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Abstract—We study physical alignment in conversations and
motion energy (ME) validation. ME is estimated through counts
of pixel changes in video regions of interest. ME of interlocutors
is quantified with the MEA system, which uses a frame difference
algorithm, and it is designed and widely deployed in situations
defined to involve a natural dialogue. In the spirit of replication
and system validation, we report our efforts to validate motion
energy analysis on collaborative dialogues. Within successive
windows on ME in video recordings (c. 0.3 seconds duration; 9
frames), and over entire videos without windowing, we correlate
the simultaneous ME of paired interlocutors. Then, we compare
these values with those that arise where ME for one party
is either randomized or reversed. We see expected differences
between actual and randomized interlocutors, but not reversals.
We demonstrate relations among ME values, ME correlations,
and ME validation.

Index Terms—Conversational Synchrony, Alignment, Window-
ing, Motion Energy Validation, MEA.

I. INTRODUCTION

Given the importance in cognitive infocommunications re-
search, which focuses on developing and analyzing technolo-
gies that have the possibility of enhancing human cognitive
capabilities [1]–[4], it is important to understand the extent
of human abilities and the parameters that influence them.
Human communicative behaviours in interaction are among
these important parameters [5]–[7]. Others in this field study,
for example, abilities with affordances of virtual reality [8],
and at face value, immersion in such systems will be enhanced
if encountered synthetic avatars respond in a natural way
to humans participating in such systems. From a cognitive
infocommunications perspective, understanding the dynamics
of human dialogue is crucial. Here, we focus on an aspect of
such dynamics: the coordination of bodily motions. The ability
to measure and quantify alignment through bodily motion has
significant implications for cognitive infocommunications and
human-computer interaction. It provides a quantitative method
to assess the quality of interactions.

We address the measurement of bodily motion as recorded
in video within a multi-modal dialogue communications cor-
pus, quantified in terms of pixel change in regions of interest.
Our intent is to confirm that widely used motion energy
(ME) analysis systems [9], [10] are valid and effective for the
materials we are studying. Our approach is two-pronged: we
compare ME correlation between dialogue participants with
that obtained in matched synthetic data; we compare the mea-
surements of the widely available system with measurements
obtained by using open-source video processing libraries.

In support of this work, we adopt the widely deployed MEA
system [9], [10], developed for dialogue situations in which
there is a natural dialogue leader. The method is based on
counts of pixel changes in regions of interest in videos. In the
same spirit of research that addresses multi-modal emotion
recognition systems attempting to assess the extent to which
they agree on high-level and low-level classifications [11], we
validate the use of this system through a comparison of results
obtained from the videos of actual dialogues and counterparts
in which the ME measurements of one dialogue partners are
either randomized (without replacement) or reversed (i.e., the
value for the first frame becoming the last, etc.). We find
that randomization shows expected differences from actual
videos, and reversals have properties that require additional
scrutiny but are distinguishable from each other. We see this
as validating the use of ME in multimodal dialogue analysis.

We describe past research that provides the method adapt to
general dialogue (§II). We then describe a multi-modal corpus
of interactions used in this research (§III), and the methods
used to analyse the dialogue data (§IV-A-§IV-D). Then, we
present results (§V) and discuss our interpretation of these
results (§VI). The paper concludes (§VII) with observations
about the relevance of this work to multi-media computing.

II. BACKGROUND

During human dialogue interaction, interlocutors use diverse
channels to communicate, including language, gestures, head
and body movements, and they often coordinate these multi-
modal actions. The study of behavioral synchronisation, i.e.,
the similarity and interlocking of behavioural patterns among
speakers that interact with each other, has been seen as one
of the ways to approach the dynamics of the conversation
[12]. Individuals repeat aspects of each other’s communicative
behaviour to show their involvement and understanding, to
pursue their communicative goals, contribute to the efficient
exchange of information, and overall facilitate harmonious in-
teractions [13], [14]. This interpersonal coordination includes
alignments that take place in daily face-to-face interaction and
happen naturally, even perhaps without consciousness of it
[15], and coordination is referred to as a characteristic of every
interpersonal interaction [16].

The interlocutor behaviours may grow to be in tune with
each other at different levels, including linguistic alignment
[17], gestural and lexical alignment [18], facial expressions
synchrony [19] and body movement coordination [12], [20].



Some of these behaviours may be discrete events (i.e., gaze,
laughter), while others are a series of events, i.e., a series of
body movements. The units of these behaviour alignments are
cross-participant paired behaviour that indicates the behaviours
match or are the same in one or more dimensions [18]. To
clarify the relation between any pair of behaviours, [18] has
characterized five keys of alignment dimensions, out of which
we explore two: time and similarity. These five dimensions
can occur between paired behaviour of co-speakers or paired
behaviours of the speaker alone. Time indicates defining a
specific temporal lag between aligned pairs of behaviours.
The temporal lag between paired behaviours may vary from
zero, which shows simultaneity between paired behaviours, to
a delay in time units, such as a millisecond, second, minute,
or hour. Also, (dis)similarity refers to paired behaviour being
more or less similar in form. Because of highlighting temporal
aspects such as rhythm, the meshing of nonverbal behaviours,
and simultaneous movement as quantitative characteristics,
[21] classifies this type of non-verbal synchrony as movement
synchrony, considering the exact time and coordinate move-
ment between interlocutors.

Out of the various methods that capture interpersonal coor-
dination, here we work with Motion Energy Analysis (MEA)
[9], a video-based tracking method in the context of nonverbal
synchrony research. MEA has been extensively deployed in
studies that quantify non-verbal synchrony in the context of
psychotherapy (see [20], [22]–[25], among others). It has
also been used in a number of works researching interper-
sonal synchronisation, including the contribution of rhythmic
features of movement to bonding between individuals [26],
measuring coordination in the workplace in mentor-mentee
dyads [27] and examining gender differences in synchrony in
dyadic unstructured conversations with same-gender strangers
[28]. In addition to its reported effectiveness in measuring
body movement coordination, MEA has been considered a
preferable analysis method for videos of conversations with a
fixed camera and set lighting conditions (as is the case with
our data), compared to pose estimation methods [29].

Therefore, we opt for using this technique to analyse our
data as we consider it an appropriate method to profile our
dialogues in terms of body movement synchronisation and to
enable the interpretation of their dynamics.

III. DATASET

Our study uses the MULTISIMO dataset [30], a multi-modal
corpus consisting of 18 videos of three-party dialogue sessions
in English.1 In each session, two interlocutors collaborate to
answer three questions provided by a moderator, and then rank
answers in terms of popularity, following the responses of
external groups. A number of 36 interlocutors were randomly
paired with each other for each session, and a moderator
helped them to find answers. In all sessions, one of the
interlocutors is seated on the left side of the moderator, and the
other interlocutor on the right. Each video includes one person

1See multisimo.eu, last verified May 2024.

on the screen; the setup of the camera, lights, and background
is fixed, and only the interlocutor moves. The duration of all
videos is around 4 hours. For this study we used synchronized
high-quality zoomed front views of each interlocutor.

IV. METHOD

We compute ME for each interlocutor in each dialogue
in MULTISIMO (cf. §IV-A). Then, we compute correlations
between paired interlocutors using the rolling window method
(cf. §IV-B) over the whole video as a measure of alignment.
Each window has a length of 0.3 seconds (9 frames). Next,
we label each windowed correlation based on the significance
of their p-values and the sign of their correlation values
(cf. §IV-D). We imagine that in actual data, communication
dynamics will sometimes yield positive correlations (when
interlocutors act together), sometimes negative correlations
(when the activity of one is matched by decreasing activity
of the other, such as in turn-taking), and sometimes no corre-
lation. We apply three labels: “Open”, “Neg”, and “Pos”. We
form bi-grams over the successive labeled windows, studying
bi-gram distributions to gain insights into the sequence of
alignment and non-alignment in actual and synthetic data.

This approach is applied to various data types. We compare
actual ME values with manipulated data, where ME values
of one participant in each dialogue are reversed (the last
value becoming first, etc.) or shuffled. We expect the bi-
gram distribution of labeled window correlations to have
significant interaction with different data types (actual ME
vs. reversal ME). Furthermore, we examine the correlation of
paired interlocutors’ ME throughout each dialogue. We expect
their correlation to become non-significant in the random
and reversal data. Separately, another method is used for
ME extraction to examine ME extraction method used in
this study. ME of interlocutors are extracted using Single
Shot MultiBox Detector (SSD) [31], OpenCV [32], and frame
difference algorithm (FDA). Then, the results are compared to
ME extracted by the MEA system [9], [10].

Fig. 1. Section A shows rolling window on ME of paired interlocutors.
Section B demonstrates labeled windowed correlation and defining bi-grams
of these windows



A. Motion Energy Computing

A video consists of a series of still images called frames. A
frame includes many pixels; the pixels’ colours change when
transitioning to the next frame in case a change happens, e.g.,
an object movement. The difference between the colours of
pixels in two successive frames is called ME [9]. ME is quan-
tified by the number and amount of pixel changes summed
between each frame and its prior frame. The first frame has
an ME of zero since no prior frame exists. This method is
one of the frame-difference algorithms that compute changes,
although they do not capture the direction of movement [9].
The colours of pixels may be affected by background colour,
masking, light sources, noise, etc. Hence, to apply frame-
difference methods, some conditions should be controlled; the
camera, background, and light should be stable since light or
background changes can change pixel colour and can thus be
mistakenly considered as a movement. Thus, these conditions
should be constant in the input video. Also, objects should
have clear boundaries and not be masked, as frame-difference
algorithms recognize pixel changes and not objects. In frame-
difference algorithms, the area of target objects defined to
calculate their movement is called the region of interest (ROI).

In the MULTISIMO data that we use for our research,
the camera position, light, and environment conditions are
constant, and the dialogue interlocutors may move while they
are speaking or listening. We opted to use the MEA tool [9],
[10], [20], a tool that computes ME of video frames using
a frame-difference algorithm and deploying a user interface.
At first, after opening the video within the tool, the whole
body of an interlocutor is defined as the ROI on the MEA
system. Then, the system computes the motion of each frame
and provides the related measurements as an output series in a
text file. The MEA tool has a user-friendly interface, allowing
users to conveniently define the ROI using a mouse, with no
additional coding or other time-consuming processes required.

Furthermore, to validate ME extracted by the MEA system,
we use an additional approach to compute ME. The approach
involves the application of SSD [31], which is designed for
object detection in videos and images. Using OpenCV [32]
and SSD, an interlocutor is detected as a person in the video.
Then, a box is drawn around the interlocutor as ROI. Finally,
ME of pixels in ROI is calculated through the FDA, and a
series of ME per frame is generated for each interlocutor.

B. Rolling Window

Dynamics of conversation, in general, suggest that the rela-
tionship between interlocutors that are leading, following, or
are aligned with each other, may change during the course of
the dialogue. In human-human interaction analysis, the method
of video windowing is employed to compute the correlation
between interlocutors within conversation segments. In this
sense, rolling a window on ME series can capture the dynamics
in the conversation, which may change as the dialogue pro-
ceeds. A window is a vector derived from sequential measure-
ments taken from a time series. We use the windowing method
to determine if any correlation (alignment) exists between ME

of interlocutors across dialogue segments. This alignment at
lag-zero indicates interlocutors’ simultaneous movements.2

In this research, a window involves a series of ME values.
To apply the method, first, a window with a constant length of
0.3 seconds is defined. Then, the window is rolled on ME of
paired interlocutors from second 0 of the conversation to 0.3
seconds later, thus covering time series from seconds 0-0.3.
Then, Spearman correlation between ME of the interlocutors
covered by the window is computed. Next, the window tran-
sitions to the next point, maintaining a constant length. The
start point of the subsequent window is set to the endpoint of
the current window, and the process iterates until the rolling
window reaches the end of the conversation.

Windowing presents various parameters: window length and
window step size or overlap. Yet, given that these parameters
may vary across dialogues due to factors like context or
interlocutors, they should be dynamically set based on the
specific data under investigation. In our study, the window
length was set to 0.3 seconds. To avoid repetition, we opted not
to use overlaps, ensuring no shared time between the window
and the subsequent window. The reason for the choice of the
0.3 seconds window length is to take an intermediate view
between 30 and 3000 milliseconds, considered as minimal
duration of perception and cognitive integration of temporal
information [33]. Additionally, we employ Spearman-rank
correlation, which is a non-parametric method as the ME
measurements are non-normally distributed for this data.

C. Data Construction

We use a few data constructions. The first type is the
Actual data, ME values from the recorded videos, without
modification. The second type is Reversed data, where the ME
frames of the right-side interlocutors are temporally reversed.
This approach allows us to create synthetic conversation data
with lengths matching the actual data while also having time-
directional influences. The third type of data is yet another
synthetic version, Shuffled: the ME of the right-side inter-
locutor is shuffled ten times, and the mean of ten shuffled
ME measurements is calculated as ME of the frame. Shuffling
breaks temporal dependencies, thereby serving as a null model.

D. Successive window n-grams

Applying the windowing method results in a series of
windows with p-value and correlation coefficients. We apply
discrete labels to each window based on the significance and
the direction of its correlation to determine the distribution of
bi-grams of these labels. This causes observing and analyzing
patterns in the sequence of window states rather than just
considering individual windows in isolation. Therefore, we
can explore changes in the correlation between interlocutors
over time. The bi-grams enable a view of the data related to
successive windows and not just the frames within a window.
This can provide insights into the dynamics and transitions of

2In a larger body of work not reported here, we examine distinct lags on
the series of ME to estimate from times when interlocutors correlate which
interlocutor may be thought to “lead”.



TABLE I
SPEARMAN CORRELATION RESULTS BETWEEN ENTIRE ME MEASUREMENTS FOR DIFFERENT DATA AND METHODS, AND THEIR COMPARISON. IN THE
CATEGORY OF THE MEA, COLUMNS ACTUAL-RHO, SHUFFLED-RHO, AND REVERSED-RHO SHOW CORRELATIONS OF ME EXTRACTED BY THE MEA

SYSTEM. IN THE CATEGORY OF SSD-FDA, COLUMN ACTUAL-RHO INDICATES THE SAME, BUT ME IS EXTRACTED BY SSD-FDA. THE LAST TWO
COLUMNS SHOW THE CORRELATION BETWEEN ME OF THE LEFT SIDE INTERLOCUTOR EXTRACTED BY THE MEA AND SSD-FDA; THE SAME FOR THE

RIGHT SIDE INTERLOCUTOR. NS SHOWS THE P-VALUE IS NOT SIGNIFICANT, SO THE CORRELATION IS NOT REPORTED.

MEA SSD-FDA MEA and SSD-FDA

Session Actual-Rho Shuffled-Rho Reversed-Rho Actual-Rho Left Side
Interlocutor

Right Side
Interlocutor

S02 0.3037 NS -0.10188 0.3949 0.82206 0.8727
S03 0.17849 NS -0.0308 0.15896 0.90086 0.87728
S04 0.214 NS NS 0.16176 0.9323 0.8215
S05 0.061345 NS -0.0468 0.03132 0.87164 0.87514
S07 0.21809 NS -0.04477 0.1676 0.91719 0.8823
S08 0.23644 NS NS 0.29423 0.87365 0.91788
S09 0.23988 NS NS 0.25365 0.89866 0.86
S10 0.19234 NS 0.04526 0.121 0.72412 0.92637
S11 0.12786 NS NS 0.093 0.912395 0.8
S13 0.25729 NS NS 0.42964 0.805188 0.9129
S14 0.52032 NS -0.07944 0.43 0.88859 0.94836
S17 0.35154 NS NS 0.26998 0.9144 0.92249
S18 0.05019 NS NS 0.050817 0.90552 0.86967
S19 0.38266 NS NS 0.40138 0.818179 0.92707
S20 0.25607 NS 0.0597 0.1952 0.9368 0.944527
S21 0.34278 NS -0.0798 0.42477 0.7661 0.91409
S22 0.030847 NS -0.1035 -0.0059 0.90835 0.90999
S23 0.28411 NS NS 0.22425 0.88053 0.9268

states within the data, which might be particularly useful in
understanding temporal relationships and dependencies.

In the process of applying discrete labels, if the p-value
of a window is non-significant (p � 0.05), it is labeled as
“Open,” if the p-value of the window is significant and its
correlation is positive (⇢ � 0, p < 0.05), it is labeled as “Pos,”
and if the p-value is significant and its correlation is negative
(⇢ < 0, p < 0.05), it is labeled as “Neg.” Then, the bi-grams
of these discrete labels are formed. We apply this approach
to our different data constructions, i.e., Actual data and ma-
nipulated data (the correlation details derived from Reversed
and Shuffled data). Finally, we have a series of bi-grams of
labeled windows. Next, the bi-gram distributions for each of
these orderings are compared using a contingency table test.
Comparing distributions across different data manipulations,
such as Reversed and Shuffled, helps to assess the robustness
and characteristics of the observed patterns. This can help
distinguish actual patterns from those arising due to random
fluctuations or inherent data structure.

V. EXPERIMENTS

A. Meaningfulness of ME correlations

ME extraction methods described in §IV-A are employed
to extract ME of each interlocutor to explore the correlation
between pairs of interlocutors during the entire dialogue for
different data constructions. Paired interlocutors’ ME extracted
by the MEA system are considered, and then the correlation
between them is computed. This process is applied to Actual,
Reversed, and Shuffled data constructions. In addition, to val-
idate the MEA system and assess its outputs, its performance

is compared against the SSD-FDA method (cf. §IV-A). For
this purpose, the correlation between paired interlocutors’ ME
extracted by SSD-FDA is computed. In another experiment,
we examine the ME of the left-side interlocutor, as extracted
by the MEA system, as well as by the SSD-FDA. We then
calculate the correlation between the ME extracted by MEA
and the ME extracted by SSD-FDA for the same left-side
interlocutor. The same process is followed for the right-side
interlocutor.

Table I shows the results for different methods and data.
In the case where ME is extracted by the MEA, the col-
umn Actual-Rho illustrates that the interlocutors’ correlations
within Actual data are significant, yet some are weak. Column
Shuffled-Rho shows none of the correlations being significant
(NS refers to “not significant”). In the column of Reversed-
Rho (reversed data), some dialogues have significant but very
weak correlations, some have negative correlations, and some
have non-significant correlations. In the case in which ME is
extracted by SSD-FDA, the Actual-Rho column shows that all
correlations are significant, yet some are weak. In the category
of MEA and SSD-FDA, the columns for Left Side and Right
Side Interlocutors indicate a significant and strong correlation
between ME extracted by the two methods.

B. Bi-gram label distributions

By applying the method detailed in §IV-D, we get a
series of bi-grams of labeled windows, which are derived
from successive window correlation values – a series of bi-
grams of successive correlation situations at different time
spans. Here, we report on the interaction of comparison and



inspection of residuals for bi-grams labels. A contingency
table of occurrence of bi-grams labels is constructed per
dialogue for Actual vs. Reversed data and also for Actual vs.
Shuffled data. The contingency table of Actual vs. Reversed
data includes counts of the bi-grams distribution of successive
window correlation label driven from Actual data (actual ME
measurements) and Reversed (reversed ME of the right-side
player). The contingency table of Actual vs. Shuffled includes
counts of the bi-grams distribution driven from Actual data
and Shuffled (randomized ME of right-side player). Then,
Chi-squared test is applied to each comparison table to assess
statistical significance interaction between bi-grams of Actual
data and constructed data. The interaction was significant for
nine dialogues out of 18 on Actual vs. Reversed. Regarding
Actual vs. Shuffled, the interaction is significant for all dia-
logues.

We aggregated contingency tables from all dialogues to get
the count of all bi-grams categories and came up with only one
table to investigate overall. One table for Actual vs. Reversed,
and one table for Actual vs. Shuffled. Applying Chi-squared
test on the comparison table of Actual vs. Reversed shows
significant interaction between bi-grams categories of Actual
data and Reversed data (�2 = 188.9, df = 8, p < 2.2e � 16).
Analysis of the residuals of interaction reveals observations
of “Open Open” (successive windows without significant
correlation) are more than would be expected for Reversed
if there were no interactions between the “Open Open” bi-
gram category (null hypothesis were true, and variables were
independent). It is the opposite for Actual; observations of
“Open Open” are less than would be expected if there were
no interactions between the “Open Open” category. Similarly,
observations of the bi-grams of “Open Pos,” “Pos Open” and
“Pos Pos” are in significant abundance for Actual data than
would be expected with no interaction between each of these
bi-grams; and in a significant dearth for the Reversed data
than would be expected with no interaction for these bi-grams
categories. Furthermore, Chi-squared test shows Actual vs.
Shuffled interaction is also significant (�2 = 3419.7, df =
8, p < 2.2e � 16). Inspecting residuals reveals that all bi-
grams categories involving at least one significant correlation
(i.e., any combination that includes the labels “Pos” or “Neg”)
are in significant abundance rather than would be expected no
interaction in these categories of Actual data; dearth rather
than would be expected to have no interaction between these
bi-gram categories of Shuffled data. The case of succes-
sive windows without significant correlation in either (“Open
Open”) is in significant dearth for Actual and significant
abundance for Shuffled. Table II shows the residuals.

VI. DISCUSSION

The results reported in §V-A demonstrate significant corre-
lations of ME of paired interlocutors throughout the dialogue
for the Actual, and non-significant for the manipulated ME
data (see Table I). Moreover, the results reported in §V-B
indicate that, in the analysis of bi-grams of correlation labels
for successive windows, there are clear and significant dif-

TABLE II
RESIDUALS OF ACTUAL VS. REVERSED COMPARISON AND ALSO, ACTUAL

VS. SHUFFLED COMPARISON. BONFERRONI ADJUSTMENT IS APPLIED BY
DIVIDING ↵ = 0.05 BY COUNTS OF CATEGORIES WHICH IS 18,
↵0 = 0.0027 AND THE CRITICAL VALUE FOR N(0, 1)↵0 = 2.99.

Residual Residual

Bi-grams Actual Reversed Actual Shuffled
Neg Neg -0.66 0.66 14.41 -14.41
Neg Open -1.02 1.02 16.15 -16.15
Neg Pos 2.40 -2.40 14.44 -14.44
Open Neg 0.71 -0.71 16.23 -16.23
Open Open -9.43 9.43 -55.98 55.98
Open Pos 6.25 -6.25 26.31 -26.31
Pos Neg 1.66 -1.66 14.08 -14.08
Pos Open 6.63 -6.63 26.38 -26.38
Pos Pos 9.01 -9.01 21.78 -21.78

ferences between Actual and Reversal (ME measurements for
one party reversed) and Shuffled (ME for one party shuffled)
data. Actual ME data shows significantly fewer instances
of successive windows without any significant correlation
(“Open Open”) than would be expected if there were no
interaction between the bi-gram counts for “Open Open;” it
is the opposite for constructed data in which “Open Open”
is more in Reversed and Shuffled data (see Table II): this
means that extended periods of interlocutor non-alignment are
less likely in actual dialogue than synthetic counterparts. The
significant abundance of observations of “Pos Pos” in actual
data (relative to what one expect if the actual vs. treated
data made no difference) indicates that successive windows
of interlocutor alignment are more likely in actual data than
either synthesized sort. Similarly, “Neg Neg” (which encodes
successive windows of interlocutors being in complementary
alignment) is also more likely in actual data than shuffled, but
the difference with respect to the reversal is not significant.
More generally, window sequences involving at least one
“Pos” are always in greater abundance for actual data than for
treatments (and significantly so, except for two cases). These
patterns overwhelmingly indicate that in this data, alternations
and continuations in positive ME correlation between inter-
locutors separate actual and synthetic dialogues.

These results imply that at the dialogue level, there is a
clear and quantifiable difference in ME dynamics between
actual dialogue and manipulated datasets. This suggests that
the ME values reported are meaningful, a claim that would be
refuted if actual and synthetic ME sequences are indistinguish-
able. ME measurements reflect conversational dynamics, in
particular, interlocutor alignment in dialogue. The significant
correlations observed in actual dialogues and the insignificant
correlations in manipulated datasets support the hypothesis
that ME measurements can be used to measure alignment in
conversation. In addition, the differences between dynamics
transition in actual and manipulated data provided by bi-grams,
refer to patterns of ME alignment that are different for actual
and manipulated data and can help to distinguish an actual
interaction from anartificial one.



The strong relationships between ME extracted by the MEA
system and ME extracted by SSD-FDA provides further evi-
dence of reliability in ME measurement. The research supports
motion energy as a valid measurement to analyze dialogue
by comparing actual data with manipulated data. However, on
reversal ME, differences are not as expected to actual ME. One
reason may be that ME measurements belong to the dialogue,
and some parts still correlate while the time of their occurrence
is different. Thus, the correlation is independent of time. This
is an aspect that remains to be investigated.

VII. CONCLUSION

This research studied ME quantified by the MEA system
and alignment by applying the windowing method. Using
windowing and bi-grams methods on actual and manipulated
data, we demonstrated the validity of ME in dialogue analysis,
and in particular, that ME correlation is an approximate
measure of interlocutors’ alignment. Furthermore, the results
validate MEA, the ME extraction system, by comparing its
results to MEs extracted by the SSD-FDA. As reproducibility
and replication are important in science, we see this as a useful
contribution. We have used the MEA system (developed by
others) in our own work published elsewhere, and aimed here
to confirm the validity of the measurements that we and others
use to ground inferences about the dynamics of dialogue.
In general, we wish to find correspondences between ME
measurements for interlocutors and independent assessments
of successful communication within the dialogues analyzed.
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