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The Bwrite Project

Academic Writing in the Baltic States: Rhetorical Structures through
culture(s) and languages

= Measure and map the writing traditions of Estonian, Latvian
and Lithuanian

m Develop a research method to determine which features of a
text are related to genre, discipline, culture and experience

m Provide empirical resulis that allow writers and instructors of
writing to better apply those text features for teaching and
writing

Website: https://www.bwrite.ut.ee/
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Introduction

Academic texts are expected to follow an organizational structure

IMRaD structure as a standard in some communities (English,
medicine, STEM, ...)

Introduction, Method, Results, and Discussion

Research article genre, often imposed by the journal

Lin & Evans 2012

“IMRD is not an especially prevalent pattern in contemporary RA
writing, so strict adherence to such a structure when conducting

move-based or linguistic analyses is likely to result in incomplete or
unrepresentative findings.”
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Sollaci, L. B., & Pereira, M. G. (2004). The introduction, methods, results,
and discussion (IMRAD) structure: a fifty-year survey. Journal of the
Medical Library Association : JMLA, 92(3), 364—-367.

Revealing Master’s theses structures using 3/23



Questions
— What do we observe in other, longer academic text genres, e.g. in
master’s theses? Can we detect IMRaD?
— What do we observe in languages other than English?
— What other structures the algorithm can detect?

— (What structures or patterns do non-expert writers follow?)
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Manual annotations

Our database: web-scraped academic texts (PDFs), all available
genres, disciplines, journals

Random selection of 467 theses in Lithuanian and Estonian

Based on TOC’s, manually annotated on a 4-way continuum:

= Not IMRaD (NI),

= Rather Not IMRaD (RNI),
= Rather IMRaD (RI),

= IMRaD (1)
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Overview of the method

PDFs to Page Object Detection Extraction
images with YOLOv5 of ToCs

|

Tesseract OCR
images to text

Clustering l

il SR \ Features selection:

o e ToCs as embeddings with Doc2Vec
Classification S e Concepts scores

IMRaD or NOT IMRaD computed with a Sequence Matcher

Figure: Revealing the structure of Masters theses: the method’s steps
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PDFs as images, why? P —

images with YOLOVS of ToCs.

m Avoid loss of visual information e
m Ease of extraction of relevant features B

e Fealures selection:
 ToCs 25 embarkings wih DoczVec
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I O L O [6] POFsto _ [CTYTISTrETN | Extraction
images with YOLOVS of ToCs

m Object detection algorithm S

= Images divided into a grid. Objects detected = wio \.mfrm.xi%m;.m
within each grid cell WD SENGTNGD ™ e e

m Draws bounding boxes around regions of interest AND attribute them
a label

m Used in our method: YOLOvV5

Training on our data

1 3 classes: ‘headers’, ‘ToCs’, ‘body’

= Training set: 1400 images, testing
set: 757 images

= Model: YOLOv5 small [6]

m Trained from scratch on GPU -
150 epochs

Revealing Master’s theses structures using 8/23



Results YOLOv5 R,

images with YOLOVS of ToCs.
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Extraction: bounding boxes s

=
= Extract of bounding boxes with CT NE—
coordinates from YOLOvV5 WD TR D T et e e
e Uusimmigrantidest kooloelate wmetalek cetiiocies stcains 2
e
Crop .
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Object Character Recognition -

Clustering

with fcmeans [~— |

Classification
IMRaD o NOT IMRaD

m Transforms text embedded on images to strings

From OCR output to Pre-processed text data
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Feature selection W e e

m ToCs — vectors of numerical values with —
Doc2Vec. 2 ears s

m Sequence Matcher [8]: compares and e
identifies similarities in given pairs of input strings.

= IMRaD concepts — concept scores.

IMRaD concepts IMRaD words in Baltic languages
Introduction ‘sissejuhatus’, ‘ivada’, ‘izanga’
‘valdkonna ulevaade’, ‘kirjanduse ulevaade’,
Literature ‘teoreetiline ulevaade’, ‘teoreetiline taust’,
review ‘teoreetiline raamistik’, ‘literaturos apzvalga’
‘metoodika’, ‘meetod’, ‘metodar’, ‘metodologija’,
Methods ‘metodika’, ‘metodine’, ‘metodas’
‘tulemused’, ‘uurimistulemused’,
Results ‘rezultatai’, ‘duomenu analize ir rezultatu apzvalga’
‘arutelu’, ‘diskussioon’, ‘jareldused’,
Discussion ‘aptarimas’, ‘isvados’

Revealing Master’s theses structures using 12/23



Clustering T ml

Tesseract OCR
images 1o text

Clsterng |

with K-means ———— | Fealures selection:
« ToCs as ambedlings wih
— Concopis

Doczvec

Classification scores.
IMRaD or NOT IMRaD computed with a Sequenco Maicher

K-means clustering [4]

B Unsupervised method which groups similar data instances together
m Measures features selection’s relevance
= 467 documents organized in four classes:

= 98 IMRaD files

= 171 Not IMRaD files

= 105 Rather IMRaD files

m 93 Rather Not IMRaD files

m Tested with k =4 and k =2
= Score embeddings, Text embeddings, Text and score embeddings
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Clustering results mr R
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Clustering results me M-l:c.

Histogram representation of distribution of =
classes across clusters. T
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Clustering results R ET

2D cluster representation mfﬁ
k=2 5 O -

Test embedding with true labels
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Clustering results

Histogram representation of distribution of
classes across clusters.
k=2

P(Labels | Clusters) on Test data
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Classification e o G

Clustering

s (s e

i

Def IMRaD Def Not IMRaD
Def IMRaD | Rather IMRaD | Rather Not IMRaD | Def Not IMRaD
Def IMRaD | Rather IMRaD + Rather Not IMRaD | Def Not IMRaD
Def IMRaD + Rather IMRaD | Def Not IMRaD + Rather Not IMRaD
Def IMRaD 4 Rather IMRaD + Rather Not IMRaD | Def Not IMRaD

Model selection

1 6 different models
m Variation in hyperparameters — total model tested: 32
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Results classification B g m]

Tesseract OCR
images to text
Clustering l
with K-means “———— [ Fealures selection:
© ToCs as embeddings with Doc2Vec.
ification D — * Concepls.
IMRaD or NOT IMRaD) computed with a Sequence Malcher

m Mean macro f1 score: 90%
m Standard deviation: 0.02




Discussion

= Pros and cons of object detection methods:

m Usable with PDF documents without losing important graphical
information and helps reduce the amount of data needing to be
processed

m Identification of headers in text remains challenging

m The possibility of detecting the organizational structure of a
document independently of its language
m IMRaD
m Not binary to a human annotator,

m Rather IMRaD and Rather Not IMRaD documents not different
enough from IMRaD files to a machine learning algorithm
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