a better classification and ranking procedure than
all other approaches tested. On the other hand,
the listwise SVMmap algorithm, with a RBF ker-
nel, performed almost as good as the Additive
Groves method. This makes sense, since the goal of
SVMmap is to optimize the Mean Average Preci-
sion scores. In fact, SVMmap outperformed Addi-
tive Groves when ranking the top 5 experts (P@5),
showing that this listwise method can also be suc-
cessfully used in the context of expert finding.

Table 3 also shows competitive results for the
pairwise approaches SVMrank, with a linear kernel,
and RankBoost. This leads to the conclusion that
pairwise learning to rank algorithms based on the
formalisms of support vector machines and on the
boosting framework can also be applied successfully
in the task of expert finding.

As for the worst results obtained, Table 3 shows
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that AdaRank and RankNet were not as successful
as the other algorithms. For RankNet, an easy ex-
planation can be found in the usage of the gradient
descent in the backpropagation algorithm. Gra-
dient descent is an optimization algorithm which
tries to find the minimum of a function by taking
steps proportional to the negative gradient of the
function. However, this method has the problem
of not being able to find a global minimum, be-
cause it can get stuck in a local one and therefore a
good optimization may never be achieved. In addi-
tion, the cost function used in RankNet is general
and does not correspond to any specific informa-
tion retrieval metric. For the case of AdaRank, its
greedy feature selection method did not perform
very well in this experiment. At this moment, one
might be thinking why AdaRank performed poorly,
if the RankBoost algorithm performed quite good,
since they are both based in the same Boosting for-
malisms? One explanation can be found in the ex-
tra parameter which is present in the RankBoost
approach, namely the number of threshold candi-
dates. AdaRank is only focused in making a greedy
linear combination of weak rankers, while Rank-
Boost, not only makes a linear combination, but
also takes into consideration if an expert returned
by a query is above that threshold, this way de-
creasing the weight of the weak rankers of correctly
ranked experts and consequently building more ac-
curate ranking functions.

Finally, Table 3 shows that all the algorithms
tested in this supervised framework outperformed
the baseline ranking function BM25, showing the
adequacy of all the learning to rank algorithms for
the expert finding task in digital libraries.

When using learning to rank approaches for in-
formation retrieval, it is important to perform sta-
tistical tests in order to determine whether an algo-
rithm actually outperforms another. In the scope
of the supervised learning to rank experiments
performed in this work, we applied a two sided
paired randomization test in order to see if the best
performing algorithm, more specifically Additive
Groves, was indeed more significant than all other
algorithms. The test results indicated that the Ad-
ditive Groves algorithm, in terms of MAP, was more
significant than RankNet, RankBoost, Coordinate
Ascent and AdaRank for a confidence interval of
95%. However, it was not more significant than
the approaches based on the formalisms of Support
Vector Machines, more specifically SVMrank and
SVMmap, since their significance levels were high
(0.0893 for SVMrank and 0.3370 for SVMmap).

In a separate experiment, we attempted to mea-
sure the impact of the different types of ranking
features on the quality of the results. Using the

best performing learning to rank algorithm, namely
the Additive Groves method, the results obtained
were measured by ranking models which considered
(i) only the textual similarity features, (ii) only the
profile features, (iii) only the graph features, (iv)
textual similarity and profile features, (v) textual
similarity and graph features and (vi) profile and
graph features. Table 4 shows the obtained re-
sults, also presenting the previous results reported
by Yang et al.[41], as well as the representative state
of the art approaches proposed by Balog et al.[1],
over the same dataset.

As one can see, the set with the combination of
all features has the best results. The results also
show that the combination of profile features with
graph features have the poorest results. This means
that the presence of the query topics in the author’s
publications, namely in the titles and abstracts, is
crucial to determine if some authors are experts or
not, and indeed the information provided by textual
evidences can help in expertise retrieval. Finally,
the results show that the different combinations of
all features proposed in this paper outperform the
previously learning to rank approach of the litera-
ture proposed by Yang et al[41].

Table 4 also presents two state of the art ap-
proaches for the task of expert finding on an or-
ganization environment. These approaches are the
baseline models proposed by Balog et al., namely
the candidate-based Model 1 and the document-
based Model 2[1]. These results were reported by
Deng et al.[13] which have modified the original
code developed by Balog et al. in order to work
for the DBLP dataset. This way, it is possible to
make a fair comparison between a representative
approach of the state of the art and the super-
vised learning to rank approach proposed in this
work. As one can see, Balog’s Model 1 achieved
very low results. One explanation is that when
an author publishes a paper which contains a set
of words which exactly match the query topics,
this author achieves a very high score in Model
1. In addition, since we are dealing with very big
datasets, there are lots of authors in such situation
and consequently the top ranked authors are dom-
inated by non-experts, while the real experts will
be ranked lowered. Model 2, on the other hand,
is more suitable for the task of expert finding in
digital libraries, since the candidates are ranked by
aggregating the relevant papers of each one of them.
Nevertheless, all the supervised learning to rank al-
gorithms proposed in this work outperformed all
representative state of the art approaches.

Taking into consideration the best performing
approach, namely the Additive Groves algorithm
with the full set of features, we applied a two sided
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P@5 P@10 P@15 P@20 MAP NDCG
AdaRank 0.6667 0.6834 0.6736 0.6813 0.6478 0.8848
Coordinate Ascent 0.9250 0.8729 0.8417 0.8250 0.7577 0.9361
RankNet 0.7042 0.7187 0.6875 0.6761 0.6530 0.8726
RankBoost 0.8375 0.8792 0.8320 0.8146 0.7840 0.9395
Additive Groves 0.9667 0.9583 0.9472 0.9396 0.8940 0.9734
SVMmap 0.9875 0.9208 0.8972 0.8917 0.8702 0.9700
SVMrank 0.9542 0.9125 0.8820 0.8833 0.8311 0.9561
BM25 (baseline) 0.6923 0.5769 0.5026 0.4769 0.5422 0.8382

Table 3: Results the various learning to rank algorithms tested

P@5 P@10 P@15 P@20 MAP NDCG
Text Similarity + Profile + Graph 0.9667 0.9583 0.9472 0.9396 0.8940 0.9734
Text Similarity + Profile 0.9667 0.9438 0.9362 0.9167 0.8714 0.9634
Text Similarity + Graph 0.9334 0.9438 0.9361 0.9240 0.8825 0.9687
Profile + Graph 0.9208 0.8750 0.8625 0.8500 0.8237 0.9458
Text Similarity 0.9334 0.9188 0.9125 0.9010 0.8660 0.9645
Profile 0.9667 0.9104 0.9153 0.9125 0.8728 0.9665
Graph 0.8917 0.9167 0.8931 0.8948 0.8526 0.9734
Balrog’s Model 1[1] - 0.0250 - 0.0180 0.0060 -
Balrog’s Model 2[1] - 0.5750 - 0.4600 0.3915 -
Expert Finding [41] 0.5500 0.6000 0.6333 - 0.6356 -

Table 4: The results obtained with different sets of features and comparison with other approaches.

pair randomization test in order to determine if this
best approach was indeed more significant than the
Additive Groves algorithm using (i) textual simi-
larity features, (ii) graph features, (iii) profile fea-
tures, (iv) profile and graph features, (v) text and
graph features and (vi) text and profile features, in
terms of MAP. The results indicated that the Ad-
ditive Groves combined with the set of all features
was more significant than the Additive Groves algo-
rithm using (i) profile and graph features, (ii) text
and graph features and (iii) text and profile fea-
tures, for a confidence interval of 95%. However,
the same algorithm with the full set of features
was not more statistically significant than Addi-
tive Groves using (i) textual features, (ii) profile
features and (iii) graph features, since their sig-
nificance levels were very high (0.0814 for textual
features, 0.5359 for profile features and 0.1878 for
graph features).

Figure 3 plots the obtained average precision in
each of the individual query topics for the best per-
forming approach, namely Additive Groves with
the full set of features. The figure presents the
query topics in the same order as they are given
in Table 2. The horizontal dashed line corresponds
to the MAP obtained in the same experiment. The
results show that there are only slightly variations
in performance for the different queries.

Finally, Table 5 shows the top five people which
were returned by the system for four different
queries, corresponding to the best and worst re-

sults in terms of the P@5 metric. The system per-
formed well for the queries Neural Networks, Com-
puter Vision and Cryptography. However, worse
results were returned for the query Information Ex-
traction. Since the textual features have a lot of
impact in the classification process, these poor re-
sults can be explained by the general use of the
query terms. Many works from the various fields of
computer science contain the terms information
and extraction. One reason for the misclassifica-
tions found for this query are due to the way we
constructed the non-relevant authors data. When
selecting the non-relevant authors for the informa-
tion extraction query, many of them could belong
from other areas of the computer science domain,
not necessarily belonging to the information extrac-
tion field. For instance, the top expert returned,
Mark Craven, works in bioinformatics has many
publications with the word information. Another
example is the second retrieved author, Reinhard
C. Laubenbacher, which works in algorithms and
algebra. Again the word information appears sev-
eral times in this publications’ titles and abstracts
contributing for a misclassification.

7.2 The Rank Aggregation Ap-
proach

Since relevant judgements for the expert finding
task in digital libraries are very hard to find, we
decided to perform rank aggregation experiments
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Figure 3: Average precision over the different query topics.

Best Results Worst Results
Neural Networks Computer Vision Cryptography Information Extraction
Geoffrey E. Hinton Bernard F. Buxton Johannes Buchmann Mark Craven

Erkki Oja Ioannis A. Kakadiaris Phillip Rogaway Reinhard C. Laubenbacher
Yann LeCun Daphna Weinshall David Chaum Jude W. Shavlik

Thomas G. Dietterich Louise Stark Susanne Wetzel Ellen Riloff
Michael I. Jordan Shimon Ullman Tal Rabin Remzi H. Arpaci-Dusseau

Table 5: Top five people returned by the system for four different queries.

using data fusion techniques. Our hypothesis is
that, although rank aggregation techniques are far
away to perform as accurately as the supervised
approaches, rank aggregation approaches can also
provide acceptable results in this task, outperform-
ing representative approaches of the literature.

To validate this hypothesis, we have built a pro-
totype expert search system by implementing 6 dif-
ferent data fusion algorithms based in positional
methods, majoritarian methods and score aggre-
gation. The score aggregation algorithms imple-
mented were CombSUM, CombMNZ and Com-
bANZ. The positional algorithms were the Borda
Fuse and Reciprocal Rank Fuse. And the majori-
tarian algorithm implemented was the Condorcet
fusion. All these algorithms have been described in
Section 4 of this work.

To validate the different rank aggregation algo-
rithms, since the Arnetminer only contains rele-
vant people for all 13 query topics, it was required
to complement this dataset with negative relevant
judgements (i.e., adding unimportant authors for
each of the query topics). In order to do this, the
database was searched with the keywords associ-
ated to each topic, keeping up to 350 authors that
were either marked as relevant or that were highly
ranked according to the BM25 metric, thus simu-
lating a real search scenario.

Table 6 presents the obtained results over the
DBLP dataset. The obtained results show that
the CombMNZ rank aggregation technique out-
performed all other algorithms, in terms of MAP,
showing that this rank aggregation method pro-

vides a better ranking than all other approaches.
On the other hand, the Condorcet Fusion algorithm
outperformed all other methods in almost all the
evaluation metrics tested. In fact, the Condorcet
Fusion achieved much better results for the P@k
than all other algorithms. P@k is an important
evaluation metric in expert finding, because when
the user searches for experts of some topic, he is
only interested in the top 20, at most 50, experts.
So, although the Condorcet Fusion algorithm did
not outperform CombMNZ in terms of MAP, it is
the approach tested with the best overall results.

Table 3 also shows that the Borda Fuse and the
Reciprocal Rank Fuse algorithms had the same per-
formance in our experiments. This is not surpris-
ing, because these positional algorithms are very
similar. The only difference between each other is
that Borda Fuse uses directly the position of the
candidates, whereas Reciprocal Rank Fuse uses the
reciprocal rank of the position of the candidates. It
turns out that, in this experiment, the final ranked
lists returned were the same.

As for the worst results obtained, Table 3 shows
that CombANZ was not as successful as the other
algorithms. This can be explained by the fact that
the CombANZ algorithm divides the CombSUM
scores by the number of systems which contribute
for the ranking of a candidate. This is not a very
good approach because of the following example.
Suppose that candidate e1 has a CombSUM score of
1 and that 5 systems contributed for his ranking. So
his CombANZ score is 0.2. Now, suppose another
candidate e2 with a CombSUM score also 1, but the
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number of systems contributing for its ranking are
only 2. So his CombANZ score is 0.5. Therefore,
candidate e2 is given more importance than candi-
date e1. This is not a good ranking, since candidate
e1 had more systems supporting his score.

Finally, Table 3 shows that all the algorithms
tested in this rank aggregation framework outper-
formed the baseline ranking function BM25, show-
ing the adequacy of all these data fusion algorithms
for the expert finding task in digital libraries.

We also applied a two sided paired randomiza-
tion test in order to see if the best performing algo-
rithm, more specifically Cordocet Fuse, was indeed
more significant than all other algorithms. The test
results indicated that the Condorcet Fusion algo-
rithm, in terms of MAP, was more significant than
the baseline BM25 function and CombANZ for a
confidence interval of 95%. However, Cordorcet
Fuse was not more significant than the Borda Fuse,
Reciprocal Rank Fuse, CombMNZ and CombSUM
algorithms, since their significance levels were high
(0.2005 for Borda Fuse and Reciprocal Rank Fuse,
0.6213 for CombMNZ and 0.3094 for CombSUM).

In a separate experiment, we attempted to mea-
sure the impact of the different types of ranking
features on the quality of the results. Using the
Condorcet Fusion algorithm, we measured the re-
sults obtained by ranking models that considered
(i) only the textual similarity features, (ii) only
the profile features, (iii) only the graph features,
(iv) textual similarity and profile features, (v) tex-
tual similarity and graph features and (vi) profile
and graph features. Table 7 shows the obtained re-
sults, also presenting the previous results reported
by Yang et al.[41] and Deng et al.[13], as well as the
representative state of the art approaches proposed
by Balog et al.[1], over the same dataset.

As one can see, the set with the combination of
all features had the best results. Since DBLP has
rich information about citation links, one can see
that the set of graph features achieved the best
results for this dataset in terms of MAP. The re-
sults also show that, individually, textual similar-
ity features have the poorest results. This means
that considering only textual evidence provided by
query topics, together with article’s titles and ab-
stracts, may not be enough to determine if some
authors are experts or not, and that indeed the in-
formation provided by citation and co-authorship
patterns can help in expertise retrieval in a rank
aggregation framework. Finally, the results show
that the different combinations of all features pro-
posed in this paper outperformed the representative
state of the art approaches proposed by Balog et
al.[1], namely the candidate-based Model 1 and the
document-based Model 2. On the other hand, the

rank aggregation approach proposed in this work
has a slightly poor performance when compared to
the query sensitive AuthorRank model proposed
by Deng et al[13]. One reason for these results
is that Deng et al. first uncovered authors asso-
ciated with communities, that is, they first deter-
mined which authors were publishing, for instance,
in Neural Networks conferences or journals. Then,
given a query topic, their model tries to determine
which are the top communities associated to the
query and then they extract the authors. Conse-
quently, their approach has a high probability of
returning authors which, in fact, work in the field
of the query topics, making their system more re-
liable and accurate. Table 7 also shows that this
rank aggregation framework did not outperform the
previously learning to rank approach proposed by
Yang et al.[41]. This was already expected, since
supervised approaches find optimal and more ac-
curate ranking models than the rank aggregation
approaches. However, one must take into consid-
eration that it is very hard to find a sufficiently
large training corpus for the expert finding task do-
main in digital libraries, which difficult the usage
of machine learning approaches in this area, and
therefore rank aggregation approaches are prefer-
able. Nevertheless, the rank aggregation approach
proposed in this work also provides very competi-
tive results for the expert finding literature.

Taking into consideration the best performing
approach, namely the Condorcet Fusion algorithm
with the set of all features, we applied a two sided
pair randomization test in order to determine if
this best approach was indeed more significant than
the Condorcet Fusion algorithm using (i) textual
similarity features, (ii) graph features, (iii) profile
features, (iv) profile and graph features, (v) text
and graph features and (vi) text and profile fea-
tures, in terms of MAP. The results indicated that
Condorcet Fusion combined with the set of all fea-
tures was more significant than the Condorcet Fu-
sion algorithm using (i) textual similarity features,
(ii) profile, (iii) text and graph features and (iv)
text and profile features, for a confidence interval of
95%. However, the Cordorcet Fuse algorithm with
the full set of features was not more significant than
the same algorithm using (i) graph features and (ii)
profile and graph features, since their significance
levels were very high (0.6245 for graph features and
0.0779 for the graph and profile features).
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P@5 P@10 P@15 P@20 MAP NDCG
CombSUM 0.4000 0.4077 0.4154 0.4500 0.4134 0.7385
CombMNZ 0.4923 0.4769 0.4718 0.5115 0.4843 0.7757
CombANZ 0.3077 0.3231 0.3795 0.4000 0.3561 0.6985
Borda Fuse 0.2000 0.2231 0.3026 0.3423 0.3999 0.7011
Reciprocal Rank Fuse 0.2000 0.2231 0.3026 0.3423 0.3999 0.7011
Condorcet Fusion 0.7077 0.6077 0.5641 0.5154 0.4382 0.7975
BM25 (baseline) 0.4923 0.4308 0.3846 0.3385 0.3264 0.7094

Table 6: Results the various learning to rank algorithms tested

P@5 P@10 P@15 P@20 MAP NDCG
Text Similarity + Profile + Graph 0.7077 0.6077 0.5641 0.5154 0.4382 0.7975
Text Similarity + Profile 0.4000 0.4154 0.4000 0.3731 0.3267 0.7042
Text Similarity + Graph 0.5692 0.5231 0.4769 0.4500 0.3908 0.7616
Profile + Graph 0.6308 0.5385 0.4821 0.4615 0.4165 0.7744
Text Similarity 0.3500 0.3333 0.3444 0.3125 0.2975 0.6681
Profile 0.4615 0.4308 0.4154 0.4192 0.3687 0.7242
Graph 0.6462 0.5769 0.5436 0.5308 0.4386 0.7857
Balrog’s Model 1[1] - 0.0250 - 0.0180 0.0060 -
Balrog’s Model 2[1] - 0.5750 - 0.4600 0.3915 -
Query-Sensitive AuthorRank[13] - 0.6800 - 0.5350 0.4906 -
Expert Finding [41] 0.5500 0.6000 0.6333 - 0.6356 -

Table 7: The results obtained with different sets of features and comparison with other approaches.

8 Conclusions and Future
Work

With this work, we showed that learning to rank
approaches perform very well in the task of expert
finding in digital libraries. In fact, they outperform
the approach proposed by Yang et al.[41] which,
as far as we know, is the only one which tackles
the problem of expert finding as a learning to rank
approach for the DBLP dataset.

The various learning algorithms tested showed
significant different results between them, which
makes us conclude that some algorithms are more
suitable for this task than others. In addition,
we experimentally demonstrated that the Additive
Groves pointwise approach and the SVMmap list-
wise approach outperformed all other algorithms
and consequently are the most suitable learning to
rank approaches for the expert finding task in dig-
ital libraries. These results were quite interesting
since pointwise approaches do not take into con-
sideration the order of the experts and therefore
the worst results were expected by this approach.
However, one must take into consideration that the
Additive Groves algorithm is very robust in a way
that, in each iteration, it always trains a new and
more accurate model for the experts which were
misclassified by the previous one. In addition, this
algorithm was amongst the top 5 winners of the Ya-

hoo! Learning to Rank Competition6. This leads to
the conclusion that pointwise approaches can also
be very effective, just like the listwise ones, as long
as they are carefully designed.

In what concerns our rank aggregation ap-
proach, the results showed that rank aggregation
approaches also provide reasonable results for the
task of expert finding in digital libraries, since they
outperformed some state of the art works, in terms
of MAP. These rank aggregation approaches are far
away to perform as successfully as the supervised
ones, however one must take into consideration that
it is very hard to find hand labelled data describing
relevant people in some topic, and therefore these
approaches have been preferable, in the expert find-
ing literature, than supervised ones. In our experi-
ments, CombMNZ and the Condorcet Fusion algo-
rithm achieved the best results, which leads to the
conclusion that majoritarian methods, as well as
rank aggregation algorithms, are the most suitable
for the task of expert finding in digital libraries.

Since the learning to rank and the rank aggre-
gation approaches performed very well, always out-
performing representative works of the state of the
art, then it is straightforward the effectiveness of
the features proposed in this article. When com-
paring all different sets of features, we concluded
that the combination of all features (textual, pro-
file and graph) were required in order to achieve the
best results in both experiments.

6http://learningtorankchallenge.yahoo.com/
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As for future work, it would be very interesting
to apply the algorithms tested in this work in the
TREC enterprise task dataset. In the learning to
rank approach for expert finding proposed by Mac-
donald & Ounis[25], they achieved best results us-
ing the AdaRank listwise algorithm, turning their
approach one of the top contributions for the expert
finding task in enterprises. However, the experi-
ments performed in the scope of this article showed
that AdaRank was the approach which performed
poorly. We are very curious to know how the Addi-
tive Groves algorithm would perform in such task.
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