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Resumo

Questionar é uma parte fundamental do processo de aprendizagem. Àmedida que novos conteú-

dos surgem e se torna vital a sua compreensão para a sociedade moderna, a geração de questões

torna-se uma necessidade que, quando feita manualmente, requer tempo e recursos para ser

eficaz. Neste documento introduzimos uma abordagem Sequence-To-Sequence (Seq2Seq) que

consiste na geração de uma variedade de questões relevantes para os contextos nas quais são

colocadas. De forma a garantir que as questões geradas são diversas, relevantes e de valor acres-

centado para situações de aprendizagem, utilizámos a Taxonomia de BloomRevista (TBR), uma

taxomia de aprendizagem que é orientada aos objetivos da aprendizagem e pode ser utilizada

para separar questões com base no seu nível cognitivo. Contudo, os modelos de redes neuronais

precisam de grandes conjuntos de dados para o seu treino e os datasets atuais orientados à TBR

são pequenos e escassos. Para colmatar esta falha, desenhámos um classificador de questões

a ser usado para categorizar atuais e futuros datasets tendo em conta as orientações da taxono-

mia. Utilizámos este classificador para criar um dataset posteriormente utilizado para treinar o

modelo Seq2Seq proposto. Adicionalmente, para cobrir os diferentes níveis da taxonomia, criá-

mos seis modelos fine-tuned específicamente para cada um dos níveis cognitivos da TBR. Os

resultados mostram que a nossa abordagem é promissora, garantindo variedade de questões para

todos os níveis da taxonomia, ultrapassado a baseline quando avaliada usando BLEU-1, e con-

siderada por avaliadores humanos, de forma geral, como uma abordagem que produz questões

bem escritas, relevantes e compreensíveis.

Palavras-chave: Geração deQuestões, Taxonomia deBloomRevista, Classificação deQuestões
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Abstract

Questioning is a fundamental part of the learning process. As new content arises and learning

it becomes vital to the modern society, question generation becomes a necessary job that re-

quires time and resources to be performed effectively. In this document, we propose a Seq2Seq

approach that generates a variety of questions that are relevant to the contexts where they are

asked. In order to ensure that the generated questions are diverse, relevant, and valuable to

learning situations and environments, we use the Revised Bloom’s Taxonomy (RBT), a learning

taxonomy that is oriented to learning objectives and can be used to separate questions based

on their required cognitive level. However, neural network models require large collections

of data to be trained, and datasets addressing RBT are small and scarce. To address this gap,

we designed a question classifier that can be used to label current and future datasets using the

guidelines provided by RBT. We employed this classifier to create a labeled dataset, which was

then used as training data for our proposed Seq2Seq model. In addition, to cover the different

taxonomy levels, we create six different fine-tuned models aimed specifically to each one of

RBT cognitive levels. Results show that our approach is promising, guaranteeing a variety of

questions for all levels of the taxonomy, surpassing the baseline when measured by BLEU-1,

and deemed overall well-written, relevant and understandable, by human evaluators.

Keywords: Question Generation, Revised Bloom’s Taxonomy, Question Classification
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1 Introduction

1.1 Motivation

Questioning is a fundamental part of the learning process. By answering questions it is expected

that an individual’s learning outcome improves [1]. As more information becomes available

across different sources of knowledge, manually creating questions that can keep up with all

these novelties proves to be a difficult task, requiring time, effort and expertise in order to be

done successfully.

1.1.1 Providing an Automatic Solution

When considering the impact that educational assessments have on a student’s cognitive devel-

opment [2], we understand that it is paramount to create questions that adequately challenge the

student at different degrees of difficulty. Not everyone learns the same way when exposed to the

same questions and most assessments are created generically for a group of students rather than

being custom-designed, especially due to the fact that customization would largely increase the

expended time in the task of question generation.

When performed automatically, the process of question generation in any learning circum-

stance allows educators and tutors to focus their time in other complex and necessary tasks by

relieving them of their function as a question creator. It would also promote self-learning by

providing a tool that would, by receiving information as input, generate quality questions with

added value to a learner’s experience.

1.1.2 Providing a Bloom’s Taxonomy-based Solution

Learning taxonomies function as guidelines for learning objectives. When applied to assess-

ments, generating questions becomes a more accurate mean to measure a student’s cognitive

skill, which in turn can prompt teachers to tailor their assessments according to specific needs [3].

In 1956, Benjamin Bloom and his team developed the Bloom’s Taxonomy (BT) [4], a learn-

ing taxonomy that classifies the cognitive process under one of six hierarchically structured

levels: remembering, understanding, applying, analysing, evaluating and creating, with re-

membering being the lowest level of cognition and creating the highest. This taxonomy has

later been revised and improved by David Krathwohl [5], giving birth to the Revised Bloom’s

Taxonomy (RBT).
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By manually following a learning taxonomy, it is mandatory that the entity who creates

the questions knows how to label them beforehand, which would drastically increase the time

and effort spent in writing questions while also being error-prone due to personal interpretation,

especially in ambiguous cases [6].

1.1.3 Harnessing the Potential of Natural Language Processing

Natural Language Processing (NLP) is the field of study that focuses on the understanding of

how the interactions between humans and computers can be represented and processed. Autom-

atizing the process of creating questions while respecting the RBT vastly depends on a set of

NLP tasks.

Primarily focused in the creation of questions, Question Generation (QG) is a NLP task that

has several applications such as the creation of assistant chatbots that interact with users to ob-

tain domain-specific information [7], the development of educational tools that help students

attending Massive Open Online Courses (MOOCs) [8], or even studying individually (self-

assessment) [8].

Another important NLP task is Question Classification (QC), which provides means to at-

tribute a class to a given question and can provide support to train question generators or be

used by itself (for example in the identification of a question according to school subjects or

as a support tool for question answering systems [9]). In the context of this dissertation, QC is

quintessential for the labeling of a dataset that can aid the learning process of QG.

1.1.4 Research Gap

To the best of our knowledge, no prior studies of Sequence-To-Sequence (Seq2Seq) question

generation that rely on the guidelines provided by the RBT were found. We have also not found

any publicly available, domain-agnostic dataset that contain questions labeled using RBT (for

the purposes of generation or classfication).

1.2 Objectives

The fundamental objective of this dissertation is the proposition of a domain-agnostic question

generation approach based on Neural Networks (NNs) that follows the guidelines proposed by

the RBT. Given a text as input as well as the selected level of the taxonomy (or even just the text

as input), the system’s output is expected to be comprised of questions that abide by the RBT

2



and are therefore suitable for a large variety of learning contexts, especially in assessments and

self-learning.

A secondary objective of this dissertation is a direct consequence of the necessity to fulfill

the first objective. The current datasets available are not optimal to train a question generator

and manually labeling a well-established dataset is very expensive time and resource-wise. We

propose the creation of a question classifier that can be trained with significantly less data and

have the resulting model (a RBT question classifier) label an existing dataset for the purpose of

training a QG approach. Nevertheless, it is also intended that the question classifier can be used

as a standalone component for the classification of user questions according to the cognitive

level in the RBT.

1.3 Document Structure

Chapter 2 presents a comprehensive literature review that elaborates on all the previous work

pertaining to the development of this dissertation.

Chapter 3 dwells on the classifier portion of the proposed solution, detailing all the choices

and results related to this task.

Chapter 4 presents the generator of the proposed solution. It provides insight on all the rel-

evant information regarding the generation of questions, how well it performs, and how it can

be adjusted for a specific level of the taxonomy as well as the relevant results pertaining to this

task.

Chapter 5 summarizes the dissertation’s conclusions and completes the document by present-

ing the future work.

3





2 Literature Review

As mentioned in Chapter 1, the goal of this dissertation is to propose an approach for learn-

ing environments that takes advantage of the capacities of Neural Networks (NNs) and Natural

Language Processing (NLP) in order to generate questions that put into practice the guidelines

defined in the Bloom’s Taxonomy (BT).

In this chapter, Section 2.1 expands on the concepts of BT [4] and Revised Bloom’s Taxon-

omy (RBT) [5], comparing and contrasting both versions and explaining the rationale, as well

as the challenges, behind the selected taxonomy for this dissertation. Section 2.2 summarizes

several approaches to Question Generation (QG) and presents justification for the usage of NN

as opposed to other methods of QG. Section 2.3 gives context on commonly used datasets re-

garding QG and Question Classification (QC) while also providing considerations on the current

dataset scenario, stating the dataset choices in the scope of this dissertation. Finally, Section 2.4

addresses previous work in the task of QC and reaffirms the underlying objective that such task

has in this dissertation.

2.1 Bloom’s Taxonomy

Quality question writing is a process that requires time and effort from tutors, lecturers and

examiners. Considering the definition of learning objectives (referenced by Näsström [10] as

standards) as “what a student should know or should be able to accomplish” [10], learning

taxonomies are considered to be a useful tool not only for the classification of learning objectives

in well-defined categories, but also to study how learning objectives change over time [10].

BTwas originally intended as a tool to reduce the necessary effort in the production of annual

comprehensive examinations [5]. It has also been concluded that it can play a large role in the

classification of both learning and teaching objectives in educational environments [11, 12, 10].

This taxonomy is built upon three learning domains: cognitive, affective and psychomotor,

each with a specific purpose. The cognitive domain considers what you can learn in the form of

intellectual skills. The affective domain considers the learning and development of subjective

concepts such as feelings and values. Finally, the psychomotor domain attends to the develop-

ment of physical capabilities. From all three domains, the cognitive is the only one pertaining

to the development of intellectual skills and knowledge, therefore being the only domain in the

scope of this dissertation.

5



Throughout this section, the cognitive domain of BT will be thoroughly discussed based on

prior work, as well as the changes introduced by RBT. Finally, the challenges posed by this

taxonomy in the proposed approach will be presented.

2.1.1 Bloom’s Original Taxonomy

Bloom’s Original Taxonomy of Educational Objectives [4] dates back to 1956 and its cogni-

tive domain is comprised of six levels that are hierarchically organized in ascending order of

complexity:

• Knowledge – The simplest level in terms of complexity, placed at the bottom of the hier-

archy. This level of complexity emphasizes the ability to remember [4]. It is achievable

by simply memorizing facts and recalling previously obtained knowledge. Asking to list

facts or to define concepts that were previously taught are two examples of questions that

require this level of complexity.

• Comprehension – This level goes a step above by imposing the necessity of understanding

how a given concept works. Bloom et al. [4] define behaviours of this cognitive level to

be interpretation, translation and extrapolation. Asking to explain a concept rather than

simply writing a formal and previously memorized definition is a way to test for this level

of complexity.

• Application – At this level, context specific problems are introduced by providing ex-

ample scenarios which can only be answered by applying prior knowledge to the said

scenarios [12, 13]. Bloom et al. [4] further differentiate the concepts of comprehension

and application by explaining the former as using an abstraction when prompted to do so,

while the latter refers to correctly applying an abstraction in a situation without any cues

on how to do it in the given problem.

• Analysis – Bloom et al. [4] state that this level requires the ability to divide information

into simpler parts and detect their relationships. Analytical level questions may include

processes such as drawing relationships between concepts, creating assumptions or classi-

fications based on the characteristics of the concepts [13]. Asking how a process occurred

and how is it influenced by given circumstances is an example of a possible question at

this level.

6



Table 2.1: Bloom’s Taxonomy Cognitive Process Dimension Overview

Cognitive Level Original Bloom’s Taxonomy Revised Bloom’s Taxonomy

1 Knowledge Remembering

2 Comprehension Understanding

3 Application Apply

4 Analysis Analyze

5 Synthesis Evaluate

6 Evaluation Create

• Synthesis – The second highest level in terms of complexity requires the ability to build

something new (a plan, product or proposal) by combining previous learned compo-

nents [13, 14]. Bloom et al. [4] refer to synthesis as the putting together “elements and

parts so as to form a whole”. Asking to build a new product based of an already known

set of materials facilitates the assessment of this level.

• Evaluation – To evaluate information is the most complex activity that can be observed

in BT. It relates to the ability to make judgements, criticize, appraise, and defend a point

of view about a given subject or piece of information [4, 13].

2.1.2 Revised Bloom’s Taxonomy

Unlike the original BT, where the emphasis of the cognitive hierarchy relied on nouns, RBT

focuses on actions which are expressed by verbs. Originally, the knowledge level of BT would

unidimensionally allow for both verb and noun interpretations which is considered byKrathwohl

[5] as an anomaly that had to be fixed. RBT considers objectives as a set of two dimensions:

the content (noun) and what is supposed to be done with such content (verb). In RBT, the

noun makes way for the Knowledge dimension while the verb originates the Cognitive Process

dimension.

When compared to the Cognitive Process dimension of the original BT, three levels were

renamed, two switched places in the hierarchy and all of the levels are now written as verbs.

Despite these alterations, the main definition of each level retains its essence and can be con-

sulted in Section 2.2.1. Table 2.1 facilitates the comprehension of the differences between BT

and RBT regarding the Cognitive Process dimension.
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Table 2.2: Revised Bloom’s Taxonomy Knowledge Dimension Categories.

Knowledge Category Definition

Factual Knowledge Refers to what basic elements are needed in order to know how

to solve problems and work with a given subject, such as ter-

minology.

Conceptual Knowledge It is defined by the relationships between basic elements and

what can derive from them, such as theorems, principles and

classifications.

Procedural Knowledge Knowledge pertaining to the domain of methods and tech-

niques, usage of skills including when to use them.

Metacognitive Knowledge The most abstract of the presented knowledge, refers to cogni-

tion itself and the self-awareness of that cognition.

The Knowledge dimension of the original taxonomy was defined in three categories but

without a clearly defined separation. The revised knowledge dimension allows for new ways

to evaluate objectives by having a fourth category created – Metacognitive Knowledge, which

is related to an individual’s self-awareness of the fact that they are thinking or learning. An

overview of the revised taxonomy’s knowledge categories is presented in Table 2.2.

The duality of dimensions in the revised taxonomy results in an increased complexity in

evaluation processes. Because it has now two dimensions, it is represented using a table where

theKnowledge dimension can be perceived in the rows and theCognitive dimension in the table’s

columns. Lee et al. [7] state that this table is a viable system to classify course objectives with

clarity and provides insight on that same course.

Research was also conducted in the scope of RBT and its usage in different situations:

Näsström [10] studies the usefulness of this taxonomy when applied to mathematical learning

objectives (by utilizing the taxonomy table as a tool, while also providing a comparison between

teachers and assessment experts when interpreting those standards. Concerning the role of the

taxonomy in this research, the table was deemed as useful (at least for the defined mathematical

earning objectives) due to the fact that it had almost all cells filled by all the judges in the study.

Shah et al. [8] explore the impact of the taxonomy in assessment by examining units and or-

ganizing their objectives, assessments and instructional activities taking into consideration the

8



guidelines provided by the table. This research concludes that by focusing on the taxonomy

table, assessment can be aligned with instruction and objectives. Another relevant conclusion

of this research is that due to the nature of the taxonomy table being learning-centered instead

of performance-centered, the main concerns regard the cognitive processes and knowledge pro-

cesses that allow students to reach learning objectives and not the specific knowledge of items

included in such assessments.

2.1.3 Challenges Using The Original and Revised Taxonomies

To the best of our knowledge, question generation alongside RBT was not studied yet. This

may be due to the fact that RBT presents emphasis in assessment and definition of learning

objectives, leaving the teaching component to classroom teachers. Also, the complexity added

by the knowledge domain could add undesirable difficulty in creating classroom examinations

as the documents that could explore the table in full would require a minimum of 24 questions

(not considering questions that may target more than one table cell).

When evaluating a question according to this taxonomy, there is a certain degree of sub-

jectivity and opinions may differ according to the individual that classifies it. Most of these

subjective episodes occur in questions that have an action verb that can be placed in more than

one level of the taxonomy. A simple solution would be to classify this question with the highest

level it can obtain. This methodology would be possible because there is a hierarchically depen-

dency relationship between categories, for example, in order to apply a concept, a student must

remember and understand that concept.

BT and RBT are very similar when considering exclusively their cognitive domain, with

the only practical differences being the exchange in places between evaluation and synthesis

and the translation of nouns into more representative verbs. The hierarchy presented in RBT

is the selected hierarchy to be used throughout this dissertation, as the revision pertains to a

more recent date and it is considered in the scientific community as an improved version of the

cognitive domain.

The Knowledge dimension will be left out from this dissertation due to the increased chal-

lenge regarding classification expertise.

Finally, a major obstacle to the creation of a viable solution is the lack of a vast, agreed upon

dataset based on BT or RBT. This matter will be thoroughly discussed in Section 2.3 where

issues directly related to datasets are exposed.
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2.2 Question Generation Overview

Generating questions as an automatic task has been researched using various different strate-

gies and tools. Although many approaches exist, Shah et al. [8] define them as being mostly

rule-based and template-based. Hybrid solutions combining the previous two along with other

methods have also been thoroughly studied. With the development of NN, researchers have

also explored the usability of these mechanisms in QG. In this section, all the aforementioned

approaches will be presented as well as a review of related work.

2.2.1 Rule-based Approaches

Rule-based processes can generically be characterized by having the necessity of designingways

to deal with the inter-dependency of words in a sentence (essentially how words are related and

how that relationship profiles specific kinds of sentence).

Heilman and Smith [15] utilize over-generation of questions by simplifying text sentences

and utilizing this simplification as a source for question generation by applying transforma-

tions. This process produces a large set of candidate questions in which some may be deemed

as unacceptable (due to conditions such as the vagueness of the generated question). The coun-

termeasure applied in order to facilitate the discernment of which questions may be acceptable

is a statistical discriminate ranker. Questions are manually evaluated and only a question that

fulfills all the established requirements is deemed acceptable (27.3% of all questions). When

the questions were ranked, top 20% included 52.3% of the acceptable questions which explains

the usefulness of the ranking system. Also, ablation studies are made to figure how each of the

utilized features affects the ranking system.

Dhole and Manning [16] introduce Syn-QG, a rule-based solution heavily dependent on the

usage of syntactic rules that leverage the relationships between words in order to generate ques-

tions. This approach generates questions by identifying potential “short answers” using a com-

bination of five independent strategies – dependency heuristics, Semantic Role Labeling (SRL)

heuristics, generic entities, VerbNet [17] predicate templates, and PropBank1 roleset specific

natural language descriptions. After this process, their solution generates a set of question-

answer pairs that are then back-translated (a process used to convert sentences into their “cleaner

high probability counterparts”), providing the final result. Evaluation is performed using both

BLEU [18] and a human process of evaluating the grammatical correctness and the relevance
1Available at https://propbank.github.io/
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score of each provided question.

Khullar et al. [19] produce a syntax-based solution that automatically generates multiple

questions using relative pronouns and relative adverbs. Their process consists of feeding input to

a spaCy2 parser where the system checks for the use of said pronouns and adverbs in the sentence.

It looks for additional relationships between words in a sentence before the information is sent to

their “rule sets” – a three step rule process that further explores sentences to retrieve the necessary

information for the end result. They point out that there is no standard way to evaluate the output

of a QG system, forcing the process to be evaluated manually. This procedure scores the system

based on semantic adequacy, syntactic correctness, fluency, and distribution. One of the most

important limitations pointed out in this research was that the system was meant to generate

questions for sentences that contained at least one relative clause and this referred to only 20%

of the used corpus.

Mitkov and Ha [20] utilize a NLP approach to generate Multiple Choice Questions (MCQs).

This method combines transformational rules, automatic term extraction and a disambiguation

mechanism. In this work, there is an emphasis on the structure of the sentences, having interest

only in domain-specific Subject-Verb-Object (SVO) or Subject-Verb (SV) as these are the only

transformable types. The created rules attempt to manipulate the SVO structure in order to

generate acceptable questions.

The proposed approach by Omar et al. [13] is an automatic rule-based solution applied to the

subject of computer programming using NLP techniques (such as the removal of stopwords and

the usage of Part of Speech (POS) tagging) that support the classification of a given question in

the context of BT by identifying important keywords and verbs.

2.2.2 Template-Based Approaches

Template-based approaches employ a defined structure which contains placeholders for variety

and flexibility in handling different inputs.

Raynaud et al. [21] make use of a Knowledge Base (KB) created from hierarchically related

topics which have resources assigned to them (wiki resources). This work, like the one by

Mitkov and Ha [20], focus on the domain of MCQs. A question template is a tuple composed

by three elements (S, P,R)whereS refers to a set of stems that are organized using a dependency

tree, P refers to a set of placeholders within S, and R refers to a sub-graph of the KB and is

2https://spacy.io/
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responsible for providing the means to link placeholders to the correct answer. Existing QG

templates are also reusable and previously used Question Answering (QA) templates are also

convertible into QG templates which reduces the need to devise new QG templates.

Shirude et al. [22] create a domain-agnostic QG for structured data, specifically in the form

of tables. This approach relies on the creation of templates and a “dynamic inbuilt tagger” — a

mechanism that takes a data entry and assigns what they define as an entity. An entity recognizer

is responsible for identifying and annotating the category of each column in the table based on

the tagger’s dictionary. They claim that their system is scalable by allowing for the addition of

new entities. Regarding their templates, it is stated that their “matching technique for templates

is highly effective but doubts can be raised about its syntactical correctness and aptness at times”.

This points out a common problem that is similar to Heilman and Smith [15] regarding question

vagueness.

2.2.3 Neural Network-based Approaches

Researchers have more recently employed strategies to train NN that are able to create questions

based on a textual input. Typically, NN approaches for QG interpret sentences as sequences of

words (or even characters) that are converted into another sequence as output. These are known

as Sequence-To-Sequence (Seq2Seq) approaches that implement what is called an encoder-

-decoder framework, often built using Recurrent Neural Networks (RNNs) such as LSTM or

GRU (or, more recently, with the combination of several attention mechanisms, commonly

known has transformers). In a Seq2Seq approach, the encoder takes the desired input and con-

verts it into a set of hidden states that will be sent to the decoder for the decoding process,

finalizing it by producing an output sequence which is then translated to an understandable out-

put.

Zhou et al. [23] developed a Neural Question Generation framework which consists of a

Seq2Seq [24] structure with a feature enriched encoder which contains the answer and lexi-

cal features such as Named Entity Recognition (NER), POS, and even the answer position to

generate questions from natural language sentences. The solution employs an attention mecha-

nism [25] to emulate the human process that is responsible for choosing the important content

of a sentence. The model is built upon a Gated Recurrent Unit (GRU) [26] used in both di-

rections of the input (from the beginning to end and in the reverse direction, also known as a

BiGRU). The decoder also contains a GRU. To deal with unknown words, a copy mechanism
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is created so these words are essentially preserved from the input sentence without further ap-

plying any operations on them. This work relies on the Stanford Question Answering Dataset

(SQuAD) [27, 28] dataset. Evaluation is performed automatically using the BLEU metric [18]

and also manually by ranking questions using a scale from 1 (bad) to 3 (good). Results state that

BLEU-4 score was 13.28 and the manual evaluation of the system is 2.18. Precision and recall

are also calculated based on the WH-question type.

Bao et al. [29] research QG in a particular domain without labeled data by obtaining labeled

data from other domains. The doubAN is a solution consisting of a generator and two discrim-

inators, QA-Dis and DC-Dis, where QA-Dis stands for Question Answering Discriminator and

its function is to provide more training data with estimated reward scores for generated text-

-question pairs, and DC-Dis refers to a Domain Classification Discriminator and its purpose is

to help the generator learn the domain-general representations of input text. The generator uses

an encoder-decoder framework that relies on RNNs. Their choice of this type of NN relates to

the fact that each unit can be “modeled as a simple logistic sigmoid function and as complex

as a GRU or a Long Short-Term Memory (LSTM)” [29]. Like Zhou et al. [23], a BiGRU is

also present in this solution. Their QA-dis uses a reinforced learning algorithm to give a reward

score to questions as feedback to their question generator in order to enhance the obtained re-

sults. Evaluation is performed using BLEU metric. Results show that the solution surpasses all

tested baselines and BLEU is critiqued for not being able to subjectively evaluate results. The

datasets used in this research are SQuAD (as unlabeled target dataset) and NewsQA [30] (as

labeled source dataset).

Wang et al. [31] introduce QG-Net, a RNN solution for educational content based on infor-

mation from educational textbooks. This is a Seq2Seq approach that uses a “reader -generator”

(or encoder-decoder) framework. It encodes answers as part of the input and takes advantage of

a pointer network [32] (which is a mechanism originally intended for the task of question sum-

marization) in their question generation model with the purpose of creating output questions that

are focused on specific parts of the provided input text. The QG-Net model is divided in two

modules: context reader and question generator. The context reader uses a Bidirectional Long

Short-Term Memory (BiLSTM) due to its capacity of “preserving past information in sequen-

tial learning tasks”. The LSTM input is in fact built with Global Vectors (GloVe) [33] that are

enriched using several linguistic features such as POS, NER and CAS (word case), through the

process of concatenation. This module is also able to generate different questions for the same
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input based on the contextual information provided by answers. The question generator gener-

ates output in a word-by-word fashion where each word passes through an unidirectional LSTM

and it is encoded into a fixed size vector, being then sent through a softmax function that calcu-

lates the final probability distribution as the addition of two probabilities: the probability distri-

bution over the original question vocabulary and over the input context vocabulary, imposed by

the pointer network. Results are evaluated by metric comparison with several other baselines.

There is also a manual evaluation and a qualitative evaluation based on the display of generated

questions. Results show that QG-Net outperforms on all metrics utilized (fluency, relevance,

and preference), which aim to evaluate real-world applicability. Regarding datasets, QG-Net

uses SQuAD to train the model which is then applied to OpenStax (OS)3 textbooks for domain-

specific analysis. Conclusions reinforce the idea that linguistic features are a very important part

of the solution and that the proposed system is scalable. The only limitations pointed out are

the lack of an absolute metric that can filter out questions (meaning expert review is necessary

for maximum results and also that their solution is yet to be ready for real-world environments).

Another significant limitation is the fact that it can only generate factual questions.

Liu et al. [34] introduce Clue Guided Copy Network for Question Generation (CGC-QG).

The core is an encoder-decoder frameworkwith both attention and copymechanisms. Their pro-

posed question generation model works by learning to identify where each word in the question

comes from – either copied from the input or generated from a vocabulary. Also, given the an-

swer, it attempts to figure what words can be copied from the input passage. A word is labeled as

copied if it is a nonstop word shared by both the passage and the question and its word frequency

is lower than a provided threshold. To help a neural model learn what to copy is a problem that is

mitigated by predicting potential clue words (words that help reducing uncertainty of the model

regarding how to ask a question or how to copy) in input passages. Words copied from input

sentences to output questions are usually closely related to the answer chunk. Patterns of de-

pendency are captured via Graph Convolutional Networks (GCN). To figure out which words

are clue words, CGC-QG has a clue word predictor which utilizes a Syntatic Dependency Tree

(SDT) which reveals relationships between answer token and other tokens in a given sentence.

Based on the tree, a prediction of the distribution of clue words is made using GCN – encoder

and a ST Gumbel-Softmax estimator for clue-word sampling. The outputs are then fed to an en-

coder as advisors of what may potentially be copied to the target question. Finally, the decoder

3available at https://openstax.org/
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learns the probabilities of generating a word and copying a word from the passage. Copying is

encouraged in this model. Results show that question words generated from the vocabulary are

more frequent words while the not frequent ones are usually copied from input, which is normal

in the human question generation process. Evaluation is performed using BLEU (precision),

ROUGE-L (recall) and METEOR. The datasets used are SQuAD and NewsQA. Conclusively,

it is pointed out that when removing extra feature embeddings such as POS, dependency types,

and word frequency levels, the performance drops significantly. Without the clue prediction

module, there is also a non-negligible performance drop.

2.3 Datasets

A dataset is the cornerstone of the training and testing process of any model. To adequately

provide the best possible approach, a study on the currently used datasets is in bound. Sec-

tion 2.3.1 reviews what are the most common datasets in the task of QG. Section 2.3.2 picks

up on the difficulties in the current landscape of BT-oriented datasets for QC, and Section 2.3.3

takes into consideration all the previous information and justifies the choices that were made in

this dissertation.

2.3.1 Datasets in Question Generation

The document presented by Amidei et al. [35] researches the evaluation methodologies used in a

well defined six year span. Not only it reviews and organizes evaluation methodologies, but also

displays information of datasets used. The Text-to-Text (Text2Text) approaches utilize a range

of different datasets. In [35], it is stated that one of the problems that was found was the lack

of consistency regarding the choice of datasets (complicating the process of comparing results),

which means that converging to the same datasets is a positive behaviour that counterbalances

this issue. The NN approaches presented rely mostly SQuAD or NewsQA or even both as the

dataset of choice.

At the time of writing, two versions of SQuAD exist. The first version [27] is composed of

over 100, 000 questions created by crowdworkers where the answer to any question is a segment

of the respective text. It is a reading comprehension dataset that is large and widely used in the

QG community. The second, and most recent, version of SQuAD is called Stanford Question

Answering Dataset 2.0 (SQuAD 2.0) and is presented by Rajpurkar et al. [28]. SQuAD 2.0

brings increased difficulty by adding 50, 000 questions that are unanswerable, therefore forcing
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current NNmodels to adapt and develop mechanisms to understand when not to answer. Results

show that the F1-measure value of a strong neural system (86%) could only attain (66%) for the

same metric in SQuAD 2.0.

Similar to the characteristics of SQuAD, NewsQA [30] is a machine-comprehension dataset

including over 100, 000 question-answer pairs based on a set of 10, 000 articles. This dataset is

built on information collected through a meticulous four-staged validation process with the sole

purpose of guaranteeing the quality of the dataset.

2.3.2 Datasets for the Revised Bloom’s Taxonomy

When considering the task of QC, the required dataset must contain questions and respective

labels according to RBT. We have identified that there are datasets that use RBT but with limi-

tations in terms of scope, availability, size, and/or consistency [35].

We use the term scope to represent the requirement for a dataset to be as domain-agnostic as

possible. We define the availability requirement it is expected that a dataset is publicly available

at least for the research/educational purposes. Size is also key for a good classifier (even though

most models for question classification do not require as much information as NNs models

by resorting, for example, to manually-crafted heuristics). Finally, when considering consis-

tency [35], it is expected that a dataset is used in several research works and by different authors

in order to have some form of implicit agreement in its usage.

In the studied literature there are no agreed upon datasets contemplating the classification of

RBT (or BT). To the best of our knowledge, there are no open-source, general-purpose datasets,

in English, with enough information to reliably train a question classifier. Some of the studied

literature uses as many as 100 entries that are divided into 6 categories, which provides little

training for a classifier without any sort of rule-based approach.

An appropriate solution to this issue is to create a custom dataset. Although this does not

solve the necessity of consistency, by customizing a dataset from publicly available information,

it is our understanding that this dataset is the most suitable candidate for the requirements of this

dissertation.

2.3.3 Final Regards Considering Datasets

To address the task of QG, most solutions work with SQuAD and/or NewsQA. Because there

is such an implicit agreement and the fact that they present many similarities, this dissertation
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will proceed with the most commonly used dataset in the revised literature – SQuAD. However

two problems remain: first, as mentioned by Wang et al. [31], solutions based on SQuAD are

prone to generating factual questions (this is due do the fact that SQuAD is mostly comprised

of factual questions). Secondly, there are no available datasets labeled with RBT.

To solve the first problem, the proposed approach is trained on SQuAD, providing a base

model that can be fine-tuned with tailored questions for each of the taxonomy levels, resulting

in multiple models specifically aimed to each level of RBT. This requires a second dataset that

has higher diversity of questions. A dataset that follows the premisses of SQuAD and provides

a higher diversity of questions is Question Answering in Context (QuAC) [36]. According to

Choi et al. [36], QuAC’s questions are often more open-ended (which can be translated into

higher diversity and, consequently, be used to train a better model for each of the levels of RBT.

However, the second problem persists as QuAC is a large dataset that is unlabeled in terms

of RBT. To solve this, we propose the creation of dataset that can be used to train a question

classifier which can in turn be used to label larger datasets as well as work as a standalone clas-

sifier for other RBT-related applications. Therefore, and as previously hinted in Section 2.3.2,

a custom dataset was created and is presented in Chapter 4.

2.4 Question Classification Overview

The purpose of QC is to attribute a tag or a label to a question according to its context using a

set of specific guidelines. In the context of this dissertation, QC is necessary to label a dataset

using the guidelines provided by the RBT.

2.4.1 Approaches in Question Classification and the Revised Bloom’s Taxonomy

According to Silva et al. [37], a systematic literature review in the task of QC singled out a

total of 80 studies. From these, 18.75% rely on Support Vector Machine (SVM) as the single

algorithm in their solution while 15.0% use neural networks and only 10% focus solely on rules.

When considering algorithm combinations, SVM is also the most common approach, appearing

in 18 studies, followed by Naive Bayes (NB) which is presented in 11 studies. Rules are used in

six studies. This research also reveals what taxonomies are most commonly used, presenting Li

&Roth [38] in the first place with 26 studies followed by BTwith 13 studies. Regarding metrics,

this study shows that accuracy is the most used metric, far outweighing others and representing

68.75%of the studied pool. This paper also shows that most approaches that choose BT are often
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paired with rules while Li & Roth is often paired with neural networks. From all the considered

studies, only three studies attempt to combine SVM with BT.

Yahya et al. [39] investigate the effectiveness of machine learning techniques such as SVM,

NB, and K-Nearest Neighbours (k-NN) in the task of analyzing teacher’s questions by classi-

fying them using BT. These algorithms are evaluated individually and the chosen metrics for

their evaluation are accuracy and F1-measure as well as sensitivity to the number of terms in a

question. Results show the overall superior performance of SVM in all evaluated metrics.

Abduljabbar and Omar [40] propose a method to classify exam questions according to BT’s

cognitive domain. This method, used in programming questions, applies a combination of the

classifiers studied by Yahya et al. [39]. In this study, each classifier is explored individually

at first with and without feature selection methods like Chi-Square [41], Mutual Information,

and Odd Ratio [40]. The classifiers are later integrated using a voting algorithm. In this work,

the preprocessing steps are tokenization, stopword removal and the removal of all numbers and

punctuation marks. The selected evaluation metric was F1-measure. Although results show that

SVM and k-NN already provide similar results throughout the six domains of BT, it is also stated

that the voting approach surpasses any individual algorithm by providing the highest scores.

Osadi et al. [42] also provide an ensemble solution combining rules with SVM, NB, and

k-NN, testing each individual model with a dataset of 100 programming examination questions.

The ensemble was able to produce an accuracy that exceeded the value achieved by the SVM

solution. This study points out the need to craft many rules and its consequent difficulty in terms

of scaling. This work also points out the need to deal with ambiguous questions by creating a

combination module usingWordNet similarity and majority voting.

Osman and Yahya [43] use a dataset with 600 exam questions of an English language course

to test several classification models. The classification itself is motivated by linguistic features

such as the Bag-of-Words (BOW), POS, and N-grams.

Other studies, such as the work of Kusuma et al. [3], attempt to classify questions using

SVM with questions written in Indonesian. They use a dataset containing 130 questions that is

split into their test and training data. Their proposed solution preprocesses information in four

steps — tokenization, stopword removal, stemming, and POS tagging. This information is then

fed to a process of feature extraction which has the purpose of finding additional information

(lexical and syntactical) that may be relevant for the classification process.

The proposed approach by Omar et al. [13] is an automatic rule-based solution applied to
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the subject of computer programming using NLP techniques (such as the removal of stopwords

and the usage of POS tagging) that support the classification of a given question in the context

of BT by identifying important keywords and verbs.

Haris and Omar [11] show the usage of a hybrid approach that combines rule-based me-

chanics with a statistical classifier. A set of 64 rules is created, encompassing all six levels of

BT. The statistical method is essentially a N-gram classifier. This work acknowledges that a

rule-based method helps determining question categories and that it does provide good results

in certain situations. However, it is also stated that this method “can be quite tedious as it can be

time-consuming”. Finally, they praise their hybrid solution as this combination attempts to mit-

igate the individual weaknesses of both rule-based methods and N-grams. As evaluation metric,

F1-measurewas selected and, according to the results, the solution provides an F1-measure that

is 1.34 times better than their rule-based experiment and 1.7 times better than their N-grams ex-

periment, which confirms their initial expectations of having a hybrid approach that can surpass

each mechanism individually.
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3 Question Classification

In this chapter, we provide an in-depth presentation of the question classifier as well as its con-

stituents.

This chapter is organized as follows: Section 3.1 introduces the selected approach and the

expected challenges posed by this task. Section 3.2 provides information on the dataset as well

as its distribution; Section 3.3 details a comprehensive plan of all the steps involved in the

classification process; Section 3.4 provides an overview of the experimental setup used; finally,

Section 3.5 provides the relevant results from this portion of the dissertation.

3.1 Approach and Challenges

In the scope of this dissertation, the need to have a question classifier stems from the fact that

there are no agreed upon question datasets based on Revised Bloom’s Taxonomy (RBT) (or

Bloom’s Taxonomy (BT)). Instead of manually labeling a dataset to be used directly in the

process of question generation, the process of creating a suitable dataset can be simplfied by

developing classifier that can label existing datasets as an attempt to adapt them to the context

of RBT.

The task of classification with this taxonomy in particular poses a challenge regarding how

to deal with sentences that could arguably belong to more than one class (ambiguous cases).

Naturally, another challenge is to obtain an initial dataset that can provide enough insight for an

accurate classifier.

As previously mentioned, the purpose of Question Classification (QC) is to classify a dataset

that can be used to train a Question Generation (QG) model that respects the premises of RBT.

Although the classifier exists to solve the problem of obtaining acceptable datasets, it can hold

even more importance by working as a reinforcement classifier to label the questions generated

by the QG, allowing for a better understanding of the outputs of the QG model.

3.2 Question Classification Dataset Overview

As previously mentioned, the lack of available datasets annotated with BT is a current limitation.

To overcome that, we created our own dataset. It was created using questions from sources

such as OpenStax (OS) [31] and a set of RBT-related sites4. These questions were then labeled
4Available at https://bloomstaxonomy.org/ and https://www.mandela.ac.za/
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according to their respective cognitive level. The final dataset is comprised of 642 questions

manually labeled by a single person, fluent in English (non-native) according to the indications

provided by Bloom et al. [4] and Krathwohl [5]. The distribution of the dataset by each one of

the taxonomy levels is shown in Table 3.1.

As shown in Table 3.1, the dataset has an unbalanced distribution which is a consequence

of the added difficulty of devising questions of higher levels in the taxonomy. To further com-

plement the information on Table 3.1, Table 3.2 provides an example of dataset entries.

3.3 Model Overview

In order to create the model, a training pipeline was built by combining preprocessing, feature

extraction and resampling techniques, which are then applied to the dataset, converting it into a

suitable source of input for the training process. Once trained, the model that yields best results

will be considered the final classifier.

Table 3.1: Distribution of the dataset used for QC.

Cognitive Level Questions

Remember 122

Understand 135

Apply 121

Analyze 145

Evaluate 72

Create 51

Figure 3.1 provides a visualization of how the different techniques were applied to the data,

showing how all the models were trained in the classification process.

3.3.1 Preprocessing

By preprocessing the input, it is expected that the number of tokens to work with is reduced,

simplifying the work necessary to produce a question classifier (and enhancing its results). All of

the information was converted to lowercase and all the numerical values were replaced with the

<NUM> token. All the information was then stripped of its punctuation. The reason behind this is

that, despite we are classifying questions, many of the questions in the dataset are written in the
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Table 3.2: Example entries of the dataset used in QC.

Question Cognitive Level

Why are ionized gasses typically found in very high-

temperature environments?

Understand

How does activity on the Sun affect natural phenomena on

Earth?

Analyze

What is your attitude toward mental health treatment? Evaluate

Describe an event schema that you would notice at a sport-

ing event

Understand

Figure 3.1: Classifier training workflow.

imperative form rather than the interrogative form. Finally, all the information is lemmatized

using SpaCy [44] to further simplify the input text.

3.3.2 Feature Extraction

Feature extraction is performed using with two strategies: CountVectorizer and TfIdfVectorizer.

These strategies differ in how the word frequency is interpreted. While CountVectorizer inter-

prets a collection of documents as a matrix of regular word occurrences, TfIdfVectorizer builds

upon the former by building a matrix of TD-IDF word weights. These methods were selected

as they facilitated the implementation of complementary strategies such as a N-gram feature

extraction mechanism and a word tokenizer, as well as the definition of the minimal number of

occurrences of a word in the dataset — which is set to the top 90% words.
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3.3.3 Resampling

Resampling refers to a combination of oversampling and undersampling and it is a mechanism

that is used when the amount of available data needs to be altered (usually when the dataset

lacks information or is unbalanced).

The created dataset, although directed towards general purpose applications, suffers from

being unbalanced. By oversampling, artificial information is created as an attempt to balance the

dataset. Strategies of oversamplingmay vary depending on the objective as it is possible to target

specific classes or specific groups of classes. In this dissertation, a combination of Synthetic

Minority Oversampling Technique (SMOTE) [45] and RandomUnderSampler are selected, with

a configuration of not majority and all, respectively. The not majority configuration allows for

the resampling of all other classes except the class with most entries in the dataset — Analyze.

3.3.4 Model Selection

Based on what was gathered from the literature review, it was to be expected that Support

Vector Machine (SVM) would outperform other models. In our process, we have included

SVM [46, 47], Naive Bayes (NB) [48], Logistic Regression (LR) [49, 47], K-Nearest Neigh-

bours (k-NN) [50], GradientBoosting (GB) [51, 52] and AdaBoost (AB) [53]. All the presented

implementations were obtained using Scikit-Learn (Sklearn)5.

Support Vector Machines In this dissertation, the implementation of SVM used is the Lin-

earSVC, which is, according to documentation, more flexible than a regular SVC with a linear

kernel. This algorithm implements a One-vs-Rest approach, which can be interpreted as break-

ing down a multi-class problem into several binary problems. Preliminary tests with both Lin-

earSVC and SVC with a linear kernel show that LinearSVC is faster to produce slightly better

results.

Naive Bayes Two algorithms were selected: Multinomial Naive Bayes (MNB) and Comple-

ment Naive Bayes (CNB) [54]. The former is, according to Sklearn’s documentation, a suitable

solution for text classification based on word counts and is also often an adequate solution for

TD-IDF counts. According to Rennie et al. [54], CNB was created with the purpose of cor-

recting the “severe assumptions”made by the former (regarding the selection of weights for the

5Available in https://scikit-learn.org/stable/modules/classes.html
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decision boundary and the assumption that features selected by the former algorithm are inde-

pendent). In the context of this dissertation, the two algorithms are compared to understand

which provides better results.

Logistic Regression This statistical model typically works by applying a logistic function

(also known as a sigmoid curve) to solve binary problems. Regarding multi-class implementa-

tions, the Sklearn’s version of this model is different than the LinearSVC One-vs-Rest approach.

It instead uses a “true multinomial logistic regression model” which is explained by Bishop [55]

and in order to be able to use it, we rely on the default solver which is the Limited-Broyden–

Fletcher–Goldfarb–Shanno (lbfgs) [49].

K-Nearest Neighbors Sklearn’s documentation for k-NN references thework done by Stevens

et al. [56] as the basis of the implementation, where the classification is computed from a major-

ity vote of the nearest neighbors of each point. In order to select a neighbour, the implemented

approach resorts to distance calculated using theminkowskimetric. The selected value of neigh-

bors is the same as the number of categories — six.

GradientBoosting Unlike the previous methods,GradientBoosting is an ensemble algorithm.

It is an additive model that works in a stage-wise fashion (iteratively). The principle behind

GradientBoosting is to optimize models by working with a set of weak prediction models (often

decision trees), called weak learners, that are sequentially being improved to provide a better

result. In this particular implementation, the ensemble creates as many regression trees as the

number of categories in the problem and attempts to optimize the result by iteratively selecting

hypothesis that points in the negative gradient direction.

AdaBoost AdaBoost is an ensemble algorithm. This implementation recreates theMulti-class

AdaBoost presented by Zou et al. [57]. This ensemble classifier works with several copies of a

specific classifier (in the implemented scenario, a Decision Tree classifier) on the same dataset.

Beginning with aweak learner, the principle behind this is optimization by adjusting the weights

of previously incorrectly classified entries so that the following classifiers focus on resolving

these entries, providing an enhanced result.
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3.4 Experimental Setup

For the task of classification, several test configurations were created in order to thoroughly eval-

uate which is the most suitable algorithm for the proposed classifier. The tests were performed

twice, varying the selected feature extraction method (CountVectorizer and TextVectorizer), as

this is a necessary step to ensure that the information flows correctly throughout the training

pipeline. The tested scenarios are presented in the following list:

• baseline – This is first test where the input is yet to be preprocessed and is directly sent

to the feature extraction module.

• pre – Building upon the baseline, the results shown in this test include the preprocessing

steps (excluding lemmatization).

• lemma – Building upon the pre configuration, adding the lemmatization process.

• ngrams(1,2) – Building upon the lemma configuration, this experiment adds unigrams and

bigrams using the implementation specified in Section 3.3.2.

• ngrams(1,3) – Building upon the lemma configuration, this experiment adds trigrams to

the previous item, following the implementation specified in Section 3.3.2

• ngrams(1,2) + smote – This configuration drops the trigrams, using only unigrams and

bigrams. It also adds SMOTE oversampling technique as mentioned in Section 3.3.3.

• ngrams(1,2) + smote-ru – In this final configuration, SMOTE is complemented by the

undersampler strategy defined in Section 3.3.3.

3.5 Results

Tables 3.3 and 3.4 present the accuracy values obtained both in the training set (with cross-

validation) and in the test set, respectively. Both tables display results for the all the different

models with all the mentioned settings in Section 3.4. In an attempt to further enhance the

accuracy of the proposed classifier, we present our fine-tuning approach in Table 3.5. Using the

custom dataset mentioned in this Chapter, we divide the data in a 80/20 split of training and

testing respectively. This was performed using Sklearn’s train_test_split.
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Table 3.3: Classifier cross-validation accuracy for all the tests performed.

Cross-Validation SVM MNB CNB LR k-NN AB GB

TfIdfVectorizer

baseline 0.597 0.513 0.556 0.571 0.521 0.363 0.567

+pre 0.585 0.536 0.538 0.569 0.551 0.440 0.581

+lemma 0.588 0.506 0.518 0.559 0.495 0.419 0.579

+ngrams(1,2) 0.608 0.528 0.587 0.559 0.573 0.429 0.588

+ngrams(1,3) 0.596 0.502 0.587 0.526 0.571 0.403 0.591

ngrams(1,2)+ Smote 0.784 0.747 0.748 0.774 0.423 0.386 0.708

ngrams(1,2)+ Smote-ru 0.803 0.747 0.745 0.788 0.415 0.416 0.739

CountVectorizer

baseline 0.616 0.547 0.536 0.583 0.347 0.329 0.587

+pre 0.616 0.572 0.538 0.602 0.387 0.435 0.596

+lemma 0.595 0.539 0.530 0.608 0.409 0.442 0.571

+ngrams(1,2) 0.612 0.592 0.551 0.612 0.345 0.447 0.59

+ngrams(1,3) 0.617 0.598 0.538 0.606 0.288 0.427 0.589

ngrams(1,2) + Smote 0.642 0.624 0.606 0.655 0.463 0.505 0.671

ngrams(1,2) + Smote-ru 0.639 0.628 0.606 0.662 0.464 0.508 0.661

In Table 3.3 it is possible to confirm that, in all cases, the defined training pipeline allows for

much better accuracy values than the baseline. It is also possible to confirm that SVM outper-

forms all other models in terms of accuracy with a value of 80.3%. The cross-validation setup

suggests that the preprocessing and the lemmatization processes negatively affect the outcome

of the final SVM model. However, ablation tests were performed by removing these steps and

the final result was 2.1% less accurate (achieving a cross-validation score of 78.2%) than what

is presented in Table 3.3. This table also exhibits that although SMOTE benefits bothCountVec-

torizer and TextVectorizer, the results are highly accentuated when using the latter. This suggests

that the resampling process functions better with TF-IDF weights rather than raw counts.

As SVM was the best performing model, we studied if any improvements were possible.

SVM allows for fine-tuning through the adjustment of its C hyperparameter. It functions as a

regularization parameter that adjusts the separation hyperplane between categories. Altering it

informs the algorithm of how important it is to correctly classify each instance (increasing C)
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Table 3.4: Classifier test accuracy for all the tests performed.

Test SVM MNB CNB LR k-NN AB GB

TfIdfVectorizer

baseline 0.643 0.535 0.582 0.581 0.496 0.411 0.527

+ pre 0.667 0.581 0.589 0.605 0.550 0.357 0.527

+ lemma 0.667 0.550 0.558 0.597 0.566 0.389 0.550

+ ngrams(1,2) 0.659 0.542 0.643 0.612 0.581 0.286 0.511

+ ngrams(1,3) 0.659 0.542 0.651 0.582 0.566 0.287 0.519

ngrams(1,2) + Smote 0.667 0.604 0.573 0.627 0.333 0.295 0.558

ngrams(1,2) + Smote-ru 0.667 0.6511 0.612 0.643 0.379 0.302 0.558

CountVectorizer

baseline 0.627 0.597 0.535 0.636 0.295 0.295 0.504

+ pre 0.659 0.628 0.566 0.674 0.395 0.457 0.543

+ lemma 0.651 0.604 0.604 0.628 0.411 0.357 0.519

+ ngrams(1,2) 0.667 0.620 0.627 0.674 0.295 0.302 0.512

+ ngrams(1,3) 0.667 0.604 0.643 0.6511 0.248 0.302 0.503

ngrams(1,2) + Smote 0.604 0.667 0.612 0.573 0.3488 0.426 0.542

ngrams(1,2) + Smote-ru 0.604 0.667 0.612 0.574 0.37 0.426 0.573

rather than finding an hyperplane that has a largest minimum margin (decreasing C). There

are no specific steps to adjust it, as each problem requires specific testing. Table 3.5 presents

a study performed on the same dataset when adjusting parameter C using a fixed set of values

presented by Burkhart and Shan [58]. An increase of 0.4% was obtained by increasing the C

hyperparameter from the standard value (100) to 102. It is also visible that reducing this value

results in a lower accuracy. To the best of our knowledge, this implementation of SVM does not

have other ways of fine-tuning. The final accuracy value of the proposed classifier, for the train

set, is then 80.74%.

The defined pipeline also works in most cases, as it is possible to see in Table 3.4. The

exception to this result is the case of AB, where the provided configurations worked poorly.

The best configuration for AB was still worse in terms of accuracy than the baseline model for

SVM. In Table 3.4, SVM is also the best model with an accuracy of 66.7.%. Another relevant

result that the CNB performs worse than MNB in our experimental setup, contrary to what was
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Table 3.5: Cross-validation accuracy fine-tuning using SVM C hyperparameter.

C Cross-validation accuracy

10−1 0.785

100 0.803

101 0.805

102 0.807

expected based on Sklearn’s documentation.

It is then confirmed that SVM is, as expected from the literature review, the most suitable

algorithm to be used for the task of QC using RBT.

To provide further context on the obtained classified entries, Table 3.6 displays questions

that were classified using the classifier.

Table 3.6: Example entries of the dataset used in QC.

Question Cognitive Level

What is the real name of WWE Superstar Edge ? Remember

Howwould you explain the experiment of Schrödinger’s cat

?

Understand

Calculate the temperate of water at surface level in Celsius Apply

Compare and contrast the advantages and disadvantages of

current generation consoles.

Analyze

Evaluate the Bill of Rights and determine which is the least

necessary for a free society.

Evaluate

Develop a new application for smartphones that allows for

the detection of Covid-19 patients.

Create
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4 Question Generation

In this chapter, a comprehensive explanation of the generation process is made. Section 4.1 puts

in perspective the considerationsmade aswell as the challenges presented by the task ofQuestion

Generation (QG). Section 4.2 displays an overview of the question generation model, providing

an explanation of how the encoder is developed, as well as the decoder and the complementary

attention mechanism. Section 4.3 details the overall experimental setup, including the training

process and the evaluation procedure employed. Finally, Section ?? presents the relevant results

regarding the question generator, reporting both automatic and manual evaluation procedures.

4.1 Considerations regarding QG

Considering all the literature explored in Section 2.2, some remarks are essential in the process of

selecting a technique: Wang et al. [31] state that prior research regarding rule-based models [15,

59] works reasonably well because it has “meticulously crafted heuristics” with well structured

input. However, if features in the input are not predictable in the rules, the output will not be

satisfactory. Furthermore, it also states a paradigm shift from rule-based models to data-driven

models as is the case of Recurrent Neural Networks (RNNs) which are present by Wang et al.

[31] and Zhou et al. [23], and other Sequence-To-Sequence (Seq2Seq) approaches. Another

commendable factor in this research is the fact that it surpassed the state-of-the-art rule-based

approach presented by Heilman and Smith [15].

Liu et al. [34] also defend that heuristic approaches such as rules and templates rely on man-

ually created heuristics that require expert work in their conception and therefore are expensive

and not scalable or diverse. On the other hand, neural-network based approaches are used pre-

cisely because they lack this need of expert in their conception (but, as mentioned byWang et al.

[31], expert review is still a factor to consider given no evaluation metrics perform at equivalent

level).

Bao et al. [29] provide a similar opinion defending that the human effort necessary in rule

and template-based approaches can be highly reduced by the usage of neural network models

such as Seq2Seq with an encoder-decoder framework.

The proposed solution in this dissertation intends to provide scalabilty, adaptability and di-

versity with minimal expert contribution. As discussed in the previous subsections, Neural Net-

work (NN) fit the necessary conditions by allowing models to be trained in conjunction with

31



several Natural Language Processing (NLP) processes and without the need to create any spe-

cific heuristics.

One of the most important challenges is to generate questions disregarding the answer as

part of the training process. The natural process of question formulation question comes from

the need to know the answer to a specific information. Also, by removing the need to have every

question answered, future dataset creation for question generation can be simplified.

The biggest challenge is to work with the commonly used QG datasets. Most approaches

work with datasets that lead to the generation of factual questions as stated by Wang et al. [31].

When considering the necessity of respecting Revised Bloom’s Taxonomy (RBT), purely fac-

tual questions are not diverse and often fall in the remember and understand cognitive levels,

leaving out the remaining four categories. A final obstacle is to overcome the problems regard-

ing question vagueness and acceptance [15] in an attempt to produce questions that are indeed

valuable for a learning environment.

4.2 Model Overview

The proposed QG solution is a Seq2Seq model. The general principle behind these models is

to accept as input a sequence of items (words, characters or even images) and provide another

sequence as an output. This is achieved by implementing what is called an encoder-decoder

framework where two RNN are paired in order to accomplish the desired result (this can also be

performedwith the use of transformers [25]). The encoder is responsible for taking the input and

encoding it into a set of hidden states which will then be sent to the decoderwith the objective of

translating the encoded content, which will ultimately be converted into understandable output.

Figure 4.1 depicts a detailed view of the architecture proposed. The following sections describe

the encoder, attention mechanism, and decoder.

4.2.1 Encoder

As mentioned in Section 4.2, the encoder is responsible for obtaining the input and applying

the necessary steps before it transforms it into a set of hidden states that will be sent to the

corresponding decoder. Before being sent to the encoder, the input is preprocessed by being

converted to lowercase and removing any trailing whitespaces. This input is then sent through

an embedding layer, which has been initialized using Global Vectors (GloVe) [33]. Once the

input is processed into vector representations, it is sent to the encoder.
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The encoder uses a Bidirectional Long Short-Term Memory (BiLSTM) [60, 61], due to its

ability of “preserving previous information in sequential tasks” [31]. Once in the encoder, the

input will be converted into information that will be processed by the decoder.

Figure 4.1: Seq2Seq model detailed representation. The exhibited model presents the setup

utilized to train the base-model for question generation.

In the proposed solution, the encoder produces two outputs – a set of all LSTM states and a

concatenation of the rightmost hidden states in both directions of the LSTM. The former is sent

to the attention mechanism, explained in Section 4.2.2, and the latter is sent directly to the initial

state of the decoder, a process that is discussed in Section 4.2.3.
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4.2.2 Attention Mechanism

The encoder output states can be directly sent to the decoder. However, results can be enhanced

by using an attention mechanism [62]. The purpose of this mechanism is to emulate the way

humans read and process information, which essentially translates to focusing on specific key-

words rather than reading the complete text from left to right. By receiving the output from

the encoder and the previous hidden state from the decoder the attention mechanism returns a

context vector that will be then fed to the decoder.

In the proposed approach, the inputs of the attention mechanism are concatenated and sent

through a linear transformation layer. The output of this operation is then sent to a Rectifier

Linear Unit (ReLU) activation function. Once calculated, this is sent to a softmax function

which has the purpose of computing attention scores that will be used in the calculation of

the context vector. The context vector is essentially a matrix multiplication of the calculated

attention scores and the encoder hidden states. Once computed, the context vector is sent to the

decoder.

4.2.3 Decoder

The purpose of the decoder is to convert the BiLSTM states obtained from the encoder and, using

a single LSTM, convert them into an output sequence. The design of the decoder is displayed

in Figure 4.1. When inferring, the input used in the decoder comes from two sources: the

last state obtained directly from the encoder and the context vector generated by the attention

mechanism. When training, the second input changes — it becomes a concatenation between

the context vectors obtained by the attention mechanism and the GloVe embeddings obtained

from a concept known as Teacher’s Forcing [63].

Teacher’s forcing is employed with the goal of “teaching” the NN by feeding the decoder

inputs from the training dataset (ground truth) rather than using what the network outputs in a

given time step. This way, it is expected that the LSTM converges faster and provides better

results. The words that were forced also pass through an embedding layer using GloVe embed-

dings. Once converted into embedding vectors, these are concatenated with the context vector

obtained from the attention mechanism and this result is then the input of the decoder LSTM.

This LSTM has its initial state set to the concatenation of both directions of last hidden state of

the encoder and is then ready to process the information. Once decoded, the information goes

through a linear transformation layer, producing an array of predictions with the probability of
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each word. From these predictions, the highest value is assumed to be the correct word and is

then converted to its textual representation using a dictionary with all the words provided in the

training dataset.

4.3 Experimental Setup

4.3.1 Training and Fine-tuning

Once defined, the Seq2Seq model is trained using the complete Stanford Question Answering

Dataset (SQuAD) training set. When training this model, several parameters have to be man-

aged in order to produce the best results possible. The proposed training configuration consists

of a duration of 14 epochs, using a BiLSTM with a hidden size of 256 in the encoder and a

single LSTM with a hidden size of 512 in the decoder, a batch size of 64 and an embedding size

of 300. Regarding loss, the selected loss function in this approach is Cross Entropy. For the

optimization strategy, a preliminary study was made comparing Stochastic Gradient Descent

(SGD), RMSprop (RMSprop), and Adaption Moment Estimation (Adam), with the goal of se-

lecting the most suitable optimizer for the proposed approach. In this study, all models were

trained for the same amount of epochs and the one that produced the lowest loss values was the

one using Adam.

The training yields a base model which is still not final. Instead, we fine-tune it in six differ-

ent iterations, generating one model for each level of the RBT, using portions of the Question

Answering in Context (QuAC) dataset that were previously selected by classifying the whole

dataset with the approach developed in Chapter 3, and then splitting the dataset based on the

classified questions.

All the models are trained and tested using an 80/20 split. The fine-tuning process shares

the same optimization and loss function as the training process but it is trained for 10 epochs

with a batch size of 16 (preserving all other training configurations). A visual representation of

the processes of training and fine-tuning is shown in Figure 4.2.

4.3.2 Evaluation Methodology

We evaluate the proposed process of QG using an automatic and a manual approach. The reason

why both styles of evaluation are performed is because there are no automatic metrics that can

capture the subjective matters regarding question evaluation, as discussed by Khullar et al. [19],
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Figure 4.2: Generated models in the training and fine-tuning processes.

Wang et al. [31] and Bao et al. [29]. Automatic evaluation is performed by calculating the

BLEU-1 [18] as it is a commonly used metric in Seq2Seq tasks and employed in multiple similar

evaluation processes [23, 29, 34]. We use it to perceive how the fine-tuned models vary in

terms of this metric. Furthermore, the generated questions are also classified using the classifier

defined in Chapter 3, to understand if each one of the fine-tuned models produces a question of

its respective taxonomy level.

Despite the selected automatic approach, one of the biggest issues in QG is the lack of a met-

ric that can determine the quality of a solution as current metrics fail to grasp subjective concepts

such as context. Because of this, researchers often prefer to either complement the automatic

evaluation with a manual counterpart or even only perform customized manual evaluations.

We propose a manual evaluation that attempts to capture four parameters of a question:

• Well Written – it attempts to understand if a question is grammatically well written, eval-

uated on a scale of 1 to 3, with 1 being poorly written and 3 being well written.

• Understandability – it asserts if it is possible to know the purpose of the question despite

how it is written, evaluated on a scale of 1 to 3, with 1 being not possible to understand

and 3 being understandable.

• Relevance – it quantifies how relevant the question is for the provided context, evaluated
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on a scale of 1 to 3, where 1 is attributed to irrelevant questions and 3 is given to highly

relevant questions.

• Answerability – it verifies if an answer to this question is present in the text, evaluated

binarily with a yes or no.

4.4 Results

4.4.1 Automatic Evaluation

For all of the fine-tuned models, the test set is the remaining 20% from the 80/20 splits. For

the base model, the BLEU-1 score was calculated using the SQuAD test set, attaining a result

of 9.81. Table 4.1 displays all the obtained BLEU-1 scores for each of the fine-tuned models.

Results show that there is a variation of BLEU-1 scores between the different levels of the

taxonomy, with the highest BLEU score being achieved by the apply model with a value of

15.53, and the lowest score being obtained by the highest level of RBT – create –, with a value

of 9.86.

To further inspect the quality of the results and in order to understand how often each fine-

tuned model produces questions of its respective taxonomy level, we classified them with our

Question Classification (QC) described in Chapter 3. The percentage of generated questions,

for each level, that match the expected taxonomy level can be seen in Table 4.1.

From this analysis it is shown that the fine-tuning process facilitates the generation of ques-

tions of a specific RBT level, having all models produce questions of their respective level over

67%of the time. Upon further inspection to the variety of questions produced by each model, we

confirmed that all models produce different questions for different contexts with the exception

of the create model. The reason behind this is that the information used to trained this model is

extremely biased into a very restricted set of questions, hindering the generation process.

4.4.2 Manual Evaluation

Using these parameters explained in Section 4.3, a survey was created containing 37 questions,

from which 4 were control questions consisting in two positive examples and two negative ex-

amples. The remaining 33 examples were selected at random but using a balanced distribution

of questions per taxonomy level (except the create level due to the bias explained in the last sec-

tion), as shown in Table 4.2. The created survey was then filled by 8 evaluators with different
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Table 4.1: BLEU-1 metric scores for each of the fine-tuned models, along with the classification

accuracy of the generated questions according to the expected taxonomy level.

Remember Understand Apply Analyze Evaluate Create

BLEU-1 12.23 12.57 15.53 13.23 13.88 9.86

Accuracy (%) 85.90 75.60 86.00 78.00 67.50 90.00

Table 4.2: Distribution of the survey questions by level of the revised Bloom’s Taxonomy.

Remember Understand Apply Analyze Evaluate Create

# questions 6 6 6 6 6 3

educational backgrounds. As an elimination criteria, the level of proficiency in English from

a scale of 1 to 5 was questioned. All surveys that containing an answer lower than 3 were to

be discarded, but all evaluators reported a score of 3 or higher. The complete questionnaire is

presented in Appendix A.

To analyze the results, we calculated the average score of the submitted surveys regarding

each of the evaluated parameters. Since answerability works in a different scale, those results

are showing the percentage of positive answers. To further validate our results, we calculate

inter-rater agreement using Fleiss’ Kappa [64]. To interpret the values of Fleiss’ Kappa, we

follow the guidelines proposed by Landis and Koch [65]. We also computed the accuracy of the

models in generating questions of the appropriate type, measured by our own classifier.

Tables 4.3 and 4.4 show the evaluatedmetrics regarding the four control questions. Analysing

the results, there is a clearly defined separation between the results on positive and negative con-

trol questions. A positive control question refers to a question that should attain the highest value

possible in a given parameter (3/yes), while the negative control question should achieve the low-

est value possible (1/no). Attending to this description, it is clear that the control questions have

average scores and answerability percentages that respect the intended purpose. When consid-

ering Table 4.4, it shows that the inter-rater agreement is much higher in classifying the well

written parameter rather than understandabilty or relevance. This happens due do the contrast

between the objectivity of the first parameter and the subjectivity of the remaining parameters.

A well written question follows a specific set of tangible rules that allow evaluators to under-

stand if a question is in fact well-written while the remaining parameters are highly subject to
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Table 4.3: Average scores obtained on the control questions, for all parameters. Scores for the

first three parameters range between 1 and 3, where 3 is the best score possible. Answerability

is a percentage of positive answers.

Well Written Understandability Relevance Answerability (%)

Positive Control Qs 2.84 ±0.37 2.69 ±0.44 2.69 ±0.44 81.30

Negative Control Qs 1.13 ±0.23 1.38 ±0.83 1.31 ±0.60 12.50

Table 4.4: Fleiss’ Kappa and Agreement percentage for the control questions.

Positive Well Written Understandability Relevance

Fleiss Kappa 0.65 0.38 0.38

Agreement % 76.79 58.93 58.93

Negative Well Written Understandability Relevance

Fleiss Kappa 0.68 0.33 0.49

Agreement % 78.57 55.36 66.07

interpretation. The highest and the lowest values of inter-rater agreement come from the nega-

tive control questions (the highest being the well written parameter with a value of 0.68 and the

lowest being understandability with a value of 0.33).

Considering the 33 non–control questions, the average scores are presented in Table 4.5,

where it is possible to confirm that all values exceed the lower half of the scale, with the low-

est value belonging to relevance (2.13), and the highest value being the well written parame-

ter (2.39). When considering the answerability percentage, roughly half the questions are unan-

swerable with the provided context. The reason why this is likely to happen is due to the fact that

the generation process does not use the answer tokens as part of the generation process, therefore

allowing it to be less specific. Considering Fleiss’ Kappa and the agreement percentages, shown

in Table 4.6, the highest agreement value belongs to the well written parameter (0.35), while the

lowest is obtained by the understandability parameter (0.21). However, and as expected, these

values are significantly lower than the ones shown in the control scenario, having the under-

standability parameter barely reach the classification of fair agreement according to Landis and

Koch [65] From this we can derive the difficulty of the .
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Table 4.5: Overall average scores obtained on all questions, for all parameters. Scores for the

first three parameters range between 1 and 3, where 3 is the best score possible. Answerability

is a percentage of positive answers.

Well Written Understandability Relevance Answerability (%)

2.39 ±0.54 2.33 ±0.73 2.13 ±0.67 50.76

Table 4.6: Fleiss Kappa and Agreement percentages on all questions, for all parameters.

Well Written Understandability Relevance

Fleiss Kappa 0.35 0.21 0.23

Agreement % 56.71 47.51 48.38

When organizing the questions in their RBT cognitive level, it is possible to analyze how

each of the fine-tuned models behaves in terms of the studied parameters. Tables 4.7 and 4.8

detail the results by the six taxonomy levels. Considering the well written parameter, it is visible

in Table 4.7 that all values are fairly above 2.0, with the exception of the Understand level. The

highest value in the well written parameter was achieved by the Analyze model with a value of

2.63. Considering the understandability of the fine-tuned models, the lowest also belongs to

the Understand category. This is likely to happen due to the possible influence that the quality

of written questions can have on understandability. The inverse scenario is not true, as the the

highest understandability value is the create model (2.54) instead of the expected apply (2.52)

model by a margin of 0.02. Still in Table 4.7, when considering relevance, the best questions

belong to the Evaluate level, while the least relevant are from the Remember level. Looking at

these results it is possible to understand that a well written question may influence its under-

standability, but this does not mean that a well written question (or an understandable question)

is necessarily considered relevant. Regarding answerability, the highest scores are from the

Apply and Evaluate models, with 60.42% and 58.33%, respectively. Contrasting this with the

remaining parameters, it seems there is a relationship between relevance and answerability –

relevant questions appear to be often answerable. A peculiar case is the Create model due to its

low answerability value. This can be explained by the fact that the Create level is the highest

of RBT’s cognitive domain and it is therefore the most complicated level to generate. The na-

ture of Create questions is often tied to innovation and going outside the scope of the provided
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Table 4.7: Overall average scores obtained on all questions, for all parameters, detailed by tax-

onomy level of the Revised Bloom’s Taxonomy. Scores for the first three parameters range

between 1 and 3, where 3 is the best score possible. Answerability is a percentage of positive

answers.

Remember Understand Apply Analyze Evaluate Create

Well Written 2.61 ±0.51 1.95 ±0.70 2.43 ±0.44 2.63 ±0.35 2.29 ±0.68 2.42 ±0.63

Understandability 2.42 ±0.70 2.13 ±0.56 2.29 ±0.64 2.52 ±0.58 2.16 ±0.64 2.54 ±0.60

Relevance 1.96 ±0.71 2.00 ±0.59 2.25 ±0.60 2.19 ±0.65 2.27 ±0.61 2.08 ±0.79

Answerability (%) 50.00 41.67 60.42 52.08 58.33 33.33

Table 4.8: Fleiss Kappa and Agreement percentages on all questions, for all parameters, detailed

by taxonomy level of the Revised Bloom’s Taxonomy.

Fleiss’ Kappa Remember Understand Apply Analyze Evaluate Create

Well Written 0.42 0.15 0.40 0.63 0.27 0.11

Understandability 0.20 0.36 0.26 0.19 0.07 0.23

Relevance 0.21 0.33 0.33 0.24 0.18 - 0.09

Agreement Percentage Remember Understand Apply Analyze Evaluate Create

Well Written 61.31 43.45 60.12 75.60 51.19 40.48

Understandability 46.43 57.14 50.60 45.83 38.10 48.81

Relevance 47.02 55.36 55.36 49.40 45.24 27.38

contexts by producing something new, reason why these questions are often well written and

understandable, despite being as often unanswerable.

Looking at Fleiss’ Kappa and the agreement percentage (shown in Table 4.8), the same

pattern of Tables 4.4 and 4.6 happens – the inter-rater agreement is higher when assessing if a

question is written properly. There are exceptions to this pattern in the Understand and Create

models. A factor to be considered when analyzing the inter-rater agreement is how well the

evaluators master English. From a scale of 1 to 5, the average English proficiency is placed

at 3.75, but what truly matters is the standard deviation of 0.89. Since the evaluators do not

possess similar proficiency levels, it is plausible that questions of higher complexity generate

more doubt and disagreement in the grammatical interpretation of the question, hence reducing
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the value of Fleiss’ Kappa. The highest value of kappa in the well written parameter is seen

in the Apply model (with a value of 0.63 – substantial agreement [65]) while the lowest kappa

value is shown in the Create model (with a value of 0.11 — slight agreement [65]).

Considering understandability, highest kappa value pertains to theUnderstand model (0.36)

and the lowest kappa to the Evaluate model (0.07). The final outcome of this table comes with

the relevance parameter, where the fine-tuned models with higher kappa values are Understand

and Apply. Although the evaluators have a slight agreement for the understand model and a fair

agreement in the apply model, they produced the same outcome in terms of agreement when

it comes to relevance. Finally, the relevance of the create model is the only negative Fleiss’

Kappa in all the studied scenarios. A negative kappa value translates to poor agreement (or no

agreement whatsoever). This situation is to be expected when it comes to the create category. It

is the product of the combination of the subjectivity of the generated questions (typically present

in this level) with the subjectivity of the evaluated parameter itself along with the innovative and

inventive purpose of a question of the create level.
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5 Conclusions and Future Work

In this work, we tried to solve the problem of generating questions according to the guidelines

provided by the Revised Bloom’s Taxonomy (RBT). With this goal in mind, we attempt to

mitigate the problem of having no adequate dataset by creating a dataset and using it to train

a question classifier that can be applied to any question-based dataset. We use this classifier

to label Question Answering in Context (QuAC) dataset with a suitable variety of questions, in

order to use it as training data for the proposed question generator. The question generator is a

Sequence-To-Sequence (Seq2Seq) model that follows and encoder-decoder framework with an

attention mechanism and is first trained with Stanford Question Answering Dataset (SQuAD)

in order to provide a base-model that is then fine-tuned with each of the dataset splits from

QuAC, producing a model of each level of the RBT. The evaluation process of the proposed

question generator suggests that it is indeed capable of producing questions of various levels

of the taxonomy that are well written, substantially relevant and understandable, although there

are limitating factors.

5.1 Question Classification

Taking into consideration the created classifier, it is possible to produce a working solution

attending to the necessities of the RBT. After the experimental setup presented in Section 3, it

was possible to confirm that a Support Vector Machine (SVM) approach achieves the highest

value of accuracy of all the tested algorithms.

The proposed approach combines LinearSVC with a pipeline comprised of preprocessing,

feature extraction (using TF-IDF) and resampling (using both oversampling and undersam-

pling) strategies that further enhance its results. The final model was then fine-tuned, ultimately

producing a Question Classification (QC) model that has a cross-validation accuracy of 80.74%

and a test accuracy of 66.7%. An important benefit from this classifier is that it does not use

any meticulously crafted heuristics and, as such, it requires little to no expertise to operate and

apply to several domains. Although question classification was not not the main focus of this

work, the developed question classifier was vital in the creation of a viable dataset that could

support our solution to Question Generation (QG). In addition, it also important to evaluate the

results obtained by our question generator, providing an additional perspective in a task difficult

to evaluate.
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5.2 Question Generation

The purpose of this work was to create valuable questions that abide by the RBT. The most

difficult challenges were to produce relevant questions while not considering the answer as part

of the question generation input, and also to work with the commonly used datasets in this

task, due to the fact that they are typically tightly related to purely factual questions (which

only encompass the two lower levels of the RBT). Despite the aforementioned challenges, the

generator is able to output questions for all the levels of the taxonomy.

The results were evaluated automatically using BLEU-1, with the lowest value pertaining to

the Create model (9.86) and the highest value being from the Apply model (15.53). Automatic

evaluation was also directed at the output frequencies of each fine-tuned model (that is, how

often a model produces questions of its taxonomy level). The least frequent model is Evaluate,

with 67.5%, and the most successful model is Create, with 90%. Granted that there is an error

associated with the classification itself, the remarks made in section ?? regarding the bias in the

dataset for the Create level may also influence the obtained results for that model.

To further study the results produced by the generation, we performed a manual evaluation

by surveying eight evaluators. Results show that most questions are well written (2.39 out of 3),

understandable (2.33 out of 3), and relevant (2.13 out of 3). However, the generated questions

only have an answer in the text 50.76% of the time, which is a possibly a consequence of leaving

answers out of the generator’s input as this process allows for generated questions to be more

specific and text-related. In the context of this dissertation, the absence of the answer in the

training/generation process may indeed result in questions that are vague but this also allows

the creation of questions that are beyond the presented text, while still being relevant in the

given context. Nonetheless, the generated questions are still relevant, meaning that they are

worth finding the answer in order to better understand something in the text.

5.3 Limitations

Even though there are several positive results regarding the proposed approach, we believe that

there are still some limitations that, when overcame, could greatly benefit the value of this con-

tribution and even bring it to real-life scenarios. For instance, there are limitations associated

with the vocabulary, as Seq2Seq models work with a limited vocabulary that does not adapt to

new content. Strategies exist to mitigate this problem but, in the proposed solution, these were

not applied, therefore, even though the proposed solution can be applied to different contexts, it
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does not provide guarantees of being generalizable to all contexts.

Another issue with the manual evaluation is that the calculated inter-rater agreement values

are lower than desirable when it comes to the more subjective parameters such as relevance and

understandability. This is probably due to the subjectivity associates with the task. Another

limitation of this work is related to the dataset. Although the obtained results indicate that the

proposed approach is capable of producing a variety of questions that respect the RBT, withmore

suitable datasets, the accomplishments attained in this research could improve significantly.

A final issue with the generation of questions concerns how to handle anaphoras. In the

context of this dissertation, the created questionnaire had explicit rules that disregarded this

issue by assuming that the presented personal pronouns were correct for any given situation.

5.4 Future Work

Considering the final state of this dissertation, and as pointed out in this section, there are some

limitations that could be addressed. Regarding the vocabulary used by the Seq2Seq model (as

well as the existance of anaphoras), we emphasize the need to implement a mechanism that can

copy words from the context to the question [32, 34].

Another important line for future work is the improvement of the dataset. A way to address

this research line consists in creating a larger dataset from several educational sources that is

manually labeled according to the RBT. Still in the topic of datasets, it would be interesting if

such a dataset also contemplated the Knowledge dimension of the RBT. To further elaborate, an

additional difficulty with the current datasets is not in the provided contexts, but rather in the

provided variety of questions.

A third suggestion would be to develop an evaluation strategy that could perform better in

terms of interpreting the subjective parameters involved in appraising the quality of generated

questions.

A final consideration for future work would be to adopt recent and prominent strategies

such as the use of transformers-basedmodels, like a Bidirectional Encoder Representations from

Transformers (BERT) [66] pre-trainedmodel that could be fine-tuned for the purpose of question

generation.
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���

���������	
�����������

���������������

� � �

 ������������

�!�

���������	
�����������

"#�$���%�&��%'%

� � �

(��%)#�$��&'��*�

�+�

���������	
�����������

,&�

"#�

-./012234565758982:;

<272=>3?59:;

@2/:1240.4A9:3.:A2BA.:C:;



�������

�

�	
��������������
��
��������
��	

����
������
������������� ��������
�

!
������!� ��
�"�#�$%�&'()���*
�!
#+�,�� ����-.
#�!��#��
����� ��/�
���

������
�
���	

��-0����������
��
+�
�+
��1��+2���������!�����
���
�

3� ���$'��.
#�!��#�4��
���
��
!3�#����-5�5��
6��7%��3�#�����8�����

+�
�+��
��
��
����"�!!2��������!����
�����������#���!� ��!
�&'()���

� �����3���
��9����
�9����6��$&��,�� ����	�����,�� ����-.��
�6�+�
�+�� 


��9���������!
�����
���-.�6� ��&'(:�����+�
�+
����������
����
���

!
�����
�#����������� �����##�� ��8�������2����������
�������
6���"����

;��#6���������2���6�!
��6���  ������
�#����#����6����<	38��������� ��

8�����
�9�� ��2�������=���->����������##��6����1�� �����6���

���������� ��6
��
!���&'(%��.
#�!��#�6������
�#�������
�6���!����� =���

6������
�&)�
�����#��������
�-.���#�������&'(:����������
?�����@������

�������6���2�+�	�
�����6��+�
�+
��������������
�/���#�6
��->�&'(A���

��!�����������#�� �����!
����5#����������������B
#�����#������.����

��##������
���6�����2�+����
�����������������-.������������6�#�������� 

6��������/�
���+�
�+
��������������
��
���!����<	36�#��������>	@6�#�

��#�6�1��+�?��+���+�
�+�� ?��+��
����������
����-@
��������6
�������������

�
@���������������������������#��������#����/�
���+�
�+
��� �����!
����

�
�#�������
�5����5����
->����#���!� ��
!&'(A���
!!����2�������=����

����������������������6���=���6��+�
�+
����
�#�!
���
����-&'((���

��
������
�����������!
�.
#�!��#�C���������6�6��
��� ���!������������##�

���
 �����<
�#�8��������� ��8�����
��!�����!����� ���D����#E<	88�����
�

8��#
�9�D�
���D��,� ��-���!� �������
�����!����� ���
����-F



G=H0;�>5*IJ.
������
�����������!� ��K

7A-

LMNOMNPMQRSMTPUVMPWXMYZ

0��
�

& $ 7

;�����
�

7(-

LMNOMNPMQRSMTPUVMPWXMYZ

>��
�������[��#

& $ 7

8
�������[��#

\�]�̂�_̀a�b̂ĉd
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���

���������	
�����������

���������������

� � �

 ���!����"����#�

�$�

���������	
�����������

%�&

���

'()*+,-

./

01��#2����&3��#��#���4���5�#2��6��"��7�#5�8�4���59�:�;�����������<9��7�2�&��#���"���#=��

&��������#�&7��>2��4;�����?�=�7���7�?����45����2�#��#7�@���A�B;�C5�7A������D4�?���=�

B���=7A�������3���������E�F���&4����GGG��H#��7�7;���;�����45�?������>2��6��"��7�#5�

8�4���5�?�����9���7�?����45�H�����B�I��7A�9�=�7��3�����������J;����KK���H#��7������:�

#2�����?�7#�����&�7#�4��;#�:;�����:�?�����7����L;��3��=�#2����������:�&����#2����K9KKK�

&��M�KN9<�G��K�7O�:#P9�����3���#7���"����?�E9����&��MEE9K�$��E�7O�:#P��17�#2��;��"��7�#5�

?�������#��7��3���#��#2��3;4�����"��5���5�Q��

�

RS6L%>HT�UV��W2�#�����#2�5�����#�#2����5���&;7�;&X

�

�

�E�

���������	
�����������

L���7

� � �

%�&�����7

Y)Z)[\]̂_̀ab

c)dae)*f-*+̀a]-a+)g+-ahab

i)da)*̂e_+̀ahab



���

���������	
�����������

���������������

� �  

!������������

�"�

���������	
�����������

#$�%���&�'��&(&

� �  

)��&*$�%��'(��+�

���

���������	
�����������

,'�

#$�

-./0123

44

56&�&�&%(�%7���'�8&%9&�%&%:&��;�%&�+'�+%<���%'�%=&��&9�%,>�%9&�%<���%?&�'&%@&��8&%

'�%=&��&9%+�%9�&�+>A%�&���+�%&�(%'�%�B��%�&��'�(%&%C��'�>%�&9A��%6&(�;�D%&D���'�8'�%

E�++��%+>&�%&�A���%����%�>�%��������+�(%+>�%F�+%G���%�+A��%'�%�&'�+'�H%&�(%&�+�%#&+>&�%

F�+���&�I%+>�%���&��'%���+I%9&�%<���%'�%=&��&9I%&�%9&�%?��>�%J'����8'I%+>�%���&��'%

��������I%�A�'�'�+I%&�(%�'&�'�+I%9>�%�+;('�(%�;�'�%&+%+>�%=&��&9%!������&+��A�%=&��&9%

9&�%+>�%<�����(%�'+A%�:%��&&�%E&�>��'�%,'�H��I%9>'�>%>�%(����'<�(%'�%�&�A%�:%>'�%

������K%=&��&9%>&�%L;�+%��9%<���%(��+��A�(�%#�%���%9'��%����%���%+>�%=&��&9%�%8��9�%

7�+%��%L;�+%9�'+�%&<�;+%'+�%7�+%+>'�%=&��&9%��+%('�&���&�%:������I%>�%������+�(�5%

%

MNOP,6�Q#RK%%=>&+%9&�%>'�%:&+>��S%

T3UVW//X0YZY[Y\]\/̂_

/̀[/abXcY]̂_
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