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ABSTRACT

Lexical entrainment is a measure of how the words that speak-
ers use in a conversation become more similar over time. In
this paper, we propose a measure of lexical entrainment for
multi-party speaking situations. We apply this score to a
corpus of student engineering groups using high-frequency
words and project words, and investigate the relationship
between lexical entrainment and group success on a class
project. Our initial findings show that, using the entrainment
score with project-related words, there is a significant dif-
ference between the lexical entrainment of high performing
groups, which tended to increase with time, and the entrain-
ment for low performing groups, which tended to decrease
with time.

Index Terms— Computational Linguistics, Multiparty
Spoken Dialogue, Educational Applications

1. INTRODUCTION

Entrainment, or linguistic adaptation, measures the conver-
gence of speech of speakers during the course of a conversa-
tion [1]. It is a subconscious way that we work toward suc-
cessful conversations, and can include changes in prosody,
grammatical structure, or word choice. In many domains, en-
trainment has been shown to correlate with a variety of mea-
sures of task success.

In this paper, we present our initial findings in an inves-
tigation of lexical entrainment in a corpus of undergraduate
engineering students working on product design. There are
two main contributions: First, we present a novel measure
of lexical entrainment for a multi-party session, which draws
on entrainment measures only previously used for speaking
situations with at most two participants. Second, we apply
this score to the student engineering corpus 1 , and investigate
the relationship between group lexical entrainment and group
success.

We hypothesize that student groups with higher entrain-
ment will have better success with their project, and show that
this relationship holds when looking at project-related words.

1Corpus generously provided by Christian D. Schunn from the Psychol-
ogy Department, Intelligent Systems Program, and Learning Sciences and
Policy Program at the University of Pittsburgh.

We report a significant difference between the entrainment of
high and low performing teams, and find that while the en-
trainment score for high performing teams tends to increase
over the course of a dialogue, the entrainment score for lower
performing teams tends to decrease.

2. BACKGROUND

Research on shared mental models informs this study. Ac-
cording to the cognitive psychology literature, a mental model
is an internal representation of situations, people, or other
complex objects [2]. Shared mental models occur when these
internal representations have greater similarity and thus a
more shared understanding of the situation, task, or object
[3, 4, 5]. Mental model sharing can be a matter of degree,
rather than a simple shared versus unshared binary quality
[6]. Past literature suggests that promoting greater shared-
ness in mental models can improve team effectiveness [7, 8],
making it a key variable for teams researchers. However,
shared mental models are difficult to operationalize, resulting
in a variety of measures that are difficult to reconcile and/or
collect [9].

The convergence of speech may be a visible measure of
shared mental models. Research on lexical choices in conver-
sation suggests that participants have “conceptual pacts” that
develop as the same terms are used to refer to a concept or
thing [10]. Entrainment has often been studied by researchers,
with emphasis on the convergence of acoustic-prosodic fea-
tures [11], speaking rate [12], grammatical structure [13], and
more.

Since the force behind entrainment seems to be the de-
sire for more successful conversation, it follows that, as with
shared mental models, conversations in which entrainment is
more successful will be more successful in general. There-
fore, a lot of research has focused on how entrainment corre-
lates with various measures of “task success”: for example,
how well the participants complete a joint task [14] or word
error rate [15]. Others have shown that lexical and syntac-
tic repetition is an accurate predictor of success, such as in a
task involving giving and following directions [16]. Entrain-
ment between a user and spoken dialogue system has also
been shown to be important [17], such as in the domain of
language learning, where the inclusion of lexical and acoustic



adaptation for a spoken dialogue system improved recogni-
tion accuracy [18].

In this paper we focus on lexical entrainment. For our
initial study, we focus on words, such as the score used in
[14], since it is the easiest to calculate and has been shown to
be helpful in other studies. Similarity of word choice, both
lexically [19] and semantically [20], has also proven to be
important in studies involving semantic cohesion, a related
linguistic phenomena, in educational conversations.

Of particular importance to this work is the entrainment
score from [14], which measures lexical entrainment of two
speakers over an entire dialogue by comparing the proportion
of high-frequency words. In their corpus, this entrainment
measure was shown to positively correlate with task success
and dialogue coordination. This score was chosen for our
work as it fits our corpus well, which will further be explained
in Section 3.2.

Though entrainment between pairs of speakers has been
widely investigated by the speech community [14, 16], en-
trainment in multi-party conversation is less studied. Thus,
our initial focus was on the choice of an entrainment measure
that could be easily adapted to multi-party situations, and then
we investigated how that measure worked in regards to a cor-
pus of multi-party student conversations.

3. METHOD

3.1. Corpus

The corpus we study is compiled of transcribed audio/video
from recorded team meetings of college undergraduates
working on semester-long product design [21]. This cor-
pus was collected for a previous project, so we did not have
control over the sample size or time. Although most of the
students were engineering majors (e.g., electrical, mechani-
cal, and industrial), some teams also had marketing students
as members. Students completed the project in a product
realization course or as a senior project. Each group was
given the option of having their meetings recorded in a spe-
cially prepared room in exchange for monetary payment. The
lab room included a table and chairs, a SmartBoard, and a
computer with engineering software for the students to uti-
lize. Some groups used the room to create and store physical
models. Motion-sensor activated security cameras and linked
microphones turned on and started recording when students
entered the room. Figure 1 shows examples of the work
environment.

Each group was given a different project topic, client, and
goal; for example, one team was tasked with improving elec-
tric showers for a Brazilian consumer market, another created
a biodegradable diaper, and another was required to create an
RFID tracking system that could be placed in industrial cut-
ting tools (e.g., drill bits). The team’s success at the end of
the semester was evaluated by their instructor. Because of the

Fig. 1. Work Environment

dramatic differences between the requirements for the differ-
ent projects, a scientific success metric was created. Each
team had a set of project-specific design requirements they
were asked to meet in the beginning of semester. The degree
to which each requirement was met for each team resulted in
their final success score. This metric went from 0 to 1, with 1
requiring that the team exceeded every single requirement.

The subset of group sessions we analyze in this paper
is compiled of 27 student teams who worked on hardware
projects, each ranging in size from 2 to 5 students. This sub-
set involves team meetings that had already been transcribed,
a process that took over two years. 10 of the teams are con-
sidered to be high scoring teams (a score of .8 or higher),
10 teams are considered to be low scoring (a score of .5 or
lower), and 7 were middling (and were removed from analy-
ses comparing high- and low- performing teams). At least one
hour of total conversation from each group was selected and
transcribed; this hour may have come from one team meeting
session or from multiple shorter conversational sessions from
different dates. The initial choice of sampling was for a sep-
arate study involving design creativity, and so most, but not
all, of the sessions were taken from the second month of the
four-month projects. Also, we did the first experiment (Sec-
tion 4.1) with a subset of the total sessions (53 out of 71). In
the second experiment, the total number of sessions had been
transcribed and were included for analysis.

A sample dialogue snippet from the corpus is shown in
Figure 2. In general, the dialogue in this corpus is a good ex-
ample of natural multi-party dialogue in project settings, as
student speech was captured without any kind of strict exper-
imental environment placing limits on what they wanted to
say. Because of this, student talk may go off-topic in some
places, which will be discussed more in Section 4.1.

The corpus did propose some challenges for measuring
entrainment. The audio quality was uneven, depending on



Fig. 2. Sample Dialogue from Student Engineering Corpus

ambient noise (e.g., if a participant was tapping with a pen),
how loudly the participants spoke, and how much they spoke
over each other. These quality issues resulted in our analyses
being limited to word choice, rather than intonation and pro-
nunciation. To account for this, the corpus was preprocessed
before use to remove questionable turns (any turn in which
the transcriber noted that he had trouble hearing some or all
of the speech). After preprocessing, though, the corpus still
contained more than 40,000 utterances [22] from 71 conversa-
tional sessions. In addition, speaker labels were not consistent
between sessions (a person on a team could be transcribed as
speaker 1 in one conversation, and speaker 2 the next), so con-
versational sessions are handled as separate entities and our
entrainment measure could not be dependent on the identity
of speakers.

3.2. Lexical Entrainment Score

Our group entrainment score is adapted from the pair score
from [14]. This score was selected over the various other
measures of lexical entrainment due to the way that it looks at
word use over the entire dialogue rather than in specific turn
pairs, eliminating any problems due to the corpus challenges
previously mentioned.

The score used in [14] measures the similarity in the use
of high-frequency words between two speakers. For a word
w, the entrainment is measured using the following formula,
where ALL is the total words from that speaker and count(w)
is the number of times word w was spoken:

entr(w) = −
∣∣∣counts1(w)

ALLs1
− counts2(w)

ALLs2

∣∣∣
Note that the score is negated so that speaker proportions

with greater difference have a lower score than those that are
closer. Then, this measure was calculated for an entire class
of words by summing entr(w) for all words chosen (we look
at the 25 highest frequency words and project-related words,
described in sections 4.1 and 4.2).

In order to modify the score to work for a multi-party
conversation, a “group” version of the above measure was
designed. entr(w) was computed for each pair of students
present in a team session. Then, to combine the pair scores
into one final group score, these scores were averaged into
one entrainment score per session. Both a regular average and

weighted average2 were experimented with. This weighted
average was done based on the words spoken by each pair,
using the equation:∑

P −(
∣∣∣ counts1(w)

ALLs1
− counts2(w)

ALLs2

∣∣∣ ∗ (ALLs1 +ALLs2))∑
P (ALLs1 +ALLs2)

where P is the set of speaker pairs in the group. It was as-
sumed that the weighted average would be a better measure,
as it would reduce the importance of speakers that may have
talked very little.

3.3. Hypothesis

Our hypothesis was that higher entrainment in a team is
indicative of better group communication and more shared
mental models, and therefore would lead to a higher success
score. We thus expected that the group entrainment score will
be positively correlated with team success and that there will
be a significant difference between the entrainment in a high
scoring group and the entrainment in a low scoring group.

4. RESULTS

4.1. High-Frequency Words for Teams

Our first experiments were done to replicate [14], and so we
calculated the group entrainment score using the 25 most fre-
quent words3. This set of words was computed for each indi-
vidual session and used to get the group entrainment score4.
All session scores were averaged together for a group in order
to get one final group entrainment score.

All statistical test were done in SPSS. A p-value < .05
is considered significant, and a p-value < .10 is considered
trending. A student t-test was used to see whether there was
a significant difference between entrainment scores for high
scoring teams and entrainment scores for low teams. The re-
sults of this test are presented in Table 1.

In addition, Pearson Coefficients were calculated to mea-
sure the correlation between the entrainment scores and team
success scores, the results of which are displayed in Table 2.

Both tests return insignificant results. There was no sig-
nificant difference between high and low scoring teams, and
the correlations between entrainment and success scores were
not significant. Furthermore, the entrainment scores did not
match up with our intuitions; it appeared that lower teams
tended to have the higher valued entrainment score.

2Other methods of combining pair scores, such as taking the minimum
or the maximum pair, were experimented with, but the results were insignifi-
cant.

3Other numbers of high-frequency words were experimented with as well
to see if this was an important variable, but no real difference in entrainment
scores was found.

4In a previous experiment, the 25 words were computed once over the
entire corpus.



Table 1. Results of Student T-Test using Top 25 Frequent
Words

Table 2. Results of Pearson Correlation using Top 25 Fre-
quent Words

We believe that there were several reasons for this lack
of significant results and unexpected relationship between en-
trainment and success. First, session scores were averaged to
get one team score, instead of considered separately. We in-
ferred that using session scores separately is a better method,
as team entrainment probably restarts in-between sessions.
Second, the entrainment score is measured over the entire di-
alogue, and therefore may not pick up any subtle change from
the beginning to the end of the dialogue. Therefore, for our
next set of investigations we decided to look at the first half
and second half of the sessions separately. Each session was
divided into two halves by the number of turns, and the group
score was calculated separately for each of them. The final
entrainment score, which we call Change, was measured by
the change in the score (second half - first half). A positive
difference suggests that the speech of the group was becom-
ing more similar as time went on, while a negative difference
suggests that the speech of the group was becoming less sim-
ilar as time went on.

In addition, student talk often deviated briefly from the en-
gineering work at hand to something completely unrelated -
the recent football game, for instance. While students may be
entraining on high frequency words, this entrainment might
not be helpful to the success of the project if the words are
not actually being used for on-task work. Furthermore, it may
be possible that lower scoring teams do entrain more, but on
words for subject matter that has nothing to do with the class
project. To handle this, we proposed an additional change
to our entrainment score using project-related words, as dis-
cussed in the next section.

4.2. Project Words and Entrainment Change for Sessions

In addition to dialogue transcriptions, the student engineering
corpus also includes text descriptions of the projects for each
team, which were given to students at the beginning of the
project and used as direction for their work (e.g., a paragraph
about a biodegradable diaper). We believed that these could
be utilized to get a bank of project words for each team to
measure entrainment only over words that were applicable to
the overall project goal. Project words have previously been
useful in analyzing other types of educational dialogue [23].
Stop words and duplicates were removed for each descrip-
tion, and these project words were used to calculate group
entrainment scores as described in Section 3.2. The number
of project words per team was different, but a t-test showed
that there was not a significant difference between the num-
ber of project words for low performing and high performing
teams (p=.33), and there was not a significant correlation be-
tween number of project words and team success (R=-.129,
p=.586). Thus, there is no evidence that any findings are due
to an overall difference in number of project words.

For this experiment, the entrainment scores were calcu-
lated for the first and second half of each session, and the
difference in scores (second half - first half) was used as a
final measure of entrainment over the session, which we call
Change. Others have similarly split dialogue into first and
second half with success [24]. As noted before, we were able
to use the entire corpus for this experiment, so the sessions an-
alyzed increased from 53 to 71. Again, a t-test was used to see
whether there was a significant difference between entrain-
ment scores for sessions of high scoring teams and entrain-
ment scores for sessions of low teams, the results of which
are displayed in Table 3. In addition, Pearson Coefficients
were calculated between the final entrainment score change
and team success scores, the results of which are displayed in
Table 4.

Table 3. Results of Student T-Test using Project Words

There is a significant difference between the higher scor-
ing teams and the lower scoring teams. Higher scoring teams
are more likely to increase their entrainment in project words,
while lower scoring teams are more likely to diverge in their
use of project words. In addition, there is a trending correla-
tion between the entrainment score for a session and the suc-
cess score of the team. This supports our initial hypothesis
that entrainment happens more in teams that are successful in



the group project.

Table 4. Results of Pearson Correlation using Change

It is interesting to note that the actual proportion of project
words used in the dialogue actually has the opposite pattern
over a session; higher scoring teams are more likely to de-
crease the number of project words that they are using, while
lower scoring teams are more likely to increase the number of
project words. One possible reason for this is that high scor-
ing teams may start off strong, working on the project, and
then digress as times goes on, where low teams may start off
more off-topic and focus on the project as they near the end
of a session.

5. CONCLUSIONS

In this paper, we presented a measure of lexical entrainment
for multi-party conversations which built off of a pair en-
trainment score from [14]. We applied this score to a cor-
pus of undergraduate engineering students working on group
projects and investigated its relationship with team success
on the project. This initial experiment yielded insignificant
results, so we re-examined our original score and made some
changes, namely considering team sessions separately, mea-
suring the change in our score from the first half to the second
half of each conversation, using project-related words to make
sure students were entraining on helpful words, and including
the entire corpus. This second experiment showed that there
is a significant difference between the higher scoring teams
and the lower scoring teams. Higher scoring teams are more
likely to increase their entrainment in project words over the
course of a conversational session, while lower scoring teams
are more likely to diverge in their use of project words. In ad-
dition, there is a trending correlation between the entrainment
score for a session and the success score of the team.

The shared mental models literature distinguishes be-
tween shared mental models about the task itself versus
teamwork itself, and different kinds of tasks may influence
how predictive shared mental models will be [25]. Simi-
larly, this study showed the importance of the entrainment of
project words, examined over time, for this particular product
realization task.

5.1. Future Work

Our work presented in this paper is an initial look at lexi-
cal entrainment in the student engineering corpus, but there
is still much to be done. First, we would like to further ex-
plore our lexical entrainment score using project words and
how it changes within a group over a longer period of time.
This could be done by looking at groups that met for more
than one session and seeing how session date affects the en-
trainment score. Second, if utilized with teams where better
quality audio is available, it would be useful to extend this
study to other elements of entrainment, such as intonation.

In addition, our second experiment introduced several
changes, and it would be of great value to investigate the
effect of each of these separately. There are also many more
aspects of a team that could affect the entrainment (or vice-
versa), and investigating each of these separately would be
an interesting extension. Examples of these ideas are gen-
der proportion, number of speakers, and individual speaker
attributes. Finally, this study is a useful first step for a new
method to measure shared mental models in teamwork. Fu-
ture studies can greatly benefit a range of teamwork and
multi-party research.
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