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RESUMO

QUEIROGA, Emanuel Marques. Learning Analytics e Mineracao de Dados
Educacionais da Teoria a Pratica: Aspectos Envolvidos na Implementagao em
Diferentes Contextos e Niveis Educacionais. Orientador: Cristian Cechinel. 2022.
152 f. Tese (Doutorado em Ciéncia da Computacédo) — Centro de Desenvolvimento
Tecnolodgico, Universidade Federal de Pelotas, Pelotas, 2022.

Esta tese busca apresentar as semelhancas e as diferengas da aplicagdo pra-
tica de Learning Analitycs (LA) e a Mineracdo de Dados Educacionais (EDM) em
diferentes contextos e niveis educacionais. Desta forma, sdo apresentados os
conceitos tedéricos e praticos envolvidos no processo de transformacdo de dados
educacionais em informacao e conhecimento em diferentes contextos e niveis de
ensino. Com esse objetivo sdo apresentadas as teorias envolvidas no processo, 0
estado da arte, as metodologias e métodos criados para o processo e 0 contexto
das aplicacbes. Nesse sentido, sdo relatados trés diferentes casos de usos com
aplicacOes praticas desenvolvidas nesta tese: a educacao secundaria presencial no
Uruguai, a educagao universitaria no Uruguai e a educagao de nivel médio técnico
na modalidade a distancia no Brasil. Nesse contexto, buscou-se gerar metodolo-
gias praticas para exploracdo de dados oriundos de diferentes bases e contextos
educacionais, com foco na geracdo de modelos de alerta antecipado para evasao e
retencdo escolar. A primeira metodologia foi criada para identificacdo de estudantes
do ensino secundario em risco de desvinculagdo em nivel nacional no Uruguai. Para
isso, foram coletados dados de 258.440 estudantes em nove diferentes sistemas.
Esses dados foram transformados em life times temporais e depois utilizados para
treinamento dos classificadores. Essa aplicagdo apresentou resultados interessantes
e atualmente esta em fase de implantacao. A segunda aplicacao descreve a utilizacao
de técnicas de Data Science e EDM em dados de diversas fontes de 4.529 estudantes
presenciais da Universidade da Republica do Uruguai. A principal contribuicdo dessa
abordagem foi a combinacédo de diferentes fontes de dados, que demonstrou alto
poder preditivo, atingindo taxas de predicao com excelente discriminagao ja na quarta
semana de um curso. Além disso, a andlise demonstrou que os alunos com mais
interacées dentro do Ambiente Virtual de Aprendizagem (AVA) tendem a ter mais
sucesso em suas disciplinas. Os resultados revelaram alguns atributos relevantes
que influenciaram o sucesso dos alunos, como o numero de disciplinas em que
o aluno esta matriculado e a escolaridade da m&e. Desse resultados emergiram
algumas politicas institucionais, como a alocagéo de recursos para a infraestrutura
do AVA e o desenvolvimento de ferramentas para acompanhamento dos alunos. A
terceira abordagem é um algoritmo genético (AG), que busca melhorar a selecao de



hiperparametros de classificadores. Esse algoritmo foi proposto buscando aumentar
as taxas de precisdo obtidas em dados da educagao técnica de cursos hibridos no
Brasil. Tem-se como principal contribuicdo cientifica o desempenho da abordagem
em comparag¢ao com as técnicas tradicionais, onde o AG se mostrou uma alternativa
viavel, produzindo resultados melhores que as técnicas tradicionais, tanto na precisao
quanto no custo computacional. Dessa forma, esta tese apresenta os resultados
obtidos nas aplicacdes, bem como as semelhancas e diferentes em 19 aspectos
técnicos, como a existéncia de temporalidade, os tamanhos das bases de dados, a
existéncia de multiplas fontes de dados, a técnica de aplicagéo, entre outros. Ao fim,
ainda sao demonstradas a contribuicao cientifica e os trabalhos futuros relacionados
ao tema.

Palavras-chave: Learning Analytics. Mineracdo de dados educacionais. Predicao de
risco académico. Algoritmo Genético . Evasao e retengéo de estudantes.



ABSTRACT

QUEIROGA, Emanuel Marques. Learning Analytics and Educational Data Mining
from Theory to Practice: Aspects Involved during the Implementation in Dif-
ferent Educational Contexts and Levels. Advisor: Cristian Cechinel. 2022. 152 f.
Thesis (Doctorate in Computer Science) — Technology Development Center, Federal
University of Pelotas, Pelotas, 2022.

This thesis seeks to present the similarities and differences of the practical ap-
plication of Learning Analitycs (LA) and Educational Data Mining (EDM) in different
educational contexts and levels. In this way, the theoretical and practical concepts
involved in the process of transforming educational data into information and knowl-
edge in different contexts and levels of education are presented. To accomplish
such objective this thesis explains the theories involved, as well as the state of art,
methodologies, processes, methods and the context of the applications. Therefore,
three distinct use cases and practical applications developed are presented for the
following scenarios: face-to-face secondary education in Uruguay, university education
in Uruguay and technical secondary distance education in Brazil. In this context, we
seek to generate practical methodologies for exploring data from different educational
databases and contexts, focusing on generating early warning models for school
dropout. The first methodology aims to identify secondary school students at risk of
dropout and failure. For this purpose, the models used data collected from 258,440
students in nine different databases. These data were transformed into temporal data
and then used to train the classifiers. This application presented good results and
is currently under implementation in Uruguay. The second application describes the
use of Data Science and EDM techniques with data from 4,529 onsite students at the
University of the Republic of Uruguay (Udelar). The main contribution of this approach
was the combination of different data sources that demonstrated high predictive power,
achieving predictive rates with excellent discrimination in the fourth week of a course.
In addition, the analysis showed that students with more interactions within the Virtual
Learning Environment (VLE) tend to be more successful in their subjects. Results
also revealed some relevant attributes that influenced students’ success, such as: the
number of subjects in which the student is enrolled and the mother’s education. From
these results, some institutional policies emerged, such as allocating resources for the
VLE infrastructure and developing tools for monitoring students. The third approach is
a genetic algorithm (GA) that seeks to improve the selection of classifier hyperparame-
ters. The proposal of this algorithm seeks to increase the accuracy rates of automated
models to detect at-risk students enrolled in a technical distance education course in
Brazil. The main scientific contribution is the performance of the approach compared



to traditional techniques, where GA proved to be a viable alternative, producing better
results than conventional techniques in terms of precision and computational cost.
This thesis presents the results obtained in these applications, the similarities and
differences among them according 19 technical aspects (existence of temporality in
the data, size of the databases, existence of multiple data sources, techniques used,
among others). Lastly, the thesis establishes the scientific contribution and future work
related to the topic.

Keywords: Learning Analytics. Educational Data Mining. Genetic Algorithm. Dropout
and Persistence Prediction.
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1 INTRODUCAO

A educacao desempenha um papel fundamental na formagéo das sociedades, au-
xiliando na formacéo dos individuos que a compdem e na geracao de conhecimento
em uma ampla gama de aspectos (GREEN, 1990). Assim sendo, tem um papel trans-
formador na vida dos seres humanos e nos projetos das sociedades modernas, permi-
tindo que os individuos ndo s6 adquiram conhecimento, como também sejam capazes
de desenvolver suas capacidades individuais necessarias para 0 convivio e sejam ca-
pazes de galgar um futuro melhor para si e suas familias (BLOSSFELD; KIERNAN,
2019; GREEN, 1990; YOUNGMAN, 2018; DAHRENDORF, 2022).

O processo educacional é altamente mutavel, evoluindo a todo instante acompa-
nhando as tendéncias do mundo ao seu redor. Nesse sentido, os diferentes niveis
educacionais sdo metodologicamente planejados para abordar e consolidar diferentes
aspectos importantes aos individuos e as sociedades atuais (GARFIELD; AHLGREN,
1988). Como alguns exemplos, podemos citar a exploracao dos sentidos basicos, a
socializacdo e as emocgoes basicas na pré-escola, a alfabetizacao, a introducéo e a
consolidacéo dos conceitos basicos das disciplinas iniciais na educacao fundamental,
bem como o aprimoramento dos conhecimentos e a preparacao para a vida adulta no
ensino médio (CURY, 2008).

Nesse sentido, a importancia da educacao é reforcada pelo relatério da Organiza-
¢ao para a Cooperagao e Desenvolvimento Econdmico Oecd (2019), que aponta que
0 acesso a educacao digna, de qualidade e gratuita € um direito humano garantido
na Constituicdo de, pelo menos, 5 a cada 10 paises, inclusive no Brasil. No entanto,
as preocupacgdes com 0s sistemas educacionais no geral sdo vastas e os problemas
ligados ao desempenho e a evasdo ocupam significativo espaco nas pesquisas sobre
a area.

Corroborando com esses aspectos, o relatério do Monitoramento Global da Educa-
cao de 2020 da UNESCO aponta que na média mundial, desconsiderando a América
do Norte e os paises de alta renda per capita da Europa, somente 18 individuos po-
bres concluem seus estudos em nivel secundario para cada 100 jovens ricos (UNITED
NATIONS EDUCATIONAL; ORGANIZATION, 2020). Esse fato se acentua conforme
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o declinio da renda per capita e ja é sentido em paises com renda média, onde 25%
dos jovens com 15 anos ja ndo estdo mais frequentando a escola e pelo menos 50%
apresentam algum grau de defasagem escolar (UNITED NATIONS EDUCATIONAL;
ORGANIZATION, 2020).

Essas taxas se convertem em inUmeros problemas aos paises, que sdo potenci-
alizados no atual contexto social mundial. A literatura sobre a situacdo define como
alguns dos principais problemas relacionados ao abandono escolar precoce as ques-
tées como a marginalizacao, os baixos salarios, a exclusao social, a dificuldade na in-
teracdo com as mudancgas tecnoldgicas e a desindustrializacdo devido a falta de méo
de obra qualificada para exercer determinadas funcoes laborais(HOSOKAWA; KAT-
SURA, 2018; AFZAL, 2019; RAITASALO; JSTERGAARD; ANDRADE, 2021; PARK,
2018).

Os reflexos desses problemas também sédo sentidos dentro dos diferentes niveis
educacionais, como nas universidades, onde, de acordo com (OECD, 2019), apesar
do vasto escopo do ensino superior atual, as altas taxas de evasao e retencao de
estudantes sdo uma preocupagao generalizada na area. Essas taxas sdo comumente
associadas as ineficiéncias do ensino superior, embora também dependam de outros
fatores, como o perfil dos estudantes, sua trajetoria académica e a impossibilidade de
permanecer no curso por questdes socioeconémicas (OECD, 2019; GRALKA, 2018;
SALAZAR-FERNANDEZ et al., 2021; OCHOA et al., 2011; CECHINEL et al., 2020;
BARROSO; FALCAO, 2004).

Dessa forma, nos ultimos anos, governos, organismos internacionais de desenvol-
vimento e entidades privadas tém buscado formas de otimizar os processos de ensino
e aprendizagem em seus diferentes niveis e aspectos. Essa situacao foi amplificada
e beneficiada pelo crescente uso das Tecnologias da Informacédo e Comunicacéao Di-
gitais na educacéo (TICs), que tém o poder de gerar a todo instante uma quantidade
expressiva de dados.

Esses dados podem ser adquiridos a partir de multiplas fontes, como os sistemas
de gerenciamento académico, os censos escolares, os Ambientes Virtuais de Apren-
dizagem (AVA) e diversos tipos de sensores. Ainda, esses dados podem ser origina-
rios de diferentes contextos educacionais, como a educacgao presencial, a educagao
hibrida, a educacao a distancia e os Massive Open On-line Courses (MOOCs) (SIE-
MENS, 2013; SIEMENS; LONG, 2011; ROMERO; VENTURA, 2020).

Nesse contexto, emergiram diversos campos de pesquisa que utilizam técnicas de
Data Science, Big Data e Machine Learning, mas néo restritos a elas, para a geragéao
de informacéo a partir desses dados, dentre os quais podemos destacar como 0s
principais a Learning Analytics (LA), a Academic Analytics (AA) e a Educational Data
Mining (EDM).

Esses campos, apesar de estarem interligados, apresentam diversas diferencas
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em seus propoésitos e aplicacées. No entanto, existe uma convergéncia em seus prin-
cipais objetivos, em que podemos citar como objetivo geral a geracao e o aperfeigoa-
mento de técnicas que possam impactar positivamente na experiéncia dos usuarios,
bem como possam fornecer feedback sobre os mesmos para as instituigées (BAKER,;
INVENTADO, 2014).

Segundo Ochoa (2019), dentro das diversas abordagens de pesquisa que surgi-
ram para estudar o tema, a Learning Analytics, em portugués Analise de Aprendiza-
gem, apresenta-se como uma forma de compreender, analisar e propor melhorias aos
processos de ensino. Com esse objetivo, ela busca explorar a ampla utilizacdo de
sistemas de apoio ao ensino baseados em tecnologias, principalmente em sistemas
on-line, que geram grandes quantidades de dados. Atualmente, esses sistemas de
apoio sao amplamente utilizados na educacgéo a distancia e seu uso vem crescendo
de forma exponencial na educagao presencial.

Em um contexto regional, a América Latina se apresenta como uma das regides
de destaque em pesquisas e iniciativas que busquem utilizar a LA e a EDM como fer-
ramentas de desenvolvimento regional (CECHINEL et al., 2020). Esse fato € auxiliado
pelas semelhancas culturais, historicas e linguisticas dos 21 paises que compdem
a regiao e pelos seus problemas, como as altas taxas de concentracao de renda, a
baixa qualidade dos ensinos primario e secundario, os baixos indices de investimento
em ciéncia e pesquisa e 0s consequentes numeros de pesquisadores por habitantes
em suas sociedades (CECHINEL et al., 2020).

Contudo, apesar das claras contribuicdes que esses campos de pesquisa podem
entregar, eles ainda enfrentam uma série de dificuldades, como a falta de metodolo-
gias proprias para a extracao, pré-processamento e analise dos dados, e a de apli-
cacgdes praticas de Learning analytics em diferentes contextos educacionais (GRE-
GORI et al., 2018; HERNANDEZ-LEAL; DUQUE-MENDEZ; CECHINEL, 2021). Ou-
tro fator importante é que as estratégias atuais costumam trabalhar com dados de
numero limitado de cursos, baixos quantitativos de estudantes e sdo voltadas, princi-
palmente, para educacao de nivel superior (HERNANDEZ-LEAL; DUQUE-MENDEZ;
CECHINEL, 2021).

Dessa forma, a falta de metodologias para tratar grandes quantidades de dados
de estudantes de diferentes niveis e contextos educacionais é latente. Ademais, €
necessario traduzir as pesquisas desenvolvidas na area de LA e EDM em ferramen-
tas que possam auxiliar no desenvolvimento educacional, principalmente na América
Latina (CECHINEL et al., 2020; FERGUSON, 2012).

Em suma, esta tese € baseada em trés diferentes metodologias de aplicagdo de
Learning Analytics e Mineracao de Dados Educacionais em diferentes contextos edu-
cacionais. Assim, busca-se demonstrar os panoramas praticos e teéricos da aplicacao
das técnicas baseadas em LA e EDM nos diferentes contextos educacionais.



16

Nesse sentido, esta tese tem como sua principal pergunta de pesquisa (PP):

» Considerando as particularidades metodolégicas e as diferentes origens dos da-
dos utilizados, quais as semelhancas e diferengas na aplicagdo de Learning
Analytics e Mineracdo de Dados Educacionais em diferentes niveis e contextos
educacionais?

1.1 Motivacao

Os problemas educacionais relacionados a retencao e evasao se perpetuam em
diferentes niveis da educacgéo, causando efeitos sociais e econémicos significativos
a longo prazo. Esses problemas sdo sentidos de forma mais intensa em populacdes
com maiores indices de vulnerabilidade social, sendo apontados como um tipo de de-
sigualdade educacional (WELLS; CRAIN, 1994; ZEICHNER, 2010). Ainda, é demons-
trado que quanto menor a renda familiar maiores sdo os indices de evasao escolar
e, consequentemente, menores sao os indices de formacao educacional (TORRACO,
2018).

A literatura na area costuma apontar a desigualdade social como um fator que se
perpetua através das diferentes geracdes e afeta as familias tanto nos aspectos fi-
nanceiros quanto culturais (TORRACO, 2018). Além disso, a desigualdade social é
um fator desencadeador importante na contextualizagdo dos problemas relacionados
a evasao e retencao (SILVA FILHO; LIMA ARAUJO, 2017; TORRACO, 2018). Ade-
mais, a discussao sobre esses temas é significativamente mais ampla e envolve ques-
tdes sociais, econdmicas, culturais, entre outras (SILVA FILHO; LIMA ARAUJO, 2017;
TORRACO, 2018), questdes que nao fazem parte do escopo desta tese.

No contexto regional, a populacédo da América Latina, que é de 680 milhdes de ha-
bitantes, apresenta indices de escolaridade com média em torno de 2,5 anos abaixo
da média geral dos paises membros da OCDE (OECD, 2019). Isso acontece mesmo
com o significativo aumento no nimero de matriculas na educagao primaria e secun-
daria nos ultimos 30 anos (OECD, 2019; DURYEA et al., 2007; AVVISATI et al., 2018).

Quando analisados, esses valores sdo ainda mais pessimistas. Isso se da porque
0s paises de outras regides, como 0s asiaticos, apresentavam valores préximos aos
da América Latina até os anos 1970 e hoje estdo acima ou proximos a média mun-
dial (DURYEA et al., 2007). Esse mesmo fato ocorre com as taxas de evaséo e reten-
cao, onde, apesar de os indices estarem diminuindo desde os anos 1990, os paises
da América Latina ainda apresentam indices alarmantes (BUSSO; BASSI; MUNOZ,
2013; PENA; PEREZ, 2013; BASSI; BUSSO; MUNOZ, 2015).

Assim, entende-se que tecnologias que busquem aplicacdes praticas de Lear-
ning Analytics e Mineragdo de Dados Educacionais como forma de auxiliar os siste-
mas educacionais em diferentes estagios de formacao trariam resultados, melhorando
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tanto os indices educacionais pessoais quanto os familiares e, consequentemente, a
renda. Dessa forma, as metodologias praticas apresentadas nesta tese buscam auxi-
liar na qualificacao dos processos educacionais em diferentes niveis, como a educa-
cao formal presencial de nivel secundario, a educacao de nivel superior € a educacao
a distancia/hibrida.

Portanto, as aplicagbes praticas e tedricas desenvolvidas nesta tese buscam abor-
dar os trés principais modelos educacionais atuais, a Educacao Primaria e Secundaria
tradicional, a Educacao Secundéria Hibrida de Nivel Técnico e a Educagao Superior.
Ao final, as trés abordagens propostas se interligam no auxilio a resolugédo dos pro-
blemas nas trés frentes de ensino, utilizando a LA e a EDM como forma de auxilio aos
processos educacionais.

1.2 Objetivos e metas

Esta tese tem como objetivo central a geracao de diferentes métodos de aplicacao
de Learning Analytics e Mineragdo de Dados Educacionais para diferentes contextos
educacionais. Assim, busca-se demonstrar os panoramas praticos e teoricos da apli-
cacao das técnicas baseadas em LA e EDM nos diferentes contextos educacionais,
bem como as semelhangas e diferencas existentes nessas aplicaces.

O objetivo geral se desdobra em 6 metas especificas a serem contempladas nesta
tese. Essas metas sé@o descritas abaixo:

* Meta 1 - Investigar e documentar a fundamentagéao teorica e o estado da arte
na utilizacdo de Machine Learning, Learning Analytics e Educational Data Mi-
ning, principalmente como ferramentas de apoio e geragédo de conhecimento em
diferentes contextos educacionais;

* Meta 2 - Gerar uma metodologia baseada em LA que englobe a aquisicao de
dados, a transformacao de dados, a geracdo de modelos e a criacdo de conheci-
mento sobre as populagdes estudantis, auxiliando na identificagdo de estudantes
com risco de desligamento precoce para os principais planos de ensino médio
atuais do Uruguai;

* Meta 3 - Identificar como os dados gerados pela utilizacdo de ambientes virtuais
de aprendizagem, enquanto método de apoio na educacao presencial de nivel
superior, principalmente como repositérios de conteudo, pode auxiliar a encon-
trar padrdes ocultos que revelem possiveis problemas de formagéao (reprovacao
e/ou evasao). Ainda, se a combinacao de dados de diferentes fontes com dados
dos AVAs é uma opc¢ao para geragao de conhecimento e auxilio na formacao de
politicas publicas baseadas em dados;
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» Meta 4 - Gerar e analisar modelos de predicao para desvinculagao educacionais
no ensino secundario, bem como se a insercdo de dados de desempenho an-
teriores podem trazer um ganho significativo para a predicdo de estudantes em
risco de desvinculacéao;

* Meta 5 - Desenvolver mecanismos que possam auxiliar no aumento das taxas
de precisao dos classificadores de risco utilizados atualmente para a educacgao
a distancia;

» Meta 6 - Identificar quais padrées a mineracao de dados educacionais pode aju-
dar a desvendar nos diferentes niveis educacionais estudados.

1.3 Estrutura do texto

Esta tese esta estruturada no formato de compéndio de artigos, assim contendo as
publicagdes de maior relevancia realizadas pelo autor no periodo do doutorado. Esses
artigos estdo disponiveis nos apéndices A, B e C. Aléem disso, esta tese apresenta 5
capitulos, conforme estrutura descrita a seguir.

No capitulo 1 é apresentada a introducao e uma breve contextualizacao do pro-
blema e das solugdes propostas nesta tese.

No capitulo 2 é apresentada a fundamentacao teérica e o estado da arte sobre o
tema amplamente analisado e estudado para o desenvolvimento das metodologias e
teorias geradas.

O capitulo 3 apresenta os trabalhos desenvolvidos, dividido em 4 secdes onde sédo
apresentados os artigos e um comparativo entre as diferencas e semelhancas entre
eles.

O capitulo 4 apresenta uma discussédo dos resultados gerais das metodologias
propostas, com foco principal na resposta ao objetivo geral e nas metas estabelecidas
para esta tese.

O capitulo 5 apresenta de forma breve as considera¢des finais sobre o trabalho
desenvolvido ao longo do doutorado.



2 FUNDAMENTACAO TEORICA

2.1 Learning Analytics

A Learning Analytics é uma area de pesquisa recente. Segundo (FERGUSON,
2012), surgiu ao longo da década inicial dos anos 2000 e comecou a se estabelecer
como um campo de pesquisa propriamente dito a partir de sua primeira conferén-
cia em 2011(BAKER; INVENTADO, 2014)(LEARNING ANALYTICS; KNOWLEDGE,
2011). A LA foi impulsionada ndo somente pelo aumento da oferta de qualificacdo
on-line, mas também pelo incentivo politico, com iniciativas como a Open Univer-
sity no Reino Unido e a Rede ETEC e UAB no Brasil, que tinham como objetivo
levar educagdo de qualidade a localidades afastadas dos grandes centros universi-
tarios(QUEIROGA et al., 2016).

A definicdo de LA amplamente utilizada entre os autores da area € dada, de acordo
com a primeira conferéncia internacional (LAK) realizada em 2011 (SIEMENS, 2013),
por "E a medicdo, coleta, andlise e descricdo dos dados sobre os alunos e seus con-
textos, com o objetivo de compreender e otimizar 0 aprendizado e os ambientes em
que ele ocorre."(LEARNING ANALYTICS; KNOWLEDGE, 2011)

A LA é considerada uma area de pesquisa multidisciplinar, a qual, segundo autores
como (CHATTI et al., 2013) e (BAKER; INVENTADO, 2014), tem relagao direta com
campos de pesquisa como Aprendizagem de Maquina, Inteligéncia Artificial, Estatis-
tica, DataViz, entre outras. A LA faz uso de técnicas dessas linhas de pesquisas para
desenvolver métodos que possam auxiliar na melhora da experiéncia no processo de
aprendizagem e em todo 0 seu contexto.

Dessa forma, podemos afirmar que a LA busca o entendimento integral dos fatores
da aprendizagem, analisando de uma forma mais humana as diferentes variaveis que
podem ocasionar uma determinada situagdo, como um aluno concluir ou ndo um curso
ou ter um determinado desempenho em uma avaliacdo. Assim, podemos afirmar que
em LA ha uma constante busca pela identificacdo de como as partes envolvidas na
aprendizagem tendem a se comportar, tendo no fim um método holistico.

Em LA, o processo é um ciclo continuo que esta sempre se aperfeicoando e nao
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The
Learning

Analytics —
Cycle

Figura 1 — Ciclo de Clow(CLOW, 2012)

tem um fim pré-determinado. Portanto, ele esta em constante treinamento e reava-
liacdo. Por esse motivo, a andlise de aprendizagem mantém uma proximidade com
outras areas além da EDM, como Business Intelligence (Bl), Web Semantica e os
Sistemas de Recomendagao(FERGUSON, 2012).

O ciclo estabelecido para o processo de learning analytics € proposto por Clow
em (CLOW, 2012). Na figura 1, temos o diagrama do ciclo. Segundo (CHATTI et al.,
2013), o conceito de LA esta apoiado em 4 perguntas-chave: O QUE?; POR QUE?;
COMO?; e QUEM?. Essas perguntas tendem a auxiliar na classificacao das pesquisas
desenvolvidas na area, propiciando o entendimento e a separacao das subareas de
pesquisa (MOISSA; GASPARINI; KEMCZINSKI, 2014). Abaixo descrevemos de forma
sucinta essas perguntas, entretanto, cada uma delas tera uma subse¢do mais adiante.

* O que? - Alusivo ao tipo de dado que sera usado, bem como sua origem (exem-
plo: interagdes em um ambiente, redes sociais, dados historicos etc.);

* Quem? - Refere-se ao publico-alvo da analise, podendo ser discentes, docentes,
institucional, entre outros;

» Por qué? - Vinculado ao objetivo da utilizagao de LA, sendo alguns deles moni-
toramento, analise, predicéo, intervencéao, entre outros;

+ Como? - Refere-se a como é feito 0 processo, quais técnicas sao utilizadas
para isso. Por exemplo, mineragao de dados, andlise de redes sociais, técnicas
estatisticas, entre outras.

Essas quatro perguntas séo utilizadas como um modelo de referéncia para pes-
quisa e aplicacdo em LA e estdo diretamente ligadas ao ciclo de quatro etapas pro-
posto por Clow (CLOW, 2012)(MOISSA; GASPARINI; KEMCZINSKI, 2014). Dessa
forma, podemos definir um escopo inicial para uma determinada pesquisa. Imagine o
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O que? Quem?
Dados e origem Quem € o publico alvo, qual
a expectativa dele.
Como? Por qué?
Como planejamos executar Qual a finalidade.
e quais técnicas envolvidas.

Figura 2 — Modelo de referéncia (CHATTI et al., 2013)

seguinte: uma pesquisa que busca utilizar as interagdes de académicos em determi-
nado ambiente, dados do histérico escolar, que busca monitorar e prever performance
académica utilizando dados de interacdes e histérico escolar, tendo como alvo um
sistema automatizado de aviso de risco ou informe geral semanal. Como fazer isso?
No escopo ja estdo definidas varias respostas das perguntas: O que? refere-se aos
dados de interacao e histérico; Quem? sao os académicos; Por qué? é o monito-
ramento e predicdo; mas ainda falta Como?, que seriam as técnicas que podemos
utilizar para isso. A seguir, descreveremos de forma mais adequada cada uma das
perguntas-chave.

O método proposto por (CHATTI et al., 2013) pode ser comparado a um planeja-
mento estratégico, onde tem-se as etapas de definicdo do escopo, de deteccao de qual
problema se quer trabalhar, quais sdo os resultados esperados no processo, quais
metas devem ser atendidas para se conseguir os resultados esperados e quais as
técnicas que podem ser aplicadas naquele contexto.

2.1.1 O que?

Um aspecto relevante em LA é a avaliacdo dos dados que serdo utilizados e qual
sua origem(CHATTI et al., 2013). Os dados podem vir de diferentes bases, como
ambientes virtuais de aprendizagem, sistemas de gestao institucional, sistemas aca-
démicos, fontes externas, como redes sociais, e até mesmo dados oriundos de pre-
enchimento manual (fomularios manuais, web, entre outros) (MOISSA; GASPARINI;
KEMCZINSKI, 2015a).

Geralmente, essa etapa esta diretamente vinculada a um processo de analise ex-
ploratéria, que é feito buscando levantar os dados disponiveis, suas caracteristicas,
qualidades e quais as diferentes abordagens que podem ser empregadas no trata-
mento dos mesmos.

O processo de analise exploratéria merece uma melhor anélise, que sera feita mais
adiante nesta tese, mas de uma forma resumida podemos dizer que é 0 processo de
levantamento e avaliagdo dos dados brutos disponiveis, bem como suas caracteristi-
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cas, quantitativos e integridade (COX, 2017).

2.1.2 Quem?

Diferentes perspectivas podem ser abordadas para diferentes grupos, assim, essa
dimensao da pesquisa esta diretamente ligada ao seu publico-alvo. Alguns dos dife-
rentes publicos da pesquisa s&o estudantes, professores, tutores, orientadores edu-
cacionais, gestores educacionais ou até mesmo sistemas automatizados de avisos.
Cada um deles tem expectativas diferentes quanto as informag¢des que tendem a ser
ofertadas (MOISSA; GASPARINI; KEMCZINSKI, 2014).

Um exemplo dessas expectativas € dado por Chatti (CHATTI et al., 2013), que re-
lata que professores tendem a ter uma expectativa de métodos que possam aumentar
0 engajamento dos estudantes nas atividades e em formas de adaptacao na abor-
dagem de conteudos para as necessidades especificas de determinados grupos de
alunos. Enquanto isso, as expectativas dos alunos tendem a ser por métodos que
possam auxiliar no incremento de suas notas.

Da mesma maneira, dificilmente grupos formados pelos stakeholders das institui-
cOes estardo interessados nos métodos anteriores. Possivelmente, esses grupos de
tomada de decisao tenham expectativa em métodos sobre questdes relativas aos cus-
tos, aos indices de evasao e retencdo e formas de otimizar processos ou agrupamen-
tos de estudantes (CHATTI et al., 2013) (CAMPBELL; DEBLOIS; OBLINGER, 2007).

Dessa forma, métodos que tenham uma boa aceitacdo em um determinado grupo
dificilmente apresentardo os mesmos resultados em outros. Isso torna a escolha e a
personalizacdo da abordagem de suma importancia para um projeto em LA, impac-
tando diretamente no possivel éxito da iniciativa.

2.1.3 Por qué?

A terceira dimensao proposta por (CHATTI et al., 2013) refere-se ao objetivo da
aplicacao da LA. Podemos expandir um pouco sua nomenclatura para "Por qué esta-
mos fazendo isso? Qual a finalidade?" (MOISSA; GASPARINI; KEMCZINSKI, 2015b).

Os objetivos estao diretamente ligados aos resultados esperados. Assim, nessa
etapa ocorre a discussao dos requisitos do projeto, bem como suas perspectivas e
métricas de avaliacéo.

214 Como?

A quarta dimensao definida proposta por (CHATTI et al., 2013) tem como objetivo
a definicdo das técnicas a serem empregadas para alcangar o objetivo. Apesar do mo-
delo proposto nao definir explicitamente uma sequéncia para a aplicacao da mesma,
entende-se que essa é a ultima parte do projeto (MOISSA; GASPARINI; KEMCZINSKI,
2014).
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Para a definicdo da técnica empregada, precisamos ter uma leitura completa dos
dados disponiveis, saber qual o publico-alvo e ainda qual o objetivo e resultados pre-
tendemos alcancar. Com um objetivo tragado, precisamos definir as técnicas a serem
empregadas para obté-lo. Entre uma variedade de métodos e técnicas para extracao
do conhecimento disponiveis na atualidade, podemos citar:

» Métodos Estatisticos e de Visualizagao de informagdes (DataViz);
» Academic Analytics;
» Business Intelligence (Bl);

* Predictive Learning Analytics (Data Mining e Educational Data Mining);

Modelos de Predicao e Classificacao;

Clusterizacgao;

Regras de associacéao;

Mineracgao de relacionamento;
» Analise de redes sociais;

* Modelagens relacionadas a avaliagdo e desenvolvimento de ontologias bus-
cando o processamento de linguagem natural (conhecimento do usuario X do-
minio do conhecimento);

* Modelos de recomendacéo;

» Gamificagéo.

2.2 Mineracao de Dados Educacionais

A mineracao de dados educacionais (EDM) é uma crescente e emergente area de
pesquisa cientifica, que esta intimamente ligada a Anélise de Aprendizagem (Learning
Analytics), a Mineragcao de Dados e a Aprendizagem de Maquina (SIEMENS; BAKER,
2012). A EDM tem como objetivo o desenvolvimento e a adaptagdo de métodos que
possam auxiliar na descoberta de informacdes em dados provenientes de multiplas
fontes e recursos educacionais. Assim, busca a compreensao dos multiplos fatores
que influenciam na aprendizagem, bem como o entendimento do comportamento do
estudantes e as configuracdes em que eles tendem a aprender de uma forma mais
eficaz (ROMERO; VENTURA, 2007) (BAKER; INVENTADO, 2014).

Com um enfoque reducionista e uma predilecao pela automatizagéo de processos,
a mineracdo de dados educacionais analisa grandes bases de dados educacionais
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com processos exploratérios que também sao amplamente utilizados em Data Sci-
ence (BAKER; INVENTADO, 2014), como o CRISP-DM (FERNANDES et al., 2019) e
KDD (ROMERO; VENTURA, 2013).

A EDM apresenta potencial para se transformar em um método de auxilio as di-
versas etapas da educacdo. Baker e Inventado (BAKER; INVENTADO, 2014) ainda
avaliam que a EDM pode ser vista de duas formas distintas, uma como comunidade
de pesquisa e outra como uma area de investigacao de dados cientificos. Mais es-
pecificamente como area de pesquisa, busca a descoberta de conhecimento sobre
as formas de aprendizagem e situacdes ligadas diretamente aos académicos, como
desempenho e evasdo. Esse processo se da a partir da andlise das bases de da-
dos geradas por diversos recursos e sistemas educacionais, como AVAs, sistemas
académicos, dados demograficos, entre outros (BAKER; INVENTADO, 2014).

Segundo Romero (ROMERO; VENTURA, 2010), a EDM tem como suas principais
linhas de pesquisa a andlise e visualizagdo de dados, recomendagdes de conteudo,
predicdo de desempenho e evasédo, modelagem e personalizagédo de curso, deteccao
de comportamentos, agrupamento de estudantes e andlise de redes sociais.

As pesquisas em EDM tém crescido gradativamente e apresentado destaque no
contexto da tecnologia na educagdo. Na predi¢cao, tanto de desempenho quanto de
evasao, pesquisas como (LYKOURENTZOU et al., 2009) propdem a combinagéo da
utilizagéo de dados académicos com dados demograficos para a predigao de estudan-
tes em risco de evasdo. J4 (MARQUEZ-VERA et al., 2016) propéem, com resultados
satisfatérios, os algoritmos evolutivos ICRM e ICRM2 baseados em programagéao ge-
nética gramatical (GBGP) na predicao da evaséo de alunos do ensino médio no Mé-
xico. Para isso, sdo utilizados dados tém que em torno de 60 atributos, que vao desde
o teste de admisséo até os dados de pesquisa distribuidos aos alunos.

No Brasil, o trabalho de (MANHAES et al., 2011) propde a utilizacdo de EDM para
reduzir os indices de evasao no ensino presencial em cursos que utilizem o AVA como
método de apoio. Para isso, séo utilizados dados das interagdes dos estudantes com
os AVA e o desempenho nas atividades. Os alunos sao classificados em trés bandei-
ras (verde - baixo risco de evasao, amarela - risco de evasdao moderado, vermelha -
alto risco de evasao). Fernandes et al. (FERNANDES et al., 2019) apresentam uma
metodologia que busca a predicdo do desempenho académico de alunos de escolas
publicas do Distrito Federal, utilizando dados demograficos e académicos e o classi-
ficador Gradient Boosting Machine (XGBoost). Ainda sdo analisadas as variaveis de
maior importancia e seu impacto na evasao. Costa et al. (COSTA et al., 2017) ava-
liam a utilizacdo de diversas técnicas de EDM na predicdo de desempenho em cursos
presenciais e a distancia, conseguindo identificar de forma precoce os alunos que ten-
dem a evadir. Ainda, demonstram quea aplicacao de técnicas de pré-processamento
e hyperparametrizagéo tendem a incrementar os resultados.
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2.3 Learning Analytics X EDM

A LA se distingue da EDM por apresentar um foco maior no processo, em como ele
se da, e que ele seja um ciclo com fim indeterminado, composto geralmente por co-
leta de dados e pré-processamento, aplicacdo de métodos e avaliagéo, intervengéo e
aprendizagem sobre como se deu o processo. Apos isso, geralmente o processo volta
para o inicio, estando sempre em fase de aprimoramento. Além disso, a LA também
utiliza outras técnicas e areas, como a Andlise de Redes Sociais e a Visualizacédo de
Dados.

Enquanto isso, a Mineragdo de Dados Educacionais busca utilizar os dados estu-
dantis gerados pelos AVAs, sistemas académicos, dados demogréficos, entre outros,
em informacodes. Esse processo é derivado da Mineracdo de Dados e Data Science
e, geralmente, utiliza técnicas em comum com as mesmas.

Entretanto, duas perguntas ainda pairam sobre essas areas de pesquisa. A pri-
meira refere-se a aceitagdo das tecnologias criadas no ambiente real. Afinal, a acei-
tacdo das tecnologias propostas esta diretamente ligada a seu sucesso e é um fator
ainda pouco explorado. Podemos fazer uma analogia a outras areas, como Bussi-
ness Inteligence (Bl), que ja tem um longo caminho percorrido, mas ainda luta pela
aceitacao nas instituicbes. Assim, se tivéssemos uma forma de medir essa aceitagao,
possivelmente poderiamos criar ambientes customizados de acordo com a aceitagao
relativa ao tipo de usuario que temos.

A segunda pergunta é sobre como aumentar os niveis de precisdo dos métodos
preditivos. Atualmente, diversas abordagens buscam esse objetivo com diversas téc-
nicas ou algoritmos novos. Afinal, o impacto da precisdo é uma das chaves para a
melhorar a aceitacdo tanto de EDM quanto de Learning Analytics. Para isso, € ne-
cessaria a criacao de uma metodologia ampla e que envolva o processo como um
todo.

2.4 Predictive Learning Analytics

Predictive Learning Analytics (PLA) é uma subdrea de pesquisa da Learning Analy-
tics e da Mineracao de Dados Educacionais. PLA busca a geracdao de modelos de pre-
dig&o a partir de diversos tipos de dados de estudantes, com énfase na utilizagdo dos
Ambientes Virtuais de Aprendizagem e dados multimodais (SCLATER; PEASGOOQD;
MULLAN, 2016). Para isso, sao utilizadas técnicas e metologias de diversas areas
de conhecimento, como Educational Data Mining, Machine Learning, Data Science e
Estatistica (HERODOTOU et al., 2019).

A aplicagao de PLA foi rapidamente difundida na educagéao a distancia, entretanto,
no ensino presencial ainda restam diversas duvidas quanto a sua eficiéncia. Algumas
dessas duvidas dizem respeito a sua aceitacdo por estudantes, professores e Sta-
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keholders (HERODOTOU et al., 2019), seu impacto em ambientes reais e como 0s
usuarios utilizam as suas predicées (HERODOTOU et al., 2017).

Nesta se¢do abordaremos os principais conceitos e técnicas utilizadas para mode-
lagem preditiva em PLA, bem como os principais tipos de predicao, trabalhos da area
e metodologias de aceitagcido para implementagcao de tecnologias.

2.4.1 Compreendendo os dados

Consiste na coleta dos dados e na Analise Exploratoria de Dados (EDA), bem como
na busca por fontes relevantes que possam adicionar dados ao projeto. Nessa fase,
os dados sao coletados, os diferentes atributos sdo analisados e suas qualidades séao
medidas. A coleta de dados € uma etapa importante em qualquer projeto de analise e
deve ser norteada a partir do objetivo. Assim, nela serdo avaliadas as possiveis fontes
de dados e os requisitos para a sua utilizacdo (VIEIRA; PARSONS; BYRD, 2018).

2.4.1.1 Tipos de dados

Na PLA, diversos tipos de dados costumam ser utilizados, sendo os mais comuns:
dados demograficos, dados de sistemas académicos e dados de ambientes virtuais de
aprendizagem. Assim, podemos basicamente dividir os trabalhos entre os que utilizam
dados sociodemogréficos, dados de interacdes e sistemas hibridos que utilizam os
dois tipos de dados.

Dados sociodemograficos sao a representagdo quantitativa das caracteristicas de
grupos de seres humanos, populagdes, apresentados utilizando estatistica (KOVACIC,
2010). Eles sao gerados a partir do conhecimento da populacdo, geralmente séao
quantitativos e representam a forma de organizacdo de uma populagao, tendo como
objetivo buscar a andlise e interpretacao de diferentes tipos de dados quantitativos e
qualitativos baseados em estatistica.

Os dados gerados pelos ambientes virtuais de aprendizagem, geralmente utiliza-
dos em PLA, séo os log’s. Esses dados contém as acdes efetuadas pelos estudantes
com o ambiente, seus colegas, professores e conteudos. Essas agdes também séo
conhecidas como interagdes e, atualmente, existem diversas metodologias de trans-
formacéao para sua utilizagao.

Ainda podemos destacar a utilizagdo de dados multimodais. Esses dados séo
oriundos de diversos contextos e sua utilizacdo € crescente na learning analy-
tics (WORSLEY, 2018). Esses dados podem ser agregados as diferentes bases e
revelar informagdes importantes sobre o processo de aprendizagem.

2.4.1.2 Analise exploratdria de dados - EDA

Andlise exploratéria de dados € o processo de familiarizacao e analise dos conjun-
tos de dados a fim de levantar suas principais caracteristicas. Nela sdo empregadas
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diversas técnicas, principalmente visuais, para extrair informacgdes iniciais.

Algumas técnicas empregadas sdo analise de distribuicdo e deteccéo de outliers.
Seus objetivos principais sdo o levantamento de hipoteses sobre os dados e suas
relacoes.

2.4.2 Integracao

Com o uso de dados de diversas fontes, uma etapa importante na PLA € a in-
tegracdo dos dados. Ela é a combinacao de processos técnicos com o objetivo de
transformar os dados, estruturados ou néo estruturados, em uma base unica e coesa.
Assim, pode-se transformar esses dados separados em informag¢des e conhecimento
para as instituicbes com a combinacado de dados confiaveis de diversas origens em
uma unica.

2.4.3 Reducao da dimensionalidade

Com a coleta de dados de multiplas fontes, possivelmente a base de dados final
sera composta por uma quantidade expressiva de features. Isso gera um problema
para os algoritmos de classificagao, conhecido como a maldicdo da dimensionalidade.
Essa € uma condicao que ocorre quando a grande quantidade de features acaba con-
fundindo os classificadores e, por consequéncia, influenciando negativamente nas pre-
visdes. Diversas técnicas sao empregadas na tentativa de reduzir o problema (BACH,
2017).

Os principais métodos de redugédo da dimensionalidade podem ser divididos em
dois, a selecéo de recursos e a extracao de recursos. Na selecéo de recursos (Feature
Selection), as variaveis de maior relevancia na base sdo selecionadas a partir de 3
principais técnicas (BHAGOJI; CULLINA; MITTAL, 2017).

1. Filtro: selecdo de varidveis baseada em recursos estatisticos, como correlagéao,
ANOVA e Qui-quadrado.

2. Wrapper: Avaliacdo por subconjunto com 3 principais técnicas:

(a) Selecao direta: as variaveis sao adicionadas uma a uma e o impacto delas
é medido até que o modelo deixe de ter ganho com adicao;

(b) Eliminacdo: as variaveis sdo removidas uma a uma a partir de sua signifi-
cancia até que o desempenho do modelo estabilize;

(c) Eliminacéo recursiva: algoritmo guloso, que busca encontrar as variaveis
mais importantes de acordo com uma quantidade pré-estabelecida. Assim,
o algoritmo elimina recursivamente as variaveis menos importantes até que
seja encontrado o numero de features planejado;
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3. Incorporacao (embedded): Combinacdo dos métodos anteriores, normalmente
feita dentro do préprio classificador (e.g. Random Forest e XGBOOST). Um
exemplo é a selecéo de atributos feita pelo Random Forest, no qual sdo geradas
diversas arvores de baixa profundidade para subconjunto de dados, onde as
features sdo selecionadas pela média de suas pontuacoes.

Na extracao de recursos, a alta dimensionalidade das variaveis € transformada de
forma que o conjunto final apresente uma quantidade menor de dimensdes, a par-
tir da construgdo de variaveis derivadas. O método mais utilizado é a Analise de
Componentes Principais (PCA). Nele, as features sdo analisadas a partir de testes,
geralmente estatisticos, e as variaveis sao transformadas de forma ortogonal, onde
cada conjunto de componentes apresente de forma decrescente a maior quantidade
de variacao possivel (BHAGOJI; CULLINA; MITTAL, 2017).

Outros métodos de extracado de recursos de destaque sdo o Escalonamento Muti-
dimensional (MDS) e o T-Distributed Stochastic Neighbor Embedding (T-SNE). O MDS
consiste na busca pela andlise da similaridade dos dados através da medida da sua
distancia em espacos geomeétricos. O T-SNE utiliza o método T-Student para a me-
dicdo da afinidade entre as variaveis, assim convertendo-as em pontos de similarida-
des (BHAGOJI; CULLINA; MITTAL, 2017).

2.4.4 Transformacao dos dados

Diversas técnicas buscam padronizar os dados em conjuntos que sigam uma dis-
tribuicdo centralizada zero. Isso se da porque em alguns algoritmos de machine le-
arning as medidas centrais dos conjuntos sdo proximas desse valor, principalmente
em algoritmos que utilizem a distancia euclidiana. Esse processo, também conhecido
como normalizacdo de dados, utiliza diversos algoritmos que buscam transformar os
dados em distribuicdes entre -1 e 1, sendo 0 a média e -1 e 1 0s desvios padréao.
E uma técnica usada para tratar bases com uma faixa de alto valor, como é o caso
dos atributos gerados pelo censo e de outliers, como os gerados na contagem de
interacoes (OBERMEYER; EMANUEL, 2016).

Os principais algoritmos de normalizacdo dos dados sao Min-Max, Normalizagcéo
pela Média (Mean Normalization) e Standardization Scaller.

2.4.5 Modelos de Predicao baseados em Machine Learning

Machine Learning é um campo de pesquisa da inteligéncia artificial que busca a
utilizag@o de algoritmos para analisar dados e aprender com eles questdes relativas a
um determinado contexto. Possibilita que os computadores, assim como 0os humanos,
possam ser capazes de aprender pela experiéncia (SAMUEL, 1959).

Uma das definicoes amplamente utilizada para machine learning € dada por Tom
Mitchell (MITCHELL, 1997) como "Um programa de computador aprende com a expe-
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riéncia e com relagdo a alguma tarefa T e alguma medida de desempenho P, se seu
desempenho em T, medido por P, melhora com a experiéncia E".

Para que isso seja possivel, sdo utilizados algoritmos, também chamados de clas-
sificadores, que buscam encontrar padrées em dados, para ao final serem capazes
de fazer determinagdes ou previsdes sobre situagcdes sem que tenham sido explici-
tamente programados para aquilo. Como o processo de aprendizagem é capaz de
lidar com grandes quantidades de dados, com ele € possivel identificar padrées que
passariam despercebidos para os olhos humanos (SAMUEL, 1959) (GERON, 2017).

Aprendizagem de maquina apresenta como uma de suas principais caracteristicas
a capacidade de resolver problemas sem que tenha sido programado especificamente
para isso. Essa é uma vantagem em cenarios complexos, onde a utilizacéo de algorit-
mos especializados é impraticavel, geralmente pela quantidade de dados envolvidos
e a multiplicidade dos casos de uso.

Um exemplo amplamente utilizado € o filtro de spams dos e-mails. Com a utilizacao
de machine learning, ele tende a se aprimorar com o0 passar do tempo, aprendendo
padrdées contidos nas mensagens, como palavras ou frases, que indicam que essas
possam ser spam, tornando-se, assim, mais eficiente em bloquear mensagens inde-
sejadas (GERON, 2017).

Em comparacdo com um programa especializado, onde possivelmente teriamos
uma longa lista de regras e que a cada atualizag&o necessitaria de um longo trabalho
manual, a utilizagdo de machine learning se torna possivelmente menos custosa, mais
eficiente e de menor complexidade. E possivel a utilizagdo de diversas técnicas para
treinamento constante, como aprendizagem em lotes ou on-line (BURRELL, 2016).

O processo de aprendizagem de maquina passa por diversas etapas como:

Coleta de dados; » Treinamento;

» Pré-processamento;
* Avaliacéao;

Escolha do algoritmo;

Ajuste de hyperparametros; * Predicao.

Em PLA sao dois os tipos de aprendizagem aplicadas, a supervisionada e a nao
supervisionada. Os problemas de classificacdo sao tarefas tipicas da aprendizagem
supervisionada. Nele, o conjunto de dados utilizado para treinamento é composto pela
atributos da base e a variavel-alvo, também chamada de rétulo. Esse alvo pode ser
um dado numérico (e.g. a nota de um aluno), como a caracteristica (e.g. a cor em um
sistema de sinaleiro de risco de evasao), ou binario (e.g. a predicao se o aluno ira ser
aprovado ou reprovado).

Na aprendizagem n&o supervisionada os dados ndo possuem alvo, mas sao agru-
pados de acordo com suas variaveis. Nesse processo, geralmente leva-se em conta a
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similaridade entre as variaveis.

2.4.5.1 Classificadores

Dentro da aprendizagem supervisionada, a classificagdo € a técnica utilizada
qguando o problema envolve dados categoricos. O processo de classificacdo se da
em um conjunto de dados rotulados que serve como treinamento, ou seja, aprendi-
zagem do problema, e o conjunto de dados nao rotulados onde o algoritmo testara o
qgue aprendeu atribuindo um rétulo as entradas. Em PLA, a classificacdo é o modelo
mais utilizado pelas caracteristicas do problema e dos dados envolvidos, geralmente
porque a tarefa envolve alvos binarios, como a aprovagcdo ou reprovagao € a evasao
ou conclusdo de um curso.

2.45.1.1 Arvores de decisio

Arvores de decisdo sdo algoritmos utilizados para classificagdo supervisionada,
pois neles € necessario saber quais sao as classes de cada registro do conjunto de
treinamento. Esse tipo de algoritmo gera uma estrutura de arvore que classifica as
amostras desconhecidas. Para isso, utiliza os dados dos conjuntos de treinamento, cri-
ando uma arvore e, a partir dessa, classificando as amostras desconhecidas sem ne-
cessariamente testar todos os valores dos seus atributos(MICHALSKI; CARBONELL;
MITCHELL, 2013).

Na estrutura de uma arvore de decisao tradicional existe basicamente trés tipos
de nos: o0 no raiz, que inicia a arvore; os ndés comuns, que dividem um determinado
atributo e geram ramificagdes; e os nos folha, que contém as informacdes de clas-
sificagdo do algoritmo. Ja as ramificagdes possuem todos os valores possiveis do
atributo indicado no né para facilitar a compreensao e interpretacao(QUINLAN, 1986).

2.4.5.2 Redes Neurais

As redes neurais artificiais surgiram em 1943 como uma tentativa de criar um mo-
delo matematico que imitasse o comportamento de um neurénio biolégico (MCCUL-
LOCH; PITTS, 1943). Elas podem ser definidas como técnicas computacionais que
apresentam um modelo matematico inspirado na estrutura neural de organismos inte-
ligentes e que adquirem conhecimento através da experiéncia (CARVALHO, 2009).

As redes neurais artificiais basicamente sdo formadas por um conjunto de terminais
de entrada, também conhecidos como camada de entrada, que repassam a informa-
cao para as camadas intermediarias, onde ocorre 0 processamento, e uma camada
de saida, que é onde saem as informagdes processadas.

Essas redes podem ser compostas por varias camadas de processamento de sim-
ples funcionamento. Cada camada é conectada com a préxima e esta associada a um
peso. Assim, cada neurdnio processa somente os dados que recebe em sua entrada



31

e repassa o resultado para a camada seguinte.

Assim, as Redes neurais artificias geralmente sdo apresentadas como sistemas
de neurdnios interconectados que podem computar valores de entradas (CARVALHO,
2009). O tamanho das redes neurais pode variar de acordo com a tarefa para a qual
ela é utilizada, variando de uma rede de um neurénio até centenas ou milhares (CAR-
VALHO, 2009).

Um tipo de rede neural amplamente utilizado em PLA s&o as redes de Perceptron
Multi-Camadas (Multi Layer Perceptron - MLP). Esse modelo de rede foi criado bus-
cando sanar alguns problemas que existiam nas redes de uma unica camada (ZAF-
FAR et al., 2018). Na MLP, existem camadas intermediarias de neurénios e de um
algoritmo de aprendizagem por retro-propagacéo (back-propagation). Nesse modelo
de rede, todos os neur6nios de uma camada estao ligados a todos os neurdnios das
camadas anterior e posterior. Assim, € possivel um treinamento eficiente, pois cada
camada tem uma fungéo especifica.

2.4.5.21 Ensemble Learning

Métodos de ensemble sdo a combinagao de diversos algoritmos em conjunto para
o incremento dos resultados. Geralmente, esses métodos apresentam resultados de
classificagdo superior aos métodos simples. Nesse tipo de algoritmo € considerado
qgue um fator-chave é a independéncia dos classificadores individuais, pois essa tende
a diminuir a probabilidade de que erros na classificagdo acontecam. Os principais
métodos de aprendizagem em conjunto sdo bagging, boosting e stacking (ensaque,
reforco ou empilhamento) (GERON, 2017).

No método de empilhamento, também chamado de método por generalizagéo, tem-
se N preditores, onde cada um faz sua predicéo individualmente, combinando-se ao
final. Essa combinag&o pode ocorrer por diversas técnicas, como a media ou a utiliza-
cao de um sistema mais elaborado como a teoria dos votos.

No método por ensaque, um dos algoritmos mais utilizado e conhecido é o Ran-
dom Forest. Nele, o conjunto de treinamento € dividido em diversos subconjuntos e
cada um deles é treinado por um classificador independente. Esse método busca ga-
rantir um maior poder de generalizagdo aos modelos e resultados e diminuir o viés de
amostragem.

No método por reforco, a ideia principal € que a capacidade de aprendizagem in-
dividual de cada modelo seja combinada. Assim, diversos modelos sao treinados e
testados em sequéncia. Dessa forma, no primeiro modelo sao identificadas as instan-
cias rotuladas incorretamente; no segundo modelo, apds o treinamento, o classificador
€ testado com os erros do primeiro e assim sucessivamente até o ultimo modelo. Al-
guns algoritmos de destaque nessa modalidade sdo o AdaBoost, Gradiente Boosting
e XGBoost.
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2.45.2.2 Redes Neurais Recorrentes e LSTM

Redes neurais recorrentes (RNN) sédo redes persistentes projetadas para reco-
nhecimento de padrées comportamentais. Essas redes sdo estruturas em loop com
capacidade para a acumulacao de conhecimento sobre eventos, de forma que, com
as seguintes interacdes, possam usar do conhecimento agregado anteriormente para
suas predicdes (OKUBO et al., 2017).

RNN sao geralmente utilizadas para problemas temporais e sequenciais, em que
a entrada de dados é recorrente e geralmente a saida é dependente das entradas
anteriores. Um exemplo classico é a predigdo da palavra que sera digitada em um
compilador de texto ou teclado e um smartfone, a préxima entrada é dependente das
anteriores (OKUBO et al., 2017).

O principal tipo de RNN utilizada em PLA é a Redes de Memoria de Longo Prazo
(LSTM). LSTM sao RNN de persisténcia de longo prazo. O diferencial delas para RNN
normais € que com o passar do tempo elas ainda mantém ativa um bom acumulo
de informacdes sobre séries passadas. Isso se da em funcéo de sua arquitetura, na
qual a entrada de memdérias esta ligada a um barramento com as redes anteriores,
diferentemente da estrutura normal de um RNN, no qual a entrada da memoria esta
ligada somente a série anterior (OKUBO et al., 2017).

2.4.5.3 Métodos de Hiperparametrizacdo

Os hiperparametros sao as variaveis de controle do processo de treinamento dos
algoritmos de machine learning. Eles tém como objetivo definir questées pertinentes
ao modelo que sera treinado, como, por exemplo, 0 niumero de estimadores em um
algoritmo Random Forest ou 0 numero de camadas ocultas em uma rede neural.

Diferentemente da programacgédo normal, onde estamos acostumados a utilizar o
termo parametro para nos referirmos a entrada de uma determinada fungao, na apren-
dizagem de maquina os parametros sao definidos pelo préprio modelo gerado por al-
goritmos. Por exemplo, podemos pegar os pesos e um nodo em uma rede neural,
ele é ajustado pelo algoritmo a partir dos dados de entrada e dos hiperparametros e
€ chamado de parametro. Em machine learning, a precisdo dos modelos esta dire-
tamente ligada a qualidade da hiperparametrizacéo de entrada do algoritmo. Assim,
quanto mais ajustados os algoritmos forem, a tendéncia é que as taxas de precisdo
dos modelos também sejam maiores.

Os principais métodos de hiperparametrizacao utilizados atualmente sdo o Grid
Search, o Random Search e propostas que buscam a utilizagao de algoritmos gené-
ticos. No gridsearch, uma lista de valores para cada parametro é definida como a
entrada da busca. Assim, o algoritmo testa todas as combinag¢des possiveis naquela
lista e retorna a que obteve o melhor resultado. Ja no Random Search, uma lista
também é passada como entrada de forma conjunta ao niumero de testes, assim as
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combinagdes dessa lista sdo testadas de forma randémica.

No algoritmo genético (GA), o conjunto de solugdes é definido por um espaco em
que ocorre a busca de uma solucédo étima, que pode néo ser a melhor solucéao glo-
bal (SEBASTIANI, 2002). Esse fator depende diretamente do problema. O tempo
que pode ser gasto pesquisando, o resultado esperado e o conjunto de dados de en-
trada, entre outros, devem ser considerados no momento em que o algoritmo € proje-
tado (SEBASTIANI, 2002). Nesse trabalho, uma abordagem de pesquisa com tempo
limitado é proposta para que o algoritmo crie um namero N de geracdes, onde N é
pré-definido no momento da configuragdo. Ao final, o algoritmo retornara uma solucao
com a configuracao que obteve o melhor desempenho de acordo com a métrica pre-
definida (SEBASTIANI, 2002), nesse caso, um modelo de maquina de aprendizado,
juntamente com seus hiperparametros otimizados para a previsdo de alunos em risco
em cursos a distancia técnicos. Como mencionado anteriormente, essa solucédo pode
ser global ou local.

A abordagem utilizada para hiperparametrizagdo com GA consiste na geracao de
quantitativo de individuos com codigo genético (hiperparametros) gerado de forma
randdmica entre uma range de valores iniciais, onde cada cromossomo é um hiper-
parametro. Ao final, o processo é repetido por N épocas, onde cada uma conta com
funcdes de fitness, mutacao e crossover.

Cada uma dessas trés abordagens apresenta pontos fortes e fracos. No grid se-
arch, o principal ponto forte € a certeza da escolha da melhor solugéo e o ponto fraco
€ o0 tempo de processamento, que pode se tornar um problema quando se tem gran-
des bases de dados. No Random search, o ponto forte pode ser considerado o tempo
de processamento, mas nao temos a garantia de que encontramos a melhor solucéo.
Ja no GA, o tempo pode ser definido pelo numero de épocas ou por um método de
parada e a granularizacdo de sua busca € um fator de que apresenta bons resulta-
dos, enquanto o problema da convergéncia para platos continua sendo um problema
consideravel.

2.4.6 Métricas de avaliacao de desempenho

As métricas sao utilizadas para analisar os resultados gerados pelos modelos de
predicdo. Elas ainda podem ser utilizadas para verificar se os resultados apresentados
sdo satisfatorios e onde os modelos podem ser melhorados. A escolha da métrica
deve levar em conta diversos fatores, como o balanceamento do conjunto de dados.

As principais métricas utilizadas em PLA consistem na andlise de classificagbes
binarias. Abaixo, sdo apresentadas as técnicas mais usuais em PLA:

1. Verdadeiros Positivos (TP) - quantidade de itens que foram classificados como
positivos e realmente pertenciam a essa classe;
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2. Verdadeiros Negativos (TN) - quantidade de itens que foram classificados como
negativos e realmente pertenciam a essa classe;

3. Falso Positivo (FP) - quantidade de itens que foram classificados como positivos
e ndo pertenciam a essa classe;

4. Falso Negativo (FN) - quantidade de itens que foram classificados como negati-
VOS e nao pertenciam a essa classe;

5. Acuracia - a acurécia é considerada a métrica mais comum, 0 que se deve em
grande parte por ser a métrica mais simples de ser calculada. Ela € dada por (TP
+TN) / (TP + TN + FP + FN), assim ela demonstra a razdo entre o numero de
previsdes corretas e o numero total de amostras de entrada. Ela € uma métrica
utilizada para medir o desempenho geral do modelo e pode ser utilizada em
casos onde o dataset seja balanceado;

6. Precisao - razdo entre TP e FP, dada pela formula TP/(TP + FP). A precisao € a
medida da capacidade de um classificador apontar corretamente uma instancia
positiva como tal;

7. AUROC - também chamada de AUC, AUROC ¢ calculada a partir do tamanho
da area sob a curva plotada em que o eixo Y é representado por Taxa Positiva
Verdadeira (TPR) ou Sensibilidade (TP/(TP+FN)) e o eixo X é Taxa Negativa
Verdadeira (TNR) ou Especificidade (TN/(TN+FP)). De acordo com (GASEVIC
et al., 2016), a AUC pode ser interpretada da seguinte forma:

a) AUC < 0,50: ma discriminacao;
b

c

0,50 > AUC > 0,70: discriminacao aceitavel,

0,70 > AUC < 0,90: discriminagao excelente;

(a)
(b)
(c)
(d) AUC > 0,90: discriminagao notavel.

8. Recall - também chamado de revocacao, recall € a medida em que o classificador
aponta TP corretamente. Ele pode ser definido por TP/TP+FN;

9. F1 Score - a média ponderada entre a precisao e o recall, dada pela férmula F1 =
2 * (precision * recall)/(precision + recall). Utilizada para analise de generalizagao
de modelos em dados desbalanceados, F1 pode ser considerada a métrica de
distincéo entre as classes.

2.5 Estado da arte

Esta secao apresenta trabalhos focados na predi¢édo de alunos em risco em dife-
rentes cenarios e no uso de técnicas de hiperparametros para melhorar os resultados.
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Varios trabalhos na area de analise de aprendizagem e mineracao de dados educa-
cionais lidam com o problema da previsdo precoce de alunos em risco. Os trabalhos
costumam se diferenciar em varios aspectos, como: (1) as fontes de dados utilizadas
para gerar os modelos de previsao (demograficos, AVAs, pesquisas, exames); (2) o
nivel de escolaridade dos cursos (ensino médio); (3) o objetivo dos modelos preditivos
(por exemplo, prever desempenho ou evasao); (4) o escopo da previsdo focado em
um programa inteiro ou um curso ou disciplina especifica; e (5) a modalidade do curso
(formal ou informal, presencial, semipresencial ou a distancia).

De acordo com Liz-dominguez et al. (2019), analise de dados € o conjunto de técni-
cas utilizadas para transformar dados em informacao e conhecimento, revelando cor-
relagdes e padrbes ocultos. Os dados resultantes desse processo podem ser usados
para criar sistemas de alerta antecipado para prever eventos futuros. Esse processo
tem como objetivo principal apoiar a aprendizagem e mitigar alguns dos problemas,
como desempenho académico, retencado e evasao. A confiabilidade das predicdes
pelo preditor € um dos principais fatores estabelecidos por Liz-dominguez et al. (2019)
e Herodotou et al. (2017) para sua aplicagdo em larga escala.

Com o crescimento do interesse em Predictive Learning Analytics, diversas pesqui-
sas buscam modelar dados e extrair informacdes e conhecimento para as instituigoes.
Essas pesquisas basicamente se dividem entre predicdo de desempenho e evasao.
Entretanto, segundo (ZOHAIR, 2019), ambos os tipos de predicao estdo atrelados,
pois o desempenho é um fator relevante na retencao dos estudantes. Com esse ob-
jetivo sédo utilizados dados de diversas fontes, como dados académicos (ZOHAIR,
2019), dos ambientes de aprendizagem (MARQUEZ-VERA et al., 2016), (FERNAN-
DES et al., 2019), dados demograficos (LYKOURENTZOU et al., 2009), dados sobre
gastos e renda (DAUD et al., 2017) e dados multimodais provenientes de diversas
fontes.

Nesse contexto, as pesquisas tradicionais costumam utilizar dados dos sistemas
académicos e dos ambientes virtuais. Pesquisas, como a de (ZOHAIR, 2019), pro-
pdem a utilizacdo de somente dados provenientes do sistema académico na predicao
de performance em estudantes de p6s-graduacao. Sao extraidos dados como cursos
extracurriculares realizados e as respectivas notas, curso de formacao inicial e dados
descritivos sobre as notas e a idade do estudante. Nesse estudo foi demonstrado
que para conjuntos pequenos de alunos essa € uma abordagem valida, que pode
apresentar bons resultados com poucas etapas de pré-processamento e um conjunto
limitado de dados. O referido autor foca na utilizacdo de algoritmos que apresentam
bons resultados com baixas quantidades de dados, como Maquinas de Suporte Veto-
rial (SVM) e Redes Neurais de Multiplos Perceptrons (MLP), obtendo bons resultados
com ambos.

Uma pesquisa tradicional da area e que merece destaque é a da (LYKOURENT-
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ZOU et al., 2009), na qual é proposto um método proprio de ensemble para predicao
de alunos em situagdo de risco de evasao. Esse método combina os resultados da
aplicacao de 3 algoritmos diferentes, sendo eles: MLP, SVM e Fuzzy ARTMAP (PES-
FAM). Sao utilizados dados demograficos do curso, como sexo e residéncia; além de
dados académicos, como performance e nivel escolar; e dados variantes, como nu-
mero de interagdes com o0 ambiente virtual, notas e até mesmo a data da entrega dos
trabalhos. Com a aplicacdo dos algoritmos sao criados 3 esquemas diferentes bus-
cando a predicao da evasdo, onde no primeiro um estudante é considerado evadido
se pelo menos uma técnica o classificou como tal, no segundo o estudante € consi-
derado evadido se pelo menos duas técnicas indicam essa situacao e no terceiro e
ultimo necessita-se que as 3 técnicas classifiquem o aluno como evadido para que ele
seja assim classificado. Os resultados obtidos variam de 73% a 94%, sendo que 0s
mais satisfatérios foram obtidos pelo esquema 1, que chegou a atingir 94%.

A busca por métodos que possam ser generalizaveis, portanto, replicaveis a outros
cursos, também apresenta uma significativa parcela da area de pesquisa. Assim, pes-
quisas como ade (WHITEHILL et al., 2017) propdem uma arquitetura ndo dependente
de dados unicos, trabalhando com o fluxo de cliques que os académicos efetuam em
um MOOC. Para isso, ele captura dados de um curso e busca treinar modelos dife-
rentes de predigéo e testar em outros cursos e ambientes. Nos experimentos sdo
demonstradas taxas entre 87% testando em cursos diferentes e 90% se testados no
mesmo curso, assim, nao variando significativamente de acordo com o ambiente.

Os algoritmos genéticos também sdo amplamente usados na minerag¢ao de dados
e, por consequéncia, na PLA, podendo ser implementados como o préprio classifi-
cador ou como otimizador dos recursos envolvidos na predicdo (MINAEI; PUNCH,
2003). (MINAEI-BIDGOLI; PUNCH, 2003) apresentam uma abordagem para classifi-
cacao de alunos tentando prever a nota final em uma determinada disciplina utilizando
uma combinacao de algoritmos, como arvores de decisao, redes neurais e regressao
l6gica linear de forma concorrente, utilizando algoritmos genéticos para otimizar os re-
sultados. Assim, conforme os autores demonstram, é possivel obter resultados mais
satisfatorios em relagdo as técnicas normais que eles chama de classificagao bruta.

Em (MARQUEZ-VERA et al., 2016) é apresentada uma proposta de AG para oti-
mizacao de hiperpardmetros em uma variante do algoritmo Grammar-Based Gene-
tic Programming (GBGP), com o objetivo de melhorar a classificagao de académicos
em risco de evasao. Essa técnica é aplicada sobre o algoritmo ICRM, proposto por
(CANO; ROMERO; VENTURA, 2013), sendo ajustados os parametros do classifica-
dor até que se chegue a um método que apresente maior aptiddo. Os experimen-
tos utilizaram dados de cursos de rapida duracdo (4 — 6 semanas). Em comparacao
com os classificadores usuais, o0 algoritmo proposto apresenta maior taxa de predicéao,
estabelecendo-se como uma alternativa a cursos que disponham das caracteristicas
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utilizadas na proposta.

Na proposta de (XING et al., 2015) é apresentada a utilizacdo de AG para as eta-
pas de selecdo de variaveis e classificacao de alunos quanto ao desempenho em uma
disciplina de um curso. Os autores sugerem uma abordagem que quantifica as ativi-
dades dos alunos no MOOC em 6 variaveis predefinidas, com o objetivo de diminuir a
dimensionalidade dos dados. Como classificador também é implementado o algoritmo
ICRM proposto por (CANO; ROMERO; VENTURA, 2013). Assim, no estudo foi pos-
sivel obter resultados superiores em até 6% se comparados as técnicas tradicionais,
como Nave Bayes, Random Forest, MLP, entre outros, tanto na etapa de predi¢cao da
situacao final do aluno quanto na interpretacdo dos modelos gerados.

A utilizacao de dados multimodais, como a frequéncia cardiaca, a contagem de
passos, as condi¢des climaticas e atividades de aprendizado, € proposta por (DI MI-
TRI et al., 2017). Esses tipos de dados podem ser recolhidos com a utilizacao de
dispositivos biosensores, como pulseiras do estilo smart band e rel6gios smartwat-
ches. Nessa proposta, € desenvolvido um sistema responsavel pelo recolhimento e
pré-processamento dos dados. E proposto que os dados multimodais sejam dividi-
dos em categorias, que tendem a medir o nivel de stress, produtividade, desafio e
habilidade nas atividades desenvolvidas. Apds isso, ocorre a integracdo com dados
académicos dos estudantes, como as atividades anteriores e dados derivados das
mesmas. Sao treinados modelos lineares de predi¢do com o objetivo de medir a efica-
cia da técnica, demonstrando que na comparacao com a utilizacdo somente de dados
académicos a abordagem apresenta um ganho significativo.

A utilizacado de dados multimodais, como a movimentacao do mouse e a frequén-
cia de utilizacdo do teclado, é proposta por (WEI et al., 2020). Nesse sentido, os
dados séo extraidos através de um plugin de questionarios no ambiente virtual, onde
sdo postadas perguntas e o aluno tem que arrastar a resposta certa. Essas informa-
cOes sao pré-processadas e divididas pelo tempo que o aluno demorou até o primeiro
clique, a quantidade de cliques, o tempo de movimentacdo do mouse, 0 tempo no
arrastar a resposta, a trajetoria do mouse e seu tempo e o ultimo clique. Esses dados
sao acrescidos de dados académicos e, posteriormente, sdo aplicados classificado-
res como redes neurais e SVM buscando a predicdo da performance escolar. Sao
demonstrados resultados promissores na comparacédo com a utilizacao de dados ape-
nas dos sistemas académicos.

O estudo de (HERODOTOU et al., 2019) busca identificar diferencas no desempe-
nho de turmas onde os professores utilizaram o sistema PLA. Esse sistema utilizado
€ disponibilizado aos professores por uma universidade que oferece cursos de gra-
duacéo on-line. Nele sdo apresentadas informacdes sobre a evolugao do aluno e a
predicdo de performance e risco de evasdo. A analise desenvolvida nesse trabalho
demonstrou que as turmas onde os professores utilizaram o PLA tiveram uma per-
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formance pelo menos 15% maior que as turmas sem o uso. Essa melhora também
foi observada na comparacdo com turmas dos mesmos professores, mas de anos
anteriores.

(DAUD et al., 2017) propdem uma metodologia de analise que utiliza dados de
renda, como gastos familiares e informacdes dos gastos pessoais dos alunos, acres-
cidos de dados demograficos e de desempenho académico prévio na predi¢cao de re-
tencdo. Para isso, sdo analisados diversos tipos de gastos, sendo eles divididos em 4
classes: despesas familiares, renda familiar, informagdes pessoais dos alunos e bens
familiares. Sao aplicados os métodos de classificagdo SVM, BayesNet e diferentes
modelos de arvores de decisdo. Sdo medidos os ganhos das diferentes variaveis que
compdem o estudo, com a média do gasto com energia elétrica apresentando ganho
significativo. Na predicéo, os resultados apresentam uma melhora com a adi¢cdo dos
dados propostos em comparacdo com a utilizacdo de somente dados académicos.

No experimento de (JAYAPRAKASH et al., 2014), busca-se criar um sistema de
alerta de risco quanto ao desempenho do aluno, a fim de diminuir as taxas de evasao
e retencdo escolares, fornecendo ao aluno um feedback atualizado de seu possivel
rendimento escolar. Para isso, os autores utilizam dados demograficos, como sexo e
idade, intera¢Oes dos alunos com o ambiente virtual de aprendizagem, desempenho
académico anterior, tempo na universidade, tempo on-line no ambiente virtual, dados
do teste de aptidao escolar (SAT Verbal e Matematico), entre outros. Assim, sao anali-
sados os dados de 9.938 alunos e aplicando arvores de decisdo com o algoritmo J48,
redes Bayesianas com o Naive Bayes, Maquinas de suporte Vetorial com o SVM/SMO
e regressao logistica. Na tarefa de predicao, todos algoritmos apresentaram resulta-
dos muito proximos, tendo o classificador de regressao logistica apresentado resulta-
dos ligeiramente maiores que os outros 3, com 94,20% de acuracia geral e 66,70% de
precisao na predicdo de alunos em risco de evaséo.

Abordagens diferentes e que utilizam somente a contagem de interacbes com
o ambiente virtual também sédo propostas por (DETONI; CECHINEL; MATSU-
MURA ARAUJO, 2015), (QUEIROGA; CECHINEL; ARAUJO, 2017), (QUEIROGA;
CECHINEL; ARAUJO, 2015) e (QUEIROGA et al., 2016). O trabalho de (DETONI;
CECHINEL; MATSUMURA ARAUJO, 2015) busca utilizar unicamente a contagem
de interag6es para predicdo de reprovagdo de alunos em disciplinas de EAD. Para
isso, sdo utilizados dois cursos oferecidos pela UFPel: Licenciatura em Educacéo do
Campo (CLEC) e Licenciatura em Pedagogia (CLPD). Em sua pesquisa, o autor opta
por extrair as interagdes dos alunos, tutores e professores e agrupéa-las de forma se-
manal. A partir das interagbes ainda sdo calculadas a média, mediana, média da
diferenca (média da diferenca entre a semana i e a semana i+1), razao com professo-
res (razao entre o total de interagdes do aluno e dos professores), razdo com tutores
(raz@o entre o total de interagbes do aluno e dos tutores) e fator de empenho (razéo
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entre as interacées da semana do aluno e a média de interagdes da turma naquela
semana). Apos isso, 0 autor aplica os algoritmos Redes Bayesianas, Redes Neurais,
J48 e Random Forest, obtendo resultados de até 67% de acuracia na predicao do
desempenho do aluno.

A abordagem proposta por (QUEIROGA; CECHINEL; ARAUJO, 2017) busca a ge-
racdo de modelos de acompanhamento do risco de evasédo que utilizam somente da-
dos das interacées com o ambiente virtual. As interagdes sdo classificadas conforme
o dia e semana, a média de interagdes, mediana e desvio padrao. Assim, ao final do
pré-processamento sdo geradas diversas variaveis e modelos de acompanhamento
semanal para o aluno. S&o aplicados classificadores, como Redes Neurais, Bayes-
Net e arvores de decisao (J48 e Random Forest). Os resultados demonstram que a
partir da quarta semana de curso essa abordagem ja apresenta taxas de acerto con-
sideradas excelentes. A caracteristica mais relevante dessa proposta é a facilidade
de implantacao, pois depende de dados externos e um plugin desenvolvido para o
moodle poderia ser implementado de forma simples.

No trabalho de (MACARINI et al., 2019) é proposta uma comparacéo entre diver-
sas técnicas de pré-processamento de dados de interagdes com o ambiente virtual
Moodle na predicdo de risco. O autor também faz uso de dados do Plugin Virtual Pro-
gramming Laboratory (VPL), buscando a predicao de risco em disciplinas de algoritmo
e programacao em cursos de graduacdo. Sao gerados dados como a contagem de
interacdes semanal, a média das interacdes, mediana, quantitativo de semanas sem
interagdes, desvio padrao e fator de compromisso, baseados na técnica proposta an-
teriormente por (DETONI; CECHINEL; MATSUMURA ARAUJO, 2015) e (QUEIROGA;
CECHINEL; ARAUJO, 2015). Além disso, sdo acrescidos dados sobre a contagem
de interagdes dos professores, contagem social e contagem cognitiva, baseadas na
teoria proposta por Swan (SWAN, 2003). Com dados naturalmente desbalanceados,
€ aplicada a técnica de sobre-amostragem de minoria sintética (SMOTE) para seu
balanceamento. S&o gerados diversos datasets com variaveis diferentes ou a tota-
lidade com o objetivo de comparar as técnicas. Os resultados obtidos demonstram
que a utilizacdo somente da contagem de interagées, como proposta por (DETONI;
CECHINEL; MATSUMURA ARAUJO, 2015) e (QUEIROGA et al., 2016), apresentou
resultados superiores as demais técnicas, inclusive a uniao delas.

Modelos de predicdo baseados em Deep Learning vem gradativamente conquis-
tando espaco na pesquisa em PLA (DING et al., 2019), (KIM, 2019) e (HASSAN et al.,
2019). Hassan (HASSAN et al., 2019) buscam comparar os resultados obtidos pelos
métodos classicos de deep learning utilizando LSTM. Para isso, sdo combinados da-
dos temporais e académicos do dataset da Open University, com o objetivo de predizer
precocemente o risco de evasao. O modelo proposto na comparagédo com MLP e Re-
gressao Logistica alcanga resultados de precisao significativamente maiores.
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O método proposto por (KIM, 2019) busca a predicdo em tempo real do desem-
penho de estudantes de acordo com seu comportamento em ambientes virtuais de
aprendizagem. Séo utilizados dados reais de alunos de graduacdo na Udacity. E
proposto um algoritmo chamado GritNet, que utiliza diversas redes do tipo LSTM de
forma conjunta e concorrente para gerar predigcdes por agrupamento dos estudantes.
O modelo proposto na comparacao do autor apresenta resultados superiores aos mo-
delos classicos, como SVM, Regressao Logistica e arvores de decisdo. Entretanto, o
modelo apresenta um custo de processamento significativamente maior.

A utilizacdo de RNN do LSTM é proposta por (OKUBO et al., 2017). Nela, os
autores utilizam dados do ambiente virtual de aprendizagem de uma universidade para
predicao de estudantes em risco. Sao coletados dados de 108 alunos e divididos de
forma temporal e por atividade. Nos resultados demonstrados pelos autores, as redes
do tipo LSTM obtém resultados significativamente superiores a modelos de regressao
na tarefa de predicao precoce.

2.6 Implicacoes econémicas relacionadas a evasao e retencao

Mensurar o impacto gerado por problemas educacionais como a evasao, a reten-
cao e a qualidade do ensino é o tema principal de diversas pesquisas. Nesse sentido,
uma parte significativa dessas pesquisas apontam que o avanco cientifico, tecnolo-
gico e econdmico de um pais esta diretamente correlacionado a qualidade da educa-
cao oferecida e os niveis de sucesso obtidos pelos estudantes nos diferentes niveis
de formacgao(ASIF; HAYAT; KHAN, 2021; LATIF; CHOUDHARY; HAMMAYUN, 2015;
YAKUNINA; BYCHKOV, 2015; ELISTIA; SYAHZUNI, 2018).

As implicacoes e os efeitos dos indices de evasao e retencdo escolar sdo senti-
dos na economia de diversos paises, sobretudo naqueles em desenvolvimento(LATIF;
CHOUDHARY; HAMMAYUN, 2015). Assim, entende-se que o investimento em
educacao e os diferentes indices baseados na formacido de estudantes nos di-
ferentes niveis educacionais sdo demonstrativos do futuro pretendido por diferen-
tes nagdes(ALJOHANI, 2016; LATIF; CHOUDHARY; HAMMAYUN, 2015; WETZEL;
O'TOOLE; PETERSON, 1999).

Esses fatores sdo amplificados quando falamos dos anos iniciais de ensino, onde
se da o processo de formacao inicial do estudante e ele adquire conhecimentos e
percep¢des que ira carregar ao longo de toda sua formacao e vida(FALL; ROBERTS,
2012; HOSOKAWA; KATSURA, 2018).

Ademais, existem diversos custos envolvidos para a formacdo de um estudante.
Se pegarmos o Brasil como um exemplo, o Estado investe atualmente entre R$
296,00 e R$ 420,00 mensalmente na formacao de um aluno de ensino basico e mé-
dio. Com uma média anual de investimento para formacao de um estudante em R$
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3.349.00(GALVAO, 2021; FERREIRA et al., 2020; FERNANDES; BASSI, 2021). Ainda
nesse contexto, diversas fontes apontam que no sistema universitario o investimento
anual por aluno é de aproximadamente R$ 27.850,00(GALVAQ, 2021; SANTOS; CAR-
VALHO PEREIRA, 2019). Certamente, sédo valores consideraveis e, de certa forma,
perdidos quando temos um estudante em estagio de evasao ou retencao.

Assim, a cada dia que passa aumenta a necessidade de encontrarmos formas
de combater a evasao e a retencao estudantil para garantirmos a prosperidade dos
sistemas como um todo(HAGEDORN, 2005). Nesse sentido, explorar as oportunida-
des criadas pelos aspectos do crescimento da utilizacdo de TICs na educagéo passa
automaticamente pelos processos de Learning Analytics e Mineracao de Dados Edu-
cacionais. Assim, propomos nesta tese trés diferentes métodos que podem ser utiliza-
dos em diferentes estagios de formagéo para auxiliar no combate aos problemas aqui
citados.

Salienta-se que os métodos propostos atualmente se encontram em diferentes
estagios de implementacao/utilizagdo, com a metodologia para extracdo de conhe-
cimento e geragdo de modelos de predigdo para o ensino médio em estagio de im-
plantacdo, a metodologia para trabalhos com dados do ensino superior ja auxiliando
na formacao de politicas institucionais e com o algoritmo genético para selecéo de
hiperparametros ainda em um estagio aperfeicoamento e desenvolvimento.



3 CONCEPCAO DO TRABALHO

Este capitulo apresenta o panorama das diferentes aplicagcdes praticas de Lear-
ning Analytics e Mineragcado de Dados Educacionais em diferentes contextos e niveis
educacionais gerados nesta tese.

Dessa forma, este capitulo apresenta uma secdo com uma breve contextualizacao
dos ambientes de aplicagdo, bem como 3 outras sec¢des, em que cada uma apresenta
uma breve introducdo e contextualizacdo da aplicacao pratica que esta relatada no
artigo publicado referente ao tema e uma sec¢ao final com a comparacao das técnicas
e seus contextos de aplicagao.

Os artigos presentes nesta tese e citados nas secoes deste capitulo encontram-se
nos apéndices A, B e C.

3.1 Sistema de identificacao e alerta precoce de estudantes em
risco de evasao e reprovacao na educacao secundaria no Uru-
guai

A educacao secundaria tem um papel significativo na formacao de jovens, auxili-
ando a consolidar e aprofundar os conhecimentos adquiridos durante a infancia e o
ensino primario (SILVA, 2012). Nessa etapa de formagéo, séo estimulados o desenvol-
vimento do pensamento critico, criativo e independente (AIZIKOVITSH-UDI; CHENG
et al., 2015), bem como sao trabalhados aspectos relevantes para a continuagdo da
formacéo académica e a iniciacdo ao mercado de trabalho (MARCHBANKS Il et al.,
2015).

No entanto, as taxas de evasao e retencao sdo alarmantes nessa etapa de ensino
e causam diversos problemas sociais e econémicos, principalmente em paises em
desenvolvimento (MARCHBANKS Il et al., 2015; LEE; CHOI, 2011). No contexto dos
paises em desenvolvimento, estudantes que necessitam repetir algum ano de sua
formacao tem entre 3 e 7 vezes mais chances de evasao escolar, sendo esse um fator
significativo no abandono escolar (FINE; DAVIS, 2003).

Nesse contexto, o apéndice A apresenta o artigo, em fase de publicagao, intitulado
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"Early prediction of at-risk students at secondary education: a countrywide K-12 lear-
ning analytics initiative in Uruguay", resultante do trabalho desenvolvido em parceria
com a Agéncia Nacional de Administracdo da Educacao Publica do Uruguai (ANEP).

No trabalho desenvolvido no artigo, buscamos coletar e analisar dados de todos os
estudantes em nivel primario e secundario do Uruguai para gerar uma metodologia de
coleta, processamento, andlise de dados e geragdo de modelos de predigdo antecipa-
dos para o sistema publico de ensino secundario uruguaio. Assim, o artigo descreve
uma iniciativa nacional de andlise de aprendizagem focada na predi¢do precoce de
estudantes em risco evasao e retengao, bem como em fornecer um feedback baseado
em dados para a implementacao de futuras politicas governamentais para mitigar o
problema no ensino médio.

Com essa finalidade, foram recolhidos dados de 258.440 estudantes em diversas
fontes de dados oficiais da ANEP. Esses dados apresentam diversas informacdes dos
estudantes durante sua trajetéria escolar no primario e secundario no periodo entre
2015 e 2020. Algumas das principais informagdes presentes nos dados sao a tra-
jetéria do estudantes desde a primeira série do ensino primario até a segunda série
do ensino secundario (avaliagdes dos alunos nas diferentes disciplinas ao longo dos
anos), quantidade de faltas, participacdo em programas de assisténcia social, zona da
escola e algumas informagdes sociodemograficas.

Ainda, no artigo presente no apéndice A foram levantadas 4 perguntas de pesquisa
do experimento 1 (PP - E1) principais que nortearam o desenvolvimento da pesquisa,
da implementacéao, da avaliacdo dos resultados e da discussao dos resultados.

« PP1 - E1 - E possivel gerar uma metodologia baseada em LA que englobe aqui-
sicdo de dados, transformacdo de dados e geracdo de modelos que possam
ajudar a identificar precocemente alunos em risco de evasao no ensino secun-
dario?

* PP2 - E1 - A transformacao de dados de diferentes bases de dados em séries
temporais é uma alternativa viavel do ponto de vista do pré-processamento? Em
caso afirmativo, os resultados finais gerados pelos modelos de previsdo usando
essa técnica sao satisfatorios?

« PP3 - E1 - E possivel gerar e analisar modelos explicaveis baseados em apren-
dizado de maquina para que os vieses possam ser identificados e corrigidos
guando necessario?

* PP4 - E1 - Quais sao as caracteristicas mais importantes para prever precoce-
mente alunos em risco de evasao no Uruguai no nivel secundario?

Com os objetivos gerais e as PP - E1 definidas e apds uma etapa de analise explo-
ratéria dos dados, foram montados diversos scripts para processamento dos dados,
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que tinham como principal finalidade criar um lifetime sobre o estudante. Para isso,
séo processados os dados dos diferentes sistemas, dando origem entre 130 e 170
diferentes varidveis que foram geradas e testadas. Na sequéncia, € executada uma
etapa de selecdo dos atributos com maior contribuicdo na tarefa de identificagao pre-
coce dos estudantes em risco de desvinculagao.

Ainda, de acordo com o estabelecido na PP3 - E1, as diferentes variaveis ge-
radas foram analisadas para que fosse possivel a identificagdo de possiveis vieses
(bias), assim identificando possiveis grupos protegidos. Essa etapa resultou em 3
grupos protegidos, que sao o género, a zona escolar e a participacdo em programas
de assisténcia social. Esses grupos foram analisados quanto a suas distribuicdes e o
comportamento de seus membros, e na etapa de geracdo dos modelos os mesmos
foram testados para que possiveis vieses fossem identificados e corrigidos quando
necessario.

Foram planejados 8 diferentes modelos com diferentes entradas de dados para
serem aplicados em diferentes periodos do ano letivo para o ensino secundario regular
e para o ensino secundario técnico. Esses modelos devem ser aplicados antes do
inicio do ano letivo e apds a primeira reunido de avaliacao de cada duas séries (4
modelos por tipo de ensino X 2 modelos de ensino). Assim, os modelos preditivos
foram desenvolvidos considerando essa abordagem temporal e, apés uma analise
de viés considerando os atributos protegidos, 7 deles foram aprovados para serem
usados para predicao.

Esses modelos gerados obtiveram desempenhos destacados de acordo com a
escala utilizada por Gasevic¢ et al. (2016), tendo obtido valores de AUROC superior
a 0.90 e F1-Macro superior a 0.88.

Abordando brevemente as hipdteses de pesquisa e respondendo brevemente a
PP1 - E1, podemos afirmar que, apesar de ser uma tarefa ardua, é possivel a geragao
de metodologia baseada em LA que englobe aquisicdo de dados, transformacéo de
dados e geracdo de modelos que possam ajudar a identificar precocemente alunos
em risco de evasao no ensino secundario. No entanto, com a metodologia em fase
de implantacdo pela ANEP, surgiram diversos questionamentos e possibilidades de
melhoria, como a falta de aquisicao automatica dos dados. Essas situacoes tendem a
ser corrigidas com a continuidade do projeto e com as etapas futuras de retreinamento
anual dos modelos, onde deverdo ser implementadas novas features ao processo.

Os modelos gerados e que estdo em fase de implantacao utilizam a metodologia
estabelecida para processamento dos dados, onde sdo formados lifetimes para os
estudantes. Assim, foi possivel obter os resultados citados anteriormente. Dessa
forma, podemos afirmar que a resposta para a PP2 - E1 é positiva e que a geragao de
modelos de predicao utilizando essa abordagem de levantamento de dados temporais
€ viavel.
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Ainda, os modelos gerados podem ser analisados e transformados em modelos
explicaveis. Assim, a resposta para a PP3 - E1 também é positiva e, como citado an-
teriormente, entre os 8 modelos gerados sé um apresentou algum tipo de viés dentro
do grupo de variaveis protegidas.

Como citado na literatura, as variaveis que representam o desempenho dos estu-
dantes em etapas de ensino anteriores tém alto poder preditivo, tanto nas tarefas de
predicdo da evasao quanto para a predi¢cdo da retencao de estudantes. Assim, como
uma resposta breve a PP4 - E1, o trabalho demonstra a importancia das variaveis
ligadas ao desempenho do estudante em etapas anteriores da sua formagdo. Como
um exemplo, podemos pegar o modelo M2G1-CES, onde as variaveis com maior po-
der preditivo sdo a zona escolar do estudante no primeiro ano de ensino primario e a
variavel que representa o agrupamento do estudante pelas notas obtidas no sexto ano
do ensino primario.

3.2 Identificacao precoce de estudantes em risco de reprovacao
no ensino universitario

O processo de atualizagcao continua é umas das bases da educacgao, principal-
mente nas universidades. Nos Ultimos anos, esse processo esta passando por uma
significativa mudanga com a adogao em massa de sistemas de gerenciamento e de
apoio ao conhecimento.

Esses sistemas tém como uma de suas caracteristicas a capacidade de recolher
uma infinidade de dados sobre as populagcdes estudantis. No entanto, o processo
de transformacao desses dados em conhecimento e informagdes ainda necessita ser
lapidado.

O artigo "Using Virtual Learning Environment Data for the Development of Institutio-
nal Educational Policies", disponivel no apéndice B, demonstra o processo de transfor-
macao de dados de diversas fontes em modelos de predicao e analise de dados sobre
as populagdes educacionais na Universidad de la Republica del Uruguay (UDELAR).
Descreve como técnicas de EDM e Data Science podem auxiliar na identificacao de
padrées de comportamento em estudantes de ensino superior.

Com esse objetivo, foram utilizados dados de 4.529 estudantes de quatro diferen-
tes cursos de graduacao. Esses cursos acontecem de forma presencial, com os am-
bientes virtuais de aprendizagem auxiliando como repositorio de conteudo e espaco
para discussao. Assim, foram recolhidos dados de diferentes tipos e fontes, como os
ambientes virtuais de aprendizagem, os sistemas de gerenciamento da UDELAR e os
censos universitarios feitos pela proépria instituigéo.

Apos isso, foram definidas trés perguntas de pesquisa principais para esta aborda-
gem.
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* PP1 - E2: O uso do AVA esta associado a aprovacao do aluno?

« PP2 - E2: Quais recursos dos diferentes conjuntos de dados (AVA, censo e
sistema académico) sdo os mais importantes para a previsao antecipada do de-
sempenho dos alunos?

» PP3 - E2: Quais padrdes de aprendizagem a mineragao de dados educacionais
pode ajudar a desvendar nos cursos estudados?

Assim, este trabalho buscou a utilizacdo dos processos de EDM e Data Science
como ferramentas para desvendar o conhecimento educacional e possiveis padroes
existentes relacionados a situagdo final dos alunos. Assim, no artigo presente no
apéndice B, reportarmos resultados quantitativos sobre modelos preditivos, bem como
os padrdes nos dados e como eles podem auxiliar para entender melhor o papel que
os AVAs e outras variaveis tém no desempenho dos estudantes.

Apés a coleta, os dados passaram por um processamento buscando a criacao de
uma base Unica que pudesse servir tanto de treinamento para a geracao de modelos
de predigcéo de risco quanto para uma profunda analise exploratéria dos dados. Essas
analises geradas no trabalho disponivel no apéndice B serviram de embasamento
para a confirmacao e geracao de politicas educacionais voltadas para a permanéncia
dos estudantes na universidade.

Apos isso, foram gerados e comparados diversos modelos de precisdo para di-
ferentes semanas dos 4 cursos. Nesses modelos, conseguimos alcancar discrimi-
nagdes excepcionais ja na quarta semana de curso, distinguindo os estudantes com
maior probabilidade de reprovagédo com uma AUROC > 0.90.

Ao final, essa abordagem apresentou bons resultados no geral, inclusive demons-
trando que o engajamento na utilizacdo dos ambientes virtuais de aprendizagem esta
ligado a aprovacdo dos alunos e auxiliando na formagéo de politicas institucionais
baseadas em evidéncias. Logicamente, essa abordagem ainda apresenta algumas
limitacbes, como a falta de integracdo automatizada dos dados e a falta de expansao
para os demais cursos da universidade. Essas limitagdes podem ser mitigadas em um
futuro, ja que a metodologia pode ser facilmente adaptada.

3.3 Identificacao precoce de estudantes em risco de evasao no
ensino técnico a distancia

No Brasil, diversas cidades encontram-se afastadas dos grandes centros universi-
tarios e acabam ficando isoladas de programas de graduacao e cursos técnicos pro-
fissionalizantes. Dessa forma, uma das alternativas adotadas pelo governo federal
para a expansao do acesso a educacao foi a utilizacdo da modalidade a distancia
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(Educacéao a Distancia - EAD), que tem como um de seus objetivos levar o ensino a
essas localidades, geralmente utilizando Ambientes Virtuais de Aprendizagem (AVAS)
(DELANO; CORREA, 2013; QUEIROGA et al., 2016).

O AVA é o “local virtual” onde os cursos na modalidade a distancia, ou semipre-
senciais, normalmente acontecem. Sao ambientes que utilizam plataformas especial-
mente planejadas para abrigar cursos. Uma das plataformas mais utilizadas no pais é
o Modular Object-Oriented Dynamic Learning Environment (Moodle').

No Moodle existem diversas areas para apresentacao de conteludos em diversos
formatos, atividades de verificacdo da aprendizagem e espagos para interacédo sin-
crona, por meio de chats, e assincrona, através de féruns de discussdo. Trata-se
de recursos que permitem a interagcdo dos estudantes entre si e com a equipe de
tutores e professores. A organizagdo do ambiente virtual permite ao aluno um acom-
panhamento organizado e sistematizado daquilo que é estudado a cada semana. A
recuperacao da informacgao e dos contetdos estudados também é um dos beneficios
proporcionados por cursos a distancia que utilizam AVAs (SEGUNDO; RAMOS, 2005).

Um dos principais desafios da EAD é obter a diminui¢gdo do indice de evaséo, que,
conforme o Censo EAD (CENSO, 2018), foi de 18,6% em 2010, 20,5% em 2011,
11,74% em 2012 e 16,94% em 2013 nos cursos autorizados pelo Ministério da Edu-
cacao (MEC). Num contexto onde, em 2013, havia 5.754 cursos autorizados pelo MEC
e a taxa de matriculas anual foi de 882.843, temos em torno de 149.553 alunos evadi-
dos.

Atualmente, o processo de detecgdo de estudantes em risco de evasao é com-
plexo e envolve diretamente os professores (MANHAES et al., 2011). Esse processo
€ ainda mais complexo na educacgao a distancia, onde geralmente um professor tem
uma quantidade significativamente maior de alunos.

Nesse contexto, a aplicacdo da EDM pode possibilitar o tratamento diferenciado en-
tre os alunos, dedicando formas de auxilio diferenciadas a um determinado aluno que
esteja com uma probabilidade maior de evasao. No entanto, a aceitagao nos modelos
de predicdo esta atrelada a diversos fatores, entre eles podemos citar o entendimento
das predicOes geradas pelos modelos e as taxas de acertos.

Assim, o artigo presente no apéndice C, intitulado "A learning analytics approach
to identify students at risk of dropout: A case study with a technical distance education
course", da seguimento aos estudos realizados durante o mestrado em Computacéao
defendido com éxito no Programa de Pds-Graduacdo em Computacdo da Universi-
dade Federal de Pelotas. Objetivou métodos de hiperparametrizacdo baseados em
um algoritmo genético proposto na pesquisa, que demonstrou uma capacidade de
melhora dos resultados gerais da predicdo. Assim, pode contribuir para métodos mais
exitosos e confiaveis na predicdo de estudantes em risco de evasao, principalmente

'https://Moodle.org/
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na EAD.

Os modelos de curso utilizados para este estudo sdo os cursos na modalidade
hibrida, com aulas on-line e ocasionalmente encontros presenciais, oferecidos pelo
Instituto Federal Sul-riograndense (IFSul), campus Visconde de Graca (CaVG). Esses
cursos sao ministrados em 18 polos espalhados pelo interior do estado do Rio Grande
do Sul e funcionam com atividades semanais, que sao postadas no ambiente pelo
professor, com os alunos tendo uma semana para o desenvolvimento dessas com o
auxilio dos tutores.

Cada curso tem um tempo de realizagdo maximo de 103 semanas, com carga
horaria total de 1.215 horas divididas nas disciplinas do curso dentro do periodo de 24
meses, contando com 3 intervalos também chamados de férias, sendo que a situacéao
final do aluno é determinada pelo seu resultado nas avaliagbes. Nesse modelo de
curso, as disciplinas sao oferecidas sempre de forma sequencial, com o estudante
cursando somente uma disciplina por vez.

O trabalho desenvolvido anteriormente propée modelos que possam ser de facil
generalizagao e que acredita-se que possam ser aplicados em outros cursos do IFSul
ou até mesmo em outras instituicdes de ensino que utilizem o modelo da Rede e-TEC.
Optou-se por utilizar as contagens diarias e semanais de interagdes dos alunos com
o ambiente virtual.

Com esses objetivos, foram utilizados os mesmos conjuntos de dados de testes an-
teriores e publicados por (QUEIROGA; CECHINEL; ARAUJO, 2015; QUEIROGA et al.,
2016; QUEIROGA; CECHINEL; ARAUJO, 2017). Esse conjunto de dados contém in-
formacgdes sobre as interagdes de 2.503 estudantes de 4 diferentes cursos oferecidos
pelo IFSul. O esquema no banco de dados para cada um dos cursos é baseado no
id do aluno, 103 campos com as interagcées semanais dos alunos, 721 com o dia,
103 com a média, 103 com a mediana, 103 com o desvio padrdao semanal, o total de
interagdes e a situagao final do aluno no curso.

Com o conjunto de dados pronto, sdo aplicados os seguintes algoritmos de clas-
sificagdo em suas configuragdes bdasicas: Decision Tree (DT), Random Forest (RF),
MultiLayer Perceptron (MLP), Logistic Regression (LG) e o meta algoritmo AdaBoost
(ADA). Além disso, € aplicado o método de selecédo de hiperparametros Grid Search.
Os resultados obtidos por eses algoritmos séo salvos para futura comparagao com os
resultados obtidos pelo GA.

O algoritmo genético proposto para a otimizacao do classificador (hiperparametro)
e selecao do mais apto objetivava prever a evasado nos cursos. Nessa abordagem,
diversos individuos concorrem entre si na busca por aquele que apresenta as taxas de
acuracia, nesse caso em AUROC. Ao final, o classificador e os hiperparametros com
os melhores resultados sao selecionados por uma funcao de aptidao. Isso se da por
um numero limitado de geracdes, que € definido no momento de inicio da execuc¢do do
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algoritmo, bem como o numero de individuos por geracao. Ao final, o algoritmo retorna
uma solugédo com a configuragéo que produziu 0 melhor desempenho de acordo com
a métrica predefinida.

O AG proposto foi capaz de atingir valores acima de 10% nos experimentos até a
202 semana de curso em relacao aos algoritmos em sua configuragéo padrao. Quando
comparado ao outro método de otimizagdo, Gridsearch, nesse mesmo periodo, o GA
obteve valores sempre acima de 6%, chegando, as vezes, a 15% em determinados
momentos. Esses resultados obtidos com essa solugdo baseada no GA foram signifi-
cativamente melhores que os obtidos pelas solu¢des tradicionais e ainda ficam proxi-
mos aos da literatura na area.

Dessa forma, entende-se que a solugao proposta, em combinagdo com as solu-
cbes desenvolvidas nos trabalhos anteriores, pode contribuir para o desenvolvimento
da area de pesquisa, principalmente aumentando os resultados obtidos pelos classifi-
cadores utilizados para predicao de risco.

Entretanto, essa solugcédo ainda pode ser aperfeicoada, como com a colocagéo de
métodos de stop mais efetivos e a combinagdo com outros métodos de selegédo de
hiperparametros, como o Grid Search e o Random Search, ficando essas sugestbes
para o desenvolvimento futuro desta ferramenta.

3.4 Comparacao entre as aplicacoes

Os diferentes experimentos realizados nesta tese buscaram a geracdo de meto-
dologias para a aplicacédo pratica de LA e EDM em diferentes niveis e contextos edu-
cacionais. Assim, nesta secao, buscamos apresentar o panorama de cada um dos
experimentos, bem como os desafios praticos encontrados no decorrer dos projetos,
os resultados praticos e a comparacao entre as aplicacoes.

Como esperado, cada uma das aplicacdes praticas apresentou desafios conside-
raveis na implementacdo da metodologia desenvolvida. Grande parte desses desafios
diz respeito ao acesso direto as fontes de dados. Nesses casos, geralmente o deten-
tor das fontes de dados entregou um dump da base e os diagramas da bases ou um
arquivo .csv com as colunas solicitadas.

A tabela 1 demonstra uma comparagao entre as 7 dimensdes principais definidas
nesta tese. Essas dimensdes sdo: Contexto, Abrangéncia, Objetivo, Metodologia,
Técnicas, Modelos preditivos e Resultados Obtidos e Implementagéo e Interessados.

Essas dimensdes sdo apresentadas nas subsecdes e se dividem em 19 aspectos
primordiais das aplicacbes. Esses aspectos sdao: Contexto, Abrangéncia, Objetivo,
Dados Disponiveis, Abundancia de dados, Complexidade na integracao dos dados,
Técnica de Balanceamento, Tamanho das bases em quantidade de estudantes, Téc-
nica de Modelagem, Complexidade da Modelagem, Temporalidade, Método de gera-
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Tabela 1 — Comparativo entre as aplicagoes

Modelos preditivos Implementagao
Aplicagdo Contexto Abrangéncia Objetivo Metodologia Técnicas e e
Resultados Obtidos Interessados

Planos de ensino Sistema de alerta | Aplicagao de técnicas de Utilizagéo doal. Random Implementacao pratica

antecipado para | learning analytics em dados para a Agéncia Nacional

Ensino UTU e CBT do Ensino s . Learning | Forest com resultados =
- : - - predicao de risco | de 258.440 estudantes N o de educacgao
Secundario | ensino secundario Secundario - . N Analytics | com discriminagdo P .
L . de evaséo ou recolhidos de nove diferentes publica do Uruguai
publico do Uruguai. = ¥ - excelente
retengao sistemas académicos. (ANEP).

Avaliacao das

bases de dados Aplicacdo de EDM em dados

disponiveis e das interagdes dos estudantes Implementag&o pratica
Quatro cursos geragéo de < N Utilizacao do alg. Random p Gao p
. L. . . com o AVA, dados oriundos voltada para os
Ensino presenciais de ensino | Ensino modelos de " . Forest com resultados com
N S X s N S o= dos sistemas de gerenciamento | EDM . professores,
Universitario | universitario da Universitario | predicéo para o discriminagao
. ; AN académico e censo escolar. coordenadores de
UDELAR - Uruguai identificagdo N excelente . =
precoce de Totalizando 4.529 estudantes cursos e administrag&o.

de 3 cursos diferentes.
estudantes em

risco de evaséo

Algoritmo genético proposto | Implementagéo pratica

Cursos de nivel Aplicagao de EDM nas pelo autor, com base nos alg. | ainda ndo executada.
Ensino a técnicc_) subsequente Ensino a Predigdo de interagdes dos estl_Jdantes MLP, Rand(_)m_ Forest, Ngve No entanto os .
Distancia ofereclldos na Distancia evasio precoce com o AVA em 4ld|feremes EDM Bayes, Logistic Regression, interessados séo os )
modalidade a cursos na modalidade EAD. AdaBoost. Resultados com coordenadores de tutoria,
distancia. Totalizando 2.503 estudantes. discriminagdo os analistas de sistemas e
excelente a administrag&o.

cao, Algoritmos de Classificacao Utilizados, Reducédo de Dimensionalidade, Técnica
de Hiperparametrizagédo, Resultados Obtidos, Interessados e Implementacao Pratica.

Esses aspectos foram pensados para elucidar as diferencas e as semelhancas
entre as aplicagbes. Assim, as segOes abaixo e suas subsegbes utilizardo esses
aspectos-base para as discussoes.

3.4.1 Contextos de Aplicacao

Para o desenvolvimento deste projeto, foram utilizados dados de trés contextos e
niveis educacionais diferentes em dois paises da América Latina, Brasil e Uruguai.
Cada um deles foi escolhido pelas particularidades envolvidas no processo do ensino
daquele determinado contexto educacional. Além disso, outros fatores foram conside-
rados nessas escolhas, como a facilidade de acesso aos dados, as possibilidades de
geracao de aplicacdes tedricas e praticas e 0 acesso ao financiamento para a pes-
quisa.

O primeiro contexto educacional € a educacao de nivel secundario no Uruguai. O
projeto desenvolvido nesse contexto contou com o financiamento do Banco Interame-
ricano de Desenvolvimento (BID) e da colaboragdao de Agéncia Nacional de Adminis-
tragcdo da Educagdo Publica do Uruguai (ANEP) e da Universidade da Republica do
Uruguai (UDELAR).

O objetivo geral do projeto desenvolvido nesse contexto era a geracao de
uma metodologia para aquisicdo de dados de multiplas fontes institucionais, pré-
processamento, analise exploratoria de dados e aplicagdo de machine learning para
identificacdo precoce de estudantes com possiveis problemas académicos (evasao
e/ou retencao). Assim, foi gerada uma API para recolhimento, pré-processamento e
alerta precoce para estudantes em risco de evasao ou reprovagao.

Com esse objetivo, foi gerada uma metodologia para aquisicao de dados das tra-
jetérias educacionais dos estudantes desde o ensino primario. Essa metodologia cria
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um lifetime do estudante, demonstrando suas avalia¢des, faltas, recebimento de be-
neficios sociais e variaveis derivadas, desde o primeiro ano de estudo do aluno.

Para a realizacédo dessa aplicacao, foram recolhidos dados de 258.440 estudantes
oriundos de nove diferentes fontes de dados institucionais. Esses estudantes estéo re-
gularmente matriculados nos dois principais planos de ensino secundario do Uruguai,
CES e UTU.

Ao final, os dados e os modelos de predicao passam por diversas avaliagdes, como
a andlise de possiveis vieses, buscando garantir os resultados e uma maior equidade.
Ainda, é gerada uma API para predicao e avaliacdo dos resultados, bem como di-
versos treinamentos e manuais para a implementagéo e constante retreinamento dos
modelos.

O segundo contexto educacional € a educacgao de nivel universitario no Uruguai.
A pesquisa referente a esse contexto foi possibilitada por meio de uma colaboracéao
com a UDELAR. Nessa colaboracéao, foi possivel realizar um estagio de pesquisa de
em torno de 45 dias em Montevidéu no Uruguai. Assim, foi possivel conhecer as
instalagdes de pesquisa e 0 gerenciamento da Comissao Setorial de Educacgéo (CSE-
UDELAR), bem como outras faculdades da UDELAR e as particularidades de seu
modelo de ensino.

Essa pesquisa foi financiada por meio do projeto de pesquisa denominado "10 afios
en EVA: siguiendo las huellas de los estudiantes en el Entorno Virtual de Aprendizaje" ,
que é financiado por recursos competitivos do edital de “Proyectos de Investigacion
para la Mejora de la Calidad de la Ensefianza Universitaria” (PIMCEU) na Universidade
da Republica do Uruguai.

No estagio de pesquisa foi possibilitado o acesso aos dados de diferentes fontes
educacionais de trés diferentes faculdades da UDELAR. Como principal fonte de da-
dos foram utilizados os ambientes virtuais de aprendizagem, que nesses cursos, alvos
da pesquisa, sado utilizados como repositorio de contetdos e ferramenta de apoio ao
ensino presencial.

Nessa aplicacdo, foram utilizados dados de 4.529 estudantes oriundos de fontes
institucionais, como o censo académico anual da UDELAR, que contém informacdes
sociodemograficas, e os sistemas de gerenciamento académico, que contém as no-
tas dos estudantes. Podemos destacar a utilizacdo de 1.129,392 interagdes com o
ambiente virtual de aprendizagem, realizadas em 14 diferentes disciplinas alvo desse
estudo.

O terceiro contexto educacional sdo quatro cursos técnicos na modalidade a dis-
tancia (EAD) do Instituto Federal Sul-riograndense (IFSul) campus Visconde de Graca
(CaVG). Esses cursos sao ministrados em 18 polos espalhados pelo interior do estado
do Rio Grande do Sul e funcionam com atividades semanais, que sao postadas no
ambiente pelo professor, com os alunos tendo uma semana para o desenvolvimento
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dessas com o auxilio dos tutores.

Cada curso tem um tempo de realizagdo maximo de 103 semanas, com carga
horaria total de 1.215 horas divididas nas disciplinas do curso dentro do periodo de 24
meses, contando com 3 intervalos também chamados de férias, sendo que a situacao
final do aluno é determinada pelo seu resultado nas avaliagées.

O prazo méaximo para a integralizagdo do curso é de 4 anos, podendo o aluno
repetir somente uma vez cada disciplina e, por consequéncia, o ano. Ele ainda tem a
opcao de levar até 2 disciplinas como dependéncia para o proximo ano e cursa-las de
forma concomitante as outras disciplinas do curso. Para a aprovacao, o aluno devera
ter média igual ou superior a seis em cada uma das disciplinas da matriz curricular.
Considera-se evadido o aluno que passe um periodo de 365 dias sem interacdes com
o ambiente virtual ou nao efetue sua rematricula anual, sendo desligado do curso.

Assim, o aluno pode assumir 2 estados diferentes no final das atividades, aprovado
ou reprovado. No entanto, o estudo tem como objetivo a predicdo dos alunos que
entrem em situacdo de evasao no decorrer do curso. Para tal, define-se que o aluno
sera considerado evadido caso abandone, ndo efetue as atividades no decorrer do
curso e, também, sua matricula no semestre seguinte.

Nessa abordagem foram coletados dados sobre as interagces dos estudantes com
0s ambientes virtuais de aprendizagem. Sendo utilizados os mesmos conjuntos de da-
dos anteriormente criados em outras pesquisas (QUEIROGA; CECHINEL; ARAUJO,
2015; QUEIROGA et al., 2016; QUEIROGA; CECHINEL; ARAUJO, 2017).

A metodologia utilizada para o trabalho com esses dados foi a contagem de inte-
racdes. Ela consistiu na coleta e pré-processamento de 3.700.916 logs de interacdes
dos alunos. Apds isso, esses logs permitem calcular as interacdes por dia e semana
de curso de acordo com as 103 semanas do calendario do mesmo. Ao final, sdo ex-
traidas variaveis derivadas dessas contagens, como a média nas ultimas 4 semanas,
a média semanal, a média mensal, desvio padrao sobre a média da turma e os quartis
onde o0 estudante se encaixa a partir da contagem de interagoes.

Nesse contexto, maximizar os resultados obtidos pelos diferentes classificadores
baseados em aprendizagem de maquina é um desafio consideravel. Isso se da por-
que os diferentes algoritmos comumente apresentam uma grande variagao nas taxas
de desempenho que dependem da combinagédo de varias caracteristicas (por exem-
plo, equilibrio entre classes, quantidade de dados, variaveis de entrada e outros) e
hiperparametros do algoritmo.

Dessa forma, propomos um algoritmo genético baseado em computacao evolu-
tiva que gera populagdes concorrentes, com cada individuo sendo um classificador
com hiperparametros diferentes. Esses individuos concorrem entre si por um nimero
limitado de eras até que, ao final, ocorre a selegcdo do mais apto.

Dessa forma, esses séo os trés contextos e niveis educacionais que buscamos
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aplicar LA e EDM nesta tese, buscando avaliar os diferentes impactos que podem ser
gerados pela sua aplicacdo e comparar as diferengas e semelhangas em cada um
deles.

3.4.2 Abrangéncia de Aplicacao

As trés aplica¢des desenvolvidas nesta tese se diferenciam pela abrangéncia geral.
O fator abrangéncia foi previsto para avaliar qual o nivel de abrangéncia geografica
onde a aplicacao foi testada e ndo necessariamente o nivel de abrangéncia que ela
pode escalar. Nesse sentido, as propostas se diferenciam em abrangéncia regional,
estadual e nacional.

A proposta voltada para a educacao basica teve uma abrangéncia nacional, utili-
zando dados de estudantes em todas as escolas pertencentes ao sistema UTU e CES
no Uruguai. Assim, a metodologia criada foi aplicada em nivel nacional.

A proposta voltada para a educacgao universitaria foi classificada com abrangéncia
regional. Isso se da pelo fato de, apesar de a UDELAR oferecer cursos em gradua-
cao em nivel nacional, os dados utilizados no desenvolvimento sdo de faculdades em
Montevidéu.

Ja a proposta voltada para a educacao de nivel técnico na modalidade a distancia
foi classificada como estadual, pois os dados utilizados sao de 19 polos espalhados
pelo interior do Rio Grande do Sul.

Assim, cada uma das metodologias criadas e aplicadas no decorrer desta tese
possuem abrangéncias geograficas diferentes.

3.4.3 Obijetivo

As aplicacdes desenvolvidas nesta tese contam com objetivos préprios, alinhados
com as necessidades dos contextos e niveis de ensino em que estéo inseridas. Nesse
sentindo, de certa forma, elas refletem diversas caracteristicas dos ambientes de apli-
cacgao.

A aplicacéo voltada para o ensino secundario no Uruguai tem como objetivo prin-
cipal a criacdo de um sistema de identificacdo antecipado para estudantes em risco
académico (evasao e retencao), através da exploracao de diferentes bases de dados
educacionais, gerando, ao final, uma metodologia para transformacao dos dados de
diferentes sistemas em dados que possam servir para alimentar o sistema.

A segunda aplicac&o tem como objetivo principal avaliar como os rastros deixados
pelos estudantes nos ambientes virtuais de aprendizagem podem auxiliar na identifi-
cacédo de padrées na educagao universitaria presencial, principalmente nos que dizem
respeito a retencao de estudantes.

A terceira aplicagdo tem como objetivo principal gerar sistemas de identificagéo
precoce de estudantes em risco de evasao, com foco principal na melhora dos resulta-
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dos obtidos anteriormente através da exploragédo de técnicas de hiperparametrizagéo.

Assim, podemos definir que a aplicagéo voltada para o ensino secundario é voltada
ao processo, a aquisicdo dos dados, ao processamento e a geracdao dos modelos
como um ciclo, muito proximo ao modelo definido por Chatti et al. (2013). Isso se
difere das duas outras aplicagdes geradas nesta tese, que buscam um foco maior no
processo de mineracgao de dados, tanto na andlise exploratoria quanto no incremento
dos resultados.

3.4.4 Metodologia

Nesta subsecdo, concentraremos os aspectos referentes aos dados disponiveis,
a abundancia de dados, ao tamanho dos dados, ao método de trabalho utilizado, a
complexidade de pré-processamento e integracao, a modelagem, as técnicas de ba-
lanceamento utilizadas e a presenca de temporalidade nos dados. Juntos, esses 9
aspectos representam a base principal da metodologia desenvolvida em cada uma
das aplicacdes e serdo tratados de forma conjunta nesta subsecao.

O método de trabalho esta diretamente ligado aos objetivos e resultados esperados
naquele contexto. Assim, cada um dos trabalhos desenvolvidos nesta tese necessitou
de uma metodologia propria, adaptada ao seu contexto e objetivos.

Na metodologia criada para a aplicagcdo de LA em dados do ensino secundario
no Uruguai, o contexto principal foi trabalhar com dados dos dois sistemas de ensino
secundarios majoritarios no pais. Esses sistemas correspondem conjuntamente em
torno de 95% das matriculas de estudantes nessa etapa de ensino.

O trabalho para essa aplicagdo consistiu em uma breve adaptacdo do método
CRISP-DM (Cross Industry Standard Process for Data Mining). No CRISP-DM, adap-
tado para o desenvolvimento da metologia criada no contexto da educacao secunda-
ria, temos quatro diferentes estagios de treinamento. Em cada um desses estagios
sdo adquiridos novos dados sobre os estudantes e os modelos referentes a esse es-
tagio séo retreinados.

Ao final da linha de processamento dos dados, adicionamos uma etapa de conclu-
sado ao CRISP-DM, onde buscamos adquirir informacdes sobre a populagéao estudan-
til, sdo avaliados possiveis correcées no processo, estudadas formas de melhoria no
processo como um todo, analise do feedback repassado pelo usudrios do sistema de
predicao e discussdes sobre a otimizagdo do processo. Nela, os dados gerados pelos
modelos podem ser analisados e agrupados, tendo, por exemplo, 0os percentuais de
estudantes em risco por escola, regidao ou até mesmo turma.

A metodologia desenvolvida no contexto da educagédo universitaria na UDELAR
- Uruguai é baseada em uma aplicacdo de Mineracdo de dados educacionais em
dados oriundos de diferentes fontes. Nesse contexto, a metodologia desenvolvida
utiliza uma adaptacdo do método CRISP-DM muito proxima a do trabalho com dados
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da educacao secundaria. Nessa adaptacao, na ultima etapa da implementacao, as
informagdes que emergiram durante o processo sdo encaminhadas para a geragao
de conhecimento das equipes responsaveis pela formulacdo e adequacao de politicas
internas da universidade.

A terceira metodologia foi criada pensando em situagcbées onde inexistem ou nao es-
tao acessiveis dados de multiplas fontes. A aplicagéo principal pensada para essa me-
todologia sdo os cursos oferecidos na modalidade EAD e os MOOCs. Nesses cursos,
geralmente, ndo existe uma grande integracdo ou recolhimento de dados externos,
como, por exemplo, dados sociodemograficos, de trajetdrias anteriores do estudantes,
entre outros.

Sendo uma metodologia voltada para aplicacdo em dados dos ambientes virtuais
de aprendizagem no contexto da educacgao a distancia em que nao é possivel a agre-
gacao de dados de outras fontes, buscamos utilizar somente dados disponiveis nos
AVAs. Assim, trabalhamos com variaveis derivadas da contagem de interacdes dos
estudantes dentro do curso.

Dessa forma, o processo utilizado para essa aplicagéo consistiu na Descoberta de
Conhecimento em Bases de Dados, do inglés para Knowledge Discovery in Databa-
ses (KDD). O KDD é um processo de extracao de informag¢des em grandes quantida-
des de dados, buscando encontrar informacgbes até entdo desconhecidas, que pos-
sam ser Uteis na identificacdo de padrdes (QUEIROGA, 2017; FAYYAD; PIATETSKY-
SHAPIRO; SMYTH, 1996).

Nos trabalhos anteriores desenvolvidos pelo autor desta tese, essa metodologia
baseada na contagem de interagdes apresentou bons resultados, mas que ainda
careciam de uma melhora nos indices de predicao obtidos nas primeiras semanas.
Dessa forma, optamos por técnicas de hiperparametrizacéo dos algoritmos classifica-
dores (QUEIROGA et al., 2016; QUEIROGA, 2017).

Nesse sentido, as técnicas tradicionais baseadas em buscas exaustivas apresen-
tam excelentes resultados, tendo a certeza de que encontraram os melhores HPs
dentro do conjunto passado para teste. No entanto, essas técnicas apresentam alto
custo computacional e tempo de processamento. Isso se agrava quando buscamos
utilizar diferentes algoritmos, pois cada um necessita de uma busca exaustiva dentro
dos HPs e um processo manual de sele¢do daqueles com melhores indices para cada
algoritmo e o melhor geral.

Esses fatores se agravam em situacées onde nao dispomos de hardware ade-
quado para essa tarefa, como em parte dos servidores onde os ambientes virtuais
de aprendizagem estao instalados. O moodle define como configuragdo minima para
sua instalacdo um equipamento com processador de 1 ghz e 512mb de memaria ram.
Essa configuragdo minima ndo é capaz de rodar os sistemas de busca exaustivas
atuais de forma eficiente.
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Dessa forma, buscamos a criacdo de um algoritmo que pudesse selecionar HPs
de forma nao exaustiva, de forma mais otimizada computacionalmente, que testasse
diferentes classificadores e que obtivesse bons resultados sem comprometer o fun-
cionamento do moodle. Assim, criamos um algoritmo genético baseado na teoria da
evolugcdo darwinista e na concorréncia populacional.

Esse algoritmo criado e aplicado gera populagdes onde os individuos séo instan-
cias de um classificador geradas com HPs criados randomicamente na primeira ge-
racdo. ApOs essa primeira geragcao, é executada uma etapa de ranqueamento dos
mais aptos de acordo com um parametro passado na inicializagdo do algoritmo. Apos
isso, é gerada uma nova populacdo a partir de fungbes de sele¢cao dos mais aptos,
cruzamento, mutacao e reinsercao. Esse processo se da por um numero limitado de
épocas, que é definido na inicializagao do algoritmo. Ao final, o algoritmo apresenta
uma listagem com os individuos mais aptos. Essa listagem apresenta o classificador,
a época em que ele foi gerado, seus HPs e os indices obtido.

Assim, em cada projeto apresentamos uma metodologia diferente, baseada nos
dados existentes, no contexto e nivel educacional e nos objetivos previamente esta-
belecidos. A motivagcao para a utilizacao de diferentes métodos é que o processo de
Learning Analytics ndo tem um final estabelecido e sim ciclos, o que se adapta melhor
a estrutura do método CRISP-DM. Enquanto isso, os projetos voltados para a mine-
racdo de dados e mineracao de dados educacionais tém um fim definido, assim eles
sdo melhor adaptados ao método KDD, pois nesse contexto o projeto é finalizado no
momento em que vocé entrega as informagdes aos interessados.

Cada uma das aplicacbes desenvolvidas nesta tese contou com dados oriundos
de diferentes fontes. Na aplicacdo voltada para o ensino secundario foram recolhi-
dos dados de 9 diferentes fontes. Além disso, foram avaliados outros sistemas que
nao apresentaram dados capazes de acrescentar informacdes relevantes a base final.
Nesse metodologia, as fontes de dados foram agrupadas em trés principais conjun-
tos, dados da educacao primaria, dados da educacédo secundaria CES e dados da
educacao secundaria UTU.

Apoés o agrupamento, os dados foram pré-processados e integrados por scripts ge-
rados em python. Essas etapas foram de alta complexidade, tendo em vista o tamanho
das bases com 258.440 estudantes, a quantidade de diferentes bases e a abundancia
de dados e fontes. Uma caracteristica interessante nessa integracao e que dificultou
o processo foi que o id do estudante mudava em algumas bases, com bases salvando
0 id do estudante do sistema e outras o numero do documento pessoal, sendo neces-
saria a utilizacao de uma base externa para a validacéo.

Nessa metodologia, foi possivel a criacado de um lifetime do estudante, onde sao
utilizados os dados das avaliagées desde o0 ensino primario até o momento da geragao
do modelo de predicdo. Assim, foi possivel montar um aspecto de temporalidade na
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base final utilizada para os modelos de predicéo.

Na metodologia para aplicacdo de mineragdo de dados educacionais no contexto
universitario foram utilizados dados dos AVAs, do censo académico e de diferentes
sistemas de gerenciamento académicos da universidade. A partir do censo acadé-
mico foram extraidos dados sociodemograficos dos estudantes, como estado civil, re-
sidéncia, renda familiar, numero de filhos, escolaridade dos membros da familia, entre
outros.

Nos sistemas académicos foram extraidas informacdes, como as notas dos es-
tudantes, o numero de disciplinas cursadas e a quantidade de disciplinas em que o
estudante esta matriculado naquele semestre.

Ja nos ambientes virtuais de aprendizagem foram extraidas informacdes sobre as
interagdes dos estudantes com os conteudos disponibilizados no mesmo. Assim, foi
possivel criar um lifetime das interacées do estudante no AVA. Esse lifetime demons-
trou os principais momentos onde os estudantes buscam conteudo e auxilio nos AVAs.
Além disso, essas interacdes dos estudantes, quando combinadas com as informa-
¢cOes de outras bases, demonstraram um alto poder preditivo e de melhora nos indices
de predicao.

No contexto dessa aplicacdo sao inexistentes dados histéricos que possam ser
classificados como temporais. Assim, fica impossibilitada a criagdo de um lifetime para
demonstrar o histéricos do estudante antes da disciplina. Isso se da, em partes, pela
metodologia de ingresso nos cursos da UDELAR, onde o estudante pode somente
efetuar a matricula em uma disciplina dentro de um curso sem que seja aluno daquele
curso, caso nao existam pré-requisitos de disciplinas anteriores.

Ainda nesse contexto, inexiste uma integracdo com dados de niveis anteriores de
ensino, como o primario e o secundario, e com bases de dados governamentais.

No contexto da educacdo a distancia de nivel técnico inexistem dados de outros
fontes que ndao o moodle. Assim, foi possivel trabalhar apenas com as contagens de
interacOes. Essas interagdes estdo presentes nos logs de acessos dos estudantes no
ambiente virtual. Um modelo de log do moodle é apresentado na tabela 2.

O conjunto de dados utilizado nesse aplicagdo é o mesmo utilizado anteriormente
em diversos estudos (QUEIROGA; CECHINEL; ARAUJO, 2015; QUEIROGA et al.,
2016; QUEIROGA; CECHINEL; ARAUJO, 2017; QUEIROGA, 2017). Assim, s&o utili-
zadas 3.700.916 linhas de logs de interacdes dos de estudantes com o AVA de quatro
diferentes cursos, conforme apresentado na Tabela 3.

Quanto ao balanceamento, a base da educacao técnica apresenta um balancea-
mento natural entre a quantidade de estudantes concluintes e a quantidade de eva-
didos. Esse mesmo processo ndo ocorreu nas bases da educacao universitaria e
educacao secundaria. Assim, nessas bases foi necesséaria a aplicacao de técnicas
de balanceamento, como o SMOOTH, que gera dados artificias para balancear os
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Tabela 2 — Modelo de log do Moodle - Fonte: Queiroga (2017)

Dado Descricao Exemplo
Curso Turma e curso ao qual Informética Aplicada -
o aluno esta matriculado. 2013/2 Administracao
Data e hora que foi
Hora efetuada a acédo que gerou 2012 abril 8 10:39
este determinado log.
Endereco
O endereco IP ao qual o
P computador utilizado para 187.86.133.66
0 acesso ao Moodle tinha no
exato momento do acesso.
Nome
Completo Nomle cadgstrado do aluno no José Alves da Cunha
ambiente virtual.
Course view
Acio Tipo d_a acao geradora dollqg i(fr;tl’jﬁ).é/dl\ﬂc.)g)rdle.cavg.
que foi efetuada pelo usuario. )
/course/view.php?
id=75)
. Download -
Atividade fi‘?égﬁﬁ dzoa:"::!c')'”k onde LibreOffice
(BrOffice)

Tabela 3 — Quantitivo de dados utilizados - Fonte: Queiroga (2017)

Cursos | Quant. Logs | N? de alunos | Evadidos | Concluintes
Curso 1 682.773 407 212 195
Curso 2 1.033.910 729 301 428
Curso 3 933.221 615 246 369
Curso 4 1.051.012 752 354 398
Totais 3.700.916 2503 1113 1390

conjuntos de treinamento.

Dessa forma, cada uma das aplicacbes foi metodologicamente pensada para se
adaptar ao contexto de sua aplicacao, sendo adaptada aos dados disponiveis, a quan-
tidade de dados e suas carateristicas.

3.4.5 Técnicas

No contexto desta tese, as aplicacées geradas sdao baseadas em duas principais
técnicas, a Learning Analytics e a Mineragao de Dados Educacionais. Como explicado
anteriormente, essas técnicas se diferenciam pelo seu ciclo, objetivo e finalidade, com
a LA tendo um foco maior no processo educacional como um todo e a EDM tendo um
maior enfoque no processo técnico envolvido.

No caso da metodologia desenvolvida para aplicagao no ensino secundario, ela é
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classificada como uma técnica de LA. Isso se da porque ela carrega em si um foco
muito alto no processo educacional como um todo. Em contrapartida, as metodologias
gue compde a aplicagéo para o ensino universitario e o ensino técnico tem um enfoque
maior na minera¢ao de dados, na sua transformacao e na extracao de conhecimento
bruto.

Dessa forma, para cada uma das metodologias criadas para as aplicagdes praticas
foi definida uma técnica que norteou o desenvolvimento. No entanto, as aplicacdes
desenvolvidas nesta tese, mesmo que classificadas em uma técnica, podem carregar
um ou mais aspectos relacionados a outra técnica. Como € o caso da sele¢do de HP
no processo de geragdao dos modelos de predicdo para o ensino secundario. Ainda
assim, a técnica principal prevalece na quantidade de semelhancas.

3.4.6 Dimensoes

Em pesquisas e implementacdes voltadas para aplicacdo de learning analytics,
podemos apoiar o desenvolvimento no conceito de LA estabelecido por Chatti et al.
(2013). Nesse conceito, a pesquisa é apoiada em 4 perguntas-chave: O QUE?, POR
QUE?, COMO? e QUEM?. A teoria envolta nesse tema foi abordada anteriormente no
capitulo 2, na secéo 2.1.

Nesse sentido, buscamos adaptar as implementagdes voltadas para o ensino uni-
versitario e técnico para que possam ser comparadas com a implementagao voltada
para o0 ensino secundario, que € nativamente uma implementagdo de LA. Assim, na
tabela 4 demonstramos as dimensdes para cada uma das aplicacoes geradas.

3.4.7 Modelos Preditivos e Resultados Obtidos

Essa etapa do desenvolvimento das metodologias englobou a sele¢cao dos algo-
ritmos de classificacdo, a avaliagdo da dimensionalidade das bases, a geracao dos
modelos, as técnicas de hiperparametrizacao utilizadas e a avaliagdo dos resultados.

A busca pela reducéo da dimensionalidade foi uma preocupacéo latente no desen-
volvimento das aplicacdes presentes nesta tese. Assim, procuramos testar técnicas
ja consolidadas que pudessem auxiliar nessa redugdo e no consequente incremento
dos resultados.

Nesse contexto, a técnica que apresentou os melhores resultados foi a selecao de
variaveis. Assim, optamos por utiliza-la nas aplicacées para o ensino secundario e o
ensino universitario.

Em ambas aplicagdes o algoritmo de machine learning selecionado para classifica-
¢éo depois de diversos testes foi 0 Random Forest. Esse algoritmo € conhecido pelos
seus bons resultados em problemas no contexto desta tese e pelo sistema de poda
que trabalha de forma robusta em casos de alta dimensionalidade de dados. Nesse
sentido, em ambas as aplicagbes ainda foram utilizadas técnicas para hiperparametri-
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Tabela 4 — Dimensdes do ciclo de Chatti et al. (2013) nas aplicagdes desenvolvidas.

Aplicagao O que? Por qué? Como? Quem?
Combinagao de dados de
Trajetérias dos estudantes na diversas fontes buscando
primaria, trajetéria dos Sistema de alerta | formar um life time da Tomadores de decisdo da
Ensi estudantes na secundéria, antecipado para trajetéria do estudante Agéncia Nacional
nsino o . ; =
- faltas dos estudantes, predigdo de risco | desde a matricula no de Educagao
Secundério . . - ) L . - .
recebimento de beneficios de evaséo ou ensino primario até o Publica do Uruguai
sociais, sistemas de retengéo. momento da geragao do (ANEP).
gerenciamento académico modelo de identificacdo
de risco para evasao ou retengao.
Recolhimento das interagdes
dos estudantes com os
Avaliacédo das ambientes virtuais de
bases de dados aprendizagem, que nesse
disponiveis e modelo de curso sdo
Interagdes dos estudantes com | geragao de utilizados em sua grande Professores
Ensino o0 AVA, dados oriundos dos modelos de maioria como repositério ’

Universitario

sistemas de gerenciamento
académico e censo escolar.

predigao para
identificagao
precoce de e
studantes em risco
de evaséo.

de conteudo. Apos isto, os dados
séo combinados com dados
oriundos de diversas fontes

para geragao de modelos de
classificagéo focados na
predicao precoce de

estudantes em risco de retengao.

coordenadores de
cursos e administragao.

Ensino
Técnico

Interagdes dos estudantes
com o AVA

Predicéao de
Evasao
precoce

Modelagem de dados

buscando a geragao de um life
time do estudantes durante as
semanas de curso. Apds o
processamento, os dados

sao utilizados como entrada
para geracao de modelos de
classificagédo de acompanhamento
semanal. Esses modelos servem
para acompanhamento do risco
de abandono dos estudantes.
Esses modelos ainda sdo
hiperparametrizados utilizando

o algoritmo genético proposto.

Coordenadores de tutoria,
analistas de sistemas e
administragao.
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zacao baseadas em buscas exaustivas, como o GridSearch.

Na aplicacéo voltada para o ensino técnico a distancia foi o utilizado o algoritmo
genético baseado na teoria darwinista. Nesse algoritmo, como citado anteriormente,
diversos classificadores concorrem entre si e ao final somente o individuo mais apto é
selecionado para a classificacdo. Assim, o algoritmo utilizado vai depender dos dados
de entrada e do método de aptidédo selecionado.

No quesito resultados, as 3 aplicagdes criadas apresentaram indices satisfatérios,
com uma discriminagao excepcional (AUROC > 0.90) ou préxima a esse valor. Esses
valores, quando analisados a fundo, sdo mais satisfatérios, pois a depender do caso
essas discriminacdes sao obtidas em momento cruciais dos cursos para o tratamento
dos possiveis causas da evasao e/ou retencao.

Nesse sentido, somente no modelo gerado no pré-ingresso do estudante no pri-
meiro ano de ensino secundario na UTU o algoritmo n&o conseguiu estabelecer bons
resultados. Isso se deu em partes pela falta de dados para treinamento dos modelos
naquele momento do curso.

3.4.8 Implementacao e Possiveis Interessados

As diferentes aplicagcdes geradas no decorrer desta tese se encontram em diferen-
tes momentos de implementacgéo.

A aplicacao voltada para o ensino secundario esta em fase de avaliacéao e retrei-
namento pela ANEP, podendo ser aplicada na pratica no inicio do préximo ano letivo.
Para essa implementagcao foram criados diversos manuais técnicos e videos de trei-
namento que tem como objetivo demonstrar o funcionamento das funcionalidades de-
senvolvidas pela API. O planejamento de uso da informacao gerada por essa API é
para que ela tenha uma utilizagao pelos stackholders da ANEP, assim fomentando as
tomadas de decisbes baseadas em dados.

No entanto, as aplicagdes voltadas para a aplicagdo no ensino a distancia e no
ensino universitario sdo dependentes do dashboard para visualizacdo e geracao de
predicdo baseado em machine learning, que atualmente encontra-se em desenvolvi-
mento. Esse dashboard deve incluir diversas ferramentas de visualizagado de dados,
acompanhamento dos estudantes e a geracao de modelos de predicao, voltados para
os administradores dos ambientes virtuais de aprendizagem e os stackholders das
instituicbes de ensino.

Assim, entende-se que as aplicacdes estao em estagios diferentes de implemen-
tacdo, com a API voltada para o ensino secundario significativamente mais adiantada.
Ainda, que aplicagdes apresentam grupos de possiveis usuarios e interessados dife-
rentes, indo desde os professores até os administradores dos sistemas.
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3.4.9 Comparacao entre as aplicacoes

Nesta tese, as diferentes aplicagées buscaram estabelecer um panorama da apli-
cagao pratica de LA e EDM em dados reais de diferentes contextos e niveis educa-
cionais e com dados de diferentes tipos e origens. Isso, por si sO, ja € uma clara
contribuicdo para a area de pesquisas. Isso se d4, pois, como citado anteriormente,
os trabalhos tanto em LA quanto em EDM geralmente utilizam quantidades peque-
nas de dados, sao restritos a um determinado ambiente de controle e dificilmente tém
aplicagdes praticas envolvidas.

Dessa forma, esta tese busca demonstrar como a aplicacdo de LA e EDM pode
contribuir com os diferentes contextos e niveis de ensino. Assim, abordamos a edu-
cacao presencial de nivel secundario e superior e a educagao a distancia de nivel
técnico subsequente em um modelo proximo ao que é utilizado em larga escala nos
MOOCS.

As aplicacbes da educacao presencial foram projetadas metodologicamente para
trabalhar com dados oriundos de diferentes sistemas académicos. Assim, em ambas
foi possivel demonstrar os impactos que a utilizacdo de dados de diferentes sistemas
pode trazer, como, por exemplo, 0 impacto positivo da utilizacdo de dados dos AVAs
mesmo na educacgao presencial e as diversas informagdes que esses podem revelar.

Ja na aplicacao da educagéo secundéria, demonstramos o impacto na utilizagéo
dos dados de trajetérias anteriores dos estudantes.

Em ambas as metodologias presencias existia uma abundéancia de fontes de da-
dos. Dessa forma, recolhnemos a maior quantidade de dados possivel para analise
e modelagem. Foi demonstrado o impacto significativo que a modelagem de dados
pode exercer no processo de transformacao de dados em informagdes.

Essa abundancia de dados néo era presente na educacao a distancia. Assim, foi
necessario adaptarmos metodologias para processamento e modelagem de dados,
transformando as contagens de interagcdes em um lifetime de acompanhamento do
diario dos estudantes. Nesse processo, ficou demonstrado o alto poder preditivo desse
lifetime, com valores de predicdo significativos ja nas quatro primeiras semanas de
Curso.

No entanto, para alcangarmos indices de predicdo mais acurados dentro das pos-
sibilidades dos servidores que hoje mantém o moodle em funcionamento, buscamos
a criacao do algoritmo genético proposto. Assim, foi criado um algoritmo que tenha
menor consumo de hardware com resultados semelhantes aos obtidos por métodos
de busca exaustiva, como o GridSearch.

Dessa forma, esta tese demonstra que o panorama de aplicacao pratica de LA e
EDM é complexo e sinuoso, com os pesquisadores encontrando uma série de dificul-
dades no processo. Como exemplo dessas dificuldades, cito novamente os obstaculos
presente no acesso aos dados nos diferentes contextos, as diferentes metodologicas
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do ensino dentro de um mesmo pais e as dificuldades para acesso a documentacao
sobre essas metodologias, a dificuldade de acesso a hardware especifico para big
data e mineragao de dados e, principalmente, a qualidade dos dados disponiveis.

No entanto, independente do contexto, essas dificuldades podem ser rompidas
com adaptacdes das técnicas existentes atualmente e um forte trabalho na modela-
gem de dados. Assim, as metodologias e aplicagdes praticas geradas no decorrer
desta tese, apesar de terem objetivos internos diferentes, estdo interligadas na de-
monstracdo de como as diferentes estratégias de EDM e LA podem ser aplicadas na
pratica como forma de auxilio aos processos de ensino.



4 CONTRIBUICOES GERAIS

Esta tese tem como objetivo central a geracao de diferentes métodos de aplicacao
de Learning Analytics e Mineragdo de Dados Educacionais para diferentes contextos
educacionais. Assim, buscou-se demonstrar os panoramas praticos e teéricos da apli-
cagdo das técnicas baseadas em LA e EDM nos diferentes contextos educacionais,
bem como as semelhangas e diferengas existentes nessas aplicagdes. Ainda, o tra-
balho desenvolvido e relatado nesta tese e nos artigos presentes nos apéndices A, B
e C, busca contribuir com a pesquisa na area de LA e EDM com a geracao de mé-
todos de auxilio aos processos educacionais, principalmente no contexto regional da
América Latina.

Com esse objetivo geral, e em cumprimento das metas especificas 4 e 6, este
trabalho buscou abordar, através da primeira aplicacdo, a educacéo basica, voltada
para criancas e adolescentes, com uma abordagem a nivel nacional. Essa abordagem
€ uma tentativa de auxilio aos métodos de ensino na identificacdo dos estudantes
com maior probabilidade de terem problemas em sua formagéo no ensino secundario.
Ainda nessa linha, também foram testados modelos baseados na mesma metodologia
para o0 ensino primario que obtiveram bons resultados e que podem ser implementados
em um futuro préximo e com pequenas adaptacgdes.

Em paralelo a geracdo da aplicagédo, o desenvolvimento da APl auxilia no enten-
dimento e na efetiva utilizacdo dos modelos gerados. Nessa API, é possivel que os
usuarios da metodologia visualizem informagdes basicas sobre a predicao, efetuem
novas predi¢oes, testem diferentes modelos e busquem pelo resultado de determi-
nado estudante. Ainda, como um projeto futuro, imagina-se que essa API seja o start
do desenvolvimento para um dashboard voltado para a visualizacdo de dados estu-
dantis no Uruguai.

A avaliacao dos resultados provenientes dessa primeira aplicacdo demonstrou que
os mesmos foram considerados satisfatérios, com 7 dos 8 modelos gerados obtendo
uma discriminacao excepcional (AUROC > 0.90) entre as duas classes (estudantes
com e sem problema na formacao).

Entre os modelos gerados, apenas um apresentou algum tipo de viés (UTU -
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M!G1). Esse modelo conta com a menor quantidade de dados de entrada e apre-
senta vieses nas classes protegidas. Dessa forma, entre os oito modelos gerados
nessa, aplicagdo somente esse ultimo modelo citado n&o foi considerado apto para
utilizacdo. Outra limitacao atual da metodologia é a falta de avaliacao das implicacoes
da pandemia da Covid-19 no processo educacional.

Nesse contexto, a ANEP atualmente esta em fase de avaliacdo dos modelos, com-
preensao dos scripts, da metodologia gerada e retreinamento dos modelos. Isso s6
foi possivel através de uma ampla documentagéo gerada para a metodologia, que en-
volve relatérios, manuais, videos de treinamento e acompanhamento da implantagao.
Com essas etapas, os resultados observados e a API, entende-se que se cumpriu 0
ciclo geral da Learning Analytics e 0 processo pode ser replicado e reajustado anual-
mente no momento estabelecido para retreinamento dos modelos.

Ainda, essa metodologia pode ser facilmente replicada para outros contextos com
pequenas alteragdes, mesmo que nestes contextos existam dados diferentes dos dis-
poniveis no Uruguai, o que contribui significativamente para a area de pesquisa. Ade-
mais, como dito anteriormente, o processo de LA é um ciclo que deve ser melhorado
e readaptado constantemente, assim como o processo educacional como um todo.
Dessa forma, nas etapas atuais de implementagdo da metodologia para os anos de
2022 e 2023 surgiram novas perspectivas que podem ser implementadas para me-
lhorar a metodologia como um todo, como a adogéo de ferramentas de visualizagéo
robustas, melhorias gerais no processamento dos dados e automatizagao de proces-
SOs.

A segunda aplicagao, baseada no objetivo geral e nas metas 3 e 6, buscou a utiliza-
cao de dados da educacao superior oriundos de diversas fontes para que seja possivel
entender os padrdes dos estudantes e, consequentemente, gerar conhecimento so-
bre a populacdo estudantil. Essa aplicacao foi focada principalmente em estudantes
em risco de abandono escolar e, com esse objetivo especifico, foram recolhidos diver-
sos tipos de dados de diferentes sistemas, como ambientes virtuais de aprendizagem,
sistemas de controle de notas, censos escolares, entre outros.

O cruzamento desses dados gerou uma base para processamento e analise que
revelou que € possivel identificar os estudantes mais propensos a reprovagcao em uma
determinada disciplina a partir da quarta semana de curso, com uma excepcional dis-
criminagcao (AUROC > 0,90). Nos experimentos realizados, esses resultados s6 fo-
ram obtidos nas bases criadas a partir da combinacdo de dados e pela contribuigao
dos logs dos ambientes virtuais de aprendizagem, mesmo quando utilizados somente
como forma de apoio a educacdo presencial, onde, nesse caso em especifico, os
AVAs séao utilizados apenas como repositorio de conteudo.

Dessa forma, entende-se que a metodologia criada foi capaz de demonstrar o im-
pacto do engajamento dos estudantes no ambiente virtual, bem como contribuir na
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identificacao de diferentes aspectos envolvidos em sua formagdo. Ainda, a partir do
processamento de dados e da EDA, emergiram diversas informacdes presentes nas
bases de dados institucionais. Isso contribuiu ativamente para que ao final ao final
do processo as informacdes se transformassem em conhecimento e, consequente-
mente, embasar a geracao de politicas institucionais baseadas em dados, auxiliando
efetivamente no processo educacional.

Nessa segunda aplicagao, as contagens de interacbes semanais dos estudantes
demonstraram um interessante poder preditivo, principalmente quando analisadas de
acordo com o contexto de utilizacdo dos AVAs na modalidade de ensino. Ainda, foram
demonstradas questdes importantes, como os momentos do dia, da semana e do
curso onde os estudantes apresentam maior atividade nos ambientes virtuais.

Essa descoberta demonstrou-se importante para a UDELAR. Isso se deu porque,
através dessa identificacao, foi possivel direcionar diferentes esforcos para que os alu-
nos tenham uma maior assisténcia nesse periodo, bem como que nesses momentos
os AVAs tenham um redirecionamento de recursos computacionais, podendo mitigar
problemas de quedas ou falhas no sistema.

Além disso, entende-se que o direcionamento desses esforgos possa, futuramente,
gerar a criagao e a implementacédo de um dashboard que concentre dados de diversas
fontes. Assim, ele devera estar interligado aos ambientes virtuais de aprendizagem
e aos outros sistemas de gerenciamento académico, podendo servir como base de
informacdes e avisos para os estudantes sobre 0 seu desempenho. Entende-se que a
falta de automatizagéo dos processos ainda é um problema a ser debatido, tornando-
se, assim, um limitador atual da aplicacéo.

A terceira abordagem, baseada no objetivo geral desta tese e nas metas 5 e 6, foi
uma expansao das pesquisas anteriormente desenvolvidas por Queiroga; Cechinel;
Araujo (2015); Queiroga et al. (2016); Queiroga; Cechinel; Araujo (2017); Queiroga;
Cechinel; Aguiar (2019); Detoni; Cechinel; Matsumura araujo (2015), buscando tra-
balhar com cursos de educacéo técnica hibrida sequenciais. Esses cursos sdo rea-
lizados de forma descentralizada, espalhado por diversos polos, e o estudante cursa
somente uma disciplina por vez e tem encontros on-line e presenciais.

Nas etapas desenvolvidas anteriormente, grande parte dos comentarios e suges-
tées versavam sobre como aumentar os resultados das predi¢des. Isso se deu porque
nesse modelo de curso massivo a quantidades de estudantes pode facilmente ultra-
passar os 500 estudantes por turma. Assim, cada ponto percentual envolvido nos
indices de acuréacia dos classificadores pode representar uma quantidade expressiva
de estudantes.

Dessa forma, buscamos diversas formas de otimizar os resultados, como melho-
rias no processamento, extracdo de dados, selecao de features e, principalmente, na
selecao de hiperparametros. No entanto, nesse processo, esbarramos em questbes-
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chave, como a falta de recursos computacionais de maior capacidade. Esses recursos
sédo de suma importancia para que sejam feitas as buscas exaustivas por hiperpara-
metros, que atualmente sdo o tipo de hiperparametrizacdo mais utilizado.

Assim, buscamos o desenvolvimento de um algoritmo genético que utiliza a teoria
da evolucao darwinista para a escolha dos hiperparametros, apresentando um menor
custo computacional. Essa abordagem foi publicada e esta presente no apéndice C.

Nessa aplicacao, foi possivel a obtencao de resultados com uma AUROC até 10%
mais acurada que o modelos com hiperparametrizacdo padrdao. Quando comparada
as técnicas que utilizam buscas exaustivas, obtivemos resultados similares, mas com
um menor custo computacional. I1sso se deu, principalmente, pela ndo necessidade de
testar uma quantidade expressiva de combinagdes, ja que a técnica com GA converge
para uma solugao otimizada.

Nesse sentido, entende-se que essa terceira aplicacdo pode trazer beneficios a
este tipo de curso massivo e a populacdo no geral. Isso se deu, principalmente,
quando analisamos que geralmente o tipo de estudante ingressante nesses cursos
séo jovens adultos que residem em cidades afastadas dos grandes centros universi-
tarios. Essa parcela da populacao necessita de formas de qualificacao rapidas para
otimizar seu acesso ao mercado de trabalho.

No entanto, essa abordagem ainda apresenta limitagcdes, como a falta de imple-
mentacao de métodos de parada mais efetivos, principalmente para os casos onde as
solugdes encontradas pelo algoritmo convergirem para um platdé. Um trabalho futuro a
ser implementado € a combinagdo com métodos como os algoritmos do tipo Random
Search, onde poderia ser feita uma busca por grupos com o Random Search e depois
uma busca nos vizinhos proximos com o GA. Assim, é possivel maximizar o consumo
computacional na busca dos hiperparametros.

Assim, entende-se que esta tese demonstrou os aspectos praticos e teoricos en-
volvidos no processo de aplicagao de LA e EDM em diferentes contextos e niveis edu-
cacionais. Ainda, foram demonstradas as semelhancas e as diferencas nas diferentes
aplicagcGes e como as técnicas podem ser adaptadas ao contexto educacional.

Dessa forma, alcangamos o objetivo geral desta tese e de toda a pesquisa que vem
sendo desenvolvida ao longo desta jornada. Mesmo assim, entende-se que existe um
espaco em todas elas para trabalhos futuros que implementem melhorias em suas
estruturas e, principalmente, nas tarefas de automatizacéo.

Quanto a meta especifica 1 definida anteriormente, esta tese apresenta no capi-
tulo 2 a fundamentacgéo tedrica, bem como o estado da arte dos 3 principais temas
ligados a pesquisas e projetos na area de predicdo educacional. Assim, a meta 1,
"Investigar e documentar a fundamentacao teérica e o estado da arte na utilizacao
de Machine Learning, Learning Analytics e Educational Data Mining, principalmente
como ferramentas de apoio e geragédo de conhecimento em diferentes contextos edu-
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cacionais" foi cumprida.

Diante do exposto, entendemos que as contribuigdes cientificas do projeto sao
claras e podem auxiliar o desenvolvimento de metodologias praticas para a compre-
ensao dos dados gerados pelos diferentes sistemas educacionais. Além disso, essas
abordagens contribuem com a teoria sobre as areas relacionadas e geram aplicacdes
praticas, que podem ser revertidas em prol dos processos educacionais.



5 CONSIDERAGOES FINAIS

Esta tese buscou apresentar os panoramas praticos e teéricos envolvidos no pro-
cesso de desenvolvimento e aplicacdo de learning analytics e mineracdo de dados
educacionais em diferentes niveis e contextos educacionais. Ademais, foram demons-
tradas as semelhancas e diferencas existentes nesse processo a depender de fatores
como o contexto de aplicacao, a diversidade de dados, 0s objetivos, entre outros.

Ainda nesse sentido, foram demonstradas como o processo de desenvolvimento de
aplicacdes de LA e EDM necessitam de uma forte personalizagdo para o contexto da
aplicacédo. No entanto, apesar dessa personalizagédo, a fundamentacao basica para as
propostas de aplicacdo pode ser aproveitada de outras aplicacdes e foi exposta nesta
tese.

A deteccao precoce de grupos de alunos com risco de evasdo é uma condigdo
importante para reduzir o problema da evasao, pois possibilita proporcionar algum tipo
de atendimento direcionado a situagdes especificas do aluno. Atualmente, o processo
de identificacdo desse grupo de alunos é manual, subjetivo, empirico e sujeito a fa-
lhas, dependendo primordialmente da experiéncia académica e do envolvimento dos
docentes.

Considerando que os docentes desempenham inimeras atividades, é dificil acom-
panhar e reconhecer as necessidades de cada aluno e identificar aqueles que apre-
sentam risco de evasdo (MANHAES et al., 2011; QUEIROGA; CECHINEL; ARAUJO,
2017). Assim, a aplicacéo dos processos de Mineracédo de Dados Educacionais e Le-
arning Analytics tem potencial para se tornar uma forma de auxilio transparente nos
processos de ensino e aprendizagem, principalmente na identificacdo de estudantes
com maior probabilidade de problemas em sua formagéo, como a evasao e a retencao.

Nesse sentido, o presente trabalhou buscou apresentar diferentes abordagens vi-
sando aplicacdes de LA e EDM, objetivando que as mesmas possam auxiliar a com-
preender os fatores que sao indicativos de um possivel problema na formacao do
estudante em diferentes niveis. Para isso, foram utilizados trés niveis educacionais
gue tém como alvo publicos diferentes. Os resultados obtidos nos 3 casos sdo con-
siderados satisfatérios, com uma provavel aplicacao e utilizagdo dessas tecnologias
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criadas em um mundo real.

Um ponto importante a ser salientado € que o algoritmo genético proposto néo foi
utilizado nas outras duas abordagens. Isso ocorre porque o AG ainda € uma abor-
dagem experimental, carecendo de um maior desenvolvimento para aplicacao pratica
como as das outras duas abordagens.

Contudo, na aplicagdo com dados do ensino primario e secundario ndo sao apre-
sentados dados especificos do sistema educacional de origem, bem como da ana-
lise exploratoria executada. Isso ocorre porque esses dados podem ser considerados
sensiveis, principalmente no contexto da Lei Geral de Protecdo de Dados Pessoais
(LGPD). No entanto, os relatérios entregues a ANEP apresentam esses dados com
uma maior clareza e sua divulgacao ainda é discutida internamente.

Assim, entende-se que esta tese se diferencia dos demais trabalhos produzidos na
area, pois traz resultados tedricos e praticos, utilizando grandes volumes de dados e
dados de estudantes de diferentes contextos educacionais. Ainda, sdo demonstradas
que as aplicacbes praticas geradas, principalmente no estudo apresentado no apén-
dice B, estéo resultando em beneficios aos sistemas educacionais onde estdo sendo
utilizadas, bem como as aplicacbes demonstradas no artigo presente no apéndice A
estao em fase de avaliagdo final e implantagéo.
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Abstract: This paper describes a national wide Learning Analytics initiative in Uruguay focused on
the future implementation of governmental policies to mitigate students retention and dropout at
secondary education. For that, data from a total of 258,440 students was used to generate automated
models to predict students at-risk of failure and dropout. Data was collected from primary and
secondary education from different sources and for the period between 2015 and 2020. Such data
contains demographic information about the students and their trajectory from the first grade
of primary to the second grade of secondary school (e.g. students assessments in the different
subjects during the years, amount of absences, participation in social welfare programs, zone of the
school, among others). Predictive models using Random Forest algorithm were trained and their
performances evaluated with F1-Macro and AUROC measures. The models were planned to be
applied in different periods of the school year for the regular secondary school and for the technical
secondary school ((before the beginning of the school year and after the first evaluation meeting
for each grade). A total of 8 (eight) predictive models were developed considering this temporal
approach and after an analysis of bias considering three protected attributes (gender, school zone,
social welfare program participation), 7 (seven) of them were approved to be used for prediction.
The models achieved outstanding performances according to the literature, with AUROC higher
than 0.90 and F1-Macro higher than 0.88. The paper describes in depth the characteristics of the data
gathered, the specifics of data preprocessing, the methodology followed for models generation and
bias analysis, together with the architecture developed for the deployment of the predictive models.
Among other findings, results of the paper corroborate the importance given by the literature of using
the previous performances of the students in order to predict their future performances.

Keywords: classification; educational strategies; secondary education; learning analytics; at-risk
prediction; dropout prediction; bias analysis; fairness in machine learning

1. Introduction

The educational system of Uruguay has experienced important problems associated
with backwardness and disengagement in the recent decades [1]. Even though the system
is characterized by universal coverage at the primary level, it is possible to observe that
students grade retention, dropout rates and non-enrollment rates increase as the education
system progresses, while age-appropriate coverage decreases [2]. As a result, a signification
part of the students have difficulties to remain enrolled in the educational system [3,4].

For instance, during the transition from primary to secondary education, the educa-
tional system of Uruguay usually experiences a drop of 10% of students. Moreover, from
the total of students at the age of 13 years old, 26% are over-aged for their grade, and 3%

Version June 10, 2022 submitted to Journal Not Specified https:/ /www.mdpi.com/journal /notspecified

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33



Version June 10, 2022 submitted to Journal Not Specified 20f24

are dropping out the system. In secondary education, during the transition from basic
secondary education to upper secondary education (when students are from 15 to 17 years
old), there is an increase of 20% of students that are over-aged for their grade, and the
proportion of students who drop out the educational system increases 27%. In the year
2015, Uruguay experienced the lowest graduation rates during the 12 years of compulsory
education. At last, 31% of the students graduations occurred at the age of 19 years old and
40% at the age of 24 years old [3].

Previous work conducted by [5] explored social, economical, historical and polit-
ical aspects associated with this situation in Uruguay. According to [5], lag, dropout
and absenteeism are the three most important explanatory factors related to educational
disengagement. Therefore, the identification of these aspects in educational trajectories
allows one to establish early action in order to mitigate the risks and increase the chances
of academic success.

The abundant amount of data generated by the digitalization of academic management
systems has opened new perspectives for the analysis of educational data. The approach
known as Learning Analytics [6] seeks to understand and improve educational processes
through the multi-technical processing of data and products generated by students and
teachers [7]. The field of Learning Analytics aims to develop data based educational
solutions that can be useful for the many stakeholders involved in the teaching and learning
processes so that such process can be constantly improved [8].

Among the techniques used by Learning Analytics one can mention statistical models,
educational data mining (EDM), machine learning, natural language processing (PLN),
computer vision and new algorithms resulting from research in Artificial Intelligence.
These techniques allow the processing of large volumes of data from different educational
systems to generate solutions to support decisions focused on the improvement of the
different educational scenarios [9-13].

The present paper presents the methodology followed for the development of auto-
mated models to detect students at-risk of dropout at the secondary level in Uruguay. For
that, a Clow cycle method [12] was adopted as baseline for the steps executed. In addition
to the creation of the predictive models, the paper covers a deep exploratory analysis of
the data used for the work together with the description of the resulting system developed
to identify students at-risk of disengagement. The experiments and implementation de-
veloped in this work continue previous work conducted by [14,15]. Moreover, the work
presented here was conducted under the fAIrLAC initiative of the Inter-American Devel-
opment Bank (IDB). The fAIrLAC intends to influence public policies by promoting the
development of artificial intelligence (Al) solutions in a responsible and ethical way[16][17].

The present paper intends to answer the following research questions:

* RQ1 - Is it possible to generate a LA-based methodology that encompasses data
acquisition, data transformation and the generation of models that can help to early
identify students at risk of dropout at secondary level?

e RQ2-Is the transformation of data from different databases into time series a viable
alternative from a preprocessing point of view? If so, are the final results generated by
the prediction models using this technique satisfactory?

* RQ3-Is it possible to generate and analyze explainable models based on machine
learning so that biases can be identified and corrected when necessary?

*  ROQ4 - Which features are the most important to early predict students at risk of
dropout in Uruguay at the secondary level?

The remainder of this paper is organized as follows. Section 2 describes some char-
acteristics of the Educational System in Uruguay and section 3 presents the theoretical
background and related work. Section 4 explains the methodology followed in the present
work and section 5 describes the models generated for predicting students at-risk. Section
6 presents the most important results achieved by this project and section 7 depicts how
the predictive models were deployed to the authorities. Finally, section 9 remarks the most
important findings of this work.
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2. Context Understanding: overview about education in Uruguay

Uruguay is located in the extreme south of Latin American, with a population around
3.4 million inhabitants and comprising 176,215 million square kilometres. Uruguay presents
a huge concentration of population in urban areas (92% of population). Moreover, about
50% of the population live in the metropolitan region of the capital (Montevideo). In the
context of Latin America, Uruguay is the third country in the Human Development Index
(HDI) with a rate of 0.817 [18,19], and currently has one of the highest levels of connectivity
in Latin America, with more than 80% of the population with access to the internet [20].

The Uruguayan basic education system comprises preschool, primary and secondary
education, with public schools accounting for around 85% of enrollments [21]. In addition
to this, university education is characterized by a policy of free and unrestricted admission,
with no other condition than the completion of high school to be admitted to the university.
University of the Republic (UDELAR) is the most important player with 90% of enrollments
in higher education [11,22]. The educational system as a whole is managed by the National
Administration of Public Education (ANEP'), a government agency responsible for plan-
ning, and managing public educational policies. For the present initiative, ANEP is the key
stakeholder interested in the predictive models, and it was responsible for providing all the
databases required for that.

Uruguay has been developing a series of social policies to combat inequality. Within
these policies, one can highlight the Ceibal Plan [23,24]. The Ceibal Plan is a series of
educational programs aimed at the digital inclusion of the Uruguayan population. These
programs are based on a tripod of proposals aimed at students, teachers and students’
families. In this context, a series of activities are developed, seeking to improve the quality
of education through technological systems based on Information and Communication
Technologies (ICT’s).

For instance, one of the outstanding programs within Ceibal is the called "One laptop
per child", where since 2007 the government has being distributing a laptop to each child
enrolled in basic education and creating a network of technological assistance for such
equipment throughout the country. In addition, there are several other programs that seek
to include the tripod involved in the project, with programs aimed at training and qualifying
teachers, involving families in educational activities, producing technological educational
resources, providing free internet to students in schools and at home and technological
educational activities aimed at student development, such as teaching robotics.

However, despite these multiple efforts, the Uruguayan educational system still faces
high rates of students retention and disengagement. This situation is already felt in the
early years of primary education. For instance, in 2012 around 27% of fourth-year students
of primary experienced some kind of delay in their training [1].

Primary education in Uruguay begins at the first grade (for children at the age of 6)
and ends at the sixth grade (for children at the age of 11). Secondary education is divided
into two cycles (basic and upper secondary education) each with a duration of 3 years. The
basic cycle of secondary education comprises the seventh, eighth and ninth grades, for
children from 12 and 14 years old. Upper secondary education is also known as bachillerato,
it lasts 3 years and it completes the education cycle for young people. This cycle can be
compared to the high school in Brazil and United States.

This work focuses on the basic secondary education (seventh, eighth and ninth grades).
Education for children in these groups is divided into two different models in Uruguay:
normal secondary education (named as CES) and Technical Vocational Education (named
as UTU). These different teaching models have their own characteristics, such as different
methodology, calendar, schools and courses. Still, these educational models present several
sub-models of their own, which will be briefly mentioned later in this work.

1 Administracién Nacional de Educaci6én Puablica (ANEP) - https:/ /www.anep.edu.uy/acerca-anep
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3. Theoretical Background

Learning Analytics (LA) is a recent area of research that emerged during the early
2000s [25] and which established itself as a new field during the first LAK (Learning Ana-
lytics and Knowledge conference) in 2011 [8,26]. According to [27], Learning Analytics can
be defined as the "the measurement, collection, analysis and description of data about the
students and their contexts, to understand and optimizing learning and the environments
in which it takes place”[26].

LA is considered a multidisciplinary research area that encompasses a number of
other research fields such as Machine Learning, Artificial Intelligence, Statistics, Data Visu-
alization, among others [28][8]). LA seeks to make use of different techniques from these
fields to develop methods that can help to improve learning in the different educational
scenarios.

According to [29], LA aims to fully understand the many dimensions related to
learning, and it seeks to analyze the different aspects associated to specific situations and
problems faced in the education. These problems may be a student finishing or not a
given course, or achieving or not a certain performance in a given assessment, for instance.
The idea is to observe and analyze the scenarios observing the behavior of the different
parties (student, professor, coordinator) by using a more holistic method [29]. Therefore,
LA involves a continuous cycle process that is always improving itself and that does not
have a predetermined end. LA solutions and strategies should be constantly being tested
and re-evaluated. This is one of the reasons why [25] considers the field of LA maintains
a deep proximity to other areas other than Educational Data Mining, such as Business
Intelligence (BI) and Semantic Web and Recommendation Systems.

The present work can be classified under the scope of Predictive Learning Analytics as
it is focused on the development of automated models to early predict students at-risk of
dropout. The remainder of this section will present a brief bibliographical review of related
works.

3.1. Related Work

With the growing interest in Predictive Learning Analytics, several researches seek
to model data coming from educational institutions in order to extract information and
knowledge that can be used to improve teaching and learning processes. Predictive
Learning Analytics problems are basically divided between performance prediction [30,31]
and dropout prediction (evasion prediction) [32-34]. However, according to [35] these both
types of prediction are linked, as performance is a relevant factor for student retention, with
some studies pointing out that poor performance can lead students to disengagement [11,
36,37].

Predictive Learning Analytics may use data coming from different sources and types,
such as, academic systems [31,35], learning environments [32,33,38,39], demographic infor-
mation [30,31,40] expenditure and income data [30,41] and multimodal data coming from
sensors and other sources [42,43].

Existing works usually test several classifiers in order to select the ones with the best
performances. Among them, it is possible to see some converging towards the use of
decision trees with emphasis on the random forest approach [30,34,43-45]. Decision trees
are algorithms used for supervised classification that generate a tree structure that sorts
the unknown samples. The approach uses the data coming from the training dataset in
order to create a tree able to classify the unknown samples without necessarily testing all
the values of their attributes[43,46]. Decision trees are considered a white-box approach,
with models that are understandable and readable by humans. This is an important feature
for educational scenarios as it allows some sort of explicability about the reasoning behind
a given decision or prediction.

Although the majority of Learning Analytics initiatives are normally restricted to
smaller datasets related to disciplines, courses, institutions or case studies, a number
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of works have also started to explore information related to wider contexts and using
educational data covering an entire country or state [47].

This is the case of the work developed by Frostad et al. [48] which evaluated the
chances of a secondary student to dropout. The authors developed regression models using
socio-demographic data from 2,045 students from secondary school of the Ser-Trendelag
Norwegian region. The authors identified a number of factors associated to students who
dropped-out, such as the mother’s instruction level, the level of support provided by the
school and the teacher, and the amount of friends the student has inside his/her school
class.

The use of data about the performance of the students in previous years to predict
dropout is an approach that is also being adopted in the literature. For instance, Nagy and
Molontay [49] obtained satisfactory results for predicting dropout at tertiary level by using
demographic information and data about the performances of the students in secondary
school. The authors used data from 15,825 undergraduate students (from Economics
program) and achieved a AUC between 0.808 and 0.811 to predict students dropout. In
the same direction, Lehrl et al. [50] used data from 554 students since pre-primary school
to evaluate how learning and performance in the early years affects future educational
problems such as dropout and retention at secondary school. The authors demonstrated
that results in early years of school are directly related to the performances in secondary,
specially when considering the topics of reading, language and alphabetization. This is
an important finding that encourages the use of data from primary education to predict
possible problems on secondary education.

In Latin America, researches such as [15,33,51] seek to map large amounts of data in
academic systems in order to predict results and the situation of students. Marquez [33], for
example, proposes a system based on evolutionary algorithms to predict the dropout rate of
high school students in Mexico. For this, data with 60 attributes are used, ranging from the
admission test to the research data distributed to students and obtaining satisfactory results
in the prediction. Moreover, Macarini et al. [15] describes a countrywide K-12 learning
analytics initiative in Uruguay, focusing on better understanding Uruguay’s educational
data and the secondary level students trajectory inside the educational system. In that
work, several databases were used to generate association rules related to students at-risk
of failure. Clustering techniques were also applied to better understand the characteristics
of the different groups of students. The authors reported important findings such as that
the amount of absences (non-attendances both non-justified and justified) can be used
as a predictor of risk of failure. Dashboards were also provided for visualize students
trajectories along the school years, and to compare students performances in the different
subjects between schools. At last, the authors described a total of 8 main challenges faced
during the implementation of a countrywide LA initiative. The work of [15] was used as a
basis for the implementation of the present project.

Another remarkable initiative, is the work of Herndndez-Leal et al. [51] which uses
educational data from several sources of primary and secondary education at the State of
Santander (Colombia) The authors integrated data originated from different educational
levels to search students patterns related to their performances. The authors used different
data modeling techniques, such as, decision trees and t-SNE clustering. Among the results,
the authors demonstrated that the performance of the students in previous years is asso-
ciated to their current performances, and that some socio-demographic features (such as
social level and zone residence) are also important predictors of students failure.

4. Methodology

This section introduces an Exploratory Data Analysis (EDA) and feature engineering
to build a set of data (variables) that allows the development of automatic models for
the early identification of students at risk of dropout. The methodology applied here is
based on the Cross Industry Standard Process for Data Mining (CRISP-DM - Figure 1). The
sequence explains the CRISP-DM model used and its 6 stages.
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Figure 1. Modelo CRISP-DM.

*  Context Understanding: identification and understanding the problem context, as
well as defining the research hypotheses and the project requirements.

- Background: understanding of the problem to be worked on and formulation of
research hypotheses.

—  Project objective: definition of research objectives and questions.

-  Evaluation criteria: definition of the metrics that will be used to evaluate the
results.

e Data Understanding: Consists of data collection and Exploratory Data Analysis (EDA),
as well as the search for relevant sources that can add data to the project. In this phase,
data is collected, different attributes are analyzed and their qualities are measured.

e Data Preparation: Consists of the 4-step feature engineering process:

- Integrating Data: is the process of combining data from different databases into
an integrated database.

—  Data Cleansing: is the process of detecting and correcting or removing incorrect
or corrupt records as well as inconsistent data.

—  Data Building: is the process of creating variables (resources) that do not exist in
the original data.

—  Data Selection: is the process of selecting and fitting the data that will be used as
input in the predictive models. It can contemplate stages of handling outliers and
deleting irrelevant data.

*  Model Generation (Modeling): It is an iterative step that occurs in conjunction with
data preparation and in which different models are tested with different input sets
and hyperparameters.

*  Results evaluation: In this step, the selected models are evaluated based on the metrics
and objectives established in the previous steps. Models that meet the success criteria
are delivered.

*  Delivery and Conclusions: This stage consists on the delivery of the models, together
with the manuals and the training of the ANEP technical team to use the solutions (to
generate databases and retrain the models for the coming years).

4.1. Data Understanding

The data used in this work were provided by the National Administration of Public
Education (ANEP), and collected from nine different educational management systems.

261

262

263

264

274
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The different databases gathered for this project were preprocessed and transformed
to generate three main datasets used for model generation: 1)Primary Education database
(PE), 2)Regular Secondary Education database (CES)? and 3) Technical Secondary Education
database (UTU). These databases were built from information collected from several other
secondary databases, such as: database of students trajectories and performances, database
about social welfare programs, database related to the absences of the students, database
with information about schools, among others. The data was available for the period from
2015 to 2020. During this period, 261,446 students completed their primary education.
From these, 258,440 are present in the secondary databases (194,636 at CES and 63,804 at
UTU), while 3,006 do not appear in the secondary databases. For these 261,446, we have
the complete information cycle (complete primary education + first and second grades
of secondary education). The specifics of each database are presented in the following
sections.

4.1.1. Primary Education Database (PE)

The objective of the work with the primary education database was the creation of
a data structure that would allow the integration of the trajectory of students during the
primary education with the data of students in secondary. Such integration allows the
development of models to predict students dropout before they begin their secondary
studies. For that, data were collected from 614,307 students born between 2004 and
2013. These students belong to 2,088 schools distributed in the 19 departments (states)
of Uruguay. From the total of students in the database, 62,601 presented information for
complete primary education cycle (data from the first The data was available for the period
from 2015 to 2020. During this period, 261,446 students completed their education. From
these, 258,440 are present in the secondary databases (194,636) and UTU (63,804), while
3,006 do not appear in any of these databases. So, for these 261.446, we have the complete
information cycle (primary data + secondary data) in the two main planes.to the sixth year
of primary). Examples of data stored at PE are: student scores on assessments, school
code, class, department, jurisdiction, type of school zone (rural or urban), area and subarea,
among others.

4.1.2. Regular Secondary Education Database (CES)

The work with the Regular Secondary Education Database (CES) was guided by the
creation of a data structure that would allow the early identification of students who
showed indicators of failure or dropout in the first and second year of secondary education.
Examples of information from this database and that were used for modelling students
at-risk are: subjects (disciplines) taken by the students together with the performances
achieved by them, presences and absences during the courses, where the students were part
of social welfare programs or not, data about the students school. In total, data from 213,620
students were used from the period between 2016 and 2019. It is important to mention that
the school year in secondary education in Uruguay is organized in three trimesters and that
at the end of each trimester the teachers evaluate their students in the so called meetings
(three meetings per year). After each trimester, students receive their assessments (ratings)
in each subject. At these meetings, the absences of the students (justified and non-justified)
are also computed. All these information are available at CES database.

4.1.3. Technical Secondary Education Database (UTU)

The UTU database stored information about technical education that is offered in
Uruguay integrated to the regular secondary education. In this educational model, students
attend to the secondary and technical school at the same time (after finishing primary
education). Technical education in Uruguay is organized in three years. In turn, each

The acronym CES comes from Consejo de Educacion Secundaria, i.e., Secondary Education Council

3 The acronym UTU comes from Universidad del Trabajo del Uruguay, i.e. Labor University of Uruguay
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Table 1. Number and percentage of students per database and final situation according to their
gender

UTU CES Total

Gender | Total Apr. Prob. Total Apr. Prob. Total

Freq. | % Freq. | % Freq. | % Freq. | % Freq. | % Freq. | % Freq. | %
Female | 11.25 | 39,78 | 7.677 | 68,23 | 35,74 | 31,77 | 111.97 | 52,42 | 69.82 | 62,35 | 42.154 | 37,65 | 123.22 | 50,94%
Male 17.02 | 60,22 | 10.449 | 61,36 | 6580 | 38,64 | 101.64 | 47,58 | 60.26 | 59,29 | 41.378 | 40,71 | 118.67 | 49,06%

year (grade) is organized in bimesters (four bimesters per year). The creation of the UTU  z2s
database had similar data to the CES. However, these two teaching models contain different s2a
internal structures, such as the calendar and the number of evaluation meetings. Thus, it s2s
was necessary that the databases were generated separately despite having the same origin. sze
In the end, the UTU database contained 46,994 students, of which 17,923 presented the 27
complete education cycle in the database (ie, data from the first, second and third grades) 2.

and were considered in the forecasting process. 320
More details about how each database was created is given in subsection 4.3. 330
4.2. Fairness and Exploratory Analysis of Protected Groups 331

The results obtained by machine learning algorithms are a direct reflection of the input a2
data and the treatment dedicated to them. Some attributes (variables) can generate bias in 333
the predictive models, generating wrong assumptions in the learning process and in the fi- a4
nal result of the models. To avoid this kind of situation, [52] recommend the use of methods sss
to assess the fairness of the results generated by the prediction algorithms. Precisely, [52] 336
proposes to evaluate the datasets and to define those attributes that can generate some kind ~ ss-
of unfairness in the prediction process (e.g. gender and other demographic data). After the s3s
creation of the predictive models, the performances are then compared with the fairness s
in relation to the so-called protected groups (groups related to the attributes previously s
selected). 341

For this work, the following attributes related to protected groups were defined to ss
be taken into account for the identification of biases in the models: gender, social welfare sas
program and school zone (location). The following subsections present an exploratory s
analysis of these attributes and the section 6.3 presents an overview of how the bias analysis 45
was performed considering them. 346

4.2.1. Gender 347

Assuring fairness in learning machine predictive models is a complex task [53]. Several = sas
authors point out that one of the most significant issues to be tackled in this direction is sas
to ensure equity between genders during automated predictions. Considering that there sso
one normally observes inequity between genders inside the data [53-55], it is expected s
the predictive models reflect unequal behavior towards one category in detriment of s
another. However, such predictions do not always accurate represent the behavior of these 53
categories [55]; therefore, it is necessary to analyze gender as an input variable beforehand  :sa
in order to avoid hidden biases inside the predictive models. 355

Table 1 presents the absolute frequencies and percentages of students according to  sse
gender in the three databases, together with the percentages of approval and/or “possible sz
problem”. As it can be seen in table 1, the UTU database has a higher percentage of male  sss
students than female students, precisely a difference of 20.44%. On the CES database, sso
the percentages of male and female students is very close, with only 4.84% of difference se0
between the two genders. 361

Regarding the percentage of students who engage in the educational system and e
complete their studies, the UTU database has 68.2% of female students completing their ses
studies, against 61.4% of male students. The CES database presents similar data to the ses
UTU database in this respect. For the CES, 62.3% of female students complete their studies, es
against 59.2% of male students. The data presented here refers only to the students whose  sss
trajectories are being used to generate the predictive models. 367
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Figure 2. Correlation between students gender and final status for the CES database

Table 2. Number of students on social welfare programs per database

Social Welfare Program in | UTU CES Total

Primary Freq. | % Freq. % Freq. %
Yes 19.858 | 70,21 | 87.866 | 41,13 | 107.724 | 44,53
No 8.422 | 29,79 | 125.754 | 58,87 | 134.176 | 55,47

Figure 2 shows Pearson’s correlation between “Gender” and the students final status
in the first and second grades of secondary (ResultYearl and ResultYear2 respectively)
for the CES database. As it is possible to see, the correlation coefficients are close to zero,
indicating that there is no correlation between the students gender and their performances.

4.2.2. Social Welfare Program

The attribute "Social Welfare Program" is a binary information representing whether
the student or his/her family was part of governmental compensatory social policies
throughout the student primary education trajectory. This information was integrated with
CES and both UTU databases. Table 2 shows the number of students (or families) who
were part of compensatory social policies during primary school. As it is possible to see
in the table, in percentage terms, UTU students have participated more of compensatory
social policies during primary education than CES students, precisely 70.2% at UTU against
41.1% at CES.

Table 3 presents the combination of gender and social welfare program attributes in
primary school and the students final status at the first grade of secondary education. It
is possible to observe that students of both genders who participated in social welfare
programs had fewer problems in their education. When one analyzes the female gender,
only 3.8% present a possible problem in their training, against 4.7% for males.

4.2.3. School Zone

The third attribute considered to protect specific groups against possible bias is the
area in which the school is located. This attribute indicates whether the student attends a
rural or an urban school. Table 4 presents the number of students and their final status by
grade and database. As it is possible to see in the table, there is a huge concentration of
students in urban areas.

4.3. Data Preparation

Data preparation was done using Python programming language and the following
main libraries: NumPY, Pandas and Scikit-learn. This step included data integration, data
cleaning, the derivation of new features, and data selection. The EDA stage played a
significant role in data preparation, collaborating with insights and helping to identify
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Table 3. Percentages of students with benefits in primary school considering gender and problematic

situation.

Gender Result Social Welfare Program in | Students
Grade 1 Primary Amount | %
Approved No 14,907 8.24

F e

. O , .

Possible Problem Yes 5T b
Approved No 13,091 | 7.24

M Yes 32,187 17.80
Possible Problem Il 32,900 18.20

Yes 8,478 4.69

Table 4. Number of students in urban and rural areas for CES and UTU

Database | Grade Urban Zone Rural Zone Missing data Total
Aprov. | Failure. | Total Aprov. | Failure. | Total | Aprov. | Failure. | Total
CES 1 89,758 | 46,876 | 136,634 | 3,752 | 1,703 5,455 | 841 606 1,447 | 143,536
2 86,683 | 10,854 | 97,537 | 3,720 | 320 4,040 | 687 68 755 | 102,332
UTU 1 16,046 | 15372 | 31,418 | 1,936 | 1,242 3,178 | 144 205 349 | 34,945
2 9,102 | 6,944 16,046 | 1,215 | 721 1,936 | 66 78 144 | 18,126

issues such as the characteristics of the attributes (distribution, type, categories, etc), the
impact of each database in the process and the importance of inserting new variables.

4.3.1. Data Integration and Data Construction

The first step for data integration was to identify the educational path that students
took after finish primary education. For that, the identification of the students on the
PE database were compared to the identification of the students on the CES and UTU
databases. After this step, it was possible to verify the following situations: students who
dropped the educational system after primary education, students who engaged on the
regular secondary education, and students who engaged on technical secondary education.
In a second step, the following additional information was generated: number of years
the student is in the databases, the first and last years of the student in the databases, and
the first and final grade of the student in the databases. All these information helped to
further consolidate the student’s school life cycle for the years available in the databases
(from primary school to the two first years of secondary).

The next step involved the transformation of the data contained in the three databases
into time series. Time series is characterized by data collections that are directly intercon-
nected by time, being widely used in various areas such as economics, statistics, finance
and epidemiology [56]. For the context of this project, the most important sequences of data
generated were: student evaluations during the years for the different subjects (disciplines),
students/family in social welfare programs during the years, and students presences and
absences during the academic cycle [57]. The motivation behind this strategy is to represent
student’s progress over time.

Here it follows a brief description of each database after transformation and integra-
tion:

*  The PE database had 137 columns with information such as: students’ evaluations in
the different subjects separated by grade (from the first to the sixth grade), information
about the school (location, code, department, among others), averages (means) of
the students evaluations in each grade, student’s final evaluations in each grade and
the quartile where the student’s evaluation is in comparison to the school. Finally,
information from a total of 62,601 students was available on the database and with a
temporal effect.
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Figure 3. Database Structure

At secondary educational level, there is a higher number of subjects (disciplines).
Moreover, students are evaluated in meetings that take place every 2-3 months. In
these meetings, students receive a evaluation rating (grade) for each subject they
are enrolled (mathematics, foreign language, arts, among others). Schools perform
regularly 3 meetings per year, and a fourth meeting at the end of the year when it
is necessary and for the students who still need to take extra exams. Considering
this scenario, the top 10 available subjects were filtered. New attributes were then
generated for each evaluation of each meeting of each subject using the following
syntax: Yi-Mj-Subject, where i stands for the number of the year (grade), and j stands
for the number of the meeting. For instance, the attribute Y1-M1-English represents
the assessment of the student in English subject at the first meeting of the first year. In
addition, the number of absences of the students in each class of each subject were
also computed. Absences in the context of this project could be justified absences and
unjustified. absences.

The generation of the UTU final database followed the same principles as for the CES
generation. The difference here is that UTU has a greater number of disciplines, and
the top 12 subjects were selected.

5. Generation of the predictive models

This stage involves a number of different aspects, such as: tests with different algo-

rithms, selection of the algorithms to be used, filtering the data considering its characteris-
tics and contribution to the performance of the models, and configuration of hyperparame-

ters.

The target attribute (dependent variable) in this project is the student’s final status at

the end of the year. This status can be "approved", "failed" or "dropped out". Each one of
these status was inferred from the databases available as it follows:

To be considered "approved" in a given year (grade), the student must be enrolled in
the courses of the next year (grade) in the database.

The student is considered as "failed" in a given year if he/she is enrolled in the same
grade in the database of the following year.

The student is classified as "dropped out" if he/she does not appear enrolled in any
courses in the database in the following year.

The categories "failed" and "dropped out" were grouped on a single category named

"possible problem" in order to allow a binary prediction.
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5.1. Selection of Algorithms

The first step for the generation of the models was the selection of algorithms that could
meet the requirements established by the Responsible Al manual of the IDB fAIrLAC [58]
and that presented good performances. According to the fAIrLAC manual, the predictive
models needed to be explainable and auditable with the suggestion of using white-box
models. The manual highlighted the importance of understanding the reasoning behind
the automated decisions/classifications.

The following algorithms were initially tested with the first raw databases for CES and
UTU obtained during preprocessing: Random Forest (RF), Decision Tree (DT), Adaboost
(ADA), MultiLayer Perceptron (MLP), Naive Bayes Gaussian (NB) and Logistic Regression
(RL). The neural network (MLP) was included to make a performance comparison, since
machine learning studies usually show that MLP presents good results in this type of
application [59].

The algorithms that presented the best results were Random Forest and MLP, both with
very similar performances. Some tests were also performed with more advanced ensemble
algorithms, such as Gradient Boost [60] and XGBoost [61], but both were discarded because
they did not present significantly higher performances than the previous ones. Considering
these results, Random Forest was selected to be used in the sequence of the project. This
decision was made based on RF model architecture and the performance achieved in the
first tests. Furthermore, even though the random forest is considered a black-box model, its
models can be easily transformed into interpretable ones. For this transformation, we chose
to use the TreeInterpreter package®, which generates visualizations of the trees through the
decomposition of the models.

5.2. Data preprocessing configurations for training

A total of 8 different combinations of configurations and data preprocessing were
tested with Random Forest models to evaluate which ones presented the best performances.
These different combinations are described as follows:

e I1 - Raw database - Application of the Random Forest algorithm with its default
configuration using the raw data base.

e ]2 - Weights (target variable) - Application of the algorithm in its default configuration
using weights of the target variable with SKLearn’s class-weight parameter.

¢ I3 - Feature Selection - feature selection application for selecting the top 20 attributes
and training algorithm using these variables.

* I4 - Resource Selection + Database Balancing - Application of combination I3 in
conjunction with the application of database balancing techniques.

¢ I5-Resource Selection + Database Balancing + Weights (variable target) - Application
of combination 14 with the increase of stage 12.

¢ 16 - Resource Selection + Balancing + Weights + GridSearch - Application of combi-
nation 15, adding the hyperparameterization of the algorithms with the GridSearch
application [34,62].

* 17 - Pipeline generated from the TPOT automated learning library - use of the Python
automated machine learning tool using TPOT genetic programming [63].

e I8 - Using the ImbLearn library [64] with the EditedNearestNeighbours, SMOTE and
PCA methods.

5.3. Evaluation of predictive models

The strategy defined for the application and evaluation of the models followed the
“Technical Manual of Responsible Al - Al Life Cycle” provided by fAIrLAC [65]. Thus, the
algorithms were trained and tested using k — 10 cross-validation. For the combinations
where data balance was applied (iterations I4, I5 and 16), this was manually programmed

4 https://github.com/andosa/treeinterpreter
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Figure 4. Temporal approach for the models and retraining periods
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and applied only to the training dataset. In other words, data was divided into 10 folds s
and the one used for testing was not balanced. s11

Three different metrics were used to evaluate the performance of the models: F1- s
Macro, F1-Micro and AUROC. AUROC stands for the the area under the ROC curve, where s
the Y axis represents the True Positive Rate (TPR) or Sensitivity (TP/(TP + FN)) and the sia
X axis represents the True Negative Rate (TNR) or Specificity (TN /(TN + FP)). s1s

5.4. Temporal approach for the models and retraining periods s16

The main idea of the work is to generate predictive models do early identify students si7
at-risk of dropout/failure so that it is possible for professors and school coordinators to  sis
take actions in order to mitigate this situation. For that, it is necessary that the output of s
the models are provided in time for such actions to be taken. Precisely, 4 predictive models szo
were generated for each database related to secondary education (CES and UTU). Figure 4  sx:
helps to illustrate the temporal approach adopted for the models. As it can be seen from  sz:
the figure, two of these models are focused on predicting students at-risk in the beginning s2s
of the school year (one model for each grade), and the other two models are intended to be  s2s
used after the first evaluation meeting of the school year. Here it follows a more in-depth  s2s
explanation about each one of the models: 526

1.  Grade 1 Pre-Start Model (M1G1): This model must be used before the 1st grade =27
classes start and would be used from the primary data and social welfare program szs
that students receive. s20

2. Grade 1 Post-meeting 1 model (M2G1): This model must be used after the first sso
evaluation meeting and with the incorporation of new data obtained at that meeting ss:
(grades and absences results). 532

3. Grade 2 Pre-Start Model (M1G2): This model must be used prior to the start of Grade ss:
2 classes and would be used from primary school data, 1st grade student outcomes, ssa
and data on social welfare program for high school students . 535

4. Grade 2 Post-meeting 1 model (M2G2): This model must be used after the first sse
evaluation meeting of the 2nd grade and with the incorporation of the new data s

obtained in that meeting (grades and absences results). 538
It is suggested that all models should be retrained once a year, after the end of each 30
school year. 540
6. Results sa1

This subsection presents the best results obtained for each model considering the s
F1-Macro and AUROC evaluation metrics. 543
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Table 5. Best results for CES predictive models

Model Best preprocessing | F1-Macro | AUCROC
MI1G1-CES | I1 0.91 0.91
M2G1-CES | I1 0.91 0.91
M1G2-CES | I8 0.88 0.95
M2G2-CES | I1 0.92 0.93
—— Fi1-Macro
AUCROC

/ - 0850
/ = 0945

0.880 -

M1G1-CES M2G1-CES M1G2-CES M2G2-CES
Model

Figure 5. Performance of the models along the grades for CES database

6.1. Results for CES predictive models

Table 5 presents the best results obtained for each of the CES models and the respective
preprocessing combination that generated these results. As one can see in the table, all
models have an F1-macro and an AUROC greater than 0.87. Figure 5 presents a temporal
view of how the performance of the models evolves along the grades.

6.2. Results for UTU predictive models

Table 6 presents the results of the models for the UTU database. As it can be seen
in the table, the initial model M1G1-UTU presents the worst results with F1-Macro and
AUCROC of 0.68. However, from the second model (M2G1-UTU ) the performances grow
with results above 0.93 (F1-macro) and 0.95 (AUCROC). Figure 6 presents a temporal view
of how the performances of the models evolves over the grades.

6.3. Analysis of Bias

Bias analysis seeks to evaluate the predictive models regarding their ability to provide
unbiased decisions towards any protected group. For this, issues such as the behavior of
the models for the input data and whether the behavior is somehow biased are evaluated
[66].

All resulting predictive models that used any attribute related to the protected groups
previously defined (see section 4.2) were evaluated here using the What-if-tool’. Table 7

5 https:/ /pair-code.github.io/what-if-tool /

Table 6. Best results for UTU predictive models.

Model Best preprocessing | F1-Macro | AUCROC
M1G1-UTU | 17 0.68 0.68
M2G1-UTU | I6 0.95 0.95
M1G2-UTU | I8 0.93 0.95
M2G2-UTU | I8 0.93 0.96
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Figure 6. Performance of the models along the grades for UTU database

Table 7. Protected group attributes and the existence of bias

Used protected group attributes
Data Base | Model (marked with X) Bias
Gender | School Zone | Social Welfare Program.
M1G1-CES | - - - -
M2G1-CES | - - - -
CES M1G2-CES | X X X No
M2G2-CES | X X X No
M1G1 X - X Yes
M2G1 X X X No
Uty M1G2 - - - -
M2G2 X X X No

describes the models generated, the protected group attributes used by them and the bias  se2
found in the analysis. 563

Figure 7 presents the visualization of the bias analysis for the Social welfare program ses
attribute in the M1G1 model. As it can be seen in the figure, the F1-Macro for category 1 = ses
(yes - social welfare program received) is 0.80, while F1-Macro for category 0 (no social ses
welfare program received) is 0 (zero). This indicates a bias towards the students who ser
participated in Social welfare programs. 56

With the detection of bias towards the Social welfare program and Gender attributes seo
in the M1G1-UTU model, the remaining predictive models generated from the other pre- sz
processing combinations were also tested. However, all remaining models also presented sz
bias towards these attributes. Considering this, a new round of predictive models were sz
generated, but removing the protected attributes. However, the resulting models for this sz
round did not reach acceptable performances. Table 8 presents the confusion matrix for sz
the model with the best performances when the attributes “gender” and “social welfare s
program” were not considered in the input. This model obtained an AUCROC of 0.49, s
an F1-Macro of 0.06 and an F1-Micro of 0.06. Due to the limitations of the models for s
M1G1-UTU, they were not recommended to be used in practice. 578

Table 8. Confusion matrix of model not using gender and social welfare program attributes

Prediction
0 (Possible Problem) | 1 (Approved)
Real status 0 (Possible Problem) | 179 6,534
1 (Approved) 9 267
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Figure 7. Bias analysis for Social welfare program attribute in the M1G1-UTU model

7. Predictive models deployment

LA is distinguished for defending a greater focus on the process and how the devel-
oped solutions are used to improve teaching and learning on a continuous way. The results
providing by LA solutions should be incorporated on the teaching and learning cycle
allowing interventions and providing new improved scenarios that are again continuously
improved by these solutions.

The deployment of the predictive models and the strategies for retraining them are
essential for completing a fruitful LA solution. As previously mentioned, the models
developed here are recommended to be retrained twice a year (in the beginning of the
school year and after the first evaluation meeting). Together with these recommendations,
the project also developed a web API to use the models and provide the classification of
the students according to their risk.

The API was developed using Python together with the Flask framework® to build
the web server. Pandas and Celery” libraries were used in the AP Pandas is a library that
facilitates the manipulation and treatment of data and Celery is an asynchronous queue of
tasks implemented in Python, oriented to the passing of distributed messages in real time.

Queue handling was done using RabbitMQ ® as a broker to transport messages
between processes. Version v4 of RabbitMq was used, as in later versions messages larger
than 128 MB are not handled by default as required by this project. A Redis’ was used as
a Backend in Celery as it is a very efficient key-value database for searching the results
of tasks. Docker and Docker Compose were used to create Celery containers for Redis,
Rabbit and API applications. To interact with the API, Python scripts and the application’s
front-end were developed. On the frontend, the javascript programming language and
the React]S framework!’ were used to style the CSS3 frontend application. The Machine
Learning API architecture is designed to support both asynchronous and synchronous
predictions. Figure 8 presents an overview of how the API operates.

In asynchronous prediction, the user will send the CSV file containing the students
data and will immediately receive a token to check the prediction results afterwards. The

https:/ /flask.palletsprojects.com/en/2.1.x/
https://docs.celeryq.dev/en/stable/
https://www.rabbitmq.com/.

https:/ /redis.io/

10 https:/ /reactjs.org/

o ® N o
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get result
update task

save result

Request: async/classification

async: gel result

async: predict

Request: sync/classification

Figure 8. API Operation.

API will receive a HTTP /POST request with the CSV appended and the information of
which model to use. This information may be sent from the web interface or from a
terminal running a Python script. Celery is used by the asynchronous system to process the
prediction task in the background, which will collect the information received in the HTTP
request from the queue in RabbitMq. Then Celery will start processing the forecast. When
processing is complete, a message is sent to the queue with the results of the prediction.
Therefore, when the query is made by the user through the token, the prediction result will
be retrieved. At this point, a cache of results will be created in Redis and the result will
be sent to the user in HTML and CSV formats, along with the information displayed in
the interface. In case the API has not finished to process the predictions while the user is
consulting the results, the user will receive a message that the prediction is in process and
that the user will need to try to retrieve the results latter again.

At the end of the prediction process, the user can consult the results and use them to
make descriptions, such as the final status of the students (approved or possible problem)
by region, by school, by participating in social welfare program, among others.

In synchronous prediction, the API will receive a HTTP/POST request. Together with
the request it will be sent the CSV file containing the data and the information about which
model should perform the prediction (e.g. M1G1-CES, M1G2-UTU). In this model, the
API will process the CSV file and start making the prediction. The user who requested
the prediction must wait for the process to finish before receiving the results. Once the
prediction is completed, the user will receive the results in HTML and CSV together with
other information about the prediction.

8. Discussion

RQL1 - Is it possible to generate a LA-based methodology that encompasses data
acquisition, data transformation and the generation of models that can help to early
identify students at risk of dropout at secondary level?

Yes, it is possible to generate this methodology. In general, the results found were
satisfactory, with only one model (among 8) not showing good results and being discarded.
All other models achieved AUROC values higher than 0.91 which is an outstanding discrim-
ination when considering the scale provided by Gasevic et al. [67]. These results are also
confirmed by the F1-macro values where the worst value was 0.88. Specifically, when one
analyzes only the four Pre-Start Models for CES and UTU (M1G1 and M1G2), three of them
were able to classify students who would face a possible problem (failure or dropout) at that
given grade and with great performances. Moreover, the four Post-Meeting 1 Models for
CES and UTU (M2G1 and M2G2) presented great performances and were able to be used
to classify students at-risk. These results confirm the viability of the proposed methodology
to early identify students at risk at the beginning of the school year and after the first
evaluation meeting of the school year. Moreover, from the results obtained by the models,
it is possible to see that their performances increase as more information are provided as
input for them.

643
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645

646
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However, this methodology still has some limitations, such as the need for annual
manual collection of data, annual preprocessing and retraining of the predictive models.
Future work will be focused on the direct integration of the predictive models with the
different databases so that the data collection step could be automated, thus facilitating the
process and optimizing the time spent in this part of the workflow.

Another issue to be deeply discussed in the next phases of the project is related to
which stakeholders should have access to the prediction results. From the beginning, this
project was designed to grant access to the results solely to ANEP’s managers, so that
these results could help the development of institutional and educational policies based
on data. Considering that, teachers and students would not have access to the results at
this initial phase, which is a practice aligned with the current Learning Analytics literature
and recommendations for this kind of work [68]. Whether or not other stakeholders should
also access the results of these predictions is still subject to future discussion.

RQ2 - Is the transformation of data from different databases into time series a vi-
able alternative from a preprocessing point of view? If so, are the final results generated
by the prediction models using this technique satisfactory?

Yes, from the preprocessing point of view, it was possible to generate time series
from the collection and integration of data from the different databases, thus generating
information and knowledge about the educational system and students.

Regarding the results, the models presented very good performances (with the excep-
tion of M1G1-UTU). Results found in the experiments show that it is possible to generate
predictive models that can help in the identification of students with a tendency to face
some problems (dropout or failure) during secondary school. However, these models
need to be trained annually with new data that can represent the changes taking place in
the students population. This can generate a complex situation, since these models use
data prior to the Covid-19 pandemic and may not present good results with data from the
pandemic period. It is understood that new educational scenarios that emerged from the
pandemic will possible require future adaptations in the predictive models.

RQ3 - Is it possible to generate and analyze explainable models based on machine
learning so that biases can be identified and corrected when necessary?

Yes, it is possible. In this project Random Forest algorithm was chosen considering as
the algorithm to generate the models so that the reasoning of the models could be open
and understood by humans. Moreover, currently there are several techniques and libraries
that can assist in testing and verifying possible biases in machine learning models. In this
work the What-If tool was used to help in this part of the analysis. The tool allowed to
analyze the models regarding the bias in the attributes that were previously selected as
protected. In the analyzes performed, only one model generated bias (M1G1-UTU). This
model was eliminated from the work, as it was not possible to correct this bias after several
interactions.

RQ4 - Which features are the most important to early predict students at risk at
secondary school in Uruguay?

A large number of attributes were generated that served as input for the models. The
strategy adopted to avoid the curse of dimensionality was the application of procedures
for selecting input variables and to reduce them to the 20 most important ones, together
with the use of the Random Forest algorithm, particularly suited to dealing with this
problem [69].

Thus, for each predictive model, a prior step was carried out selecting the top-19 most
important features that could help in the classification. To calculate the most important
features to be used as input for the models, the Predictive Power Score (PPS) was used. This
metric calculates a value between 0 (no predictive power) to 1 (perfect predictive power)
that represents the relationship between the different attributes against the target [70,71].
This metric is widely used in time series, as it has the ability to point out how much a given
variable says about another.
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Figure 9. Feature Importance for M2G1-CES.

Figure 9 presents the list of the most important features for M2G1-CES as an example.
As it can bee seen in the figure, the most important features for this model combine
information related to primary education together with information about the first meeting
of secondary education. The two most important attributes for this model is related to the
school zone (rural or urban) in the first year in primary, and to the students grouping based
on their assessments in the sixth year of primary school.

From the analysis it is also possible to see that from the 10 most important features
(attributes) the first five of them and the tenth are related to information from primary
education. This demonstrates that educational problems in the studied context may have
their origins in the first years of school. This finding corroborates previous findings
of the literature [72-74]. Besides, this also confirms the finds of Nagy and Molontay
[49], Herndndez-Leal et al. [51] which highlighted the importance of using information
about the performance of the students in the early years of education in order to predict
their performance in the secondary education.

For instance, for this model, the attribute G1_School_Zone presented a PPS of 0.23
followed by the attribute G6_Group with PPS of 0.19. Moreover, the findings for the M2G1-
CES model are very similar to the ones for the M2G1-UTU model in terms of the most
important features. For the second year (grade 2), the assessment of the students in some
of the subjects (disciplines) were among the top-10 most important features to be used as
input by the models (M1G2-CES, M2G2-CES, M1G2-UTU and M2G2-UTU). This again
confirmed the importance of using data from the primary education to predict students
at-risk at secondary level.

11 FTJ stands for justified absences. FTNJ stands for non-justified absences. For instance, Y1_M1_FTN]J_Literature

means the number of non-justified absences in Literature until Meeting 1 during Year 1 (grade 1). Group
stands for the classification of the student performance according to the quartile of the performances of all
students at that grade
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9. Conclusions

Learning analytics is a new research area that is gradually growing and consolidating
itself. However, the main focus of the researches in this field is still towards higher
education, with less attention to primary and secondary educational levels [13,44,45,75].
The present research specifically covers the adoption of LA in secondary education, at
the same time seeks to assist Uruguay in the formation of institutional and governmental
policies by early detecting students at-risk.

The present work proposed a methodology to predict students at-risk in secondary
education at a national level. Together with the proposal, it was also possible to present the
performances of the models running with real data collected from students and covering
their school cycle from the first year of primary education to the second year of secondary
education. A total of 8 models were generated and tested to avoid any bias, and 7 of them
were approved to be adopted. Moreover, an API was developed and described so that
these models could be deployed to the authorities responsible for running them. As the
learning analytics process is cyclical, several manuals, reports and video training were also
generated to facilitate the annual retraining of the models by the stakeholders of ANEP.

The data understanding stage allowed the establishment of an initial set of main
variables that can be used in the process of generating early prediction models for students
at risk in secondary level. Initial results suggest that primary school data, together with
sociocultural student data, help to partially improve the performance of predictive models
by approximately 4%. Moreover, Exploratory data analysis revealed sensitive issues
that were hidden in the data, such as, for example, that the population of students who
participated in some kind of social welfare program during primary school had fewer
problems during secondary school than the population that did not participated in the
social welfare programs. This situation was observed for both CES and UTU and may
indicate that current social policies are in the right direction.

Throughout the process, several limitations were encountered for the advancement of
the project. We can highlight some of them, such as the failure to obtain budget data, which
could reveal new information about schools and the relationship between investment and
results. Moreover, issues related to the crossing of data with the states and regions of
the country and the Gross domestic product (GDP) were not explored in this project and
should be considered in future improvements.

Future work should also focus on adding new functionalities to the developed APIL.
Possible improvements could be the development of graphical visualization of the results,
the analysis and cross-referencing of the data, and the automation of tasks related to
preprocessing. Ideas of reports and dashboards for this context were already previously
proposed by [15].

At the current stage of the project, it was possible to verify the efficiency of the
predictive models in the task they are proposed to perform, at the same time one guarantee
their fairness and explainability. However, it is still necessary to assess how the adoption
and the interpretation of the predictive results will be effective to allow the governmental
institutions to take actions to prevent dropouts and foster public policies. It is expected
the process of adoption of the LA solution to be arduous, as it was already mentioned by
previous works in the field [45,76]. It is important to highlight The work developed here
is the first initiative towards the adoption of a Learning Analytics solution in secondary
education at a national level in Latin America [44]
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Featured Application: Combining different data sources has high power to predict students at-risk
of failure and to identify behavior patterns to develop institutional polices based on evidence.

Abstract: This paper describes the application of Data Science and Educational Data Mining
techniques to data from 4529 students, seeking to identify behavior patterns and generate early
predictive models at the Universidad de la Reptblica del Uruguay. The paper describes the use
of data from different sources (a Virtual Learning Environment, survey, and academic system) to
generate predictive models and discover the most impactful variables linked to student success. The
combination of different data sources demonstrated a high predictive power, achieving prediction
rates with outstanding discrimination at the fourth week of a course. The analysis showed that
students with more interactions inside the Virtual Learning Environment tended to have more success
in their disciplines. The results also revealed some relevant attributes that influenced the students’
success, such as the number of subjects the student was enrolled in, the students’ mother’s education,
and the students’ neighborhood. From the results emerged some institutional policies, such as the
allocation of computational resources for the Virtual Learning Environment infrastructure and its
widespread use, the development of tools for following the trajectory of students, and the detection
of students at-risk of failure. The construction of an interdisciplinary exchange bridge between
sociology, education, and data science is also a significant contribution to the academic community
that may help in constructing university educational policies.

Keywords: classification; educational strategies; higher education; learning analytics

1. Introduction

Universities have been concerned with using the extensive data produced by their
educational systems in aiming to improve the overall performance of students [1-6].
According to [7], the scope of contemporary higher education is vast, and concerns about
the performance of higher education systems are widespread. Among several challenges
that have been faced by universities, one can mention low completion rates, which are
commonly associated with inefficiencies in higher education, even though they also depend
on other factors, such as the student profiles and their paths to completion [5,7,8].
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https:/ /www.mdpi.com/journal/applsci



Appl. Sci. 2021, 11, 6811

2 0f 24

Data mining techniques can be used to overcome some of these challenges. Two specific
areas are used to refer to the application of data mining in educational settings: Educational
Data Mining (EDM) and Learning Analytics (LA) [9,10]. EDM is an interdisciplinary
research field that deals with the development of methods to explore data sourced from
the educational context [11,12]. LA seeks to measure, collect, analyze, and report data
about students and their contexts to understand and optimize their learning and learning
environment [13]. Student and teacher interactions within Virtual Learning Environments
(VLEs) provide data that feed the research in these areas, thus, enabling the discovery of
new knowledge [14].

Learning Management Systems (LMSs) and student information systems containing
socio-demographic and student enrollment data can be considered the technological
foundation for higher education institutions [15]. Modern educational systems use VLEs
to support classroom activities, even in face-to-face courses. In these environments, it is
possible to share materials, perform tasks, and interact with other users with the ultimate
goal of generating and acquiring knowledge, both individually and collectively [14,16,17].
Modular Object-Oriented Dynamic Learning Environment (Moodle) is one of the most
widely used VLEs worldwide. In Uruguay, there are 413 installation sites [18].

Data mining in higher education is mainly used for techniques, such as classification,
clustering, and association rules as well as to predict, group, model, and monitor various
learning activities [5,9,19]. Current studies on LA vary in several dimensions, covering,
for instance, the techniques employed (data mining, visualization, social network analysis,
and statistics), the source of the data (LMSs, surveys, and sensors), the stakeholders
involved (students, professors, and administrators), and the educational level to which the
systems/experiments are directed [20].

This work aims to unveil educational patterns of student interactions with the VLE
in higher education courses that use Moodle as a complementary tool for teaching and
learning processes. Hence, a series of data mining experiments are applied to the data
from the VLE and also to data from other sources, such as surveys and academic systems.
The experiments intend to better understand the VLE’s role in helping students’ education
inside the studied courses and to discover educational patterns and knowledge that can
further help in planning future actions and policies inside the institution. For the present
work, we propose the following research questions (RQ):

*  RQI: Is the use of VLE associated with student approval?

e RQ2: Which features from the different datasets (VLE, census, and academic system)
are the most important for the early prediction of student performance?

¢ RQ3: Which learning patterns can educational data mining help to unveil in the
studied courses?

In this work, data mining was used as a tool to unveil educational knowledge and
possible existing patterns related to the final status of the students. Even though we report
quantitative results about predictive models, our main goal is to uncover these patterns to
better understand the role that VLEs and other variables have in students’ performance
so that future educational policies can be built based on empirical findings. The process
followed here can also be defined as Knowledge Discovery in Databases (KDD).

The context of the study is the University of the Republic (Udelar), the main institution
of higher education in Uruguay. The remainder of this work is organized as follows:
Section 2 presents related works, and Section 3.2 describes the context of the present
study. Section 3 depicts the methodology followed in the paper (data collection, model
generation, and evaluation). Section 4 presents the results, and Section 5 discusses the
research questions based on the results. Section 6 presents possibilities of institutional
polices based on the evidence, and Section 7 indicates our conclusions, limitations, and
future research.
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2. Related Work

This section presents an overview of the research problem topic. Also in this section,
Table 1 presents a summary of the aboarded studies.

Leitner et al. [21] presented a practical tool that can be used to identify the risks
and challenges that arise when implementing LA and explained how to approach the
same. The authors propose a framework with seven main categories for LA initiatives:
Purpose and Gain, Representation and Actions, Data, IT Infrastructure, Development and
Operation, Privacy, and Ethics. They remarked that the order of implementation depends
on each institution. The Data dimension encompasses the application of the advantages of
modern technology and the various data sources available, looking for the right analysis
to improve the quality of learning and teaching, as well as to enhance the chances of
student success.

In a global context, the prediction of performance and dropout is concentrated at the
university level, with about 70% of the research focused on this purpose [22]. This trend
is the same in Latin America [23]; however, according to [1], Latin American universities
still have considerably lower adoption rates compared to institutions in other regions.
Thus, Latin American educational institutions can use LA to combat disparities in teaching
quality, performance problems, and high dropout rates.

The potential of using predictive methods in education has already been demonstrated
by numerous works in the literature [4,14,24-32].

Our work focuses on the data dimension, as it is essential to analyze practical case
studies and understand which are the key metrics and the processes they are applying.
As there is already another work summarizing the important findings up to 2017 (i.e., [9]),
we concentrated our exploratory search on papers after 2017. The systematic review from [9]
covered the most relevant studies related to four main dimensions: computer-supported
learning analytics, computer-supported predictive analytics, computer-supported behavioral
analytics, and computer-supported visualization analytics from 2000 to 2017.

The authors identified twelve relevant EDM/LA techniques that researchers normally
combine: classification (26.25%), clustering (21.25%), visual data mining (15%), statistics
(14.25%), association rule mining (14%), regression (10.25%), sequential pattern mining
(6.50%), text mining (4.75%), correlation mining (3%), outlier detection (2.25%), causal
mining (1%), and density estimation (1%). Searching EDM /LA works after 2017, we found
research applying different techniques and using different sources of data that we mention
here.

A practical application of early prediction is proposed by [29]. The authors implemented
an alert system to predict performance in some classes at the university. The research
demonstrated that the use of predictive methods in education allowed an increase of up to
15% on te students’ performance compared to those in classes that did not use the models.

Gutiérrez et al. [27] proposed the use of the Learning Analytics Dashboard for Advisers
(LADA) as a tool to support the learning process and the students’ final success. This tool
seeks to assist educational counselors in the decision-making process through comparative
and predictive analyses of the student data. The use of the predictive methods of this tool
showed significant results, especially in complex cases, in student success.

Foster and Siddle [26] investigated the effectiveness of LA in identifying at-risk
students in higher education. To this end, the authors compared the low-engagement
alerts of an LA tool with the results of students at the end of the first year of graduation. In
addition, different methodologies for generating alerts have been compared, such as the
use of demographic data and only VLE participation data. The tests demonstrated that the
VLE-data approach was more efficient at generating alerts than using socio-demographic
data. In the end, the authors demonstrated that students who had performance problems or
dropped out at the end of the first year received an average of 43% more alerts on the tool.

The problem of college-going students taking longer to graduate than their parental
generations was tackled by [33]. The authors presented a prediction model to identify
students at-risk of failing courses that they plan to take in the next term (or future). Different
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models are learned from different courses. To predict a student’s grades in the next courses,
his grades from prior courses are fed into corresponding models. To capture the sequential
characteristics of students” grades in prior courses, they modeled the learning behavior
and performance using recurrent neural networks with long short term memory (LSTM).
In Latin America, a number of initiatives proposed approaches to the use of Educational
Data Mining and Learning Analytics at the higher educational level [23]. In this context, [4]
presented a proposal that aimed at early prediction of university student retention at Chile.
For that, the authors applied a number of different data mining algorithms (decision trees,
k-nearest neighbors, logistic regression, naive Bayes, random forest, and support vector
machines) over students socioeconomic information and previous achievements in their
courses. The results demonstrated an accuracy on the classification higher than 80% in all

tested scenarios.

Table 1. Summary of related works.

Work  Goal Technique Algorithm Edu. Level Features Used

[29] To predict students Classification Logistic regression Higher Student factors (IMD area, price

at-risk of fail area, and disability), Previous
studies (highest qualification on
entry), Student course (total credits
studying in a year and
late registration), Previous progress
at the university (best previous
score and number of fails)

To support academic Multilevel Fuzzy C-means Higher Grades and the number of courses

[27]1  advising scenarios clustering students took during the semester

[26] To predict students Not-mentioned Not-mentioned Higher Demographic data versus only VLE
at-risk of fail participation data

[4] To predict Classification Decision trees, Higher Educational score and the
student retention k-nearest neighbors, community poverty index and

logistic regression, university grades.
naive Bayes, random
forest, and SVM

[30] To predict students Statistical Analysis Correlation and Higher Click stream data,
at-risk of fail regression analysis self-reported measures, and

course performance.

[24] To predict both Classification Training vector-based =~ Higher Demographic data and interaction
marginal and at-risk SVM with a virtual learning environment.
students of fail

[25] To select best features ~ Feature selection to Deep learning Higher Metrics from navigation events that
to improve predicting  improve supervised  with LSTM are combined in the LSTM network.
students performance  learning classifiers

[28] To predict students Classification Random forest and School Attendance and
at-risk of dropout boosted decision course performance.

[32] To identify Classification Naive bayes Higher Participation in forums and chats,
learners personality access to supplementary course

materials, delay in assignment
delivering, score, accomplishment
of assignments, time solving of
quizzes, and number of entrances in
the system.

[33] To predict students Classification LSTM and RNN Higher Previous grades.

at-risk of fail
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The learning process in which students are responsible for defining their goals and
constantly auto-regulating their objectives towards some content or course is named
Self-Regulated Learning (SLR) [34]. Li et al. [30] evaluated SRL in face-to-face courses
that are supported by online activities/courses to demonstrate the extent to which LMS
interactions may be used to better understand how students manage their time and regulate
their efforts. By doing so, the authors aim to improve their performance on the identification
of at-risk students.

They collected questionnaire data (pre- and post-course) from freshmen university
students enrolled in a 10-week course. The questions were based on the following:
the Motivated Strategies for Learning Questionnaire (MSLQ), the students’ interactions
with the VLE, and socio-demographic data. Their findings showed a moderate positive
correlation between the VLE clicks and students” SRL, as well as between VLE clicks and
the students’ final performance. Moreover, the authors reported that the combination of
demographic attributes with SRL variables significantly impacted the model’s ability to
predict at-risk students.

According to [25], a significant challenge faced when building predictive models
of student learning behaviors is to use handcrafted features that are effective for the
prediction task at hand. The authors, then, adopted an unsupervised learning approach to
learn a compact representation of the raw features. They sought to capture the underlying
learning patterns in the content domain and the temporal nature of the click-stream data.
The authors used Deep Learning the training and a modified auto-encoder combined with
the LSTM network to obtain a fixed-length embedding for each input sequence.

The selected features used in supervised learning models achieved superior results.
Identifying at-risk students is the main goal of [28]. Dropout reasons include not only poor
performance but also other events, such as violation of school rules, illness, etc. The authors
addressed the class imbalance problem in the binary classification (dropout corresponds to
1% of the labeled dataset) through oversampling techniques.

They trained the embedded methods of random forest and boosted decision trees
using the big data samples of the 165.715 high school students. The 15 features used
referred to attendance (for example, unauthorized early leave in the first four weeks),
behavior (number of volunteer activities), and course performance (normalized ranking on
Math). A ROC and PR curve analysis was presented, showing that the boosted decision
tree achieved the best performance.

3. Materials and Methods

This section presents an overview of the research methodology and the general context
of the case study.

3.1. Qverview

In Data Science, it is essential to define the project flow steps and the methodology
to be followed. The method used in this work is the Cross-Industry Standard Process for
Data Mining (CRISP-DM) [35] with minor adaptations to the application for the context of
this research. Figure 1 shows the flow of the methodology model used and Figure 2 shows
the proposed solution to this project.

The adapted CRISP-DM process and its six steps were applied and are presented in the
sections of this paper as follows: context understanding is presented in Sections 1 and 3.2;
data understanding is presented in Section 3.4; data preparation consists of the feature
engineering process and is detailed in Section 3.5; the generation of models (modeling)
is an iterative step that occurs in conjunction with data preparation, and this is shown in
Section 3.6; evaluation of the results and its discussion are presented in Sections 4—6; and,
at the end, the conclusions are shown in Section 7.
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Figure 2. The proposed solution.

3.2. Contextualization: Case Study of Udelar

In Uruguay, Udelar is the main institution of higher education, concentrating 75% of
the students (public and private), 90% of the university system, and 99.5% of the public
universities. It has a policy of free and unrestricted admission, with no other condition
than the completion of high school. In 2020, the Udelar had 100 undergraduate courses and
a few more than 200 graduate courses. In 2018, the university had more than 135 thousand
undergraduate students and more than 10 thousand graduate students [36].

The Continuous Survey of Udelar’s Students

To better understand its students, Udelar developed a set of statistical survey mechanisms
to generate information about their characteristics and distribution, called “FormA-Students”.
The FormA-Students is a longitudinal survey that must be responded to annually by all
students. The survey covers questions in the following dimensions: (a) sociodemographic,
(b) pre-university education, (c) work, (d) other university and/or higher education studies
outside Udelar, (e) languages, (f) academic mobility, and (g) scholarships.
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In addition to these dimensions, this research also uses data of their activity and
qualifications recorded in the Bedelias System, the administrative management system
that collects all the official records of the students” academic career, the subjects taken and
completed, the approvals and failures, and the grades received.

The present work analyzed data from the second-year students enrolled in courses
from three different faculties, in the year 2017, as follows: (1) Faculty of Information and
Communication (FIC), (2) Faculty of Nursing (FEnf), and (3) Faculty of Sciences (FCien).
These faculties have similar number of students and represent the three macro areas in
which the Udelar are organized.

3.3. Computational Settings

The computer used to process the data used the Operating System Ubuntu 18.04
and had an Intel i5 4th generation processor with 8 GB RAM. The environment was
created using an Anaconda distribution, and the scripts were developed in Python 3.8 with
scikit-learn, Pandas, and Numpy packages. The total runtime for training and testing the
models was roughly 24 h. For each dataset combination, the model generation took from 2
to4h.

3.4. Data Understanding

Data from students enrolled in three bachelor programs from three different faculties
of Udelar were collected. The programs are Biology (BIO), Communication (COM),
and Nursing (NUR). Table 2 shows the number of subjects used in each program, the total
number of interactions inside the VLE for each subject, the total number of students
enrolled in, and the following: students that had success without retaking exams, students
that had success after the final exams, and students that failed.

Table 2. Description of the student population and final status.

. . Success .
College Total of Interactions Subjects Students Final Exam Retake Exam Fail
BIO 23,606 3 59 0 43 16
CcoOM 150,623 5 1361 820 318 223
NUR 955,163 6 3109 914 901 1294
Total 1,129,392 14 4529 3089 1262 1533

It is important to highlight that it is not mandatory for the student to attend the classes
to take or retake the final exams. This particularity affects the way students use VLE,
especially during the first year when a large number of students drop out of university
as this public university does not have entrance exams. This is the main reason for choosing
data from second-year students as it tends to be stable in terms of dropout. In this sense,
we believe that we have a clearer picture of the use of the VLE by the students, which was
intended to keep them enrolled in the courses.

Two different output variables (targets) were defined for our study: the prediction of
success in the course (students who passed without the need of exams) and the prediction
of success in the final exams. For the first target, the models predict whether a given student
will be approved directly or if they will need to take exams. For the second target, the
models predict whether a given student will pass or fail after taking the exams. Together
with the students’ interactions inside Moodle, we also used data from the university’s
academic system and the FormA-Students survey database.

Students’ interactions within VLE in its raw state were collected. These data were
separated by students, day of interaction, and type of content. We collected, from the
academic system, the subjects enrolled in by each student, the academic performance in the
subjects, and the number of previous failures in each subject. The third data’s source was the
continuous survey called FormA-Students. This survey is completed by students annually,
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and it collects 111 attributes distributed in sections referring to socio-demographic and
socio-economic background, pre-university and further university studies, employment
status, language proficiency, motivation and expectations about career, academic mobility,
and scholarships.

According to the dean of Udelar [37], the survey data can enable the institution to
think about itself in the long term and in strategies that require the prediction of the
state of affairs of the different actors to achieve specific objectives. For example, it has
the education and occupational category of the father and mother, marital status, family
income, ethnic self-perception, disabilities, employment status, occupation classification,
scholarship receptions, place of birth, and the place where they live and with whom.

The exploratory data analysis step sought to visualize the different datasets before
integration to identify database sizes, become familiar with the data, and gain insights for
the transformation of target features, as well as identify visible behavioral patterns.

Figure 3 shows the distribution of interactions in VLE by age. A possible observation is
that the older the student, the lower their use of the VLE. This may represent an acceptance
trend where younger students tend to adhere more to the use of Moodle. Still the right
sidebar of the graph shows the distribution of students by age, and the top bar shows the
distribution by interactions. As seen, the highest concentration of interactions was found
in students between 20 and 25 years of age.

8 semapd . o
.
.

& &

o "
o3 (]

s .._;

.
s
:

25

ol
o
'..

200 400 600 BOO 1000 1200 1400 1600
Interactions

0

Figure 3. Dispersion between interactions and age.

Another important analysis of the Figure 3 is that a significant part of the dispersion
was located between 0 and 200 interactions. In this range, 52 students were identified who
had 0 interactions with the VLE during the courses, of which 16 passed the course (without
exam), 23 passed the exam, and 13 failed. In addition to that, only two students took the
course for the first time, and both failed.

Figure 4 shows the difference of interactions between students who had success
versus students who failed the subjects. In the upper part of the figure, interactions are
presented during the 16 weeks of the subjects, where notably the students who had success
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demonstrate a higher engagement in VLE compared to those who failed. The bottom part
of the figure shows the total number of interactions after the end of the semester (after the
16 weeks and the final exam) and before students retake the exams. It must be noticed that
the failing students had higher engagement compared to the course progress but less than
the successful students.

Figure 5 shows the distribution of interactions during the weeks of the course. The
interactions grew until the partial exams (in weeks 8 and 14/16). This movement is an
indication that the closer the exams/tests are in a given subject, the higher the students
access to the VLE to consult the materials.

Figure 6 shows the total number of interactions per subject (upper) and the average
number of interactions for each of the analyzed subjects (bellow). It is possible to analyze
that, even within a program, the use of VLE was considerably different between subjects.

Analyzing the VLE subjects’ didactic design, it was possible to characterize them
as mainly organized as repositories of resources to support face-to-face classes, where
professors upload materials, such as text, images, and videos, and provide online
assessments and self-assessments. Forums are used mainly as a place for coordination and
information dissemination rather than for the discussion of content-related issues.

The two main uses of a quiz are as follows: first, as a form of assessment evaluation
of learning instruments, generally mandatory, by a single attempt, for all active students
and carried out on a pre-established date; and second, as an interactive activity oriented to
education and training over a long period and allowing multiple attempts. Rodés et al. [38]
defined a typology of didactic designs according to the type of resources and activities
supported by VLE. The courses analyzed here fall mainly under the repository and
self-assessment types.
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Figure 6. Sum and mean interactions by subject.

Figure 7 displays the frequencies of the distribution of total interactions by programs
and the students’ final status. In FIC and NUR, both categories have their peak of
interaction near zero and do not seem to present a different distribution. On the other hand,
BIO presents a different distribution of interactions between the categories, with the peak
of interactions for the success category near 500 and for the failed category near 300.

To evaluate whether the VLE’s students’ interactions were associated with their final
status in the subjects, we performed a statistical analysis. First, we used the Shapiro-Wilk
test to verify whether interactions from both groups (success and failure) of each course
followed a normal distribution. For the groups that follow a normal distribution, we
performed a t-test and for the others, we applied the Mann-Whitney non-parametric test.
The goal was to check whether the means/medians (depending on the test) of the groups
present statistically significant differences. This analysis was performed for three different
periods of the semester: week 4, week 8, and week 16 (all weeks). The results are shown in
Table 3.
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Table 3. Statistical analysis.
Shapiro Mann-Whitney . t-Test
Status Statistic p-Value Statistic p-Value Mean Median Statistic p-Value
Success 0.959 0.138 442.8 465
BIOAT Failed 0.961 0.684 ) ) 285.1 316 —2.194 0.0322
Success 0.841 0.00 16.55 11
BIO W4 Failed 0.673 0.00 2085 0.00 7 2.5 ) )
Success 0.897 0.001 81.18 92
BIO W8 Failed 0.772 0.001 1885 0.00 34.93 35 ) )
Success 0.757 0.00 113.7 85
FIC Al Failed 0.791 0.00 109,676.5 0.00 94.72 73 ) )
Success 0.433 0.00 3.38 2.5
FIC w4 Failed 0.393 0.00 114,591.5 0.00 1.19 0 ) )
Success 0.503 0.00 16.97 7.5
FIC w8 Failed 0.278 0.00 114,197.0 0.00 4,58 0 ) )
Success 0.814 0.00 295.1 235
NUR Al Failed 0.892 0.00 1,061,837.5 0.00 324.2 259.5 ) )
Success 0.290 0.00 0.59 4
NUR W4 Failed 0.350 0.00 1,148,365.0 0.05 0.43 0 ) )
Success 0.279 0.00 0.87 13
NUR W8 Failed 0.514 0.00 1,135913.0 0.02 0.85 0 ) )

As shown in Table 3, the only case where the distribution was normal was for the
Biology course considering all 16 weeks. In this case, the T-Test showed a statistical
difference between the means of the two groups. For the other cases, the Mann-Whitney
test showed statistical differences between the medians of the two groups. These results
allowed us to conclude that the students’ usage of VLE was associated with their subjects’
final status: success or fail.

Another interesting observed attribute is the number of subjects the student was
enrolled in and the relation with their final status. Figure 8 shows a box-plot for both
groups of students versus the number of subjects enrolled. Even though the mean and
median of subjects for both groups were the same (Success: median = 6.0 and mean = 5.93;
Fail: median = 6.0; and mean = 6.47), a Mann-Whitney test showed a significant statistical
difference between them (statistic = 2,138,630.0, p-value < 0.05).
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Figure 8 shows that students who failed in the subjects presented a wider dispersion
in the number of subjects. Students who had success, tended to enroll in five to eight
subjects, while students who failed tended to enroll in three to nine subjects. One of the
possible reasons for this discrepancy may be related to the fact that students may enroll in
subjects that they are not necessarily interested in taking (as they are allowed to take the
final exams without attending classes for those subjects).

This may contribute to the fact that some subjects have a high number of students
enrolled although they are not effectively participating. For instance, one given subject
from the Nursing course had 590 students enrolled. This is a relatively common practice
in Udelar; however, the data seem to show that students regularly attend the subjects in
which they have success. This flexibility may also reflect in the engagement of the students
in the subjects with students enrolling in more subjects than they are able to attend.

The analysis of the features used in Moodle (Figure 9) showed that Folder, Forum,
Page, Quiz, and URL represented around 90% of the students’” environment interactions.
From these, most were interactions with folders and quizzes.

Although they are all asynchronous tools, they can be separated into two categories:
interactive and non-interactive. First, there are methods that do not interact with students
or professors and are basically used as a content repository, such as Folder, Page, and URL.
Second, there are others with interactions, such as forums and quizzes, but no synchronous
communication was found, such as conferencing or chat.
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Figure 8. Number of subjects enrolled versus final status.
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3.5. Data Preparation

After the exploratory data analysis, the data were cleaned, and inconsistencies were
treated (such as missing values). Additionally, normalization techniques were applied
wherever necessary. The next steps consisted of data integration where scripts were
generated to match students enrolled in the subjects with data from survey and the
academic system.

The derived attributes were generated from the student’s interactions, type of
interaction and subject. Subsequently, interactions were grouped every fortnight and
classified according to the five main types of interactions used in Udelar’s VLE (Folder,
Forum, Page, Quiz, and URL). The average number of interactions per week and the
standard deviation of the interactions per week (or period) were calculated. This approach
is based on previous findings [20,39-41] that indicated the possibility of generating models
to predict at-risk students by using the VLE’s count of interactions along with the derived
attributes from these counts.

The target features for both approaches were constructed based on information from
the academic system. The initial academic database consisted of the student’s grade in
the final exam of the subject and the retaken exam (when this was the case). Thus, two
variables were generated from that. In the first scenario, we classified whether the student
passed the course without retaking the final exams or if they had to retake the final exams.
In the second scenario, we classified whether the student who retook the final exam had
success or failure.

3.6. Modeling

This step consists of finding the best combinations of input data to generate predictive
models, as well as to fine tune the hyperparameters of the algorithms used to generate
the models. Data selection and data preparation were performed together with the
modeling. An essential task in data mining and predictive modeling is choosing the
performance evaluation metric. For this work, we chose the Area Under the Receiver
Operating Characteristic Curve (AUC) [42].

The AUC is calculated from the size of the area under the plotted curve where the
Y-axis is represented by the True Positive Rate (TPR) or Sensitivity (or Recall) (A1) and
the X-axis is the True Negative Rate (TNR) or Specificity (A2) [43]. In order to provide a
general overview of the results, the following metrics are also presented for comparison:
the Accuracy (A5), Fl-score (A3), and Precision (A4).

Among the classifiers initially tested, AdaBoost [44], logistic regression [45], and
random forest [46] obtained the best results. However, random forest exceeded the others
in practically all tested scenarios, and it was chosen for the work sequence. SKlearn’s
GridSearchCV was chosen as the hyperparameter selection technique. GridSearchCV is a
parameter selector that tests a combination of hyperparameters initially set and that returns
the one that obtained the best results in the tested set. The data normalization technique
with the best results was SKlearn’s StandardScaler.

We generated eight different datasets to evaluate the extent to which the different
configurations could help to improve the models’ performance, as shown in Table 4. The
main idea of these configurations is to evaluate how the combination of different datasets
may interfere in the models’ performance, thus, showing the importance of each database
for a better prediction.

The use of DS1 seeks to assess the potential for prediction presented by the survey
without any other information besides academic. DS2 is generated by adding the count
of total interactions to the survey data. After the EDA, the evaluation shows that this
base would be the one with the highest predictive power, being able to be considered the
maximum value that can be predicted with the available data. In this way, DS2 is used to
compare the gains of using information from the survey along with the information related
to the count of interactions.
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Table 4. Configuration of the different datasets.

Dataset ~ Academic Data Survey VLE  Type of Interaction =~ Number of Weeks

DS1 YES YES NO - -
DS2 YES YES YES YES 16
DS3 YES NO YES NO 16
DS4 YES NO YES YES 16
DS5 YES NO YES YES 8
DS6 YES YES YES YES 8
DS7 YES YES YES YES 4
DS8 YES NO YES YES 4

DS3 and DS4 contain the total count of interactions within the VLE, and DS54 also
contains the type of each interaction. DS5, DS6, DS7, and DS8 aim to verify the extent
to which it is possible to early predict the performance of the students, so that there is
time to perform pedagogical interventions. For that, the count of interactions is performed
for a limited number of weeks. All datasets that used VLE data contained the derived
attributes earlier described according to the number of weeks covered by the dataset and
the inclusion of the type of the interaction or not.

After defining the datasets, a random forest classifier was executed in GridSearchCV to
obtain the most optimized configuration for the predictive model. The 10-fold cross-validation
was used to evaluate the models. The approach to deal with unbalanced data was the
Synthetic Minority Oversampling Technique (SMOTE), which generated new synthesized
cases on the training datasets.

4. Results

This section presents the results obtained by the models for each scenario evaluated
and considering the different datasets.

4.1. Scenario 1: Predicting Success in Final Exams

The goal here was to generate predictive models able to classify students between
two groups: those who had success in the final exams and those who had to retake the
exams. Table 5 presents the results for each dataset configuration and the following metrics:
True Positives (TP), True Negatives (TN), Accuracy (ACC), F1-Score, Precision, and Recall.
Comparing the metrics here is quite important as the AUC presented low values in some
cases, as shown in Figure 10.

In the figure, True Positives (TP) represents the accuracy for classifying the successful
students in the final exams and True Negatives (TN) the accuracy for classifying students
who need to retake exams. This AUC low value raised the question of whether the random
forest model was really learning or just classifying all students in the major category. This
was the case of the classifier generated with DS8, which was able to only correctly classify
a few cases of the minor category (TP = 12.58 and TN = 94.48). As evidenced in Figure 10,
there was an increase in performance when using both the survey and VLE data.

The AUC shows all models with acceptable values (higher than 0.50). DS1 achieved
0.78, which can be considered excellent [43]. Moreover, DS2, DS6, and DS7 achieved values
higher than 0.87 and very close to what can be considered outstanding discrimination (0.9
or higher). These are the datasets that combined information from the survey and the VLE.
It is important to highlight the results obtained by using DS7, which is the dataset that
used data from both the survey and the VLE’s count of interactions (including the type of
interactions) for the first four weeks of the courses. This model yielded excellent results
(AUC =0.864).
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Table 5. Predicting success in the final exams versus retaking exams.

DS TP ™™N ACC F1-Score Precision Recall
DS1 76.96 64.04 72.40 0.72 0.72 0.72
DS2 88.41 79.00 85.09 0.85 0.85 0.85
DS3 85.97 77.16 82.87 0.82 0.82 0.82
DS4 86.98 76.11 83.00 0.83 0.83 0.83
DS5 82.83 75.06 80.09 0.80 0.80 0.80
DS6 87.41 75.06 83.05 0.83 0.82 0.83
DS7 88.12 73.75 83.05 0.82 0.82 0.83
DS8 12.58 94 .48 41.48 0.32 0.65 0.41

4.2. Scenario 2: Predicting Approval in Retaking Exams

correctly classifying a student who had success in the retake exam.
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The second scenario aims to predict whether students will be successful after retaking
exams. Table 6 presents the results for each dataset configuration and the following metrics:
Positives (TP), True Negatives (TN), Accuracy (ACC), F1-Score, Precision, and Recall.
Results obtained using the AUC for the different datasets are presented in Figure 11. Here,
TP is the accuracy of correctly classifying a student who failed, and TN is the accuracy of

As shown in Figure 11, the performance of the models for the datasets DS3, DS54,
DS5, and DS8 can be classified as acceptable [43]. For DS3, DS4, and DS5, the classifiers
presented low accuracy to classify successful students. This leads to the conclusion that it
is not recommended to use only the data coming from VLE to predict student performance
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Table 6. Predicting success in retaking the exam versus failure.
DS TP TN ACC F1-Score Precision Recall
DS1 76.96 64.04 72.40 0.72 0.72 0.72
DS2 88.41 79.00 85.09 0.85 0.85 0.85
DS3 85.97 77.16 82.87 0.82 0.82 0.82
DS4 86.98 76.11 83.00 0.83 0.83 0.83
DS5 82.83 75.06 80.09 0.80 0.80 0.80
DS6 87.41 75.06 83.05 0.83 0.82 0.83
DS7 88.12 73.75 83.05 0.82 0.82 0.83
DS8 12.58 94.48 41.48 0.32 0.65 0.41

DS1 presented an excellent AUC but low accuracy to classify students who failed
(51.23%). DS2, DS6, and DS7 presented the best results, thus, confirming that using
data from the survey together with the VLE’s data was the best combination to generate
predictive models. The performance achieved by the model trained with DS7 can be
classified as outstanding (0.908), which allows us to say that it is possible to generate
models to early-predict student performance using the survey and the interactions of the
first four weeks for the present scenario.

5. Discussion

In this section, we answer the research questions proposed at the beginning of the paper.

RQ1—Is the use of VLE associated with the students” qualifications? Yes. We found
significant statistical association between the number of student interactions within the
VLE and the final status (success or fail). Moreover, after the analysis, we concluded
that using only the count of the interactions inside the VLE or using only survey data to
generate the predictive models led to lower model performance compared with using a
combination of both.

Models trained with a combination and using the count of the first four weeks (DS7)
were able to achieve excellent and outstanding performances; thus, one can say that it is



Appl. Sci. 2021, 11, 6811

17 of 24

possible to predict students’ final status at the beginning of the courses. These findings
suggest the importance of VLE in face-to-face courses, even though its usage mainly focuses
on the delivery of materials and activities without much collaboration among peers. In
addition, it can also be said that different VLE's activities weigh differently inside the
models, as the type of interaction also increases their performances.

The work of [20] used VLE data together with data collected from a student survey
and evaluated the extent to which the use of the combination of both databases interfered
in the models’ performance. The authors concluded that there was no gain in using data
collected from the survey.

Moreover, the authors also tested different dataset combinations considering the
different types of VLE’s presence (teaching, cognitive, and social presence), according to
the theory of [47], and found no statistically significant difference in the performance of the
models that used this differentiation. Their results contradict the present paper’s findings.
Based on that, one could say that the use of different combinations of databases to improve
the performances of the models as well as considering different types of interactions inside
the VLE are context dependent.

For the present scenario, the combination of databases and the differentiation of the
types of interaction helped to improve the performance of the classifiers.

RQ2—Which features from the different databases are the most important to early
predict students” performance? Figure 12 presents the fifteen most important attributes
used by the models to predict student performance. The attribute that helped the most
in predicting student performance was the number of subjects a student was enrolled in.
This attribute is located in the academic system database, which was used in all possible
scenarios and datasets of this study.

Moreover, attributes that belong to the VLE appeared most frequently in the list (week
2, mean week 2, week 4, and mean week 4, among others). Regarding the VLE attributes, it
is important to notice that Forum Week 4 appears at the seventh place of importance. As the
forum is used only by the professors to communicate operational /academic/administrative
things about the subjects, this attribute may indicate the importance of students being up
to date about the daily routine of their courses.

The importance of the types of interaction inside VLE becomes evident from the figure.
Attributes Forum, Quiz, URL, and Page appear in the list of the most important attributes
together with weeks 2 and 4. Regarding the survey data, it is important to mention that
the educational level of the student’s mother was the third strongest attribute used by the
models. The place of residence is another attribute that played an important role in the
prediction.

RQ3—Which educational patterns can educational data mining help to unveil in
the studied courses?

The most notable finding of the present study is VLE’s importance in the teaching-
learning process and its association with the final status of the students. This finding can
help institutions implement official policies focused on a more widespread dissemination
of the VLE usage, along with the other existing faculties, departments, and courses at the
university.

Such a policy could encompass different initiatives, such as offering practical training
for professors in VLE, the inclusion of introductory subjects in the curriculum, focusing
on VLE features and usage, and the increase of physical and personnel infrastructure to
maintain new VLE services. Moreover, considering the high accuracy achieved by the
predictive models developed here, it is now possible to use such models to follow up
students more closely and intervene early on in situations that identify at-risk students.

The university may consider investing in the development of new tools and
technologies to follow students’ trajectories and improve their learning experiences, e.g.,
through LA dashboards [48] and e-learning recommender systems [49]. We also found that
the number of subjects the students were enrolled in was the strongest attribute associated
with their success.
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This finding may help coordinators better plan the curriculum of their courses so that
students can maintain a course load up to an ideal number. Finally, two other important
attributes that influence predictive models were the “mother’s education” and “place of
residence”. These attributes could be monitored by the university to offer assistance aimed
at students in these specific categories.

Feature Importance
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Figure 12. Feature importance.

6. Towards the Implementation of Institutional Policies

This section presents a broad discussion of the results obtained in this work in order
to provide evidence for the implementation of institutional policies at Udelar.

Institutional Polices Based on Evidence

University policies are public policies, and the Udelar is the main higher education
institution in Uruguay. Considering that, Udelar is also responsible for proposing the
agenda of such policies to transform higher education in Uruguay. In this context, it is
important to bring the digital inclusion process to the debate, which requires a collective
action with some key actors: decision makers, researchers, students, and professors/teachers
to which the findings of this study will be useful to generate such public policies.

Furthermore, this study presents conclusions based on evidence and it is fundamental
to implement public policies and to treat educational problems, such as evasion, time
spent in the program/course (lag), and contextual variables (both are present here). The
main beneficiaries of the paper’s findings are the general population and it is possible to
quantify the impact of that on a regional and international scale. Based on this, we present a
discussion considering some factors that are important to the creation and implementation
of educational policies based on our findings.

We consider that, at any educational institution, especially at universities, there is more
than one database with a diversity of features, and it is potentially possible to combine and
mine these features to contribute to the understanding of the learning process. We consider
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the creation of strategies to guide the educational policies based on evidence, that is,
based on empirical data (information) transformed into knowledge to be very important,
necessary, and not able to be postponed.

In this paper, we show evidence on predicting, starting at the beginning of a course,
what the final status of the student will be based on a combination of datasets. The use
of such predictors (models) allows the manager to create, early in the course, alerts and
warnings to students and professors. It is also possible to help the professors to redesign
their materials and pedagogical strategies in their courses.

On the one hand, we found that the expanded classrooms were the most frequent
classes in the VLEs of the faculties. On the other hand, the importance of hybrid classrooms
emerged from our work, since the student performance was higher in this modality. In fact,
these models are proposed in a general context of educational uncertainty and changes
that are necessary for digital transformation, which has been accelerated.

However, the usefulness of these models for creating educational and institutional
policies not only reaches guidelines for the individuals (students, professors, researchers,
and so on) but also contributes to the understanding of the educational problems associated
with backwardness and evasion, thus, helping to create policies and technical teams to
support and protect educational paths.

The results highlight the importance of participants” mediation within the online
classrooms, which increases student performance. Additionally, due to the strict relation
between the learning and teaching process, the lecturers’ formation policies should point
to the development of digital skills to allow them to include hybrid models in their
teaching-learning process.

Our findings present evidence that the students’ age is an important factor using the
VLE: the younger they are, the more they use the VLE. In this context, it is good to raise
different pedagogical hypotheses to attempt to understand this behavior. If students older
than 25 years old do not frequently use the VLE, it is mandatory to develop pedagogical
policies to guide strategies to digital literacy focusing on these different groups of students
in order to mitigate evasion and to promote lifelong education development supported
by educational technologies. This is particularly important in Latin America, where
educational institutions tend to present retention problems.

The distribution of interactions during the courses present differences among the
subjects and disciplinary areas but are roughly similar when comparing the final status of
the students. Those students who had the least interactions were the the ones who tended
to fail in the courses. Why did they not use the VLE? Can it be due to educational causes,
where the student infers that there is no new content, material, or changes in the teaching
process? Or is it an individual cause, where the student infers that it is not necessary to
revisit the content and only carry out the tests and assessments to have success?

In this case, we suggest the development of actions addressed to those students who
fail, stimulating them to use the VLE through instructional design specifically dedicated to
this population. The other way around, successful students had more interactions within
the VLE, and this raises more questions: why did they have success in the subject? Is it due
to the interactions with educational technologies? These are all questions that still need
to be answered and that will help with the development of institutional policies based on
evidence.

The VLE interactions appear to be a very strong indicator of a student’s commitment
to their studies. It shows how they tackle the learning process and what their strategies are
to achieve success. Furthermore, students that sustained their participation permanently
within the VLE over the whole semester were more likely to pass than students who
participatee only at the end, even when they used the environment intensively (but still
less than the successful students). The comparison between the student trajectories in VLE
shows learning strategies that resulted in better performance and allow for the development
of protection policies based on evidence. One way to do this is to design teaching and
learning paths considering these students and their strategies.
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The incorporation of the VLE in the educational processes of undergraduate teaching
at Udelar has reached a point of naturalization. The results of the present study show the
relevance of understanding the relations between the behavior of the students inside the
VLE and their success in their disciplines, as this allows one to define didactic strategies,
pedagogical orientations, and educational policies based on that.

Even though a VLE produces, collects, and stores a large amount of data about
students and teachers interactions, there are a number of challenges and difficulties
to face before properly transforming this data into meaningful knowledge. For that,
specific computational strategies and tools are required. The present work also presents a
contribution in this matter, as it provides a methodological framework that uses both EDM
and LA to better understand students behavior inside a VLE.

7. Conclusions, Limitations, and Future Research

The present paper analyzed different aspects of data involving students enrolled
in courses at the Universidad de la Reptiblica in Uruguay. Precisely, we collected data
from 4529 students of three programs and through three different sources: the academic
system, an academic survey, and a VLE. We applied data science techniques (visualizations,
statistics, and data mining) to understand how different combinations of the datasets could
help predict students’ final status in the subjects and the role that different attributes played
in this task.

The results presented an overview of the institutional patterns regarding the use of
the VLE, and this will help pave the way for the implementation of future policies in
institutions to diminish student failures and increase persistence. Among the findings was
an association between the use of the VLE and the final status of the students (success and
fail) and also the different types of activities inside the VLE presenting different levels of
importance in this association.

Examples of institutional policies that could emerge from these findings are as follows:
the allocation of extra computational resources for improving VLE infrastructure and its
widespread use in the university, the development of new tools for following students’
trajectory and detecting at-risk students at early stages of their courses, and the construction
of more institutional policies to mitigate students’ failure based on other relevant attributes
(e.g., the number of subjects the student is enrolled in, the student’s mother’s education,
and the student’s neighborhood).

The proposed methodology for combining different data sources, as well as their
pre-processing and feature engineering, demonstrated that the combination of data had a
high predictive power. In this regard, the combination of the survey variables, academic
system, and virtual environment showed a high capacity for early prediction. Thus, it was
possible to achieve prediction rates with outstanding discrimination as soon as in the
fourth week of the course. This characteristic satisfies the temporal factor of precocity,
which is considered to be a determining factor in identifying and attempting to reverse the
problem [31,50].

This proposed approach model, although initially restricted to only three university
programs, can serve as a basis for future work that seeks to implement methods of online
information and prediction on student behavior, such as academic dashboards. However,
for these steps, it is still necessary to clarify two key points: how this approach would
behave with more data and the analysis of its acceptance regarding the technology and the
reliability of the methods by the stakeholders, teachers, and students.

The present work can help the university to develop user profiles based on the
students practices inside the VLE, thus, allowing the future development of systems
able to continuously deliver indicators related to the learning processes. In this way,
it contributes to the production of primary information that can potentially help to the
evaluation of quality and the definition of strategies that guide the university teaching and
learning processes.
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One limitation of the present work is the lack of a qualitative analysis of the scenarios.
Future work could explore the opinions of students and professors regarding the usage
and importance of the VLE in their teaching and learning processes. Another limitation
is the restricted number of courses used in this study. As mentioned before, Udelar has
100 undergraduate courses and the number of courses studied here (only three) can not be
considered representative of the whole university, even though it serves for the purpose
of an initial assessment. Future work could expand the data analyzed by increasing the
number of courses. Future work could also include new data covering the period of the
COVID-19 pandemic and evaluate how this period influenced the behavior of the students
inside the VLE.

Moreover, future work could explore a voting scheme with the learning algorithms
utilized here (AdaBoost, logistic regression, and random forest) to improve the accuracy of
the predictions. Finally, it would be interesting to also explore the reasoning followed by
the predictors developed here, thus, assisting the stakeholders to better understand the
role each feature plays in the classification.

Finally, traditional approaches to the investigation of student persistence in the
teaching-learning process are normally carried out from the sociology of education and
educational sciences with a fundamentally deductive perspective. The introduction
of data science tools with inductive approaches challenges and empowers traditional
theoretical and methodological models of educational science. The construction of this
interdisciplinary exchange bridge is perhaps the most significant contribution to the
academic community that may help in constructing university educational policies.
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Appendix A. Formulas
True Positive Rate (TPR) or Sensitivity (or Recall)

TP
TPR = —— Al
TP+ FN (A1)
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True Negative Rate (TNR) or Specificity

TN
INR= o5 +Fp (A2)
F-Score Precisi Recall
recision x INeca
F1-5 =2X A3
core Precision + Recall (A3)
Precision TP
Precision = TP+ P (A4)
Accuracy
TP+ TN
A = A
U = TPy FP+ TN + FN (A5)
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Abstract: Contemporary education is a vast field that is concerned with the performance of education
systems. In a formal e-learning context, student dropout is considered one of the main problems and
has received much attention from the learning analytics research community, which has reported
several approaches to the development of models for the early prediction of at-risk students. However,
maximizing the results obtained by predictions is a considerable challenge. In this work, we
developed a solution using only students’ interactions with the virtual learning environment and
its derivative features for early predict at-risk students in a Brazilian distance technical high school
course that is 103 weeks in duration. To maximize results, we developed an elitist genetic algorithm
based on Darwin’s theory of natural selection for hyperparameter tuning. With the application of the
proposed technique, we predicted the student at risk with an Area Under the Receiver Operating
Characteristic Curve (AUROC) above 0.75 in the initial weeks of a course. The results demonstrate
the viability of applying interaction count and derivative features to generate prediction models
in contexts where access to demographic data is restricted. The application of a genetic algorithm
to the tuning of hyperparameters classifiers can increase their performance in comparison with
other techniques.

Keywords: at-risk students; genetic algorithm; learning analytics; educational data mining

1. Introduction

Learning analytics (LA) approaches have emerged in the context of the increasing use of
digital information and communication technologies in education [1]. LA provides information and
knowledge so that institutions can overcome core challenges with the qualification of their teaching
and learning processes [2,3]. Student dropout is one of the main problems in e-learning that has
received considerable attention from the research community. Early detection of students at risk of
dropout plays an essential role in reducing the problem, enabling targeted actions aimed at specific
situations [4-6].
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According to OECD [7], contemporary education is vast, and there are many concerns about the
performance of education systems. Among the various important challenges faced in education, one of
the most difficult to tackle is the low completion rates observed in many institutions [8], being the final
representation of the high dropout rates and low student performance in courses. These problems are
related to many factors other than teaching methodologies, such as the profile of the students and their
ability to self-manage time [7,9,10].

Dropout rates in e-learning are generally higher compared with face-to-face education [8].
According to the European Commission on Education and Culture, countries like Poland, Sweden,
and Hungary have dropout rates in higher education of 38%, 47%, and 47%, respectively [11]. In Spain,
the dropout rate is 50% at the Spanish National Distance Education University (UNED) [12]. In Brazil,
the enrolment numbers significantly increased in the last few years, but student dropout rates
simultaneously increased. The last census of distance education in Brazil [13] reported dropout
rates of 50% in the distance courses offered by the Ministry of Education.

Studies have established that student success in distance courses is directly correlated with their
engagement inside virtual learning environments (VLEs). Distance learning technology allows tutors
to measure the engagement of students by looking into system logs and evaluating the intensity of
students’ interactions in the different activities available inside virtual classrooms [9,14,15].

In the educational context, access to data is a considerable challenge [16]. The distribution
of institutional and academic data across numerous systems creates challenges for accessing
social-demographic and previous academic data. This occurs typically because VLEs are usually
unprepared for the storage of this kind of data and because several educational institutions apply
different learning modalities, such as face-to-face learning, hybrid learning, and distance learning,
thus requiring a central academic system. Data are usually concentrated in a central academic system
that has no direct connection with the virtual environment. This situation restricts the automated
retrieval of data external to VLE, for example, to use in dashboards for data visualization or in the
generation of predictive models. In many institutions, the access to use this kind of data is restricted
either due to internal policies or data access legislation [16-18].

One of the main advantages of distance learning courses is the large amount of data generated
by interactions between students and the system, which provides new possibilities for studying and
understanding the data. In e-learning courses, the interaction between students and teachers is usually
mediated by a VLE. Thus, VLEs generate a large volume of data that can be consumed by machine
learning models [19]. Machine learning algorithms have been used to build successful classifiers using
diverse student attributes [10]. While these models showed promising results in several settings, these
results are usually attained using attributes that are not immediately transferable to other courses
or platforms.

In machine learning, the parameters are defined by the model generated by the algorithms,
unlike regular programming, where the term parameter is used to refer to the entry of a given
function. The final accuracy of models is directly linked to the quality of the fine-tuning of their
hyperparameters on the algorithm input [20]. Thus, more adjusted hyperparameters result in more
accurate models [21,22]. The control variables of the classifiers are called hyperparameters, which aim
to define relevant issues regarding the model to be trained, such as the number of estimators in a
random forest algorithm or the number of layers hidden in a neural network [21]. In a neural network
context, parameters are adjusted during the training phase using weights. Hyperparameters are
variables set before the training, such as the network topology or learning information [22].

In this context, we previously proposed exploiting students’ interaction counts solely over time
(and other attributes derived from the counts) to predict at-risk students [23-25]. This approach
was tested and produced good results, allowing the early prediction of students at risk of dropout
and achieving overall accuracies varying from 65% to 90% in the first eight weeks of a two-year
distance courses. These studies produced results comparable to those in the literature. For instance,



Appl. Sci. 2020, 10, 3998 30£20

Jayaprakash et al. [26] obtained general accuracies varying from 73% to 94% and Manhdes et al. [4]
reported accuracies from 62.22% to 67.77%.

Maximizing the results obtained by predictions is a considerable challenge [27], as the different
algorithms commonly present a wide variation in the performance rates that depend on the
combination of several characteristics (e.g., balance among classes, amount of data, input variables,
and others) and algorithm hyperparameters [28]. Evolutionary computation, and especially genetic
algorithms (GAs), are used for optimization problems and tuning classifiers in several areas such as
medicine [20] and emotion recognition [29], producing significant results. Here, we propose the use of
an evolutionary GA to tune the hyperparameters of the classifiers, thereby optimizing the performance
of the models for the early detection of students at risk of dropping out.

This paper is a continuation of these previous works, now aiming to enhance the results
by applying an approach that uses GAs to tune machine learning algorithms’ hyperparameters.
This paper contrasts the results of two methods for hyperparameter optimization applied on models
to detect at-risk students in technical e-learning courses based on the counting of students” interactions
inside the VLE. The first method for hyperparameter optimization is based on a GA created by the
authors, and the second is the traditional widely used method called grid search [21]. During this
study, we aimed to answer the following research questions:

RQ1. Does the GA approach to hyperparameter optimization outperform traditional techniques?
RQ2. Does the resulting predictive models generated by the use of the GA approach for
hyperparameter optimization perform better than models with default hyperparameters?

The remainder of this paper is organized as follows: Section 2 presents the theoretical background
and related work about the problem of predicting at-risk students and the use of GAs in this context.
Section 3 presents the case study conducted to test the proposed solution, detailing the data gathered,
the methodology, the proposed GA for fine-tuning, and the experiments. Section 4 discusses the results,
and Section 5 concludes the paper and proposes future work.

2. Theoretical Background

This section presents works focused on predicting at-risk students in different scenarios and
the use of hyperparameter techniques to improve results. Several works in the field of learning
analytics and educational data mining deal with the problem of early predicting at-risk students.
The works usually differ according to several aspects, such as (1) the sources of data used to generate
the models for prediction (demographic, VLEs, surveys, exams); (2) the level of education of the
courses (high school, secondary education); (3) the goal of the predictive models (e.g., to predict
performance or evasion); (4) the scope of the prediction focused on an entire program or a specific
course or discipline; (5) the modality of the course (formal or informal, face-to-face, blended, or distance
learning); and (6) whether or not to use tuning techniques for classifiers.

According to Liz-Dominguez et al. [30], data analysis is the set of techniques used to transform
data into information and knowledge, thus revealing correlations and hidden patterns. The data
resulting from this process can be used to create early warning systems to predict future events.
This process mainly aims to support learning and mitigate some of the problems, such as academic
performance, retention, and dropout. The reliability of the predictions by the predictor is one of the
main factors established by Liz-Dominguez et al. [30] and Herodotou et al. [31] for their application on
a large scale.

According to Liz-Dominguez et al. [30], researchers have experimented with methodologies in
different scenarios. However, according to Hilliger et al. [32] and Cechinel et al. [33], in Latin America,
these studies are mainly concentrated in the university context, so more applications in other contexts
are necessary.

Gonzélez et al. [34] demonstrated that information and communication technologies have a
greater impact on the teaching and education process. Gonzélez et al. [34], de Pablo Gonzélez [35]
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demonstrated the significant impact of the use of VLEs by teachers on student learning.
This impact can be maximized using intervention methods based on machine learning, as proposed
by Herodotou et al. [36]. Herodotou et al. [31] demonstrated that the classes where teachers used
predictive methods produced a performance at least 15% higher than the classes without that use.
This improvement was also observed in comparison with classes with the same teachers but from
previous years.

In the educational context, traditional research usually uses data from educational systems and
virtual environments. The research by Zohair [37] proposed only using data from the academic system
(e.g., extracurricular courses, grades, and age) to predict performance in graduate students. Some of
the extracted data were extracurricular courses taken and the respective grades, initial training course,
and descriptive data about the grades and the age of the student. This study demonstrated that for
small groups of students, this is a logical approach that produces good results with few pre-processing
steps and a limited set of data. The author focused on the use of algorithms that perform well with low
amounts of data, such as support vector machines and multilayer perceptrons (MLP), that produce
results with accuracy above 76%.

The search for methods that can be generalized and therefore replicable for other courses
represents a significant portion of the research. Thus, studies such as [38] proposed an architecture
that is not dependent on a single type of datum, working with the flow of clicks that academics make
in a Massive Open Online Course (MOOC). To do so, data are captured from a course and different
prediction models are trained and tested in other courses and environments. The experiments showed
87% accuracy when testing in different courses and 90% when tested in the same course, not varying
significantly according to the environment.

In [39], several techniques for pre-processing data were compared in terms of interactions with the
virtual environment Moodle in risk prediction. Data from the plugin Virtual Programming Laboratory
(VPL) were used for risk prediction in algorithm and programming disciplines in undergraduate
courses. Data such as weekly interaction count, an average of interactions, median, number of
weeks without interactions, standard deviation, and commitment factor are generated based on a
previously proposed technique [25,40]. Data added included the teacher interaction count, social count,
and cognitive count based on a proposed theory Swan [41]. With naturally unbalanced data,
the synthetic minority over-sampling technique (SMOTE) was applied to create balance. Several
datasets were generated with different variables to compare the techniques. The results demonstrated
that the use of only the interaction count as proposed in [24,25] presented results superior to the other
techniques, including their union.

For instance, [5] proposed a students” dropout prediction system that combines outcomes from
three different algorithms (neural network, support vector machine (SVM), and probabilistic ensemble
simplified fuzzy Adaptive Resonance Theory (ARTMAP—PESFAM)). The authors gathered static
demographic data, like sex and place of residence; academic data, like performance and scholar degree;
and dynamic data, such as the number of interactions in the virtual environment, grades, and even
delivery dates of activities. After applying the algorithms, three distinct approaches to the dropout
prediction were generated: (1) A student is considered a dropout case if at least one method classified
them as such, (2) a student is considered as a dropout if at least two methods indicated the student to
be a dropout and, (3) the student is only presumed as a dropout if all three techniques classified them
as a dropout. The accuracy of the results obtained ranged from 75% to 85%, and the best results were
achieved using the less restrictive approach, the first one, which achieved accuracies up to 85% on the
first section of a given course.

Jayaprakash et al. [26] proposed a warning system focused on student performance to reduce
dropout and retention rates. The system provides the student with updated feedback on their potential
scholarly performance. To do so, the system uses several types of data, such as demographic (sex and
age), student interactions on the VLE, previous academic performance, time passed since the student
entered the university, online time spent on the VLE, and outcomes from the scholastic aptitude
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test (SAT) (verbal and math). Different models of prediction were produced using ]J48, Bayesian
networks with naive Bayes, SVM with minimal sequential optimization (SMO), and logistic regression,
considering data from 9938 students. These classifiers presented similar results, with the classifier
based on logistic regression producing slightly superior outcomes (94.2% general accuracy and 66.7%
precision for identifying students at dropout risk).

A classifier able to early predict student dropout using students’ interactions inside a VLE was
proposed [42]. They used information such as if the student watched all video tutorials, if the student
ignored some given material or activity, if the student was delayed in following the virtual classes,
and the student performance in the activities. Students were then classified according to three flags:
Green (low dropout risk), yellow (medium dropout risk), and red (high dropout risk). The authors did
not mention the types of machine learning algorithms used but reported performance (TP accuracy)
varying from 40% to 50% to predict dropout students within two weeks in advance.

Genetic algorithms are widely used in data mining and can be implemented as the classifier
or as a result of the optimizer, as proposed in this approach. One of the applications of genetic
algorithms for optimization is a method combining the predictions generated by classifiers. To this end,
Minaei-Bidgoli and Punch [43] proposed the application of machine learning to predicting student
performance in an online physics course at Michigan State University. For this, data derived from
the tasks performed by the students were used. Ten different variables were extracted, including
success rate, success on the first attempt, the number of attempts, the time between task delivery and
deadline, the time involved in solving, and the number of interactions with colleagues and instructors.
A principal component analysis (PCA) method was applied to transform the variables, and three
different sets with two, three, or nine components were generated. After this, the Bayes classifier,
I-nearest neighbor (I-NN), k-nearest neighbor (k-NN), Parzen-window, multilayer perceptron (MLP),
and decision tree classifiers were applied. Then, the predictions obtained by the classifiers were
combined with the genetic algorithm using 200 individuals with 500 generations. The GA proposed by
the author achieved optimization of 10% to 12% depending on the number of components in the input.

Marquez-Vera et al. [6] proposed the evolutionary algorithms Interpretable Classification Rule
Mining Algorithm (ICRM) [27] and ICRM2 [6] based on grammar-based genetic programming (GBGP).
In Marquez-Vera et al. [6], ICRM was used to predict the dropout of high school students in Mexico.
The authors proposed a double-approach prediction on the same algorithm, creating two classification
rules: One for identifying students who tend to complete the course and the other for students who
tend to drop out. The data used included 60 attributes that range from the entrance test to research
data distributed to students. As a comparison method, the algorithm proposed by the author was
compared with five classifiers: Naive Bayes, decision tree, Instance-based lazy learning (IBK), Repeated
Incremental Pruning (JRip), and SVM. Techniques were also used to reduce the dimensionality of
the base. Using the accuracy as an evaluation metric, the results obtained by the proposed algorithm
showed that it can be a valid approach, especially considering the ease of interpretation of the generated
classification rules.

3. Proposed Approach

The proposed approach consists of the use of a GA for the classifier (hyperparameter) optimization
and selection of the fittest, to predict dropout in distance learning courses. Figure 1 shows the proposed
solution. The following machine learning algorithms were selected to test the solution: Classic
decision tree (DT), random forest (RF), multilayer perceptron (MLP), logistic regression (LG), and the
meta-algorithm AdaBoost (ADA). The proposed approach was compared against the grid search
method regarding hyperparameter optimization and the regular solution without hyperparameter
optimization. The proposed approach uses a classification method, where several classifiers with
different hyperparameters, such as DT, RF, MLP, LG, and ADA, compete against each other. In the end,
the classifier and the hyperparameters with the best results are selected by a fitness function.
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Figure 1. Proposed approach.
3.1. Case Study

The case study consisted of the following steps: Data capture, data pre-processing, data
understanding, and modelling, according to the solution proposed in the Figure 1. These steps
occur in parallel, with tests, implementations, and generation of new features for developing models
for the early prediction of at-risk students in a technical distance learning course. The methodology to
generate the models relies on the counting of interactions of the students inside the VLE, with the use
of the proposed solution described in the previous section.

Data related to the student’s interactions were collected from the logs of the institutional Moodle
platform of a given technical distance course of the Instituto Federal Sul Rio-grandense (IFSul) in Brazil.
Table 1 shows the number of logs collected, the number of students enrolled in the course, and the
percentages of dropout and success. The course is taught in 18 different cities throughout the state of
Rio Grande do Sul and involves weekly activities that are posted on the VLE by the teacher. Students
have one week to develop the activities with the help of tutors. The course has a maximum completion
time of 103 weeks, with a total workload of 1215 h divided into disciplines. The maximum duration is
24 months, with three breaks also called vacations, and the student’s final situation is determined by
their performance in the evaluations and their re-enrolment every six months.

The maximum term for completion of the curriculum is four years, and the student may repeat
each discipline only once and, therefore, the year. The student has the option of taking up to two
subjects for the next year and taking them concurrently with the others. For approval, the student must
have a grade of six or higher in each of the disciplines of the curriculum. Students who spend 365 days
without interactions with the virtual environment or do not perform their annual re-enrolment are
considered absent and are removed from the course. Thus, the student receives a grade from 0 to 10 at
the end of a given discipline, and one of two states is associated with the student: Approved or failed.
However, we aimed to predict students who drop out during the course. For this, the student will
be considered dropped out if they leave, do not perform the activities during the course, and their
enrolment in the following semester.

Table 1. Dataset summary.

Number of Log Rows Number of Students Dropouts (%) Success (%)
1,051,012 752 354 (47%) 398 (53%)

The choice to only use data from the counting of interactions was motivated by previous research
that achieved satisfactory results using the same approach [23,25]. This choice was also related to
limitations on capturing other kinds of data for the present study. In previous works, we sought to
create models that are easy to generalize so that they could be applied to other courses. To accomplish
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that, we used four courses, where the model created by one was applied to the others, and the models
generated with data from three courses were applied to the remaining one. In these experiments,
the labeling of the type of interaction was tested and did not show significant results. When testing
the models generated with data from one course on data from other courses, this type of labeling
negatively impacted the results.

Studies such as Macarini et al. [39] tested the application of different types of interactions
and derived data, with their labeling showing no significant differences in performance. Thus,
we applied the methodology that presented the best previous results to model other courses in the
same educational context, even if the model is derived from data from one course only.

The courses studied here are offered in several cities throughout the interior of Brazil and present
a large demographic diversity. Nowadays, the collection of demographic data is a task manually
performed by eighteen different teaching centers through a printed questionnaire that is sent to IFSul
after completion. This process generates a series of problems, such as lack of data, reading and typing
problems, and consequently low diversity and inconsistencies. These factors led to the lack of reliability
in these data and their consequent non-use.

Data capture consisted of collecting raw data from student interactions with Moodle VLE. The data
initially had the format presented in Table 2. After selection, data were validated. This stage consisted
of comparing the student situation data in the VLE to the data on the institutional academic system.
Both systems are independent and have no integration. Cases of inconsistency were handled manually
by checking other types of internal control.

Table 2. Information contained in the log files.

Column Comment
Course Name of the virtual classroom accessed
Time Day and time of the access

IP Address IP Address of the machine

Full name User (student) name

The action represents the type of interaction that the
student performed in the classroom. For instance:
Action (1) Visualization and participation on chats;
Event Name (2) Visualization and inclusion of posts in forums;
(3) Visualization of resources; and
(4) Visualization of the course.

Description ~ Detailed description of the event. Example: Download the .pdf file.

The course format analyzed in this project consists of 103 weeks divided over two years. As stated
by [5], early identification of a risk situation is a fundamental criterion for its reversal. Thus, for this
work, we chose to use the methodology based on [4], which consists of the application of data mining
on the data of the first subjects of the course. Using this process, we chose to use data from the 50 weeks
that compose the first year of the course. Every two weeks starting from the fourth, a prediction model
was generated, so the approaches used in this work created 23 models in the period.

After validation, data were anonymized and preprocessed, and variables were generated (features
extraction). Table 3 describes the variables extracted to be used as the input for training and testing
the predictive models. The table shows that all variables were based on the counting of students’
interactions inside the VLE. Figure 2 exemplifies the behavior of the Weekly interactions variable for
some weeks of the course and according to the Student Final Status category.

Exploratory data analysis (EDA) seeks to visualize dataset information to better understand the
student’s behavior when using the VLE. Table 4 shows how dropout rates evolved after every 10 weeks
of the course until week 50. The table also shows the dropout rates for the first and second year of
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the course after week 50. We considered a student as dropped out after a period of six weeks without
interactions with the VLE. The idea here was to pinpoint the period where the departure occurs.

The evasion rates between the two years of the course are practically the same (182 dropouts for
year 1 and 172 dropouts for year 2). However, if we look proportionally at the number of students
enrolled at the beginning of each year, the dropout rate is slightly higher in the second year, with 30.06%
compared with 24.20% in the first year. These values differ from the average dropout rates known from
higher institutions in Brazil [44] as well as from secondary and technical schools [45]. Unfortunately,
there are no national data related to the distance learning modality to enable a more precise comparison.

A total of 86.81% of the course dropouts of the first year are concentrated in the first 20 weeks
(152 dropouts of thel 82 in the first year). This shows a tendency of the students to leave at the very
beginning of the course, which could be related to difficulties faced in the initial studies. This tendency
is also reported in the literature in relation to face-to-face courses where difficulties in the beginning of
the course are reported as the most critical factor leading students to drop out.

Figure 2 presents the bi-weekly total count, the means, and the standard deviations of the students’
interactions. In the figure, students identified as dropped out in a given week are not counted in the
following weeks. As shown in the figure, dropout students present a higher number of interactions
than successful students until week 13. One possible explanation for this behavior is that those students
are experiencing difficulties during their learning process, so they interact more with the VLE to obtain
assistance. The total count of interactions per group is lower for the dropout group (considering the
whole period). Figure 3 presents a boxplot of the counting of interactions for each group of students,
which highlights the differences in these groups regarding the use of the VLE.
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Figure 2. Interactions every two weeks.
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Figure 3. Boxplot success X dropout.

Table 3. Features extracted to be used as input for the models.

9 of 20

Variable

Description

Daily interactions

Weekly interactions

Mean of the week

Standard deviation of the week

Count of interactions of a given day (from 1 to 350 days)

Count of interactions of a given week (from 1 to 50 weeks)

Average of the count of interactions of a given week

Standard deviation of the count of interactions of a given week

Student final status

Dependent variable representing the student final status: Dropout or success

Table 4. Evolution of dropout during the course.

Year Period Number of Students Number of Dropout NDS Accumulated Accmulated
in Course Students (NDS) Rate NDS NDS Rate
Week 10 752 87 11.56 87 11.56
Week 20 665 71 10.67 158 21.01
Year 1 Week 30 594 21 35 179 23.27
ea Week 40 573 1 0.17 180 234
Week 50 572 2 0.34 182 24.20
Total of First
50 Weeks 752 182 24.20 182 24.20
Total after
Year 2 50 Weeks 572 172 22.87 354 47.07
Final Total 752 354 47.07 354 47.07
Values

In Figure 4, the central diagonal presents the density plots of the Weekly Interactions variable for
weeks 1, 10, 20, 30, and 40. The two groups of students (dropout and success) initially presented similar
behavior at the beginning of the course (weeks 1 and 10), and gradually started to differ after week 20
when the number of weekly interactions of the successful students was slightly higher. The scatterplots

help to better visualize the behavior of the interactions and their comparison between the weeks.
The scatter plots demonstrate that there is no direct positive correlation between weeks. Students who
were successful in the course tended to have more interactions, similar to that observed in Figure 2.
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Figure 4. Density and scatter plots of weekly interactions.

3.2. Fine Tuning with Proposed Genetic Algorithm

In the GA, the solution set is defined by a space where a search for an optimal solution occurs,
which may not be the global best solution [46]. This factor is directly dependent on the problem,
the time that can be spent searching, the expected result, and the input dataset, among others.
These should be considered when the algorithm is designed [47]. In this work, a time-limited search
approach is proposed, so the algorithm creates a number N of generations, where N is predefined at
the time of configuration. In the end, the algorithm returns a solution with the setting that produced
the best performance according to the predefined metric [48]. In this case, a learning machine model
together with its hyperparameters were optimized for the prediction of students at risk in technical
distance courses. As previously mentioned, this solution can be global or local. The steps of this
process are presented in Figure 5.

The proposed approach is executed according to the general steps of classical GA solutions,
which are: (1) Generate population, (2) fitness function, (3) selection, (4) crossover, and (5) mutation.
For the context of our solution, the following definitions are provided:

(a) Epoch: One complete cycle execution of the GA (from Steps 1 to 5). The proposed approach works
with 50 epochs;

(b) Individual (or candidate): A machine learning algorithm/classifier (DT, RF, MLP, LG, and ADA)
together with its hyperparameters;

(c) Chromosome: A vector of hyperparameters for a given individual (machine learning algorithm).
As different machine learning algorithms have different hyperparameters, the chromosomes in
our study have different sizes and meaning according to the machine learning algorithm to which
they are referring.
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Figure 5. Genetic algorithm flow: An example of crossover and mutation with a multilayer perceptrons
(MLP) chromosome.

Here, we outline each step of the process in the context of our proposed approach:

Step 1 (generate population): The GA generates 100 individuals (candidates) for each machine
learning algorithm (DT, RE, MLP, LG, and ADA) with hyperparameters (chromosomes) randomly
defined considering the available list of options. The classifiers are trained and tested using
10-fold cross-validation and their performances are measured by using the area under the receiver
operating characteristic curve metric (AUROC) [49] and as conducted by Gasevi¢ et al. [50].
Step 2 (fitness function): The performance obtained by each of the 100 individuals of each machine
learning algorithm are then compared by the fitness function.

Step 3 (selection): The 25 individuals with the highest AUC for each machine learning algorithm
are selected for the next step.

Step 4 (crossover): The crossover is conducte using the concept based on the genetic inheritance
of sexual reproductions, where each descendant receives a part of the genetic code (chromosome)
of the father and part of the mother, as exemplified in Figure 5. Thus, the configurations of the
fittest individuals of the last step are combined, one being the father and the other the mother.
In the implemented algorithm, the individuals who will assign part of their genetic code to form
a new member are chosen randomly from among the 25 best placed of that classifier in the last
generation. This step results in 25 new individuals for each machine learning algorithm.

Step 5 (mutation): This step randomly alters the chromosome (hyperparameter) of the 25 best
individuals. In other words, a certain characteristic of an individual selected in the previous step
receives a randomly generated configuration. As shown in Figure 5, an individual of the MLP
type with hyperparameter “Active” set to “RELU” was changed to “TAHN”". The mutation is set
to change only one hyperparameter of the chromosome.

After Step 5, if the GA did not run the predefined number of epochs (50 for our experiment),

a new population is generated in Step 1. The last important factor in generating a new population is
randomness. For each generation, 25 new individuals are randomly generated again, even though
they may have already been generated in earlier epochs. This seeks to ensure population diversity by

narrowing the hypothesis that the solution reaches a local maximum and has no opportunity to evolve
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to the global maximum. The quantitative formation of the population from the second epoch onwards
for each machine learning algorithm is:

e 25individuals selected from the previous generation from the fitness function (Steps 2 and 3);
e 25individuals formed by crossover (Step 4);

e  25individuals formed by mutations (Step 5); and

*  25new individuals randomly generated (Step 1).

The process is repeated for 50 epochs. In the end, for each of the five machine learning algorithms,
the individual with the highest aptitude (highest AUC) is selected. With the selection of the fittest for
each machine learning algorithm, the five remaining individuals compete against themselves, and the
one with the best AUC is selected.

3.3. Experiments

This section outlines the experiments with three different approaches to predict students at risk of
dropout in the database described earlier. The first is the proposed genetic algorithm, the second is
a grid search method called GridSearchCV, implemented using the Scikit-learn package. The third
and last is the use of classifiers with their default hyperparameters. The machine learning techniques
implemented in this study used the Python programming language with the Scikit-learn, Pandas,
and Numpy libraries.

GridsearchCV allowed the testing of different combinations of hyperparameters for classifiers,
facilitating choosing the best one. The hyperparameters needed to be explicitly declared and all
possible combinations tested. All available combinations in Table 3 were checked with the same
algorithms defined in the GA (DT, RE MLP, LG, and ADA). For each week of the course, we selected
the classifier together with its hyperparameters that achieved the best performance for the given week.

The same machine learning algorithms with their default hyperparameters were also implemented
for comparison with the GA and GridsearchCV approaches. All experiments were performed with
10-fold cross-validation, and the number of combinations was approximately 5000 individuals created
by the GA. Appendix A shows the quantities tested in each of the classifiers in the Evaluations column.

An essential task in machine learning is choosing the performance appraisal metric. For this
work, we decided to use the area under the ROC curve, also known as AUC and AUROC. AUC is
calculated from the size of the area under the plotted curve where the y-axis is represented by true
positive rate (TPR) or sensitivity (Equation (1)), and the x-axis is true negative rate (TNR) or specificity
(Equation (2)):

e TP
Sensitivity = TP+ EN (1)
Specificity = TNTi—Z:[FP (2)

According to Gasevi¢ et al. [50], the AUC may be interpreted as follows:

e AUC < 0.50: Bad discrimination;

e 0.50 < AUC < 0.70: Acceptable discrimination;

. 0.70 < AUC < 0.90: Excellent discrimination; and
¢ AUC > 0.90: Outstanding discrimination.

4. Results and Discussion

This section presents the results obtained by the models generated by each of the selected
algorithms compared with the application of the GA. Table 5 presents the AUC results for each tested
machine learning algorithm without hyperparameter optimization and for the grid search (GRID) and
GA approaches.
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Table 5. AUC for 50 weeks.

Approach or Hyperparameter
Machine Learning yperparan AUCMean AUC Median AUC Standard Deviation
. Optimization
Algorithm
GA 0.8454 0.8498 0,0637
Yes
GRID 0.7939 0.8288 0.1056
ADA 0.7509 0.8062 0.1342
DT 0.6771 0.7065 0.1008
LG No 0.6943 0.7198 0.1110
MLP 0.7353 0.7946 0.1277
RF 0.7752 0.8243 0.1150

As can be seen from Table 5, the best AUC results were produced by the GA approach with a
mean of 0.8454 and median of 0.8498. GA also produced the lowest AUC standard deviation (0.0637)
amonyg all tested approaches. Figure 6 helps visualize the performance of the models for the 50 weeks
of the course.

To confirm the research hypothesis in this work (RQ1 and RQ?2), two tests of statistical significance
were applied. The objective of the tests was to verify if there was a significant difference in the
treatments applied and, if so, which method was the most accurate. The central idea involved in
the process of statistical significance is to test whether one treatment, in this study GA, presents a
significant result concerning the others [51].

The results had a normal distribution, so analysis of variance (ANOVA) was chosen to verify
the existence of a significant difference, and Tukey’s test to determine in which treatment it occurred.
For this, the p-value was set to 0.05; thus, values lower than this indicated that the treatment was
significant and higher than not significant. In ANOVA, the p-value was 0.0006865, which reflects the
existence of significant differences between the approaches. In Tukey’s test, the results produced a
p-value of 0.0475 for the GridSearch and 0.0003 for standard RF, indicating a statistically significant
difference between the performance. Thus, statistically, the results obtained by GA were superior to
the other treatments.
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Figure 6. AUC results for each tested technique during the 50 weeks of the course.

The results obtained from the three approaches are presented in Figure 6. The GA achieved
excellent discrimination (AUC > 0.7) as early as week 4. This held until week 24, where the GA
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provides outstanding discrimination (AUC > 0.9). The other approaches still yielded acceptable
discrimination results (AUC < 0.7) until week 22. However, from week 30, the performance of the
GA considerably decreased, with the other approaches progressing. One of the factors determining
this drop in GA performance was the increase in the number of input attributes. In this situation,
the GA tends to find a local solution quickly and converge on it. However, this solution is probably
a plateau and the GA getting stuck. This is a problem specific to genetic algorithms that does not
occur in the other approaches tested. In the proposed algorithm, the reinsertion step tries to soften this,
but as verified from weeks 32 to 42, the GA is still susceptible to this failure. However, the GA was
considerably better in early prediction and with limited data. This demonstrates that the refinement of
the GA is essential for tuning hyperparameters.

Table 6 presents the best configuration obtained by the GA approach for week 25 of the course
(individual 37, fourth epoch), with an MLP with an AUC of 91.54, in comparison with the configuration
for the same algorithm without hyperparameter optimization. From the first weeks of the courses,
satisfactory results were already produced in the prediction of students at risk of dropout.

In general, the results of the models generated by GA per the AUC were satisfactory, allowing
the prediction of at-risk students in the early stages of the courses. Data were naturally balanced,
with similar percentages of dropout and success students. The models developed here produced
similar or better results in comparison to some of the works in the literature that focused on the early
prediction of dropout students.

Table 6. Comparison between configurations of models for week 25.

Hyperparameter Hidden Layer max Warm

Optimization Sizes Activation  Solver Alpha Iter  Start AUC
yes 30 logistic sgd 0.2855486101 353  False  0.9154
no 100 relu adam 0.0001 200  False  0.849

According to [31,52], one of the main factors involved in the acceptance of learning analytics
by teachers and students when using prediction models is the correctness rates involved in the
process. The GA proposed in this work was able to increase these rates compared to the results
obtained in previous works [23,24]. However, direct comparison with these experiments is somewhat
complicated, as they used the true positive (TP) and true negative (TN) of the models as metrics,
and we used AUCROC.

In these previous experiments, the results obtained in scenarios similar to this experiment
showed rates of TP and TN varying between 58 and 82 in the first 25 weeks of the course. However,
with the approach proposed in this work, it was possible to reach an initial AUCROC above 0.75,
which increased over the first 25 weeks until reaching values above 0.90.

The comparison with prominent works of predictors of educational environments is necessary
to situate the results obtained. Some limitations for comparison include the various techniques used
to measure the results, such as accuracy, TP, TN, AUC, and AUCROC, among others [32] Cechinel
et al. [33] Liz-Dominguez et al. [30]. Still, a significant part of the works on LA are characterized
by the exploration of data from disciplines of a specific course or semester, whereas the work
presented in this paper is characterized by the use of data from a course of two years in duration [32].
However, even when we compare the results obtained with the related works, the rates are satisfactory.
Previous studies Lykourentzou et al. [5], Zohair [37], Whitehill et al. [38] reported rates of 85% and
Jayaprakash et al. [26] reported 94% overall accuracy, but only 66.7% dropout prediction.

The results obtained in the optimization with the proposed GA are close to those of the literature
Minaei-Bidgoli and Punch [43], which obtained an optimization of 12%. The proposed GA was able to
reach values above 10% in the experiments until the 20th week compared to the algorithms in their
standard configuration. When compared to the other optimization method, Gridsearch, in that same
period, GA obtained values always above 6%, sometimes reaching 15%.
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The method followed here is the result of an incremental process of a series of experiments
previously performed [23,24]. As such, when comparing the results achieved in this work with the
results from previous actions, the hyperparameters generated by the GA allows the generation of
more robust models and higher performance. This is also demonstrated in comparison to the other
methods tested in this article. Thus, the methodology used both for the development of the GA and
for the generation of input data from genetic algorithms demonstrated that it could be used for early
prediction of students at risk of dropout. Concerning data modeling, although the use of interaction
count is not unprecedented, the methodology used in this study has several attributes that produced
the results.

5. Final Remarks

This paper presented the results of an approach for the early prediction of students at risk of
dropout using the counting of their interactions inside the VLE. This approach uses genetic algorithms
for the hyperparameter of classifiers. The methodology of generating a prediction model every two
weeks allows every student to be followed throughout the course. This is an approach that differs from
the traditional methods [6] that define models that seek to predict dropout using all available data at
the end of the course. This difference and, consequently, the results obtained with smaller amounts of
data contribute to the early prediction of the risk of dropout.

The proposed approach is based on the premise of allowing greater generalization when
replicating the methodology in other courses and platforms, since it only uses the count of interactions
within the VLE without distinguishing the types of actions performed and without using information
from different data sources (demographic data, questionnaires, curriculum, etc.), the availability of
which may vary between e-learning platforms. The results can be considered satisfactory since they
allow the identification of students at risk of dropout with reasonable performance rates even before
the end of the first semester of the course.

The prediction of academic issues, such as performance and dropout, is concentrated at the
university level, with about 70% of the research destined for this purpose [10]. This trend is repeated
in Latin America, with few applications considering the context of education at the secondary and
technical levels [33]. While not unprecedented, the application of prediction techniques in other
contexts, such as technical high school e-learning, is also relevant [10].

RQ1. Does the approach for hyperparameter optimization with a GA outperform traditional
techniques?

The proposed GA must be evaluated to emphasize that testing different combinations of
hyperparameters within the same algorithm is a complicated and time-consuming task that may require
a large amount of processing time. However, the accuracy of prediction models is directly linked to the
quality of hyperparameter optimization. Thus, the more adjusted they are, the more accurate the rates
of the models tend to be. The alternatives to applying exhaustive search methods, such as grid-search,
are computationally expensive when searching in large spaces [53]. Thus, the refinement obtained by
GA with its mutation and crossover stages produces better results for model generation, surpassing
the traditional techniques and grid-search. Compared to standard algorithms, the performance of the
proposed method is clearly superior.

RQ2. Does the resulting predictive models generated by the use of the GA approach for
hyperparameter optimization perform better than models with default hyperparameters?

In comparison with the classifications using the default hyperparameters, the GA produced
significantly better results. In the first 20 weeks of the course, the difference between the two methods
varies from 10% and 15%. Tukey’s test demonstrated that the overall values obtained are significantly
different. However, all techniques have advantages and limitations. The drawback of the GA is
the lack of assurance that the solution is global; the positive aspect is the number of resultant
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hyperparameters accepted without significantly altering the processing cost and the final results.
In grid-search, the computational cost is the biggest issue, as previously reported; however, it delivers
the best possible combination of hyperparameters. Concerning the standard classifiers, we highlight
the cost-benefit factor as the method produces satisfactory results in short processing time, which,
depending on the project, can be an essential point.

The main limitation of the proposed methodology presents is that for each course analyzed,
the calendar must be studied to identify periods without classes, such as holidays. This causes extra
work, which does not occur when socio-demographic data are used. Another limitation concerns
generalization; although the methodology may be generalized, the models are unlikely to be suitable
for courses that do not follow the same timetable as ETec. Models that seek long-term predictions are
more susceptible to failures due to external situations, such as economic and epidemiological crises.

An important point to note is that the GA possibly presents slightly different results for each
execution. Thus, it may be interesting to run the GA multiple times (e.g., 10). Analysis of other
metrics, such as overall accuracy and true positive (TP) and true negative (TN), may provide different
perspectives. The application of other hyperparameter search methods, such as random search,
and algorithms, such as XGBOOST, can still be explored. These questions will possibly be studied in
the future stages of this project, as well as hybrid choice methods such as the vote theory, for final
classification selection.

The results obtained in this work enable the development of an early warning system using the
proposed approach. Currently, the development of this system is occurring in the form of a plugin
integrated with Moodle. Another future work toward improving the results is the application of
survival analysis to increase student retention and consequently reduce dropout.
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ADA ADABoost
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AUROC  Area Under the Receiver Operating Characteristic Curve
DT Decision Tree

EDA Exploratory Data Analysis

EDM Educational Data Mining

GA Genetic Algorithm

GBGP Grammar-Based Genetic Programming
GRID Grid SearchCV

IBK Instance-Based Lazy Learning

ICRM Interpretable Classification Rule Mining Algorithm
IFSul Instituto Federal Sul Rio-grandense
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INN I-nearest neighbor
kNN k-Nearest Neighbor
LA Learning Analytics
LG Logistic Regression
LMS Learning Management Systems
ML Machine Learning
MAE Mean Absolute Error
MLP Multilayer Perceptron
NDS Number of Dropout Students
PCA Principal Component Analysis
RQ Research Question
RF Random Forest
SAT Scholastic Aptitude Test
SMOTE Synthetic Minority Over-Sampling Technique
SVM Support Vector Machine
TNR True Negative Rate
TPR True Positive Rate
VLE Virtual Learning Environment
Appendix A
Table A1l. Classifiers, Hyperparameters and Number of Evaluations.
Alg.  Hyperparameters Possibi-Lities Number of Ind.  Grid Eval.
criterion: [gini,entropy],
criterion: [gini, entropy] max_depth: [0,1,2,3,5,7,
g .t }% , (OngS 10,12, 15, 17, 20, 23, 25, 30],
pr  max-cepti range b 55 19.200 5.100 min_samples_split: [0, 1,2, 3, 3.726
min_samples_split: range (1, 15), 5,7,10, 12, 15]
min_samples_leaf: range (1, 20) min_samples_leaf: [0, 1,2, 3, 4,
5,7,9,10,12, 15,17, 20]
n_estimators: [1, 10, 20, 30, 40,
. . 50, 70, 100, 120, 130, 150,
niest%mator.s. .range (1,200), 170, 190, 200],
criterion: [gini, entropy], criterior: [gini, entropy]
Rp  maxfeatures[l 2, 34], 128.000 5.100 max_features [1, 2, 3, 4], 4928
min_samples_split: range (2, 21), . -
. . min_samples_split: [2, 3, 4, 5,
min_samples_leaf: range (1, 2),
bootstrap: [True, False] 7,9,10,12,15, 17, 20],
p: ’ min_samples_leaf: [1, 2],
bootstrap: [True, False]
algorithm: [SAMME, SAMME R],
algorithm: [SAMME, n_estimators: [1, 10, 20, 30, 40, 50,
SAMME.R], n_estimators: 70, 100, 120, 130, 150, 170, 190,
ADA  range (1, 200), random_state: 2 KK 5.100 200], random_state: [None, 1, 5, 2.240
range (None, 50), learning_rate: 10, 15, 20, 25, 30, 40,50 ],
range (le-2,1) learning_rate: [le-2, 5e-2, 7e-2,
le-1, 3e-1, 5e-1, 7e-1, 1]
hidden_layer_sizes: [(50,50,50),
hidden_layer_sizes: range (1,200), (50,100,50), (100,), (50,), (10,),
activation: [identity, logistic, (1), (5)], activation: [identity,
tanh, relu], solver: [lbfgs, sgd, logistic, tanh, relu], solver:
MLP adam], max_iter: range (50, 200), 720 KK 5100 [Ibfgs, sgd, adam], max_iter: [1, 5.040
alpha: range (le-4, 1le-1], 2, 5,10, 30, 50], alpha: [1e-4,
warm_start: [True, False] le-3, 1e-2, 5e-2, 1e-1],
warm_start: [True, False]
penalty: [11, 12, elasticnet], penalty: [11, 12, elasticnet],
C:[1e-4, 1e-3, 1e-2, le-1, 5e-1, C: [le-4, 1le-1, 5e-1,1, 5, 15, 25],
1, 5,10, 15, 20, 25], dual: [True, False], solver:
RL dual: [True, False], 99.000 5.100 [newton-cg, Ibfgs, Ibfgs, sag, saga], 5.800

solver: [newton-cg, Ibfgs, Ibfgs,
sag, saga], multi_class: [ovr,
auto], max_iter: range (50,200)

multi_class: [ovr, auto], max_iter:
[1, 10, 20, 30, 40, 50, 70, 100, 120,
130, 150, 170, 190, 200]
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