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a b s t r a c t

In this work, we propose Kuaa, a workflow-based framework that can be used for designing, deploying,
and executing machine learning experiments in an automated fashion. This framework is able to provide
a standardized environment for exploratory analysis of machine learning solutions, as it supports the
evaluation of feature descriptors, normalizers, classifiers, and fusion approaches in a wide range of
tasks involving machine learning. Kuaa also is capable of providing users with the recommendation
of machine-learning workflows. The use of recommendations allows users to identify, evaluate, and
possibly reuse previously defined successful solutions. We propose the use of similarity measures (e.g.,
Jaccard, Sørensen, and Jaro–Winkler) and learning-to-rank methods (LRAR) in the implementation of the
recommendation service. Experimental results show that Jaro–Winkler yields the highest effectiveness
performancewith comparable results to those observed for LRAR, presenting the best alternativemachine
learning experiments to the user. In both cases, the recommendations performed are very promising and
the developed framework might help users in different daily exploratory machine learning tasks.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

With data deluge becoming ever more commonplace and
pervasive due to spectacular advances in hardware and soft-
ware acquisition technologies, it becomes imperative to properly
process such data for extracting information that can lead to
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knowledge generation. This knowledge extraction process is usu-
ally performed by means of data mining and machine-learning
methods, with the ultimate goal being the improvement of the
decision-making process in a target application [1].

A typical machine-learning solution comprises several steps,
including, for example, feature extraction andnormalizationmeth-
ods, and the definition of appropriate classifiers. Since there is no
silver bullet that solves all machine learning problems, each tech-
nique has its own pros and cons when designed for specific appli-
cations. In this sense, one common strategy adopted for developers
of machine learning systems consists in performing exploratory
analysis often relying on running several experiments with the
objective of identifying which techniques aremore appropriate for
a given application.
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Fig. 1. Organization of a typical machine-learning experiment, composed of a collection input, a split of the collection into train and test sets, extraction of the feature
descriptions of the collection, normalization of these features, classification of these features, and the evaluation of the classification results.

Several libraries and machine-learning frameworks have been
proposed in the literature to support users in the process of defin-
ing the most appropriate methods for their applications. However,
many frameworks have limitations including the lack of flexibility
to include novel proposed descriptors andmachine learningmeth-
ods, and specially, the inability to reuse previous experiments and
learn from them.

In this work, we address these issues by presenting Kuaa, a
framework that can be used for designing, deploying, and exe-
cuting machine learning experiments in an automated fashion.
This framework is able to provide a standardized environment for
exploratory analysis of machine-learning solutions, as it supports
the evaluation of feature descriptors, normalizers, classifiers, and
fusion approaches in a wide range of tasks involving machine
learning. The Kuaa conceptual model relies on modeling machine-
learning experiments as scientific workflows [2,3]. Workflow is
the automation of a process, in which information is passed from
one resource to another for action, according to a set of rules. The
advantages of usingworkflows are that they are easily understand-
able, flexible, and reproducible, in which it is possible to redesign
them and reproduce their results. The Kuaa’s implementation re-
lies on the use of plugins, which supports the incorporation of
newmachine-learning methods as workflow components into the
framework, making it flexible to be used in different exploratory
analysis.

We also empowered Kuaawith the capability of recommending
machine-learning workflows. This service is useful even for ex-
perienced users, but specially for beginners in machine learning,
as it may guide the user during the configuration of an experi-
ment when facing new and challenging classification problems.
The use of recommendations allows users to identify, evaluate,
and possibly reuse previously defined successfulmachine-learning
solutions.We also performed experiments in the recommendation
system aiming at evaluating four similarity measures (Jaccard,
Sørensen, Jaro–Winkler, and a TF–IDF-based measure) in order to
definewhich one ismore appropriate for rankingworkflows. In ad-
dition, we performed experiments with the Learning to Rank using
Association Rules (LRAR) method with the objective of comparing
it with the methods that do not use any learning mechanism.

Alongwith this paper, we consider two scenarios inwhich Kuaa
was used to support the identification of appropriate machine-
learning solutions. The first one is related to the heart-views clas-
sification problem [4], which refers to the automatic recognition
of heart view plane of 2D echocardiogram ultrasound images.
The second one refers to the produce recognition problem [5,6],
which refers to the automatic recognition of fruits and vegeta-
bles based on their visual properties. In both contexts, machine-
learning-based system developers were interested in comparing
several image descriptors (e.g., color, texture, and mid-level rep-
resentations). By using Kuaa, researchers were able to include
novel representations; reuse, based on recommendations, existing
workflows previously defined in different contexts; and design,
deploy, and perform experiments to assess the effectiveness of
tested solutions.

This paper is organized as follows. Section 2 introduces back-
ground concepts and presents relatedwork. Section 3 describes the
proposedmachine-learning framework. Case studies are presented
in Section 4, in which we show the use of Kuaa. Section 4 also
presents an overview of Kuaa’s recommendation system and the
experiments performed to evaluate different similarity measures
used in the system. Finally, Section 5 presents our conclusions and
proposes research directions for future work.

2. Related work and background concepts

This section introduces preliminary concepts related to our
proposal, aswell as relatedwork on exploratory analysis usingma-
chine learning tools and workflow recommendation approaches.

2.1. Machine learning

Machine learning is the study of computational methods that
extract useful knowledge fromexperience to improveperformance
of a target application [7]. Fig. 1 presents the typical six-step
machine-learning classification experiment. Once the input col-
lection is defined, the method selected for splitting it into train
and test sets is executed and a feature descriptor is then employed
to extract a feature vector from each object within the collection.
If a normalization method is selected, the feature vectors of all
data in the train and test sets are normalized accordingly. After
that, a classificationmethod is applied and the results are analyzed
considering the chosen evaluation measure.

2.2. Exploratory analysis using machine learning tools

Several frameworks have been proposed to execute machine-
learning experiments. Among the frameworks we may refer to
PyML1 , Accord.NET2 , mlf [8], and Rattle [9]. PyML (see footnote 1)
is an interactive object oriented framework for machine learning
written in Python. The framework has implemented themost used
classifiers, as Support Vector Machines [10] and Nearest Neigh-
bor [11]. This framework allows combining classifiers and testing
classifiers using a typical evaluation process (cross-validation, ROC
curves). Accord.NET (see footnote 2) is a framework that provides
several scientific computing related methods, such as machine
learning, statistics, and computer vision, to the .NET environment.
The machine learning framework for Mathematica 3 (mlf) [8] is
a collection of machine-learning algorithms for intelligent data
analysis, combining an optimized kernel with the manipulation,
descriptive programming and graphical capabilities of Mathemat-
ica.

1 http://pyml.sourceforge.net/ (December 2016).
2 http://accord.googlecode.com (December 2016).
3 Mathematica is a registered trademark of Wolfram Research Inc. www.

wolfram.com (December 2016).
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The R Analytical Tool To Learn Easily (Rattle) [9] is an R4

package that provides a graphical user interface for data mining in
the R programming language. GraphLab [12,13] is a parallel frame-
work for machine learning that exploits the sparse structure and
patterns of algorithms. It has a collection of applications for some
tasks in large-scale graph computation, such as graph analytics,
graphical models, computer vision, clustering, and collaborative
filtering. Jubatus [14] is a distributed processing framework and
streaming machine-learning library. It has a client–server archi-
tecture, in which the client side has two commands: UPDATE,
which corresponds to the training phase of a machine-learning
algorithm, and ANALYZE, which corresponds to the prediction
phase of a machine-learning algorithm. The server side consists of
a feature vector preprocessing module and an algorithm module,
which supports classification, regression, recommendation of data,
simple statistics, and graph analysis.

Different from our initiative, those solutions cannot be used
for exploratory analysis concerning the execution of machine-
learning experiments. Some of them [8,9,12,13], for example, do
not support the inclusion of novel algorithms, while others do not
support the possibility of reusing experiment designs defined pre-
viously, by means of recommendation [12–14]. Another common
limitation refers to the lack of appropriate user interface to support
the design of novel experiments modeled as workflows.

2.3. Recommendation-based exploratory analysis in workflow-based
systems

Scientific workflows have been used to model complex data
analysis procedures in different disciplines [2,3]. The objec-
tive is to support the design of experiments, their deployment
and execution, and possibly the discovery of the best solu-
tions/parameters/configurations. In some scenarios, scientistsmay
be interested in determining how to process properly the available
data, while in others, scientistsmay be interested inwhich possible
knowledge can be discovered after processing the data. In both
cases, the reuse of previous successful workflows is of paramount
importance. In this paper,wepropose the use of a recommendation
service to support the identification of suitable workflows and
possibly their reuse.

Recommendation is defined by Gonçalves [15] as: given a col-
lection and an actor, and a set of ratings for objects in that collection
produced by others or the same actor, recommends (produces a subset
of that collection) for that particular actor. This kind of service is
invaluable when the actor has little knowledge about the subject,
or even if the actor is an expert in the application. Recommen-
dation systems became an important research area since middle
1990s [16–18] and continues to grow, mainly because of the large
volume of contents generated by users of social media. This is
a problem-rich research area with several practical applications,
such as recommendation of books [19], musics [20], CDs [21],
movies [22], social network [23,24], restaurants [25], health in-
surance [26], e-learning [27], and news [28]. The recommendation
problem is usually formulated as a problem of estimating ratings
for objects that have not been rated by an actor.5 Existing recom-
mendation systems are divided into three categories [23,29,30]:
content-based, collaborative filtering, and hybrid approaches.

WOrkflOw-based spatial Decision Support System (WOODSS)
[31,32] is a computational tool implemented to be used in conjunc-
tion with Geographical Information System (GIS). This system is
centered in monitoring the user activities in GIS and documenting

4 http://www.r-project.org/ (December 2016).
5 For further investigation on existing solutions for recommendation services, the

reader may refer to the surveys of Almazro et al. [29] and Bobadilla et al. [30].

them by means of scientific workflows. Kaster et al. [33] pre-
sented the use of Case-Based Reasoning (CBR) [34] as a retrieval
mechanism in the WOODSS [31,32] to help users choose the most
adequatemodels from those available in the database. CBR is a rea-
soningmodel, which consists in solving new problems by adapting
solutions that were already used to solve previous problems [34].
The similarity retrieval applied with the CBR approach uses the
metadata associatedwith eachWOODSSworkflow,which contains
the problem focused by theworkflow and itsmeaning. The process
of similarity analysis employed by the CBR system is described as
the following steps: (i) Find correspondences, aligning the input
problem with the stored workflows; (ii) compute the degree of
similarity of corresponding features; and (iii) assign importance
values to features. The WOODSS’ CBR mechanism uses city-block
metrics to calculate the similarity evaluation between the input
and the stored workflow.

Conforti et al. [35] proposed a recommendation system to
present risk-informed decision to users in Business Process Man-
agement (BPM) when partaking in multiple process instances run-
ning concurrently. This recommendation system runs as a plugin
to YAWL (Yet Another Workflow Language) BPM,6 in which when
an input of the user is required, the recommender determines the
risk of the user input. Their recommendation uses a predicting-
risks technique, and a technique to assign the best participants to
the work items currently on offer. The provided recommendation
significantly reduced the severity of faults in a simulation of the
real life scenario.

Chong et al. [36] presented an adaptiveworkflow recommenda-
tion engine based on collaborative analytics matches with work-
flows stored in repositories. Then, top-n matched previously de-
fined workflows are the input of a Genetic Programming frame-
work, which is based on evolutionary operators (e.g., selection,
crossover and mutation). The objective of this framework is the
discovery of the workflow with the highest fitness. The resulting
workflows were comparable in accuracy to the best benchmark
workflows created by experts.

Zhou et al. [37], in turn, proposed the use of semantic similar-
ities for scientific workflows using a layer-hierarchy representa-
tion. First, they describe the scientific workflow as a tuple, based
on which they calculate the similarity between two workflows.
Then the scientific workflows are clustered based on an workflow
networkmodel using a graph-skeleton-basedmethod. Barycenters
are determined to represent each cluster. Finally, to recommend
a scientific workflow, the user-defined workflow is compared to
each cluster representative. The top-k similar workflows are rec-
ommended to the user.

Zhang et al. [38] developed a plugin for VisTrails as a rec-
ommendation engine based on a social network. Workflows and
services aremodeled as social nodes in a Service Social Network, in
which edges are defined based on their usage or authorship. Then
various metrics are calculated to comprehend the interactions be-
tween workflows and services. To perform the recommendation, a
user’s query is assigned andmatchedwith service categories in the
repository. Then, the categories of the query and the categories of
the services are compared using the rank-biased overlap algorithm
to generate the candidate list, ranked from the most similar to the
less similar.

Different from the above approaches, in this paper we propose
a learning-to-rank-based recommendation service aiming to sup-
port theworkflow-based design ofmachine-learning experiments.
To the best of our knowledge, our work is innovative as we present

6 http://yawlfoundation.org/ (December 2016).
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for the first time the use of learning-to-rank methods in the rec-
ommendation of workflows.

2.4. Learning to rank: LRAR

As we shall explain shortly, to recommend a machine-learning
experiment within our framework, we rely upon a learning-to-
rank method based on association rules. We describe the concept
of learning to rank and the learning-to-rank approach used in this
work in the next sections.

2.4.1. Learning to rank
Ranking models and functions is an important research topic in

many fields. In the literature, several empirical ranking methods
are proposed, such as boolean, vector space, and probabilistic
models [39]. However, it is difficult to empirically tune the pa-
rameters of ranking functions of the above methods, therefore,
recently, learning-to-rank approaches have been proposed [39].
These methods exploit machine-learning methods to automati-
cally learn effective ranking functions.

The task of learning to rank is defined as follows. We have a set
D of training data consisting of tuples ⟨q, d, r⟩, where q is a query,
d is a document, represented as a list of features f1, f2, . . . , fn, and
r is the relevance of d to q in discrete value. D is used to create a
model to relate the features of the document to the corresponding
relevance. The test set T consists of tuples ⟨q, d, ?⟩, where the
relevance of the document d for the query q is unknown. The
model learned is used to produce a likelihood of relevance of
such documents to the corresponding queries, which are used to
generate the final ranking.

2.4.2. Learning to rank using association rules
Learning-to-rank methods in the literature rely on techniques

such as Support Vector Machines [10,40], Neural Networks [41],
and Genetic Programming [42] to learn effective ranking functions.
Veloso et al. [43] proposed an alternativemethod using associative
rules [44], that generates a model R, composed of rules of the form
fi ∩ · · · ∩ fj → r , describing the training data by feature–relevance
associations. Once themodel is built, the rules are used to estimate
the relevance of documents in the test set. There are twomeasures
used to quantify the quality of a rule: the confidence θ (conditional
probability of relevance r given fi ∩ · · · ∩ fj) and the support σ

(fraction of training examples containing features fi ∩ · · · ∩ fj and
relevance r).

To explain the Learning to rank using association rules, consider
the rules shown in Table 1 for the use of a tennis court, taking into
account the weather (outlook, temperature, humidity, andwindy).

We can generate rules fromeach information about theweather
to estimate if that can be a game or not. However, generating every
rule for the training data is costly. The method of Veloso et al. [43]
generates the rules on a demand-driven basis, making it more
efficient. Using the id 10 as an example, only a few training data
will be used to generate the rules, as Table 2 shows.

We can generate the following rules considering the informa-
tion present in each training data from Table 2, ordered by its
confidence:

• overcast → yes (θ = 1.00, σ = 0.22)
• mild → yes (θ = 0.50, σ = 0.11)
• mild → no (θ = 0.50, σ = 0.11)
• high → yes (θ = 0.40, σ = 0.22)
• high → no (θ = 0.60, σ = 0.33)
• true → yes (θ = 0.33, σ = 0.11)
• true → no (θ = 0.77, σ = 0.22)
• overcast & high → yes (θ = 1.00, σ = 0.11)
• overcast & true → yes (θ = 1.00, σ = 0.11)

• mild & high → yes (θ = 0.50, σ = 0.11)
• mild & high → no (θ = 0.50, σ = 0.11)
• high & true → no (θ = 1.00, σ = 0.11).

These rules are combined to estimate the relevance of test id 10,
and the score of each rule is weighted according to its confidence
defined by

s(ri) =

∑
ri∈Rd

θ (ri)

|Rd|
, (1)

where Rd is the total number of rules generated and θ (ri) are the
rules confidence with relevance ri.

Therefore, the rank of a test is estimated by the linear combina-
tion of the normalized score for each relevance:

rank =

k∑
i=0

ri
s(ri)∑k
j=0 s(rj)

. (2)

Therefore, we have that the rank of test id 10 is: s(yes) = 0.394
and s(no) = 0.198. Considering yes = 1 and no = 0, we calculate
the rank, obtaining rank = 0.666. With these results, we can
confirm the relevance of the test id 10 as 1, i.e., the game can be
played, as the weather will not interfere with it.

3. Kuaa

In this section, we introduce Kuaa, a framework for design-
ing, deploying, executing, and recommending machine-learning
experiments. We selected this name because ‘‘kuaa’’ is a suffix in
the Guarani language, which means ‘‘learn’’, just like our frame-
work proposes to help the deployment and execution of machine-
learning experiments. In the next sections, we describe how the
proposed machine-learning framework is structured and how
Kuaa was implemented, describing its architecture and modules,
as well as the employed plugin scheme.

3.1. Modeling a machine-learning experiment as a workflow

In the proposed framework, we model each machine-learning
experiment step (e.g., feature extraction, normalization, and clas-
sification) as a workflow activity, allowing the user to construct a
machine-learning experiment as a workflow. The workflow repre-
sentation ismodeled as a directed acyclic graph (DAG), in which its
activities are depth-first traversed, usually beginningwith a collec-
tion and ending with an evaluation measure. Fig. 2 shows a rep-
resentation workflow of a typical machine-learning experiment,
with all the typical six steps. The first component (in red) refers
to the selection of a collection (dataset). In purple, we highlight
the component related to the selection of an approach for splitting
the collection into train and test sets. The selection of a descriptor
(feature extractor) is represented in dark green. The next module
refers to the optional selection of a normalization method (blue).
In brown, we represent the component that encodes the selection
of a classification method. Finally, in light green, we present the
module associated with the selection of an evaluation measure
to assess the effectiveness performance of the specified machine-
learning experiment. Those colors are also used in the Kuaa proto-
type created to refer to the same workflow component.

3.2. Architecture and overview

The objective of the proposed machine-learning framework
is to facilitate the automation of classification experiments. It is
responsible for managing the steps of machine-learning experi-
ments. Each step consists of a module in the framework (e.g., col-
lection, train and test set definition, feature extraction, normal-
ization, classification, fusion, and evaluation), that runs indepen-
dently of others. Efficiency aspects on the workflow executions
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Table 1
Weather data relative to the occurrence or not of a tennis game. Outdoor tennis games do only occur when the weather
has a little impact on the game. Weather data extracted from WEKA library [45].

Weather Game

id Outlook Temperature Humidity Windy

Training data

1 Sunny Hot High False No
2 Sunny Hot High True No
3 Overcast Hot High False Yes
4 Rainy Mild High False Yes
5 Rainy Cool Normal False Yes
6 Rainy Cool Normal True No
7 Overcast Cool Normal True Yes
8 Sunny Mild High False No
9 Sunny Cool Normal False Yes

Test data
10 Overcast Mild High True Yes
11 Overcast Hot Normal False Yes
12 Rainy Mild High True No

Table 2
Learning to Rank using Association Rules for the document id 10. In this test data, Veloso et al. [43] proposes to select
only the rules related to the test data. Training data id 5 and 9 were ignored as they do not have any information equal
to the test data id 10. Then the rest of the data is used to generate the rules.

Weather Game

id Outlook Temperature Humidity Windy

Training data

1 Sunny Hot High False No
2 Sunny Hot High True No
3 Overcast Hot High False Yes
4 Rainy Mild High False Yes
5 — — — — Yes
6 Rainy Cool Normal True No
7 Overcast Cool Normal True Yes
8 Sunny Mild High False No
9 — — — — Yes

Test data 10 Overcast Mild High True Yes

Fig. 2. Workflow representation of a typical machine-learning experiment, containing the typical six steps: Collection selection, train and test split, feature extraction,
normalization, classification, and evaluation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

are addressed by exploiting multiple cores in the extraction and
normalization modules.

Fig. 3 depicts the architecture of Kuaa. It consists of three layers:
an interface, the core of the framework, and a set of repositories.
The interface is responsible for the communication with the user.
Using the interface modules, users can design, call the execution
of a workflow, and receive the results of the execution. In the
design of an experiment, the core of the framework is in charge of
designing the machine learning experiments using the modules of
the repository and executing the experiments, processing the com-
munication between themodules in execution. Once the execution
is done, the workflow and its results are stored in a repository,
which can be used later for making recommendations. The recom-
mendation service can help users in their task of building a work-
flow experiment, by avoiding common errors and providing best
practices from the past (for more details, see Sections 3.4 and 4.3).

Each one of these modules in the repository layer is responsi-
ble for a step in a machine-learning experiment. The Collections
module is responsible for gathering the objects of the collection for
the framework. The Train-and-Test module splits the objects of the
collection into two sets, a training set, which is used to generate a
classifiermodel and a test set, used to test the builtmodel. Different
partition strategies may be chosen, such as K-Fold cross-validation
and randomized samples. The Feature Extraction module extracts
feature vectors from the objects in the collection (e.g., BIC, HOG).
The normalization of the feature vectors of all data is responsibility
of the Normalization module (e.g., TF–IDF), and the Classification
module performs the classification of the test set using the model

learned with the training set (e.g., SVM). Finally, the results of the
classification are obtained in the Evaluation module (e.g., Global
Accuracy Score).

While there might be some drawbacks implementing a new
framework and a new workflow rather than using an existing
one (e.g., lack of interaction with the workflow community and
potential bugs of connections among old and novel modules), it
has several advantages. First, a new workflow has the connections
between its modules defined a priori, avoiding errors introduced
by users. Second, using the defined modules, a specialist is more
productive on designing and deploying experiments. Last, the in-
sertion and implementation of recommendation tools is easier in a
new framework, as we are aware of their specifications.

3.3. Implementation aspects

In this section, we present the main decisions for the imple-
mentation of the machine-learning framework, such as the plu-
gin scheme and the use of XML-based documents representing a
workflow experiment.

3.3.1. Plugin scheme
In order to provide an extensibility functionality in the build

framework, we decided to use a plugin scheme inspired by the
design used in Eva tool [46]. Plugins consist of components that
implement or encapsulate new features to an existing software,
developed according to defined standards and interfaces [47].
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Fig. 3. Architecture of the framework to automate machine-learning experiments. It is divided into three layers: Interface, the core of the framework, and repositories. The
interface module is responsible of presenting the design and result of the experiment. The core of the framework is responsible of connecting the methods and executing
them. The repository layer contains a set of repositories for each module of the framework, and stores previous executed experiments.

Each module of the machine-learning framework is composed
of plugins of different implemented methods. This plugin scheme
makes the framework more flexible and easily extensible, i.e., it is
possible to define methods in any programming language and add
them to the framework using a Python wrapper. The plugins are
organized according to the step of a machine learning experiment
(module). The majority of ML algorithms/components present in
Kuaa were implemented based on plugins created using functions
available in the Scikit-Learn library [48]. Table 3 summarizes the
plugins available in the Kuaa framework.

3.3.2. XML documents
For organizing experiments, we store the information using the

eXtensible Markup Language (XML)7 format. The XML documents
store the values of parameters of themethods implemented in each
plugin and the setup of a machine learning experiment. The XML
file format was chosen due to its flexibility, portability, and ease
management by computers and, in some cases, by humans.

One use of an XML document in the framework is in the
representation of a workflow experiment, which describes each
module and each method in the built workflow. The workflow is
represented as a graph, with a list of modules and a list of links
between the modules (nodes and edges, respectively). A root tag
‘‘experiment’’ contains a name for the experiment, the name of
the author, the number of iterations in the experiment and a date
and hour control. Child tags of the root are: the modules present
in the workflow, with an identification for the module, the plugin
selected and its parameters; and a ‘‘link’’ tag representing the input
and output links for each module id. Fig. 4 shows the schema of an
experiment XML file.

With the XML document of the machine learning experiment,
the framework traverses theworkflow as in a deep-first traversing,
beginning in the Collectionsmodule and following the output links
present in the XML file until there is nomoremodules to be visited.
Thismethod favors the execution of awhole branch in themachine
learning experiment, saving the result of the branch, and avoiding
possible conflicts between the results of two different branches on
a parallel execution of modules.

3.3.3. Open-set scenario
Kuaa framework was designed to execute machine-learning

experiments. A typical classification assigns a test sample to one or

7 http://www.w3.org/XML/ — as of November 2016.

more known classes (e.g., classifying the image of a digit), however,
in case a classifier cannot be trained with all classes because they
are ill-sampled or unknown, typical classification methods do not
work, as they classify an unknown sample wrongly as a known
class. This scenario is called open-set scenario [87,88].

Kuaa framework deals with the open-set scenario providing
an option to modify the experiment to the open-set scenario.
Therefore, the Collection module is modified to allow the user to
select the known and unknown classes for the experiment, and
allows that exclusive methods which deal with open-set scenario
to be selected and executed in the framework.

3.4. Recommendation system

The objective of the recommendation system is to support the
reuse of experiments and activities successfully used in the past,
avoiding common mistakes in workflow design. To make the rec-
ommendations, we implemented four similarities measures to es-
timate the proximity of twoworkflow experiments and a learning-
to-rank method that ‘‘learns’’ how to rank workflows according to
the users interests.

3.4.1. Similarity measures
The similarity measures implemented in the framework con-

sider that an experiment workflow is a textual sentence, in which
eachmodule is represented by a word in the sentence. To calculate
the distance between two sentences, we implemented the Jac-
card [89], Sørensen [90], and Jaro–Winkler [91–93] distances and a
measure based on Term Frequency–Inverse Document Frequency
(TF–IDF) [70] to represent an experiment workflow. We use sim-
ilarity measures to find wokflows with similar characteristics to
each other, in order to recommend workflows similar to the one
build by the user.

Jaccard Distance: Let A and B be two sequences. The Jaccard
index calculates the similarity between these two sequences
using Eq. (3). Eq. (4) measures the distance between A and B.

J(A, B) =
|A ∩ B|
|A ∪ B|

(3)

dJ (A, B) = 1 − J(A, B). (4)

http://www.w3.org/XML/


R.de O. Werneck et al. / Future Generation Computer Systems 78 (2018) 59–76 65

Table 3
List of the plugins implemented in the framework.

Modules Number of plugins List of plugins

Train and Test 5 K-fold [49], Leave Video Out [49], Number of Images, Percentage of
Images, Read Files

Extraction 18 ACC [50], Bag of Visual Words, BIC [51], CCOM [52], CCV [53],
CEDD [54], GCH [55], Gist [56], HOG [57], HTD [58,59], JAC [60],
LAS [61], LBP [62], M-SPyd [63], QCCH [64], SASI [65,66], SMD [67],
Unser [68]

Normalization 4 Min–Max [69], Term Frequency [70], TF–IDF [70], Z-Score [69,71]
Classification 8 DecisionTree [72], kNN [73], LDA [74,75], lib-SVM [76],

LogisticRegression [77], OPF [78], SVM [76], SVMDBC [79,80]
Fusion methods 2 Concatenation [81], Majority Voting [82]
Evaluation measures 10 Confusion Matrix [83], False Negative, False Positive, F-measure, Global

Accuracy Score, Cohen’s Kappa [84], Normalized Accuracy Score, ROC
curve [85,86], True Negative, True Positive

Fig. 4. XML Schema of an experiment in XML document. The XML tree is composed of the root ‘‘experiment’’, which describes metadata of the experiment, such as the name
of the author, name of the experiment, date and hour of execution, number of executions, and if it is an open-set experiment. Child elements of the root are the ‘‘modules’’
of the experiment, in which their attributes detail the selected plugin and its parameters, and ‘‘links’’ tag, which represents the link between the output and input modules.

Sørensen Distance This measure, represented by Eq. (5), was
originally used to be applied to presence/absence of data [90].
Eq. (6) represents the distance between two samples A and B.

QS =
2|A ∩ B|
|A| + |B|

(5)

dQS = 1 − QS. (6)

Jaro–Winkler Distance The Jaro–Winkler similarity measure is
composed of two algorithms. The similarity between two
strings is defined as

dj(A, B) =

⎧⎨⎩
0 ifm = 0
1
3

(
m
|A|

+
m
|B|

+
m − t
m

)
otherwise (7)

where m is the number of matching characters, if they are the
same and not farther than⌊
max(|A|, |B|)

2
− 1

⌋
,

and t is the number of matches in different sequence order,
divided by 2. Eq. (8) is an extension of the Jaro distance that
gives favorable ratings to strings thatmatch from the beginning.

dw(A, B) = dj(A, B) + (lp(1 − dj(A, B))), (8)

where l is the length of common prefix at the start of the string,
and p is a constant scaling factor (p = 0.1).

TF–IDF-based Distance This distance measure relies on the fact
that, if a workflow is often used, it should be recommended.
This measure calculates the Inverse Document Frequency (IDF)
of each itemof the sequences in the previous experiments,mea-
suringwhether the item is commonor rare in the sequences. Let
p be an item of a experiment workflow, s a experiment work-
flow, and S the set of previous experiments of the framework.
The IDF of each item is obtained by dividing the total number
of sequences NS by the number of sequences that contains the
item, and taking the logarithm of the quotient as

idf(p, S) = log
NS

|s ∈ S : p ∈ s|
. (9)

The Term Frequency of an item in a experiment workflow
(tf(p, s)) is represented by the raw frequency of the item in
the sequence. Therefore, the feature vector of a sequence is the
product of this two statistics for each item of the sequence,
defined as

tf–idf(p, s, S) = tf(p, s) × idf(p, S). (10)

With the feature vector of two sequences, the distance between
them is calculated using the Euclidean distance.
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3.4.2. Learning to rank using association rules
Consider the training and test sets shown in Table 4, with three

queries for the training data and one query for test data, and
each query having three documents associated, represented by the
workflows. We can generate rules from each step of the workflow
experiment to estimate the relevance of a new document.

By using the method of Veloso et al. [43] to generate the rules
on a demand-driven basis for id 11, only a few documents will be
used, as Table 5 shows.

We can generate the following rules considering the steps
present in each document from Table 5, ordered by its confidence:

• Classification (MCOCSVM) → r = 0 (θ = 1.00, σ = 0.11)
• Feature extraction (CCV) ∩ Classification (MCOCSVM) →

r = 0 (θ = 1.00, σ = 0.11)
• Normalization (Min–Max) ∩ Classification (MCOCSVM) →

r = 0 (θ = 1.00, σ = 0.11)
• Feature extraction (CCV) ∩ Normalization (Min–Max) ∩

Classification (MCOCSVM) → r = 0 (θ = 1.00, σ = 0.11)
• Feature extraction (CCV) → r = 0 (θ = 0.75, σ = 0.33)
• Normalization (Min–Max) → r = 1 (θ = 0.66, σ = 0.44)
• Feature extraction (CCV) ∩ Normalization (Min–Max) →

r = 0 (θ = 0.66, σ = 0.22)
• Normalization (Min–Max) → r = 0 (θ = 0.33, σ = 0.22)
• Feature extraction (CCV) ∩ Normalization (Min–Max) →

r = 1 (θ = 0.33, σ = 0.11)
• Feature extraction (CCV) → r = 1 (θ = 0.25, σ = 0.11)

These rules are combined to estimate the relevance of docu-
ment id 11, and the score of each rule is weighted according to its
confidence defined by

s(ri) =

∑
ri∈Rd

θ (ri)

|Rd|
, (11)

where Rd is the total number of rules generated and θ (ri) are the
rules confidence with relevance ri.

Therefore, the rank of a document is estimated by the linear
combination of the normalized score for each relevance:

rank =

k∑
i=0

ri
s(ri)∑k
j=0 s(rj)

. (12)

Therefore, we have that the rank of document with id 11 is:
s(0) = 0.574 and s(1) = 0.124, and rank = 0.178. With these
results, we can confirm the relevance of the document id 11 for
the test query as 0.

4. Validation

In this section, we present case studies (Section 4.1), in which
we createworkflow experiments. Next, in Section 4.2, we show the
use of the framework in a real-world setup concerning the evalua-
tion of machine learning algorithms in the context of the produce
recognition problem. Finally, Section 4.3 presents an overview
of the Recommendation module and the conducted experiments
related to its validation.

4.1. Case studies

Kuaa framework is capable of designing different scientific
wokflows for different applications. Fig. 5 shows two different
applications designed in the Kuaa framework. The first is the heart
view plane classification of echocardiogram [4] using two descrip-
tors (Fig. 5a), and the second is the produce identification [5,94]
(Fig. 5b).

The heart view plane classification workflow split the dataset
selecting one of the echocardiograms video frames as the test set,

and using the rest of the frames as training. Then these frames
are described using two feature extractors, a Bag of Visual Words
and SASI, which are fed in a SVM classifier. The evaluation plugins
will present the global accuracy score and the confusion matrix
of the classification. The produce identification workflow, in turn,
has the same modules used in the previous application, except
for the addition of a normalization module. The differences be-
tween the workflows for produce identification and for heart view
classification are only the plugins and the collection selected for
the scientific experiment. This shows that the Kuaa framework is
robust to different applications, and the plugin scheme makes it
flexible.

From now on, the usage of the Kuaa system will be illustrated
in the context of the produce identification problem. Suppose that
we want to compare the results of machine-learning solutions us-
ing two different methods of feature extraction. For exemplifying
this experiment, we selected a fruit and vegetable identification
problem, a recurrent task in supermarkets. This problem is defined
as following: given a produce image, identify its species (e.g., apple,
potatoes, oranges) and its variety (e.g., Gala and Fuji apples) with
the objective of determining its price [5,6]. Fig. 5b shows this
experiment designed in Kuaa framework.

For this experiment, we selected a representative collection
of fruits [5], with 15 classes and 2633 images. The K-Fold plugin
was selected to split this collection into training and test sets.
The plugin splits the collection into 3 folds, in which each fold
is used as test, and the other two as the training set. For the
Feature Extraction module, we select two descriptor plugins, Bor-
der/Interior Pixel Classification (BIC) [51] and Local Activity Spec-
trum (LAS) [61]. These descriptors extract the feature vectors based
on color and texture visual properties, respectively.With those two
methods, we can compare the results with the objective of de-
termining which descriptor performs better in this collection. For
fair comparison, the steps following the Feature Extractionmodule
have to be identical. The selected plugin for the Normalization
module was the Min–Max [69] method, with parameters min =

0.0 and max = 1.0. For the Classification module, the libSVM [76]
plugin was selected with linear kernel with a grid-search for the
other parameters. To present the results of the classification, the
Global Accuracy Score and Confusion Matrix evaluation measures
were selected. TheGlobal Accuracy Score shows themean accuracy
of the classification for each fold, and the Confusion Matrix plugin
plot the mean confusion matrix of the folds, showing the percent-
age of images classified as each class.

4.2. Interactive exploratory analysis using Kuaa

For designing workflow related to the produce recognition
problem, users can select a module from a circle-shaped selection
menu with all of the modules of the framework, as shown in
Fig. 6. By selecting one of the modules, it will be added to the
workflow design area. For example, we selected the Collections
module. Upon right clicking on this module box, it opens a win-
dow with a list of available plugins in the framework (Fig. 7). In
this example, the user selects the dataset tropical fruits, originally
presented in [5].With twoormoremodules built in the framework,
it is possible to connect them, creating a relationship between
the modules, as shown in Fig. 8. In the example showed in the
figure, after selecting the dataset, the users opted for a k-fold
experimental protocol. Fig. 9 presents the experiment described
using two descriptors for comparison of the results: BIC and LAS.
With the workflow completely designed, the user can execute the
experiment.8

8 A video example of the design of this workflow at Kuaa is present in the
supplementary materials.
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Table 4
Queries, documents and relevance for three training queries and one test query. Each step of the experiment will generate rules to estimate the relevance of a test document.

Query Documents Relevance

id Workflow

Training data

Query 1
1 1

2 1

3 0

Query 2
4 0

5 1

6 0

Query 3
7 0

8 0

9 1

Test data Query test
10 1

11 0

12 1

Table 5
Learning to Rank using Association Rules for the document id 11. In this test query, Veloso et al. [43] proposes to select only the rules related to the test query (specifically
the CCV feature extraction, Min–Max normalization, and MCOCSVM classification). Document id 6 was ignored as it does not have any step equal to the document id 11
(as the train and test split and evaluation steps do not interfere with the results, they were not considered).

Documents Relevance

id Workflow

1 1

2 1

3 0

4 0

5 1
6 — 0

7 0

8 0

9 1

11 0

At the end of the execution of the workflow, the framework
opens a PDF file containing the results of the experiments. In this
case, the BIC method had 98.48% of global accuracy against 74.86%
on the branch with the LAS descriptor. To view the PDF generated
at the end of the execution of this experiment, the reader must
refer to the supplementary materials.

4.3. Workflow recommendations

In this section, we present an overview of the recommendation
system execution, with the methods used to perform the recom-
mendation and the experiments made to evaluate the system.

4.3.1. Overview
To make a recommendation, the framework uses the workflow

that is being built in the ongoing experiment configuration (the
query workflow) to search for similar workflows in previous ex-
periments. Fig. 10 shows the ‘‘Recommend’’ button, which initi-
ates the recommendation system, based on the simple workflow
experiment built in the framework.

When the user clicks on the ‘‘Recommend’’ button, the frame-
work opens a window with a list of recommendation plugins
implemented in the framework. These plugins are responsible for
ranking the previous workflows of the framework according to the

query, and show them to the user. Fig. 11 shows the list of plugins
in the framework.

When the user selects the plugin and clicks in the ‘‘Recom-
mend’’ button in the newwindow, the framework starts the execu-
tion of the Recommendation module. At the end of the execution,
the framework lists five workflow experiments that are similar to
the workflow that is being built in the framework, according to
the selected method. These similar workflows provide to the users
ideas of other plugins to use in their experiments. Fig. 12 depicts
the recommended workflow experiments. The most similar work-
flows retrieved are expected to be the most relevant ones, given
the user needs represented by means of the query workflow.

4.3.2. Experiments
Our experiments aimat addressing twodifferent research ques-

tions: (i) Which similarity measure is more appropriate for ranking
workflows modeled as a sequence of activities? and (ii) Is the use
of learning-to-rank methods a suitable research venue for ranking
workflows?

In order to address the first question, we performed experi-
ments in the recommendation system using four similarity mea-
sures (Jaccard, Sørensen, Jaro–Winkler, and a TF–IDF-based mea-
sure). For the secondquestion,weperformed experimentswith the
Learning to Rank using Association Rules (LRAR) with the objective
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(a) Heart view plane classification of echocardiograms using two different descriptors, Bag of Visual Words and
SASI.

(b) Produce identification using two different descriptors, BIC and LAS.

Fig. 5. Comparison between the design of two different applications in the Kuaa framework.

of comparing its accuracy performance with the methods that do
not use any learning mechanism.

To perform these experiments, we had to define a ground-truth
that indicates the relevance of experiments (i.e., the relevance of
workflows). To obtain this ground-truth, we invited five specialists
inmachine-learning experiments to label workflows as relevant or
not for some queries. For this, we randomly created 1000workflow
experiments, and selected 18 of those workflows as queries.

For each query workflow, we applied the four similarity mea-
sures (Jaccard, Sørensen, Jaro–Winkler, and a TF–IDF-based mea-
sure) with the 1000 entries. For each measure, we ranked and
selected the closest 20workflows to the query, andpresented these
ranked workflows to all those specialists, so that they could label
which ones are relevant for the query, as shown in Fig. 13.

To compare the results of different similarity methods with
the LRAR method, we applied a majority voting scheme based on
the labels provided by each specialist. One workflow is labeled as
relevant if most of the specialists agree on that. In the end, we have
the ground truth for 18 queries merging the results of the four
similarity methods. These labels are then used to train the LRAR
method.

With 18 queries, we split these queries into five folds, where
four folds contain the training set of the LRAR method, and the
fifth fold contains the test queries. The training set of the LRAR is
composed of the queries of four folds, and each query has no more
than 80 workflows (the 20 closest workflows for each similarity
method). For each workflow, its features in the learning-to-rank
method are the distance between the workflow to its query calcu-
lated by the similarity methods, and the relevance of the workflow
is themajority voting of the relevance labeled by each user for each
query. The LRARmethod implementeduses aminimumconfidence
value θ and a minimum support value σ to limit the amount of
rules created. We executed the LRAR method with seven values
of confidence (0.001, 0.01, 0.1, 0.2, 0.3, 0.4, 0.5) and five values of
support (0.01, 0.05, 0.1, 0.15, 0.2). The precision values on the top
five ranked workflows (P@5) for the variation of the confidence
and support are shown in Fig. 14.

We can see in Fig. 14 that the variation of the support value
did not affect the result of the precision. However, an increase
in the value of the minimum confidence limits the power of the
LRARmethod, and smaller values add noise fromweak rules to the
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Fig. 6. Modules of the framework as presented to the user. To include a module/step of the workflow into the Kuaa framework, the user clicks the design area, and the
modules are presented as in the figure. Selecting a module, it will be added in the workflow design area.

Fig. 7. List of available collections of the Collection module. Other modules present the plugins available in them. Selecting a plugin allows the settings of its parameters.

Fig. 8. Two modules of the framework linked. The Collections module (Tropical Fruits) is used as input for the Train-and-Test module (K-Fold) in the execution.
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Fig. 9. Completemachine learning experiment comparing the classification results (global accuracy score and confusionmatrices)whenusing twodifferent feature extractors
(BIC and LAS).

Fig. 10. ‘‘Recommend’’ button must be used to begin the Recommendation module of the framework. The Recommendation module will use the experiment under
configuration (the workflow in the center of the screen) as a query for searching for existing similar experiments.

Fig. 11. ‘‘Recommender’’ window showing the plugin options that are implemented in the Recommendationmodule. Selecting one of these plugins, each previous workflow
designed in the framework are ranked according to the selected recommendation method.
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Fig. 12. The five most similar existing experiments ranked according to the recommendation method selected on the left panel. In this example, we can see that the LRAR
method recommends very similar experiments, only changing the normalizer and the classifier.

Fig. 13. Interface shown to the specialists. On the top of the window we have the query workflow, and below it, we have a list of workflows to be labeled. On the bottom,
there is a button to generate a file with the labels given by the specialists.

precision. To use the LRARmethod,we selected the best confidence
and support (minθ = 0.1 and minσ = 0.1).

With the best result of the LRAR method, we can compare
the precision (P@5, P@10, and P@20) of each query for the five
implemented methods (Jaccard, Sørensen, Jaro–Winkler, TF–IDF-
based, and LRAR), grouping them according to the folds. Table 6
shows the result for the precision measure.

We can conclude, by Table 6, that the Learning to Rank using
Association Rules (LRAR) has the best performance, with precision
P@5 of 81%, followed by the Jaro–Winkler similarity measure with
P@5 of 80%. We noted that the relevant workflows are those that
are very similar to the query, specially maintaining the early steps
of the machine-learning experiments (database, feature extrac-
tion). These early steps are selected as they represent the core of
the experiment according to the specialists.

Once we have the precision of all methods, we applied the Stu-
dent’s t-test and the Wilcoxon test to confirm if the results of the
methods are significantly different for each other. We compared
themethods in pairs, using a confidence of 95%. Fig. 15 shows these
results.

The Student’s t test in Fig. 15 shows that the two methods
with the best performance (LRAR and Jaro–Winkler) are not signif-
icantly different from each other, but significantly different from
the others. The Wilcoxon test confirms the Student’s results, with
p-values above 0.05 in the Jaro–Winkler and LRAR comparison.

It is worth to mention that the LRAR method is consistent
with the user-generated ground-truth. It recommends relevant
workflows. The accuracy measures shown in Table 7 highlight this
property of LRAR.

5. Conclusions

Nowadays, we often have to handle large and complex datasets
that are difficult to process using some of the existing data anal-
ysis tools. To extract knowledge from this data, we usually per-
form machine-learning experiments. There are several libraries
andmachine-learning frameworks in the literature, however, they
have some flaws, as they are not amenable to further extension
with novel methods, and often they do not identify and reuse
successful solutions devised in the past. In this work, we addressed
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Table 6
Precision of each similarity measure and LRAR for each fold. Jaro–Winkler and LRAR achieved the best result for Preci-
sion@5 with 0.80 and 0.81, respectively.

Jaccard Jaro–Winkler Sørensen TF–IDF-based LRAR

Fold 1

mean_P@5 0.60 0.70 0.60 0.25 0.75
mean_P@10 0.42 0.42 0.42 0.25 0.40
mean_P@20 0.23 0.29 0.23 0.21 0.20

Fold 2

mean_P@5 0.75 0.90 0.75 0.50 0.90
mean_P@10 0.60 0.57 0.60 0.43 0.55
mean_P@20 0.44 0.52 0.44 0.30 0.28

Fold 3

mean_P@5 0.60 0.85 0.60 0.20 0.85
mean_P@10 0.50 0.55 0.50 0.25 0.48
mean_P@20 0.30 0.42 0.30 0.25 0.24

Fold 4

mean_P@5 0.53 0.67 0.53 0.13 0.67
mean_P@10 0.40 0.40 0.40 0.27 0.40
mean_P@20 0.22 0.27 0.22 0.22 0.20

Fold 5

mean_P@5 0.60 0.87 0.60 0.33 0.87
mean_P@10 0.57 0.57 0.57 0.37 0.53
mean_P@20 0.32 0.38 0.32 0.27 0.27

Mean of folds

mean_P@5 0.62 0.80 0.62 0.28 0.81
mean_P@10 0.50 0.50 0.50 0.31 0.47
mean_P@20 0.30 0.38 0.30 0.25 0.24

Table 7
Accuracy of the LRAR method. The accuracy for the LRAR method was calculated as
the relevance prediction of the LRAR was the same as the specialists ground truth.

Folds Accuracy

Fold-1 0.88
Fold-2 0.81
Fold-3 0.80
Fold-4 0.86
Fold-5 0.89
Mean 0.85

these two flaws directly by providing a plugin-based framework
capable of recommending previous solutions.

We have proposed a workflow-based framework for design-
ing, deploying, executing, and recommending machine-learning
experiments. An important contribution of this work is the imple-
mentation of Kuaa, a tool that implements the proposed frame-
work. This tool, as explained in the previous sections, is able to
provide a standardized environment for exploratory analysis of
machine-learning solutions. Kuaa makes it easy to evaluate differ-
ent feature descriptors, normalizers, classifiers, fusion approaches
in a wide range of tasks involvingmachine learning. The Kuaa code
is freely available to download at GitHub.9

Another contribution is the evaluation of similarity measures
and a learning-to-rank method in a recommendation setup, in
which it makes the recommendation of machine-learning exper-
iments modeled as a sequence of activities. We compared the
performance of four similarity measures (Jaccard, Sørensen, Jaro–
Winkler, and a TF–IDF-based measure) and the learning-to-rank
method using Association Rules. Among the similarity measures,
Jaro–Winkler had the best performance, with P@5 of 80%, and the
LRAR method obtained P@5 of 81%, that is, 80% of the recom-
mended workflow experiments were marked relevant according
to machine-learning specialists. With these precision values, we

9 Kuaa code: https://github.com/rafaelwerneck/kuaa.

Fig. 14. Precision of the LRAR method for each combination of confidence and
support. The precision is only affected by the confidence threshold, and a high value
of precision limits the effectiveness of LRAR.

applied the Student’s t test and the Wilcoxon test to confirm that
these two methods are not significantly different from each other.
A good recommendation can help beginner users, and also expe-
rienced ones, to design more effective machine-learning experi-
ments, presenting workflows used previously in the framework
that can help new ideas to use different algorithms.

Several research venues can be addressed in future work. We
propose the study of other learning-to-rank techniques, such as
RankSVM [40,95], AdaRank [96] or RankBoost [97]. Another strat-
egy concerns the use of rank aggregation approaches to combine
ranked lists defined by different similarity functions [98]. We also
plan to incorporate other plugins so that the tool can be used

https://github.com/rafaelwerneck/kuaa
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Fig. 15. Student’s t-test for the Precision@5, comparing all recommendation methods. Dots below the horizontal line indicate that the first method in the corresponding
pair of the x-axis is better. Dots above the line indicate the opposite. If the error bar touches the horizontal line, there is no statistical difference between the two methods
being compared. We also execute a non-parametric Wilcoxon test and obtained similar results.

for designing and executing more complex machine learning ex-
periments. We also would like to incorporate the possibility to
run experiments for deep learning, like for instance, providing a
visual interface for configuring experiments of Caffe or TensorFlow.
In special, we would like to incorporate meta-recognition meth-
ods [99], expanding the range of tasks to be performed in the Kuaa
framework.
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