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SUMMARY

Data mining is more and more used in biology. Biologists adopt prototyping languages, like R and Matlab,
to facilitate the application of data mining algorithms to their data. A side effect is that their scripts
become more and more complex and also require frequent updates. Application to large datasets becomes
impractical and the time-to-paper increases. On the other side, high performance computing systems usually
require procedures to be translated into specific languages or adapted to a certain computing platform.
Such modifications account for speeding up the processing. The translation is not automatic, especially in
complex cases and can require large programming effort and accurate validation. In this paper, we propose
an approach to parallelise data mining procedures coming in the form of compiled software or R scripts
developed by biologists’ communities of practice. Our approach is not invasive and possibly does not alter
the original code. Furthermore, it allows for fast updating when a new version is ready. We clarify the
constraints and the benefits of our method and report a practical use case to demonstrate such benefits with
respect to a standard execution. Our approach relies on a distributed network of web services and eventually
exposes the algorithms as-a-Service, to be invoked by remote thin clients. Copyright © 0000 John Wiley &
Sons, Ltd.
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1. INTRODUCTION

Data mining techniques have become fundamental in computational biology. Applications in this
field range from predicting the effect of climate change on species distributions [1, 2, 3], to
the investigation about fundamental traits in life history [4, 5, 6]. Machine learning techniques
allow the extraction of relationships from observed phenomena and help biologists in overcoming
the limitations imposed by manual analysis. Also, biologists have learned to develop prototypes
in scripting languages like R and Matlab, which provide a large set of precooked state-of-
the art techniques as well as a lightweight programming style. One side effect of this, is that
several issues arise in terms of (i) managing scripts updates and ownership, (ii) applying parallel
processing techniques, (iif) managing several interpreters versions and execution environments, (iv)
overcoming licensing issues for not free of use languages. More in details, prototypes usually pay
poor attention to the efficiency of the computation, which ends in impractical applications to large
datasets. Furthermore, scripts developed by biologists need frequent updates. Biologists would also
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2 G. CORO ET AL.

like to keep the ownership and the control on every step made by the procedures. This scenario
makes it difficult to communicate with the world of Cloud Computing, which usually needs the
scripts to be adapted or translated into some high efficiency language. Furthermore, automatic
translation is not effective in the case of complex scripts. Aside of efficiency issues, other difficulties
arise while meeting biologists’ requirements. We classify such difficulties in (i) issues related to the
usage of scripting languages and (ii) issues related to the usage of compiled programs. Scripting
languages are either not free of use (e.g. Matlab) or are strongly dependent on the version of the
interpreter (e.g. the R scripting language). If a service or an integrated development environment
(IDE) has to execute R scripts developed by multiple communities of practice, it shall manage
issues related to the interpreters versions and to the Operating Systems in which the scripts have
been developed. It is very difficult to impose the usage of one single R interpreter version to all
the developers. On the other side, downgrading a complex script to an earlier version of the R
interpreter, requires the script to use earlier versions of the depending packages. For several data
mining libraries this could end in machine learning models that do not converge, given the same
input data and parameters. In other words, an R script that was tested against a certain version of
the R interpreter, should be run using the same version. This consideration applies also to many
other scripting languages. For compiled programs, instead, the requirement is more strict, because
these need specific hardware to be properly executed. Without having access to the source code, one
possible way to parallelise the procedure is to execute the same code on different disjoint subsets
of the input space [7]. In this case, the compiled program is executed simultaneously on portions of
the input space, where the union of these portions is the input space itself. These disjoint subsets
shall be prepared before executing the parallel processes. This approach imposes constraints on the
classes of algorithms that can be brought on a Cloud computing platform without modifying the
source code. In our experience on the processes for marine species [?, 8] as well as for plants [9],
we found that many of these processes satisfy such constraints. Such processes usually require the
application of a sequence of data mining algorithms, each of which can be parallelised on the input
space in the most cases.

Complex processes can be built as workflows using these algorithms in cascade. For example, the
generation of a distribution map by means of the niche model of a species [10] usually requires (i)
a data preparation phase, (ii) a probability calculation phase and (iii) a map generation process.
In the first phase, tables are produced on the basis of environmental information collected at
locations where the species presence/absence assessment was performed. In the second phase, the
model calculates a presence probability value for each location, according to its environmental
characteristics. The locations are usually analysed independently on the others. Finally, a map is
produced by transforming each assessed location into a GIS geometry. Each of the steps in this
specific workflow is a process that can be parallelised on the number of locations to be assessed,
because these are treated as independent elements. Other examples of workflows that can be
parallelised, are those processes that search in taxa names repositories [11], where a large number of
scientific names must be checked to be possible correct transcriptions for an input scientific name.

In this paper, we present a system (gCube Statistical Manager or simply Statistical Manager)
that meets the requirements of this scenario. For both R scripts and compiled programs, it executes
the original software coming from biologists (native programs) in parallel fashion. In the case of
R scripts, the system selects the most appropriate interpreter. In the case of compiled Java or
C programs, it selects the best platform to execute them, among the available ones in a Cloud
computing infrastructure. Thus, it allows the reuse of native programs just in the environments
where they have been developed and tested. Our system comes with a development framework that
allows one to distribute and parallelise the execution of programs in an easy way. The Statistical
Manager is based on a network of web services and on a Cloud computing architecture. This system
eventually supplies the integrated algorithms as-a-Service, for use by thin clients.

The paper is organized as follows. Section 2 gives an overview of multi-user systems that apply
data mining to biology datasets using parallel processing. It also reports on systems for developing
prototypes and on platforms supporting the integration of multiple programming languages. The
section highlights the complementarity between our system and other ones. Section 3 describes
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our platform and the development framework we provide to enable parallel processing on native
programs, along with their limitations and benefits. Section 4 reports a practical use case, on the
parallelisation of an R script to estimate the relationships between the lengths and weights of a set
of marine species. It demonstrates the practical benefits of our solution in this case. Finally, Section
5 draws the conclusions.

2. OVERVIEW

In this section, we report an overview of systems that address the parallelisation of procedures
developed by a certain community of practice. First, we mention approaches aiming at enhancing
R scripts processing. Then we present more general purpose approaches that manage the execution
of software written in several programming languages (including R), along with the issues they
experienced. Further, we report about platforms enabling Cloud and Grid computing for algorithms
developed by heterogeneous communities of practice, with a particular attention to those accepting
also R scripts. We also mention solutions for building complex algorithms that can combine parallel
processing algorithms. Finally, we clarify the complementary aspects of our system with respect to
the reported ones.

Most approaches to the parallelisation of procedures developed by communities of practice,
face the problem from the point of view of the communities themselves. They usually try to
approach the problem in the minimal invasive way. This is the case, for example, of R libraries
that enable parallel processing. The work by Schmidberger et al. [12] reports several approaches in
this direction. The authors highlight the increasing interest around high performance computing
with R, especially in Bioinformatics. The most reported approaches use wrappers for running
scripts on parallel processing infrastructures [13, 14]. Schmidberger et al. also report techniques
to improve R code. These involve either optimizing code efficiency [15] or making the scripts
interact with (or be executed on) external Grid or Cluster computing systems compliant with R
[16, 17, 18]. In particular, R scripts can invoke external computing systems to parallelise some steps
of a process, otherwise the scripts can be entirely executed on a Grid or on a Cloud computing
system. However, these solutions are usually able to execute R scripts only and cannot be used
for programs developed with other programming languages. Furthermore they are tight to a certain
version of the R interpreter.

A more general purpose solution is reported in [19]. The authors describe the MGET multi-
platform and framework. This is a Python-based set of tools to integrate software written in several
languages, for applications to marine and geo-spatial processing. The main aim of this system is
to reduce the effort and knowledge required to a biologist to integrate tools that account for geo-
spatial processing and data mining. On the other side, MGET presents several limitations. It is a
desktop software that is not natively integrated with parallel processing platforms. Furthermore, the
authors report that developers experienced difficulties in running non-Python software, especially
in the case of R. In particular, difficulties were naturally found in managing different versions of the
R interpreter and of the packages linked by the scripts. The authors were forced to translate most R
scripts into Python, to achieve full working integration.

Many works highlight the importance to integrate R scripts, even by non R-native platforms. This
is due to the many packages developed for R, and many communities of users adopt this language for
prototyping. Platforms integrating multiple programming languages are present too. One example
is RapidMiner [20], which embeds R as well as external programs in a desktop platform.

Several platforms are also available to make communities of practice use Cloud or Grid
computing in an easy way. For example, Yabi [21] is a Python based architecture that is able to plug-
in execution and data backends. It enables seamless and transparent access to heterogeneous HPC
environments. It also provides workflows managements tools. Yabi also pays attention to usability
issues and is strongly oriented to users which are not familiar with Grid or Cloud computing setup.
Usability is a key feature for attracting communities of practice.

Systems addressing easy parallelisation of software adopt various approaches. For example,
Apache Hadoop [22] is able to distribute external code onto several nodes. The parallelisation
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adopts a Map-Reduce approach. The input space is usually split into subsets and these are passed
to computational nodes. However, using Hadoop requires experience in setting up the Map-Reduce
process. Furthermore, it does not account for the suitability of the platform to the native software by
default. For example, if the Hadoop nodes run an R 2.14.0 interpreter, they will not likely be able to
execute scripts developed with R 3.0.0. This coherence check is not natively managed by Hadoop.
In a similar way, other cloud computing systems exist, which support software parallelisation with
minimal code adaptation [23]. However, they usually require that system integrators understand the
contents of the native code or even to translate it.

Other systems, like Workflow Management Systems (WMSs), are able to combine algorithms
into workflows in a flexible way. WMSs can be a valid solution to manage the complex
algorithms mentioned in the previous section. They strongly separate algorithms invocations from
the interaction among these algorithms. WMSs allow users with basic programming experience to
combine algorithms and perform complex analyses. The algorithms are the atomic steps of the
workflows and can be executed by remote systems, possibly using parallel processing. Formal
definitions of input and output types and other metadata allow users to understand and reuse
algorithms in other workflows. Examples of WMSs with applications to computational biology
are Taverna [24] and Galaxy [25].

Our proposal presents complementary aspects with respect to the above systems. It adopts the
point of view of the communities of practice. In the same way as Hadoop, our system parallelises the
process on the input space using a Map-Reduce approach. However, we spent effort in making this as
easy as possible. We provide simple procedures to alter the native software, on-the-fly and during a
computation, when necessary and possible. In the case a script had to be altered, our system provides
basic methods to inject code, in order to make it run on a subset of the input data. Furthermore,
our system is Java-based and can be installed on several operating systems. This means that the
choice of the platform on which the user’s software will be delivered is flexible. As explained in
the next section, we introduce a mechanism to select the most suitable machine, given standardized
specifications about the native software to execute. For example, this allows R scripts to be executed
by a suitable interpreter. In a similar way to Yabi, our system distributes the native software that has
been integrated as-a-Service, by means of a distributed network of web services. We paid attention
to the usability of our system when building a web-based user interface for non-programmers. This
user interface is self maintained and dynamically generated (cf. Fig. 2). Furthermore, we provide
a thin client and a SOAP [26] interface for integrations by external programs. In particular, the
SOAP protocol [27] allows a client and a web server to exchange structured information and to
embed XML documents containing structured objects and callable methods definitions. SOAP is a
common choice for a protocol to interact with web services and can be used by different transport
protocols.

Last but not least, the Statistical Manager is a distinguishing and integral component of the gCube
Software System [28, 29]. gCube enables to build and operate Hybrid Data Infrastructures [30]
enabling Virtual Research Environments (VREs) [31], the Statistical Manager permit to add an
open and configurable data analytic environment to every VRE. These are the main novelties of our
approach, which are detailed in Section 3.

3. METHOD

In this section we describe the details of our solution. In Section 3.1 we explain the system
architecture based on a network of web services. In Section 3.2, we clarify how to expand the system
capabilities by introducing new algorithms. Section 3.3 describes how the platform enables parallel
processing for native language algorithms, and how it accounts for matching the most appropriate
running platform. Section 3.4 explains how the system provides algorithms as-a-Service. Finally,
Section 3.5 clarifies the limitations and the benefits of our solution.
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3.1. System architecture

The Statistical Manager (SM) architecture was formerly introduced in [7] as a Cloud computing
system and here we present an enhanced version. It is depicted in Figure 1.

The SM is conceived to work as a dynamic cluster of replicated SM service instances, i.e. new
SM instances can be added to the cluster on the fly and all the instances have equal capabilities
in terms of hosted algorithms. Clients interact with the SM cluster via a message queue and each
message (e.g. retrieving the list of algorithms or the computations products) is managed by the
service instance that is not busy. Request for computing tasks can be executed locally to the SM
instance or dispatched to a distributed computing platform. An Information System (IS) is used to
provide the service instances forming the cluster with up to date information about their siblings
presence and status as well as about the rest of services forming the computational platform and
the underlying infrastructure. From the SM perspective, the IS stores information about (i) the IP
addresses of the services, (i7) their roles in the computations, (iii) the computational environment
offered by the respective machines. More in details, some machines are purely Worker nodes, which
only execute programs as external programs. They can lay in a gCube based computational e-
Infrastructure, otherwise they can be either Hadoop or Microsoft Windows Azure [32] nodes. The
nodes can be endowed with different Operating Systems, R interpreters and execution environments
for software.

With respect to the system in [7], we added the possibility for the IS to be aware of the operating
system and of all the software running on the machines. On top of this, we built a matching
mechanism that is able to supply a program with the appropriate platform to be executed on. Such
information is specified on the IS by the system administrator, when indexing a new available node.
Information includes (i) the version of the R interpreter running on the machine, (ii) the version
of the Java Runtime Environment, (ii7) the machine architecture and the installed operating system.
The system administrator specifies such characteristics on the basis of a common vocabulary defined
in the framework specifications [33].

The SM adopts a Map-Reduce approach for computing. A queue-based messaging system
dispatches information about the computation to the nodes. Such information is made up of a
sequence of messages, each including the following: (i) the location of an accessible storage area
containing the software to execute, (i) indication on how to take a chunk of the input data space,
i.e. the portion of the input to process, (iif) an accessible location for the data to process, (iv)
the algorithm name and its parameters. The software and the data are then downloaded by each
node. Workers are data and software agnostic, which means that when ready to perform a task,
they consume information from the queue and execute the software in a sandbox, passing the
experimental parameters as input. This allows to manage security and memory issues. Eventually,
the outputs of the algorithms are stored as tables or files by relying on the shared storage facilities.
One PostgreSQL database, shared among the services, is used to store low-size tables. For large
datasets and for all kinds of files, a distributed storage system based on MongoDB [34] is used,
which ensures high availability and scalability.

During the computation not all the workers are employed. As explained in the next section, when
a new algorithm is deployed, the developer specifies the kind of execution environment on which
it can run. This information can include (i) a specific version of the R interpreter, (if) a compatible
version of the Java Runtime Environment, (iii) a compatible computer architecture and operative
system on which the program can run. When the Statistical Manager starts the processing phase,
it first prepares the software to be distributed to the nodes and the information required to build
the computation messages. Later, it asks the IS for a list of workers supporting a suitable platform
for the algorithm. If there are not suitable Worker nodes available, the SM does not execute the
computation and alerts the client about a lack of resources. Otherwise, it accepts the request and
attaches platform indications to the messages in the execution queue. The Worker nodes consume
the queue messages, check if they meet the indicated platform requirements and possibly start the
processing. At the end of the computation, the output is stored either on the central PostgresSQL
instance (in the case of low-size tables) or on MongoDB (for files and large datasets).
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Our system implements a Map-Reduce approach. It can typically manage cases in which one
algorithm has to process the product of two data matrices. The SM assumes that it is possible to
parallelise the computation by dividing one of the matrices into chunks. This allows the reuse of
original programs in the environments where they were developed and tested. Thus, parallelisation
occurs at the level of the input space. If the algorithm can be natively applied to a subset of the input
space, the benefits of this approach are straightforward. Otherwise, code injection methods shall be
applied when source code is available. This comes as part of the SM development framework, as
explained in Section 3.3.

3.2. Adding new algorithms

The SM allows to add new algorithms as plugins. One enhancement with respect to the system
described in [7], is that these algorithms can be also non-Java programs. The system comes with
a development framework which is part of the gCube framework [28]. A software developer
who wanted to contribute to extend the service capabilities, would have to develop a Java class
implementing one basic Java Interface. For a new algorithm, this defines its inputs and outputs as
well as its platform requirements.

In the case of non-Java software, e.g. R scripts or C programs, the Java class acts as a wrapper. In
this case, the framework helps developers by providing functionalities to invoke external programs,
with algorithms parameters passed as inputs. The wrapper is the bridge between our framework and
the native program. The developer must invoke the external program indicating the location of the
input data. As explained before, the SM and the Worker nodes are responsible for materializing
the data in the folder where the wrapper and the native software will be executed. During the
computation, the wrapper will be delivered to the nodes along with the native program and with
a subset of the input space.

To help the SM in distributing the computation, three indications are essential when implementing
the wrapper: (i) the wrapper must specify which are the inputs and the outputs of the algorithm,
according to a set of predefined input types, (ii) it must specify which input data matrix the SM
has to divide into chunks, (iii) it must include suitable running platform indications, according
to a controlled vocabulary. The Java Interface to implement suggests methods to provide such
information to the SM. The Interface also forces to specify what happens in the Reduce phase of the
process. The wrapper requires users to specify a method named postProcess, in which the output
by the computing nodes can be merged or revised, for example to delete duplicates in a table. The
Statistical Manager framework allows to retrieve files possibly produced by the Worker nodes, using
the D4Science e-Infrastructure facilities. In particular, the distributed storage system mentioned in
the previous section also acts as a shared file system for output files. Otherwise, an algorithm can
retrieve connection parameters to the shared PostgresSQL database, in order to access an output
table.

From the point of view of the SM, and in very general terms, an algorithm can fall in one of
3 cases: non-parallelisable, parallelisable and parallelisable after modifications. In Section 3.3, we
explain how an algorithm is managed when it falls in one of the two last cases. If the algorithm
cannot be parallelised, the SM system can be forced to execute it on one single machine. As
explained in Section 3.3, one limitation of our approach is that the user shall know a priori if
the algorithm can be parallelised by means of a Map-Reduce approach. On the other hand, the SM
framework is endowed with a set of tools that help the user in such task. During the development
phase, the user is alerted about the possible contraindication of forcing parallel processing on a
sequential process [33]. Furthermore, the Statistical Manager framework is endowed with a local
testing suite that allows users to verify the correctness of the output of the algorithm running on
the Cloud computing system [35]. This local testing suite is able to distribute the algorithm from a
local-computer development environment, based on the Eclipse IDE, onto a set of testing machines.
The testing machines are currently part of the D4Science e-Infrastructure [36]. This preliminary
testing phase is important for the developer to understand if the output of the parallel process is
the same as the one of the sequential execution. Afterwards, since the SM is part of the D4Science
e-Infrastructure, the algorithm publication process shall pass through the D4Science deployment
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workflow [29, 37] in order to be published through the e-Infrastructure. This software engineering
approach relies on the Etics [38] automatic integration, building and testing system. The Etics
instance running on D4Science checks if the algorithm and its dependencies are compliant with
the e-Infrastructure services that will execute the process. Furthermore, automatic testing can be
invoked through Etics to check for the coherence of the output. These a posteriori tests can be
developed in Java language and can be specified in the Etics building configuration. They are
executed at the end of the building and integration phase. The D4Science deployment workflow
also contemplates a pre-production user testing phase. In this phase, the developer of the algorithm
can verify that the integration works and that the outputs are coherent with the expected ones.

3.3. Parallelisation of native software

Following the indications in Section 3.2, a Java wrapper must be developed to pass input parameters
to native programs. A software developer is helped by the SM framework tools, which ensure files
and parameters to be available in the folder where the program will run. We are assuming that the
algorithm processes a matrix product of elements, which is common in Map-Reduce systems. If the
program is yet able to accept a subset of the input space, building the wrapper is straightforward.
Otherwise, the developer can either decide not to subdivide the input space or to inject code into
the native program if possible. In the former case, the process will be managed by only one Worker
node entirely. In the latter case, the SM framework provides simple facilities to overwrite code lines
inside scripts, by performing strings substitutions. In Section 4, we show one example in which
we inject an R line into a script, to make it process only a subset of the input data. As stated in
Section 3.1, the SM framework endows users with a set of testing tools along with a sophisticated
deployment phase, in order to understand if the parallelises version of the algorithm produces the
same results as the original sequential version.

The platform selection system of the SM allows to detect the best platform to run the script,
among the available ones. For what regards compiled programs, the system selects only machine
architectures which can support the program. We remind that such compliance is specified by the
Java wrapper on the algorithm side, and by the Information System on the Worker nodes side. For
Java programs, only Worker nodes supporting a runtime environment equal or higher to the one in
which the algorithm was compiled, will be selected. For R scripts, instead, having a full range of
interpreters would have been impractical. Thus, we decided to cluster the R interpreters according
to our experience with R. We noticed that in the history of the development of the R language,
some macro steps in the enhancements of the language can be identified. To our experience, these
correspond to major compatibility issues between scripts, libraries and interpreters. We clustered R
interpreters in 3 intervals, according to their version: (i) lower than 2.15.0, (ii) between 2.15.0 and
3.0.0 (excluded), (iif) higher or equal to 3.0.0. We decided to run scripts developed with interpreters
in the first range, by means of an R 2.14.1 interpreter. Scripts in the second range are executed with
R 2.15.3, and scripts in the third range with R 3.0.3. To assess such clustering, we made tests on 20
complex scripts, coming from 5 different research institutes. The tests were successful in spite of the
approximation: the behaviours of the algorithms were the same as in their original environments.

3.4. Algorithms as-a-Service

The Statistical Manager is based on a network of web services, which communicate via SOAP
protocol among them and with external clients. The platform currently hosts both general and special
purpose algorithms implementations for statistical computing and data mining in Computational
Biology. SM currently supplies about 100 algorithms implementations including: clustering of
environmental characteristics associated to species habitats, ecological niche modelling, climate
change impact on species distributions, Bayesian models for life history traits [39].

The system distributes the hosted algorithms as-a-Service. It offers web-based APIs for invoking
algorithms executions via thin clients. Furthermore, it is endowed with a dynamically generated
user interface that allows final users to select the algorithms, run them and monitor their execution
via a plain web browser. The interface interacts with the SM and retrieves the descriptions and the
parameters of the processes. Furthermore, it is able to summarize the output of a computation when
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it has finished. Figure 2 depicts the user interface to invoke an algorithm. On the left side, the list
of capabilities is presented, which are grouped according to a user-oriented perspective. In the right
panel, the dynamically generated form for the selected algorithm is presented, which enables to
compile algorithm expected inputs according to the proper format. In the figure, a Feed Forward
Artificial Neural Network (FFANN) is asked to process some biological data in tabular format. The
StartComputation button starts the execution.

The interaction design by thin clients, including the web interface, follows very closely the
standard OGC WPS specifications [40]. The difference with respect to WPS services is that SM is
more flexible in terms of algorithms plugability and in the dynamism of the web interface. The SM
is also runnable as part of an e-Infrastructure, built with the gCube framework [28]. This integration
allows to add the concept of Virtual Research Environments (VREs) to the SM algorithms. Thus,
each algorithm can be published by the SM as an e-Infrastructure resource, and a VRE manager can
assign or hide each of them to the VRE participants.

3.5. Limitations and Benefits

Our procedure is applicable to problems that can be solved by means of a Map-Reduce approach.
Adaptation of algorithms code is possible in the case of R scripts, while in the case of compiled
processes only the input space can be adapted. Modifications are performed by means of a Java
wrapper. All the problems that fit these limitations can be managed by means of our procedure. To
our experience, this is the case of many experiments in Computational Biology. Such experiments,
use several data mining procedures in cascade, where many of these atomic steps can use
parallelisation with Map-Reduce. In the case of non-parallel processes, the Statistical Manager
executes the complete process on one single powerful machine. The mechanism that matches the
correct environment to execute the algorithm is valid also in this case. The mentioned cascade of
algorithms can be implemented by using an external workflow management system (e.g. Taverna
[24]), which can be connected to the Statistical Manager by using either a thin Java client or the
SOAP protocol.

Thus, the above limitations define the set of problems our system can solve. The link to the
Computational Biology domain is due to a long experimentation in such domain and to a tight
connection with the D4Science e-Infrastructure [41]. This currently host datasets that regard
biodiversity and climate for the most part. The applicability to other domains than Computational
Biology is under investigation. Some cases fall under our constraints yet, but others would need
to manage different kinds of parallelisation processes. For example, they could require to manage
Direct Acyclic Graphs or multi-temporal granularities.

On the other side, the benefits of our solution with respect to other ones are in the aggregations of
facilities that concretely address scientists’ needs. These needs can be summarized as (i) importing
and executing native programs with minimal modifications and possibly in their native environment,
(ii) automatic generation of a user interface for the algorithms, (iii) publishing mechanisms
to distribute the algorithms as-a-Service, (iv) direct access to biodiversity and climate datasets
managed by an e-Infrastructure. The use case presented in the next section gives an example of
application of this method, which concretely reduced the time-to-paper for a group of scientists.

4. USE CASE

In order to demonstrate the benefits our platform can bring to a sequential execution, we selected
a non-trivial use case. We applied our method to the R script that produced the results in [5]. The
script uses a Bayesian hierarchical model to estimate the relationships between the lengths and the
weights (LWR) of 32,000 species (520 families) of fishes. The procedure uses the JAGS modelling
framework for R, which implements a Monte Carlo Markov Chain method. The JAGS package is
pre-installed by default on all the Worker nodes in our SM installation, along with a large set of
Bayesian modelling and data mining packages. The script was developed with R 2.15.1. It uses
existing LWR studies to derive species-specific LWR parameters. In the case of data-poor species,
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the analysis relies on LWR studies of closely related species with the same body shape. The outcome
of the study allows practitioners to transform fishes weights into lengths and vice versa, for a large
set of species. The analysis requires, for each species, to collect statistics (i) about all the species in
the same family and (i) about all the species, outside the family, that have similar shape. This means
that the algorithm must process each single species against a very large amount of other species. The
native process focuses on one family at time.

The species length-weight parameters are contained in an input table, along with indications
about the belonging families. Thus, the Statistical Manager could parallelise by splitting either the
column containing the list of species or the column containing the list of families. The native script
was conceived to apply the analysis sequentially to each family, thus we decided to parallelise on
the family dimension. This means that each node had to process each species in a family against
all the species of the same family and also against other ones having the same shape. Thus, the
native script had to be limited to run only on one specific family on each Worker node. The native
script accepted only one entire dataset as input and could not work on a subset because it required
to collect statistics on all the species. Thus, the easiest approach to limit the process, was to modify
the code on the fly. This was achieved by injecting a simple line in the R script by means of the Java
wrapper.

The native script reads a file containing 32,000 species parameters, copies the resulting
dataset (Fam.All) into two variables (Familiesl and Families2) and then cycles on the
families in the first dataset. For each family, it analyses each species against the content
of Families2. On the other side, the wrapper receives the family to focus on, as input
from the SM message. Thus, by means of the wrapper, we simply forced the first dataset
to contain only that family. More in details, the code injection for the family to process
(e.g. Acanthuridae) consisted in substituting the R assignment Familiesl < —Fam.All
with the assignment Familiesl < —Fam.All[Fam.All == Acanthuridae”]. The function
substituteInScript(StringtoSubstitute, StringsubstitutiveString, Stringscript Name) of the
SM framework, facilitated the job. Note that also script Name is passed as input parameter to the
Java wrapper. We leave the technical details on how to use these functions to the SM framework
guide about R scripts integration [35]. The native script writes the output on a database table. The
database connection parameters are among the input parameters of the procedure and are the same
for each script executed by the SM Worker nodes. Each execution of the script enriches the same
table with new rows containing species length-weight parameters. Thus, the Reduce phase of this
example, which takes place at the end of the Cloud process, is trivial since output information is yet
gathered on the produced table. For such reason, we will not take the Reduce phase into account in
efficiency comparison.

In order to explain the benefits this application brought, we report a performance comparison in
Figure 3 and in Table I. We compared the time (in hours) required by a sequential run of the length-
weight estimation with two different parallel processes. The former parallel process executed the
procedure on one multi-core machine. Scripts were started in parallel on different chunks of the
input dataset. Each chunk was stored in a different file. The number of chunks was equal to the
number of cores to employ. Each data chunk contained a set of species families to process. The
latter parallel process was managed by the SM, with a different number of nodes used in each test.
The chart in Figure 3, shows that the SM multi-machine system becomes more and more efficient
when the number of machines increases. In the sequential case, higher time for the SM is due to the
overhead in data staging. The reason is that each machine in the SM system has to download data
and software. Thus, in the case of one single machine the dataset is very large and this requires more
disk writing activity and higher network traffic. Such overhead is absent for the multi-core machine,
where data are on the disk yet. On the other hand, the overhead is lower when several machine are
used, because the datasets downloaded by the machines are smaller.

As the figure shows, higher efficiency is gained by the multi-core case, when less than 12 cores,
with respect to 12 SM machines, are used. Also, the time reduction decreases exponentially at the
increase of the number of machines or cores. The different behaviour between the multi-core and
multi-machine runs is due to the sharing of machine resources by the cores. This becomes more
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evident when the number of used cores approaches the maximum number of exploitable cores. The
SM Worker nodes machines were CentOS 5.7 x86 64 with 2 CPUs, 2 GB of RAM, 10 GB of disk.
The multi-core machine was a Windows Server 2008 Enterprise 64-bit, with 8 GB or RAM and 24
cores. The reduction in the time required by the computation on 21 Worker nodes with respect to
the sequential run was about 98%. This means that the authors could run the script several times to
double check the results. Furthermore, they still periodically update the procedure and data, getting
100% match with the results of the sequential run. This benefit allowed them to produce the paper
in much shorter time.

There are several differences between our approach and a parallel processing package for R
scripts. Enabling multi-core processing for an R script can be a matter of few lines of code using
the proper framework. On the other hand, using Cloud computing still requires either to strongly
change the script or to make the developer lose control on the environment in which the script
will be deployed (see Section 2). This means that the developer is not sure that the script will
run in the environment in which it was tested, and also that testing cannot be immediate after
the developer has changed the script. On the other hand, we have demonstrated that our Cloud
computing system is more efficient than parallel processing on one single machine. Furthermore, our
approach makes code modifications easy when the script is parallelisable. We also add a framework
to apply modifications in few steps and a testing suite to verify the correctness of the output just
after script modifications and before the final deployment. Moreover, the code is executed within an
environment that is compliant with the environment in which the script has been tested. As explained
in Section 1, after the deployment the script is automatically endowed with a user interface and
is published as-a-Service. Finally, our system is flexible enough to apply the same approach to
compiled programs that can be parallelised with a Map-Reduce approach, although without the
possibility of modifying the code.

5. CONCLUSIONS

We have presented a system that is currently used by a Computational Biology community of
practice through both the i-Marine” and the D4Science* web portals. The system was designed
to meet the requirements of biologists, who wanted to enhance the efficiency of their algorithms. At
the same time, they did not want to lose the possibility to update them periodically and to preserve
the step-by-step behaviour of the procedures. We have described the technical steps required by the
integration of a native algorithm. Furthermore, we have clarified our assumptions and limitations
for parallelising the algorithms, as these must be compliant with a Map-Reduce approach. On the
other side, our experience is that this fits many cases in Computational Biology, where a sequence
of data mining algorithms is usually applied in sequence, and each step can be parallelised using a
Map-Reduce approach.

We have shown a practical application to a non-trivial model, in which an R script was adapted to
be parallelised. The benefits to our final users were the possibility to apply periodic modifications
and tests, which was impractical with the native algorithm. Furthermore, our system reduced the
time-to-paper for the authors. Other advantages are that (i) our system grants that the algorithm
will be executed in a compliant environment, (if) it automatically endows the algorithm with a
user interface, (iii) it finally provides the algorithm as-a-Service. Our architecture is part of an e-
Infrastructure for biodiversity and environmental data [41]. This allows to organize the provided
algorithms according to the Virtual Research Environment paradigm. We are experimenting our
approach also outside the Computational Biology field, searching for new domains or single use
cases, where algorithms have the same requirements and constraints.

i-Marine web site www.i-marine.d4science.org
“D4Science web site www.d4science.org
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Number of Computation Time (hours) Computation Time (hours)
Cores or Machines Multi-core Machine SM (Multi-machines)
1 (Sequential run\ 1 Working node) 480 500
5 240 250
12 48 36
21 25 11

Table I. Details of the computation times in the comparison between the sequential run of an R script for

marine species length-weight relationship estimation, against a parallel process on one multi-core machine

and on several machines. The process estimates parameters for 520 families of marine species containing a

total amount of 32,000 species. The parallelisation is made on the number of families. The second column

refers to a computation on one multi-core machine, while the third column contains the performance of a
Cloud computing system based on the Statistical Manager service.
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Figure 2. Web-based user interface of the Statistical Manager. The left side shows the grouped list of
available algorithms. The right panel reports the interface of a Feed Forward Artificial Neural Network

algorithm.
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Multi-core run vs Multi-machine Processing
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Figure 3. Comparison between the sequential run of an R script for marine species length-weight estimation,
against parallel processing on one multi-core machine and on several machines.
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