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In this paper, math anxiety descriptions are extracted from Massive Open Online
Course (MOOQC) reviews using text mining techniques. Learners’ emotional states as-
sociated with math phobia represent substantial barriers to learning mathematics and
acquiring basic mathematical knowledge required for future career success. MOOC
platforms accumulate big sets of educational data, learners’ feedback being of par-
ticular research interest. Thirty-eight math MOOCs on Udemy and 1,898 learners’ re-
views are investigated in this study. VADER sentiment analysis, k-means clustering of
content with negative sentiment, and sentence embedding based on the Bidirection-
al Encoder Representations from Transformers (BERT) language model allow identify-
ing a few clusters containing descriptions of various negative emotions related to bad
math experiences in the past, a cluster with descriptions of regrets about missed op-
portunities due to negative attitudes towards math in the past, and a cluster describ-
ing gradual overcoming of math anxiety while progressing through a math MOOC. The
constructed knowledge graph makes it possible to visualize some regularities pertain-
ing to different negative emotions experienced by math MOOC learners.
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With the rapidly growing number of mass online open courses (MOOC)
and MOOC learners all over the world, huge sets of heterogeneous
data have been accumulated, from age, status, and baseline level of
knowledge to performance and progress through courses. Addition-
al data may be obtained at the start and at the end of the course us-
ing questionnaires, unit tests, and final exams, and throughout the
course by analyzing video viewing behavior, clickstreams, number of
downloads, etc.
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1. Learning
Analytics in
MOOCs: Key

Methodologies
and Applications

http://vo.hse.ru

Learner-instructor interactions in MOOCs are being limited, learn-
ers can use reviews, forum comments, messengers, and social media
to say what they think about course content and instructors. Analysis
of learner reviews has given rise to a new field of learning analytics:
educational data mining.

Mathematics MOOCs are often designed to improve basic mathe-
matical knowledge. For instance, a project to develop a free open on-
line course to help adults with low mathematical/statistical knowledge
has been launched in the UK, outlining the universal requirements for
online courses to explain the fundamental mathematical concepts in
plain language [Griffiths et al. 2019]. Sometimes, math MOOCs are also
created as scaffolding learning experiences to support students with
low self-efficacy and high level of math anxiety, or as a tool to get stu-
dents back into math after a holiday break [Lambert 2015]. MOOCs
in mathematics can be applied to enhance teaching skills, serve as a
network for exchanging effective teaching practices within the teach-
ers’' community [Taranto, Robutti, Arzarello 2020], and be adjusted to
address the needs of specific target populations: individuals wishing
to update their math skills; those who feel the need to acquire basic
knowledge; and teachers who may use these resources with their stu-
dents to develop teaching methodologies [Soares, Lopes 2016]. A dis-
tinct category of math MOOC learners is people with severe visual im-
pairments and blindness [Kosova, Izetova 2020].

The recent years have seen a growing research interest in MOOC
learning analytics, which is manifested in the emergence of MOOC da-
tasets on data science platforms and Kaggle machine learning compe-
titions (see kaggle.com). On Kaggle, for instance, one can find a data-
set containing EEG brainwave data from college students while they
watched MOOC video clips, a dataset with MOOC lecture data, etc.

The key methodologies in MOOC learning analytics include sentiment
analysis, target group identification, analysis of content-based and
clickstream data, course quality assessment, dropout prediction, and
design of course and content recommender systems.

Sentiment analysis in MOOCs is often used to investigate students’
attitudes, opinions, or emotions by detecting patterns in textual data
and measuring their sentiment. Data obtained by analyzing learner
feedback sentiment is used for identifying the reasons for attrition
and lack engagement in MOOCs, developing strategies for improve-
ment of MOOC content and teaching strategies, and getting a bet-
ter understanding of student behaviors. Analysis of social media data
(user profiles and comments) sheds light on MOOC learners’ emotions
and sentiment when progressing through a course. Learner feedback
and forum posts are analyzed using hierarchical recurrent neural net-
works [Capuano et al. 2020]; two-polarity (positive/negative) sentiment
analysis of MOOC reviews is performed using an ALBERT-BiLSTM mod-
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el with three layers: word-embedding layer, semantic-extraction layer,
and output layer [Wang, Huang, Zhou 2021]; collective sentiment from
MOOC forum posts and its impact on student attrition are evaluated
using survival analysis [Wen, Yang, Rose 2014]; social network analysis,
cohort analysis, and identification of students who are actively partici-
pating in course discussions may assist in visualizing students’ posting
patterns in the course forum and building models of information dif-
fusion [Sinha 2014]; and topic modeling is applied to trace discussion
forum posts to MOOC content [Wong, Wong, Hindle 2019]. Another im-
portant task in educational data mining is to identify resource men-
tions in MOOC forum threads (sequence tagging), which is performed
using the LSTM-CRF model [An et al. 2018].

Target group identification may help MOOC instructors develop
strategies for better interaction with the course audience. Cluster
analysis is often applied to solve learning analytics tasks of this type.
Course satisfaction depends on the sentiment of target student groups
which are identified using the VADER algorithm. In particular, it has
been shown that most beginners are positive about MOOC content,
while experienced participants often expect to learn about topics that
are beyond the scope of the MOOC [Lundqvist, Liyanagunawardena,
Starkey 2021]. Another criterion in target group identification is the dif-
ferences in MOOC video learning behaviors, which serve the basis for
content personalization [Zhang, Liu, Liu 2020].

Analysis of content-based and clickstream data allows detecting dif-
ficult or boring fragments of MOOC content and developing strate-
gies for content personalization so as to improve the quality of study
materials and resources. Learning analytics tasks in this subfield in-
clude using recurrent network modelling to predict the exact resource
that a student will interact with next based on previous sequences of
resource views and interactions in a MOOC [Tang, Peterson, Pardos
2016]; modelling student behaviors by analyzing video-watching click-
streams and sequences as well as other characteristics such as dura-
tion of video content viewing and in-video quiz completion rate [Brin-
ton et al. 2015]. The data obtained can be used to build individual
MOOC video interaction trajectories and develop strategies for per-
sonalized course recommendations.

Course quality assessment and development of reasonable assess-
ment criteria constitute a challenging task, which can be solved, in
particular, with the use of learning analytics tools. For instance, MOOC
learning behavior and content perceptions can be studied by analyz-
ing video traffic, forum posting, and the number of people who ob-
tained the certificate [Luo et al. 2018].

Dropout prediction. Changes in student engagement throughout
the course are monitored to develop retention strategies. One of the
approaches to solving this task is to analyze learner activity and ad-
dress the lack of feedback in a timely manner. Learner activity can be
predicted, in particular, by obtaining weekly learning behavior statis-
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tics using long short-term memory recurrent neural networks (LSTM-
RNN) [Liu et al. 2018]. MOOC attrition can also be predicted by model-
ling representations of clicks and video [Jeon, Park 2020]. Furthermore,
learning analytics tools are used for predicting student success as well
[Bystrova et al. 2018].

Design of course and content recommender systems. As the number
of available MOOCs is constantly growing, it becomes more and more
difficult to select a course that would be affordable and matching the
individual's needs. One of the approaches to developing course rec-
ommendations consists in constructing a binary tree of courses based
on MOOC big data that allows identifying user preferences to find op-
timal solutions [Hou et al. 2016].

Development of big data mining algorithms in education has pro-
duced some tools for MOOC learning analytics. MOOCviz, a platform
for visualizing data from edX and analyzing log data from Coursera,
contains databases with information on students, including their ac-
tivity and feedback. MOOCviz designers employed cohort and statisti-
cal analysis and used various heuristics to identify cohorts of students
in MOOC courses based on resource use, country, etc. [Dernoncourt
et al. 2013]. Other examples of MOOC analytical tools include Perspec-
tivesX, a collaborative learning tool designed to support content and
learner curation using topic modelling and deep learning techniques,
and Messagelens, a visual analytics system to explore MOOC forum
discussions [Bakharia 2017; Wong, Zhang 2018].

No studies of math anxiety in MOOC learners based on sentiment
analysis of their reviews and comments can be found in the literature
on MOOC learning analytics. This paper seeks to develop a methodol-
ogy for detecting math anxiety based on analysis of math MOOC learn-
ers’' feedback using machine learning techniques.

Mathematics anxiety is a serious problem associated with frustrat-
ing math learning experiences. The growing feelings of tension, fail-
ure, and disappointment can translate into resentment, fear, anxiety,
chronic stress, and unwillingness to pursue careers requiring math
knowledge and skills in the future. Math anxiety is understood as a
specific emotional state of the student that triggers strong emotions
such as hate and disgust and contributes to avoidance of any math-re-
lated experiences [Ashcraft, Moore 2009]. It is a widespread prob-
lem, affecting even engineering college students if they have difficul-
ty learning the fundamental math concepts [Ma 1999]. Some scholars
even qualify mathematics anxiety as a clinical pathology that impairs
cognitive processes, contributes to social avoidance, and leads to neg-
ative emotional states even in well-performing students [Stella 2021].

There is empirical evidence of correlations between math anxiety
and low mathematics achievement [Ashcraft, Moore 2009; Ma 1999].
In addition, mathematics anxiety may be exacerbated during the tran-

135


http://vo.hse.ru

EDUCATION STATISTICS AND SOCIOLOGY

2.2. Text Mining for
Anxiety Detection

136

sition from elementary to secondary school or from secondary school
to vocational or higher education due to changes in the learning en-
vironment [Field et al. 2021].

Survey response scales have been developed to measure math
anxiety and discomfort experienced by math learners, e.g. the Ab-
breviated Math Anxiety Scale (AMAS) measuring anxiety in adoles-
cents and adults and its modified versions mAMAS and EES-AMAS that
measure math anxiety in children. The scales are based on evaluating
emotional reactions toward math-related tasks [Carey et al. 2017; Pri-
mi et al. 2020].

Math anxiety prevention methods are built around the promotion
of positive experiences, which is achieved by focusing the effort on
adaptation with the use of innovative augmented and virtual reality
teaching tools and a scaffolding system to support students in math
problem solving [Dyulicheva 2020].

Making allowance for the nature and sources of math anxiety is
particularly important when developing mathematics MOOCs, as they
imply no direct learner-instructor interactions. The prevalence of math
anxiety is indirectly captured in the titles of some MOOCs. Udemy,
for instance, offers a math course for beginners entitled Calculus for
Those Who Hate Calculus, and an intermediate-level course under the
title Stress-Free Statistics for College and IBDP/AP Students: Mini-Course 2.

Meanwhile, studies seeking to identify the right methods of MOOC
design and teaching to prevent math anxiety as a result of online in-
teractions have been extremely scarce. Diagnosis of math anxiety in
MOOCs also remains an open question, as online learners are reluc-
tant to participate in any additional questionnaires.

Sentiment analysis of textual data (comments, reviews, social media
profiles) has been successfully applied not only to measure the preva-
lence of negative sentiment in a community but also to diagnose de-
pressive states, anxiety, and other mental disorders.

Depressive states are detected based on social media entries, us-
ing CollGram text analysis and sentiment analysis based on the Bidi-
rectional Encoder Representations from Transformers (BERT) architec-
ture. CollGram profiles include such measures as mutual information
factor, t-score, and the number of idiosyncratic units describing painful
reactions to some triggers in social media entries [Wotk, Chlasta, Ho-
las 2021]. Anxiety triggered by the COVID-19 pandemic was assessed
through analysis of YouTube comments using various text vectoriza-
tion techniques (Term Frequency—Inverse Document Frequency (TF-
IDF), bag-of-words) and machine learning methods (Support Vector
Machines (SVM), Random Forest, boosting, etc.) [Saifullah, Fauziah, Ar-
ibowo 2021]. Social media comments were analyzed using the Trans-
former-based Robustly Optimized BERT Pre-Training Approach (RoBER-
Ta) model, LSTM neural networks, and BERT to classify five prominent
kinds of mental illnesses: depression, anxiety, bipolar disorder, Atten-
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tion Deficit Hyperactivity Disorder (ADHD), and Post Traumatic Stress
Disorder (PTSD) [Murarka, Radhakrishnan, Ravichandran 2020]. De-
tection of depression and anxiety was performed on a set of 4,500
tweets using SVM with various text vectorization techniques and the
BERT and ALBERT pre-trained language models [Owen, Camacho-Col-
lados, Espinosa-Anke 2020].

Taking cue from the findings available [Wolk, Chlasta, Holas 2021;
Murarka, Radhakrishnan, Ravichandran 2020; Stella 2021], we propose
a methodology to analyze math anxiety by detecting math MOOC re-
views with negative sentiment, clustering them, and visualizing the di-
agnosed states using a knowledge graph.

3.Datasetand Today, Coursera, Udemy, and EdX offer a variety of mathematics
Methods MOOCs with the most basic filtering options: by rating, price, video
duration, skill levels, subtitles, etc. Figure 1 displays the number of Eng-
lish-taught math MOOCs on these three platforms found when search-
ing for the keyword “math”. The largest number of math MOOCs for
beginners and the smallest number of advanced-level courses is of-

fered by Udemy.

For every skill level, we analyzed the MOOC titles and created word
clouds representing the most frequent words (see Table 1). Generation
of word clouds using the Python wordcloud library was preceded by
preprocessing of the course titles, which involved removal of punctu-
ation marks and stop words.

Two categories of English-taught beginner-level math courses on
Udemy were analyzed: 27 courses with the keywords “fundamental”,

“basic”, and “master” in the title, and 11 courses with the keywords
“mental” and “vedic” in the title. Next, course reviews were scraped for
both categories: 1,326 unique user reviews on the Fundamental/Ba-
sic Math Courses and 572 unique user reviews on the Mental/Vedic
Math Courses.

As seen in Table 1, which is based on word frequency analysis, be-
ginner-level math MOOCs on Udemy pay a lot of attention to the fun-
damentals of algebra, statistics, calculus, trigonometry, probability the-
ory, graph theory, mental mathematics, and mathematics for machine
learning. Coursera offers narrowly specialized math courses and cours-
es with a focus on programming languages, machine learning (deep
learning in particular), and data analysis. On EdX, beginner-level math
courses are designed more to introduce learners into machine learn-
ing and quantum and classical mechanics, intermediate-level MOOCs
teach fundamental mathematics (matrix algebra, linear algebra, dif-
ferential calculus, etc.), mechanics, and electronics, and advanced-lev-
el courses focus on quantum calculus and applied problem solving.

Figure 2 displays key stages in the analysis of Udemy math course
reviews and the detection of math anxiety based on negative feedback.

At the first stage, reviews are preprocessed by removing punctua-
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Figure 1. The distribution of math MOOCs by
skill levels, %.

Coursera 46 35
EdX 52 31 Beginner
. Intermediate
Udemi 62 323 M Advanced
Table 1. Word clouds describing math MOOCs at
different skill levels.
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Figure 2. Key stages in the analysis of math MOOC reviews.
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tion marks and stop words, converting all words to lowercase, and to-
kenizing them using Python Natural Language Toolkit (NLTK).

At the second stage, sentiment analysis of reviews is performed
with the help of the VADER algorithm. Sentiment is measured using the
lexicon and rule-based approach or machine learning methods. VAD-
ER analysis based on rules and lexicons yields four polarities: positive,
neutral, negative, and mixed. The advantage of applying the VADER
tool is that it does not require using a dataset to teach the algorithm,
and the disadvantage is that it overlooks words outside the sentiment
lexicon when calculating the sentiment scores. The overall sentiment
is described by the compound score, which is the normalized sum of
valence scores calculated based on a particular heuristic and a senti-
ment lexicon. Normalization of the sum of valence scores from -1 (ex-
tremely negative sentiment) to +1 (extremely positive sentiment) is
performed using the formula [Hutto, Gilbert 2014; Adarsh et al. 2019]:

X
compoundScore = NIETL

where a equals 15 by default, and x is the sum of all sentiment scores
for the phrase (review).

At the third stage, sentences with negative sentiment that con-
tain no keywords but describe the course and/or instructor are iden-
tified using custom vocabularies, which comprise the words “course”,
“lesson”, etc. and their synonyms, the words “instructor”, “tutor”, etc.
and their synonyms, as well as instructors’ names (e. g. “Krista King").

At the fourth stage, semantically related sentences describing
math anxiety are identified and grouped using BERT, k-means cluster-
ing, and principal component analysis (PCA).

Representation of reviews as dense vectors of floating point values
(embedding vectors) is performed using the pre-trained BERT model
based on a bidirectional encoder neural network with the Transformer
architecture [Devlin et al. 2019]. BERT demonstrates high accuracy and
productivity on small datasets. After building vector representations
of sentences with negative sentiment, the optimal number of clusters
is determined using the elbow method and k-means clustering is per-
formed according to the following procedure:

1. The optimal number of clusters k is used as the input data; k vec-
tor representations of math anxiety are randomly chosen as initial
cluster means (centroids).

2. Each vector representation of a sentence describing math anxie-
ty is assigned to the cluster with the least squared Euclidean dis-
tance, i.e. the one with the nearest mean.

3. According to the partitioning results, centroid coordinates are re-
calculated as the means of all vector representations assigned to
each cluster.

4. Steps 2 and 3 are repeated until the assignments no longer change.
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Figure 3. The initial distribution of sentiment (negative,
neutral, and positive) for reviews about the Fundamental/
Basic and Mental/Vedic Math MOOCs.

Num of reviews
118

483
69 48 %0 42 Sentimental based
,,,,,,,,,,,,,,,,,,,, on VADER compound
Negative Neutral Positive score

Combining BERT with k-means clustering allows identifying sets of sen-
tences (clusters) based on structural specifics of the language.

Step 5 consists in identifying parts of speech and expression-like
templates or patterns to capture relationships between different en-
tities and construct a knowledge graph describing attitudes and emo-
tional states extracted from the reviews.

Below, we present the results of sentiment analysis of 1,326 reviews
about the Fundamental/Basic Math Courses and 572 reviews about the
Mental/Vedic Math Courses.

As it follows from the histogram in Figure 3, reviews about math-
ematics MOOCs are mostly positive. Sentiment analysis is performed
using the VADER algorithm [Hutto, Gilbert 2014] and vaderSentiment
library in Python.

The challenging part of math MOOC review sentiment analysis is
that reviews with the overall positive or neutral sentiment sometimes
contain one or more sentences describing frustrating experiences re-
lated to mathematics learning. A typical example of such review is pre-
sented in Table 2. The first row shows the original review about a math
MOOC on Udemy, while the second row separates the fragment that
contains no words describing the course or instructor. The columns
display sentiment scores for the entire review (positive sentiment)
and the separated fragment (negative sentiment) calculated in VADER.

Henceforth, we zero in on the negative feedback. By extracting
sentences with negative sentiment that do not contain lexicon words
describing the course or the tutor from the original dataset, we obtain
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Table 2. An example of VADER sentiment analysis of a review about a math MOOC on Udemy.

awesome!

Review/Fragment Sentiment score
Positive : Neutral | Negative | Compound
[ always despised Math throughout school because the teachers never made 0.212 0.74 0.048 0.9913

it fun. I almost didn't graduate HS because of my failure to attend Math class
because I hated that much. After completing this course I definitely have a
good foundation on fundamentals so this was not just a great refresher but

[ actually had to relearn all the concepts. Krista is an amazing teacher and

I could only imagine how great she would be if she taught a live class. This
course is packed with notes and practice tests to utilize in your learning and if
you go through everything you will come out well equipped to learn the next
level of Mathematics. I am moving on to Algebra next and Linear Algebra by
Krista and who knows, if things go well I might go on to Calculus, Geome-

try and Probability & Stats. Krista has a really pleasant voice and she simplifies
these concepts so well that even a child can grasp it. Highly recommended, ‘
there's a reason why her courses has the best reviews. Thanks Krista, you're

it fun.

1 always despised Math throughout school because the teachers never made  : 0§ 0677 © 0323 © -0917

4.2. Clustering of
Negative MOOC
Reviews

http://vo.hse.ru

a dataset of 231 sentences with negative sentiment in the Fundamen-
tal/Basic category and 93 in the Mental/Vedic category.

Of all the sentences with negative sentiment, those with the keywords
“math”, “mathematic”, etc. are singled out on the basis of patterns, end-
ing up with 52 sentences in the Fundamental/Basic category and 10 in
the Mental/Vedic category. Clustering of these sentences is performed
through vector representations using the BERT model and the k-means
method. BERT produces dense vector representations of sentences de-

scribing math anxiety. The result is depicted in Figure 4.

The combination of BERT and k-means clustering allows identifying
clusters based on semantic similarity [Li et al. 2020]. The optimal num-
ber of clusters, required to apply the k-means algorithm, was deter-
mined using the elbow method and is equal to 5. Figure 5 shows the
distribution of sentences describing math anxiety by clusters based
on PCA and k-means clustering. Table 3 displays the clustering results.

Cluster 1 contains sentences that describe successful learning in
the course despite prior frustrating math learning experience, using
such words as “mental blocks” and “gaps in school knowledge”.

Cluster 2 includes descriptions of decreasing math anxiety, e.g.
those that refer to math as “less intimidating” and “less confused".

Cluster 3 consists of sentences expressing strong emotions about
math-related problems, e.g. “math has always been my biggest weak-
ness”, “math has always been my enemy”, “I always hated math with
a passion”.
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Figure 4. Sentence embedding in using BERT.
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MaTeMaTHKa CTala MEHee INyralomeid s MeHs',

'aTo eme Gonbmne ycyry6isieT MO0 TPEBOXHOCTH IO TOBOAY MAaTeMaTHKHA' ,

'MaTeMaTHKa HUKOIjla He ObLIa MOWM JIFOGMMBIM NpefMeToM' ,

'si m30eray WCIONB30BaTh MATEMAaTHKy B Marmcrparype',

ol

.7948846 -0.2880064 -0.35478127 ... .68020815 -0.03355978
.7341734 ]
.33664528 0.4001624 -0.4852074 ... .46567246 0.13488093
.43704456]
.17897569 -0.1904699 -0.07447997 ... .2082912 0.09511402
.33010995]

.105307 -0.04232654 -0.13710353 ... 0.63763756 —0.5516867

.7343703 ]

.83153987 0.4879239 -0.03810127 ... -0.6294967 -0.15833776
.2576165 ]

.2190384 -0.8249754 -0.5068008 ... 0.21856284 0.2639225

6180943 1]

['i have struggled with math my whole life’,

‘i always despised math throughout school because the teachers never made it fun’,
‘i am not good at math’,

‘math has always been my biggest weakness’,

‘got solid foundation from math which in my childhood/teen missed totally’,

‘math has become less intimidating now’,

‘makes anxiety around math even worse’,

‘math was never my favorite subject’,

‘i avoided using any maths in my masters,’

|

Sentences in Cluster 4 describe how learners gradually overcome
math learning problems as they are guided step by step into math-
ematics and acquire more and more skills within the course. For ex-
ample, they include phrases like “grow in my math skills”, “the teach-
er teaching the math problems helps me understand how to work the
problem”, “...it goes step by step and showing how the problem can
be worked out”.

Cluster 5 features sentences that describe regrets about prior bad
math learning experiences and missed opportunities, e.g. “It's a pity
that in my school days there wasn’t such a great teacher”, “...not being
proficient in math caused me to fail a test”, “I almost didn't graduate HS
because of my failure to attend Math class because I hated that much”.
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Figure 5. Distribution of sentences describing math anxiety by
clusters based on PCA, k-means clustering, and BERT
(Principal Component Analysis + k-means clustering)

RCA2

20 RCA T

Table 3. Results of clustering of sentences with negative sentiment based on
their semantic similarity.

; ; Mean com-
Cluster | Cluster : i pound senti-
No. i size i Random sentence example i Keywords i ment score
1 7 I found I learnt quite a few new tricks that Mental blocks, gaps, school -0.286
I wasn't taught in school
2 6 Math has become less intimidating now Less, intimidating, confused, strange -0.383
3 16 Math has always been my biggest weakness Weakness, enemy, phobia, hate -0.405
4 16 Each lesson challenged me and made me Challenge, skills, help, step by step, -0.326
grow in my math skills experience, negative, gradually
5 17 It's a pity that in my school days there Pity, wasn't, testing, school, negative -0.498
i wasn't such a great teacher

Keywords in every cluster are determined using word frequency analysis.

4.3. Constructing Knowledge graphs allow to visualize and structure relationships be-

aKnowledge tween entities as well as to describe their attributes. Nodes represent

Graph Based on  entities (documents, skills, job postings, tunes, etc.), and edges repre-
the Analysis of  sent relationships (the Jaccard distance, events, etc.).

Negative Math Knowledge graph and machine learning technologies are used in

MOOC Reviews  analysis of scientific publications [Chi et al. 2018]. Knowledge graphs

can also be applied for mapping skills and matching them to job post-

ings to facilitate labor market analysis [Groot de, Schutte, Graus 2021].

To explore math anxiety, we construct a knowledge graph based

on part-of-speech identification and entity recognition using SpaCy
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Figure 6. Knowledge graph constructed based on sentences with negative

sentiment.
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and NX Python libraries, respectively. For this purpose, we extract
from the sentences with negative sentiment the pronoun ‘I and the
words “math”, “school”, etc. as well as the pattern consisting of the
word “math” preceded or followed by a noun or pronoun that serve as
subjects and objects defining the graph nodes. Relationships between
the subject and the object are assigned to graph edges and labelled
with verbs preceded or followed by an adverb or an adjective (if any).

The knowledge graph constructed based on the set of sentences
with negative sentiment is shown in Figure 6. It allows visualizing the
entities and relationships between them and facilitates result interpre-
tation. In particular, it demonstrates negative emotions experienced
by math learners—such as math phobia, apprehension about math,
bad past experiences with math—and identifies their attitudes toward
mathematics, e.g. “has always been” “is boring”, etc.

Visualization of entities describing math anxiety and relation-
ships between them can be used by instructors, tutors, MOOC de-
signers, and psychologists to analyze the sources of mathematics anx-
iety, search for ways to eliminate them, and render timely support to
students.
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5. Conclusions
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