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Abstract

Involvement in an online setting has become in-
creasingly more important in a rapidly digitizing
world. Previous research has suggested that lexical
alignment is an effective method for increasing in-
terpersonal involvement. Multi-modal systems ex-
ist for analysing involvement, but the lexical align-
ment modality is not commonly used in these. This
study examines the lexical alignment modality as a
predictive measure of involvement in online group
meetings. By analyzing participation indicators in
virtual meetings, the aim is to identify moments
of high involvement. Results indicate that lexical
alignment does not correlate with moments of high
involvement. The findings contribute to the scien-
tific understanding of leveraging the verbal modal-
ity for analyzing and organizing online meetings.

KEYWORDS: engagement, involvement, lexical align-
ment, other-repetitions, group meetings, online meetings

1 Introduction

As the Covid-19 pandemic is transitioning to a less severe en-
demic form [1], the remnants of this virus are still visible in
most professional careers. Study has shown an increase in
virtual meetings [8], an increase that is expected to be struc-
tural [17]. The increase in the amount of virtual meetings
has also introduced the concept of *Zoom-fatigue’ [4], where
Zoom can be used interchangeably with other virtual confer-
encing platforms. It is thus important to assess how to combat
this Zoom fatigue’. Research suggests to foster engagement
as a way to combat this *Zoom fatigue’ [13]. The goal of this
paper is to find whether lexical alignment is associated with
higher group involvement and thus engagement. The results
of this paper could then contribute to organizing more effec-
tive virtual meetings.

Involvement can be referred to as the level a participant is
interacting with other participant(s). Alignment is the support
of an ongoing activity, with lexical alignment seen as a way to
show involvement and to establish interpersonal involvement
[20]. Earlier research shows that lexical alignment is corre-
lated to involvement [3]. This is however only researched in
a dyadic setting and not in a group setting, which is there-
fore what this research will look into. This will be done by
looking at the other-repetitions, which is when one partici-
pant repeats words used by another participant, within a cer-
tain amount of time. The amount of other-repetitions is then
analysed together with annotated group involvement data us-
ing linear regression to look for the correlation between the
two concepts.

Two research questions are posed to look at the correlation
between lexical alignment and group involvement.

* Does lexical alignment have a positive influence on
group involvement in online meetings?

* Can lexical alignment predict group involvement in on-
line meetings?

The hypothesis for the first question is that more lexical align-
ment means more group involvement. The answer to the sec-
ond research question would then be that a linear regression
model would be able to predict the group involvement.

The structure of the rest of the paper will be as follows.
Section 2 will show the literary background with previous re-
search that form the groundwork for this research. In section
3 the corpus will be discussed, the annotation of the data will
also be discussed and finally the methods for analysing the
data will be described. In section 4 the results retrieved using
these methods will be reviewed. Then section 5 will discuss
how responsible research has played a part in this research.
Section 6 will discuss the results and the methods that were
used, including some recommendations for future work. Sec-
tion 7 will state the conclusions from this research and finally
section 8 will state some acknowledgements to people that
have helped during the course of this research.

2 Background

Involvement, interchangeably used with engagement, can
be defined as the importance a participant in an interac-
tion places on the desire to remain with the other partici-
pant(s) and carry on the interaction [12]. Previous studies
have looked at the role of involvement, both between human-
human [10] and human-agent interaction [15]. As these inter-
actions also occur within groups, research has also focused
on group engagement, which was described by [11] as “a
group variable that is calculated as the average of the degree
to which individual people in a group are engaged in spon-
taneous, non-task-directed conversations.” Research by Ka-
maludin and Mohd [7] also looked into the significance of in-
volvement in online collaborative settings. They investigated
the effects of many elements on involvement and collabora-
tive results in an online learning setting.

Alignment can be defined as the support of an ongoing ac-
tivity [6]. Lexical alignment in conversation occurs when in-
dividuals repeatedly use the same terms to refer to an object.
This phenomenon is influenced by historical factors, includ-
ing past references, shared conceptualizations, and the grad-
ual simplification or abandonment of conceptual pacts [2]. In
previous studies, lexical alignment specifically has been cor-
related with the conveying of emotional stance [18]. Further-
more, a research has suggested positive correlation between
lexical alignment and task performance in neurotypical indi-
viduals, concluding that interventions promoting shared vo-
cabulary could enhance communication abilities [16].

Previous research has utilized a multimodal system in
groups to predict involvement [9]. In this research the lexical
alignment modality is chosen as that is not commonly used in
multimodal systems to see if it can be used in addition to the
modalities already used in multimodal systems.

Tannen tells in [20] that repetition gets used as a way to
establish interpersonal involvement. Research has been done
in which lexical alignment is correlated with involvement [3].
There is however no use of annotation of involvement.

The research gap in current literature is the fact that lexical
alignment in relation to involvement has not yet been looked
at in a group setting, which is therefore what this research



looks at.

3 Methodology

To answer the research questions we need a couple of things
and as this will be a long section it is useful to split it into
three substantial parts. The first subsection will introduce the
MEMO corpus used in this research and will explain why
it is relevant. The second subsection will discuss how the
MEMO corpus was annotated and why it was annotated that
way. The last subsection will talk about which statistics are
used to analyse the data, why they were chosen and how they
were implemented.

3.1 The Corpus

The MEMO corpus is a collection of audio and video record-
ings from online meetings consisting of four to six people.
One of these people is the moderator who helps keep the
conversation going. There are a total of fifteen groups with
three group sessions each. There are also validated tran-
scripts available in Video Text Track (VTT) format. These
were obtained using automatic speech recognition methods
and corrected by hand where needed. This is all part of the
corpus. Unfortunately there are four transcripts missing, of
which three are of the same group.

For this research the MEMO corpus is interesting because
it contains small groups in online meetings, which is a natu-
ral setting. The data was collected during and after the coro-
navirus, which means most people were most likely already
familiar with online meetings. The conversations are also rea-
sonably natural, which makes it a good corpus to analyse for
involvement. There was no comparison to other corpora as it
was handed to us by our supervisor and responsible professor.
This meant this corpus was inherent to this research project.

It is also good to think about the biases that are already
ingrained in this dataset, these are discussed in section 5.

3.2 Annotations

As a research group we have made some decisions on how
we wanted to annotate this dataset. To start annotating we
first needed a definition of involvement that we wanted to
use for our annotation of group involvement. After some
discussion we settled on the following definition for group
involvement: “The perceived degree of interest or involve-
ment of the majority of the group.” [5]. As this still contained
the word involvement we also chose to define conversational
involvement as follows: “The process by which interactors
start, maintain, and end their perceived connections to each
other during an interaction.” [15].

Using this definition of engagement every member of the
group annotated a part of the data. This was done using a
Likert scale from 1-5. This was done to have a good layer
of granularity while also not giving too much range, which
would make the data a lot harder to use, as there are four peo-
ple annotating. We also decided upon 5 second segments to
annotate as this gives enough insight into the conversation to
get an idea of the group involvement while still not averaging
out too much.

The annotation of first group was skipped, because there
was a mistake in the recording, which made not the whole

group visible in the first session. This made it impossible to
annotate group involvement and as multiple people needed
data per group it was decided that all sessions of this group
were dropped. This gave more annotations for the other
groups and therefore a better view of the involvement in those
groups.

The next important decision was concerning the division
and stratification of the data. We came to the conclusion that
we wanted every member of the group to annotate every ses-
sion of every group, but for it to not cost an extraordinary
amount of time, so that we still had enough time to do our data
exploration and analysis. We therefore decided that everyone
would get random five second time-slices in every session
adding up to about five minutes of annotated time per ses-
sion. We also made sure to have at least ten percent overlap
between annotators to make sure we can compute inter-rater
reliability. It was chosen to use the ICC3k method described
in [14] to look at each pair of annotators. This was chosen be-
cause there was a fixed set of raters, which were considered a
fixed effect. As there were four raters the k-rater version was
chosen.

3.3 Statistics

The collected data was analyzed using linear regression anal-
ysis, as the hypothesis for the research question is a linear
correlation.

Y = Bo+ B1 X + € 9]

The variables 5y and [3; were contrasted in which 5y was the
variable defined for the amount of repetitions within a 5 sec-
ond time slice. The variable 3; defines the level of group in-
volvement for that same 5 second time slice on a Likert scale
of 1-5. Performing this linear regression analysis results in a
dependent variable Y; , which should be an indicator for high
group involvement moments, according to the hypothesis to
the research question.

Experimental Setup

The first step was to process the transcript data. The first
necessity was to remove all stop-words (according to the
nltk stopwords package) and garbage words. The next step
was to POS-tag and lemmatize every word that was left.
This was done using the NLTK package in Python. Both of
these previous steps were done because [3] also follows these
steps. These steps are important because they remove garbage
words and words that fill up sentences, but do not contain any
value. Furthermore, the POS-tagging and lemmatizing are
important, because they bring the word back to its base word.
This is important, because this way if the word gets repeated
in another form (e.g. past tense instead of present tense for a
verb) it still gets picked up as an other-repetition.

Then the other-repetitions needed to be processed. The
data that was gathered during this process is as follows: The
word that was repeated, the speaker, the previous speaker us-
ing the word, the five second window the word was said in,
the time between the start of the two timeframes the word and
its previous occurrence were said in and the group and session
the word was used in. Occurences where the previous speaker
is the same as the current speaker were dropped as these are



not other-repetitions, but just repetitions and therefore not of
interest. After that, for each timeslice it is counted how many
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. Figure 3: Repetitions within 20 seconds to involvement
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repetitions within ten seconds of its original saying, twenty
seconds and so on up to sixty seconds. Figure 4: Repetitions within 30 seconds to involvement
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Figure 6: Repetitions within 50 seconds to involvement
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Figure 7: Repetitions within 60 seconds to involvement

After performing the linear regression analysis results
show that there is no clear linear correlation between the

amount of repetitions within a five second time interval and
the involvement of the group.
The results of the linear regression are as follows:

Time in between LR Coefficient MSE R2
repetitions (s)

10 0.0234136 4.35 -17.80
20 -0.03123905 390 -10.04
30 0.00200735 3.67 -7.53
40 0.01328554 349 577
50 -0.00388725 3.44  -5.06
60 0.02068029 329 421

Table 1: Results for the different linear regression analyses for the
different maximum times between repetitions

As the R2 values are all negative this suggests that the mean
is a better predictor of the involvement than the linear model.
The high Mean Square Error numbers are also quite high for
a scale of 1 to 5. The figures also visually show the fact that
there is no linear correlation between these variables.

All the graphs show that a higher number of other-
repetitions does not correspond to high involvement. It how-
ever also does not correspond to low involvement.

The results of the performed analysis do not answer the
first research question: “Does lexical alignment have a pos-
itive influence on group involvement?” as there was no sta-
tistically significant correlation found using linear regression.
As this was the outcome of the first question, the second ques-
tion, , also gets a negative answer. The fact that there is no lin-
ear correlation between lexical alignment and group involve-
ment makes it not possible to predict involvement.

5 Responsible Research

The first thing to be very careful with is biases. These can
come up in different ways, like with the annotation of the
data by four different people or by having biases in the dataset
already. How we as a research group tried to mitigate these
was by always bringing them up when decisions had to be
made. This way we always kept the biases in the back of our
mind when making choices.

The first origin of bias to think about is the bias in the orig-
inal data. As this is a small amount of people (about 75) only
a small sample of the population is represented. There might
also be biases surrounding the subject which is discussed as
the coronavirus might be a sensitive topic.

The next origin of bias is the annotation of the data, which
is an inherently subjective process. First of all every annota-
tor has a different level of empathy, which makes them inter-
pret the people differently, making them give different scores.
Furthermore there is also a bias in myself and at least one
other group member which makes us calibrate to each group,
leveling out our annotations over the group. This means that
a group that might be on average higher on involvement still
gets an average score because a ’3’ just means that for that
group the involvement is average. Our group also consisted
of 3 males and only 1 female, which is also a possible source
of bias.



Lastly there might be a bias in the analysis of the data.
This can be mostly prevented by choosing the right tools to
analyse the data. The methods used are not in itself prone to
bias, but the way they are applied are. Although no statis-
tically significant correlation is found it is still important to
think about the biases that could be at play. However, as the
statistical method used does not seem to be the correct one,
this can be considered a bias that is influencing the outcome
of this research.

Another significant thing we as a research group had to
think about was the fact that we had 4 sets of annotations
which we wanted to combine. This is a hard thing to do as
all of us have our own intrinsic biases while annotating mak-
ing the data hard to conglomerate. Because we wanted to do
this responsibly we had to invest significant research time into
this, only to be still left with only reasonably reliability. This
is unfortunate, but it would be good to invest more time into
this, should this be done again.

It is also good to think about the origin of the data. As we
have raw video data and we are doing the annotations our-
selves, there is not really anything to question about this. It is
however good to think about how the data was gathered. At
the start the moderator asks for consent to be their moderator
and people have also signed a consent form. There are how-
ever the transcripts, which are subject to automatic speech
recognition and manual correction. From the parts that were
looked at this is definitely not perfect, but it was felt that this
does not impact the data enough to warrant spending hours to
check and correct all of the transcripts.

Lastly it is also important to think about the reproducibility
of the experiment. The Experiment Setup section gives a very
clear account of what exactly was done with the data, so that
it is not hard to reproduce this experiment if the reader has
basic programming knowledge and access to the data.

6 Discussion

This research looked into the relation between lexical align-
ment and group involvement using two research questions.

The first research question is: “Does lexical alignment have
a positive influence on group involvement in online meet-
ings?”. The Mean Squared Error and R2 values in 1 show
that there is no linear correlation between these two parame-
ters. Thus, more other-repetitions does not mean more group
involvement. This is unexpected as [19] suggests repeating
other people’s words does show people’s involvement. The
reasons this does not align may be one of the following. First
of all, it could be that more repetition does not mean more
group involvement and that a few other-repetitions could also
be enough to show involvement, so that there does not exist
a linear correlation between the two concepts. It could also
be that people do this in dyadic conversations, but not or a
lot less in a group. Another possibility is that if one person
is showing involvement this does not necessarily mean that
the group is involved, this is supported by the fact that there
is research into how individual engagement relates to group
involvement [10][9].

The second research question that was posed is: Can lexi-
cal alignment predict group involvement in online meetings?”

As the answer to the previous research question was no, the
answer to this question is also no within the limits of this
research. It might be that it is possible to predict group in-
volvement in online meetings using lexical alignment, but not
using the methods used in this research.

As all data is treated equally, while it may not be, this also
needs to be thought about. In 1 you can see that the data is
not completely equally distributed. This might be correlated
to things like personalities of the people in the group, which is
also part of the parallel research done by someone else in the
same research group as the author. Future work could look
into what might be the cause of this.

It is also good to look at the limitations of this research,
because this can also help future research. First of all, the an-
notation data we have produced as a project group was hard to
use. This is because we did not align our annotation strategy
enough as a group. If we would have tried to align our an-
notation strategies more this might have also lead to a better
definition of conversational involvement, as the one we used
(The process by which interactors start, maintain, and end
their perceived connections to each other during an interac-
tion.” [15]) was not very usable with our annotation division
of random stratification over time throughout the session. The
result of this was a not very good Intraclass Correlation score
(ICC). Using the methods given in [14] and looking at the
ICC3k values (see 2) shows that the data has reasonable over-
lap, but not enough to say that each rater is an extension of
the other raters, which made it hard to trust the data. It was
however still chosen to use this data as the ICC values are
acceptable, but it made it harder to look into for example the
length of peaks and troughs in involvement.

Raters ICC3k value
1&2 0.584122
1&3 0.759784
1&4 0.526881
2&3 0.595724
2&4 0.620876
3&4 0.653286

Table 2: ICC3k values between each pair of raters

As the proposed method for analysing other-repetitions
was not taken from other research this could also be a part
of the fact that no correlation was found. It might therefore
be interesting for future work to only look at other-repetitions
in the immediate reply to another participant.

Lexical alignment is not only other-repetitions, but also
shared vocabulary. A definition for this is given in [3], but
this is only for the shared vocabulary between two people.
Interesting future work that can be done is to develop a defi-
nition for a group of people so this can also be analysed.

Other future work that can be done is looking into if rep-
etition or use of certain words (e.g. emotions) can be corre-
lated to involvement. Another detail that was not looked at
in this research that might be of interest is how far into the
meeting or in which of the three sessions of the group the
other-repetitions took place. It could for example be the case
that multiple other-repetitions in short succession increases



involvement throughout these other-repetitions, therefore this
is possible future work.

What becomes clear through this is that just looking at
other-repetitions one can not predict involvement. After this
research has been conducted it also has become clear that this
is quite a big step from the available literature with a lot of
gaps trying to be filled in at the same time, the jump from
dyadic to group meetings, the use of annotated data to anal-
yse data on a large scale and the creation of a new way of
trying to analyse the data. This is definitely a point of at-
tention and something the author can improve upon in future
research.

7 Conclusion

The goal of this research paper was to research whether the
analysis of lexical alignment can be seen to have a function
in improving involvement of interaction in groups within on-
line meetings. After the conducted linear regression analy-
sis, results showed that other-repetitions do not correlate to
higher involvement within groups in online meetings. This
was shown by the Mean Squared Error (MSE) and R2 values,
as the MSE values were high and the R2 values were nega-
tive. It can therefore also be concluded that other-repetitions
can not be used to predict involvement in online group meet-
ings.
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