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Abstract—Constructing a single text classifier that excels in any
given application is a rather inviable goal. As a result, ensemble
systems are becoming an important resource, since they permit the
use of simpler classifiers and the integration of different knowl-
edge in the learning process. However, many text-classification
ensemble approaches have an extremely high computational bur-
den, which poses limitations in applications in real environments.
Moreover, state-of-the-art kernel-based classifiers, such as support
vector machines and relevance vector machines, demand large re-
sources when applied to large databases. Therefore, we propose the
use of a new systematic distributed ensemble framework to tackle
these challenges, based on a generic deployment strategy in a clus-
ter distributed environment. We employ a combination of both task
and data decomposition of the text-classification system, based on
partitioning, communication, agglomeration, and mapping to de-
fine and optimize a graph of dependent tasks. Additionally, the
framework includes an ensemble system where we exploit diverse
patterns of errors and gain from the synergies between the en-
semble classifiers. The ensemble data partitioning strategy used
is shown to improve the performance of baseline state-of-the-art
kernel-based machines. The experimental results show that the
performance of the proposed framework outperforms standard
methods both in speed and classification.

Index Terms—Distributed learning, ensembles, kernel-based
machines, text classification.

1. INTRODUCTION

N THE last decades, the production of textual documents
I in digital form has increased exponentially, due to the in-
creased availability of hardware and software [1]. As a conse-
quence, there is an ever-increasing need for automated solutions
to organize the huge amount of digital texts produced in appli-
cations such as document processing and visualization, Web
mining, digital information search, and patent analysis. The
task in text classification is often defined as assigning previ-
ously defined classes to documents (natural language texts), by
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analyzing their content. Different methods to choose a classifier
can be selected according to experiments on a particular prob-
lem instance. However, there are circumstances in which the
output of all algorithms solving a particular type of problem are
statistically identical [2].

On a particular problem, different algorithms may obtain dif-
ferent results, but for all the problems, they are indistinguishable.
It follows that if an algorithm achieves superior results on some
problems, it must pay with inferiority on other problems, i.e.,
the probability distribution on problem instances is such that
all problem solvers have similarly distributed results. Conse-
quently, it is of little use to optimize a classifier to a specific
problem, since there would be no guarantee of generalization
capabilities. Using several classifiers in an ensemble is an ap-
propriate route, when it is possible to take advantage of each
classifier benefits avoiding errors, as discussed in [3].

Our approach is to combine different models, inferred with
smaller data-driven working sets, in an ensemble of kernel-
based machines, namely support vector machines (SVMs) [4]
and relevance vector machines (RVMs) [5]. While SVMs im-
plement the principle of structural risk minimization and are
widely applied in different applications [6]-[8], RVMs follow
a Bayesian approach leading to a probabilistic nonlinear model
with a prior on the weights that promotes sparse solutions and
are still gaining popularity [9]-[11].

To handle the computational complexity associated with text-
classification kernel-based ensemble systems, it is crucial to fur-
ther include in the framework an underlying distributed nature
that permits the deployment in a cluster environment. When
processing a computing application in a distributed environ-
ment, we often regard the application as a workflow, i.e., a
collection of atomic tasks processed in a specific order to ac-
complish a complicated goal [12]. To define the workflow, we
use a directed acyclic graph (DAG) in which the nodes repre-
sent individual application tasks and the directed arcs stand for
precedence relations between the tasks. Then, we apply parti-
tioning, communication, agglomeration, and mapping strategies
to each task definition, and optimize the execution time of the
complete classification system.

In this paper, we propose a general framework for text classifi-
cation with an ensemble distributed approach. The design builds
on previous work where ensemble strategies were proposed [13]
and simple distributed environments were analyzed [14], [15].
The new framework provides a broad and robust setting for
deployment of text-classification tasks.

The rest of this paper is organized as follows. In
Section II, we describe the text-classification problem, including
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Fig. 2. Text-classification tasks.

representation methods and dimensionality reduction strategies.
In Section III, we introduce the learning techniques used in this
paper, and in Section IV, we detail the proposed distributed
ensemble framework. In Section V, we describe the experimen-
tal setup used, including performance metrics and benchmark
datasets, and in Section VI, the main results are presented. Fi-
nally, Sections VII and VIII address the discussion of results
and conclusions, respectively.

II. TEXT CLASSIFICATION

The Internet’s phenomenal growth and the widespread use of
computers are two major drivers for the development of tools
to find, sort, and route information in the most effective and
efficient manner. Almost 80% of the information available is
stored as text; therefore, the organization of that information
has become a complex and vital task [16].

Text classification can be represented by the tasks illustrated
in Fig. 1: collection of documents, preprocessing, learning, eval-
uation, and deployment. In a sequential implementation, each
task is carried out by stand-alone executables, capable of pro-
cessing predefined input files and storing results in correspond-
ing output files. However, when a distributed deployment is
intended, dependencies between tasks must be identified. An-
alyzing a text-classification workflow, we define the general
text-classification tasks A to H, represented in Fig. 2, which can
later be deployed in a distributed environment.

Task A corresponds to the collection of documents. Tasks B,
C, D, and E constitute the preprocessing stage, while tasks F

Fig. 3. SVM optimal separating hyperplane.

and G comprise the learning phase. Finally, task H matches the
evaluation.

To represent the documents, we employ the bag-of-words,
an attribute value representation used in machine learning [17],
where each separate word is a feature (or index term), and its
value represents the weight of that feature. Before defining the
dictionary to use, space reduction is applied, namely stopword
removal, stemming [18], and low-frequency word removal, as
in [19]. The representation of terms was the ¢ fidf weight rep-
resentation system (1)

, D]
i (w:) = £ (wr) x log ( df(wi)> M)
where w; is a word or term in the dictionary, ¢ f (w; ) is the term
frequency or number of times w; appears in the document, |D|
is the total number of documents, and df (w;) is the document
frequency or number of documents in which the word appears.
Before the learning stage, linear scaling (normalization) is car-
ried out to avoid over- or underflow of the learning machines.

III. LEARNING ALGORITHMS

In this section, we first briefly introduce the foundations of
the kernel-based machines used in this paper, and then describe
the ensemble strategies exploited in the framework.

A. Support Vector Machines

SVMs were introduced by Vapnik [4] based on the structural
risk minimization principle, as an alternative to the traditional
empirical risk minimization principle. Consider an independent
and identically distributed (i.i.d.) sample that consists of N ex-
amples, {x,,,t, }N_,. A general two-class problem is to find a
classifier with the decision function y(x), such that t = y(x),
where t = +1 is the class label for x. The problem can be put as
minimizing (1/2)w.w + C Y| & (subjected to constraints),
where w are the weights of the model, ¢ are the slack vari-
ables that allow for misclassifications, and C' is a parameter that
allows the tradeoff between training error and model complex-
ity. Notice that the slack variables account for false-positive and
false-negative errors, although in the basic minimization shown,
it is not explicit [7]. From the multiple hyperplanes that can sep-
arate the training data without error, a linear SVM chooses the
one with the largest margin p, as shown in Fig. 3. The margin is
the distance from the hyperplane to the closest training exam-
ples, called support vectors (SVs). The set of SVs also includes
the training examples inside the margin and the misclassified
ones.
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Fig. 4. RVM two-class classification example with four RVs.

B. Relevance Vector Machines

RVMs were proposed by Tipping [5] as a Bayesian treat-
ment of the sparse learning problem for regression and binary
classification. The approach shares many of characteristics of
SVMs, while avoiding its main limitations, namely, the number
of SVs grows linearly with the training set, predictions are not
probabilistic, cross-validation to define the parameters is usu-
ally needed making the procedure slow, and the kernel function
must satisfy Mercer’s condition that it must be the continuous
symmetric kernel of a positive integral operator [20]. It also
typically leads to much sparser models, resulting in faster per-
formance on test data at comparable generalization error. The
RVM model equation is given by

M
y<xa W) =0 (Z W ¢m (X) + WO) (2)
m=1

where M is the number of parameters, w = (wy, . .. ,w M)T are
the weights, ¢, (x) = k(x,x,, ), with k(-,) being a positive-
definite kernel function, and x,, an example [or a relevance
vector (RV)] from the training set. The problem of learning a bi-
nary classifier can thus be expressed as that of learning y(x;, w)
so that the input feature ¢»(x; ) will map onto the correct classifi-
cation label ¢; € {0, 1}. The probability of x; to be classified as
a class t; = 1 equals y(x;,w), where o is the logistic sigmoid
function.

Under the RVM framework, Gaussian priors are introduced
over the weight vector w, obtaining a model by applying an
automatic relevance determination (ARD) prior [21] p(w|a) =

f}f:l N(w, |0, 1), where v, is the precision hyperparameter
of the nth parameter w, . Building a Gaussian approximation
to the posterior distribution, an approximation to the marginal
likelihood can be obtained using Bayes’ theorem. Maximization
of the approximate marginal likelihood then leads to new values
for a.

The idea of what an RV is can be gleaned from Fig. 4, which
shows a two-dimensional RVM classification example with four
RVs. Informally, RVM try to describe the decision surface as
simply as possible by selecting the RVs as typical instances. On
the other hand, SVMs describe the decision surface by selecting
the borderline and misclassified instances as SVs [22].

In a batch-learning approach, all training examples will be
considered as RVs at the initial stage and the remaining vectors
will be pruned after reevaluation of « in each iteration. Since

inversion of Hessian matrices is involved in the learning algo-
rithm, the overall training complexity is O(N?). This implies
that if the initial sample size is huge, the learning algorithm
may take a long time to converge. Thus, in the baseline RVM
experiments, we will use random subsets of 2000 documents.

C. Ensembles

Classifier committees or ensembles are based on the idea
that, given a task that requires expert knowledge, k experts may
perform better than one, if their individual judgments are appro-
priately combined. A classifier committee is then characterized
by: 1) a choice of k classifiers and 2) a choice of a combination
function, usually denominated a voting algorithm. The classi-
fiers should be as independent as possible to guarantee a large
number of inductions on the data. Using different classifiers to
exploit diverse patterns of errors to make the ensemble better
than just the sum (or average) of the parts, we can obtain a gain
from synergies between the ensemble classifiers.

1) SVM Ensemble: The purpose of this approach was to de-
velop homogeneous ensembles, i.e., using the same learning
algorithm. SVMs are sufficiently scalable to use all training ex-
amples for each model (which is not true for RVMs). Thus, we
explore different parameters for SVMs [23], resulting in four
different learning machines, which are as follows.

1) Linear default kernel.

2) Radial basis function (RBF) kernel.

3) Linear kernel with tradeoff C' between training error and

margin set to 100.

4) Linear kernel with the cost factor (by which training errors
in positive examples outweigh errors in negative exam-
ples) set to 2.

Each parameterized model is generated with all the training
examples available, and then a majority voting scheme is im-
plemented to combine to outputs, where each base classifier
(expert) votes on the class the document should belong to and
the majority wins.

2) RVM Ensemble: RVMs have the drawback of low scala-
bility, thus limiting the number of training examples. We have,
therefore, devised an RVM ensemble strategy that could take
advantage of the overload of training examples in our text-
classification benchmarks. The size and number of the training
sets used in the RVM ensemble modeling depend on the avail-
able computational power, but the more training examples used
usually results in more diversity and better performance. In our
case, seven smaller evenly sized training sets were constructed,
each consisting of 1000 randomly disjointed sample documents'
from the available training set. Then, from each training set, a
model is learned, and these models constitute the ensemble in-
dividual classifiers. After this learning phase, and similarly to
SVM ensembles, a majority voting scheme is implemented in
the testing phase to determine the ensemble output decision,
taking as output value the average value of the classifiers that
corroborated the majority decision.

"'We defined a training set of 1000 documents in order to have similar training
times for each model, when compared with SVMs.
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Fig. 5. Example of a DAG representation of a text-classification dataflow.

IV. PROPOSED FRAMEWORK

To effectively deploy and test the baseline and ensemble
kernel-based strategies in a distributed cluster environment, i.e.,
to define a generic working framework for text classification, we
split and organize the text-classification task into subtasks that
can be disposed in a DAG (see Section II). Then, we optimize
it to run in a definable distributed environment, and we obtain a
testable framework.

A. Text-Classification Tasks in a Graph

Each one of the general tasks A-H defined in Fig. 2 can
correspond to more than one node in a DAG. For instance,
instead of a single task A, we can have five tasks A0, Al,
A2, A3, and A4 that jointly represent the whole task. In this
case, an extra task (node), denoted by A’, is usually needed to
gather (join) the results of the subtasks. A common reason for
such partitioning is the possibility of dividing (parallelizing) the
inputs into subsets, either because the particular application thus
implies or because evident separations exist.

Fig. 5 illustrates how a simple problem can be straightfor-
wardly deployed in a cluster distributed environment. In this
case, we considered a toy example with three possible categories
and five initial acquisition tasks (tasks A0—A4 corresponding to
task A in Fig. 1). Then, there are two A’ tasks to gather results
from training and testing examples. Tasks B0 and B1 corre-
spond to parsing training and testing documents, and tasks C'
and D are the dictionary building and cleaning (dimension re-
duction). Tasks F£0 and E1 deal with scaling methods. Finally,
task F builds training and testing sets, and tasks G and H cor-
respond to training and testing phases. This initial deployment
is usually not optimized. Next section will cover the generic
optimization procedure.

B. Optimization of the Graph

DAGs can be efficiently optimized by following the gener-
ally adopted methodology of Foster [24], [25]. There are four
design steps: partitioning, communication, agglomeration, and
mapping. The focus of the first two is to find as much parallelism
as possible, while the latter two consider the capabilities of the
underlying environment.

In the partitioning step, the data and the computation of a task
are divided into small parts that can be computed in parallel. To
assure the scalability of the task, divisions where the number of
small parts increases with problem size are preferred. When an
objective is to use the existing sequential code in parallel design,
the data partitioning is more feasible. Otherwise, functional
partitioning should be considered as well.

Communication between tasks, which is not needed in se-
quential designs, represents the overhead of parallel designs. In
centralized task scheduling systems, the only possible commu-
nication is point-to-point distribution and collection of files at
the start and completion of tasks, respectively. In this case, all
communication goes through the manager, which can become a
bottleneck.

In the agglomeration step, the parts identified in previous
steps are grouped into agglomerated tasks in order to im-
prove performance. Grouping should be performed so as to
maintain the scalability of the design. Two aspects should
be considered to avoid expensive communication. The first is
to group the previously identified parts of each tasks in or-
der to optimize communication preferably achieved by send-
ing the same executables and supporting files to each task.
The second is to merge consecutive tasks to avoid expen-
sive communication with the master. This is only possible
when a certain task needs only intermediary files produced
by the preceding task. It is very important to evenly balance
the load among computing nodes by creating agglomerated
tasks with roughly the same computational and communication
complexity.

The mapping step assigns tasks to the computing nodes. When
there is a data decomposition in question, the agglomerated
tasks usually have very similar complexity, meaning the com-
putational load is balanced among tasks. A good strategy in
this case is to create as many agglomerated tasks as there are
available processors.

Using the principles in this methodology, a set of general
guidelines can now be given to help systematize the procedure,
whether it is applied to text-classification applications or not,
which are as follows.

1) Time-consuming tasks (bottlenecks) should be identified,

parallelized, and distributed (partitioning).

2) The number of subtasks for a task is defined both by an
evaluation of the task complexity (building a model) and
by the number of available processors (communication
and mapping).

3) Partitioning can be accomplished functionally or by data
splitting and, depending on the constraints of the specific
application, additional processes that join partial results
may be needed (partitioning and communication).

4) When dependent tasks exchange large files not needed
subsequently, they should be joined (communication and
agglomeration);

5) When tasks need few computational resources and have
the same input files, they can be joined (agglomeration,
communication, and mapping).

The application of this procedure depends on the definition

of a model for each task that was carried out by dividing each
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task in its fractions: distribution of a task to the computing
nodes, the computation itself, and the result collection. The
total time needed to complete a set of subtasks can thus be
expressed as a sum of these three elements. The distribution
burden is dependent on the size of the files to transfer, while the
computation depends on the complexity of the task itself. The
collection of results depends both on the size of results and on
the difficulty of the gathering process. Within this framework, a
linear model was proposed in [14]. It was applied to each setting,
i.e., to each combination of learning algorithm and dataset to
determine the number of nodes to which each task is distributed.

V. EXPERIMENTAL SETUP

To evaluate the proposed framework, we used a cluster of
16 computers with 3 GHz Pentium 4 processors and 1 GB
RAM each, connected over 1 Gb local area network through
a fast Ethernet switch. Both Condor and Alchemi middleware
platforms for grid computing are set up in the cluster. In the
following, before we present and discuss results, the distributed
platforms, the experimental collections, and the performance
metrics employed are explained.

A. Distributed Environments

The distributed field is booming and offering countless num-
ber of platforms and testing possibilities (see [26]-[28]). For
text-classification applications, the grid platforms were chosen
since they have many advantageous qualities over the classical
cluster approaches. First, they do not require major recoding of
the existing sequential text-classification applications that we
had previously developed for machine-learning purposes. If a
cluster approach, such as MPI,? was selected, significant effort
would have been needed in recoding of existing applications in
order to enhance them with the needed functionality. Second,
in the classical cluster approaches, the application requirements
are usually set at deployment time, leading to noneffective pro-
cessing with numerous free cycles when the complexity of the
application reduces during runtime. In contrary, the grid has
ability to dynamically accommodate the number of nodes to the
application requirements, i.e., by releasing unneeded nodes or
seizing additional resources when necessary. Third, the classi-
cal cluster environments consist of usually homogeneous nodes
networked in a tightly coupled fashion, while in grid environ-
ments, the nodes are often heterogeneous and loosely coupled
over existing network connections. Therefore, the grids are bet-
ter suited for coarse-grained parallel problems among which
we can position the distributed applications that try to reuse
the existing sequential code. In the experiments, two distributed
platforms were selected: Condor and Alchemi. These middle-
ware platforms are adequate for the text-classification tasks that
we aim to deploy and are, in fact, two of the most widely used.

1) Condor: The goal of the Condor project® is to develop,
implement, deploy, and evaluate mechanisms and policies that
support high-throughput computing (HTC) on large collections

2Message passing interface
3http://www.cs.wisc.edu/condor

of distributed computing resources. Condor consists of a set of
software tools that enable engineers to increase their computing
throughput. It is supported for many platforms, including Linux
and Windows XP.

2) Alchemi: Alchemi* consists of a set of libraries and tools
enabling grid computing on the Microsoft .NET platform. It
was conceived with the aim of making grid construction and
development of grid software as easy as possible without sac-
rificing flexibility, scalability, reliability, and extensibility. The
key features supported by Alchemi are Internet-based clustering
of desktop computers without a shared file system, dedicated or
nondedicated (voluntary) execution by clusters and individual
nodes, and an object-oriented grid thread programming model.
The .NET concept with optimized metaassembly codes results in
shorter executables resulting in important reduction of commu-
nication costs when the distributed grid application is developed
from scratch. In case of deploying existing applications in the
grid, only the standard .NET communication routines for distri-
bution and collection of executables and data are needed. Since
the Alchemi middleware is focused on only one standardized
platform, it is likely to be advantageous over a variety of Condor
communication protocols used to communicate with many sorts
of computer platforms.

B. Experimental Collections

In this section, we give an overview of the text datasets used
in the experiments. Two corpora from Reuters were selected,
since they constitute widely accepted benchmarks. The datasets
have already defined testing splits; therefore, for SVM, all the
negative examples were automatically selected. For RVM, the
selection of subsets was random, so no real effort was made
to differentiate positive from negative examples or to achieve
equally balanced training and testing sets. The number of ini-
tial features is in the thousands, and after applying stopword
removal, stemming, and low-frequency word removal of words
that appeared in less than three documents, 497 features were
achieved.

1) Reuters-21578: Reuters-21578 is a financial corpus with
news articles documents averaging 200 words each. Reuters-
215785 In this corpus, 21 578 documents are classified in 118
categories. Reuters is a very heterogeneous corpus, since the
number of documents assigned to each category is very variable.
There are documents not assigned to any of the categories and
documents assigned to more than ten categories. Furthermore,
the number of documents assigned to each category is also not
balanced. There are categories with only one assigned document
and others with thousands of assigned documents. The ModApte
split [29] was employed, using 75% of the articles (9603 items)
for training and 25% (3299 items) for testing. Table I presents
the ten most frequent categories, and the number of positive
training and testing examples. These ten categories are widely
accepted as a benchmark, since 75% of the documents belong
to at least one of them.

“http://www.alchemi.net
SReuters-21578 is publicly available at http:/kdd.ics.uci.edu/databases/
reuters21578/reuters21578.html.
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TABLE I
NUMBER OF POSITIVE DOCUMENTS FOR THE REUTERS-21578 MOST
FREQUENT CATEGORIES

Category Training  Testing
Earn 2,715 1,044
Acquisitions 1,547 680
Money-fx 496 161
Grain 395 138
Crude 358 176
Trade 346 113
Interest 313 121
Ship 186 89
Wheat 194 66
Corn 164 52

TABLE II

NUMBER OF POSITIVE DOCUMENTS FOR THE RCV1 MOST
FREQUENT CATEGORIES

Category  Documents  Training  Testing
CCAT 381,327 23,077 26,923
GCAT 239,267 5,180 44,820
MCAT 204,820 11,110 38,890
Cl15 151,785 7,454 42,546
ECAT 119,920 7,539 42,461
Ml14 85,440 4,887 45,113
Cl1s1 81,890 698 49,302
Cl152 73,092 435 49,565
GPOL 56,878 3,756 46,244
M13 53,634 2,613 47,387

2) RCVI: The Reuters Corpus Volume 1 (RCV1) consists of
806 791 English language news documents freely available to
the research community.® Despite its popularity, Reuters-21578
presents a number of disadvantages, particularly that of overall
size (only 21 578 documents). By contrast, RCV1 is 35 times
larger. Reuters-21578 covers only a fraction of a year, with
somewhat inconsistent coverage of that time period, whereas
RCV1 covers a complete year of editorial output, allowing the
investigation of temporal issues. In addition, RCV 1 was created
from a news archive product (i.e., a database) rather than a
raw newswire feed, which helps to ensure consistency (fewer
duplicates, corrections, brief alerts, etc.). But one advantage
of the older collection is that a lot of effort has been put into
identifying suitable training/test splits for various applications,
particularly those of text categorization and machine learning.
In fact, Reuters-21578 constitutes a benchmark for algorithm
comparison within the research community, while work on the
new corpus is still developing.

Categories for RCV1 are hierarchically organized into
four top-level nodes: corporate/industrial (CCAT), economics
(ECAT), government/social (GCAT), and markets (MCAT).
There are 103 categories currently assigned to the data. In
the second column of Table II (documents), the total number
of positive documents for the ten most populated classes of
RCV1 is given. Besides the four top-level categories, the most
populated are GPOL (domestic politics in the GCAT hierarchy),
C15 (performance in the CCAT hierarchy), C151 and C152 (ac-
counts/earnings and comment/forecasts in the C15 hierarchy),
and M13 and M 14 (commodity markets and money markets in
the MCAT hierarchy).

®RCV1 is available at http://about.reuters.com/researchandstandards/corpus/
available.asp.

TABLE III
CONTINGENCY TABLE FOR BINARY CLASSIFICATION

Class Positive Class Negative
Assigned Positive a b
(True Positives) (False Positives)

Assigned Negative c
(False Negatives)  (True Negatives)

For training, RCV1 defines 22 370 documents that should be
used. For testing, we selected the first 50 000 documents not used
for training. The third and fourth columns of Table II (training
and test) show the effective number of positive documents used
for training and testing, respectively. These are the ratios used
throughout this paper, and when subsets are used, we choose
them randomly.

C. Performance Metrics

In order to evaluate a binary decision task, we first define a
contingency matrix representing the possible outcomes of the
classification, as shown in Table III.

Several measures have been defined based on this con-
tingency table, such as, error rate ((b+c¢)/(a+ b+ c+d)),
recall ((a)/(a + ¢)), and precision ((a)/(a + b)), as well as
combined measures, such as, the van Rijsbergen Fj3 mea-
sure [30], which combines recall and precision in a single score,
Fs = ((8*+1)P x R)/(#?P + R). The latter is one of the
measures best-suited to text classification [31] used with 3 = 1,
i.e., F1, and thus, the results reported in this paper are macroav-
eraged F| values, i.e., performance measures are computed
separately for each category and the average of the resulting
performance is taken.

VI. EXPERIMENTAL RESULTS

This section presents the results obtained in terms of process-
ing time and classification performance. The proposed frame-
work for distributed text classification is tested on the Reuters-
21578 and RCV1 datasets with the SVM and RVM models,
as well as with their ensemble versions. Experiments are con-
ducted in both Condor and Alchemi distributed environments,
while a centralized approach is used for comparison. We start
with initial and optimized DAG structures, and then detail the
classification and processing time results.

A. Initial DAG

Using the procedure described in Section IV-A for Reuters-
21578 dataset trained with SVMs, the graph in Fig. 6 is easily
reached. The acquisition task (A) is divided into 11 subtasks
(AO-A10) due to the distributed nature of the used dataset, and
these subdivided tasks are, as mentioned in Section IV-A, simply
gathered by tasks represented with an apostrophe (A’0-A’3).

Likewise, the parsing task (B) is divided into training and
testing sets parsing (B0 and B1), the straightforward functional
division, as is scaling (EO and E1). Building (training and test-
ing) datasets is fully parallelized into 20 subtasks (FO-F9 for
training sets and F10-F19 for testing sets). Since there are ten
categories, this is a standard procedure. Finally, training and
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Fig. 6.

Text-classification dataflow, represented using a DAG with arrows identifying task dependencies with underlying file exchange. When a new input

document is presented to the system and there is no need to update the models, only the files and the subtasks with underlined bottom part are involved.

testing are also divided into one task for each category (GO-G9
for training and HO-H9 for testing).

Also notice that, when a new document is presented to the
system and there is no need to update the classification models,
only files and subtasks indicated by the underlined bottom part
are involved in the processing.

The initial DAGs for the other settings are extremely similar
to this one; therefore, we refrain from presenting them. The
main changes are in the number of subtasks (essentially in the
input and the learning phases). In fact, the construction of this
initial DAG is straightforward for any text-classification dataset
and inductive learning algorithm.

B. Optimized DAGs

In this section, we will apply the general approach proposed
in Section IV-B to the different settings, namely datasets and
learning algorithms. We start by fully describing its application
to the initial DAG just presented for SVMs, and then point out
the differences when applied to the other cases.

Reuters-21578:

1) Tasks A, B, and C exchange many intermediate files not
needed in other tasks, and therefore, were agglomerated in
an ABC task. To avoid time-consuming experimentation,
the suitable number of subtasks (for the main tasks as well
as for the gathering tasks) was determined using the model
of the environment explained in Section I'V-B.

Tasks C” and D were joined to combine both partial dic-
tionaries and their document frequencies into the global
dictionary and its cleaning. In the latter case, functional
agglomeration was performed to reduce file transfer.

The task of building training and test sets (F) with SVMs
creates large intermediate files for each category, only
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Fig. 7.  Text-classification DAG for the SVM model with Reuters-21578.

needed by the subsequent training (G) or testing (H) tasks.
For this reason, new joined tasks (FG and FH) were cre-
ated, reducing the overall file transfer.

Similarly to the procedure used with the ABC tasks, the
processing times of FG and FH tasks were evaluated to
determine the suitable number of subtasks. In both cases,
the optimal number of FG and FH subtasks for Condor
is two, each one taking care of building or testing five
classification models.

As a result of these modifications, we finally reached the
refined DAG shown in Fig. 7.

SVM, RCV1:

1) For the tasks ABC and FH the model proposed in [14]
suggests ten and five subtasks, respectively, i.e., the opti-
mized balance between computation load of a node and
communication overload of partitioning is thus achieved.
As the gathered training and test sets are much larger than
for the Reuters-21578 dataset, task E was identified as a
bottleneck, so it was split into a training task and ten test
tasks, as represented in Fig. 8.

4)

2)
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Fig. 9. Text-classification DAG for the RVM model with the Reuters-21578.

RVM, Both Datasets:

1) Since the datasets are the same as with SVMs, there are
no changes in the preprocessing tasks.

2) RVMs learning times are much longer, and therefore,
training sets with 2000 training documents were defined.

3) Additional reorganization of training and testing tasks is
necessary, since the software package’ requires the simul-
taneous input of training and test sets. A joined training
and test task, named FGH, was defined.

4) Since the computation largely prevails over communica-
tion, it is reasonable to arrange subtasks in such a way that
each of them handles training and testing of one of the ten
classification models. The refined DAG for Reuters-21578
is given in Fig. 9.

5) In the case of the RCV1 dataset, the training and testing
part of the DAG remain unchanged, whereas the initial
preprocessing part is the same as the RCV1 with SVMs.

SVM Ensemble, Both Datasets:

1) To adapt the optimized DAG presented in Fig. 7, the learn-
ing and evaluation components had to be modified. The
training and testing tasks (FG and FH) were thus quadru-
pled to represent the four different learning machines that
constitute the ensemble, as shown in Fig. 10. Moreover,
after these tasks, a new dependent task (task I in Fig. 10)
was created to implement the ensemble majority voting
between the SVM classifiers.

RVM Ensemble, Both Datasets:

1) As with the SVM ensemble, for the RVM ensemble, the
changes on the baseline DAG are mainly in the learn-
ing and testing tasks (GH). Using the DAG in Fig. 9 as
baseline, the RVM ensemble adds an extra task (I) for

7http://www.miketipping.com/index.php?page=rvm
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Fig. 10. Text-classification DAG for the ensemble SVM model with the
Reuters-21578.

TABLE IV
PROCESSING TIMES USING SVM FOR REUTERS-21578 (IN SECONDS) AND
PERCENTAGE OF IMPROVEMENT COMPARED WITH INITIAL VERSIONS (%)

Sequential Condor Alchemi
Initial DAG 516 1487 1075
Optimized DAG 516 543 (-64%) 242 (-78%)

the ensemble (as in Fig. 10) and 70 FGH nodes (seven
for each one of the ten categories in the baseline setting),
which makes it difficult to graphically reproduce it here.

C. Processing Times

Each setting presented in this section was tested with 30
runs to establish confidence bounds, and thus, ensure statistical
significance using standard deviation. The rationale for this pro-
cedure is that, even though the processing times vary slightly in
a centralized approach, differences between runs can be signif-
icant in distributed environments.

To compare the difference between initial and optimized
DAGs, we present in Table IV the processing times for the first
DAG emerging directly from the original dataflow (see Fig. 6)
and also for the corresponding optimized DAGs for Alchemi
and Condor (including the percentage of variation from initial
to optimized versions), using SVM models for Reuters-21578.

The initial distributed nonoptimized DAGs are undeni-
ably worse than the sequential approach. This shows how a
straightforward deployment in a distributed environment can
have adverse effects on processing times, since the distributed
text-classification systems approximately double the central-
ized approach sequential time. Hence, when distributing text-
classification tasks (and, in fact, any task), care should be taken
to optimize the deployment, as can be realized from the op-
timized versions results. With some effort of analysis of the
distributed environment, an improved solution can be reached,
taking full advantage of the computational resources available in
the cluster environment. Even for small datasets as the Reuters-
21578, gains can be achieved. In this case, Alchemi can reduce
by half the processing time (from 516 to 242 s, —53%), while
Condor remains competitive (from 516 to 543 s, +5%).

In Table V, we present for each dataset the complete results
of the processing times for the optimized DAGs, including the
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TABLE V
PROCESSING TIMES FOR THE OPTIMIZED DAGS (IN SECONDS) AND
PERCENTAGE OF IMPROVEMENT COMPARED WITH INITIAL VERSIONS (%)

R21578 Sequential Condor Alchemi
SVM 516 543 (+5%) 242 (-53%)
RVM 2349 771 (-67%) 735 (-69%)
SVM Ensemble 610 632 (+4%) 472 (-23%)
RVM Ensemble 2960 846 (-71%) 745 (-75%)
RCVI1 Sequential Condor Alchemi
SVM 5678 2261 (-60%) 1251 (-78%)
RVM 3201 971 (-70%) 874 (-73%)
SVM Ensemble 3700 1690 (-54%) 1171 (-68%)
RVM Ensemble 7365 1486 (-78%) 1423 (-81%)
(a) 6000 : n (b T . .
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Fig. 11.  Final DAG processing times. (a) Baseline algorithms. (b) Ensembles.

percentage of variation. Given the cluster environment, the stan-
dard deviations resulting from the 30 experiments were remark-
ably small, ascertaining the significance of these average results.

The performances are far more expressive for the RCV1
dataset, since it is 35 times larger than the Reuters-21578, which
affects both communication and execution. In fact, for Reuters-
21578 with SVM, Condor presents in some settings larger pro-
cessing times. Nonetheless, the distributed approach definitely
shows significant improvements, specially for RVMs where the
processing times decrease by around three times.

Concerning the ensemble strategy, similar trends to the sin-
gle learning machine approach are observed. As the learning
burden is much larger, the effect of communication and service
requirements is less pronounced, leading to even more signifi-
cant improvement in processing times.

Fig. 11 graphically depicts the processing times for the
baseline algorithms [see Fig. 11(a)] and the ensembles [see
Fig. 11(b)]. The four settings exhibit the same trend, regardless
of the tested dataset. Alchemi always presents a better process-
ing time than Condor, and Condor is generally better than the
sequential approach.

D. Classification Performance

In terms of classification performance, baseline SVMs gen-
erally provide better average results than RVMs for the same
datasets. As can be seen in Table VI (top), the macroaveraged
baseline performance presented in the last lines of the table dif-
fers by around 10% (from 79.68% to 70.96% for Reuters-21578
and from 61.91% to 49.64% for RCV1). It must be stressed,
however, that an RVM uses only a fraction (2000) of the train-

TABLE VI
R21578 F; RESULTS
Baseline Ensemble
Category SVM RVM SVM RVM
Earn 98.14% 97.52% 9791% 97.03%
Acquisitions  95.59%  91.57%  95.75%  93.59%
Money-fx 74.64%  57.14%  77.24%  69.62%
Grain 82.76%  76.52%  86.18%  80.30%
Crude 84.87%  69.51%  87.12%  70.86%
Trade 69.90% 5027%  74.67%  68.57%
Interest 74.73%  58.29%  76.68%  62.92%
Ship 70.59%  66.21%  79.19%  62.77%
Wheat 75.63%  75.18%  83.72%  T7.17%
Corn 70.00%  67.37%  79.17%  66.67%
Average 79.68%  70.96%  83.75%  T4.95%
RCV1 Fj RESULTS
Baseline Ensemble

Category SVM RVM SVM RVM
CCAT 92.78%  82.99%  92.27%  81.55%
GCAT 56.63%  35.83%  62.40%  40.86%
MCAT 90.72%  76.36%  91.40%  77.78%
Cl15 71.92%  7647%  78.66%  75.13%
ECAT 7497%  60.43%  80.11%  65.68%
M14 7239%  58.72%  78.33% 71.43%
Cl151 16.01%  31.48%  47.43%  32.95%
C152 5.18% 4.93% 6.13% 3.07%
GPOL 68.78%  57.07%  75.24%  64.37%
M13 69.69%  66.12%  85.52%  75.02%
Average 6191% 49.64%  69.45%  58.78%

ing examples due to the computational constraints, while SVMs
use the entire training set. Note also that categories C151 and
C152 from RCV1 dataset present worse results than the rest, be-
cause they are hierarchically lower in the hierarchy, thus having
significantly less positive examples (see Table II).

The ensemble strategy generally improves the classification
performance comparing with a single learning machine, while
maintaining relative performance—around 10% difference from
83.75% to 69.45% for Reuters-21578 and from 69.45% to
58.78% for RCV 1, as shown in the last line of Table VI (bottom).
The four ensemble SVMs were built by varying parameters us-
ing all training samples for each classifier, while for all RVM
machines, the same learning parameters and different training
samples were used in random subsets of 1000 documents. Con-
sidering that SVM and RVM present state-of-the-art results for
text classification, their improvement with the ensemble strategy
constitutes progress in terms of classification performance.

VII. DISCUSSION

The results presented in the previous section are twofold. On
one hand, we have exploited SVMs and RVMs state-of-the-
art learning algorithms and expanded them by using ensemble
strategies. On the other hand, the major novelty of our paper
resides in their distribution in a cluster environment. Both con-
tributions are mutually supporting. The deployment in the dis-
tributed environment would not be as providential as was shown,
if demanding ensemble methods were not put forward.

Starting to discuss the classification performance (see
Table VI), it is evident that SVMs generally perform better
than RVMs. This occurs, as noted earlier, due to known scaling
problems of the RVMs’ that do not allow the use of all train-
ing examples. With more training examples, the results would
improve. Nevertheless, RVMs maintain a competitive edge and
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still provide a number of other nonevident benefits, such as
probabilistic outputs.

The ensemble strategy combines diverse classifiers expect-
ing that their error patterns are different and can compensate
one another. For instance, when using different classifiers, it is
more likely that at any time, only a minority is mistaken, and
thus, the ensemble can provide the right classification. Compar-
ing baseline kernel-based machines with ensemble strategies is,
as expected, favorable to ensemble strategies, reinforcing the
idea that no single classifier is always best. The approaches for
RVMs and SVMs were different. In SVM, this improvement is
achieved through classifier diversity, a fundamental character-
istic of ensembles, while for RVM, the profit is accomplished
by subsampling the training set. This procedure also circum-
vents the computational burden of RVMs, by using a divide
and conquer strategy, resulting in a set of prototype RVs that
generalize over all the training set. Considering that SVMs and
RVMs present state-of-the-art results for text classification, their
improvement with the ensemble strategy amounts to a progress
in terms of classification performance. For Reuters-21578, the
improvement is around 4%, and for RCV1, around 8%, inde-
pendently of the learning machine.

Concerning the processing times, we will now discuss the set-
tings and results depicted in Fig. 11. These results were achieved
for the optimized versions of the DAGs obtained by applying
the set of guidelines given in Section IV-B. This procedure is
fairly general and can be applied to any constructed initial DAG.
In this paper, we used the text-classification workflow presented
in Section II, but, in fact, the distribution procedure can be gen-
eralized to any DAG, e.g., for different text processing tasks.
Additionally, the guidelines are to some extent heuristic, and
thus, can result in different optimized DAGs. The proficiency in
their application is nevertheless easy to achieve, as demonstrated
by the results presented in these case studies.

Establishing a direct comparison between the distributed mid-
dleware platforms Condor and Alchemi, a dominance of Al-
chemi over Condor is noticeable. Condor is a superb tool for
high-throughput computing, i.e., heavy computational burdens
where the amount of work done is more important than a user
waiting for an output. Thus, it is not really equipped with ef-
fective interactive tools to deal with highly dependent tasks
like the ones defined for text classification. On the other hand,
Alchemi is internally much simpler, having less demanding ser-
vices, and therefore, deals better with task management, which
is especially pronounced in frequent handling of tasks when
file transfer prevails over the execution burden. Nevertheless,
Condor still provides a competitive result, especially when the
computational needs are more demanding, viz., RCV1 dataset
or ensemble strategies.

In terms of learning algorithms, comparing SVMs and RVMs,
the latter exhibit better potential for parallelization, because
there is a clear improvement even for the smaller Reuters-12578
dataset. This result was foreseeable since RVMs have noticeably
larger computational burdens and were, in fact, parallelized us-
ing data partitioning of the inputs. Even so, when the compari-
son is narrowed to the RCV 1 dataset, the improvements for both
learning algorithms are comparable and still noteworthy.

One of the most interesting results is in the deployment of
ensemble strategies in the cluster distributed environment, as can
be gleaned from Fig. 11(b). There is an impressive improvement
for the most demanding setting, i.e., RCV1 ensemble, that is
evident both for Condor and Alchemi. This result inspires the
use of the proposed framework in greater paths, where more
ambitious learning techniques can be devised, viz., voting by
consensus and boosting.

VIII. CONCLUSION

In this paper, we have proposed a new systematic distributed
ensemble framework to tackle important text-classification chal-
lenges, namely, the overload of digital texts and the growth of
algorithms’ complexity. We described a strategy for efficient
deployment of a text-classification workflow in a cluster dis-
tributed environment and presented extensive validation of the
proposed framework with different case studies. We use two
different benchmarks from Reuters, and different learning algo-
rithms and learning strategies.

The framework is based on a kernel-based ensemble system,
which uses different baseline kernel classifiers. Specifically, we
used SVMs, which, while exhibiting extraordinary generaliza-
tion capabilities, also scale linearly with the training set. On the
other hand, we also made use of RVMs, capable of introduc-
ing Bayesian priors which, using a priori knowledge, make the
model generalize well and incorporate our preferences into the
learning algorithm.

The ensemble of kernel-based machines is able to surpass
both baseline kernel-based machines by circumventing poor
decisions with a strong correct majority of classifiers. One of
the appealing factors is that these results were achieved with
different approaches to build the ensemble system. While for
SVMs, it was constructed using classifier diversity, for RVMs,
the ensemble is accomplished by subsampling the training set.

A very important component of this paper is the deployment
of the text-classification workflow in a cluster distributed envi-
ronment. We started by defining a general workflow, easily used
in most text-classification tasks, and moreover, easily adaptable
to other learning tasks, with different learning algorithms, and
even different purposes. We showed how a thoughtless deploy-
ment can be inadequate, and proposed a simple and efficient set
of guidelines to optimize a DAG. These guidelines constitute a
strategy that combines both task and data decomposition, based
on partitioning, communication, agglomeration, and mapping
to define and optimize the graph of dependent tasks.

Our results relate both to classification performance and pro-
cessing time, and were achieved using diverse benchmarks. The
processing time of a text-classification problem depends on the
size of datasets, on the complexity of classification algorithms,
and on the deployment in the distributed environment. Process-
ing times taken over 30 runs have shown remarkable improve-
ments over sequential approaches, with little overhead, which
was the main purpose of this paper. Moreover, the deployment
of ensemble techniques added an improvement in classifica-
tion performance over state-of-the-art kernel-based machines.
We prove experimentally the well-known effect that the parallel
processing of the deployed text-classification tasks increases the
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performance compared to the sequential processing of the same
tasks.

Further research is foreseen in expanding the learning abilities
of the classifiers in the distributed environment, particularly
by using more complex learning strategies, such as voting by
consensus and boosting, now feasible due to the reduction in
processing times obtained.
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