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Abstract

Automated assessment of text di�culty has been recognized as one method for assist-
ing language teachers, textbook publishers, curriculum specialists, test developers, and
researchers to make more informed decisions when selecting texts for use in instruc-
tion and assessment. While there is a substantial body of work on written and spoken
texts, research on videotext di�culty is very scarce. Through a series of studies, the aim
of this research program was twofold: to investigate what makes a videotext di�cult
for language learners and to develop automated measures to help predict di�culty in
videotexts. Constructed to be used in this thesis, the Second Language Video Complexity
(SLVC) corpus contains 320 academic lectures and 320 government advertisements which
were annotated by 322 intermediate language learners.

In Study 1, the relative contribution of verbal complexity to videotext di�culty was ex-
amined. The results demonstrated that videotext di�culty was predicted by variation in
pitch, lexical frequency and sophistication, and syntactic complexity. Study 2 sought to
investigate the impact of visual complexity on learners’ perception of videotext di�culty.
To this end, innovative computational measures to gauge visual complexity in videotexts
were developed and integrated into the Automated Video Analysis (AUVANA) software.
The �ndings of the study suggested that visual complexity contributes to videotext dif-
�culty and their impact is on a par with that of verbal complexity. Moreover, the result
of principal component analysis demonstrated that visual complexity is more likely a
multifaceted and multidimensional construct, rather than a unitary construct.

While Study 1 and Study 2 looked at verbal and visual complexity independently, Study
3 focused on the integration of multimodal complexity features into ensemble machine
learning models. The �ndings showed that ensemble multimodal models outperformed
unimodal models in predicting di�culty in both video genres. Finally, Study 4 sought
to develop an unsupervised approach for forecasting video segment di�culty in real-
time. Through leveraging more advanced and sophisticated AI algorithms, several neural
network models were trained to forecast di�culty in a corpus of 34,363 video segments.
Quantitative and qualitative analyses showed that the trained model performed very well
in forecasting di�culty in unseen video segments.

Taken together, this thesis makes clear contributions to the investigation of videotext
di�culty assessment. In short, the �ndings of this thesis revealed the usefulness of au-
tomated measures for assessing and predicting videotext di�culty. Also, introduced and
developed in this thesis new measures of videotext complexity and computational tools
for analyzing, computing, and visualizing complexity in videotexts which may help re-
searchers to perform �ne-grain analysis of videotext complexity.
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Chapter 1

Introduction

What makes a video di�cult for language learners is an enigma. One may contend that
since language learners are in the process of learning a new language, many of the di�cul-
ties they encounter while watching digital videos ought to be language-related. Although
there is undoubtedly some truth to this, video is fundamentally a dynamic, multimodally
rich type of text. In ways that are far from being straightforward, language blends in
and interweaves with other expressive modalities, inter alia, music, sounds, gestures, fa-
cial expressions, scienti�c symbols, and visual imagery to enhance, extend or contradict
meanings; while also possible these modalities convey meanings by themselves, with no
help of language (Kress, 2010; Van Leeuwen, 2004). When watching a video, language
learners not only need to cope with di�culties in language but also process and keep
track of other modalities, establish references to and associations between them, and �-
nally integrate their meanings onto a single coherent mental representation (Paivio, 2007).
An intriguing question then arises; how important are these di�erent modalities for lan-
guage learners’ understanding of videos and what modalities or an ensemble of modalities
boost or hinder their understanding.

Within the conceptualization of language learning as a semiotic learning process and
for which second language (L2) learners need to draw upon a wide range of semiotic
resources for producing and comprehending texts (Douglas Fir Group, 2016), watching
videos is conceivably a great exercise for language learners to be exposed to socially and
multimodally rich semiotic resources. Learning language through watching videos, as op-
posed to listening to audio texts, resembles everyday listening contexts (Rubin, 1995) and
thus is more ecologically valid (Guichon & McLornan, 2008). However, for multimodal
language learning to take place, video di�culty needs to be at the right level; not too
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challenging to halt language learning or too easy to disengage and demotivate learners
(R. Bjork, 1994; Vygotsky, 1978). Taking this alongside the fact that videos have become
commonplace in language education (Cross, 2018) and yet there exists no scienti�c and
reliable measures for assessing their di�culty, the primary goal of this thesis is to �rst
investigate what makes a video di�cult for language learners, and secondly to develop
automated computational models and tools for video di�culty assessment.

Before delving into further discussion of video di�culty, it is helpful to describe what a
video is. If we begin to think about how we might want to describe and study videos,
it becomes apparent that we can only say limited things about them as media in and of
themselves. A dictionary de�nition of video describes it as “a digital recording of an image
or set of images (such as a movie or animation)” (Merriam-Webster, 2021a). A more help-
ful view of video conceives it as a text—or a videotext (Joiner, 1990). Much like written
and spoken texts, videotexts are designed to ful�ll a communicative function. A pro-
fessionally crafted videotext, for example, is meticulously planned, shotted, and edited.
Gruba (2004) remarked that by speci�cally focusing on textual features or elements of
videotexts, applied linguists can examine how a videotext generates meaning, engages or
disengages a language learner.

In the rest of this introductory chapter, I discuss text di�culty assessment. Then, I moti-
vate the need for investigating videotext di�culty and complexity for use in contempo-
rary listening assessment, teaching, and research. Following that, I introduce the analyt-
ical approach I have chosen for investigating and predicting videotext di�culty. Finally,
the chapter concludes with an outline of the remaining chapters.

1.1 Text Di�culty Assessment

Text di�culty assessment concerns how to accurately assess and predict di�culty in texts
as perceived by an individual or a group of individuals. While documented concerns
about comprehensibility can be traced back to the classical rhetoric of Plato and Aristotle
(Lorge, 1944), a more systematic, scienti�c approach to the study of text readability only
started in the early 1920s. Beginning in earnest with the work of Lively and Pressey
(1923), the impetus behind the �rst readability formula was genuinely practical: how
to select appropriate texts for readers with di�erent reading abilities. Over the years,
readability researchers have devised numerous metrics or formulas for estimating reading
di�culty. While traditional readability formulas generally rely on super�cial features of
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texts, such as sentence length and word count, contemporary approaches to text di�culty
assessment utilize more sophisticated indices to tap into multiple dimensions of text.

In this thesis, I investigate complexity in videotexts—an understudied type of texts—and
develop computational models and tools for predicting videotext di�culty. In the follow-
ing section, I highlight why we need to understand videotext di�culty and how measures
of videotext di�culty may contribute to the development of L2 teaching, theory, and re-
search.

1.2 Motivations for this Thesis

A key motivation for developing automated videotext di�culty measures is their use in
selecting videotexts for language learning, assessment, and research, akin to those already
developed for written and spoken texts. While the use of videotexts, e.g., DVDs, podcasts,
�lms, and documentaries, has an extensive history in language teaching and learning (see,
e.g., Rubin, 1995; Vanderplank, 2010), it is the recent advancement of video technologies
that makes watching videos a principal means for language learning in and out of the
classroom (Cross, 2018). Broth, Laurier, and Mondada (2014) noted that “video has come
to a point of ubiquity and commonplaceness in the more a�uent regions of the world, a
reminiscent of the spread of paper and pens”. Indeed, on YouTube alone, over one billion
hours of materials are watched per day across more than 100 countries in 80 di�erent
languages (YouTube in numbers, 2021).

Early proponents of the use of videotexts in language teaching saw an opportunity to ex-
pose learners to an authentic language situation, one that resembles real-life (Guichon &
McLornan, 2008). They asserted that learners not only learn grammatical structures and
new vocabulary, but also some sociocultural norms and values of the target language.
However, for optimal videotext learning, a healthy balance between videotext di�culty
and the learner’s ability should be maintained. When a learner is presented with a video-
text that exceeds his or her own current ability, learning is more likely to halt (e.g., Vy-
gotsky’s (1978) learning theory). An automated system of videotext di�culty can help in
selecting videotext for use in language teaching and learning. Other potential applica-
tions for automated videotext complexity analysis are in computer-assisted language ap-
plications, intelligent tutoring systems, search engines and web applications. Automated
videotext complexity analysis may also have potential in modifying original videotext to



Introduction 4

make it more accessible for a speci�c target audience, e.g., language learners and people
with disability.

Of equal importance is the use of automated videotext analysis for second language video
research. In the last two decades, videotext has received growing attention, as attested in
several Special Issues (e.g., Perez & Rodgers, 2019; Peters & Muñoz, 2020), and numerous
research studies (see Chapter 3 for a scoping review). Extant research on L2 videotext has
mainly concentrated on the use of videotext, but little research has been done on videotext
itself. I found this slightly odd because videotext di�culty impacts learners’ understand-
ing of videotext and interferes with whatever learners do with it. Accordingly, I believe
that not controlling for videotext di�culty in L2 research, regardless of the objective of
the study and language pro�ciency of the participants, may lead to con�icting results, or
even worse, false conclusions. A computational measure of videotext di�culty can there-
fore assist researchers in choosing the most appropriate video materials for their study
and make results across other di�erent studies comparable.

Lastly, and perhaps most importantly, investigating what makes videotext di�cult for
language learners might lead to new insights and discoveries that can help L2 researchers
to discover how language learners process, understand, and learn from dynamic audiovi-
sual texts. This eventually puts us on the path of developing a well grounded conceptual
understanding of videotext di�culty for L2 learning, which can then be used to inform
pedagogical interventions.

1.3 Research Approach and Scope

The value of understanding videotext di�culty is hardly controversial, although just how
videotext di�culty is to be theoretically conceptualized and empirically investigated is
less clear. While comprehension research has primarily focused on printed texts (Mc-
namara & Magliano, 2009), theoretical work on sequential visual narrative (e.g., �lms
and comics) is still in its nascent stages (e.g., Aryadoust, 2019; Cohn, 2013, 2016b, 2020;
Kendeou et al., 2019; Loschky, Hutson, Smith, Smith, & Magliano, 2018; Loschky, Lar-
son, Smith, & Magliano, 2020; Schnotz, 2013). Therefore, in this thesis, I have taken an
evidence-based approach for modeling videotext di�culty. In order to say a videotext
feature contributes to videotext di�culty, there must be some empirical evidence sup-
porting that claim. Videotext has been the subject of research across various disciplines,
and many claims have been made. In examining empirical evidence, the origin of the
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research discipline and the theory supported bear less importance. What matters is the
variability of evidence supporting a particular claim. However, a claim that is not based on
any theoretical ground is merely idle speculation. Therefore, resorting to and integrating
views from well-established theories in areas such as listening, discourse comprehension,
visual perception, and attention is necessary to help see the bigger picture.

Building upon theoretically driven complexity features and through leveraging recent
advances in the �eld of machine learning and Arti�cial Intelligence (AI), this thesis seeks
to develop computational models of videotext di�culty assessment in L2. Particularly,
videotext complexity assessment is perceived as a supervised machine learning task. To
this end, the Second Language Videotext Complexity (SLVC) corpus was constructed.
The SLVC is the �rst annotated videotext corpus for use in videotext complexity and
di�culty research. The corpus contains 320 academic lectures (AL) and 320 government
advertisements (GA), which were all rated for their di�culty by 322 intermediate English
as a Foreign Language (EFL) language learners in a Saudi university.

Necessarily, the scope of this project must be constrained in several ways. The �rst con-
straint is in the selection of videotext genres. Two videotext genres, academic lectures
and government advertisements, were the only genres investigated in this thesis. The
second constraint was in the selection of participants for the study. Only male Saudi stu-
dents were recruited. The choice of this sample was �rst due to convenience, and second
for ecological reasons. I am more familiar with language learning and teaching in the
Saudi higher education system than any other context. Admittedly, the sample would
be more representative if female learners were included, but due to the policy of gender
segregation in the Saudi education system, it was di�cult to recruit female learners. The
second reason for limiting the sample to only Saudi college students is that measures of
text di�culty should be developed for and validated by a speci�c target of learners, so
that the in�uence of factors such as sociocultural di�erences are eliminated. And once
developed, text di�culty measures should be used for the same population. As such, the
outcomes of this project may not generalize well to other contexts and populations of
language learners. The third constraint of the thesis is the mere focus on videotext com-
plexity features that can be automatically extracted and computed, and less attention was
paid to high-level qualitative aspects of videotexts such as levels of meaning, structure,
and cohesion.

These limitations notwithstanding, this thesis make clear contributions to the �elds of
automated text di�culty assessment and applied linguistics. This research program was
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the �rst investigation into the impact of videotext complexity on the perception of video-
text di�culty. The �ndings of this thesis provide invaluable insights on how di�erent
dimensions of videotext complexity contribute to videotext di�culty and in turn to the
degradation of L2 videotext comprehension. In particular, the results demonstrated that
both verbal and visual complexities contribute to L2 learners’ perception of videotext dif-
�culty. This �nding highlights the important role of visual complexity in L2 videotext
understanding. Also introduced in this thesis a large annotated corpus of videotexts, new
measures and automated software for assessing di�culty in videotexts.

As an applied linguist, I envision the transformation of L2 video research, if not revolu-
tionized, through the development of intelligent tools to complement video research and
instruction with computerized a�ordances that are otherwise unavailable or extremely
time and labor-intensive. This thesis illustrates my vision.

1.4 Outline of the Thesis

Following this introductory chapter, Chapter 2 reviews previous work on the computa-
tional assessment of text di�culty. The chapter is composed of two major sections. The
�rst section provides an overview of text readability research and provides a taxonomy
of computational measures of text readability. It also reviews the relatively small, yet
growing body of research on written and spoken text di�culty assessment in second
language. The second section discusses key shortcomings of automated tools for text
di�culty assessment and provides six principles for improving and generating a more
reliable assessment of text di�culty.

In Chapter 3, I turn to videotext di�culty. In the �rst part of the chapter, I review promi-
nent as well as recent theoretical frameworks of visual narrative understanding, and
then introduce a preliminary conceptual framework for understanding videotext di�-
culty within the context of independent video-based language learning. Following that,
I venture into collecting and synthesizing empirical evidence of verbal and visual com-
plexity from diverse �elds of research.

Chapter 4 describes and discusses key concepts in machine learning that are relevant for
developing automated videotext di�culty models. The chapter also outlines the machine
learning pipeline implemented in this thesis to develop computational models of videotext
di�culty.
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In Chapter 5, I describe the process of constructing and annotating the Second Language
Videotext Complexity (SLVC) corpus. To the best of my knowledge, the SLVC corpus
is the �rst specialized video corpus for investigating and modeling videotext complexity
and di�culty in a second language. The corpus is composed of 320 academic lectures
and 320 government advertisement clips. The videotexts were rated for their di�culty by
322 EFL learners, who were all at the B1-level as determined by the Cambridge English
pro�ciency placement test. This chapter also reports the results of validity and reliability
analyses on the participants’ ratings, followed by a preliminary analysis of the partici-
pants’ judgement of videotext di�culty.

Chapter 6 reports the �rst study of this thesis, which investigates the relationship be-
tween a wide range of verbal complexity features and videotext di�culty. The chapter
�rst describes how the verbal complexity features were extracted and computed. Next, it
reports the �ndings of regression models, aimed at explaining and predicting videotext
di�culty using verbal complexity features. Study 1 also investigated the impact of video
genre on the predictive accuracy of videotext di�culty assessment models.

In Study 2 reported in Chapter 7, I investigate the contribution of visual complexity to
videotext di�culty. Unlike verbal complexity, little work has investigated the role of vi-
sual complexity on language learners’ perception of videotext di�culty. To �ll this gap, I
propose new measures of visual complexity. The proposed measures were subject to fac-
tor analysis (using Principle Component Analysis) to examine if the features characterize
some latent structures. The chapter also introduces the Automated Video Complexity
Analysis (AUVANA), an open-sourced software I have developed to extract, compute,
and visualize visual complexity.

Chapter 8 reports on Study 3, which investigates whether combining verbal and visual
complexity features improves the prediction of videotext di�culty. Using di�erent con-
�gurations of machine learning algorithms and multimodal complexity features, I devel-
oped several ensemble learning models that utilize techniques such as averaging, stack-
ing, boosting, and bagging.

Motivated by the prospect of developing intelligent computer assisted language learning
systems, I propose an approach that leverages deep learning for developing a real-time
video di�culty forecasting system in Chapter 9. The approach allows for forecasting di�-
culty of short video segments (5 seconds) and hence o�ers new possibilities in developing
adaptive language learning and assessment systems.
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Finally, in Chapter 10 I summarize the key �ndings of the four studies included in this the-
sis. I also outline the overall contributions and limitations of the thesis. Finally, I end this
thesis with an agenda for future research in automated videotext di�culty assessment.



Chapter 2

Computational Assessment of Text
Di�culty

In Chapter 1, I contextualized the research and outlined its aim and scope. In this chap-
ter, I review traditional and contemporary computational approaches for text readability
assessment. I do so because the �eld of readability has a rich and extensive history and
methods of readability assessment can principally be adapted to the analysis of any type
of text, including videotexts. Then, I review recent research on the use of text complexity
analysis for gauging di�culty in L2 written and spoken texts. In the second half of the
chapter, I discuss key major issues and concerns in text di�culty assessment research,
and I propose six principles for a more accurate and reliable assessment of text di�culty.

2.1 Text Readability: An Overview

In essence, text readability refers to the ease with which a text can be read and understood
(Dale & Chall, 1949). With a primary focus on text complexity, readability researchers
have come to discover, through observation or experimentation, some characteristics of
text make reading more di�cult. These elements are manifold and may include, for ex-
ample, semantic di�culty, complex syntactic structures, but also the lack of support-
ing graphics and illustration, and myriad issues concerning text legibility and typogra-
phy, e.g., font type, line height, color, character spacing, and text formatting. A broader
and more inclusive conceptualization of readability may include the role of readers and

9
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activity—that is, besides text complexity, readability is also a function of the reader’s re-
sources and the type of task they are performing with the text (NGACB & CCSSO, 2010).
In this triadic interaction, readers indubitably play a vital role and their comprehension
skills, motivation, interests, and educational and social backgrounds, do all contribute
to the ease or di�culty of texts. Moreover, what type of activity and how cognitively
demanding it is for a reader would also weigh on the perception of text di�culty. That
being said, however, automated text readability or di�culty assessment tools focus more
on textual factors and less on reader and task factors.

With the advent of increasingly more sophisticated NLP methods along with advances in
our understanding of the various cognitive processes underpinning text comprehension,
the �eld of automated text di�culty assessment has made remarkable progress in the
last two decades. Contemporary approaches to readability assessment typically involve
hundreds of complexity features that tap into di�erent dimensions of text comprehen-
sion (Collins-Thompson, 2014). The �eld has also bene�ted from the contributions of
researchers working in diverse �elds, including education, linguistics, cognitive science,
discourse processing, computer science, and psychology, who all made strides in devising
new methods for estimating and predicting the di�culty of texts for use in di�erent set-
tings (Benjamin, 2012). Reviews of early traditional readability formulas are to be found
in Chall (1958) and Zakaluk and Samuels (1988), whereas more recent reviews are to be
found in Mesmer (2008), Benjamin (2012), and Collins-Thompson (2014).

Taking a computational linguistics perspective, Collins-Thompson (2014) surveyed com-
putational text readability assessment, focusing largely on algorithms used in the develop-
ment of computational tools. The survey highlighted the transition from general-purpose
readability formulas developed on a small corpus of texts to machine learning-based sys-
tems trained on large corpora and rich text features that capture multiple dimensions
of text complexity. Benjamin (2012) classi�ed methods of text di�culty assessment into
three types: traditional methods (or readability formulas), cognitively inspired measures,
and methods based on the use of statistical language modeling. However, since the pub-
lication of the above surveys, the �eld has evolved. In the last two years, a new approach
based on deep learning seems to be gaining currency (e.g., Deutsch, Jasbi, & Shieber, 2020;
Filighera, Steuer, & Rensing, 2019; Martinc, Pollak, & Robnik-Šikonja, 2019; Nadeem &
Ostendorf, 2018).

In the following section, I provide a comprehensive, yet concise, overview of classical and
contemporary approaches to text di�culty assessment and outline their key capabilities
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and shortcomings. These approaches are categorized into four groups: readability formu-
las, cognitively inspired approaches, machine learning approaches, and deep learning ap-
proaches. There are some similarities as well as di�erences among these approaches con-
cerning two key factors: types of complexity features (hand-crafted features or learned
representations) and type of algorithms (simple, advanced, or neural networks). This re-
lationship is depicted in Figure 2.1

Figure 2.1: The Relationship between Complexity Features, Algorithms and Di�culty
Assessment Approaches

2.1.1 Text Di�culty Assessment Approaches

2.1.1.1 Traditional Readability Formulas

Very simply, readability formulas are regression equations in which the dependent vari-
able (what we know and want to predict) is some kind of score re�ecting text di�culty
for a speci�c population of readers and the independent or predictor variables are two
or more measurable aspects of texts, such as the number of syllables per word and the
number of words per sentence (Benjamin, 2012). Once a readability formula is developed,
it can be used to predict the reading di�culty of other texts. Though there were some
earlier attempts to statistically analyze literature texts (Sherman, 1893), the development
of the �rst readability formula is often credited to Lively and Pressey (Lively & Pressey,
1923). Using Thorndike’s vocabulary list of the most common 10,000 words (Thorndike,
1921), Lively and Pressey developed a readability formula to estimate the ‘vocabulary bur-
den’ in technical textbooks. At that time, vocabulary knowledge was closely associated
with the ability to read complex texts and believed to re�ect one’s verbal intelligence.
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Later in 1928, Vogel and Washburne published a landmark work in readability study
which had a signi�cant impact on the later development of readability formulas. Un-
like Thorndike (1921) and Lively and Pressey (1923), in developing their formula Vogel
and Washburne (1928) did not only consider vocabulary di�culty but also various other
factors related to sentence structure, parts of speech, paragraph construction, general
structure, and physical makeup of the book. They also were the �rst to use a criterion
based on an independent evaluation of text di�culty, children reading scores. Their work
encouraged other readability researchers to go beyond vocabulary di�culty as a sole pre-
dictor of text readability to include various aspects of text variability.

Beginning in the 1930s, some readability scholars began to focus on adult readers with
limited education (e.g., Dale & Tyler, 1934; Ojemann, 1933; Waples & Tyler, 1931). This
shift towards adult readers, who were then considered either literate or illiterate, was par-
tially stimulated by the USA government policy to enormously support adult education
during the Great Depression (DuBay, 2004). Literacy scholars were interested in under-
standing why adults readers, especially those with limited schooling, were unable to �nd
materials that meet their interest and reading ability (Dale & Tyler, 1934; Waples & Tyler,
1931). Early surveys of adult reading literacy suggested that the average adult reader
in the United States had a limited reading ability. In a comprehensive two-year study,
Waples and Tyler (1931) interviewed a group of adult readers and asked them about their
interest in books, what they read or do not read, and why. Waples and Tyler (1931) found
out that although many adult readers had a keen interest in reading and expanding their
knowledge, the books they are interested in were beyond their reading ability. Bailin
and Grafstein (2016) noted that Waples and Tyler’s study was important because it em-
phasized �nding appropriate reading materials for adults with varying levels of reading
ability, akin to what readability formulas had done for children.

The 1940s witnessed the publication of more readability formulas tailored for adult read-
ers; most notable works were those by Flesch (1943, 1948, 1949) and Dale and Chall (1948,
1949). Rudolf Flesch developed his �rst readability formula in his 1943 Ph.D. disserta-
tion which was a response to what Flesch believed key limitations in earlier readability
formulas for adult readers. Following his Ph.D. work, Flesch led a successful career in
readability consultation and authored several readability guidelines including his 1946
book, The Art of Plain Talk, and his 1949 book, The Art of Readable Writing. Flesch was
keenly interested in making his formulas accessible to a wide audience. To simplify his
formulas, Flesch did not use a reference vocabulary list but rely instead on a�xes count
as a proxy of word di�culty. The simplicity of his formula made readability formulas
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very popular among many textbook publishers and news agencies who were interested
in increasing their readership (DuBay, 2004).

Dale and Chall (1948) believed vocabulary di�culty is an important predictor of text read-
ability and developed a formula that puts an emphasis again on vocabulary knowledge.
Unsatis�ed with previous vocabulary lists, Dale and Chall (1948) created their own list
which consisted of 3000 easy words. The formula incorporates vocabulary di�culty and
sentence length as only two indices of reading di�cultly. Several later studies provided
empirical support for the formula and since then the two factors—word di�culty and
sentence complexity—were central components in readability formulas developed in the
next three decades (DuBay, 2004). With reading research supporting their use in selecting
reading materials, the development of readability formulas gained momentum and by the
1980s there were more than 200 readability formulas and thousands of research around
their validity and applications (DuBay, 2004).

Traditional readability formulas as well as their modern successors are similar in their
approach to computing text readability. To estimate text readability, traditional formulas
rely on calculating units, such as the number of syllables per word for a word’s semantic
di�culty and the length of sentence for syntactic di�culty (Collins-Thompson, 2014).
Texts that contain longer sentences and unfamiliar vocabulary would be considered more
di�cult or less readable than texts that contain shorter sentences and familiar words
(Benjamin, 2012). For instance, the Gunning Fog index (GFI: Gunning, 1952) estimates
the years of formal education a person needs to understand the text on the �rst reading.
It is calculated with the following equation:

��� = 0.4( C>C0;,>A3B

C>C0;(4=C4=24B
+ 100( ;>=6,>A3B

C>C0;(4=C4=24B
), (2.1)

where longWords are words longer than 7 characters. Higher values of the index indicate
lower readability.

The Flesch-Kincaid Grade Level (FKGL: Kincaid, Fishburne Jr, Rogers, & Chissom, 1975)
computes readability using the following regression equation:

� �! = 0.39( C>C0;,>A3B

C>C0;(4=C4=24B
) + 11.8( C>C0;(~;;01;4B

C>C0;,>A3B
) − 15.59 (2.2)
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Flesch Reading Ease (FRE: Kincaid et al., 1975) assigns higher values to more readable
texts and lower values to more di�cult texts. It is calculated in the following way:

�'� = 206.835 − 1.015( C>C0;,>A3B

C>C0;(4=C4=24B
) − 84.6( C>C0;(~;;01;4B

C>C0;,>A3B
) (2.3)

More modern readability formulas also rely on some indices of semantic di�culty and
syntactic complexity to estimate readability in texts (e.g., Chall & Dale, 1995; J. A. Stenner,
1996). For example, the Revised Dale-Chall formula was reformed to include Dale’s list
of 3000 unfamiliar words to 80% of American fourth-graders (Chall & Dale, 1995).

Since their early days, readability formulas have been under attack but it was in the 1980s
the level of criticism reached its climax. In conjunction with the cognitive turn in psychol-
ogy in the 1980s (Gardner, 1987), researchers shifted their attention away from predicting
text di�culty to focus on text readers themselves; how readers of di�erent cognitive abil-
ities can read texts of varying levels of di�culties. This new era, as noted by Hiebert and
Pearson (2014), was not a comfortable context for traditional readability formulas and
their narrowed focus on surface-level features as sole predictors of discourse comprehen-
sion.

The validity of these formulas is commonly established by correlating readers’ perfor-
mance on a reading comprehension test with the readability score computed by the for-
mula (Cunningham & Mesmer, 2014). However, the use of a comprehension test as an
independent measure or indicator of text di�culty is problematic since it is hard to know
whether text complexity is due to di�culty in the text or the task employed (Bailin &
Grafstein, 2016). As an alternative method, the “cloze procedure” (W. L. Taylor, 1953) is
often used. The cloze test involves deleting parts of texts at random and asking readers to
�ll in the missing words. The readability of a text is assessed by the extent to which read-
ers can provide the deleted words. Readers need to identify patterns within the test using
their background knowledge of the content to guess the missed words. Cloze tests do not
assume that text di�culty is due to complex words and long sentences but rather leave
open the possibility that the reader may know common polysyllabic words, while at the
same time he or she may not be familiar with uncommon monosyllabic words (Bailin &
Grafstein, 2016). However, the use of the cloze test is controversial (Cunningham & Mes-
mer, 2014). For instance, Shanahan, Kamil, and Tobin (1982) have questioned whether it
is a valid test of comprehension beyond the sentence level.
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Notwithstanding the criterion variable on which they were developed and validated, tra-
ditional formulas have been criticized for their simplistic and shallow approach which
ignores key textual proprieties of text known to impact deep-level processing of text,
such as cohesion, syntactic ambiguity, rhetorical organization, and propositional density
(see, e.g., Crossley, Skalicky, Dascalu, McNamara, & Kyle, 2017; Davison & Kantor, 1982).
Sawyer (1991) argued that the early readability formulas were “misleading and overly
simplistic” (p. 309). Similarly, Coupland (as cited in Klare, 1984) noted that “the simplic-
ity of . . . readability formulas . . . does not seem compatible with the extreme complexity
of what is being assessed” (p. 15). Despite they have been on the receiving end of much
criticism, readability formulas are still in use for determining text readability, mainly due
to their ease of use and intuitive interpretation.

Nelson, Perfetti, Liben, and Liben (2012) assessed the capabilities of seven text di�culty
metrics, including Coh-Metrix (Graesser, McNamara, Louwerse, & Cai, 2004), Lexile A. J. Sten-
ner, Horabin, Smith, and Smith (1988), and SourceRater (Sheehan, Kostin, & Futagi, 2010),
in providing more accurate prediction of di�culty in external, independent graded texts.
While many of these tools rely on some variant of measures of word di�culty (length,
frequency) and sentence complexity, other tools use indices related to text cohesion, e.g.,
Coh-Metrix. The results indicated that text di�culty tools “that included the broader
range of linguistic and text measures produced higher correlations than the measures
that [relied exclusively on] word di�culty and sentence length measures” (Nelson et al.,
2012, p. 4). Nelson et al. (2012) also found that the seven text di�culty metrics performed
di�erently on informational texts and narrative texts, perhaps due to the impact of text
genre on text di�culty estimation.

2.1.1.2 Cognitively Inspired Methods

As text readability researchers began to know more about the processes involved in text
comprehension, it has become evident that shallow textual features are no longer ade-
quate to explain an intricate cognitive phenomenon as comprehension (Crossley, Skalicky,
& Dascalu, 2019). Accordingly, new alternative approaches have been developed in ac-
cordance with cognitive theories of text comprehension that explain how human store
and retrieve information in long-term memory, such as schema (e.g., R. C. Anderson &
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Pichert, 1978), prototype (Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976), connec-
tionist (McClelland & Rumelhart, 1981; Rumelhart & McClelland, 1982) theories. Cogni-
tively inspired software of text complexity, e.g., Coh-Metrix (Graesser et al., 2004; Mc-
Namara, Graesser, McCarthy, & Cai, 2014) and WordNet (Miller, 1998; Miller, Beckwith,
Fellbaum, Gross, & Miller, 1990), go beyond the analysis of surface-level text features
considered by traditional formulas to include analyses of discourse properties, such as
discourse cohesion and coherence (Graesser et al., 2004).

Based on text comprehension models (e.g., Kintsch & Van Dijk, 1978), researchers hypoth-
esize that text complexity is more related to textual cohesion and how di�erent elements
of the text interact with each other (Britton & Gülgöz, 1991; Gernsbacher, 1990; Kintsch,
1988; McNamara & Kintsch, 1996a). Cohesion, being a de�ning feature of text (Halliday &
Hasan, 1976), is a central indicator of text readability in these approaches. Less cohesive
texts are assumed to be more di�cult as readers need to invoke more mental resources
to �ll in gaps in the text (Zwaan & Radvansky, 1998). In a highly cohesive text, proposi-
tional or argument overlaps among successive sentences (Kintsch & Van Dijk, 1978). Put
it di�erently, when there is a high propositional overlap in a text, inferences become more
explicit, and the reader does not need prior knowledge about the topic to �ll in gaps in
the text (Benjamin, 2012).

Two common measures of text cohesion, referential and causal cohesion, are often con-
sidered when measuring text cohesion (Sheehan et al., 2010). Referential cohesion refers
to the degree to which words, phrases, or concepts are repeated across a text whereas
causal cohesion refers to the degree to which causal relationships are explicitly stated in
a text, for example, using connectives such as because, therefore, and consequently (Mc-
Namara et al., 2014). Cognitively inspired tools, e.g. Coh-Metrix (McNamara et al., 2014),
often analyze hundreds of linguistic features assumed to a�ect lexical familiarity, syntac-
tic di�culty, and text cohesion. For example, Coh-Metrix software computes over 200
linguistic indices of text complexity. The software also conducts Latent Semantic Anal-
ysis (LSA) to analyze the semantic relatedness between texts or among di�erent units or
segments of a text (McNamara et al., 2014). LSA is discussed in greater detail by Foltz,
Kintsch, and Landauer (1998) and Landauer, Foltz, and Laham (1998).

Readability researchers have also utilized statistical language models in their approach
to assessing test readability. Formally, a language model can be de�ned as predicting a
probability distribution of words from the �xed size vocabulary + , for word FC+1, given
the historical sequenceF1:C = [F1, ...,FC ]. One approach is to train separate n-gram SLMs
on a large corpus of texts for each readability class (e.g., Collins-Thompson & Callan,
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2005; Si & Callan, 2001). Besides requiring a large annotated corpus, this approach did
not improve accuracy. A more successful approach is to use statistical scores derived
from language models (log-likelihood and perplexity scores) as features along with others
as input for another classi�er (e.g., Petersen & Ostendorf, 2009; Schwarm & Ostendorf,
2005; Xia, Kochmar, Briscoe, & Building, 2016). As text complexity features are becoming
increasingly �ne-grained and technically complicated, it may become bewildering, to say
the least, for novice researchers and teachers to interpret and make use of the results
generated by machine learning models. Furthermore, the detailed results that these tools
generate may also suggest no further analyses are required. However, as warranted by
the original creators of Co-Metrix (McNamara et al., 2014), any predictions based on Coh-
Metrix values should be interpreted with careful consideration of the multiple real-world
factors that surrounded the text, including factors related to the reader and task, and how
these factors potentially interact with text features.

2.1.1.3 Machine Learning Approaches

The recent advances in computational linguistics and the availability of large text corpora
have allowed readability researchers to systematically examine hundreds of linguistic
features using more sophisticated machine learning algorithms (Benjamin, 2012; Collins-
Thompson, 2014). Early works using this approach begin in the early-mid 2000s (Collins-
Thompson, 2014). The use of more advanced machine learning algorithms has proved to
be useful and generally leads to a more accurate assessment of text di�culty than tra-
ditional readability formulas. While some machine learning approaches to readability
assessment appear similar to traditional readability formulas in the sense that they rely
on linear regression, they nonetheless incorporate a wider range of features that tap into
di�erent dimensions of text complexity (Collins-Thompson, 2014). Consequently, they
are more ecologically valid than traditional readability formulas which exclusively de-
pend on surface-level features for their estimation of text di�culty. Additionally, unlike
traditional readability formulas, machine learning algorithms can deal with ‘noisy data’
and ill-formed sentences often found in web texts (Collins-Thompson & Callan, 2005;
L. Feng, Elhadad, & Huenerfauth, 2009; Peterson, 2006).

As a supervised machine learning problem, text readability can be described as a task of
learning a mathematical function that maps an input (a matrix of complexity features)
to an output (a vector of readability score or level) based on examples of input-output
pairs—or formally written as

{
(G1, ~1), (G2, ~2), ...., (G=, ~=)

}
. Depending on what task or
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application it would serve, a readability assessment tool or system can be con�gured for
the task of classifying, predicting, or ranking texts based on their levels of di�culty.

The �exibility of machine learning algorithms along with the advances in computational
linguistics has enabled readability researchers to further explore new aspects of text read-
ability and devise features that are theoretically and empirically supported by research
in text processing and comprehension (Benjamin, 2012; Collins-Thompson, 2014). Re-
cently, readability researchers have experimented with ensemble learning and hierarchi-
cal machine learning approaches (e.g., Balyan, McCarthy, & McNamara, 2020). The results
showed these approaches improve the accuracy of text di�culty prediction.

While machine learning approaches often yield more accurate prediction of text read-
ability, they, however, have some caveats. Firstly, for a more accurate prediction of
text readability, a machine learning algorithm needs to be trained on a large corpus of
human-labeled texts, which is very scarce. Constructing a gold-standard corpus is a
labor-intensive process. To mitigate this obstacle, readability researchers have utilized
crowdsourcing services (e.g., Amazon Mechanical Turk) to annotate their text corpora
in a more e�cient way (Crossley et al., 2017; De Clercq et al., 2014). However, a proper
annotation scheme should be in place for accurate and consistent labeling of text. In a
recent study, Zampieri, Malmasi, Paetzold, and Specia (2017) evaluated the performance
of di�erent computational systems on an annotated dataset and found that these systems
predict text complexity poorly. Zampieri et al. (2017) attributed this poor performance to
how inaccurately human annotation was performed.

2.1.1.4 Deep Learning Approaches

The use of deep neural networks in readability assessment is relatively new (e.g., Deutsch
et al., 2020; Filighera et al., 2019; Martinc et al., 2019; Nadeem & Ostendorf, 2018). A key
motivation for the use of deep neural networks is their capability of self-learning, with
minimum involvement or ’supervision’ of researchers. That is, given a large corpus of
data and target labels, arti�cial neural networks learn underlying patterns or features of
texts that make them hard. However, to learn useful features, a deep neural network re-
quires a large collection of texts from the same domain. Martinc et al. (2019) investigated
the utility of di�erent neural architectures with automatized feature generation and com-
pared their performances with that of classical machine learning algorithms. Particularly,
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the researchers found that a pre-trained transformer model achieved state-of-the-art per-
formance on the WeeBit corpus while a hierarchical attention network (HAN) achieved
state-of-the-art performance on the Newsela corpus (Xia et al., 2016).

Recently, Deutsch et al. (2020) explored whether augmenting deep neural networks with
linguistically motivated features leads to better performance. Speci�cally, the researchers
fused the output of the neural language model with hand-crafted linguistic features which
were used as input to machine learning algorithms such as SVM. The researchers found
their proposed approach did not seem to lead to any better prediction of text readability
than what was o�ered by traditional machine learning approaches.

However, given their mathematical working, deep learning approaches are often con-
ceived as ’black box’ which can be impenetrable to human comprehension. This may not
be a problem if the primary goal of text di�culty analysis is to accurately predict the
di�culty of new texts—which is often the case. As research in deep learning is rapidly
developing, we anticipate the development of more readability assessment tools based
on deep neural networks in the coming few years. But as of now, the usefulness of this
approach remains to be determined by the research community.

2.1.2 Second Language Text Di�culty

Insofar, I reviewed key major approaches and methods for assessing text readability for
native readers. As I previously mentioned at the beginning of this chapter, there is an
extensive body of literature on L1 text readability and a diverse set of tools for assessing
and selecting texts for L1 readers. However, to date, little research has been carried out on
L2 text complexity and di�culty. In what follows, I review the small, yet growing, body
of research on assessing the di�culty of written and spoken texts for English as a Second
Language (ESL) learners (e.g., Brown, 1998; Fulcher, 1997; Vajjala & Meurers, 2012; Xia et
al., 2016; S. Yoon, Cho, & Napolitano, 2016).

2.1.2.1 L2 Written Text Di�culty

It seems to be beyond serious dispute that what characteristics of text make it di�cult for
L1 and L2 readers are not the same. Grammatical and lexical knowledge of the second
language is too easy to point out. While L1 readers usually have a good understanding of
grammatical systems of their �rst language even before commencing proper schooling,
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L2 readers, on the other hand, are still in the process of developing their knowledge of
their new language and its grammar. The same can also be said for lexical knowledge.
Due to the lack of purposefully developed formulas for L2 readers, some L2 readability
scholars have explored the possibility of using L1 readability formulas to select texts for
L2 readers. For example, in his pioneering study, Brown (1998) compared the mean cloze
scores of 2,300 Japanese EFL learners on English reading books with the scores predicted
by six L1 readability formulas, including Flesch, Fry, and Flesch-Kincaid. The resulting
correlations ranged from .48 to .55, leading Brown to conclude that “�rst language read-
ability indices are not very highly related to EFL di�culty” (Brown, 1998, p. 27). Accord-
ingly, Brown developed a new EFL formula using variables (e.g., the average number of
syllables per sentence and the percentage of words in the text of more than seven letters)
that were highly predictive of L2 text di�culty. The new formula performed well and
accounted for more variance in EFL text di�culty than did the traditional readability for-
mulas. Similarly, Green�eld, Jerry (2004) found that L1 readability formulas do not work
well on predicting EFL text complexity.

Crossley, Green�eld, and McNamara (2008) developed an L2 text complexity formula,
called Coh-Metrix L2 reading index, to measure English text readability for L2 read-
ers. The researchers found that three linguistic variables related to cognitive reading
processes—lexical coreferentiality, sentence similarity, and word frequency—yield more
accurate prediction of L2 text complexity than the simple, surface-level variables used in
traditional L2 formulas. Despite being developed using a small set of passages, Crossley
et al. (2008) argued that their proposed formula is better suited to predict the readability
of L2 texts because it relies on more reliable psycholinguistic factors in reading compre-
hension such as decoding, syntactic parsing, and meaning construction. Later, Crossley,
Allen, and McNamara (2011) demonstrated that their L2 formula, Coh-Metrix L2 Reading
Index, outperformed traditional readability formulas on a large corpus of texts intuitively
simpli�ed for language learners. Their �ndings suggested that the psycholinguistic vari-
ables adopted in the index seem to closely align to the intuitive text processing employed
by the authors when simplifying their texts. However, two limitations can be leveled
against the L2 Reading Index. First, the formula was developed using a fairly small ho-
mogeneous text corpus, 31 academic articles. Thereby, the formula validity and its gen-
eralizability to other types of text are questionable. The second limitation is that in their
study, Crossley et al. (2008) have used the cloze test, which has become known to be a
less valid indicator of text comprehension, to generate the di�culty of their texts.

Recently, researchers have developed L2 text di�culty tools based on machine learning
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algorithms (e.g., Sung, Lin, Dyson, Chang, & Chen, 2015; Thomas & Cédrick, 2012; Xia
et al., 2016). For example, Schwarm and Ostendorf (2005) developed a readability assess-
ment model using Support Vector Machines (SVMs). In training their classi�ers, they
used several traditional readability features and Language Models (LM) features (e.g.,
word unigrams, bigrams, and trigrams) to classify articles as belonging to one of �ve
grades. Articles in their corpus were collected from four di�erent sources, e.g., Weekly

Reader, Britannica Elementary Encyclopedia, CNN News Stories, Encyclopedia Britannica.
The model performance was evaluated using di�erent metrics: detection error trade-o�
(DET) curves, precision, and recall. The highest accuracy the classi�ers achieved was a
precision of 75% and a recall of 87%. In a subsequent study, Petersen and Ostendorf (2009)
extended their features set and developed SVM classi�ers that incorporate features based
on an automatic parser, n-gram LMs (based on perplexity scores of the models), as well
as traditional readability features. The evaluation results showed that the SVM classi�er
outperformed both Flesch-Kincaid and Lexile metrics.

Sung et al. (2015) developed a readability assessment system for classifying or leveling
Chinese texts according to the Common European Framework of Reference (CEFR) lev-
els. The authors trained a Support Vector Machine (SVM) model on 1,578 CFL texts judged
by CFL teachers as belonging to one of the CEFR levels. A set of 30 CFL readability fea-
tures were used on the training samples and sorted based on their importance weights
using F-scores. The empirical evaluation of the model revealed high accuracy (average
exact-level 74.97% and adjacent-level, 99.62%) for predicting expert classi�cation of a text.
Data-driven approaches to text readability assessment are more accurate than other ap-
proaches, yet they require large-sized, properly annotated datasets for accurate evalua-
tions (Xia et al., 2016).

Vajjala and Meurers (2012) adopted measures from Second Language Acquisition (SLA)
literature and used them along with traditional readability measures to build their classi-
�cation models. Using di�erent classi�cation algorithms, such as Decision Trees, Multi-
layer Perceptron (MLP), Support Vector Machines, and Logistic Regression, Vajjala and
Meurers (2012) found MLP to be the best classi�er which achieved a classi�cation accu-
racy of 93.3%. The results demonstrate that SLA features help in determining text com-
plexity. Vajjala and Meurers (2014) trained classi�ers based on a set of features derived
from research on text complexity in SLA and psycholinguistics. The classi�ers achieved
a classi�cation accuracy of 95.9% on a corpus of BBC TV subtitles of age-speci�c TV pro-
grams.
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Kotani and Yoshimi (2017) proposed a method that incorporates learner and linguistic
features to explain text readability for language learners. The learner features include
features such as learners’ English learning experience, experiences of visiting English
countries and places, frequency of reading, and their scores on reading comprehension
tests. The results demonstrate that the combination of the learner factors and acoustic
features improve the measurement of EFL text readability, though not all learner features
contributed signi�cantly. For example, the learners’ language learning experiences did
not predict how learners judge the readability of EFL texts.

Vajjala and Lucic (2018) trained classi�ers on generic text classi�cation features (e.g., n-
grams and dependency relations) and other features commonly used in ARS research. The
results demonstrate that the character n-gram classi�er achieved a classi�cation accuracy
of 77% and it is less than one point of the highest classi�cation accuracy (78.13%) achieved
when all features are included.

The �eld of L2 text di�culty assessment is still in its infancy and given the importance
of comprehensible input for learning acquisition, there is a need for further research into
the impact of text di�culty on language learners (Xia et al., 2016). Speci�cally, the �eld
needs automated tools tailored to second language learners. Automated text di�culty
tools have many applications in second language teaching and learning. They can be-
come very handy for language teachers, material writers, and textbook editors who need
to select texts or write new content for language learners. Text simpli�cation is another
application wherein text complexity tools are used to modify texts; that is replacing com-
plex features, e.g., complex sentence structure, and rare and sophisticated words, with
simple ones (Crossley, Allen, & McNamara, 2011). Aside from text simpli�cation, text
complexity measures are used in analyzing language learners’ speaking and writing (e.g.,
Révész, Kourtali, & Mazgutova, 2017; H. J. Yoon, 2017) and in developing automatic scor-
ing systems for assessing L2 speaking (e.g., L. Chen et al., 2018) and writing performance
(e.g., Burstein, Tetreault, & Madnani, 2013). The construction and public release of L2 text
corpora, e.g., OneStopEnglish (Vajjala & Lucic, 2018) and Cambridge English Exam data
(Xia et al., 2016), would make developing and validating new models eminently feasible.

2.1.2.2 L2 Spoken Text Di�culty

Spoken text complexity, also called listenability, is concerned with analyzing spoken texts
to identify features of spoken language that impede speech comprehension. Thus far, only
a handful of studies have attempted to measure L2 spoken text complexity (e.g., Kotani
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& Yoshimi, 2017; Vajjala & Meurers, 2014; S. Yoon et al., 2016). Understanding what may
cause di�culty in comprehending spoken language requires researchers to pay special
attention to acoustic and phonological aspects of spoken language, such as pitch, stress,
speech, articulation rate, and so forth. Spoken texts, especially naturalistic ones, are re-
plete with speech dis�uencies, overlapping speech, ungrammatical utterances, semanti-
cally vague expressions, and slangs (H. H. Clark, 1996). Furthermore, the two types of text
have di�erent structural characteristics (see e.g., Biber, 1986, 1988; Flowerdew & Miller,
2005). Spoken text is loosely structured and fragmented whereas written text is more
densely structured. While useful, researchers also need to go beyond spoken texts and
understand how language learners perceive and deal with varieties in spoken texts. Re-
search in second language listening comprehension has identi�ed some aspects of spoken
language that are more challenging for language learners (see Bloom�eld et al., 2010, for
a comprehensive review).

Previous studies have investigated di�erent acoustics and phonological features along
with other features of spoken texts in developing a measure of spoken text complexity for
language learners (e.g., Kotani & Yoshimi, 2016; S. Yoon et al., 2016). For example, S. Yoon
et al. (2016) found that combining acoustic features, e.g., speaking rate, number of silences
per word, and variations in vowel duration, with lexical and grammatical features lead to
a better estimate of spoken text di�culty. Similarly, Kotani and Yoshimi (2016) developed
a decision-tree classi�er using a set of acoustic and linguistic features including speech
rate, elision, and phonological reduction and contraction. They found that speech rate is
one of the most discriminative features of listenability.

2.2 Principles of Automated Text Di�culty

Assessment

While they have made great strides over the years, computational approaches to text
di�culty assessment have received some criticisms concerning their reliability, validity,
and whether they actually provide informative feedback on text di�culty (e.g., Bailin &
Grafstein, 2001; Fisher, Frey, & Lapp, 2016; Redish, 2000). I argue that much of these con-
cerns stem from the mistaken assumption that computational text di�culty assessment
tools can tap into and objectively measure all facets of text comprehension. Virtually all
comprehension theories assert that text understanding is a multifaceted phenomenon,
best conceived as a function of the integration between a multitude of factors germane
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to texts, readers, and tasks. It is therefore unreasonable to assume that text di�culty as-
sessment models, irrespective of how complicated or advanced they are and how many
variables they include, can fully assess as a complex phenomenon as comprehension and
for a group of di�erent individuals.

Equally disturbing is the use of text di�culty metrics and tools for assessing a wide variety
of texts and for readers and tasks beyond those for which the formulas were originally
created (Davison & Kantor, 1982; Green�eld, 1999). When a text readability metric is
developed and becomes easily accessible, (e.g., integrated into Microsoft Word or Gram-
marly), it is easy to imagine that it is used by the general public without any consider-
ation for what type of texts and for whom they are designed. Another false assumption
is that rather than re�ecting readability text di�culty metrics de�ne readability (Davison
& Kantor, 1982). This assumption had led many publishers and writers, under industry
pressure, to use readability formulas as a guide to compose or modify existing texts to
meet a certain readability level. E�orts to simplify or “dumb down” texts, for example, by
shortening their sentences and replacing long and complex words with shorter and sim-
pler ones, often inadvertently lead to texts that are more di�cult to comprehend (Davison
& Kantor, 1982; Goldman & Rakestraw Jr, 2000). This is mainly because the revised texts
often require readers to make more inferences and compromise for the lack of explicit
references (McNamara & Kintsch, 1996b).

In this section, key issues in developing text di�culty assessment are raised to illumi-
nate their potential impact on developing more robust measures and hence more accurate
feedback about text di�culty. While I discuss these principles with L2 language learners
in mind, they are generic enough to be used for developing text di�culty tools for �rst
language speakers as well.

2.2.1 A De�nition of Text Di�culty

Text di�culty is one of those notions that are presumed to be known by everyone, and
hence many researchers feel no obligation to de�ne it. Notwithstanding decades of re-
search, the notion of di�culty remains elusive and is often used interchangeably with
terms such as complexity and comprehensibility (Amendum, Conradi, & Hiebert, 2017).
One obvious reason for this nomenclature is the inherent ambiguity of the term itself.

Neglecting for a moment the notion of di�culty, there are at least two meanings of com-
plexity in most dictionaries as 1) “composed of two or more parts” or/and 2) “hard to
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separate, analyze, or solve” (Merriam-Webster, 2021b). The two meanings of complexity
are bewildering already, or maybe even worse they lead to terminological circulation; for
instance, a linguistic feature is di�cult because it is complex, or a linguistic feature is
di�cult because it is complex.

Noting the importance of di�erentiating the two constructs, Mesmer, Cunningham, and
Hiebert (2012) argued that text complexity and di�culty are two conceptually separable
constructs. On the one hand, text complexity refers to the characteristics of individual
texts, e.g., sentence length, that can be analyzed and manipulated irrespective of the read-
ers/listeners or task. On the other hand, text di�culty refers to how easy or di�cult a
text is for individual readers. Put it di�erently, the complexity of text or a feature always
implies an independent or predictor variable and the di�culty of a text or feature im-
plies a dependent or criterion variable, hence “treating the terms text complexity and text
di�culty as synonymous con�ates causes with e�ects” (Mesmer et al., 2012). However,
Sheehan, Kostin, Napolitano, and Flor (2014) noted that while researchers often collect
di�erent types of evidence for text complexity and di�culty, they are not fundamentally
measuring two di�erent constructs, but rather “a common text characteristic: the ease or
di�culty of forming a coherent mental representation of the information, argument, or
story presented in the text” (185).

Terminological confusion aside, researchers have ascribed text readability or the lack
thereof to numerous factors. Consider the following de�nitions of text di�culty/read-
ability:

• “In general, we have used the words legibility and readability interchangeability to
mean ‘ease and speed of reading printed material at a natural reading distance’”
(Paterson & Tinker, 1940, p. 9)

• "The total (including all the interactions) of all those elements within a given piece
of printed material that a�ect the success a group of readers have with it. The
success is the extent to which they understand it, read it at an optimal speed, and
�nd it interesting" (Dale & Chall, 1949, p. 23)

• “the ease of understanding or comprehension due to the style of writing.” (Klare et
al., 1963, p. 11)

• "the degree to which a given class of people �nd certain reading matter compelling
and comprehensible.”

• "the ease of reading created by the choice of content, style, design, and organization
that �t the prior knowledge, reading skill, interest, and motivation of the audience"
(DuBay, 2007, p. 6)
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• “a subjective judgment of how easily a reader can extract the information the writer
or speaker intended to convey” (Kate et al., 2010, p.548)

• “inherent di�culty of reading and comprehending a text combined with consider-
ation of reader and task variables” (NGACB & CCSSO, 2010, p. 43)

The de�nitions laid out above clearly show that there is no consensus among readability
scholars on what makes a text to be more or less di�cult to read. It is therefore crucial
that text di�culty researchers de�ne text di�culty because it is through this de�nition
the whole enterprise of assessing text di�culty will be operationalized and against which
it will be validated.

2.2.2 A Proper Measurement of Text Di�culty

Once a de�nition of text di�culty is adopted or provided, researchers need to use a proper
way to measure it. Klare (1984) rightfully noted that computational text di�culty tools
“can be no more accurate than the criteria on which they are based” (p. 701–702). Cun-
ningham and Mesmer (2014) observed that text researchers generally pay more attention
to text predictors in a tool than the criterion variable that was used to develop the tool.

Over the decades, text di�culty researchers have employed di�erent approaches for es-
tablishing a criterion variable to be used in the development of text di�culty assessment
metrics. For example, text researchers have used comprehension tests, cloze procedures,
reading speed, other formulas, and subjective ratings made by students, teachers, or text
publishers. However, what approach best re�ects text di�culty is a matter of debate.

Though they are not often explicitly stated, two primary factors seem to be in�uencing
researchers’ decision on what approach they adopt for determining a criterion variable
for text di�culty. First and foremost, how text researchers de�ne the construct of text
di�culty re�ects what approach they ended up choosing. For some researchers, text
di�culty and comprehension are essentially the same constructs; thereby a reader’s or
listener’s performance on a comprehension test should re�ect the di�culty or ease in
text. For other researchers, text di�culty is merely subjective and highly dependent on
the reader/listener’s perception of the text. Still, others believe that readability has to do
with ease of processing and how comfortable a reader is when reading a text (Crossley,
Skalicky, & Dascalu, 2019; Dale & Chall, 1949; Newbold & Gillam, 2010; Richard, Platt,
& Platt, 1992). As such, some measures of reading speed should be used to evaluate text
di�culty (Crossley, Skalicky, & Dascalu, 2019).
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The second factor is convenience or practicality. In some situations, obtaining a more
direct and objective measure of text di�culty is not feasible. Therefore, text di�culty
researchers opt for more practical approaches, e.g., subjective rating and crowdsourcing,
especially for developing machine learning models of text di�culty which require a larger
volume of labeled texts for training and validation.

Historically, teacher subjective judgment of text di�culty was the most commonly used
approach for determining and selecting texts (Cunningham & Mesmer, 2014; Pearson &
Hiebert, 2014), but there has been a gradual shift towards reader performance measures
(Cunningham & Mesmer, 2014). One such popular measure is cloze tests (W. L. Taylor,
1953). W. L. Taylor proposed the cloze technique as an alternative approach to readability
formulas. Soon afterward, the approach became a popular means for assessing text com-
prehension, replacing the usual multiple-choice test in the measurement of readability.
For example, it was employed as a criterion variable in the development of the Bormuth
formula (Bormuth, 1968), the Dale-Chall formula (Chall & Dale, 1995), and the Coh-Metrix
L2 Readability Index (Crossley et al., 2008).

In its most common form, the cloze procedure involves the deletion of words randomly or
�xedly. For example, every tenth word in a passage is deleted and text di�culty is then
determined by calculating the probability of guessing the correct �ll-in. The deletion
takes place regardless of the importance of the word or its grammatical function (Bailin
& Grafstein, 2016). The central assumption behind the cloze procedure is that �lling in
the missed words is more accessible in less complex text than it is in more complex texts.
The cloze technique is thought to be a re�ecting indicator of text di�culty as experienced
by the reader as successful �ll-ins depend heavily on the reader’s ability to understand
the text, extract and integrate key ideas, and evaluate information across sentences and
paragraph boundaries. Modi�ed cloze techniques have also been used in the development
of text complexity tools . For example, J. A. Stenner (1996) used a modi�ed cloze technique
in the development of the Lexile Framework wherein students in grades 2 through 12 were
provided with a sentence with one word blanked out and four possible option words for
each text they read. Students’ responses then were subject to Rasch analyses which helped
to determine the di�culty level of the texts.

Several studies have evaluated the cloze approach (McKenna & Layton, 1990; Shanahan et
al., 1982). Generally, previous research has challenged the applicability of the cloze pro-
cedure as a global measure of text comprehension. For example, Shanahan et al. (1982)
compared readers performance on cloze passages under four conditions: (1) intact pas-
sages, (2) passages with scrambled sentence, (3) intermingled passages with embedded
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sentences from other passage, and (4) eclectic passages that are composed of unrelated
sentences. Shanahan et al. (1982) found no performance di�erences among readers under
all conditions and concluded that the cloze test does not seem to provide useful informa-
tion about readers’ ability to use information across sentence boundaries (this ability is
commonly referred to as intersentential comprehension). Other studies have also arrived
to the same conclusion (e.g., Kintsch & Yarbrough, 1982).

Cunningham and Mesmer (2014) argued that direct approaches such as comprehension
and cloze tests should be the gold standard approach for determining text di�culty. How-
ever, comprehension data is expensive to obtain especially on a large scale. Besides issues
of practicality and more importantly, comprehension tests may not serve as valid mea-
sures of deep levels of comprehension (Crossley et al., 2017; Magliano, Millis, Ozuru, &
McNamara, 2007).

Aside from comprehension measures, a human judgment of text di�culty is still com-
monly used to assign a grade level or a numerical value indicating the reading or listen-
ing di�culty of texts. This approach is becoming increasingly popular; for example, it is
commonly used by textbook publishers and in the development of some commercial text
di�culty measures, e.g., SourceRater (Sheehan et al., 2010). Subjective evaluation of texts
can be made by language experts, teachers, or students.

Although subjective evaluation remains a labor-intensive process for large-scale projects,
it is nonetheless more practical than comprehension tests. Recently, researchers have ex-
plored the use of crowdsourcing as a way to reduce the cost of collecting human judg-
ments of text di�culty (e.g., Crossley et al., 2017; De Clercq et al., 2014). Another approach
was described in Heilman, Collins-Thompson, Callan, and Eskenazi (2007) in which a
readability model was developed based on a collection of texts compiled from websites
that create reading materials for students at di�erent grade levels.

For developing L2 text di�culty tools and metrics, the Common European Framework of
Reference for Languages (CEFR) (of Europe. Council for Cultural Co-operation. Educa-
tion Committee. Modern Languages Division, 2001) is often used (Pilán, 2018). The CEFR
provides general guidelines, in form of “can-do” statements, that can help to de�ne L2
language skills and competence into six levels of language abilities: break-through (A1)
and waystage (A2), threshold (B1), and vantage (B2), and e�ective operational pro�ciency
(C1) and mastery (C2). The CEFR has been and still is widely used in the development
of many language teaching and learning materials textbooks and several international
English pro�ciency tests, such as TOEFL and TOEIC have been mapped onto the CEFR.
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Using corpora annotated per the CFER levels, researchers have developed readability sys-
tems for classifying reading materials in languages such as English (T. Arnold, Ballier,
Gaillat, & Lissòn, 2018; Xia et al., 2016), Chinese (Sung et al., 2015), French (Thomas &
Cédrick, 2012), Portuguese (Curto, Mamede, & Baptista, 2015), Russian (Karpov, Baranova,
& Vitugin, 2014), and Swedish (Pilán, 2018).

In most cases, researchers have built their CEFR corpus by compiling already annotated
coursebooks and exams (Xia et al., 2016), and very few have built their own corpus using
authentic texts written primarily for L1 readers, but then were assigned CEFR level by a
committee of teachers (Sung et al., 2015). The availability of gold-standard CFER-based
corpora is very limited, mainly due to copy-right issues and the annotation cost that is of-
ten involved in building a large corpus suitable for machine learning experimentation (Xia
et al., 2016). Moreover, the CFER descriptors (can-do statements) have been criticized for
being opaque and subjective, with di�erent educators, editors, textbook publishers inter-
preting them di�erently (Sung et al., 2015). Additionally, educators need proper training
for e�ectively using the framework, for example, in selecting texts for a target language
level (Alderson, 2007).

Following the above discussions, it should be clear that there is no single approach for
obtaining a reference score for text di�culty, but many. Unfortunately, there is little infor-
mation available on which criterion variable seems to better re�ect text di�culty. Indeed,
a century worth of research has preliminary focused on textual elements associated with
text di�culty, and very little research was devoted to evaluating the criterion variables
on which text di�culty tools are calibrated (e.g., Cunningham & Mesmer, 2014).

2.2.3 An Inclusive Treatment of Text Complexity

As discussed earlier, traditional readability formulas were criticized for a�ording an overly
simplistic approach to the estimation of text readability (Bailin & Grafstein, 2016; Cross-
ley et al., 2017). Several readability scholars contended that the mere reliance on sentence
length and word frequency does not seem compatible with the intricacy and complexity
of what is being measured (e.g., Sawyer, 1991). As such, many classical readability tools
su�er from an "inadequate construct coverage" (Sheehan et al., 2010, p. 1).

To provide a more comprehensive treatment of text complexity, readability researchers
have attempted to align their conceptualization of text di�culty with well-established
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theories of text comprehension. This has allowed them to explore new aspects and di-
mensions of di�culty that go beyond the conventional dimensions of semanticity and
syntactic complexity, including, for example, issues pertaining to text narrativity and co-
hesion (Gernsbacher, 1990).

As a result of incorporating these new dimensions of text complexity into the assessment
of text di�culty, text di�culty scholars have not only strengthened the validity of the
construct but the use of these also proven empirically bene�cial. Indeed, a substantial
body of empirical studies has con�rmed the e�ectiveness of using complexity measures
that tap into multiple dimensions of text in assessing text readability (e.g., Sheehan, 2017).

Having said that, data-driven approaches to text di�culty assessment can also be bene�-
cial. In fact, great insights can be generated from empirical analyses performed on large
datasets. But, to explain these insights, theories are necessary.

2.2.4 Controlling for Text Variations

While it is probably self-evident that di�erent types of text (news articles vs. scien-
ti�c articles) impose di�erent demand on readers, many text di�culty assessment tools,
e.g., the Flesch-Kincaid Grade Level formula (Kincaid et al., 1975); the Lexile Framework
(A. J. Stenner et al., 1988), the Coh-Metrix L2 Readability Index (Crossley et al., 2008), and
the Degrees of Reading Power (Carver, 1985), do not account for genre di�erences. This
may explain why text di�culty measures often yield inconsistent estimates when used
with texts belonging to di�erent genres (Sheehan, 2017).

It is conceivable that text genres are not equally complex; a narrative text, for example, is
less di�cult and more pleasing to read than a scienti�c text. Cognitive researchers have
found empirical evidence suggesting a link between text genres and a reader’s ability to
understand a text (Cervetti, Bravo, Hiebert, Pearson, & Jaynes, 2009). Text genre also
in�uences the frequency of core vocabulary usage (S. S. Lee, 2001), word reading speed
(Zabrucky & Moore, 1999), the number of prepositions recalled (Graesser, Hauft-Smith,
Cohen, & Pyles, 1980), and the types of inferences generated (Best, Floyd, & Mcnamara,
2004), and the types of prior knowledge accessed during inference generation (Best et al.,
2004). Additional support comes from large corpus analysis studies which demonstrated
syntactical and lexical di�erences across text genres. For example, D. Y. W. Lee (2001)
conducted an analysis of core vocabulary usage variation within a corpus of literary and
informational texts compiled from the British National Corpus, an over one million word
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corpus. Core vocabulary was operationalized as the most 2000 common words that are
listed in the dictionary de�nitions presented in the Longman Dictionary of Contempo-
rary English. The analyses revealed that literary texts had a higher percentage of core
vocabulary usage than informational texts.

Both linguistic and cognitive indicators of genre e�ect on text di�culty provide a strong
argument for developing genre-speci�c models that are optimized for predicting di�culty
in a given type of text. When they are not developed for a speci�c type of text, text
di�culty systems are more prone to genre bias; that is “the tendency of some measures
to overpredict the complexity levels of informational texts, while simultaneously under
predicting the complexity levels of literary texts” (Sheehan et al., 2014, p. 198). Sheehan et
al. (2010) provided empirical evidence suggesting that many linguistics complexity indices
used in common readability systems function di�erently across text genres.

Addressing genre bias, Sheehan, Flor, and Napolitano (2013) proposed a two-stage ap-
proach for generating unbiased estimates of text complexity. At the �rst stage, texts are
classi�ed as belonging to one of three possible genres: literary, informational, or mixed
texts. Text genre classi�cation can be done by either human annotators or an automated
genre classi�er. Next, at stage two, three optimized prediction models are used to gener-
ate a complexity score for each text. Each model is trained on a set of features extracted
from texts belonging to a correspondent text genre.

Dell’Orletta, Venturi, and Montemagni (2012) demonstrated the shortcomings of general-
purpose readability assessment tools in reliably predicting the readability of texts belong-
ing to di�erent genres and they suggested the use of genre-speci�c models. In a recent
study, Toyama, Hiebert, and Pearson (2017) found a clear variability in scores projected
by analytical tools despite being applied to the same texts. It is not surprising because
many text complexity tools are developed and validated on a collection of texts belonging
to a particular text genre. Therefore, they should not be used to evaluate the complexity
of texts belonging to a di�erent genre. Most text readability metrics are developed and
tested on datasets composed entirely of informational texts, e.g., news articles. Many re-
cent text complexity studies have used datasets compiled from informational texts only,
e.g., Wall Street Journal articles (Pitler & Nenkova, 2008), Encyclopedia Britannica arti-
cles (Schwarm & Ostendorf, 2005) and Weekly Reader articles (Vajjala & Meurers, 2012).
Therefore, researchers have recently explored the bene�ts of developing readability mea-
sures tailored for a particular genre (e.g., Ma & Fosler-lussier, 2012; Nadeem & Osten-
dorf, 2018; Sheehan et al., 2013) or reader group (Ozasa, Weir, & Fukui, 2014). In the last
few years, several genre-speci�c models have been developed (Dell’Orletta et al., 2012;
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Nadeem & Ostendorf, 2018). For example, Nadeem and Ostendorf (2018) developed text
di�culty models for estimating readability in science texts using Recurrent Neuron Net-
works (RNNs).

Besides text genre bias, researchers may also need to control for drastic variations in text
length. This is because some text complexity measures are more sensitive to text length
and hence their use may impact the performance of automated text di�culty tools. For
instance, indices of lexical diversity measures, such as Type-Token Ratio (TTR), are more
susceptible to text size (see Chapter 3 for more discussion). It is therefore recommended
that text di�culty researchers use more robust indices.

2.2.5 Controlling for Learner Variables

While text complexity plays a critical role in the determination of text ease or di�culty,
learner factors and how they interact with texts cannot be ignored (NGACB & CCSSO,
2010). In fact, a text is conceived as easy or di�cult will depend upon, inter alia, the
learner’s language ability and skill, experience, familiarity with any terminology, and
purpose of reading or listening. In L2 research, it has been widely acknowledged that
learner factors signi�cantly impact language learning and acquisition (see Dörnyei, 2014,
for a comprehensive account of learner factors)

Methodologically, it is very challenging, if not impossible, to examine all text and learn-
ers’ factors and their complex interactions in a single study. A more reasonable approach,
therefore, is to concentrate on understanding text complexity �rst and once we know
what makes a text di�cult, we can then explore how language learners, with di�erent
abilities and traits, contend with di�cult and easy texts, and under what task conditions
and within what learning contexts text comprehension is enhanced or hampered. How-
ever, in the interim, researchers need to control for learner factors and limit their inter-
ference with learners’ perception of text di�culty. One possible way is to develop a text
di�culty tool for a speci�c group of readers or listeners, who share some common char-
acteristics, e.g., school grade, age, cultural background, gender, and reading and licensing
ability.



Computational Assessment of Text Di�culty 33

2.2.6 Validation

Once a computational model of text di�culty is developed, it needs to be validated; that
is to test if the developed model or system is yielding consistent results when applied
on unseen data, i.e, out-of-sample data that were not used to �t the model. There are
several validation approaches in text di�culty assessment literature and in the �eld of
machine learning in general, which can be grouped into two main categories: internal
validation and external validation. Internal validation is by far the most used technique
in text di�culty research for assessing the generalizability of trained models. There exist
several variants of this technique, but the most common approach is the K-fold cross-
validation. In this approach, a dataset is split into K folds, and each fold is used in turn
to validate the trained models (more details about cross-validation is discussed later in
Chapter 4).

The second approach relies on the use of external sources, e.g., already available an-
notated corpus or formula, for validating the generalizability of trained models. While
convenient, this approach requires that the newly developed text di�culty model target
the same domain on which the original readability was developed.

A third possible validation approach is to continuously check and validate the decisions
made by text di�culty systems with actual readers or listeners; in this sense that the
actual bene�ciaries of such systems are kept in the loop. One way to implement this
validation technique is through calibrating estimations of text di�culty with real-time
sensory data, e.g., eye-tracking, or thermal camera.

To recap, in this section I outlined six principles for developing more accurate text di�-
culty assessment tools, including those for spoken and videotexts. I also highlighted key
issues that need to be taken seriously when developing computational models for text
di�culty assessment and o�ered some possible ways to mitigate their impact. These six
principles will serve as the base for developing our computational models for L2 videotext
di�culty assessment.

2.3 Chapter Summary

In this chapter, I provided a succinct historical overview of text di�culty research and
showed how the �eld has progressed over the years to become an interdisciplinary �eld
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of research with practical uses and applications in various domains. I also outlined ma-
jor computational approaches for measuring text di�culty and discussed how the �eld
of text readability has bene�ted from advances in text comprehension research and the
development of sophisticated computational techniques in computational linguistics and
machine learning. Later, I reviewed, the small yet growing, body of literature on assess-
ing L2 written and spoken text di�culty. Finally, in the light of a discussion about the
key limitations of computational assessment of text di�culty, I provided six principles
for developing more reliable and valid assessment of text di�culty, which will serve as
the base for developing our computational models for L2 videotext di�culty assessment.

In the next chapter, I turn to videotext complexity and interrogate what makes a videotext
di�cult for language learners. Before that I place my pursuit of developing automated
measures for videotext di�culty on a conceptual footing.



Chapter 3

Understanding Second Language
Videotext Di�culty

3.1 Introduction

In the previous chapter, I reviewed the literature on text di�culty and outlined di�erent
computational methods for assessing di�culty in written and spoken texts. In this chap-
ter, I turn to the main focus of this thesis, videotext di�culty, and interrogate what makes
videotext di�cult for language learners. In the �rst section, I review and discuss funda-
mental concepts and principles from the literature on (visual) narrative comprehension to
build a conceptual understanding of the cognitive processes underpinning videotext com-
prehension. Based on this understanding, I then provide a working de�nition of videotext
di�culty and describe its interaction with videotext complexity and comprehension, leav-
ing aside issues related to task di�culty and contexts of learning. In the second section,
I scrutinize L2 video studies published in the last two decades to ascertain how videotext
di�culty was investigated. In the last section of the chapter, I allocate and synthesize
empirical evidence of videotext complexity from diverse �elds of study.

35
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3.2 Theoretical Basis for Videotext Complexity:

Laying the Foundations

For explaining a complex and multifaceted phenomenon as text comprehension, there
is no a single theory but many (see Mcnamara & Magliano, 2009, for a comprehensive
review). Consequently, the theoretical landscape is complex (Rayner & Reichle, 2010).
While the majority of contemporary models of comprehension have primarily focused
on printed texts, it is assumed, at least implicitly, that the assumptions made by these
models in principle generalize to the comprehension of other types of texts, including
videotext (Ferstl, 2018; Mcnamara & Magliano, 2009). This focus on printed texts can be
partially attributed to the fact that a written text is easily controlled, manipulated, and
analyzed than any other type of text (Mcnamara & Magliano, 2009).

In essence, theories of comprehension are universally concerned with the emergent men-
tal representations that comprehenders generate when reading or listening to a text. The
comprehender comes to speci�c mental representation from information in the text, in-
formation that is related to the text, and the inferences that he/she generates (Mcnamara &
Magliano, 2009). Models of text comprehension assume that comprehension is the result
of the successful understanding of words, sentences, and the relations between di�er-
ent parts of the texts. In a comprehensive review, Mcnamara and Magliano (2009) evalu-
ated and compared seven prominent comprehension models: the Construction-Integration
model (Kintsch, 1988, 1998; van Dijk & Kintsch, 1983), Structure-Building Model (Gerns-
bacher, 1990, 1997), Resonance Model (Albrecht & Myers, 1995; Albrecht & O’Brien, 1993),
Event-Indexing Model (Zwaan & Radvansky, 1998), Causal Network Model (Young Suh &
van den Broek, 1989), Constructionist (Graesser, Singer, & Trabasso, 1994), and Landscape

Model (van den Broek, Risden, Fletcher, & Thurlssssow, 1996). The primary �nding of this
review is that “the current models of comprehension are not necessarily contradictory,
but rather cover di�erent spectrums of comprehension processes. Further, no one model
adequately accounts for a wide variety of reading situations that have been observed, and
the range of comprehension considered thus far in comprehension models is too limited”
(Mcnamara & Magliano, 2009, p. 298).

Of the seven models reviewed in Mcnamara and Magliano (2009), three general mod-
els, the Construction-Integration model, the Structure-Building model, and the Landscape

model, are succinctly discussed below. The three models are chosen because they encom-
pass common (high-level) processes involved in text comprehension. It should be noted
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that low-level processes germane to language understanding, including lexical decoding
and syntactic parsing, are not accounted for in these models, or any other models of text
and discourse comprehension in general. This is because the �eld of text comprehension
“picks up after basic language understanding” (Mcnamara & Magliano, 2009). Our over-
arching purpose of reviewing these global or generic theoretical frameworks here is to
provide an overview of the component subsystems of text comprehension and become
acquainted with the assumptions made by these frameworks. Later, I review some re-
cent models, which are built upon early models, whose objective is to provide a more
exhaustive account of comprehension.

3.2.1 General Theories of Text Comprehension

One of the earliest and perhaps most in�uential models of text or discourse comprehen-
sion is the Construction-Integration (CI) model. The CI was �rst proposed by Kintsch in
1988 and then later expanded in his book (Kintsch, 1998). The CI has been further refor-
mulated over the years in multiple books and an uncountable number of empirical studies
(Kintsch, 1988, 1998; van Dijk & Kintsch, 1983), hence it is very challenging to describe
all the assumptions postulated by the CI model, and it only su�ces here to discuss its key
premises.

A key concept in the CI model is the multiple levels of representation (Kintsch, 1988,
1998; van Dijk & Kintsch, 1983). In particular, the model assumes that three levels of
mental representations are constructed in the reader’s mind when reading a sentence:
the surface structure, the propositional textbase, and the situation model. The surface
level represents the words and phrases in the text and their syntactic relations. Text
cohesion is represented at this level. The second level is the textbase representation and
it is represented in terms of propositions. A preposition is a single unit of possessing
and it consists of a predicate and one or more arguments. Kintsch and Van Dijk (1978)
borrowed the prepositional notation from logic as a short-cut for representing ideas and
their interrelations in a text, discourse, or scene regardless of their perceptual format,
e.g., verbal, visual, or written. In representing ideas prepositionally, neither grammatical
structure nor word choices play a role, but only the semantic meaning (Ferstl, 2018).

The third level of representation is the situation model or what knowledge a reader or
listener constructs from extracting new information from the text and relating it to prior
knowledge and experiences. Since its introduction in van Dijk and Kintsch (1983), the
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situation or mental model has attracted much attention and has been extensively investi-
gated in the discourse comprehension literature (Zwaan & Radvansky, 1998). A situation
model includes inferences made by the reader which go beyond the concepts explicitly
mentioned in the text. Inferences that connect di�erent elements of the story are called
bridging inferences and virtually all discourse theories emphasize their role in construct-
ing a coherent mental model (Mcnamara & Magliano, 2009).

Cognitive researchers have investigated the interplay between situation models, text co-
hesion, and inference generation. Cohesion and coherence are two key constructs in the
discourse comprehension literature but the boundary between them is often blurred. A
common distinction made between the two concepts (McNamara et al., 2014) is that cohe-
sion refers to explicitly marked relationships such as repeated lexical words and pronouns
(Halliday & Hasan, 1976; McNamara, Louwerse, McCarthy, & Graesser, 2010) while co-
herence generally refers to the psychological phenomenon of how a text comprehender
understand relationships between di�erent segments of the text (Givón, 2001). To put it
di�erently, cohesion lies in the text whereas coherence lies in the reader’s mind.

There is, however, no real consensus in the literature over this distinction, and the two
concepts are argued to be interrelated. But researchers generally agree that “cohesion
constitutes the explicit signals for managing coherence, and coherence is the broader no-
tion of all relations, implicit or explicit, in the text or the mind” (Green, 2015, p. 327).
Thereby, cohesion can be quanti�ed and measured while coherence is hard to directly
measure given that its dependence on the comprehender’s world knowledge, level of ed-
ucation, and so on (McNamara et al., 2014).

Notwithstanding some criticisms, the CI model has inspired and in�uenced the devel-
opment of several contemporary models of text comprehension, such as the Landscape

Model (van den Broek et al., 1996), the Event-Indexing Model (Zwaan & Radvansky, 1998),
and the Reading Systems Framework (Perfetti & Stafura, 2014).

The Event-Indexing Model was built upon the concept of situation model but it further
elaborated the concept to provide a comprehensive account of how situation models are
constructed via tracking various aspects of narrativity in texts. A focal assumption in
this model is that comprehenders establish situation models along �ve dimensions, time,
space, causality, motivation, and agent, and concurrently monitor and update current sit-
uation models as changes in the �ve dimension occurs. Accordingly, the Event-Indexing

model is most applicable to dynamic texts or texts in which events are depicted concur-
rently in both space and time, as in �lm or videotext.
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Another attempt to develop a general theory of comprehension regardless of text medium
was made by Gernsbacher in his Structure-Building model (Gernsbacher, 1990, 1997). The
model postulates that there are common cognitive abilities involved in the comprehen-
sion of various media, e.g., text, picture, or video. The model describes comprehension
in terms of three key processes: (1) laying a foundation or a mental representation of an
idea in a text, (2) mapping new information onto the foundation, and (3) shifting to new
foundations or structures when there is a discrepancy between old and new information
and the new information cannot map onto the existing foundation. According to this
model, laying a foundation is an iterative process that operates whenever the compre-
hender encounters new information at the beginning of a story, scene, chapter, or even
sentence. Compared to the mapping and shifting process, lying the foundation is assumed
to be more resource-demanding (Mcnamara & Magliano, 2009). This assumption has been
supported by empirical studies reporting slower processing times associated with reading
the �rst sentence of a paragraph (e.g., Glanzer, Fischer, & Dorfman, 1984) or the initial
picture of a picture story (Gernsbacher, 1983).

While the theories reviewed earlier, and almost all discourse comprehension for that mat-
ter, are developed for explaining high-level mechanisms involved in discourse compre-
hension, some recent attempts have been made to provide a more comprehensive uni�ed
model of comprehension, one that potentially can explain the full scope of comprehension
processes (Mcnamara & Magliano, 2009). Of course, developing a theory that is being par-
simonious while also capable of adequately explaining all the di�erent processes involved
and their interactions for various types of texts, readers, contents is not trivial.

Recently, there have been some attempts to synthesize and integrate all the various pro-
cesses involved in narrative comprehension into a single account. One such recent at-
tempt is the generic theory of comprehension put forward by Aryadoust (2019). The
theory draws upon theoretical work from both reading and listening literature in order
to provide a coherent and plausible explanation of auditory and written text comprehen-
sion. In particular, the theory “highlights the role of perception and word recognition
(underresearched in reading research), situation models (missing in listening research),
mental imagery (missing in both streams), and inferencing” (Aryadoust, 2019, p. 1). While
the theory provides a plausible postulation for comprehending both written and audi-
tory inputs, it nonetheless does little to explicate how visual information is extracted,
processed, and integrated. Additionally, the theory presupposes a linear prorogation of
information, where a listener processes and constructs meaning from aural input in an
incremental fashion. This view of listening has been the subject of scrutiny, and it is now
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believed that listening is a bidirectional process, involving both bottom-up and top-down
processes (Buck, 2001; Rubin, 1994; Vandergrift, 2004; Vandergrift & Goh, 2012). This
leads us to review next an emerging body of literature that seeks to describe how people
comprehend sequential visual narratives (e.g., picture books, comics, and �lms), and how
during this process perceptual and comprehension mechanisms are coordinated.

3.2.2 Visual Scene Perception and Sequential Narrative

Comprehension

Owing partially to their inherent complexities, there is remarkably less theoretical and
empirical research on audiovisual texts compared to written or spoken texts; but rather
compartmentalized literature across di�erent domains of cognitive sciences (e.g., mem-
ory, scene perception, event perception, and narrative comprehension). Recently, visual
narrative scientists began to address this issue by proposing frameworks that integrate the
various processes engaged in comprehending visual narratives (picture stories, comics,
and �lm) into a coherent theory for both static (e.g., comics) and dynamic visual nar-
ratives (e.g., �lms) (e.g., Cohn, 2013, 2016b, 2020; Kendeou et al., 2019; Loschky et al.,
2018, 2020; Schnotz, 2013). Comprehensive theoretical frameworks not only help explain
how these seemingly di�erent processes are coordinated to support the perception and
understanding of complex visual narratives but also help to prevent in the �eld of visual
narrative from fragmentation, as occurred, for example in reading research, where sev-
eral models account for aspects of reading comprehension, such as word identi�cation,
syntactic parsing, discourse representations and so forth (Rayner & Reichle, 2010).

Work in this direction is stimulated by the postulation that human cognitive mechanisms
underpinning comprehension are independent of the modality through which the infor-
mation is received (Magliano, Radvansky, & Copeland, 2007). Here, I shall discuss key in-
sights from three such models, namely the Visual Language Theory (VLT) (Cohn, 2013),
the Parallel Interfacing Narrative-Semantics Model (PINS) (Cohn, 2020), and the Scene
Perception and Event Comprehension Theory (SPECT) (Loschky et al., 2018, 2020).

Cohn (2013) developed Visual Narrative Grammar (VNG) to characterize how sequential
narratives are processed and comprehended. In VNG, Cohn (2013) proposed that seman-
tic cues within images in a sequence map to narrative roles organized within hierarchic
constituents at a “discourse” level of meaning, analogous to the way that syntactic cat-
egories organize words into constituents at a sentence level. Sequential narratives are
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conceived to share important features with language in the sense that they both have se-
mantic content (conveyed by words and/or pictures) and sequencing rules (e.g., grammar)
that govern how that content can be combined to form meaningful sequences. Moreover,
both text-based and sequential narratives involve conveying a sequence of events that
comprise a hierarchically structured plot (e.g., structured around goal plans; (Trabasso &
Nickels, 1992). As such, VLT assumes that there are shared cognitive and brain systems
that support the processing of both linguistic discourse and sequential narratives. As VLT
was developed for wordless visual narrative wherein visual language is dominant (e.g.,
comics), it may not apply to other types of visual narratives (e.g., �lms) wherein verbal
language is the primary carrier of meaning (but see Cohn, 2016a, 2016b).

Loschky et al. (2018) proposed the Scene Perception and Event Comprehension Theory
(SPECT), an integrative theoretical framework for understanding both visual narrative
perception and comprehension. In particular, it combines concepts from theories in the
domains of scene perception (Henderson & Hollingworth, 1999; Oliva & Torralba, 2006;
Wolfe, Võ, Evans, & Greene, 2011), event perception (Kurby & Zacks, 2008; Zacks, Speer,
Swallow, Braver, & Reynolds, 2007), and narrative comprehension (Gernsbacher, 1990;
Mcnamara & Magliano, 2009). SPECT describes how perceptual processing combines
with mental model construction throughout visual narrative comprehension. It distin-
guishes front-end and back-end cognitive mechanisms. Front-end processes occur during
single eye �xations and are comprised of attentional selection and information extraction,
whereas back-end processes occur across multiple �xations and support the construction
of event models, which re�ect an understanding of what is happening now in a narra-
tive (stored in working memory) and over the course of the entire narrative (stored in
long-term episodic memory). More importantly, front-end and back-end processes in-
teract with each other in a bi-directional fashion. Moreover, these two mechanisms are
not equivalent to top-down and bottom-up processes, as characterized in numerous com-
prehension models. While the SPECT model was built upon decades of theoretical de-
velopments in general cognition and its subsystems and indeed provides a sensible and
comprehensive account of how perceptual and narrative comprehension processes are
integrated, Loschky and associates noted that “SPECT is not yet a formally complete cog-
nitive model of visual narrative processing, primarily because many assumptions of the
model remain to be empirically validated” (Loschky et al., 2020, p.29). This remark ex-
tends to other recently proposed models (e.g., Kuperberg, 2020) in this growing literature
of visual narrative.
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Integrating the concept of narrative structure from the VLT as well as drawing upon sev-
eral other concepts from discourse comprehension literature, Cohn (2020) developed the
Parallel Interfacing Narrative-Semantics Model (PINS Model), a processing model of vi-
sual narrative comprehension. The essence of the PINS model is parallel processing which
involves two representational levels of semantics and narrative structure. According to
this model, semantic processing alone is insu�cient for understating visual narratives.
Viewers need to construct a narrative structure that runs parallel to semantic processing.
How this narrative structure is constructed is governed by the VNG (Cohn, 2013).

3.2.3 Bringing Order Out of Chaos: A Working De�nition of

Videotext Di�culty

Despite its central role in language teaching, learning, and assessment, the construct of
‘di�culty’ remains elusive and hard to pin down. Indeed, the term ’di�culty’ is often
used alongside or in place of terms such as complexity, comprehensibility, learnability,
teachability, and accessibility. Interestingly, complexity has also been perceived posi-
tively and negatively in second language research. In learning a language feature, for
example, complexity is often perceived as problematic, but some degree of complexity is
bene�cial (E. L. Bjork & Bjork, 2011; R. Bjork, 1994; Suzuki, Nakata, & Dekeyser, 2019).
In language production research, complexity is a desirable and sought-after indicator of
pro�ciency, but receptively complex language can reduce readability and intelligibility. It
is therefore no surprise that the literature is depleted with numerous de�nitions and dif-
ferent operationalizations of complexity (see Bulté & Housen, 2012; Housen, De Clercq,
Kuiken, & Vedder, 2019; Pallotti, 2015, for various approaches to linguistic complexity).

Pallotti (2015) remarked that complexity has �gured in applied linguistics research to
denote at least three meanings:

1. Structural complexity, a formal property of texts and linguistic systems having to
do with the number of their elements and their relational patterns;

2. Cognitive complexity, having to do with the processing costs associated with lin-
guistic structures;

3. Developmental complexity, i.e. the order in which linguistic structures emerge and
are mastered in second (and, possibly, �rst) language acquisition (p.118).
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Pallotti (2015) asserted that the three meanings refer to distinct and analytically separa-
ble constructs, “even if they were found to correlate very strongly, this would not mean
they are three facets or names of one single construct” (p. 119). Advocating for a sim-
ple view of linguistic complexity, Pallotti (2015) suggested restricting the construct to
structural complexity only, and explicitly excluded “issues of cognitive cost (di�culty) or
developmental dynamics (acquisition)" (p. 117). R. DeKeyser (2016) remarked that nar-
rowly de�ning di�culty in terms of the inherent structural complexity of the language
would eliminate useful discussions about other sources of di�culty, e.g., contextual and
subjective di�culty.

Researchers have also attempted to detangle all the di�erent sources of linguistic com-
plexity (Bulté & Housen, 2012; Pallotti, 2015) and di�culty (R. DeKeyser, 2016; Housen
& Simoens, 2016) and delineate their interactions in comprehensive frameworks or tax-
onomies. By choice, these taxonomies vary in their granularity and speci�city of what
linguistic complexity or di�culty entails in the realm of the second language. While elab-
orate taxonomies of such nature may indicate thoroughness and a clear sense of how the
various language systems or subsystems interact, it is easy to imagine such taxonomies
fall apart when tested empirically in a real, complex world.

In this thesis, I make clear distinctions between three seemingly related, but conceptu-
ally distinct and operationally separable constructs: videotext di�culty, complexity, and
comprehension. Speci�cally, videotext di�culty is understood as an increase in the atten-
tional and cognitive resources demanded for successful understanding of videotext. There-
fore, videotext di�culty always “re�ects rather than creates complexity” (Rescher, 1998,
p. 17).

On the other hand, videotext complexity subsumes two broad notions of complexity: ab-
solute complexity and relative complexity (Miestamo et al., 2008). Absolute complexity
refers to the inherent characteristics of videotexts that make processing and comprehend-
ing a videotext di�cult regardless of language learners or tasks. In this sense, absolute
complexity may also be challenging for L1 viewers. On the other hand, relative complex-
ity is the relative ease or di�culty of a videotext for an individual learner, for example, as
a result of the attentional, memory, and other information processing demands imposed
by the videotext, hence, a videotext can be di�cult for a language learner may not be so
for another. In this sense, the videotext di�culty is the resultant of the interaction be-
tween absolute and relative complexity. A sketch of this relationship is depicted in Figure
3.1.
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Figure 3.1: The Relationship between Videotext Complexity, Di�culty, and Comprehen-
sion

While an increase of videotext complexity often leads to the perception of di�culty, the
relationship between di�culty and comprehension is not symmetrical. That is, video-
text di�culty does not always lead to imperfect comprehension. Indeed, some degree of
di�culty is desirable and may help learners to better understand the text, for example,
through inducing the viewers to pay more attention and exert additional e�ort to the
understanding of the videotext (E. L. Bjork & Bjork, 2011; R. Bjork, 1994; Suzuki et al.,
2019). But, if a videotext is far beyond language learner’s ability, it is conceivable that
their comprehension of the text would be super�cial—identifying the main gist of the
videotext, mostly from visual imagery. Most importantly, di�culty should not be treated
as a binary variable—texts are either easy or di�cult—but rather a continuous variable.

3.3 Video in Second Language Research

As an initial step towards understanding L2 videotext di�culty, I reviewed 1 video studies
published between 2000 and 2020 in the broader �eld of Applied Linguistics. Speci�cally,
I wanted to answer the following two questions:

• Q1: how videotexts have been researched in Applied Linguistics?
1I began searching for and collecting studies for this review in early June 2019 and kept doing so until

December 28th, 2020.



Understanding Second Language Videotext Di�culty 45

• Q2: has videotext di�culty been a primary variable in past research? if not, how
L2 researchers have determined or controlled the di�culty of videotexts in their
research?

Although I did my search of relevant studies in the Web of Science databases which, of
course, returned hundreds of entries, I restricted my scope of this preliminary review to
studies published in some reputable Applied Linguistics journals, e.g., Foreign Language

Annals, Modern Language Journal, System, International Journal of Listening, Language

Testing, Language Assessment Quarterly, TESOL Quarterly, English for Speci�c Purposes,

Language Learning & Technology, Language and Communication Quarterly, International

Journal of Language Studies, ReCALL, Computer Assisted Language Learning, and The Lan-

guage Learning Journal. To begin, I searched for relevant studies using the keyword "lis-
tening" in conjunction with one of the following terms: "video", "videotext", "TV", "au-
diovisual", "audio-visual", "multimedia", and "lecture". After initial screening, I realized
that L2 videos have been used in areas other than listening (e.g., learning L2 ‘vocabulary’,
‘grammar’, and ‘reading’), so I expanded my search to include those studies.

After excluding irrelevant studies (e.g., reviews, reports, meta-analysis), there were in to-
tal 77 published empirical studies related to the use of video in L2 research, as shown in
Figure 3.2. These studies have essentially centered, to a varying degree, around �ve re-
search areas2; advance organizers, subtitles and captions, visual processing, strategy use and
instruction, assessment, and learner/teacher perception. I brie�y describe the key �ndings
within each research area.

3.3.1 Areas of Research

3.3.1.1 Caption and Subtitle

Video caption and subtitles (n=21) is an area of research in which the bulk of past work
has been carried out. The key question in this line of research is whether video captions
and/or subtitles facilitate video understanding, vocabulary acquisition, and language de-
velopment (e.g., Winke, Isbell, & Ahn, 2019). Generally speaking, �ndings of previous
studies have endorsed the use of L2 captions in areas such as aural word recognition, and
video content comprehension and recall (e.g., Guichon & McLornan, 2008; Montero Perez,

2Very few studies were concerned with language perception towards watching videos (one study) and
the development of video-based tools (two studies by the same authors). Therefore, they were not consid-
ered as a research area.
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Figure 3.2: L2 Video Research from 2000 to 2020

Peters, & Desmet, 2014; Winke, Gass, & Sydorenko, 2010; J. C. Yang & Chang, 2014). Be-
cause speech is �eeting, captions are conceived to aid language listeners in distinguishing
linguistic units (e.g., words, morphemes, grammatical components) and mapping aural
speech to individual words and phrases (Winke et al., 2019). However, it has also been
suggested that language learners may read the captions at the expense of listening to the
speakers, thus related gains in video content comprehension and recall are more likely
due to reading comprehension, not to viewing comprehension precisely (Vandergrift &
Cross, 2014). Indeed, Yeldham (2018) investigated this claim by reviewing the results of
some past studies on video captions. The �ndings of his investigation revealed that less
pro�cient language learners tend to mainly read captions rather than listening to video-
text, while more-pro�cient learners tend less to read captions and utilize more cues in the
videotexts (speakers and visual).

3.3.1.2 Video-Based Assessment

In the language assessment literature, the use of videotext in creating language tests has
received some notable attention (e.g., Batty, 2014; Gruba, 1993; Pardo-Ballester, 2016; Su-
vorov, 2014a; Wagner, 2010a, 2014). Proponents of their use in testing often cited that
videotexts are more ecologically valid than audio-based tests due to the multimodal na-
ture of videotexts which resembles everyday listening. Early research in this area was
mainly focused on examining whether listening comprehension is a�ected by how infor-
mation is presented to the listeners, i.e., via video or audio. The �ndings of these studies



Understanding Second Language Videotext Di�culty 47

were, by and large, inconclusive and contradictory. Some studies found videotext to be
conducive to text comprehension (Wagner, 2010b, 2013); other studies found no signi�-
cant e�ect (Batty, 2014; Coniam, 2001; Gruba, 1993; Londe, 2009) or even had a debilitating
e�ect (Suvorov, 2009). These inclusive �ndings are not surprising, however. Compara-
tive studies of this nature are invidious because they ignore the remarkable di�erences
between the two di�erent types of texts, audios vs videos, let alone di�erences within
individual texts in each medium. However, in recent years, researchers seem to abandon
comparative studies and focus more on single-modality assessment studies (e.g., Batty,
2020).

Figure 3.3: Areas of L2 Video Research from 2000 to 2020

3.3.1.3 Visual Processing

Turning to visual processing research, several studies have examined how L2 listeners
deal with the visual content of videos and whether contextual visual cues help or hin-
der video comprehension. Ostensibly, visual cues in videos provide contextual support
for language learners but the �ndings of previous research were inconclusive. For ex-
ample, Gruba (2004) and Cross (2011) similarly observed that when language learners
watch television news they switch their attention between the audio and visual channels
largely due to an excessive cognitive load induced by processing information coming from
both channels. In Sueyoshi and Hardison (2005), intermediate and advanced learners of
English improved their comprehension from watching a lecture in which the speaker’s
gestures and facial expressions are shown. A key challenge in this line of research is un-
derstanding how and under what conditions visual imagery helps or impedes L2 listening
comprehension. Visual imagery is generally understood as to be of two types; content
and context visual (Bejar, Douglas, Jamieson, Nissan, & Turner, 2000; Ginther, 2002). Con-
text visuals provide information about the context of the verbal exchanges, such as who
are the participants and where the conversation is happening. The main role of context
visual is to set the scene for the verbal exchange. Content visual, on the other hand, is an
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essential component of the text and they may reiterate, illustrate, organize, and supple-
ment information in the verbal stimulus (Bejar et al., 2000). Of course, such depiction of
visual imagery is very simplistic and does not consider the complex interactions between
verbal and visual language. In the absence of a su�cient understanding of what impact
di�erent forms of visual imagery have on second language listening, Gruba recommended
that visual imagery "is better thought of as integral resources to comprehension whose
in�uence shifts from primary to secondary importance as a listener develops a mature
understanding of the videotext." (Gruba, 2004, p.51)

3.3.1.4 Strategy Use and Instruction

Videotext has also been the focus of some instruction research where the primary focus
was on examining the e�ects of di�erent strategy instruction on videotext comprehen-
sion. Compared to other L2 video research, there are relatively very few studies in this
line of research. For instance, Seo (2005) and Cross (2009) explored the impact of strategy
instructions on improving learners’ comprehension of news videotexts and both studies
could not con�rm the positive impact of strategy instruction as learners in the control
group showed signs of improvement as well.

3.3.1.5 Advanced Organizers

As for advanced organizers, i.e., materials that help listeners activate context knowledge
and prior knowledge (Ausubel, 1960), a few studies have shown that advanced organizers
appear to be e�ective in aiding L2 learners to comprehend video content. Regardless of
what modality it is presented in, written (Jafari & Hashim, 2012), aural (Chung & Huang,
1998) or an aural advance organizer accompanied by pictures (Wilberschied & Berman,
2004), the use of advance organizers seems to be bene�cial for L2 videotext comprehen-
sion: but how helpful it is with more di�cult videotext is still unknown.

3.3.2 Videotext Di�culty in L2 Video Research

My examination of past research showed that 1) videotext di�culty has never been stud-
ied explicitly as a primary research variable and 2) it was not considered as a confounding
variable—whose impact might in�uence or moderate variables under investigation—in
most studies (70%). Indeed, there was a tendency until recently to downplay the role
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of videotext di�culty. I found this slightly odd because videotext di�culty impact lan-
guage learners’ watching behaviors, emotions, and ability to comprehend the text. In my
view, not controlling for videotext di�culty in second language research, regardless of
the objective of the study and language pro�ciency of the participants, leads to con�icting
results, or even worse, false conclusion.

Research that has accounted for the variability in videotext due to di�culty did so in
several ways (see Figure 3.4). Common approaches for judging videotext di�culty were
teachers’ subjective evaluation (e.g., Seo, 2005), the use of L1 readability formulas (e.g.,
Mestres & Pellicer-Sánchez, 2019), lexical coverage (e.g., Y. Feng & Webb, 2019; Puimège
& Peters, 2019), pilot testing (e.g., Gruba, 2006), or simply adopting already published
materials (e.g., Li, 2015). These approaches su�er from some drawbacks. For example,
the use of readability formulas and reading measures for gauging the level of di�culty in
videotexts ignores the unique nature of videotexts and does not account for the processes
involved in understanding audiovisual materials. The reliance on o�-the-shelf language
learning textbooks or TV shows is problematic because criteria used by publishers in
choosing or designing videotexts are normally not available to the public. Therefore, L2
researchers cannot make an informed decision. More recently, researchers relied on lex-
ical frequency lists as a sole indicator or in combination with speech rate to determine
the di�culty in videotexts, but it is not clear how researchers decided to use, for example,
words from K. Perhaps a less problematic approach involves pilot-testing videotexts with
a small group of learners or asking a committee of experts to check the appropriateness
of videotexts before running the main study (e.g., Gruba, 2006; Seo, 2005) But again, sub-
jective evolution of such nature may render results that are not generalizable to other
contexts.

To recap, videotext has attracted considerable attention, especially of late. While re-
searchers have investigated di�erent uses and aspects of videotexts, it was video caption
and subtitle research that breathed a new life into L2 video research. Indeed, out of 15
studies published in 2019, 10 studies were concerning the use of video captions or sub-
titles. It was also found that information about the videotext and its content was either
not provided or provided but vaguely described. Nor were there any detailed descriptions
of language and visual imagery used in the videotext. Unfortunately, in the absence of
such information, reliable inferences and conclusions cannot be readily made from these
studies.

As far as videotext complexity or di�culty is concerned, there has been no systematic
investigation directed towards understanding videotext di�culty and complexity in L2.
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Figure 3.4: How Videotext Di�culty was Assessed in L2 Video Research

What is more, videotext di�culty is rarely conceived as a confounding factor that might
in�uence the outcomes of the studies and hence their generalizability and reproducibility.
By way of illustration, research on the e�ects of video captions has generally adopted an
experimental research design where one group of language learners watch a captioned
video and the other group watch a video with no caption. If presented with linguistically
di�cult videotexts, learners are most likely going to rely on video captions to understand
the videotext. And by the same token, if the videotext is easy, and on a topic that the
learner is interested in, it is more plausible that the language learner pays less attention
to caption and more attention to the videotext (Yeldham, 2018). In a recent caption study
in which an eye-tracking technology is used, Gass, Winke, Isbell, and Ahn (2019) con-
cluded that "there may be a zone within which captions are most useful, perhaps centered
where the content di�culty level is not too far above or below a learner’s ability level” (p.
88). The same leniency for considering the impact of videotext di�culty is also seen in
many studies in the other research areas, including language assessment and vocabulary
learning.

As might become clear by now that my review of the literature was not very helpful in
ascertaining what makes a videotext di�cult for language learners. There is, as such, a
clear void in the literature that needs to be �lled. To build an understanding of videotext
di�culty, I review and discuss key principles and concepts from the �eld of discourse
comprehension and visual narrative comprehension.
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3.4 Empirical Evidence of Complexity

De�nitional and operational issues aside, it should be noted that videotext di�culty is not
a unitary construct but rather a multifaceted and multilayered one that is the resultant of
the interaction of many factors pertaining to the text, task, and learner. In this section,
I only review and synthesize empirical evidence of verbal and visual complexity from
various research �elds and domains. In examining empirical evidence, what theory they
lend support to and from which research discipline they originate bear less importance.
What matters is there is abundant evidence supporting a particular claim.

3.4.1 Verbal Complexity

Undeniably, language is the primary bearer of information in videotext. For language
learners, who are still at the early stages of their language learning development, it is
very reasonable to assume that many of the di�culties they encounter arise from their
limited knowledge of the target language. A large body of research has interrogated sev-
eral aspects of language that seem to be more problematic for language learners. In this
thesis, I use the term “video verbal complexity” as an umbrella term to refer to all of these
aspects, including issues related to acoustic, phonological, lexical, semantic, syntactic,
and discoursal complexity. Although there is a burgeoning literature covering each of
these aspects, I only explore key indicators of complexity that are directly relevant to
the investigation pursued in this thesis. For a broader review of factors, including a�ec-
tive and contextual factors, a�ecting listening comprehension in L2, I refer the reader to
Vandergrift and Goh (2012).

3.4.1.1 Acoustic and Prosodic Complexity

Language learners need to have a working knowledge of the acoustic and prosodic sys-
tem of the target language to mitigate di�culties due to variability in speech, e.g., acoustic
dissimilarity. This section reviews research particularly germane to acoustic and prosodic
characteristics of spoken language that impair speech processing in L2, including, for ex-
ample, accented speech, speech rate, articulation rate, pauses, and speech dis�uencies.
The review draws on L1 studies where there is a gap in the available L2 literature. Sum-
mary of the key �ndings is presented in Table 3.1
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3.4.1.1.1 Accented Speech

Even in one’s �rst language, listening to an unfamiliar accent can be challenging and
listeners may experience di�culty and a delay in recognizing unfamiliar spoken utter-
ances (Major, Fitzmaurice, Bunta, & Balasubramanian, 2005; Weil, 2001). To cope with
this situation, listeners must adapt quickly to the variations in the linguistic form. The
di�culty in the adaption increases when the listener’s and speaker’s language variety
diverge phonologically and phonetically. Therefore, it is logical to say that the e�ect of
accent is further exaggerated in the case of second language listeners, especially for those
at the beginning level of language pro�ciency. It is also understood that L2 learners are
more likely to be less familiar with di�erent accents in their L2, especially uncommon or
regional ones. Previous studies investigating the e�ect of unfamiliar accents on compre-
hensibility have recurrently showed empirical evidence indicating a direct relationship
between unfamiliar accent and speech comprehensibility (Adank, Evans, Stuart-Smith, &
Scott, 2009; Floccia, Butler, Goslin, & Ellis, 2009; Major et al., 2005; Smith & Bisazza, 1982).

In one of the earliest studies, Smith and Bisazza (1978) or (Smith & Bisazza, 1982), for
instance, presented L2 learners of English from Hong Kong, India, the Philippines, Japan,
Taiwan, and Thailand with identical passage spoken by non-native (Indian and Japanese),
and native (American) speakers of English. The study found that the United States speaker
was signi�cantly easier to comprehend than the Japanese speaker, who in turn was sig-
ni�cantly easier to comprehend than the Indian speaker. Similarly, Major et al. (2005)
explored whether L2 learners experience di�culty comprehending regional (Southern
American English), ethnic (African American English), and international dialects of En-
glish (Australian English, and subcontinental Indian English) more than Standard Ameri-
can English. After listening to lectures delivered in one of these dialects, L2 learners took
a listening comprehension test. The results showed that L2 learners scored signi�cantly
lower on the tests hearing ethnic and international dialects of English, but no signi�-
cant di�erence was found on their scores when hearing regional dialect and Standard
American English. The �nding of Major and colleagues’ study suggest that L2 learner’s
familiarity with the speaker’s accent seems to have an impact on their listening compre-
hension.

Recently, Ockey and French (2016) conducted a study to determine the impact of the
strength of accent on listening comprehension of lectures. In their study, more than 21,000
TOEFL iBT test takers listened to monologic lectures narrated by English speakers (Amer-
ican, Australian, and British) who were selected based on a judgment of their strength of
accent. The �ndings demonstrated that the strength of accent and familiarity do a�ect
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listening comprehension, and these factors a�ect comprehension even with quite light
accents. The same �nding was also observed with L2 learners listening to interactive
lectures (Ockey, Papageorgiou, & French, 2016).

By and large, the vast majority of research on the e�ect of speaker accent seems to sug-
gest a direct relationship between accent familiarity, and speech comprehensibility and
intelligibility. However, some studies failed to observe any signi�cant e�ect of accented
speech on L2 listening comprehension. For example, in her study, Abeywickrama (2013)
tested the comprehension of Brazilian, Korean, and Sri Lankan English after listening to
passages spoken in four di�erent varieties of English. The �ndings of her study showed
no impact of accented speech on learners’ performance on the listening tests. One possi-
ble explanation for the contradictory �ndings of previous studies, as noted by Ockey et al.
(2016), can be ascribed to the di�erent de�nitions and operationalization of the construct
adopted by researchers. Moreover, there seems to be a myriad of other factors that seem
to work against learner’s ability to comprehend an accented speech, including, for exam-
ple, environment noise (Adank et al., 2009), speech rate (Matsuura, Chiba, Mahoney, &
Rilling, 2014) and whether or not listening to an English speaker with whom they share
language background (Kang, Thomson, & Moran, 2018; Major, Fitzmaurice, Bunta, & Bal-
asubramanian, 2008).

3.4.1.1.2 Speed of Delivery

It is widely acknowledged that fast speech makes processing, decoding, and recognizing
spoken words much harder, and “when speech rate reaches a critical level, comprehension
becomes all but impossible” (Renandya & Farrell, 2011, p. 53). For language learners
who are still developing their bottom-up listening abilities, listening to a speech at a
normal speed or even at a slow speed is generally perceived to be too fast by beginning
language learners (Flowerdew & Miller, 1992; Graham, 2006; Renandya & Farrell, 2011).
However, evidence from research on speech rate is so far inconclusive. Several studies
have demonstrated that listening comprehension tends to decline when speech rate is
fast (Brindley & Slatyer, 2002; Gri�ths, 1990, 1992; Y. Zhao, 1997). For example, Gri�ths
(1990) explored the impact of three speech rates–200, 150, and 100 words per minute
(WPM)–on listening comprehension. The results demonstrated a signi�cant reduction
in comprehension when passages delivered at speech rates of 200 WPM/ 3.8 Syllables
per second (SPS), but comprehension scores on passages delivered at slow rates did not
signi�cantly di�er from those delivered at an average rate. In a later study, Gri�ths (1992)
had 24 intermediate EFLs to listen to three stories delivered with a greater spread between
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Table 3.1: Acoustic and Prosodic Complexity, their Impact & Supporting Empirical Evi-
dence

Hypothesized Impact Empirical Evidence

Speaker accent

Unfamiliarity with speaker
accent may negatively im-
pact spoken text comprehen-
sion

(Ockey & French, 2016;
Ockey et al., 2016; Roy, Su-
san, Ferenc, & Chandrika,
2005)

Speech rate Faster speech is more di�cult
than slower speech. (Brindley & Slatyer, 2002)

Dis�uencies

Filled and silent pauses may
improve comprehension be-
cause they add extra process-
ing cues for the listener.

(J. E. Arnold, Kam, &
Tanenhaus, 2007; Cevasco
& van den Broek, 2016)

Connected speech

Connected speech may a�ect
the listener’s ability to recog-
nize and process spoken ut-
terances.

(Henrichsen, 1984; Tuin-
man, Mitterer, & Cutler,
2012; S. Wong et al., 2017;
S. W. Wong et al., 2017)

Rhythmic variability

Rhythmic variability may
help listeners to predict
when semantically impor-
tant information will occur
in speech.

(Allen & Hawkins, 1980;
Cutler & Otake, 1994)

Intonation (pitch)

Changes in pitch may in-
�uence lexical processing of
spoken input, especially in
tone-based languages.

(Beach, 1991; Cutler,
Dahan, & Van Donselaar,
1997; Price, Ostendorf,
Shattuck-Hufnagel, &
Fong, 1991)

Phonotactic probabil-
ity

Words with high phonotactic
probability are more likely to
be processed, segmented, ac-
quired, and produced.

(Bradlow & Pisoni, 1999;
Mintz, Walker, Welday, &
Kidd, 2018; Vitevitch &
Luce, 2004)

Phonological Neigh-
borhood e�ect

Spoken word perception
and production are a�ected
by the degree to which the
sound pattern of a given
word is similar to other
phonological patterns in
memory

(Luce & Pisoni, 1998; Vite-
vitch, 2007)
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speech rates; slow (approximately 127 WPM), average (approximately 188 WPM), and fast
(approximately 250 WPM). The results showed that a more signi�cant di�erence between
comprehension at a slow and fast rate. Instead of manipulating speech rate, Y. Zhao
(1997) allowed each participant to adjust the speed of their listening passage and observed
that participants comprehended better when they had control of their speech rate, and
improved comprehension was achieved by slowing down the speech rate.

However, other studies have found moderate or no signi�cant e�ect of speed of delivery
on listening comprehension. For example, Blau (1990) found recording a speech at normal
speed (approximately 170 wpm) and slowing it to 145 wpm did not signi�cantly improve
the listening comprehension level of more advanced English majored Polish university
students and less advanced Puerto Rican learners enrolling ESL courses. In a second ex-
periment, Blau (1990) compared the e�ect of speed and adding pauses. The results, overall,
suggested that speech with pauses was consistently the most comprehensible whereas the
reduced speech rate was the least comprehensible, especially for more advanced language
learners.

It is important to note that it is still unclear yet at what speech rate L2 listening becomes
easier or harder, and researchers have proposed di�erent threshold levels around which
listening becomes harder (Chang, 2018). Y. Zhao (1997) noted that what speech rate was
considered to be ‘normal’ in previous studies was chosen arbitrarily by researchers, which
undermined the generalizability of their �ndings. Furthermore, Y. Zhao (1997) asserted
that the perception of whether a speech is fast or slow varies from one learner to an-
other, and di�erences in learning style and language pro�ciency also impact how speech
is perceived.

Another methodological issue is that researchers have employed various measures for
determining speed delivery, including word per minute (WPM) and syllables per second
(SPS). Despite being commonly used, WPM has the shortcoming of not controlling for
word length; that is, it is plausible that two utterances have similar WPM values, yet one
could contain largely monosyllabic words while the other could contain multisyllabic
words (Bloom�eld et al., 2010; Gri�ths, 1990, 1992). Although SPS takes account of vari-
ation in the number of syllables per word, it may indicate an articulatory rate as opposed
to speech rate (Bloom�eld et al., 2010). Articulatory rate, unlike speed rate, excludes silent
intervals that exceed a certain threshold. This threshold aims to preserve silent intervals
that correspond to articulatory gestures while eliminate those corresponding to pauses
related to speech planning or dis�uencies. The values of such thresholds, however, vary
in literature ranging anywhere from 150–250 ms or longer (e.g. Tsao, Weismer, & Iqbal,
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2006). While both speech rate and articulatory rate are concerned with speech produc-
tion, speech rate provides a global measure of speed that incorporates pausing time. To
fully capture speed delivery, Bloom�eld et al. (2010) suggested combining a speech rate
measure with an articulation rate calculated by excluding silent pauses, because pausing
may facilitate comprehension.

Following Bloom�eld and colleagues’ recommendation and to sidestep the limitation in
previous studies, Brunfaut and Révész (2015), and Révész and Brunfaut (2013) included
three measures of speed of delivery in their studies: articulation rate (number of syllables
per second excluding pause time), speech rate (number of syllables per second including
pauses), and number of pauses (silent periods exceeding .25 s.) per second. However,
neither of the two studies found the speed of delivery measures to contribute to listening
di�culty. It is worth noting that the speech samples in both studies were relatively small
(18 and 30 short passages).

The con�icting results of existing work may suggest that there are perhaps other con-
founding factors that make language learners perceive speech to be fast, including un-
familiar accent, audio quality, text di�culty, topic unfamiliarity, and whether a text is
scripted or unscripted (Bloom�eld et al., 2010; Chang, 2018). Matsuura et al. (2014) in-
vestigated the interaction between accented speech and speech rate and observed that
reducing speech rate helps Japanese university students studying EFL in Japan to com-
prehend a less familiar English (Indian English).

3.4.1.1.3 Dis�uencies and Pauses

Speech, especially spontaneous speech, is rarely continuously �uent and is typically re-
plete with dis�uencies, such as pauses, hesitation, and false starts. These dis�uencies
occur up to six times per hundred words of speech (Tree, 1995). Historically, dis�uen-
cies in the speech were once thought to serve no function, but recent psycholinguistic
research suggests that dis�uencies serve rhetorical and communicative purposes, such as
orienting the listener’s attention (Collard, Corley, MacGregor, & Donaldson, 2008), pro-
viding clues about what the speaker is about to describe (Corley & Hartsuiker, 2003), and
leading listeners to expect new information (J. E. Arnold, Fagnano, & Tanenhaus, 2003).
Though few in numbers, studies on the role of silent and �lled (e.g. um, uh) pauses on
second language listening demonstrated that they aid listening comprehension, mainly
because they allow for extra time for processing input (Blau, 1990; Buck, 2001). Pauses
seem to bene�t low-pro�ciency learners more than high-pro�ciency learners, who might
�nd frequent pauses distracting (Watanabe, Hirose, Den, & Minematsu, 2008).
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There is little research on the impact of dis�uencies on L2 text comprehension. Previous
research generally found that dis�uencies seem to facilitate spoken text comprehension,
especially for more pro�cient listeners (Bloom�eld et al., 2010; Cevasco & van den Broek,
2016). Researchers such as Blau (1990) and Watanabe et al. (2008) provided empirical
evidence for the positive role of �lled pauses on improving L2 spoken text comprehension
because they allow for more processing time (Buck, 2001). The role of dis�uencies in L2
text comprehension. Researchers also found that the e�ects of �lled pauses and silent
pauses may depend on the listener’s language pro�ciency, and beginner learners seem to
bene�t the most from pauses in speech than advanced learners.

3.4.1.1.4 Rhythm and Pitch

Rhythm and pitch are two acoustical properties of sound that have been shown to im-
pact speech processing, word recognition, and resolve syntactic ambiguity (Beach, 1991;
Roncaglia-Denissen, Schmidt-Kassow, & Kotz, 2013). Rhythm is responsible for arrang-
ing speech into a pattern of recurrent temporal units or events and languages vary in
their rhythmic organization. In particular, rhythm plays a critical role in speech compre-
hension as it helps listeners to “track, segment, anticipate, and focus attention on high
yield aspects of the speech signal and to facilitate recognition and prediction of syntactic
and semantic relationships among words and phrases in continuous speech” (Liss, Utian-
ski, & Lansford, 2013, p. 5). The perception of rhythmic cues plays an important role
in recognizing spoken language, especially in adverse listening conditions and it helps
to resolve syntactic ambiguity (Roncaglia-Denissen et al., 2013). Pitch refers to the de-
gree of highness and lowness of speech and it is the acoustic equivalent of intonation. In
stressed-based language, like English, variability in pitch plays a critical role and it helps
listeners to recognize words from speech. Infants, as young as 7 months can recognize a
word if it is presented in a di�erent amplitude but not in a di�erent pitch (Singh, White,
& Morgan, 2008).

In the context of second language listening, relatively little research has been directed
towards understanding how rhythm and pitch may help L2 listeners. Révész and Brunfaut
(2013) explored the role of several phonological factors, including phonotactic probability,
frequency of elisions, rhythm, and pitch, on L2 listening comprehension di�culty but
observed no signi�cant role of these factors on L2 learners’ listening comprehension.
The researchers partly attributed this �nding to the fact that all of the listening passages
were narrated by the same speaker who spoke standard British English and read from
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the scripted texts. To date, little is known about the role of suprasegmentals on videotext
di�culty.

3.4.1.1.5 Phonological Complexity

Spoken language is often characterized by assimilation as well as unclear articulation,
and lexical units are not necessarily as clearly marked as in written texts. This means
listeners are often forced to make inferences about word boundaries based on incom-
plete acoustic information (Stæhr, 2009). This lack of clarity of spoken language makes
the ability to segment and recognize words in continuous speech essential for successful
L2 listening comprehension. In this section, I discuss several aspects of language that
have been shown to make spoken text perception more challenging, including connected
speech, phonotactic probability, and phonological neighborhood density.

3.4.1.1.6 Connected Speech

Connected speech or sandhi variation (e.g., can’t and I’ll) is a de�ning characteristic
of spoken language and it is more prevalent in an informal speech than formal speech
(Brown, 2012; Field, 2003). Connected speech has been claimed to negatively a�ect spo-
ken text comprehension because the phonemic information missing in the aural input
makes the recognition of forms and syntactic patterns more di�cult (Rubin, 1994). In one
of the earliest L2 studies on connected speech, Henrichsen (1984) compared the impact of
sandhi variations on spoken text comprehension and found that texts that include sandhi
variation are more challenging for second language listeners when compared to native
speakers. This �nding is expected because in processing speech listeners have a shorter
time to process incoming input and hence it becomes more di�cult for less pro�cient
listeners to decode all incoming information.

Révész and Brunfaut (2013) found the e�ect of reduced forms on listening passage not
a signi�cant predictor of listening di�culty. However, the listening texts in Révész and
Brunfaut (2013) were scripted and delivered by actors, which might have decreased item
variation. In a recent study, S. W. L. Wong et al. (2015) explored the interactions among
various phonological skills (spoken word discrimination, part-word recognition, phone-
mic awareness, vocabulary knowledge, and phonological memory) thought to underlie
the perception of English reduced forms in Chinese undergraduate ESL learners. The re-
sults of regression analyses revealed that reduced form dictation signi�cantly predicted
generally spoken text comprehension. Other factors may also impact the perception of re-
duced forms in continuous speech such as the adversity of the surrounding environments
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(S. W. L. Wong et al., 2015) and learner’s native language which may place phonotactic
constraints on what they hear (Ernestus, Kouwenhoven, & van Mulken, 2017).

3.4.1.1.7 Phonotactic Probability

Phonotactic probability refers to “the frequency with which phonological segments and
sequences of phonological segments occur in words in a given language” (Vitevitch &
Luce, 2004, p.481). In English, for instance, initial /spr-/ is a possible phonotactic sequence,
whereas /spm-/ is not (Crystal, 1994). Several empirical studies have con�rmed the in�u-
ence of phonotactic probability on L1 language processing and comprehension by infants
(Mattys & Jusczyk, 2001; Mintz et al., 2018) and adults (McQueen & Pitt, 1998). More
speci�cally, words with high phonotactic probability are more likely to be segmented,
acquired, processed, and produced.

One method for computing the phonotactic probability relies on averaging unigram or
bigram positional probabilities across a word, that is how often a certain segment occurs
in a particular position in a word (Vitevitch & Luce, 2004). While there is a considerable
body of research suggesting the in�uence of phonotactic probability in L1, there is only
a handful of studies that investigated the role of phonotactic probability on L2 listening
comprehension (Bradlow & Pisoni, 1999; Révész & Brunfaut, 2013). For example, in their
study Révész and Brunfaut (2013), gauged the phonotactic probability for 18 transcribed
passages in terms of mean positional segment frequency and mean biphone frequency
and found no signi�cant impact of phonotactic probability on L2 listeners comprehension.
Révész and Brunfaut (2013) attributed this �nding to the fact that all listening passages
in their study were narrated by one speaker, who spoke standard British English and
read from scripted texts, which resulted in low phonotactic variation. Consequently, the
authors called for further research as there are very few studies that have explored the
impact of phonotactic probability on L2 listening.

3.4.1.1.8 Phonological Neighborhood Density

The phonological neighborhood refers to words that are di�erent in one and only one
phoneme (Vitevitch & Luce, 2016). Phonological neighborhood density is a measure of
how many neighbors a certain word has (Yao, 2011). A considerable body of research has
demonstrated that both spoken word perception and production are a�ected by the degree
to which the sound pattern of a given word is similar to other phonological patterns in
memory (see Vitevitch & Luce, 2016, for an extensive review). Speci�cally, words that are
similar to many other words are processed more slowly and less accurately than words
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that are similar to only fewer words (Luce & Pisoni, 1998; Vitevitch, 2007). While previous
research has mainly concentrated on native language processing and production, there
seems to exist no prior research investigating how phonological neighborhood impacts
processing second language videotexts and to what degree the presence of phonological
neighbors in videotext contribute to its complexity.

3.4.1.2 Lexical Complexity

Over the past two decades, a growing body of language studies has interrogated the rela-
tionship between lexical complexity and the comprehension of written and spoken text
(Brunfaut & Révész, 2015; Révész & Brunfaut, 2013), writing quality (Crossley & Mc-
Namara, 2012), vocabulary learning and development (Hashimoto & Egbert, 2019), and
overall language competency. One particularly fruitful area of L2 receptive research has
explored the relationship between lexical complexity and L2 text di�culty (Brunfaut &
Révész, 2015; Révész & Brunfaut, 2013). To date, comparatively little research has ad-
dressed the issue of how lexical complexity contributes to written and spoken text di�-
culty in L2, and, particularly, scant attention has been paid to the investigation of lexical
complexity in videotext. Nonetheless, the studies that do exist have identi�ed some as-
pects of lexis that seem to in�uence comprehension of spoken texts (Brunfaut & Révész,
2015; Matthews & Cheng, 2015; Révész & Brunfaut, 2013; Stæhr, 2009).

The contemporary view of lexical complexity—also labeled as lexical richness (see, e.g.,
Read, 2000)—asserts that it is a multidimensional, multifaceted construct that generally
encompasses three interconnected facets; lexical sophistication, lexical density, and lex-
ical diversity (Lu, 2012). Various metrics and measures have been proposed to tap into
these three dimensions of lexical complexity. Many of these metrics have been extensively
examined in second language studies and were found to be reliable and valid indices for
both receptive and productive language skills. However, to our knowledge, no previous
research has explored to what extent these indices can be used as reliable and valid mea-
sures of lexical complexity in L2 videotext di�culty. Because visual information plays a
critical role in language processing and understanding (Ferreira, Foucart, & Engelhardt,
2013; Knoeferle & Guerra, 2016), it is reasonable to suggest that processing and recogniz-
ing words in videotexts is not the same as in audio-only texts.

3.4.1.2.1 Lexical Sophistication

Lexical sophistication or rareness generally refers to the proportion of sophisticated or
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di�cult words in text (Laufer & Nation, 1995). While the de�nition of sophisticated or
di�cult words has yet to be agreed upon (Daller, Milton, & Tre�ers-Daller, 2007), sophis-
ticated lexis has been associated with infrequent or uncommon words. This conceptual-
ization is motivated by the assumption that less frequent words in natural language are
less likely to be known, hence not recognized by language learners (Ellis, 2002; Gries &
Ellis, 2015). Beyond frequency, there has been little consensus among researchers on how
lexical sophistication should be de�ned (Kim, Crossley, & Kyle, 2018; Milton, 2009). For
instance, sophisticated words have been identi�ed as those that are less concrete and less
imageable (Saito, Webb, Tro�movich, & Isaacs, 2016; Salsbury, Crossley, & McNamara,
2011), words that are acquired at a later age, words that are widely used in academic con-
texts (Coxhead, 2000), words that are contextually less diverse (McDonald & Shillcock,
2009), and words that elicit slower response times in lexical decision and naming tasks
(Balota et al., 2007).

In the sentence processing literature, word di�culty has been linked to word surprisal.
According to the surprisal theory (Hale, 2001; Levy, 2008), the processing di�culty in-
curred by a word is inversely proportional to its expectancy. That is, the less expected a
word is in a given context, the higher its surprisal, and hence the greater its processing
demand.

Beyond counting the frequency of sophisticated words, recent investigations have ex-
panded the scope of the construct by considering various other lexical features, includ-
ing, but not limited to, hypernymy, polysemy, and psycholinguistic word norms (Kim et
al., 2018; Kyle & Crossley, 2016). Findings of this line of research have generally demon-
strated that certain aspects of lexical sophistication tend to aggregate and overlap among
each other, suggesting that they form consequently new (latent) variables. For instance,
Kim et al. (2018) explored if a wide set of lexical sophistication indices (e.g., concrete-
ness, orthographic density, hypernymy, and n-gram frequency and association strength)
can be aggregated into co-occurring features (components) and whether these micro-
features were predictive of language abilities (i.e., L2 writing pro�ciency and L2 lexical
pro�ciency) as well as indicative of longitudinal lexical growth. The results of the prin-
cipal components analysis showed a strong overlap or interconnectivity among several
indices of lexical sophistication forming as such several dimensions or components. These
components explained a considerable amount of variance in L2 lexical and writing pro�-
ciency and revealed developmental trends in L2 beginning learners’ use of lexis over one
year. The �ndings of this study suggest that lexical sophistication is more likely a multi-
dimensional, multifaceted construct, that goes beyond lexical frequency. In the sections
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that follow, I will review some lexical proprieties that have been proposed to contribute
to lexical sophistication.

Lexical Frequency

Corpus-based lexical frequency is the hallmark measurement of lexical sophistication.
Frequency analysis is grounded on Zip�an law which posits that a small number of word
types occurs very frequently in a language and makes up the majority of running words
in text (Zipf, 1945). This phenomenon has been the locus of extensive research in cor-
pus linguistics and vocabulary studies and a large body of empirical evidence con�rmed
its critical role on text comprehension, vocabulary learning, and language development.
In essence, it is believed that words occurring more frequently in natural language are
learned earlier, processed more quickly, and retrieved with greater accuracy than low-
frequency words (Balota & Chumbley, 1984; Kirsner, 1994). Because language learners are
regularly exposed to more frequent words than less frequent words, they are expected to
acquire the most frequent words �rst and as they progress in their language development
they learn less frequent words later (Muljani, Koda, & Moates, 1998)

Lexical frequency has almost always been operationalized in reference to large standard
corpora of written and spoken texts such as the 100-million word British National Corpus
(BNC: Leech & Rayson, 2014) and the 450-million word Corpus of Contemporary Amer-
ican English (COCA: Davies, 2010). To estimate word frequency, L2 researchers have
generally used two main approaches, namely a band-based and count-based frequency
approach (Crossley, Cobb, & McNamara, 2013). In the band-based approach, frequency
bands are developed in multiple steps. First, word families (in�ections and obvious deriva-
tions) are given a frequency rating based on the sum of all of the members of the word
family and then a cuto� threshold is decided to group words into lists of word fami-
lies. These word families are then re�ned based on word distribution or range and genre
considerations (spoken and written). Finally, word families are assembled into bands, so
that a text can be said to have 80% of words belonging to the K1 most frequent words.
Measures based on the former approach often involve calculating the percentage or pro-
portion of words that appear in the frequency bands derived from large corpora (BNC:
Leech & Rayson, 2014) and (CELEX: Baayen, Piepenbrock, & Gulikers, 1995). Examples
of these indices include Lexical Frequency Pro�les (Laufer & Nation, 1995) and P_Lex
(Meara & Bell, 2001). On the other hand, the frequency-based approach (Tuldava, 1996)
often involves averaging all individual word frequencies in a text to a one-integer overall
frequency rating of the text. To illustrate this point using an example provided by Cross-
ley et al. (2013), the frequency value of the sentence “the cat sat on the mat” based on
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the BNC frequency norms would be as follows: The (6,041,234) cat (3844) sat (11,038) on
(729,518) the (6,041,234) mat (569) and the average word frequency value for the sentence
is 2,137,906.17 (SD = 3,036,494.47).

In terms of their utilities, measures based on the two approaches have their advantages
and disadvantages. For example, one apparent advantage of the band-based approach
is the sense of clarity and interpretability that come with a grouping that can be of use
to language teachers, course designers, and researchers. However, grouping words onto
bands of word families lead to fewer distinctions among words, and hence nuance de-
tails may not be captured (Crossley et al., 2013). According to Milton (2009), “there is no
absolute rule as to what point at which a word stops being frequent and become infre-
quent” (p.131). On the other hand, the count-based approach does not assume that words
should be arbitrarily divided into groups or bands of 1000 word families. It relies on large
reference corpora to calculate individual word frequencies. Previous work showed some
evidence that the use of count-based frequency indices for capturing �ner details of lexical
sophistication (Crossley, Salsbury, McNamara, & Jarvis, 2011; Kyle & Crossley, 2015). A
key limitation of this approach, however, is the lack of interpretability which makes gain-
ing insights to inform pedagogical practices more di�cult (Crossley et al., 2013; Crossley,
Salsbury, et al., 2011).

The chosen approach notwithstanding, the word frequency e�ect is well-promulgated
and its impact on text comprehension has been empirically con�rmed. Given that and
the instrumental role of word knowledge on text comprehension, it is reasonable to sug-
gest that text with a greater proportion of less frequent lexis poses a greater processing
challenge for language learners. However, previous research on L2 spoken text di�culty
has generally brought inconclusive �ndings. For example, Nissan, DeVincenzi, and Tang
(1995) found that TOEFL test takers experienced greater di�culty comprehending dia-
logue items that contain infrequent words (i.e., a word not included in Berger’s list (1977)
of 100,000 common words). While also using Berger’s list, Kostin (2004) found no signi�-
cant impact of infrequent words on listening di�culty, but her �ndings have also demon-
strated that dialogues tended to be more di�cult when comprehension of less frequent
vocabulary was required to respond correctly.

In a more comprehensive study of listening task di�culty, Révész and Brunfaut (2013)
investigated whether speech rate, linguistic complexity (e.g., phonological, lexical, syn-
tactic, and discourse complexity), and explicitness of spoken texts in�uence advanced
language learners’ comprehension performance. For assessing lexical frequency in their
study, Révész and Brunfaut (2013) utilized West’s General Service List of English Words
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to calculate the percentage of all words, function words, and content words appearing in
the list’s �rst (K1) and second thousand (K2) most frequent English word families. The
�ndings of regression analysis demonstrated that the proportion of K1 function words
and lexical density had a strong e�ect on listening di�culty, accounting for 40% of the
variability in listening comprehension. In contrast, other studies failed to observe a rela-
tionship between lexical frequency and spoken text di�culty (Yanagawa & Green, 2008;
Ying-hui, 2006).

N-gram Frequency and Formulaic Expression

It is understood that multiple lexical items act as a single item and they aid listeners (Wray,
2000). In addition to counting the frequency of individual lexical items in a text, L2 re-
searchers have also explored whether the presence of formulaic expressions—multiword
units whose meanings are distinct from those of their individual parts—contributes to lis-
tening di�culty (Brunfaut & Révész, 2015; Révész & Brunfaut, 2013; Ying-hui, 2006). The
overall �nding of these studies demonstrated that the presence of formulaic expressions
in spoken texts has no signi�cant impact on L2 listening di�culty. This �nding is unex-
pected and runs counter previous studies (Ellis, Simpson-vlach, & Maynard, 2008; Kostin,
2004), in which formula expressions appeared to increase listening demands.

Alongside issues related to selecting an appropriate word list, the majority of listening
research has generally regarded lexical frequency as a dichotomous factor (i.e. whether
a text has low-frequency words or not) and failed to account for the quantity of low-
frequency words and their nature across spoken texts, with an exception of Brunfaut and
Révész (2015) and Révész and Brunfaut (2013) who also counted the frequency of low-
frequent words in their investigations.

Because frequency measures are based on how many times a word or word family occurs
in a corpus as a whole, they might not accurately capture how widely a particular word
or word family is used in the corpus (Kyle & Crossley, 2015). Alternatively, measures
of word range, also known as dispersion and contextual diversity, are often used (Gries,
2008), usually by counting in how many documents in the corpus a word occurs. There
seems to be no previous listening research that has explicated range indices and how they
might contribute to our understanding of spoken or video texts.

Psycholinguistic Properties of Word

Cognitive scientists and psycholinguists have long been interested in exploring what
properties of the word a�ect their processing and learnability (Grainger, 1990; Whaley,
1978). Among several attributes of words, the psycholinguistic proprieties of concreteness,
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meaningfulness, imageability, word familiarity, and age of acquisition have been investi-
gated in text complexity and readability literature. These word attributes or norms have
been empirically found to interact with lexical processing speed and accuracy. Concrete-
ness refers to the extent to which content words in a text refer to concrete objects/events
or abstract concepts/ideas. A word can be said to be concrete, if one can simply point
to the object it signi�es (e.g., a chair or an apple), while if a word can be only described
by other words (e.g., happiness), it can be considered more abstract (Brysbaert, Warriner,
& Kuperman, 2014). There is ample psycholinguistic evidence that shows processing ab-
stract words is more challenging than concept words (Paivio, Walsh, & Bons, 1994). Mean-

ingfulness refers to how a word is closely related to other words (Toglia & Battig, 1978).
Word imageability refers to how easy is to create a mental image of the word. Word
familiarly is closely related to the lexical frequency and it describes how commonly a
word is experienced. Age of acquisition score is based on human judgments of the age at
which a particular word is learned (Kuperman, Stadthagen-Gonzalez, & Brysbaert, 2012).
The other measures are based on adults’ ratings of content words on 7-point scales, with
higher scores re�ecting easier processing. Perhaps the most common repository for lin-
guistic and psycholinguistic information on English word attributes is the Medical Re-
search Council (MRC) psycholinguistic database (Coltheart, 1981; Wilson, 1988). MRC
database includes scores of subjective human judgments on 26 di�erent linguistic and
psycholinguistic attributes of as many as 150,837 English words.

3.4.1.2.2 Lexical Density

Originally coined by Ure (1971b), lexical density refers to the proportion of content words
(nouns, verbs, adjectives, and sometimes adverbs) to the total number of words in a text.
Content words, as opposed to function words (e.g., preposition, interjections, pronouns,
conjunctions and count words), carry more information in language. Accordingly, lexi-
cal density is generally regarded as an index of information packaging (Johansson, 2009).
Processing texts with high lexical density presumably exerts a greater cognitive load on
L2 listeners (Bloom�eld et al., 2010). Lexical density varies across text types and registers.
For example, when compared to written texts, spoken texts reportedly have a lower lex-
ical density (Halliday & Hasan, 1985), with the majority of spoken texts having a lexical
density of under 40% (Ure, 1971b). How lexical items are de�ned plays an important role
in measuring lexical density.

To date, few studies have examined the role of lexical density on L2 listening compre-
hension di�culty. For example, Buck and Tatsuoka (1998) found that listening di�culty
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tends to increase when a greater percentage of content words surrounded the informa-
tion relevant to task completion. Similarly, Révész and Brunfaut (2013) found that lexical
density was a key predictor of listening task di�culty, explaining 40% of the variance in
language learners’ performance in a listening comprehension test. But in a later study,
Brunfaut and Révész (2015) observed that lexical density had an insigni�cant correlation
with listening task di�culty.

3.4.1.2.3 Lexical Diversity

Lexical diversity is often described as the range and variety of vocabulary deployed in
a text. Often used interchangeably with the terms lexical richness (Tweedie & Baayen,
1998), vocabulary richness (Hoover, 2003), and lexical variation (Read, 2000), measures of
lexical diversity are concerned with how many unique words are in a text, with higher
diversity being associated with a more varied use of lexis. Arguably, a text that contains
a wider diversity of unique words is more di�cult because language learners need to de-
code a large number of unique words in a limited time (Bloom�eld et al., 2010). Previous
studies have found lexical diversity to be a signi�cant predictor of spoken text di�culty
(Révész & Brunfaut, 2013; Rupp, Garcia, & Jamieson, 2001). In their study, Rupp et al.
(2001), for example, found listening item di�culty was commensurate with lexical diver-
sity, as measured by TTR. Révész and Brunfaut (2013), using vocd-D, found a signi�cant
association between lexical diversity and L2 listening success.

Traditionally, lexical diversity is assessed by calculating the ratio of di�erent words (types)
to the total number of words (tokens), the so-called type-token ratio, or TTR (Chotlos,
1944; Templin, 1957). One key problem of TRR and indeed all indices based on word fre-
quency is that their values are a�ected by text length; that is as the number of tokens
increases the likelihood of those tokens being unique becomes very low (H. Heaps, 1978).
To address this issue, researchers have attempted some mathematical transformations on
TTR, for instance, Mean Segmental TTR, Root TTR, and Corrected TTR, but these vari-
ants seem not to overcome the problem entirely.

More recently, several alternative measures of lexical diversity have been proposed in
recent years such as D (Malvern & Richards, 1997; Malvern, Richards, Chipere, & Durán,
2004), Measure of Lexical Textual Diversity (MLTD; McCarthy, 2005; McCarthy & Jarvis,
2010), and the Moving-Average Type-Token Ratio (MATTR; Covington & McFall, 2010),
each purport to measure lexical diversity, while having little or no e�ect of text length.
The D-value is derived, often by computer software such as CLAN (MacWhinney, 2000),
through a series of computations of the TTR on samples of di�erent text lengths (typically
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ranging from 35 to 50 tokens) after which a random sampling TTR curve is computed
(but see McCarthy and Jarvis 2 007, for a critical appraisal of D). McCarthy and Jarvis
(2007) provided theoretical and empirical proof that void-D–speci�cally its sampling and
curve-�tting procedures–has shortcomings and proposed HD-D as a better alternative.
HD-D is similar to D but based on the hypergeometric distribution function (Wu, 1993).
MLTD splitting a text into segments that have a type-token ratio (TTR) value of .72 (see,
McCarthy & Jarvis, 2010, for more details). The total segments in the text are then divided
by the total number of words in the text (the forward value). The whole process is then
repeated starting at the end of the text rather than the beginning (the reverse value). The
forward and reverse values are then summed and divided by 2 for the MLTD value of the
text. MLTD was used in Crossley, Salsbury, and McNamara (2009) and later validated in
(McCarthy & Jarvis, 2010)

While the newer indices implement sophisticated techniques, Tre�ers-Daller, Parslow,
and Williams (2018) found traditional measures of lexical diversity (e.g., TTR and Root
TTR) more e�ective in discriminating between texts of di�erent CEFR levels than more
sophisticated measures (e.g., D, HD-D, and MLTD), provided text length is kept constant
across texts. Besides what approach yields the most accurate account of lexical diversity,
researchers have also debated what constitutes a di�erent word or type (i.e., whether all
vs. some in�ected forms should be considered as tokens of the same type). As shown
in Durán, Malvern, Richards, and Chipere (2004) and Tre�ers-Daller (2013) and later in
Tre�ers-Daller et al. (2018), di�erent lemmatization approaches may generate di�erent
lexical diversity values for the same texts. In the context of L2 research, the decision of
whether to compute indices of lexical diversity based on the word, lemma, or word family
depends on the objectives of the research. That is when the focus is on measuring the
learner’s productive ability (e.g., speaking and writing), lemmatization is probably not the
best option as critical information of the learner’s vocabulary knowledge would be lost.
But when the objective of the research is on learner’s receptive ability then using any
of three measurement units seems reasonable, yet further research is needed to explore
which unit is more e�ective.

It should be noted that it is unclear how word type is operationalized in previous research
on spoken text di�culty (e.g., Brunfaut & Révész, 2015; Révész & Brunfaut, 2013) which
makes comparing �ndings and evaluating approaches di�cult. Another shortcoming of
previous work is the use of an unreliable or single measure of lexical diversity. Because
lexical diversity indices gauge lexical diversity in di�erent ways, using multiple indices
is warranted to capture all aspects of lexical diversity (McCarthy & Jarvis, 2010).
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Table 3.3: Lexical Complexity, their Impact & Supporting Empirical Evidence

Hypothesized Impact Empirical Evidence

Lexical frequency
High-frequency words elicit
shorter processing and �xa-
tion times

(Kuperman et al., 2012)

Lexical density

A text that has more content
words (i.e. noun, verbs, ad-
jectives, and some adverbs)
are more di�cult to under-
stand because content words
carry more information

(Brunfaut & Révész, 2015;
Buck & Tatsuoka, 1998;
Révész & Brunfaut, 2013)

Lexical diversity

The diversity of unique
words in texts leads to more
di�culty because compre-
hender needs to decode
a large number of unique
words

(Révész & Brunfaut, 2013;
Rupp et al., 2001)

Concreteness

A word that refers to an ab-
stract concept or idea is more
challenging than a word that
refers to a more concert ob-
ject.

(Barber, Otten, Kousta, &
Vigliocco, 2013; Paivio et
al., 1994; Schwanen�ugel,
1991)

Age of acquisition

Early-learned words have
an advantage over late AoA
words in lexical processing
speed and accuracy.

(R. M. DeKeyser, 2013;
Saito, 2013)

Familiarity
Familiar words are processed
and recognized faster than
less familiar words.

(Connine, Mullennix, Sh-
erno�, & Yelen, 1990)

Meaningfulness

How a word is related to
other words in meaning. Se-
mantically related words, es-
pecially nouns, are acquired
more easily in �rst languages
than in second languages.
This is because L2 learn-
ers tend to have fewer and
more varied word associa-
tions than do L1 speakers.

(Balota & Chumbley, 1984;
Zareva, 2007)

Imagability

A high-imagery word is more
likely to be recalled because
it evokes a mental image
quickly and easily.

(Strain & Herdman, 1999;
Strain, Patterson, & Sei-
denberg, 1995)
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To recap thus far, lexical complexity is generally assumed to be a componential construct
that con�ates a set of subordinate concepts such as lexical sophistication, density, and
diversity. In the last few years, researchers have begun to interrogate the relationship
between lexical complexity and spoken text di�culty. The �ndings of this research strand
underscore the role of lexical complexity on spoken language understanding. However,
to date, we know little about the interaction between lexical complexity and videotext
di�culty. Given the audiovisual nature of videotext, it is very plausible to hypothesize
that recognizing and processing lexis in videotext is di�erent and the impact of lexical
complexity on videotext may not be the same as on spoken or written texts. However,
such a claim warrants empirical investigation.

3.4.1.3 Syntactic Complexity

Syntactic processing is an essential component in L2 spoken text comprehension pro-
cess (Rost, 2013). Therefore, it is reasonable to assume that texts with greater syntactic
complexity are associated with increased listening di�culty (Révész & Brunfaut, 2013).
Syntactic complexity generally refers to the variety and sophistication of syntactic struc-
tures. Traditionally, syntactic complexity has been measured using a simple measure, the
mean sentence length. However, it is now believed that syntactic complexity is a multi-
dimensional construct with at least three subdimensions: complexity by subordination,
phrasal complexity, and overall complexity (Norris & Ortega, 2009). Over the last decade,
numerous indices and methods have been proposed to tap into these di�erent dimensions
of syntactic complexity. In a recent review of syntactic complexity indices, Norris and
Ortega (2009) warranted that some of the syntactic indices used in previous research are
redundant and measure the same underlying construct and as such, they recommended
researchers to select their indices carefully.

The bulk of previous L2 research on syntactic complexity has been predominantly con-
cerned with the products of language learners, for example, to investigate how syntac-
tic structures become more complex or advance in language learner speech and writing
as they progress in their learning, and very few studies have examined whether di�er-
ent syntactic structures a�ect L2 listening text comprehension and di�culty (Blau, 1990;
Brunfaut & Révész, 2015; Kostin, 2004; Révész & Brunfaut, 2013). The �ndings of previ-
ous studies were mixed. For example, Cervantes and Gainer (1992) found a relationship
between lower-degree subordination and comprehension of short lectures. In their study
on text readability assessment, Vajjala and Meurers (2012) examined the contribution of a
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variety of linguistic complexity features and found 14 syntactic complexity features alone
achieved an accuracy of 71.2% for predicting the grade levels of reading texts. However,
the �ndings of other studies demonstrate no signi�cant e�ect of any of the three sub-
constructs of structural complexity on listening di�culty—complexity by subordination
(Blau, 1990; Brunfaut & Révész, 2015; Kostin, 2004; Ying-hui, 2006), phrasal complexity
(Révész & Brunfaut, 2013), and overall complexity (Révész & Brunfaut, 2013; Ying-hui,
2006).

Recently, Jin, Lu, and Ni (2020) conducted a large-scale study to assess the quantitative
di�erences in syntactic complexity in 3,368 teaching texts in use in teaching 12 EFL grade
levels (primary school Grades 1–6, middle school Grades 1–3, and high school Grades
1–3) in China. The researchers found that 8 syntactic complexity indices had signi�cant
between-level di�erences with moderate to large e�ect sizes and 5 indices were signi�cant
predictors for classifying grade levels.

To sum up, previous studies have brought mixed �ndings regarding the impact of syntac-
tic complexity on spoken text di�culty, and to the best of my knowledge, there has been
no systematic e�ort to investigate the contribution of syntactic complexity to videotext
di�culty.

3.4.1.4 Discourse Complexity

In a typical speech, speakers rarely organize complex thoughts into single utterances;
instead, they develop their thoughts and expand upon them over many utterances in the
discourse. The speaker’s narrative, however, should be cohesive so that it becomes more
comprehensible for the listener. Cohesion is crucial for comprehension and it generally
refers to the explicit cues in text that assist readers and listeners in connecting ideas within
the text (Gernsbacher, 1990; Graesser, McNamara, & Louwerse, 2003; Halliday & Hasan,
1976). Examples of explicit cohesion cues are connectives (e.g., because, therefore, and
so), reference (e.g., pronouns), and overlapping words in the text. These cohesive cues
signify to the reader or listener that the same or similar concepts are being referred to
across consecutive sentences or paragraphs (Crossley, Kyle, & McNamara, 2016).

Discourse cohesion is believed to be involved in the determination of text ease or di�culty
(McNamara et al., 1996; McNamara & Kintsch, 1996b; Sheehan et al., 2010). Texts with
very few cohesive cues are assumed to be more di�cult because text readers or listeners
need to invoke more mental resources to �ll in gaps in the text (Zwaan & Radvansky,
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1998). But when there are few or no gaps, then a text is seamlessly moving from one
point of information to another while giving the listener all the help he or she needs to
build new knowledge. Research in L1 text comprehension has shown that text cohesion
is more bene�cial to low-knowledge readers (McNamara & Kintsch, 1996b) who rely on
cohesion cues to �ll in the gaps in their background knowledge. In contrast, for high-
knowledge readers, the absence of local cohesion cues in a text seems to be more helpful
because it prompts the generation of inferences that connect ideas in the text and to the
reader’s prior knowledge, thus enhancing text comprehension (McNamara et al., 1996;
McNamara & Kintsch, 1996b).

Two types of text cohesion have been frequently explored in the literature: referential
cohesion and causal cohesion. Referential cohesion refers to “the overlap in words or
semantic references, between units in the text such as clauses, sentences, paragraphs”
(McNamara et al., 2014, p. 22), whereas causal cohesion refers to the degree to which
causal relationships are explicitly stated in a text, for example, using connectives such as
because, therefore, and consequently (McNamara et al., 2014).

While cohesion and coherence relations have been examined extensively in L2 writing, a
few studies to date have explored the relationship between cohesion and listening di�-
culty, and they have yielded contradictory �ndings. For instance,Ying-hui (2006) investi-
gated L2 listening di�cultly as the function of cohesion, which she operationalized as the
extent to which the elements of the opening sentence were represented in the remain-
der of a passage. Ying-hui (2006) then obtained expert judgments on text cohesion and
found that a signi�cant correlation between easier listening items received higher cohe-
sion ratings. Révész and Brunfaut (2013) analyzed cohesion in terms of di�erent types
of connectives, causal, intentional, temporal, and spatial cohesion, but only causal con-
tent emerged as a signi�cant predictor of L2 listening di�culty. In Brunfaut and Révész
(2015), texts with higher referential cohesion, as measured by (adjacent) argument over-
lap and stem overlap shared across utterances in the listening passage, are signi�cantly
associated with easier listening tasks. Nissan et al. (1995), however, found no e�ects for
cohesion in exploring the relationship between item di�culty and whether passages con-
tained explicit lexical links (e.g., repetition) or structural links (e.g., anaphora) between
the speakers’ utterances.

Narrativity is another characteristic of spoken discourse that is believed to facilitate com-
prehension. A narrative text tells a story and is closely a�liated with conversational
speech. For most L2 listeners, a narrative text is more comprehensible than any other
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Table 3.5: Syntactic and discourse Complexity, their Impact & Supporting Empirical
Evidence

Hypothesized E�ect Empirical Evidence

Syntactic complexity
Processing long and complex
sentence structures are more
taxing.

(Cervantes & Gainer,
1992; Gibson, 1998)

Narrativity

Narrative text tells a story
and is closely a�liated with
conversational speech. Non-
narrative texts on a less famil-
iar topic are presumably more
complex than narrative texts.

(McNamara et al., 2014)

Discourse cohesion

Low cohesive text is typically
more di�cult to process be-
cause readers or listeners need
to �ll in gaps in the text when
making inferences

(Brunfaut & Révész, 2015;
Graesser et al., 2003; Mc-
Namara & Kintsch, 1996b;
Révész & Brunfaut, 2013;
Ying-hui, 2006).

type of text (Rubin, 1994). On the other hand, non-narrative texts on less familiar top-
ics are presumably more di�cult. Typically, narrativity is determined through analysis
of lexical familiarity, syntactic complexity, and grammatical features, such as length of
noun phrases, the relevance of pronouns, and the number of adverbs (McNamara et al.,
2014).

3.4.2 Summary of Verbal Complexity

Thus far, I have reviewed studies on verbal complexity from di�erent research areas and
outlined key attributes of verbal language that have been empirically found to impair
(spoken) text understanding. While language is a key component of videotext, it is cer-
tainly not the only one. Videotexts are a multimodal type of text, and our investigation
of videotext di�culty cannot be said to be complete without interrogating the contribu-
tion of visual complexity to language learners’ perception of di�culty in L2 videotexts.
In the next section, I address the question of how visual imagery may impact videotext
understanding.
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3.4.3 Visual Complexity

Research on visual complexity has been carried out in many areas, including cognitive
science, marketing, psychology, human-computer interaction, aesthetics, and psychobiol-
ogy (e.g., Braun, Amirshahi, Denzler, & Redies, 2013; Pieters, Wedel, & Batra, 2010; Tuch,
Bargas-Avila, Opwis, & Wilhelm, 2009). That being said, the notion of visual complexity
remains elusive and hard to pin down, however. Originally proposed for static images,
visual complexity broadly refers to the amount of detail or intricacy contained within an
image (Snodgrass & Vanderwart, 1980). Perceiving a visual stimulus more or less com-
plex is also suggested to be in�uenced by several other factors, including, for example,
the type and quantify of elements it contains, their spatial distribution or layout, vari-
ety of colors, and so forth (Palumbo, Makin, & Bertamini, 2014). C. Heaps and Handel
(1999) contended that visual complexity corresponds to the degree of di�culty people
encounter when describing a visual stimulus. Building upon di�erent conceptualizations
of complexity, numerous approaches and techniques have been proposed to gauge com-
plexity in visual stimuli (see Donderi, 2006, for comprehensive review). Consequently,
"any study of complexity faces the problem of selecting a de�nition and a measure of
visual complexity" (Palumbo et al., 2014, p.3).

For assessing visual complexity, researchers have utilized both qualitative and quantita-
tive approaches. A qualitative approach often involves human participants rating visual
complexity using a prede�ned subjective scale. Despite a high correlation with human
perception, such subjective rating scores are costly to obtain, less consistent, and cannot
be generalized to other images. On the other hand, quantitative measures seek to pro-
vide a reliable and consistent numerical value that corresponds to some behavioral data
of complexity in visual stimuli.

In psychological and behavioral research, complexity in visual stimuli is often determined
using reaction times and human subjective ratings. It is assumed that the perception of
visual complexity is subjective and individuals as such tend to rate visual complexity dif-
ferently (e.g., Corchs, Ciocca, Bricolo, & Gasparini, 2016). In the �elds of computer vision,
image processing, and human-computer interaction, the focus has been primarily on de-
vising reliable objective measures of complexity, for example, by relying on spatial and
statistical proprieties of visual stimuli that correlate with human perception of complex-
ity. A popular method for computing visual complexity is image compression. Speci�-
cally, it is assumed that complexity and compression are intimately related concepts. That
is, an image of complex visual stimuli requires a larger �le size when compressed than
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an image of simple stimuli (Salomon, 2004; Sayood, 2017). Using this rationale, several
studies have found a correlation between compressed image sizes and human perception
of visual complexity (e.g., Donderi & McFadden, 2005).

With the vast majority of visual complexity research devoted to static images, we know
little about visual complexity in dynamic multimedia such as videotexts. To date, there is
understandably a dearth of research on what visual complexity actually entails in video-
texts. The dynamic and multimodal nature of videotext makes the task of underpinning
what visual complexity entails in videos is more challenging.

Computational measures of visual complexity should account for both spatial and tem-
poral dimensions. Unlike its constrained use in the literature to exclusively refer to the
image complexity, in this thesis, the construct of "visual complexity" is very broad and it
con�ates any visual and spatiotemporal attributes of video that makes videotext process-
ing more e�ortful and challenging.

A useful departure point for understanding video visual complexity is research on visual
attention. This is because the human brain is unable to simultaneously process everything
that is there in the environment and attention plays a fundamental role in regulating and
prioritizing which part of the multitude of sensory data is currently worthy of process-
ing. One de�nition of visual attention is that it is "the process by which some objects or
locations are selected to receive more processing than others" (Findlay & Gilchrist, 2003,
p. 35). When we pay attention 3 to an object, we deploy more resources for processing
it, resulting in a rich representation of the object in perception (W. James, 2007). Further,
this selection permits the reduction of complexity and information overload (Evans et al.,
2011). Last but not least, attention plays a key role in object recognition. Since the object
recognition mechanisms cannot process all objects in the visual �eld at once, visual atten-
tion helps in selecting digestible input for recognition (Evans et al., 2011). For this reason,
representations of attended objects vary from those of unattended objects (DeSchepper
& Treisman, 1996).

Admittedly, the topic of visual attention is vast and could not be duly reviewed in a sin-
gle section but interested readers can refer to some books on this topic (e.g., Johnson &
Proctor, 2004; Pashler, 1999). Here, what we are mainly interested in is how attention
makes coordinating limited cognitive resources possible for attending to and processing
some stimulus but not others, and more importantly what properties of visual stimulus

3The term attention can refer to other psychological phenomena such as remaining alert for long peri-
ods, here the term refers exclusively to perceptual selectivity.
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make them more worthy of attention and hence of processing. After discussing the role
of attention, I then try to garner pieces of empirical evidence for the di�erent attributes of
visual imagery that seem to impede the understanding of dynamic multimedia. Through-
out this section, I use the term “video visual complexity” as an umbrella term to refer to
all these visual attributes, being static or dynamic ones.

3.4.3.1 Visual Attention

A typical visual scene is complex and replete with a vast amount of information. Never-
theless, we experience a seemingly e�ortless understanding of our visual world. This is
because at any given moment the vision faculty in our brains rapidly prioritize and select
the information that is relevant to our task and disregard those that are irrelevant. This
attentional mechanism is commonly known as selective attention and it does not apply to
visual input per se but also applies to all types of information coming to our senses; for
example, the cocktail-party e�ect is a well-known exemplar of selective auditory atten-
tion.

Visual attention has been metaphorically compared to a "spotlight" that only selects parts
of the visual �eld making them more prominent, or more salient, while simultaneously,
suppressing irrelevant objects and making them more or less invisible (Posner, Snyder,
& Davidson, 1980). Instead of a single cognitive process, visual attention is generally
thought of as a family of processing resources or cognitive operations that mediate the
selection of relevant and the �ltering out of irrelevant information from cluttered visual
scenes (Evans et al., 2011). Although visual attention is closely synchronized with where
the eyes �xate, it is also possible to be aware of objects in the peripheral region, outside
the central foveal vision. In visual attention literature, these two attentional mechanisms
respectively describe overt attention and covert attention. More concretely, overt atten-
tion is a shift of attention to a relevant location that coincides with the movements of
eyes or head, whereas a covert shift of attention requires no such deliberate movements
(Carrasco, 2011). An example of covert attention is car driving, where a driver keeps her
eyes on the road while simultaneously covertly monitoring the status of signs and lights.
While attending overtly to a visual stimulus is crucial, the inhibition of irrelevant infor-
mation is also as important for it reduces complexity and information overload (Evans et
al., 2011).
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3.4.3.2 Factors A�ecting Visual Attention

Visual attention, as alluded to earlier, is a selective process, but what determines what
we select and process �rst in a complex scene? Research on attention selection has tradi-
tionally proposed two major groups of factors that drive attention allocation; bottom-up
or stimuli-driven factors and top-down or user-driven factors (Evans et al., 2011; Wolfe &
Horowitz, 2017). Bottom-up factors refer to the preattentive attributes 4 of an object that
attracts observer’s attention regardless of his/her desire and intention (Theeuwes, 1992,
2010). The size, color, shape, and orientation of the visual stimulus are among those at-
tributes. Object saliency, which will be discussed later, is assumed to drive attention. On
the other hand, top-down attention is determined by cognitive phenomena such as prior
knowledge, experience, current goal, reward, and so forth (see Wolfe & Horowitz, 2017,
for a review). A prototypical example of top-down attention is searching for a speci�c
object, for example, a car key amongst di�erent objects on a disk.

Each supported by a wealth of empirical studies, the two theories provide a cogent ac-
count for visual guidance, which has resulted in a theoretical stalemate. Recently, some
researchers have put forth a view that integrates bottom-up and top-down factors (Gaspelin
& Luck, 2018, 2019).

A typical real-world context is dynamic and it is expected a combination of both bottom-
up and top-down factors modulate visual attention. Much recent research has focused
on the interplay between the two types of factors and the �nding of this work has been
that visual attention is not simply controlled by either bottom-up or top-down factors but
rather it seems to be modulated by the two (Evans et al., 2011; Gaspelin & Luck, 2019).
For instance, the Guided Search model (Wolfe, 1994a, 2007) posits that the deployment
of attention is determined by some weighted combination of bottom-up and top-down
factors.

Another contested issue is how visual attention is deployed to objects in the visual �eld.
For several decades, there has been some agreement that there are essentially two inde-
pendent stages of visual processing (e.h., Broadbent, 1958; Treisman & Gelade, 1980). An
early preattentive stage operating in parallel across the visual �eld and a later stage that
can only handle one (or a few items) at the same time (Theeuwes, 2010). This dichotomy
has recently been under scrutiny and researchers now believe the boundary between the

4Wolfe and Utochkin de�ne a preattentive feature as "a feature that guides attention in visual search
and that cannot be decomposed into simpler features " (2019, p. 19).
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two stages is not independently exclusive as originally assumed. Theeuwes (2010) sug-
gested that when light initially hits the retina, visual attention is completely driven by
the visual proprieties of the stimuli, and only later visual attention, through massive re-
current feedback processing, will be driven by the goals, intentions, and expectations of
the observer in a top-down fashion.

Recently, Wolfe and Horowitz (2017) provided �ve key factors that guide people’s atten-
tion to an object in a visual scene; bottom-up salience, top-down feature guidance, scene
structure and meaning, the previous history of search, and the relative value of the targets
and distractors. In the sections that follow I disuses some visual attributes that interfere
with visual attention.

3.4.3.3 Visual Attention and Object Saliency

Generally, attention is naturally attracted to salient objects in the visual �eld (Wolfe &
Horowitz, 2017). When viewing a natural scene without a speci�c task in mind (as in
free watching), object saliency is more likely to guide human visual attention. But what
makes an object salient? Saliency is the quality of the objects that make them pop out.
A distinctly di�erent object, for example, in color, shape, and orientation, can stand out
from its neighboring objects. Because at any given moment visual information is rich
and human attentional capacity is severely limited, silent objects are more likely to be
processed and recognized more rapidly while other objects are simply ignored. However,
when a visual search is guided by a task, observers may inhibit salient distractors and
prioritize features of objects that match the features of the search target (Gaspelin &
Luck, 2019; Vatterott & Vecera, 2012). For example, when searching for a strawberry
among other fruits, we might restrict our attention to red items only and ignore anything
else.

While it is generally assumed that a salient object has an inherent power to involun-
tarily attract attention, regardless of the observer’s immediate task or intention, recent
research has suggested that observers learn to suppress salient distractors (Vatterott &
Vecera, 2012). That is, visual attention may also be guided away from objects that mis-
match anticipated characteristics of the target object (Gaspelin & Luck, 2019). An ac-
count of this inhibitory mechanism is postulated by the signal suppression hypothesis (see
Gaspelin & Luck, 2018, for a review). Converging evidence for the existence of such sup-
pression mechanism has begun to emerge in recent research employing more advanced
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techniques based on psychophysics, eye-tracking, and event-related potentials (De Tom-
maso & Turatto, 2019).

In addition to perceptual studies, �ndings from research in multimedia learning have also
accentuated the critical role of visual attention in multimedia learning in light of the lim-
ited capacity of human working memory (Mayer, 2009). It is generally recommended that
multimedia learning materials should be designed in a way that allows learners to pay
more attention to the most important parts of learning materials, and less attention to
those that are irrelevant. A well-established and empirically tested design technique is
the singling principle. The singling principle (also known as the attention cuing principle)
is based on the �nding that people learn better from materials that have cues highlighting
relevant information (see Schneider, Beege, Nebel, & Rey, 2018, for a review). Common
cuing techniques in dynamic multimedia include changing the text’s font and style, in-
creasing the luminance of speci�c objects of the visual display, and using arrows to point
learners to a speci�c region (De Koning, Tabbers, Rikers, & Paas, 2009). In a recent meta-
analysis study in which 103 studies on singling e�ect were examined, Schneider et al.
(2018) reported a positive e�ect of singling in learning retention and performance. They
also found the incorporation of singling in multimedia materials reduces cognitive load
signi�cantly.

Computational models of object saliency detection simulate the human visual system to
perceive saliency in both static and dynamic pictures (Borji & Itti, 2013). When not guided
by a task, object saliency can be a good predictor of gaze movement (Coco, Malcolm, &
Keller, 2014).

These object proprieties and others are commonly used in the development of compu-
tational saliency models that predict what object in a display is more likely to attract
attention (Koehler, Guo, Zhang, & Eckstein, 2014). The accuracy of these models has im-
proved over the years and current state-of-the-art models do reasonably well. However,
as noted earlier, bottom-up saliency is not the only factor that guides attention. Attention
is also modulated by the observer’s intention, goal, and the task at hand.

Inspired by theoretical works such as Feature Integration Theory (Treisman & Gelade,
1980) and Guided Search Model (Wolfe, 1994a), stimulus-driven computational models
determine visual saliency based on spatial proprieties of the image such as the di�er-
ence between physical characteristics of the image, including di�erences or contrasts in
color, intensity, and orientation, relative to its background. These models—also known
as saliency maps—emphasize the role of bottom-up process based on low-level features
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of the image over top-down process (Borji & Itti, 2013; Q. Zhao & Koch, 2013, for review,
see). Though it has become evident that high-level factors in�uence low-level features;
that is, a top-down process substantially in�uences gaze guidance (Schomaker, Walper,
Wittmann, & Einhäuser, 2017). State-of-the-art computational models of saliency use low
and high-level features of an image as input and output a predicted topographical map
of how salient each area of that image is to a human viewer (Koehler et al., 2014; J. Xu &
Yue, 2014).

Turning to saliency in videos, little research to date has been carried out on molding dy-
namic saliency in videos (e.g., Sidaty, Larabi, & Saadane, 2017), mainly because of the
complication arising from motion and temporal information in video streams (W. Wang,
Shen, & Shao, 2017). Saliency in video data is dynamic and strongly related to changes
in both spatial and temporal features. For example, in dynamic scenes, a simple moving
object can draw the observer’s attention and the moving object does not have to be dif-
ferent from its surroundings by means of the Gestalt Principles (Kavak, Erdem, & Erdem,
2017).

In the last few years, there has been some progress in modeling saliency in videos, for
example, through the integration of low-level (e.g., static saliency, faces, and texts) visual
features with more dynamic ones (e.g., motion) (Itti & Baldi, 2005; Le Meur, Le Callet, &
Barba, 2007; Mahapatra, Gilani, & Saini, 2014; Nguyen et al., 2013). Many dynamic models
adopt the same approach; extracting spatial and temporal saliency maps and then fuse
them to obtain a �nal spatiotemporal saliency map (see, Kavak et al., 2017, for a recent
review). Recently, there has been an improvement in dynamic saliency prediction using
deep learning approaches (N. Liu & Han, 2018). These systems model dynamic saliency
using a wide range of features that represent saliency as it enfolds in space and time.

3.4.3.4 Human Face and Gaze

Human faces are attention magnets. Indeed, both anecdotal and scienti�c evidence, sug-
gest that human faces attract more attention than any other object in the visual scene.
Research has shown that when presented with other objects, our attention is automat-
ically drawn towards human faces before it shifts to other objects. More interestingly,
we also pay more attention to human-like faces, such as faces of humanoid and animated
pedagogical agents (Louwerse, Graesser, McNamara, & Lu, 2009). There is ample evidence
that the human face is rapidly and easily detected when presented among other objects
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(Hershler, Golan, Bentin, & Hochstein, 2010). However, the question of how and under
what conditions faces guide attention is constantly debated in face perception literature.

In the �eld of multimedia learning, it is generally assumed that showing the instructor
face (and bodily gestures) in video a�ords useful nonverbal cues, e.g., mutual gaze, facial
expression, and gestures, to learners which may aid them in processing and resolving
disambiguation in the verbal information that is narrated by the instructor. As verbal and
visual information is processed in two separate channels, as suggested by the Dual Coding
Theory (J. M. Clark & Paivio, 1991), integrating both cues may result in an enhanced com-
prehension of the material. Another advantage of showing instructor’s face is suggested
by the Social Presence Theory which postulates that di�erent media (e.g., face-to-face,
telephone, text, and video) convey di�ering degrees of social cues that make learners to
feel more or less psychologically present with one another. From this perspective, the
presence of the instructor’s face in video replicates the social aspects of human interac-
tion and makes the learner feel as if they are interacting with another person (J. Wang &
Antonenko, 2017).

In a recent review of the image principle of the Cognitive Theory of Multimedia Learn-

ing, Mayer (2014) asserted that adding the speaker’s face in instructional materials does
not necessarily lead to strong, positive e�ects on learning. But, as noted by J. Wang and
Antonenko (2017), the image principle was tested using low-embodied or high-embodied
animated pedagogical agents, and therefore its e�ect may not be extended to actual hu-
man faces.

Recently, some studies have explored if showing an instructor’s face onscreen leads to
better learning gain, information retention, and recall (e.g., Kizilcec, Papadopoulos, &
Sritanyaratana, 2014; Stull, Fiorella, & Mayer, 2018; van Wermeskerken & van Gog, 2017;
J. Wang & Antonenko, 2017). The �ndings of this line of work have generally suggested
that while the presence of instructor’s face is preferable for learners and often perceived
to be e�ective, there is no signi�cant gain on learning due to the presence of the instructor
face per se. For example, Kizilcec et al. (2014) investigated the impact of learning from
video lectures with and without instructor face present. Eye-tracking data indicated that
learners spent about 41% of their time looking at the face and switched between the face
and slide every 3.7 seconds, but they did not perform signi�cantly better on short-term
or mid-term recall tests compared to learners in the control condition.

J. Wang and Antonenko (2017) examined how the instructor presence or absence would
in�uence learning, visual attention distribution, and perceived learning, mental e�ort,
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and satisfaction when viewing mathematics instructional videos at easy and di�cult lev-
els of content complexity. The results indicated that displaying the instructor image on
the video attracted considerable attention, particularly when learners viewed the video
on an easy topic. The researchers ascribed this �nding to the relatively low intrinsic cog-
nitive load imposed by videos on an easy mathematics topic which allowed learners to
attend more to the instructor. Concerning the impact on learning from the videos, the
study reported no signi�cant di�erence in transfer learning—the ability to apply what
has been learned from the video to a new context—for the easy and di�cult topic, though
the study participants’ recall of information from the video was better for the easy topic
when instructor’s face was present.

Taken together, the �ndings of previously discussed studies seem to suggest that although
the presence of instructor’s face in instructional videos may provide useful nonverbal and
social cues (e.g., facial expressions, eye gaze) to the learners, paying attention to this infor-
mation could, nevertheless, impose unwanted extraneous cognitive load on the learners
and distract them from attending to and learning from the video content, especially when
the topic of the video in itself is already cognitively demanding (J. Wang & Antonenko,
2017).

While the previously discussed studies have primarily focused on the entire face, a re-
cent strand of research has begun to explore how instructor’s eye movements could guide
learner attention when learning from video demonstrations (Ouwehand, van Gog, & Paas,
2015; Van Gog, Verveer, & Verveer, 2014; van Wermeskerken, Ravensbergen, & van Gog,
2017). Demonstration videos (or how-to-videos) di�er from other types of instructional
videos (e.g., recorded lecture) in that they show an instructor demonstrating how to per-
form a certain task. In this type of instructional video, it is reasonable to assume that
closely observing the instructor’s face is not as important as paying attention to the task
he/she is demonstrating.

In a study reported by Van Gog et al. (2014), 43 learners watched a video on how to solve
a puzzle twice and attempted to solve the problem on their own after each viewing of the
video example. The participants were divided into two groups; the �rst group watched
a video example in which the instructor’s face was visible, and the second group did not
see the face (only the hands solving the puzzle problem). The results showed that the
instructor’s face attracted considerable attention (23% of all �xations on the �rst viewing
and 17% on the second viewing) and learners who watched a video example with the
instructor’s face visible performed better than the learners in the invisible instructor face
condition. The researchers suggested that the positive e�ect on learning is probably due
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to learners automatically following the instructor’s gaze as she was performing the task.
In a recent study, van Wermeskerken et al. (2017) attempted to replicate the �nding of
Van Gog et al. (2014), using a di�erent demonstration task (learning to build a molecule).
van Wermeskerken et al. (2017) replicated the two conditions in but also a third condition
in which the instructor’s face is visible but o�er no gaze guidance (the model looking
straight into the camera and not at the molecule). Analysis of the data suggested that
learning was neither facilitated nor compromised when the instructor’s face is shown.
Further, the eye movement data demonstrated that participants can e�ciently distribute
their attention between the instructor’s face and the task he or she is demonstrating.

Looking at someone’s face while talking can enhance speech comprehension for both L1
and L2 listeners, especially in challenging and adverse listening conditions (e.g., Navarra
& Soto-Faraco, 2007). Research has shown that visual speech—which typically consists of
movements of the tongue, teeth, and lip movements—provides L2 listeners with phono-
logical information of the speech signal which enhance comprehension (Navarra & Soto-
Faraco, 2007)

3.4.3.5 Image Complexity and Visual Clutter

Several computational measures of image complexity have been proposed based on, for
example, information theory (Rigau, Feixas, & Sbert, 2005) and fuzzy approaches (Car-
daci, Di Gesù, Petrou, & Tabacchi, 2009). Perhaps the simplest and widely used measure
of visual complexity relies on the resulting image size when applying compression algo-
rithms, like JPEG, on the original image. The rationale behind this approach is that the
more complex the image is, the more �le size it needs in computer memory. Other compu-
tational measures estimate visual complexity by computing low-level features, e.g., color,
edges of objects, intensity variation, and so on. Although these measures were originally
developed for computer vision and image processing tasks, cognitive researchers found
some of these measures to correlate with human-based subjective evaluations of visual
complexity (Machado et al., 2015; Yu & Winkler, 2013).

Recently, it has been postulated that image complexity is a multidimensional construct;
that it is not only determined by the number of elements or structural di�erences in the
image but also by the perception of the observer (Gartus & Leder, 2017). To develop a
multi-dimensional model that could take combine several features, some researchers have
employed machine learning techniques to predict the human perception of visual com-
plexity (Gartus & Leder, 2017; Machado et al., 2015). In their study, Machado et al. (2015)
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compared the performance of several computerized metrics—based on image compres-
sion error and Zip’s law—and machine learning-based systems techniques. The �ndings
demonstrated that incorporating multiple image features in a machine learning-based
system yielded the most accurate predictions of human perceived visual complexity. Of
several image metrics investigated, the researchers found that edge density and compres-
sion error metrics are the best predictors of the participants’ ratings of visual complexity.

Closely related to image complexity is the notion of visual clutter (Corchs et al., 2016). Ac-
cording to Rosenholtz, Li, and Nakano (2007), clutter “is the state in which excess items, or
their representation or organization, lead to a degradation of performance at some task”
(p. 3). Intuitively, the more cluttered an image is, the more information it contains. There-
fore, visually cluttered images are more likely to impede visual object processing and re-
sult in performance and attentional costs. Empirical studies have shown that cluttered
images or displays increase memory load, delay visual search, negatively a�ect object
recognition, reading, and linguistic processing (Coco & Keller, 2012). In the literature,
there are several approaches and algorithmic methods to measure clutter in visual dis-
plays (see Moacdieh & Sarter, 2015, for comprehensive review). Two common algorithms
are the feature contestation and subband entropy algorithms proposed by Rosenholtz et
al. (2007) and Rosenholtz, Li, Mans�eld, and Jin (2005).

3.4.3.6 Gestures

Gestures are spontaneous movements of the hands or arms that are tightly synchronized
with speech (McNeill, 1992). With decades of research on gestures, it has become in-
creasingly clear that gestures can enhance comprehension of spoken language, though
how and under what conditions is still a matter of debate (Dargue & Sweller, 2020a).
Several studies have shown that gestures bene�t both language speakers and listeners
(e.g., Dargue & Sweller, 2020b; Dargue, Sweller, & Jones, 2019; Hostetter, 2011; Sueyoshi
& Hardison, 2005). For speakers, gestures help organize thinking, facilitate retrieval of
words from memory, and reduce cognitive burden. For listeners, they can enhance com-
prehension of a spoken message (e.g., Cassell, McNeill, & McCullough, 1999). In this way,
gestures ful�ll two primary functions; extending our ability to express complex ideas and
helping us understand other people’s speech (McNeill, 1992). In a meta-analysis study,
Hostetter (2011) reported that gestures do provide a signi�cant, moderate bene�t to lis-
tener’s comprehension when compared to observing no gestures at all. The bene�t of
gestures on speech comprehension has been recently con�rmed by a meta-analysis study
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Table 3.6: Visual Complexity Features, their Impact & Supporting Empirical Evidence

Hypothesized Impact Empirical Evidence

Visual clutter
The more cluttered an image is,
the more di�cult it becomes to
locate and identify a target.

(Coco & Keller, 2012; Don-
deri & McFadden, 2005;
Neider & Zelinsky, 2011;
Wolfe, 1994b)

Visual saliency

Given that human attention is
limited, only silent objects are
processed while other objects
are ignored

(Clarke, Coco, & Keller,
2013)

Object color

Color guide visual attention and
may help in object recogni-
tion, especially when objects
are color diagnostic (e.g., straw-
berry is strongly associated with
the color red).

(Bramão, Reis, Petersson,
& Faísca, 2011; Tanaka,
Weiskopf, & Williams,
2001)

Gestures

Gestures generally facilitate
comprehension, especially in
degraded or noisy listening
conditions. However, the
realization of gestures may
also vary from one culture to
another which makes inter-
preting their meanings less
straightforward.

(Drijvers, Vaitonytė, &
Özyürek, 2019; Sueyoshi
& Hardison, 2005)

Human Face

Human face automatically at-
tracts more attention than any
other objects in the visual scene.
When there is no task being
demonstrated, showing a hu-
man face can be helpful, but,
if a task is being demonstrated,
showing the model’s face may
lead to a division of attention.

(Hershler et al., 2010;
Ouwehand et al., 2015)

Motion

Motions, especially abrupt
and sudden motions, rivet the
viewer’s attention involuntarily,
hence they might be distracting
if they are not semantically
relevant to the current task.

(Mital, Smith, Hill, & Hen-
derson, 2011)
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(Dargue et al., 2019). It should be noted that gestures are of di�erent types (McNeill, 1992)
and they vary in the level of support they provide to listeners.

Interestingly, gestures help speech comprehension, even though gestures and speech
represent two expressive modalities, and producing or processing them simultaneously
should in theory increase cognitive load. One plausible explanation for this is that speech
and gestures are two sides of the same coin, and we rely on both for interpretation (Kelly,
Özyürek, & Maris, 2010). In a recent study examining the neural bases of speech and ges-
ture interactions, it has been found that the semantic processing of gestures and language
rely on overlapping resources in the brain (Holle, Obleser, Rueschemeyer, & Gunter, 2010;
Kelly et al., 2010; Özyürek, Willems, Kita, & Hagoort, 2007).

Support for the role of gestures in facilitating speech comprehension, both in clear and
degraded speech, are well-documented in the literature. When combined with speech, for
example, gestures aid in disambiguating the meaning of di�cult speech (Hostetter, 2011;
Sumby & Pollack, 1954). Several studies also demonstrated that observing iconic gestures
that are redundant with speech enhances comprehension compared with observing no
gestures at all (Dargue & Sweller, 2018; Dargue et al., 2019).

Research in gestures and their communicative functions points to the fact that gesture
is an intricate communicative system in its own right, with several types of gestures
ful�lling distinctive communicative functions (Cassell et al., 1999). From a semiotic per-
spective, gestures "constitute a rich expressive resource available to speakers who deploy
them with speech in sophisticated, systematic and non-trivial ways" (Gullberg, 2010, p.
76). While the majority of gesture types co-occur with speech, emblematic gestures do
not accompany speech and are expressive in themselves (Ekman & Friesen, 1969). The
realization of gestures is linguistically and culturally bond to the speech community in
which gestures are used; hence, it stands to reason that gestures may also be an obstacle
for L2 listeners.

The role of gestures in L2 listening has received limited attention in second language
literature and often played a secondary role in the study of verbal language in spoken
interaction (Dahl & Ludvigsen, 2014). However, there seems to be an increasing interest
in exploring the role of gesture in L2 language learning in the last few years. In a study
conducted by Sueyoshi and Hardison (2005) to instigate the contribution of gestures and
facial expression to spoken comprehension, low-intermediate and advanced learners of
English bene�ted from watching video recorded lecture in which the presenter’s face
and his face and gestures are shown but not when they only heard the audio recording of
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the lecture. Similar �ndings are also reported in Dahl and Ludvigsen (2014) who found
substantial bene�ts for gestured speech for L2 listeners.

Research also suggests a relationship between the learner’s language pro�ciency and age,
and how likely he or she would bene�t from gestured speech. For instance, Mohan and
Helmer (1988) found that when compared to native children, L2 children did not bene�t
from gestures speech. Mohan and Helmer (1988) attributed this �nding to the children’s
low language pro�ciency. In a recent study comparing how L1 and advance L2 listeners
allocate their attention to visual speech and gestures, Drijvers et al. (2019) found that L2
language pro�ciency impacts overt visual attention to articulators, which in turn result
in di�erent visual bene�ts for native versus non-native listeners.

3.4.3.7 Cinematographic E�ects

Perhaps the most compelling evidence for how human visual attention work does not
come from laboratory and clinical experiments, but rather from �lm studios. To tell an
engaging story, �lmmakers have for long been experimenting with di�erent cinemato-
graphic techniques to create, normally from hundreds or thousands of shots, a perceptu-
ally coherent sequence of events (Bordwell & Thompson, 2001; Zacks, 2003). Through
closely observing audience reactions to di�erent editing techniques, cinema pioneers
were able to develop an informal theory of human visual cognition and perception which
allowed them to creatively disassemble and reassemble di�erent views of a scene with-
out disturbing the development of a �lm’s narrative (Levin & Baker, 2017). This implicit
theory of audiovisual narrative comprehension has, of course, evolved over the years and
translated into more sophisticated editing techniques and principles.

One set of powerful �lmic techniques is known as continuity editing rule or Hollywood
style. Continuity editing includes techniques such as cuts, dissolves, fades, or wipes which
now permeates a wide range of dynamic visual media. But by far the most used editing
technique is straight cuts, counting for approximately 99 percent of transitions in con-
temporary �lms (Cutting, DeLong, & Brunick, 2011). In �lms, the primary purpose of cuts
is to elide shots, typically token in di�erent places and time, in a way that a sense of conti-
nuity is maintained (Bordwell & Thompson, 2001). In professionally edited �lms, viewers’
attention is guided or directed towards the most informative portions of the screen during
each successive shot to encourage comprehension (Kirkorian & Anderson, 2018). In fact,
through tracking viewers’ eye-movements, researchers observed that a strong tendency
among �lm viewers to look at the same place on the screen at the same time as each other
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(Dorr, Martinetz, Gegenfurtner, & Barth, 2010; Mital et al., 2011), a phenomenon called as
"attentional synchrony" (Kirkorian & Anderson, 2018). It is generally assumed that when
viewers’ attention is synchronized, they in the main arrive at the same understanding.
But in some other cases, however, �lmmakers may also want to break or discontinue the
�ow of the narrative. One way to achieve this is through the use of precipitous cuts,
such as fade-outs and wipes, to signify the transition from one episode to another in the
narrative.

While invisible cuts help narrative runs smoothly in �lms, in educational videos, cuts
may need to be abrupt to signify the introduction of new information to the viewers, i.e.,
a slide-based lecture. With every change in shots, it is assumed that learners need to de-
ploy more cognitive resources to process this new information and integrate it with the
old one in their memory (Magliano & Zacks, 2011). A corollary of this is that in instruc-
tional videos precipitous cuts should be used judiciously and only be used when there
is a change in content. Also advisable is segmenting videos into manageable chunks,
especially if segments make separable di�erent steps or procedures in demonstrational
videos(Spanjers, van Gog, & van Merriënboer, 2010). This is because video segmenta-
tion reduces the lability of the information and allows learners to absorb what they have
already watched.

It is quite interesting how these super�cial techniques work and how they deceive the hu-
man perception of narratives. Films and other types of visual narratives have intrigued
many cognitive scientists, and there is a growing body of research exploring the cog-
nitive science of cinema (e.g., Levin & Baker, 2017; Levin & Simons, 2000). One of the
most important questions organizing visual narrative research is to which the degree of
the understanding of visual narrative depends on medium-speci�c skills versus everyday
perceptual and cognitive skills. There have been two alternative responses to this ques-
tion. The �rst one posits that �lms are merely a re�ection of reality and therefore do
not require special cognitive processes(e.g., J. Anderson, 1996; Levin & Simons, 2000). As
such, �lm viewers normally have no di�culty understanding �lms despite their inherent
complexities (Zacks, 2003). The second view posits that �lms deviate from real-world per-
ceptual experience (Mnsterberg, 1970). For example, through the use of cinematographic
techniques, e.g., �ashback, �lms are liable to depict di�erent realities. These experiences
have no counterpart in everyday life. A middle view seems to be right; �lm viewers rely
on both common or natural perceptual processes and learned medium-speci�c skills to
understand moving pictures. In a series of studies, Schwa and associates found evidence
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that suggests �rst-time �lm viewers struggle to make sense of the narrated story, sug-
gesting that �lm viewers also need to be familiar with �lmic conventions in order to fully
comprehend �lms (Ildirar & Schwan, 2015; Schwan & Ildirar, 2010).

3.4.3.8 Events and Actions

When watching dynamic moving pictures, viewers perceive the continuous stream of au-
diovisual information as a series of discernible units or events” (Zacks & Tversky, 2001).
This process is called event structure perception and the units or events are normally de-
�ned as “a segment of time at a given location that is conceived by an observer to have
a beginning and an end.” (Zacks & Tversky, 2001). Illustrative examples of an event in-
clude making a cup of co�ee, driving a car, opening a door, or folding the laundry. Event
cognition researchers have studied how people segment activity as it is happening and
what are the underlying cognitive mechanisms behind this process. In a classical study,
Newtson and Engquist (1976) developed a unit marking procedure, also called an event
segmentation task, in which participants are presented with a video clip of an ordinary
task, like preparing breakfast, and asked to press a button when they believe one event
ends, and another one begins. The �ndings revealed that participants were remarkably
consistent in their responses and reliably identi�ed points in the clips which indicate
event boundaries. The same �nding has been found by other studies that explore event
segmentation in videos of everyday activities (Boggia & Ristic, 2015), visual and written
narratives (Bailey, Kurby, Sargent, & Zacks, 2017), and dance movements (Bläsing, 2014).

Recent research on event cognition has revealed important aspects of how humans parse
a continuous stream of behavior into meaningful and recognizable events, and how this
a�ects memory and cognition (see, Radvansky & Zacks, 2017, for a review). A theoretical
account of how everyday events are created, structured, and remembered is described in
the Event Horizon Model (Radvansky & Zacks, 2014). The model consists of �ve princi-
ples, the �rst of which is relevant here. The principle states that humans automatically
parse into meaningful units. This principle is further explained in the Event Segmenta-

tion Theory (EST: Zacks et al., 2007). According to the EST, the e�ective segmentation of
observed events is fundamental for understanding and memorizing these events.

There is considerable empirical evidence supporting the role of event segmentation in
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Table 3.8: Cinematographic Complexity Features, their Hypothesized impact and Sup-
porting Empirical Evidence

Hypothesized Impact Empirical Evidence

Camera changes &
cuts

A camera change signi�es a
change in information to the
viewer, hence it elicits an
automatic allocation of addi-
tional cognitive resources.

(Hendriks Vettehen &
Kleemans, 2015; Lang &
Geiger, 1996; Reeves et
al., 1985)

Production style

Di�erent instructional video
production may have a dif-
ferent impact on learning and
some learning concepts seem
to be learned better in one
video style but not in another
(e.g., teaching math in Khan
academy style, and coding in
screencasted video tutorial).

(Mayer, Fiorella, & Stull,
2020)

video understanding (Biard, Cojean, & Jamet, 2018; Boggia & Ristic, 2015; Magliano, Rad-
vansky, Forsythe, & Copeland, 2014). Researchers have also explored how video ed-
its—that reinforce the segmentation of events—can improve memory (Schwan, Garsof-
fky, & Hesse, 2000). Gold, Zacks, and Flores (2017) manipulated visual and auditory cues
in a set of movies to ascertain whether segmentation enhances subsegment memory of
events. For each movie clip, cues were placed either at event boundaries or event mid-
dles, or the clip was left unedited. The results showed that segmentation, especially at
the event boundaries, can improve subsequent memory of everyday events. In a recent
study, event segmentation was found to contribute to memory formation and recall of
information up to one month later and that individual di�erences in event segmentation
are related to di�erences in memory over long delays (Flores, Bailey, Eisenberg, & Zacks,
2017).

3.4.3.9 Video Production Styles

Although some fundamental video production techniques, e.g., cuts, are common across
di�erent video genres, some editing techniques are unique to certain video genres. Col-
lectively, these techniques are what de�ne video genres and make them distinguishable
from each other. Instructional videos, for example, di�er drastically from movies or doc-
umentaries. To maximize learning and minimize extraneous load, instructional videos
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are slow-paced, have fewer shots and camera movements, and do not involve extensive
use of graphics or music. Within the broad genre of instructional videos, we can also
talk about sub-genres or styles which vary in their learning design choices. Attempts to
categorize instructional videos are seen in recent proposed topographies of instructional
video styles (e.g., Crook & Scho�eld, 2017; Winslett, 2014). Among popular instructional
video, styles are talking head, picture-in-picture, and khan academy style. Given their
di�erences, these video styles would perhaps vary in their learning potentials.

When making a video for an instructional purpose, video content developers and instruc-
tional designers need to make several design decisions, for example, whether to show
the instructor’s face or hide it, to add texts on screens or not and so forth. These deci-
sions can dramatically impact learning from videos. According to Crook and Scho�eld
(2017), “video is a medium whose properties and impact depend on the creative shaping
of designers, editors, and producers” (p.57). Although instructional video developers and
creators ordinarily strive for making their video contents more e�ective and conducive
to learning, Fiorella and Mayer (2018) noted that instructional videos, by and large, are
designed based on intuitions, not on learning theories and documented scienti�c design
principles.

In learning design science and multimedia learning literature, researchers have been in-
terested in ascertaining how people learn from dynamic visualizations and videotexts and
how this learning can be boosted (Fiorella & Mayer, 2018). The outcome of such research
e�ort was a set of recommendations or designing principles of what seems to work and
what not (e.g., Mayer et al., 2020). For instance, the perspective principle suggests that peo-
ple learn better from demonstration video when it is �lmed from a �rst-person perspective
rather than a third-person perspective. In �rst-person perspective videos, the camera is
placed on or above the instructor’s shoulder or forehead as she or he demonstrates an
activity, whereas, in the third-person perspective video, the camera is placed across the
demonstrator. Another design principle is the dynamic drawing principle which suggests
that people learn better from a video lecture that shows the instructor drawing graphics
while lecturing rather than referring to already drawn graphics. Evidence for this prin-
ciple comes from recent studies (Fiorella, Stull, Kuhlmann, & Mayer, 2019; Fiorella, Van
Gog, Hoogerheide, & Mayer, 2017) in which learners are found to bene�t from observing
instructor’s dynamic drawings.

Given the wide range of video instructional styles and their use of di�erent design prin-
ciples, it is plausible to assume that, all things being equal, production style may have
di�erent a�ordances and impact on learning and that some learning concepts are better
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learned in one production style but not in another. Further, learners’ preference for and
familiarity with a particular video style may impact their learning. However, it remains
unclear how and what video production styles are more e�ective for language learning.

3.4.4 Summary of Visual Complexity

In this section, I reviewed research on visual complexity and looked at some attributes
of video imagery that seem to intervene with and hamper videotext understanding. Ad-
mittedly, the review is, by no means, comprehensive, but it nevertheless highlights key
aspects of visual complexity in videotexts. Central to the notion of visual complexity dis-
cussed here are the selectively and limited capacity of the human attention system. For
example, aspects related to object saliency, and abrupt change in color and motion im-
pact videotext processing. To put it di�erently, the transient nature of videotext makes it
di�cult for language learners to process and coordinate information coming from both
visual and verbal channels simultaneously.

3.5 Chapter Summary

In this chapter, I reviewed L2 video studies in the past two decades to ascertain how L2
researchers assessed or controlled for the di�culty in their video research. The �ndings
indicated a clear gap in the literature on our understanding of videotext complexity and
what possibly makes videotext di�cult for language learners. There was also a palpable
need for automated videotext di�culty assessment tools for use in language teaching,
learning, research, and assessment, akin to those already available for spoken and written
texts.

To develop a conceptual understanding of videotext di�culty and complexity, I �rst re-
viewed key concepts and principles from the �eld of text/discourse comprehension and
discussed some recent development in visual narrative comprehension research. Then, I
de�ned videotext di�culty and circumscribed its interaction with seemingly similar con-
structs, videotext complexity, and comprehensibility. Then, in the �nal section of the
chapter, I reviewed and synthesized extant empirical evidence for the role of acoustic,
phonological, lexical, syntactic, discoursal, and visual complexity on videotext under-
standing. While the proli�city of verbal and visual complexity predictors may be help-
ful to understand videotext di�culty, their sheer number and inextricable interactions
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nonetheless present serious practical challenges. In the next chapter, I will discuss how
the use of machine learning can help in gaining useful insights from complex and un-
structured data as videotexts.



Chapter 4

Machine Learning for Videotext
Di�culty Assessment

In the previous chapter, I reviewed a substantial body of literature on verbal and visual
complexity from diverse �elds of research, with the aim of gathering and synthesizing
empirical evidence on potential predictors of videotext di�culty. While these complex-
ity features may help us understand the multifarious facets of videotext complexity and
how they might contribute to videotext di�culty, their sheer number, nonetheless, poses
serious practical challenges (e.g. model’s over�tting) for developing automated measures
of videotext di�culty assessment.

In this thesis, I adopted methods and algorithms from the �eld of machine learning and AI
to develop more reliable and robust predictive models of videotext di�culty. The chapter
provides a brief introduction to key concepts and notions, particularly within the context
of supervised machine learning; whereas clari�cation on methods employed in each study
is detailed in the relevant chapters. Later, in this chapter, I outline the overall research
design and describe the objectives of the four studies conducted as a part of this thesis.

4.1 Introduction

This thesis is set to explore a systematic way to computationally explain and predict
videotext di�culty for use in second language research, assessment, and learning. Com-
putational approaches to text di�culty assessment have progressively evolved over the

93
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last two decades, and contemporary systems leverage the recent advancements in ma-
chine learning as well as the increasing availability of large-scale datasets for developing
more reliable measures of text di�culty (Collins-Thompson, 2014). In the following sec-
tions, I provide a brief description of key concepts and methods commonly used in the de-
velopment and validation of machine learning-based systems for automatic text di�culty
assessment. I will also point out the usefulness of predictive modeling in understanding
videotext di�culty.

4.2 Machine Learning: Basic Notions

The �eld of machine learning is a sub-�eld of arti�cial intelligence and it has gained a
currency in the last two decades due to the increase in computing power and the need
for devising new algorithms for harnessing and gleaning new insights from big data. The
widespread use of machine learning methods in scienti�c research is in part due to the
development of easy-to-use machine learning libraries and tools, along with the availabil-
ity of down-to-earth introductory books and online video tutorials. Two such excellent
books in statistical and machine learning are An Introduction to Statistical Learning by
G. James, Witten, Hastie, and Tibshirani (2013) and The Elements of Statistical Learning

Data Mining, Inference, and Prediction by Hastie, Tibshirani, and Friedman (2009), from
which I draw generously in the following sections.

As I alluded to in Chapter 2, researchers in the �eld of text di�culty assessment have pri-
marily used supervised machine learning algorithms for the task of assessing di�culty
in written and spoken texts. Similarly, in this thesis, our task of assessing and predicting
videotext di�culty falls in the supervised learning domain. In order to motivate our dis-
cussion of supervised machine learning, I will use the task of predicting text di�culty, as
an example. In this task, let’s suppose that, -1, -2 . . . -? are some characteristics of the
text, and . is a variable that re�ects the di�culty level of the text. When the output or
dependent variable, . , is continuous number, our task is a regression problem; whereas
if our dependent variable is discrete or categorical, our problem becomes a classi�cation

problem. Further, let’s assume that there is a relationship between ®- and . and our goal
is to learn a mathematical function, 5 , that maps our input variables to the output variable
in a way that can help us understand their relationship. Formally, the function 5 can be
written in the very general form as in Equation:

. = 5 (- ) + n (4.1)
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In this equation, 5 is some �xed but unknown function of - and n is a random error term.
The error term should be independent of - and has a mean of zero. In machine learning,
there are many approaches to estimate the unknown function 5 based on the observed
data points (or instances), which can be generally characterized as either parametric or
non-parametric (G. James et al., 2013). Parametric methods make a prior assumption
about the shape of 5 . A very common assumption is that 5 takes a linear form, written
formally as:

� (- ) = V0 + V1-1 (4.2)

The term V0 is an intercept, also known as bias in the �eld of machine learning.

Since we assumed the 5 is a linear function, then the task of �nding the unknown pa-
rameters becomes much more constrained. This is because we only need to estimate a
handful set of parameters -1, -2 . . . -? . To estimate those parameters, we need a sample
of data to �t the model. This data is often called a training data because we want to use
it for training or teaching our algorithm how to estimate 5 . In the case of a linear model,
there are several approaches to �t the model, but by far the most popular approach is
ordinary least square (OLS) and it helps to reduce the gap between the predicted, .̂ , and
actual values (or ground truth), . . The linearity assumption in parametric approaches is
both their strength and weakness. Assuming a linear form for 5 simpli�es the problems
of estimating 5 because it is generally much easier to estimate a set of parameters in the
linear model than it is to search for an estimate of 5 in an entirely arbitrary function
space. However, one key drawback of linear approaches is that the functional form used
to generating 5̂ is more likely to be too far from the true 5 , in which case the �tted model
will not �t the data very well. In other words, there is a trade-o� between a model’s pre-
diction accuracy and its interpretability. I will return to this important issue later. For
now, let’s discuss non-parametric approaches.

Unlike parametric or linear approaches, non-parametric approaches do not make any ex-
plicit assumption about the shape or functional form of 5 , but instead, seek to �nd the
best estimate of 5 from a wide range of possible potential functional forms. In this sense,
non-parametric approaches are more �exible and can lead to a more accurate estimate
of 5 . But to arrive at the most accurate function 5 that �ts the data very well, a large
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number of observations is required, far more than what is typically needed for paramet-
ric function. One might ask if the problem of estimating 5 in non-parametric approaches
is more challenging why not use a parametric approach instead. The choice between the
two approaches chie�y depends on why we are estimating 5 in the �rst place. Generally,
there are two main objectives for estimating 5 ; making inference or prediction. Determin-
ing the primary objective of using statistical modeling before embarking on any research
project is critical, as it helps researchers in issues related to choosing the most appropri-
ate machine learning algorithm for the task, evaluation criteria, determining statistical
power, and whether collecting a large dataset is necessary or not (Shmueli, 2010).

4.2.1 Explanation and Prediction

The main objective of statistical modeling has always been a controversial topic in the
philosophy of science literature (e.g., Hempel & Oppenheim, 1948). In essence, there are
primary objectives of statistical modeling in scienti�c research: to explain a phenomenon
or to predict its occurrence in the future. Researchers across di�erent scienti�c �elds
tend to focus on achieving one of the two objectives. In social sciences, researchers are
predominantly interested in explaining a particular phenomenon of interest so they rely
on inferential statistics for testing causal hypothesis within a theoretical account of the
phenomenon, and rarely, if ever, they apply predictive modeling techniques to their data.
In applied and predictive sciences, e.g., natural language processing and bioinformatics,
the reliance on casual theory is much weaker and researchers in those �elds preferentially
select predictive modeling over explanatory modeling because the type of problems and
data they work with do not lend itself to causal explanation (Shmueli, 2010).

It is commonly assumed that the two approaches or paradigms re�ect two competing
goals of doing science: causal explanation and empirical prediction (Shmueli, 2010). This
assumption often led to debates about, or even prejudice against, what approach is deemed
scienti�c and what is not. Nagel (1961) asserted that "the distinctive aim of the scienti�c
enterprise is to provide systematic and responsibly supported explanations” (p. 15). Dou-
glas (2009) argued that “explanation and prediction are best understood in light of each
other and thus . . . should not be viewed as competing goals but rather as two goals
wherein the achievement of one should facilitate the achievement of the other” (p. 445).
Under this assumption, if an explanatory model su�ciently describes the questioned
(causal) relationship in a dataset, including all the moderating and mediating variables
that govern when and to what extent they each in�uence behavior, the model, at least in
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principle, should be capable to predict with reasonable accuracy its occurrence in future
data (Yarkoni & Westfall, 2017).

However, although explaining and predicting a behavior may be philosophically compat-
ible, statistically, it is not always true that the model that best approximates the data gen-
erating processes that produce an observed behavior is the one that best predicts future
behavior (Shmueli, 2010; Yarkoni & Westfall, 2017). In many cases, a theoretically plausi-
ble and elegant model fails miserably to predict a phenomenon whereas a very complex
model that is incomprehensible to humans succeeds in accurately predicting outcomes of
interest (Yarkoni & Westfall, 2017). Thereby, scientists often make a deliberate choice as
to whether to provide a more plausible theoretical explanation or more accurate empiri-
cal prediction of outcomes of interest. This in turn a�ects the entire process of statistical
modeling i.e., the choice of algorithms, sample size, and the analysis and reporting of the
results (Shmueli, 2010).

Machine learning algorithms vary on their �exibility and hence their interpretability. As
we discussed earlier, non-parametric methods are generally better in capturing the pat-
terns in the data because of their high �exibility, but they lack interpretability. When the
goal is to explain the relationship between the variables, using a simple and less �exi-
ble machine learning algorithm (linear approaches) is preferable. For example, OLS re-
gression is relatively in�exible but it is quite interpretable. When the goal is to predict
new feature values, then a more �exible method is preferable. For example, polymodal
regression and generalized additive models (GAMs) are capable of modeling nonlinear
(e.g., curve) relationships between predictor and response variables (G. James et al., 2013).
Highly �exible methods, e.g., bagging, boosting, and arti�cial neural networks can lead to
more accurate prediction, especially when trained on a massive dataset. However, highly
�exible algorithms do not always lead to accurate predictions. It is very plausible that a
more restrictive model performs better than a less restrictive or complex algorithm. This
is due to several reasons, but by far the most common one is over�tting; that is, the model
learned the data very well. Because the model �ts too closely to the training dataset,
it becomes less generalizable to other observations. Over�tting can also happen when
the number of features exceeds the number of observations in the dataset. To mitigate
the impact of over�tting, regularization methods, such as LASSO or L1 and Ridge or L2
penalty terms, may be used. Contrary to over�tting, a model may be under�tting the
data, that is it does not capture meaningful patterns in the data. As it might be already
suggested, both over�tting and under�tting render unreliable machine learning models
and researchers should make sure their models strike a good balance.
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When the accuracy of the prediction is the goal, then the model’s interpretability is not
a concern. In other words, it does not matter if the predictors in the model have a log-
ical relationship with the dependent variable. Nor should we be concerned about what
algorithms, simple or complex, we ended up choosing for the task. In this case, the use
of “black box” models is perfectly justi�able. One approach commonly used by statistical
and machine learning researchers to optimize prediction accuracy at the expense of in-
terpretability is ensemble learning. In this learning paradigm, multiple machine learning
models (commonly called “weak learners” or “base models”) are combined to get bet-
ter predictive accuracy (Witten, Frank, Hall, & Pal, 2016). The main hypothesis behind
this approach is that when several “weak” learners or models are correctly combined to
solve the same problem they often lead to better prediction accuracy than a single model
(Z. Zhou, 2012).

To sum, there is a tradeo� at play between prediction accuracy and model interpretability.
That is, more complex models often yield better estimates of 5 but render ’black box’ mod-
els which are di�cult to interpret. Depending on the primary objective of model building
(explanation or prediction), researchers should select machine learning algorithms that
are the most appropriate for the task. In this thesis, we applied both explanatory and
predictive modeling approaches for making inferences and prediction of video di�culty,
respectively. For understanding how verbal complexity (Chapter 6) and visual complexity
(Chapter 7) relate to video di�culty, I use more restrictive algorithms (e.g., OLS regres-
sion and LASSO). In Chapter 8, I rely on more �exible, e.g., bagging, boosting, support
vector machines with non-linear kernels, for predicting video di�culty using multimodal
complexity features.

Hyperparameters Tuning

Some advanced machine learning algorithms require a set of values or hyperparameters
to be optimized or tuned for optimal performance, e.g., the number of trees in a random
forest algorithm. The best hyperparameter space for a machine learning algorithm can be
found using di�erent searching methods such as grid searching, randomized grid search,
or Bayesian-based optimization techniques. A popular approach for �nding the optimal
values for these hyperparameters is via a grid search method. A grid search is a hyperpa-
rameter optimization technique that searches exhaustively through a manually speci�ed
subset of the hyperparameter space of the targeted algorithm.
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4.2.2 Evaluating a Learned Function

Regardless of what machine learning approach, parametric or non-parametric, was cho-
sen for the task, we need a reliable method to evaluate the accuracy of the learned model.
In most cases, we would need to �t several models to the dataset—because there is no sin-
gle model that works best in all dataset and tasks (this is commonly referred to as no free
lunch theorem in the �eld of machine learning)—and compare their performance against
each other. Speci�cally, in a regression setting, for each input pairs (-,. ), we need to
quantify how close the model prediction, ~, is from the actual or truth value, y, for that
observation. There are di�erent evaluation metrics for regression problems, but the most
common one is mean square error ("(�), given by the following equation:

"(� =
1
2

=∑
8=1
(~8 − ~̂8)2 (4.3)

The average value of MSE will be small if the model predictions are close to the true
values and by contrast, it will be large if there is a substantial di�erence between the
model predictions from the true values. and root mean square error (RMSE). One distinct
advantage of RMSE over MSE is that it expresses the model prediction error in units of
the variable of interest. The RMSE is a
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One useful property of RMSE is that its values are of the same dimension as the predicted
values, hence it is more interpretable than other metrics (Witten et al., 2016).

If our goal is to train a model for future prediction, a higher model’s accuracy in the
training set is not an indicator of a good model (Witten et al., 2016). That is, we are not
con�dent if the trained model would also perform well on unseen observations, which
is the primary objective of developing a predictive model in the �rst place. The question
then is how we can ensure that our trained models can yield similar or consistent results
when applied to new observations. A common validation approach is to divide the dataset
into a training and testing set. As their names imply, the training set is used to train the
model (estimating its unknown parameters) and the test set is held out for evaluating
the model accuracy. Typically, two-third of the dataset is used for training the machine
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learning model and the remaining one-third is preserved for testing the accuracy (Witten
et al., 2016).

This is because the training set may not be representative of the problem the model tries
to learn. One way to alleviate this problem is through shu�ing the dataset before splitting
the dataset into training and test set. One caveat of the train-test split approach is that it
only works best when data are abundant. But in most cases, researchers might not have
a large dataset. A common approach, in this case, is the :-fold cross-validation approach,
visualized in Figure 4.1. In this approach, the full dataset is split into a �xed : number
of approximately equal folds, for example, 3 folds, then each fold, in turn, is used for
testing, and the remainder is used for training. Typically, machine learning researchers
use 10-fold cross-validation.

Figure 4.1: A Visualization of the  -Fold Cross-Validation Approach

There are several other validation approaches, including, for example, leave-one-out cross-
validation and nested cross-validation (see Witten et al., 2016, for a comprehensive re-
view). In this thesis, we use the standard 10-fold cross-validation approach to evaluate
and compare the performance of the machine learning models.

4.2.3 Bias and Variance Tradeo�

The prediction error for any machine learning algorithm can be broken down into three
parts: bias error, variance error, and irreducible error. The latter type of errors arises from
unknown variables that in�uence the mapping of the predictors to the response variable.
Therefore, regardless of what machine learning algorithm is chosen, the irreducible error
cannot be reduced—hence the name. However, what can be minimized are the variance
and bias errors. Variance refers "to the amount by which 5̂ would change if we estimated
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it using a di�erent training data set" (G. James et al., 2013, p. 34), whereas bias refers to
the errors introduced by machine learning algorithms that approximate more complex
problems through in�exible and simpler models. Technically, researchers should select a
machine learning model that simultaneously achieves low variance and low bias to reduce
prediction error.

4.3 Overall Research Design

The overall design of this thesis was made in a way that allows for transferring �ndings
from one study to the next. While the four studies in this thesis are set to explore and
address di�erent research questions, they collectively advance one programmatic objec-
tive (what makes videotext di�cult for language learners?). To gain tractability, in Study 1
(Chapter 6) and Study 2 (Chapter 7), I have stripped the general problem of understanding
videotext di�culty to the more speci�c problem of investigating the independent contri-
bution of verbal and visual complexity, respectively, to videotext di�culty. The insights
gleaned from the analyses of verbal and visual complexity were used in the develop-
ment of multimodal videotext di�culty models in Study 3 (Chapter 8). Finally, building
upon the �ndings of Study 3, real-time video segment di�culty models were developed
in Chapter 9.

4.4 A Machine Learning Pipeline for videotext

Di�culty Assessment

In developing computational models for videotext di�culty, I adopted a generic machine
learning pipeline commonly used in the development of supervised machine learning sys-
tems for text di�culty assessment. The pipeline involves three major stages as depicted
in Figure 4.2.
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Figure 4.2: A Generic Machine Learning Pipeline

Each step often involves several tasks and procedures. In this chapter, I give a brief
overview of these three stages, and discuss, if applicable, the tasks, analyses, and tools
used at each step.

4.4.1 Data Collection and Annotation

After de�ning the goal of developing a machine system, the �rst task is to collect training
data. For supervised machine learning problems, annotated data is required. However,
the problem is data annotation is a labor-intensive and expensive process, and accord-
ingly, there are very few annotated datasets available in the literature. This has been
a true hurdle for the development of L2 text complexity models. As an alternative, re-
searchers have used, for example, corpora of graded textbooks annotated by publishers
for language learners or even using corpora of L1 texts. However, while using already
annotated datasets is cheap it may not be ideal. It is very plausible that texts in these com-
piled datasets are graded by several publishers using di�erent criteria. Machine learning
algorithms are only as good as data they are trained on (Halevy, Norvig, & Pereira, 2009).

While there are several high-standard corpora for modeling text readability and com-
plexity, there is, however, no corpus for videotext di�culty assessment. Therefore, I built
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the Second Language Video Complexity (SLVC) corpus. The SLVC is a specialized mul-
timodal videotext complexity corpus for developing, training, and evaluating machine
learning models for videotext di�culty prediction. The corpus is composed of 640 video-
texts annotated by 322 English as Foreign Language (EFL) learners for their overall com-
plexity. The SLVC contains 320 academic lectures and 320 government advertisement
video clips. These two genres were chosen because many learners are familiar with the
two video genres, hence developing machine learning systems to measure their complex-
ity will have a great utility in language learning teaching and learning. For analyzing
the corpus, I adopted computational approaches and techniques from various research
�elds including computational linguistics, psycholinguistics, computer vision, and arti�-
cial intelligence. I describe the process of compiling and annotating the corpus in Chapter
5.

4.4.2 Feature Extraction

Through leveraging recent advances in computational linguistics and computer vision, I
extracted a wide range of videotext features from the SLVC corpus. The feature sets cover
various prosodic and phonological, lexical, syntactic, discourse, visual, and spatiotempo-
ral complexity features, visually represented in Figure 4.3.

4.4.3 Data Preparation and Preprocessing

Data preparation and preprocessing is a very crucial step in any machine learning and
data mining project. Real-world data is often messy, erroneous, and not in a form that
is suitable to be processed by a learning algorithm. Data preparation comprises many
tasks and techniques whose aim is to transform raw data into a training data set that
contains no missing or incorrect values and where all features are important. Quality data
helps machine learning algorithms to learn faster and generalize well on unseen data.
Data preparation can take a considerable amount of processing time (Domingos, 2012;
Pyle, 1999) and it involves tasks such as data cleaning, normalization, transformation,
and dimensionality reduction (García, Luengo, & Herrera, 2015).
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Figure 4.3: Verbal and Visual Complexity Features

To reduce the number of features, several feature selection—also called dimensionality
reduction—techniques can be used. These methods seek to reduce the representation of
the data set so that it becomes much smaller in volume, while it still maintains its integrity.
That is, the reduced data set should produce the same (or almost the same) analytical re-
sults (Han, Pei, & Kamber, 2011). In doing so, they reduce the size of the problem, make
the machine learning model easier to interpret, and more importantly, enhance model
generalization by reducing over�tting. Generally, there are three feature selection ap-
proaches; the �lter, Wrapper, and embedded approach. The �lter methods use statistical
testing to rank and order the importance and usefulness of independent variables to a
response variable (e.g. Chi-square, ANOVA, Pearson’s correlation, Mutual information).
The wrapper methods create di�erent subsets of features, each subset is used to train a
learning algorithm and then tested on a hold-out set. The best subset is selected by test-
ing the algorithm using di�erent criteria (e.g. Forward and Backward selection). Because
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wrapper methods train a new model for each subset, they are very computationally inten-
sive. Finally, the embedded methods are a combination of two previous approaches, and
they perform feature selection as part of the learning procedure. Typical algorithms of
an embedded feature selection approach are decision tree-based algorithms (e.g., Random
Forest) and regularized Lasso. The outcome of the process is data sets that can be readily
fed into machine learning algorithms.

4.4.4 Model Development

The fourth step is to train a machine learning algorithm to accurately assess di�culty
in videotexts. In this thesis, I experimented with di�erent regression algorithms. My
choice of algorithms was informed by similar studies in the literature and by evaluating
the performances of di�erent algorithms on the tasks.

4.4.5 Model Evaluation

The last step is to evaluate the trained model’s performance on a new dataset that it
has not been trained on. A common approach for validating the predictive ability of the
trained model is the K-fold cross-validation technique (Witten et al., 2016). Depending
on the machine learning algorithms choosing, the accuracy of the learner is evaluated
using a test dataset. The sixth step is improving the performance of the machine learning
model. This sometimes requires choosing another algorithm, utilizing more advanced
strategies to improve the performance of the model, or collecting more data and doing
additional preparation work on the dataset.

4.5 Chapter Summary

In this chapter, I discussed several key machine learning concepts pertaining to the devel-
opment and evaluation of explanatory and predictive models. I also described the overall
research design of the thesis and outlined the main objectives of the four studies con-
ducted in this thesis. In the next chapter, I describe the development and annotation
of the Second Language Videotext Complexity (SLVC) corpus to be used in developing
computational models of videotext di�culty assessment in this thesis.



Chapter 5

The Second Language Videotext
Complexity Corpus

In this chapter, I introduce the Second Language Videotext Complexity (SLVC) corpus, a
purposefully built video corpus for investigating L2 videotext complexity and di�culty.
The SLVC corpus comprises 320 academic lectures (AL) and 320 government advertise-
ment (GA) videotexts. I �rst motivate the necessity and bene�ts of building a video cor-
pus for researching video text complexity and di�culty in the �eld of applied linguistics.
Then, I describe the development of the SLVC corpus and the annotation procedure. Fi-
nally, I present the results of an exploratory analysis on the SLVC corpus and the partic-
ipants’ ratings of videotext di�culty.

5.1 Making the Case for the Development of the SLVC

Corpus

The availability of text corpora has brought myriad advantages to the investigation of text
readability and complexity. For example, using large text corpora, readability researchers
were able to investigate various dimensions of textual complexity, provide empirical ev-
idence that validates and falsi�es theoretical claims, and devise and test new complexity
indices and measures. However, developing a gold-standard corpus for use in developing
automated text di�culty assessment systems is expensive for individual researchers who
might not be able to a�ord to construct large corpora. Accordingly, there are only a few
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free corpora suitable for use in readability assessment research, and apparently, there is
no available corpus for videotext complexity and di�culty research.

To reduce the labor cost of building a new corpus, some text di�culty researchers have
built their own corpora from readily available graded textbooks, simpli�ed versions of
Wikipedia entries, or news and magazine articles written for language learners, such
as the Weekly Reader corpus and the WeeBit corpus (Vajjala & Meurers, 2012) and the
OneStopEnglish Corpus (Vajjala & Lucic, 2018). The readability level (or school grade) of
the compiled texts and articles, decided hitherto by the original article authors or textbook
publishers, is often used as ground truth in developing an automated readability tool.

In applied linguistics, extant work has been primarily devoted to investigating learners’
use or production of L2, most notably through quantitative analysis of learner corpora
(e.g., Granger, Gilquin, & Meunier, 2015; Le Bruyn & Paquot, 2020). There is, however,
a dearth of research on videotext complexity and di�culty. This is partially due to the
lack of properly annotated videotext corpora. Thereby, the development of open-accessed
video corpora would facilitate video corpus research and stimulate cross-domain collab-
oration leading to innovative theoretical and methodological work.

With the staging increase of the amount of video data, and their current widespread use
in various domains, not only in education, but also in government advertisement, health
care, and business, research on video data is more needed than any time before. Similar
to their utilities in written and spoken research, the development of freely accessible
annotated videotext corpora can help researchers in addressing many research problems
concerning L2 videotext understanding, including, for example, how second language
learners perceive and deal with complexity in videotexts and how to accurately assess
di�culty in videotexts, and so forth.

Against this background, I built the Second Language Videotext Complexity (henceforth
SLVC) corpus to develop machine learning models for assessing and predicting videotext
complexity for language learners. The SLVC is composed of 640 annotated videotexts in
two video genres, academic lectures (AL) and government advertisements (GA). For the
purpose of the current study, the term "academic lecture" is generic and it includes un-
scripted (e.g., a recording of spontaneous academic lecture) and scripted instructional
videos. Government advertisements are video clips produced by o�cial governmen-
tal bodies or agencies to inform the public about new initiatives, policies or programs.
The two genres are equally represented in the corpus, 320 videos in each genre. While
the SLVC corpus was principally constructed for developing and benchmarking machine
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learning models for predicting L2 videotext complexity, other applications are also possi-
ble, e.g., devising and validating new measures. In the remaining of the chapter, I describe
the various steps and procedures involved in the construction of the SLVC corpus.

5.2 Building and Annotating the SLVC Corpus

In essence, the SLVC was developed in two major stages. In the �rst and preliminary
stage, I de�ned a set of criteria for searching and selecting videotexts. Then, I searched
the web for government advertisements and academic lectures that meet the de�ned cri-
teria and built an initial corpus of videos that satis�ed all the criteria. Next, I screened the
initial corpus to ensure that there were no duplicate videotexts or broken URLs. Then, I
developed a script to automatically retrieve all the video metadata, and download video
�les, audio tracks, and transcripts into correspondence folders. In the second stage, I
adapted and validated a text di�cultly scale, and then I recruited a total of 322 interme-
diate EFL learners in a Saudi university to rate the di�culty in the corpus. In the sections
that follow, I elaborate more on each of these stages in much more detail.

5.2.1 Videotext Selection Criteria

An essential �rst step in developing a high-quality corpus is de�ning the text selection
or inclusion criteria. What determines the text selection in any corpus building project is
what the corpus will be used for; that is what research questions motivate the analyses on
the compiled corpus. Here the primary aim is to develop automated models for explaining
and predicting in AL and GA videotexts.

At �rst, I developed a set of selection criteria to help in searching for and selecting video-
texts to develop the SLVC corpus. The criteria were:

1. Videotexts should have no copyright restrictions.

2. Videotexts should be representative of its genre.

3. Videotexts should be about di�erent topics.

4. Videotexts should not be about topics that are deemed taboo or culturally inappro-
priate for the study participants.
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5. The length of videos should be short, ideally within the range of 1-12 minutes, to
not overwhelm the participants and impact their judgment.

6. Videotexts should have di�erent production styles.

7. Videotexts should not be animated in their entirety or include excessive use of an-
imations.

8. Videotexts should not display subtitles or captions.

The selection criteria are sequentially ordered in terms of their importance; that is, the
�rst criterion should be met before moving to the second one. So to be considered for
inclusion in the corpus, a videotext should have no copyright restrictions. Content copy-
right restrictions are one of the obstacles in researching and developing large video cor-
pora from the web.

5.2.2 Building the Initial Corpus

To build the SLVC corpus, I searched the Internet, between June 15 to August 15, 2018, for
videotexts that meet the selection criteria outlined above. I adopted di�erent searching
procedures for searching for GA and AL videotexts. For GA videotexts, I visited the o�cial
websites and YouTube channels of several government agencies, departments, and o�ces
in the United States, the United Kingdom, Australia, and Canada. When visiting each
website and before selecting any videotext, I carefully read the organization’s content
copyright page to ascertain if there are any forms of copyright restrictions on the use
of their video materials. If the videotexts are copyrighted for public use, for example,
licensed under the Creative Commons Laws, I proceeded to check if videotexts meet the
other remaining criteria. Once all criteria were satis�ed, the URLs of videotexts were
copied to a CVS �le. For searching for academic video lectures, I used an advanced search
�lter on YouTube to �nd academic videos licensed under the Creative Commons Laws
which had a duration of fewer than 12 minutes. I used several keywords, such as academic
lecture, MOOC, biology, history, math, economy, entrepreneurship, computer science,
and English lessons. Again, videos that met all the inclusion criteria were added to the
initial dataset. At the end of this stage, the initial corpus contained approximately 722
videotexts.
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5.2.3 Retrieving Video Metadata and Initial Data Screening

I wrote a python script to call the YouTube API v3 and retrieve all relevant metadata about
all the videotexts in the initial corpus, e.g., video title, author, publication year, YouTube
video ids, video category, and channel name. I manually checked each videotext for the
appropriateness of the topic and production style. For indexing and retrieving purposes,
I gave unique identi�ers for all videos in the corpus that are made of two letters (GA for
Government Advisement and AL for Academic Lecture) and a serial number (e.g., GA5
and AL5). After retrieving all relevant information, each video in the initial corpus has
the following metadata, Video ID, URL, Title, Author, Category, Topic, Type of Copyright
License, and Video Production Style. Then, I screened the initial corpus and removed
duplicate entries and reviewed metadata, and added missing information. I also made sure
that there is a variety of di�erent topics and video production styles in the corpus. After
screening the initial corpus, the �nal SLVC corpus contained a total of 640 videotexts, 320
videotexts in each video genre. Table 5.1 shows some descriptive statistics of the SLVC
corpus.

Table 5.1: Descriptive Statistics of the SLVC Corpus

Video Genre Videos Sentences (Mean) Words (Mean) Duration in minutes (Mean)
Government Ads 320 6379 (19.99) 103387 (324.09) 660 (2.06)
Academic Lecture 320 22674 (70.85) 346054 (1081.41) 2197 (6.86)
Total 640 29060 (45.40) 449616 (702.52) 2859 (4.46)

5.2.4 Retrieving Videos, Audios, and Transcripts

I developed a Python script to streamline the process of retrieving videos, audio, and
video transcripts. The script calls in various extant open-sourced technologies as well as
third-party commercial service to download videos, audios and phonetically transcribes
the video. Given a YouTube URL, the tool downloads the video in mp4 format using
Pytube library (Version 9.2.6) 1 in a local folder, then it extracts the audio in a WAV �le
format using the FFmpeg tool (Tomar, 2006) and saves the �le into another folder. The
script then makes a call to Microsoft Cognitive Service’s state-of-the-art Speech-to-Text
Recognition API to retrieve the phonotactic transcript of the video. After processing and
cleaning the returning JSON data, the tool saves the video transcript in a plain text (txt)
�le in a designated folder. The three folders containing the three types of data (videos,

1https://pytube.readthedocs.io/en/latest/
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audios, and transcripts), and are then saved into one single folder which makes the raw
unprocessed version of the SLVC corpus.

5.3 Scale Development and Validation

Before beginning the videotext annotation sessions, I conducted a small-scale pilot study
to assess the feasibility of an initial annotation plan as well as the validity and reliability of
the annotation instrument. In the next section, I �rst present the annotation instrument,
and later describe and report the �ndings of the validity and reliability of the modi�ed
instrument.

5.3.1 The Videotext Di�culty Scale

The use of the Likert-scale for annotating or rating texts di�culty is very common prac-
tice in readability and listenability research (e.g., Kotani, Ueda, Yoshimi, & Nanjo, 2014;
S. Yoon et al., 2016). I adapted a questionnaire designed by S. Yoon et al. (2016) for rating
the di�culty of spoken texts. The questionnaire consists of �ve Likert-type questions
which estimate the overall comprehension of spoken text, the number of missed words,
the di�culty associated with the vocabulary and acoustic dimensions (see Appendix A,
for original questionnaire). To better suit the purpose of this thesis, I made some mod-
i�cations to the original questionnaire questions. Firstly, I did not include the original
questionnaire’s �rst question:

Which statement best represents the level of your understanding of the passage?

1. Missed the main point
2. Missed 2 key points
3. Missed 1 key point
4. Missed 1-2 minor points
5. Understood everything

This is mainly because the question is unsuitable for the study’s participants in this the-
sis who were at the CEFR B1 level (intermediate level) of language pro�ciency and hence
may not be able to answer the question correctly. Secondly, I added a question (number
5) to solicit the participants’ perception of the di�culty of videotext with respect to their
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language ability. Thirdly, I translated the questionnaire into the participants’ �rst lan-
guage, Arabic, to avoid any misunderstanding due to language problems. The translated
questionnaire was checked by a bilingual colleague and no further modi�cations were
needed (see Appendix A.2, for the translated questionnaire).

The modi�ed questionnaire items address di�erent aspects of videotext di�culty. The
�rst question asks the participants about their overall understanding of the videotext. The
second question is concerned with how much information the participant still remembers
after watching the videotext. The third and fourth questions address lexical and acoustic
characteristics of the videotext. The last question asks the participants’ overall perception
of the videotext di�culty as it relates to their current language ability. The modi�ed
questionnaire is shown below:

How would you rate your understanding of the video?

1. 100%
2. 90%
3. 80%
4. 70%
5. less than 60%

How much of the information in the video can you remember?

1. 100%
2. 90%
3. 80%
4. 70%
5. less than 60%

Estimate the number of words you missed or did not understand

1. none
2. 1-2 words
3. 3-5 words
4. 6-10 words
5. more than 10 words

The speech rate was. . .

1. slow
2. somewhat slow
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3. neither fast nor slow
4. somewhat fast
5. fast

I believe the video is. . .

1. much lower than my language ability
2. lower than my language ability
3. neither high nor low
4. higher than my language ability
5. much higher than my language ability

The questionnaire, however, does not include questions addressing the grammatical, syn-
tactic, discoursal aspects of videotext. Furthermore, it did not address the visual and spa-
tiotemporal dimensions of videotext mainly due to practical reasons. It was anticipated
that addressing the multifaceted dimensions of videotext di�culty would prolong the du-
ration of the rating session and may lead to ‘respondent burden’ and result in low-quality
responses (Graf, 2008). Besides it was unfeasible to design questionnaire items speci�c to
each videotext in the corpus (n=640) addressing, for example, syntactic or grammatical
complexity in each videotext. Similarly, given that visual and spatiotemporal complexity
in videotext are still undeveloped constructs, it was di�cult to design items addressing
issues related to these constructs. For these reasons, the instrument items were purpose-
fully kept short and they only solicit the participants’ overall perception of videotext
di�culty.

For analyzing and scoring the participants’ responses, I followed the same scoring pro-
cedure implemented in S. Yoon et al. (2016). The scale is comprised of �ve Likert-type
questions designed to be combined into a single composite score during analysis. Each
questionnaire item is scored from one to �ve. Therefore, the highest possible point for all
�ve items is 25 and the lowest possible point is 5. This means that the higher the score
is, the more di�cult the videotext is for each participant. Since we are interested in de-
veloping a single criterion variable (henceforth videotext di�culty score), participants’
responses are �rst aggregated and then averaged for each videotext.

It should be noted that the adopted annotation instrument is a Likert-scale and gener-
ates ordinal data; that is, the numbers assigned to di�erent response categories express
a” greater than” relationship, and the intervals between two consequent points are not
always identical. Thus, certain analyses are only applicable to such types of data. But, as
noted by S. Yoon et al. (2016), all questionnaire items are originally designed to measure
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one single construct (perceived text di�culty), so the scale data can be treated as interval
data and statistical analyses applicable to interval data, including descriptive analysis and
linear regression models, can be applied on the scale data.

5.3.2 The Pilot Study

The purpose of the pilot study was twofold; �rstly, it assessed the feasibility of an initial
video annotation plan, and, secondly, it measured the validity and reliability of the anno-
tation instrument. Concerning the annotation plan, the study sought to explore what is
the most appropriate number of videos that an individual participant can rate in a single
annotation session without feeling worn-out or bored. Therefore, I made four groups of
videos, A, B, C, and D, each contains, 4, 6, 8, 10 videos, respectively, for the participants to
rate. The videotexts in these four groups were randomly selected from the SLVC corpus,
14 AL and 14 GA videotexts. Additionally, the study aimed to estimate how many raters
are needed for reliable ratings of videotexts. So, di�erent numbers of raters (3, 4, 5, and
6) were assigned, respectively, to each group of videotexts, A, B, C, and D. Another aim
of the pilot study was to test the validity and reliability of the modi�ed and translated
annotation instrument.

To this end, a total number of 24 male EFL students made the sample of the pilot study.
At the time of the study, the participants were all taking an advanced English course at
an English Language Institute (ELI), in a Saudi state university. The sample of the pilot
study was drawn from a large population of EFL learners from which I planned to recruit
more participants for my main study. I used the convenience sampling approach to select
the pilot study’s participants. Speci�cally, I made formal arrangements with the ELI’s
administration and the teachers’ coordinator to inform and invite two intact classes of
students to participate in the pilot study. I was not involved in the selection of the two
classes. The teacher coordinator selected two classes and informed their instructors about
the study three days before the arranged day of the pilot study. The two instructors were
asked to convey key information about the study to their students, such as the purpose of
the study, and that their participation in the study is not mandatory, and what task they
will be asked to do if they participated.

On the day of the study, the two instructors brought in 24 students of their students (out of
55 students invited), who formerly agreed to participate in the pilot study, to a computer
lab. When they were in the lab, I explained to the students, in Arabic, the purpose of the
pilot study and handed them the study’s consent form to read and sign. To minimize the
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e�ect of listeners’ fatigue on their ratings, the participants were informed that they can
pause at any time during the session and resume whenever ready. After they returned
the signed consent, I assigned each student to one of four groups based on where they
were sitting. While they were annotating the videos, I took notes of their questions and
remarks on the annotation process. I also monitored the time duration that each group
needed to complete the questionnaire.

5.3.3 Findings of the Pilot Study

The analysis of the pilot study’s data revealed some important �ndings. The �rst ques-
tion of the pilot study was concerned with how many videotexts are appropriate for an
individual participant to annotate in a single annotation session. When I asked them
at the end of the annotating session, the participants suggested that watching and an-
notating more than �ve videos is more laborious and tedious and they may opt not to
annotate more than 6 videotexts. Concerning how many raters are needed for reliable
ratings of videotext di�culty, I performed inter-rater reliability analysis on the partici-
pants’ responses in each group. The results of the Interclass Correlation (ICC) analysis
showed that the participants in all four groups had low to moderate agreements, ranging
from (.36 to .74).

To check the convergent validity of the instrument, I performed bivariate correlation
analyses on all possible pairs among the instrument questions. The results indicated that
all �ve questions signi�cantly correlated with each other, with Pearson values ranging
from A = .34 to .80, ? < .01. The moderate-to-strong inter-correlations among the instru-
ment items suggest that one construct is being measured: overall perception of videotext
di�culty. Furthermore, to assess the reliability of the annotation instrument, Cronbach’s
analysis was performed on the participants’ responses to the instrument items. The result
showed that there is a satisfactory internal consistency among the instrument items (U =
.81), above the suggested benchmark value of .70 (Nunnally, 1978). Post hoc analysis on
the entire dataset showed that an even higher reliability score (items 2826; U= .86).

Finally, it was observed that the number of participants who agreed to participate in the
pilot study was relatively low. Therefore, I decided to use “free prize draws” as a way to
induce more students to participate in the main study’s annotation sessions.
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Table 5.2: Bivariate Correlational Analysis for the Annotation Questionnaire’s Conver-
gent Validity

Scale Items Q1 Q2 Q3 Q4 Q5
1. How would you rate your understanding of the video? -
2. How much of the information in the video can you remember? .8 -
3. Estimate the number of words you missed or did not understand .68 .68 -
4. The speech rate was. . . .34 .33 .38 -
5. I believe the video is. . . .63 .62 .63 .46 -

5.4 SLVC Annotation Procedure

Building upon the results obtained from the pilot study, I made some modi�cations to the
original annotation plan and procedure. The revised annotation procedure adopted in the
development of the SLVC corpus is illustrated in Figure 5.1. Firstly, to meet the minimum
advised number of videotexts (subjects) for reliable ratings, I grouped the SLVC corpus
into 64 randomized groups of 10 videotexts, each of which contains an equal number of
videotexts from both video genres. Each video group is further split into two sets of �ve
videotexts (A and B) to give the participants a time break between the two annotation
sessions.

Figure 5.1: The Video Annotation Procedure

To ensure an acceptable level of inter-rater agreement among the raters while also hu-
man resources, I adopted an iterative process of evaluating inter-rater reliability, formally
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described in equation 5.1:

_81 =


if ���8 ≤ .40, W + 1

���8, otherwise
(5.1)

As a starting point, three participants are assigned to each video annotation group, W = 3.
Then, at the end of the annotation session, the participants’ ratings were checked for
inter-rater reliability. If the ICC value was below .40, one more rater was assigned to the
video group in the next annotation session.

5.4.1 Annotators

A total number of 322 EFL male students participated in the annotation sessions. The
participants were drawn from 18 intact classes which were invited to participate in the
annotation sessions. Similar to the pilot study, the class instructors initially informed their
students about the study before their scheduled day. As an inducement to participate, the
instructors informed their students that they would join a draw to win a valuable gift
card as compensation for their time. At the time of the study, all the participants were
enrolled in an intensive language preparation program. A week before enrolling in the
course, all the participants took the Cambridge English placement test which assessed
their language ability and placed them at the B1 level according to the CFER. The average
age of the student participants was 19.4.

5.4.2 Annotation Setup

I used Google Forms to build a digitalized version of the questionnaire for all video groups
and I made responding to all the questionnaire items required to avoid missing data. Then,
I developed a simple web page to host the annotation instrument and display the videos to
the participants. The annotation website and video annotation web page are showcased
in Figure 5.3
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Figure 5.2: A Screenshot of the Videotext Annotation Website - First Page

Figure 5.3: A Screenshot of the Videotext Annotation Website - Second Page

The annotation sessions were held in a computer lab equipped with 28 desktop computers.
Before commencing the annotation sessions, I checked the lab computers, monitors, and
headphones for any technical problems. I also made a shortcut of the annotation website
on each computer’s desktop for quick access to the annotating website in later annotation
sessions.
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5.4.3 Administering the Annotation Sessions

In total, 18 annotation sessions took place in three consecutive weeks (3 days per week,
two annotation sessions per day). Each rating session lasted for approximately 60 min-
utes. On their designated day and time, class instructors brought in their students, who
initially agreed to participate in the study, to the lab. When they were in the lab, I re-
minded the student participants about the main purpose of the study, explained the an-
notation procedures, and then handed them the plain language statement (see Appendix
A.1), and the study’s consent form, written in Arabic (see Appendix A.3), to read and sign.

Following this, I assigned each three students to one video group and instructed them to
complete the two sets. They were also informed that they can have a time break between
the video sets, pause at any time, re-watch the videos, or modify their responses if they
needed to do so. The majority of the participants completed the two video sets and only
6 students opted to do only one set.

5.5 Analysis and Results

In this section, I report the results of inter-rater reliability analyses on all participants’
ratings. Later, I present and discuss the �ndings of an exploratory study on the SLVC cor-
pus in which I investigated whether video topic and genre a�ect the participants’ ratings
of videotext di�culty.

5.5.1 Processing and Analyzing the Questionnaire Data

After the end of each annotation session, I downloaded the Google Sheets �les linked to
the Google Forms (annotation form) to a local folder on my computer. Then, I replaced
the “Student IDs” with anonymized identi�cation codes (S1, S2, S3, S4, ...etc.). Secondly, I
converted the participants’ responses to numerical values. For example, the participants’
responses to questionnaire item two were converted to numerical values as follows; “more
than 10 words” = 5, “6-10 words” = 4, “3-5 words” = 3, “1-2 words” = 2, and “none” = 1.
Then, I assigned a unique identi�cation code for the processed questionnaire �les and
saved them in a separate folder on my computer.

Before analyzing questionnaire data, I �rst checked the participants’ responses if they
contain duplicate entries or unusual values. It was found that four participants made
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duplicate entries and one participant had unusual rating values (25 points for all video-
texts). The invalid responses were removed before performing any statistical analysis on
the data. To make a single composite score of di�culty for each videotext, I �rst summed
each participant’s responses to the �ve questions (ranging from 5 to 25 points) and then
averaged them. So, each videotexts in the SLVC corpus has a single di�culty score, op-
erationalized as our criterion variable.

5.5.2 Inter-rater Reliability

As described earlier, an iterative approach to evaluate the reliability of the participants’
ratings was adopted. Inter-rater reliability was assessed by computing the ICC for all
video groups. Speci�cally, I adopted a two-way random model, absolute agreement,
average-measures ICC (McGraw & Wong, 1996) to assess the degree of agreement among
the participants’ ratings of videotext di�culty. I used the R psych package to obtain the
ICC results for each group after each rating session (see Appendix A.5 for the result).

In most cases, the participants rated 10 videotexts, though in four video groups the par-
ticipants rated 9 videotexts due to technical problems. If the ICC value has not met the
minimum ICC value of > .40, one or two more additional raters are recruited to rate the
video group in the next rating session. Accordingly, video groups had a di�erent number
of raters, with a minimum of three raters and a maximum of nine raters. Importantly, this
iterative process resulted in higher inter-rater reliability exceeding the speci�ed threshold
in most of the cases.

While the majority of video groups had an equal number of raters—that is the same par-
ticipants rated videotexts in both sets (A and B), 4 video groups had an unequal number
of raters due to some participants opting to rate only one set of videos instead of two. In
these four cases, the lmer function was used as it is more appropriate for missing values.

5.5.3 Exploratory Analysis on Participants’ Evaluation of

Videotext Di�culty

I used the statistical language R in RStudio RStudio Team (2016) to calculate basic descrip-
tive statistics as well as test the normality and spread of the videotext di�culty scores.
The means and standard deviations for all videotexts as well as for GA and AL videotexts
are shown in Table 5.3.
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Table 5.3: Descriptive Statistics on the Videotext Di�culty Scores

Mean SD Median Skewness Kurtosis
Statistic Std. Error Statistic Std. Error

Government Advertisement 16.75 3.36 17 -.43 .14 -.46 .27
Academic Lecture 17.05 3.65 18 -.54 .14 -.51 .27
All 16.9 3.51 17.5 -.48 .09 -.50 .19
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Figure 5.4: Distribution Plot of Videotext Di�culty Scores

Figure 5.5: A Density Heat Map Shows Di�culty for AL and GA Videotexts

The mean and standard deviation of all videotext di�culty scores were 16.9 and 3.51,
respectively. The mean of AL videotexts is slightly higher than that of GA videotexts.
Outliers were visually checked using a box plot and there were no outliers found. The
normality of the videotext di�culty scores was assessed numerically with a Shapiro-Wilk
test and visually checked using the QQ plot (quantile-quantile plot), shown in Figure 5.6.
The test resulted in a signi�cant value, indicating the assumption of normality was not
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met (, = 0.96, ? = .001). That is, the sample distribution of data does not follow the
normal Gaussian distribution, with negative skewness of -.48 (SE =.097) and kurtosis of
-.5 (SE =.193).

Figure 5.6: Quantile – Quantile Plot for Videotext Di�culty Ratings

Negative skewness indicates that the mean of the data values is less than the median, and
the data distribution is left-skewed. In other words, many of the videotexts in the corpus
were deemed di�cult by the participants.

5.6 Chapter Summary

In this chapter, I described the process of developing and annotating the Second Lan-
guage Videotext Complexity (SLVC). I also reported the results of validity and reliability
analyses on the annotation instrument which indicated the validity and reliability of the
annotation instrument. Additionally, adopting an iterative reliability assessment protocol
I assessed and validated the reliability of videotext di�culty scores. Lastly, I performed
an exploratory analysis on the participants’ ratings of videotext di�culty. In the next
chapter, I interrogate the role of verbal complexity in explaining and predicting videotext
di�culty.



Chapter 6

The Contribution of Verbal
Complexity to Videotext Di�culty

Previous research in printed and spoken texts has identi�ed several verbal complexity
features that contribute to di�culty in these types of text, however, less is known about
whether these �ndings extend to videotext di�culty. To address this gap, this study inter-
rogated the relative contribution of a large set of verbal complexity features on explaining
the di�culty of videotext in the SLVC corpus. Using advanced computational linguistic
tools, 220 verbal complexity features were extracted from the audio streams and pho-
netic transcripts of videos in the SLVC corpus. The predictive powers of these features
were investigated, and the most predictive features were included as input in regression
models to predict the di�culty of unseen videotexts. The generalizability of the regres-
sion models to predict videotext di�culty was evaluated using a 10-fold cross-validation
approach. Finally, the study explored how verbal complexity varies across video genres
and whether genre-speci�c regression models better predict di�culty in each video genre
than genre-agnostic models.

Structurally, the chapter is divided into three sections. The �rst section outlines the verbal
complexity features explored in this study and how they were extracted and computed.
The second section reports on the �ndings of the study. Finally, the last section discusses
the �ndings with those found in other studies in the literature.

123
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6.1 Computing Verbal Complexity Features

In this study, I explored a wide range of verbal complexity features. The features set
can be broadly classi�ed into four categories: acoustic and phonological features, lexical

features, syntactic features, and discoursal complexity features. Acoustic and phonological
complexity features were extracted from the audio streams of the videos, whereas lexical,
syntactic, and discourse features were extracted from the phonotactic transcription of the
videotexts. I used Microsoft Video Indexer1 (MVI) service to phonetically transcribe the
videos. MVI employs state-of-the-art speech recognition algorithms to accurately convert
audio streams into transcribed texts and automatically detect sentence boundaries. Be-
fore retrieving the transcribed data, the transcripts were checked manually and corrected
using the MVI visual editor.

After retrieving video transcripts, I used the Tool for the Automatic Analysis of LExical
Sophistication (TAALES, version 2.0; Kyle, Crossley, & Berger, 2018) and the Tool of Au-
tomatic Analysis of Cohesion (TAACO, version 2.0; Crossley, Kyle, & Dascalu, 2018) for
measuring di�erent indices related to discourse cohesion. I also used the o�cial Stanford
NLP python package (Qi, Dozat, Zhang, & Manning, 2019) to parse all video transcripts
in the SLVC corpus and compute some measures of lexical, syntactic, and discourse com-
plexity. Taking a running video transcript as an input, the Stanford parser segments the
video transcript into a list of individual sentences and words (tokens), generates base
forms of all words (lemmas), identi�es their parts of speech and morphological features,
and �nally builds syntactic dependency relations between words in the sentences. Table
6.1 shows the types, number of verbal complexity features, and some examples of features
in each category.

6.1.1 Acoustic and Phonological Complexity Features

6.1.1.1 Speaker Accent

For determining what English variety or accent is spoken in the videotexts, I categorized
the accents of speakers based on two factors: their countries of origin and their insti-
tution’s whereabouts. For example, in the case of government advertisements, videos
that were produced by an American, Australian, British, and Canadian government of-
�ce or agency is presumed to have speakers who speak American, Australian, Canadian,

1https://azure.microsoft.com/en-au/services/media-services/video-indexer/



The Contribution of Verbal Complexity to Videotext Di�culty 125

and British accent, respectively. The same procedure was also used in determining the
speaker’s accent in the academic lecturer videos, though in some videos (Khan academy
videos) information about the speaker’s country of origin was not easily accessible. In
this case, I relied on my intuition to judge the speaker’s accent as belonging to one of the
four common varieties of English: American, Australian, Canadian, and British English.
It is understood that each of the four English varieties is spoken in multiple accents and
local dialects, but these dialectal di�erences were ignored in this research.

6.1.1.2 Speed, Phonation Time, and Pauses

The delivery of the speech was assessed through three measures: speech rate, articula-
tion rate, and average syllable duration (ASD). Speech rate was expressed as the number
of syllables per second including pauses (number of syllables/phonation time), whereas
articulation rate was operationalized as the number of syllables per second excluding
pauses (number of syllables/total time). ASD is the phonation time divided by the num-
ber of syllables. Phonation time is computed as the ratio of talking in seconds. Pauses
are salience periods exceeding .25s (e.g., Révész & Brunfaut, 2013). All the indices were
computed in PRAAT software (Boersma & Weenink, 2019) using a script written by (de
Jong & Wempe, 2009).

6.1.1.3 Phonotactic Probability and Phonological Neighborhood Density

First, the orthographic form of each word token was transformed to a phonetic form us-
ing the Phonological CorpusTools (PCT version 1.3; Hall et al., 2017). The PCT makes
it possible to look up each token in the Irvine Phonotactic Online Dictionary (IPhOD;
Vaden, Halpin, & Hickok, 2009). The IPhOD corpus is a large collection of phonetically
transcribed English words and pseudowords that were compiled at the University of Cali-
fornia, Irvine, for research on speech perception and production (Vaden et al., 2009). Then,
the phonotactic probability was calculated using average unigram or bigram positional
probabilities across a word in a videotext (Vitevitch & Luce, 2004). For a word like a blink
in English, the unigram average would include the probability of /b/ occurring in the �rst
position of a word, the probability of /l/ in the second position, the probability of /i/ oc-
curring in the third position, the probability of /n/ occurring in the fourth position of a
word, and the probability of /k/ occurring in the �fth position of a word. Each positional
probability is calculated by summing the log token frequency of words containing that
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segment in that position divided by the sum of the log token frequency of all words that
have that position in their phonetic transcription.

Phonological neighborhood density was calculated using the Levenshtein edit distance
algorithm. For each query word, PCT checks each other word in the corpus for its simi-
larity to the query word and then adds it to a list of neighbors if su�ciently similar.

6.1.1.4 Rhythm and Pitch.

The rhythm was assessed in terms of the vocalic Pairwise Variability Index (PVI), which
measures the extent to which one vocalic interval is di�erent from its neighbor in dura-
tion. The normalized PVI was computed using Equation 6.1

=%+ � = 100
[
<−1∑
:=1

���� 3: + 3: + 1
(3: + 3: + 1)/2

����/(< − 1)
]

(6.1)

Pitch was calculated using a measure of the fundamental frequency (F0), which estimates
vocal cord vibrations per second in voiced sounds. The mean number of minimum and
maximum pitch, and the standard deviation were calculated for each audio stream.

6.1.2 Lexical Complexity

The lexical complexity of the videotext was assessed through various measures of lexical
frequency, sophistication, diversity, density, psycholinguistic norms, and n-gram strength
of association.

6.1.2.1 Lexical Frequency

The lexical frequency was assessed using a band-based approach (e.g., Laufer & Nation,
1995; Morris & Cobb, 2004) because it is more appropriate for receptive lexical frequency
analysis and more interpretable than count-based approach (Crossley et al., 2013). Fre-
quency indices were based on lemmatized BNC-COCA word family lists. Speci�cally,
a python script was developed to calculate the proportions and percentages of all words
(AW), function words (FW), and content words (CW) belonging to the most frequent word
families in the K1, K2, K3, and K4 bands, and those were not these lists (o�-list words).
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Further, the percentages of words included in the 2,000-frequency band (K1 + K2 words)
and the 3,000 frequency of the BNC-COCA lists were also computed. While FW is closed-
class grammatical words (e.g., preposition), there is notable variability in how CW was
de�ned in previous studies (e.g., O’loughlin, 1995; Ure, 1971a). In this study, CWs refer to
“nouns, adjectives, verbs (excluding modal verbs, auxiliary verbs, “be,” and “have”), and
adverbs with an adjectival base, including those that can function as both an adjective
and adverb (e.g., “fast”) and those formed by attaching the –ly su�x to an adjectival root
(e.g., “particularly”)” (Lu, 2011a, p. 192).

In addition to general word frequency, I calculated the proportion of formulaic sequences
appearing in specialized vocabulary lists; the Academic Word List (AWL Coxhead, 2000),
the Academic Formulas List (AFL Simpson-Vlach & Ellis, 2010), and Academic Spoken
Word List (ASWL Dang, Coxhead, & Webb, 2017). The AWL comprises 570 academic
word families which were compiled from a corpus of 3.5 million running words of written
academic journal articles and textbook chapters from a total of 28 subject areas in four
broad disciplines. Simpson-Vlach and Ellis (2010) developed the Academic Formulas List
(AFL) which comprises multiword units that are pervasive in academic language.

TAALES was used to calculate the frequency of tokens in a text that appears in these
lists and then dividing that numbers by the number of words in the text. Finally, I used
the proportion of videotext words appearing in the English Vocabulary Pro�le (EVP) 2

(English Pro�le, n.d.) as an indicator of lexical complexity (Xia Wu, 2016). The EVP is an
online tool that o�ers reliable information about which words, phrases, and idioms are
known by English language learners at each level of the Common European Framework
(CEF). The EVP is based on research using the Cambridge Learner Corpus and it contains
several hundred thousand examination scripts written by English learners from all over
the world.

6.1.2.2 Lexical Sophistication

Lexical sophistication was operationalized as words, nouns, and verbs that are not in the
�rst 2000 most frequent BNC-COCA lists of lemmatized word families.

2https://www.englishpro�le.org/wordlists
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6.1.2.3 Psycholinguistic Norms

Several psycholinguistic properties of words have been of interest to researchers in cog-
nitive science, psycholinguistics, and second language acquisition. Of particular interest
to text complexity researchers have been the psycholinguistic properties of concreteness,
familiarity, imageability, meaningfulness, and age of acquisition (AoA). These indices are
generally calculated based on information retrieved from large databases such as the MRC
Psycholinguistic Database (Coltheart, 1981), which contains a collection of human ratings
of more than 150,000 words on 26 psycholinguistic norms.

I used TAALES to calculate several indices related to information derived from the MRC
database (Brysbaert et al., 2014; Coltheart, 1981). TAALES also calculates indices related
to human ratings of the age at which a particulate word is learned, based on the age-
of-acquisition AoA list (Kuperman et al., 2012). The AoA lists contain 30,121 English
content words (nouns, verbs, and adjectives) and their values which have been found
to positively correlate with both response times and accuracy scores on lexical decision
tasks (Kuperman et al., 2012).

6.1.2.4 N-gram Strength of Association

Association measures of n-grams assess the degree to which words in n-grams occur
together. Two well-attested association measures are Mutual Information (MI) and t-score
(Church & Hanks, 1990; Hunston, 2002). Though the two measures compare how often an
n-gram (collocations) appears in a corpus with how often it would be predicted to appear
based on the frequency of the words that compose it, MI tends to highlight n-grams made
up of low-frequency words whereas t-score highlights those made up of high-frequency
words (Bestgen & Granger, 2014). Other approaches to word association strength are
based on the directionality of the association, that is quantifying whether word1 is more
predictive of word2 or the other way around (Gries, 2013). A well-established directional
measure is ΔP (Delta P) which calculates the probability of word occurrence based on a
cue (another word). The score is calculated using the formula: % ($ |�)˘% ($ |˘�); that is,
delta P is the probability of an outcome given a cue minus the probability of an outcome
without the cue (Kyle et al., 2018).
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Table 6.1: Number of Verbal Complexity Features and their Respective Categories

Category Subcategory Features(n) Example

Acoustic & phonological 14 Speech rate, Pitch, Phonetic probability
Lexical Frequency 37 Frequency of word in K1, K2, K3 and K1-4

Sophistication 4
Psycholinguistic 17 Concreteness, AOA
N-gram 27 Frequency
Density 2
Diversity 40 Log TTR, D,

Syntactic 14 Parse tree depth, Complex nominal per clause
Discourse Cohesion 29 Connectivity, LDA, Argument overlap

6.1.2.5 Lexical Density

Lexical density was operationalized as the proportion of content words (CWs) to running
words in the video transcripts.

6.1.2.6 Lexical Diversity

Indices of lexical diversity gauge the variety of unique words (types) in a text in relation to
the total number of words (tokens). A conventional method to measure lexical diversity
is the type-token ratio (TRR). The TRR index is based on a simple ratio of types to all
tokens in a text. One obvious problem of TRR and all indices based on word frequency is
that their values are a�ected by text length; that is as the number of tokens increases the
likelihood of those tokens being unique is low. As an alternative method, transformants
of the TTR, e.g., Root TRR 6.2, Corrected TRR 6.3, and logarithmic TRR, are often used
which can reduce the text length problem.

'>>C ))' =
)>C0; #D<14A > 5 )~?4B√
)>C0; #D<14A > 5 ,>A3B

(6.2)

�>AA42C43 ))' =
)>C0; #D<14A > 5 )~?4B√

2 × )>C0; #D<14A > 5 ,>A3B
(6.3)

In the past decade, several approaches to assess lexical diversity have been proposed, each
purport to measure lexical diversity while having little or no sensitivity for text length.
Examples of such measures are MLTD and vocd-D which use estimation algorithms (Mc-
Carthy & Jarvis, 2010). Covington and McFall (2010) proposed the moving-average type-
token ratio (MATTR), which comprises of the average of TTR for overlapping n words
sequences in a text (e.g., 1-50, 2-51, 3-52).
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In a recent study, Tre�ers-Daller et al. (2018) found traditional measures of lexical diver-
sity (e.g., TTR and the Index of Guiraud) more e�ective in discriminating between texts
of di�erent CEFR levels than more sophisticated measures (e.g., D, HD-D, and MLTD)
provided text length is kept constant across texts.

As these indices gauge lexical diversity in di�erent ways, researchers, such as McCarthy
and Jarvis (2010), recommended the use of multiple indices instead of a single index which
may not capture all aspects of lexical diversity. Given that and also these measures have
not been explored for videotext di�culty assessment, I decided to use both traditional
(e.g., Root TRR) and more recent measures of lexical diversity (e.g., D, HD-D, and MLTD)
for all words, content, and function words.

6.1.3 Syntactic and Grammatical Complexity Features

Before analyzing spoken data, one needs to decide on how to divide transcribed data into
units in order to assess features such as syntactic and grammatical complexity. There
are various units in use in the literature and several de�nitions and guidelines on what
they are and how they can be found in the spoken sample. While there is a limited set
of options for applied linguists working on written data, there is a variety of choices
for spoken text analysis, including segmenting spoken data based on some prede�ned
semantic, syntactic, and intonation criteria (Foster, Tonkyn, & Wigglesworth, 2000). More
often than not, the choice of analysis or production unit depends on the nature of the data
(formal vs. informal, monologic vs. dialogic). Among several units of analysis, T-unit and
AS-unit are commonly used in spoken research, with the latter being more suitable for
the analysis of conversational (informal) spoken language. T-unit is essentially a main
clause plus all subordinate clause attached to it (Hunt, 1965, 1970), whereas AS-unit is
“a single speaker’s utterance consisting of an independent clause, or sub-clausal unit,
together with any subordinate clause(s) associated with either” (Foster et al., 2000).

In this study, the video transcripts were segmented into T-units, as opposed to AS-units or
C-units, for three reasons. First, both academic lecture and government advertisements
videotexts in the SLVC corpus are carefully scripted monologues speech and contained
minimum occurrences of false starts, repetitions, and self-correction, hence, they seem to
lean towards exemplifying formal speech rather than informal or conversational speech.
The second reason for this decision is based on the �ndings of a corpus study by Biber,
Gray, and Poonpon (2011) who found complexity metrics based on T-unit and dependent
clauses are more suitable for the analysis of spoken text rather than written text. Besides,
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Halliday (1989) theoretically contended that major grammatical complexities of spoken
language involve dependent clauses. The third reason is merely practical. Segmenting
spoken data into AS-units requires identifying points in the speech stream that can accu-
rately and reliably segment speakers’ utterances.

The challenge of choosing the syntactic or production unit notwithstanding, in the realm
of L2 research, a large variety of indices has been employed to operationalize the con-
struct of syntactic complexity. This even makes it more di�cult for language researchers
to choose the right complexity metric for their structure of interest. These indices may
not necessarily tap into di�erent aspects or dimensions of syntactic complexity in text,
however. As noted by Norris and Ortega (2009) some complexity indices are redundant
when used together because they measure the same construct, and conversely, other in-
dices are distinct and contemporary, and thereby they should be used and interpreted
together because they index di�erent dimensions of complexity. Using redundant and
correlated measures in a single study is thereby pointless, and it even can lead to psycho-
metric issues and unreliable �ndings (Norris & Ortega, 2009).

To extract syntactic and grammatical complexity from a large corpus, one needs to iden-
tify the parts of speech (POS) of the words in a sentence, the syntactic (i.e., constituency),
and/or grammatical relationships (dependency) between them. Recent advances in com-
putational linguistics have made the automatic extraction of such textual features pos-
sible, while the improvement in syntactic parsers has made their outputs more accurate
and reliable. Syntactic parsers generally require the text input to be segmented into indi-
vidual sentences before they are tokenized and part-of-speech (POS) tagged. While some
videotexts in the corpus had already their transcripts professionally edited and polished
by their original providers (i.e., government agencies or education institutions), there
were also some videotexts in the corpus that lacked proper caption. Therefore, I used
Microsoft’s Azure speech-to-text recognition technology to phonetically transcribe the
videotexts. Microsoft Azure employs state-of-the-art algorithms to accurately convert
audio streams into transcribed texts and detect automatically sentence boundaries. Be-
fore retrieving the transcribed data, the transcripts were checked manually and corrected
using the MVI’s visual editor.

Once all the video transcripts were edited, retrieved, and preprocessed, I used the o�cial
Stanford NLP python package (Qi et al., 2019) to parse all video transcripts in the SLVC
corpus. Taking a running video transcript as an input, the parser segments the video
transcript into a list of individual sentences and words (tokens) and generates base forms
of all words (lemmas), their parts of speech, morphological features, and build a syntactic
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dependency between words in the sentences. Additionally, I used Berkeley’s constituency
neural parser (Kitaev & Klein, 2018) which outputs a hierarchical representation of phrase
structure rules (often called parse tree). The two parsers generate valuable information
about text sentences which can be used for calculating di�erent syntactic and grammat-
ical complexity indices of various levels of granularity. Constituency parsers, for exam-
ple, are essential for identifying phrasal and clausal boundaries and helps to di�erentiate
independent clauses and subordinate clauses. For example, the parse tree of the short
sentence,"This time around, they’re moving even faster", is (S (NP (DT This) (NN time)
(RP around)) (NP (PRP they)) (VP (VBP ’re) (VP (VBG moving) (ADVP (RB even) (RBR
faster))))), which can be visually represented as in Figure3 6.1:

Figure 6.1: A Visual Representation of Parse Tree for the Sentence: This time around,
they’re moving even faster

Dependency parsers, on the other hand, analyze the grammatical structure of a sentence
and generate binary grammatical relationships or dependency relations between lexical
items in the sentence. Speci�cally, the parser outputs a collection of dependency relations
between each headword (or governor) and words that modify them (their dependents).
For our example sentence, This time around, they’re moving even faster, the Stanford
neural dependency parser outputs the following dependency relations:

The dependency relations of the sentence are visualized in Figure 6.2. Taking a single
dependency relation as a way of example, the word faster modi�es moving and the nature
of dependency is advmod (adverb modi�er). Note that the main verb (moving) is the
dependent of the ROOT of the sentence and that single lexical items can be represented
both as governors and dependents in di�erent grammatical relations (e.g., the word time

3The Figure was produced by AllenAI parser, https://demo.allennlp.org/constituency-parsing, for
demonstration only
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Figure 6.2: Graphic Representation of Dependency Parse for the Sentence: This time
around, they’re moving even faster

is both a governor of the and a dependent of moving). Dependency parsers di�er in their
outputs based on theoretical and practical choices made by their developers. They also
di�er in their tag convention. For example, while the RASP dependency parser (Briscoe,
Carroll, & Watson, 2006) tags 17 grammatical relations, the Stanford Dependency parser
includes 50 grammatical relations (D. Chen & Manning, 2015; Manning, Bauer, Finkel, &
Bethard, 2014).

Using the syntactically-parsed video transcripts, I computed 14 syntactic complexity in-
dices proposed by Lu (2011b). These indices measure the length of a structure (clause, T-
unit, and sentence), amount of subordination, amount of coordination, degree of phrasal
sophistication, and overall sentence complexity. Lu (2017) argues that these indices align
with the four dimensions of syntactic complexity suggested by Norris and Ortega (2009),
and hence they can be expected to capture syntactic variety and sophistication. Also, the
number of negations in a videotext is counted and then normalized by the total number
of sentences in the videotext.

In addition to these indices, I computed the mean dependency distance (MMD) (H. Liu,
2007; H. Liu, Xu, & Liang, 2017) in the videotext. Dependency distance is de�ned as “the
number of words intervening between two syntactically related words, or their linear
position di�erence in sentence indices based on dependency distance”(H. Liu et al., 2017,
p.172). For example, the dependencies between words in Figure 6.2 can be adjacent or
nonadjacent, that is the two words forming a dependency may come next to each other
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or be separated by intervening words. Dependency distance is generally held as an im-
portant index of memory burden (i.e., Dependency Locality Theory (Gibson, 1998, 2000)
and can be used as an indicator of syntactic di�culty. According to the Dependency Lo-
cality Theory, the syntactic complexity of a sentence can be predicted by two factors: the
“storage cost” of maintaining the previous words in memory and the “integration cost”
of connecting the words to previous words in memory. Consequently, the greater the
dependency distance, the heavier the memory load the word places on the speaker or
hearer’s mind. H. Liu (2007) proposes the following two formulas to calculate the mean
of dependency distance of a sentence and a text:

""� ((4=C4=24) = 1
= − 1

=∑
8=1
|��8 | (6.4)

where n is the number of words in the sentence and DDi is the dependency distance of
the 8th syntactic link of the sentence, and

""� ()4GC) = 1
= − B

=∑
8=1
|��8 | (6.5)

where n is the total number of words in the text, and s is the total number of sentences
in the text. The output of the Stanford dependency parser generates the required infor-
mation to calculate MMD.

6.1.4 Discourse Cohesion Features

Among the various discoursal complexity features, in this study, I examined whether
discourse cohesion was a good predictor of video lecture di�culty. Cohesion can be con-
sidered at the local (sentences), global (paragraphs), and text levels. Because paragraph
boundaries in the phonetic transcripts of the videos cannot be easily identi�ed, we only
considered local and text-level cohesion in this study.

I used TAACO, version 2.0 (Crossley, Kyle, & Dascalu, 2019) to measure local and over-
all cohesion in video transcripts. In particular, I analyzed the video transcripts in terms
of various types of connectives and lexical overlap across sentences and throughout the
video transcripts. Connectives can be classi�ed by the type of cohesion they create ad-
ditive, causal, logical, or temporal (Halliday & Matthiessen, 2014) and whether they ex-
tend the ideas described in the text (positive connectives) or not (negative connectives
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(Sanders, Spooren, & Noordman, 1992). Using TAACO, we computed the ratio of additive
(e.g. further, in sum), causal (e.g. because, nevertheless), logical (e.g. if, consequently,
therefore), and temporal (e.g. when, after, until) connectives to the total number of words
in video transcripts. We also employed TAACO to calculate the average scores for all lem-
mas and content lemmas that overlap between two or three adjacent sentences as well as
the frequency of sentences that include overlapping lemmas.

Local cohesion refers to text features that link short text segments such as sentences
together, while global cohesion refers to text features that link larger segments of texts
(i.e., paragraphs). Another distinction between local and global cohesion is that global
cohesion indices tap into coherence while local cohesion indices do not (Crossley et al.,
2016).

Givenness indices approximate the proportion of given information to new information
by calculating overall pronouns density, pronouns to nouns ratio, repeated content lem-
mas, and pronouns. Furthermore, TAACO computes several indices related to semantic
overlap between text segments using sophisticated computational models used in NLP
research, such as Latent Semantic Analysis (LSA; Landauer et al., 1998), Latent Dirichlet
Allocation (LDA; Blei et al., 2003), and word2vec vector space representations (Mikolov,
Chen, Corrado, & Dean, 2013). For each of these models (LSA, LDA, word2vec), TAACO
calculates the average similarity between progressive adjacent text segments (sentences)
in the text.

6.2 Statistical Procedure and Analysis

6.2.1 Research Questions

This study in this chapter addresses the following research questions:

1. What is the relationship between verbal complexity and language learners’ judg-
ments of videotext di�culty?

2. What verbal complexity features are the most predictive of video lecture di�culty?

3. To what extent can we predict videotext di�culty using measures of verbal com-
plexity?
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4. Do verbal complexity features di�er between academic lecture and government
advertisement videotext? And if so, what are the most predictive verbal complexity
features of videotext di�culty in each video genre?

6.2.2 Corpus

In this study, I used the entire SLVC corpus for developing genre-agnostic/independent
machine learning models, whereas I used the two subcorpora, academic lecture (AL) and
government advertisement (GA), in building genre-speci�c models for each video genre.
I use the “SLVC corpus” or simply the corpus to refer to the two types of videotexts when
no confusion will result.

6.2.3 Explanatory Analysis and Data Pre-processing

After extracting all verbal complexity features under investigation, some preliminary pre-
possessing procedures were applied to the dataset before running machine learning mod-
eling on the corpus. First, the categorical feature (speaker accent) was converted to nu-
merical values using the One Hot Encoding technique. Secondly, the entire dataset was
shu�ed and divided into a training set and test set following the 67/33 split approach
(Witten et al., 2016). This resulted in a training set of 512 videotext samples and a testing
set of 128 videotext samples. The same procedures were applied to AL and GA subcor-
pora, which resulted in 256 videotexts for training and 64 videotexts for testing for each
video genre.

Initial inspection on the features identi�ed that the values of some features were approx-
imately similar across observations. To address these issues, low-variance features were
dropped because they do not have useful information. In most cases, discarded features
represented syntactic features that occurred extremely rarely in spoken texts. Then, be-
cause our features were not on the same scale, all numeric features were scaled using the
standard Scaler formula implemented in Scikit-Learn (Pedregosa et al., 2012). The for-
mula standardizes features by removing the mean and scaling to unit variance using the
following equation:

/ =
G − `
f

(6.6)

The same preprocessing routine was also applied to the testing sets.
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Then, I performed correlational analyses between these features and the participants’
rating of di�culty for AL, GA, and all videotexts. A correlational analysis is useful in
beginning to pinpoint what verbal complexity features have a colinear relationship with
the videotext di�culty. To reduce the number of features, I adopted an embedded ap-
proach for feature reduction regularized linear regression model, LASSO (short for Least
Absolute Shrinkage and Selection Operator algorithm). Lasso penalizes the regression co-
e�cients with an L1 penalty so that the coe�cients of ‘less important’ features shrink and
become zeros (Tibshirani, 1996). Therefore, any features which have non-zero regression
coe�cients are selected by the LASSO algorithm as possibly meaningful predictors. The
LASSO alpha coe�cient was tuned during a 10-fold cross-validation process and the best
model was used to select verbal complexity features. Next, using the selected features I
developed several regression algorithms, including linear Support Vector Machine, Elas-
tic Net regressor, Decision Tree Regressor, and Ridge regressor, Ordinary Least Square
(OLS) regressor. A comparison between the performances of these models on predicting
videotext di�culty on the testing set showed that a simple OLS regression model is on
par with more complex algorithms. Therefore, I decided to use OLS regression to model
videotext di�culty because of its interpretability.

After developing the model on the training set, coe�cients were checked for both vari-
ance in�ation factors (VIF) values and tolerance to inspect if the model su�ers from mul-
ticollinearity and to avoid over�tting. Additionally, if any of the features were not signif-
icant, they were removed, and the remaining features were �tted again into a regression
model. The results of this analysis were later extended using the regression model to the
held back, independent test set.

To compare our model performance, I developed a baseline model using the most widely
used readability index, the Flesch-Kincaid reading ease formula (Flesch, 1949). The for-
mula takes the average number of words per sentence as the indication of syntactic di�-
culty and the average number of syllables per word as the estimation of word complexity.

To further check the generalizability of the regression model, the �nal model was eval-
uated using a 10-fold cross-validation approach. In this validation approach, the entire
dataset is divided into 10 folds and nine of these folds are used to develop a regression
model that is then tested on the left-out fold. This process is repeated 10 times, so all
data are used to both train and test the model. I selected this approach because several
experiments have shown it is a more reliable approach for emulating machine learning
models performance (Witten et al., 2016).
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The performances of the models were compared using three general evaluation met-
rics, Pearson’s correlation coe�cient, adjusted R squared, and Root Mean Squared Error
(RMSE). For performing descriptive and correlational statistical, I used the RStudio soft-
ware (RStudio Team, 2016) and used the Scikit-Learn library for building and evaluating
machine learning models (Pedregosa et al., 2012).

6.3 Results

6.3.1 Correlation between Videotext Di�culty and Measures of

Verbal Complexity

To examine the relationship between any of the verbal complexity indices and language
learners’ rating of videotext di�culty, a Pearson’s correlation analysis was performed
on standardized verbal complexity features. The results showed 79 verbal complexity
features signi�cantly correlated with the participants’ ratings of videotext di�culty (? <

.001) and above A = .15 (i.e., a small e�ect size (Cohen, 1988). Table 6.2 shows the ten most
highly correlated verbal complexity features with ratings of videotext di�culty along
with their means and standard deviations. The correlation coe�cients of the remaining
indices can be found in Appendix A.8.

To further explore the interaction between verbal complexity and video genres, mea-
sures of complexity of videos in the two genres were correlated with participants’ ratings
of videotext di�culty. The results showed statistically signi�cant correlations between
125 complexity features and the di�culty of AL videotexts (see Table 6.3, for the highly
correlated features). The correlation analysis on GA videos showed that only 47 verbal
complexity features had collinear relationships with the participants’ ratings of the dif-
�culty of this video genre. Table 6.4 shows highly correlated verbal complexity features
with participants ratings of di�culty in GA videotexts.

6.3.2 Feature Subset Selection

Correlational analysis showed that several verbal complexity features (i.e., 125 features for
AL subcorpus) have signi�cant collinear relationships with videotext di�culty. For this
study, I explored two embedded methods, Random Forest and Lasso, for feature selection.
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Table 6.2: Highly Correlated Verbal Complexity Indices with The Participants’ Ratings
Of Videotext Di�culty (All Corpus)

Category Feature M SD r

Acoustic and phonological Phonation time 224.15 187.7 .35
Frequency of syllables 1033.75 932.75 .34
Frequency of pauses 57.31 62.5 .22
Pitch (SD) 66.44 21.92 -.28

Lexical Root TTR (AW) 8.28 2.21 .42
Age of Acquisition (CW) 6.18 0.61 .41
K3 (AW) 6.65 3.73 .40
K1-2 (AW) 83.15 7.03 -.37

Syntactic and grammatical Complex nominals per clause 1.04 0.37 .37
Mean length of clause 9.39 2.28 .31
Complex nominals per T-unit 2.09 1.36 .20
Dependent clauses per clause 0.40 0.11 .16

Discourse Coordinating Conjuncts 0.009 0.008 -.25
All causal (normalized) 0.016 0.010 -.21
Pronoun to noun ratio 0.25 0.14 -.18
Positive causal (normalized) 0.023 0.012 -.18

Note. All correlations are signi�cant at the .01 level (2-tailed)

Features selected by Lasso yielded better results. The lasso lambda was determined using
a 10-fold cross-validation approach and the best model selected 29 features for AL videos,
16 features for GA videos, and 37 features for all videos.

6.3.3 Regression Models

Multiple regression analysis was conducted to explore if the selected verbal complexity
features signi�cantly explain the variance in the participants’ ratings of videotext di�-
culty. After removing insigni�cant features (e.g., with coe�cients exceeding the common
alpha level of 0.05), the �nal model yielded a signi�cant model, � (9, 418) = 29.47, ? <

.01, A = .62, '2 = .38 for the training set. The model includes 8 verbal complexity features:
standard deviation of the pitch, K1-4 (CW), AWL Sublist-3, AFL, ASWL Sublist-2, Root RTT

(FW), complex nominals per clause, age of acquisition (CW), and COCA spoken bigram AC.
These features tap into the acoustical, syntactic, and lexical dimensions of videotext com-
plexity and they jointly explained 38% of the variance in the participants’ judgments of
videotext di�culty. Table 6.5 shows additional information regarding this model and the
beta weights for each index in the training model.
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Table 6.3: Highly Correlated Verbal Complexity Indices with the Participants’ Ratings
of AL Videotext Di�culty

Category Feature M SD r

Acoustic and phonological Phonation time 338.29 200.51 .52
Frequency of pauses 98.71 62.92 .36
Pitch (SD) 65.64 14.88 -.34
Speech rate 3.68 0.65 .32

Lexical sophistication K3 (AW) 7.45 3.76 .64
and diversity K3 (CW) 68.26 10.32 .63

Age of Acquisition (CW) 6.27 0.61 .56
Lexical density (type) 0.66 0.09 .55

Syntactic Complex nominals per clause 1.06 0.32 .49
Mean length of clause 9.24 1.86 .46
Complex nominals per T-unit 1.97 0.91 .39
Mean length of T-unit 17.07 6.55 .33

Discourse Coordinating conjuncts 0.01 0.01 -.51
Basic connectives 0.05 0.01 -.47
All causal connectives 0.02 0.01 -.43
All demonstratives 0.03 0.01 -.38

Note. All correlations are signi�cant at the .01 level (2-tailed)

Table 6.4: Highly Correlated Verbal Complexity Indices with the Participants’ Ratings
of GA Videotext Di�culty

Category Feature M SD r

Acoustic and phonological Pitch (SD) 67.24 27.18 -.27
Phonation time 110.01 65.03 .22
Frequency of syllables 479.02 286.24 .22

Lexical sophistication MTLD MA wrap (CW) 74.83 35.03 .34
and diversity Root TTR (AW) 7.51 1.45 .33

AWL Sublist-3 (Normed) 0.004 0.006 .25
Age of Acquisition (CW) 6.09 0.59 .23

Syntactic Complex nominals per clause 1.03 0.41 .28
Mean dependency distance 26.11 44.51 .22
Mean length of clause 9.54 2.63 .22

Discourse All additive (normalized) 0.05 0.02 -.51

Note. All correlations are signi�cant at the .01 level (2-tailed)

To explore the contribution of di�erent complexity feature sets to videotext di�culty, four
regression models based on selected features from each verbal complexity category were
developed. The best model was the lexical regression model ('"(� = 2.85) and it ac-
counted for 37% of variance in the language learners’ ratings of videotext di�culty. Next
best model was the phonological regression model '2 = .26, '"(� = 3.07), followed by
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Table 6.5: Summary for Regression Model for Predicting Videotext Di�culty

Features V SE t Sig.
Pitch (SD) -0.55 0.14 -3.92 <.001
K1-4 (CW) 0.57 0.15 3.70 <.001
AWL Sublist-3 0.47 0.15 3.05 .022
AFL -0.71 0.15 -4.86 <.001
ASWL Sublist-2 -0.43 0.17 -2.61 <.001
Root RTT (FW) 0.64 0.15 4.21 <.001
Complex nominals per clause 0.42 0.17 2.49 <.001
Age of Acquisition (CW) 1.15 0.19 5.94 <.001
COCA spoken bigram AC 0.47 0.15 3.23 <.001

Note. Constant term= 16.97; V is the standardized beta co-
e�cient; SE is standard error

discourse regression model ('2 = .17, '"(� = 3.28). The model with the least explaining
was the syntax model ('2 = .16, '"(� = 3.30).

6.3.4 Performance of Regression Models

To investigate how the verbal complexity features from the regression analysis on the
training set perform on the held-out test set (n=128 videotexts), the regression beta coef-
�cients and constant term from the training were used to predict videotext di�culty in
the test set. The �ndings demonstrated that the regression model yielded a correlation
of .59 and an '"(� of 2.75 and that the selected verbal complexity collectively explained
33% of the variance in language learners’ judgments of di�culty in the testing set. I also
evaluated the regression models trained on the four verbal complexity feature sets that
were used to predict videotext di�culty in the testing set. As presented in Table 6.6, the
model with all features set outperformed the models in predicting the participants’ rating
of di�culty in videotexts.

Table 6.6: Summary of Regression Models Performance in 10-fold Cross Validation

Model r '2 RMSE
Acoustic-based model .52 .27 2.88
Lexical-based model .56 .30 2.81
Syntactic-based model .34 .08 3.14
Discourse-based model .36 .09 3.13
All features model .59 .33 2.75
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6.3.5 Genre Speci�c Regression Models

To explore the e�ect of video genre in videotext di�culty prediction, genre-based regres-
sion models were developed. To remove insigni�cant features, a cross-validated lasso
model on AL and GA subcorpora selected 29 and 16 potential verbal complexity fea-
tures for AL and GA subcorpora, respectively. The signi�cance of these features and
whether they have multicollinearity were checked. Any indices that were highly collinear
(A ≥ .9) were identi�ed and the index with the strongest correlation with videotext di�-
culty scores for a particular corpus was retained, and the other indices were disregarded.
After removing insigni�cant features, the remaining features were included as predictor
variables in multiple regression models. The AL regression model yielded a signi�cant
model, � (11, 202) = 26.48, ? < .001, A = .79, '2 = .59 for the training set. As shown in
Table 6.7, the model includes 9 lexical complexity measures: a single measure of acoustic
complexity, and a single measure of syntactic complexity. The features collectively ex-
plained 59% of the variance in the participants’ ratings of di�culty in academic lecture
videotexts.

Table 6.7: Summary for Regression Model for AL Videotexts

Features V SE t Sig.
Pitch (SD) -0.48 0.196 -2.457 .015
k1-3 (CW) 0.783 0.208 3.764 <.001
AWL-Sublist 4 0.417 0.191 2.184 .031
AFL -0.692 0.185 -3.74 <.001
Log TTR (AW) 0.565 0.208 2.714 .007
HDD (FW) 0.446 0.203 2.2 .029
T-units per sentence -0.536 0.176 -3.04 .003
Age of Acquisition (CW) 1.031 0.231 4.462 <.001
COCA spoken bigram AC 0.826 0.209 3.956 <.001
COCA spoken trigram MI2 0.436 0.211 2.066 .044
COCA academic trigram 2 T -0.507 0.194 -2.611 .011

Note. Constant term = 16.8411; V is the standardized beta
coe�cient; SE is standard error

The regression model for GA subcorpus yielded a signi�cant model, � (8, 205) = 10.26, ? <

.001, A = .53, '2 = .29, and it included 7 lexical complexity features and a single measure
of syntactic complexity. The model coe�cients are presented in Table 6.8:
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Table 6.8: Summary for Regression Model for GA Videotexts

Features V SE t Sig.

K2 BNC-COCA -0.83 0.23 -3.64 <.001
AWL Sublist 3 0.70 0.22 3.08 .002
AWL Sublist10 (Normed) 0.43 0.20 2.12 .036
Root TTR (AW) 0.86 0.21 3.94 <.001
MTLD (FW) 0.72 0.21 3.41 <.001
Complex nominal per clause 0.56 .238 2.36 .019
Meaningfulness (AW) -0.62 0.21 -2.92 .004
COCA Spoken trigram MI -0.66 0.20 -3.23 <.001

Note. Constant term= 16.626; V is the standardized beta
coe�cient; SE is standard error

The performances of the AL and GA regression models were evaluated on unseen hold-
out testing set for each video genre. Speci�cally, the constant and B weights of the two
trained models were used to predict the di�culty scores of the videotexts in the testing
sets. The results indicated that the AL model yielded an '"(� of 2.47 and verbal com-
plexity features used in the model collectively explained 50% (A = .73, '2 = .50). The GA
model achieved an '"(� of 2.83 and its features explained 25% (A = .52, '2 = .25). The
performances of the two genre-speci�c regression models are compared with baseline
models developed using the Flesch-Kincaid reading ease formula in Table 6.9.

Table 6.9: A Comparison between the Performances of the two Regression Models and
Baseline models on Predicting Videotext Di�culty in the Testing Sets

Models r '2 RMSE

Baseline model (AL) .32 .10 3.38
Baseline model (GA) .04 -.02 3.41
AL Model .73 .50 2.47

GA Model .52 .25 2.83

As shown in Table 6.9, the AL and GA regression models outperformed their baseline
models by a signi�cant margin, 33.5% and 19%, respectively.
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6.4 Discussion

The current study examined the relationship between verbal complexity and language
learners’ subjective ratings of videotext di�culty, and whether verbal complexity can
accurately predict videotext di�culty. The study also investigated the e�ect of video
genre on videotext di�culty prediction. To this end, a set of computational linguistic
tools and techniques were employed to extract a variety of verbal complexity features
from the audio streams and phonotactic transcripts of the videos in the SLVC corpus.
The extracted features account for di�erent dimensions of verbal complexity, including
acoustic and phonological complexity, lexical sophistication and diversity, syntactic and
grammatical complexity, and discourse cohesion.

The results, overall, suggest that verbal complexity plays an important role in gauging
di�culty in L2 videotexts. Speci�cally, the results demonstrated that verbal complexity
explained 37% of the variance in learners’ ratings of videotext di�culty for both video
genres (AL and GA). The results also showed what verbal complexity features contribute
to videotext di�culty varies between the two video genres. A regression model trained
on AL videotext yielded a signi�cant model explaining 51% of the variance in learners’
ratings of di�culty in this video genre, whereas a model trained on GA videotexts ex-
plained about 25% of the variance in learners’ ratings of di�culty in GA videotexts. The
�nding lends support to the notion that video genre has an impact on videotext di�culty
assessment—that is, videotext di�culty is better modeled using verbal complexity fea-
tures related to each video genre. In what follows, I discuss the results of the study with
regard to the research questions.

6.4.1 The Relationship between Verbal Complexity and

Videotext Di�culty

The �rst question of the study asked whether there is a relationship between verbal com-
plexity and videotext di�culty. The results demonstrated that of the 12 acoustical and
phonological complexity indices investigated in the study, only the variance in pitch has
proved to be a signi�cant predictor of videotext di�culty. Particularly, videotext di�culty
tends to decrease if speakers have considerable pitch variability (pooled mean= 154.21,
SD= 28.73). This can be explained by the fact that pitch variation impacts attention allo-
cation (Potter, Jamison-Koenig, Lynch, & Sites, 2016) and makes speech more enjoyable,
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understandable, and helps listeners to recall information (Hahn, 2004). Variation in pitch
work as intonational signals which help the listener to form a coherent mental map of
the talk (Thompson, 2003).

As regards the speed of delivery, the results demonstrated no impact for any of the three-
speed indices employed in this study (speech rate, articulation rate, and frequency of
pausing). This �nding is in line with previous studies (Brunfaut & Révész, 2015; Révész &
Brunfaut, 2013), who also found no signi�cant relationship between these three measures
of speed delivery and spoken text di�culty. The lack of impact for delivery of speed
cannot be attributed to low variation because there was a considerable variation in speech
rate in our videotexts. The mean speech rate for the 640 videotexts was 3.77 syllables per
second (SD= .56, Min= 1.92, Max= 5.35).

This �nding suggests that speed of delivery per se may not have a detrimental e�ect on
videotext di�culty. Recent research suggested that speech rate and the amount of infor-
mation content are inversely correlated; that is speakers tend to produce less informative
words and syntactic structures when speaking fast (Cohen Priva, 2017). Another possible
explanation is that the e�ect of speech rate on videotext di�culty may become less sig-
ni�cant because of the presence of the speakers. However, further research is warranted
to investigate this assumption.

Also, it is worth noting that speaking rate was conceived as a global measure in this study,
re�ecting the average of speaker’s speech rate over the entire videotext, but speech rate
is dynamic—that is a speaker may speed up or slow down through a videotext. Therefore,
future research should consider using local measures of speed to capture dynamic changes
in speed and their impact on videotext di�culty.

The results for phonotactic probability and phonological neighborhood density also showed
no signi�cant e�ect on videotext di�culty. The lack of impact for these two indices on
spoken text di�culty has been also reported by previous studies (Révész & Brunfaut,
2013).

In line with previous �ndings that showed lexical complexity has a signi�cant e�ect on
spoken text di�culty, our results also demonstrated that lexical complexity was a strong
predictor of videotext di�culty. Particularly, videotexts with a higher proportion of con-
tent words from the BNC-COCA K1-4-word family band proved more di�cult. For ade-
quate listening comprehension, language listeners need to know between 2000 and 3000
word families (Van Zeeland & Schmitt, 2013). Furthermore, academic words from the
AWL (Sublist-3). On the contrary, videotexts with a high incidence of academic spoken
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words (ASWL-Sublist-2) tend to be less di�cult for language learners. Further, formulaic
sequences in videotexts seem to make videotexts less di�cult for language learners.

The remaining lexical complexity measures address di�erent aspects of lexis. A single in-
dex of lexical density, root TTR (FW), had a positive relationship with videotext di�culty.
This �nding suggests that videotext with a greater variety of lexis (here function words)
are more likely to impose more cognitive demand on the viewers because they require
the recognition of a larger quantity of unique words. These �ndings for lexical diversity
are also consistent with those of Révész and Brunfaut (2013) and Rupp et al. (2001), which
also revealed a signi�cant link between lexical diversity and the di�culty of L2 listening.
Finally, the mean of AoA of content word norm (Kuperman et al., 2012) was found to be
a signi�cant predictor of videotext di�culty in the two video genres.

As far as the complexity of the videotext syntactic structure is concerned, our results
showed that a higher ratio of complex nominals per clause to the overall number of
clauses in a videotext is a signi�cant predictor of videotext di�culty. Previous studies
have generally failed to observe any signi�cant e�ect of structural complexity on L2 lis-
tening di�culty (Blau, 1990; Kostin, 2004; Révész & Brunfaut, 2013). This can be partly
ascribed to the small-sized datasets used in previous studies which may not help in re-
vealing useful patterns in the text syntax. The fact that the di�culty of videotext tends
to increase as a function of considerable use of complex nominals in the videotext is
highly anticipated. Complex nominals are syntactic constructions that include a noun
plus an adjective, possessive, prepositional phrase, adjective clause, participles, or appos-
itive; nominal clauses; and gerunds and in�nitives in subject position (Cooper, 1976; Lu,
2011a), and because they come before the main verb they potentially place heavier de-
mand on working memory. There is a strong relationship between the number of words
before the main verb—for example, garden path sentences—and sentence processing dif-
�culty (e.g., Cunnings, 2017).

Lastly, with regards to the relationship between discourse-level complexity and videotext
di�culty, our �ndings revealed no signi�cant e�ect of any of the discourse cohesion in-
dices on videotext di�culty. The fact that there is only a handful of relevant studies and
there are di�erences in the types of connectives and how they were investigated make
comparing our �ndings with those of others di�cult. However, it is worth noting that our
�nding is in harmony with the results of Nissan et al. (1995), and with those of Révész
and Brunfaut (2013), who observed no association between discourse connectives and
perceived di�culty in L2 listening.
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While the �ndings suggest that some verbal complexity features (e.g., phonological com-
plexity and discourse cohesion features) have no direct impact on videotext di�culty, it
is, however, very reasonable to assume that their e�ect on videotext di�culty may have
been overshadowed by the presence of many powerful variables in the regression model.
Therefore, we need to ask how phonological, lexical, syntactical, and discoursal complex-
ity independently contribute to videotext di�culty?

6.4.2 Contributions of Acoustic, Phonological, Lexical, Syntactic,

and Discoursal Complexity to Videotext Di�culty

To further examine how each aspect of verbal complexity contributes to videotext di�-
culty, four regression models with the most predictive features from each category were
developed and their performances in accurately predicting videotext di�culty scores in
the testing set were compared. The comparison between the four models demonstrated
that a model involving only lexical sophistication and diversity indices outperformed the
other models in predicting the di�culty in the two video genres. The next best perform-
ing model is based on acoustical and phonological complexity features (speech duration,
speech rate, articulation rate, and standard deviation of pitch), followed by a model based
on discourse complexity features (basic connectives, positive causal, all connective, ad-
jacent overlap FW sentence, adjacent overlap argument sent, and the number of topics),
and a model based on a single syntactic complexity index (complex nominals per clause).

The �ndings, overall, are in accord with our expectation that greater lexical complex-
ity would be associated with increased videotext di�culty. Although the four models
had similar performances, we may, however, make some tentative notes on the �ndings.
Lexical sophistication and diversity as well as acoustical and phonological complexity
appeared to be a key indicator of videotext di�culty. An explanation for this �nding is
rather straightforward. Su�cient vocabulary knowledge is very critical for understand-
ing spoken language but recognizing a word in speech depends on how clearly it was
articulated. The �ndings also suggest that syntactic and discourse complexity may not
contribute much to videotext di�culty. Re�ecting on previous research �ndings, our
�ndings are consistent with other studies that found low or no signi�cant contribution
of syntax and discourse-level features to text di�culty (e.g., Révész & Brunfaut, 2013).

Furthermore, by re�ecting upon and comparing the e�ects of the variables included in
the four regression models, we can determine how each predictor is contributing relative
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to other predictors. The relative impact of these variables may have gone undetected in
our analysis of all features.

6.4.3 The Generalizability of Verbal Complexity Models

The generalizability of our verbal complexity features to predict di�culty in the two video
genres was evaluated using a 10-fold cross-validation approach. The best model yielded
an RMSE of 2.75 and explained 59% of the variance in participants’ judgments of video-
text di�culty. The model includes acoustic, lexical, and syntactic complexity features
and it outperformed models based on predictive features from each verbal complexity
category (acoustic and phonological, lexical, syntactic, and discoursal complexity). The
two next best predictive models were a model based on lexical complexity features and
a model based on prosodic complexity features. When compared to a baseline model, all
models did better in predicting videotext di�culty, but the best model (All-feature model)
outperformed the baseline model by a signi�cant margin.

Taken together, these results suggest that our genre-agnostic regression model can be
used to predict di�culty in academic lectures and government advertisement videotexts
with reasonable accuracy. Further, our results demonstrated that simple traditional com-
plexity features did not capture complexity in videotext, and videotext di�culty was bet-
ter modeled using a variety of verbal complexity features.

6.4.4 Genre Speci�c Regression Models

Our �ndings lend further support to the notion that verbal complexity varies across text
genres (Sheehan et al., 2013, 2014). Speci�cally, the two regression models trained on
the AL and GA subcorpora of the SLVC corpus required di�erent complexity features
to accurately predict the di�culty in the two types of videotexts. For example, lexical
sophistication and diversity are found to be strong indicators of di�culty in AL videotexts
but not a signi�cant indicator of di�culty in GA videotexts. Whereas acoustical and
syntactic complexity, as measured by the variation in pitch and the presence of complex
nominals per clause, are key indicators of di�culty in GA videotext but not AL videotexts.
And when evaluated on a hold-out testing set, the performance of the best-trained models
varied considerably ('"(�= 2.47 and 2.83, for AL and GA based models, respectively).
This �nding suggests that the selected verbal complexity features seem to do a better
job in explaining and predicting the di�culty in AL videotext but less so in GA videotext.
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Unlike instructional videos, government advertisement has not been explored fully in text
complexity research; therefore more �ne-tuned measures of complexity may be needed
to better explain and predict the di�culty in this genre videotext.

Our research was innovative in several aspects. Firstly, we explored the relationship be-
tween verbal complexity and videotext di�culty which has not been explored before.
Secondly, we interrogated the contribution of a wider range of verbal complexity indices
that tap into di�erent dimensions of acoustical and phonological, lexical, syntactical, and
discoursal complexity in videotext, of which multiple indices explained a considerable
amount of di�culty in L2 videotext. Thirdly, our analysis is based on a large balanced
corpus of videotext which was purposefully built for modeling L2 di�culty in two video
genres. And lastly, we explored the impact of genre bias on developing automated video-
text complexity systems.

Nonetheless, our study has several limitations that need to be acknowledged and ad-
dressed in future research. Although we explored di�erent machine learning algorithms
to the task of predicting videotext di�culty (e.g., linear SVM, ridge regressor, and elas-
tic net regressor), the performance of our model might have been improved by using
non-linear algorithms or by implementing more advanced techniques such as boosting
and bagging. Another limitation is that some aspects of verbal complexity were compara-
tively underrepresented. For example, lexical sophistication and density were represented
in the study by much fewer indices than other aspects of lexical complexity.

6.5 Chapter summary

In this chapter, I explored the contribution of verbal complexity to videotext di�culty. The
�ndings, overall, demonstrated that verbal complexity can explain and predict videotext
di�culty in instructional and government advertisement videotexts. Moreover, I explored
whether verbal complexity features can predict language learners’ ratings of videotext
di�culty. Several indices related to prosodic, phonetic complexity, lexical sophistication,
syntactic, grammatical complexity, and text cohesion were extracted from video tran-
scripts and used in regression models. The �ndings of this study demonstrated that verbal
complexity partly predict videotext di�culty and that the di�culty of academic lectures
and government advertisement videotexts are better predicted using di�erent sets of ver-
bal complexity features. In the next chapter, I will explore the relationship between visual
complexity and videotext di�culty.



Chapter 7

The Contributions of Visual
Complexity to Videotext Di�culty

In the previous chapter 6, I investigated the relative contribution of verbal complexity
to the perception of videotext di�culty. However, videos are dynamic multimodal texts,
and it is, therefore, a fair question to ask how visual and spatiotemporal complexity a�ect
videotext understanding. To date, we know little about visual complexity and whether it
can explain videotext di�culty in a second language. To address this gap, I investigated
the impact of a broadening array of visual and spatiotemporal complexity features, both
existing and novel ones, on predicting videotext di�culty as experienced by language
learners. Given the explanatory nature of the study, the proposed indices were �rst sub-
jected to factor analysis, using Principal Component Analysis (PCA), in order to examine
whether those features cluster to form latent constructs. Also, in this chapter, I intro-
duce the Automated Video Analysis tool (AUVANA), an open-sourced tool for analyzing,
computing, and visualizing visual complexity in videos. In its computations, AUVANA
employs a suite of state-of-the-art image processing, computer vision algorithms, and
pre-trained AI models to automatically compute several visual complexity indices for
modeling and assessing video text di�culty. To validate the proposed indices, they were
used for predicting the di�culty of videotexts in the SLVC corpus (AL, GA, and both). Fi-
nally, the performances of the developed visual regression models are compared to those
of the verbal models developed in Study 1.

Structurally, the chapter is organized into three sections. In the �rst section, I propose a
set of visual complexity features and describe their underlying assumptions, and how they
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were extracted and computed. Next, I introduce AUVANA and outline its main functions
and utilities. In the third section, I describe the main study of this chapter and report its
�ndings. The chapter ends with a discussion of the results and their implications.

7.1 Introduction

When working with video data, it is helpful, if not necessary, to de�ne our units of anal-
ysis. Commonly, a video is broken down into its basic temporal units; scenes, shots, and
frames. But video researchers have used various units of analysis (e.g., individual utter-
ances, gestures, facial expressions) depending on their theoretical commitments and the
speci�c research questions they are pursuing. In this study, the basic elements of scene,
shot, keyframe, and frame were used. As illustrated in Figure 7.1, a single scene can be
composed of one or multiple thematically related shots. A single shot is composed of a
continuous sequence of frames taken from a single run of a camera, depicting an action
over time.

Figure 7.1: Video Hierarchical Structure

On a more granular level, we can also talk about keyframes and frames. A keyframe is a
single stable frame that best represents the visual content in a shot, whereas a frame is a
single still image. In this study, I extracted and computed numerous complexity features
from the entire video, a shot, keyframes, a time window of 5 seconds (5sW), and a random
sample (RS) of 30 seconds, as shown in Table 7.1.

While it is possible to compute visual complexity features on each frame in the video,
it is nonetheless computationally expensive. A more reasonable alternative is the com-
putation of visual features from keyframes especially for features that do not require a
focus on temporality. It is also bene�cial to ascertain if keyframe-based features can be a
less computationally expensive alternative for video-based features. Because the original
videos on the SLVC corpus vary in their length, resolutions, and frame per second (FPS)
rate, it was important to ensure that all videos are comparable before computing visual
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Table 7.1: Features Levels

Features Video Shot 5sW RS KF
Compression X X X
Colorfuness X X X
Structural Similarity X X
Saliency X X
Clutter X
Faces X
Movement X X
Visual text X X
Edges X X X
Objects X
Production Style X

Note: 5sW stands for 5 seconds window; RS stands
for random sample; KF stands for keyframe

complexity features. This was achieved by scaling down all videos and keyframes to the
same resolution. This step is very important because frame size and video length can
directly a�ect the calculation of several indices of visual complexity (e.g., image size and
video compression). It also has helped in increasing the processing and computation of
visual complexity features.

In the next section, I will �rst describe how video shots and keyframes were extracted.
Then, I present the visual complexity features used in this study, their underlying as-
sumptions, and how they were extracted and computed.

7.1.1 Detecting Shots and Keyframes from Videos

The development of video shot boundary detection (SBD) algorithms has a long history
in video processing. SBD algorithms have several applications in areas such as content-
based video analysis and retrieval (see Abdulhussain et al., 2018; Satapathy, Govardhan,
Raju, & Mandal, 2015, for comprehensive reviews). Formally, the SBD problem can be
described as follows: given two consecutive frames, do they belong to the same shot or
not. Detecting shot boundaries is a challenging task due to a variety of factors, including
video types, spatial e�ects, motion, and zooming. A transition between shots is typically
categorized into two types: abrupt (fast; as hard cut) and gradual (slow; as dissolve, fade-
in, fadeout, or wipe) transition (Satapathy et al., 2015).
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In the �eld of video processing, several methods have been proposed to detect shot bound-
aries in videos containing both types of transitions (Abdulhussain et al., 2018). These
approaches, by and large, determine shot transitions if there is a sharp change in color
intensity exceeding a certain threshold. For detecting shot boundaries in a videotext, I
initially experimented with two SBD algorithms on a small set of videotexts, namely the
threshold-based algorithm and the content-aware algorithm, both implemented in the
PySceneDetect library. The threshold-based shot detector is by comparing the intensity
or brightness of the pixel values in the current frame with a prede�ned threshold and
triggering a shot cut when this value crosses the threshold. The content-aware detector,
on the other hand, relies on changes in HSV (hue, saturation, value) color space.

However, a drawback of both approaches—and most SBD algorithms in general—is that
they require manual tuning for their threshold parameters. Using di�erent threshold
values, I tested the two types of algorithms on a small set of videotexts which remark-
ably vary in their visual contents. I found the content-aware algorithm yielded the most
reliable results with a threshold of 0.3. Therefore, I decided to use the content-aware
algorithm for detecting shot boundaries in all videos in the SLVC corpus.

A keyframe extraction refers to the process of selecting a single frame that represents the
shot. It can be taken from anywhere in the shot. In this study, I selected the �rst stable
frame from the onset of each shot. In total, 14,297 keyframes were extracted from all the
videos in the SLVC corpus.

7.2 Computational Measures of Visual Complexity

Image (or frame) complexity generally refers to the notion that “a picture of a few ob-
jects, colors, or structures would be less complex than a very colorful picture of many
objects that are composed of several components” (Madan, Bayer, Gamer, Lonsdorf, &
Sommer, 2018). This working de�nition is meant for static pictures, but it can be ex-
tended to describe spatial or visual complexity in video frames because fundamentally
a video is merely a collection of image frames displayed rapidly. Therefore, it would be
reasonable to suggest that visual complexity in videos is a function of aggregated com-
plexities within and across video frames. I computed di�erent indices that are pertaining
to spatiotemporal complexity in videos, which I will discuss in the following sections.
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7.2.1 Compression-based Features

In static image complexity literature, researchers have developed various objective met-
rics to quantify complexity in static pictures. A simple and frequently used quantitative
metric for image complexity is the image �le size after compression, typically using lossy
1 algorithms such as JPEG and GIF. Generally speaking, lossy algorithms compress data by
removing redundant visual information in the picture and optimizing how information
is stored and retrieved using more e�cient mathematical operations. Therefore, given
the same picture dimensions, more visually complex pictures have larger �le sizes when
compressed than less visually complex pictures. Despite being simple, compression-based
measures have been found to correlate with human perception of complexity in still im-
ages (Machado et al., 2015; Yu & Winkler, 2013).

Similar to static picture compression algorithms, lossy video compression algorithms aim
to reduce or compress the video data so it can be transmitted and shared over the Internet,
though how video compression algorithms work is di�erent from those of static pictures
due to the temporal nature of video data. The additional dimension of time means that
video compression algorithms should eliminate information redundancies in both spatial
and temporal dimensions. For example, if a one-minute shot of a person speaking in front
of a static background, it would be counterproductive to encode the background image
for every frame. A more e�cient way is to encode the background frame once and refer
back to it until the visual content in the background changes. Besides discarding spatial
and temporal redundancies, video compression algorithms rely upon how Human Visual
System (HVS) works and capitalize on its lower acuity for color di�erences (Cohen &
Rubenstein, 2020; J.-B. Lee & Kalva, 2008).

There are several types of video compression codecs2, and while they employ di�erent
techniques, they all work toward the same end; reducing �le size with as little loss of
quality as possible. Video codecs are also designed speci�cally to meet some practical
considerations, for example, online streaming. Practically speaking, there is a trade-o�
between video quality and the time compression algorithm needs to encode videos, that
is a compression algorithm takes a long time to encode video data with high quality. A
thorough description of how video compression algorithms work is beyond the scope of
this chapter but interested readers can refer to Akramullah (2014).

1In contrast to lossy compression algorithms, there are also lossless algorithms that allows for the com-
pression of data without a loss of quality at the expense of large �le size.

2A technical term which refers to computer hardware or software which enables the compression and
decompression of digital data.
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To the best of my knowledge, no study has yet examined the use of video compression
as an index of Spatio-temporal complexity in L2 videos. Therefore, I used two di�erent
video compression codecs: Advanced Video Coding (AVC or H264) and HEVC (High-
E�ciency Video Coding or H.265). These two video compression codecs employ di�erent
techniques to optimize for video quality and �le size (Salomon, 2004; Sayood, 2017), and
hence it would be valuable to examine which video compression codec is more indicative
of visual complexity in videos.

It is worth noting that because all of the videos in the SLVC corpus were downloaded
from YouTube, they had already been compressed when uploaded to the site. They also
had di�erent lengths, resolutions, bitrate, and frame rates. These factors have an impact
on video size when compressed. To ensure comparability between videos in our dataset,
three procedures were implemented. First, a 30-second video segment was randomly
selected from each video. Second, audio streams were removed, so that they do not weigh
on the compressed �le size. Third, all videos were scaled to 320 x 240-pixel resolutions,
using frame resizing function from the Open Computer Vision Library (OpenCV) with
inter-area interpolation. Lastly, I adjusted variable bitrate (VBR) to be between 8-10 MGS
and FPS was set to 23 FPS (the average frame rate for all videos was 26 FPS). It is important
to note that VBR, as opposed to constant bit rate (CBR), is more dynamic and allocates
a higher bit rate for more complex segments in the video and a lower bit rate for less
complex segments. This propriety is useful and it allows for accounting for complexity
that is due to video content. For compressing the videos, I used the FFmpeg (version:
4.2.2) command-line tool (FFmpeg Developers, 2016).

7.2.2 Edge Detection-based Features

Edge detection is a computer vision task that seeks to locate and identify sharp discon-
tinuities in an image, which is typically due to abrupt changes in pixel color intensity
(Bhardwaj & Mittal, 2012). These discontinuities in color intensity can help to identify
the boundaries of objects in a visual scene. Edge detection is very useful for and often is
the �rst step in many downstream signal processing and computer vision tasks, including,
for example, object segmentation, recognition, and image compression.

Because object boundaries are important for human vision, for example, to identify and
resolve ambiguity in recognizing objects in a (cluttered) visual scene, it is reasonable to
assume that perceived visual complexity would relate to the frequency and distribution
of edges in video frames. Measures based on edge detection techniques have been found
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to correlate with human perception of image complexity (Machado et al., 2015), but little
we know about their potential role in explaining visual complexity in videotexts.

In this study, I used the Canny edge detector, a widely popular edge detection algorithm
that is capable of detecting a wide range of edges in an image. It is a multi-stage algorithm
proposed by John F. Canny in 1986.

Figure 7.2: The Relationship between File Sizes and the Saliency Maps and Edges of
Frames of Varying Complexity

I applied the Canny detector on both keyframes and videos. As there is no straightforward
way to count edges, I used the �le size as a means to quantify edge information in videos
and keyframes. To ensure comparability, two procedures were taken; �rstly, the video
and keyframe were scaled to the same resolution, and secondly, the compression method
is kept the same. I computed basic statistics on �le size after applying the Canny edge
detector on keyframes and videos. Speci�cally, I summed keyframe �le size in KB and
calculated the mean, standard deviation, and range, whereas I used the �le size in MB to
quantify edges in videos.
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7.2.3 Visual Clutter Features

Several algorithmic methods to quantify clutter in visual displays have been proposed
in the computer vision literature (see Moacdieh & Sarter, 2015, for a comprehensive re-
view). In this study, I used two popular metrics developed by Rosenholtz et al. (2007),
feature contestation (FC) and subband entropy (SE). The feature congestion algorithm
computes how cluttered an image is based on color, luminance contrast, and orientation;
whereas subband entropy quanti�es the organization of objects in a scene using image
encoding e�ciency as a proxy. The two algorithms work best on still images. There-
fore, I only assessed the visual clutter in the extracted keyframes from each video using
a freely available MATLAB script provided by the original authors for both algorithms
(Rosenholtz et al., 2007). After applying the two algorithms on each video’s keyframes,
the values of each metric relating to each video are summed up to yield a single score.
I also computed the mean and standard deviation of the clutter values generated by the
two clutter algorithms.

7.2.4 Colorfulness Features

There is mounting evidence that suggests that color information makes an important con-
tribution to object recognition (Bramão et al., 2011; Tanaka et al., 2001; Witzel & Gegen-
furtner, 2018) and invoke emotional reactions. A well-established measure of colorfulness
in the image quality literature is the one proposed by Hasler and Suesstrunk (2003). In
their study, Hasler and Suesstrunk asked 20 non-expert participants to rate a set of 84 im-
ages using a 1-7 scale (ranging from Not Colorful to Extremely Colorful). Then, through
running a series of experimental calculations on the collected data, they derived a sim-
ple metric that highly correlates with the participants’ subjective rating. Speci�cally, the
researchers found a simple opponent color space representation along with the mean
and standard deviations of these values correlates to 95.3 % of the participants’ ratings.
Hasler and Suesstrunk’s colorfulness metric has been widely adopted in several research
domains and for di�erent applications, for example, in assessing the complexity and anes-
thetic appeal of websites and visual displays (e.g., Reinecke et al., 2013), and measuring
image and video quality (e.g., Winkler, 2012).

In the current study, I computed the colorfulness values for all keyframes, frames ex-
tracted every 5 seconds (WS5), as well as on the entire video (frame per second). The
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colorfulness algorithm was implemented using Python and OpenCV library. To deter-
mine how colorful a frame is, I �rst split the frame into three colors channels; Red, Green,
and Blue. Then, I use the following set of Equations (7.1) to (7.5) to drive colorfulness
metric �:

A4 = ' −� (7.1)

~1 =
1
2 (' +�) − � (7.2)

fA6~1 =
√
fA6

2 + fG12 (7.3)

`A6~1 =

√
`A6

2 + `~12 (7.4)

� = UA6~1 + 0.3 × `A6~1 (7.5)

In equation 7.1, A6 is the di�erence of the Red channel and the Green channel. In equation
7.2, ~1 represents half of the sum of the Red and Green channels minus the Blue channel.
Next, the standard deviation of A6~1 and mean of A6~1 are computed in equations, 7.3
and 7.4, receptively, before calculating the �nal colorfulness metric, � , in equation 7.5.
To derive a global colorfulness metric, �� , for the entire video, I simply summed up all
colorfulness values computed in the previous step, as shown in equation 7.6:

�� =

=∑
8=1

�8 (7.6)

While�� estimates the degree of colorfulness in the entire video, it did not capture abrupt
changes in color in two consequent frames. Abrupt changes in color values may impact
visual perception. Therefore, I computed the di�erences in colorfulness between two
adjacent frames, ADJGC, using the equation in 7.7:

����� =

=∑
8=1
(�C−1 −�C )2 (7.7)

Additionally, for both�� and����� , I calculated the average and standard deviation of
� values derived from keyframes, frames extracted every 5 seconds (WS5), and the entire
video.
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7.2.5 Structural Similarity Features

Structural Similarity (SSIM) index is an image quality assessment metric for evaluating
the visual similarity between two images (Z. Wang, Bovik, Sheikh, & Simoncelli, 2004).
Theoretically, SSIM is used on two similar images, a reference image G and a test image
~, to quantify their visual similarity. SSIM is computed in several steps, as shown in the
Equations (7.8) to (7.11) below:

; (G,~) = (2`G`~ +�1)/(`2
G + `2

~ +�1) (7.8)

2 (G,~) = (2fGf~ +�1)/(f2
G + f2

~ +�2) (7.9)

A (G,~) = (fG~ +�3)/(fGf~ +�3) (7.10)

((�" (G,~) = [; (G,~)]U .[2 (G,~)]V .[A (G,~)]W (7.11)

where �1, �2, and �3 are constant terms added to avoid instabilities when (`2
G + `2

~),
(f2
G + f2

~ ), or fGf~ is close to zero. The ; (G,~) index is related with luminance di�er-
ences, 2 (G,~) with contrast di�erences, and A (G,~) with structure variations between G
and ~. The parameters U, V , and W are added to the general form of SSIM equation in ??

to estimate the relative importance of each component. I used the Scikit-image Python
library’s implementation of SSIM (version: 0.19.0 van der Walt et al., 2014). Note that the
SSIM algorithm takes in two consecutive frames which must have the same dimensions
and output a single value indicating to which degree the two frames are similar. A value
of 0 indicates the two frames are totally di�erent, whereas a value of 1 indicates the two
frames are identical. Then, to derive a single global score for each videotext, I summed
up all SSIM values as shown in equation 7.12 :

�;>10; ((�" =

=∑
8=1

((�"8 (7.12)

To compute the adjacent score ADJSSI, the equation in 7.13 was used:

���((� =

=∑
8=1
(((�C−1 − ((�C )2 (7.13)

Like colorfulness features, the SSI values were computed on keyframes, frames extracted
every 5 seconds, and on the entire video.
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7.2.6 Human Faces Features

Both anecdotal and scienti�c evidence suggests that human faces attract more attention
than any other object in the scene. I computed simple indices related to the appearance of
human faces in videos, for example, the frequency of unique human faces that appeared
in the video. It should be also noted that the recognized faces are most likely the faces of
actual speakers in the video, but they can also include any human face displayed in the
video. As the appearance of the non-speaking faces may distract the viewer, I calculated
the ratio of speaking faces to non-speaking faces. Further, the ratio of appearance/s-
peaking time for the speaker to total running time. If there was more than one speaker,
the duration of their appearance time is summed up and averaged to give a single score.
For detecting faces, I used OpenCV’s pre-trained face recognition classi�er based on the
Haar cascades algorithm. The cascade classi�er has been trained on numerous positive
and negative images of face objects and it can subsequently be used to detect faces in
other images or videos. One key advantage of this approach is that it is fast compared to
deep learning-based classi�ers.

7.2.7 Object Recognition Features

The quantity of objects shown in video frames is more likely to a�ect the speed and
e�cacy of successfully processing and recognizing objects, hence making understanding
video more di�cult. In the last few years, deep learning-based object recognition models
have made great strides in terms of prediction accuracy. Object detection and extraction
models take an image or video feed (frame-by-frame) as input and output a predicted
label for each object along with the model’s accuracy values (con�dence) corresponding
to each object classi�ed by the model. Object detection and extraction is a very time
and memory-consuming process, especially in CPU powered computers. Therefore, in
this study, I only considered detecting objects from all keyframes extracted from each
video. To this end, I used the ImageAI library’s implantation of RetinaNet, a pre-trained
deep learning model that was trained on the COCO dataset (Lin et al., 2014). The pre-
trained model can detect 80 di�erent everyday objects (e.g., car, chair, cup, and fork).
The con�dence threshold of the model prediction accuracy was set to 50%, meaning that
any object prediction below this con�dence threshold was disregarded. To speed up the
process, the object detection was run on Google’s Tensor Processing Unit (TPU) in Google
Collab.
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Based on the model output, the quantity of all detected objects as well as unique objects
per video and shot were computed. Additionally, the average and standard deviation of all
objects and unique objects per video were computed. I also computed the ratio of objects
per shot.

7.2.8 Motion Detection and Tracking Features

Moving objects attract attention in a visual scene (Wolfe & Horowitz, 2004, 2017). There-
fore, I hypothesized that the frequency of moving objects in videos as well as their on-
screen duration may distract visual attention, hence contributing to the perception of
di�cultly in videotext. There are several techniques to detect moving objects in a video
stream, including optical �ow-based techniques, background subtracting (KaewTraKulPong
& Bowden, 2002; Zivkovic & Van Der Heijden, 2006), and frame di�erencing methods. By
and large, motion detection techniques assume that the background of a video stream is
largely static and does not change over consecutive frames in videos. Therefore, to detect
motion in a video stream, the background should �rstly be di�erentiated from the fore-
ground (see, Sehairi, Chouireb, & Meunier, 2017; Y. Xu, Dong, Zhang, & Xu, 2016, for a
review and comparison of di�erent techniques).

In this study, moving objects were detected using the frame di�erencing method because
it is time and memory-e�cient. This technique detects motion, " , by calculating the
absolute di�erence in pixel intensity between two adjacent frames. That is, in a binary or
gray image, for each pixel with coordinates (G,~) in frame � , we computed the absolute
di�erence with its corresponding coordinates in the next frame �C using the following
equation 7.14:

" (G,~) = |�C (G,~) − �C−1(G,~) | (7.14)

Using pixel coordinates, contours are drawn around each moving object in each frame
and then tracked over the subsequent frames until the movement halts. The duration
of each moving object is logged in milliseconds. This information allows us to compute
some useful indicators of motion in videos, such as the frequency of moving objects, and
computed their mean and standard deviation in each video. Finally, to compute a global
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measure of motion GM, we use the following formula:

�" =

=∑
8=1

<8 (7.15)

where< is the local motion duration in seconds and 3 is the total duration of the video
in seconds.

7.2.9 Visual Text Features

The term visual text is used in this study to refer to any letters and numbers displayed in
the video stream. A large number of visual texts can be distracting and may lead to infor-
mation overload. Therefore, I hypothesized that there is an interaction between video-
text di�culty and the number of visual texts displayed in the videotext. Computationally,
visual texts can be detected and recognized through the use of Optical Character Recog-
nition (OCR) systems. Traditional OCRs are based on carefully crafted features, whereas
in modern deep learning-based approaches, informative features are learned from mas-
sive training data (e.g., Jaderberg, Vedaldi, & Zisserman, 2014; X. Zhou et al., 2017). Text
detection in video streams, as opposed to text documents or still images, is a challeng-
ing task due to several factors, including, for example, motion, shadow, lighting, viewing
angles, and complex backgrounds which all make detecting and extracting text from its
background di�cult (see Mancas & Gosseli, 2007, for a comprehensive review).

To detect visual texts, I used the E�cient Accurate Scene Text detector (EAST) proposed
by X. Zhou et al. (2017), based on the OpenCV implementation of the detector. EAST is
a specialized fully convolutional neural network that has been con�gured for detecting
text from still images and videos. Based on the EAST outputs, basic statistics, e.g., the
frequency, average, and standard deviation, of visual texts in the entire video as well as
in each individual video shot were computed. Additionally, the ratio of visual texts per
shot was considered to be a potential predictor of visual complexity.

7.2.10 Saliency Features

When viewing an image without a task in mind, a human typically �xates their eyes
on regions or objects that stand out amongst their surroundings. These objects or areas
are often referred to as salient and, what makes them so has intrigued many researchers
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from di�erent �elds, including psychology, neuroscience, computer vision, and robotics.
In the last two decades, a large e�ort has been put toward developing computational mod-
els that predict saliency in both static and dynamic images, some of these models were
inspired by neural mechanisms (see Kavak et al., 2017; Q. Zhao & Koch, 2013, for a com-
prehensive review). However, there is no a universally agreed-upon de�nition of saliency,
and existing computational models vary greatly in how they compute saliency. In their
computation, saliency models generally make use of either bottom-up (low-level) image
features, or top-down (high-level) features, or a combination of both. The majority of
existing saliency models are bottom-up driven and mostly rely on a biologically plausible
set of features that mimic early visual processing (e.g., Itti, Koch, & Niebur, 1998).

Itti et al. (1998) developed the �rst computational model of saliency in 1998 and since then
researchers have developed numerous models, These models can be classi�ed, according
to their mechanisms for estimating visual attention, into several categories. We are inter-
ested here in those models that, from a still image or video, produce a visual saliency map.
A saliency map is typically an aggregation of several maps that represent (predict) how
salient each area of that image is to a human observer (Frintrop, Rome, & Christensen,
2010).

While the main objective of saliency models is to output a single saliency map from an
image or video stream, they di�er as to what features to include in computing the saliency
map (Koch & Ullman, 1985). Computer vision researchers typically make a distinction
between �xation prediction and object/region saliency detection (Borji, 2015; Borji & Itti,
2013). Fixation prediction models aim to predict points in an image where humans might
look at in a free-viewing task. On the other hand, object saliency models aim to detect and
segment salient objects, for example, by drawing a contour around the object. While the
objective of the two types of models is di�erent, the two types of models, in practice, often
generate similar saliency maps (Borji, 2015). Another distinction is whether the model is
developed for predicting static or dynamic saliency. Intuitively, dynamic saliency models
should also account for the time dimension in the video input, for example, by tracking
moving objects.

In this study, we consider both static and dynamic saliency as potential predictors of
videotext di�culty. Static saliency was computed based on keyframes extracted from the
videos, whereas dynamic or motion saliency was computed using the entire videotext.
Speci�cally, three di�erent static saliency models were used for estimating saliency in
keyframes. The �rst is a simple, yet in�uential saliency model developed by Itti et al.
(1998). The other two are the Spectral Residual (SR) method (Hou & Zhang, 2007) and
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the Fine-Grained (FG) method (Montabone & Soto, 2010). Figure 7.3 shows a comparison
between two saliency maps and their �le sizes.

Figure 7.3: A Comparison of Saliency Maps Generated by the Three Algorithms and
Their Corresponding File Size in KB.

For estimating video saliency, a motion saliency algorithm developed by B. Wang and
Dudek (2014) was utilized. This motion saliency detector is based on the background
subtraction technique and it considers moving objects as salient objects. Because there
is no direct way to quantify saliency, the summation of image and video size of the gen-
erated saliency maps for each algorithm was used as a proxy of saliency in keyframes
and videotext, respectively. In the case of static saliency, the average, range, and standard
deviation were also calculated.

7.2.11 Video Production Style

Previous studies in multimedia learning suggest that video instructional styles vary in
their pedagogical bene�ts and some production styles and design principles are more
conducive to learning than others (Fiorella & Mayer, 2018; Mayer et al., 2020). It is very
plausible, then, to believe that the di�erent production styles in AL videotexts may im-
pact the learner’s perception of di�culty di�erently. To date, there has been no system-
atic e�ort to investigate the link between video production style and language learners’
perception of videotext di�culty. In the learning science literature, there are several ty-
pologies of instructional video production styles (Crook & Scho�eld, 2017; Hansch et al.,
2015). Here, I adopted a taxonomy proposed by Crook and Scho�eld (2017) for classify-
ing instructional videotext based on their production styles. The taxonomy includes 16
di�erent con�gurations or formats of lecture styles which are described below

• A1 Voice over slides: A sequence of slides is narrated by a hidden voice.
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• A2 Voice over screencast: A record of a continuous screen recording (as opposed
to discrete and static slides) is narrated by a hidden voice.

• A3Writing over slides: Narrated slides include superimposed the narrator’s writ-
ing. Graphic annotation is added to one or more static images, implicitly by the
speaker.

• A4Kahnwhiteboard: Narrated whiteboard includes manual acts of superimposed
writing. This is similar to A3, except that speaker’s hand is made visible as they
perform the annotation, thereby conveying a stronger sense of agency.

• B1 Fixed frame outside: Video narrator in a window �xed adjacent to a slide
sequence. The �rst of four formats explore picture-in- picture presence of the lec-
turer. These may each vary in size but are generally small, typically occupying 20%
of screen space.

• B2 Mobile frame outside: Video narrator in a window in various positions adja-
cent to the sequence of background presentation activity.

• B3 Fixed but overlapping: Video narrator at �xed position but overlapping the
background sequence rather than being a framed picture in picture.

• B4 Mobile frame and overlapping: Video narrator is now framed but presented
at varying positions in the background sequence.

• C1 Presence in split screen: Video narrator and slide sequence are presented
simultaneously and in adjacent frames.

• C2 Presence in picture: Video narrator is visually integrated with slide images as
if standing in front of a display surface.

• C3 Presence overlapped by content: Symbolic material is superimposed on a
video narrator.

• D1 Presence active on whiteboard: Narrator moves in front of content and acts
upon it, but visual presence overlaps a full-screen presentation surface.

• D2 Presence in lecture: Direct recording of narrator in traditional lecture context.
The continuity of speaker and display surface is broken, conveying an in-room
sense of the two.

• D3 Presence in full screen: Close up on a solitary narrator in local ‘domestic’ or
topic-relevant context.
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• E1 Presence in interview: recorded interview.

• E2Presence in discourse: recorded conversation. This and E1 correspond to more
traditional ‘talking heads’ formats common in broadcast expositions.

Using this taxonomy, I categorized AL videotexts based on their production styles. Of the
16 di�erent formats, there were about 7 di�erent production styles in the AL corpus (see
Figure 7.4 for a visual representation of all production styles).

Figure 7.4: A Visual Representations of Video Production Styles

Because there is no similar classi�cation for GA videotexts, this feature was not consid-
ered in modeling di�culty in the GA video genre.

7.3 The Development of AUVANA

To streamline the process of extracting and computing the visual complexity indices de-
scribed above, I developed the Automated Video Analysis tool (AUVANA). To the best of
my knowledge, there is no freely available tool for automatically assessing visual and spa-
tiotemporal complexity in videotext. Therefore, AUVANA was developed to contribute
to the scienti�c understanding of otherwise hard-to-de�ne visual attributes of complex
videotexts. Researchers interested in exploring visual and spatial-temporal complexity
in videotexts can use the tool to automatically extract, compute, and visualize numerous
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visual complexity features. AUVANA is a cross-platform desktop application and it em-
ploys state-of-art algorithms and methods for computing a variety of visual complexity
features. The tool’s interfaces are shown in Figure 7.5, Figure 7.6, Figure7.7 and Figure
7.8

Figure 7.5: AUVANA: Main Interface Where Users are Allowed to Upload a Video for
Analysis
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Figure 7.6: AUVANA: Preprocessing and KeyFrame Extraction Interface

Figure 7.7: AUVANA: Feature Extraction and Computation Interface
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Figure 7.8: AUVANA: Result Visualization Interface

Using AUVANA, I extracted and computed all visual complexity features investigated in
this study.

7.4 Statistical Procedure and Analysis

7.4.1 Research Questions

The current study addresses the following research questions:

1. How do the proposed measures of visual complexity compare with and relate to
each other as indices of di�culty in videotext?

2. What is the relationship between visual complexity, and language learners’ ratings
of videotext di�culty?

3. What visual and spatiotemporal videotext complexity features are more predictive
of videotext di�culty?
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4. Can visual complexity features accurately predict di�culty in AL and GA video-
texts, and both?

7.4.2 Corpus

In this study, the entire SLVC corpus was used for developing genre-agnostic regression
models, whereas the two subcorpora, academic lecture (AL) and government advertise-
ment (GA), were used for building genre-speci�c models for each video genre.

7.4.3 Exploring Features Dimensionality

Given the exploratory nature of the current study, a large set of potential visual com-
plexity features were considered for explaining and predicting di�culty in videotext. To
address the �rst research question (how visual complexity features compare and relate to
each other), the proposed features were analyzed using principal component analysis fol-
lowed by Direct Oblimin (a non-orthogonal) rotation because it was expected that some
of the features are moderately or highly correlated with each other. Before running PCA,
features that are derivative of other features were excluded and the remaining features
were scaled because PCA is sensitive to the scaling of the original features. Then, di�er-
ent PCA solutions were explored. The most appropriate PCA solution had 11 components
as indicated by a scree plot. The sampling adequacy as determined by the Kaiser-Meyer-
Olkin test was .83—which is above the commonly recommended value of .6—and Bartlett’s
test of sphericity was signi�cant (j2(1770) = 70920.99, ? < .01).

7.4.4 Data Preprocessing and Feature Selection

After extracting and computing our visual complexity features, the entire dataset was
shu�ed and divided into a training set and test set following the 67/33 split approach
(approximately 67 percent training, 33 percent test). This resulted in a training set of
428 videotext samples and a testing set of 128 videotext samples. The same procedures
were applied to the AL and GA subcorpora, which resulted in 214 videotexts for train-
ing and 106 videotexts for testing for each video genre. We conducted an explanatory
data analysis and data preprocessing for the training sets (e.g., standardization, convert-
ing categorical feature to numerical, imputing mi sing values, etc.). The results of the
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correlation analyses showed that some features moderately to strongly correlated with
the dependent variable. The results can be found in Appendix A.9

Besides using PCA for evaluating the proposed features, PCA is useful for reducing the di-
mensionality of our dataset to fewer components (or factors) that capture most of the vari-
ance in the dataset. To select informative features to be included in the regression models,
multiple experiments using PCA, LASSO and, random forest were conducted. The results
showed that features selected by the LASSO algorithm are more predictive than the other
approaches. The LASSO lambda was determined in a 10-fold cross-validation and the best
model selected 28 features for the AL subcorpus, 10 features for the GA subcorpus, and
35 features for both corpora.

7.4.5 Models Building and Evaluation

For understanding the relationship between visual complexity and videotext di�culty,
simple OLS regression was used. Our goal was to �nd parsimonious, easy interpretable
models that can explain large amounts of variance. After �tting the model in the train-
ing set, features with low p values were dropped. Multicollinearity among the features
was checked using the Variance In�ation Factor (VIF). The remaining features were then
used to predict the di�culty of videotext in the holdout testing sets. Residual plots and
Q-Q plots of residuals were visually inspected to review homogeneity of variance (ho-
moscedasticity) and normal distribution of residuals. To develop predictive models, I ex-
periment with di�erent regression algorithms such as OLS regression, LASSO, Ridge, and
Support Vector Regression (SVR).

To further investigate the generalizability of the features as well as to avoid sampling bias,
the performances of the models were compared using a 10-fold cross-validation method.
I consider both adjusted '2 and RMSE as evaluation metrics.

7.5 Results

7.5.1 Principle Components Analysis (PCA)

The PCA analysis yielded that approximately 85% of the variance in the dataset was ac-
counted for via 11 components. The loadings of the factors and their commonalities are
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presented in Table 7.5.1. A conservative threshold of .5 was chosen as a cuto� point. The
�rst component explained 32.28% of the variance and it was comprised of fourteen visual
complexity features. Speci�cally, features in this component estimate the total values of
visual clutter, saliency, and compression. The second component summarizes variance
detected via four features; the number of speakers, objects, and shots per minute, and
the number of speakers in the video. Five features related to visual texts loaded heavily
on the third component. The fourth component had nine visual complexity features that
estimate the standard deviation and range of visual saliency, clutter, detected edges, and
keyframe �le sizes. Five measures of colorfulness and structural similarity loaded heav-
ily on the �fth component. The average saliency, clutter, and keyframe �le size made the
sixth component. The remaining components, 7, 8, 9, 10, and 11 had features that, respec-
tively, estimate the number of detected objects in the video, motion duration, number of
speakers, number of faces, and number of moving objects. The correlation matrix showed
that the components did not have a higher correlation among each other (see Appendix
A.7 for correlation matrix).
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7.5.2 Regression Models

7.5.2.1 All Video Corpus

Multiple regression analysis was conducted to explore if the selected visual complexity
features signi�cantly explain the variance in the participants’ ratings of videotext dif-
�culty. After removing insigni�cant features (features with coe�cients exceeding the
common alpha level of 0.05), the �nal model yielded a signi�cant model, � (8, 419) =

21.92, ? < .001, A = .54, '2 = .30. The model includes 8 visual complexity features which
are Number of Shots, Colorfulness Video W1Sec (SD), Colorfulness Adjacent Video W1Sec

(SD), SSI Video W5Sec (SD), Canny Keyframe KB (Sum), Canny Keyframe KB (Sum), Video

Compression H264 Subsample Size (MB), Motion Duration Di�erence (SD), and Motion Du-

ration Di�erence (SD-Normalized). The features jointly explained 30% of the variance in
the participants’ ratings of videotext di�culty in the training set. Table 7.3 shows addi-
tional information regarding this model and the beta weight for each index in the training
model.

Table 7.3: Summary for Visual Regression Model for Videotext Di�culty (ALL)

Features V SE t Sig.
Number of Shots 1.21 0.23 5.34 <.001
Colorfulness Video W1Sec (SD) 1.03 0.33 3.12 <.001
Colorfulness Adjacent Video W1Sec (SD) -0.81 0.34 -2.38 .021
SSI Video W5Sec (SD) 0.54 0.15 3.56 <.001
Canny Keyframe KB (Sum) -0.65 0.23 -2.8 .013
Video Compression H264 Subsample Size (MB) 1.08 0.23 4.79 <.001
Motion Duration Di�erence (SD) 0.87 0.24 3.68 <.001
Motion Duration Di�erence (SD-Normalized) -0.9 0.22 -4.11 <.001

Note. Constant term= 16.90; V is the standardized beta coe�cient; SE is
standard error

To investigate how the visual complexity features from the regression analysis on the
training set perform on a held-out test set (n=212), the regression beta coe�cients and
constant term from the training model were used to predict videotext di�culty in the
testing set. The �ndings demonstrated that the regression model yielded an RMSE of 2.79
and that the selected visual complexity features collectively predicted 32% of the vari-
ance in the testing set. The Pearson correlation between the true and predicted videotext
complexity scores was .56, ? < .001.
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7.5.2.2 AL Video Corpus

A multiple regression model with 7 visual complexity features was �tted to explain the
di�culty in AL videotext. The �tted model yielded a signi�cant model, � (11, 202) =

18.03, ? < .001, A = .70, '2 = .50. The visual complexity features used in the model were:
Colorfulness KF (SD), Colorfulness Video W1Sec (SD), SSI Video W1Sec (mean), Saliency SR

KF (Mean), Saliency FG KF (Mean), Saliency IK (SD), Canny H264 Subsample (MB), Number

of Moving Objects per minute, Motion Duration Di�erence Subsample (Mean), Frequency of

Visual Text per Shot and Number of Shots. Table 7.4 shows additional information related
to the AL model and the beta weights for each index in the training model.

Table 7.4: Summary for Visual Regression Model for AL Videotext Di�culty

Features V SE t Sig.
Number of Shots 1.3 0.24 5.34 <.001
Frequency of Visual Text per Shot 0.53 0.21 2.49 .013
Number of Moving Objects per minute 0.57 0.22 2.66 .010
Motion Duration Di�erence Subsample (Mean) 0.68 0.22 3.18 <.001
Colorfulness KF (SD) -0.53 0.22 -2.39 .021
Colorfulness Video W1Sec (SD) 1.01 0.27 3.78 <.001
SSI Video W1Sec (mean) 1.61 0.44 3.67 <.001
Saliency SR KF (Mean) -0.59 0.25 -2.4 .025
Saliency FG KF (Mean) 0.59 0.22 2.69 .018
Saliency IK (SD) 0.85 0.28 3.11 <.001
Canny H264 Subsample (MB) 1.03 0.36 2.84 .017

Note. Constant term= 17.15; V is the standardized beta coe�cient; SE is
standard error

The trained model was then used to predict videotext di�culty in the test set. The results
indicated the model yielded an '"(� of 2.52 and that the seven visual complexity fea-
tures collectively predicted 52% of the variance in the testing set. The Pearson correlation
between the true and predicted videotext complexity scores was .73, ? < .001.

7.5.2.3 GA Video Corpus

The best regression model for explaining and predicting GA videotexts included 4 visual
complexity features; Colorfulness Adjacent KF (mean), Colorfulness Adjacent Video W5Sec,

Video Compression H264 Size (MB), and Number of Faces per Minute. The selected features
yielded a signi�cant model, � (4, 209) = 9.36, ? < .001, A = .39, '2 = .15. When the trained
GA regression model was used to predict videotext di�culty in the held-out testing set,
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the results showed that the model explained about 23% of the variance in the language
learners’ ratings of videotext di�culty. The '"(� value for the model was 2.72 and the
correlation between the true and predicted di�culty scores was A = .50, ? < .001. Table
7.5 shows additional information related to the GA model and the beta weights for each
index in the training model.

Table 7.5: Summary for Visual Regression Model for GA Videotext Di�culty

Features V SE t Sig.
Number of Faces per Minute -0.67 0.23 -2.96 <.001
Colorfulness Adjacent KF (mean) -0.81 0.25 -3.27 <.001
Colorfulness Adjacent Video W5Sec 1.04 0.25 4.13 <.001
Video Compression H264 Size (MB) 0.78 0.22 3.53 <.001

Note. Constant term= 16.75; V is the standardized beta coe�cient;
SE is standard error

7.5.2.4 Models Prediction Performance

To further investigate the generalizability of the feature sets and to avoid sampling bias,
the selected feature sets for each video corpus were evaluated using a 10-fold cross-
validation approach. In addition to the OLS regressor, I also investigated how more
advanced machine learning algorithms, such as linear Support Victor Machine (SVR),
LASSO, and Ridge regressors, would perform in predicting videotext di�culty in the three
datasets. A comparison of prediction performances of all models is shown in Table 7.6.
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Table 7.6: A Comparison of the Prediction Performances of the Four Regression Models
Using a 10-fold Cross Validation Approach

Corpus Model A '2 RMSE

AL OLS .65 .45 2.71
LASSO .65 .45 2.71
Ridge .66 .45 2.70

SVR .63 .41 2.79
GA OLS .35 .22 2.94

LASSO .35 .21 2.97
Ridge .33 .22 2.96
SVR .37 .20 3.00

ALL OLS .50 29 2.90

LASSO .51 .29 2.90

Ridge .50 .29 2.91
SVR .49 .28 2.93

All in all, the results showed that all di�erent regression algorithms performed compa-
rably in predicting videotext di�culty, with an exception of the SVR model which per-
formed slightly worse than other models. The best model for predicting di�culty in AL
video corpus was ridge regressor ('"(� = 2.70), though both OLS and LASSO models
did comparably well ('"(� = 2.71). For predicting the di�culty of GA videotexts, an
OLS regressor achieved the best result ('"(� = 2.94). Finally, the comparison between
models trained to predict di�culty in both video types shows that both OLS and LASSO
models yielded an '"(� of 2.90.

7.6 Discussion

The main objective of Study 2 was to examine whether visual complexity can explain the
di�culty of AL and GA videotext, as experienced by language learners. To this end, a
set of 78 visual complexity features was proposed as potential predictors of visual com-
plexity in videotexts. The proposed features are theoretically motivated, and they were
intended to account for di�erent attributes of videotext, including spatial complexity,
saliency, clutter, object recognition, and motion. These attributes are of interest because
we do not have yet a concrete de�nition of what visual complexity in a videotext entails.
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A second objective of the chapter was to develop the Automated Video Analysis tool
(AUVANA) for extracting and computing the proposed visual complexity features and
visualizing their outcomes. To validate the newly proposed features, di�erent regression
models were developed to explain and predict di�culty in two types of videotexts (AL
and GA) as well as in both types combined (ALL).

Overall, the results of the current study suggested that visual complexity contributes to
videotext di�culty and in par with the predictive performance of verbal complexity mod-
els reported in Chapter 6. Speci�cally, the results demonstrated that visual complexity
explained about 29% of variance in the participants’ judgment of videotext di�culty (both
video genres, AL and GA, combined). The �ndings of the current study have important
implications for automatic videotext di�culty assessment and feedback systems. I discuss
these �ndings with regard to the study’s research questions.

7.6.1 The Multidimensionality of Video Visual Complexity

The �rst question of this study asked how the proposed visual complexity features relate
and compare to each other, and whether they make clusters that may characterize some
underlying latent structures. To address this question, a principle component analysis
was performed on the proposed visual complexity features. The PCA results demon-
strated that the 78 features clustered into 11 components which collectively explained
85% of the variance in the dataset. While it is tempting to name or label the extracted
components, this step was skipped to avoid rei�cation—assuming that the clusters of
variables represent a latent variable while in reality, they do not. But most importantly,
this �nding suggests that video visual complexity is a multidimensional and multifaceted
construct. Obviously, further research is needed for investigating if the patterns found in
our dataset exist in other types of videotext.

7.6.2 The Relationship between Visual Complexity and

Videotext Di�culty

The second question investigated what visual complexity features can explain the dif-
�culty in the two video genres (AL and GA) as well as in both genres combined. The
results of OLS regression analyses have demonstrated that seven visual complexity fea-
tures explained about 50% of the variance in AL corpus, whereas four features explained
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about 15% of the di�culty in GA corpus. The results also showed that the di�culty in
the two video genres is best explained by a di�erent set of visual complexity features.
This can be attributed to the spatiotemporal di�erences between the two video genres.
To investigate this �nding further, I performed t-test analyses on the visual complexity
features from both genres and the results showed clearly that there were statistical dif-
ferences between the two video genres in the vast majority of the features. For example,
there was a signi�cant statistical di�erence between the frequency of video shots in AL
(M= 12.99, SD= 6.68) compared to the frequency of shots in GA is (M= 4.12, SD= 2.23),
t(638)= 22.54. p= .001. Moreover, di�erences in colorfulness values between the two types
of videos were also noted. Accordingly, accounting for video genre di�erences in visual
complexity assessment is critical for more reliable analyses and �ndings.

With regards to what visual attributes proved to be strong predictors in AL videotext, the
results showed that six of the eight features included in the regression model had signif-
icant positive relationships with the rating of videotext di�culty. These features were
Colorfulness Video W1Sec (SD), SSI Video W1Sec (mean), Saliency FG KF (Mean), Saliency

IK (SD), Canny H264 Subsample (MB), Number of Moving Objects per minute, Motion Dura-

tion Di�erence Subsample (Mean), Frequency of Visual Text per Shot and Number of Shots.
The remaining two features, Colorfulness KF (SD) and Saliency SR KF (Mean), had negative
relationship with videotext di�culty.

Concerning GA videotexts, the results of regression analysis indicated that four features
were signi�cant predictors of di�culty in GA videotext. Three of the features had a signif-
icant positive relationship with the dependent variable. These features were Colorfulness
Adjacent Video W5Sec, Video Compression H264 Size (MB) and Number of Faces per Minute.
The remaining feature, Colorfulness Adjacent KF (mean), had a negative relationship with
the ratings of di�culty of GA videotext.

For explaining the di�culty in both video genres, the results demonstrated that eight
visual complexity features can collectively explain approximately about 31% of the total
variance. As shown in Table 7.3, six of the eight features had positive coe�cients: Number

of Shots, Colorfulness Video W1Sec (SD), SSI Video W5Sec (SD), Canny Keyframe KB (Sum),

Canny Keyframe KB (Sum), Video Compression H264 Subsample Size (MB), and Motion

Duration Di�erence (SD). Whereas two features, Colorfulness Adjacent Video W1Sec (SD),
and Motion Duration Di�erence (SD-Normalized), had negative interaction with videotext
di�culty.
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7.6.3 Predicting Videotext Di�culty Using Visual Complexity

Features

The third and last question was concerned with evaluating the predictive performances of
the developed regression models (OLS, LASSO, Ridge, and SVR). To ensure the reliability
of the results, the prediction performances of the regression models were validated using
a 10-fold cross-validation approach. The results showed that a ridge regressor trained on
the AL video corpus yielded the best result, '"(� of 2.70; whereas the best performing
model for GA videotext was the OLS regressor yielding an '"(� of 2.94. A compar-
ison of the predictive performances of the models trained on both types of videotexts
demonstrated that both OLS and LASSO did better than the other models, achieving both
an '"(� of 2.90. Generally, the models slightly vary in their performances within each
video genre.

To sum up, the proposed video visual complexity indices were able to partly explain and
predict videotext di�culty. In fact, the prediction performances of the visual complexity
regression models are comparable to those developed in Study 1 (Chapter 6) using only
verbal complexity features. Table 7.7 compares the prediction performance of the best
verbal and visual complexity model in each video genre (AL and GA) as well as in both
genres combined.

Table 7.7: A Comparison of the Prediction Performances of Verbal and Visual Regression
Models

Models '2 r RMSE
AL Verbal .5 .73 2.47
AL Visual .45 .66 2.70
GA Verbal .25 .52 2.83
GA Visual .22 .35 2.94
ALL Verbal .33 .59 2.75
ALL Visual .29 .50 2.90

This �nding attests to the fact that both verbal and visual complexity play a role in lan-
guage learner perception of videotext di�culty, hence, both types of complexity should
be considered when selecting or designing videotexts for language learning, teaching, and
development. The question of whether integrating both verbal and visual complexity lead
to better prediction of videotext di�culty will be addressed in the next chapter.
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7.6.4 Contributions and Limitations

The present study was innovative in several aspects. First, the study proposed several
novel visual complexity features for explaining and predicting di�culty in videotexts.
The proposed features are theoretically driven and they tap into di�erent dimensions
of visual perception and understanding. The PCA analysis has con�rmed the multidi-
mensionality nature of the construct of video visual complexity. Empirically, subsets of
these features were incorporated into computational models that explained a consider-
able amount of variance in video di�culty rating, in par with that of verbal complexity
models in 6. The visual complexity models also did well in predicting di�culty in unseen
videotexts. The results should encourage further research into explicating the relation-
ship between visual complexity and learners’ perception of video di�culty and devising
more robust computational spatial-temporal complexity measures. Another contribution
of this study is the development of AUVANA, an easy-to-use desktop application for ex-
tracting, computing, and visualizing complexity features. The tool is geared towards help-
ing applied linguists and researchers in the social sciences in general who are interested
in analyzing videotexts but may lack technical knowledge in more advanced computer
vision and image processing techniques.

These contributions notwithstanding, the current study has some limitations that could
serve as a basis for new lines of research. First, while I leveraged the state-of-the-art meth-
ods and techniques for extracting and computing visual complexity features, it should
be noted that the best computer vision systems achieve only rudimentary performance
compared to humans in some tasks, e.g., object recognition. Second, there are several
other alternative approaches and techniques for going about estimating each of the vi-
sual complexity dimensions explored in this chapter. For instance, there are di�erent
techniques for compressing video data. Therefore, future research should consider com-
paring and investigating the usefulness of the di�erent techniques for each task. Third,
there are also some limitations as to the way some features are computed. For instance,
hand gestures were identi�ed as continuous movements of the speaker’s hands but no
disinclination was made between the di�erent types of gestures. It has been suggested
that iconic gestures are more helpful than other types of gestures when used alongside
a description of an action or event because they usually reinforce the semantic meaning
of accompanying speech (Dargue et al., 2019). Beat gestures, which are not semantically
related to the accompanying speech, seem to improve narrative comprehension (Dargue
& Sweller, 2020b; Vilà-Giménez, Igualada, & Prieto, 2019). Given the di�erent roles and
communicative functions of gestures, there is a need for research to ascertain what type
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of gestures is more bene�cial for language learners. Similarly, in this study, all moving
objects were identi�ed and counted, regardless of whether they were new or not. Future
research should perhaps eliminate the recurrent objects. Because they are already rec-
ognized, recurrent objects may have a lesser impact on the viewer’s attention. Feature
research should also explore if these features are universal; that is, they are generalizable
to other types of videos and groups of learners.

Finally, it was assumed that video length impacts the computation of several of the visual
complexity measures, much like the problem of the text length dependency in calculat-
ing lexical complexity measures. To mitigate this problem, I took a single random sample
for computing visual complexity features that are more sensitive or dependent on video
length (e.g., compression). There are other resampling techniques such as bootstrapping
that might provide more stable estimates, as such future studies may consider investigat-
ing which approach is more e�ective for tackling the video length problem.

Clearly, we just scratched the surface in this chapter, and with the rapid development
of new computational approaches, there will be always, of course, room for further im-
provement of visual complexity estimation. For example, visual attention modeling is a
very active research �eld and numerous approaches have been proposed in the last few
years. However, it should be noted that the majority of exiting attention models do not
account for the multimodal nature of videos, neglecting the in�uence of both visual and
auditory cues in attention guidance. In a recent study, Sidaty et al. (2017) addressed this
problem through integrating both auditory and visual cues in their attention model which
achieved better modeling of visual attention.

7.7 Chapter Summary

In this chapter, I extracted and computed a broadening array of visual complexity features
for explaining and predicting di�culty in videotext. The features were extracted using a
variety of algorithms and techniques from the �elds of computer vision and signal pro-
cessing. To examine if the features represent underlying latent structures, a principal
components analysis was performed on the entire dataset. The results have shown that
the proposed features are grouped into 11 di�erent clusters or components, suggesting
that the clustered features assess di�erent aspects of visual complexity and that visual
complexity is not a monolithic and static notion but, rather, a multifaceted and dynamic
construct. The predictive power of the proposed visual complexity features was examined
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using di�erent machine learning algorithms. The results of regression models indicated
that the proposed visual complexity features can explain as well as predict videotext dif-
�culty in AL and GA videotext, and in both types of videotext combined. Finally, the
chapter introduced AUVANA, an automated tool for extracting, computing, and visualiz-
ing visual complexity features in videotexts. It is hoped that the tool will stimulate future
research on understanding visual complexity in videotext.



Chapter 8

Multimodal Videotext Di�culty
Prediction

Previously, in Chapter 6 and Chapter 7, videotext di�culty was modeled as a function of
verbal and visual complexity, respectively. The objective was to investigate which modal-
ity better explains and predicts di�culty in the SLVC video corpus. The �ndings, overall,
demonstrated that the two unimodal models performed comparably, with verbal mod-
els slightly outperforming visual complexity-based models. In this chapter, I investigate
whether combining both verbal and visual complexity features into a single predictive
model leads to better prediction of videotext di�culty. Particularly, I explored di�erent
con�gurations of ensemble machine learning models and investigated their accuracy in
predicting videotext di�culty.

The chapter is organized into three main sections. The �rst section discusses key ap-
proaches and challenges of integrating multimodal data in predictive modeling in the
area of Multimodal Machine Learning (MML). The second section introduces the ensem-
ble learning paradigm in machine learning and describes its popular techniques. Finally,
the third section presents the main study of this chapter and reports its �ndings.

8.1 Introduction

Multimodal machine learning (MML) is a recent and dynamic area of research in the
�eld of machine learning and pattern recognition. In essence, MML has emerged with an

186
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aim “to build models that can process and relate information from multiple modalities”
(Baltrusaitis, Ahuja, & Morency, 2019, p. 423). The word “modality” is often associated
with sensory modalities, e.g., vision, touch, smell, and taste, which represent our primary
channels of communication and sensation. In the �eld of MML, a research problem is said
to be multimodal when it concerns processing, analyzing, and reasoning about multiple
data of such modalities (Baltrusaitis et al., 2019; Guo, Wang, & Wang, 2019).

Based on the heterogeneity of modalities and the relationship between them, multimodal
features can fundamentally be classi�ed into three groups:

(a) Heterogeneous multimodal features with no direct relationship between the modal-
ities. For example, eye movement data is a single source and audio data is another.

(b) Heterogeneous multimodal features which describe a single entity. The multimodal
features are close in space and time. For example, vocal tone and facial expression.

(c) Multimodal feature describes a single entity using two or more sources of infor-
mation. While semantically related, the multimodal features can be spatially or
temporally distanced.

Many of the problems in machine learning are multimodal in nature (e.g., speech recog-
nition, emotion classi�cation, and multimedia event detection) and it is, therefore, rea-
sonable to assume that integrating multiple dates is more bene�cial than relying on a
single source of data. Indeed, MML researchers have gained a signi�cant bene�t from
combining multiple modalities in their work (e.g., Gurban, Thiran, Drugman, & Dutoit,
2008). One of the earliest and most celebrated examples of multimodal machine learning
is audio-visual speech recognition systems, where the integration of speech and visual
signals has been found to lead to improve speech recognition performance, especially in
noisy contexts (Gurban et al., 2008). As digital information is increasingly becoming more
multimodal, current unimodal machine learning models are gradually becoming obsolete.
For example, a hate classi�er trained on user comments only would not be able to detect
an image that displays hate or harmful messages.

Despite their great potentials, developing machine learning models that are truly capable
of learning from di�erent modalities and reasoning about their relationship is not a trivial
task. While humans have no di�culty processing multimodal information and making
sense of them, for machines the heterogeneity of information poses many di�culties. In
their recent review of the challenges facing the MML research, Baltrusaitis et al. (2019)
summarized �ve key technical challenges:
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1. Representation: the challenge of representation refers to how to represent the
di�erent modalities in a way that exploits the complementarity and redundancy of
multiple modalities.

2. Translation: the challenge of translation or mapping addresses how to map data
from one modality to another, considering that the relationships between modali-
ties are often subjective, and there is no perfect description of such relationships.

3. Alignment: the challenge of alignment is concerned with identifying the direct
relationship between two or more modalities and resolving issues due to long-range
dependencies and ambiguity (e.g., aligning the steps in a recipe to a video showing
the dish being made).

4. Fusion: the challenge of data fusion refers to how to join information from multiple
modalities in a way that is helpful for predictive models.

5. Co-learning: the challenge of co-learning refers to how knowledge learned from
one modality can be transferred to another learning task, for example, to help de-
velop a model trained on another modality when annotated data are sparse.

While Baltrusaitis et al. presented these �ve challenges particularly for multimodal deep
learning approaches, I believe the challenges are also relevant to traditional multimodal
machine learning approaches. I will discuss two of these challenges, the challenge of
multimodal representation and multimodal data fusion, as they are more relevant to the
current study. It should be noted here that the two challenges are interrelated in the sense
that the former is conceptual while the latter is technical.

For developing a multimodal machine learning model, data should be represented in a
meaningful format that can help algorithms learn useful information. Good multimodal
representations (Bengio, Courville, & Vincent, 2013) or features are therefore the corner-
stone for the development of performant multimodal machine learning models (Baltru-
saitis et al., 2019). But how to develop multimodal representations?

A straightforward approach is to extract hand-crafted features and fuse them into a single
joint representation space. A second approach is to use deep learning for either unimodal
or multimodal feature extraction. The two approaches have their advantages and disad-
vantages. For example, hand-crafted features are easy to extract but may not generalize
well to other learning domains. On the other hand, deep learning features are general-
izable but extract meaningful multimodal features is di�cult and requires large data and
expensive computing. In this study, we opted for the �rst approach for its simplicity.
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As far as the challenge of integrating features from di�erent modalities is concerned, three
integration methodologies have been proposed in the literature to address this problem;
namely, early fusion, late fusion, and intermediate or hybrid fusion (Alpaydin, 2018; Atrey,
Hossain, El Saddik, & Kankanhalli, 2010; Poria, Cambria, Bajpai, & Hussain, 2017). In
the early fusion approach, features from all modalities are concatenated into a single
feature space, and then a machine learning model is trained on the fused features. In
the late fusion approach, a separate machine learning model is trained on features from
a single modality and independently makes predictions. Then, the predictions from all
models are combined—using some mechanisms such as majority vote or averaging—to
make a �nal decision. Lastly, the intermediate or hybrid fusion approach lies between
the two extremes and combines the two approaches into a single process. Speci�cally,
in this hybrid approach, each modality is initially processed to construct or generate an
abstract representation and then the generated representations from all modalities are
fed into a single machine learning algorithm (Alpaydin, 2018). Each of the three fusing
approaches has its strengths and limitations and in practice, each approach works best
with a particular type of task or problem (Atrey et al., 2010). It is more appropriate, for
example, to use an early integration when the feature space is relatively small, and the
features are independent. In this study, I used both early and late fusion techniques for
joining complexity features from di�erent modalities.

8.2 Ensemble Learning

Ensemble learning is a machine learning paradigm where multiple machine learning mod-
els (commonly called “weak learners” or “base models”) are combined to get better predic-
tive accuracy (Witten et al., 2016). The main hypothesis behind this approach is that when
several “weak” learners are correctly combined to solve the same problem they often lead
to better accuracy than a single model (Z. Zhou, 2012). This is because an ensemble model
is more capable of reducing prediction error while also being more complex.

There are several ways for developing ensemble models. Common ensemble methods
include averaging, bagging, boosting, and stacking, each of which has several variants in
the literature. in essence, ensemble methods di�er in two main ways. First, whether the
aggregated base models are “heterogeneous” or “homogeneous.” An ensemble model is
said to be homogeneous when it consists of members having a single-type base learning
algorithm (e.g., bagging). On the other hand, a heterogeneous ensemble model consists
of members having di�erent base learning algorithms. The second distinction between
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Model Type of features Fusion Ensemble
OLS regression Multimodal Ealry No
Weighted Average Regressor Uni-modal late yes
Stacked Regressor Uni-modal late yes
Random Forest Multimodal Early yes
Gradient Boosting Multimodal Early yes
Adaboost Multimodal Early yes
Stacking Multimodal Early yes

ensemble techniques is whether the learning algorithms are �tted to the dataset in a “par-
allel” or “sequential” fashion (see Z. Zhou, 2012, for a comprehensive review of ensemble
learning techniques).

In what follows, I brie�y describe the four ensemble learning techniques used in this study
and highlight their key di�erences in the context of regression problem:

1. Averaging: Averaging is a simple ensemble technique that can be used for both
regression or classi�cation problems. In this approach, multiple base models (often
equally performing models) are trained independently (in a parallel fashion) on the
entire training set. The predictions made by these base models on the testing set are
then averaged to make the �nal prediction. While averaging helps in balancing out
the weaknesses of the individual models, a low-performing model can drag down
the overall performance of the ensemble models. One solution to this problem is
to remove the low-performing model. Another solution is to add some weights to
reward base models that perform well and penalize those that perform poorly. This
approach is called the weighted average ensemble learning technique.

2. Bagging: Bagging stands for bootstrap aggregation. In this ensemble learning ap-
proach, multiple weak learners (often homogeneous learners) are trained on di�er-
ent subsets of the dataset using bootstrap sampling—a subset of the dataset is cho-
sen randomly with replacement—and then the predictions of base models are ag-
gregated to generate the �nal prediction. An example of a bagging meta-algorithm
is a random forest that combines individual decision trees.

3. Boosting: Boosting1 is a sequential method that aims to “convert weak learners
to strong learners” (Z. Zhou, 2012, p. 23). Like bagging, boosting methods combine
several uncorrelated weak learners for generating a strong model. However, unlike
bagging, boosting methods consist of �tting weak learners sequentially so that each

1Boosting technique is very similar to additive models in statistics (Witten et al., 2016; Z. Zhou, 2012)
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newly �tted model focuses its e�ort on handling observations that were di�cult for
the previously �tted model. Two popular machine learning algorithms using this
technique are gradient boosting and adaptive boosting (AdaBoost).

4. Stacking: in the stacking ensemble technique, multiple base models are trained on
the dataset and the predictions of base-level models on the test set are used as an
input (features) in a meta-regressor. The base-level can consist of di�erent learning
algorithms and hence stacking ensembles are often heterogeneous.

The use of ensemble learning generally helps in mitigating the bias and variance problem
and it also often leads to an increased prediction accuracy (Witten et al., 2016; Z. Zhou,
2012). However, there are several shortcomings of ensemble learning. First, ensemble
models lack interpretability. This is because when combining dozens or hundreds of in-
dividuals, it becomes more di�cult to determine what factors are contributing to the
improved decisions (Witten et al., 2016). Another shortcoming of ensemble learning is
that it is computationally expensive. This is especially true when the ensemble model
consists of hundreds or thousands of complex base learners (e.g., neural nets) or it relies
on sequential learning.

8.3 Statistical Procedure and Analysis

In this section, I �rst outline the study’s research questions. Then, I describe the method-
ology implemented to address them. Secondly, I present the study �ndings.

8.3.1 Research Questions

The study reported in this chapter addresses the following three research questions:

1. Do multimodal regression models lead to better prediction of videotext di�culty
than unimodal models developed in the previous two chapters?

2. Does the use of a stacked model with base models trained independently on each
modality lead to better prediction of videotext di�culty?

3. Does the use of ensemble learning methods (averaging, bagging, boosting, and
stacking) lead to better prediction performance than a single model? And if so,
what ensemble approach is the most predictive of videotext di�culty?
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8.3.2 Corpus

For the current study, the entire SLVC corpus was used for developing genre-agnostic
predictive models, and the two video subcorpora, AL and GA, were used for developing
predictive models for each video genre.

8.3.3 Method

In this study, we explored three di�erent setups or con�gurations of machine learning
algorithms and videotext complexity features. The three con�gurations are described
below:

8.3.3.1 Con�guration One

A simple OLS regression model was developed for each of the three video corpora (AL,
GA, and ALL) using multimodal complexity features. The con�guration is visualized in
Figure 8.3.

Figure 8.1: A Visual Representation of Three Con�gurations

The main objective of this setup is to develop a parsimonious model. As by the principle
of parsimony, when considering multiple competing models, one should seek the simplest
model so that fewer parameters need to be estimated. This con�guration addresses the
�rst research question, which investigates if using multimodal complexity features leads
to better prediction of videotext di�culty than using unimodal features (verbal or visual
complexity features alone). Furthermore, the developed model will be used as a baseline
model for comparing the performance of the more complex models in con�gurations two
and three.

The predictive powers of multimodal models are then compared to the models developed
using either verbal or visual complexity features alone.
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8.3.3.2 Con�guration Two

When the feature set is large (as in our case), there is always a risk of having spurious
relationships among the features. Therefore, in con�guration two, we address this issue
by developing three ensemble models (using stacking, averaging, and weighted average
techniques) with three base regression models that were independently developed on
complexity features extracted from each of the three modalities. The three ensemble
models vary on how the �nal prediction is made. In the stacking model, the predictions
from each base model are used as input for a successive meta regressor which makes the
�nal prediction.

Figure 8.2: A Visual Representation of Unimodal Ensemble Model Con�guration

We hypothesized that through using this con�guration, we can strike a balance between
ensemble model interpretability and its prediction ability.

8.3.3.3 Con�guration Three

Ensemble multimodal models of several base models trained on multimodal complexity
features using di�erent meta-learning approaches: boosting, bagging, and stacking.

Figure 8.3: A Visual Representation of Multimodal Ensemble Model Con�gurations
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8.3.4 Feature Selection

In this study, an aggregation of the previously extracted verbal complexity features (Chap-
ter 6) and visual complexity features (Chapter 7) made the multimodal complexity fea-
tures set. In total, there were 290 multimodal features. The features were early fused or
concatenated to form a single compact feature space. As discussed earlier, one drawback
of this approach is that when combining features from all modalities the feature space
becomes high-dimensional. This may cause three problems: 1) processing a large num-
ber of features means a higher compactional cost, 2) three is a risk of over�tting, and 3)
because multimodal features extracted from di�erent modalities, their units and scales
are di�erent (Alpaydin, 2018).

To reduce the number of features and prevent over�tting, I followed the same feature
selection routine used previously in Chapter 6 and Chapter 7. Using this routine on the
entire video dataset, a subset of 31 were selected by a LASSO regressor. The number
of features was further reduced to 10 features using backward elimination to remove
insigni�cant predictors. The same procedures were also implemented on AL and GA
datasets, resulting in 9 and 13 multimodal complexity features, for predicting the di�culty
in each video genre, respectively.

8.4 Results

8.4.1 Con�guration One

8.4.1.1 Multimodal Regression Models: ALL Video Corpus

A genre-agnostic regression model was developed using 10 multimodal complexity fea-
tures selected using our feature selection routine. The multimodal features included in
the model were: Std pitch, AWL Sub-list 3 Normed, All AFL Normed, Root TTR (AW), MRC

Imageability AW, COCA spoken tri 2 AC, CN C, Keyframe KB (mean), SSI Video W5Sec

(SD), and Video H264 Subsample Size (MB). Table 8.1 shows the model coe�cients and
additional statistics.

The performance of the OLS regression model was cross-validated and the �nding demon-
strated that the trained model yielded an RMSE of 2.75. The 10 visual complexity features
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Table 8.1: Summary for Multiple Regression Model for Predicting Videotext Di�culty
Using Multimodal Features

Features V SE t Sig.
Pitch (SD) -0.51 0.15 -3.44 <.001
AWL Sub-list 3 (Normalized) 0.47 0.14 3.3 <.001
All AFL Normed -0.39 0.16 -2.38 .024
Root TTR (AW) 1.00 0.16 6.4 <.001
MRC Imageability AW -0.59 0.17 -3.54 <.001
COCA spoken tri 2 AC 0.33 0.14 2.35 .027
Complex Nominal per Clause 0.57 0.16 3.64 <.001
Keyframe KB (mean) -0.4 0.15 -2.68 .011
SSI Video W5Sec (SD) 0.58 0.15 3.96 <.001
Video H264 Subsample Size (MB) 0.67 0.16 4.19 <.001

Note. Constant term= 16.83; V is the standardized beta coe�-
cient; SE is standard error

collectively explained 38% of the variance in the testing set. The Pearson correlation be-
tween the true and predicted videotext complexity scores were A = .54, ? < .001.

8.4.1.2 Multimodal Regression Models: AL Video Corpus

The regression model developed for predicting the di�culty of AL videotexts achieved
an RMSE of 2.5. The model was developed using nine multimodal complexity features:
Maas TTR (CW), Kuperman AoA, CW, COCA spoken bigram T, COCA academic trigram 2

T, Determiners, Adjacent overlap noun sent div seg, Number of Moving Objects per minute,

Motion Duration Di�erence (Variance), and Number of shots. Table 8.2 shows the AL model
coe�cients along their signi�cant values.

The results have also shown that the developed AL regression model explained about 51%
of the variance. The correlation of the model prediction and the actual rating of videotext
di�culty was A = .72, ? < .001, indicating the model predicted a large portion of the
samples correctly.

8.4.1.3 Multimodal Regression Models: GA Video Corpus

Using the feature selection routine described earlier, a set of 13 multimodal complexity
features was selected to be good predictors of di�culty in GA videotext. The features
were: k2 percent, AWL Sub-list 3 Normed, Lexical density token, MTLD ma wrap (CW),
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Table 8.2: Summary for Regression Model for Predicting AL Videotext Di�culty Using
Multimodal Features

Features V SE t Sig.
Maas TTR (CW) -0.75 0.24 -3.07 <.001
Kuperman AoA (CW) 1.44 0.22 6.46 <.001
COCA spoken bigram T 0.53 0.18 2.91 <.001
COCA academic trigram 2 T -0.59 0.19 -3.16 <.001
Determiners -0.53 0.18 -2.9 <.001
Adjacent overlap noun sent div seg -0.48 0.17 -2.78 .012
Number of Moving Objects per minute 0.42 0.19 2.22 .039
Motion Duration Di�erence (Variance) 0.76 0.19 3.95 <.001
Number of shots 0.53 0.22 2.43 .024

Note. Constant term= 17.23; V is the standardized beta coe�cient;
SE is standard error

KupermanAoACW, COCA spoken tri MI, Positive causal, Positive logical, CN C, Colorfulness

Adjacent KF (mean), Colorfulness Adjacent Video W5Sec (SD), Video Compression H265 Size

(MB), and Number of Faces per Minute. Table 8.3 shows the model coe�cients along with
other useful statistics.

Table 8.3: Summary for Regression Model for Predicting GA Videotext Di�culty Using
Multimodal Features

Features V SE t Sig.
K2 COCA-BNC -0.72 0.22 -3.2 <.001
AWL Sub-list 3 Normed 0.62 0.21 2.93 <.001
Lexical density token -0.6 0.20 -2.96 <.001
MTLD ma wrap (CW) 0.67 0.22 3.11 <.001
Kuperman AoA CW 0.72 0.25 2.87 .016
COCA spoken tri MI -0.62 0.2 -3.11 <.001
Positive causal -0.55 0.21 -2.65 .012
Positive logical 0.79 0.21 3.79 <.001
Complex Nominals per Clause 0.84 0.25 3.36 <.001
Colorfulness Adjacent KF (mean) -0.8 0.23 -3.54 <.001
Colorfulness Adjacent Video W5Sec (SD) 0.66 0.22 2.95 <.001
Video Compression H265 Size (MB) 0.6 0.21 2.86 .019
Number of Faces per Minute -0.67 0.20 -3.34 <.001

Note. Constant term= 16.92; V is the standardized beta coe�cient; SE
is standard error

To assess its predictive power and generalizability, the model was cross-validated, the
results showed the model has an RMSE of 2.50 its predictions correlated signi�cantly,
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A = .50, ? < .001, with the true di�culty values of videos in this genre. The model
explained 28 % of the variance in the dataset.

8.4.1.4 Comparison of Unimodal vs. Multimodal Models

A comparison of the prediction performances of the verbal-based models, visual-based
models, and multimodal models is shown in Table 8.4. The results showed that mul-
timodal models outperformed the verbal-only and visual-only models in predicting the
di�culty of videotexts in the three video datasets (AL, GA, and ALL). This �nding sug-
gests that the integration of verbal and visual complexity features in a single regression
model is more predictive of videotext di�culty than using either verbal or visual com-
plexity alone.

Table 8.4: The Prediction Performance (10-Fold Cross-Validation) of Unimodal Models
vs. Multimodal Models

Models AL GA ALL
RMSE '2 RMSE '2 RMSE '2

OLS regression model (Verbal) 2.47 .51 2.83 .25 2.75 33
OLS regression model (Visual) 2.71 .45 2.94 22 2.90 .29
OLS regression (Multimodal) 2.5 .51 2.84 .28 2.75 .38
Random forest model (Multimodal) 2.73 .46 2.91 .17 2.74 .38
Gradient boosting model (Multimodal) 2.84 .42 2.93 .21 2.87 .31
Adaboost model (Multimodal) 2.69 .44 3.13 .17 2.72 .36
Stacking model (Multimodal) 2.4 .55 2.74 .29 2.64 .42

8.4.2 Con�guration Two: Ensemble Unimodal Models

The objective of this con�guration is to investigate whether stacking three models trained
independently on acoustic, linguistic, and visual complexity features can lead to an in-
crease in the predictive power of the model. Three OLS regression models were developed
using a subset of complexity features from each of three modalities (acoustic, linguistic,
and visual). The predictions from each of the three independent models were used as
input to meta-regressor or estimator (here a ridge estimator) to make the �nal prediction.

Using this con�guration, I developed a stacked ensemble model for each video genre, AL
and GA, as well as for both video genres combined. The performances of the multimodal
models were validated using a 10-fold cross-validation approach. Table 8.5 shows the
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RMSE of three stacked models, the coe�cients of determination ('2), and the correlation
between models’ prediction and actual values of the dependent variable.

Table 8.5: A Comparison of the 10-fold Cross-Validation Performances of Ensemble Uni-
modal Models on Predicting the Di�culty in AL, GA, and ALL Video Corpus

Models AL GA ALL

RMSE '2 RMSE '2 RMSE '2

Stacked unimodal model 2.54 .45 3.19 .19 2.59 .43
Weighted average unimodal model 2.41 .55 2.79 .27 2.67 .41

The results demonstrated that the three stacked unimodal regression models did not out-
perform the OLS regression models in con�guration one. One possible explanation for
this �nding is that the three unimodal models were not equally important in terms of
predicting video di�culty.

The weighted average ensemble technique allows multiple base models to contribute to
the prediction proportional to their estimated performance or how well they are per-
forming in the prediction task. It is an extension of the simple average ensemble tech-
nique where the predictions of base models are simply averaged without rewarding well-
performing base models. In practice, the weighted average model performs as well as the
best model in the ensemble. To develop the weighted average model, three OLS regres-
sion models were initially developed using a set of strong predictors extracted from each
modality than a vector of weights ®F was added manually to three models based on their
performance. Based on an experimentation with di�erent weights, the best weight vector
was ®F = [0.1, 0.5, 0.4] corresponding to acoustic, linguistic, and visual-based model, re-
spectively. That is, the linguistic base model contributed the most to the prediction ability
of the ensemble model, followed by the visual base model and the acoustic base model.

8.4.3 Con�guration Three: Ensemble Multimodal Models

In con�guration three, I developed several ensemble models using multimodal features
and a combination of di�erent machine learning algorithms and ensemble techniques.
Speci�cally, I used Random Forest Regressor (RFR), gradient boosting regressor, and Ad-
aBoost Regressor. The hyperparameters for all algorithms were tuned using a randomized
grid search technique which randomly samples from a prede�ned grid of hyperparam-
eters and performs cross-validation with each combination of values. Hyperparameter
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tuning is a very important step for not only making learning more e�cient but also for
ensuring that the model does not over�t.
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Figure 8.4: The Performances of Single Base Models vs. a Stacked Model

I also developed a stacked model using the tuned RFR, GBR, and LASSO algorithms as base
models and a simple OLS algorithm as a �nal meta-learner. The predictive performances
of all ensemble models were validated using a 10-fold cross-validation approach. For
comparing the performance of the ensemble models, RMSE was used. The prediction
performances of the models are shown in Table 8.6.

Table 8.6: A Comparison of The 10-Fold Cross-Validation Performances of Ensemble
Models Predicting The Di�culty In AL, GA, And ALL Video Corpus

Models AL GA ALL

RMSE '2 RMSE '2 RMSE '2

Random forest model 2.73 .46 2.91 .17 2.74 .38
Gradient boosting model 2.84 .42 2.93 .21 2.87 .31
Adaboost model 2.69 .44 3.13 .17 2.72 .36
Stacking model 2.4 .55 2.74 .29 2.64 .42
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8.5 Discussion

The main objective of the chapter was to investigate whether combining verbal and visual
complexity features into predictive multimodal models leads to an improved prediction
accuracy of videotext di�culty. To this end, I explored several possible con�gurations
of integrating multimodal complexity features into a single ensemble machine learning
model. These con�gurations allowed us to explore several predictive models that vary in
their interpretability and complexity.

The �rst research question asked whether combining verbal and visual features in a sin-
gle regression model leads to better prediction of videotext than developing models using
verbal or visual features alone. The results showed that multimodal models are somewhat
better than uni-modal models in predicting the di�culty of videotext in the SLVC corpus.
Concerning the contributions of each modality on videotext complexity, lexical, syntac-
tic, and visual complexity features were the top predictive features in the three models,
whereas the acoustic complexity features were the least predictive. In particular, a single
acoustic feature (Pitch SD) was induced in the regression model developed for predicting
videotext di�culty in both video genres, and no acoustic features were included in AL
and GA models. This result seems to indicate that for intermediate language learners
acoustic and phonological complexity features are less predictive of videotext di�culty
in comparison to lexical, syntactic, and visual complexity features. One possible inter-
pretation of this �nding is that the multimodal nature of videos may have reduced the
di�culty associated with acoustics.

The second question was concerned with investigating the predictive performance of the
unimodal ensemble model. The hypothesis behind this con�guration was to leverage the
contributions of strong unimodal models while also maintaining high model interpretabil-
ity. The results generally showed that both stacked unimodal models and weighted av-
erage unimodal models outperformed simple OLS multimodal regression models (in con-
�guration one), with the latter type of models, are showing. This �nding indicates that
three modalities (sound, language, and visual) are contributing di�erently to predicting
L2 videotext di�culty.

The last question addressed in this study investigated whether the use of more advanced
ensemble learning techniques and multimodal complexity features lead to better predic-
tion of videotext di�culty compared to models developed in the �rst and second con�g-
urations. The results showed that a stacking model with three tuned base learners and
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an OLS as a meta-learner had the highest prediction accuracy, though it only slightly
outperformed the best-performing unimodal model.

8.5.1 Contributions and Limitations

The study reported in this chapter was innovative in several regards. To the best of my
knowledge, the current study was the �rst investigation into the impact of multimodal
complexity features in predicting videotext di�culty for L2 language learners. The study
further explored di�erent ensemble learning schemes and whether they help in boosting
the predictive performance of multimodal complexity models. As the results of the study
have shown all ensemble models had higher predictive accuracy than simple OLS regres-
sion models. Therefore, when the goal of videotext di�culty modeling is to accurately
predict videotext di�culty, the �nding of the current study suggests the use of ensemble
models for predicting videotext di�culty.

However, several limitations should be acknowledged. In developing multimodal video-
text di�culty models, we simply concatenated features from three modalities without
considering the interaction between the modalities. There is a bi-directional relationship
between linguistic and visual processing; language disambiguates visual processing and
vice versa (Coco, Keller, & Malcolm, 2016). Future studies should consider accounting for
the interaction between the di�erent modalities in videotext and how their interaction
may or may not contribute to language learners’ perception of videotext di�culty.

Another possible avenue for future research is investigating whether or not the use of
features extracted from deep learning networks is better than hand-crafted features in
predicting videotext di�culty. Recently, deep multimodal learning representation has
shown great results in video classi�cation (e.g., Y. Liu, Feng, & Zhou, 2016). However,
it is still unclear if using deep learning-based features would be bene�cial for videotext
di�culty assessment.

8.6 Conclusion

In this chapter, I investigated whether the use of multimodal complexity features im-
proves the prediction of videotext di�culty. I also investigated the impact of developing
ensemble models using di�erent techniques (weighted average, boosting, bagging, and
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stacking) in predicting videotext di�culty. The results overall demonstrated that �rstly
the use of multimodal complexity features leads to better prediction of videotext di�-
culty than using unimodal complexity features. Secondly, the use of multimodal ensemble
predictive models outperformed the simple multimodal regression model and unimodal
ensemble regression models in accurately predicting the di�culty of AL, GA, and ALL
videotexts.



Chapter 9

Real Time Analysis and Forecasting of
Video Segment Di�culty

In the previous three Chapters (6, 7, and 8), I investigated the contribution of verbal,
visual, and multimodal complexity on predicting the di�culty of the entire videotext.
While useful, a post-hoc estimation of videotext di�culty forfeits the chance to capture
more nuanced insights of di�culty in videotext. In this chapter, I propose an analytical
approach for analyzing and forecasting the di�culty of individual segments of videotext
using univariate time series forecasting. To investigate the e�cacy of this approach, sev-
eral sequential neural network models were trained and validated on a corpus of 34,363
short video segments (5 seconds long each). Finally, I conducted a qualitative analysis to
examine the trained model’s accuracy in forecasting the di�culty of unseen videos.

Structurally, the chapter is organized into three sections. The �rst section motivates the
need for an online, real-time assessment of videotext di�culty in the context of language
learning and assessment. presents the study’s research questions. The second section
describes the basic properties of time series data and discusses the use of arti�cial neural
networks—Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRUs)—in uni-
variate time series analysis and forecasting. The third section presents our unsupervised
approach for developing a multistage system for forecasting the di�culty of short video
segments.

203
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9.1 Introduction

Videotext understanding is an incremental process (Tanenhaus, Spivey-Knowlton, Eber-
hard, & Sedivy, 1995). Viewers continuously assign meaning to the information coming
from the di�erent video modalities and update their mental models using current and
prior knowledge (Venhuizen, Crocker, & Brouwer, 2019). Amidst this process, it is very
plausible that breakdowns in comprehension occur, and the viewer needs to remedy those
breakdowns as quickly as possible. However, to date, little, if any, a systematic e�ort has
been made to analyze and forecast the di�culty of short segments of videos in real-time
(but see Srivastava, Velloso, Lodge, Erfani, & Bailey, 2019).

It is assumed that when watching a video lecture, say in biology, a language learner may
�nd certain parts of a video lecture more di�cult than others. Identifying those di�cult
parts of the videotext therefore can be useful for several applications, for example, in
determining where to split a long instructional video or where to embed activities in an
interactive video learning environment. Another possible application is in video-based
language assessment, where di�erent scoring weights can be assigned to questions related
to more di�cult video segments. Test writers can also use automated video di�culty
assessment systems to identify where they might target items in videos.

Besides practical applications, real-time video di�culty assessment can help researchers
to design better and more informed studies and pave the way to the development of the-
ories of L2 videotext comprehension and their computational instantiations thereof.

In this chapter, I propose an unsupervised approach for forecasting di�culty in real-
time. Speci�cally, the problem of forecasting video segment di�culty is treated as the
problem of detecting an anomaly in univariate time series data. In the sections that follow,
I �rst de�ne what time series data are and explicate their fundamental proprieties. Next,
I review and discuss the use of neural network approaches for forecasting anomalies in
time series data. Finally, I present the study’s questions, describe the approach developed
in this study, and show the results of the study.

9.1.1 Time Series Data and Their Basic Proprieties

In essence, time-series data “is a collection of observations taken sequentially in time”
(Chat�eld, 2000, p. 1). The analysis and modeling of time series data have a long history in
�elds such as economics, �nance, and business and it has been proved useful for numerous
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tasks in many other branches of sciences. Examples of time series data are countless,
including the stock market, weather readings, speech, text, video data, and brain activities
recorded from an EEG machine. The social sciences also furnish many examples of time
series and latent growth modeling is a case in point.

What makes time series data di�erent from other types of data is that there is an explicit
chronological order dependence between observations. Depending on the objective of
time series modeling, a time series can be analyzed for describing patterns in the data
or forecasting future events based on understanding past events. For each goal, some
techniques are particularly more useful than others, hence determining the objective of
the analysis beforehand can alleviate a large technical investment in time and expertise
that are not directly aligned with the desired outcome. In forecasting, it is important to
formulate the problem carefully and how and for what purpose the forecasting system
will be used.

Many of the forecasting scenarios—and indeed many of the books on the topic—are based
on univariate time series analysis. Where in univariate time series analysis a single depen-
dent variable is being recorded or observed at equally spaced time points, in multivariate
time analysis there are multiple time-dependent variables. There are several objectives
of doing a multivariate time analysis, for example, to study the dynamic relationships be-
tween the variables and to improve the accuracy of the forecasting (Tsay, 2013). In time
series forecasting, it is rarely assumed that variables keep unchanging. What is normally
assumed is that how the time series is changing continues (Hyndman & Athanasopoulos,
2018). A good forecasting model, therefore, captures historical changes in the past and
accurately forecasts them in the future.

9.1.2 Deep Learning Time Series Forecasting

The use of neural network-based approaches for time series analysis and forecasting has
recently shown a remarkable leap in prediction performance compared to traditional,
statistical approaches. Particularly, recreant neural networks (RNNs) and their variants,
especially gated RNNs, have been useful for modeling time series data and generating
more accurate forecasting.

One of the advantages of using Arti�cial Neural Networks (ANNs) for modeling time
series data is that they do not presume many of the assumptions in statistical time se-
ries analysis approaches such as moving average (MA), autoregressive–moving-average
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model(ARMA), or ARIMA. In particular, ANN approaches do not require time-series data
to follow a particular known statistical distribution (e.g., the Gaussian distribution) (Ad-
hikari & Agrawal, 2013) or the existence of stationarity, seasonality, and autocorrelation
in the time series. This is because of the �exibility of ANNs to learn nonlinear patterns
in the data (Hornik, Stinchcombe, & White, 1989). Having said that, ANNs lack the inter-
pretability that classical approaches a�ord.

In this study, I trained several neural networks for the task of forecasting the di�culty
in unseen video segments. In what follows, I brie�y describe the architectures of both
neural networks and highlight their capabilities for time series forecasting.

9.1.2.1 Recount Neural Networks (RNNs)

RNNs are a class of artifactual neural networks that are particularly suitable for modeling
sequential data. RNNs di�er from traditional feedforward neural networks in that they
permit input. This dynamic behavior makes RNNs useful for modeling sequential data
and thus, they are commonly used in �elds such as natural language processing, audio
analysis and speech recognition, and text translation. Figure 9.1 compares the generic
architecture of the feedforward ANN and RNNs.

Figure 9.1: A Standard Recurrent Neural Networks (RNNs)

9.1.2.2 Long Short-Term Memory (LSTM)

The LSTM neural network architecture is an extension of the Recurrent Neural Networks
(RNNs) (Hochreiter & Schmidhuber, 1997). The LSTM network was purposefully de-
signed to tackle the gradient vanishing or exploding problem in RNNs (Pascanu, Mikolov,
& Bengio, 2013). In other words, RNNs, in practice, fail to establish long-term dependen-
cies (Pascanu et al., 2013). To solve this problem, the LSTM unit contains three gates that
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can allow or block information from passing by (see Figure 9.2). The three gates are com-
monly called the forget gate, input gate, and output gate. Each of the three gates has a
specialized function to perform in the LSTM unit. All three gates consist of a sigmoid
neural net layer along with a pointwise multiplication operation. The sigmoid function
output ranges from 0 to 1, where 0 indicates no information should be allowed to pass
to the next cell and 1 indicates all information should be passed to the next cell in the
network.

8C = f (GC* 8 + ℎC 1, 8)

5C = f (GC* 5 + ℎC 1, 5 )

>C = f (GC* > + ℎC 1, >)

�̃C = tanh(GC* 6 + ℎC 1, 6)

�C = f (5C ∗�C 1 + 8C ∗ �̃C )

ℎC = tanh(�C ) ∗ >C
(9.1)

Figure 9.2: A Long Short-Term Memory (LSTM) Unit

9.1.2.3 Gated Recurrent Unit (GAU)

Similar to LSTM, the gated recreant unit network (Cho et al., 2014) also addresses the
problem of the short-term dependencies in RNNs. However, unlike the LSTM unit, the
GAU uses two gates instead of three. These two gates also control the �ow of information
in the network, but they do so in a more e�cient way. Figure 9.3 shows a single GAU.
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It combines the forget and input gates into a single “update gate.” It also merges the cell
state and hidden state and makes some other changes. The resulting model is simpler
than standard LSTM models and has been growing increasingly popular.

IC = f (,I · [ℎC 1, GC C ])

AC = f (,A · [ℎC 1, GC ])

ℎ̃C = tanh(, · [AC ∗ ℎC 1, GC ])

ℎC = (1 − IC ) ∗ ℎC 1 + IC ∗ ℎ̃C

(9.2)

Figure 9.3: A Gated Recurrent Unit

9.1.3 Time Series Models Evaluation

When estimating the predictive performance of a machine learning model, the k-fold
cross-validation (CV) approach is more robust and reliable than other approaches. How-
ever, using this approach is not directly applicable for time series data because of the time
dependency between the variables. More importantly, when training a model on sequen-
tial data, our objective is that our model learned the dependency among the features in
the data, therefore breaking the order of the data may not help the model to learn and
consequently lead to poor generalizability and prediction accuracy. Therefore, we need
a way to accurately evaluate the trained model while also preserve the temporal order
of the observations in the dataset. In time series analysis literature, there are several
performance evaluation techniques proposed to address the dependency issue in time-
series data, which fundamentally are di�erent variants of two general methodologies;
k-fold cross-validation (CV) and out of sample (OOS) (Bergmeir, Hyndman, & Koo, 2018;
Cerqueira, Torgo, & Mozetic, 2019). A key distinction between the two methodologies is
that the latter preserves the temporal order of the observations and never uses past data
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for model evaluation (Cerqueira et al., 2019). And in terms of computational speed, the
out-of-sample approach is faster than the cross-validation approach. However, when the
data is limited, the k-fold evaluation approach is more preferred as it makes e�cient use
of the data (Bergmeir et al., 2018). In a recent study, Cerqueira et al. (2019) conducted
an extensive experiment of the two evaluation strategies on di�erent types of data and
time series scenarios and reported that out-of-sample evaluation methods are more suit-
able in most cases, especially when there is a variation in the time series data because of
non-stationarity.

9.2 Method

The main objective of the study is to propose an analytical approach for forecasting the
di�culty of video segments using arti�cial neural networks. I use the term “forecasting”
here to denote the task of predicting the next value of the time series, ~C + 1, given the
previous observations of . . addressed in this chapter is that giving the multimodal com-
plexity features and di�culty of past video segments, can we forecast the di�culty of the
next video segment. Speci�cally, the current study addresses the following two research
questions:

9.2.1 Research Questions

1. Given a global rating of videotext di�culty; how can we predict the di�culty of
short video segments in the videotext?

2. How accurately can we forecast the estimated di�culty of video segments using
arti�cial neural networks?

9.2.2 Corpus

Because of the computational cost of extracting and computing multimodal complexity
features at a very short time interval, in this study, I only considered training a genre-
agnostic model for forecasting the di�culty of video segments to validate our approach.
For model development, I used the entire SLVC corpus (n=640 videotexts).
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9.2.3 Our Approach

As discussed earlier, assessing the di�culty of a short video segment, as opposed to an
entire videotext, can be useful for more in-depth analysis and real-time assessment of
videotext di�culty. However, obtaining an accurate estimate of a short video segment
(e.g., 5 or 10 seconds long) is a very laborious and expensive task. Therefore, to address
this issue I propose an analytical approach for forecasting di�culty that relies on the judg-
ment of the di�culty of the entire video to obtain predicted di�culty values for shorter
video segments. The approach is implemented in three steps:

• Develop a performant OLS linear regression model using a representative set of
video-level multimodal complexity features.

• Use the coe�cients of the regression model (from stage 1) to generate an estimated
prediction of di�culty for each video segment.

• Train a deep neural network to forecast video segment di�culty on unseen video-
text.

The main goal of Stage 1 and 2 is to make an estimated di�culty score for each video
segment which then becomes the ground truth values to be predicted in Stage 3. In the
sections that follow, I describe the implementation of these three steps and discuss some
issues and considerations taken at each step. Then, I present the validation result of the
forecasting model. To avoid confusion, I shall refer to the video-level model developed in
step 1 as “model one”, and the forecasting model developed in step 3 as “model two”.

9.2.3.1 Stage One: A Video-Level Regression Model

Before implementing this step, we need �rst to decide on what is the most appropri-
ate time interval or window size of a video segment. It should be noted that there is a
trade-o� between the window size of the video segment and the amount of information
retained. That is, with larger window sizes, more information is kept for analysis and
modeling, which in turn helps in increasing the prediction accuracy of the model. How-
ever, a smaller window size allows for a �ne-grained analysis of video data but may result
in a poor-performing model. The decision also helps in determining what multimodal
complexity features to consider in the video-level regression model. Because we are in-
terested in estimating video di�culty at short time intervals (for real-time forecasting of
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video di�culty), the window size of video segments should therefore be small. Moreover,
a shorter video segment allows for aggregating data or downsampling the length of the
video segment.

To investigate the e�ect of window size on prediction accuracy, I developed two regres-
sion models to predict video di�culty using only multimodal features that can be com-
puted (or extracted) at two di�erent window sizes, 5 and 10 seconds. After disregarding
features that cannot be computed within these time windows, such as syntactic, discour-
sal, and some visual complexity features, the remaining multimodal complexity features
(n=136) were used in developing the two models.

For determining the features to be included in the two models, I followed the same fea-
ture selection routine used in the previous chapters. After �tting the models, the predic-
tion performances of the two developed models were validated using the 10-fold cross-
validation technique. The results demonstrated that the two regression models (�ve-
second and ten-second) yielded comparable results: RMSE: 2.59 vs. 2.57, respectively.
Therefore, the �ve-second model (henceforth referred to as the video-level regression
model) was used for generating an estimated di�culty score for each video segment in
the SLVC corpus. Table 9.1 shows the coe�cients of the video-level regression model.

Table 9.1: Summary for Level-one Model for Estimating Video Segment Di�culty

Features V SE t Sig.
Pitch (Std) -.65 .14 -4.49 .01
AWL Sublist-3 Normalized .39 .16 2.48 .01
Root TTR FW .65 .15 4.34 .01
Kuperman AoA (CW) .90 .17 5.39 .01
Number of moving objects .56 .15 3.72 .01
Moving Duration Di�erence (mean) .81 .15 5.46 .01

Note. Constant term= 16.95; V is the standardized beta coef-
�cient; SE is standard error

The �tted video-level regression model included 7 multimodal complexity features; a sin-
gle acoustic feature (Std pitch), three lexical features (AWL Sublist_3 normalized, Root TTR

FW, and Kuperman AoA CW ), and two visual features (number of moving objects and
maverage of moving duration di�erence)). These features jointly explained 44% of the
variance in the video di�culty ratings. The correlation between the truth values and pre-
dicted values was r= 66. Overall, the model is performing reasonably well compared with
the performance of the video-level model developed in Study 3 (Chapter 8) using the full
set of multimodal complexity features.
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9.2.3.2 Stage Two: Estimating Video Segment Di�culty

The estimated di�culty of each video segment in the video corpus was derived using the
coe�cients and regression term in model one (Step 1). This process was implemented
into steps. First, for each video segment of length 5 seconds, we extracted and com-
puted the multimodal complexity features used in model one from the videotexts in the
SLVC corpus. It should be noted that while computing multimodal complexity at segment
and video level both involve averaging values to derive single values, the extraction of
complexity features at the segment level was more involving and required further pre-
processing. Speci�cally, the orthographic transcriptions should be aligned to the audio
tracks to generate a phone-level segmentation for each word. For this purpose, I used the
Gentle aligner—a python tool 1 that was built on top of Kaldi force alignment engine2—for
identifying which time segments in the speech data corresponding to particular words in
the transcription data. This alignment was necessary to compute lexical features for each
video segment.

After extracting and computing all multimodal complexity features, this resultant matrix
is of size (7, 34,363). Using model one, we estimate the di�culty for each video segment.
Table 9.2 shows basic descriptive statistics of the new corpus.

Table 9.2: Descriptive Statistics for Level-One Model Multimodal Complexity Features

Features Mean STD Min Max
Pitch std 79.06 40.54 0 320.82
TTR FW .81 .23 0 1
AWL Sub-list 3 AW .01 .03 0 1
AoA CW 32.76 16.59 0 353.46
Number of moving object 6.81 3.99 0 75
Moving object Duration Mean .23 .33 0 5.50

The average of all video segment di�culty is 16.95 and the standard deviation is 1.95. The
minimum and maximum values are 9 and 32, respectively. Figure 9.4 shows the shape of
the distributions, central values, and variability for randomly selected videos.

1https://github.com/lowerquality/gentle
2https://github.com/kaldi-asr/kaldi
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Figure 9.4: The Distributions, Central Values, and Variability of Randomly Selected
Videos

9.2.3.3 Stage Three: Developing a Time Series Forecasting Model

Despite that LSTM RNN–and arti�cial neural networks in general–are capable of mod-
eling complex patterns in data without having to manually extract carefully designed
features or perform feature engineering, I only considered a relatively small number of
multimodal complexity features (n= 6) for training the model. This is mainly because
extracting and computing multimodal complexity features is a very laborious and com-
putationally expensive process.

9.2.4 Evaluating Model Forecasting

Because our dataset is substantially large (30,363 video segments), in this study, I used
the out-of-sample approach for evaluating the performance of the models in accurately
forecasting the di�culty of a future video segment. Speci�cally, I split the data into three
folds, a training set, a validation set, and a testing set, using the 60-20-20 split method.
The dataset was partitioned without shu�ing to preserve the temporal order of the obser-
vations. The training and validation sets were used to train and tune the hyperparameters
of the LSTM and GRU models. The hold-out test set was used only to evaluate the two
models forecasting performance and generalizability on unseen video segments. For eval-
uating and comparing the performance of the trained models, the RMSE was used as the
primary evaluation metric. The results showed that the stacked bidirectional GRU model
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surpasses the performance of the other models in forecasting video segment di�culty.
The evaluation results are shown in Table 9.3.

0 10 20 30 40
Number of epochs

0.006

0.008

0.010

0.012

0.014

0.016

Lo
ss

 M
AE

Stacked Bidirectional GRU - Training
Train
Validation

Figure 9.5: Stacked Bidirectional GRU - Training

Figure 9.6: Manually Selecting Di�culty Threshold

9.3 Qualitative Inspection of Model’s Forecasting

Ability

To inspect the forecasting ability of the trained model, I conducted qualitative analyses on
a small sample of randomly selected videotexts (n= 10). Through visualizing the di�culty
scores forecasted by the model and comparing them with what is shown and said in the
videotexts, the results demonstrated the trained model seems to give reliable estimates
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Table 9.3: A Comparison Between the Model Performance on Forecasting Video Segment
Di�culty

Model MAE Train MSE Train MAE Test MSE Test
LSTM 1.3 3.02 1.45 3.95
GRU 1.31 3.03 1.46 3.97
Stacked LSTM 1.31 3.03 1.46 3.97
Stacked GRU 1.3 3.01 1.46 3.94
Bidirectional LSTM 1.3 3 1.47 3.97
Bidirectional GRU 1.3 3 1.46 3.94
Stacked Bidirectional LSTM 1.31 3.03 1.46 3.99
Stacked Bidirectional GRU 1.3 3 1.46 3.92

of video segment di�culty. Figure 9.7 shows the model’s prediction of di�culty in two
academic lectures.

(A) An Increase in Video Segment Difficulty (B) A Decrease in Video Segment Difficulty

Figure 9.7: Qualitative Inspection of Model’s Forecasting Ability

In the video segment highlighted in (A), the trained model predicted a spike in di�culty
where the lecturer began the segment saying, "Now this chart shows the percent of mutual

funds" and while he was talking, the �gure in the back was appearing. Because new
verbal and visual information was presented concurrently, the model rightfully predicted
an increase in di�culty. In (B), the model predicted a decrease in di�culty as the lecturer
began the segment telling a story, ’So I just want to end up today by just telling you a little

story ...’. The trained model forecasted a decrease in di�culty as the lecturer started to use
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more simple and common lexis compared to the previous segments in which the lecturer
used more complex words.

9.4 Contributions and Limitations

This study makes several contributions to videotext di�culty assessment. Firstly, the
study proposed an unsupervised approach to forecasting video segment di�culty in real-
time. The approach does not require human raters to evaluate the di�culty of video
segments. Instead, a well-performing multimodal model was used to provide estimations
of the di�culty of video segments di�culty which were then used as training data for
neural networks. The results of validation and quantitative analyses revealed that the
proposed approach yielded reliable prediction of video segment di�culty. Secondly, the
approach allows users to manually adjust the di�culty threshold. The trained model can
be useful for L2 researchers, video content designers, and assessment specialists who are
interested in moment-to-moment forecasting of video di�culty.

These contributions notwithstanding, the study has several limitations that need to be ac-
knowledged. First and foremost, the proposed approach was not validated with language
users. Although qualitative analyses showed the model was able to forecast di�culty
rightfully, it would be helpful if the model’s forecasting ability is validated with actual
language learners before any use of the model for research or pedagogical practices. An-
other limitation is that I only extracted a small set of multimodal complexity for modeling
video segment di�culty because of the constraints of the length (window size) of video
segments as well as the computational cost involved. Though the developed model had
reasonable predictive power, it might not be the most predictive model. The assessment
of video segment di�culty is strictly contingent upon the accuracy of the video-level
model that generates them. In other words, the estimated di�culty of video segments is
as accurate as of the model that generates them.

Furthermore, in this study, I did not develop a genre-based model for estimating and fore-
casting the di�culty in AL and GA videotext. The �ndings of Study 1 and Study 2 showed
that developing a video genre-based model leads to better prediction of di�culty. Future
studies should consider investigating the impact of video genre on real-time forecasting
of video di�culty.
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Other techniques can be used for time series forecasting which we did not explore in
this study. Feature study should consider the applicability of traditional statistical mod-
els on the task of forecasting video segment di�culty. What is more, in this study we
were mainly interested in forecasting video segment di�culty, describing and account-
ing for an underlying trend, linking explanatory variables to the criterion of interest, and
assessing the impact of critical events.

9.5 Conclusion

In this chapter, I proposed an analytical approach for forecasting the di�culty of short
video segments that relies on training neural networks for detecting abnormal increases
or decreases in di�culty. The approach was validated quantitatively on a large corpus
of short video segments (n=34, 363). The results showed the Stacked Bidirectional GRU
trained model forecasted video segment di�culty reasonably well. A qualitative inspec-
tion of the model forecasting showed that the model correctly identi�ed di�cult segments
in videos. Therefore, the trained model can be used as an inspection tool in areas such as
video content development, language learning, and assessment.



Chapter 10

Conclusion

In this chapter, I �rst summarize the �ndings of the four studies enclosed in this thesis.
Then I outline the overall contributions and limitations of the thesis. Finally, I propose
short-termed and long-termed research agendas for future research in automated video-
text di�culty assessment.

10.1 Introduction

The overarching objective of this thesis was to investigate what makes videotext di�cult
for language learners (at the CEFR B1 level), and by extension, how to accurately pre-
dict the learners’ evaluation of the di�culty of two video genres, academic lectures, and
government advertisements. In Chapter 2, I reviewed the literature on computational
text di�culty assessment and outlined four major approaches to text di�culty assess-
ment, namely traditional readability formulas, cognitively inspired approaches, machine
learning-based approaches, and deep learning or neural network approaches. In general,
the four computational approaches di�er on at least two aspects: feature representation
and algorithm complexity; with readability formulas being simple and interpretable and
deep learning models being more accurate but less interpretable. Based on reviewing
the literature, I proposed 6 principles for a more accurate assessment of text di�culty. I
summarize these principles below:
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1. De�ning text di�culty: Given the polysomy of the term, a well-articulated def-
inition of videotext di�culty not only can eliminate confusion but also helps re-
searchers to select more appropriate measures for estimating di�culty.

2. Choosing more appropriate measure/s for the criterion variable: Thus de-
�ned, researchers need to select measures that best gauge their construct of text
di�culty.

3. An inclusive treatment of text complexity: For modeling text di�culty as a
function of textual complexity, researchers need to account for all possible sources
of complexity. This can be, of course, very challenging, but grounding the devel-
opment of text di�culty assessment on a theory or theories of text comprehension
can help researchers where to look.

4. Controlling for text variation: If not controlled, text variation can result in an
unreliable estimation of complexity in texts. For instance, indices of lexical diversity
(e.g., TTR) are more sensitive to text length. Also, text genre has an impact on the
accuracy of text di�culty measures.

5. Controlling for learner factors: Besides textual complexity, text di�culty is af-
fected by learner factors, e.g., age, language pro�ciency. One way to attenuate the
interference of learner factors is through the development of text di�culty assess-
ment tools for a homogeneous group of language learners.

6. Validation: To provide reliable feedback on text di�culty, automated di�culty
tools should be validated.

These principles were used for the development of computational measures of videotext
di�culty. In Chapter 3, I de�ned videotext di�culty as an increase in the attentional
and cognitive resources required for successful understanding of videotext. I also made a
clear distention between videotext di�culty and other similar constructs, videotext com-
plexity and comprehension. In Chapter 5, I introduced the Second Language Videotext
Complexity (SLVC) corpus to be used in investigating and modeling videotext di�culty in
two video genres, Academic Lectures, and Government Advertisement. The corpus con-
tains 640 videotexts, 320 videotexts from each video genre. The videotexts were curated
from the Internet using a priory de�ned selection criteria. The entire corpus was then
rated for di�culty by 322 Saudi EFL language learners using a modi�ed version of a dif-
�culty rating scale developed by S. Yoon et al. (2016) originally for spoken text di�culty.
The modi�ed scale was tried out on a small sample of language learners before running
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the rating sessions and the results showed that the scale was reliable. To control for lan-
guage pro�ciency e�ect on di�culty ratings, all the recruited participates were at the B1
level of the CFER framework. The participants’ language pro�ciency was determined by
the Cambridge Language Pro�ciency test which all participants took a week before the
study as a mandatory language placement test for their English intensive program at a
large public university in Saudi Arabia.

10.2 Summary of Key Findings

10.2.1 Verbal Complexity and Videotext Di�culty

The primary objective of Study 1 (Chapter 7) was to investigate whether verbal complex-
ity can explain and predict videotext di�culty. Verbal complexity is a multidimensional
construct, and our review of previous studies has identi�ed multifarious potential predic-
tors of text di�culty (Chapter 3). Using various computational linguistic tools and tech-
niques, I extracted and computed a wide range of verbal complexity features extracted
from the audio streams and the spoken transcripts of the videos. The extracted verbal
complexity features were then examined for their explanatory and predictive ability in a
series of iterative analyses. The key �ndings of this study are discussed below.

10.2.1.1 Verbal Complexity and Videotext Di�culty Assessment

The overall �ndings of Study 1 suggest that verbal complexity can be used to explain and
predict di�culty in L2 videotexts. Speci�cally, a model trained using all types of verbal
complexity features outperformed explained 37% of the variance of language learners’
judgment of di�culty of videotexts in the SLVC corpus (both AL and GA videotexts).
The model also did better in predicting videotext di�culty (RMSE: 2.75 vs. 2.81) than did
models developed separately using acoustic, lexical, syntactic, and discourse complexity
features.
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10.2.1.2 Contributions of acoustic and phonological, lexical, syntactic, and

discourse complexity to videotext di�culty

Study 1 compared the prediction accuracy of di�erent verbal complexity models devel-
oped independently using acoustic, lexical, syntactic, and discourse complexity features.
The results showed that a regression model developed using only lexical complexity fea-
tures had higher predictive accuracy than models developed separately using acoustic,
syntactic, and discourse complexity features. This �nding suggests that the lexical com-
plexity and knowledge of vocabulary, in general, play an important role in videotext un-
derstanding. Next in prediction accuracy comes a model developed using acoustic and
phonological complexity features. Taken together, the �ndings suggest that acoustic and
lexical complexity negatively impact videotext understanding. Whereas issues related to
syntactic and discourse complexity may not signi�cantly contribute to language learners’
perception of videotext di�culty at the least for the genres included in this study.

10.2.2 Visual Complexity and Videotext Di�culty

Unlike verbal complexity, little research has been conducted on visual complexity and its
impact on L2 videotext understanding. To �ll this void in the literature, in Chapter 7 I pro-
posed several potential spatial and spatiotemporal complexity features for explaining and
predicting language learners’ perception of videotext di�culty. These features were mo-
tivated by key principles and theories in the visual perception and cognition literature.
To streamline the process of extraction, computing, and visualizing the proposed com-
plexity features, I developed AUVANA, a cross-platform desktop application. AUVANA
leverages state-of-the-art techniques from the �elds of computer vision and video/image
processing.

Using AUVANA, I extracted and computed 78 visual complexity features. To explore the
relationships between and among these features and whether they characterize some la-
tent structures, a principal component analysis was performed on the newly proposed
features. The results showed that the visual complexity features cluster onto 11 di�er-
ent components or factors. This �nding indicates that the proposed visual complexity
features tap into di�erent dimensions of visual complexity in videotexts and that video
visual complexity is more likely a multifaceted and multidimensional construct. Further
research, of course, is needed to explore each of these dimensions in much more detail.
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As far as the relationship between visual complexity and videotext di�culty is concerned,
the results of Study 2 (Chapter 7) clearly showed that visual complexity contributes sub-
stantially to videotext di�culty. Speci�cally, the best visual complexity model explained
29% of the variance in videotext di�culty. The model also performed well on predicting
the di�culty on unseen videotext (r= .51, RMSE = 2.90).

10.2.2.1 Video Genre and Videotext Di�culty Assessment

The impact of video genre on the predictive accuracy of verbal and visual complexity
models was investigated in Study 1 and Study 2, respectively. The results of both studies
demonstrated that di�culty in AL and GA videotexts was best predicted using di�erent
sets of verbal and visual complexity features and hence lend further support to the impact
of the videotext genre on the accuracy of di�culty prediction models (Sheehan et al., 2013,
2014). For example, indices related to lexical sophistication and diversity were found to
be strong predictors for the di�culty in AL videotexts, whereas acoustical and syntac-
tic complexity were good indicators of di�culty in GA videotexts. On the other hand,
the frequency of visual texts per shot was associated with more di�cult AL videotexts,
whereas the frequency of faces was associated with less di�cult GA videotexts.

10.2.3 Verbal Complexity vs Visual Complexity: What Modality

Predicts Videotext Di�culty Better?

One of the questions addressed in this thesis was what modality, verbal or visual, better
explain and predict language learners’ perception of di�culty in AL and GA videotexts.
The �ndings showed that both verbal and visual complexity equally contributes to video-
text di�culty. Speci�cally, the best verbal complexity model explained 33% of the variance
in learners’ rating of di�culty for all videotexts and had an RMSE of 2.75. Whereas the
best visual complexity explained 29% of the variance in di�culty in videotexts and had
an RMSE of 2.90. This result points to the importance of incorporating both verbal and
visual complexity into measures of di�culty in L2 videotexts.

10.2.4 Unimodal vs. Multimodal Videotext Models

While Study 1 and Study 2 investigated independently the relative contributions of ver-
bal and visual complexity, respectively, Study 3 examined whether combining both verbal
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and visual complexity into a single predictive model leads to better prediction accuracy
than developing a unimodal predictive model developed using either modality. To investi-
gate this question, I developed several ensemble machine learning models and compared
their performances in predicting videotext di�culty. Overall, the results demonstrated
that incorporating multimodal complexity models lead to better prediction accuracy than
using either vocal, verbal, or visual complexity alone. Secondly, ensemble machine learn-
ing models outperformed simple regression multimodal models in predicting di�culty in
videotexts.

10.2.5 Forecasting the Di�culty of Short Video Segments

The main aim of Study 4 was concerned with forecasting the di�culty of videotext in real-
time. To this end, a novel approach was proposed to give an estimate for video segment
(�ve seconds) di�culty in real-time. The approach was implemented in three stages. In
the �rst stage, a well-performant multimodal regression model was developed and used to
give an estimate of video segment di�culty (which then became the ground truth for the
succeeding model). In the second stage, arti�cial neural networks were trained to forecast
the estimated di�culty and their predictive powers were compared. In the �nal stage, the
distribution of the training error of the best performing neural network model was used
to select a threshold for determining di�culty in videotexts. Through inspecting a plot
of the distribution errors, an optimal threshold value was manually chosen to determine
video segment di�culty in the unseen video segment dataset.

10.3 Contributions and Implications

The �ndings of this research make several contributions to the �eld of applied linguistics.
They are summed into three categories—theory and research, language pedagogy, and
assessment—depending on where they contribute the most.

10.3.1 Contributions to Theory and Research

This research program was the �rst investigation into the impact of videotext complexity
on the perception of videotext di�culty. The �ndings of this thesis provide invaluable
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insights on how di�erent dimensions of videotext complexity contribute to videotext dif-
�culty and in turn to the degradation of L2 videotext comprehension. In particular, the
results demonstrated that both verbal and visual complexities contribute to L2 learners’
perception of videotext di�culty. This �nding emphasizes the important role that visual
imagery plays in L2 videotext understanding. Further, our analysis of visual complexity
pointed to the multidimensional and multifaceted nature of video visual complexity. In
particular, the construct encompasses issues related to visual saliency, clutter, motion,
and the presence of human faces.

To build a comprehensive view, the thesis reviewed and synthesized empirical evidence
for the role of verbal and visual complexity from numerous �elds and sub�elds, includ-
ing but not limited to, L2 listening, text/discourse comprehension, visual perception, and
cognition. In the lack of a de�ned body of literature around videotext di�culty and com-
plexity, the review conducted herein can be an initial point of reference for researchers
who are interested in understanding the di�erent sources of complexity and how they
may impact videotext comprehension.

As far as the implications of this thesis to research are concerned, scienti�c investigations
of videotexts bene�t from automated measures of videotext di�culty. For example, using
the computational models developed in this thesis, researchers can control for the im-
pact of videotext di�culty in their video research by choosing videotexts that are within
the ability of their participants. As the results of this thesis showed verbal and visual
complexity have a detrimental e�ect on language learners’ perceptions of the di�culty
of a video lecture. Therefore, researchers—who may design experimental tasks falsely
assuming the universality of visual imagery, and/or believing that it demands no special
competencies from language learners, to begin with—should control for or attenuate the
impact of video complexity in their studies.

Regarding video visual complexity, the thesis contributes to the �eld by proposing new
measures of visual complexity in videotexts, several of which have shown to be strong
predictors of visual complexity. Also, the thesis developed the automated video analysis
(AUVANA) software which implements state-of-the-art computer vision and video pro-
cessing algorithms to automatically, extract, compute, and visualize visual complexity in
videotexts. The software was made freely available to the research community with the
attention of building a community of researchers around the use of AI in video complex-
ity research as well as helping researchers with no coding background or expertise in
computer vision to easily extract and analyze visual complexity in their video data.
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Another contribution that this thesis makes to videotext di�culty research is the con-
struction and release of the SLVC corpus. The corpus is the �rst annotated corpus for
use in video complexity and di�culty research. It contains 640 annotated videotexts in
two video genres, academic lectures, and government advertisements. The corpus can be
used to devise new measures of multimodal complexity, develop computational models,
and benchmarking computational models of videotext di�culty.

Finally, researchers who are interested in investigating real-time processing and under-
standing of videotext may �nd the prediction of neural network-based models developed
in Chapter 9 useful for their research, though the accuracy of the models needs to be
examined thoroughly.

10.3.2 Contributions to Pedagogy and Material Design

The thesis makes several recommendations to multimodal language learning and teach-
ing and video material designs. Given that both verbal and visual complexity impact
language learner’s understanding of videotext, language teachers and video content de-
velopers should pay more attention to the complexity in both modalities in order to select
videotexts that are more accessible for language learners. We found that L2 learners at
the B1 level experience less di�culty viewing L2 videos if spoken words are articulated
clearly and when there is a high pitch variation in the lecturer’s speech. We believe that
variation in the speaker’s pitch helps L2 learners recognize words from speech. Therefore,
when producing video materials for language learners, we recommend that the lecturer
or narrator should speak clearly, with proper intonation and articulation.

Regarding the use of visual imagery in videotexts, some insights can be gleaned from the
�ndings of Study 2. For example, video lecture di�culty is strongly associated with the
increase of video shots, visual texts per shot, and the number of moving objects in video-
text. This �nding is expected because language learners need to decode more information.
Therefore, it is recommended that video material designers should avoid excessive use of
visual texts and visual objects, more speci�cally within shots.

10.4 Limitations and Directions for Future Studies

The thesis has some limitations which can guide future research. These limitations are
related to the extraction and computation of complexity features, the construction and
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annotation of the SLVC corpus, and the applications and generalizability.

10.4.1 Complexity Features

In modeling videotext di�culty, I only focused on features that can be easily extracted and
computed from the verbal and visual modalities. The explanatory purpose of this thesis
may justify this approach. However, future research should consider developing mea-
sures that account for the di�culty that arises from the interaction between the di�erent
modalities in videotexts, inter alia, music, sounds, gestures, facial expressions, scienti�c
symbols, and visual imagery. One way forward is to integrate insights from multimodal-
ity theories in the development of multimodal complexity features.

Another limitation is that I only looked at di�culty as determined by global indices of
complexity. For instance, in calculating the speaking rate, I aggregated the local and aver-
aged them to re�ect the average rate of the speaker. However, speech rate is dynamic—and
a speaker may speed up or slow down at di�erent segments of the video, for example, to
emphasize a point or explain a complex concept.

10.4.2 Corpus and Video Di�culty Rating

In this thesis, I only examined videotext complexity in two video genres, academic lec-
tures, and government advertisements. It should be noted that in developing the SLVC
corpus I only selected videotexts that do not have any copyright restrictions; therefore,
the corpus may not be truly representative of all types of videos in each genre. Future
studies may consider contribute to the development of the SLVC corpus or build and
investigate complexity in other video genres (e.g., news, �lms, soap operas)

The video di�culty raring scale had some limitations that need to be acknowledged. De-
signed to not burden the study’s participants, the rating scale did not address issues ger-
mane to visual complexity, learners’ grammatical knowledge, and familiarity with the
video topics. Arguably, these issues may impact learners’ overall assessment of video-
text di�culty and therefore should be investigated in future studies. Another area of
research worth pursuing is the development and validation of new criterion measures;
ideally, measures that are non-intrusive and have little or no interference with learners’
watching experience.
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10.4.3 Applications and Generalizability

The �ndings of this thesis should be viewed as a con�rmation of the utility of computa-
tional measures in assessing and predicting L2 videotext di�culty. Given this thesis was
exploratory, future studies should investigate how to improve the accuracy of automated
measures using more sophisticated machine learning algorithms. Another limitation of
this study was the videotext genre and the demographic, gender, and language pro�ciency
of the participants. Further research and development of videotext di�culty assessment
tools are needed to cater to di�erent video genres and populations of language learn-
ers. Another research area of high potential and wide applications in language teaching,
learning, research, and assessment is the development of automated systems of videotext
di�culty that correspond to CEFR levels.

10.5 A Glimpse into Future

Besides addressing and improving upon the shortcomings outlined above, there are sev-
eral applications and areas of research in automated videotext di�culty that I believe
are worthy of pursuing. I group them into two categories, short and long-term agendas,
based on my expectation of their occurrence in the future.

10.5.1 Short-term Agenda

1. Augmenting automated videotext di�culty systems with intrusive sensor technolo-
gies, e.g., eye-tracker, thermal camera, and/or electroencephalogram (EEG) data, to
accurately gauge videotext di�culty in real-time (e.g., Andreessen, Gerjets, Meur-
ers, & Zander, 2020).

2. Personalized video-based learning systems that provide di�erent help options and
feedback to language learners based on a judgment of the videotext di�culty, task,
and learner’s language learning experience.

3. Intelligent video-based language assessment systems that generate comprehension
questions with varying levels of di�culty.

4. Developing video corpus analysis tools that leverage more sophisticated NLP and
computer vision technologies to analyze video data at a large scale.
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10.5.2 Long-term Agenda

1. Automatic videotext generation or simpli�cation to make videos more accessible
to language learners and people with cognitive or linguistic impairments.

2. An AI agent that mimics language learner’s video comprehension processes to help
us understand multimodal language learning and its intricacies.

10.6 Concluding Remarks

In conclusion, this thesis aimed at developing automated models for explaining and pre-
dicting videotext di�culty for use in language teaching, learning, assessment, and re-
search. Overall, the results of this thesis underscore the role of multimodal complexity
for predicting videotext di�culty and point to the utility of computational complexity
measures for assessing videotext di�culty, akin to those already available for estimat-
ing di�culty in written and spoken language materials. I hope that the outcomes of this
study serve to open a discussion on videotext complexity and di�culty and spark a wave
of empirical investigations in this less studied yet more important area of research.
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A.1 Plain Language Statement in Arabic



APPENDIX 231

A.2 Di�culty Rating Scale in Arabic
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A.3 Consent Form in Arabic

Ethics ID Number: [1851481.2] Project Start Date: [21/9/2018] Version: [1.2] 

 
 

 

 ةقفاوملا جذومن
 

 نروبلم ةعماج
 تاغللاو تاغللا ةسردم
 
  ةFGHIلجنلإا ةغللا ABلعتمل تا?ويد=فلا تا;:عص ةسارد :عو45ملا

 
Jا;ورق لوب .د :لوؤسم ثحا 
Jيدماغلا دمحا دامع :)بلاط( ثحا 
 
 :كراشملا مسا
 

 .aFbا وا 18 يرمع ناJ دهعتا .1
iH ةكراشملا gع قفاوأ .2

B ?مت دقو ،عو45ملا اذ l5ةصاخلا ل=صافتلا ح Jفوت مت دقو ،عو45ملاFG بوتكم نا=ب Jةغل 
 .هJ ظفتحلا tB ةحضاو

 .ةFGHIلجنلاا ةغللا ABلعتمل ة}عص تا?ويد=فلا لعج| ام ةسارد و? ثح}لا اذ? نم ضرغلا نأ مهفتأ .3
�B iH~كراشم نأ كردأ .4

B ?طقف ثح}لا ضارغلأ ةصصخم عو45ملا اذ. 
��کراشم نم ةلمتحملا تاریثأتلا tB حرش مت دق هنأJ رقأ .5

B iH
B حبلا عورشملا اذھ��

B. 
6. iH

B ?م بلطُ| فوس ،عو45ملا اذ~HB ةد?اشم Jاجلااو تا?ويد=فلا ضعJع ةg Jةلئسلأا ضع. 
iH رح HB~نأو ة=عوطت �B~كراشم نأ كردأ .7

B عو45ملا اذ? نم باحس�لاا iH
B يأ ع:قو نود تقو يأ �Hع رgB. 

��امولعمJ ظافتحلاا مت�س هنأ كردأ .8
B لا~�B اهتمدق iH

B ?ثح}لا اذ iH
B اهفلاتا مت�سو نروبلم ةعماج Jتاونس 5 دع. 

 .اهيلع علاطلااGH J£س¥ئرلا GH£ثحا}لا FGغل حمس  لاو اهظفحو اهتيامح مت�س �bB ةصاخلا تامولعملا نأJ تغلJأ دقل .9
 .ثحا}لا هJ ظفتح=س ،هتداع»و اذ? ةقفاوملا جذومن gع عيقوتلا دعJ هنأ مهفتأ .10

 
 
  _______________________:خــــIراتلا _____________________   :كراشملا عيقوت 
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A.4 A Summary of L2 Video Studies from 2000 to 2020



APPENDIX 234

Ta
bl
e
A
.1:

A
Su

m
m

ar
y

of
L2

Vi
de

o
St

ud
ie

sf
ro

m
20

00
to

20
20

St
ud

y
L2

Sk
ill

Ca
te

go
ry

H
ow

Ch
un

g
(2

00
2)

En
gl

ish
Li

st
en

in
g

Ad
va

nc
e

O
rg

an
iz

er
s

Ex
te

rn
al

So
ur

ce
s(

TV
Se

ris
e)

W
ilb

er
sc

hi
ed

an
d

Be
rm

an
(2

00
4)

Ch
in

es
e

Li
st

en
in

g
Ad

va
nc

e
O

rg
an

iz
er

s
Ex

te
rn

al
So

ur
ce

s(
TV

Sh
ow

s)
A

m
ba

rd
an

d
A

m
ba

rd
(2

01
2)

Sp
an

ish
Li

st
en

in
g

Ad
va

nc
e

O
rg

an
iz

er
s

Co
ni

am
(2

00
1)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

O
ck

ey
(2

00
7)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

W
ag

ne
r(

20
07

)
En

gl
ish

Li
st

en
in

g
As

se
ss

m
en

t
W

ag
ne

r(
20

08
)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

W
ag

ne
r(

20
10

b)
En

gl
ish

Li
st

en
in

g
As

se
ss

m
en

t
W

ag
ne

r(
20

10
c)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

Cu
bi

lo
an

d
W

in
ke

(2
01

3)
En

gl
ish

Li
st

en
in

g
As

se
ss

m
en

t
Ex

te
rn

al
So

ur
ce

s(
Te

st
)

W
ag

ne
r(

20
13

)
En

gl
ish

Li
st

en
in

g
As

se
ss

m
en

t
Ba

tty
(2

01
4)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

Ko
ya

m
a

an
d

O
ck

ey
(2

01
6)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

Le
sn

ov
(2

01
8)

En
gl

ish
Li

st
en

in
g

As
se

ss
m

en
t

Ba
tty

(2
02

0)
En

gl
ish

Li
st

en
in

g
As

se
ss

m
en

t
P.

M
ar

kh
am

(1
99

9)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Ca
pt

io
n

Sp
ee

d,
Sy

na
tc

tic
Co

m
pl

ex
ity

Ch
un

g
(1

99
9)

En
gl

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
Ex

te
rn

al
So

ur
ce

s(
Te

xt
bo

ok
)

P.
L.

M
ar

kh
am

,P
et

er
,a

nd
M

cC
ar

th
y

(2
00

1)
Sp

an
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Ex
te

rn
al

So
ur

ce
s(

Te
xt

bo
ok

)
Pu

jo
lă

(2
00

2)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

G.
Ta

yl
or

(2
00

5)
Sp

an
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Pi
lo

tS
tu

dy
W

in
ke

et
al

.(
20

10
)

A
,C

,S
,R

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Lw
o

an
d

Li
n

(2
01

2)
En

gl
ish

Vo
ca

bu
la

ry
Ca

pt
io

ns
&

Su
bt

itl
e

W
in

ke
,G

as
s,

an
d

Sy
do

re
nk

o
(2

01
3)

A
,C

,R
,S

Ca
pt

io
ns

&
Su

bt
itl

e
Ex

pe
rt

Ev
al

ua
tio

n
J.

C.
Ya

ng
an

d
Ch

an
g

(2
01

4)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e



APPENDIX 235

Ta
bl
e
A
.1

co
nt
in
ue

d
fr
om

pr
ev

io
us

pa
ge

St
ud

y
L2

Sk
ill

Ca
te

go
ry

H
ow

D
i�

cu
lty

is
As

se
ss

ed

H
.-Y

.Y
an

g
(2

01
4)

En
gl

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
M

on
te

ro
Pe

re
ze

ta
l.

(2
01

4)
Fr

en
ch

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Ex
pe

rt
Ev

al
ua

tio
n

M
irz

ae
i,

M
es

hg
i,

A
ki

ta
,a

nd
Ka

w
ah

ar
a

(2
01

7)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Sp
ee

ch
Ra

te
,L

ex
ic

al
Fr

eq
ue

nc
y

Ro
dg

er
sa

nd
W

eb
b

(2
01

7)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

M
on

te
ro

Pe
re

z,
Pe

te
rs

,a
nd

D
es

m
et

(2
01

8)
Fr

en
ch

Vo
ca

bu
la

ry
Ca

pt
io

ns
&

Su
bt

itl
e

Ex
pe

rt
Ev

al
ua

tio
n

M
es

tre
sa

nd
Pe

lli
ce

r-
Sá

nc
he

z(
20

19
)

En
gl

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
Re

ad
ab

ili
ty

fo
rm

ul
as

Te
ng

(2
01

9)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Sp
ee

ch
Ra

te
,L

ex
ic

al
Fr

eq
ue

nc
y,

Ex
pe

rt
Ev

al
ua

tio
n

M
on

te
ro

Pe
re

z(
20

19
)

Fr
en

ch
Vo

ca
bu

la
ry

Ca
pt

io
ns

&
Su

bt
itl

e
Le

xi
ca

lC
ov

er
ag

e
Su

ár
ez

an
d

Ge
sa

(2
01

9)
En

gl
ish

Vo
ca

bu
la

ry
Ca

pt
io

ns
&

Su
bt

itl
e

Le
xi

ca
lC

ov
er

ag
e

Pu
ja

da
sa

nd
M

uñ
oz

(2
01

9)
En

gl
ish

Vo
ca

bu
la

ry
Ca

pt
io

ns
&

Su
bt

itl
e

Le
xi

ca
lC

ov
er

ag
e

Va
nd

er
pl

an
k

(2
01

9)
F,

G,
I,

S
Ca

pt
io

ns
&

Su
bt

itl
e

Ci
nt

ró
n-

Va
le

nt
ín

,G
ar

cí
a-

A
m

ay
a,

an
d

El
lis

(2
01

9)
Sp

an
ish

Gr
am

m
ar

Ca
pt

io
ns

&
Su

bt
itl

e
Le

xi
ca

lC
ov

er
ag

e
W

in
ke

et
al

.(
20

19
)

Sp
an

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
Ga

ss
et

al
.(

20
19

)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

Y.
T.

W
an

g
(2

01
9)

En
gl

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
W

isn
ie

w
sk

a
an

d
M

or
a

(2
02

0)
En

gl
ish

Li
st

en
in

g
Ca

pt
io

ns
&

Su
bt

itl
e

M
.L

ee
an

d
Ré

vé
sz

(2
02

0)
En

gl
ish

Gr
am

m
ar

Ca
pt

io
ns

&
Su

bt
itl

e
Pa

tte
m

or
e

an
d

M
uñ

oz
(2

02
0)

En
gl

ish
Gr

am
m

ar
Ca

pt
io

ns
&

Su
bt

itl
e

H
sie

h
(2

02
0)

En
gl

ish
Li

st
en

in
g

Ca
pt

io
ns

&
Su

bt
itl

e
Pi

lo
tS

tu
dy

,L
ex

ic
al

an
d

Sy
nt

ac
tic

co
m

pl
ex

ity
W

ey
er

s(
19

99
)

Sp
an

ish
Sp

ea
ki

ng
La

ng
ua

ge
Sk

ill
H

er
ro

n,
Yo

rk
,C

or
rie

,a
nd

Co
le

(2
00

6)
Fr

en
ch

Li
st

en
in

g
La

ng
ua

ge
Sk

ill
D

ah
la

nd
Lu

dv
ig

se
n

(2
01

4)
En

gl
ish

Li
st

en
in

g
La

ng
ua

ge
Sk

ill
M

at
er

ia
lD

es
ig

n
A

rn
dt

an
d

W
oo

re
(2

01
8)

En
gl

ish
Vo

ca
bu

la
ry

La
ng

ua
ge

Sk
ill

Le
xi

ca
lC

ov
er

ag
e

Pe
te

rs
(2

01
9)

En
gl

ish
Vo

ca
bu

la
ry

La
ng

ua
ge

Sk
ill

Le
xi

ca
lC

ov
er

ag
e

Y.
Fe

ng
an

d
W

eb
b

(2
01

9)
En

gl
ish

Vo
ca

bu
la

ry
La

ng
ua

ge
Sk

ill
Le

xi
ca

lC
ov

er
ag

e



APPENDIX 236

Ta
bl
e
A
.1

co
nt
in
ue

d
fr
om

pr
ev

io
us

pa
ge

St
ud

y
L2

Sk
ill

Ca
te

go
ry

H
ow

D
i�

cu
lty

is
As

se
ss

ed

K.
M

.W
on

g
an

d
Sa

m
ud

ra
(2

01
9)

En
gl

ish
Vo

ca
bu

la
ry

La
ng

ua
ge

Sk
ill

Ex
te

rn
al

So
ur

ce
s,

Le
xi

ca
lF

re
qu

en
cy

Ry
an

an
d

Gr
an

vi
lle

(2
02

0)
En

gl
ish

Pr
ag

m
at

ic
s

La
ng

ua
ge

Sk
ill

Y.
Fe

ng
an

d
W

eb
b

(2
02

0)
En

gl
ish

Vo
ca

bu
la

ry
La

ng
ua

ge
Sk

ill
Pu

ja
da

sa
nd

M
uñ

oz
(n

.d
.)

En
gl

ish
Li

st
en

in
g

La
ng

ua
ge

Sk
ill

Le
xi

ca
lc

ov
er

ag
e

Pu
im

èg
e

an
d

Pe
te

rs
(2

02
0)

En
gl

ish
Vo

ca
bu

la
ry

La
ng

ua
ge

Sk
ill

Le
xi

ca
lC

ov
er

ag
e

M
on

te
ro

Pe
re

z(
20

20
)

Fr
en

ch
Vo

ca
bu

la
ry

La
ng

ua
ge

Sk
ill

A
ld

uk
ha

ye
l(

20
19

)
En

gl
ish

Li
st

en
in

g
Pe

rc
ep

tio
n

Le
xi

ca
lC

ov
er

ag
e

H
er

ro
n,

Co
le

,C
or

rie
,a

nd
D

ub
re

il
(1

99
9)

Fr
en

ch
Cu

ltu
re

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
H

er
ro

n,
D

ub
re

il,
Co

le
,a

nd
Co

rr
ie

(2
00

0)
Fr

en
ch

Cu
ltu

re
St

ra
te

gy
Us

e
&

In
st

ru
ct

io
n

W
ill

ia
m

sa
nd

Th
or

ne
(2

00
0)

W
el

sh
St

ra
te

gy
Us

e
&

In
st

ru
ct

io
n

H
er

ro
n,

D
ub

re
il,

Co
rr

ie
,a

nd
Co

le
(2

00
2)

Fr
en

ch
Cu

ltu
re

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
Sm

id
ta

nd
H

eg
el

he
im

er
(2

00
4)

En
gl

ish
Li

st
en

in
g

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
Se

o
(2

00
5)

Ja
pa

ne
se

Li
st

en
in

g
St

ra
te

gy
Us

e
&

In
st

ru
ct

io
n

Pi
lo

tS
tu

dy
,e

xp
er

te
vu

la
tio

n
Gu

ic
ho

n
an

d
M

cL
or

na
n

(2
00

8)
En

gl
ish

Li
st

en
in

g
St

ra
te

gy
Us

e
&

In
st

ru
ct

io
n

Cr
os

s(
20

09
)

En
gl

ish
Li

st
en

in
g

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
Be

ck
er

an
d

St
ur

m
(2

01
7)

Fr
en

ch
Li

st
en

in
g

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
Bo

zo
rg

ia
n

an
d

A
la

m
da

ri
(2

01
8)

En
gl

ish
Li

st
en

in
g

St
ra

te
gy

Us
e

&
In

st
ru

ct
io

n
Ex

te
rn

al
So

ur
ce

s(
Te

st
)

Cá
rd

en
as

-C
la

ro
s(

20
20

)
En

gl
ish

Li
st

en
in

g
St

ra
te

gy
Us

e
&

In
st

ru
ct

io
n

Su
bj

ec
tiv

e
ra

tin
g

H
.J

.H
.C

he
n

(2
01

1)
En

gl
ish

Li
st

en
in

g
To

ol
C.

-M
.C

he
n,

Li
,a

nd
Li

n
(2

02
0)

En
gl

ish
Li

st
en

in
g

To
ol

Gr
ub

a
(2

00
4)

Ja
pa

ne
se

Li
st

en
in

g
Vi

su
al

pr
oc

es
sin

g
Su

ey
os

hi
an

d
H

ar
di

so
n

(2
00

5)
En

gl
ish

Li
st

en
in

g
Vi

su
al

pr
oc

es
sin

g
Gr

ub
a

(2
00

6)
Ja

pa
ne

se
Li

st
en

in
g

Vi
su

al
pr

oc
es

sin
g

Pi
lo

tS
tu

dy
Cr

os
s(

20
11

)
En

gl
ish

Li
st

en
in

g
Vi

su
al

pr
oc

es
sin

g
Su

vo
ro

v
(2

01
4b

)
En

gl
ish

Li
st

en
in

g
Vi

su
al

pr
oc

es
sin

g



APPENDIX 237

Ta
bl
e
A
.1

co
nt
in
ue

d
fr
om

pr
ev

io
us

pa
ge

St
ud

y
L2

Sk
ill

Ca
te

go
ry

H
ow

D
i�

cu
lty

is
As

se
ss

ed

Pu
im

èg
e

an
d

Pe
te

rs
(2

01
9)

En
gl

ish
Vo

ca
bu

la
ry

Vi
su

al
pr

oc
es

sin
g

Le
xi

ca
lC

ov
er

ag
e

Ro
dg

er
sa

nd
W

eb
b

(2
02

0)
En

gl
ish

Vo
ca

bu
la

ry
Vi

su
al

pr
oc

es
sin

g



APPENDIX 238

A.5 The Results of Inter-rater Reliability Tests on all

Video Rating Groups

Group Raters(n) ICC F df1 df2 p Lower-band Upper-band

1 5 .73 4.9 9 36 0 .379 .92
2 5 .23 1.4 9 36 .25 -.59 .76
3 4 .47 2.4 9 27 .035 -.067 .83
4 4 .77 4.3 9 27 0 .4 .93
5 4 .51 3 9 27 .014 .00145 .84
6 5 .22 1.93 9 36 .078 -.094 .64
7 4 .73 5.9 9 27 0 .321 .92
8 6 .4 2.8 9 45 .011 .0078 .78
9 5 .93 20 9 36 0 .81 .98
10 4 .71 7 9 27 0 .248 .92
11 5 .46 4.7 9 36 0 .054 .81
12 3 .63 3.9 9 18 0 .072 .89
13 4 .72 6 9 27 0 .272 .92
14 5 .53 3.5 9 36 0 .087 .85
15 4 .52 3.8 9 27 0 .0279 .84
16 4 .69 7.6 9 27 0 .2013 .91
17 3 .36 1.7 9 18 .15 -.41 .8
18 3 .54 2.6 9 18 .041 -.096 .87
19 4 .6 4 9 27 0 .109 .87
20 4 .8 8.5 9 27 0 0.45 .94
21 5 .6 3.9 9 36 0 0.165 .87
22 3 .61 4.3 9 18 0 0.017 .88
23 3 .81 6.2 9 18 0 0.46 .95
24 3 .64 3.6 9 18 .01 .089 .9
25 3 .84 6.3 9 18 0 .55 .96
26 4 .63 2.8 9 27 .02 .068 .9
27 4 .63 3.5 9 27 .01 .148 .89
28 3 .48 2.2 9 18 .07 -.208 .84
29 3 .42 1.7 9 18 .16 -.67 .84
30 3 .56 2.3 9 18 .06 -.243 .88
31 4 .68 3.1 9 27 .01 .163 .91
32 3 .62 2.7 9 18 .04 -.052 .9
33 3 .55 2.3 9 18 0.07 -.23 .87
34 4 .83 6 9 27 0 .57 .95
35 3 .52 2.7 9 18 .03 -.086 .85
36 7 .63 3.1 9 54 .01 .199 .89
37 6 .86 9 9 45 0 .68 .96
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Table A.2 continued from previous page

Group Raters(n) ICC F df1 df2 p Lower-band Upper-band

38 6 .7 5.4 9 45 0 .349 .91
39 7 .75 4.6 9 54 0 .437 .92
40 8 .94 16 9 63 0 .86 .98
41 6 .88 10.9 9 45 0 .71 .97
42 6 .48 2.4 9 45 .03 -.00782 .83
43 6 .49 2.5 9 45 .02 .0048 .84
44 6 .89 16 9 45 0 .72 .97
45 7 .71 4.1 9 54 0 .368 .91
46 6 .85 7.1 9 45 0 .65 .96
47 6 .74 4.5 9 45 0 .417 .92
48 7 .64 3.7 9 54 0 .253 .89
49 7 .63 2.9 9 54 .01 .182 .89
50 9 .74 8.2 9 72 0 .445 .92
51 6 .62 2.8 9 45 .01 .137 .89
52 7 .56 2.5 9 54 .02 .0585 .87
53 6 .6 2.8 9 45 .01 .1176 .88
54 6 .77 6.2 9 45 0 .465 .93
55 5 .2 1.3 9 36 .28 -.733 .76
56 3 .01 0 9 18 .47 -1.13 .69
57 4 .01 0 9 27 .46 -.58 .06
58 3 .08 1.12 9 18 .40 -1.02 .72
59 3 .15 1.22 9 18 .34 -.82 .73
60 3 .62 2.7 9 18 .04 *.52 .9
61 2 .11 1.36 9 9 .33 -.3 .61
62 3 .33 1.6 9 18 .19 -.51 .79
63 5 .09 1.1 9 36 .39 -1.27 .74
64 6 .64 2.8 9 45 .011 .149 .9
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A.6 AUVANA Metrics

Figure A.1: A Diagram of AUVANA Metrics
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A.7 Component Correlation Matrix

Component 1 2 3 4 5 6 7 8 9 10 11 12

1 -
2 .13
3 -.04 0
4 .00 .18 -.03
5 .26 -.06 .16 .05
6 -.21 -.21 -.10 -.10 -.17
7 .10 .20 -.08 .17 .01 -.17
8 -.15 .12 -.21 .05 -.12 -.06 .07
9 .10 .17 -.06 .18 .01 -.12 .03 .15
10 .21 .24 .08 .08 .23 -.13 .10 .02 .16
11 .18 .16 -.01 -.03 -.01 .02 .08 -.05 -.08 .05
12 -.05 -.07 .11 -.05 .02 .15 -.15 -.06 -.08 0 0 -

Note. Extraction Method: Principal Component Analysis
Rotation Method: Oblimin with Kaiser Normalization.

A.8 Correlation and Descriptive Statistics for Verbal

Complexity Features

Feature r Sig. M SD

Number of syllables .34 .01 1033.75 932.75
Number of pauses .22 .00 57.31 62.50
Duration (s) .34 .00 268.03 218.49
Phonation time(s) .35 .00 224.15 187.70
Speech rate .21 .00 3.77 0.56
Articulation rate .12 .00 4.47 0.41
ASD -.11 .01 0.23 0.02
Pitch (Min) -.01 .87 60.76 2.84
Pitch (Max) .07 .07 586.56 43.41
Pitch (Mean) -.03 .42 154.21 28.73
Pitch (STD) -.28 .00 66.44 21.92
k1 BNC-COCA -.37 .00 71.87 9.93
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Table A.3 continued from previous page

Feature r Sig. M SD

k2 BNC-COCA .26 .00 11.28 4.15
k3 BNC-COCA .40 .00 6.65 3.73
k1-2 BNC-COCA -.37 .00 83.15 7.03
k1-3 BNC-COCA -.22 .00 89.80 4.98
k1-4 BNC-COCA -.18 .00 91.53 4.41
k1 5 BNC-COCA -.18 .00 91.53 4.41
k1 6 BNC-COCA -.17 .00 92.12 4.18
k1 7 BNC-COCA -.17 .00 92.52 4.00
k1 8 BNC-COCA -.18 .00 92.85 3.87
k1 BNC-COCA (CW) -.05 .22 45.58 5.76
k2 BNC-COCA (CW) .26 .00 10.91 4.05
k3 BNC-COCA (CW) .39 .00 6.50 3.64
k1-2 BNC-COCA (CW) .15 .00 56.49 5.20
k1-3 BNC-COCA (CW) .34 .00 62.99 6.40
k1-4 BNC-COCA (CW) .37 .00 64.70 6.61
Lexical sophistication (CW) .03 .38 0.23 3.37
Lexical sophistication2 (�, ) .23 .00 0.13 0.05
Lexical sophistication noun .03 .39 0.14 2.06
Lexical sophistication verb .03 .38 0.04 0.63
AWL (CW) .30 .00 7.49 3.53
AWL (AW) .30 .00 7.68 3.56
All AWL Normed .27 .00 0.05 0.03
AWL Sublist 1 Normed .17 .00 0.01 0.01
AWL Sublist 2 Normed .18 .00 0.01 0.01
AWL Sublist 3 Normed .21 .00 0.00 0.01
AWL Sublist 4 Normed .13 .00 0.01 0.01
AWL Sublist 5 Normed .12 .00 0.01 0.01
AWL Sublist 6 Normed .06 .11 0.00 0.01
AWL Sublist 7 Normed .11 .00 0.00 0.00
AWL Sublist 8 Normed -.04 .31 0.00 0.01
AWL Sublist 9 Normed .07 .06 0.00 0.00
AWL Sublist 10 Normed .13 .00 0.00 0.00
All AFL Normed -.18 .00 0.05 0.03
Core AFL Normed -.04 .33 0.02 0.02
Spoken AFL Normed -.24 .00 0.03 0.02
Written AFL Normed .03 .39 0.01 0.01
ASWL level1 -.18 .00 0.55 0.06
ASWL level2 .03 .40 0.03 0.02
ASWL level3 .24 .00 0.01 0.01
ASWL level4 -.03 .38 0.00 0.00
Lexical density (type) .40 .00 0.64 0.08
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Table A.3 continued from previous page

Feature r Sig. M SD

Lexical density token .11 .01 0.44 0.05
TTR (CW) .02 .63 0.62 0.14
TTR (FW) -.22 .00 0.30 0.14
Root TTR(AW) .42 .00 8.28 2.21
Root TTR (CW) .41 .00 8.16 3.07
Root TTR (FW) .23 .00 3.83 0.47
Log TTR (CW) .18 .00 0.90 0.04
Log TTR (FW) -.17 .00 0.76 0.05
TTR (AW) -.05 .25 0.45 0.14
Log TTR (AW) .04 .28 0.86 0.05
Noun TTR .03 .48 0.61 0.16
Verb TTR .05 .23 0.70 0.14
Adj. TTR -.04 .29 0.70 0.17
Root verb .38 .00 5.90 2.19
Corrected verb .38 .00 4.17 1.55
Verb variation -.10 .01 0.19 0.05
Verb variation2 -.10 .01 0.19 0.05
Noun variation .03 .40 0.26 0.08
Adj. variation .13 .00 0.10 0.03
Adv. variation -.07 .10 0.09 0.03
MASS TTR (AW) -.26 .00 0.06 0.01
MASS TTR (CW) -.31 .00 0.04 0.02
MASS TTR (FW) -.10 .01 0.10 0.02
MATTR50 (AW) .22 .00 0.73 0.05
MATTR50 (CW) .32 .00 0.78 0.10
MATTR50 (FW) -.01 .72 0.53 0.06
MSTTR50 (AW) .21 .00 0.73 0.05
MSTTR50 (CW) .30 .00 0.78 0.10
MSTTR50 (FW) -.01 .81 0.52 0.07
HDD42 (AW) .26 .00 0.78 0.11
HDD42 (CW) .27 .00 0.77 0.24
HDD42 (FW) .17 .00 0.54 0.14
MTLD original (AW) .19 .00 53.92 18.36
MTLD original (CW) .31 .00 87.59 63.17
MTLD original (FW) .05 .19 18.63 4.85
MTLD MA bi (AW) .29 .00 48.97 16.82
MTLD MA bi (CW) .27 .00 60.11 66.60
MTLD MA bi (FW) .09 .03 17.76 3.68
MTLD MA wrap (AW) .28 .00 52.91 15.06
MTLD MA wrap (CW) .33 .00 84.56 66.09
MTLD MA wrap (FW) .05 .20 18.41 3.54
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Table A.3 continued from previous page

Feature r Sig. M SD

MRC Familiarity (AW) -.21 .00 593.51 4.47
MRC Concreteness (AW) -.15 .00 298.81 13.23
MRC Imageability (AW) -.13 .00 321.75 13.35
MRC Meaningfulness (AW) -.21 .00 348.84 12.74
MRC Familiarity (CW) -.26 .00 577.05 7.89
MRC Concreteness (CW) .03 .45 350.09 20.72
MRC Imageability (CW) .04 .35 378.16 20.34
MRC Familiarity (FW) -.05 .23 610.26 2.47
MRC Concreteness (FW) -.23 .00 249.36 14.28
MRC Imageability (FW) -.22 .00 263.71 13.30
MRC Meaningfulness (FW) -.23 .00 301.86 16.40
Kuperman AoA (AW) .37 .00 5.40 0.39
Kuperman AoA (CW) .41 .00 6.18 0.61
Kuperman AoA (FW) .07 .08 4.38 0.14
Brysbaert Concreteness Combined AW -.16 .00 2.48 0.13
Brysbaert Concreteness Combined CW -.06 .15 2.83 0.17
Brysbaert Concreteness Combined (FW) -.20 .00 2.05 0.14
COCA spoken bi MI .07 .09 1.54 0.19
COCA spoken bi MI2 -.12 .00 9.24 0.35
COCA spoken bi T .03 .42 57.89 12.22
COCA spoken bi DP .06 .13 0.06 0.01
COCA spoken bi AC .09 .03 16277.82 4785.94
COCA spoken tri MI .03 .42 2.57 0.29
COCA spoken tri MI2 .04 .37 8.67 0.37
COCA spoken tri T .04 .28 24.97 5.85
COCA spoken tri DP .05 .24 0.01 0.00
COCA spoken tri AC .04 .27 1889.39 1144.17
COCA spoken tri 2 MI .14 .00 2.60 0.32
COCA spoken tri 2 MI2 .12 .00 8.70 0.41
COCA spoken tri 2 T .06 .16 24.99 5.61
COCA spoken tri 2 DP .09 .02 0.15 0.03
COCA spoken tri 2 AC .05 .25 1841.68 1099.44
COCA academic bi MI -.07 .07 1.48 0.19
COCA academic bi MI2 -.01 .72 8.64 0.28
COCA academic bi T .11 .01 34.46 12.31
COCA academic bi DP .09 .02 0.05 0.01
COCA academic bi AC .18 .00 10913.53 4774.06
COCA academic tri DP .07 .10 0.01 0.00
COCA academic tri AC .12 .00 663.50 317.78
COCA academic tri 2 MI -.01 .81 2.75 0.32
COCA academic tri 2 MI2 .06 .13 8.07 0.38
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Table A.3 continued from previous page

Feature r Sig. M SD

COCA academic tri 2 T .08 .03 15.49 3.44
COCA academic tri 2 DP .10 .01 0.16 0.04
COCA academic tri 2 AC .12 .00 651.17 315.95
Basic connectives -.16 .00 0.05 0.02
Conjunctions .02 .63 0.03 0.01
Disjunctions -.09 .03 0.00 0.01
Lexical subordinators -.10 .01 0.02 0.01
Coordinating conjuncts -.25 .00 0.01 0.01
Addition -.01 .80 0.04 0.01
Sentence linking -.05 .20 0.02 0.01
Order -.02 .55 0.01 0.00
Reason and purpose .01 .75 0.01 0.01
All causal -.21 .00 0.02 0.01
Positive causal -.18 .00 0.02 0.01
Opposition .06 .11 0.01 0.01
Determiners -.03 .51 0.10 0.02
All demonstratives -.17 .00 0.03 0.01
Attended demonstratives -.07 .06 0.01 0.01
Unattended demonstratives -.17 .00 0.02 0.01
All additive .03 .49 0.05 0.01
All logical -.04 .31 0.04 0.01
Positive logical -.04 .36 0.02 0.01
Negative logical .05 .20 0.01 0.00
All temporal .02 .65 0.01 0.01
Positive intentional -.11 .01 0.01 0.01
All positive -.09 .02 0.07 0.02
All negative -.02 .54 0.01 0.01
All connective .02 .59 0.07 0.02
Pronoun density -.12 .00 0.05 0.02
Pronoun noun ratio -.18 .00 0.25 0.14
Repeated content lemmas .09 .02 0.30 0.08
Repeated content and pronoun lemmas .06 .10 0.35 0.08
Argument ttr .03 .42 0.46 0.14
Bigram lemma ttr .05 .20 0.82 0.09
Trigram lemma ttr .20 .00 0.94 0.05
Adjacent overlap all sent -.06 .12 0.18 0.09
Adjacent overlap all sent div seg -.01 .78 3.40 6.85
Adjacent overlap binary all sent .05 .17 0.73 0.33
Adjacent overlap cw sent -.15 .00 0.10 0.07
Adjacent overlap cw sent div seg -.03 .49 1.16 3.85
Adjacent overlap binary cw sent .01 .84 0.44 0.25
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Table A.3 continued from previous page

Feature r Sig. M SD

Adjacent overlap fw sent .03 .38 0.26 0.13
Adjacent overlap fw sent div seg .01 .87 2.17 3.37
Adjacent overlap binary fw sent .08 .05 0.68 0.32
Adjacent overlap noun sent -.14 .00 0.11 0.08
Adjacent overlap noun sent div seg -.02 .61 0.54 1.50
Adjacent overlap binary noun sent .03 .51 0.29 0.22
Adjacent overlap verb sent -.08 .04 0.10 0.08
Adjacent overlap verb sent div seg -.03 .42 0.36 1.31
Adjacent overlap binary verb sent -.04 .30 0.21 0.19
Adjacent overlap adj sent -.12 .00 0.05 0.07
Adjacent overlap adj sent div seg -.03 .41 0.09 0.41
Adjacent overlap binary adj sent -.02 .67 0.07 0.11
Adjacent overlap adv sent -.10 .02 0.07 0.08
Adjacent overlap adv sent div seg -.03 .43 0.13 0.65
Adjacent overlap binary adv sent -.05 .21 0.08 0.15
Adjacent overlap pronoun sent -.07 .10 0.28 0.18
Adjacent overlap pronoun sent div seg -.07 .07 0.48 0.68
Adjacent overlap binary pronoun sent -.07 .06 0.34 0.26
Adjacent overlap argument sent -.17 .00 0.15 0.09
Adjacent overlap argument sent div seg -.03 .38 0.93 1.93
Adjacent overlap binary argument sent -.01 .72 0.47 0.27
Syn overlap sent noun -.02 .57 1.03 6.49
Syn overlap sent verb -.03 .53 1.67 16.27
MLS .05 .17 22.31 32.12
MLT .16 .00 18.44 9.55
MLC .31 .00 9.39 2.28
C S -.01 .74 2.29 1.63
VP T .04 .29 2.67 1.41
C T .02 .58 1.98 1.03
DC C .16 .00 0.41 0.11
DC T .04 .38 0.87 0.73
T S -.08 .05 1.13 0.28
CT T .11 .00 0.47 0.17
CP T .12 .00 0.40 0.34
CP C .14 .00 0.20 0.15
CN T .20 .00 2.09 1.37
CN C .37 .00 1.05 0.37
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A.9 Correlation and Descriptive Statistics for Visual

Complexity Features

Feature r Sig. M SD

Frequency of Shots 0.26 0.00 24.96 34.81
Frequency of Visual Text 0.10 0.01 64.01 129.49
Frequency of Visual Text per Shot -0.02 0.62 24.57 104.56
Frequency of Visual Text per Second -0.02 0.70 0.26 0.43
Frequency of Visual Text per Minute -0.02 0.70 15.70 25.83
Frequency of speakers -0.12 0.00 3.25 2.63
Frequency of faces 0.09 0.02 4.05 6.61
Speaker Appearance Ratio 0.24 0.00 0.62 0.49
Frequency of faces per Shot 0.05 0.25 0.22 0.34
Frequency of faces per Minute -0.08 0.05 1.55 2.41
Frequency of objects 0.29 0.00 13.39 12.68
Frequency of Objects per Minute -0.06 0.11 4.90 5.39
Frequency of Objects per Shot 0.17 0.00 1.89 1.40
Frequency of Shots per Minute 0.03 0.46 6.68 6.52
Frequency of speakers per Minute -0.21 0.00 1.89 2.73
Frequency of speakers per Shot -0.38 0.00 0.65 0.89
Clutter FC (sum) 0.23 0.00 145.29 246.72
Clutter FC (mean) 0.06 0.13 3.17 1.06
Clutter FC (SD) 0.34 0.00 0.86 0.58
Clutter SE (Sum) 0.25 0.00 115.51 182.47
Clutter SE (mean) 0.24 0.00 2.50 0.57
Clutter SE (SD) 0.28 0.00 0.37 0.25
Colorfulness 5 sec (mean) 0.06 0.13 29.22 13.44
Colorfulness 5 sec (SD) 0.15 0.00 11.07 8.30
Colorfulness 5 sec Adjacent (mean) -0.04 0.37 0.25 1.99
Colorfulness 5 sec Adjacent (SD) 0.16 0.00 15.79 11.87
SSI 5 sec (mean) -0.28 0.00 0.58 0.21
SSI 5 sec (SD) 0.27 0.00 0.16 0.08
Colorfulness 1 sec (mean) 0.09 0.03 28.13 13.60
Colorfulness 1 sec (SD) 0.08 0.04 10.51 8.06
Colorfulness 1 sec Adjacent (mean) 0.01 0.71 -0.01 0.45
Colorfulness 1 sec Adjacent (SD) 0.00 0.99 6.90 5.99
SSI 1 sec (mean) 0.08 0.03 0.75 0.18
SSI 1 sec (SD) 0.00 0.92 0.18 0.10
Saliency FG (sum) 0.25 0.00 110265.73 169464.50
Saliency FG (mean) -0.08 0.06 2636.18 358.81
Saliency FG (SD) 0.36 0.00 286.15 219.11
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Table A.4 continued from previous page

Feature r Sig. M SD

Saliency SR (sum) 0.25 0.00 507776.50 781392.13
SaliencySR_mean 0.11 0.01 11540.24 2159.75
Saliency SR (SD) 0.30 0.00 1917.24 1193.16
Saliency IK (sum) 0.25 0.00 583373.88 879020.56
Saliency IK (mean) 0.12 0.00 13559.19 1484.07
Saliency IK (SD) 0.28 0.00 1327.19 878.54
KeyFrame BE1 (sum) 0.22 0.00 914.00 1649.83
KeyFrame KB (mean) 0.03 0.45 19.15 7.12
KeyFrame KB (SD) 0.28 0.00 5.89 4.09
KeyFrame KB (range) 0.34 0.00 23.64 18.07
Frequncy of moving objects 0.33 0.00 413.32 536.00
Motion duration(ms) 0.05 0.20 259.37 765.33
Moving Objects per minute 0.23 0.00 108.08 101.47
Motion Duration Di�erence (mean) 0.34 0.00 299.44 270.79
Motion Duration Di�erence (variance) 0.10 0.01 603603.03 1791869.17
Motion Duration Di�erence (SD) 0.29 0.00 538.64 560.33
Canny KeyFrame KB (sum) 0.22 0.00 1252.09 2227.82
Canny KeyFrame KB (mean) 0.08 0.03 25.28 9.83
Canny KeyFrame KB (SD) 0.10 0.01 10.38 5.40
Canny KeyFrame KB (range) 0.29 0.00 34.61 25.26
Canny video size (MB) 0.30 0.00 130.07 123.85
Video H264 size(MB) 0.37 0.00 12.63 15.31
Video H265_size(MB) 0.30 0.00 2.94 3.89
H265_size V30(MB) 0.22 0.00 0.46 0.33
Colorfulness V30 (mean) 0.09 0.02 28.35 15.06
Colorfulness V30 (SD) 0.07 0.08 6.41 7.66
Colorfulness Adjacent V30 (mean) -0.02 0.59 -0.06 0.89
Colorfulness Adjacent V30 (SD) 0.07 0.07 5.13 6.33
SSI V30 (mean) -0.20 0.00 0.75 0.20
SSI V30 (SD) 0.18 0.00 0.14 0.11
Canny H264 V30( MB) -0.06 0.14 7.88 4.67
V30 H264 size(MB) 0.26 0.00 1.29 0.87
Number of moving objects V30 0.16 0.00 42.84 38.25
Motion duration(ms) V30 0.08 0.03 327.29 875.53
Moving Objects per second (V30) 0.14 0.00 1.44 1.31
Motion Duration Di�erence V30 (mean) 0.28 0.00 300.39 394.85
Motion Duration Di�erence V30 (variance) 0.11 0.01 587289.38 2057855.26
Motion Duration Di�erence V30 (SD) 0.22 0.00 439.19 628.50
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