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Abstract
Creating cloze sentences—contextual fill-in-the-blanks questions—can be time
consuming and challenging. While research has been done on automatic
question generation, a problem within this area is the high complexity of
processing text and constructing relevant questions. word2vec is a new word
embedding toolkit, which allows for vectorisation of words. For instance, by
creating a vector space from a paragraph, distances betweenwordsmay be found.
This report investigates the use of word2vec in cloze sentence generation by
constructing a bare-bones program and comparing the results to MEK questions
of the SweSAT. Of 20 survey respondents, 39.6% identified computer generated
questions as SweSAT questions. In contrast, 56.8% correctly identified the
computer generated questions, and 70% correctly identified the control SweSAT
questions. However, due to the low number of candidates partaking in the
survey, the results were inconclusive.
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Sammanfattning
Att skapa kontextuella meningskompletteringsfrågor kan vara både tidskrä-
vande och utmanande. Medan forskning har gjorts inom automatisk frågege-
nerering, är ett problem inom detta område den höga komplexiteten av att
bearbeta text och konstruera relevanta frågor. word2vec är ett nytt verktyg inom
ordinbäddning och kan användas för att vektorisera ord. Genom att skapa ett
vektorrum kan, exempelvis, avståndet mellan två ord hittas. Denna uppsats
undersöker användningen av word2vec inom generering av kontextuella me-
ningskompletteringsfrågor genom att konstruera ett enkelt program och sedan
jämföra resultaten mot MEK-frågor från Högskoleprovet. Av 20 enkätsrespon-
denter identifierade 39,6 % datorgenererade frågor som högskoleprovsfrågor. I
kontrast var det 56,8 % som korrekt identifierade de datorgenererade frågorna,
och 70 % som korrekt identifierade kontrollfrågorna från högskoleprovet. På
grund av det låga antalet som deltog i studien var resultaten dock oavgörba-
ra.



v

Acknowledgements
We would like to, first and foremost, thank our supervisor Richard Glassey
for his expertise, guidance and valuable input. We would also like to extend
our gratitude to Maria Johansson of Umeå University for her information
on the structure and construction of the SweSAT, specifically on the MEK
section.



Contents

1 Introduction 1
1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background 4
2.1 Cloze Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Swedish Scholastic Aptitude Test . . . . . . . . . . . . . . . . 5

2.2.1 MEK . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.3 Automatic Question Generation . . . . . . . . . . . . . . . . 6

2.3.1 Processing Natural Language . . . . . . . . . . . . . . 7
2.3.2 Word Embedding . . . . . . . . . . . . . . . . . . . . 7

2.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3 Method 10
3.1 Vectorising Words . . . . . . . . . . . . . . . . . . . . . . . . 11
3.2 Keyword Identification . . . . . . . . . . . . . . . . . . . . . 12
3.3 Distractor Word Generation . . . . . . . . . . . . . . . . . . . 13
3.4 Question Construction . . . . . . . . . . . . . . . . . . . . . 14
3.5 Quality Evaluation . . . . . . . . . . . . . . . . . . . . . . . 14

4 Results 16
4.1 All Questions . . . . . . . . . . . . . . . . . . . . . . . . . . 17
4.2 Computer-Generated Questions . . . . . . . . . . . . . . . . . 18
4.3 Control SweSAT Questions . . . . . . . . . . . . . . . . . . . 19

5 Discussion 20
5.1 Question Generation Analysis . . . . . . . . . . . . . . . . . 21
5.2 Sources of Error . . . . . . . . . . . . . . . . . . . . . . . . . 23
5.3 Future Research . . . . . . . . . . . . . . . . . . . . . . . . . 23

6 Conclusions 24

vi



CONTENTS vii

References 26

Appendix 28

A Responses Per Question 29

B Survey Questions 31
B.1 Question 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
B.2 Question 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
B.3 Question 3 (Control Question) . . . . . . . . . . . . . . . . . 32
B.4 Question 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
B.5 Question 5 (Control Question) . . . . . . . . . . . . . . . . . 33
B.6 Question 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
B.7 Question 7 (Control Question) . . . . . . . . . . . . . . . . . 33
B.8 Question 8 (Control Question) . . . . . . . . . . . . . . . . . 34
B.9 Question 9 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
B.10 Question 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
B.11 Question 11 (Control Question) . . . . . . . . . . . . . . . . . 35
B.12 Question 12 . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
B.13 Question 13 . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
B.14 Question 14 . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
B.15 Question 15 . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
B.16 Question 16 . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
B.17 Question 17 . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
B.18 Question 18 . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
B.19 Question 19 . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
B.20 Question 20 (Control Question) . . . . . . . . . . . . . . . . . 38





Chapter 1

Introduction

1
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There are various methods of encouraging learning in students, where passive
and active ways form a base for other branches of pedagogy (Michel et al.,
2009). Passive, or traditional, teaching relies on the knowledge of the educator
effectively being memorised by the student, typically via lectures. In contrast,
active learning involves the student with exercises such as self-assessment,
enacting scenarios, games, etc. As Michel et al. highlights, it may bolster
motivation and higher order thinking in students while enabling immediate
feedback.

The Gap-Fill Question (GFQ) is a popular tool of active learning within the
field of language comprehension. However, a GFQ is often used to disguise a
normal question. For instance, the GFQ “the [blank] barked loudly” is simply
a replacement for “what barked loudly?”—a dog. Often, the student will have
read the particular sentence in beforehand, and will now prove their knowledge.
Thus, the GFQ does not necessarily require higher order thinking (Bormuth,
1968). In contrast, the cloze test, as defined by Taylor (1953), does not test
for the specific meaning of a redacted word in a sentence. Rather, it asks the
candidate to reason about a series of contextually related blanks and for the
student to interpret and guess the language pattern assumed by the writer in
the sentence.

The Swedish Scholastic Aptitude Test (SweSAT) deals in this area, utilising
multiple choice questions and cloze-like sentence completion to measure the
level of Swedish grammar a candidate holds. The concerned section, Swedish
sentence completion (MEK), has candidates select the correct alternative of
words to fill in the context-sensitive blank or blanks of a text (UHR, 2020).
The candidate must understand, by pattern, which alternative holds the correct
answer.

However, writing enough questions for exercises or tests may be both time
consuming and challenging (Soni et al., 2019). For instance, MEK questions are
prepared by staff reading various books, newspapers, websites, etc., while being
limited by quality assurance and proper construction of similar, yet wrong or
illogical, alternative answers (Johansson, 2020). Rather, an automated process
may prove more efficient.

Automatic Question Generation (AQG) is a research field within Natural Lan-
guage Processing (NLP), whereupon alternatives for a sentence completion
question, for instance, are instead automatically generated by a program. How-
ever, one of the major obstacles of AQG is the high complexity of processing
text and constructing relevant questions (Chen et al., 2006; Kumar et al., 2015;
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Sumita et al., 2005). Earlier work within AQG have performed cloze test gen-
eration via pattern matching, online search result comparisons, and machine
learning in a domain-specific context with human input. As machine learning
models have developed since, another approach is now achievable via word
vectorisation, i.e. distributed representation, popularly named word embedding
(Mikolov et al., 2013a).

1.1 Problem Statement
As a standardised test used as possible means of admission for higher edu-
cation in Sweden, question quality in the SweSAT is key for correct grading.
However, question generation is a costly procedure. Thus, this survey project
seeks to implement a bare-bones automatic cloze test generation tool via word
embedding to discuss further research within cloze test generation. The project
will also discuss its results with respect to question quality requirements in the
MEK section of the SweSAT.
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2.1 Cloze Test
The cloze test was first described by Taylor (1953), as a type of exercise or
assessment, consisting of texts which has had a portion of its words removed
and replaced by blanks. The words that are removed should be within reason
for the candidate to identify, placing a great importance on the understanding
of context and level of language comprehension. The candidate is then required
to fill in the missing language item.

Amajor difference between the conventional GFQ and the cloze test is the notion
of closure. Rather than depending on the domain knowledge of the candidate,
the cloze test acknowledges their ability of reasoning about language patterns.
As such, there may be different types of cloze tests—the main denominator
being, blank words are not always among the most important words in the
sentence (Taylor, 1953). This idea of closure was given to Taylor by the early
twentieth century Gestalt psychology and its Law of Closure. A basic example:
a circle with gaps in it will still be recognised as a circle, despite simply being
an assortment of curved lines. The mind will still be able to fill the gaps, due
to its familiar pattern (Koffka, 1935).

2.2 Swedish Scholastic Aptitude Test
The Swedish Scholastic Aptitude Test (SweSAT) is conducted by the Swedish
Council for Higher Education (UHR, 2020) and consists of multiple test ses-
sions, where a session is either verbal or quantitative. The verbal exams inspect
vocabulary in Swedish, Swedish reading comprehension, Swedish sentence
completion and English reading comprehension (ORD, LÄS, MEK and ELF,
respectively). On the other hand, the quantitative exams inspect mathemat-
ical problem solving, quantitative comparisons, quantitative reasoning and
mathematical visualisation (XYZ, KVA, NOG and DTK, respectively).

2.2.1 MEK
As part of the verbal sessions, MEK questions are contextual sentence comple-
tion in Swedish. These are constructed at the University of Umeå from various
sources, deemed to be high quality, since their introduction in 2011. The main
motivator behind the introduction of MEK, a major revision of the SweSAT
test, was emphasising word comprehension in a certain context by introducing
questions of varying difficulty levels and topics and, in accommodation, reduc-
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ing the ORD section. These are quality checked at minimum three times and,
if approved, placed into a question bank for future use (Johansson, 2020). An
example from the SweSAT, in Swedish, is given below.

Figure 2.1: An example of an MEK question

A sentence is provided, as shown in Figure 2.1, with one or multiple blanks.
The candidate must then reason about which the correct alternative is. This
may be achieved by processing context and grammar, or by reasoning through
a process of elimination. Nevertheless, the candidate may have never read the
sentence or anything like it beforehand. Rather, the outcome depends solely on
the level of language comprehension from the candidate, as cloze tests.

2.3 Automatic Question Generation
Automatic Question Generation (AQG) aims to take text input using Natural
Language Processing (NLP), and output different types of questions. AQG
typically extracts information from content such as texts, paragraphs and sen-
tences, of which, students are able to put into context. The concept of question
generation can be applied in various fields such as massive open online courses,
chatbot systems, healthcare and automated help systems. However, manually
constructing relevant content can be a demanding and time consuming task
(Soni et al., 2019).

The procedure, as described by Soni et al. (2019), to implement “Gap-filled
Question Generation”, utilises AQG to generate gaps from various informa-
tional sentences extracted from paragraphs. The hidden words are then used to
find distractor words, in case of multiple choice questions.
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2.3.1 Processing Natural Language
A major question within the NLP community asks whether text can automat-
ically be converted to a “programmer-friendly” data structure (Chowdhury,
2003). While the question remains, widespread use involves extracting simpler
representations of syntactic and semantic information of text, e.g. tagging
each word with its role, grouping, meaning, etc. (Collobert et al., 2011). A
novel model for word representation is the distributed representation of words,
popularly labelled word embedding, where words are translated into vectors of
numeric values. As words are represented by vectors of size of n, depending
on vectorisation technique, one word can be categorised based on n dimen-
sions. This opens for different degrees of similarity and detecting semantic
relationships between words (Bengio et al., 2003).

2.3.2 Word Embedding
A prominent toolkit for word embedding is word2vec by Mikolov et al. (2013a),
which introduced two novel model architectures: continuous-bag-of-words
(cbow) and skipgram.

Figure 2.2: The cbow and skipgram process (Mikolov et al., 2013a).
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Using a cbow model, words are vectorised based on the sum of its neigh-
bouring word vectors. The skipgram model is an inversion of the former and
vectorises the neighbouring vectors based on the current word vector. The mod-
els are illustrated in Figure 2.2. Initial vector values are dependent on model
implementation, eg. randomised (Řehůřek, 2019). These two models will
similarly output a vector space. Following a minimum amount of passes, two
semantically similar words will have similar vectors in the vector space. This
vectorisation allows for mathematical functions between words. For instance,
vector addition and subtraction can be used to find certain vectors in the vector
space. Mikolov et al. exemplifies an operation on the vectors of the words
biggest, big and small. By subtracting big from biggest, a resulting vector is
achieved that is similar to any word being in the superlative form. If the vector
of small was added to the resulting vector, the vector would be most similar to
the vector of smallest. As mathematical operators are allowed, the similarity
between two words can attained by calculating the cosine distance—a measure
of similarity between two non-zero vectors—between their respective word
vectors.

2.4 Related Work
Chen et al. (2006) introduced a method of “semi-automatic generation of
grammar test items” by means of NLP. Their system constructed tests items by
matching manually designed testing and distractor patterns against sentences
from a website, given a URL. Valid sentences were subsequently lemmatised–
replacing each word with its dictionary form. Each word in a transformed
sentence was further tagged by part-of-speech—its semantic role—and phrase
belonging. These processed sentences were finally converted into multiple
choice and error detection questions. Sentence conversion was dependent
on given construct and distractor patterns. For instance, a simple construct
pattern {* VBVBG *} would match against sentences such as “enjoy travelling”
or “finish studying”, where VB (verb, base form) and VBG (verb, present
participle) are part-of-speech tags. Given this construct pattern, a distractor
pattern could replace the VBG word with its VB, VBN (verb, past participle)
or VBD (verb, past tense) form.

Sumita et al. (2005) proposed the automatic generation of Fill-in-the-Blank
Questions (FBQs). The methods that were proposed to generate the FBQs were
through the use of a corpus, thesaurus and the Web. The seeded sentence of
which the FBQ would be based on was taken from a corpus or a web page.
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The sentence was then decomposed to include a blanked sentence and the
correct answer choice. The blank position of the sentence was determined after
the patterns of the word formations had been analysed by a computer. The
distractor candidates were chosen from a thesaurus to maintain the grammatical
characteristics and meaning of the correct choice. For the verification of
the distractor candidates, a web-based approach was proposed. The blanked
sentence was represented by s(x), and s(w) denoted the restored sentence
with the distractor candidate word w. The sentence s(w) was then run on the
web to see the number ofhits s(w) it would get. The smallerhits s(w)was,
the more unlikely the restored sentence withw would be correct, theautorefore
the word w would be a fitting distractor. If hits s(w) instead was large, then
the restored sentence with the word w was more likely to be correct, and thus
would likely not be a fitting candidate.

Kumar et al. (2015) presented an automated system for Gap-Fill Question
Generation, based on three parts. The first part, Sentence Selection, seeks to
find “coherent and important” sentences from a given text. In order to acquire
domain knowledge, Kumar et al. trained a neural network to discover topics
and concepts from a biology textbook. This next step–Gap Selection–identified
keywords to replace, i.e. positioning the gap. The team initialised a machine
learning model by outsourcing human judgement on around 1200 possible
gaps, feeding data to the model and teaching it to distinguish better gaps. The
system finally factored in the Distractor Selection, to confuse and prove a grasp
of the concept. The selection was based on semantic and syntactic similarity
as well as contextual fit.
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The Anaconda distribution of Python 3.7 was utilised in order to access relevant
libraries.

3.1 Vectorising Words
Word vectorisation by word embedding was done by use of a corpus generated
out of a 20 gigabyte snapshot of the Swedish Wikipedia page on April 24,
2020. This snapshot was acquired via the Wikimedia dump service. Each
sentence in the snapshot was processed to remove links, HTML and markup
tags as well as symbols and excess white space, leaving only sentences. The
Python programming code was inspired by GitHub user Kyubyong and their
MIT-licensed repository on word vectorisation1. Information regarding pattern
matching items to be filtered may be found at their repository. The code was
edited in order to utilise the Wikipedia snapshot in its corpus generation and
updated to use Python 3 syntax. Required packages, as detailed by the GitHub
repository, were installed in a conda environment, the package manager in
Anaconda.

The word embedding process utilised the 3.8.0 version of the open-source
library Gensim. Gensim is well-used within the natural language processing
community, having been cited over 2200 times by 2020 (Google Scholar, 2020).
Gensim implements the word2vec toolkit developed by Mikolov et al. (2013a)
and accepts a number of parameters to fine-tune word vectorisation. Below
is an excerpt of relevant parameters, as given by the Gensim documentation
(Řehůřek, 2019).

• size Dimension of the word vectors.

• window Maximum distance between the current and predicted word
within a sentence.

• negative Specifies how many "noise words" should be drawn.

• max_vocab_size If there are more unique words than this, then prune
the infrequent ones.

Initially, defaults values where used: a dimension size of 300, a window size of
5, a maximum of 5 noise words and a maximum of 1 000 000 words. Gensim
uses cbow by default, which Mikolov et al. (2013b) recommends for larger
inputs over skipgram. This generated a 2.3 gigabyte spreadsheet of each

1https://github.com/Kyubyong/wordvectors (accessed 2020-04-20)
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word and its vector representation as well as a small Gensim binary file. Later
analysis proved default parameters to provide inconsistent quality in finding
similar words. Thus, the maximal vocabulary size was increased by a factor of
2.5, leading a doubling of file size, but more optimal results. A larger factor
was not chosen due to time constraints and to avoid synonyms, rather than
similar words, being more coupled with each other.

3.2 Keyword Identification
The 2.2.3 version of the language processing library spaCy was used in order
to detect keywords. spaCy is an open-source library used and is used by major
software companies (Honnibal & Montani, 2017). Due to lack of optimal
Swedish grammar support, however, Stanza was used in conjunction using the
spacy-stanza package. This package added Stanza as part of the processing
procedure in spaCy. Stanza, like spaCy, is an NLP tool, built and maintained
by the Stanford NLP Group at Stanford University. It is built in a manner that
it may be used within other NLP tools (Qi et al., 2020).

Using the extension system in spaCy, a number of words were filtered as
to not appear as possible keywords. The particular piece of code is shown
below.

1 def i s _ e x c l u d e d ( t oken ) :
2 re turn (
3 not t oken . i s _ a l p h a or
4 token . pos_ in [ ’PROPN’ ] or
5 token . dep_ in [ ’ n s ub j ’ ] or
6 token . i s _ p u n c t or
7 token . t e x t . l ower ( ) in s t opword s or
8 token . t e x t . l ower ( ) in v o c a t i o n s
9 )

Listing 3.1: The process of finding possibly keywords.

As shown, proper nouns and subjects were not selected as keywords, as to not
make ambiguous the meaning of the sentence and shroud its context. At the
same time, punctuation and stop words—words of low importance—were of
no particular interest. Vocations were also left untouched, as it could affect the
meaning of the sentence. The lists of stop words and vocations were acquired
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from GitHub user peterdalle via their repository on Swedish text resources2.
These lists were formatted into a Python list to avoid having to parse the text
list every time a sentence was to be converted.

3.3 Distractor Word Generation
Given possible keywords, distractors were found by the following list of in-
structions.

1 # wv : t h e word v e c t o r space
2 def g e t _ d i s t r a c t o r s ( word , wv ) :
3 t ry :
4 n e i g hbou r s = wv . s im i l a r _ b y _ v e c t o r (
5 word . t e x t . l ower ( ) ,
6 topn =20)
7 excep t :
8 re turn [ ]
9

10 t o k en s = [ ( n l p ( word ) [ 0 ] , s i m i l a r i t y ) f o r
11 ( word , s i m i l a r i t y ) in ne i g hbou r s ]
12 f i l t e r e d = [ ( token , s i m i l a r i t y )
13 f o r token , s i m i l a r i t y in t o k en s i f
14 token . t a g == word . t a g and
15 token . t e x t not in word . t e x t and
16 word . t e x t not in t oken . t e x t and
17 l e v e n s h t e i n (
18 token . t e x t ,
19 word . t e x t
20 ) > 1 and (
21 token . t e x t not in ( syns [ word . t e x t ]
22 i f word . t e x t in syns
23 e l s e [ ] ) )
24 ]
25
26 re turn f i l t e r e d [−3:] i f l en (
27 f i l t e r e d ) >= 3 e l s e [ ]

Listing 3.2: The process of generating distractor words.

2https://github.com/peterdalle/svensktext (accessed 2020-04-24)
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The program iterates through each possible keyword found by the model via
the vector space detailed in section 3.1. For each keyword, it generates a list of
similar words in the context of the keyword. If the word was not in the vector
space, the function returns an empty list. For instance, the word car in to ride
a car would be similar to the word bicycle in the sentence to ride a bicycle.
Each similar word is processed by spaCy (the nlp function), in order to attain
data about their grammatical functions and roles. These words must have
the same semantics as the keyword. This data is stored in the tag property.
Any words not following this condition will be filtered. Similarly, if the word
itself exists in the keyword, eg. the Swedish words försvunnen and svunnen,
it is removed to reduce confusion. Also, distractor words that are actually
an alternative spelling, such as the Swedish words symptom and symtom, are
removed by comparing the Levenshtein distance between the words. Lastly,
possible synonyms are removed using the free-to-use Folkets synonymlexikon
(the People’s Synonym Lexicon), an initiative by Viggo Kann at the KTH
Royal Institute of Technology (Kann, 2004). The list was acquired from Kann’s
website in the form of an XML file. This XML file was formatted into a Python
dictionary, where each key would return a list of synonyms.

As three words were required for alternatives, apart from the correct alternative,
the last three words in the filtered list were chosen. The last words were chosen
as the first ones were often too similar to the correct word, leading to multiple
correct answers for one sentence in violation of the requirements set by the
SweSAT.

3.4 Question Construction
Following gap creation and distractor generation, the sentence was formatted
to replace each selected keyword with a four underscores. This was done by
indexing each word during parsing and saving the index of the keywords chosen.
Using the index, the program knewwhich word to remove. The four alternatives
were outputted after the sentence with gaps, with the correct alternative being
on fourth alternative. This allowed the authors to quickly identify the correct
word.

3.5 Quality Evaluation
The evaluation was performed via a survey. A survey was deemedmost effective
in reaching out to real, possible test candidates as well as to gather opinions
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about question quality. The survey was shared mainly with engineering students
at the KTHRoyal Institute of Technology. The survey consisted of 20 texts taken
from the MEK section of previous SweSATs, of which 14 were run through
the model to produce computer-generated questions, while the remaining six
served as control MEK questions from the SweSAT. The type of question was
unknown to the respondent, who was tasked with evaluating the question. The
computer-generated alternatives were mixed by hand, so that the correct one
was not always the fourth alternative. These alternatives were chosen to allow
quantification of data, while also receiving the thoughts of the candidates. In
order to gather opinions on the gap selection and generation of distractor words,
the correct alternative was marked for the respondent to see. It was possible
for the respondent to assess the question to be:

• from an actual SweSAT question,

• computer-generated due to the choice of blank words,

• computer-generated due to the choice of alternatives,

• computer-generated due to both above or

• of unclear origin.

General information of education, prior history of the SweSAT and future plans
of writing the SweSAT was also collected.
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The survey gathered a total of 20 responses. Of the responses, 18 had a univer-
sity degree or were currently studying at university-level. Two people had a
upper secondary school (gymnasium) degree. There was one respondent who
had not written the SweSAT. Sixteen respondents had no plans to write the
SweSAT, one had plans to write it and three were unsure. The data is shown
below, with the complete data first. Data without control SweSAT questions
as well as data with only control SweSAT questions are also extracted and
displayed.

The following sections will be presenting the responses of the survey.

4.1 All Questions

Figure 4.1: Survey responses, including control SweSAT questions.

As seen in Figure 4.1, a small majority of questions were identified as SweSAT
questions, with identification as computer-generated a few responses behind.
The identification between SweSAT and computer-generated questions was
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nearly balanced. Of the identified as computer-generated questions, identifi-
cation due to alternatives were around two and a half times more likely than
due to the gap selection or both alternative and gap selection. Identification as
computer-generated due to gap selection or both gap selection and alternatives
were almost equal.

4.2 Computer-Generated Questions

Figure 4.2: Survey responses, excluding the control SweSAT questions.

As can be seen in Figure 4.2, the majority of questions were identified as
computer-generated, which was about 56.8%. In contrast, about 39.6% iden-
tified them as SweSAT questions. Of the identified as computer-generated
questions, more than half were identified due to the alternatives. The identifi-
cation due to gap selection or both gap selection and alternatives were almost
equal, being about a third of the size of identification due to the alternatives.
About 3.6% of the responses were unsure.
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4.3 Control SweSAT Questions

Figure 4.3: Survey responses, only control SweSAT questions.

Of the six control SweSAT questions, it was observed that respondents correctly
identified them 70% of the time. The majority of the remainder identified
them as computer-generated, while a small minority were unsure, as seen in
Figure 4.3.
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5.1 Question Generation Analysis
According to Figure 4.2, a little more than a half of the computer-generated
questions were correctly identified. By converse, almost half of the computer-
generated questions were seen as being actual SweSAT questions or that they
could have been. Due to the statistically low amount of 20 questions, it may not
implicate that 50% of computer-generated questions would be rated as SweSAT
questions. However, it shows a possibly promising start to cloze sentence
generation via word embedding. The main issue nonetheless stems precisely
from word embedding, as the majority of attribution computer-generation
attribution came about due to the alternative selection. Further, by cross-
checking the survey responses (see appendix A) with the survey questions (see
appendix B), it becomes apparent that questions with odd, out-of-place or too
similar alternatives were more easily identified. For instance, the following
question,

I skafferiet stod också separatorn, som separerade mjölken så att
det blev grädde och skummjölk. Av grädden kärnade man smör,
och till ____ gjorde mamma sötost av oskummad sötmjölk, berättar
Maj-Len, född 1947.

A julen *
B påsken
C julhelgen
D festen

had 95% of respondents attributing it as computer-generated. This was mainly
either due to the gap selection or due to both the gap selection and the alternative
selection. Here, the choice of julen (Christmas in Swedish) as the gap is sub-
optimal, as this word is closely connected to other festivities. The replacement
of one festivity to another would still make a logical sentence, despite these
festivals not being synonyms. This can be seen by the alternatives generated,
which make the question impossible to answer with only one correct and logical
alternative. As much as this question does not make sense, the word embedding
process itself still generated valid, similar words. It would appear that the
process of selection of gap and alternatives requires more thought and time.
However, the process did indeed generate invalid words at times, as seen in the
next page.
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Att genomskåda ____ är ofta svårt, särskilt om personen uppger
ett enkelt symtom som värk, vars ____ inte kan motbevisas genom
läkarundersökning eller teknisk diagnostik.

implementering - nordsydlig
termodynamik - sydostlig-nordvästlig
optisk - nordväst-sydöstlig
simulering - befintlighet

The word befintlighet, a noun, is replaced by descriptive compass directions,
adjectives. It is unclear why these were chosen, as these word do not possess
the same word tags. It is possible, that spaCy could not accurately determine
the tag of the word. In the process of distractor word generation, seen in code
listing Listing 3.2, it may be sub-optimal to pass each single distractor word to
spaCy. This specific piece of code is shown below.

10 t o k en s = [ ( n l p ( word ) [ 0 ] , s i m i l a r i t y ) f o r
11 ( word , s i m i l a r i t y ) in ne i g hbou r s ]

Listing 5.1: A possibly problematic piece of code. Rows 10–11 from List-
ing 3.2.

The nlp function processes the word word, and the first and only word in
the “sentence” is acquired. While this is done to generate data about the word,
having spaCy parse one single word, instead of a sentence or a paragraph, may
at times provide information of insufficient quality. Rather, a better approach
may have been to use some sort of grammar API, possibly connected to a
proper Swedish dictionary. Given the time frame of this report, the authors
determined this rather be inspected in future work. Another issue is, possibly
solvable by API, is the case of synonym detection. The synonym list taken
from Kann (2004) was human-made and limited in size.

Meanwhile, 30% of the SweSAT questions were misattributed to being
computer-generated, as given by Figure 4.3. This possibly raises a question
of whether the survey was too difficult. The quality of the answers from each
respondent, while the answer was given, may have been limited by knowledge
and time. Rather, Chen et al. (2006) had students and professors, from a
language-oriented program, blindly rate questions. Chen et al. (2006) had also
generated more than 50 000 questions, which allowed for a larger variety and
comprehensive testing of their system. Generating thousands of questions
would have taken days, if not weeks, with the model of this project, however, as
one question with two blanks took around 15 seconds on a modern computer.
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A higher quality of responses could still have been expected from scholars
operating on the Swedish language, despite the relatively low amount of
questions generated.

5.2 Sources of Error
There were several uncertainties that may have played a role in the achieved
results. However, due to the nature of this research, one can only assume
potential errors. One factor that perhaps affected the study are the qualifications
of the candidates who took the survey. Even if the majority are in or have
completed their university studies and have taken the SweSAT before, it does
not guarantee their Swedish language knowledge, nor if they have a good
understanding of the SweSAT. However, this factor is also to be expected at a
SweSAT exam, asmost people have varying knowledge of the Swedish language.
As stated, it may have done well had the survey been sent to people qualified in
the Swedish language. For example, the candidates could be required to have
scored a certain amount on the verbal part of the SweSAT. Another factor is
that the project group manually picked generated questions. This allowed a
preview of the question before it was added to the survey. This may have caused
a certain degree of bias in which questions were chosen for the survey. As Chen
et al. (2006) noted, a blind generation of a multitude of questions would assure
a more optimal evaluation. Lastly, the amount of candidates may not have been
sufficient enough to yield conclusive results. Ideally, the more candidates the
better, and for this survey only 20 people participated, which is lacking. The
number of candidates, combined with varying levels of Swedish knowledge
and understanding of the SweSAT, may have played a role. To eliminate these
uncertainties, a larger candidate pool would have been preferred.

5.3 Future Research
Based on the results, further work is required on the question generation itself
to improve the rate of optimal questions. The manner of input also requires the
manual work of separating sentences out of works. A future model could instead
generate multiple questions out of one paragraph. By having a full paragraph
at disposal, distractor generation may be improved. Another method of quality
evaluation could be to generate questions on spot to ensure a randomised pool
of questions for each candidate. This approach would likely require more
candidates.
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This project has shown that word embedding via word2vec can possibly be
used for cloze sentence generation, where a substantial minority of generated
were assumed to be of similar quality to the MEK section in the SweSAT.
However, the amount of sub-optimal generated questions was unsatisfactory
for a proper test environment such as the SweSAT. These were easily identified
to be nonhuman-made and unsuitable, as they were not answerable with only
one unique option. Also, due to the low number of candidates it cannot be with
certainty that the previously stated conclusion is valid. Thus, the results are
inconclusive. Further research within the field of word embedding and cloze
sentence generation is encouraged.
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Responses Per Question
Question Type From the

SweSAT
CG
(Gap)

CG
(Alterna-
tives)

CG
(Both)

CG
(Sum)

Unsure

1 DG 13 1 6 0 7 0
2 DG 4 3 13 0 16 0
3 HP 19 0 0 0 0 1
4 DG 4 3 10 2 15 1
5 HP 12 0 5 2 7 1
6 DG 8 3 6 2 11 1
7 HP 14 1 4 0 5 1
8 HP 13 3 1 3 7 0
9 DG 11 4 4 1 9 0
10 DG 10 4 5 0 9 1
11 HP 10 2 6 0 8 2
12 DG 1 7 4 8 19 0
13 DG 5 4 7 4 15 0
14 DG 13 0 5 1 6 1
15 DG 11 1 6 1 8 1
16 DG 5 4 6 5 15 0
17 DG 12 1 4 2 7 1
18 DG 4 2 9 3 14 2
19 DG 10 2 4 2 8 2
20 HP 16 0 4 0 4 0

Table A.1: Survey responses per question.
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These are the MEK-style questions generated for the survey. The correct
alternative is marked with an asterisk.

B.1 Question 1
Kemisk intolerans ____ att man får kraftiga symptom av vardagliga lukter som
andra inte reagerar på. Åkomman liknar ____ och allergi, men de kemiskt
intoleranta reagerar inte med ökad histaminfrisättning.

A resulterar – hjärtsvikt
B innebär – astma *
C säkerställer – psoriasis
D garanterar – hjärnhinneinflammation

B.2 Question 2
Det troliga är att valen avspeglar individernas ____, det vill säga de väljer den
utbildning som passar dem bäst.

A ambitioner
B kvaliteter
C personligheter
D talanger *

B.3 Question 3 (Control Question)
Vårt rättskrivningssystem är långt ifrån ____, och även om språkvården har till
uppgift att försöka göra det mer följdriktigt stöter den ofta på inre konflikter.
Språkets snåriga historia är inte alltid lätt att ingripa i. En grundregel i det
svenska ____ systemet är att kort vokal ska följas av två konsonanter: lapp,
rulla, matta.

A konsekvent – ortografiska *
B elementärt – monografiska
C flexibelt – kalligrafiska
D evident – stenografiska
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B.4 Question 4
Denna drottning verkar ha varit en ____ karismatisk person snarare än en
tvålfager modell. Antagligen tillhörde hon den typ av människor som så fort
de ____ in i ett rum blir centrum för uppmärksamheten; utåtriktad, talför och
med en attraktiv aura som ofta omger framgångsrika personer.

A relativt - zoomar
B extremt - kliver *
C förvånansvärt - tågar
D måttligt - klipper

B.5 Question 5 (Control Question)
Om man ska använda sig av de här nya mätinstrumenten måste de ____ or-
dentligt: har eleverna blivit bättre när de plötsligt får högre resultat, eller har
de bara blivit mer vana att skriva prov?

A justeras
B utvärderas *
C balanseras
D observeras

B.6 Question 6
Ambulanssjuksköterskor ser ____ tillsammans med sin kollega som en naturlig
del av arbetet. Denna gör att de bearbetar ____ och utvecklar sin självkänsla och
sin yrkesmässiga mognad. Bra baskunskaper och regelbundna ____ övningar
under lättar rollen som medicinskt ansvarig.

A reflektion - upplevelserna - realistiska *
B reflexion - skildringarna - eleganta
C upplevelse - beskrivningarna - samhällskritiska
D polarisering - lärdomarna - absurda

B.7 Question 7 (Control Question)
Novellisten Alice Munro fick Nobelpriset i litteratur för att hon är en av vår
tids största författare. Det finns ingen annan författare som kan ____ komplexa
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skeenden och stora frågor till ett så litet och kort format.

A dramatisera
B koncentrera *
C extrahera
D kombinera

B.8 Question 8 (Control Question)
Kapillärprov är ett blodprov som tas genom ett stick med en ____ i fingertoppen,
i örsnibben eller, hos spädbarn, på hälens undersida.

A pipett
B sutur
C lansett *
D kateter

B.9 Question 9
Efter en intensivt uppflammande debatt om Norrlands ____ i slutet av 1800-
talet vann de som förespråkade ____ ingrepp över dem som försvarade lokalt
ägande och en mer bondedriven och försiktig tillväxt.

A ekonomier - kontinuerliga
B naturresurser - storskaliga *
C energikällor - atmosfäriska
D tullar - strukturella
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B.10 Question 10
Grundprincipen är, enligt FN-stadgans artikel 51, att hot om eller användning av
våld är uteslutet, med två undantag: när det specifikt har ____ av säkerhetsrådet,
eller som självförsvar mot ett väpnat angrepp tills säkerhetsrådet ____.

A motsagts - utövar
B omvittnats - hanterar
C påkallats - svarar
D bemyndigats - agerar *

B.11 Question 11 (Control Question)
Örnarna i området håller sig visserligen på ____ avstånd från varandra, men
förefaller ändå samsas så länge det finns gott om mat.

A koncist
B flyktigt
C temporärt
D behörigt *

B.12 Question 12
I skafferiet stod också separatorn, som separerade mjölken så att det blev grädde
och skummjölk. Av grädden kärnade man smör, och till ____ gjorde mamma
sötost av oskummad sötmjölk, berättar Maj-Len, född 1947.

A julen *
B påsken
C julhelgen
D festen



36 APPENDIX B. SURVEY QUESTIONS

B.13 Question 13
Min musik har en ____ och en ärlighet. I Nashville är det idag kutym att
försöka se ut som tjugo eller ____. Själv är jag trettiosex och vill inte låtsas
som något annat.

A absurditet - trehundra
B individualitet - trettiofem
C autenticitet - tjugofem *
D tematik - tio

B.14 Question 14
Analyser av bronset visar också att förhållandet mellan koppar och tenn i denna
____ är typiskt för perioden och för Egypten.

A legering *
B linolja
C bergart
D tillsats

B.15 Question 15
Ofta söker konsthistoriker ____ svar i verken eller i konstnärens liv på varför
dennes konst gestaltas på ett visst sätt. Det blir ibland alltför spekulativt. En
förändring i ____ kan lika gärna ha sin grund i högst triviala orsaker.

A täta - ordet
B breda - begreppet
C tjocka - adjektivet
D djupa - uttrycket *
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B.16 Question 16
Nyligen kom nyheten om att det på månen, i motsats till vad man tidigare trott,
kan finnas vattenmolekyler. Nu har nya rön ____ som kan förklara hur dessa
____ skapats.

A publicerats - vattenmolekyler *
B hörts - bosoner
C filmats - bindningar
D synts - kvarkar

B.17 Question 17
På åttiotalet gick jag ur den svenska ____, mycket som ett resultat av ____ om
kvinnliga präster. Det paradoxala var att detta ____ till ett större engagemang i
trosfrågor och ett växande intresse för världsreligionerna. Jag kom snart fram
till att jag hörde hemma i de ateistiska leden, även om jag ryggade för uttrycket
som sådant.

A högern - konflikten - bidrog
B statsapparaten - kritiken - resulterade
C statskyrkan - debatten - ledde *
D kvinnorörelsen - diskursen - innebar

B.18 Question 18
En ____ del av näthinnan kan registrera detaljer i en blomma, samtidigt som
andra delar av samma näthinna kan uppfatta eventuella rörelser i mörkret.

A väsentlig
B viss *
C avsevärd
D specifik

B.19 Question 19
Byte till njurfoder har effekt mot den ____ som hundar ofta drabbas av i
samband med att njurarnas funktion ____. Om foderbytet inte ger tillräcklig
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effekt kan veterinären ordinera mediciner som innehåller kaliumcitrat eller
bikarbonat.

A åderförkalkning - tillväxer
B acidos - avtar *
C endokardit - avdunstar
D dehydrering - reducerar

B.20 Question 20 (Control Question)
Att avslöja _____ var en dålig idé. Myten kring en okänd författare kommer
alltid att överträffa verkligheten.

A intrigen
B budbäraren
C förläggaren
D pseudonymen *



www.kth.se

TRITA-EECS-EX-2020:361


	Introduction
	Problem Statement

	Background
	Cloze Test
	Swedish Scholastic Aptitude Test
	MEK

	Automatic Question Generation
	Processing Natural Language
	Word Embedding

	Related Work

	Method
	Vectorising Words
	Keyword Identification
	Distractor Word Generation
	Question Construction
	Quality Evaluation

	Results
	All Questions
	Computer-Generated Questions
	Control SweSAT Questions

	Discussion
	Question Generation Analysis
	Sources of Error
	Future Research

	Conclusions
	References
	Appendix
	Responses Per Question
	Survey Questions
	Question 1
	Question 2
	Question 3 (Control Question)
	Question 4
	Question 5 (Control Question)
	Question 6
	Question 7 (Control Question)
	Question 8 (Control Question)
	Question 9
	Question 10
	Question 11 (Control Question)
	Question 12
	Question 13
	Question 14
	Question 15
	Question 16
	Question 17
	Question 18
	Question 19
	Question 20 (Control Question)


