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Abstract. This paper presents a use case for the data mégstgm EasyMiner
in European project OpenBudgets.eu, which is comrckwmith publication and
analysis of financial data of municipalities. Easgbt is a web-based data min-
ing system. This paper focuses on its new outkection functionality, which
relies on frequent pattern mining. In addition, #ystem supports association
rule discovery and building of rule-based clasatficn models. The system ex-
poses a REST API and can thus be easily integratédrd party applications.
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1 Introduction

EasyMiner fittp://easyminer.eu) is a web data mining system developed at the Uni-
versity of Economics, Prague. An earlier releass described in [1], this paper co-
vers an updated version used for analysis of filshrdata in the OpenBudgets.eu
project, which newly supports outlier detectiondshen frequent pattern mining. All
data mining algorithms available in EasyMiner alsoaiow exposed via new REST
API.

This paper is organized as follows. Section 2 bhiees the algorithms supported
by EasyMiner. Section 3 describes the user workflowthe system. Section 4 is de-
voted to the OpenBudgets use case. The conclupiasgent a summary and an out-
look for future work.

2  Algorithms

EasyMiner is a machine learning framework focusimgalgorithms based on fre-
quent pattern mining, such as association rulenginiThe emphasis is on interactive
web-based user interface and easily usable RESS. API



2.1 DataPreprocessing

Algorithms based on frequent pattern mining regjtirat the numerical data fields
are discretized (binned). In some cases, the @soswant to preprocess data fields
with nominal values. The preprocessing methodslahai in EasyMiner API are
nominal enumeration, interval enumeration, equidistant intervals and equifreguent
intervals.

2.2  Association Rule Learning

The main algorithm used in EasyMiner to mine asd@mi rules isApriori [2] as
implemented in the Rrules package. To support larger datasets, we recedtlgd
support forFP-Growth [3] run on top of Spark/Hadoop. For building ohssification
models out of association rules, EasyMiner useswits implementation of th€EBA
algorithm [4].

The association rule learning results are rulethefform antecedent - conse-
guent’, where antecedent and consequent are conjunatifoliterals (attribute-value
pairs). For classifier building, the consequenttaons always one literal. The strength
of the rules is described usingnfidence, support and optionallylift measures [2].

For task definition in EasyMiner, the user defiaasile pattern, which is a list of
attributes that can appear in the antecedent anseqoient of the discovered rules.
The user also specifies minimum values of confidesapport and optionally lift. For
classification models, the system can determinghtesholds automatically.

2.3 Outlier Detection

Newly implemented functionality for outlier detemtiis available as new package for
the R framework called fpmoutliers.? This package contains implementations of six
existing algorithms as baselines (FPCOF, FPOF, MEP@WCFPOF, WFPOF,
LFPOF [1]) and one innovated approach (FPI).

The results are data rows from the preprocessedaafbins of data attributes with
concrete values) sorted usiogtlier score.

3 EasyMiner Workflow

For use of the AP] the user must register for an account and geiguaAPI key.
The API key must be sent as part of all requestsl $e the API. The data mining
process using API is similar to the one performethe graphical user interface. The
main steps for association rule mining and outlietection are shown on the follow-

ing figure Fig. 1):

1 Available athttps://github.convjaros av-kuchar/fpmoutliers.
2 The API documentation in Swagger is available egsyminer-server>/easyminercenter/API
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Fig. 1. Data mining process using REST API

4 Use Case: Detecting Outliersin Financial Data

European project OpenBudgets.ésia project aimed at accessing and analysing fi-
nancial data and budgets of municipalities. Easg¥lis one of the systems used in
the project’s work package WPirastructure for Data Collection and Mining.

4.1 Integration of EasyMiner into OpenBudgets.eu

Based on survey of suitable algorithms for analg$iinancial data, the functionality
of EasyMiner has been extended with outlier detectseveral outlier detection algo-
rithms were implemented, made available as an Raua; and then integrated into
the architecture of the EasyMiner system.

An important requirement for the development anst@mization of data mining
and data analysis tools for OpenBudgets.eu usehe ipossibility to integrate all the
tools into one, consistent platform. To meet thiguirement, EasyMiner functionality
had to be made available not only via a graphisal interface but also via a REST
API callable by the project’s integrating platfo@AM 4.

3 Project web pagéttp://openbudgets.eu
4 Data Analysis and Mining Interface - availablehdtps://github.com/openbudgets DAM



4.2  Analyzed Data

All financial data analyzed in the project are mastailable in RDP.Using the da-
ta preparation tools used in the project, the ctéie data are converted into RDF and
extended with supplementary information. For useasyMiner the data are convert-
ed to the CSV format using the LinkedPipes ETLwafe [1].

One example dataset used for data mining analgsdaiaseESF- CZ- 2007-
2013. This dataset contains information on Czech ptejénanced by the European
Structure Funds. In the data preprocessing phaseotiginal data were extended
using information from th€zech Register of Economic Subjects (ARES)®

The ESF dataset contains 107311 rows. The attsbuged for following outlier
detection example are:

« partner_type — type of the project partner (money recipientgarding to the in-
formation from ARES

« operational_programme — identification number of operational program

« amount — amount of money allocated from operational pragffor the given pro-
ject

43 Reaults

To illustrate the results that we obtained withlieutdetection, Table 1 presents top
outliers found in the ESF dataset using minimumpsupthreshold of 0.0001. The
last row in the table contains one regular (nonraadous) instance. The high scores
that the outlying instances have are caused byflegaent values of attributes asso-
ciated with those instances. The low score assigmélde regular instance is a result
of the fact that the attribute values describinig fhstance are quite frequent. For
example, there are many other instances that halue VOther” in thepartner_type
attribute.

Table 1. Outliers detected using minSupport 0.0001

partner_type operational  amount scores
_programme

Educational and research g [3.346+09,3.34e+09)  71552.57
Institutions

Educational and research g [3.346+09,3.34e+09)  71552.57
Institutions

Educational and research [5.96e+08,6.03e+08)  71552.57
Institutions

Other 7-1 [0.00e+00,7.45e+06)  3.204

5 RDF - Resource Description Framework - standardeinfod data interchange on the se-
mantic web https://mww.w3.org/RDF/
6 ARES is available ahttp://wwwinfo.mfcr.cz/ares/



5 Conclusion and Future Work

EasyMiner available dtttp://easyminer.eu is an experimental academic data min-
ing system for association rule learning, buildofcclassifiers composed of associa-
tion rules and for detection of outliers based mytdient pattern mining. The new
version supports outlier detection and featuregw REST API covering complete
functionality of the system. A tutorial for usinget REST API using examples in
Python is available dtttps://easyminer.eu/api-tutorial.

There is an ongoing work on improving the scalapitif the system and on sup-
porting direct upload of data in the RDF format.
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