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Abstract

Deception often takes place during everyday
conversations, yet conversational dialogues re-
main largely unexplored by current work on
automatic deception detection. In this pa-
per, we address the task of detecting mul-
timodal deceptive cues during conversational
dialogues. We introduce a multimodal dataset
containing deceptive conversations between
participants playing The Tonight Show Star-
ring Jimmy Fallon® Box of Lies game, in
which they try to guess whether an object de-
scription provided by their opponent is decep-
tive or not. We conduct annotations of mul-
timodal communication behaviors, including
facial and linguistic behaviors, and derive sev-
eral learning features based on these annota-
tions. Initial classification experiments show
promising results, performing well above both
a random and a human baseline, and reaching
up to 69% accuracy in distinguishing decep-
tive and truthful behaviors.

1 Introduction

Deception occurs often during dialogues, but un-
til now this setting has received little attention
from the research community (Tsunomori et al.,
2015). In this paper, we explore verbal, non-
verbal, and conversational dialog cues between
contestants playing the Box of Lies game in The
Tonight Show Starring Jimmy Fallon® tv show. In
the game, participants try to guess whether an ob-
ject description provided by their opponent is de-
ceptive or not. The game scenario provides a rich
environment where we can explore several aspects
of deceptive behavior occurring during conversa-
tions. First, it allows us to study conversational
deception in the presence of multiple modalities
such as verbal and non-verbal behaviors. Second,
it provides observable assessments of participant’s
honesty, which is usually an important challenge
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during deception research. Third, since partici-
pants experience the pressure to win the game in
front of a big audience, it presumably presents an
environment with high stakes.!

Recent work on multimodal deception detection
has already shown the importance of verbal and
non-verbal behaviors during the automatic iden-
tification of deceit (Abouelenien et al., 2017a).
Following this line of work, our main contribu-
tion consists of investigating whether such modal-
ities can also be leveraged to predict deception
in a conversational dialog as well as exploring
whether the dialogue setting adds meaningful in-
formation to the other modalities to potentially in-
crease the classification performance. Based on
earlier work (Perez-Rosas et al., 2014; Mihalcea
et al., 2013), we hypothesize that (1) including
dialogue features in addition to other multimodal
features (language and facial expressions) while
training a classifier increases the prediction perfor-
mance; (2) automatic classification of truthful and
deceptive behavior is better than random guess-
ing (50% for equal class sizes); and (3) automatic
classification of truthful and deceptive responses
is more accurate than human judgments (based on
performance of participants in the dataset).

To address these hypotheses, we first generate
a dataset containing verbal and non-verbal anno-
tations of deceptive and truthful interactions be-
tween the game participants. Next, we derive lin-
guistic, visual, and dialog cues based on our anno-
tations for the verbal and non-verbal components
of the dataset. The features are then used to con-
duct several learning experiments under different
scenarios that attempt to distinguish between de-
ceptive and truthful utterances either by focusing
on the statements generated by one participant at a
time (the game’s host or the guest), or by address-

"To our knowledge, these conversations are not scripted.



ing them all together.

Our initial experiments show that language,
as well as behavioral and dialog features, carry
meaningful information. Moreover, the automatic
classification of deception can be performed with
an accuracy that is better than random guessing
and ourperforms human judgments.

2 Related Work

To tackle the problem of reliably detecting decep-
tion, researchers have applied various forms of
automated deception detection methods that rely
on machine learning approaches, which are able
to incorporate a variety of behavioral cues from
text, audiovisual or physiological data sources (Ott
etal., 2011; Fornaciari and Poesio, 2013; Mihalcea
and Strapparava, 2009; Abouelenien et al., 2016).

Many studies focused on text-based classifica-
tion, detecting false online reviews (Ott et al.,
2013) or deceptive transcribed statements from
court hearings (Fornaciari and Poesio, 2013).
Other studies utilized visual cues such as facial ex-
pressions or other body movements to detect de-
ception (Meservy et al., 2005). These methods
already show success in identifying deceptive be-
havior using individual modalities. In addition, re-
cent approaches, which combine multiple modali-
ties are able to further boost classification perfor-
mances (Abouelenien et al., 2017b; Perez-Rosas
et al., 2015).

However, multimodal approaches have not uti-
lized the dialogue dimension in combination with
other modalities as of yet. The dialogue dimension
captures the interaction between two individuals
and how they react to each other. One previous
study investigated such an interaction, in which
the researchers examined question types and their
behavioral effect on participants (Tsunomori et al.,
2015). Findings of the study showed that specific
questions led to more salient deceptive behavior
patterns in participants. This increase in feature
salience resulted in better deception detection per-
formances.

The interaction between two individuals in de-
ceptive conversations was also investigated by
Hancock et al. (2004), who examined deception
at the linguistic level. Participants, who were un-
aware of receiving a deceptive message, produced
more words, sense terms and asked more ques-
tions as compared to when they received a truthful
message. In a similar setting, in which two partici-

pants engaged in a question-response task, Levitan
et al. (2018) examined linguistic, gender and na-
tive language differences. They found significant
variations in these features for truthful and decep-
tive responses. The experimenters utilized these
variations in an automated classification task and
reached up to 72% accuracy.

These studies show that a focus on the linguis-
tic level and the interaction between individuals
can have a beneficial effect on detecting deceit.
Other studies examined non-verbal behavior. In
an experiment, Sen et al. (2018) video-recorded
conversations between participants in an interro-
gation game and examined participant’s facial ex-
pressions. The results showed that interrogators
exhibited different facial expressions when they
were lied to as opposed to when they were told
the truth. In a different approach, Yu et al. (2015)
observed head movements and facial expressions
between two individuals. The authors established
normalized non-verbal patterns, which enabled
them to capture interactional synchrony. This al-
lowed them to successfully discriminate between
truths and lies in the experiment.

Overall, this previous research demonstrates
that capturing verbal or non-verbal interactions
can convey meaningful information about deceit,
which can be leveraged for multimodal deception
detection.

3 Dataset of Deceptive Conversations

To explore the role played by conversation dynam-
ics in deceptive behaviors, we collected conversa-
tions where participants acted deceptively. Specif-
ically, we opted for identifying public sources
where the veracity or falsehood of conversation
participants is known.

In the game show Box of Lies, which is part of
the late-night talk show The Tonight Show Star-
ring Jimmy Fallon, these labels are known. The
host (Jimmy Fallon) and his guest play the game
Box of Lies, where participants take turns to play
the game. During the game, when is their turn, the
participants pick a box (from among nine avail-
able boxes) that contains an object they have to
describe to their opponent. The object is hidden
from the opponent through a separation wall be-
tween the two contestants. Participants sit oppo-
site to each other and see their upper body and face
through a cut hole in the separation wall. The op-
ponent must guess if the provided description is



truthful or not. The participant with the best of
three guesses wins the game.

This setup allows us to observe verbal and non-
verbal behavior exhibited by the participants dur-
ing the dialogue interaction. In order to better
capture multimodal behavioral cues of deception
throughout the conversation, we decided to con-
duct annotations at utterance-level. We thus built
a rich multimodal dataset containing verbal and
non-verbal annotations for 1049 utterances, which
is used in the experiments reported in this paper.
The data collection and annotation process are de-
scribed below.

3.1 Data Collection

We search for publicly available Box of Lies
videos on the YouTube platform.> We collected
25 videos that are currently available in the show
video-feed. The full set consists of 2 hours and 24
minutes of video. The average length of a video
is six minutes and contains around three rounds of
the game (this varies depending on the score and
on whether additional time was available for extra
rounds). Each video features a different guest and
Jimmy Fallon, resulting in 26 unique participants,
with 6 of them being males and 20 females.

3.2 Annotation of Multimodal
Communication Behaviors

To capture the non-verbal behavior of the partici-
pants, each video is initially segmented based on
the conversation turn-taking and annotated with
the help of the ELAN software (Wittenburg et al.,
2006). ELAN provides a multimodal annotation
platform on which audiovisual recordings are an-
notated in a multi-level tier structure. In our case,
we defined the following structure to annotate both
types of behavior: host verbal, host non-verbal,
guest verbal, and guest non-verbal.

3.2.1 Non-verbal Behaviors

To annotate facial and communication behaviors,
we use MUMIN, a multimodal coding scheme that
is used to study gestures and facial displays in
interpersonal communication with a focus on the
role played by multimodal expressions for feed-
back, turn management, and sequencing (Allwood

>The videos are originally produced by NBC and re-
trieved from Youtube. We consider that using YouTube
videos for research purposes falls under the fair use” clause,
which is stated on: https://www.youtube.com/
intl/en-GB/yt/about/copyright/fair-use/

et al., 2005). Given the nature of the video-
conversations being depicted in our dataset, which
show the face and upper bodies of the participants
and their interaction, we focus our annotations on
facial and conversational behavior. These choices
are motivated by previous research showing that
different expressions for truthful and deceptive be-
haviors are present (DePaulo et al., 2003) in the
eyes and mouth regions, as well as studies on the
role of conversational involvement in deceptive in-
teractions (Burgoon et al., 1999).

Facial behaviors. We annotate the categories for
visual cues and behaviors of eyebrows, eyes, gaze,
mouth-openness, mouth-lips, head, and the gen-
eral face. Each of the categories takes on one of
several mutually exclusive behavior values. Ta-
ble 1 shows the frequencies of all facial expres-
sions included in this set. In the table, we ob-
serve a slightly unequal representation of behav-
ioral categories (e.g., head movements are ob-
served more often than other facial expressions).
This is mainly attributed to camera angle changes
during the videos causing participant’s faces to be
only partly or not visible, thus restricting the be-
havioral coding. The annotated values reflect the
most dominant observed behavior in that time seg-
ment of the video.

Two annotators coded the videos, and after the
first three videos, the inter-annotator agreement
was measured by calculating the Kappa score, to
ensure accurate coding. If the agreement was be-
low Kappa (weighted) = 0.45 in any category, this
category was discussed to identify and reconcile
differences in the coding strategy. The annotators
re-coded the videos individually and compared
them again. This process was repeated until the
desired agreement was reached (above .40 for each
category). In most cases, we repeated the process
only twice, except for the “feedback receiving”
and “feedback eliciting” categories which were
discussed three times. Table 2 shows the final
Kappa score for each category.

3.2.2 Speaker’s Veracity

In the full video set, participants play 68 rounds
(29 truthful and 39 deceptive). Occasionally, de-
ceptive rounds also contain truthful statements,
in which contestants describe parts of the object
truthfully, but other parts deceptively, turning the
overall description into a lie. For example, a con-
testant might say: “I have before me, a green lob-
ster on a plate.” In truth, the object is a red lob-






