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GALHARDI, L. B.. Automatic Grading of Portuguese Short Answers Using a
Machine Learning Approach. 2019. 136p. Master’s Thesis (Master in Computer Sci-
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ABSTRACT

Assessments are routinely used in learning environments in order to estimate a percentage
of the retained knowledge from students. Despite its importance, teachers usually find
the task of assessing lots of discursive answers very time-consuming. Teachers work’s
conditions and their own human subjectivity have a great impact on grading, as humans
make mistakes for some reasons like fatigue, bias or the simple ordering of student’s tests.
These problems become more intense in tools like Virtual Learning Environments and
Massive Open Online Courses that have recently improved their popularity and are used
by way more students than physical classes. Aiming at assisting in those difficulties, this
dissertation explores the Automatic Short Answer Grading (ASAG) field using a machine
learning approach, with three main goals: (1) to perform a systematic review on the subject
in order to get an overview of the state of the art and future trends; (2) collect real-world
Portuguese ASAG data; and (3) build, evaluate and compare different approaches when
automatically grading short answers. For the first goal, we systematically reviewed 44
papers using different techniques when tackling ASAG, analyzing many of their aspects,
from the data to model evaluation. For the second, 7473 short answers were collected from
659 students and 9558 grades were gathered for the answers from 14 human evaluators
(some answers had more than one grade). For the last goal, six different approaches
were experimented and a final model was created with their combination. The model’s
effectiveness showed to be satisfactory, with kappa scores indicating between moderate
to substantial agreement between the model and human grading. Results showed that a
machine learning approach can be efficiently used on short answers grading, even for the
Portuguese language.

Keywords: Automatic grading. Short answers. Machine learning. Natural language pro-
cessing.
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RESUMO

Avaliagoes sao rotineiramente utilizadas em contextos de aprendizado a fim de estimar o
conhecimento retido pelos estudantes. Apesar de sua importancia, professores geralmente
consideram a tarefa de avaliar respostas discursivas como muito trabalhosa. As condi-
¢oes de trabalho do professor e a sua prépria subjetividade podem influenciar nas suas
avaliagoes, pois humanos estao sujeitos ao cansago, a outras influéncias e a nota de um
aluno pode depender até mesmo da ordem de correcao. Esses problemas se apresentam
de forma ainda mais intensa em ferramentas como Ambientes Virtuais de Aprendizagem
e Cursos Onlines Abertos e Massivos, que recentemente aumentaram sua popularidade
e sdo usados por muito mais estudantes de uma vez que salas de aula fisicas. Visando
auxiliar nesses problemas, essa dissertacao explora a area de pesquisa da avaliacao auto-
matica de respostas discursivas usando uma abordagem de aprendizado de maquina, com
trés principais objetivos: (1) realizar uma revisao sistematica da literatura sobre o assunto
a fim de se obter uma visao geral do estado da arte e de suas principais técnicas; (2) co-
letar dados reais de exercicios discursivos escritos na Lingua Portuguesa por estudantes;
e (3) implementar, avaliar e comparar diferentes abordagens para o sistema de avaliagao
automatica das respostas. Para o primeiro objetivo, 44 artigos foram sistematicamente
revisados, analisando varios de seus aspectos, desde os dados utilizados até a avaliagdo do
modelo. Para o segundo, foram coletadas 7473 respostas de 659 estudantes, além de 9558
avaliagoes feitas por 14 avaliadores humanos (algumas respostas receberam mais de uma
avaliagdo). Para o ltimo objetivo, seis abordagens diferentes foram experimentadas e um
modelo final foi criado com a combinagao das abordagens. A efetividade mostrada pelo
modelo foi satisfatoria, com os valores de kappa indicando uma concordancia de moderada
a substancial entre o modelo e a avaliagdo humana. Os resultados mostraram que uma
abordagem de aprendizado de maquina pode ser eficientemente utilizada na avaliagao
automatica de respostas curtas, incluindo respostas na Lingua Portuguesa.

Palavras-chave: Avaliacao automatica. Questoes discursivas. Aprendizado de maquina.
Processamento de linguagem natural.
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1 INTRODUCTION

Assessments are routinely used in learning environments in order to estimate a
percentage of the retained knowledge from students. Despite its importance, teachers
usually find the task of assessing lots of discursive answers very time-consuming. The
evaluation work is frequently done at home, compromising the teacher’s life quality [7].
Researches indicates that about 75% of some Brazilian teachers claims to frequently bring
work home, like assessments of student’s exams [8]. This situation overloads teachers and

reduces their time, that could be spent in other activities like class elaboration [9].

Teachers work’s conditions and their own human subjectivity have a great impact
on grading. Humans make mistakes and some reasons for that can be from fatigue, bias
or the simple ordering of student’s tests [10]. Moreover, with human grading, students
may have to wait for a long time to receive feedback on their answers [11] and, when
they finally get it, grades can be different from another classmate’s, who has given a very

similar answer [12, 13].

These problems became more intense in tools like VLEs (Virtual Learning En-
vironments) and MOOCs (Massive Open Online Courses), that have recently improved
their popularity and are used by way more students than physical classes [14]. Moreover,
these environments can have assessment systems that can support teachers in evaluating
many students. However, the assessment of written activities is frequently performed by

humans, causing the previously exposed difficulties.

Computer-based assessment came to address these issues and improve other as-
pects of learning by automating the evaluation process. Some of the benefits of automatic
assessments are: criteria is formalized [15], can provide faster feedback to both teacher
and student, can save teachers’ time so they can use it to work better and allows teachers
to easily follow the class performance [13]. Furthermore, automatic grading is becoming

highly competitive with human grading, considering short answers [16].

Evaluations are often composed of recall or recognition type of questions, which are
in different levels of the learning depth. The recognition kind seeks to test the respondent’s
ability to organize or identify some specific information. As for the recall ones, respondents
need to remember external knowledge and write their own answers. Automatic grading is

a solved problem for recognition questions, but it is an open problem and research subject
for the recall kind [1].

Within the recall kind, there are questions concerning speaking, structured text
(math and source code) or natural language questions. The natural language type can

be classified in three groups: fill-the-gap, short answer and essay. Fill-the-gap expects
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responses to be only from one to a few words, with fixed openness and focus on words.
Short answers varies from one sentence to one paragraph, the focus is on the content and
it has closed openness. At last, essays can have from two paragraphs to several pages,

focus is on the writing style and it has a more open scope [1].

Research on the assessment of natural language questions using computers star-
ted long ago, as soon as computers started demonstrating their potential, in 1966, when
concerned by the amount of manual work involved in grading essays, [17] predicted and
speculated about essays being graded by computers, demonstrating its imminence. Howe-

ver, since then, the assessment of written activities has come a long way, and the research
field has been subdivided.

Considering this division, this work exclusively focus on short answers. In addition
to the length, focus and openness, short answers must be written in some natural language
and recalls to external knowledge outside the question statement. This research field is
defined in [1] as Automatic Short Answer Grading (ASAG). It consists in automatically

assessing short natural language responses using computational methods.

Indeed, there are several ways to grade answers through computers. Some of them
are not even fully automatic, using clustering algorithms to group answers so teachers can
assign one grade to fit several answers. However, semi-automatic approaches are out of
the scope of this work. Regarding only fully automated techniques, there are still several
methods that can be employed to grade answers. This work will focus on using a machine

learning approach to handle ASAG.

Several researches have been recently developed in the ASAG field. However, most
of them uses English datasets, concerning the language of the questions and short answers.
In its turn, ASAG research using Portuguese data is somewhat scarce. One of the reasons
for this situation is the lack of public available Portuguese datasets, something that is not

an issue for English research [1].

1.1 Objectives and General Methodology

Considering the presented scenario, this work has as its main objective the ex-
ploration of the Portuguese ASAG field using a machine learning approach. The specific

goals are the following:

e Perform a systematic literature review of ASAG works that uses a machine learning

approach;

e Develop a web system to be used in ASAG context;
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e Put the system in operation to be used by several users and collect ASAG data from
it. Then, publish the dataset on the web, to be publicly available;

e Build an ASAG model to evaluate on the collected data;

e Compare different approaches when performing the previous goal.

The presented goals are achieved through this work’s general methodology, illus-

trated in Figure 1.

[ Development of a web
system

Systematic

Literature
Review Lessons learned
from the literature

Dataset
Publicly
Available

[Usage of the system by real

Dataset < ) { teachers and students
Collection
of data

]

J Different techniques
and approaches

Model
Evaluation

[ Experiments
T

P Final
End Model F

Figure 1 — General Methodology

The first step was to perform a systematic literature review in order to get a
overview of already existing works on the field. With that done, a web system was modeled

and developed in order to be operated by real world users.

From the system’s usage from teachers and students, a dataset was collected and

packaged in order to be made publicly available on the web.

From the dataset, several experiments were performed to test the performance of

different approaches and techniques.

Then, the different approaches were evaluated and compared. From them, a final

model was created for grading new answers, composed of different groups of approaches.
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1.2 Outline

This chapter presented an introduction and overview of this dissertation. The

remainder of this document is organized as follows:

Chapter 2 presents the fundamental concepts that this work is based on;

Chapter 3 reports a systematic literature review performed to give an overview of
the ASAG field and its works;

Chapter 4 goes over the process of data collection and its analysis;

Chapter 5 presents the experiments performed on the collected data, their metho-

dological procedures, results and discussion;

Chapter 6 presents the conclusions for this work and possible future directions.
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2 FUNDAMENTAL CONCEPTS

This chapter introduces fundamental concepts involved in the development of this
work. It begins by presenting where the addressed problem of this work fits regarding
similar areas of Computer-based Assessment research and states some definitions. Then,
the following two sections gives an overview of commonly employed tools for solving
problems like ASAG: Natural Language Processing and Machine Learning. Finally, the
final section of the chapter discusses a new NLP /ML technique: Word Embeddings.

2.1 Computer-based Assessment

Computer-based Assessment is the research field interested in using computational
methods to help in assessment activities. The use of tests to evaluate the student’s retai-
ned knowledge is a common process in a wide variety of educational settings. There are
many activities that can get a computer graded feedback. Different terms are used in the
literature when referring to the differences between questions. In [1], following terminology
used in [18], a hierarchical view of common types of questions is presented. Specifically,
these are questions in which computers can contribute or even replace humans in the

grading task. These question’s categories are shown in Figure 2.

Depth of learning Question category Question type

e )

Single selection

Multiple selection

Matching

7 Drag and drop |< Categorizing

Ranking

I

Fill-the-gap
Automatic
questions

Essay

Maths

Structured text < ———

Source code

Speech <] Speaking

Figure 2 — Question’s categories [1]
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Firstly, questions are divided between recognition or recall categories, depending
on the learning depth. The recognition kind seeks to test the respondent’s ability to
organize or identify some specific information. As for recall questions, respondents needs

to remember external knowledge and write their own answers [1].

Also, as recall questions gives no options to choose from, neither provides more
information beyond the question statement itself, it is harder for respondents to use test

taking strategies or just guessing the correct answer [19, 20].

Secondly, Figure 2 divides question’s categories and types by following the recog-
nition and recall branches. For the recognition type, questions are divided in selection,
drag-and-drop and point. These categories are subdivided in single selection, multiple
selection, matching, categorizing, ranking and “hotspot”. From those, one of the most
commonly used for general purpose tests is multiple choice. It consists in analyzing some

options and deciding which one is correct.

Regarding the recall branch in Figure 2, the division is made in three categories:
natural language, structured text and speech. Speech questions concerns questions invol-
ving audio information, whilst structured text questions expects answers in the form of
math or code. Natural language questions are also sub-divided and can be of three types:

fill-the-gap, short answer or essay.

In [1], the distinction between the three types of natural language questions is per-
formed considering three properties: length, focus and openness. For fill-the-gap questions,
the length of expected answers is just from one to few words, the focus for assessment is
in specific words and the openness is fixed. In its turn, short answers expects text being
from one phrase to one paragraph, the evaluation is focused on the content and it has
a closed openness. Finally, essays can range from two paragraphs to several pages, the

assessment focus is on the style and it has a broader openness.

As the focus of this work, the formal definition of a short answer question is given

considering [1] five criteria, as follows:
1. The question must require an answer that recalls to external knowledge, outside of
the question statement;
2. The question must require a natural language response;
3. The answer’s length must be roughly between one phrase and one paragraph;
4. The assessment focus must be on the content instead of writing style;

5. The level of openness should be restricted to an objective question design.
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Despite the preceding definition, [1] authors considered reading comprehension
questions as fitting ASAG research field, because of their very similar way of grading
(even not following the “external knowledge” first definition, as the answer is within a

piece of text given for the respondent to interpret).

With short answers properly defined, the other part of ASAG consists in the
automatic grading. In [1], a pipeline representation was created comprising six artifacts
and five processes involved in an ASAG system, as seen in Figure 3. First, a test or exam
is performed in some learning setting. Then, datasets are created using the questions,

answers, expected answers and grades from the tests.
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Figure 3 — ASAG pipeline [1]

In possession of the dataset, natural language processing is used to represent text
in someway to fit computer requirements. Using the available processed text and statistics,
a model can be built and then be used to grade new answers. This generates a new set
of graded answers, that goes through an validation process, that outputs the system’s

performance.

Each component of Figure 3 is better explored and put to practice in the remaining
of this work. In Chapter 3, a systematic review reporting all these components is presented.
The remainder of this chapter addresses the components of NLP (Section 2.2) and ML

(Section 2.3) fundamentals.

Considering numbers 1 to 11 from Figure 3: the exam setting and dataset creation
of this work is detailed in Chapter 4 (1 to 3). Our proposed model, using NLP and ML,
along with the model building and evaluation is presented in Chapter 5 (4 to 11).
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2.2 Natural Language Processing

If the goal of this work is to automatically grade short answers (written in natural
language), how can be text represented in numbers to be further processed by computers
and machine learning algorithms? This section covers the basic understand of Natural

Language Processing (NLP), a subfield of Artificial Intelligence.

NLP is the computer science field that is concerned with every aspect of the use
of text by computers, written in any natural language (English, Portuguese, Spanish,
etc.). Unlike formal languages (as programming), natural languages (NL) are way harder
for the computer to interpret. NLs are full of ambiguities, that requires disambiguation
techniques in order to be interpreted by computers. However, disambiguation and NLP

are not easy tasks [21].

NLP can be categorized considering two aspects. The first is if the language in
study is spoken or written. The second is if the task consists in processing the NL or ge-
nerate text as output [22]. This work is focused on written language and the processing

aspect.

Despite these aspects, the most representative division made for NLP is conside-
ring the level of text analysis. The next four subsections discusses each level of analysis
in details. However, the specific NLP features used in ML algorithms for ASAG (also
considering the four-way division) are covered by Subsection 3.4.4 in the next chapter.
Also, the last subsection presents one of the most commonly used ways to represent text

computationally: document-term matrices (along with bag-of-words or ngrams).

2.2.1 Lexical-Morphological

The first level of analyses is the lexical-morphological. It is concerned in analyzing
each word individually, without considering anything else from a sentence. Thus, a first
important task is to properly divided words. In many languages this process can be consi-
dered an easy task (because of the commonly used space separator). However, languages

as Chinese have this as an extra challenge.

Words are composed of letters and syllables. Sometimes these letters are all part
of the word itself, however, sometimes words have morphological variations, in result of
derivations. Morphology is concerned in analyzing a word by its component parts coming
from derivations. Words can vary in gender, number and be in diminutive or augmentative,
among others variations [21]. Consider an example of a Portuguese root word: gato (cat).
Gato is the male version of the word, the female is gata. If you need to refer to more than
one cat you say gatos but if there are only females cats, it’s said gatas. The word can also
refers to the cat size, it can be a little kitty (gatinho or gatinha) or a giant cat (gatdao or

gatona). Joining all together, if you are talking about a group of large cats, you use gatoes
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for male and gatonas for females.

The cat example shows how the same word can be found in many different ways in
text (10 variants, and there are more). However, the main idea of them all is to talk about
a cat. As humans, is easy to capture the similarity between those words and put them
all on the same “package”. Nevertheless, computers need words to be exactly the same to
interpret that they are referring to the same thing. This can be accomplished with the

use of morphological reduction techniques such as stemming and lemmatization [23].

The differences between the two is based mainly in the resources needed, execution
time and output. Stemming follows a crude heuristic that just chop off words’ endings
but without guaranteeing if it is correct. It has a fast execution time but the output
is often not a real word but a cut version (example: reduction and reduce would end
up being “reduc”). In its turn, Lemmatization has a slower execution speed, because
it needs to analyze the word’s morphemes and make dictionary look ups. However, the
advantage of using lemmatization is that the returned word is a real dictionary word, only
in its base form, also known as lemma (using the same example, reduction, reduce and

reducing would all be turned into reduce) [23].

Other techniques that can act considering just words are:

e Case normalization: the simple normalization of upper and lowercases. This is
done to enhance matches between words (e.g. Library is the same as library, it is

something obvious to humans, but it needs to be informed to computers);

e Numbers, punctuation and other symbols removal: sometimes numbers or
other symbols are dispensable to a specific application and can be removed from
the text;

e Spelling correction: as case normalization, it is a procedure performed to enhance
match between words. Even though a word is misspelled, would be of interest of
many applications to consider it as the correct spelling, in order to match a search

query or increase similarity between texts;

e Stopwords removal: a technique applied to not account for too common words.
Applications using term frequency (or its variations) can be deceived to think that

words like “the” are important in its context, which is usually not the case.

2.2.2 Syntactic

This level of analysis is interested in the grammatical constituents of sentences. It

consists in analyzing how words are related to each other within sentences [22].

Sentences can be divided in groups, and these groups can also be subdivided in

constituents. An example of a constituent analysis can be seen in Figure 4. There, the
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sentence is first categorized by the part-of-speech of each word (Det: determinant, Adj:

adjective, N: noun, V: verb, P: preposition) [2].

Det Adj N ") Det Adj Adj N P Det N
the little | bear | saw the fine fat trout in the | brook
Det Nom V Det Nom P NP
the bear saw the trout in it

NP Vv NP PP

He saw it there

NP VP PP

He ran there

NP VP

He ran

Figure 4 — Syntactical constituents [2]

Then, in the next line, little bear is replaced by bear (nominal), fine fat trout by
trout (nominal) and the brook by it (noun phrase). In the third line, the bear and the trout
are replaced by He and it, forming each one a noun phrase. In it is also replaced by there,

creating a prepositional phrase. The last two lines follows the same process.

This is what a syntactical analysis performs, it parses a sentence and find its

intermediate and final constituents, creating phrase structure trees as seen in Figure 5.

S
//\
NP VP
/\ /\
Det Nom VP PP
PN e S
the Adj N v NP P NP
little bear saw Det Nom in Det Nom
the Adj Adj N the N
| I
fine fat trout brook

Figure 5 — Parse tree [2]

The way computers parses such trees, without getting into details, is by the use

of formal grammars and statistics obtained from corpus already manually annotated
(parsed) [22].

2.2.3 Semantic

Semantic analysis concerns the study of the words’ meaning. It is a step further
from lexical and syntactical analysis, that considers just words or their relationship within

each sentence. Semantics are about how words relate to each other according to their
meaning [21].
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In [21], some ambiguity challenges originated from natural languages regarding

word’s meanings are presented as follows:

¢ Homonyms: are words that are written the same way and often pronounced the
same way (in this case is also a homophony) but they have totally different meanings.
Examples: duck (as a noun: the animal OR as a verb: to lower the head or body to
prevent being hit by something) and pile (a mass of things grouped together OR

the head of a spear or arrow);

e Polysemy: it is a word that have more than one meaning. It is similar to homonyms,
but the difference is that in polysemy the same word have different meanings (but
possibly related) and in homonyms, there are different words (with different con-
cepts) that share the same shape. An example of polysemy is man, that can refer
to the human species, the male equivalent of woman or even an adult human (as

opposed to a boy);

e Compositionality: it is a principle in which the meaning of the whole can be
strictly predicted from the meaning of its parts. This is a huge problem because
natural languages often do not obey to this principle. An example is from the word
white, that represents different colors in different expressions. In white paper, it is
the actual white. In white hair, is usually grey. In white skin, it is really a rosy color.

And in white wine, it is actually yellow;

e Idiom: it is a sentence where the meaning of its components are not related to
the meaning of the phrase. Example: best of two worlds (the meaning usually do
not refers to anything about any worlds, it is usually meaning advantages from two
different things);

Other relationships between words’ meanings that must be considered are [21]:

e Hypernym and Hyponym: a hypernym is a word with a broader sense, for
instance, a animal, which is a hypernym of cat, dog, etc. In opposite, a hyponym
has a more specialized meaning. In general, if a word w1 is a hypernym of w2, then

w2 is a hyponym of wl;

e Synonyms and Antonyms: synonyms refers to two or more words that share the
same meaning. Examples: intelligent and smart or rich and wealthy. In its turn,
antonyms are words that have opposite meanings. Examples: hot and cold or long

and short;

e Meronym and Holonym: when two words have a part-whole relationship they
are meronym and holonym of each other. Examples: the word tire is a meronym of

car, whilst tree is a holonym of bark.
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All the preceding relationships between words demonstrates the complexity of
natural languages, specially when dealing with the associated meaning of words, in a
sentence context. In order to model all these relationships and help computers to better

process human languages, WordNet was created [24].

WordNet is a large database of the English language. It is modeled using synsets,
which are sets of cognitive synonyms expressing a specific concept. Its strength lies in
the interlinked structure linking synsets through their conceptual-semantic and lexical
relations (as the ones just listed above). Its structure forms a semantic network, that can
be used by many computational linguistics and natural language processing applications
24].

2.2.4 Discourse and Pragmatic

This subsection only gives a note on pragmatics as it is related to longer texts, out

of the scope of this work (that deals with short answers).

A discourse is a sequence of linked sentences. In a logical sequence of sentences,
it is common that the current sentence depends on the preceding one. One of the main
challenges in discourse analysis is to resolve anaphoric pronouns such as he, she and it.
Considering the following discourse: Angus used to have a dog. But he recently disappeared.
It is more possible that the missing agent is the dog, but it could also be the man (Angus).

It is harder for computers to decide in such ambiguities.

The discourse analysis is part of pragmatics, a study field concerned with how
knowledge about the real world interacts with literal meanings. Considering the example
about the dog and its owner, the reader only interpret the dog as missing because he
knows that people lose dogs, not the opposite. The same goes for the example: Angus
used to have a dog. He took him for walks in New Town. In this case, him is referring
to the dog, as a reader knows that humans take dogs for walks and not the other way

around.

2.2.5 Document-term Matrices, Bag-of-Words and Ngrams

One of the most used and intuitive ways of representing a set of documents com-
putationally is by the use of a document-term (or term-document) matrix (DTM). In it,
each row represents a document and each column a term. Documents can be any piece
of text such as a sentence, an article, a chapter, a short answer and etc. In its turn, the
terms are the words present in all the documents [23]. The following example will be used

to illustrate this subsection:

Documentl = “the man wrote a letter to the lady”

Document2 = “the letter was written for the lady”
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A DTM can be weighted in many ways [23]. Three of the most used are: 1) by
binary presence (1) or absence (0) of words 2) using term frequency to weight the matrix
(like in Table 1) and 3) using the term frequency-inverse document frequency (tf-idf) to
weight the matrix (this weighting scheme is used to not give too much importance to

terms frequently used in a set of documents).

Table 1 — Term-frequency weighted matrix

X | the | man | wrote | a | letter | to | lady | was | written | for
D1| 2 1 1 1 1 1 1 0 0
D2 | 2 0 0 0 1 0 1 1 1 1

If both documents went through a lemmatization and stopwords removal proce-

dure, the correspondent output and matrix would be much smaller, as seen in Table 2.

Documentl’ = “man write letter lady”

Document2’ = “letter be write lady”

Table 2 — Reduced matrix

X | man | write | letter | lady | be
DT 1 1 1 1 0
D2’ 0 1 1 1 1

Both the last two matrices, beyond being document-term matrices, are also a Bag-
of-Words (BoW) representation from text. It is characterized by the representation of
words disregarding order and grammar, but keeping their frequency. However, BoW is
only a specific case of the ngrams modeling. Ngrams parses the input text as a sequence
of m n-grams together. Following with the example, 2-grams would transform D1’ and
D2’ into:

Document1” = [“man write”, “write letter”, “letter lady”]

Document2” = [“letter be”, “be write”, “write lady”]

Table 3 — Ngrams matrix

X | man write | write letter | letter lady | letter be | be write | write lady
D1”» 1 1 1 0 0 0
D2”» 0 0 0 1 1 1

Moreover, using ngrams with words as in the previous example, there are also

character or syllable ngrams. Producing character 5-grams for D1’ and D2’ results in:

» o«

Document1”” = [“man w”,

P24

an wr”, “n wrt”, “ writ”, “write”,

= [“lette”, “etter”, “tter 7, “ter b”, “er be”,

ey “rlad”, “lady”]

Document2”’ ey “elad”, < lady”]
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2.3 Machine Learning

Machine learning (ML) is a research field within Artificial Intelligence from Com-
puter Science. It can be defined by the use of computers to make predictions considering
some existing data [25]. The goal of ML algorithms is to discover patterns in data, analy-

zing the available data and its relationships in order to predict for future situations [3].

As the center of machine learning, data can present itself in different shapes and
characteristics. In order to make sense from them, it needs to be modeled as a logic and
consistent set of features that can better describe its essence for computers. Once the
features that represents the nature of data are identified, they can be used in learning
algorithms that will attempt to find relationships between features from the samples

(each instance of the data) and possibly labels.

However, in order to find patterns on data, it needs to be available in a large
amount and be very representative of the task setting. In other words, for creating a
data set, a large amount of samples (or data points) are required, where each instance is

represented by a feature set, forming a matrix structure.

As a vast research field, machine learning can be divided considering some aspects.

Its algorithms can be divided in three categories depending on the type of its learning [3]:

e Supervised Learning: it is when the learning is driven by the given output labels.
Knowing the desired output label for each instance, learning algorithms tries to find

patterns in features that can lead to these specific outputs;

e Unsupervised Learning: used when there is no labels in the data, in other words,
when data is not categorized or there is not a specific value as output. In this case,
the goal is to find hidden patterns, leaving for the learning algorithm to make sense

from the data;

¢ Reinforcement Leaning: in this category, the learning process is conducted in a
different manner. It consists of training a algorithm by offering it a “reward” or a

“punishment” for the actions performed by the current state of learning.

ML can also be divided in three categories by considering the desired output for
a task, being [26]:

e Classification: consists of a supervised learning task when the given labels are
made of discrete categories, often called labels or classes. The goal of a classification

algorithm is to categorize new samples into one of the possible classes;



32

e Regression: another supervised learning category, it is used when the desired out-
put is a continuous variable. That is, values assumed by the output are not discrete

classes, they are inside a range and can assume any value;

e Clustering: being an unsupervised learning, it is performed when no labels are
available (neither discrete nor continuous). In this case, the goal of the learning
algorithm is to cluster samples into groups. In other words, its output consists of
assigning each new sample as belonging to a specific group, not previously known

before the training phase.

From this point on, in this section, the same data example will be used to illustrate
the addressed concepts. It consists in a dataset of 150 iris flowers, comprising their petal
and sepal lengths and widths (totalizing 4 attributes for each flower). Moreover, each
flower is classified in a specific category, according to its species: Setosa, Virginica and

Versicolor.

An image with common terminology used in ML datasets can be seen in Figure 6
(using the addressed example). Sepal and petal are exemplified in a iris picture. Then, the
150 instances (or observations, samples) are disposed in rows, with each row comprising
of four features (or attributes) from the flowers. Finally, in the last column of each row,

there is a label representing each iris’ class (its correspondent specie).

Petal
Samples —~
(instances, observations)

Sepal Petal
length width  length  width

- 5.1 35 1.4 0.2 Setosa
2 49 3.0 1.4 0.2 Setosa
50 | 6.4 35 45 1.2
150 | 5.9 3.0 5.0 1.8 Virginica
\ Sepal
/ Class labels
Features (targets)

(attributes, measurements, dimensions)
Figure 6 — Dataset terminology with iris example [3]

One goal of this iris dataset can be to discover if: with the available features
and labels, can an algorithm make correct predictions about new data? Considering the
labels, it is possible to tackle this challenge using supervised learning. Considering that

the desired output consists in three categories, this can be handled by a classification
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algorithm. An example of how to create and use a machine learning model with supervised

learning can be seen in Figure 7.

Labels ‘

Machine Learning
Algorithm

New Data ]E{>| Predictive Model ][:>‘ Prediction l

Figure 7 — Training and using a ML model to make new predictions [3]

As this work also deals with a classification task using supervised machine learning,
despite all machine learning algorithms, Decision Tree (DT) [27] was chosen due to its

specific characteristics, performance and usage in others algorithms.

Considering different machine learning algorithms, DT is one of the most used
and easy to understand [28]. Decision tree is similar to a flowchart, in some ways. It is
composed by nodes and lines (called branches). Nodes can be of two types: internals and
finals. Internal nodes represents a decision and, each branch leaving a node represents one
made decision. Final nodes stands for a final decision, representing the possible classes.

An example of a built decision tree using iris data can be seen in Figure 8.

Petal Width

<06 > 06
setosa Petal Width
(50.0) etal Wi
<17 217
Ay
Petal Lenath virginica
e (46.0/1.0)
<49 49
versicolor Petal Width
(48.01.0) i
<15 =15
Z

virginica versicolor
(3.0) (3.011.0)

Figure 8 — Decision tree with iris example [4]
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Despite DT’s good performance and easy to understand models, it has a major
disadvantage: it is prone to overfit. This is a problem in machine learning algorithms
when the built model performs good, but is too fitted to the given data. Thus, when used

on new data, the model performs poorly [28].

In order to aid with the overfitting problem, another algorithm was created, called
Random Forests (RF) [29]. The idea is to use a great amount of decision trees, each
one built with a different subset from the original data, take predictions from each tree

and then defining a final prediction based on the majority vote from all the trees.

Random Forests is an example of an ensemble learning algorithm. The concept
behind ensemble learning techniques is to combine results from several “weak” learners
to build a more robust model, a “stronger” learner that can generalizes better and be less

susceptible to overfit [25].

Another ensemble learning algorithm, also usually based on decision trees, is Gra-
dient Boosting Machine (GBM) [30]. A great difference between RF and GBM is that
the former is a bagging algorithm, whereas the other is a boosting algorithm. Bagging
uses several independently models and combine them after each one has finished. On the
other hand, boosting algorithms are sequential, that is, models are created sequentially,
one after the other, and the error from the former is handled by the next. This is the case
for GBM, that in each iteration, using a single model, tries to improve the current model

based on the error from the previous one.

In order to summarize and present an overview of the whole process, Figure 9

shows a commonly used pipeline when creating and using machine learning models.

Feature Extraction and Scaling
Feature Selection
Dimensionality Reduction

Sampling

/ \ / \ / Labels ---—*,\ / \
]
o Learning ">  Final Model 2 New Data
raining Latas BO! m I
Labels Training Dataset Algorith H
I ]
> P v
Raw TestDataset |peypvvererervevrveqpwevevewd | Labek
Data A i
| P p——— = A T 4
\ Preprocessing / & Learning T Evaluation k- Prediction r

Model Selection
Cross-Validation

Performance Metrics
Hyperparameter Optimization

Figure 9 — A commonly used pipeline for creating and using ML models [3]
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Each process from Figure 9 is detailed below:

e Preprocessing: in this first step, the data is processed and organized in order
to be used as a dataset. As ML algorithms works with numbers, data consisting
of categorical variables, text, image and etc. need to be somehow converted to
numbers. This is the work of feature extraction, the process of transforming the
data for being used by further algorithms. Other preprocessing techniques consists
in handling missing values, outliers and scaling different features to be on the same

range;

e Dimensionality Reduction: it is used when the original features are highly cor-
related and therefore redundant. As this situation can impair the learning process,
dimensionality reduction techniques extracts features from a higher dimension to a

lower one with less correlation between features;

e Feature Selection: another procedure to reduce the number of features. This is
done when some of the used features are not helping or even impairing the learning

process. In this case, they are completely removed;

e Learning: after the previous procedures were performed, the data is ready to be
used as input to a machine learning algorithm. Which will, in its turn, return a

trained model, ready to be used;

e Prediction: in possession of a trained model, it is possible to use it to make pre-

dictions on data that has never been seen before.

By performing the exposed procedures, one can successfully create and use a ma-
chine learning model. However, in order to assess its quality, it needs to be somehow
evaluated. This can be achieved with the use of performance metrics and the model

evaluation. Some of the most used performance metrics are [3]:

e Confusion matrix: it is a matrix of size n xXn in which the predicted samples classes
are reported in contrast to their actual classes. In Figure 10 it is possible to see a 2x2
confusion matrix. In this particular case, each matrix quadrant is named as shown
in the figure. However, generalizing for the n value, the main diagonal contains the
correctly predicted samples and the other cells contains incorrect predictions. In the
example of the iris confusion matrix (Figure 11) the correspondent interpretation is
the following: the model has predicted 50 setosas as being setosas, 48 versicolors as
being versicolors and 49 virginicas as being virginicas. However, it also predicted 1

virginica as being versicolor and 2 versicolors as being virginicas;
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a0

Predicted class 45
setosa
P N 0
True False
P | Positives Negatives
(TP) (FN) varsicolor -
Actual
Class
False True
N | Positives Negatives
(FP) (TN) virginica |

. .
setosa versicalar wirginica

Figure 10 — A confusion matrix [3]

Figure 11 — Confusion matrix - iris example [5]

e Accuracy: is defined by the number of correctly predicted samples over the total

of instances:

TP+TN
Acc = 2.1
“TTP+FN+FP+TN (21)
In the example from Figure 11, the accuracy is defined by:
50 + 48 + 49
— =98 2.2
150 % (22)

e Precision: considering a specific class z, the precision of x is calculated by the
number of samples that were correctly classified over all the samples classified with

the same class. In other words, from the confusion matrix:

TP
Precision = W (23)

e Recall: it measures the proportion of correctly predicted samples from a specific

class = over all the samples that actually have the same class z. As equation:

TP
R@Call = m (24)

e F1: it is the harmonic mean between precision and recall scores. It is defined by:

Pl 2Preci5ion X Recall (2.5)

Precision + Recall

e Cohen’s Kappa Coefficient: it measures agreement between two different raters
(or the actual and predicted values) from a set of n items (or samples) classified into
k categories [31]. The interpretation of the obtained value is defined by [32] as: < 0
- having no agreement, 0 to 0.2 - slight, 0.21 to 0.4 - fair, 0.41 to 0.6 - moderate,
0.61 to 0.8 - substantial and 0.81 to 1 - almost perfect;
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e Pearson’s Correlation Coefficient: it measures the linear correlation between
two variables. It is calculated dividing the covariance of the two variables by the

product of their standard deviations [33];

e Spearman’s Rank Correlation Coefficient: it is similar to the Pearson’s corre-
lation coefficient, but in the Spearman’s the relationship between variables can be
linear or not. It is calculated in a very similar way to Pearson’s, but the rank of the

variables are used instead of themselves [34].

Despite all the preceding performance metrics, a machine learning model is still
not ready to be evaluated. Assessing the model on the same data that it was trained for
is not the correct way of validation. Different aspects of the training set used to build the

model can influence in its ability at predicting future samples.

In order to properly validate machine learning models, some techniques can be

used to avoid overfitting or underfitting and correctly show the model’s performance:

e Holdout: it splits the original dataset into a training and test set with a specified

percentage proportion (examples: 70/30 or 80/20) [26];

e K-fold cross-validation: it uses the splitting idea from holdout, but it repeats
the process k iterations. At each iteration, a kth piece of the dataset is used for
testing and the rest is used for training. In the end, the average of each iteration is

considered to be the model’s performance [25];

e Leave-one-out cross validation: with this technique, only one instance is used
as test set and all the other samples are use as training set. Like k-fold, the process
is repeated. However, in this case, each of the n instances will be the test set, and

n iterations will be performed, one for each [25].

Finally, counting on a reliable way to test the model’s performance, it is possible
to improve it a little further. Some machine learning algorithms like Random Forests and
Gradient Boosting have what is called hyperparameters. These are parameters from
the internal structure of the algorithms, that possesses a default value. However, as a
parameter, it can be changed, and by changing, it is possible to significantly improve
or decrease the model’s performance. This process is usually referred to as parameter

tuning.
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2.4 Word Embeddings

Subsection 2.2.5 expatiate in one of the most common ways of language modeling
for computer interpretability. Using a bag-of-words, ngrams and document-term matrix
approach can be very useful, despite its simplicity. However, more powerful and sophisti-
cated methods are available. In order to understand them, it is necessary to go through

the history of representing words in vectors and the issues with simple representations.

The representation of words as presented in Subsection 2.2.5 has some issues that
might be relevant to be addressed in specific applications. Firstly, words that are seman-
tic related have different columns in DTM matrices, that do not represent the meaning
relation between these different but related words. Secondly, each new word in the voca-
bulary constitutes one more dimension to be represented in DTMs, which is a problem

for vocabularies of thousands or millions of different words [35].

New approaches for constructing more effective Vector Space Models (VSMs) and
addressing the aforementioned issues made use of the co-occurrence of words based on
large corpus. The idea that words sharing similar context also share similar meaning was
proposed in the 1950s by [36] and [37] in the distributional hypothesis linguistic theory.
This idea enabled the development of new approaches such as Latent Semantic Analy-
sis (LSA) [38], a method that applies Singular Value Decomposition on a co-occurrence

matrix to reduce its dimensionality.

A great resource used by LSA for tackling the high dimensionality and semantic
representation issues was to use a large corpus in order to extract relevant information.
By mixing the distributional hypothesis theory, the large amount of available text data in
recent years (Google News) and shallow neural networks architectures arises Word2Vec
[39]. This work popularized the term Word Embedding and presented two novel model

architectures for continuous vector representation (CBow and Skip-gram).

The CBoW model trains the neural network to predict a target word based on its
contextual words (that is, it uses the words from before and after the target word, based
on a window of a specific size w). Oppositely, Skip-gram uses the reverse idea and uses

one word to predict the surrounding words in the window [39)].

The Word2Vec model solved the dimensionality issue: in this novel method, there
is a parameter for defining the desired number of dimensions (usually tens or hundreds of
dimensions, in contrast to thousands or millions from sparse models). This low dimensio-
nality reduces the computational power needed to process words. Moreover, the improved

efficiency of Word2Vec is verified in many NLP tasks and applications [35].

However, beyond the aforementioned benefits of Word2Vec, it became widely
known by its capacity of modeling semantics in a way that it enables to resolve analogies

such as: king is to man as queen is to woman [39]. These semantic regularities can be
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obtained from simple algebraic operations between words’ representations. The previous
example comes from the equation: vector(“king”) — vector(“man”) = vector(“queen”) —
vector(“woman’). This can be verified by changing any of the four elements by an unk-
nown variable and performing the calculation. The resulting vector is the closest to the

vector from the expected word.

Another possible usage from this vector calculation feature is to find the most
similar words for a given word. For instance, a Word2Vec model might return the words
emperor, prince, tsar, despot for the word king. It could even return cat, bird, feline,
ferret for the word dog. These similarities and analogies between words can be visualized

by projecting the vectors in two dimensions, as in Figure 12.
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Figure 12 — Vectors projected in 2D: example [6]

One more property of Word2Vec is the Additive Compositionality. If the vector
representation of two words is summed, their sum can correspond to a meaningful concept.
For instance, adding “Russian” and “river” together can produce a vector very close to

“Volga river” (a river located in Russia) [40].

The Word2Vec is a model that can be created in a automatic way, simply by
providing it with a large corpus like Google News. It opposes to knowledge-based appro-
aches for semantic modeling, such as WordNet. The benefits of Word2Vec upon WordNet
is that it requires no human labor, it uses the context in which words appears on text
(while WordNet does not) in their representation and it has a greater adaptability to
other domains. The disadvantage is that Word2Vec has less interpretability than Word-
Net, because its senses are built based on corpora, as opposed to WordNet’s manually
defined senses [35].
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3 SYSTEMATIC LITERATURE REVIEW

This chapter presents a Systematic Literature Review (SLR) in the ASAG study
field. When searching for surveys, six literature reviews on the subject were found [41, 34,
42,43, 1, 44]. However, two of them [34, 43] have essay systems mixed along with the short
answer ones. In its turn, [44] reviews only studies that used an Information Extraction
approach for ASAG. The other three surveys reviews only automatic short answer grading
systems and without restrictions on the approach, especially [1] that has the most recent
and comprehensive review. Despite all these surveys, this chapter presents a systematic
approach (not found in the others) for conducting the literature review based on [45]
guidelines. Inspired by [1], who has already conducted a comprehensive review, and by
[44], that reviews focused on only one approach, we limited the scope by reviewing only

studies that used a machine learning approach to solve the problem.

This chapter is structured as follows. Section 3.1 presents the methodology used to
conduct the research. Section 3.2 goes over details of the planning step. Section 3.3 reports
the accomplished conduction process. In Section 3.4 the results of the review are presented.
Finally, closing the systematic review, in Section 3.5 a summary from previous sections is
presented. In order to complement the systematic review (first conducted in early 2017),
Section 3.7 reports an update considering all of 2017 and 2018’s works. Additionally, a

review of Portuguese works is also performed and reported in Section 3.6.

3.1 Methodology

According to [45], systematic reviews can identify, evaluate and interpret all availa-
ble research concerning a specific research question, topic area or phenomenon of interest.
It can present a fair review of the research topic by using a rigorous, trustworthy and
auditable methodology. The process defines a research protocol in which researchers have
to follow when conducting the research. The detailed and replicable aspects of systematic
reviews are their main advantage since other researchers can follow the conducted process

and even repeat the research obtaining the same results (considering same period).

Another kind of review that can be considered to provide an overview of a literature
topic is the Systematic Mapping Study (SMS), sharing some common aspects with SLR
and differing in others [46, 47, 48, 49]. Some of their differences are:

e SMSs are usually broader than SLRs considering the studied topic area and in the

number of considered works [49, 46];
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e A SLR generally deepens into the analysis of each work, whilst SMS only provides

more surface analysis like work’s identification and classification [46, 48];

e For a SMS there is no need of a rigorous quality assessment criteria for the works

in analysis [48];

e On a SMS, categories must be identified, whilst a SLR can focus on only one of the
identified categories [47, 48].

To sum up, SMSs are broader than SLRs, in the sense that the former analyzes
more works in a more general topic and SLRs focus on a more specific topic and les-
ser works. Also, a systematic literature review performs a deeper analysis of each work

individually than a systematic mapping study.

In this work, a kind of mixture of SMS and SLR is performed to review the
literature. Most of the research questions defined for the review here presented are SMS’s
kind, classifying, categorizing and comparing works in tables and graphics. However, one
of the questions involves a deep analysis of primary studies to be answered, an aspect
typically of a SLR.

Also, the methodology for this work is heavily based on systematic literature re-
view’s procedures of [45]. However, two methodological steps are not performed in a
rigorous manner required by SLR: the research protocol validation and quality criteria

assessment.

For this review, the research protocol is only validated with the advisor of this
work, a researcher with expertise in the application of computing in education. No further
validations are performed (such as with externals specialists). Also, the quality criteria
is presented and applied, but not in a rigorous procedure such as defining and grading
conditions, summing grades and defining a threshold value to accept or reject works (as
it is done in systematic reviews [46]). The quality criteria is based on whether the work

in analysis can answer to most of the defined research questions or not.

All of the aforementioned design decisions made for this work are presented in other
to call attention for the validity of the review and its possible threats. This is important
because any difference in the methodological procedure could lead to a different review’s
result. All things considered, the following sections presents the steps performed in the

review and the results achieved.

3.2 Planning

The planning stage of a systematic review elaborates the review protocol, which

specifies the methods that will be used before starting the review. Such early definition
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helps researchers avoid a biased process. The protocol (in the following subsections) in-
cludes the objective, research questions, keywords and synonyms, the sources definition,
data extraction strategy (based on research questions) and studies inclusion, exclusion

and quality criteria definition [45].

The protocol of this systematic review was elaborated by the conductor of the
process and validated only by one researcher, a specialist on the research field of the

application of computers in education.

3.2.1 Objective and Research Questions

This systematic review seeks to study, explore and understand the current state
of the art of automatic short answer grading, considering works that used a machine
learning approach to handle ASAG. The research questions elaborated to address the
review objective are presented in Table 4. Within some of the research questions, sub-

questions were also defined, as shown in Table 5.

Table 4 — Research questions

ID Research Question
RQ1 | What is the temporal distribution of the studies?
RQ2 | What is the datasets’ nature?
RQ3 | Which natural language processing techniques are used?
RQ4 | What are the selected features?
RQ5 | Which machine learning approaches are employed?
How are the results obtained and how do they compare

RQ6 with human grading?
Table 5 — Research sub-questions
1D Research Sub-question

RQ2.1 | What is the knowledge area addressed in the questions?
RQ2.2 | Which natural language is used in the questions and answers?
RQ2.3 | Are the questions applied in school or college?
RQ2.4 | How old are the respondent students?
RQ2.5 | How many questions are involved in the study?

How many reference answers (provided by teachers) were
RQ2.6 : .

used in each question?
RQ2.7 | How many answers are there for each question?
RQ2.8 | What is the grading scale of the questions?
RQ2.9 | What is the average size of the questions?
RQ6.1 | Which metric is used to evaluate the system?
RQ6.2 | What is the human-human agreement about the given score?
RQ6.3 | What is the system-human agreement about the given score?
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3.2.2 Sources (Online Databases) and Search String

The sources of this systematic review are the following nine online databases: Le-
arnTechLib, Microsoft Research, ScienceDirect, IEEE Xplore Digital Library, ACM Digital

Library, Scopus, Springer, Semantic Scholar and Keele University Library.

As the other literature reviews on the ASAG subject do not present a systematic
procedure, there are no previous search strings to base the creation of a new one. Conside-
ring this, some preliminary research was made to determine the most used words for the
subject matter. Similar words were grouped and a search string using boolean operators
was created and refined using one of the online databases until it was considered good
despite all the possibilities that those keywords creates. The search string composed by

the keywords and synonyms is:

(“automatic assessment” OR “automatic scoring” OR “automatic marking” OR
“automatic grading”) AND (short OR “short answer” OR “free text” OR free OR text)
AND (response OR question OR answer)

The above string was used in all sources, but some of them have different ways of
representing the boolean operators. In some cases the string was divided in two or four,
but keeping the string identity with its respective result set, in order to accomplish the
database interface restrictions. English results filter was used where possible to match the

exclusion criteria presented in the next subsection.

3.2.3 Inclusion, Exclusion and Quality Criteria

The Inclusion (I), Exclusion (E) and Quality (Q) criteria used when filtering the
works is detailed in Table 6.

Table 6 — Inclusion, exclusion and quality criteria

Type | Criteria Type | Criteria
I Studies written in English E Studies written in another language than English
1 Journal, Conference or Methodology papers E Studies that do not match the research questions
I Studies relevant to the subject matter E Papers about the same study or system
E Secondary studies Q Are most of the research questions answered?
E Semi automatic approaches Q Is the research methodology properly exposed?
E Studies that assess essay length answers Q Are all the used techniques properly described?

3.2.4 Data Extraction Strategy

The data extraction strategy consists in the elaboration of a record for each study
under review. This record contains bibliographic fields, the research questions and sub-
questions fields and some general observations about the paper. All fields will then be

filled whenever possible.
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3.3 Conduction

3.3.1 Search in the Online Databases

In this stage, the defined search string was used to perform the research in the
nine online databases. The results were exported from the databases in some bibliography
reference format like bibtex, RIS or CSV. To easily handle these files and their content,
a software called StArt (State of the Art through Systematic Reviews [50]) was used.
This software was developed by the software engineering research team of the Federal
University of Sao Carlos. The StArt tool helps researchers in the process of planning,

executing and summarizing a review.

The sum of the retrieved results from the nine databases was 6789. From those
papers, 1562 consisted of duplicated papers due to papers that are in more than one online
database. StArt has a tool that automatically detects the duplicates by comparing the
important reference fields like the title. In Figure 13 it is possible to see the databases
search result numbers without the duplicates. The large number of results is due to the
broad range created by the string. The search string fits good for getting wanted results,
but it also gets other areas of research like medicine. For instance, one possible form that
the search string can assume is “automatic scoring short response” which can refer to
analyses about the performance of medical tools for measuring short body responses like

stimulus or impulses. This explains the large number of initial results.

ACM
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University
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~IEEE
Semantic 18%
Scholar
L —
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Figure 13 — Papers’ sources

3.3.2 Inclusion and Exclusion Criteria Application

In sight of the 5227 remaining papers, the inclusion, exclusion and quality criteria

were applied in three levels. First, the inclusion and exclusion criteria were applied only in
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the title and keywords (and abstract if necessary). This filter reduced the numbers to 182.
These papers were related with the research but not necessarily addressing all criteria.
In the second stage, the title, keywords and abstract were carefully read to identify the
relevant studies. That stage left 112 remaining papers, which were all downloaded with
the exception of papers that we did not have access to (five). The remaining 107 papers
were read following the first step defined in [51], which consists of reading the paper from
four to ten minutes passing by the title, abstract, introduction and section and sub-section
headings. The results, figures and references were also glanced to determine if the paper

would pass to the next step. This technique resulted in 75 remaining papers.

Among these 75 studies, only papers that described the use of a machine learning
approach to handle ASAG were selected. This was done by looking at each paper’s abstract
and introduction and searching for keywords like “machine learning”, feature, classifier,
regression and similar. After this procedure, 18 papers remained. Knowing that due to the
nature of the field a variety of keywords could be used in the studies and not being present
in those 18 papers, we looked up for studies using the machine learning keywords in the
six identified review papers mentioned in the introduction of this chapter. We gathered
26 more papers by looking in their references and 14 more looking at papers that cite
those reviews in Google Scholar or in the references of the 14 recently acquired papers
(from 2014 to 2016). This left us with 58 papers. The final filtering process can be seen
in Figure 14.

First Search Duplicate Criteria
Results: Elimination: Application -
6789 works 5227 works Step 1:
182 works

- Criteria
Only Machine Criteria Application -
Learning as Apghcat;).n ) Step 2:
Approach: 75t(\e/vpork.s 107 works

18 works

References'
Look up:
58 works

Full Reading and
Quality Criteria:
44 works

Figure 14 — Work’s Filtering
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3.3.3 Data Extraction

In possession of the remaining 58 papers, they were fully read in order to apply the
quality criteria and at the same time do the data extraction step. A record was created
to fill with the information to be extracted of each paper. The fields of the record are
bibliographical info, research questions and sub-questions and general annotations. After
the quality filter, the number of papers was finally established in 44. From these 44 studies,
the answers of the research questions were obtained, the data was summarized and the

results created.

3.4 Results

In this section, the results of the review are presented. Firstly, the 44 selected pa-
pers are shown in Table 7, with their IDs and references. Then, each subsequent subsection

will answer to one of the research questions defined in the planning stage.

Table 7 — Selected papers (IDs and references)

ID | Reference ID | Reference ID | Reference

1 Rosé et al. 2003][52] 16 | [Peters and Jankiewicz 2012][53] 31 | [Higgins et al 2014][54]

2 | [Pulman and Sukkarieh 2005][55] | 17 | [Sil et al. 2012][50] 32 | [Aldabe ct al. 2015|[57

3 Makatchev and VanLehn 2007][58] | 18 | [Dzikovska et al. 2012][59] 33 | [Sakaguchi et al. 2015][9]

4 Nielsen et al. 2008][60] 19 | [Madnani et al. 2013][61] 34 | [Nye et al. 2015][62

5 Wang et al. 2008][63] 20 | [Levy et al. 2013][64] 35 | [Luo et al. 2015][65

6 Lee et al. 2009][66] 21 | [Heilman and Madnani 2013][67] 36 | [Sorour et al. 2015][68]

7 Sukkarieh 2010][69] 22 | [Jimenez et al. 2013][70] 37 | [Ramachandran et al. 2015][71]
8 HOU and TSAO 2011][72] 23 | [Bicici and van Genabith 2013][73] | 38 | [Zesch and Heilman 2015][74]
9 Mokhler et al. 2011][75] 24 | [Gleize and Grau 2013][76] 39 | [Zhang et al. 2016][77]

10 | [Meurers et al. 2011al[78] 25 | [Ott et al. 2013][79] 40 | [Magooda et al. 2016][80]

11 | [Meurers et al. 2011b][78] 26 | [Kouylekov et al. 2013][81] 41 | [Sultan et al. 2016b][82]

12 | [Zbontar 2012][83] 27 | [Horbach et al. 2013][84] 42 | [Roy et al. 2016][85]

13 | [Tandalla 2012][86] 28 | [Leeman-Munk et al. 2014][87] 43 | [Liu et al. 2016][11]

14 | [Conort 2012][88] 29 | [Gomaa and Fahmy 2014][89] 44 | [Sultan et al. 2016a][90]

15 | [Jesensky 2012][91] 30 | [Moharreri et al. 2014][92]

3.4.1 RQ1: Temporal distribution

At conducting the review, some interesting facts about the development in the field
were noticed. The beginning of ASAG research focused mainly on rule-based methods,
concept mapping, manually written patterns, information extraction and similar approa-
ches, as pointed in [1]. This fact can be noticed in Figure 15 as between 2003 and 2010

there is about only one work per year that uses machine learning and filled our criteria.
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Figure 15 — Work’s temporal distribution

In 2011, the ASAG scenario starts to change when the first three publicly available
datasets were released (the Texas dataset [75] and the CREE and CREG datasets from
the CoMic project [78, 93]). These datasets opened possibilities for future works fair

comparisons and began the “Evaluation Era” as stated by [1].

The huge growth of ASAG works in 2012 and 2013 (as seen in Figure 15) can
be explained by two competitions that challenged participants to solve the short answer
scoring problem. In 2012, the ASAP (Automated Student Assessment Prize) competition
took place, organized by the online website Kaggle !. The top five winners released their

codes and work methodology papers, which are included in this systematic review.

In 2013 another competition occurred, the SemEval 13 Task 7, the Joint Student
Response Analysis and Eighth Recognizing Textual Entailment Challenge [94], releasing
the Beetle and the SciEntsBank datasets. In total, three more public datasets were released
from both competitions, which favored the next years (2013 to 2016) in researching new
methods to solve ASAG since now there were six public datasets available that could be

(and were, as seen in Section 3.4.6) used to evaluate new works.

As seen in the trend line of Figure 15, the trend is an overall increase in works that
uses a machine learning approach on ASAG. The reasons, beyond the data availability,
is that the techniques are more consolidated and it is a problem with a real world direct

application.

3.4.2 RQ2: Nature of datasets

There is a great variety in the nature of datasets used by each reviewed paper.
They vary in many aspects such as in the topic of the questions, language, student cha-
racteristics, grading scale, answers average size and the number of questions, answers and

reference answers samples as can be seen in Table 8. In there, all of the different datasets

L http://www.kaggle.com/c/asap-sas
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identified (28 out of the 44 studies) are presented. Some papers use more than one dataset.
The ID column reports the id of the work that used this dataset, associated with their
references in Table 7. The exceptions are ids from D1 to D6 that comprises the public
datasets presented in the previous subsection (by the same order of appearance in the
text) and better explained in Subsection 3.4.6. A X represents not reported information.
Languages are represented in the table by their two letter ISO 639-1 representation due

to available space.

Table 8 — Datasets’ attributes

ID Topic Lang. | Educ. Level | NoQ | NoApQ | NoRA | Grading Scale | Resp. Length
1 Physics EN University 1 126 CPs 1-6 matches 48 W
2 Biology EN 16 years 9 200 X 0-n,n: 14 *Nominal
3 Physics EN X ‘ 1 293 CPs 1-16 matches X
4 Science EN Grades 3-6 290 53 1 5 classes *Nominal
5 Science ZH HighSchool ‘ 4 226 CPs 0 - n, n: 28-30 X
6 Science ZH High School 1 391 X 0 to 10 X
7 R. C. EN Grades 7-8 ‘ 18 76 CPs 0-n,n:2-3 X
8 Formal Languages EN University 9 38 1 2 classes X
17 Scientific Inquiry EN Middle School ‘ 2 152 0 0to 4 48.5 / 62.4 W
19 R. C. EN Grades 6-9 2 1348 1 1to5 45
28 Science EN 10 years ‘ 20 67 1 3 classes *Nominal
29 Philosophy AR X 50 12 X 0 to 10 2585 /24 W
30 Biology EN University ‘ 86 2200 1 2 classes X
33 R. C. EN Grades 6-9 4 2000 1+, CPs 0 to 4 1,3/68S
34 Scientific Inquiry EN University ‘ 33 35 1 1to 6 X
35 | Introductory C. S. JA University 15 123 X 5 classes X
38 | US Citizenship Test EN X ‘ 10 486 X 2 classes 4T
39 Physics EN University 482 34 1+ 2 classes 7.6 W
40 Science EN University ‘ 61 10 X 0tob X
40 Science AR University 61 10 X 0tob X
42 R. C. HI 12 years | 14 58 1+ 0to5 X
43 Scientific Inquiry EN Middle School 8 500 1+ 0tob X
D1 | Introductory C. S. EN University ‘ 80 28 X 0to5 X
D2 R. C. EN ESL 75 8 X 2 / 5 classes 1,58
D3 R. C. DE GSL ‘ 177 6 1,3 avg 2 classes *Nominal
D4 Interdisciplinary EN Grade 10 10 2295 0 0O-n,n:2-3 50 W
D5 Electronics EN High School ‘ 47 109 1 2/ 3/ 5 classes X
D6 Science EN Grades 3-6 135 80 1 2 / 3/ 5 classes X

Some terms used in the table are contracted due to available space, with their definitions fol-
lowing. NoQ: Number of Questions. NoApQ: Number of Answers per Question. NoRA: Num-
ber of Reference Answers. R. C.: Reading Comprehension. C. S.: Computer Science. ESL:
English as Second Language. GSL: German as Second Language. CPs: Concepts. *Nominal:
Some authors defined the response’s length in nominal forms like “from short verb phrases to
several sentences”, “from a couple of words to several sentences”, “up to around five lines” and
“one to few sentences”. S: Sentences. W: Words. T: Tokens.

Science related questions are the most common (57%) topic in the studies (Figure
16). Some studies only report generic science whereas some specify like Scientific Inquiry,
Biology, Physics and Electronics. Another greatly used kind of questions are the reading
comprehension type, present in 21% of the datasets. Computer Science related topics are

also present (11%) in some works dealing with programming basic concepts, introductory
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and formal language content. Other topics comprise of Philosophy, US citizen test and

interdisciplinary content.
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Figure 16 — Topics

Concerning the language of the datasets, 75% of them are in English. The other
25% are distributed between Chinese and Arabic (2 datasets each) and Japanese, Hindi

and German (1 dataset each).

The respondents’ educational level is reported in 89% of the papers. From those,
56% are in school as some report being in “middle school”, “high school”, “grade x to y”
or the students’ age. The other large group (36%) is in college, usually without specified
age or year. Two works also deals with Second (Foreign) Language Studies (in English

and German).

The graphic in Figure 17 reports the numbers of answers per question used among
the 28 datasets.
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Figure 17 — Number of answers per question
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The number of reference answers is not reported in one third of the works. Most
studies used 1 (sometimes more) reference answers for comparisons with the students’

ones. Few papers describe the use of concepts instead of reference answers itself.

The grading scale is presented in Table 8 in three possible formats: number of
matches, a range of points or the number of classes. Some datasets have more than one
grading scale for the same questions. Two, three, four and five points or classes correspond
to the majority of works. Some have a 10 point scale and one isolated work has a 30 point

range scale.

Only half the studies reports the responses’ length. They are presented in terms
of average number of words, sentences, tokens, lines or a written estimate. The number

of sentences varies from 1 to 7 and the number of words from 7 to 63 in average.

Examples of questions, answers and grades from public datasets can be seen in

Table 9.

Table 9 — Examples from public datasets

Id Ref Question/Prompt Answer Scale | Grade
A wvariable is a location in the computer’s
D1 What is a variable? memory, in which a value can be stored 0tod 3
and later can retrieve that value.
How is violence The bad guys do not usually win. Harmful
D2 portrayed in cartoons or threatening characters usually tend to 6 cl. MC
according to the article? lose in the end.
Ein Freund von dir méchte
sich die alte Kamelienpflanze | Er solite Mitte Februar bis April gehen,
D3 ansehen. Wann sollte er nach | weil die alte Kamelienpflanze 5 cl. correct
Pillnitz gehen und warum zehntausende karminrote Bliiten trdgt.
gerade in dieser Zeit?
List and describe three 1. Cells can use Passive Transports,
processes used by cells Lo .
which is where there is no energy used.
D4 to control the movement . . 0to3 2
2. Cells can use Active Transports, which
of substances across is where there is energy used
the cell membrane. 9y '
the differences in the electrical states of
D5 What is voltage? the positive and negative terminals of a 5cl. | correct
battery
Carrie wanted to find
t which hard
ot Whie W%S ATcet, a You could scratch the penny against the
penny or a nickel, so she . . .
D6 . nickel and the nickel against the penny. 5 cl. | correct
did a scratch test. How If one scratches the other, it is harder
would this tell her which ’ ’
is harder?

Scales with “cl” stand for categorical classes. MC stands for “Missing Content”.
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3.4.3 RQ3: Natural Language Processing/Preprocessing Techniques

In order to model answers in easier ways for the computer to interpret them, some
Natural Language Processing (NLP) techniques can be used. A reasonable number of

different techniques are used in the reviewed studies to perform the preprocessing.

Not all works describe using NLP in the preprocessing step and we can assume that
either they did not use these techniques or considered them not sufficiently relevant to
report. We found the use of 19 different techniques among the 44 works. The bar graphic
in Figure 18 shows the techniques ordered by the number of studies that used them.

Part-of-speech Tagging s | S
Stemming S | 7
Parsing s |G
Spelling Correction I ——— |
Stopword Removal meeeessssssssssssssss— |0
Tokenization S ————— ()
Lemmatization messssss—— ()
Sentence Segmentation E—————— 3
Chuncking m—— G
Pontuaction Removal m—— -
WordNet Word Expansion e
Case Normalization e
Semantic Role Labeling  n—
Question Word Demoting 3
Named Entity Tagging 3
Other Symbols Removal w9
Numbers Removal mm |
Acronym Expansion = |

Figure 18 — NLP /Preprocessing techniques

3.4.4 RQ4: Features

In order to solve some problem using machine learning, some variables of the
samples in the data must be identified in order to explain and predict the output. In
ASAG, a large number of different features have been used in the literature to achieve

good results. They can also be classified in different ways.

Maybe the higher level division that can be made is the one explicit defined in
[9]: features can be response-based or reference-based. The Response-based approach
extracts features only from the student answer itself (e.g. ngrams, etc). With regard to
the Reference-based approach, it compares the student answer to an expected reference

answer, using many different ways for measuring their similarity.

One way of classifying different similarity approaches is the following [95]:

e String-based: it measures how two sequences of characters or words are similar
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based on the real composition of the words, analyzing their lexical similarity;

e Corpus-based: it is based on algorithms that collect statistics from large corpora

and creates a model that can represent semantic associations;

¢ Knowledge-based: it is another way for measuring semantic similarity, but unlike
corpus-based approach it is not based on statistics from corpora. Actually, it is based
on semantic networks that models relationships between words, usually hand-crafted

by human experts.

More details from similarity measures are presented in the following subsections,
that are divided based on the natural language processing four categories: Lexical, Syn-
tactical, Semantic, Discourse and Text Statistics. Each subsequent subsection will explore

each one of them and present some of the most used and representative features.

3.4.4.1 Lexical and Text Statistics

In the lexical level, features consider only words by themselves. The most common
model used in the reviewed works is Ngrams, as discussed in the previous chapter in
Subsection 2.2.5. In the literature the n varies from one to six and the ngrams are made
of letters or words. The ngrams model is used in more than 70% of the works. It is
considered as a baseline feature. A special case of the word ngrams is when n equals 1,
in which case is commonly known as a Bag-of-Words (BoW) model. BoW only takes in
consideration the words and their frequency in some text, disregarding word order. This
fact makes some authors ([56], [75]) alert not to take only BoW in consideration when
handling ASAG.

Once the student’s and teacher’s answers are modeled using ngrams (after prepro-
cessing procedures discussed in 3.4.3), the presence or absence of the important words is
what matters. In case of n > 1, the presence of subsequent words or characters are also
taken in consideration. This makes it easier to compare the answers between teachers and

students.

Some studies used established metrics that have ngrams underneath like BLEU
[96] and ROUGE [97]. Longest common substring is also considered as feature because it

can indicate the longest ngram between the student and the reference answer.

Another way to extract features in the lexical level is to compare the student answer
with a reference answer and assign a similarity score. The similarity measures based on
the lexical level are called string-based because they are based on the raw content of
the text, in the chain of characters and terms. When referring to lexical similarity, the
overlap term can be used to indicate an intersection of characters or word between two

text segments.
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Techniques based on characters sequences are known as Longest Common Subs-
tring algorithm measures. Different metrics are available, such as Damerau-Levenshtein

98], Jaro-Winkler [99], among others.

The other possible way of measuring lexical similarity is to use a term (word)
based technique. It works by comparing two strings and taking in account how much
they share in terms of words. Some of the representative metrics used are City-Block (or
Manhattan) Distance, Cosine Similarity, Dice’s coefficient, Euclidean Distance, Jaccard

similarity, among others.

Other greatly used features are text statistics like response’s length, count of words,
count of unique words, count of spelling errors, verb counts, number of characters, sen-

tences, word average length and similar.

3.4.4.2 Syntactical

Despite the fact that ngrams with n > 1 can represent some part of word order,
they do not model syntactical characteristics. There are, however, phrase and dependency
ngrams that can model some syntactic meaning [60]. Phrase ngrams are the combination

of the main verb and their noun phrase.

Syntactic ngrams are made of dependency relations where groups of ngrams words
have syntactic connections. These dependencies can be obtained from a natural language
parser like Stanford Parser 2. The usual format is a triple containing two words and their
relation dependency. These triples are used as features in 23% of the reviewed works.

Other derived feature is to use the dependency path distance between words, as done in

[60].

Another important syntactic feature is the similarity between student’s and refe-
rence’s answer PoS Tags. The part-of-speech represent the word’s class and what is the
behavior of that group in syntactic terms. Therefore, if two answers share many PoS tags

they have a similar structure and are more likely to be meaning the same.

3.4.4.3 Semantic

The main goal of ASAG is to decide if the student’s answer addresses a specific
meaning, an associated semantic. One way of detecting desired meanings is to use Se-
mantic Role Labeling (SRL), a natural language processing task that identifies predicate-
argument relationships. The SRL detects semantic relations between words that are not
necessarily syntactic related. As pointed in [56], SLR is generally only efficient in well-
crafted sentences, but that is not a problem since a well-crafted sentence indicates a

well-written answer in general. SRL is used in 9% of the reviewed studies.

2 nlp.stanford.edu/software/lex-parser.shtml



o4

Another greatly used approach is composed of knowledge-based features. Present
in 25% of the reviewed studies, it is used to calculate similarity between words using
a knowledge source. The most used source of knowledge similarity is WordNet [24], as
discussed in the previous chapter in Subsection 2.2.3. Some similarities measures that can
be used in WordNet are Leacock & Chodorow [100], Wu & Palmer [101], Lin [102], Resnik
[103], Jiang & Conrath [104] and Shortest Path.

A third group of semantic features is formed by Textual Entailment (TE). TE
consists of judging if one text can be inferred by another text. Some of the reviewed
works interpret the ASAG problem as a textual entailment recognition problem [69].
Therefore, the use of entailment features is well justified and implemented in two works
explicitly. One of them is the study of [64] that uses a TE recognition engine: BIUTEE.
This tool tries to convert one text to another by applying a series of transformations. This
is used in ASAG by making the student answers the test instance and the reference answer
the hypothesis. As output, BIUTEE will return numerical entailment confidence values
that are used as features. In [81], the EDITS system is used to generate the features.
This system is an open source package for recognizing textual entailment in an adaptable

environment for working with many different datasets.

The last group of semantic information features is composed of corpus-based simi-
larity measures. Corpus-based measures uses large corpus to obtain statistical information
that can later be used to calculate a relation value between words and documents. Th-
ree different similarity measures were identified in the reviewed works: Latent Semantic
Analysis (LSA) [105], Explicit Semantic Analysis (ESA) [106] and “Extracting DIStri-
butionally similar words using CO-occurrences” (DISCO) [107]. Each one of these three

techniques are briefly described below:

e LSA: it is a technique that analyses relationships between documents and their
terms, obtaining concepts that relate terms to documents. The idea of LSA is that
similar words (at semantic level) will appear in different but similar texts. It works
by constructing a matrix containing rows representing unique words and columns
representing paragraphs or some unit of text [38]. A typical way of weighting the
matrix is with tf-idf. After the construction of the matrix, a mathematical method
named singular value decomposition is used to reduce the matrix dimensionality.
Finally, words or the text are represented by a vector in what is called latent semantic

space. This technique is used by eight of the reviewed works;

e ESA: it follows the same principles of LSA. They differ from one another mainly in
two aspects. Firstly, ESA uses a large corpus (typically Wikipedia, as in the original
paper that proposed the technique) instead of LSA where a set of any kind of

documents can be used. Secondly, in ESA there is no dimensionality reduction and
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then it is possible to assign human-readable labels to the concepts of the semantic

vector space [106]. In the reviewed papers, three works use ESA as features: [75],

[64] and [80];

e DISCO: following the principle of the distributional representation of words from
LSA and ESA, DISCO also measures the similarity between words by the assump-
tion that similar words occur in similar contexts. The technique is based on scanning
the corpus using a context window of typically +3 words for counting co-occurrences
and construct a matrix where rows are made of unique words and a unique com-
bination of (word, position) pair in the window is the column [80]. The matrix is
then built by filling the values with the co-occurrence of words in the row and in the

column. In the reviewed papers, two works uses DISCO as features: [89] and [80].

Finally, another recent approach that can be considered a corpus-based one are
word embeddings techniques such as Word2Vec [40] and GloVe [108] as they rely on a great
amount of text data to be trained, as seen in Section 2.4. As they can represent words in a
semantic space, they are useful for ASAG because they create numerical representations

that can be easily computed, but yet holding semantic meaning.

3.4.4.4 Discourse

The discourse analysis is the last step in a natural language processing analysis
chain. As this stage is not much of interest to ASAG (because is related to longer texts)
only two studies uses discourse features. In [61], a feature named Coherence counts the
discourse connectors in an answer. In [54], five discourse features are used: count of iden-
tified discourse units, length of any identified list, the highest number associated with a
numbered bullet, the number of discourse units headed by markers of conclusion and the

number of those headed by “more information” type of connector.

3.4.5 RQ5: Machine Learning Methods

In ASAG, machine learning is used to solve a classification or regression problem.
The model is built upon the answers of students and their correspondent grades assigned

by a teacher. The goal is to predict which score should be assigned to a new answer.

Using the first division made in Section 2.3, we identified that only one work uses
an unsupervised approach, using K-Means to cluster students answers. All other works

uses supervised learning algorithms for classification or regression.

Another possible way to divide the ML methods is between “base” algorithms and
ensemble techniques. A numerical analysis of the specific machine learning approaches

used in the works can be seen in Figure 19.
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Support Vector Machine I 0/
Decision Tree I o
Stacking I 7
Logistic Regression . 7
Random Forests s
Gradient Boosting Machine nm—— ¢
Ridge Regression I
Naive Bayes i -
K-Nearest Neighbors s 5
Bagging mmmmm 3
Artificial Neural Network s 3
Linear Regression W 2
Bayesian Networks w/ EM
K Means Clustering
Adaptive Boosting
Linear Discriminant Analysis
Deep Belief Networks

Inductive Logic Programming

Figure 19 — Machine learning approaches

Considering techniques used by more than one work, the base algorithms found
are (with the number of works that employed in parenthesis): Support Vector Machine
(24), Decision Tree (9), Logistic Regression (7), Ridge Regression (6), Naive Bayes (5),
K-Nearest Neighbors (5), Linear Regression (2) and Artificial Neural Networks (2). Con-
cerning the ensemble approach, works used: Stacked Generalization (7), Random Forests
(6), Gradient Boosting Machine (6) and Bagging (3).

The numbers from Figure 19 can be explained by the proven efficiency of the
algorithms in [109], where the authors performed a comprehensive comparison of clas-
sification algorithms. From their top-5 best performers, four are included in Figure 19,
being: Support Vector Machine, Decision Tree, Random Forests and Gradient Boosting
Machine (the exception being a more recent algorithm, Extreme Learning Machine). The
other greatly used approaches from Figure 19 are classical (older) algorithms like Logistic

Regression, Ridge Regression, Naive Bayes and K-Nearest Neighbors.

3.4.6 RQG6: Systems’ Evaluation

This research question deals with the evaluation of the proposed systems. Each
of the 44 reviewed papers describing a specific ASAG methodology was evaluated by the
authors on the datasets presented in Subsection 3.4.2. Some studies evaluates in only
one dataset whilst others report experiments in more than one. Another major difference

among papers is the use of private or public datasets.

In this subsection, the different results achieved by the reviewed studies are pre-
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sented. They are grouped by dataset, with one table made for each dataset ® and one
for the private datasets together to better compare the results. Even though the dataset
grouping helps comparing, the different metrics employed and different number of classes

can sometimes preclude a fair comparison.

Each table is composed by six columns: ID (the ID of the paper presented in Table
7, with chronological order), HHA Metric (the human-human agreement chosen metric),
HHA Score (the human-human agreement correspondent score), SHA Metric (the system-
human agreement metric), SHA Score (the system-human correspondent score) and the
number of classes (in the format defined in Subsection 3.4.2). A X in any box indicates a
not reported value. A score value of 1 indicates that the disagreement (if present before)

was removed to perform the experiments.

It is important to state that the results presented in this section are only those
from the selected papers for this systematic review. Other papers in the literature can
have better results and the tables presented here should not be considered necessarily the
state-of-the-art of the correspondent datasets. Also, results were extracted following some

rules:

e If more than one method was used, the best one was picked;

e If the paper was evaluated in more than one dataset, one result was taken for each;
o [f the results are reported by question, the mean of the questions is taken;

e If present, until the fourth decimal place was taken;

e Specifically in the two datasets from the SemEval '13, results from the UA (Unseen

Answers) and 5-way task type were taken (for more details see [59]);

e In works that have more than one paper of the same or very similar system, the

best one was chosen.

Following chronological order, in Table 10 the results on the CREE and CREG
datasets from 2011 are presented. The ID 10 [78] is referencing the original work that
presented the CREE dataset and ID 11 [93] the original CREG dataset. Besides the papers
where these datasets were presented, only one more work [84] was found using CREG and
none using CREE. The results showed that [84] achieved a very close accuracy from the

original work, but did not get better results.

Still in 2011, the Texas dataset (as named by [1]) was released by [75], that was
actually an upgrade of the [110] previous work. The papers 40 and 42 got two entries each

3 Except CREE and CREG that are together due to the small number of uses and similarities between

them.
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Table 10 — CREE and CREG datasets

| ID_Num | HHA Metric | HHA Score [ SHA Metric [ SHA Score | Classes |

10 Agreement 1 Accuracy 0,884 2 classes
11 Agreement 1 Accuracy 0,846 2 classes
27 Agreement 1 Accuracy 0,844 2 classes

on the table because they evaluate their systems on both versions of the Texas dataset.
Also, subsets of the dataset were used in some works and thus having different HHA
scores. Due to those differences it is also hard to compare the results among different
papers. Despite that, the table shows that some development have been made in the

Texas dataset since its release.

Table 11 — Texas dataset

‘ ID__Num ‘ HHA Metric ‘ HHA Score ‘ SHA Metric ‘ SHA Score ‘ Classes ‘

9 Agreement 1 Pearson’s 0,518 0tod
37 Agreement 0,577 Agreement 0,61 0 to 5
40 Pearson’s 0,644 Pearson’s 0,59 0tob
40 Pearson’s 0,586 Pearson’s 0,55 0tob
41 Agreement 1 Pearson’s 0,63 0tobd
42 X X M.AE. 0,67 0tob
42 X X M.A.E. 0,82 0tob
44 Pearson’s 0,586 Pearson’s 0,564 0tob

In 2012 ASAG research jumps into a new level when the ASAP dataset used in the
Kaggle competition was released. The top five works (IDs 12 to 16) released their code
and methodologies papers and have their results shown in Table 12. In addition to these
papers, three more works (31, 37 and 38) were found using the ASAP dataset in their sys-
tem’s evaluation. In this case, the results are completely comparable (using quadratically
weighted kappa). The winner of the Kaggle competition was [86]. Acknowledging this,

[54] and [71] reported their results especially comparing with Tandalla’s performance.

Table 12 — ASAP dataset

‘ ID__Num ‘ HHA Metric ‘ HHA Score ‘ SHA Metric ‘ SHA Score ‘ Classes ‘

12 Agreement 1 Q. W. Kappa’s 0,7711 0-n,n:2-3
13 Agreement 1 Q. W. Kappa’s 0,7717 0-n,n:2-3
14 Agreement 1 Q. W. Kappa’s 0,7575 0-n,n:2-3
15 Agreement 1 Q. W. Kappa’s 0,7603 0-n,n:2-3
16 Agreement, 1 Q. W. Kappa’s 0,7653 0-n,n:2-3
31 Agreement 1 Q. W. Kappa’s 0,768 0-n,n:2-3
37 Agreement 1 Q. W. Kappa’s 0,78 0-n,n:2-3
38 Agreement 1 Q. W. Kappa’s 0,67 0-n,n:2-3

The difference of 0,0037 of papers 13 and 31 is explained in Higgins[54] by three

reasons. Firstly, in ASAP’s competition, the learning parameters of the models could
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be changed, features could be added or removed and other variants could optimize the
results and submit these optimizations twice a day in a two months period. On the other
hand, Higgins did not perform any optimizations. Secondly, Higgins also did not make any
optimizations to individual questions as most ASAP’s participants did. Finally, Higgins

did not use any special rounding score method and simply rounded to the nearest integer.

Tandalla’s approach involved manually crafted regular expressions to match simple
patterns, made specifically per question. The goal of Ramachandran[71] was to compare
their system-generated patterns with Tandalla’s manual ones. Results showed that Ra-
machandran’s system performed better than Tandalla’s in eight out of the 10 questions.
The mean was also greater by 0,0053, a larger difference than between Tandalla’s and the
second place team in Kaggle competition. Ramachandran also gives explanations for the

two questions’ worse performances.

In 2013, the SemEval 13 Task 7 competition took place as the Joint Student
Response Analysis and Eighth Recognizing Textual Entailment Challenge [94]. In the
competition, two new public datasets were released, Beetle and SciEntsBank. In Table 13
the results achieved in the Beetle dataset (composed by electronic answers) are presented.
Papers from ID 20 to 26 are from the competition itself and only one more work was found

evaluating in the Beetle dataset. The results are completely comparable.

Table 13 — Beetle dataset

ID Num ‘ HHA Metric ‘ HHA Score ‘ SHA Metric ‘ SHA Score ‘ Classes

20 X X Macro-Average F1 0,423 5 classes
21 X X Macro-Average F1 0,619 5 classes
22 X X Macro-Average F1 0,455 5 classes
23 X X Macro-Average F1 0,431 5 classes
24 X X Macro-Average F'1 0,327 5 classes
25 X X Macro-Average F'1 0,569 5 classes
26 X X Macro-Average F'1 0,315 5 classes
32 X X Macro-Average F'1 0,566 5 classes

The other dataset released in the SemEval 13 Task 7 competition is the SciEnts-
Bank, composed of different science domains. Like in the Beetle’s table, in Table 14 papers
between 20 and 26 participated in the original competition and in this case, four works
from outside the competition. In this case, almost all works are comparable, with the
exception of ID 32 that is using another metric. The results shows the great development

performed in the dataset since its beginning.



Table 14 — SciEntsBank dataset

‘ ID__Num ‘ HHA Metric ‘ HHA Score ‘ SHA Metric ‘ SHA Score ‘ Classes ‘
20 X X Weighted-Average F1 0,590 5 classes
21 X X Weighted-Average F1 0,625 5 classes
22 X X Weighted-Average F1 0,537 5 classes
23 X X Weighted-Average F1 0,266 5 classes
24 X X Weighted-Average F1 0,419 5 classes
25 X X Weighted-Average F1 0,598 5 classes
26 X X Weighted-Average F1 0,372 5 classes
32 X X Macro-Average F1 0,566 5 classes
40 X X Weighted-Average F1 0,470 5 classes
41 X X Weighted-Average F1 0,582 5 classes
42 X X Weighted-Average F1 0,672 5 classes

60

Finally, in Table 15 we have all other evaluations that were not performed in public

datasets. Details of the dataset used in each result can be seen in Subsection 3.4.2. A great

variety of metrics, number of classes and the nature of the datasets is present, making it

impossible to perform direct comparisons. The table has an expository and compilation

purpose, precisely to highlight the wide difference when it comes to ASAG.

Table 15 — Other datasets

ID_Num | HHA Metric | HHA Score | SHA Metric | SHA Score |

Classes

1 Kappa’s >0,75 Precision ‘ 0,93 ‘ 1 - 6 matches
2 X X Agreement 0,6797 0-n,n:1-4
3 X X Fl-Score | 04704 | 1- 16 matches
3 X X F1-Score 0,4974 1 - 16 matches
4 Kappa’s 0,724 Accuracy ‘ 0,755 ‘ 5 classes

5 Pearson’s 0,96 Pearson’s 0,92 0-n,n:28-30
6 Pearson’s 0,81 Pearson’s ‘ 0,86 ‘ 0 to 10

7 Q. W. Kappa’s 0,81 Q. W. Kappa’s 0,75 0-n,n:2-3
8 X X Precision ‘ 0,6528 ‘ 2 classes

17 Agreement 1 Pearson’s 0,58 0 to 4

17 Agreement 1 Pearson’s ‘ 0,43 ‘ 0to 4

18 Kappa’s 0,69 F1-Score 0,77 2 classes

18 Kappa’s 0,728 F1-Score ‘ 0,66 ‘ 2 classes

19 Agreement 1 Agreement 0,585 0tob

28 Kappa’s 0,72 Accuracy ‘ 0,68 ‘ 3 classes

29 Agreement 1 Pearson’s 0,862 0 to 10

30 Kappa’s >0,81 Spearman’s ‘ 0,927 ‘ 2 classes
33 X X Q. W. Kappa’s 0,7575 0to 4

34 Pearson’s 0,69 Pearson’s ‘ 0,67 ‘ 1to 6

35 X X Accuracy 0,859 5 classes

36 X X Accuracy ‘ 0,864 ‘ 9 classes
38 Q. W. Kappa’s 0,86 Q. W. Kappa’s 0,96 2 classes
39 X X Accuracy ‘ 0,85 ‘ 2 classes
40 Pearson’s 0,86 Pearson’s 0,84 0 to 5

42 X X MAE [ 08 | 0tob

43 Agreement 0,9 Pearson’s 0,7975 1tob
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3.5 Summary

First, the systematic review was planned, the protocol and research questions
were defined and the inclusion, exclusion and quality criteria created. The final selection

resulted in 44 papers and the six research questions were answered based on them.

The temporal distribution of studies revealed a stagnant state at first, but the
scenario starts to change when six publicity available datasets were released in 2011, 2012
and 2013. Three of them came from different authors and three from two competitions,
the ASAP’s 2012 and SemEval’s 2013 ones. Those datasets opened the evaluation era in
ASAG, where different methodologies could now be directly compared.

Among the 44 papers, 28 different datasets were identified. A table gathering all
datasets and their characteristics was created and eight aspects were analyzed. Datasets
are usually in English, about science questions and from diversified age of respondents. The
numbers of questions, answers and reference answers have large ranges of minimum and
maximum values. The grading scale is usually from two to five classes and the responses

length normally ranges from 7 to 63 words in average.

Many different NLP and preprocessing techniques are used among works and the
most used ones are part-of-speech tagging, stemming, parsing, spelling correction and

stopwords and other symbols removal.

The features extracted to model answers can be grouped in four categories, the
same as those studied in natural language processing: lexical, syntactical, semantic and
discourse. These four aspects of natural languages are combined in order to model text as
close as possible as the concepts they represent and the worthy grade of each answer. The
selected features were used with several machine learning algorithms, with their frequency

number of uses reported.

Finally, results achieved by the reviewed studies were grouped according to their
correspondent dataset. Results were analyzed in terms of different agreement metrics
between humans and proposed systems. Works that used private datasets were grouped

and exposed the variety of metrics, classes and score values between different studies.
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3.6 Portuguese Related Works - Literature Review

After performing the systematic review, the lack of works using Portuguese data
was noticed. In order to fill this gap, we performed a simplified literature review aiming

at finding some Portuguese related ASAG works.
Firstly, the search string was created in a similar way of the English one:

("corregio automdtica"OR "avaliagio automdtica") AND (questio OR exercicio
OR resposta OR questoes) AND (discursivas OR discursiva OR dissertativa OR aberta
OR subjetiva)

This search string was used only in Google Scholar. The first 100 results were
analyzed within the ten first results page and 16 works were downloaded and fully read.
From those, related to the field, seven works fitted in the ASAG definition. They were not
included in the previous presented systematic review as they were written in Portuguese.

Also, most of them do not uses a machine learning approach.

The seven selected Portuguese researches have their datasets presented in Table
16. Works were published between 2012 and 2016. The topic addressed by the questions
is reported by six of the seven researches and comprise of Geography, Biology, Reading
Comprehension, Teleinformatics Engineering, Database Systems and Portuguese. Most
respondents are from college, one work is done with High School students, one with basic

7

education of young and adult people and one only reports the respondents as “people”.

Table 16 — Portuguese datasets

Ref. | Pub. Year Topic Educ. Level | NoQ | NoApQ | NoRA | Grading Scale | Length
111 2012 Geography EJA/Adults 5 3 1+ 0 to 10 (C) X
112 2012 Biology/Geography University 2 180 0 0 to 6 (D) 53 words
113 2013 Reading Comprehesion University 1 68 1+ {0, 1, 2} X
114 2013 Teleinformatics Eng. University 13 12 1 X X
115 2013 Database Systems University 31 549 1 0 to 10 (C) X
116 2014 X “People” 30 10 5 4 classes X
117 2016 Portuguese/Geography | High School 3 25 1 0-10 (D) 24 words

Some terms used in the table are contracted due to available space. Their definitions follows below.
Ref.: Reference. Pub. Year: Publication Year. NoApQ: Number of Answers per Question. NoRA:
Number of Reference Answers. Educ. Level: Educational Level. EJA: Ensino de Jovens e Adultos
(Young and Adults Education). Eng.: Engineering. C: Continuous. D: Discrete.

The number of questions vary from 1 to 31, far less then researches from Table
8. The number of answers per question is also smaller, being from only 3 to 549. Most
works deals with only one reference answer whereas two of them do not specify if it is one
or more. The grading scale is composed from 3 to 10 classes and two works deals with
continuous variables. The average length of answers is only reported in two out of the

seven studies: 24 and 53 words.
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Following, Table 17 shows a summary of the seven Portuguese researches. Prepro-
cessing and NLP techniques are used as same as in the systematic review, comprising of
stopwords removal, morphological reduction, parsing, synonyms expansion, POS tagging

and name entity recognition.

Table 17 — Portuguese researches

Ref. | Techniques | Preprocessing/NLP | HHA Metric | HHA Score | SHA Metric | SHA Score Scale
Fuzzy Stopwords Rmv.
[111] Logic Morphological Red. X X Mean Error 0,38 0 to 10 (C)
& Synonyms Exp.
[112] ;s/g Stog::;ifinf‘gm‘ X X Accuracy 08735 | 0to6 (D)
[113] CFG Tokenization X X Accuracy >0,9 {0, 1, 2}
Similarity Stopwords Rmv.
[114] Functi Other Symbols Rmv. X X X X X
nctions .
Stemming
Ngrams,
115 | & Similarity Stopwords Rmy. X X Std. Error 0,33 0 to 10 (C)
unctions and Stemming
MLR
Ngrams,
Similarity Stopwords Rmv.
[115] Functions and Stemming X X Accuracy* 0,9215 0 to 10 (C)
MLR
Linguistc Parsing
[116] Rules Morphological Red. X X Precision 0,9212 4 classes
; Synonyms Exp.
Tokenization
LSA Named Entity Recg.
[117] WordNet POS Tagging Pearson’s 0,7 Accuracy 0,8158 0-10 (D)
Lemmatization
Stopwords Rmv.

Some terms used in the table are contracted due to available space. Most contractions were used before
in text. Those who were not, definitions follows below.

SVD: Singular Value Decomposition. CFG: Context-Free Grammar. MLR: Multiple Linear Regression.
Rmv.: Removal. Red.: Reduction. Exp: Expansion. Recg.: Recognition. Std.: Standard.

*. in this case, the authors considered classes to be in the same class if grades are up to 1.0 point of
difference.

Some of the techniques explored by the works in Table 17 involves quite manually
work (fuzzy rules, linguistic rules and context-free grammars (a set of syntactic rules)).
The other researches uses LSA, Ngrams, Similarity functions and WordNet to grade the
answers (more details can be found in the referenced works or further in this work). Only
one of these works employed a machine algorithm to grade answers ([115], that used

Multiple Linear Regression).

Only one work [117] reported the human-human agreement: 0,7, using Pearson’s
correlation coefficient. Results of system-human agreement are reported using accuracy,
precision and error (for continuous variables). Only [114] does not report results for
system-human agreement as their research focus on evaluating different similarity me-

trics by performing comparisons among themselves.
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3.7 Review Update

The systematic review presented in this chapter covered research until 2016. This
section will briefly present an update for 2017 and 2018. This was performed for both

reviews: Portuguese and Systematic Review.

3.7.1 Portuguese Literature Review Update

The search for more works was performed in two ways: 1) running the same query
in Google Scholar and analyzing the first 100 results, exactly as done in Section 3.6 and

2) by searching works that referenced the seven retrieved researches of Section 3.6.

This procedure resulted in two new researches: [118] and [119]. The work of [119] is
a continuation from the 2012’s paper [112] and it uses the same data for the experiments.
The performed preprocessing was: tokenization, special characters removal, stopwords re-
moval and stemming. Instead of using LSA and SVD as the 2012’s work, they used linear
regression and ngrams similarity as techniques. They reported the human-human agree-
ment (using accuracy) as being 0.94 for the biology question and 0.85 for the geography
question. Results achieved for system-human agreement (also using accuracy) are 0.82 for

the biology question and 0.86 for the geography question.

The second research [118] is also a continuation of a previous work from 2016’s
paper [117] and it also uses the same data for the experiments. The preprocessing and
techniques are also the same from the 2016’s work. The authors did not present a com-
parison with their previous work and the work was cited only when stating that “the
processing was described in [117]”. The most apparent difference are the reported results
for the system-human agreement. In [118] the agreement is presented using Pearson’s Cor-

relation and it has an average value for the three questions of 0,809 in the best method.

3.7.2 Systematic Review Update

As a systematic procedure was already performed and presented earlier in this
chapter, we opted for a simplified methodology for the update. Papers were retrieved by
looking for works that cited the most comprehensive and updated ASAG review [1] or one
of the six most recent works found in the systematic review (from 2016). This procedure
led to 42 papers related to our research question. Using the same criteria as before, we

reduced the number of papers to 15.

The goal of analyzing new works from 2017 and 2018 was to identify if new techni-
ques and features reported better results than prior works. The objective was to identify
the latest trend in the research area and check for patterns across new works. This is the
reason why the results are not reported in the same manner as before. The results in this

subsection are focused on highlighting the defined objective for this update.
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The 15 new works from 2017 and 2018 are presented with their titles and references
in Table 18.

Table 18 — Selected papers (references and titles)

Ref. Title

A Comparison of Features for the Automatic Labeling of Student Answers to
Open-ended Questions

Matching , Re-ranking and Scoring : Learning Textual Similarity by Incorporating

121 Dependency Graph Alignment and Coverage Features
122] | Earth Mover’s Distance Pooling over Siamese LSTMs for Automatic Short Answer Grading
123 Creating Scoring Rubric from Representative Student Answers for Improved Short
Answer Grading
124] | Work Smart — Reducing Effort in Short-Answer Grading
125] | Using Rule-Based Methods and Machine Learning for Short Answer Scoring
126] | Evaluating Semantic Analysis Methods for Short Answer Grading Using Linear Regression
127 Automatic assessment of communication skill in non-conventional interview

[121]
[122]
[123]
[124]
[125]
[126]
[127] settings: a comparative study

[128] | ANN Based Evaluation of Student’s Answers in E-tests
[129]

[130]

[131]

[132]

[133]

[134]

129] | Sentence level or token level features for automatic short answer grading?: use both

130 A Multimodal Assessment Framework for Integrating Student Writing and Drawing in
Elementary Science Learning

131] | Automatic Short Answer Grading and Feedback Using Text Mining Methods

132] | Human and Automated CEFR-based Grading of Short Answers

133] | A Short Answer Grading System in Chinese by Support Vector Approach

134] | Automatic Chinese Short Answer Grading with Deep Autoencoder

Features from bag-of-words and ngrams modeling are still very used in ASAG
systems [120, 124, 125, 121, 131]. Ngrams features were also found to perform better than
other features [121], including word embedding based ones [120].

A growing technique is the use of word embedding resources. In [120] the Wiki2vec!
library is used to generate vectors for DBpedia entities, used in their work to generate
features. In [123] the InferSent® library is used to produce sentence embeddings, providing
some semantic representation for English sentences. The authors from [129] presented a
new equation for generating sentence features from the embeddings of the text in the

question, student answer and reference answer.

The machine learning algorithms used to perform classification and regression re-
mains the same, being: Random Forests, Support Vector Machine, Decision Tree, Logistic
Regression, Naive Bayes and Ridge Regression [120, 124, 125, 133, 129]. A single paper
reported the use of a clustering algorithm, k-means, to group answers and give specific
feedbacks to each group [131]. The greater difference from the results in Section 3.4 is that
artificial neural network based algorithms are increasing their use [128], specially using

deep learning.

4 https://github.com/idio/wiki2vec
®  https://github.com/facebookresearch /InferSent
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Following the general trend in using deep learning in various natural language
tasks, some authors propose to also use it in the ASAG context. The use of a Deep
Autoencoder is proposed in [134] for the classification of answers. In [122] the authors
introduced a novel method by cascading three neural building blocks: a Siamese Bidirec-
tional Long Short-term Memory (a Recurrent Neural Network), a pooling layer based on
earth-mover distance and a final regression layer. In [130], the authors presented a new
method using a Convolutional Neural Network arguing that it is suitable for ASAG for
some reasons: it accepts inputs of arbitrary length (the case for student answers), it con-
siders the words’ order in sentences, it was effective in recent applications and it does not
require human engineering of features as it automatically learns relevant features from
the text itself.

Although it is not yet a rule, the trend identified in [1] of an “Evaluation Era” is
being confirmed: the majority (8/15) of works evaluates their system on one or more of
the public datasets. From those, the most popular (6 uses) is the “Texas” or “Computer
Science (CS)” dataset from [75]. The SciEntsBank dataset [94] is also very popular, with
5 uses among the works. The ASAP-SAS is used in 2 works and CREE, CREG and
Beetle are used in only 1 (in a single work [124] that used all the 6 public datasets at
once). Despite the use of public datasets, results are often incomparable due to the use
of different metrics among works. Also, authors do not search exhaustively for all recent
work that uses the same dataset and evaluation metric as theirs, resulting in incomplete

literature comparisons.

Other differences from previous works consists in data from others domains and
sometimes coupled with other assessment items. In [127], the data comes from job in-
terviews testing communication skills. Alongside with short answers, they also automate
the assessment of essays and videos. Similarly, in [130] the assessment of short answers is
performed in conjunction with drawings. Lastly, [132] works with data for predicting the

level of a student in the Common European Framework of Reference for Languages.

New ideas for feature engineering are also present in the works. [120] used a Se-
mantic Annotator that tags specifics words with information in a wiki. From there, they
extract information to be used as feature. In [121] the authors introduced an “approxi-
mate dependency subgraph aligment” approach. In [123], they explore a new concept of
using a “reference answer” for each specific grade, instead of just using it for the cor-
rect /top grade. They obtain class-specific representatives answers by clustering, selecting

and ranking the student answers.

Finally, in [122] the familiar concept of data augmentation in images is adapted to
ASAG in order to increase the amount of available data. They perform a similar procedure
already proposed in [67]: to use student answers awarded with the max grade as they were

teacher reference answers, increasing the pairs (student answer, reference answer).
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4 DATA COLLECTION AND ANALYSIS

This chapter begins by introducing the Auto-Avaliador CIR web system, developed
to be used in ASAG contexts. Then, the following sections will go over the process of
creating and analysing a new Portuguese ASAG dataset using the web system, the first

to be publicity available and the data basis for this work.

4.1 The Auto-Avaliador CIR Web System

In order to help teachers and students in the problems of manual assessment of
short answer activities, discussed in the Introduction, comes the Auto-Avaliador Colabora-
tivo e Inteligente de Respostas (CIR) (Collaborative and Intelligent Automatic Evaluator
of Answers). As seen in Chapter 3, automatically grading answers is not an easy task
and results are still being improved by new researches and technologies. However, an
ASAG system can already be put in production, specially in not too rigorous evaluations.
For instance: a teacher might be interested in using the automatic grading for feedback

activities purposes, without account these grades in the student’s school report.

In this context, the Auto-Avaliador CIR was created, a web environment for the
development of dynamics involving questions and answers in a learning context. Using
it, teachers can sign up and start creating tests and questions. In its turn, students have
access to the tests and questions created by their teacher (and by others as well) and can
answer and submit their responses. Student’s answers will then be available for teachers

to be assessed, providing feedback to students, that will see their grades in the system.

The “collaborative” term from the CIR acronym is because teachers can collabo-
rate between themselves and with the system, specially in two ways. Firstly, a teacher
can add reference answers and concepts to their colleagues’ questions, complementing and
improving them. Moreover, teachers will be able to grade answers of any tests and questi-

ons from the system, even those not created by them, contributing more to the student’s

feedback.

The “intelligent” term is present because when the system possess enough answers
for a specific question, it will be able to start automatically grading answers from this
point forward. This is possible due to the application of NLP and ML techniques, discussed
in the fundamentals and systematic review chapters. However, for the good operation of
the automatic system, many answers are required, hence, the more teachers and students

are using the system, the better it will work.

For more details, screenshots and operation of the Auto-Avaliador CIR web system

and its development process, please refer to Appendix A (in Portuguese).
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4.2 Data Collection

The data addressed in this work is originated from the Auto-Avaliador CIR web
system. All the samples collected with the system (questions, answers and grades) were
obtained using a statistical method called Convenience Sampling (also called Hapha-
zard Sampling). This sampling method is used because the samples are obtained according
to what is easier to get for the researcher and samples are collected until a certain desired

amount is reached [135].

The system’s first use came from five biology elementary school teachers from a
Educational Professional Master class in the Pampa Federal University - Jaguardo/RS.
Together, these teachers discussed and created one test with 15 questions in the Auto-

Avaliador CIR system (the full question list can be seen in Annex A).

The subject matter addressed by the questions consists mainly of human body
topics, mostly seen in the 8th grade of elementary school. Some examples are: “Fxplique o
mecanismo de inspira¢io e de expiracdo do ar no corpo humano” (Explain the inspiration
and expiration mechanism of the human body) and “Quais sdo as diferengas entre veias
e artérias?” (What are the differences between veins and arteries?). For each question,
between two and four reference answers were also created by the teachers, alongside with

between three and six keywords.

The recorded exam was then applied to 326 elementary school students (8th and
9th grades, about 12-14 years old) and to 333 high school students (10th to 12th grades,
about 14-17 years). Table 19 presents the cities, school names, category (public or private
school), application category, class grade and number of students from the schools where
the test was applied. The application was made with the supervision of the student’s

teachers and each student had to come up with its own answers to the questions.

Table 19 — Test application in schools

City Category | Application Name Grade | Number of Students
Londrina-PR, | Public Transcribed | Anténio de Moraes Barros 9th 36
Londrina-PR | Private Directly Ateneu 9th 15
Londrina-PR | Public Transcribed | Dario Vellozo 8th 6
Londrina-PR | Private Directly Dominos 9th 18
Londrina-PR | Private Directly Educacional MAF 9th 16
Londrina-PR | Private Directly Educativa 9th 36
Londrina-PR | Private Directly Interativa 9th 35
Cambé-PR Public Transcribed | Maestro Andrea Nuzzi 8th 75
Jaguarao-RS | Public Directly Manoel Pereira Vargas 9th 12
Londrina-PR | Private Directly Universitario 9th 7
Londrina-PR | Private Transcribed | Londrinense 10-12th 333

Some students answered directly in the web application but, in some schools with
less conditions or difficulties to access computers, the application was made in paper and

then transcribed (rigorously, including spelling errors, spaces, accentuation, etc) to the
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system. Students were instructed to try their best, even if it involved guessing, in order

to collect all sort of answers and grades.

In possession of the answers, 14 undergraduate biology students from the final
year of college assessed the answers considering a predefined scale. Graders assigned one
of four possible grades to each answer:

e Zero: when the answer is at least mostly wrong, out of scope or nonsense;

One: if the answer has something correct but it is still mostly wrong or incomplete;

Two: if the answer is correct but has some wrong detail or missing important

content;

Three: if the answer is mostly correct, with the important points presented.

4.3 Data Example

This section presents a complete example from collected data. Table 20 shows a
question along with two possible reference answers and four concepts. In Table 21, graded

student answers are shown, with two examples for each possible class.

Table 20 — Question, reference answers and concepts

Category Text
Question | Qual a diferenca entre a célula animal e a célula vegetal?
Reference | A célula animal e vegetal apresentam formato diferenciado. A célula animal
Answer | possui formato irreqular, enquanto a célula vegetal apresenta uma forma fiza.
Reference | A parede celular é uma estrutura exclusiva das células vegetais. FEla
Answer corresponde a um envoltorio externo a membrana plasmdtica.
Concept | membrana plasmdtica
Concept | celulose
Concept | formato irregular
Concept | forma fiza

The example question asks about differences between animal and plant cells. One
reference answer points the difference of shapes, being irregular or fixed. The other discuss
the cell wall, in which plant cells have external to the plasma membrane. Concepts are

composed of keywords as: plasma membrane, cellulose, irregular shape and fixed shape.

Student answers for the question addressed in Table 20 are presented in Table 21

ordered by the received grade.

The worst grade (0) was given to students that wrote incorrect facts about sci-
ence. In these two examples, students compared animal and plant cells, but writing that
differences consisted in “not dying” or “possessing DNA”, which is very incorrect, as both

cell types possesses DNA and both dies.
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Table 21 — Students answers

Text Grade
As células animais morrem e as vegetais nao. 0
Célula animal, possui DNA, e a célula vegetal ndo possui. 0
Célula animal mais compleza, a vegetal tem fungoes bem diferentes da célula 1
animal.
A membrana plasmdtica € diferente. Acho eu. 1
As diferencas entre elas sao a estrutura, formato, e componentes que constitui 9
a célula!
A célula animal € formada por diferentes tipos de organelas 9
das células vegetais.
As células animais sdo todas aquelas que compoem o0s seres vivos do reino
antmdlia, composto por membrana plasmdtica, citoplasma e nicleo 3

verdadeiro. As células vegerais contem estruturas como parede celulares,
plastidios e grandes vaciolos

Na célula animal temos membrana, citoplasma e nicleo na vegetal tem 3
a mais parede celular cloroplasma vdcuo e na célula vegetal a respiracao 3
celular ¢ a fotossintese, que ocorre no cloroplasmo.

Students awarded with a 1 wrote something correct but not sufficient. The first
one tells that the animal cell is more complex and have different functions from plant,
which is true, but too shallow. The other only says “the plasma membrane is different”
but without writing this difference specifically or saying which of animal or plant have it
or not. This student also wrote “I guess”, which demonstrates his lack of knowledge in

the topic.

Students with answers graded as 2 wrote expected content but were not specific.
They wrote about the differences correctly, but just in a general aspect, without being

specific about it, which resulted in not receiving the full grade.

Finally, students with a grade of 3 wrote correct and complete answers, addressing
the expected content. They were very clear, specific and complete about their answers.
Moreover, the answers are clearly longer than the previous answers. By just glancing at
the table is possible to notice that, at least in these examples, longer answers consisted
in more correct answers, whilst shorter answers were incorrect. Also, the presence or not

of the expected concepts is also noticeable, by considering the resulting grades.

4.4 Data Analysis

This section presents some considerations about the data collected, regarding quan-
tities, labels distributions, statistical information and others. Also, in order to make
the data fully and publicity available, it was published in Kaggle, a website designed
for hosting datasets and data science competitions. This work’s dataset is available at
https:/ /www.kaggle.com/lucasbgalhardi/pt-asag-2018.



71

4.4.1 Labels Distribution

The test containing 15 questions was applied to 659 students in total, so 9885
answers could be expected. However, students left some answers in blank. Additionally, in
rare cases answers were completely equal, consisting in duplicated data, that was removed
for all further analysis and experiments. The number of usable answers available was 7473,

distributed between different grades as shown in Figure 20.
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Figure 20 — Labels’ distribution

The complete label distribution per question is presented in Table 22. Questions 3,
7,8, 9 and 10 (highlighted in the table) are somewhat unbalanced and marked for further
considerations in next chapters. The other questions are reasonably balanced, which is
good for performing machine learning experiments. Each question has an average of 498

graded answers, ranging from 348 to 615.

Table 22 — Labels’ distribution

QID[o0 1] 23 [QID] o 1 2 3
173159 | 182 [ 101 | 9 276 | 63 | 42 | 41
100 | 240 [ 213 | 44 | 10 | 234 | 46 | 45 | 23
144 [ 320 | 51 | 14 | 11 | 187 | 126 | 199 | 60
99 [ 100|137 | 72 | 12 | 159 | 94 | 101 | 122
134 [ 124 | 114 | 85 | 13 | 114 | 159 | 118 | 131
149 [179 | 134 | 60 | 14 43| 117 | 205 | 191
312148 22 | 5 15 | 104 | 70 | 113 | 145
126 | 282 | 99 | 23 | Sum | 2354 | 2227 | 1775 | 1117

o | o ol | eo| ro| =l
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4.4.2 Inter-rater Reliability

In the Introduction of this work, it was discussed that humans’ subjectivity can
have a great impact on grading. In this study, as in many others from ASAG (HHA metrics
and scores in Subsection 3.4.6), we measured how humans agrees between themselves

regarding the grade to be assigned to an answer (the inter-rater reliability or agreement).

From the 15 questions, four (1, 9, 11 and 12) had all the answers graded by more
than one rater. The metric chosen to measure the agreement is weighted Cohen’s Kappa,
as it is one of the most common and used metric for performing this kind of evaluation

in ASAG [11] and in other domains and applications as well [136].

The weighted kappa statistic was created to account for different levels of disagre-
ement [137]. So, if one answer is given 1 by one grader and 2 by another, the disagreement
is not as weighty as if the grades were 1 and 3 (in the first case there is a 1-point disagre-

ement and in the second case there is a 2-point disagreement).

Weights assigned to the kappa statistic are mainly linear or quadratic. The diffe-
rence between them is that in the linear scheme the disagreement from 0 to 1 and from 1
to 2 is equally weighted, which is not the case for the quadratic approach, where the higher
the two different scores, higher the penalty. It is recommended to report both weighting

approaches when possible [136].

Disagreements between raters in the four questions is very intense, as can be seen
in Table 23. Important to state that graders were all presented with the same criteria
for assigning grades, as shown in Section 4.2. In the table it is possible to notice that
the higher the distance the less disagreements, as would be expected. However, graders
strongly disagrees among themselves, specially in a 1-point difference, a number that is

higher than completely agreements (distance zero) in two out of the four questions.

Table 23 — Disagreement between raters

Distance/
Kappa Score QL | Q9 | Q11| Q12
0 256 | 260 | 264 | 206
1 281 | 94 | 266 | 170
2 75 64 37 87
3 3 4 5 13
Linear 0,4 {0431 0,39 | 0,37

Quadratic 0,57 10,54 | 0,52 | 0,5

Analysing the kappa scores according to the [32] guidelines, graders have between
fair to moderate agreement (0.2 - 0.4 it is considered “fair” and between 0.4 - 0.6 it is

considered “moderate”). Interesting to observe that scores are similar among questions.
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4.4.3 Common Words and Bigrams - Word Cloud

One way of visualizing text data in an intuitive manner is by the use of a Word
Cloud. A Word Cloud is a figure formed by many words in a specific shape, usually a
cloud or a simple rectangle. It is a good way to get a glimpse at the most frequent words
and bigrams within a corpus, as it shows words in a variety of font sizes and the more

frequent a word or bigram is, bigger it gets represented.

In Figure 21 there is a Word Cloud made with the answers from the students of
this work. To enable all of the questions to appear equally, 340 answers of each question
were randomly selected to compose the corpus for visualization (otherwise questions with
more answers would repress questions with less answers). Stopwords were removed, with

the exception of the no word.
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Figure 21 — Word Cloud

The bigger words are corpo (body), célula (cell), ndo (no) and pois (because). It
is intuitive to notice that words are referring to human body related content. Also, words
like “because” and “no” appears frequently due to the explanation nature of science
questions. Other common words are compositions of noun phrases (bigrams, that are
often also collocations) like parede celular (cell wall), tecido epitelial (epithelial tissue),
material genético (genetic material) and similar. More correlations between the words in

Figure 21 and the questions can be seen by analysing the question list (Annex A).
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4.4.4 Statistics

In Table 24 some statistics extracted from each answer are presented. Fifteen
answers were removed as they consisted in outliers (students that send music lyrics or
food recipes). The column Sum is the simple sum of each statistic, except in Unique Words

(gray marked) where the computation is made considering all words and not by answer.

Table 24 — Statistics per answer

X Min | Max | Avg | Std Dev. | Sum
Sentences 1 6 1,6 0,8 11.924
‘Words 1 136 | 14,9 10,8 111.352
Characters 1 982 | 929 68,3 693.181
Uniques Words 0 57 | 12,8 8,11 7607
Commas 0 9 0,78 1,29 5826
Word Avg. Length 0 12 5,2 1,3 -
Words per Sentece Avg. 1 87,7 | 12,8 8,5 -
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5 EXPERIMENTS, RESULTS AND DISCUSSION

This chapter presents the performed experiments, their methodological procedures
and results. Section 5.1 discuss the general methodology used for all experiments. Sections
5.2 to 5.6 details into the specifics from each different experiment and its results. Then,
Section 5.7 performs comparisons between approaches from previous sections and some
possible combinations for them. Finally, Section 5.8 reports a comparison between the

agreement among raters and the agreement between the best model and human grading.

Additionally, at the end of each section (from Sections 5.2 to 5.6), a table containing
detailed results of the section is presented. However, they are reported only for informative
and record purposes at first. A detailed discussion of these section’s results is performed

in Section 5.7.

5.1 General Methodology

This section presents the general methodology used for the experiments reported
in the following sections of this chapter. A general flowchart, representing the experiments’

steps and connections, is reported in Figure 22.

The experiments started with the early definition of the evaluation metric, pre-
processing techniques, ML algorithms and implementation libraries (described from Sub-
section 5.1.1 to 5.1.4). Then, six different approaches were defined to be tested (described
from Sections 5.2 to 5.6). These approaches (called groups) had their own separated ex-
periments, with each group varying several aspects such as the preprocessing techniques,

ML algorithms, techniques and other internal parameters (Figure 22).

The results obtained by each group are compared and discussed together in Section
5.7. In this section, a combination of the groups is also reported, performed in some
different combinations. By testing four different manners of combining and five different
top-k groups, 20 combinations are created. From those, the best performer is taken and

used to compare to the Human Agreement, reported in Section 5.8 (Figure 22).
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Figure 22 — Experiments’ General Flowchart

5.1.1 Evaluation Metrics

76

In Section 2.3 it was introduced that there are some different metrics that can be

used for evaluating machine learning models like: Confusion Matrix, Accuracy, Precision,

Recall, F1, Cohen’s Kappa, Pearson’s and Spearman’s Rank. These metrics are also seen

in Subsection 3.4.6 that presents evaluations for all reviewed works.
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While confusion matrix and its derived metrics (Accuracy, Precision, Recall and
F1) gives a good parameter for measuring performance, it lacks some issues. Firstly, these
metrics can be deceiving if the data is imbalanced [109], which is the case for some of the
questions in this work. This could be remedy by a comparison with a dummy classifier
(that assigns every sample with the most frequent class) [59], but still it is harder to

visualize the real performance.

The Cohen’s Kappa correlation coefficient can better show the performance, way
more independently of the data imbalance than accuracy. Also, it is a good measure for
accounting for chance agreement [11, 92]. Pearson’s is also greatly used, but usually for
cases when the measured variables are continuous (Subsection 3.4.6). Spearman’s rank also
have its advantages in specific cases, but it is not too used in ASAG research (Subsection
3.4.6).

Considering the aforementioned aspects of different metrics and the ability of
weighted Cohen’s Kappa to measure ordinal variables (Subsection 4.4.2), we opted for
two metrics: Cohen’s Kappa (with linear and quadratic weights, as explained in Subsec-
tion 4.4.2) and Accuracy (for easy and quickly interpretability). However, accuracy is used
only for informative purposes. For the experiments reported in the following sections, only
kappa is considered (the average between the scores produced by both weighting schemes
is used for direct comparison, namely from here on bk value). When not specifically stated
in the following sections, scores are referring to the averaged bk score among all questions
(specially in the graphic visualizations: the vertical axis reports this performance metric,

which was used for general purpose comparisons).
5.1.2 Preprocessing
Five text preprocessing techniques were considered in this work when performing
the experiments:
e Case normalization: to not differentiate between upper and lowercase;
e Non-alphanumeric characters removal: as they do not add any value;
e Accents removal: to enhance matches between answers with and without accents;

e Morphological reduction: to make it easier to match words with only morphologi-
cal differences. This can be accomplished with the use of lemmatization or stemming,
algorithms that reduces words to their root or reduced form. This is an important
technique for Portuguese as it is a language with rich morphology (for more details,
see Subsection 2.2.1);

e Stopwords removal: used to remove very common words so that when measuring

similarity they are not taken in consideration.
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5.1.3 Machine Learning Algorithms

In Subsection 3.4.5 all the machine learning algorithms used in ASAG research were
presented. From Figure 19, the top-6 (in terms of use in works) are, respectively: Support
Vector Machine (SVM!), Decision Tree (DT), Stacking, Logistic Regression, Random
Forests (RF) and Gradient Boosting Machine (GBM). DT is greatly used mainly because
of its capacity for interpretability, a desired ability in many applications. Stacking is a

combination of other approaches (more details in Section 5.7).

Moreover, SVM, DT, RF and GBM are in the top-5 performers in [109] exhaus-
tive machine learning algorithm’s comparison. In order to choose between algorithms, we
selected the intersection from the top-performers in [109] with the top used in Subsection
3.4.5: Support Vector Machine, Random Forests and Gradient Boosting Machine. Deci-
sion Tree was left off as RF can be considered an improved version of DT. Stacking is
used in Section 5.7 for experiments that combines different approaches. All base models
uses default hyperparameters settings?. All experiments are performed using 5-fold cross
validation [55, 88, 61, 57, 83]. The XGB (eXtreme Gradient Boosting) library is used in
this work as the implementation of the Gradient Boosting Machine algorithm [138].

5.1.4 Implementation Libraries

The Python libraries used for implementing the techniques addressed in this chap-
ter are grouped in Table 25.

Table 25 — Implementation libraries

Technique Library Version | Reference
Basic Preprocessing | Python 3.6.1 -
Stemming NLTK 323 | [139]
Stopwords Removal | NLTK 3.2.3 [139]
Lemmatization Cogroo 4 [140] [141]
Ngrams Extraction | scikit-learn 0.18.1 | [142]
Gradient Boosting | xgboost 0.7 [138]
Machine Learning | scikit-learn 0.18.1 | [142]
Similarity Metrics | textdistance 3.0.3 [143]
Semantic Similarity | NLTK/WordNet | 3.2.3 [139] [24]
Text Statistics Python 3.6.1 -
WordEmbeddings | gensim/NILC 3.7 3

! With RBF (Radial Basis Function) Kernel

Except for the n_ estimators in Random Forest, changed to 100 to match with XGBoost and because
its default value will also change to 100 in the next release version of the library.

Gensim: radimrehurek.com/gensim/ - NILC: nilc.icmc.usp.br/embeddings.
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5.2 Bag-of-ngrams

Ngrams is one of the most common ways to model language and a powerful pre-
dictor for ASAG [1, 80, 85, 67]. It is based on the idea that words’ presence or absence
can predict the desired output. Using ngrams for ASAG modeling means that the lear-
ning algorithm will base the patterns’ searches among the words used by the students.
It will attempt to find which of the words (or sequences of characters) used by students

correspond to correct answers and which do not.

As ngrams works on the principle of presence or absence of text’s pieces, it is a
question-specific feature: important words for a question are not important to another.
Hence, each question has its own bag-of-ngrams sparse matrix of features (a document-
term matrix), where each document (student answer) is represented as a row and each
ngram as a column. Each cell contains a weight, that can be defined in different ways (see
Subsection 2.2.5).

For performing the experiments, three aspects were considered (beyond the three
machine learning algorithms). Firstly, the preprocessing: case normalization and accents
removal increases the chances that the same ngram, but with different case or accent, is
mapped to the same column. Non-alphanumeric characters does not add any value. Regar-
ding stopwords removal and morphological reduction, they would expect to increase the
results, by removing too common words and disregarding their morphological variation.
However, we put the theory into test and created six variations for these parameters, being
the multiplication of stopwords_removal = {True, False} xmorphological _reduction =

{None, Stemming, Lemmatization}.

Secondly, the ngrams extraction: there is a lot of variation in the literature. Two
types of ngrams can be used: characters or words. Words’ ngrams are more common, but
characters’ also have some advantages, such as being more robust regarding students’
spelling errors [9]. In the literature, it was found that word ngrams always ranges its n
between 1 and 3 [91, 9, 67] and so this value was fixed. However, for characters’ ngrams
this value varies [83, 73, 9] and the literature values were considered as base for defining
and testing six different ranges {(2,4), (2,5), (3,6), (4,6), (4,7), (5,8)}.

Another parameter that must be considered when extracting ngrams is the matrix
size concerning the terms (columns). This modeling scheme usually creates very sparse
matrices, that have lots of columns for terms that are only used once or few times.
Therefore, a way for reducing the matrix dimensionality is to use a criteria (usually the
term frequency) to cut off columns. This technique is widely used in ASAG and values for
how much to keep are diversified [54, 91, 9]. For words’ ngrams the max value was ranged
between 250 and 650, at a hundred pace. For the characters’ ngrams the max value for

each range was defined according to the number that roughly indicates at least 30 for the
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frequency value for kept terms (respectively: {500,600, 550, 350,450, 300}).

Finally, the weighting scheme for filling the cells was considered. The two most
used in the literature were tested: term frequency and term frequency-inverse document
frequency (tf-idf) [72, 86, 63, 91]. These aspects combined creates 5400 executions to test
for the best parameter set (6 preprocessing values x 5 word ngrams’ max value x 6

character ngrams’ max value and range x 2 weighting schemes x 15 questions).

The first step in analysing the results is to average scores between questions to get
a single score. This averaged score is then used for comparing the 360 (5400/15) possible
combinations, each with three classifiers scores in three metrics. Then, the bk score is
used to determine the higher score and its corresponding parameter set, that was found
to be using stopwords removal, using lemmatization, Random Forest, word ngrams max

features = 450, character ngrams max features = 500 and its range = (2,4).

Concerning the comparison between the three classifiers, Random Forest perfor-
med better, as shown in Figure 23 (that reports only some of the executions for better
visualization). However, XGB also performed good, following RF’s performance very clo-
sely. SVM got scores not that far way when considering accuracy (Figure 23b). Even so,
there is a huge difference when comparing it with the others using the bk score (Figure
23a). That means that it achieves almost as much correct predictions as RF and XGB

does, but when it gets the wrong prediction, the error is greater between classes.
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Figure 23 — Classifiers” performance
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The preprocessing parameters (morphological reduction and the presence or not of
stopwords) do not highly impact performance when considering the average between ques-
tions (differences were up to 0,01479 of bk value). Individually, by each question, their
impact is somewhat larger. Nevertheless, even considering that it is a small difference,
lemmatization still usually performs better than stemming and none, with the number of
“wins” (when the technique outperformed the others) being 43%, 35% and 22% respecti-
vely. As for stopwords, its removal performs better than not removing in 64% of the cases

(only 36% of executions performed better without removing stopwords).

Finally, Figure 24 shows the performance of some executions using Term Frequency
versus the same executions using Term Frequency-Inverse Document Frequency. Although

it is not by too much, it is clear that TF performed always equally or better than TF-IDF.
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Figure 24 — TF vs TF-IDF

All things considered, Table 26 presents the results from the execution with the
best parameter set for all the questions and all the metrics: Accuracy (Acc), Linear Kappa

(LK) and Quadratic Kappa (QK).

Table 26 — Ngram results for all questions

Q ID| Acc | LK | QK | Q_ID | Acc | LK | QK
0,527 | 0,535 | 0,688 9 0,682 | 0,430 | 0,538
0,660 | 0,584 | 0,706 10 0,819 | 0,772 | 0,868
0,749 | 0,536 | 0,614 11 0,552 | 0,466 | 0,567
0,684 | 0,715 | 0,836 12 0,506 | 0,520 | 0,663
0,650 | 0,637 | 0,733 13 0,418 | 0,320 | 0,404
0,525 | 0,433 | 0,542 14 0,624 | 0,576 | 0,702
0,665 | 0,318 | 0,410 15 0,711 | 0,754 | 0,862
0,625 | 0,439 | 0,552 | Mean | 0,626 | 0,536 | 0,646

00| 1| o] en| | co| ro| =l
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5.3 Lexical Similarity

This set of features is based on the lexical level of language analysis, as discussed
in Subsection 2.2.1 and Subsubsection 3.4.4.1. The features are extracted considering the
similarity between students’ and references’ answers. This type of similarity is widely
employed in ASAG research [1].

In the lexical level, similarity is given by how related words appears to be, based
on their constituents (letters). That means that two words that are very similar in shape
(or even equals: homonyms) can be get a high similarity score, even if the meaning is not
related (e.g. cell and cell phone). This problem is considered in this work and covered by

semantic features in the next section.

Although only considering the lexical level, there are different groups of metrics
that can be considered to measure similarity. Some of these metrics are grouped in [95]
survey in their “String-Based Similarity” section and used in this work. Other metrics
not present in the survey are referenced in the below list (with 12 metrics), grouped by

four different types:

1. Token-based(3): it measures similarity between two strings by considering the
intersection of characters in both texts. Three different metrics were selected: Cosine,

Overlap and Sorensen (Dice);

2. Edit-based(3): metrics of this type are based on counting the minimum number of
operations performed to transform one string into the other. Levenshtein, Hamming
[144] and Jaro-Winkler were used;

3. Sequence-based(2): unlike token-based, here the order counts and similarity is
based on sequences. One way is to measure the longest common substring between
two given strings. The principle is that sentences with longest shared sequences are
more likely to be similar. A variation of this idea is also employed in this work, using
the RatcliffObershelp similarity [145];

4. Compression-based(4): it is similar to edit-based but similarity is extracted from
the shortest computer program that can convert one string (in this case, represen-
ted as a bit vector) to another. The representative algorithm used was Normalized
Compression Distance [146]. Four different variations were considered, depending
on the compressor, being described in the textdistance library (Subsection 5.1.4) as

bwtrle, bz2, lzma and zlid.

To extract the features, each student answer is compared against all the teachers’

answers to the question. So, if there are three available teachers’ answers for a question,
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the feature set for each student answer will consist of 36 features (3 reference answers x

12 metrics).

For performing the experiments, a similar scheme as the one presented in the pre-
vious section was used. The morphological reduction and stopwords removal were main-
tained. Moreover, a new binary parameter was implemented: to do or not to do Question
Demoting (QD). This technique consists in removing from the students’ and teachers’
answers words that are also used in the question statement. This idea was introduced
in the work of [75] and used afterwards in [85] and [82]. Therefore, the parameter varia-
tion was defined as stopwords_removal = {True, False} x morphological__reduction =
{None, Stemming, Lemmatization} x question_demoting = {True, False}. The best
parameter set was found to be: to use none morphological reduction, Random Forest
and applies both stopwords removal and question demoting. A visualization of the

question demoting impact on the performance can be seen in Figure 25.
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Figure 25 — Question demoting impact

As can be seen, the impact of performing question demoting or not had not a huge
impact on performance, with three wins for performing and three for not performing. The
difference between the average among executions with and without performing question
demoting is only 0.004, which is wispy, but a little better when performed. Important
to reminder that the difference is based on the average of questions and the influence of

question demoting considering each question individually is very different.

5.3.1 Using Student Answers

Despite the relatively good performance obtained so far, it can still be improved.
An interesting idea introduced in the work of [67] (and not found in other works ever
since) was to use the students’ answers who were awarded with the maximum grade as
they were also reference answers. This idea is interesting because students may relate

more with the correct answer from another classmate’s than with the teacher’s. In order
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to implement this idea, between four and six student top answers were selected for each
question to compose a new set of reference answers, with each question containing eight
reference answers in total. The number of eight was decided for two main reasons: 1)
one of the questions has only eight correct answers summing the teachers’ and students’
answers, so in order to not have one question being different in the numbers, this value
was used as ground; 2) with a number above eight, the dimensionality would get too high

and would slow the experimental executions.

Using the best parameter set discovered in the previous experiment, a new expe-
riment was set: to vary the number of reference answers from one to eight. The average
between questions’ scores by the number of reference answers can be seen in Figure 26. It

also reports the previous approach score (which used between 2 and 4 teachers’ answers).
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Figure 26 — Impact of the number of reference answers

As it can be noticed, as the number of reference answers increases the perfor-
mance tends to increase as well. Therefore, in order to accomplish the best possible score,
the number of eight reference answers was chosen. Numbers greater than eight could be

investigated in the future.

Regarding the scores obtained by each question individually, Figure 27 presents
the difference between the new approach with eight reference answers and the old one.
Points above the zero line represents wins for the new approach and below wins for the

old one.
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Figure 27 — Differences between the old and the new approach for each question

Figure 27 shows that not all questions are positively affected by more reference
answers. However, most of them are, and with scores up to 0.14 of difference. Negative
differences are seen only for three of the questions and are only up to 0.04. Hence, the

new approach can be considered better in general.

Considering the number of times that a specific number of reference answers per-
formed better among the 15 questions, Figure 28 exhibits this statistic. As it can be
noticed, the number seven got the higher scores in most of the time. However, the num-
bers four, five, six and eighth also got a considerable number of wins as well (with the

number eight also obtaining the best averaged score).
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Figure 28 — Number of win times for each number of reference answers

The results for each question, using the new approach, achieved with the best

parameters are presented in Table 27.



86

Table 27 — Lexical Similarity results for all questions

Q ID| Acc | LK | QK | Q_ID | Acc | LK | QK
0,491 | 0,470 | 0,619 9 0,690 | 0,313 | 0,379
0,653 | 0,579 | 0,703 10 0,799 | 0,716 | 0,814
0,711 | 0,440 | 0,502 11 0,554 | 0,450 | 0,540
0,576 | 0,578 | 0,721 12 0,462 | 0,425 | 0,546
0,589 | 0,591 | 0,719 13 0,393 | 0,267 | 0,344
0,529 | 0,408 | 0,496 14 0,570 | 0,512 | 0,656
0,690 | 0,369 | 0,454 15 0,701 | 0,727 | 0,830
0,574 | 0,341 | 0,460 | Mean | 0,599 | 0,479 | 0,585
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5.4 Semantic Similarity

As stated in the previous section, words that are similar in their shape can be not
similar when considering their meaning. Also, words with very different shapes can have
very close meaning. This property of natural languages brings a challenge to its correct
processing by computers. Among other purposes, semantic networks were created to aid
with this issue. The most representative and popular semantic network is WordNet [24],
a network where words are grouped in synsets, that are interlinked by their conceptual-

semantic and lexical relationships, providing means to measure semantic similarity.

There are a few established algorithms that can compute word-to-word similarity
in WordNet. They do so by walking through the links between synsets and measuring how
close or distant they are, if they have hierarchical relationships, among other indicators.
Six of these algorithms were considered for the experiments: Leacock & Chodorow [100],
Wu & Palmer [101], Lin [102], Resnik [103], Jiang & Conrath [104] and Shortest Path.
These metrics are also used by many other ASAG works [9, 75, 64, 80, 85]. The corpus used
for statistical information required by the Resnik, Lin and Jiang & Conrath algorithms
was the Mac-Morpho Brazilian Portuguese annotated corpus (words with their part-of-
speech tags) [147].

In order to use word-to-word similarity for measuring answers similarity, an algo-
rithm was implemented as proposed in [110], with the difference that here the median
function was also experimented, in contrast with only the mean function of the original
algorithm. Moreover, the use of both functions is also explored. The complete algorithm
is shown in Algorithm 2 and Algorithm 1 (Algorithm 2 has a call to Algorithm 1). The
algorithm is applied to every (stuAns,refAns) pair in the dataset.
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Algorithm 1: Semantic Similarity (Adapted from [110])

Require: t1,t2, metric, meanMedianBoth

mazScores <+ ||

for raSynSet in t1 do
raScores < ||
for saSynSet in t2 do
if raSynSet.postag == saSynSet.postag then
raScores.append(raSynSet.similarity(saSynSet, metric))
end if
end for
maxScores.append((max(raScores)))
end for
if meanMedianBoth =="mean’ then
return mean(mazxScores)
else

return median(mazScores)
end if
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Algorithm 2: WordNet Symmetrical Metrics’ Scores
Require: refAns, stuAns, meanM edianBoth
openClass < {NOUN'/VERB'/ ADJ'/ ADV'}

metrics < {'lch' path' res', wup', lin') jen'}

refAnsTagged < tag sentence(refAns)

refAnsTaggedS < [(w,t) for (w,t) in refAnsTagged if t in openClass]
ra < from_tagged_sentence_to_synsets(refAnsTaggedS)
stuAnsTagged < tag sentence(stuAns)

stuAnsTaggedS < [(w,t) for (w,t) in stuAnsTagged if t in openClass]
sa < from_tagged_sentence_to_synsets(stuAnsTaggedsS)

results < ||
if meanMedianBoth ==' both’ then
for metric in metrics do
results.append((sim_t1_t2(ra, sa, metric, mean’) +
sim__t1_t2(sa,ra, metric, mean’))/2)
end for
for metric in metrics do
results.append((sim_t1_t2(ra, sa, metric, median’) +
sim_t1_t2(sa,ra, metric, median’))/2)
end for
else
for metric in metrics do
results.append((sim_t1_t2(ra, sa, metric, meanMedianBoth) +
sim_t1_t2(sa,ra, metric, meanMedianBoth))/2)
end for
end if

return results

As the preceding sections, some parameters were tested to seek for better per-
formance. In this case, it was mandatory to perform lemmatization as the library do
not support the morphological variations. Accents were not removed, to increase mat-
ches in the semantic network (that uses the proper accents). The varying parameters
were: stopwords removal {T'rue, False}, question demoting {True, False} and the aggre-
gate function to use inside the algorithm {'mean’, median’, both'}, totalizing 12 possible
combinations. As a novelty from previous sections, the aggregate function comparison is

shown in Figure 29.
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Figure 29 — Aggregate function impact

As expected, the mean function performed better than the median function, as it
is part of the original algorithm in [110]. However, the median function also had a great
performance, specially for some of the questions. Therefore, by taking these aspects in
account, it is easy to understand why the use of both functions together performed better

than their alone application.

Concerning the other testing parameters, the results followed those from the le-
xical similarity, with stopwords removal and question demoting succeeding at
improving overall performance. Once again, Random Forest obtained the best aggre-
gate result. However, results followed previous sections and XGB and SVM also had a

good performance.

5.4.1 Using Student Answers

Following the idea introduced in the preceding section, an experiment to measure
the impact of more reference answers on semantic similarity was tested. The same eight
reference answers from before were used and the experiment followed the same protocol,
varying the number of reference answers from one to eight. The average between questions’
scores by the number of reference answers can be seen in Figure 30. It also reports the

previous approach score (which used between 2 and 4 teachers’ answers).
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Figure 30 — Impact of the number of reference answers

As it can be noticed, as the number of reference answers increases the performance
tends to increase as well, just like it happened for the lexical similarity as well. These

results instigates on performing future experiments with numbers greater than eight.

The results of the impact of using student answers as reference answers, shown in
Figures 26 and 30, indicates that this strategy can bring really good performance. One of
the reasons for that may be related to the matureness of teachers and students. As these
two groups of people are in different levels of maturity, the correct answer written by a
student can possibly related more to an answer than one written by a teacher, because
the former would write using a different language style than the latter. This can possibly
be one of the reasons and it must be investigated by future researches, as it is a matter

of great impact on performance.

Regarding the scores obtained by each question, Figure 31 presents a comparison
between the previous approach and the new one with eight reference answers. It shows the
difference between the new and the old approach. Points above the zero line represents

wins for the new approach and below wins for the old one.
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Figure 31 — Differences between the old and the new approach for each question
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Just like for the lexical similarity, not all questions are positively affected by more
reference answers. As a matter of fact, the graphics looks very similar, indicating that some
questions are less likely to improve performance using the new approach, independently
if it is lexical or semantic similarity. However, most of the points are above the line,
indicating that the new approach is better in general. Positive differences are up to almost

0.11 and negative differences up to 0.07.

The same analysis performed on Figure 28 is also performed for the semantic
similarity results, presented in Figure 32. In this case, the number eight performs better
by far. However, numbers four, five and six presented considerable wins. The sum of win

times among the eight possibilities is not 15 because some tie cases happened.
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Figure 32 — Number of win times for each number of reference answers

The results for each question, using the new approach, achieved with the best

parameters are presented in Table 28.

Table 28 — Semantic Similarity results for all questions

Q ID| Acc | LK | QK | Q_ID | Acc | LK | QK
0,494 | 0,466 | 0,608 9 0,671 | 0,417 | 0,505
0,613 | 0,510 | 0,629 10 0,787 | 0,614 | 0,664
0,671 | 0,387 | 0,456 11 0,465 | 0,320 | 0,396
0,554 | 0,557 | 0,705 12 0,473 | 0,455 | 0,587
0,543 | 0,499 | 0,605 13 0,330 | 0,160 | 0,219
0,473 | 0,345 | 0,444 14 0,523 | 0,418 | 0,540
0,676 | 0,343 | 0,429 15 0,664 | 0,687 | 0,797
0,553 | 0,327 | 0,444 | Mean | 0,566 | 0,434 | 0,535
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5.5 Text Statistics

Another group of features that should be considered is Text Statistics. These
features extracts some stats from the student answer. Also, there can be features extracted
from some ratio between student and reference answers. There are many different types

of text statistics used in ASAG literature. In this section, some of them are explored and
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used in the experiments. The list below presents the features used in this work, how many

each group uses (there are 22 in total) and which works in the literature also uses it.

e Length Ratio(4): the length ratio between the student and the question statement.
Also, the maximum, minimum and mean of the ratio between the student answer
and the reference answers (variations used in [77, 76]). A large distance between the

student and reference answer may indicate an incorrect answer;

e Counts(16): count per answer of: characters [74, 9, 54, 53], words [53, 54, 62],
sentences [54], commas, unique words [53], negation words [62] and each part-of-
speech (POS) tag (in the universal POS tagset) [129]. Style of answers by the counts

of their components may indicate better writing;

e Average Word Length(1): the simple average of the length of words in the answer

[53]. Can indicate if answers with larger words turns in correct or incorrect grading;

e Words per Sentence (Average)(1): the size of each sentence in terms of words.
Another style writing feature to measure if shorter or larger sentences can lead to

correct answers;

5.5.1 Experiments

For this set of features none prior preprocessing is performed. This is done because
some of the features needs the text in its raw condition. Also, morphological reduction
and stopwords removal would affect answers in a proportional way, probably not affecting
the results. From a first execution with all the features, three analysis were performed.

The first was to compare the three classifiers, with results in Table 29.

Table 29 — Text Statistics results

X | Acc | LK | QK | BK
RF | 0,533 | 0,341 | 0,423 | 0,382
XGB | 0,533 | 0,342 | 0,426 | 0,384
SVM | 0,546 | 0,324 | 0,402 | 0,363

The results in Table 29 showed that RF and XGB performed almost the same.
SVM got a higher accuracy than the two others. However, it performed worst than them
considering the kappa scores. Overall, the results indicates only fair to moderate agree-
ment and scores are much lower than previous feature sets. The second analysis is shown

in Figure 33.
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Figure 33 — Correlation matrix

Figure 33 presents a matrix where lines and columns represents each feature and
their intersections exhibits how two features are correlated. The main diagonal is full cor-
related, because it indicates the correlation of a feature with itself. Darker cells indicates
low correlation and clearer cells indicates higher correlation. The matrix exposes a high
correlation between the first six features: the four length ratio features and the character
and word count. They are highly correlated among themselves because they follow the
same proportion among most samples. This conclusion about these features is confirmed

by the third analysis, shown in Figure 34.
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Figure 34 — Features’ importance



94

The scores presented in Figure 34 were extracted from a XGB execution. In its
internal behaviour, XGB assigns an importance value for features in order to better use
them to build the final model. It considered the character count and three of the ratio fea-
tures as having zero importance because they were redundant with the other two features.

Therefore, the algorithm kept only those features that can impact on performance.

Based on these analysis, a new experiment removing those four redundant featu-
res was performed. The analysis comparing the three machine learning algorithms was
performed again, with results in Table 30. Comparing with Table 29, SVM got a little
decrease in all metrics, XGB performed exactly the same in all metrics and RF increased
its performance in all metrics. The same performance for the XGB is because its internal
implementation already disconsidered the redundant features. As for the SVM and RF,
it affected them oppositely.

Table 30 — Text Statistics results (after)

X Acc | LK | QK | BK
RF | 0,543 | 0,352 | 0,431 | 0,392
XGB | 0,533 | 0,342 | 0,426 | 0,384
SVM | 0,543 | 0,318 | 0,395 | 0,357

Finally, the results using Random Forest, without redundant features and detailing

performance for all questions are presented in Table 31.

Table 31 — Text Statistics results for all questions

Q ID| Acc | LK | QK | Q_ID | Acc | LK | QK
0,398 | 0,278 | 0,378 9 0,666 | 0,266 | 0,326
0,637 | 0,524 | 0,621 10 0,707 | 0,406 | 0,491
0,665 | 0,312 | 0,330 11 0,491 | 0,370 | 0,463
0,480 | 0,394 | 0,503 12 0,441 | 0,317 | 0,378
0,492 | 0,454 | 0,584 13 0,349 | 0,160 | 0,192
0,427 | 0,226 | 0,259 14 0,549 | 0,428 | 0,523
0,645 | 0,244 | 0,327 15 0,586 | 0,549 | 0,650
0,611 | 0,355 | 0,443 | Mean | 0,543 | 0,352 | 0,431
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5.6 Word Embeddings

One of the greatest novelties in natural language processing in the last few years
is word embeddings. As discussed in Section 2.4, the work of [40] introduced Word2Vec
in 2013, a technique for representing words in vectors in an efficient manner. The authors
presented two different models for accomplishing their goal: Skip-gram and CBow. From
their work, several researches followed the embeddings path, leading to new and refined

techniques.
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In 2014, researches from Stanford University released GloVe (Global Vectors for
Word Embeddings) [108]. The main difference from the Word2Vec algorithm is that GloVe,
beyond using context-based learning as Word2Vec, also uses global text statistics from
the whole corpus by constructing a word co-occurrence matrix (like older methods such
as Latent Semantic Analysis). This additional technique can improve the overall results,

as demonstrated in their work [108].

Following, in 2016 the Facebook Research team presented FastText [148], a new
extension to the Word2Vec algorithm. In Word2Vec, each word in the corpus is considered
as an atomic entity, used for training the model. The novelty from FastText is that it treats
words as a composition of character ngrams and hence, the vector for a specific word is
determined from the sum of its character ngram’s vectors. This representation difference

can have a great impact depending on the data.

Training these word embeddings algorithms on a large corpus is a laborious ac-
tivity. In order to help researchers to deal with natural language processing tasks in
Portuguese, [149] trained word embeddings on a large Portuguese corpora, composed of
17 different corpus, totalizing 1.395.926.282 tokens. They used this data to train on the
three aforementioned algorithms (Word2Vec, GloVe and FastText), making available dif-
ferent versions for each of them, concerning the model (Skip-gram or CBow) and the

number of vector’s dimensions.

An even newer approach (2017), that implements sentence embeddings instead of
word embeddings, was proposed in [150]: InferSent. However, sentence embeddings are
out of the scope of this work as there is no sentence embedding’s implementation readily

available for the Portuguese language.

Regarding the use of embeddings on the ASAG literature, eight works were found
using some of the algorithms. Two of them uses InferSent [129, 123]. Among the other
six works, Word2Vec was used in five, GloVe was used in two and FastText was not used.
The training data used among the six works was Wikipedia (2), Google News (2) and a
composition of Wikipedia, the British National Corpus and the WaCky corpus (2) (more
details in [151]). Concerning the number of the vector’s dimensions, two works uses 100,
two uses 300 and the other two 400.

For this work, 15 embeddings models were considered, based on the availability of
pre-trained Portuguese embeddings from [149] and in the literature’s use. Twelve of them
are a combination of algorithm = {Word2Vec, FastText} x number_of dimensions =
{50, 100,300} x skip_or_cbow = {SkipGram,CBow}. As GloVe do not have a skip-

gram/cbow variation, it only varies for the number of dimensions (50, 100 and 300).

All these word embeddings algorithms, implementations and variants gives as out-

put a vector representation for each word. In order to use these vectors as features for
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machine learning in ASAG, some different approaches are used in the literature. The most
common and used way to represent answers using word embeddings is to sum or average
among the vectors of each content word of the answer. These representation techniques
(referred from now on as summation and average models) are used in five of the six works
9, 82, 90, 80, 120]. A variation of this modeling technique is presented in [80]. Instead of
using only the vector’s sums, it also represents each answer as the concatenation of three
vectors: summation, min and max. The min and max vectors are created by taking the
max and min element for each dimension 7 among all the ith dimensions for each word
(example: the 5th dimension of the min vector is the minimum value across all 5th position

vectors extracted from each answer’s word). This models is referred here as summinmax.

Considering the three ways of representing an answer (summation, average
and summinmax), they can be used as features for ML in two different manners: 1)
as they are, that is, using only the student answer itself as feature (in a way related
to the bag-of-ngrams) referred in this section as the representation approach; 2) to
create a similarity score between the student and reference representation vectors, using a
metric that calculates the distance between real number vectors (usually using the Cosine
distance, but also the Manhattan (city-block) and Euclidean distance) referred in this

section as the similarity approach.

Another approach used in two works [85, 80] was to implement Mohler and Mi-
chalcea’s algorithm [152] to calculate text semantic similarity, using the same algorithm
as the one presented in the previous section (Semantic Similarity). The only difference
is that instead of using WordNet’s algorithms (such as Lin, Shortest Path, etc) to calcu-
late word-to-word similarity, the cosine, euclidean and Manhattan distance are used as
metrics. Preliminary experiments using this approach produced results way worse than
other approaches. In addition, it took much more time than other approaches to run. For

these reasons, this approach was no further used in the experiments.

Finally, other two different techniques were found for generating features [123,
129]. However, as they depend on the representation technique (summation, average or
summinmax), they were taken in account after the performance of the experiment that

determined the best representation approach.

For the preprocessing, four variations were considered: stopwords_removal =
{True, False} x morphological_reduction = {None, Lemmatization}. Stemming was
not take into account as the embedding models were trained using real words and as
stemming produces non-words, it was not considered. Accents were not removed for the

same reason, to match the words used for training the embeddings in [149].

All things considered, 360 executions were performed to determine the best pa-
rameter set and perform comparisons among variants. The combinations are composed

of: 4 preprocessing options X 15 embedding models (Word2Vec, GloVe, etc...) x 3 repre-
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sentation techniques (summation, average and summinmax) X 2 approaches (only repre-
sentation or similarity). Also, as performed for all other experiments, the three different

classifiers were also tested.

For the similarity approach, all the eight reference answers introduced in the Le-
xical Similarity Section were used as features. This was done because each similarity pair
(student and reference answer) uses only three features (Cosine, Euclidean and Manhattan
scores), which is too little. By using the eight reference answers, each row was composed
of 24 features. Another reason is that using more reference answers in the two previous
sections improved the results. Another technique used for all approaches was Question
Demoting. Its efficiency was also demonstrated in previous sections and preliminary ex-

periments using embeddings also showed some improvement.

Considering everything that was discussed in this section so far, Subsection 5.6.1
reports the results for the performed experiments, presents graphic visualizations and the

final results as performed in the previous sections of this chapter.

5.6.1 Results and Discussion

The first result is that the best performance was achieved with: Random Forest,
lemmatization, not removing stopwords, using FastText with 300 dimensions and the

skip-gram model and using the summinmax representation only (not similarity).

Concerning the preprocessing, lemmatization succeed once again, proving its effi-
ciency by performing better in 88% of the executions, while only 12% performed better
without its application. Regarding the stopwords removal procedure, even tough its appli-
cation performed better in 74% of executions, not applying it led to the best score when

combining all the parameters (although it was not a very significant difference).

Regarding the machine learning algorithms, results followed the previous sections,
with Random Forest being in the best execution, RF and XGB performing almost the
same and SVM performing worst considering kappa but being very close from RF and

XGB considering accuracy.

With regard to the representation technique, Figure 35 illustrates the performance

for summation, average and summinmax (without similarity).
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Figure 35 — Comparison among different representation techniques

The approach proposed by [80] (summinmax) showed to perform better against
common approaches such as summation and average, at least for this dataset. According to
the authors, the idea of this representation is to capture the boundaries of each sentence.
Summinmax performed, in average, 0,034 better than summation and 0,076 better than
the average approach. Figure 35 also shows that the differences among approaches are

constant throughout all executions.

Concerning the similarity approach, it is worth mentioning that it performed a
little better than the average representation approach and way worst than summation
and summinmax represented in Figure 35, with its best score achieving 0,495. Comparing
to the 0,55 of the representation approach, it is considerable worst. However, this value
is a little better than the best score obtained using WordNet similarity in the previous
section (that was 0,485). As regard to which representation approach performed better
for embeddings similarity, the results are interlaced, each one of three techniques won a
considerable percentage of executions and the average was very close. Summing up, the
representation technique had a great impact when using it by itself but a low impact for
similarity usage. Also, similarity using word embeddings performed a little better than

similarity using WordNet.

Following, the results regarding the embeddings model’s characteristics are presen-
ted in Figures 36, 37 and 38. Firstly, Figure 36 shows a comparison among the executions
that used cbow against skip-gram. The graphic represents the difference from skip-gram
minus cbow, so the dots above the zero line represents skip-gram wins and dots below
cbow wins. It is clear that the skip-gram approach performed mostly better among all
executions. The difference is even greater in the right side of the graphic, that represents

the FastText runs, as opposed to the left Word2Vec runs.
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Figure 36 — Comparison between chow and skip-gram approaches

Regarding the number of dimensions, Figure 37 compares the performance of the
three values. Generally, using 300 dimensions performed better than 100 that performed
better than 50. However, the lines are intertwined, that shows that despite the overall
trend that more dimensions gives better results, the differences are not too high and in

some cases the 50 line crosses the 100 line and this in its turn crosses the 300 line.
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Figure 37 — Comparison between different dimensions for embeddings’ vectors

Finally, the comparison between Word2Vec, GloVe and FastText is reported in
Figure 38 %. As it can be seen, Word2Vec performed consistently worst than the other
approaches, winning only once against GloVe. FastText and GloVe had a smaller difference
between themselves but FastText performed better most of the time. These results follows
the chronological releases of each approach, when the more recent the algorithm, the
better it performs. This can be considered an expected result, as GloVe and FastText

were proposed as extensions to improve Word2Vec’s performance.

4 Cbow executions were left out so Word2Vec and FastText would have the same execution points as

GloVe in order to perform the comparison. Also, skip-gram was picked over cbow as it performed
better.
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Figure 38 — Comparison between different word embeddings’” algorithms

After founding out the best possible combination for word embeddings, the feature
representation from [123] (Equation 5.1) and [129] (Equation 5.2) (referred as Marvaniya’s
and Saha’s representation features, respectively) were considered. The ¢, r, a letters indi-
cates the embeddings’ vectors from the question statement, the reference answer and the
student answer, respectively. Also, * and — represents element-wise multiplication and
subtraction, respectively. Finally, the | symbol represents concatenation. The authors in
[123] excluded the question embedding for limiting the high dimensionality (their embed-
dings’ implementation InferSent uses 4096 for each sentence embedding, which would give

a 8192 for their implementation and 24576 for Saha’s representation).

Steat(q, 7, a) = [a —r|a* 7] (5.1)

Speat(q; 7, a) = [r* alr — a|r x q|r — gla* gla — q] (5.2)

The authors in [129] Saha’s representation used the question to extract the novel
information expected in the student answer and the novel information expressed in the
student answer. However, a much easier and straightforward technique allows for achieving
the same goal: Question Demoting, used in the two preceding sections. Also, triple the
feature vector dimensionality only for this purpose seems exaggerated. As a consequence,
we first experimented Marvaniya’s representation, which resulted in no improvement in the
performance (more details further ahead). Therefore, considering the question demoting
option, the huge dimensionality and Marvaniya’s performance, we opted not to use Saha’s

representation.

Regarding Marvaniya’s representation, we tested a implementation using the best

parameters (Random Forest, lemmatization, no stopwords removal, FastText, skip-gram,
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300 dimensions and using summinmax representation). However, the final dimensionality
got too high (300 dimensions x 3 (summation, min and max vectors) x 2 (a — r and
a 1)), totalizing 1800 dimensions for each reference answer (the number of reference
answers was tested from 1 to 8 but the exact same result was obtained for all n values of
reference answers. We hypothesize that this is caused by the high dimensionality of the
feature vector (from 1800 to 14400 dimensions), specially harmful because each question

has only an average of 498 samples (the proportion between samples and features is too
high)).

Nonetheless, the results for the Marvaniya’s representation, in comparison with

the previous best score approach, are presented in Table 32.

Table 32 — Best Score vs Marvaniya’s representation

Q_ID | Best Score | Marvaniya’s | Q_ID | Best Score | Marvaniya’s
1 0,549 0,545 9 0,467 0,463
2 0,645 0,639 10 0,738 0,734
3 0,474 0,509 11 0,472 0,489
4 0,709 0,688 12 0,588 0,585
5 0,613 0,591 13 0,346 0,320
6 0,478 0,449 14 0,615 0,575
7 0,347 0,367 15 0,808 0,789
8 0,484 0,465 Mean 0,556 0,547

As it can be seen on the table, Marvaniya’s representation was only able to im-
prove results for three questions (ids 3, 7 and 11, gray marked). However, considering
the overall performance, Marvaniya’s failed at improving the results. Therefore, the best
score approach was kept as the chosen one. The detailed results for all the questions and

metrics are presented in Table 33.

Table 33 — Word Embeddings results for all questions

Q ID| Acc | LK | QK | Q_ID | Acc | LK | QK
0,465 | 0,465 | 0,633 | 9 | 0,697 | 0,416 | 0,518
0,667 | 0,588 | 0,701 | 10 | 0,802 | 0,699 | 0,776
0,716 | 0,445 | 0,503 | 11 | 0,524 | 0,424 | 0,520
0,640 | 0,646 | 0,772 | 12 | 0,508 | 0,520 | 0,656
0,556 | 0,549 | 0,678 | 13 | 0,433 | 0,312 | 0,381
0,513 | 0,420 | 0,536 | 14 | 0,604 | 0,549 | 0,681
0,674 | 0,310 | 0,384 | 15 | 0,722 | 0,757 | 0,358
0,613 | 0,423 | 0,544 | Mean | 0,609 | 0,502 | 0,610

o | | | | ol ro| =l
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5.7 Combining

After experimenting with each approach on the five preceding sections, Table 34
groups the six approaches and their parameter configuration (it was decided to include
the word embeddings’ similarity as the sixth approach for analysis as it showed conside-
rable good results). All approaches uses Random Forest as the classification algorithm.
Each method received an acronym, being in order from top to bottom in the table: Bag-
of-ngrams, Word Embedding Representation, Lexical Similarity, Word Embedding Simi-
larity, WordNet Similarity (Semantic Similarity) and Text Statistics.

Table 34 — All six approaches and their characteristics

Morp. Red. | SWR | Q.D. | N.o.R.A Other Parameters Dimensionality
NGRAMS Lmm. True - - wnmf=450,cnmf=500,range=(2,4) | 450+500=950
WEREP Lmm. False | True - fasttext,300d,skip,summinmax 300x3=900
LEXSIM None True | True 8 - 8x12=96
WESIM Lmm. True | True 8 word2vec,300d,skip,summinmax 8x3=24
WNSIM Lmm. True | True 8 agg func="both’ 8x12=96
TXST None False - 18

Morp. Red.: Morphological Reduction. SWR: StopWords Removal. Q.D.: Question Demoting. N.o.R.A.:
Number of Reference Answers. Lmm.: Lemmatization.

The results achieved for each question by the six different approaches are presented
in Table 35 (using the bk scores for comparison). The columns of the table are ordered from
the best to the worst approach, from left to the right (considering the mean score in the last
row). The table is colored in order to highlight discrepancies among questions. The colors
are specially helpful at spotting questions where a specific approach was particularly bad

or good. It also helps spotting questions that diverged from the more common pattern.

Table 35 — Results from all previous sections side by side

Q_ID | NGRAMS | WEREP | LEXSIM | WESIM | WNSIM | TXST
1 0,586 0,560 0,447 0,543

2 0,645 0,636 0,646

3 0,475 0,481 0,439 0,415

4 0,728 0,667 0,654 0,647

5 0,638 0,659 0,591

6 0,452 0,446 0,387 0,304

7 0,364 0,389 0,377

8 0,442 0,445 0,439 0,399
9 0,461 0,425

10 0,714 0,769 0,576 0,658

11 0,501 0,478 0,479

12 0,502 0,446 0,511

13 0,326 0,317 0,232 0,216

14 0,599 0,582 0,595

15 0,794 0,764 0,741 0,761

Mean 0,554 0,538 0,496 0,483
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A first insight from Table 35 is that the techniques considering only words and their
representation (NGRAMS and WEREP) got the higher scores. They also have a much
larger dimensionality than the other feature’s set (900’s against dozens from the others).
The only question that NGRAMS got a smaller score than WEREP was in question
7. For all the others, WEREP follows NGRAMS closely, but do not achieves the same

performance.

A second attention caller is TXST, holding the worst performance. This is expected
as this group of features only accounts for simple text style statistics. Even though TXST
got a bad performance compared to the others, it got reasonable scores for questions 2,
8 and 11, not that far away from the others. It even won from WNSIM in four of the

questions.

Following, as intermediates, there are the three similarity approaches. The lexical
similarity approach usually got higher scores than the other two. The difference between
WE and WN similarity is smaller but WE usually performs better than WN. Interesting
to notice that LEXSIM got a specially low score for question 9, losing by far from the
other similarity approaches. Still regarding question 9, the WESIM method got a score
higher than WEREP and almost as the same as NGRAMS.

Other discrepancies from the mean score sequence are from questions 2 and 7.
For these questions, LEXSIM got the highest score, even greater than NGRAMS and
WEREP. Another noticeable discrepancy is from question 9, in which WESIM wins from
four approaches and gets real close to NGRAMS. It is by far the best question from
WESIM.

Finally, concerning WNSIM), its score for question 7 was considerable good, even
beating NGRAMS and losing only for WEREP and LEXSIM. However, as the second
worst approach, question 7 is its only highlight. In fact, WNSIM performs so badly that
it even loses for TXST in four questions (2, 8, 11 and 14) and it gets close of losing in
another two (5 and 13).

In summary, the main insight from Table 35 is that despite of their general perfor-
mance order, each approach has its advantages in specific questions. The reason behind
this finding must be certainly explored by future researches. Preliminary and shallow
analysis were performed and failed to give an answer to the question. The non-conformity
among questions motivated an idea to increase the general performance by somehow com-

bine all of the approaches, getting the best from each one (explored in the next subsection).

5.7.1 Combining different approaches

The concept of combining different machine learning models in order to minimize

error rates and increase generalization was introduced in 1992 by [153] and named Stacked
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Generalization (also popularly known as Stacking). Roughly speaking, the main idea is
that taking a final prediction from several different models is better than accounting with
only one model. A similar idea was used when creating the Random Forest and other
ensemble learning algorithms (as discussed in Section 2.3). The idea is to combine several
weak learners in order to create a stronger learner. The weak learners can be: 1) models
using the same algorithm but training in different parts of data (as RF); 2) models trained
in the same data, but with each model using a different machine learning algorithm; 3) a
blend of different feature extraction approaches. The last alternative is what is considered

Stacking in this chapter.

Since its introduction, stacking has been widely employed in different machine
learning applications. In ASAG, this technique was specially applied in the 2012 and
2013’s competitions, as competitors were seeking for the best possible performance in
their models [53, 88, 91, 83, 86, 79, 67]. However, stacking is not restricted to be used
in competitions and since 2013 other ASAG works reported its usage in their models

54, 9, 71].

In order to perform experiments using all the different groups of features presented

in Table 34, three stacking strategies were considered, along with an aggregation approach:

e Voting Classifier (Voting): in this approach, each weak model outputs a prediction
for each sample. The final prediction attributed to a specific sample will consist in
the mode function applied to the predictions of all weak learners. In other words,
each model votes for a prediction and the class with majority votes wins. Ties are

resolved according to the precedence (from top to bottom, in the other defined in

Table 34);

e Hard Stacking (Hard S.): with this strategy, each model outputs its predictions and
these values are used as input into a new machine learning model. In other words,

the features from the new model will consist in the output of the weak learners;

e Soft Stacking (Soft S.): this approach is very similar to hard stacking. The only
difference is that the input for the new model do not consists in the weak models’
predictions but rather in the probabilities for each class. In other words, each model
will output a specific percentage that a sample belong to each considered class (four
in this work: {0,1,2,3}). Then, these probabilities are used as the features for the

new model;

e All features in one feature vector (Together): this is the most simple approach and
can not be considered a stacking procedure. It is, however, another possibility for
combining all the different feature sets. It works by concatenating all features in

only one feature vector and training a single model.
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Furthermore, experiments uses five different combinations of the six possible ap-

proaches. They consist in the top-k approaches from Tables 34 and 35:

e Top-2: NGRAMS + WEREP;

e Top-3: Top-2 + LEXSIM;

Top-4: Top-3 + WESIM;

Top-5: Top-4 + WNSIM;

Top-6: Top-5 + TXST.

All things considered, the four stacking approaches are combined with the five
possible combinations of feature sets, creating 20 possible combinations. The results from
the experiments (executed with the same methodology defined in Section 5.1 and using

Random Forests (as it is the one that performed better)) are presented in Table 36.

Table 36 — Results from the possible 20 combinations

Top-k/Method | Hard S. | Voting | Together | Soft S. | Mean
2 0,566 0,558 0,566 0,557 | 0,562
3 0,551 0,568 0,572 0,566 0,564
4 0,539 0,562 0,572 0,577 | 0,563
5 0,536 0,563 0,579 0,587 | 0,566
6 0,531 0,552 0,564 0,591 0,560
Mean 0,545 0,561 0,571 0,576 -

The first insight from Table 36 is that the worst approach was hard stacking, the
second worst was voting, the best was soft stacking and the second best was the together
approach. One possible explanation between the performance of the two-best against the
two-worst is that the first group uses more information (all features directly or each class’

probability) whereas the second group uses less information (only the final predictions).

Another insight from the table is that the number of the k groups did not have a
great impact on the mean performance. This is possibly caused due to the fact that the
first 2-best approaches already holds most of performance, leaving little for the others to
contribute. Nevertheless, the best score was obtained with the combination of all different
approaches (top-6). Also, the second and third best scores were obtained by the top-5
row. This points out to the fact that all approaches can contribute for achieving a greater
combined score. All things considered, the best stacking combination consisted of Soft

Stacking and by using all the groups (Top-6): the Soft-6 approach.

In order to better measure the efficiency of the soft-6 model, it was compared to

the best single-method: ngrams. Table 37 presents the results from both models among
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all the 15 questions and their average. The soft-6 model got nine wins against only six
from the ngrams model. This means that the soft-6 approach performed better when
considering each question. However, a tie happened when averaging all the scores (using
the bk score).

Table 37 — Comparison between Ngrams and Soft-6

Q_ID | NGRAMS | SOFT-6 | Q_ID | NGRAMS | SOFT-6
1 0,612 0,583 9 0,484 0,495
2 0,645 0,673 10 0,820 0,345
3 0,575 0,592 11 0,517 0,529
4 0,775 0,743 12 0,592 0,579
5 0,685 0,679 13 0,362 0,259
6 0,487 0,464 14 0,639 0,667
7 0,364 0,398 15 0,308 0,316
8 0,495 0,543 | Mean 0,591 0,591

In order to break the tie, the accuracy, linear kappa and quadratic kappa of the
average among questions were considered, reported in Table 38. Despite the bk tie, when
considering linear and quadratic kappa alone, soft-6 got a slightly more balanced score,
that is, the difference between the quadratic and linear kappa of soft-6 is slightly smaller
than the same difference in ngrams. Furthermore, the soft-6 model got a value of 0,01
accuracy greater than ngrams, which settles the tie up for the winning of Soft-6. Additio-
nally from the scores, the soft-6 model also got a higher generalization power, as it relies

on several different features as opposed to the ngrams model.

Table 38 — Comparison between Ngrams and Soft-6 (part 2)

Acc | LK | QK
NGRAMS | 0,626 | 0,536 | 0,646
SOFT-6 | 0,636 | 0,541 | 0,641

All things considered, Table 39 reports all the scores obtained by the best approach
of this chapter (Soft-6) among all the 15 questions.

Table 39 — Soft-6 final results

Q ID[ Acc | LK | QK | Q ID | Acc | LK | QK
1 | 0556 0523|0643 9 |0,690 | 0,442 | 0,548
2 | 0,692 0,619 | 0,727 | 10 | 0,843 | 0,806 | 0,884
3 |0,762 0562|0622 11 |0,566 | 0,482 | 0,576
4 | 065406790807 12 | 0,557 | 0,524 | 0,633
5 |0,621 06210736 | 13 |0,404 0,239 | 0,279
6 | 0,510 0,409 | 0,520 | 14 | 0,637 | 0,601 | 0,733
7 | 0,688 0,358 [ 0,439 | 15 | 0,708 | 0,760 | 0,871
8 | 0,645 | 0,486 | 0,600 | Mean | 0,636 | 0,541 | 0,641
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5.8 Comparison with Human Grading

The human performance at grading short answers was already discussed in Sub-
section 3.4.6 that reported the Human-Human Agreement (HHA) of literature works and
in Subsection 4.4.2 that presented the inter-rater reliability for this work’s dataset. In this
section, the agreement’s scores between human raters and between one of the human raters
and the soft-6 model are compared. The scores are reported in Table 40 using linear and
quadratic kappa, for all questions where both scores are available (SHA: System-Human

Agreement).

Table 40 — HHA vs SHA agreement

Linear Kappa Quadratic Kappa
ID |HHA | SHA | ID | HHA | SHA

1 0,40 | 0,52 1 0,57 | 0,64

9 0,43 | 0,44 9 0,54 | 0,55
11 0,39 | 0,48 11 0,52 | 0,58
12 0,37 | 0,52 12 0,50 | 0,63
Mean | 0,40 | 049 | Mean | 0,53 | 0,60

Considering the average between the four questions, both SHA and HHA and both
linear and quadratic kappa scores are within the range of moderate agreement (as to [32]’s
guidelines, scores between 0.4 and 0.6). Except for question 9, that has very close scores
between SHA and HHA, the other questions have a large difference between SHA and
HHA. The results reported in Table 40 shows that the SHA scores are higher than the
HHA scores. This means that there was more agreement between the soft-6 model and
one of the raters than among human raters. This result is not particularly bad or good,
but indicates that the model really learned from the scores assigned by human raters to
the answers. Therefore, the model learned in such way that it disagrees less than two
humans does. Also, it can indicates that the model performed really great or that some

human raters misunderstood the assignment criteria (or even both cases mixed).

Regarding the literature results for the same kind of comparison, a considerable
amount of them does not even report the HHA agreement. From those who does report
it, it is not that common for SHA scores to be greater than HHA scores. However, it is
not that unusual as well [71, 52, 60, 66, 59, 92] (more details can be seen in Tables 10 to
15 from Subsection 3.4.6).
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6 FINAL CONSIDERATIONS

The automatic grading of short answers is a valuable resource for the improvement
of students’ evaluations. However, research using Portuguese data is scarce, specially
considering works with a great amount of data, suitable for a machine learning approach.
Considering this, this work explored the Automatic Short Answer Grading research field
by following some steps. The final considerations of this work are divided among the

following sections.

Section 6.1 reinforces the delimitation of this dissertation’s work and presents
some threats to its validity. Section 6.2 presents the final considerations regarding the
systematic literature review. Section 6.3 presents a closure about the Auto-Avaliador CIR
web system. Section 6.4 exposes some lessons learned from the data collection and dataset
construction. Section 6.5 highlights the main findings uncovered by the experiments. Then,
Section 6.6 presents the contributions of this work for the education area and possible
directions for its application. Finally, Section 6.7 ponders on some possibilities for future

continuations of this research work.

6.1 Work’s Delimitation

The scope of this work consists in: a systematic literature review, development of
a web system, the data collection and several experiments on the data. Provided that
the work consisted in a broad range of different activities, some of them were not deeply
explored and some opportunities for future researches appeared. One of them regards
to the Auto-Avaliador CIR web system, that was designed without specialists in web
development and graphical designers. Also, the usability evaluation could be much more
explored. Another aspect that had no further considerations was the human inter-rater

reliability. The criteria was simply exposed to the evaluators and the agreement measured.

6.2 Systematic Literature Review

At the beginning of this work, the first step to uncover the Automatic Short
Answer Grading field was to look for literature reviews. From the ones that were found,
the idea of performing a new, updated and systematic literature review was conceived.
The work’s objective was to perform a systematic review in the research field of automatic
short answer grading with works using a machine learning approach. The first step was
to create a research protocol and plan the research methodology. Then, the review was
conducted by following the defined systematic guidelines. The final selection resulted in

44 papers and six research questions were answered based on them.
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We first explored the data used in ASAG research, revealing the great variety of
datasets and its characteristics, from the language to the number of questions, answers,
etc. Then, we looked at which natural language processing and machine learning techni-
ques are the most used in the field. After that, we presented the core of the research, how
answers are modeled in order to extract features that can predict their scores. Finally, we
showed how researchers evaluated their systems and how their works can (or can not) be

compared to each other.

All the presented results shows the essence and evolution of ASAG research using
machine learning methods. Also, the review’s most important contribution relies on its
systematic protocol, making it replicable and comprehensive. Furthermore, its main result
was to create a mapping of relevant ASAG works for future works’ reference. Yet, another
important result was to confirm, as previous research suggested, that the ASAG field is
heading more and more towards an evaluation era, using publicity available datasets to

evaluate new ideas and methods.

6.3 Auto-Awvaliador CIR

The Auto-Avaliador CIR web system was created in order to collect data in an
easier and intuitive way from teachers and students. As the system would need to be
developed from the start, we decided to evolve the idea and create a system where it
would be possible to use it as a virtual learning environment, if demand arise. The idea
was to create a collaborative system, where teachers from all places could grade answers
and thus create enough basis to train machine learning models to perform further grading

(thus the intelligent from its name).

Despite the effort, the primary goal for creating the Auto-Avaliador CIR prevailed.
It was used mainly to collect the data needed to perform the research. However, nothing
prevents from using it as a prototype and to develop a better version in the future,
that could fulfill the broader aim of the system: to be a tool that can assist teachers
and students in their learning process. With all properly set, a student could write his
answers in an exam and be practically instantly graded. Provided with proper feedback,

the student could know where to put his focus to keep studying right away.

6.4 Data Collection

As the systematic review revealed a lack of research regarding Portuguese data, a
new ASAG dataset was planned to be created. It was done by collecting data from the
real world, counting with the participation of 659 students, 14 undergraduate students
and 13 teachers. The ASAG dataset presented in this work, in the Portuguese language,

is the first one, as far as we know, to be made publicly available. The dataset possesses a
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reasonable large amount of data, compared to other literature datasets. Its creation was
intended to perform experiments using Portuguese tools, in order to test for the generality
of another languages’ techniques. Furthermore, it is made available so future researches

can present and test new models against this dataset, reporting comparable results.

Nevertheless, some considerations must be presented as they are possible threats
to the validity of the data:

e The technique used for collecting samples was the Convenience Sampling, which im-
poses a restriction regarding the generality of the data and the further experiments

based on them;

e Aspects that might had an influence in the data quality are the students’ age, grade

level, city and if their school is a private or public institution;

e The grades assigned by the human graders chosen to be part of the study. They
were in the last year of biology faculty, but their low inter-rater reliability indicates

some disagreement regarding the criteria or some other difference;

e Another aspect that might influence the results based on this dataset is the type of
the questions. They are all from biology and regarding human body topics. Maybe

the subject matter can influence in the quality of data and in the experiments;

e Finally, the label distribution is somewhat imbalanced. This can have an influence

in the training of a machine learning model and its further predictions.

6.5 Experiments

Counting on a systematic literature review, that identified the most relevant and
used ASAG techniques, and on the newly created Portuguese dataset, several experiments
were performed. They explored different approaches used on the literature, along with
several possible variations for them. The justified and systematic experiments’ procedures

produced relevant insights that can be used by future researches:

e Despite its simplicity, ngrams is still a very powerful ASAG predictor, even consi-
dering other newer techniques (as pointed in the literature and confirmed in this

work);

e The idea of considering correct student answers as they were reference answers can
a have a huge performance impact in similarity approaches. The impact of this
technique must be more explored by future works as the results presented in this
work showed very promising results. This idea can possibly hold a deep impact on
future ASAG researches;
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e The application of Word Embeddings, one of the most recent and sophisticated
NLP techniques, showed very promising results. Among the different embeddings’
methods, FastText (the newest considered technique) obtained the best performance
for this dataset;

e At least for this work’s dataset, response-based approaches proven to perform better

than similarity-based ones;

e Each experimented approach has its advantages and the use of them all together

proved to produce the best possible model;

e Each question reacts very differently to preprocessing and other techniques, making
it harder to decide which to keep. The averaged impact of different techniques was

often small due to this high intra-variability;

e Compared to other literature works, the dataset presented in this work got a so-

mewhat high inter-rater disagreement.

Concerning the overall effectiveness of the proposed ASAG method, results showed
to be satisfactory, with kappa scores indicating between moderate to substantial agree-

ment between our model and human grading.

6.6 Contribution for the Education Field

Even though the work of this dissertation is mainly related to Computer Science
and Artificial Intelligence, it is also a work with a direct application in the field of Educa-
tion. The potential of this research at becoming basis for future researches and products is
high. The applicability of the idea to the industry is enormous and could bring a lot of be-
nefits, extensively discussed in the introduction of this work, specially in virtual learning
environments in distance education. Also, the results achieved by the experiments are

encouraging, signaling that such application as a commercial product is a real possibility.

One possible application of this work could be as a plugin for the Moodle envi-
ronment. Moodle is an online platform (free software) for distance education, with one
of the largest numbers of installations, users and courses, having more than 25 thousand
installations, 360 thousand courses and more than 4 millions students over 155 countries.
Essentially, is an open and online software for assisting in online courses or as a com-
plementary environment for physical classes. One of the great advantages of Moodle is
that it supports plugins, extensions to its features. Considering this support, a plugin for
automatically grading student’s short answers could be created and coupled into existing

systems, being of great value for assisting teachers in the Moodle environment.
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6.7 Future Works

A possible direct continuation for this work is to evaluate the final proposed mo-
del (named Soft-6) against public datasets available in other languages (by performing
an adaptation that other datasets from another language requires). Additionally, the ex-
periments performed in this work could present different results when evaluated in a
larger Portuguese ASAG dataset. Future researches could collect and publish such bigger

datasets.

Regarding a big picture of ASAG, one of the greatest challenges identified in the
related literature and in this work is to create a model that can performs consistently
good independently of the question. The high performance variability among different
questions needs to be investigated. One idea is to explore the difficultness of questions

and investigate if it correlates with automatic model’s performance.

Concerning NLP technologies, the last few years witnessed a huge development
in word embeddings. A new representation model called ELMo achieved state-of-the-
art results in many NLP tasks. The great novelty of ELMo is to distinguish between
different meanings of the same word, requiring the word’s context to decide its respective
embedding. Beyond the availability of new state-of-the-art word embeddings techniques,
another trend is to embed not only words, but also sentences. Sentence Embeddings
techniques (such as Quick-Thoughts, InferSent and Google’s Universal Sentence Encoder)
gives a single representation for a whole sentence, presenting better results than the simple
averaging of a sentence’s words’ vectors. All these new technologies can be applied to
ASAG, as it is a specialized task of NLP.
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Resumo. Avaliagoes sao muito utilizadas nos contextos de aprendizagem para
verificar quanto conhecimento estd sendo retido pelos alunos. Questoes dis-
cursivas podem avaliar niveis diferentes do aprendizado dos alunos, quando
comparadas com questoes de miiltipla escolha. Entretanto, devido a sua facili-
dade na correcdo, questoes de miiltipla escolha sdo geralmente mais utilizadas.
Visando auxiliar nesse problema e apresentar ao professor uma ferramenta que
lhe permita aplicar avaliacoes com questoes discursivas sem receio do tempo
de corregdo, surge o Auto-Avaliador Colaborativo e Inteligente de Respostas,
uma ferramenta para a avaliagdo automdtica deste tipo de questoes.

1. Cenario de Uso

Avaliagdes sdo recorrentemente utilizadas no ambiente de aprendizado para verificar o
conhecimento retido pelos alunos. Apesar de sua importancia, professores geralmente
passam por dificuldades ao avaliar respostas discursivas de salas de aula lotadas. Muitas
vezes o trabalho da correcdo tem que ser levado para casa, comprometendo a qualidade de
vida do professor [Jacomini and Penna 2016]. Pesquisas indicam que cerca de 75% dos
professores afirmam levar trabalho para casa com frequéncia, como a correcao de ativida-
des [Nascimento and Santos 2015]. Essa situac¢ao sobrecarrega o professor e, consequen-
temente, diminui seu tempo para a preparacao de aulas e outras atividades, prejudicando
todo o ambiente de aula [Silva and Rosso 2008].

A sobrecarga de trabalho também pode levar o professor a optar por mais questoes
de multipla escolha ao invés de questdes que exijam uma resposta discursiva. Entretanto,
questdes discursivas avaliam niveis de aprendizado muitas vezes ndo contemplados por
questdes de multipla escolha [Burrows et al. 2015]. Como sdo muitos alunos para apenas
um professor, se questoes discursivas forem utilizadas, ocasionard uma demora para os
alunos obterem o feedback apropriado. Além disso, quando os alunos finalmente obtive-
rem sua avaliacdo, ela pode ser diferente de outro colega que respondeu de maneira muito
parecida, pois o cansago e a propria subjetividade humana podem influenciar a avaliagao
dos professores [Santos et al. 2016, Passero et al. 2016].

Visando ajudar nesses problemas, surge a corre¢do assistida por computacao, que
tem como vantagens: formalizacao dos critérios de avaliagdo, feedback rapido (tanto para
os alunos quanto para os professores) e consequentemente mais tempo disponivel para o
professor usar em suas outras atividades. Entretanto, avaliar respostas discursivas automa-
ticamente ndo € uma tarefa simples para o computador e ainda € uma area de pesquisa na
computacio, com resultados como 70%, 80% e 90% de acurécia, dependendo de varios



fatores [Burrows et al. 2015]. Por isso, em um primeiro momento, essa tecnologia po-
deria ser aplicada em ambientes virtuais de aprendizagem, em um contexto de feedback
rapido para o aluno, e ndo para sua avaliacao final.

O uso de Ambientes Virtuais de Aprendizagem (AVAs) e a Educacdo a Distancia
(EAD) vem crescendo bastante no mundo e no Brasil. Em 2016, o Censo EAD.BR con-
tabilizou 561.667 alunos matriculados em cursos regulares totalmente a distancia. Além
disso, mais quase 3 milhdes de brasileiros realizam algum curso livre (ndo regulamentado)
utilizando o EAD e AVAs para sua aprendizagem [ABED 2016]. Diante desses nimeros,
fica clara a necessidade de um suporte aos professores para a avaliagdo automadtica de
exercicios discursivos, retirando o trabalho exaustivo e mecanico da avaliagdo feita atual-
mente pelo professor.

E nesse contexto que entra o sistema Auto-Avaliador Colaborativo e Inteligente
de Respostas (Auto-Avaliador CIR), um ambiente online para o desenvolvimento das
dindmicas envolvendo questdes e respostas em um contexto de aprendizado. Nele, profes-
sores podem se inscrever e criarem provas e questoes a serem respondidas por estudantes.
Por sua vez, estudantes terdo acesso as provas e questdes cadastradas pelos professores e
poderdo enviar suas respostas. Professores terdo entdo acesso as respostas dos estudantes
e poderdo avalii-las, fornecendo feedback ao aluno, que poderd ver suas notas em seu
espaco no site.

O colaborativo da sigla vem do fato de que professores poderdo colaborar entre si
e com o sistema, principalmente de duas maneiras. A primeira € que um professor pode
acrescentar respostas de referéncia e conceitos as questdes de seus colegas, complemen-
tando e melhorando as questdes. Além disso, professores poderdo avaliar as respostas de
quaisquer provas e questdes do sistema, de forma a contribuir com o feedback do aluno.

O inteligente vem do fato de que o sistema, quando possuir respostas e suas
respectivas avaliacdes, suficientes para uma questdo, poderd avaliar automaticamente a
resposta dos alunos subsequentes. Isso € possivel devido a utilizacdo de algoritmos de
Aprendizado de Maquina, um dos ramos da Inteligéncia Artificial. Porém, para o correto
funcionamento do sistema, muitas respostas e avaliacdes sao necessdrias, por iSso quanto
mais professores e alunos participarem colaborando melhor o sistema serd, em termos de
acuricia da nota gerada automaticamente.

2. Desenvolvimento

O processo de desenvolvimento do software foi iniciado com a concepgdo do relaciona-
mento dos dados, em forma de um diagrama entidade-relacionamento. Apds isso veio a
decis@o da linguagem/framework a ser utilizada para a programacgao, onde Python foi o
escolhido.

A escolha de Python para programacdo web € de certa forma incomum visto
que muitas aplicagdes utilizam PHP, Java ou Javascript. Porém, a escolha € justifi-
cada pelas bibliotecas utilizadas para o processamento de linguagem natural e apren-
dizado de maquina, respectivamente o NLTK [Bird and Loper 2004] e o Scikit-learn
[Pedregosa et al. 2011]. Essas bibliotecas sdo umas das mais importantes para o desen-
volvimento em suas dreas e portanto foram escolhidas para implementagdo do sistema de
avaliacdo automatica de respostas.



Visando criar um sistema unificado, foi usado Python para a aplicacdo web
também, utilizando o framework Django' para um desenvolvimento mais répido e fo-
cado. Para a interface foi utilizado o tradicional HTML e CSS, através do framework
Bootstrap para agilizar e padronizar as telas, além de tornar o sistema responsivo para o
uso em diversos dispositivos. A arquitetura utilizada pelo sistema, banco de dados MySQL
e dispositivos de acesso pode ser visto na Figura 1.

Figura 1. Arquitetura Geral do Sistema

O framework Django utiliza o conceito do padrao Model-Template-View (MTV),
onde a modelagem dos dados fica a cargo da camada model, a interface do sistema ¢é
feita com templates e o view € a camada que cuida dos direcionamentos e controle geral
da aplicagdo. Um modelo bem parecido com o muito utilizado Model-View-Controller
(MVC). O Django utiliza também o mapeamento objeto-relacional, ficando a cargo do
programador as classes de modelagem dos dados e o Django se encarrega da comunicagao
com o banco de dados.

2.1. Avaliacao de Usabilidade

Com o objetivo de receber um feedback de usudrios que utilizaram o sistema, nos apli-
camos o teste de usabilidade System Usability Scale (SUS) [Brooke et al. 1996] com um
professor e 29 alunos. O teste consiste em 10 perguntas que questionam o usudrio sobre a
usabilidade do sistema, incluindo sua facilidade de uso ou ndo, consisténcia entre outras
questdes. Ele utiliza a Escala Likert de 5 pontos em suas questdes, pedindo ao respon-
dente para responder a uma afirmac¢@o com o quanto ele concorda com a mesma, variando

de “discordo completamente” até “concordo completamente”.

O Auto-Avaliador CIR obteve uma média de 75,1/100 no teste de usabilidade
SUS, com as avalia¢des individuais variando de 42,5 a 97.5. E comumente aceito pela
comunidade de usabilidade que a média para esse teste € de 68, portanto uma nota maior
que essa média indica que o sistema possui uma boa usabilidade. Como o valor obtido
pelo Auto-Avaliador CIR é apenas um pouco maior que a média, ainda ha muito o que
se melhorar, principalmente em relacdo ao seu design, como indicado em uma questao de
texto livre incluida no questionério.

Além das questoes do SUS e a que perguntava sobre o que pode ser melhorado no
sistema, fizemos mais uma questdo utilizando a Escala Likert, com a seguinte afirmacao:
“Eu acho que um sistema de avaliacdo automdtica de respostas discursivas é muito titil,

'www.djangoproject.com/



especialmente em um contexto de curso a distancia, através de um ambiente virtual de
aprendizagem.”. Para essa afirmacgdo, apenas um usudrio discordou completamente, cinco
foram neutros, quatro concordaram e 20 concordaram completamente. Utilizando o valor
1 para discordo completamente até 5 para concordo completamente, o Auto-Avaliador
CIR obteve 4,4/5 para essa afirmacdo, indicando que os usudrios majoritariamente con-
cordam que a avaliacdo automatica pode ser muito util.

3. Apresentacao do software

Como j4 exposto, o objetivo do Auto-Avaliador CIR? ¢ fornecer um ambiente virtual para
a realizacdo de provas discursivas, a ser utilizado por professores e alunos, de forma to-
talmente gratuita®. O primeiro passo ao se cadastrar no sistema é escolher qual tipo de
usudrio serd a sua conta, como visto na Figura 2. No caso da escolha como professor,
€ necessario que apos o cadastro o usudrio envie um e-mail para o administrador com-
provando que € um professor, para evitar que qualquer pessoa possa se cadastrar como
professor e avaliar respostas de alunos. Para o usudrio estudante nao hé essa necessidade.

Auto_AvaIiador CIR Sobre Contato Meu perfil Sair

Escolha seu tipo de usuario

i’j_l

Professor Estudante

Figura 2. Escolha do tipo de usuario

A partir do cadastro, o sistema € dividido em dois, onde professores terdo acesso
a algumas acdes e alunos a outras. Nas Figuras 3 e 6 € possivel observar o menu principal
de professores e de estudantes, com as acdes mais relevantes do sistema.

3.1. Acoes do Sistema

A seguir estao descritas as acOes mais importantes que podem ser realizadas por usudrios
do sistema, dividido por usudrios professores e estudantes.

Para usuarios professores:

e Cadastrar nova prova: cadastra uma nova prova em branco com seu titulo e
descricao.

e Criar nova questao: cadastra uma nova questao a uma prova, junto com possiveis
respostas de referéncia esperadas pelo professor e conceitos envolvidos na questao
(como palavras-chave).

2www.autoavaliadorcir.com

3youtu.be/nacBmterQsk



Cadastrar Nova Prova Criar nova questdo Lista de todas provas Lista das minhas provas

Figura 3. Menu principal do professor

e Listar todas provas: lista todas as provas cadastradas para visualizacao.
e Listar minhas provas: lista apenas as provas criadas pelo usudrio.

e Ver questoes de uma prova: mostra todas as questdes de uma prova especifica,
como visto na Figura 4.

Questodes da Prova

Qual a diferenca entre a célula anim — ﬂ———‘ =

al e a célula vegetal? B— =
Detalhes Avaliar Respostas  Ver Respostas

Quais séo as partes que compode a ¢ m = ﬂ=—‘ =

élula e suas funcées? B =
Detalhes Avaliar Respostas  Ver Respostas

Figura 4. Lista de questdes de uma prova

e Detalhes de uma questao: mostra todos os detalhes de uma questao, como seu
enunciado, respostas de referéncia e conceitos cadastrados.

e Ver respostas de uma questao: mostra todas as respostas dos alunos para uma
questao.

e Avaliar respostas de uma questao: apresenta uma resposta por vez de uma
questdo especifica para o professor atribuir uma nota. Ele tem a op¢do de ava-
liar e terminar ou avaliar e continuar (avaliando a proéxima resposta), como Vvisto
na Figura 5.



Avaliar resposta

Falta avaliar mais [EZI respostas além dessa. Conceitos envolvidos:
Questdo .
; o ) membrana plésmética
Quais S3o As Partes Que Compde A Célula E Suas Fungdes?
Resposta citoplasma
Citoplasma (liquido que fica entre a membrana plasmitica e nticlec), membr
ana plasmitica (protege a célula) e nicleo (o que comanda a célula). nicleo
Nota .
Respostas de Referéncia:
MEMBRANA PLASMATICA: O envelope externo da célula, que
regula a troca de subtancias entre a célula e 0 meio externo.

CITOPLASMA: um material gelatinoso intemo no qual estdo

Ihados varios organulos menores. O ci é olocal em v

Figura 5. Avaliacao de respostas pelo professor

e Adicionar resposta de referéncia: adiciona uma resposta de referéncia a uma
questdo a escolha do professor. Diferentes professores podem colaborar com as
provas cadastrando suas proprias respostas.

e Adicionar conceito: como a a¢do acima, realiza a adi¢do de mais conceitos en-
volvidos no contexto da questao.

Para usuarios estudantes, com menu principal representado na Figura 6:

SN

Ver todas questdes ainda Lista de provas Lista das minhas respostas Busca por provas ou
nao respondidas por mim questdes

Figura 6. Menu principal do aluno

e Ver todas questoes ainda nao respondidas por mim: mostra ao aluno todas as
questdes cadastradas no sistema, para que ele possa escolher qual responder, das
que ele ainda ndo respondeu.

e Lista de provas: mostra todas as provas disponiveis.

e Lista das minhas respostas: mostra uma lista com todas as respostas ja feitas
pelo usudrio, com o enunciado e sua resposta, junto com a nota dada pelo profes-
sor que criou a questdo, média da nota de outros professores e a nota dada pelo
avaliador automatico.

e Busca por provas ou questoes: mostra um campo para buscar por provas de
um professor especifico, utilizando seu nome ou seu ID (o ID fica disponivel ao
professor em seu perfil).

e Responder questao: responde apenas uma questdo isolada, da lista de todas
questoes.



e Responder questoes: responde uma prova completa, com todas as questdes que
a mesma possui, como visto na Figura 7.
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Prova Prova de Biologia

Uma prova com questdes de biologia.

Qual a diferenca entre a célula animal e a célula
vegetal?

Quais sdo as partes que compde a célula e suas
fungdes?

Figura 7. Parte de uma prova de biologia com algumas questoes

4. Consideracoes Finais

Este trabalhou apresentou o Auto-Avaliador CIR, uma ferramenta colaborativa e inteli-
gente para corre¢dao automadtica de respostas discursivas. Ele foi criado com o objetivo
de auxiliar professores no processo de avaliacdo de seus alunos, pois ao realizar o pro-
cesso automaticamente libera o professor para se dedicar a suas outras atividades, como
a preparacgdo de aulas.

Em um primeiro momento, seu uso poderia se dar no contexto de avaliagdes em
que um rapido feedback € necessario, tanto para alunos quanto para os professores. Sua
aplicagdo poderia ocorrer através de cursos online, que ja utilizam a estrutura da web para
realizar suas atividades. Ja acostumados ao contexto virtual, alunos poderiam receber
feedback através da resolucdo de questdes discursivas e descobrir o que ja esté suficiente
e o que é necessdrio estudar mais, de maneira automatizada.

O sistema ja foi utilizado por cerca de 245 estudantes do ensino fundamental e
atualmente conta com a corre¢ao automaética apenas para 15 questdes de biologia. Porém,
seu uso por mais instituicdes, professores e alunos poderia rapidamente transforméa-lo
em um produto com avaliagdes automadticas para diversas questdes de varias dreas do
conhecimento.

O Auto-Avaliador CIR ainda esta em fase inicial de seu processo como pro-
duto, mas poderia ser futuramente trabalhado como um web service, para permitir facil
integracdo com outros sistemas de ambientes virtuais de aprendizagem. Porém, ja atu-
almente, um professor poderia comecar com sua utilizacdo e quando com um nimero
razodavel de respostas por questdo fosse atingido, poderia aproveitar de sua avaliagdo au-
tomatica, onde o uso continuo do sistema melhoraria constantemente seu desempenho.
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ANNEX A — DATASET QUESTIONS

Qual a diferenca entre a célula animal e a célula vegetal?
Quais sdo as partes que compoe a célula e suas funcoes?

O corpo humano possui varios tipos de células que se organizam, de acordo com
suas especializagoes e fungoes, formando os tecidos. Quais sao as caracteristicas do

tecido epitelial?

Correr, estudar e dancar sao atividades que necessitam de muita energia e que
podemos realizar gracas as nossas células que trabalham sem parar. Como chamamos

o conjunto de reagoes quimicas que ocorrem ao nivel das células e como ele acontece?
Qual a diferenca entre fenétipo e genétipo?
O que significa transmissao de caracteres hereditarios?

“O que define o sexo na espécie humana sao as caracteristicas sexuais primarias,
ou seja, os 6rgaos sexuais. Tanto os homens quanto as mulheres tém 6rgaos sexuais
externos e internos. Quais sao e quais as fung¢oes dos 6rgados sexuais internos do

homem?
Explique o mecanismo de inspiragao e de expiragao do ar no corpo humano:

Em condi¢bes normais e estando acordada uma pessoa pode suspender a respiragao
temporariamente ou acelerar o ritmo respiratério na hora em que desejar fazé-lo.
Mas uma pessoa nao consegue mesmo que queira, provocar a falta total de gas

oxigénio no organismo simplesmente parando de respirar. Por qué?

Os cromossomos humanos podem ser estudados em células extraidas do sangue. Em

qual das células sanguineas deve ser feito este estudo. Por qué?
Quais sao as diferencas entre veias e artérias?
Qual é a funcao do figado no processo digestivo?

Apesar do avanco que a medicina vem apresentando no inicio do século XXI, ainda
nos deparamos com grandes desafios na area da medicina preventiva. Devemos sem-
pre ficar atentos ao calendario de vacinas e as campanhas de vacinagao. Quais sao

as fungoes das vacinas no corpo humano?
Por que é necesséario comer varios tipos diferentes de alimentos?

O que a hemodidlise faz no corpo humano?
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