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Abstract. We present an empirical investigation of nonverbal behavior
in long-term interaction spanning multiple conversations, in the context
of a developing interpersonal relationship. Based on a longitudinal video
corpus of human-human counseling conversation, we develop a model of
the occurrence of posture shifts which incorporates changes that occur
both within a single conversation and over multiple conversations. Impli-
cations for the design and implementation of virtual agents are discussed,
with a particular focus on agents designed for long-term interaction.
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1 Introduction

Embodied Conversational Agents (ECAs) are increasingly applied to tasks which
require or benefit from multiple conversations with each user, potentially over
a long period of time; Examples include education, counseling, and social en-
gagement. Maintaining long-term user engagement in such applications may be
challenging [5].

Typically, ECAs are designed to accurately reproduce human verbal and
nonverbal behavior, within the limits of their design. The conversational behavior
of human dyads has been shown to change over time as their relationship evolves
(e.g. [7]). Simulating these changes in an ECA may produce more realistic and
engaging ECAs for long-term interaction.

This study is a step toward that goal. We focus on a single nonverbal behavior

— posture shifts — which are both a part of the standard repertoire of many
ECAs, and may also be an indicator of the interpersonal relationship of a dyad.
Based on an examination of a longitudinal corpus of human-human interaction,
which contains multiple conversations between the same dyads, we construct a
model of the occurrence of posture shifts in conversation, including changes over
time, both across and within conversations.

2 Background and Related Work

Several decades of research, dating at least to work by Scheflen [18], has focused
on examining postural alignment or mirroring as an indicator of rapport. To the



extent that a dyad is likely to build stronger rapport over multiple conversations,
this predicts increasing postural alignment over time. However, empirical tests
have been mixed [13, 14], Bernieri reports that movement synchrony (i.e. similarity
in timing) may be an indicator of rapport while behavior matching (i.e. taking
the same position at the same time) is not [3]. Tickle-Degnen and Gavett suggest
that postural alignment may have a positive association with rapport only in
later interactions, rather than initial interactions [20].

There is also a well-studied association between posture shifts and discourse
structure. Many authors have noted that posture shifts tend to occur at topic
boundaries (e.g. [12]). Cassell and Nakano et al. give empirical evidence of this
phenomenon, based on an examination of direction-giving dialogues [8].

Little prior work examines any possible association between posture shifts
and aspects of interpersonal relationship other than rapport. To our knowledge,
no prior empirical work examines simultaneously an association between posture
shifts and discourse structure and an association between posture and interper-
sonal relationship. Here, as an initial step, we focus on behavior changes that
occur when a dyad has repeated interaction and a longer history together, rather
than examining many other possible aspects of interpersonal relationship.

3 The Exercise Counseling Corpus

We collected a longitudinal corpus of dyadic interaction, containing multiple
conversations between each dyad. This approach allows us to examine any changes
over time in detail, and separate them from other differences between individuals.
We chose to study behavior change counseling for exercise promotion, an area in
which conversational agents have been applied (e.g., [4]), in which the counselor-
client relationship has an effect on outcomes [15], and nonverbal behavior is
associated with the development of this relationship [20].

We recruited clients (N=6) who stated they did not currently exercise regularly.
Each client was asked to have up to 6 weekly conversations with a counselor. The
same counselor conducted all conversations, and in each conversation attempted to
encourage the client to increase his or her daily physical activity. All conversations
were held in the same room, with both client and counselor seated in office chairs,
and were videotaped from three angles. The participants were informed the
conversations would be taped and examined, but were not told what behaviors
were of interest.

The final corpus contains 32 conversations (mean duration 15.6 minutes),
comprising approximately 8.3 hours of recorded video, and approximately 100,000
words of spoken dialogue.

4 Methods

We separately coded the exercise counseling corpus to identify occurrences of
posture shifts and of topic shifts. Coding was performed by the primary author.



To check reliability, three conversations were randomly selected for each coding
task and analyzed by a second coder.

4.1 Coding of Topic Shifts

Topic shifts were coded using transcripts of the corpus produced for a previously-
reported study [19]. Video was not viewed in order to avoid confounding topic
shifts with visible posture shifts or other nonverbal indicators of discourse struc-
ture. The transcripts were segmented based on the occurrence of silence, and topic
shifts were coded as occurring at the beginning of the segment that introduced a
new topic.

Following Grosz and Sidner [10], we defined a topic as a shared conversational
goal to which the participants were mutually committed. A topic shift was marked
whenever the coder believed a participant was attempting to introduce such a
shared goal (whether or not the attempt was successful). The agreement rate
between coders was 96.4% (Cohen’s x = 0.68).

4.2 Coding of Posture Shifts

Posture shifts were coded using muted video, in order to avoid confounding
posture shifts with audible topic shifts. A posture shift was defined as a gross
movement of the body, including the trunk, the legs and lower body, or both.
Movements that appeared to be caused by the performance of a communicative
gesture (e.g. a large hand gesture) were excluded, as were repetitive motions
lasting more than a couple seconds (e.g. repeatedly rocking back and forth in
the chair). Initially, chair rotation was coded as posture shifts, but preliminary
examination revealed that these movements were very difficult to code reliably,
and they were excluded.

Coders were asked to judge the start and end times of each posture shift,
and several additional features, including movement direction, co-occurrence of
grooming behavior (e.g. brushing hair or adjusting clothes), and an estimated
energy level. Energy was judged on a linear scale ranging from 1 (the smallest
perceptible shift) to 10 (the most energetic possible shift without leaving the
chair).

An initial examination showed that reliability was very poor on low-energy
shifts, and consequently all shifts with an energy of less than 4 were discarded.
Aside from this, features of posture shifts besides the time of occurrence were
not used in the present study. To compute inter-rater reliability, the corpus was
divided into 1-second intervals, and each interval was considered to have been
marked as a shift if the majority of it was covered by any coded posture shift.
Cohen’s k was 0.58.

5 Results

31 conversations were coded for both posture and topic shifts; one conversation
had large portions of unintelligible speech, and could not be coded for topic shifts.



Table 1. A mixed-effect logistic regression model predicting the probability
of occurrence of posture shifts

Parameter  Est. SE P

Intercept -4.17 0.21  .000***
Sessions (# of previous conversations)  0.16 0.05 .002**
Speaker (0O=client, 1=counselor)  0.15 0.17 .376
Minutes (from the start of conversation) -0.03 0.01 .027*
)
)

Tshiftserr (a topic shift occurs within 2 seconds 094 0.31 .002**
Tshiftosher (a topic shift occurs within 2 seconds 0.47 0.29 .103
Sessions x Speaker -0.11 0.04 .010**
Sessions x Minutes -0.02 0.00 .000***
Sessions x Tshifteer -0.09 0.07 .225
Sessions X Tshiftother -0.13  0.08  .110
Speaker x Minutes -0.04 0.01 .013*
Speaker x Tshiftser -0.52 0.24 .031*
Speaker x Tshiftother 0.22 0.27 .425
Minutes x Tshiftser -0.02  0.02 .470
Minutes x Tshiftother -0.03  0.03  .226
Tshiftseir x Tshiftogner  0.16  0.63  .794

? Random intercepts on dyads (SD=0.26) and conversations (SD=0.33).

b Coefficients indicate change in the log-odds of a posture shift occurring
within one second.

¢ All p values are derived from Z tests.

A total of 803 posture shifts were identified in the remaining conversations. The
rate of posture shifts varied widely across conversations, ranging from 0.035 to
4.92 per minute (median 0.71).

The start time of each posture shift was aligned to the nearest second. We
then modeled the occurrence of a posture shift as a binary outcome, with one
observation per second. A logistic mixed-effect regression model [16] was used.
This model generalizes logistic regression to account for observations that are non-
independent due to being grouped or nested — in this case, within conversations
and dyads — by adding “random effects” which model the group-level variance.

In order to model change over time, we included the number of previous
sessions, and the time since the start of the conversation as predictors. To control
for varying discourse structure, we included the co-occurrence of topic shifts,
by both a speaker and their conversation partner, as predictors. To allow for
variability among different speakers, dyads, and conversations, we include the
speaker (counselor or client) as a predictor, along with random effects on dyads
and individual conversations. Finally, we included two-way interactions among
all predictors; a model comparison by Akaike Information Criterion [6] strongly
preferred this more complex model (AAIC = 9.8).

The final model (Table 1) was fit using R 2.12.1 [17] and the lme4 [2] package.
Posture shifts are significantly more likely to occur at topic shifts (the coefficient
“Tshiftsef” in Table 1); this replicates results by Cassell et al. [8]. We see no
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Fig. 1. Predicted probability of a posture shift occurring within a 1-second interval

significant effect for topic shifts (“Tshiftothe,”) introduced by the conversation
partner rather than a participant, although there is a trend in the same direction.

There are significant changes over time, both within and across conversations.
Figure 1 shows the predicted probability of a posture shift at different points
over six weekly sessions, averaged over dyads. Each column shows a single session.
Posture shifts occur much more frequently in the beginning of a conversation,
as indicated by the steeply downward sloping lines in each column (and the
coefficient “Minutes” in Table 1). There is an interaction with the number of

previous sessions: the rate of decrease is greater in later conversations (“Sessions
x Minutes”).

6 Discussion

We show evidence of changes in the occurrence of posture shifts over time, both
within conversations and across multiple conversations. Based on prior work on
the occurrence of posture shifts [8], nonverbal behavior generation frameworks
(e.g., BEAT [9]) have implemented stochastic, rule-based approaches to the
generation of posture shifts, where the probability of generation of a posture shift
is determined by discourse structure. These results suggest that such models
could be easily modified to produce more realistic behavior by decreasing the
probability of a posture shift over time. Using the regression coefficients estimated
here, the log-odds of a posture shift! would change by (0.16s5 — 0.03m — 0.02sm),
where s is the number of previous sessions, and m is minutes from the start of
the conversation.

We do not yet have clear evidence for a mechanism behind these effects, but
instead offer some conjectures, based partially on subjective examination of the

! the odds o of a probability p are o = ﬁ; the log-odds are logo = log ﬁ



corpus. The early portion of many conversations includes posture shifts that
appeared to be part of a process of “settling in”, with most shifts leaving the
participant in a more relaxed body posture. A relaxed body posture is an indicator
of nonverbal immediacy [1] (i.e., intimacy, warmth, or closeness). Increasingly
rapid decreases in the rate of posture shifts in later conversations may indicate
that, as a stronger interpersonal relationship develops over time, participants
will more quickly and easily adopt a body posture that indicates high immediacy.
Future work may investigate these conjectures through more detailed coding
of posture shifts and by examining other indicators of immediacy for similar
patterns of change.

Limitations of this study include a small number of participants (and a
single counselor). The corpus is also limited to a single task, in a single setting,
and validation of this model in an ECA is necessary. To address some of these
limitations, we plan a longitudinal evaluation study, in which participants have
multiple conversations with an ECA designed according to the model developed
here.

Associations between nonverbal behavior and other aspects of interpersonal
relationship are also of interest. We have collected longitudinal assessments of
the strength of the counselor-client therapeutic alliance from participants in the
exercise counseling corpus, using the Working Alliance Inventory [11], as well as
other assessments of interpersonal relationship. Future work will incorporate this
information into more complete models.

Finally, we hope that future work in this area will begin to develop more
detailed and complete models of behavior, enabling the development of more
lifelike, engaging, and efficacious virtual agents.
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