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Introduction

The concept of fluency plays an important role in language learning research. It is usually
defined as eloquent, smooth and rapid language use without any undue hesitations and
reformulations (Lennon, 1990; Ellis, 2003; Gabonton and Segalowitz, 2005). The notion of
fluency appeared at the end of the 1970s in the context of native language research (Fillmore,
1979) and then served as a basis of the L2 definition of fluency. In L2 research, the term fluency
appeared in the 1980s as one of the aspects of language proficiency when researchers started
making a distinction between accuracy (as an ability to make error-free productions) and
fluency-oriented activities (Housen and Kuiken, 2009). Then the notion of complexity (to what
extend the language is elaborate and varied, according to Ellis (2003)) came into being, which

provided the researchers with 3 main components of learners’ language proficiency.

Learners’ fluency as one of the components of proficiency was studied 1) to understand the
cognitive processes that lead to fluency or dysfluency (Segalowitz, 2010, 2016, 2017) 2) to
observe the difference between native and non-native language speakers (Leijten and Van
Waes, 2015) 3) to provide hints for language teachers about the ways in which they can help
learners to increase fluency (Witton-Daves, 2013), so as to make their utterances more natural,
smooth and eloquent. The researchers evaluated fluency according to language frameworks
such as the CEFR, but they also started to see fluency as a temporal phenomenon that can be
measured (Schmidt, 1992).

Researchers who measured oral fluency measured such components of oral fluency as the speed
of the utterances, the pause behaviour, the revision behaviour and the automaticity of
productions (Skehan, 2003; Tavakoli and Skehan, 2005). Writing fluency researchers mainly
established their measures according to the same principle, although some of them did not
consider writing fluency as a temporal phenomenon and measured it in number of words
(Wolfe-Quitero et al., 1998, Storch, 2009, Dizon, 2016). However, most writing fluency
researchers took the measures of oral fluency as a basis and provided more cogent sets of
measures to analyse fluency (Lindgren et al, 2008; Spelman Miller et al, 2008, Leijeten and
Van Waes, 2015).

Oral fluency researchers made a distinction between monologue and dialogue oral fluency.
They provided dialogue-specific fluency measures such as the number and the mean length of

turn pauses (Peltonen, 2017). However, writing fluency researchers almost never assessed



dialogue writing fluency, because writing is usually considered as a monologue activity. The
only researchers who measured dialogue writing fluency did not use any temporal measures;
they simply measured the length of the text in words (Liao and Wong, 2007; Rezaei and
Manzari, 2011).There is therefore a clear need to establish a set of measures that can evaluate

dialogue writing fluency.

In light of this need we chose our main problematics: what measures are pertinent to analyse
dialogue writing fluency? To answer this question, we intend to analyse the measures suggested
by other researchers and establish a set of measures that could in our opinion be good predictors
of L2 dialogue writing fluency. To test this assumption, we intend to use the data of
conversations of Dutch-speaking students who learn French with a conversational agent
(chatbot). The conversation with a chatbot has all the characteristics of a dialogue: it is done in
real time, it has an interlocutor (even though it is a machine) and the subjects who take part in
the conversation take turns. The difference with an oral dialogue, though, is that the subjects
cannot interrupt each other.

If we establish fluency measures, we need to automatize the process of the calculation of these
measures. That is why we intend to create a package in Python language that computes the
measures that we have chosen. This package should be adapted to our data and provide us with
all the necessary calculations. It should also be possible for other researchers who study fluency

to use this package.

Our research will proceed as follows. In the first chapter, the term of fluency will first be
examined, and subsequently fluency as one of the proficiency aspects along with accuracy and
complexity will be considered. Then we will make an overview of oral fluency along with the
measures that were established by oral fluency researchers. Next, we will make an overview of
writing fluency along with writing models and writing fluency measures. In the second chapter
we will establish a set of fluency measures based on the data that we have. This chapter will
also explain the structure of a package that we will create to compute fluency measures. The
third chapter will present the verification of the results and the statistical analysis of the
measures. As for statistical analysis, correlations will be made between users’ vocabulary size

and the fluency measures and a longitudinal analysis will be performed.

The analysis of dialogue writing fluency could on one hand show similarities between dialogue

oral and writing fluency, but could also on the other hand show their differences. We would



like to see what these differences and similarities are and explore the ways of measuring fluency

in real-time written conversations.



Chapter I. Theoretical framework

1. Introduction

Fluency, as a term used in L2 research, was intended to point out one of the aspects of a person’s
language proficiency. It is usually associated with the ability to use language smoothly, easily
and quickly, the way the native speakers of the language use it (if they do not have any specific
language problems). First fluency researchers assessed oral fluency, then writing fluency
evaluation began. The latter was heavily based on oral fluency assessment (Abdel Latif, 2013).
Both oral and written fluency researchers provided a set of measures that helped to evaluate

fluency.

This chapter first sets out information about fluency in general: it gives the definition of fluency,
considers the fluency in the context of CAF (complexity, accuracy and fluency), indicates the
types of fluency and the role of fluency in the evaluation grids of the Common European
Framework for Languages. It then gives an overview of oral fluency, its types and the ways of
measuring it. Finally, the chapter analyses written fluency, provides an examination of different

writing theories and gives an overview of writing fluency assessment.

2. General fluency

2.1. Definition of fluency

According to the Oxford Dictionary, fluency is the quality of being able to speak or write a
language easily and well. The Cambridge Dictionary underlines that fluency is the ability to
speak or write the language easily, well and quickly. Those are general definitions of fluency;
they do not specify whether it is fluency in the native language or fluency in a non-native

language.

The definition of L1 fluency in research became a basis for defining L2 language fluency.
Fillmore (1979) defined L1 fluency as the ability to talk at length with few pauses; to fill time
with talk; to talk in coherent and semantically dense sentences; to have appropriate things to



say in a wide range of contexts; and, finally, to be creative and imaginative in the language use.
This definition takes many aspects into account, not only linguistic, but also social and
psychological factors. Freed (2000) suggested that L1 fluency is made up of different
characteristics of an utterance, ranging from its psychological manifestations, reflections on its
planning and thinking processes, to its production, temporal dimensions and hesitation

phenomena.

The utterances and texts of native-language speakers became the references according to which
learners’ fluency was measured. Lennon (1990) pointed out that fluency is the ability to produce
the L2 with native-like rapidity. According to Schmidt (1992) it is the ability to produce the L2
with native-like rapidity, pausing, hesitation and reformulation. That rapidity depends to a large
extent on the cognitive processes. Wolfe-Quintero et al. (1998) pointed out that fluency is
primarily related to learners’ control over their linguistic L2 knowledge. This control is

reflected in the speed and ease with which they access and transmit relevant L2 information.

Wolfe-Quintero et al. underlined that learners can improve the control over fluency if they train
constantly. Lennon (1990), Skehan (2003), Gatbonton and Segalowitz (2005) introduced the
term automatization for fluency which means that the rapidity of cognitive processes allows

rapid and smooth texts and utterances without undue hesitations and pauses.

That control over fluency that L2 learners could acquire developed simultaneously with the
control over accuracy and complexity, although at different stages of language learning the
learner can develop more control over one or two of the aspects of proficiency to the detriment
of others (Foster and Skehan (1997, 2001)). The assessment of complexity, accuracy and

fluency allowed the evaluation of different facets of learners’ language skills.

2.2. Fluency in the context of CAF (complexity, accuracy and fluency)

In L2 research, fluency first appeared in the context of CAF (complexity, accuracy and fluency).
According to Housen and Kuiken (2009), in the 1980-s in research pedagogy, a distinction was
made between fluent and accurate usage of the L2 in the classroom. Accuracy-oriented
activities which focused on linguistic form and production of grammatically correct structures
were distinguished from fluency-oriented activities which focused on spontaneous oral
production. Later in the 1990-s the notion of complexity was added to the notions of accuracy

and fluency.



These three notions cover three different facets of learners’ proficiency in the language.
Accuracy is usually defined as respect of language grammatical norms (Wolfe-Quintero et al.,
1998). According to Wolfe-Quintero et al, the elements of a production that do not correspond
to a norm are usually called errors. Fluency is considered as smoothness, eloquence in speech
and writing (Lennon, 1990). Complexity is the most ambiguous term of the three. It is usually
divided into cognitive complexity and linguistic complexity. Cognitive complexity refers to the
difficulty with which the features of a language are processed in L2 acquisition and
performance. Linguistic complexity has been often interpreted as the size, elaborateness,

richness and diversity of the linguistic system of a learner (Housen and Kuiken, 2009).

Complexity, accuracy and fluency, although they help to evaluate different aspects of learners’
performance are interdependent. The learning of the language is a difficult process, and we
cannot just make more complex structures without some upgrading of fluency and accuracy
skills. At the same time, learners’ language, especially at lower levels, cannot be equally
complex, accurate and fluent. According to Ellis and Yuan (2004), increase in L2 fluency may
happen at the expense of development of accuracy and complexity. For example, when learners
perform the task faster (more fluent) they are often less attentive to the mistakes that they are
making (lack of accuracy) because the human attention and processing mechanisms are limited.
That is why it is important for the linguistic research to analyse those markers both separately
and together. It helps to understand how the increase of proficiency in one of the aspects of the

language learning influences the increase of proficiency in another aspect.

Fluency as an element of CAF model was usually divided into several types that reflect different

approaches to this concept.

2.3. Types of fluency

While writing about fluency as one of the aspects of CAF, oral fluency researchers usually
make a distinction between cognitive, utterance and perceived fluency. This distinction is
adopted by writing fluency researchers who also distinguish between cognitive, productive and

perceived aspects of fluency, although perceived fluency is much less important for writing.



2.3.1. Cognitive fluency

Cognitive fluency is a mental capacity that is responsible for producing fluent speech or writing.
It is the responsiveness and rapidity of the mental processes required to produce an utterance
or a text. According to Segalowitz (2010) it is learners’ ability to efficiently mobilize and
integrate the underlying cognitive processes responsible for producing utterances. Those
cognitive processes are for example the speed of lexico-semantic retrieval, the handling of the
attention—focusing demands and operations in working memory, among others (De Jong et al.,
2013; Segalowitz, 2010).

It is not easy to measure cognitive fluency because it is a measuring of mental processes that
are happening in our heads. However, researchers suggested some measures for L2 cognitive
fluency, including reaction time speed and stability of reaction time (coefficient of variability).
The measurements of cognitive fluency were often based on the reception tasks, contrary to the
measurements of production fluency which were based on the production tasks (Segalowitz,
2016).

L2 cognitive fluency strongly depends on L1 cognitive fluency. For example, learners can be
slower or faster in their own language. They may differ in basic motor speed when pressing a
reaction time panel or differ in intelligence, motivation, or personality in ways that affect task
performance (Segalowitz et al., 2017). It is then important to evaluate the L1 cognitive fluency
of a learner to understand how it affects their L2 fluency.

2.3.2.  Production fluency (utterance fluency)

Production fluency (utterance fluency for oral language) reflects learners’ underlying cognitive
fluency and is measured on learners’ texts and utterances. Production fluency has the temporal,
pausing, hesitation and repair characteristics (Segalowitz, 2010). For oral productions it is
associated with measures such as speech rate (words and syllables per second/minute),
automatization (number of syllables between pauses), number of pauses, mean length of pause,
false starts, and repetitions (Derving, 2017). Witton-Davies (2013) underlines that pause length,
pause frequency, pause location, mean length of run, speech rate, phonation time ratio and

repair measures are the most reliable for assessing utterance fluency.

The distinction between different types of fluency measures made by oral fluency researchers
was used by writing fluency researchers. Abdel Latif (2013), Rosenqvist (2015), Leijten and



Van Waes (2015), made adaptations to oral fluency measures to establish writing fluency
measures. Both writing and speaking production fluency measures are linked to the overall
speed of production, to the number and length of pauses and to the number and length of

repetitions.

2.3.3. Perceived fluency

Perceived fluency is mainly evaluated for speech because it is usually done during the speaking
process. By contrast, readers usually evaluate the text that is already written and at that moment
many fluency aspects are not clear to them. According to Derwing (2017), perceived fluency is
the listener’s judgment of speaker fluency, typically expressed on a Likert scale ranging from
‘very fluent’ to ‘very dysfluent’. Segalowitz et al. (2017) pointed out that L2 perceived fluency
refers to subjective judgments of L2 speakers’ oral fluency. The measuring of L2 perceived

fluency is mainly done by the native speakers of the language.

Measuring perceived fluency helped researchers assigning fluency levels to the students during
the study. Préfontaine (2013) who measured fluency of L2 French speakers found a strong
correlation between the native speakers’ ratings of L2 fluency and the utterance fluency
measures. Evaluating perceived fluency is one of the main ways to indicate what language level
the fluency of the learner corresponds to. Those levels are provided by different language scales,

the most well-known of which is the Common European Framework Reference for Languages.

2.4. The CEFR and the evaluation of fluency

The Common European Framework of Reference for Languages was put together by the
Council of Europe between 1989 and 1996. This framework is a guideline used to describe the
evaluation and the performance of learners of foreign languages. The CEFR describes what
language learners have to learn in order to use the language for communication and what skills
and knowledge they have to develop (CEFR, p.2). The proficiency is evaluated according to
the levels. Those levels can be divided into 3 groups: basic user: Al, A2; independent user B1,
B2 and proficient user: C1, C2.

The global scale for the levels provides some hints for fluency evaluation (CEFR, p.25). For
the first three levels the degree of fluency is not underlined. For Al there is a very general

description: a learner “can interact in a simple way”. For A2 the description is not much more
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specific: “can communicate in simple and routine tasks requiring a simple and direct exchange
of information”. At B1 level the learner “can produce simple connected text on topics which
are familiar”. The fluency at those levels is often associated with familiarity (“routine tasks”),

directness (“direct exchange”) and automaticity.

For the levels B2, C1 and C2 the notion of fluency is much more specific. A learner at B2 level
“can interact with a degree of fluency and spontaneity that makes regular interaction with native
speakers quite possible without strain for either party”. A C1 level learner “can express
him/herself fluently and spontaneously without much obvious searching for expressions. C2
proficiency means that the person can express him/herself spontaneously and very fluently. In
those descriptions, fluency goes along with spontaneity and not familiarity as it was for the first
three levels. This degree of spontaneity is possible when less complex structures have become

automatic.

The CEFR also provides a detailed description of fluency for different levels. It is important to

point out that it is used to assess spoken productions.

Table 1. From Common Reference levels: qualitative aspects of spoken language use

Fluency

Al Can manage very short, isolated, mainly pre-
packaged utterances, with much pausing to
search for expressions, to articulate less familiar

words and to repair communication.

A2 Can make him/herself understood in very short
utterances, even though pauses, false starts and

reformulation are very evident.

B1 Can keep going comprehensibly, even though
pausing for grammatical and lexical planning and
repair is very evident, especially in longer

stretches of free production.

B2 Can produce a stretch of language with a fairly
even tempo, although he/she can be hesitant as
he/she searches for patterns and expressions.

There are few noticeably long pauses.

11



C1 Can express him/herself  fluently and
spontaneously, almost effortlessly. Only a
conceptually difficult subject can hinder a

natural, smooth flow of language.

Cc2 Can express him/herself spontaneously, at length
with a natural colloguial flow, avoiding and
backtracking any difficulty so smoothly that the
interlocutor is hardly aware of it.

In these requirements for fluency at specific levels we can already see hints for the

measurements of fluency:

1. Pauses: “with much pausing to search for expressions” (Al), “pauses...are very
evident” (A2), “few noticeably long pauses” (B2)

2. Reformulations: “reformulations are very evident” (A2), “repair is very evident,
especially in longer stretches of free production” (B1)

3. Speed and flow of the language: ““a fairly even tempo” (B2), “smooth flow of language”

(C1), “avoiding and backtracking any difficulty so smoothly” (C2)).

As already pointed out, the CEFR evaluation only assesses oral fluency. Why would it be
difficult for writing fluency? For their experiments, writing fluency researchers mainly use
tasks based on essays. It would be very complicated to apply perceived fluency grades to essays
because in the case of writing an essay there is no interlocutor who can assess it in real time. It

could theoretically be possible for writing a dialogue, although it has not yet been done.

As perceived and utterance fluency measures that were used to evaluate dialogue fluency were
only established by oral fluency researchers, it is very important to make an overview of oral
fluency. Overall, oral fluency measures appeared before written fluency measures (Abdel Latif,

2013) and the former became the reference for establishing the latter.

3. Oral fluency

First fluency studies dealt with oral fluency. Researchers such as Brumfit (1984), Meisel (1987),
Lennon (1990) and Riggenbach (1991) pointed out the importance of evaluating learners’ oral

fluency to assess their performance in the language. To evaluate oral fluency, researchers
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generally suggested two types of task: monologue when the learner performed the speech on
his own and dialogue when a learner had a conversation with another learner or with people
who conducted the experience. For evaluating utterance fluency in monologue and dialogue,
researchers suggested a set of quantitative temporal measures. To evaluate cognitive fluency,
they mainly studied the effects of cognitive processes on fluency (for example, to what extent
the fluency can be influenced by the repetitions of the tasks and preparation). For evaluating
perceived fluency, researchers mainly used the CEFR levels.

3.1. Monologue oral fluency

First fluency papers mainly assessed monologue oral fluency because at the time when the
measurement of fluency had just appeared it was easier to analyse monologues rather than
dialogues (Lennon, 1990; Towell et al., 1996). Lennon (1990) pointed out that he preferred
monologue tasks for two reasons. The first reason was that turn-taking, floor-holding and
interrupting are very difficult to analyse. The second reason was that learners’ utterances were
audio-recorded and all the paralinguistic information was not available for the study. According
to Lennon, it would make things even more difficult if there were dialogues.

Lennon studied the effect of language learning on fluency improvement. He used recordings
produced by L2 English learners with an interval of 6 months. Firstly, recordings were played
to EFL English teachers who assigned fluency ratings to each performance. Then measures
such as number of words per minute; number of self-corrections and repetitions per t-unit?; total
unfilled and filled pause time; number of filled pauses and mean length of speech runs were
applied to the recordings. Number of words per minute and number of filled pauses per t-unit
showed significant improvement in speakers’ fluency. The comparison of utterance and
perceived fluency confirmed the hypothesis that learners became more fluent after a 6-month

period.

Later researchers also made a connection between the evaluation of perceived and utterance
fluency. Préfontaine (2010) evaluated 3 monologue tasks performed by L2 French learners
according to utterance fluency measures such as number of syllables per minute, phonation time
ratio and mean length of runs between pauses. To analyse perceived fluency, she rated the tasks
twice: at week one and at week 6 according to the CEFR levels. The task that showed the lowest

1 A t-unit: shortest grammatically allowable sentence as defined by Hunt, K. Grammatical structures within a
three grade levels, p.21.
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results of utterance fluency was also the most difficult task to rate and showed considerable the
CEFR rating differences.

Towell et al. (1996) explored the influence of cognitive fluency on utterance fluency. He is
interested in psycholinguistic mechanisms that are behind fluency. Towell et al. did a
longitudinal study of the evaluation of the monologue fluency of advanced learners of French.
They used temporal variables to assess learners’ utterance fluency such as speaking rate,
phonation/time ratio, articulation rate and mean length of runs between pauses. Improved
results showed that fluency is strongly influenced by the proceduralization (automatization) of
linguistic knowledge and that the most meaningful indicator of speakers’ fluency is mean length

of runs between pauses.

The links between cognitive and utterance fluency were also explored by De Jong et al. (2013).
They assessed the monologues of L2 speakers of Dutch. The measures that were used to
evaluate utterance fluency were mean silent pause duration, mean syllable duration, the number
of filled pauses, the number of corrections and the number of repetitions. The variable mean
syllable duration showed the most correlation with L2 cognitive skills, such as lexical and
morphosyntactic retrieval speed.

Preparation activities such as planning can contribute to the development of cognitive and
consecutively, utterance fluency. Foster and Skehan (1996) pointed out that that the number of
pauses and the total amount of silence reduced considerably when learners did planning before
performing a task They used such utterance fluency variables as reformulations, false starts,

repetitions, replacements, hesitations, pauses and total amount of silence during the monologue.

Segalowitz et al. (2017) defined measures that were considered pertinent for analysing
monologue utterance fluency of L2 French learners. To evaluate utterance fluency Segalowitz
et al. established a set of 23 fluency measures. After logical and statistical analysis only 5
measures remained: mean length of runs between pauses, seconds of phonation between pauses,
pruned articulated syllable duration, mean silent pause duration and mean filled pause duration.

Four of those measures showed significant gains over time, except mean filled pause duration.

Researchers who studied monologue fluency found out that the information provided by the
assessment of perceived and cognitive fluency is a good predictor of utterance fluency results.
They also found out that proceduralization and planning can lead to better fluency rates. To
assess utterance fluency, they used a set of measures that are linked to the length of runs, the

number and length of pauses, the number of corrections and repetitions. Among those measures
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- speech rate, number of pauses, mean syllable duration, mean silent pause duration, mean filled

pause duration and mean length of runs between pauses - were the most pertinent.

3.2. Dialogue oral fluency

Perceived fluency can be more directly assessed in dialogues than in monologues, because the
evaluation is done by the interlocutor. Guillot (1999) criticized the studies of monologue oral
fluency. According to her, the role of the interlocutor is very important. For Guillot fluency is
a judgement by the listener of the speaker’s communication abilities, rather than a performance
marker that can be evaluated objectively. According to Guillot, fluency depends on the context.
For example, it can depend on the genre of the speech: scientific conversation will be more
difficult than casual. It can also depend on other factors which affect the ease of comprehension:
for example, the coherence of the speech.

Riggenbach (1991) analysed learners’ dialogues in terms of perceived fluency and compared
them to the utterance fluency results. He evaluated the dialogues of 6 L2 speakers of English
with native speakers. The dialogues were first assessed by an ESL teacher on a 7-point open-
ended scale. Then a set of temporal measures was applied to the dialogues. Results showed that
silent pause and speech rate measures were good indicators of utterance fluency. Among the
dialogue-specific measures, backchannels (reformulating what the speaker said) were found a
valuable indicator of fluency.

Foster and Skehan (1999) studied the effects of the processes of planning and repetition on
learners’ dialogue fluency. Along with the measures that can also be used to assess monologue
utterance fluency, such as number of repetitions, number of reformulations, number of pauses,
they used the measures specific for dialogue fluency: number and length of turns. According to
the results, solitary planning contributed to the development of cognitive abilities and the
fluency of speech more than group planning.

Peltonen (2017) established several important measures of utterance dialogue fluency such as
average turn length, number of turn pauses per minute and mean length of turn pauses. She also
used the measures that could be pertinent for a monologue such as speech rate, articulation rate,
number of silent pauses per minute and number of repetitions per minute. Peltonen compared
two groups of L2 Finnish learners of English: the first group were the lower secondary school
students; the second group were the upper secondary school students. Results showed that upper

secondary school students produced significantly fewer and shorter turn pauses. Also, upper
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secondary school students used more repetitions to enhance dialogue fluency. Peltonen claimed

that repetitions help to maintain interactional flow.

Monologue and dialogue fluencies are compared by several researchers including Tavakoli
(2016). To evaluate utterance fluency, Tavakoli used the measures of speech rate, articulation
rate, mean number and length of pauses and mean number of repetitions. The specific dialogue
measures that he used were number of turns and number of interruptions. The results showed
that learners were more fluent in dialogue than in monologue tasks, especially in speech rate,
mean length of pause and mean length of run. Better dialogue than monologue results were also
observed by Witton-Daves(2013) and Gilbert, Baron and Levkina (2011).

Researchers who studied dialogue oral fluency also found a correlation between perceived and
utterance fluency. To assess dialogue utterance fluency, they established a set of measures that
were very similar to the measures of monologue utterance fluency. However, they also
established some new measures that could only be used for dialogue: backchannels, number
and length of turns, number of turn pauses per minute and mean length of turn pauses. Among
the measures that are valuable for both dialogue and monologue, speech rate, mean length of
pause and mean length of run were considered as good indicators of fluency. Among the
dialogue fluency measures, backchannels, number of turn pauses per minute and mean length

of turn pauses were found pertinent.

3.3. Types of oral fluency

Skehan (2003) and Tavakoli and Skehan (2005) pointed out that there are four subdimensions
of oral utterance fluency that can be distinguished: 1) speed fluency (rate and density of
linguistic units that are produced) 2) breakdown fluency (the number, length and location of
pauses 3) repair fluency (false starts, self-corrections and repetitions) and 4) automatization
(material representation of the cognitive ability to produce the smooth flow of speech).

3.3.1. Speed fluency

Speed fluency is mainly associated with the speech rate and rate-related measures, with the
number and density of linguistic units produced. The measures that represented speed fluency

in the articles that analysed oral fluency were the following:
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1) Number of words per minute:
number of words/ minutes (Lennon, 1990, Riggenbach, 1991)
2) Speech rate:
a. number of syllables/ duration of the utterance in seconds (Towell et al., 1996,
Préfontaine, 2010)
b. number of syllables/minutes of speaking time (including all pauses) (Tavakoli, 2016,
Peltonen, 2017).
c. number of words/ minutes of speaking time (including silent pauses) (Witton-Daves,
2013)
3) Articulation rate:
a. number of words/ minutes of phonation time (excluding silent pauses) (Witton-
Daves, 2013)
b. number of syllables/ minutes of phonation time (excluding all pauses) (Tavakoli,
2016, Peltonen, 2017)
4) Number of turns in a dialogue (Tavakoli, 2016).
5) Mean length of turns in a dialogue
Length of turns(in syllables)/ number of turns (Foster and Skehan, 1999; Peltonen,
2017)

As far as we can see, speed fluency is mainly the number of lexical units divided by the time
elapsed. Researchers suggested such measures as speech rate and articulation rate. The
difference between those measures is that the former includes pauses, and the latter excludes
pauses (silent or both silent and filled). Among dialogue-specific speed fluency measures there
is one suggested by Tavakoli (2016): the number of turns in the dialogue.

3.3.2. Breakdown fluency

Breakdown fluency is measured via silence-related metrics. These measures are usually linked
to the amount, frequency and position of silent episodes in the conversation (pauses). Later
researchers (Housen et al.,2012, Peltonen, 2017) also included filled pauses in breakdown

fluency as elements that were not silence but, in most cases, did not have much semantic
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meaning. However, some of the researchers (Tavakoli, 2016) considered that the number and

the duration of filled pauses are measures of repair fluency.

Researchers used the following measures to evaluate breakdown fluency:

6) Percentage of pause time:

a.
b.

(silent pause duration/speaking time) *100 (Lennon, 1990)
(filled pause duration/speaking time) * 100 (Lennon, 1990)

7) Number of pauses per number of words:

a.
b.

filled pauses/number of words (Housen et al.,2012)

per 100 words: (number of filled pauses/number of words)* 100 (De Jong et al.,
2013)

Per 100 words: (number of unfilled pauses/number of words)* 100 (De Jong et al.,
2013)

8) Number of pauses per minute:

a.
b.
C.
d.

total number of pauses/ minutes (Tavakoli, 2016)
number of silent pauses/ munutes (Peltonen, 2017)
number of filled pauses/ minutes (Peltonen, 2017)

number of turn pauses/ minutes (Peltonen, 2017)

9) Words per pause:

number of words / number of silent pauses (Witton-Daves, 2013)

10) Mean duration of pauses:

a.

b.

duration of the silent pauses/ number of silent pauses (De Jong et al., 2013, Peltonen,
2017, Segalowitz et al., 2017)

duration of turn pauses/ number of turn pauses (Peltonen, 2017)

11) Duration of pauses per minute:

duration of pauses/ minutes (Tavakoli, 2016)

12) Duration of pauses per number of words:

Per 100 words: (silent pause duration/number of words)*100 (Witton-Daves,
2013)

As far as we can see, researchers assessed breakdown fluency according to two important

aspects: the number and the duration of pauses. For the number of pauses the denominator is

either the number of words or of minutes. For the duration of pauses the denominator is either

the number of pauses or the number of words, or the minutes elapsed. Dialogue speaking
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fluency researchers such as Peltonen (2017) suggested formulas linked to turn pauses, such as

duration of turn pauses/ number of turn pauses.

3.3.3. Repair fluency

Repair fluency measures are linked to self-corrections, repetitions, reformulations,
replacements and false starts. Researchers used the following measures to evaluate repair
fluency.

13) Number of repetitions per number of t-units:
Number of repetitions/t-units (Lennon, 1990)
14) Number of repetitions per minute:
Number of repetitions/ minutes (Peltonen, 2017)
15) Number of repetitions per words:
Per 100 words: (Number of repetitions/ number of words)*100 (de Jong et al.,2013)
16) Number of revisions per words/ per t-units:
a. Number of revisions/ number of t-units (Lennon, 1990)
b. Number of revisions /number of words (Housen et al.,2012, Witton-Daves,2013)
c. Per 100 words: (Number of revisions/ number of words)* 100 (de Jong et al.,2013)
17) Number of revisions per minute:
Number of revisions/ minutes (Peltonen, 2017)
18) Revision duration per words:
Per 100 words: (The duration of revisions / number of words)* 100 (Witton-
Daves,2013)

We can see that researchers who evaluate repair fluency mainly assess the number of repetitions
and the number of revisions, except Witton-Daves (2013) who suggests the measure revision
duration per words. The denominators both for number of repetitions and number of revisions

are either lexical units (words/t-units) or minutes.

3.3.4. Automatization

To evaluate automatization, early fluency researchers such as Lennon (1990) used the measure
of the mean length of run between pauses in words. He wanted to see the relationship between

the periods of inactivity (pauses) and the periods of activity (runs). The formula suggested by
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Lennon was adapted by Towell et al. (1996) who used the number of syllables to calculate the
mean length of run between pauses. Lennon and Towell et al. confirmed that the longer the runs
between pauses, the better the abilities to retrieve and use lexical, syntactical and grammatical

structures. Researchers provided the following measures to evaluate automatization:

19) Mean length of run between unfilled pauses:
a. the number of words between unfilled pauses/ the number of runs. (Lennon,
1990, O’Brien et al.,2007)
b. the number of syllables between unfilled pauses/ the number of runs (Towell
et al., 1996; Préfontaine 2010, 2013; Segalowitz et al., 2017)
20) Mean length of runs between filled pauses:
the number of words between filled pauses/the number of runs (O’Brien et al.,2007,
De Jong et al.,2013)

Oral fluency was the first one that was analysed by researchers and even now fluency is
traditionally seen as oral (Abdel Latif, 2013). Oral fluency researchers who established
utterance fluency measures often compared their findings to perceived fluency results to see
whether the assessment by the evaluators confirmed their hypotheses about utterance fluency
measures. Several researchers found a correlation between utterance fluency and cognitive
fluency processes and suggested planning and preparation tasks to automatize language
processes. Oral fluency researchers suggested measures that could apply to both monologues
and dialogues. They also suggested dialogue-specific measures. Oral fluency measures were
later adapted by writing researchers to assess writing fluency.

4. Writing fluency

4.1. Definition of writing

According to the Cambridge dictionary, there is a difference between writing as a product and
writing as a process. The former one is defined as “something that has been written or printed”
or “the written work such as stories and poems of one person or a group of people”. The latter
one is defined as “the skill or activity of producing words on a surface” or “the activity of
creating pieces of written work, such as stories, poems and articles”. The Oxford dictionary
makes the same distinction. The product of writing is defined as “written work, especially with
regard to its style and quality” and the process of writing is defined as “the activity or skill of
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writing”. As we study fluency, both product and process of writing are important to us. Seeing
writing as a product is important because the final number of language or time units in the text
can be of use for measuring fluency. Writing as a process can indicate all the changes that are

made by the writers during the writing process, including revisions.

4.2. Writing as a product

Writing as a product can be considered as an object that can be broken down and analysed. The
text as a product can be analysed on several levels, including lexical, (Ferris, 1994; Allen,
2009), syntactic (Ortega, 2003; Ai and Lu, 2013), semantic (Foltz et al.,1998) and pragmatic
(Barron, 2003; Ross and Kasper, 2013). The analysis of writing as product can be 1) quantitative
and 2) qualitative. A good example of using both quantitative and qualitative approaches is
Inaki and Okita’s (2005) article that analyses the lexico-grammatical content of Lewis Carroll’s
books about Alice. On the one hand, researchers counted the different adverbials of saying that
Lewis Caroll used when writing Alice’s utterances. On the other hand, Inaki and Okita drew
conclusions about semantic aspects of those adverbs and underlined that Alice who was passive

in “Alice in Wonderland” became much more active in “Through the Looking Glass”.

Researchers who studied writing fluency performed quantitative analysis of writing as a
product. According to Leijten and Van Waes (2015), the number of words and characters in the
final text differs from the total number of words and characters produced, that is, the final
product does not include revisions and self-corrections. Number of words in the final text
(Storch, 2009, Johnson et al., 2012; Dizon,2016) Number of sentences/t-units in a text ( Storch,
2009; Nguyen, 2015); average sentence length ( Johnson et al., 2012; Nguyen, 2015); number
of final words per minute of writing time (Leijten and VVan Waes, 2015) and number of final
characters per minute of writing time ?(Leijten and Van Waes, 2015; Lindgren and Sullivan,

2006) are fluency variables of writing as a product.

4.3.Writing as a process

2 First researchers who used the amount of writing time as a denominator used such tools as stopwatch. Later
researchers, such as Leiten and Van Waes (2015), used keystroke logging programs for that purpose.
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Writing as a process designates the act of writing itself. This act is seen either as a linear or as
a circular (recursive) progression. The two main types of writing as process models are 1) the
stage model theory and 2) the cognitive model

4.3.1. The stage model theory

According to this model, writing has distinctive, sequential steps. It is a linear series of stages
separated in time. The stage model theory is characterised by the gradual development of the
written product (Flower and Hayes, 1981). It does not consider that drafting and revision can
go together, that if a person is already writing the text, he/she can go back to the stage of pre-

writing (for example, changing the plan of the text).

Figure 1. Pre-Write/Write/Re-Write model by Rohman (1965)3

Pre-Writing

|

Writing

)

Re-Writing

According to Rohman (1965), different things occur at different stages of putting thoughts into
words and words on paper. He distinguishes the stages of 1) pre-writing (when a person
organises his thoughts in the head, thinks about the plan of the text). 2) writing (the writing
process itself) and 3) re-writing (when a person corrects what was written). Rohman focuses
the most on the process of pre-writing as a necessary step of organising a written text. He
mentions the term of “groping” introduced by John Ciardi: at a certain point the process of pre-
writing stops because the people who write have “groped to” what they wanted to say, they
found the necessary ideas and they understood how to organize them. Rohman does not take

3 From Rohman, G. Pre-writing the stage of discovery in the writing process, p 108.
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into account the fact that in the process of writing or re-writing, a person can go back to his/her

ideas and rethink some of them.

Figure 2. Model of conception/incubation, production by Britton (1975)*

Conception

L

Incubation

L

Production

Britton’s model of writing is composed of three stages 1) conception, 2) incubation and 3)
production. The conception stage begins when a person starts to think about the subject. He/she
relates the subject to his/her previous experiences and thinks what needs to be done. According
to Britton, this stage is accomplished when a writer understands what is expected from him. At
the stage of incubation, the writer explains the subject to himself to clarify the ideas. The stage
of production includes both stages of writing and re-writing of Rohan’s model. It begins when
the writer defines his ideas and starts writing. At this stage the writer is constantly revising what

was written.

Rohnan and Britton’s models are good for structuring the writing assignment but do not reflect

the cognitive processes that can lead a writer back and forth from one stage to another.

4.3.2. The cognitive model

According to the cognitive model of writing, the writing process is recursive and different
stages of writing are constantly revisited. The cognitive model places a stage model that usually
includes the stages of planning, drafting and revision in the context of the rhetorical situation

and thinking processes of the writer.

4 From https://uwipresentation.weebly.com/james-britton.html
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4.3.2.1. Hayes and Flower model

Hayes and Flower’s model includes three important processes 1) planning 2) translating and 3)
revising. Planning designates the generation of ideas, their organization and the setting of goals.
Translating refers to the writing itself and revising means reading and editing. Two kinds of
information are alimenting those processes: 1) the task environment, which includes the writing
assignment and the text produced so far and 2) the knowledge that is stored in the writer’s long-
term memory. This knowledge is based on the writer’s experience. It is divided into a) the
knowledge of topics, b) the knowledge of the audience, c¢) writing plans and d) knowledge of

the sources.

Figure 3. Hayes and Flower’s writing model (1980)°
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Writing Assignment Text
Topic Produced
Audience
So Far
¥ 3
Writer's Long A A A 4
Term Memory Planning Translating Revising/
Reviewing
Knowledge of @
Topics E Organizin .
F ¥
Knowledge of — g > eading
Audience =3 .
. . Goal
Stored Writing ra “ii::llin' m
Plans : E

Sources based on

Knowledge of I | I
literature search | Monitor |

The difference between this model and the models of the stage model theory is that planning,
translating and revising can occur at any moment during the writing process because those are
not stages but processes that are constantly linked to cognitive processes. Planning, translating
and revising are coordinated by the monitor that decides whether enough content was generated
and whether a revision is needed. Those choices of the monitor are conditioned by the different

types of knowledge about writing that are stored in the long-term memory.

5 From Flower, L., Hayes, J. A cognitive process theory of writing, p. 370.
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4.3.2.2. Bereiter and Scardamalia’s knowledge telling and knowledge transforming

models

Bereiter and Scardamalia (1987) suggest two cognitive writing models: knowledge telling and
knowledge transforming. The knowledge-telling model is assumed to be more used by novice
writers and consists in direct retrieval of knowledge from long-term memory. By contrast, the
knowledge-transforming model, according to which the retrieval of content is strategically
controlled so that it can satisfy rhetorical goals (Galbraith, 2009), is believed to be used by

expert writers.

Figure 4. Bereiter and Scardamalia’s knowledge-telling model®
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In the knowledge-telling model the writer locates topic and genre identifiers which serve as
cues that help to retrieve information from the memory. According to Bereiter and
Scardamalia(1987), the appropriateness of the retrieved information depends on cues that were
extracted and on information that is available in the brain. When retrieved, an item of content
passes through the test of appropriateness. That test could involve questions that the writer asks
himself, for example, whether it “sounds right”. If the item passes the test, the next cycle of

generation of content begins.

5 From Bereiter, C., Scardamalia, M.The psychology of written composition, p 9.
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Figure 5. Bereiter and Scardamalia’s knowledge transforming model’
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In the knowledge transforming model the knowledge-telling process is still there, but it is
integrated into a problem-solving process that involves two problem spaces 1) the content space
and 2) the rhetorical space. The content space deals with problems of belief and knowledge.
The rhetorical space deals with problems of achieving goals and composition. The key feature
of the knowledge-transforming model is communicative and rhetorical problem formulation
and solving that continues throughout the writing of the text. This model allows the two-way

interaction between continuously developing knowledge and continuously developing text.

According to Bereiter and Scardamalia (1987) knowledge telling and knowledge transforming
models refer to mental processes that are happening when the texts are composed and not to the
texts themselves. Consecutively, as we speculate that language learners, especially at early
stages, use more knowledge telling than knowledge-transforming, we cannot figure it out by

simply looking at a final text.

7 From Bereiter, C., Scardamalia, M.The psychology of written composition, p 12.
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4.3.2.3. Van Galen’s handwriting model

Van Galen (1991) considered different stages of handwriting while emphasizing motor skills
that are used. The stages of handwriting are organised in hierarchical order. The processing

module retrieves the units of different size from the buffer storage.

Figure 6. Van Galen’s (1991) handwriting model®
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The process of handwriting starts from the activation of intentions and retrieval of ideas from
episodic memory. The next level is semantic retrieval of concepts from the verbal lexicon,
followed by syntactical construction of phrases that is done in short memory. The processing
units of spelling are words. They are retrieved from the orthographic buffer. Graphemes are the
input at lower levels, that are also called “motor modules”. The lower levels are characterised
by the size control of allographs in motor memory and the muscular adjustment of strokes that

is made in motor output buffer. All those processes help to form sequences of a written text.

Van Gallen’s model shows a path from cognitive processes that generate concepts and ideas to

the cognitive motor processes that allow the material representation of those ideas on paper.

8 From https://www.researchgate.net/figure/an-Galens-model-of-handwriting-production_figl 225341107
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4.3.2.4. Chenoweth and Hayes’s model of text production

Chenoweth and Hayes developed a writing model in a series of studies (2001,2003). This model
of text production has four main components. 1) The proposer suggests planning and then
creates content (the idea package) which is sent to 2) the translator. The translator produces a
word string which is then evaluated by 3) the evaluator/revisor. If the reviser accepts the string,
it is passed forward to 4) the transcriber and is turned into a text. If the string is not acceptable,
the reviser goes over the idea package or the word string again and again till the result is

satisfying. The reviser can interrupt any other processes at any time.

Figure 7. Chenoweth and Hayes’ (2003) model of text production?®
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This model underlines the fact that written language is usually produced in bursts of sentence

parts rather than in sentences. Chenoweth and Hayes (2001, 2003) made a difference between
p-bursts and r-bursts. A p-burst (pause-burst) is a segment of a text terminated by a pause. An
r-burst (revision-burst) is a segment of a text terminated by a revision. According to Chenoweth

and Hayes, the longer the text produced by the writer before a pause is, the higher the capacities

° From Chenoweth, A. Heyes, J. The inner voice in writing, p. 113
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of the translator are. They claimed that the length of p-bursts was reduced when writers write
in L2 compared to L1, and that less skilled L2 writers generally had shorter p-bursts than more
skilled ones. Also, L2 writers produced more r-bursts because they made more revisions.

Writing models tend to represent the writing process, the stages of writing, while the researchers
who analyse the final text focus on the product. According to the stage model theory, writing
stages follow one another. By contrast, in the cognitive model different writing processes such
as planning, translating and revising can happen at any moment during writing. While several
researchers focus on the generation of ideas, their expression and reformulation, (Hayes and
Flower, 1981; Bereiter and Scardamalia, 1987; Chenoweth and Hayes, 2003) other researchers
focus on motor processes (Van Galen,1991). Based on cognitive models suggested by
researchers and on the oral fluency research, writing fluency researchers started suggesting

writing fluency measures.

4.4. Assessing writing fluency

A reference to fluency most commonly designates oral fluency (as in the the CEFR grade that
only evaluates oral fluency). However, researchers already started evaluating writing fluency
in the nineties (Wolfe-Quitero et al., 1998). Writing researchers rarely evaluated perceived
fluency. Abdel Latif (2013) provided the following measures of perceived fluency: text
structure, coherence and cohesion, linguistic features characterizing rhetorical functions,
number and length of t-units and sentence length, although the two last ones were considered
as production (utterance) fluency measures by other researchers (Johnson et al.,2012; Nguyen,
2015).

Writing researchers mainly evaluated cognitive and production (analogue of utterance for oral)
fluency. When evaluating production fluency, they distinguished between product-based and
process-based fluency measures. Product-based measures assess the final product and process-
based measures are linked to the whole process of writing (including revisions and self —
corrections). Process-based fluency measures partially show how cognitive fluency influences
production fluency and what mental processes are taking place in the writer’s head during
writing. (Chenoweth and Hayes, 2003, Leijten and Van Waes, 2015).
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4.4.1. Product — based fluency assessment

As far as writing is a process that usually cannot be directly observed, researchers established
the measures that can assess the final product. Early studies use such measures as a total number
of words/ sentences. In Wolfe-Quitero et al. (1998) the measure of the total number of words
in the text was used. That measures could be counted manually (for handwriting) or using a
computer count tool (for texts written on a computer). Later Storch (2009) did a longitudinal
study that compared essays of L2 students who learn English at the beginning of the semester
and 12 weeks later. He used the measure of the number of words suggested by Wolfe-Quitero
et al. (1998). Results showed no significant increase in fluency, probably because of the

recommended word length and time constraints.

The studies that dealt with handwriting fluency did not have the full set of tools to measure all
the changes in the text. Handwriting fluency researchers were generally counting the final
number of elements in the text and the final time spent on each writing task. For example, Olive

et al. (2009) used the number of words per minute to assess children’s fluency.

Some of the handwriting studies considered fluency as the automaticity of the production.
Connelly et al., (2007) considered the texts of pupils who are fast at handwriting as fluent. This
assumption reflected the psychomotorical aspects of the writing that were pointed out in Van
Galen’s (1991) writing model where the cognitive processes of planning and translating were
followed by motor adjustments. However, evaluating motor adjustments can only partially
represent fluency. For example, writers who write quicker would be considered more fluent

than writers who write slower, although it is not always the case.

Dizon (2016) compared fluency of L2 English learners at handwriting with fluency when
writing on Facebook in a longitudinal study. The control group wrote with paper-and-pencil,
the experimental group used Facebook. Dizon measured the number of words that were written
by each participant during the assessment before, in the middle and after the 12-month period.
Results showed that the experimental group overperformed the control group in terms of
fluency gains. According to Dizon, it can be explained by the interactive possibilities of
Facebook: for example, the participants from the experimental group could leave comments

under other participants’ texts.

Nguyen (2015) also evaluated the number of words written by participants during the task,
although he did not do a comparative study. Other fluency measures that he used were the

number of sentences and the number of words per sentence. Vietnamese learners of English
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who took part in the experiment were divided into an experimental and a control group. The
experimental group performed the 7-minutes writing activity 3 times a week during the 10-
month period. The control group of learners only performed the task at the beginning and at the
end of 10-month period. According to the results, the experimental class made significant gains

in the number of written words, compared to the control group.

Several researchers studied the effect of pre-planning on writing fluency. Johnson et al. (2012)
looked at the effect of pre-planning of different aspects of Spanish learners of English
proficiency including writing fluency. To evaluate fluency, they used the total word number
and the average sentence length. The researchers found that pre-task planning did not have a
significant impact on L2 writing fluency. It contrasted with the results of Ellis and Yuan (2004)
who used the number of words per minute to measure fluency. Ellis and Yuan found out that
the group of L2 learners that used pre-task planning wrote more words and syllables compared

to the group that did not have any planning time.

Researchers who evaluated writing as product used a set of measures that can be calculated for
the final text: the total number of words, sentences and syllables in the text and the mean length
of t-units and sentences. Researchers who assessed writing as process also used those measures,
although they added another set of measures that reflect the changes that the writer was making

during the writing time.

4.4.2. Process-based fluency assessment

Measuring writing fluency as a process began with the Chenoweth and Hayes’s (2001, 2003)
model of writing production. According to them fluency depended on two processes: the
translation process that turns thought into the proposed language and the revision process that
selects or changes the proposed language. They introduced the notion of bursts that are
translating events that are followed by a pause (p-bursts) or by a revision (r-bursts). Chenoweth
and Hayes believed that the longer the p-bursts or r-bursts, the better the capacity of the
translator to handle complex language structures. According to them, the length of bursts also
reflected the cognitive aspects of the revision process. When the translator became more
grammatically, lexically and syntactically accurate, the revisor accepted more strings and there

were fewer revisions.
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Evaluating pauses, revisions and self-corrections would be difficult without the means that
allow registering every change made to the text by the writer. Several techniques are used to
record the changes made to the text: 1) eye tracking, 2) thinking-aloud protocol and 3) keystroke
logging. Researchers often used two of them or three of them combined so that they could have

more information about the writing process.

4.4.2.1. Eyetracking

Eyetracking is meant to be done to record the focus of the writer during the writing process.
Chenoweth and Hayes (2001) did video-recordings to understand when the learners were
reading the texts that they had already written. Wengelin et al.(2009) used eye-tracking logs for
the same reason. They wanted to understand at what point writers re-read the text, which could
explain the nature of pauses between p-bursts. According to Wenegelin et al., writers were
likely to spend the time of the pause on re-reading the text to understand whether they should

make a revision or even rethink the ideas that they expressed.

Leijten and Van Waes (2013) combined eyetracking with keystroke logging to understand what
the writer does during the non-activity periods (pauses). They observed the switching of writers
between text-production, reading of the text that has been already written and external sources
(Internet). They also made a distinction between monitor-gazers (writers who mainly look at
the screen) and hunt-and-peck typists (who mostly look at the keyboard). According to Leijten
and Van Waes, when hunt-and-peck typists “felt” that they made a mistake, they looked at the
screen to correct it. Otherwise they wrote words without looking at the screen. They produced
new parts of text in long bursts without pausing and without monitoring the produced text.

Eyetracking helps to understand the focus of the writer but it can only partially explain pausing
and revision behaviour. To have more cogent information about that behaviour, researchers

used thinking-aloud protocol and keystroke logging.

4.4.2.2. Thinking aloud protocol

Thinking aloud protocol means that writers verbalise their thoughts when writing. It allows
researchers to observe the relationship between the translator, the reviser and the proposer
according to Chenoweth and Hayes” model (2003). Following the thinking aloud protocol we

can understand when the writer switches from translator to revisor or even when he wants to
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rethink the main ideas and switches to proposer. Leijten and Van Waes (2013) provided an

explanatory scheme that reflects the way the thinking aloud protocol works.

Figure 8. Example of a combined thinking aloud protocol and a linear keystroke logging
representation (Leijten and Van Waes (2013)

Thinking aloud protocol (TAP) Inputlog output
Classification: Start

Start time  Transcript protocol Krings's model time Linear representation
00:51:43  het is aangewezen TARGET/ 00:51:43 Hezt-I[BS4]t-is-

geen alcoholische PROD/ aangewezen -geen -

dranken te CONCRETE/ alcoholische *dranken-

gebruiken (--) te VARIANT te:

consumeren (----) 00:51:53 [3,031 ms]

te gebruiken 00:51:55 gebruiken

[lt is appropriate [use]

not to use (--)
to consume (---)
to use alcoholic
beverages]

In the column “transcript protocol” we can see how the writer activated the revisor, tried to find
the right word for the thought that he wanted to express and hesitated between two verbs: “te
gebruiken”(to use) and “te consumeren”(to consume). He finally chose “te gebruiken”. It

becomes clear from the linear representation of the text.

Chenoweth and Hayes (2003) used thinking aloud protocol to compare L1 and L2 writing
fluency of native English speakers who learned French and German. They found out that the
average p-burst length for learners is longer when they write in L1 than when they write in L2.
Chenoweth and Hayes also calculated the percentage of r-bursts and found that they were much
more frequent in L2 writing, so L2-writers make more revisions than L1-writers. When learners
were writing in L1 they had 13% of r-bursts out of the total number of bursts, when they were
writing in L2 they had 26% of r-bursts.

Although thinking aloud protocol can be very useful since we can understand writers’
rationalizations of their writing behaviour, it forces the writers to switch their attention from
writing to explaining their writing (Rosenqvist, 2015). Leijten and Van Waes (2013) also
underlined that the process of verbalising thoughts that was performed simultaneously with
writing could disturb the problem-solving cognitive process and the writing fluency itself.
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4.4.2.3. Keystroke logging

Keystroke logging is a tool that records writing sessions and stores the information about time
and occurrence of every keystroke in a log file. Keystroke logging provides indirect evidence
about cognitive processes during online writing (Spelman Miller et al., 2008). It reminds us of
Van Galen’s (1991) handwriting model where ideas transform into concepts, concepts into
phrases, phrases into words and so on. The smallest unit of this process is a stroke, a movement
during handwriting. Here it is also a stroke but of a different nature — a movement that is used

to press a key on a keyboard.

Figure 9. Example of an output as generated by a General analysis module of
Inputlog(Leijten and Van Waes, 2015)

#1d Event Type Output Position Characler Start Time  Start Clock End Time End Clock Action Pause PauseLocation

Production Time  Time

27 keyboard S 3 4 23697 0:00:23 23743 0:00:23 46 203 WITHIN WORDS
28  keyboard a 4 4 24024 0:00:24 24102 0:00:24 78 327 WITHIN WORDS
29 keyboard t 5 5 24087 0:00:24 24149 0:00:24 62 63 WITHIN WORDS
30 keyboard u 6 6 24664 0:00:24 24711 0:00:24 47 577 WITHIN WORDS
31 keyboard T 7 7 24820 0:00:24 24898 0:00:24 78 156 WITHIN WORDS
32 keyboard d 8 8 25038 0:00:25 25101 0:00:25 63 218 WITHIN WORDS
33 keyboard a 9 9 25288 0:00:25 25350 0:00:25 62 250 WITHIN WORDS
34 keyboard y 10 10 25803 0:00:25 25865 0:00:25 62 515 WITHIN WORDS
35 keyboard SPACE 11 11 26224 0:00:26 26302 0:00:26 78 421 AFTER WORDS
36 keyboard w 12 12 26723 0:00:26 26801 0:00:26 78 499 BEFORE WORDS
37  keyboard e 13 13 26988 0:00:26 27051 0:00:27 63 265 WITHIN WORDS
38  keyboard BACK 14 14 27394 0:00:27 27441 0:00:27 47 406 DELETION

39  keyboard BACK 13 15 27534 0:00:27 27597 0:00:27 63 140 REVISION

40  keyboard n 12 15 29063 0:00:29 29110 0:00:29 47 1529 WITHIN WORDS
41  keyboard i 13 15 29453 0:00:29 29500 0:00:29 47 390 WITHIN WORDS
42 keyboard g 14 16 29827 0:00:29 29890 0:00:29 63 374 WITHIN WORDS
43 keyboard h 15 17 29999 0:00:29 30061 0:00:30 62 172 WITHIN WORDS
44 keyboard t 16 18 30311 0:00:30 30373 0:00:30 62 312 WITHIN WORDS
45 keyboard SPACE 17 19 30685 0:00:30 30748 0:00:30 63 374 AFTER WORDS
46 keyboard LSHIFT 18 20 31029 0:00:31 31294 0:00:31 265 344 BEFORE WORDS
47  keyboard I 18 21 31200 0:00:31 31263 0:00:31 03 171 WITHIN WORDS
48  keyboard SPACE 19 21 31497 0:00:31 31559 0:00:31 62 297 AFTER WORDS

Leijten and VVan Waes (2015) provided an example of data collected with Inputlog, a keystroke
logging program. In the column event type we see all the events of type keyboard. In the column
output we see characters and other keys that were typed (for example back (backspace) and
space). It also shows the start time and end time of each keystroke (in seconds). The information
about time allowed the researchers to differentiate between the action time (p-burst time) and
the time of the pause. Using this information, it is possible to calculate several fluency

measures, including the number and the length of p-bursts. The information about backspaces
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or deletions combined with temporal data allows the calculation of the number and the length

of r-bursts.

The nature of the pauses is also important for evaluating writing fluency. Baaijen et al. (2012)
found out that the total duration of pauses between sentences and subsentences was bigger than
the total duration of pauses between words and that the latter was bigger than the total duration
of pauses within words. He also found out that the longer the pauses between sentences and the
subsentences were, the shorter the p-bursts were, although he did not find this correlation for
pauses between words. Rosenqvist (2015) claimed that the higher-level planning should take
place at the same point as it does in speech: at sentence and clause boundaries. According to
Almond and al. (2012), pauses between words may reflect the process of lexical retrieval and

pauses within words usually reflect typing speed or spelling problems.

Alves et Castro (2008) underlined that writing fluency results obtained with keystroke logging
can be influenced by the typing speed of the writers. They compared fast writers to slow writers
and found out that the fluency of slow typists was reduced. The reduction of fluency was not
related to the high-level cognitive processes of writing but to the difficulties in low-level
transcription and the lack of motor skills. They suggested performing typing speed tests to

understand to what extent it can influence writers’ fluency results.

Several researchers used the term burst as a general term that includes both p-bursts and r-
bursts. Lindgren et al. (2008) used keystroke logging to explore differences between L1 and L2
writing of English learners in Sweden. They defined burst as the total number of typed
characters (including those that were deleted) divided by the sum of the number of pauses and
the number of revisions. To calculate fluency during burst they divided the writing time by the
sum of the number of pauses and the number of revisions. Results showed that bursts were

longer for L1 than for L2 and that fluency during burst was better for L1 than for L2.

Keystroke logging allows to use both the data of the final text and the data that is not present in
the final text (deleted words and characters). Leijten and Wan Vaes (2015) compared product-
based and process-based writing fluency measures when evaluating L1 and L2 writing fluency.
They calculated the number of characters written in the final text, the total number of characters
written (including characters that were deleted) and the revision proportion: the number of final
characters divided by the total number of characters. Results showed that L1 writers

outperformed L2 writers both in terms of product and process-based fluency.

35



Researchers who assessed process-based fluency used measures that they could calculate with
the help of eyetracking, thinking aloud protocol and keystroke logging. They made a distinction
between product and process measures: for example, the number of characters in the final text
and the total number of characters, including those that were deleted. Along with the total
number of characters, p-burst and r-burst measures indicated important stages of the writing
process, showing cognitive patterns such as planning, lexical and grammatical retrieval and

revision behaviour.

4.4.3. Writing fluency measures

Writing fluency measures are to a large extent based on oral fluency measures. Those measures
also asses 1) rate of the production, 2) pause behaviour, 3) revision behaviour and 4)
automaticity. Some of the measures were directly transferred from speech to writing, such as
number of words per minute (Lennon, 1990, Riggenbach, 1991) that was later used by Leijten
and Van Waes (2015). Some of the measures were adapted to writing. For example, the measure
length of run (Lennon, 1990; Towell et al., 1996) became length of burst and was divided into
p-bursts and r-bursts according to several researchers. As in speech, a writing process that is

more often interrupted by pauses and revisions was considered less fluent.

Abdel Latif (2013) provided an example of the way that researchers adapted oral fluency
measures to writing. He considered all the types of oral fluency. Breakdown fluency became
writer’s pausing, repair fluency transformed into changes made to the text, speech rate turned
into composing rate. Length of bursts became length of translating episodes between pauses.
However, Abdel Latif did not take the length of r-bursts into account.

Table 2. Transformation of speaking fluency measures into writing fluency measures
according to Abdel Laitf (2013)

Speaking fluency measures Weriting fluency measures

Breakdown fluency Writer’s pausing (Spelman Miller (2000))
Repair fluency Changes made to the text (Knoch (2007))
Speech rate Composing rate (Sasaki (2000))

Length of bursts occurring between pauses | Length of translating episodes written

between pauses (Abdel Latif (2009))
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Overall, there is a clear transition between speed and writing fluency. Number of syllables/
words per minute (Witton-Daves, 2013; Tavakoli, 2016; Peltonen, 2017) becomes number of
characters/ words per minute (Leijten and Van Weis, 2015). Percentage of pause time is present
in both oral (Lennon, 1990) and written (Spelman Miller et al., 2008) research. Mean length of
runs between pauses (Lennon, 1990, Towell et al., 1996; O’Brien et al.,2007; Préfontaine 2010,
2013) becomes mean length of p-bursts (Chenoweth and Hayes, 2003; Abdel Latif, 2013;
Leijten and Van Waes, 2015).

Writing fluency researchers provided the following measures to measure writing fluency:
Speed fluency

21) Number of words:
a. Number of words written in a final text(Wolfe-Quitero et al., 1998 Ellis and Yuan,
2004; Liao and Wong, 2007; Storch, 2009; Johnson et al., 2012; Dizon, 2016)
b. Number of words written in 7 minutes in a final text (Nguyen, 2015)
22) Number of t-units in the final text (Storch, 2009)
23) Number of sentences written in 7 minutes (Nguyen, 2015)
24) Number of final characters per minute:
number of final characters/ minutes (Leijten and Van Weis, 2015)
25) Number of final words per minute:
number of final words/minutes (Leijten and Van Weis, 2015)
26) Total number of characters per minute (including the deleted ones):
total number of characters/ minutes (Leiten and Van Waes, 2015)
27) Total number of words per minute (including the deleted ones):
total number of words/ minutes (Leiten and Van Waes, 2015)
28) Average sentence length:

total length of sentences/ number of sentences (Johnson et al.,2012; Nguyen, 2015)
Breakdown fluency
29) Average pause length:
pause time/number of pauses (Spelman Miller et al., 2008, Lindgren et al.,2008)

30) Pause time (% of the total time):
(pause time/total time)*100 (Spelman Miller et al., 2008)

Repair fluency
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31) Number of revisions (Lindgren et al.,2008)
32) Revision proportion:
a. number of final characters/ total number of characters (Leijten and Van Waes,
2015)

b. number of final words/ total number of words (Leijten and VVan Waes, 2015)
Automatization

33) Fluency during burst:
total writing time + total pause time/ number of revisions + number of pauses
(Spelman Miller et al., 2008)

34) Mean length of p-bursts:
total number of characters / number of p-bursts (Abdel Latif, 2013, Leijten and Van
Waes, 2015)

35) Mean length of r-bursts (in characters):

total number of characters / number of r-bursts (Leijten and Van Waes, 2015)

There are several differences between the assessment of oral and writing fluency. Writing
fluency researchers did not make a difference between silent and filled pauses because filled
pauses do not exist in writing. They also did not mention turns and turn pauses as pretty much
none of those studies assessed dialogue writing fluency. The studies that evaluated dialogue
writing fluency (Liao and Wong, 2007; Rezaei and Manzari, 2011) only used product-based

measures such as the number of words in the text.

Other differences between oral and written fluency measures that we noticed is that oral fluency
researchers did not compare the total number of words to the final number of words because it
was always a total number of words (including revisions) that was considered. The measures
of automatization are more cogent for written than for oral fluency. Also, oral fluency measures
only included the length of run followed by a pause whereas writing fluency measures also
included the length of run (burst) followed by a revision.

Writing can be considered as a product or as a process. The early process models of writing
were heavily based on the assumption that writing has “final” stages (like in stage model
theory). However, later researchers noticed that writing can go back and forth from one stage
to another. This resulted in the more cogent perception of writing that gave way to not only
creating product-based but also process-based measures that can be calculated with the help of

eyetracking, thinking aloud protocol and keystroke logging. Process-based measures not only
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provide information about production but also give hints about cognitive fluency (Chenoweth
and Hayes, 2003, Leijten and Van Waes, 2015).

5. Conclusion

The term fluency that is one of the three components of CAF was mainly associated with oral
fluency. Evaluation scales such as the CEFR only assessed oral perceived fluency (as a
component of learners’ proficiency). Then researchers began to establish oral utterance fluency
measures which were subsequently adopted for writing fluency research. Both oral utterance
fluency measures and process-based written fluency measures provide information about
cognitive fluency. (Lennon, 1990; Skehan, 2003; Chenoweth and Hayes, 2003; Gatbonton and
Segalowitz, 2005; Segalowitz, 2010, 2016, 2017; Leijten and Van Waes, 2015). In writing
fluency research, cognitive models of writing such as Flower and Hayes(1981), Bereiter and
Scardamalia (1987), Van Galen (1991), Chenoweth and Hayes (2003), can help to understand
the processes that influence production fluency.

In oral fluency research a set of monologue and dialogue fluency measures was established, but
in writing fluency research no dialogue-specific measures were indicated, as writing fluency
researchers almost always focused on monologue productions. In the next chapter we will make
an overview of the field of dialogue writing fluency and understand what measures could be

good predictors thereof.
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Chapter I1. Methodology

1. Introduction

Several oral and written fluency studies established a set of fluency measures. However,
although in oral fluency studies researchers assess both monologue and dialogue utterance
fluency measures, only a few writing fluency researchers assess dialogue writing fluency. There
is a need to establish a set of measures that help to evaluate dialogue writing fluency. After
analysing 35 oral and written fluency measures suggested by researchers, we established a set
of 16 measures. Moreover, we introduced 6 new fluency measures, 4 of which are dialogue-

specific.

This chapter sets out by providing an overview of the studies about dialogue writing fluency.
Then it focuses on the data of conversations of Dutch-speaking pupils with a chatbot that we
used to both establish the measures and verify the functioning of their formulas. Next, the
establishment of fluency measures is explained. Finally, the functioning of the package in

Python language that is used for the calculation of the measures is explained.

2. State of the art

The current study explores the area that is under-researched in writing fluency assessment. Even
though there are a significant number of dialogue oral fluency studies (Guillot, 1999;
Riggenbach, 1991; Foster and Skehan, 1999; Tavakoli, 2016; Peltonen, 2017), fewer
researchers analysed dialogue writing fluency. It can be partially explained by the fact that
researchers often consider writing as a monologue production and base their analysis on essays,
even when the interactive methods allow them to experiment with dialogues. For example,
Dizon (2016) used Facebook to collect data, but the task that he gave to L2 English learners
was to write several essays. The learners were encouraged to leave comments under other

learners’ essays, but we could hardly say that it is a dialogue.

Many researchers who studied dialogue writing fluency focused on dialogue journals. Dialogue
journals appeared in the 80-s (Mehrdad, 2008). At the beginning they represented an exchange
between learners and teachers and were usually done in notebooks. Later dialogue journals also
became an exchange between students which was often done online: via e-mails or social

networks. The aim of dialogue journals was to promote writing in a non-evaluative context,
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contribute to the development of communication to the sharing of ideas. According to several
researchers (Mehrdad, 2008, Liao and Wong, 2007, Rezaei and Manzari, 2011) dialogue

journals helped to improve learners’ writing fluency.

In most of the dialogue journal studies only perceived fluency was rated. Mehrdad (2008), who
observed the positive effect of dialogue journals of L2 English learners’ writing fluency, based
his results on the evaluation done by raters. Those raters evaluated the text according to a 20-
point scale. Alsaleem (2014), who analysed dialogue journals of L2 Saudi Arabian learners of
English in WhatsApp, used an evaluation grid where fluency was one of the evaluation criteria
alongside content, organisation of ideas and vocabulary. Alsaleem did not find any significant

effect of dialogue journals on writing fluency, although the vocabulary results improved.

Researchers who assessed production fluency in dialogue journals’ interactions usually used
very basic measures such as the length of the text. Liao and Wong (2007) assessed writing
fluency of Chinese learners of English and found that after a 12-month period the number of
words in learners’ texts significantly increased. Rezaei and Manzari (2011) assessed writing
fluency of Iranian learners and used e-mail dialogue journals for that purpose. They found that
in 7 weeks the number of words in learners’ interactions noticeably increased. The number of
words was the only criteria of fluency assessment, although some other criteria could have been

applied.

The lack of cogent measuring of dialogue production writing fluency provides a need for an
establishment of a set of measures that could help to analyse dialogue writing fluency. Dialogue
journals do not always provide sufficient data for dialogue analysis, especially when we are
considering paper-and-pencil methods or e-mails. Those are not dialogues in the proper sense
of the word (compared to oral interactions for example) because there are significant time gaps
between the time when one person writes something and another person replies. By contrast,
the data of the conversations with the conversational agent is a real-time interaction and can

provide much more information about dialogue writing fluency.

The data that could provide enough information for establishing writing fluency measures and
could show the details of writing process is the data collected with keystroke logging. To
evaluate writing fluency researchers usually used the systems of keystroke logging that already
exist. Lindgren and Sullivan (2006) and Spelman Miller et al. (2008) used a keystroke logging

system JEdit, developed in the IPLab in Sweden. JEdit does not provide a set of tools to analyse
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fluency measures, so in both studies fluency measures were established separately from the

keystroke logging system.

Lindgren and Sullivan (2006) established three measures of fluency: number of characters
produced per minute, burst (total number of characters / (total number of revisions + total
number of pauses)) and fluency during burst (total writing time — total pause time/(number of
revisions + number of pauses)). Later the same measures were used by Spelman Miller et al.
(2008). In both studies the participants wrote essays, so there was no evaluation of dialogue
writing fluency. Also, researchers did not provide a package calculating the established

measures that could be used by other researchers.

A package that calculates writing fluency measures was created by Leijten and Van Waes in
2006. Fluency assessment is not the only purpose of the package. The calculations are done
within a keystroke logging program Inputlog that has several modules. The module record logs
keyboard, mouse and speech data in Microsoft Word and other Windows programs. The Pre-
process module allows the processing of the data from different perspectives: 1) event based
(keyboard, mouse, speech), 2) time based, or 3) window based (what sources does a person
use). The post-process module allows the merging of different output files. The module play
plays back the recorded sessions. The most interesting module for us is analyse. It includes four
levels of analysis: summary, pause, revision and source analysis. Most fluency measures that

are computed by Leijten and Van Waes belong to summary analysis.

Table 3. Production fluency measures calculated by Inputlog (Leijten and Van Waes, 2015)

Measure Formula

Mean length of p-bursts (in characters) Total number of characters/ number of p-

bursts

Mean length of r-bursts (in characters) Total number of characters/ number of r-
bursts

Total number of words per minute Total number of words/ minutes

Final number of words per minute Final number of words/ minutes

Total number of characters per minute Total number of characters/ minutes

Final number of characters per minute Final number of characters/ minutes

Revision proportion 1) Final words/ total words

2) Final characters/total characters
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The measures that were established by Leijten and Van Waes (2015) and can be used by other
researchers who installed Inputlog, provide calculations that help to analyse speed fluency and
automatization. However, Leijten and VVan Waes do not suggest measures that are based on
dialogue-specific features (for example, turn pauses). When the researchers analysed writing

fluency via Inputlog, they used corpora of essays written by L2 English learners.

It would be interesting to provide a set of writing fluency measures that also includes dialogue-
specific calculations. Moreover, dialogue data could provide different results from monologue
data, because an interaction in a dialogue (even when the interlocutor is a program) is different
from a written production when there is no interaction. The aim of our study is to establish a
set of measures which are pertinent to analyse dialogue writing fluency and to create a package

that allows other researchers to easily calculate those measures.

The choice of the measures is also linked to the data that we have. It is important to understand
its structure and contents in order to see how we could adapt the fluency measures suggested

by researchers to the context of our research and also suggest new writing fluency measures.

3. The data

This study used the data collected by Serge Bibauw, PhD researcher at KULeuven and
Université Catholique de Louvain. The data was collected during the experiment that was held
in autumn 2018 in Flemish schools. The participants of the experiment were 215 Dutch-
speaking students who learn French. The mean age of the participants was 13.4 years and their
level of French was A1-A2.1° The participants were divided into 3 groups: experimental,
alternate and control. In our data we only have students from the experimental group, so 76

students in total.

The students had several sessions of conversations with a chatbot created by a Belgian start-up
Linguineo. The name of the chat-bot is LanguageHero and it provides an opportunity to learn
the language via task-based interaction. The system guides the learners through the tasks by
asking questions and providing hints (in their native language) about what the learner could do
next. For example, in one of the scenarios the learner should ask the system where his missing

parents are.

10 Information taken from Serge Bibauw’s unfinished thesis. He is planning to submit it in February 2020.
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The data used for the study was collected via keystroke logging. The difference with keystroke
logging systems used by other researchers such as Inputlog (Leijten and Van Waes, 2013,2015),
JEdit (Lindgren and Sullivan, 2006) and Scriptlog (Stromqvist & Karlsson, 2002), is that in
those systems every pressed key is registered, regardless of whether it changes something or
not. For example, if the user presses the key control accidentally, this event will be registered
by the systems, despite nothing changing on the screen. By contrast, keystroke logging that was
used for our study only provides information about modifications that were done.

Figure 10. Extract from the data collected by Serge Bibauw (2018)

event_text = |event_time | v |event_type | ¥ |event_type_t | v |exdude = |msg_human |+ | msg_id| = | msg_text
280/tut’ 21-09-18 07:20 0 Text change FAUX VRAI 11823 tu t' appelles
281jtu t’ 21-09-18 07:20 0 Text change FAUX WVRAI 11823 tu t' appelles
282/tut'a 21-09-18 07:20 0 Text change FAUX WVRAI 11823 tu t' appelles
283|tut'ap 21-09-18 07:20 0 Text change FAUX WVRAI 11823 tu t' appelles
284 /tu t'app 21-09-18 07:20 0 Text change FAUX VRAI 11823 tu t' appelles
285/tu t' appe 21-09-18 07:20 0 Text change FAUX VRAI 11823 tu t' appelles
286/tu t'appel 21-09-18 07:20 0 Text change FAUX VRAI 11823 tu t' appelles
287|tu t' appell 21-09-18 07:20 0 Text change FAUX WVRAI 11823 tu t' appelles
288 tu t' appelle 21-09-18 07:20 0 Text change FAUX WVRAI 11823 tu t' appelles
289 tu t' appelles 21-09-18 07:20 0 Text change FAUX WRAI 11823 tu t' appelles
290 NULL 21-09-18 07:20 4 End edit FAUX VRAI 11823 tu t' appelles
291 21-09-18 07:20 0 Text change FAUX VRAI 11823 tu t' appelles
292/tu t'appelles 21-09-18 07:20 1 Player message FAUX VRAI 11823 tu t' appelles
293/ NULL 21-09-18 07:20 2 System message FAUX WVRAI 11823 tu t' appelles
294 NULL 21-09-18 07:20 3 Begin edit FAUX WVRAI 11839 qui es-tu
295/q 21-09-18 07:21 0 Text change FAUX VRAI 11839 qgui es-tu
296/ qu 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
297 |qui 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
298 qui 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
299 quie 21-09-18 07:21 0 Text change FAUX WVRAI 11839 qui es-tu
300 qui es 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
301|quies 21-09-18 07:21 0 Text change FAUX VRAI 11839 qgui es-tu
302/quies- 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
303/quies 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
304|qui es 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
305|qui es- 21-09-18 07:21 0 Text change FAUX WVRAI 11839 qui es-tu
306/qui es-t 21-09-18 07:21 0 Text change FAUX VRAI 11839 qui es-tu
307 qui es-tu 21-09-18 07:21 0 Text change FAUX VRAI 11839 qgui es-tu
308 NULL 21-09-1807:21 4 End edit FAUX VRAI 11839 qui es-tu
2na 21-09-18 0721 N Tevt rhanos FAalY WRAL 11839 Ani As-tn

The data has several columns. The core of the data is that it is divided into conversations, which
are divided into turns. A turn is the learner’s message that he writes to the chatbot that includes
a turn pause. A new turn begins with the reply of the chatbot. The turns are divided into events.
An event is a modification that is made (adding characters, deleting characters, pressing enter)
by a learner. An answer by a chatbot is also considered as an event. All events have unique

numbers, as do turns and conversations. Each user also has a unique id number.
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Table 4. Columns that contain IDs

Column Data

User_id Unique ID of the user

conversation_id Unique ID of the dialogue

Turn_id Unique ID of the turn

Event id Unique ID of each event in the message

This information provided by the data will be useful for us so that we can group the data by
events, turns, conversations and users. Another set of important information is everything that
is linked to time changes. The time of every event is recorded. It allows us to understand how
long each event and each turn last. It also allows us to compute the difference between two

events to understand if there was a pause or not.

Table 5. Columns that contain timestamps

Column Data

Event_time Timestamp of each event (in milliseconds)

Turn_time Timestamp of the beginning of each turn (in
milliseconds)

The data also has several columns that show text changes. The column event_text is the most
important because it reflects all the textual changes in the message (adding and deleting the

characters). The column msg_text shows the whole text of the message.

Table 6. Columns that contain textual information

Column Data

Event_text String of text after the last modification

(insertion, deletion)

Msg_text Final text of the message

The data also provides information about the type of the events. Those types are numbered from
0 to 8. The types of events help to understand what is happening right now in the conversation.
This information is very important for us because we can filter the data according to necessary
criteria (for example, only analyse the moments when the user is writing a message). It also
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helps to calculate time deltas. For example, if we subtract the timestamp of the first event of
type “text change” from the timestamp of the event of type “end edit” we will have the duration

of the current message. If we add a turn pause, we will have the duration of the turn.
The types of events during the conversation are the following:

Table 7. The types of events in the data

Event_type | Event_type_t Action

0 Text change The user changes the string of the text (adding
and removing characters)

1 Player message The chatbot receives the user’s message

2 System message The user receives the message from the chatbot

3 Begin edit The person is beginning to write

4 End edit The user sends the message

5 TTS voicing start The chatbot starts speaking

6 Hint used The user looks for a hint from a system

7 Gloss lookup The user looks for a word in a dictionary

8 Error lookup The user clicks on an error to see possible
explanations

Other important sets of information in the data are the columns msg_human and exclude. The
column msg_human shows if it was a person writing (True if it was a person, False if it was a
chatbot) The column exclude excludes some of the outliers from the data (eg. when the user
just wrote random letters and sent that message to make the conversation go forward). A very
important column is user_vocsize that provides information about the vocabulary size of each
user. This information will be useful to us when we try to find out whether there are correlations
between users’ fluency and users’ vocabulary size. The data also contains information about
user age and gender, but this is not relevant for our study.

4. Temporal variables

Temporal variables which we are able to extract from the data are unlike temporal variables in
other fluency studies that used keystroke logging data (Spelman Miller et al, 2008; Lindgren et
al.,2008; Leijten and Van Waes, 2015). The difference is that other studies analysed written
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productions (essays) where there was no interaction. Here we have timestamps that reflect the
specifics of dialogue that were pointed out by oral fluency researchers, such as turn pause
(Foster and Skehan, 1999; Tavakoli, 2016; Peltonen, 2017). Moreover, here we have an
interaction with a chatbot, which is a program, so it does not have cognitive processes; its speed
depends on analysing received information and retrieving pertinent data from the collection of

available samples.

After analysing the data, we came up with a classification of temporal variables that could be
of use for our study. It is important to point out that those temporal variables are calculated on

the level of each turn, which gives us hints for the future establishment of fluency measures.

Figure 11. Classification of temporal variables on the level of the turn

+ pauses
duration
p-bursts l
duration user message swm | User turn + system turn total turn
duration pause duration duration » duration

A

r-bursts
duration

+ revisions
duration

P-burst and r-burst duration are the smallest units that are of interest to us. The former is user
message duration excluding pauses, the latter is user message duration excluding revisions. The
duration of the user’s message begins when the user presses the first character and ends when
the user sends the message. Adding turn pause to user message duration provides us with user
turn duration, which shows turn pause behaviour. Adding the time when the system writes the
message to the user would give us the total duration of the message. As we study users’ fluency
and not system fluency, the information about the system turn duration is not very important

for us.

After the classification and the meditation over the temporal data, we suggest a list of temporal

variables that are important for analysing written dialogues.
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Table 8. Calculation of temporal variables for turns

Name of the variable Output Format | Formula

User message duration milliseconds The time when the user submits the
message (event_type_t = “end edit ) — the first

typing event (event_type_t = “zext change ")

P-bursts duration milliseconds User message duration — pauses duration

Single pause duration milliseconds current event timestamp — previous event

timestamp > pause threshold.

R-bursts duration milliseconds User message duration-  revisions
duration
User turn pause duration milliseconds First typing event (event type t = “rext

change”) — the reception of the previous
message by the system (event type t =

“system message )

User turn duration milliseconds User message duration + turn pause

duration

Defining different time variables provides us with information that will help us to calculate
fluency measures that use temporal variables as numerators and/or denominators. For example,
comparing the measures where the numerator is the same (such as the number of characters)
and the denominator is either user message duration or user turn duration will show us the

influence of a turn pause on the results.

5. Establishing fluency measures

To establish fluency measures for our study we evaluated 35 fluency measures suggested by
researchers. 20 of them were established by oral fluency researchers and 15 by writing fluency
researchers. The measures were chosen according to three main criteria 1) did other researchers
find this measure relevant? 2) is this measure redundant? 3) is it possible to adapt this measure

to our data?

After analysing these measures, we came up with a list of 16 measures which we were planning
to calculate on the level of each turn. Out of those measures, 5 were calculated precisely

according to researchers’ formula and 5 were adapted for performing calculations on our data.
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Moreover, we came up with 6 new measures, out of which 4 are dialogue-specific. Those new

measures could possibly provide interesting hints about writing fluency.

5.1. Speed fluency measures

To asses speed fluency, 12 speed fluency measures were evaluated (5 oral and 7 writing fluency
measures). Researchers of writing fluency often considered the number of words!! in a text as
a relevant measure of fluency assessment. Some of the researchers found that the number of
words showed fluency gains over time or due to the planning (Silva, 1993; Ellis and Yuan,
2004; Nguyen, 2015; Dizon, 2016). Some of them did not find a significant increase of the
number of words (Storch, 2009, Johnson et al., 2012). This measure is certainly interesting for
us, but as we give preference to temporal fluency measures such as the division of the number
of words by the amount of writing time, we would opt for that solution. That is how we came

to the measure words per user message duration.

Several oral fluency researchers use measures of speech rate (Préfontaine, 2010; Witton-Daves,
2013; Tavakoli, 2016; Peltonen, 2017) and articulation rate (Préfontaine, 2010; Witton-Daves,
2013; Tavakoli). Their denominators are different: speech rate is the number of syllables*? or
words® divided by the writing time including pauses. Articulation rate is the number of
syllables'* or words®® divided by the writing time excluding pauses. Some of the researchers
found the measures of speech rate among the most reliable for measuring fluency (Witton-
Daves, 2013; Tavakoli, 2016; Peltonen, 2017). In contrast, the measure of articulation rate was

not found pertinent by researchers.

It would be interesting for our study to make an analogue of speech rate. That is how we
established the measure of total characters per user message duration. The total number of
characters includes characters that were deleted, which is comparable to speech rate, because
one cannot delete characters in speech. User message duration is the time of writing a message
that includes pauses. Also, the formula of the established measure reflects the principle of

Leijten and Van Waes’ formula of total characters per minute®®,

1 p. 37, measure 21.

12p. 17, measure 2, formulas a and b.
13 1bid., measure 2, formula c.

14 1bid., measure 3, formula b.

15 1bid., measure 3, formula a.

16 p. 37, measure 26.
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The idea suggested by Leijten and Van Waes (2015) that one should assess both product and
process fluency measures seemed interesting to us. According to their study, the usage of both
product and process measures showed a significant difference between native speakers and
learners of language. That is why we decided to take Leijten and Van Waes’ measure of final
number or characters per minute!’ as an indicator of product fluency. After adapting this
measure to our data, we came up with the measure final characters per user message duration.
It would be interesting to compare that measure to the measure total characters per user message

duration which is an indicator of process fluency.

We would also like to establish some dialogue-specific measures. Previous researchers
suggested such measures as number®® and mean length® of turns (Foster and Skehan, 1999;
Tavakoli, 2016; Peltonen, 2017). As we calculate the measures on the level of the turn, we
already know that there will be one turn pause, so the number of turns is not a relevant measure
for us. Mean length of turns also cannot be calculated for each turn, only for each dialogue. To
see the influence of the turn pause on the fluency results, we suggest one process and two
product measures: total characters per user turn duration (user message duration + turn pause),

final characters per user turn duration and words per user turn duration.

Taking into consideration the already existing measures and adapting them to the data that we
have, we came up with 6 speed fluency measures, 3 of which are adapted from previous research
and 3 suggested by us. The measures suggested by us are dialogue-specific: total characters per

user turn duration, final characters per user turn duration and words per user turn duration.

Table 9: Speed fluency measures

Name of the | Researchers Output format | Formula

measure

Total Adapted from float Total characters/ user
characters per | Prefontaine, 2010; message duration

user message | Witton-Daves, 2013;
duration Tavakoli, 2016; Peltonen,
2017

17 1bid., measure 24.
18 p. 17., measure 4.
19 |bid., measure 5.
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Final Adapted from Leijten float Final characters/ user
characters per | and Van Waes (2015) message duration
user message
duration
Total us float Total characters/user turn
characters per duration
user turn
duration
Final us float Final characters/user turn
characters per duration
user turn
duration
Words per | Adapted from  Silva | float Words/  user  message
user message | (1993), Ellis and Yuan. duration
duration (2004) Nguyen (2015),
Dizon (2016)
Words per | us float Words/ user turn duration
user turn
duration

5.2. Breakdown fluency measures

We chose from 9 measures to evaluate breakdown fluency: 7 measures of oral fluency and 2 of
written fluency. Some of the measures of oral breakdown fluency are not applicable to written
fluency such as the measures in which formulas are based on the number/ the duration of filled
pauses?® (Lennon, 1990; De Jong et al., 2013; Housen et al., 2012; Peltonen, 2017). It is also
not very relevant for us to use the measures of the number and duration of turn pauses®:

(Peltonen, 2017) because there is only one turn pause per turn.

By contrast, the measures we found very interesting were 1) percentage of pause time?? and 2)

mean duration of pauses?®. Mean duration of pauses was used by several researchers (Spelman

205,18, measure 6, formula b., measure 7, formulas a,b., measure 8, formula c.
21 |bid., measure 8, formula d., measure 10, formula b.

22n.18, measure 6, formula a; p.37, measure 30.

23 p.18, measure 10; p. 37, measure 29.
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miller et. al., 2008; Lindgren et al., 2008; De Jong et al.; 2012, Peltonen, 2017; Segalowitz et
al., 2017) and found relevant for fluency assessment by most of them. Spelman Miller et al.
(2008), Lindgren et al. (2008), Segalowitz et al. (2017) and Peltonen (2017) found out that mean

pause duration is shorter for more advanced learners.

While studying fluency, researchers often observed the decrease of pause time for more
advanced students. Lennon (1990) and Spelman Miller et al. (2008) pointed out a significant
difference of pause time between less and more proficient learners of English. It would be
interesting to see whether the percentage of pause time is influenced by the language level of
learners. The temporal variable that we chose to use to calculate the percentage of pause time
IS user message duration (because it includes pauses).

When studying the number and the length of pauses, the threshold for the pauses should be
established. In oral fluency studies threshold is empirically set to 250-300 milliseconds (De
Jong and Bosker, 2013; Peltonen, 2017). In writing fluency the threshold is usually set to 2000
milliseconds of inactivity (Wengelin (2006), Rosenqvist(2015). Leijten and Van Waes (2015)
established a set of thresholds of 200, 500, 1000, 2000 and 5000 milliseconds to reveal more
nuances and to make a distinction between higher (usually expressed by longer pauses) and

lower cognitive processes (usually expressed by shorter pauses).

We would opt for Leijten and Van Waes’ (2015) more cogent choice and also make more
nuances at the lower thresholds level to see what thresholds are the most interesting to analyse
dialogue writing fluency. We would not use the threshold of 5000 milliseconds which seemed
too high for dialogues. However, we decided to keep the threshold of 2000 milliseconds because
it is a standard threshold for writing fluency analysis. We chose the following thresholds for
our study: 250, 300, 500, 1000 and 2000 milliseconds.

It is important to point out that while calculating the pause number and the pause duration we
did not take into account the turn pause. We did not include turn pauses for two reasons. First,
researchers who suggested the measures of mean pause duration and percentage of pause time
did not use turn pause in their calculations because they did not study dialogue writing fluency.
Second, when the turn pause is included in the pauses, it considerably changes mean scores
because it is usually much longer than the rest of the pauses. When the pauses in the speech are
usually no longer than 3-4 seconds, turn pauses can be around 8-10 seconds and even much

longer.
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After analysing the measures suggested by researchers, we established the 2 following measures
of breakdown fluency. The formula of mean pause duration is taken as it is and the formula of

percentage of pause time is adapted to our data.

Table 10: Breakdown fluency measures

Measure Researchers Output format Formula

Mean pause | Lindgren et  al. | seconds Duration of
duration (Pause | (2008), De Jong et al. pauses/ number of
thresholds 250, 300, | (2012), Peltonen pauses

500, 1000 and 2000 | (2017), Segalowitz et

milliseconds) al. (2017)

Percentage of pause | Adapted from | percent (pause  duration/
time in user | Lennon (1990), user message
message time (Pause | Spelman Miller et al. duration)*100
thresholds: 200, 500, | (2008)

1000 and 2000

milliseconds)

5.3. Repair fluency measures

We assessed 9 measures of oral and writing repair fluency (7 oral and 2 written measures). For
oral fluency the number of repetitions per words or per minutes was used by some researchers
(Lennon, 1990; De Jong et al., 2012; Peltonen, 2017). Repetitions are very common for oral

fluency but not as much for written fluency, so we do not use those measures.

Another measure that is used by oral fluency researchers is the number of revisions per words?*
in an utterance (Lennon, 1990, Housen et al., 2012, Witton-Daves, 2013; De Jong et al .2013).
Housen et al. and De Jong et al.’s results indicated that it is a good fluency measure. By contrast,
Lennon and Witton-Daves’ findings showed the contrary. We decided to keep that measure and

use the number of words in the turn as a denominator.

It would also be interesting to adapt an oral fluency measure number of revisions per minute®

(Peltonen(2017)) to our temporal data. That is why we opted for the measure revisions per user

%4 p. 19, measure 16.
% |bid., measure 17.
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message duration. We also suggested a measure that is dialogue-specific: revisions per user turn

duration. It would be interesting to compare the former and the latter and to see how the turn

pause affects the calculations.

Another interesting measure which was found pertinent by Leijten and Van Waes (2015) is

revision proportion?®. The number of final characters is divided by the total number of

characters (including revisions). It shows the relationship between the product (final characters)

and the process (total characters).

Out of 11 evaluated measures we chose 4 measures to assess writing repair fluency, 2 of those

measures were calculated precisely according to the researchers’ formula; one was adapted

from previous research and one was suggested by us.

Table 11: Repair fluency measures

Waes (2015)

Measure Researchers Output | Formula
format

Revision episodes per | Housen et al., | Float Number of revisions/
number of words 2012, Witton- words

Daves, 2013
Revision episodes per user | Adapted from | Float Number of revisions/
message duration Peltonen (2017) user message duration
Revision episodes per user | us Float Number of revisions/
turn duration user turn duration
Revision proportion Leijten and Van | Float Final characters/ total

characters (including

the deleted ones)

5.4. Automatization measures

Before taking into consideration the measures of automatization we should take a closer look

at the notions of p-burst and r-burst, because the formula of the calculation of length, number

and duration of p and r-bursts needs to be defined.

%6 p. 38, measure 32.
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Firstly, we will consider the nuances of calculating p-bursts. According to Chenoweth and

Hayes (2003) p-bursts are bursts terminated by pauses. Figure 12 shows this representation of
p-bursts.

Figure 12. P-bursts according to Chenoweth and Hayes(2003)

pause pause pause pause

burst burst burst burst

Abdel Latif (2013) defines p-bursts as translating episodes occurring between pauses, as do oral
fluency researchers (Lennon, 1990; O’Brien et al.,2007; Towell et al., 1996; Préfontaine 2010,

2013; Segalowitz et al., 2017) who define p-bursts as mean length of runs between pauses.

Figure 13. P-bursts according to Abdel Latif (2013)

pause pause pause pause pause

burst burst burst burst

This difference has an impact on the calculation of p-bursts. In both cases the duration of p-
bursts is the time of writing a message excluding pauses and the length of p-bursts is the total
number of words/characters in the message (including the deleted ones). The problem that

appears there is the way of defining the number of p-bursts. According to Chenoweth and Hayes
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(2003) it would be the number of pauses. According to Abdel Latif (2013) it would be the

number of pauses minus 1.

As we decided previously, we do not take the turn pause into account. Regarding the fact that
the first pause (turn pause) will always be false, we shall consider 2 possibilities: if there is a
final pause before the user sends the message and if there is no final pause.

Figure 14: P-bursts calculation according to our data

turn pause p p P Final pause is True turn pause p P p  Final pause

is False
pb pb pb pb pb pb pb pb
1 2 3 4 1 2 3 4

As we can see, if we have a final pause, the number of p-bursts will be equal to the number of
pauses (here 4 pauses and 4 p-bursts), as in Chenoweth and Hayes’(2003) definition. If the
learner does not make a pause before sending the message, the number of p-bursts is the number
of pauses + 1 (here 3 pauses and 4 p-bursts). This approach also works when there are no pauses
in between the turn pause and the final pause. If the final pause is true, we will have 1 p-burst
which is correct because we have a p-burst between the turn pause and the final pause. If the

final pause is false so there are no pauses, we shall consider a turn as one p-burst (0 + 1 pauses).

After understanding those nuances, we obtained a list of formulas that will be helping us to

calculate automatization fluency measures.
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Table 12. Defining the formulas of p-bursts

Length of p-bursts The length of the message (eg. in characters;

including the deleted ones)

Duration of p-bursts User message duration — pause duration

Number of p-bursts If the final pause is True :
P-bursts = Number of pauses
Else:

P-bursts = number of pauses + 1

The calculation of r-bursts has almost the same specifics. Chenoweth and Hayes (2003) define
r-bursts as bursts followed by revisions. That means that the duration of r-bursts is the time of
writing a message excluding revisions. The length of r-bursts is, as for p-bursts, the total number
of words/characters that were added or deleted, because we consider a string of
words/characters that is going to be deleted as an r-burst followed by a revision. For the number
of r-bursts we suggest the same formula as for the number of p-bursts.

Figure 15. R-bursts calculation according to our data

Final eventis a Final eve_nt_ is
r r r r revision r r r not a revision
Vrb rb rb rb rb rb rb ~1b
1 2 3 4 1 2 3 4
3 4
1 2 1 ) 3

A revision cannot be the first event of the turn because no characters have been added yet. So,
if the final thing that the learner does before sending a message is a revision, we shall count the
number of r-bursts as the number of revisions. If the learner does not make a revision at the
very end, the number of r-bursts is the number of revisions + 1. It is also true for cases where
there are no revisions. If there is a final revision, the number of r-bursts will be 1. If there are

no revisions at all, we shall consider a turn as one r-burst (0 revisions +1).
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The list of formulas that we defined for the calculation of r-bursts is very similar to the one used

for the calculation of p-bursts.

Table 13. Defining the formulas of r-bursts

Length of r-bursts The length of the message (eg. in characters;

including the deleted ones)

Duration of r-bursts User message duration — revision duration

Number of r-bursts If the final revision is True :
R-bursts = Number of pauses
Else:

R-bursts = number of pauses + 1

For defining the measures of automatization, 5 fluency measures (2 oral and 3 written)
suggested by researchers were evaluated. The measure of mean length of run between filled
pauses?’ (Lennon, 1990; O’Brien et al.,2007) was eliminated because there are no filled pauses
in writing. The measure fluency during burst?® suggested by Spelman Miller et al. (2008) and
calculated according to the formula total writing time + total pause time/ number of revisions
+ number of pauses (Spelman Miller et al., 2008) was also eliminated because we wanted to
observe revision and pause behaviour separately.

While choosing between the rest of the measures, we decided to give equal attention to p-bursts
and r-bursts. Among p-burst measures we were interested in the measure suggested by oral
fluency researchers: mean length of runs between unfilled pauses (in words?® or in syllables®)
(Lennon, 1990, O’Brien et al.,2007; Towell et al., 1996; Préfontaine 2010, 2013; Segalowitz et
al., 2017), although we would rather take the number of character as a numerator, because we
believe that it would reveal more nuances. That is why we opted for the measure that was
already adapted for writing fluency research: the mean length of p-bursts, suggested by Leijten
and Van Waes (2015).

27 .20, measure 20.
28 n.38, measure 33.
2% p.20, measure 19., formula a.
30 |bid., measure 19., formula b.
31 n.38, measure 34.
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The measure that calculates the length of r-bursts (mean length of r-bursts®?) was only suggested

by Leijten and Van Waes (2015) according to the definition of r-bursts by Chenoweth and

Hayes (2003). We decided to use this measure to see the differences in p-bursts’ and r-bursts’

behaviour.

We also decided to use 2 measures that were not previously suggested by researchers: mean p-

bursts duration and mean r-bursts duration to observe automatization not only in terms of mean

string lengths but also in terms of time spent. As in mean length of p-bursts and mean length of

r-bursts, it has the number of p-bursts and the number of r-bursts as denominators, but the

numerators are time variables: p-bursts duration and r-bursts duration.

Table 14. Automatization measures

Measure Researchers Output format | Formula

Mean length of | Leijten and Van | Float Total characters/ number of p-
p-bursts(pause Waes (2015), bursts

thresholds 250, | Abdel Latif

300, 500, 1000 | (2013)

and 2000 ms)

Mean duration | us seconds Duration of p-bursts/ number of
of p-bursts p-bursts

(pause thresholds

250, 300, 500,

1000 and 2000

ms)

Mean length of r- | Leijten and Van | Float Total characters/ number of r-
bursts Waes (2015) bursts

Mean duration | us seconds Duration of r-bursts/number of r-
of r-bursts bursts

After choosing fluency measures, adapting their formulas to our data and adding new measures,

we focused on the creation of the package that calculates fluency measures according to the

32 |bid., measure 35.
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formulas that we have. This package can be used by other written fluency researchers if they

choose the same format of keystroke logging data that we have.

6. Structure of the package

The package was created in Python language and is adapted to our keystroke logging data. It

has three classes: EventLogLoader, MessageHandling and TurnFactory (see Annex 1).

EventLogLoader loads and pre-treats the data, MessageHandling computes fluency measures

and TurnFactory divides the data into messages (or turns) and applies the methods from the

class MessageHandling to the data’s messages.

Figure 16. Class diagram of the package

EventLogLoader

+ events: Pandas dataframe

+ load()
+ extract_length_diff()
+ extract_pauses()

MessageHandling

+ contents: Pandas dataframe
+ messagenumber: int

+ previousmessage: Pandas dataframe
+ result: dictionary

TurnFacto
+ extract_revisions() v

+ data: Pandas dataframe
+ save_data()

+ messagelist: dictionary
+ get_events()

+ initialise_factory()
+ initialise_turns()
+ get_turns()

Basic variables

+user_message_submit_time()

+ first_typing_event()

+ system_message_reception_time()
+ user_message_duration()

+ user_turn_pause_duration()

+ user_turn_duration()

+ pauses_duration()

+ extract_p_bursts()

+ revisions_duration() .

+ extract_r_bursts()

+ number_of_total_characters()

+ number_of_deleted_characters()
+ number_of_final_characters()

+ number of revisions()

+ number_of_pauses()

+ number_p_bursts()

+ number_r_bursts()

+ number_of_words()

Measures

+ total_char_us_mess_dur()
+ total_char_us_turn_dur()
+ final_char_us_mess_dur()
+ final_car_us_turn_dur()

+ words_mess_dur()
+ words_turn_dur()

+ mean_pause_duration()

+ percentage_pause_time()

+ revision_episodes_mess_dur()
+ revision_episodes_turn_dur()
+ revision_episodes_per_words()
+ revision_propartion()

+ mean_duration_p_bursts()

+ mean_duration_r_bursts()

+ mean_length_p_bursts()

+ mean_length_r_bursts()
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The core of the package’s programming method is the use of both dictionaries and Python
Pandas library. This is a library for data manipulation and analysis. The class EventLogLoader
loads the JSON file into Pandas dataframe. This dataframe events is stored in the class’
constructor. The class also adds new columns to the dataframe. Those columns have
information that is necessary for future calculations. The column characters_delta has
information about the number of characters that were added or deleted. For example, if the user
deleted 2 characters it will show — 2. If he added 1 character, it will show 1. The column timeDiff
shows the temporal difference between the previous and the current event. The class also adds
columns that show if there was a pause or a revision. If the time difference is bigger than the
pause threshold, the column pauses shows True, otherwise it shows False. If the characters
delta between two events is equal to or smaller than -1, the column revisions shows True,

otherwise it shows False.

Fluency measures are computed in the class MessageHandling. When a new object of the class
is created, the data of each message is saved in the constructor parameter contents which is a
dataframe. The constructor of the class has 3 other parameters: messagenumber which is an
integer, a dataframe previousmessage and a dictionary result. MessageHandling computes 16

fluency measures that we identified.

Before performing measures’ calculations, we also needed to compute basic variables,
including temporal variables that we were discussing previously in this chapter. For example,
to calculate the measure mean duration of a p-burst which is computed according to the formula
p-bursts duration / number of p-bursts we had to calculate the number of pauses, then the
number of p-bursts (number of pauses if there is a final pause, number of pauses + 1 if there is
no final pause), then the duration of p-bursts (the duration of the message — the duration of
pauses). In total, 18 basic variables were computed in the class MessageHandling. When the
methods of this class are called, all the results (basic variables and fluency measures) are stored

in the dictionary results that we will later use in the class TurnFactory.

The class TurnFactory is the core of the package. It loads data from the class EventLogLoader
and applies the methods of the class MessageHandling to the messages by creating objects of
the class MessageHandling. The data from the class EventLogLoader is loaded in the dataframe
data which is a constructor parameter. Another parameter of the constructor of TurnFactory is
the dictionary messagelist. The messages from the dataframe data are saved in the dictionary
messagelist where the keys are message numbers and the values are objects of the class
MessageHandling. As we create objects of the class MessageHandling, we also have access to
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their parameters (message numbers and contents), to all its methods and to the dictionary result
where we store all the results of the calculations. In a for loop that loops over the dictionary
messagelist we call the methods from the class MessageHandling and apply them to the values
of this dictionary. The computed results are saved in the dictionary result of the class
MessageHandling. After computing all the variables, we write the dictionary result into a CSV
file.

The advantage of using both dictionaries and Pandas’ methods helped us to analyse the data
and provide necessary calculations. Dictionaries were used to store the data, and Pandas
dataframe was used to analyse large amounts of data. Pandas library allowed us to choose
specific parts of the data that we needed for the study. We could choose the data according to
certain criteria (for example according to the nature of the change: text change, the user sends
the message etc). We also used loc() and iloc() functions of the library to extract rows from the
dataframe. Loc() extracts rows according to the type of the row (for example, the number of the
message) and iloc() does it according to their index. The shift() function was used for calculating
the time or the character difference between the previous and the current row. The replace()
function was used to replace certain values with others. Among other libraries we used NTLK
Python library which allowed us to calculate the number of words by dividing messages into

tokens and not counting punctuation marks.

The division of the package into three classes helped us first to adapt the data for future
calculations, then to compute different variables and finally, to apply all those calculations to
the messages in the data. After writing the classes, computing the measures manually and
adjusting the methods that do not compute the measures correctly, there were two limitations
that could possibly constrain the usage of this package by other researchers. The first limitation
is the running time of the program. This running time was partially improved by replacing the
methods that we called when calculating fluency measures with dictionary values that were
already computed. After the adjustments, the program can take up to 10 minutes to run for the
data that has 28 columns and 339.560 lines. It could be a limitation for the researchers who

work with bigger amounts of data.

Another limitation is that the package is adapted for a specific format of a keystroke logging
file and would need adaptations if used for a different format of a keystroke logging file.
However, if the researchers use the same format of the file, it computes all the necessary

measures.
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7. Conclusion

The overview of the articles about the dialogue writing fluency showed that this field is under-
researched and there is a need to establish a set of measures that help to evaluate dialogue
writing fluency. After analysing our keystroke logging data and taking its specifics into account,

we established a set 16 fluency measures. Those measures have the following characteristics:

1) The 10 measures that we took or adapted from other research were suggested by oral and

written researchers, sometimes both.
2) Those 10 measures were found pertinent by the researchers.
3) Out of 6 measures that were suggested by us 4 are dialogue-specific.

4) All established measures were calculated on the level of the turn, which allows us to make

further calculations on a higher level such as the level of the user.

A package that was created to compute those measures provides all the necessary methods for
the calculations and stores the results ina CSV file. However, the verification of the calculations

still needs to be done and the pertinence of the chosen measures needs to be proven.

63



Chapter I11. Results

1. Introduction

After establishing a set of 16 measures, we would like to see whether those measures are
pertinent or not. One of the ways of checking it would be the correlation of the measures that
we established with the vocabulary size. We would like to see whether the learners who have a
bigger vocabulary size are more fluent than those who have a smaller vocabulary size. If the
correlations between some of the measures are significant, we would like to proceed with the
longitudinal analysis of those measures to see whether the learners become more and more

fluent with time.

The chapter proceeds as follows. First, we would like to check whether the calculations of our
measures are correct. For that we use manual verification of the results and unit tests. Then we
make observations about the distribution of the data, analyse outliers and decide whether we
should keep them or not. Next, we proceed with descriptive statistics to see the nature of the
measures that we chose. After that we focus on the correlations between the measures and the
vocabulary size. Then we would like to perform longitudinal analysis on measures that showed

significant correlations. Finally, we discuss the results that we obtained.

2. Verification of the calculations

The first stage that went along with the development of the package was the verification of the
results. We selected 10 random messages and calculated the results for each of those messages
using a calculator. In order to do so we used the file that contained our data. The columns that

we used for those verifications were the following:

1) The columns that already existed in the data
a) event_time : to calculate time differences between 2 writing events
b) msg_text: to calculate the number of words in the final message
c) event_text : to calculate the length difference between the current and the previous string
(in the number of characters).
d) event type t: to see if the type of the event is right: eg. The user is writing a message.

2) The columns that were created by us:
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a) time_diff : to make a sum of time differences between the events.

b) pauses: to see if the time difference between the previous and the current event is a
pause.

c) revisions: to see if the current string is shorter than the previous one (then a revision

is made).

For example, for the calculation of the measure revision episodes per user message duration we
counted the number of revision episodes (the numbers of True in the column revisions). Then
we calculated the duration of user’s message for which we located the timestamp of the event
“end edit” in the column event_time and subtracted the first timestamp that corresponds to the
event “text change” from it. After computing those two variables, we made a division of number

of revision episodes by user message duration.

While performing those calculations, we identified several problems and dealt with them. The
first problem was linked to the fact that the last event of the type “text change” happened after
the user was sending the message to the chatbot and before the chatbot received the user
message. So, there were never any added or deleted characters during that event and
consecutively there were no revisions or pauses that occurred during the writing of the text.
That is why we decided to eliminate the last event of the type “text change” by using the iloc()

function of Pandas library.

Another problem was that when we did not include the last event of the message which has the
type “end edit” (the user sends the message) we could not understand if there was a pause or a
revision before sending a message. When we did not include the “end edit” row, the number
and the duration of pauses and revisions were not correct and it affected all the measures linked
to breakdown fluency, repair fluency and automatization. When we dealt with those problems,

the measures became correct.

However, there is a problem that persists in the calculation of user turn time. As user turn time
IS user message time + turn pause, we had difficulties in calculating the turn pause between the
previous and the current message when the current message was the first message of a new
conversation. In this case the turn pause could be five, ten or even twenty minutes.
Consecutively, it deteriorated user turn duration results for these messages. We tried to simply

not take those results into account.

After counting the measures manually, we proceeded to verify the measures calculations with

unit testing by using Python unittest framework.
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3. Unit tests

To further test the results of measures’ calculations we used unit tests. Unit tests are usually
automated tests written to understand whether a section of the application behaves as intended.
For performing unit tests, we imported the unittest Python library and called methods from the
class TurnFactory to get the dictionary of messages messagelist (see Annex 2). Then we chose
10 random messages (not the same as for manual verification of the results) and registered their

correct results as dictionaries in the dictionary answers.

The most important function is the function compare() where we compare each value of the
dictionary answers to the value of the dictionary result that has the same message number as
key. As we have seen in the previous chapter, the dictionary result is one of the parameters of
the value of messagelist (as the values of the dictionary messagelist are objects of the class
MessageHandling where all the measures were computed). The comparison is done in the

following way:

def compare values (key) :
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for number, message in answers.items() :
if messagel[key] != messagelist[number].result[key]:
return False
return True

After creating the comparison function, we performed unit tests in the class Test_TurnFactory

as follows:

def test tot char user mess dur(self):
key = 'tot_char user mess duration'
self.assertTrue (compare values (key), key)

Unit tests showed that the results of measures calculations were correct for 10 test messages,
which means that the main errors were eliminated at the stage of manual calculations.
After doing unit tests we did take a look at a distribution of 16 fluency measures to see how the

data is distributed, what are the outliers and whether we should eliminate them or not.
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4. QOutliers

After performing a Kolmogorov-Smirnov test on our data, we understood that even when the
outliers are eliminated, our data does not follow a normal distribution. So, we decided to keep
most of the outliers, except in the cases when they occur 1) because they are linked to
programming errors and 2) because the data is noisy (mainly random characters in messages).
Noisy data occurred quite often despite the fact that some of it was already eliminated according
to the column “exclude”. In the case of programming errors, the functions that were not
computing the measures correctly were corrected. In the case of noisy data, either a noisy
message was eliminated (for example, when the user was adding random characters) or only
the results of the message that were noisy were eliminated (as in the case of big turn pauses

when it was the start of a new conversation).

Table 15. Outliers for speed fluency measures

Speed fluency measures Formula Boundaries
Total characters per user | Total characters/ user >0and <10
message duration message duration

Total characters per user | Total characters/ user | >0and<10
turn duration turn duration

Final characters per user | Final characters/ wuser | >0and <10
message duration message duration

Final characters per user | Final characters/ wuser | >0and <10
turn duration turn duration

Words per user message | Words / user message | >0and <2
duration duration

Words per user turn | Words/ user turn duration | >0 and <2
duration

The outliers that we did not take into account for speed fluency measures occurred for the
following reasons. First, we did not take the results that are equal to 0 because the messages
where there were no characters or words did not interest us (the messages where there was no
writing time were eliminated by our program because one cannot divide by 0). Second, we
eliminated the messages for which the timestamps were not registered correctly. For example,

for the message 12337 the timestamps in the middle of the message were not registered at all.
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That led to incorrect calculations: the number of total characters (32) was divided by user
message duration (0.04) seconds and gave the result of 800 total characters per user message
duration. The results for messages 57456 and 57440 indicated the same problem, so those

messages were eliminated.

A similar problem occurred when the numerator was the number of words. However, this time
it was not linked to badly registered timestamps. For example, for message 12335 it was
because of a copy-paste that a user did (the previous message has the same content). As the
duration of a message became very short (0.15 seconds) and the number of words (6) was

divided by 0.15 it gave the result of 40 words per user message duration.

Another problem that was dealt with was when the denominator was user turn duration. In some
cases (messages 11732, 17056) the turn pause was very large (5 minutes for the message 11732
and 22 minutes for the message 17056). Those messages were clearly beginnings of new
conversations with a chat-bot because they started with “bonjour”. It was decided not to take
those messages for the calculation of the measures where the denominator was user turn
duration. After analysing the data, we came to the conclusion that the boundaries for all the
characters’ measures have to be > 0 and < 10 and for words’ measures > 0 and < 2, as the rest

was noisy data.

Table 16. Outliers for breakdown fluency measures

Breakdown fluency measures | Formula Boundaries

Pause percentage in user | (pause duration/ user | >=0and < 100
message time (thresholds 250, | message duration)*100
300, 500, 1000 and 2000

milliseconds)

I
o

Mean pause duration | Duration of pauses/ | >
(thresholds 250, 300, 500, 1000 | number of pauses
and 2000 milliseconds)

When we started to calculate breakdown fluency measures, we noticed a programming error.
The program did not compute pause percentage correctly and sometimes gave results such as
-340 %, 620 %. That happened because user message duration was computed wrongly in some
cases. The formula of user message duration is the event of type “end edit” minus the first

event of type “text change”. However, we did not consider the case when there can be several
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events of type “end edit”. Several events of that type happened when the user used a hint and
then continued to write the same message. So, we decided to only use the last event of type
“end edit” for the calculations, and the results became correct.

For the measure pause percentage we did take results that were 0 % (when there are no pauses
in the messages) but we did not take 100% because the messages where there are only pauses
and no p-bursts did not interest us. For mean pause duration we eliminated some messages that
contained random characters (such as message 18407). As for other outliers that we kept, they
were mainly linked to a long pause duration and a low number of pauses (such as messages
13363 (threshold 500 ms) and 17049 (threshold 1000 ms)).

Table 17. Outliers for repair fluency measures

Repair fluency measures Formula Boundaries

Revision  episodes  per | Number of revisions/ words | >=0and <10

number of words

Revision episodes per user | Number of revisions/ user | >=0and <3

message duration message duration

Revision episodes per user | Number of revisions/ user | >=0and <2

turn duration turn duration
Revision proportion Final  characters/ total | >0
characters

For repair fluency measures revision episodes per number of words, revision episodes per user
message duration and revision episodes per user turn duration we could not eliminate 0 because
the data had many messages where there are no revisions. Consecutively, if a message had 0
revisions but it had words in it or it lasts a certain time, the result would be 0.

During the analysis of outliers of repair fluency measures several noisy outliers were detected.
The message 42482 had 5 words and 47 revisions. That happened because a learner was
randomly adding multiple characters “e” to one of the words in a message and deleting them.

Other noisy outliers only contained randomly added characters, such as message 63356.

To eliminate noisy data we decided to establish the following borders for the repair fluency
measures: for revision episodes per words it would be up to 10, for revision episodes per user

message duration up to 3 and for revision episodes per user turn duration up to 2. Revision
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proportion did not have any upper boundary because there were no visible upper boundary

noisy outliers.

Table 18. Outliers for automatization measures

Automatization measures Formula Boundaries

Mean length of p-| Total characters/ number of | >0
bursts(thresholds 250, 300, | p-bursts
500, 1000 and 2000 ms)

Mean duration of p- | Duration of p-bursts/ number | >0
bursts(thresholds 250, 300, | of p-bursts
500, 1000 and 2000 ms)

Mean length of r-bursts Total characters/ number of | >0

r-bursts

Mean duration of r-bursts | Duration of r-bursts/ number | > 0 and < 40

of r-bursts

As for automatization measures, for mean length and mean duration of p-bursts and r-bursts we
did not take 0 because when the numerator was 0 (no characters in bursts, or the writing duration
excluding pauses or revisions equal to zero), it did not interest us. However, the number of p-
bursts or r-bursts would always be equal to or larger than 1, because if there were no pauses
there was one p-burst and if there were no revisions there was one r-burst, so there was no need

to prevent the division by 0.

There were no significant upper-bound noisy outliers for mean length and mean duration of p-
bursts. The outliers that we did not exclude were those where the length or the duration of p-
bursts is large and there were only a few p-bursts. For mean length of p-bursts it was the case
for the message 74271 (pause threshold 2000 ms), where the number of total characters was
84 and the number of p-bursts was 1 and the message 41253 (pause threshold 1000 ms) where
the number of total characters was 51 and the number of p-bursts was 1. For mean duration of
p-bursts it was the case of messages 56839 and 72615 for which the duration of p-bursts was

19 seconds and the number of p-bursts was one.

As for r-bursts’ results, there were however significant noisy outliers. They were similar to
those that we observed when analysing speed fluency: the messages were copy-pasted (the text

of the previous message was the same). Clearly, there were no revisions in those cases. As for
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non-noisy outliers the message 59035 lasted 150 seconds and had one r-burst. Message 70518

lasted 90 seconds and also had one r-burst.

After eliminating the nosy outliers and 0-outliers for some measures (as in the case of total
characters per user message duration), we would like to proceed with descriptive statistics to

describe the basic features of the results and to compare different writing fluency measures.

5. Descriptive statistics

5.1 Speed fluency measures
Speed fluency in our research is represented by the following measures: 1) total characters per

user message duration 2) total characters per user turn duration 3) final characters per user
message duration 4) final characters per user turn duration 5) words per user message duration
and 6) words per user turn duration. We would like to take a look at histograms and at some
descriptive measures like mean, median and standard deviation to see the difference between

speed fluency measures.

Figure 17. Diagrams and descriptive statistics of speed fluency measures
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Descriptives

tot_char_us_mess_dur tot _char_us_turn_dur fin_char_us_mess_dur fin_char_us_turn_dur words_mess_dur words_turn_dur

Mean 1.68 0.883 1.55 0.802 0.322 0.167
Median 1.54 0.797 1.41 0.713 0.282 0.147
Standard deviation 0.936 0.545 0.955 0.530 0.216 0.122
Minimum 0.0640 0.00100 0.0170 0.00100 0.00300 0.00100
Maximum 10.00 945 10.00 945 1.89 1.92

The first thing that we observed when we looked at the histogram and at the table was the
difference of results for measures when the denominator is user message duration and when the
denominator is user turn duration. The numbers are clearly lower when the latter was the
denominator because turn pauses are usually longer than other pauses (8-10 seconds and
longer). The mean for total characters per user message duration is 1.68, whereas for total
characters per user turn duration it is 0.883. For final characters per user message duration the
mean is 1.55 and per user turn duration it is 0.802. The means of words per message duration
and per user turn duration also differ: 0.332 against 0.167. Clearly, adding turn pauses

considerably influences the results.

The mean differs from the median (even when we tried to eliminate all the outliers), which is
one of the indicators of the non-normal distribution of the data. The standard deviation for all
the measures is quite low, which means that the values tend to be close to the mean. The
minimum and maximum are within the limits that we set when we were eliminating some of

the outliers: > 0 and < 10 for characters measures, >0 and < 2 for words measures.

5.2 Breakdown fluency measures

Breakdown fluency was represented by two measures 1) pause percentage and 2) mean pause
duration. However, we obtained 10 different results’ outputs because for each of those measures
we established different pause thresholds: 250 milliseconds, 300 milliseconds, 500
milliseconds, 1000 milliseconds and 2000 milliseconds. It would be interesting to see what

changes when the thresholds change.
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Figure 18. Diagrams and descriptive statistics of pause percentage
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Descriptives
pause_percentage_250ms pause_percentage_300ms pause_percentage_500ms pause_percentage_1000ms pause_percentage_2000ms

Mean 825 77.7 64.3 431 244
Median 86.0 81.0 68.0 45.0 210
Standard 140 155 198 24.1 241
deviation

Minimum 0.00 0.00 0.00 0.00 0.00
Maximum 99.0 99.0 99.0 97.0 96.0

For percentage of pause time we observed considerable differences between different
thresholds. For lower thresholds the mean is very high: 82.5 % of pauses when the threshold is
250 milliseconds, 77.7 % when the threshold is 300 milliseconds and 64.3 % for the threshold
of 500 milliseconds. For higher thresholds the percentage is much lower: 43.1 % for 1000
milliseconds and only 24.4 % for 2000 milliseconds. We can draw two important conclusions
from that. First, that pause time can be very significant in the message which was already

confirmed by other researchers such as Leijten and Van Waes (2015). Second, that pauses

which are small are more frequent in the data than larger ones.
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Figure 19. Diagrams and descriptive statistics of mean pause duration
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Descriptives

mean_pause_duration_250ms mean_pause_duration_300ms mean_pause_duration_500ms mean_pause_duration_1000ms mean_pause_duration_2000ms

Mean 0.987 1.10 148 219 285
Median 0.807 0.905 1.19 173 225
2:3‘;:33 0.672 0722 112 220 405
Minimum 0.00 000 0.00 000 0.00
Maximum 9.54 9.54 18.7 593 69.3

The measure mean pause duration provided us with additional information about users pause
behaviour. The mean pause duration gets longer when the pause threshold becomes higher:
from the mean 0.987 seconds for the threshold of 250 milliseconds to 2.85 seconds for the
threshold of 2000 milliseconds. At the same time, we see on the histogram that the number of
messages that have no pauses becomes higher when the threshold gets higher. That is also
confirmed by the measure pause percentage when the mean is 24.4 for the threshold of 2000
milliseconds. All those observations mean that even though there are less pauses when the
threshold gets higher, their duration is still longer than the duration of more frequent lower

threshold pauses.
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The standard deviation is quite low, except for the thresholds of 1000 and 2000 milliseconds
for which the values are spread over a wider range. The maximum of the measures tends to
increase from lower to higher threshold because there are more and more non-noisy outliers.

5.3 Repair fluency measures

Repair fluency has 4 measures: 1) revisions per words 2) revisions per user message duration,

3) revisions per turn duration and 4) revision proportion.

Figure 20. Diagrams and descriptive statistics of repair fluency measures
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Descriptives

revisions_per_us_mess dur revisions_turn_dur revisions_per words revision_proportion

Mean 0.113 0.0673 0.654 0.898
Median 0.0610 0.0330 0.250 0.947
Standard deviation 0.157 0.1000 1.12 0.136
Minimum 0.00 0.00 0.00 0.0450

2.54 172 9.50 1.00

Maximum
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The results show that overall the learners did not make many revisions in their messages. The
histograms of revisions per words, revisions per user message and user turn duration show that
there were many messages that did not contain any revisions. It is confirmed by the mean: 0.113
for revisions per user message duration, 0.0673 for revisions per user turn duration and 0.654
for revisions per words. The histogram of the measure revision proportion shows that most
messages had 1 as the result. As the formula of the message is the number of final characters /
number of total characters it indicates that the number of final characters was equal to the total

number of characters which means that there were no revisions.

The difference between the means of revisions per message duration and revisions per turn
duration confirms what we observed for speed fluency measures: the turn pauses significantly

lower the means and influence the results.

The standard deviation in all the cases is high which means that the values are spread over a
wide range. The minimum of 0 was established by us for all the measures except revision
proportion (see Outliers (p. 79)). The maximum differs quite a bit for revisions per user
message, user turn duration and revisions per words. The maximum of 9.50 for revisions per
words can be explained by the fact that there were some messages that had few words and many

revisions.

5.4 Automatization measures

Automatization is represented by 4 measures: 1) mean length of p-bursts 2) mean duration of
p-bursts 3) mean length of r-bursts and 4) mean duration of r-bursts. As for pause percentage
and mean duration of pauses, there are several results for mean length and mean duration of p-

bursts, depending on pause threshold.
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Figure 21. Diagrams and descriptive statistics of mean length of p-bursts
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Descriptives

mean_|_p_bursts 300ms mean_|_p_bursts 500ms mean_|_p_bursts_1000ms mean_|_p_bursts_2000ms

mean_|_p_bursts_250ms
Mean 1.63 1.98 3.39 7.31 14.8
Median 145 1.74 2.71 5.50 11.5
Standard 0919 113 292 592 107
deviation
Minimum 0333 0.333 0333 0.333 1.00
Maximum 15.5 17.5 37.0 55.0 84.0

The mean length of p-bursts (in characters) increases every time when the threshold gets higher:
from 1.63 for the threshold of 250 milliseconds to 14.8 for the threshold of 2000 milliseconds.

It is influenced by the fact that when the pause threshold increases the number of pauses

diminishes. Consecutively, when there are no pauses, there is one p-burst and the number of
characters in the message is divided by 1 which gives much higher results. We can also see that

the value of the maximum considerably changes: from 15.5 for the threshold of 250

milliseconds to 84 for a threshold of 2000 milliseconds.
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Figure 22. Diagram and descriptive statistics of mean duration of p-bursts
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Descriptives

mean_dur_p_bursts 500ms mean_dur_p_bursts 1000ms mean_dur_p_bursts_2000ms

mean_dur_p_bursts 250ms mean_dur_p_bursts_300ms
Mean 0.199 0.295 0.739 2.55 7.05
Median 0.128 0.209 0.563 1.98 5.72
Starjdc\ird 0.296 0.360 0.656 2.08 5.05
deviation
Minimum 0.00100 0.00100 0.00100 0.0830 0.0820
Maximum 474 5.90 8.54 27.6 58.8

The results are quite similar for mean duration of pause bursts. The mean increases from 0.199
seconds for the threshold of 250 milliseconds to 7.05 seconds for the threshold 2000
milliseconds. The reason is the same as for mean length of p-bursts. As the denominator is the
number of p-bursts, the fewer the p-bursts, the longer the duration of the message. The
maximum values also vary considerably: from 4.74 for the threshold of 250 milliseconds to
58.8 for the threshold of 2000 milliseconds. The standard deviation is high for the threshold of

250 and 300 milliseconds; in other cases it is much lower.
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Figure 23. Diagram and descriptive statistics of r-bursts
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Descriptives
mean_|_r_bursts mean_dur_r_bursts

Mean 124 772

Median 8.86 5.38

Standard deviation 10.6 6.89

Minimum 0.970 0.0470

Maximum 88.0 40.0

High values for the mean length and mean duration of r-bursts provided the same conclusion
that descriptive statistics of repair fluency measures: overall the learners did not make many
revisions. It can be partially explained by the fact that in the conditions of the online
conversation the users write quickly, and they usually build shorter sentences than in essays

(Alsaleem, 2014). The standard deviation in all the cases is low.

The main conclusions that we can draw from observing descriptive statistics are the following:
1) the turn pause considerably influences the results of speed and repair fluency, 2) there are
considerably more smaller than larger pauses, 3) the duration of the larger pauses is overall

longer despite the fact that there are fewer of them and 4) users overall did not make many

revisions in messages.

After observing the fluency measures on the level of descriptive statistics, we would like to see

whether there are correlations between those measures and the vocabulary size of the learners.
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6. Correlations with the vocabulary size

As the measures were computed on the level of the messages, we calculated the means of the
measures for each user using python Pandas methods groupby() and mean(). There were 76
users so we obtained 76 results for each measure. Regarding the fact that our data was not
normally distributed, we calculated Spearman’s rank correlation coefficient. It is a

nonparametric measure of rank correlation.

Our first hypothesis about the correlations is that the mean result of each fluency measure is

correlated with vocabulary size.
Hypothesis 1: Fluency measures are correlated with vocabulary size.

Another hypothesis that we have is that speed and automatization fluency measures are
positively correlated with vocabulary size. That means that more fluent writers write more
characters per user and message time and they write longer p- and r-bursts (Abdel Latif, 2013,
Leijten and Van Waes, 2015). We also expect breakdown and repair fluency measures to be
negatively correlated with vocabulary size because more fluent writers would make fewer
pauses and revisions (Lindgren and Sullivan, 2006; Lindgren et al., 2008). Both of those

hypotheses can only be valid if hypothesis 1 is not rejected.

Hypothesis 2: Speed fluency and automatization measures are positively correlated with

vocabulary size.
Hypothesis 3: Breakdown and repair fluency are negatively correlated with vocabulary size.
After performing the calculations, we obtained following results for speed fluency measures:

Table 19. Correlations of speed fluency measures with vocabulary size

Measure Spearman’s p p-value

Total characters per user | 0.118 0.333

message duration

Total characters per user turn | 0.061 0.616

duration
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Final characters per user | 0.127 0.296
message duration

Final characters per user turn | 0.069 0.573
duration

Words per wuser message | 0.117 0.335
duration

Words per user turn duration -0.213 0.075

The results of correlation between speed fluency measures and vocabulary size show that there

is a very weak correlation between them. Only for three of them does the correlation index go

beyond 0.1, which is still a low result.

The measure of words per turn duration shows a weird correlation pattern: as if the bigger the

vocabulary size of the learner, the fewer words he/she writes. The measures final and total

characters per user turn duration show a result below 0.1 which is extremely low. Those results

raise questions about the necessity of including turn pauses when calculating fluency measures.

Regarding the low correlation results, hypothesis 1 is rejected for all the measures. By contrast,

hypothesis 2 is not rejected for all the measures except final characters per user turn duration.

However, as the correlations are very low, this non-rejection cannot be taken into account.

Table 20. Correlations of breakdown fluency measures with vocabulary size

ms)

Measure Spearman’s p P-value
Pause percentage (250 ms) -0.178 0.144
Pause percentage (300 ms) -0.224 0.063
Pause percentage (500 ms) -0.180 0.136
Pause percentage (1000 ms) -0.159 0.187
Pause percentage (2000 ms) -0.005 0.968
Mean pause duration (250 ms) | -0.138 0.256
Mean pause duration (300 ms) | -0.083 0.497
Mean pause duration (500 ms) | -0.112 0.357
Mean pause duration (1000 | -0.052 0.671
ms)

Mean pause duration (2000 | -0.041 0.738

81



Breakdown fluency measures also show weak correlations (one measure below - 0.2, 5
measures below 0.1). We can see that hypothesis 3 is not rejected for breakdown fluency.

However, as the hypothesis 1 is rejected, hypothesis 3 cannot be taken into account.

The lowest correlations are shown when we use the threshold of 2000 milliseconds. That
probably indicates that this threshold which, according to Wengelin (2006) and Rosenqvist
(2015), is traditionally used by writing fluency researchers when applied to essays, does not

work so well for dialogues.

Table 21. Correlations of repair fluency measures with vocabulary size

Measure Spearman’s p P-value
Revisions per words -0.034 0.777
Revisions per user message | 0.011 0.931
duration

Revisions per user turn|-0.113 0.350
duration

Revision proportion 0.048 0.696

For the measures of repair fluency, the correlation coefficients are even lower than for speed
and breakdown fluency. It can be partially explained by the fact that there were many messages

that contained no revisions. Hypothesis 1 is rejected for all the repair fluency measures.

Table 22. Correlations of automatization measures with vocabulary size

Measure Spearman’s p P-value
Mean length of p-bursts(250) | 0.079 0.513
Mean length of p-bursts(300) | 0.161 0.182
Mean length of p-bursts(500) | 0.159 0.185
Mean length of p-bursts(1000) | 0.260* 0.030
Mean length of p-bursts(2000) | 0.029 0.811
Mean duration of p-|0.150 0.215
bursts(250)

Mean duration of p-| 0.290* 0.012
bursts(300)
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Mean duration of p- | 0.191 0.113
bursts(500)

Mean duration of p-|0.230 0.056
bursts(1000)

Mean duration of p-|-0.134 0.269
bursts(2000)

Mean length of r-bursts -0.012 0.922
Mean duration of r-bursts -0.047 0.701

Considering automatization measures, hypothesis 1 is rejected for all the measures except 1)
mean duration of p-bursts (threshold 300 ms) and 2) mean length of p-bursts (threshold 1000
ms). As the correlation coefficient is positive for those two measures, hypothesis 3 is not
rejected for them. It means that the bigger the vocabulary size, the longer the p-bursts are and
the longer their duration.

The non-rejection of hypothesis 3 for mean length of p-bursts confirms the findings of
Chenoweth and Hayes (2003), Abdel Latif (2013) and Leijten and Van Waes (2015). As the
measure of the mean duration of p-bursts was suggested by us, we assumed that if these
researchers found that the more fluent learners are, the longer the p-bursts are, it could also be

true for the duration of p-bursts.

As mean duration of p-bursts (threshold 300 ms) and mean length of p-bursts (threshold 1000
ms) showed significant correlation results, we would like to use them for longitudinal analysis

and see whether the learners show any improvement related to those measures over time.

7. Longitudinal analysis

To perform longitudinal analysis, we would like to compare three sessions that the learners took
part in and see whether they become more fluent with regard to mean duration of p-bursts
(threshold 300 milliseconds) and mean length of p-bursts (threshold 1000 milliseconds). The

hypothesis that we would suggest is the following:
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Hypothesis 4. Learners’ fluency with regard to mean duration of p-bursts (threshold 300
milliseconds) and mean length of p-bursts (threshold 1000 milliseconds) increases for every

subsequent session.

Each student from the experimental group (so from our data) took part in three sessions.
Unfortunately, the time gap between the sessions was short. Sometimes it was under a month
(for the students who had sessions on the 10" of October, on the 5" and the 12" of November).
Sometimes it was a couple of days (for example for the students who had sessions on the 21%,
24" and 26 of September). In some cases, two first sessions were the same day (for the students

who had two first sessions on the 16™ of October and the last one on the 23" of October).

When grouping the conversations by sessions, the question of dividing the first two sessions if
they were held on the 16™ of October has arisen. It was solved by using Python pandas method
contains(). If in the string of the column conversation_id the date was followed by 06 or 07
(that is 6 or 7 am), it belonged to the first session. If the string contained the date followed by
09 (that is 9 am), it belonged to the second session, because students made a break between the

first and the second session (see Annex 3).

To compare the data of the measures mean duration of p-bursts (threshold 300 milliseconds)
and mean length of p-bursts (threshold 1000 milliseconds) we normalised the data according to

the following min-max formula:

X - Xmin

X =
Xmax - Xmin

After the normalization of the data we calculated the means of the two measures per session

and obtained the following results:

84



Figure 24. Mean scores per session of mean length of p-bursts (1000 ms) and mean duration
of p-bursts (300 ms)

Mean length of p-bursts (1000) and
mean duration of p-bursts(300) per
session

o o -

SESSION1 SESSION2 SESSION3

em@um Série]  ==@==Sdrie?

As we can see from the graph, the hypothesis 4 is not rejected for mean length of p-bursts (blue
line). It has a slight increase from session to session: 0.118 for the first session, 0.131 for the
second session and 0.141 for the third session. However, it is rejected for the mean duration of
p-bursts (orange line). The result decreases from the first to the second session: from 0.05 to
0.49. Then it slightly increases from 0.049 to 0.051. Overall this measure does not show
significant change over time, even if the mean scores for that measure are lower than the mean
scores of mean length of p-bursts per session so we would expect smaller numeral changes for

that measure anyway.

That lack of significant change can be partially explained by the fact that the time gaps between
the sessions were small and not enough time had elapsed for learners to considerably increase
their fluency. For example, the lack of change between the first and the second sessions can be

explained by the fact that several learners had the first and the second session the same day.

We would like to make a more cogent analysis of the results of correlations and longitudinal
analysis in the discussion part to understand the degree of pertinence of the fluency measures

that we established.
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8. Discussion

The study confirms the findings of the previous research that mean length of p-bursts is a good
indicator of fluency. According to Towell (1996), mean length of run (analogue of p-bursts in
writing) is one of the most important variables contributing to fluency development. Préfontaine
(2013) pointed out that mean length of run was one of the strongest predictors of speakers’
fluency. Abdel Latif (2013) underlined that writing fluency as the writer’s ability to produce
text in large chunks is optimally measured using the mean length of translating episodes (p-
bursts) between pauses. Leiten and Van Waes (2015) confirmed that the mean length of p-bursts

is a good indicator of learners’ fluency.

A study that used very similar proceedings to ours also confirms that the mean length of p-
bursts is a good predictor of fluency. Segalowitz (2017) examined a set of 23 fluency variables.
After making correlations with the level of proficiency of the adult English-speaking learners
of French he kept 5 pertinent variables. Then a longitudinal analysis was performed. Results of
that analysis showed that 4 of 5 variables showed significant fluency gains after 5 weeks of

immersion, including mean length of run between pauses.

However, there are differences between our studies’ conditions. First, the following study
analyses oral and not written fluency. Second, as it was an oral study, Segalowitz did not use
keystroke logging. Third, Segalowitz made correlations between fluency measures and
learners’ proficiency which he defined as speech time ratio (phonation time of the utterance/
total time of the utterance), whereas we made correlations with vocabulary size. Finally,

Segalowitz studied monologue utterances, and we studied dialogues.

Another measure that shows good correlations with vocabulary size is the mean duration of p-
bursts (threshold 300 ms). This measure was never used by other researchers. Leijten and Van
Weis (2015) mentioned that a length of p-bursts can be defined in characters or in milliseconds,
but they opt for the formula total number of characters/ number of p-bursts. In our study,
despite showing significant correlations with vocabulary size, mean duration of p-bursts did not
show significant gains after a certain amount of time. It could be partially explained by the fact
that in most cases not enough time had elapsed between the first, the second and the third
sessions (sometimes only one day). In some cases, the first and the second session were done
the same day (with the difference of one hour). This raises questions about a need for bigger

gaps between sessions.
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As for the variables that did not show significant correlations with vocabulary size, there are
two possible explanations: 1) those variables are not pertinent measures for analysing fluency
and 2) the vocabulary size is not always a good predictor of the level of fluency. However,
results of some of the variables show that the questions of pertinence should have arisen. For
speed fluency measures, our idea that dialogue-specific variables such as total characters per
user turn duration, final characters per user turn duration and words per user turn duration would
show some interesting results, only lowered the correlations between the measures and the

vocabulary size, possibly because turn pauses were considerably larger than other pauses.

The worst results were shown by repair fluency variables, probably because in a lot of cases
students did not make revisions at all. So, according to Chenoweth and Hayes’ (2003) writing
model, the word string, passed from the translator to the revisor and then to the transcriber, was
not revised again after the transcription was done. That raises questions about the influence of
the dialogue format on the number of revisions. According to Tavakoli’s (2016) oral fluency
research the learners made less revisions in a dialogue than in a monologue. The speed of the
dialogue is possibly influencing the fact that learners revise less because they want to advance

quicker in a conversation.

As for the measures of breakdown fluency and the measures of automatization (p- and r-bursts)
that did not show significant correlations, there is clearly a need to establish an optimal pause-
threshold for those measures. In writing research, this threshold is empirically set to 2000
milliseconds (Rosenqgwist, 2015, Leijten and Van Waes, 2015). However, this threshold showed
the lowest correlations for measures to which the thresholds were applied. It possibly indicates
that the threshold of 2000 milliseconds is not optimal for assessing dialogue writing fluency.
An optimal threshold, according to our results, is between 300 and 1000 milliseconds of
inactivity. It means that optimal pause thresholds for dialogue writing fluency would be closer
to thresholds used for oral fluency, which are usually between 200 and 1000 milliseconds
(Segalowitz, 2010, 2017). Also, according to oral fluency researchers, the pauses in dialogues
are usually shorter than in monologues (Tavakoli, 2016; Witton-Daves, 2013, Gilbert, Baron
and Levkina, 2011).

Overall, the results show that 1) mean length and mean duration of p-bursts are the most
pertinent measures in our set for analysing writing fluency; 2) the small number of revisions
and shorter pause thresholds provides dialogue writing fluency with some characteristics of
dialogue oral fluency and 3) learners process their thoughts quicker than in monologue writing.
We could suppose that in many cases learners opt for Bereiter and Scardamalia’s (1987)
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knowledge-telling writing model which consists of direct retrieval of knowledge from long-
term memory instead of knowledge-transforming model, according to which the retrieval of
content is strategically controlled so that it can satisfy rhetorical goals. That assumption can be
explained by the fact that the students have the beginner level in French (A1-A2), but also by

the overall speed of the dialogue.

6. Conclusion

The non-normal distribution of our data determined two important choices. First, we only
eliminated noisy outliers and outliers that showed that the message was empty (eg. no characters
in the message). Second, we opted for the Spearman correlation coefficient, which is used for
non-normal distribution. Only 2 out of 16 fluency measures that we chose showed significant
correlations with vocabulary size: mean duration of p-bursts (threshold 300 milliseconds) and
mean length of p-bursts(threshold 1000 milliseconds). Mean length of p-bursts showed increase
according to longitudinal analysis, which confirms the findings of both oral (Towell (1996),
Préfontaine (2013), Segalowitz (2017)) and written (Abdel Latif (2013), Leijten and VVan Waes,
2015) fluency researchers. Overall fluency measures indicate that dialogue writing fluency has
some features of the dialogue oral production, especially with regard to revision and pause

behaviour.
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Conclusion

In our study, we tried to find an answer to our main problematics: what measures are pertinent
for analysing dialogue writing fluency? We have seen that both oral and written fluency
researchers have established measures to evaluate fluency. Some of those measures were used
both by oral and written fluency researchers (such as mean duration of pauses (Spelman Miller
etal., 2008; Lindgren et al., 2008; De Jong et al., 2013; Peltonen, 2017, Segalowitz et al.,2017),
some were only used by oral fluency researchers (such as number of filled pauses per minute
(Peltonen, 2017) or by written fluency researchers (such as number of words in a text (Silva,
1993; Johnson et al., 2012; Dizon, 2016)).

When establishing a set of 16 measures for assessing dialogue writing fluency, we took some
measures that were found pertinent by oral fluency researchers (such as speech rate suggested
by Towell (1996), Préfontaine (2010), Tavakoli (2016), Peltonen (2017)) and some that were
found pertinent by written fluency researchers (such as final number of characters per minute
suggested by Leijten and Van Waes (2015)) and adapted those measures to our data. We also
suggested some measures that would, in our opinion, be well adapted for measuring dialogue
features, such as total number of characters per user turn duration, number of final characters

per user turn duration, words per user turn duration, and revisions per user turn duration.

However, the results showed that the measures where the denominator was the user turn
duration presented one of the weakest correlations with the vocabulary size. This can be
explained by the length of turn pause, which was often bigger than all the other pauses put

together. This length lowered the correlation results.

The measures that showed significant correlations were the mean length of p-bursts (threshold
1000 ms) and the mean duration of p-bursts (threshold 300 ms). Mean length of p-bursts also
showed increase over time. The measure mean length of p-bursts (runs) was suggested by both
oral (Towell, 1996; Préfontaine, 2010, 2013; Segalowitz et al., 2017) and written monologue
fluency researchers (Chenoweth and Hayes, 2003; Abdel Latif , 2013; Leiten and Van Waes,
2015), while mean duration of p-bursts was suggested by us. Those findings confirm the

definition of Schmidt (1992) who considered fluency as an automatic procedural skill.

As the measure mean length of p-bursts (runs) was suggested by both oral and written
monologue fluency researchers, we could ask ourselves what the difference between measuring

written monologues and dialogues would be? According to our results, the difference would be
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in lowering the pause threshold, because these thresholds are much higher for written than for
oral fluency. Another difference would be that repair fluency measures tend not to be pertinent
for analysing dialogue writing fluency, as learners make fewer revisions in dialogues than in

monologues (Tavakoli, 2016).

The limitations of our study are 1) of programming nature 2) of data nature. The program
computes the measures correctly except for the case when the message is the start of a new
conversation, so we had to eliminate all the results of total characters, final characters, words
and revisions per user turn duration from our data for those messages. We suppose that there

could be another solution for that problem.

The problems of data nature are linked to the fact that, although several noisy messages were
excluded according the column exclude and when we were eliminating the noisy outliers, there
is still noise in the data (the messages that were copy pasted, the messages that had random
characters). Serge Bibauw explains the nature of such messages by “avoidance behaviour” of
the students who wrote gibberish or void messages.® It would be interesting to test our package

on other data of learners’ conversations with the chatbots to see whether the results would differ.

Another interesting idea for future research would be using our set of measures to compare L1
and L2 dialogue writing fluency, such as several researchers did for monologues (Cenoweth
and Hayes, 2003; Lindgren et al.,2008; Leiten and Van Waes, 2015; Segalowitz et al., 2017).
Unfortunately, we did not have any data of native speakers’ conversations with a chat-bot.
Would it make some measures more interesting than others? Would it show even better results
for mean length and mean duration of p-bursts? Would it confirm our findings about revision

and pause behaviour in dialogue writing fluency? This remains to be seen.

33 Information taken from Serge Bibauw’s unfinished thesis. He is planning to submit it in February 2020.
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