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Abstract

In many situations, a centralized, conventional classification task
can not be performed because the data is not available in a central
facility. In such cases, we are dealing with distributed data mining
problems, in which local models must be individually built and later
combined into a consensus, global model. In this paper, we are partic-
ularly interested in distributed classification tasks with vertically par-
titioned data, i.e., when features are distributed among several sources.
This restriction implies a challenging scenario given that the develop-
ment of an accurate model usually requires access to all the features
that are relevant for classification. To deal with such a situation, we
propose an agent-based classification system in which the preference or-
derings of each agent regarding the probability of an instance to belong
to the target class are aggregated by means of social choice functions.
We employ this method to classify microRNA target genes, an impor-
tant bioinformatics problem, showing that the predictions derived from
the social choice tend to outperform local models. This performance
gain is accompanied by others interesting advantages: the combination
methods herein proposed are extremely simple, do not require transfer
of large volumes of data, do not assume an offline training process or
parameters setup, and preserves data privacy.

Keywords: distributed data mining; vertical partition; heteroge-
neous sources; social choice theory

1 Introduction

A quite common assumption in classification tasks is that the data set
for model development is centralized and fully accessible by the classifier
[1, 39]. In this case, there are several well-established classification algo-
rithms that are able to provide accurate models [17]. Nonetheless, in many
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situations data centralization may be impracticable or undesirable due to
context-specific constraints, e.g., storage and computing costs, communica-
tion overhead and privacy or intellectual property concerns [30], resulting
in a distributed data mining (DDM) problem. Examples of scenarios where
these restrictions may arise are biomedical research, fraud detection in fi-
nancial organizations and calendar management by software assistants, in
which ethical, legal or privacy issues prevent data sharing, thereby inducing
a physical distribution of data. Under these constraints, data mining re-
quires distributed data analysis, with minimal data communication among
sources [20]. Generally, DDM is performed by generating local models based
on the distributed data analysis and then adopting a strategy to combine
them into a composite, global model [39].

In a typical DDM setting, data sets are partitioned primarily in one of
two ways [20, 28], as shown in Figure 1. On the one hand, the sources
may be homogeneous, in the sense that each site contains exactly the same
features set, i.e., the same description, for different instances across similar
domains. This is referred to as horizontally partitioned data. As an example,
consider the case of several weather stations registering the same features
sets (e.g., temperature, humidity, wind speed) to characterize weather in
a geographical distributed environment (different instances), whose data
will be further used for meteorological predictions. Despite the physical
distribution of information and the impossibility to communicate the raw
data given its prohibitively large volume [24], classical learning algorithms
are more easily adaptable to this scenario given that all local models are
learned from data of comparable quality and deal with the same form of
input (the set of features), which facilitates their comparison and, eventually,
their combination into a global model [40].

On the other hand, data sources may be heterogeneous, which means
that they carry different kinds of information, i.e., different features sets, re-
lated to the same set of instances. In this scenario, data distribution occurs
by means of vertically partitioned data. For instance, biomedical applica-
tions often need to consult records distributed among several heterogeneous
domains, such as clinical data, genotype data and medical imaging, to define
a more accurate diagnostic for a single patient. Under this condition, the
distributed nature of data is a more critical issue because conventional clas-
sification algorithms are likely to fail in building a precise model given that
the accurate prediction of the class of unlabeled instances usually requires
access to all features that are relevant for their classification [28]. More-
over, the combination of locally developed models into a global model is not
very straightforward because their performance can present a substantial
variation for different parts of the input space and not every combination
strategy can effectively deal with this situation [38].

As already noted in literature, problems related to DDM with homoge-
neous data sources have been widely studied and, in general, they are more
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easily treatable with existing classification algorithms [40, 38, 21]. Con-
versely, the accurate classification under distributed, vertically partitioned
data remains an open and challenging problem in the field [28, 39]. Hence,
in this paper we are concerned in improving classification results in prob-
lems whose scenario implies a vertical partitioning of data among several
heterogeneous sources. We assume that data centralization is neither pos-
sible nor desirable due to domain-specific constraints as aforementioned,
and consequently a non-standard strategy must be applied to overcome this
drawback.

A natural choice to deal with applications that require distributed prob-
lem solving are multiagent systems (MAS) [22, 34], which not only are in-
herently distributed systems, but also cope well with heterogeneous data.
Indeed, there has been an increasing interest around the integration of agent
technologies and data mining, as discussed in the recent publication by Cao
and colleagues [6]. The approach proposed in the current work meets this
trend by developing an agent-based data mining system to address vertically
partitioned data in DDM. More precisely, agents in our system encapsulate
distinct machine learning (ML) algorithms and are responsible for two main
tasks, i) individually build local models based on their private information
about the classification task, and ii) collaboratively work with other agents
towards the construction of a global, consensus model. Here, we focus on a
specific research question related to DDM [5], namely how to integrate the
knowledge unveiled by a group of agents into a globally coherent model.

Typically, communication is a bottleneck in distributed applications be-
cause the cost of transferring large blocks of data may be too expensive and
jeopardize the efficiency of the system [34]. Yet, neither simple combiners
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Figure 1: In DDM, data sets may be partitioned either a) horizontally,
in which homogeneous sources DA, DB and DC carry the same type of
information (features set) about different instances, or b) vertically, in which
the features set is distributed among heterogeneous sources DE , DF and DG.
Note that overlaps may occur in both situations (hachured area).
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such as averaging, nor meta-learners, which usually require few data commu-
nication among sources, are considered suitable to deal with heterogeneous
environments [38]. Simple combiners are vulnerable to the large discrepan-
cies that may be observed among agents’ performance over different parts
of the input space. Meta-learners that assign different weights to agents
according to the quality of their predictions often require off-line training,
which may be unfeasible for a large and distributed data set, especially
if the features are distributed. Here, we investigate the viability of mecha-
nisms inspired by the social choice theory as a strategy to derive a consensus
model in DDM problems, while efficiently handling the fundamental trade-
off between communication and accuracy. Our approach does not require
frequent communication or transferring of large blocks of data among agents
and is also independent of parameters setting and tunning. Still, empirical
evaluation shows that this apparently simple approach is rather robust and
efficient to deal with DDM, being able to improve classification results in
real-world DDM tasks even when the scenario is characterized by heteroge-
neous data sources. Therefore, another direct application of our agent-based
system is the derivation of a “consensus” classifier model from an ensemble
of classifiers, following the ensemble learning paradigm [10].

The remainder of this paper is organized as follows. In Section 2 we
provide an overview of previous approaches for DDM problems, focusing on
solutions that address vertically partitioned data and that preserve data pri-
vacy. Next, Section 3 and Section 4 present background on the methods, and
the structure and functioning of the proposed agent-based system.Section 5
introduces the application in the domain of bioinformatics to which we apply
the proposed system. Results drawn from empirical evaluation are presented
in Section 6. Last, we discuss our findings and disclose final remarks in Sec-
tion 7.

2 Related work

As pointed by Cao and colleagues [6], agent mining is an emerging interdis-
ciplinary field that aims at the interaction and integration between multia-
gent systems and data mining and ML to deal with intrinsic challenges and
needs faced by the constituent technologies. Many research papers have
already proposed agent-based solutions for distributed classification tasks
[19, 20, 35, 38, 22, 29, 1, 32, 40], some of which rely on collaborative learn-
ing, meaning that agents share information and perform negotiation among
themselves while managing to devise a coherent global model. In what fol-
lows we review some of these efforts, with a special focus on applications
addressing heterogeneous data domains with concerns regarding data pri-
vacy.

Modi and Shen [29] proposed two decentralized algorithms based on
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collaborative learning for distributed classification tasks with vertically par-
titioned data. The core of their solution consisted of a learning process in
which agents encapsulating the same algorithm build their models individu-
ally, based on their own private data, but collaborate with others by means
of exchange of information in order to refine each others model. The infor-
mation shared during the learning process consist of agents’ classification
model and/or the ids of the training instances, which does not compromise
data privacy. At the end of the process, agents undergo simple voting to
collectively decide the group’s prediction. Authors argue that whenever
synchronization is unfeasible, simply choosing some agent in advance as
the designated predictor has comparable results in relation to the voting
approach. Nonetheless, as we discuss in more details later, this strategy
may not be suitable results when agents build their models using different
learning or classification techniques.

Collaborative learning was also explored by Santana and colleagues [32]
in the development of the NeurAge system, an agent-based neural system
able to handle heterogeneous data sources. Although all agents encapsu-
late the same algorithm, i.e., a neural network, they differ in relation to the
parameters used in their learning process. Learning occurs by agents com-
municating and negotiating among themselves in order to achieve a consen-
sus classification when it comes to a new input, i.e., an unlabeled instance.
Specifically, negotiation is performed in terms of agents’ confidence about
the class of a given input over several rounds, each of which is characterized
by agents suggesting decreases in each others’ confidence based on a sensitiv-
ity analysis. At the end of the process, the agent with the highest confidence
is said to be the most appropriate one to classify the given input pattern.
This solutions avoids the communication of large blocks of data and does
not require data sharing, thus respecting privacy concerns. However, to our
understanding, their mechanism of negotiation, which is asynchronous just
to some extent, may be highly affected by the order with which agents try to
negotiate and choose their negotiation partners. Therefore, when selecting
the agent with highest confidence to provide the consensus classification for
an unlabeled instance, there is no guarantee that its model fully incorpo-
rates the knowledge derived by other agents. Conversely, in the approach
herein proposed, every agent necessarily takes part in the final classification
decision.

JAM [35] is a non-collaborative agent-based system that proposes an
unifying and scalable solution based on meta-learning to treat data mining
tasks for large and potentially distributed data sets. One of JAM’s primary
uses is fraud detection in banking domains. The JAM framework provides
a collection of classification algorithms to be encapsulated in the learning
agents and a meta-learning agent that integrates multiple models, possibly
learned at different sites, into a global model. Hence, JAM supports DDM
with heterogeneous data sources. Nonetheless, the combination of the mod-
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els induced locally by each learning agent based on their accessible features is
performed by means of voting or meta-learning techniques (e.g., arbitration
rule), which according to Tumer and Ghosh [38] are unsuitable techniques
to deal with heterogeneous environments.

Similarly to JAM, Papyrus [3] is a Java-based system that addresses
DDM over clusters of heterogeneous data sites and meta-clusters. Each clus-
ter has one distinguished node that acts as the control point for the agents.
Papyrus is designed to support different tasks, algorithms and model combi-
nation strategies. Some combination methods implemented by Papyrus are
simple voting, meta-learning techniques and knowledge probing [14]. Differ-
ently from previous tools that avoid data sharing, Papyrus support explicit
data transfer among sites or clusters. For instance, agents are able to move
data, intermediate results or predicted models either among sites, or from
local sites to a central root, in order to produce the final result. Therefore,
Papyrus is not suitable to applications that require data privacy. Nonethe-
less, for overall DDM problems in which transferring data is acceptable and
feasible, Papyrus seems a promising approach given the flexibility of the
framework to a wide range of applications.

Kargupta and colleagues developed the BODHI (Besizing knOwledge
through Distributed Heterogeneous Induction) system [20], a non-collaborative
agent-based system designed for collective data mining tasks in heteroge-
neous environments. The difference of this system in contrast to previous
approaches is that BODHI aims at finding globally meaningful pieces of in-
formation from each local site and use it to build the global model, instead
of combining incomplete local models. The main idea is that any func-
tion can be represented in a distributed manner using an appropriate set of
basis functions. Therefore, data modeling is not performed using popular
representations such as decision trees, neural networks, among others. In-
stead, BODHI learns the spectrum of these models using an orthonormal
basis space and then converts the model from orthonormal representation
to a popular form. This approach guarantees correct local and global mod-
els without requiring high data communication loads. The initialization and
coordination of the system is performed by a central facilitator, which is also
in charge of regulating communication and control flow between agents.

Although many DDM systems adopt a multi-agent system architecture,
other interesting works offering alternative approaches to DDM problems
with vertically partitioned data are also found in literature. For instance,
Tumer and Ghosh [38] propose an ensemble approach to combine local clas-
sifiers inferred from multiple heterogeneous data sites. Their solution uses
an order statistics-based technique that first orders the predictions of dif-
ferent classifiers for each possible class and then aggregates the orderings
in an appropriate manner to generate a consensus solution. A combination
strategy proposed by the authors consist in selecting the kth ranked output
for each class as representing its posterior, in which kth is defined in terms of
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the maximum, median or minimum value of the ordering. Moreover, authors
also suggest the combination of averaging and order statistics to derive lin-
ear combiners for pooling classifier outputs. More precisely, they propose to
average the maximum and minimum values (the “spread” combiner) and to
define the posterior estimate around the median values of multiple classifiers
(the “trimmer” combiner).

Another alternative approach for dealing with vertical data partitions,
which also does not implement an agent-based data mining system, was
proposed by Matatov and colleagues [25]. In their work, authors use näıve
Bayes combination to merge the predictions of several models and classify
unlabeled instances. However, their motivation for dealing with this type of
DDM problem is different from the aforementioned works. While in previous
efforts vertically distributed data was an inherent feature of the target do-
main, Matatov and colleagues create a distributed environment as a solution
to deal with data privacy concerns, yielding the so-called “data mining pri-
vacy by decomposition” (DMPD) method, which considers anonymization
for classification through feature set partitioning. Specifically, they adopt
a k-anonymity framework for data mining privacy as proposed by Sweeny
[37] and use a genetic algorithm to search for optimal feature set parti-
tioning. differences among this work and previous ones, authors explore an
interesting new combination method that has not been used by agent-based
approaches.

Finally, we emphasize that there are others well-known agent-based sys-
tems designed for DDM problems, such as PADMA [19], KDEC [22] an
the multi-agent system proposed by Agogino and Tumer [1]. These works
have in common the fact that the privacy of data is preserved since solely
high-level information derived from data analysis is shared among agents.
Nonetheless, they focus on distributed clustering tasks and assume hori-
zontally partitioned data (homogenous environments), characteristics that
diverge from the research interests of the present paper.

3 Methods

As previously noted, in some real-world applications data centralization is
neither desirable or possible due to concerns regarding data privacy and
confidentiality, or even as a consequence of bandwidth limitation and stor-
age constraints. This obviously poses more challenges to the data mining
task, since most of the existing data mining techniques have been designed
assuming centralized and fully accessible training data [22].

Here, we are specifically interested in distributed classification tasks with
vertically partitioned data, i.e., when features are distributed among het-
erogeneous data sites. As general DDM problems, distributed classification
requires distributed data analysis and generation of local models based on
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agents’ accessible knowledge. To this end, each agent has the personal goal
of deriving the most accurate possible model to classify new instances on the
basis of their training set containing instances whose class is known, simi-
larly to conventional classification tasks. Nonetheless, because local models
are at best incomplete, at a second stage agents need to communicate their
findings either to other agents or to a facilitator in order to enable the gen-
eration of a global and more accurate model. It is our concern to accomplish
this step preserving existing data privacy.

In what follows we define the methods embedded in the two entitiesthat
compose the architecture of the proposed agent-based DDM system: the
learning agents, responsible for the induction of the local models, and the
facilitator, whose task is to derive the global model.

3.1 Learning agents

Learning agents operate on local databases and are responsible for learning
the relationships among the features values and the label (class) of each
instance in the training set, thereby devising a model that can be later
applied to predict the label of new instances. For binary classification tasks,
which is the case of our example application (see Section 5), classes refer
either to ‘positive’ or ‘negative’ value, being the positive class the one in
which we are interested (the target class).

The input to learning agents takes the form of a training set of labeled
instances E, each of which is identified by an unique id. Furthermore, each
instance is described by a vector of features F , divided into not necessarily
disjoint subsets Fi ⊆ F , with i ∈ 1, . . . , n. Given a collection A of n agents
and assuming vertically partitioned data, each agent ai knows the correct
class (label) of every training instance, but has access only to the subset
of features Fi available at its local database. In other words, all agents are
aware of properties such as the number of instances covered by the training
set, their respective ids and labels, but each agent has a particular and
partial knowledge regarding the features that describe these instances. As
output of the training process, each agent returns the classifier model and a
list of predicted class labels and class probabilities for each instance in the
input training set, which may be used to assess their performance.

In the case of unlabelled instances, the input and output follow the
same standard as in the training process, with some minor differences. As
input, agents also receive a subset Fi of features describing instances that
are identified by their unique ids, except that their true class labels are
not available. In what concerns the output, agents return solely the class
predictions, both the labels and probabilities.

The number of agents and the machine learning algorithms that they en-
capsulate are flexible properties of the system. Although all learning agents
are built over the same set of methods (i.e., they all implement functions
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that allow, for instance, their initialization, learning the model, or sharing
their predictions with other agents), agents may rely on distinct machine
learning algorithms to build their local models. In the present paper, we
investigate the problem of combining multiple classification results in a dis-
tributed classification task by considering a scenario in which each agent
embeds a distinct machine learning algorithm. This can be interpreted as
an analogy for people with distinct expertise or background working together
on the same task.

Following this direction, learning agents are implemented as R functions
and encapsulate machine learning algorithms that are available in R pack-
ages such as e1071 [27] and RWeka [16]. In the present paper, we devise a
DDM system composed of five agents, each of which implements its methods
for training a classifier upon one of the following algorithms:

• JRip: an implementation of a propositional rule learner, the Repeated
Incremental Pruning to Produce Error Reduction (RIPPER)[8];

• J48: a Java implementation of the C4.5 algorithm for classification
via decision trees [31];

• KNN: the K-nearest neighbor algorithm, an instance-based learning
classifier [2];

• NB: näıve Bayes, a probabilistic classifier based on the Bayes theorem
[18];

• SVM: support vector machine, a classifier based on the concept of
hyperplanes [7].

Although only a subset of classifiers were used for test purposes, we re-
mark that any classifier can be adopted by the proposed agent-based system
given its availability in R packages. Moreover, since we are not concerned in
optimizing the performance of a single classifier, and neither are interested
in comparing the efficiency and predictive power of distinct classifiers, we
applied the above classifiers using their standard parameters, which can be
found in their description in the aforementioned R packages documentation.

Finally, since the classifiers enumerated above are not bootstrapping
methods, in order to gather unbiased statistics regarding the classification
results, training and testing data sets must be clearly specified. Therefore,
the data set related to our application domain (see Section 5) was separated
into two independent sets, training and testing set, based on a resampling
method, allowing agents to build their classification model and assess their
strength and utility as a predictive system. However, it is important to no-
tice that in the experiments discussed in Section 6, all classifiers are trained
upon the same random subsets of training instances and tested with the
same random subsets of testing instances, thus allowing a fair comparison
of their performance.
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3.2 Facilitator agent

As has been noted, an intrinsic issue in DDM tasks is how to integrate the
knowledge individually learned by a set of agents into a globally coherent
model. This issue becomes even more challenging when agents’ local models
are learned from heterogeneous databases [28, 39]. Given that agents work
at distributed data sites, each of which comprises a partition of the features
space, none of the agents can individually learn the concepts with high
accuracy level, since the success in classification tasks is closely related to
the quality of the features vector F [11]. Combining these models is thus a
non trivial task. Simple voting mechanisms and meta-learning approaches
have been considered unsuitable to deal with this problem for a number of
reasons, including the instability of the performance of locally built models
and the impracticability of training a meta-classifer when massive data is
being generated in geographically distributed sites [38].

In the present paper we address this issue by proposing new combination
mechanisms inspired by the social choice theory that are more sophisticated
than the simple majority voting, but do not compromise a good efficiency
in what concerns the trade-off between communication and accuracy. So-
cial choice functions deal with the problem of aggregating many individual
preferences into a single collective preference [33, Chapter 9]. Here, we show
that the application of this method is not only feasible, but also robust in
the case of distributed classification, even upon vertically partitioned data.

In the scope of this work, individual preferences are defined in terms of
agents’ predictions, i.e., the predicted class labels and class probabilities for
the given input data set. Therefore, once local models have been built and
applied for the classification of the input data, learning agents may either
share their preferences with each other or transfer them to a facilitator agent,
which acts as a central facility in which the global model is assembled. For
the sake of simplicity, here we assume the latter situation. Nonetheless, it is
important to note that whenever this type of centralization is not tolerated,
the same results can be achieved if agents broadcast their preferences and
each agent runs a combination function locally.

To introduce the process of deriving the global model, letA = {a1, a2, ..., an}
denote a set of n agents in our system, and let O denote a finite set of out-
comes, which in our application refers to the instances comprised in the input
data set. In a classification task, each agent produces as output predictions
about the most probable class label and the estimated classes probabilities
for each o ∈ O. Assuming a binary classification task in which labels may be
either ‘positive’ or ‘negative’, a probability threshold of 0.5 is used to define
the predicted class label: probabilities higher than 0.5 yield a prediction for
the ‘positive’ class, while a probability equal or lower than 0.5 predicts for
the ‘negative’ class. Based on the predicted class probabilities, agents define
their preferences in relation to the instances that they consider more likely
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to belong to the ‘positive’ class, which is our target class.
Because preferences are transitive, an agent’s preference relation induces

a linear ordering Li, which is a total strict ordering on O. Thus, we adopt
the usual notation and use oj−1 �i oj to capture strict preference of agent
ai, i.e., agent ai prefers outcome oj−1 to outcome oj . In a classification
context, this means that the probability attached by agent ai concerning
the target class is greater for outcome oj−1 than for outcome oj . In this
process, instances associated to high probabilities will be “preferred” over
instances associated to low probabilities, thus yielding a structure similar
to a ranking over the set of outcomes O. Given that all agents work on the
same input data, their preferences ordering is defined over the same set of
outcomes O, enabling a comparison and eventually an integration of this
information. Nonetheless, because agents run different machine learning
algorithms and build their models over distinct features subsets, the actual
ordering of outcomes is very likely to differ among agents.

Once the classification is over at the learning agent level, each agent
transfers its preference ordering Li to the facilitator agent. As already men-
tioned, each instance in the input data is identified by an unique id, which
is the only information from the original data set comprised in agents’ pref-
erences. Therefore, data communication in terms of agents’ preferences
guarantees that solely high-level information about agents’ private knowl-
edge will be shared among agents, which complies with the requirement of
preserving data privacy and allows the overall agent-based system to pursue
more satisfactory results in the DDM problem. Moreover, this approach has
the advantage of notably reducing the load of data transferred among data
sites, since communicating a linear ordering defined over the instances in
the input data set is less expensive than communicating the complete data
set, even when this alternative is acceptable.

When in possession of the learning agents’ preferences, the facilitator
agent defines the preference profile [�] ∈ Ln as a n-tuple containing the
ordering on O provided by the n learning agents and apply over this tu-
ple a social choice function (SCF). The goal of a SCF is to systematically
transform individual preferences into a social decision, producing the final
or consensus preference ordering that best reflects the preferences of all n
agents regarding the classification of O. Therefore, the social choice can
be interpreted as a mapping function f : Ln 7→ L, where L is the group
preference regarding the ordering over all O possible outcomes. Although in
literature the term SCF is often used specifically for the case where a single
outcome (candidate) is selected from a set of preferences, in the current work
we use this term in a broad sense. From the group preference L, one can
extract information such as the top-ranked outcome in terms of ‘positive’
class probability, or the set of outcomes that are more likely to belong to
the ‘positive’ class, among others.

Here, we test three SCFs as combination methods in our agent-based
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DDM system:

• Borda count: Borda’s method works by assigning to each outcome
o ∈ O a score computed as a function of its position within each agent’s
ranked list of preferences. Therefore, for each outcome o and prefer-
ence ordering Li, Bi(o) equals the number of candidates ranked below
o in Li (o inclusive). The total Borda score B(o) for outcome o is then
defined as B(o) =

∑n
i=1Bi(o), i.e., a sum over the scores computed

by the n learning agents. The final step of Borda’s method consists
in devising an aggregated rank by averaging the Borda scores by the
number of learning agents in the DDM system and the cardinality of
O.

• Copeland function: in Copeland function [9], the score C(o) of each
outcome o ∈ O is computed as the number of pairwise victories minus
the number of pairwise losses in relation to every possible element of O.
Wins and losses are defined in terms of the position that each outcome
occupies in the agent’s preferences: when comparing two candidates,
the outcome that is preferred by the majority of learning agents, i.e.,
the one that has a higher probability for the target class, is said to
be the winner of one-on-one contests. The social choice by Copeland
function aims at identifying the outcomes with the greatest number
of net wins. The philosophy under this method is that if a simple
majority win is good for an outcome, then the more the better.

• Footrule function: the Footrule function is a good approximation
of the Kemeny optimal aggregation and is related to the median of the
values in a position vector. Given total preference orderings L1, . . . , Ln,
if the median positions of the candidates in the lists form a permuta-
tion, then this permutation is a footrule optimal aggregation. It can
be shown that a permutation minimizing the total footrule distance
to the Li’s is given by a minimum cost perfect matching in a bipartite
graph [12]. In this sense, the first set of nodes or outcomes O denotes
the set of elements to be ranked, while the second set of nodes P , with
cardinality equal to O, denotes the m available positions in the rank.
The Footrule function looks for the permutation that minimizes the
weight W (o; p) =

∑m
i−1 |Li(o)− p| of a ranking that places outcome o

at position p.

We compare the above SCFs against the plurality voting, in which each
agent casts a single vote regarding an outcome, or instance, and the pre-
dicted class of each outcome is defined as the one with most votes. For
binary classification tasks, plurality voting replays a simple majority voting,
which is a widely used aggregation method in problems of DDM, collabora-
tive learning and ensemble learning [29, 1, 32, 10].
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Besides our interest in addressing DDM problems with vertically parti-
tioned data and data privacy concerns, the use of SCFs is also motivated
by the so-called “wisdom of crowds” theory [36]. According to Surowiecki
[36], collective decisions may provide more robust solutions in contrast to
individuals’ or even experts’ decisions, given that agents in the crowd have
different expertise or knowledge about the problem under consideration. The
diversity raised by this scenario is often an advantageous feature in decision-
making problems and has been proved to result in accuracy improvements
in several practical applications in the fields of DDM and ensemble learning
[35, 10].

4 Classification with the proposed agent-based DDM
system

For the experiments run in this study, we devise an agent-based classification
system that is heterogenous in two sense, i) each agent has access to a partial
set of features and ii) each agent builds its local model using a different
classifier from the list presented in the previous section. Nonetheless, we
remark that the system is very flexible and the addition of more learning
agents, as well as an agent-based DDM system with homogeneous agents, are
straightforward modifications. In what follows, we discuss the functioning
of our agent-based classification system (Fig. 2a).

The first step consists of the definition of the training data. In the dis-
tributed classification task, each learning agent ai is assigned to a particular
data site and access its private Fi ⊆ F subset of features, such that each
agent builds its classifier with a partial view of the problem. Once assigned
to a data site, the subset of features available in that site is considered as a
private information of the agent. However, as already mentioned, all agents
share the ids of the training or unlabeled instances as a common informa-
tion, such that at the end of the process agents can communicate to generate
a consensus, global model.

Next, as in conventional classification tasks, a training process takes
place, whose procedure is specific to the machine learning algorithms adopted.
In this phase, learning agents induce the relationships between their features
values and the expected class labels of instances in the training set using as
basis their particular expertise, i.e., their embedded ML algorithm. In the
scope of this work, the DDM system is composed of five agents who imple-
ment popular ML classifiers available in R packages: JRip, J48, KNN, NB
and SVM. Because learning agents differ in terms of their private knowledge
(features set) and expertise (ML algorithm), classifier models of distinct pre-
dictive power and generalization errors are expected, introducing diversity
into the system.

The simplicity of SCFs eliminates the need to train the facilitator agent,
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Figure 2: Framework of the proposed agent-based classification system. a)
For distributed classification tasks, each learning agent has a partial view
of the problem (F1, . . . , FN ) and build its individual model based on its
private features and expertise (embedded classifier). Individual predictions
are them shared and combined into a consensus prediction based on the
SCFs proposed. b) An example of distributed classification task among
three agents shows how consensus is created by a SCF based on agents’
preferences, given in terms of the probability for the target class. In this
example, Borda count is used to aggregate preferences. The only information
shared among agents is the instances’ ids. The SCF outputs a consensus
preference ordering, and instances are then classified based on a threshold
(0.5 was used in this example, where the highlighted instances are assigned
to the target class).

since there are no parameters to be optimized. Therefore, the training of
learning agents’ models is followed by a testing step, which aims at assessing
the quality of learning agents’ predictions and allow performance comparison
between individual predictions and social prediction. As in the training
process, the testing data is the same for all agents, i.e., it comprises the
same instances, except that in a distributed classification scenario the data
set is vertically partitioned among learning agents. At the end of the testing
step, each learning agent generates their preferences regarding instances’s
probability for the target class. At this point, two processes take place:
preferences are shared among agents or transferred to a central facility, and
the quality of agents’ individual predictions is assessed.

The evaluation is performed by means of a Receiver Operating Charac-
teristic (ROC) curve, which is a plot that illustrates the performance of a
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binary classifier system as the decision threshold varies. Thus, each point
on the curve represents the true positive (TP) rate and false positive (FP)
rate at a different decision threshold. Ideally, one expects the y-values (TP
rate) to grow at a faster rate than their x-values (FP rate). Additionaly, we
compute the area under the ROC curve (the AUC score). This score can be
interpreted as the probability that a classifier will rank a randomly chosen
positive instance higher than a randomly chosen negative one. Thus, the
higher the AUC score, the better the predictive accuracy of the classifier.

The final step of the system’s functioning takes all preference orderings
of the learning agents as input and applies one or more SCFs in order to find
the social choice for the classification of each unlabeled or test instance, as
exemplified in Fig. 2-b. This can be accomplished in two ways, as explained
in Section 3.2, i.e., either by a facilitator agent or at each of the agents’
site once they have all exchanged their preferences. Although the former
option can be seen as a centralization point, we emphasize that there is
no centralization nor disclosure of the original data used for classification.
In Fig. 2, we illustrate the case where a facilitator is responsible for this
task. Observe in this practical exemple that the learning agent’s preferences
contains solely the classifying instances identified by their unique id, ordered
by the predicted probability for the target class. In this example, Borda
count is applied by the facilitator agent, such that probabilities are converted
into Borda scores and a pre-defined threshold (usually 0.5) is applied over
the consensus preference ordering to obtain the final classification.

In summary, the steps performed by the proposed agent-based DDM
system are as follows:

1. Learning agents are assigned to the distributed data sites, each of
which contains a subset of the features space;

2. Learning agents train their classifier models using their embedded ML
algorithm and their respective partition of the data;

3. Learning agents test their classifier models based on the same testing
data set, following the vertical partition of data;

4. Individual classification results are assessed by means of ROC curves
and AUC scores (for comparison purposes);

5. Learning agents either exchange their preferences or send them to a
facilitator agent;

6. A SCF is applied, which outputs a consensus preference ordering that
reflects the social choice;

7. The consensus prediction is assessed by means of a ROC curve and
corresponding AUC score.
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To assess the performance of the proposed DDM system, we repeat the
process described through steps 1–7 several times, each of which with a dis-
tinct distribution of agents among the data sites such that the results are
not biased towards any distribution of features. For comparison purposes,
we also execute a conventional classification task, in which data is central-
ized and hence agents train their classifiers upon a complete view of the
classification problem. We follow the same methodology represented by the
framework in Fig. 2-a, with the difference that the data sets F1, F2, . . . , FN

are exactly the same. This scenario is very similar to the tasks tackled by
ensemble learning methods, such that our system could also be used as an al-
ternative solution when the interest relies in aggregating different classifiers
in order to boost performance and mitigate the uncertainty about classifiers
performance in unknown data sets.

5 Application domain

In the current paper we are interested in classification of biological data,
which is a central task in the field of bioinformatics. This refers to a real-
world domain in which distributed classification tasks may arise. First,
algorithms may not be able to access all data due, for instance, to intellec-
tual property rights and privacy issues. As an example, different laboratories
working towards the same problem might be willing to collaborate but keep-
ing full control of the data they generate. Second, biological data are often
large and derive from decentralized sources (multiple databases), such that
high availability of bandwidth or storage space would be required to central-
ize the data. In scenarios like this, in which it is not possible to assume that
all training data is concentrated in a single source and available to agents
at all times, one can formulate a distributed classification task by assigning
each of the data subsets to a distinct learning agent. In what follows we
briefly introduce the biological problem addressed in the current paper and
explain the data used for classification.

5.1 Prediction of microRNAs target genes

The study of gene expression and regulation is one of the most explored prob-
lems in bioinformatics. Gene expression profiling for hundreds or thousands
of genes are analysed in order to unveil the regulatory interactions among
these genes. However, nowadays it is known that many genes’ expression
might be regulated by elements derived from noncoding RNA sequences,
rather than protein coding sequences. Therefore, the identification of such
noncoding RNA sequences and the genes they target has become an im-
portant challenge in the field. MicroRNAs (miRNAs) is a family of highly
conserved small noncoding RNA molecules, measuring about 22 nucleotides
long, that causes negative regulation of gene expression. This regulation

16



is post-transcriptional, i.e., occurs at the RNA level between the transcrip-
tion and the translation of a gene, and consists of gene silencing by target
degradation or translational repression [4].

In this sense, miRNAs have been reported to act in processes such as de-
velopmental timing, metabolism, differentiation, proliferation and cell death.
Furthermore, miRNAs can act as both tumour-suppressor genes and onco-
genes [23]. Thus, the determination of miRNAs targets is an increasingly
active area of research. Among the most common approaches, ML methods
have achieved the best results so far in identifying miRNAs target genes.
Based on a set of descriptive features from the interaction of miRNAs and
their true and pseudo targets, such as characteristics of bases complementar-
ity, thermodynamic stability, and evolutionary conservation among species,
these methods train a classifier to identify the class of new unlabelled in-
stances. For a more detailed discussion about the biogenesis and regulatory
mechanisms of miRNAs, we refer reader to the paper published by Bartel
[4].

5.2 Features

In the current paper, we use the data applied by Mendoza and colleagues [26]
in the training process of a random forest classifier for human miRNA target
genes prediction to train the proposed agent-based classification system.
This data set is composed by 478 positive instances of miRNA-target pairs
and 286 negative ones, each of which described by a set of 34 features.

We divide these features into five semantic groups: structural, thermody-
namic, alignment, position-based and seed-related features. The seed region
is a binding region between miRNA and its target composed in general by
8 nucleotides that is known to play a crucial role in the identification of
miRNAs targets [4]. Therefore, the five features groups used in this study
(and their corresponding set dimension) are defined as follows:

• Structural features (5 features): number of Watson-Crick matches
(G:C and A:U pairing) and mismatches (G:U wobble pair, gap and
other mismatches) in the miRNA-target alignment, given by integer
values ranging from 0 to 20.

• Thermodynamic feature (1): minimum free energy (MFE) of the
alignment between a miRNA and its target computed by the RNAfold
program from Vienna package [15], given by negative values ranging
from -41 to -10.

• Alignment features (2): score and length of the miRNA-target
alignment, computed by the miRanda software [13], given by integer
values ranging from 140 to 181 (alignment score) and from 7 to 26
(alignment length).
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• Position-based features (20): nominal values to designate the kind
of nucleotide pairing in each position of the alignment, from the 5’-
most position of the miRNA up to the 20th position: a G:C match,
an A:U match, a G:U match, a gap and a mismatch.

• Seed features (6): thermodynamic and structural features concern-
ing nucleotides 2–8 (seed region).

Each of these categories provide a different perspective, or evidence, for
the study of miRNAs’ candidate targets. Therefore, it is reasonable to think
that this type of data may be generated in distinct data sites across mul-
tiple research groups, which are willing to collaborate in order to enhance
the overall competence regarding the identification of new genes whose ex-
pression is repressed by miRNAs. As we have discussed, many situations in
which collaboration is desired are impaired by the fact that data is under
privacy or intellectual property concerns, and thus it can not be explic-
itly shared or transferred. Here, we assume this scenario and address the
question whether prediction of miRNAs target genes can be effectively and
efficiently accomplished under vertically distributed data. For further de-
tails about the biological data used in the current paper, we refer reader to
the work of Mendoza et al. [26].

6 Results

To test the effectiveness of the proposed approach, we applied the agent-
based classification system described in Sections 3 and 4 to the problem of
identifying microRNAs target genes (see Section 5). Biological data sets
have a great propensity to be physically distributed and, in many cases, can
not be shared due to intellectual property rights. Still, this is an area where
people are often willing to collaborate in order to catalyze scientific progress,
but with restraint regarding data control. Therefore, it is a very motivating
domain for our agent-based classification system.

As depicted in Fig. 2, the agent-based classification system comprises
two evaluation points: the first one assesses the performance for learning
agents’ models, while the second appraises the predictions made upon the
social choice. For both of them, we consider the case of centralized data
(agents have a complete view of the problem) and distributed data (agents
have a partial view of the problem, i.e., a subset of features).

As we are dealing with variation in classifiers and in data, we evaluate
the performance of our method based on a 10-fold cross-validation in order
to prevent overfitting. In each fold, we run all the steps of our system, i.e.,
training, testing and application of SCFs, performing a random distribution
of learning agents among the data sites for the case of distributed data.
This means that in each fold, agents receive a randomly assigned features
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group (as defined in Section 5), based on which its model is built. Thus, the
number of features accessible by each agent varies throughout the multiple
folds according to the assigned features group. At the end of cross-validation,
we average results over all runs to generate a performance measure for each
agent. For the ROC curves, the average is performed taking vertical samples
of the ROC curves for fixed FP rates and averaging the corresponding TP
rates. The average AUC scores are computed as the mean among all AUC
scores over the 10-fold cross-validation.

The main results are summarized in Table 1. The left side of the ta-
ble shows the evaluation of the local models produced by the five learning
agents, whereas the right side of the table depicts the results of the global
models based on the social choice – plurality (PLU), Borda count (BOR),
Copeland’s Function (COP) and Footrule function (FOO).

Compared to the centralized scenario, a large variance is observed for
the performance of the classifiers when data is distributed. This is due to
the fact that distinct runs of the classification are performed over a distinct
subset of features, and illustrates the explicit or implicit bias of algorithms
that causes them to hold a preference for certain generalizations over others.
In fact, agent 3, which runs a K-nearest neighbor classifier (KNN), has a
poor generalization over the complete set of features, but achieves a superior
generalization for some of the features groups, explaining its higher mean
and variance for the distributed case. Thus, in situations where the system is
composed by heterogeneous agents, the approach of selecting a single agent
to produce the output, as suggested in previous works [29, 32], is not the
most appropriate.

Comparing the classification task using centralized and distributed data,
the fact that in the latter agents build their individual models based on a
vertical partition of data in general impairs the classification performance,
as expected. Not only the means are lower, but the deviations are higher.
One can be observed that among the learning agents, the best performance
is associated with agent 1, which encapsulates a propositional rule learner
(JRip) and achieves an average AUC score of 0.681.

Regarding the approach based on SCF, the average AUC scores in Ta-
ble 1 corroborates the effectiveness of our approach for tackling the problem
of distributed classification tasks. One can observe that computing the so-
cial choice of a set of agents can in fact help counterbalance the shortage of
information generated by distributed data, as well as provide predictions as
accurate as the ones produced by the agents. Whereas for complete knowl-
edge there is a slight improvement of the ensemble system over the best
individual learner, namely a difference equal to 0.032 between Copeland’s
and J48’s average AUC scores, for partial knowledge the difference between
the best ensemble (i.e., Copeland function) and the best individual (i.e.,
JRip) predictions raises to 0.1404 – a four-fold increase among these values.



Table 1: Average AUC scores of our agent-based classifier system computed after 10-fold cross-validation. We highlight the
best scores for local models and global models for each of the scenarios (centralized and distributed data).

Learning agents Social choice
(local models) (global models)

Agent 1 Agent 2 Agent 3 Agent 4 Agent 5
JRip J48 KNN SVM NB PLU BOR COP FOO

Centralized Mean 0.799 0.812 0.580 0.716 0.709 0.788 0.821 0.844 0.796
data SD 0.065 0.041 0.069 0.046 0.061 0.049 0.046 0.030 0.053

Distributed Mean 0.681 0.573 0.668 0.635 0.595 0.770 0.742 0.814 0.720
data SD 0.143 0.131 0.172 0.163 0.104 0.106 0.096 0.080 0.081



Moreover, Borda count and Copeland function have performed specially
well, achieving AUC scores of 0.740 and 0.814, respectively, and outperform-
ing agent 1, which presents the best individual performance. The superior
performance of the global models was also perceived for the conventional
classification task. The use of SCFs improved classification results while
keeping the standard deviation values relatively low. Again, the social de-
cision provided by Copeland and Borda functions have depicted the best
performance among the tested methods.

The ROC curves corresponding to local models (learning agents) and
global models (SCFs) are depicted in Fig. 3 and Fig. 4 for centralized and
distributed data, respectively. These plots show the average ROC curves
overlaid by boxplots for fixed values of false positives (x axis). The box
plots denote the median, maximum and minimum values, as well as the
upper and lower quartiles. The dots outside the box represent (suspected)
outliers, while the filled dots are the average values used to plot the average
ROC curve.

Analysis of these results clarify even more the higher variance and in-
ferior performance of the classification drawn by the individual agents in
relation to the social choice among agents. In addition, readers can no-
tice that the Copeland function produces the best performance in terms of
the ROC curve, and also has the lowest variance in performance, together
with the Footrule function. Moreover, when comparing the four aggrega-
tion methods used, plurality presents the highest variances and smallest
lower quartiles among all methods, specially for low rates of false positives.
The good performance of Copeland and Footrule functions comes at a cost,
though, since they are more computationally demanding than Borda count
and plurality voting.

Finally, we compare the AUC scores computed by the local models and
the global models as assessed by a 10-fold cross validation in terms of their
density probability distributions. As shown in Figure 5, the social choice
(global model) tends to generate classifiers with higher predictive accuracy,
indicated by the density distributions shifted to the right in relation to the
local models. This is specially true for the case of vertically partitioned
data (Figure 5-b). We perform a Mann-Whitney test and find statistically
significant differences (p-value < 0.01) between the density distributions of
global models in contrast to local models.

Although there are more scenarios and data sets that could be explored,
preliminary results presented in this work suggest that more sophisticated
SCFs have greater predictive accuracy than elemental voting procedures
such as plurality voting. In addition, they present a good balance between
cost of the computation and accuracy, thus representing a promising solution
to deal with the problem of distributed classification tasks.
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Figure 3: ROC curves for the performance of individual agents (a - e) and
of the social choice (f - h) in a conventional classification task (data is cen-
tralized and fully accessible by agents).

7 Conclusion

Distributed classification tasks are inherently more complex than conven-
tional ones in that agents have a local, partial view of the training experi-
ence and thus, no agent can individually learn a concept with high accuracy
levels. Therefore, communication, collaboration and competence sharing are
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Figure 4: ROC curves for the performance of individual agents (a - e) and
of the social choice (f - h) in a distributed classification task.

needed to build an accurate predictive model. This paper has proposed an
agent-based classification system that aims at building a consensus domain
among agents by means of social choice functions.

Particularly, we have tested and compared Borda count, Copeland func-
tion and Footrule function for a specific biological scenario in which dis-
tributed data might pose challenges to conventional classification algorithms,
i.e., prediction of miRNAs target genes. Empirical evaluation suggests that
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Figure 5: Density distributions of the AUC scores produced by local models
and global models for a 10-fold cross validation in the case of (a) central-
ized data and (b) distributed data. The right shift of the global models’
distribution indicates the higher accuracy obtained by the SCFs, which is
statistically significant in contrast to local models (p-value < 0.01, Mann-
Whitney test).

the aforementioned social choice functions outperform the well known plu-
rality voting method. Additionally, it was observed that social choice pre-
dictions are more reliable than individual predictions in two senses: they
have higher average AUC scores and smaller variance across multiple clas-
sification runs. The superior performance of the prediction built upon the
group decision was observed for centralized data as well, corroborating the
fact that the combination of diverse learning algorithms with distinct classi-
fication bias is usually profitable and yields more robust classifying systems.
Therefore, the devised system could also be used to solve conventional clas-
sification problems based on the ensemble learning paradigm.

Two important things to note about the system is that, first, formulation
of the framework as described in the present paper aims at binary classifi-
cation tasks. In this case, as mentioned in Section 3.2, preference orderings
are defined according to the class probabilities computed by agents to in-
put instances regarding the probability of belonging to a target class. For
non-binary classification tasks, the agent’s preference ordering can be for-
mulated in terms of the probability attached to (a subset of) possible classes.
Second, since our agent-based system performs aggregation over preference
orderings, classification of unlabelled instances is performed in batch. For
many applications, such as the one used as example in the current paper,
this is a reasonable approach as one usually deals with very large data sets,
from which we aim at extracting specific knowledge or refining the data set
for more evident hypothesis that can be further confirmed by experimental
validation.

For future work, it would be interesting to apply the agent-based DDM
system to different problems, performing a broader and more thorough anal-
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ysis of its performance across several scenarios. Also, one could expand this
study to other social choice functions, as well as assess how their performance
varies as function of properties such as size and homogeneity/heterogeneity
of the agent-based DDM system.
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