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Abstract

In this thesis, we propose a novel approach to predict dominance, leadership
and likability using features related to the synchrony of perceived personality and
the synchrony of body gestures energy. We evaluate these methods on the ELEA
(Emerging LEadership Analysis) dataset, which provides audio and video recordings
of small groups (3-4 participants) engaged in the winter survival task. To ensure the
reliability of results and accommodate the ELEA dataset, we split the train and test
set by leave-one-out and leave-one-group-out cross-validation. To estimate the syn-
chrony between participants, we use the cross wavelet transform, which determines
both the magnitude and relative phase over time between perceived personality
pairwise signals and body gesture energy pairwise signals.

We focus on the following three tasks to predict dominance and leadership traits
using perceived personality synchrony. The first task is the prediction of the more
dominant and leading person pairwise between group members. The second task is
to classify people in all groups if they are above or below the median dominance and
leadership of the group. The third task is to estimate the absolute most dominan-
t/leading person in the group. For the likability trait, we use body gesture energy
synchrony to classify people in all groups if they are above or below the median
likability of the group which can be considered the fourth task.

We compared different machine learning models and found the optimal results
were produced by the fully connected neural network and XGBoost classifier with
leave-one-out cross-validation estimated protocol. For the dominant and leading per-
son pairwise task, our method achieves 67.47% and 66.25% respectively. As for the
second task, our method can achieve 68.75% and 64.58% separately. On the third
task, the predicting accuracy of the most dominant person is 75% and the leading
person is 81.5%. For the last task, the best accuracy result is 78.6%. Our experiment

proves that our proposed method is feasible.
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Chapter 1

Introduction

Dominance and leadership analysis play an important role in the workplace and
education [1]. Dominance works best when the leader’s job is to get everyone to align
quickly and move in the same direction and people with high dominance are more
likely to lead the team to achieve higher achievements. Likeable people have a good
ability to get along with others and will get more opportunities for cooperation.
Educational leadership is the process of mobilizing and directing the teachers, stu-
dents and parents to achieve common educational goals [2|. Excellent educational
leadership can improve the quality of teaching and academic management meth-
ods to provide students with a good education and academic environment. Likeable
teachers also have high teaching ability, can better guide and teach, and impart
knowledge in the form that students prefer [3].

Interpersonal synchrony is when two parties in an interaction engage similarly
due to the rhythmic coordination of their behavioural patterns [4], and may be an
important factor for social impression prediction. In this study, we use interpersonal
synchrony (perceived personality and body gesture energy) indicated by related
features to predict participants’ social impressions of their group members in a
small group containing three to four people.

In this thesis, we focus on the following four tasks. The first is to find the more
dominant and leading person pairwise. Secondly, to classify whether the person’s
dominance and leadership are above or below the median value in his group. Thirdly,
to find the most dominant and leading person in the group. Finally, to judge if the
person’s likability is above the median value in the group. Aiming at the first three

tasks, we propose using the synchrony of perceived personality to solve them. The
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perceived personality traits we focus on are plasticity and stability. People with high
plasticity and low stability are more likely to behave creatively [5]. In the fourth task,
we propose using the synchrony of body gesture energy to analyze it. During a group
meeting, the rhythm of participants’ body gesture changing may follow the other
members, so body gesture energy can be used to analyze likability. We use the cross
wavelet transform to estimate the synchrony of perceived personality and synchrony
of body gesture energy because it can measure the degree of synchronization between
different components and the evolution of synchronization over time [6].

We test the proposed method on the ELEA dataset that includes 27 groups
facing the winter survival task. The ELEA dataset consists of about ten hours of
audio, video and transcription of the performance of the people in the group, as
well as the annotation such as perceived leadership (PLead), perceived dominance
(PDom) and perceived likability (PLike) [7].

The perceived personality was estimated through the transformer-based method
proposed by Adam et al. [8], which passes features extracted from the audio, video
and transcription into a multimodal transformer [9] to estimate the Big Five per-
sonality traits [10], which contain openness to experience, conscientiousness, ex-
traversion, agreeableness and neuroticism (OCEAN) five personalities. These five
properties are then summarized into plasticity and stability.

To estimate the body gesture energy, we used software which applies a composite
approach combining MaskRCNN [11], MediaPipe [12] and MiVOS [13] to extract
key points from the hands, head and body of participants in the meeting video
from the ELEA dataset. Then, we calculated the difference of key points between
frames which defines the gesture energy to be used as the cross wavelet transform
input. After getting the cross wavelet transform spectra of each pair, pair of features
were extracted from these spectra. We tried a variety of different combinations of
features to find out which combination would be better and used them to train
several common machine learning models to get the best results.

During the evaluation, we utilised both the leave-one-out and the leave-one-
group-out cross-validation strategies to ensure the accuracy of our experiments. The
evaluation results show that our proposed method is feasible to analyse the perceived

dominance, leadership and likability.



Chapter 2

Related Work

Personality has been studied for decades. A widely used personality model was
proposed by Costa et al. in 1992 [14], called the Big Five personality traits, which
divides the human personality into five categories that are openness to experience,
conscientiousness, extraversion, agreeableness and neuroticism. Since these five per-
sonalities were found to interact with each other and they are not orthogonal factors
without connection, Digman et al. made a factor correlation analysis of the Big Five
personality traits based on this and found that there were two obvious high-order
factors, one was related to agreeableness, conscientiousness and emotional stability
(reverse neuroticism), and the other was related to extraversion and openness. The
two higher-order factors were named alpha and beta [15]. After that, DeYoung et
al. interpreted alpha and beta as stability and plasticity through biological charac-
teristics and social relationships [16].

Plasticity means the ability to adapt to changes in the environment. People
with high plasticity can adapt quickly to unfamiliar situations and acquire skills
proficiently [17]. Stability means that this kind of person is not often sad, moody
or has other emotionally unstable behaviour [18]. Therefore, in this study, it is
appropriate to analyze dominance, and leadership using the plasticity and stability
that can generalise the Big Five personality traits.

In 2012, Sanchez-Cortes et al. analyzed how emergent leaders were identified in
small, newly formed groups. Communicative non-verbal cues were extracted from the
group’s audio-visual recordings to describe the characteristics of each participant,
and the correlation between video and audio features was analyzed from the ques-

tionnaire. A method was developed to automatically infer emergent leaders using
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these nonverbal cues [19].

In 2015, Okada et al. proposed a framework for extracting features from multi-
party multimodal dialogues, which can be used to infer personality traits and emer-
gent leadership. They calculated the motion energy of the head and body as the
visual features and combined the visual features with audio features as the mul-
timodal features. The proposed framework represented multimodal features as a
combination of each participant’s audio and video non-verbal activities (e.g. into-
nation, visual focus, etc.) and group activities. The framework effectively improved
the accuracy by 2% to 17% over the baseline [20].

In 2016, Fang et al. began to study the social dimension (personality traits and
social impression) in small group interaction. They extracted three types of audio
and visual features: intra-individual features (related to only one participant), dyadic
features (associated with a pair of participants), and multivariate features (associ-
ated between one participant and the other members of the group). After using
these three types of features to predict personality traits and social impressions, the
interaction between personality traits and social impressions was analyzed. Finally,
they found that the combination of intra-individual characteristics and multivariate
characteristics could obtain the prediction accuracy of personality traits and social
impressions (81.37%) [21].

In 2019, Okada et al. proposed a new feature extraction framework based on
the one proposed in 2015. The framework can infer not only emergent leaders as
the old framework did, but also personality traits, communication skills, and hiring
decisions. The new framework still extracts multimodal features and describes the
non-verbal activities of the participants. The difference with the old framework is
that the new one can find co-occurrences between two corpora (SONVA and ELEA)
in multiple modal sequences and then the features of these events were combined as
input for training. Therefore, the new framework could not only extract cross-modal
features and non-verbal activities of participants but also capture the relationships
and interactions between people in multimodal. The final accuracy would be slightly
higher than the model proposed in 2015, which was 2% to 13% corresponding to
different personalities [22].

Also in 2019, Bai et al. focused on the most dominant person in the group
(MDP) and prediction of more dominant person pairwise (PDP) tasks. They came

up with three methods to improve the prediction results, which are Dominance
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Ranking features (DR) that capture people’s interactions in a video, Dominance
Ensemble Late Fusion algorithm (DELF) that combines DR with other short-term
or long-term traits as an input for training, and Group Dominance Prediction (GDP)
that compares each person with the others in the group. They used two methods
of assigning labels, one based on whether a person’s score was above the group’s
median, and one based on whether a person had the highest score in the group [23].

In 2020, Dunbar et al. proposed a method based on analysing interpersonal
synchrony to detect the deceivers [24]. The trained coder watched split-screen videos
of each conversation showing both partners side-by-side, recorded synchrony featured
11 categories such as laughing along with the partner, gestural mirroring, postural
mirroring, eye synchrony (e.g. rolling eyes), head nods/shakes, verbal repetition,
vocal synchrony and made the time series. By analysing the cross wavelet coherence,
they found deceivers were more synchronized with their partner than truth-tellers
in their faster (rather than slower) movements.

In 2022, Dunbar et al. summarized a much more efficient manner to analyse inter-
personal synchrony [4]. An automated computer vision technique named OpenPose
was used to handle the videos, estimated people’s joints as coordinate points, and
people’s movements are represented as differences in coordinate points. The cross
wavelet coherence was evaluated on time series bodily movement data, and the syn-
chrony was determined by analysing the features of coherence such as relative phase

information and the pattern of synchrony.
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Method

3.1 Dataset

To analyze emergent leaders in newly formed teams, Sanchez-Cortes et al. created
the ELEA dataset [7]. In the English version, 102 participants were divided into 27
groups including 21 groups of four and 6 groups of three to face the winter survival
task, which was the airplane crash. These participants were asked to rank 12 items
according to how important they were in the survival task, then performed a five-
minute individual ranking task and a group ranking task of up to 15 minutes just
like Figure 3.1 shows. The group discussion parts were recorded in audio and video
files over a total of about 10 hours. To ensure objectivity, two external observers
watched the first five minutes of the videos and filled out the same questionnaires
as the participants. In our study, due to missing data, perceived personality could
only be assessed on a subset of 17 videos from the original dataset and body gesture
energy could be estimated on a subset of 21 videos.

The annotation includes participants’ self-reports on the Big Five personality
traits, perceived personality, performance in survival tasks and the English ver-
sion of the video and audio transcripts. Among them, perceived social impression
includes perceived leadership (PLead), who was leading the group, perceived dom-
inance (PDom) refers to a person in a position of power, perceived liking (PLike)
refers to a friendly and kind person, perceived competence (PCom) shows experi-
enced and competent people and dominance ranking (RDom), where each person
in the group was asked to rate the dominance of the entire group on a scale of 1-5

(1 being the highest). In this study, we focus on perceived leadership, perceived
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dominance and perceived liking.

Figure 3.1: Video frames from a group discussion in the ELEA dataset

3.2 Perceived Personality Estimation

In this study, the perceived personality time series we use are derived from the
personality estimation method proposed by Adam et al. [8]. This method took into
account the factors contained in the audio, video and transcription text and com-
bined these three kinds of features. Then, these features were passed in a multimodal
transformer [9] to estimate the OCEAN five personalities.

Among the combination feature, the audio features were extracted by
OpenSMILE [25] toolkit according to the eGeMAPS, the extended Geneva
Minimalistic Acoustic Parameter Set [26] that contains 25 low-level audio parame-
ters. The action unit represents the basic behaviour of a muscle or a group of muscles
when facial expression changes, which can decrease appearance bias or discrimina-
tion when making decisions. There were 35 face units on the human face extracted by
OpenFace [27] toolkit as the video features. Bidirectional Encoder Representation
from Transformers (BERT) [28] was used to extract the semantic content in the
transcriptions as the text feature.

After the three features corresponding to each frame were extracted, a 30-second
sliding window with a 15-second step was made for each group’s audio, video and
transcription text. Next, the average value of each sliding window was taken, and
the signal time series of OCEAN personalities were estimated. Then, using plasticity

and stability to generalise the OCEAN personalities. Finally, the ELEA dataset’s
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audio, video and transcription were estimated into plasticity and stability time series.
However, because there were some periods in which there was no corresponding
change detected in participants, the values for these periods were set to null as

Figure 3.2 shows.
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Figure 3.2: Plasticity and stability time series of the 12th group (4 persons) in the
ELEA dataset, K, L, M, and N are code names for members within the group and
gaps are periods in which changes cannot be detected

3.3 Gesture Energy Calculation

3.3.1 Key points extraction

We use software from the ELTE NIPG group to extract the key points of the
hand, body and head. This software is a pipeline utilizing several pre-existing solu-
tions to accurately perform hand segmentation and hand 3D key points prediction
on videos, and output the key points of the head and body. It relies on the following
three parts, MaskRCNN [11] which was trained on hand segmentation tasks and
used the mmdetection implementation, MediaPipe Pose and Hands [12] and MiVOS
[13].

10
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The whole process consists of 4 steps:

. Obtaining hand masks (MaskRCNN).

The current model detects a large number of false positives in addition to hands
not belonging to the person of our interest. It was trained on VLM - Hand Over
Face, HandOverFace and EgoHands datasets, most of which contain people
viewed from the front. This might impact the accuracy in cases where the

input video shows people viewed from other angles.

. Retaining only the relevant masks (MediaPipe Body)

MediaPipe’s body pose model is able to detect a single central figure. The script
only keeps the masks whose center is close to the center of the MediaPipe body
pose’s hand key points (calculated by taking the center of the pinky, thumb
and index key points). This step will output the head and body key points.
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Figure 3.3: Body landmarks of MediaPipe [29]

. MiVOS tracking.

Step 1 may fail to detect hands sometimes. This step aims to fill in these gaps
by tracking undetected hands across frames using a modified MiVOS.

Instead of selecting the objects to be tracked through a GUI, the masks from
Step 2 are used. The masks for the left and right hands are passed separately
to MiVOS - this was found to improve tracking accuracy at the cost of having

to run it twice on a single video.

11
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4. Obtaining hand key points (MediaPipe Hands).

The masks from Step 3 are enlarged and used to crop out the hands from
the original frames. MediaPipe’s 3D hand pose estimation is applied to the

resulting frames.
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Figure 3.4: Hand landmarks of MediaPipe [29]

3.3.2 Energy time series

The energy was calculated by the frame difference of key points which are de-
termined with the previously described method as equation (3.1), E is the energy,
k is the index of key points from 1 to N, and x; and y; are the points’ coordinates

of frames.

o Yooy V(@ — i1)? + (i — yi1)?
N

(3.1)

For the head, the energy was determined by the positions of the eyes and nose.
For the body, the energy was determined by the positions of the shoulders and arms.
For the hands, the energy was determined by the positions of a centre point from the
hand. Savitzky—Golay filter was performed on energy series to smooth them, which
is a digital filter that can be applied to a set of digital data points to smooth the
data, to increase the precision of the data without distorting the signal tendency.

Figure 3.5 shows the visualisation for the left-hand energy time series where the

left part is a frame from the video and the right part is the plot of energy.

12
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0 25 50 75 100 125 150 175 200
Index of frames

Figure 3.5: Visualisation for gesture energy of left hand. The left part is an
example frame from the video, red points are the key points of the left hand. The
right part is the plot of energy, the x-axis indicates the index number of frames
and the y-axis indicates the energy’s magnitude.

3.4 Interpersonal Synchrony

Interpersonal synchrony means that two or more people that change over time
maintain a certain relative relationship during the interpersonal communication pro-
cess. The temporal coordination of behaviour during interactions is a foundation for
effective social exchange with synchronized actions enhancing perceptions of rapport
and interpersonal connectedness [30].

The speaker’s dominance, leadership and likability may also be reflected by the
separate personality and body gesture behaviour synchrony. Therefore, in this study,
we use the synchrony of perceived personality and the synchrony of body gesture

energy to analyze the personalities.

3.5 Cross Wavelet Transform (XWT)

3.5.1 Relationship with Synchrony

In this study, we use the cross wavelet transform [6, 31, 32| to estimate the
synchrony of perceived personality and synchrony of body gesture energy. The cross
wavelet transform can reflect the interaction of a pair of time series, which is exactly

in line with the definition of synchrony. For example, it can show information and

13
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similarities and differences between two time series about how behavioural states
change, how long it takes to progress from one state to another, and how many
states occur in a given period. The spectrum of cross wavelet transform is shown in
Figure 3.6.

The cross wavelet transform can calculate the relative phase of two signals, and
the relative phase is an important element that can reflect the synchrony relationship
between two or more components [33]. The relative phase is the angle between the
closest corresponding points of two signal waves. If the angle equals 0°, it is in-phase,
and 180° represents anti-phase. The relative phase is represented by the angle, but
it can reflect whether there are differences between the two signals in the temporal
or spatial sequence relation. For example, relative phases can show the relationship
between two body joints during movement. Galgon et al. used relative phases in
2016 [34] to evaluate the interarticular relationship between shoulder-hip (proximal)
and hip-ankle (distal) postural coordination in early and late learning.

Frequency is also an important factor related to synchrony. Behaviour can be
nested in multiple time scales (multifrequency time series), and each of the scales
contributes to the emergence of human communication and interaction [35|. The
combination of frequency and relative phase provides a better understanding of

synchronous action.

3.5.2 Mathematical Background

Since we use the time series of team members’ perceived personality and body
gesture energy through video, audio and transcription, there would be some people
who did not speak or act in a certain period of time, so a small amount of null value
would appear in the time series. As the cross wavelet transform can not be used in
the case of missing data in the time series, it is necessary to use interpolation to
fill in the missing value. In this study, we chose the mean of the non-null values in
the time series to fill in the null values after comparing some interpolation methods
(e.g. linear and quadratic interpolation) due to less loss.

The wavelet transform is the basis of the cross wavelet transform, which inherits
and develops the idea of short-time Fourier transform localization and overcomes
the shortcoming that the size of the time-frequency window does not change with

frequency. It can carry out multi-scale refinement through stretching or squeezing

14
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(dilation) analysis function (the mother wave function) and move it (translation) to
analyze the frequency locally. The choice of analysis function is neither unique nor
arbitrary. It is a function with unit energy, chosen so that it has compact support or
sufficiently fast decay which enables one to obtain localization in time. The Morlet
wavelet has a complex value that enables one to extract information about the am-
plitude and phase of the process being analyzed. The use of a complex wavelet with
phase computation is fundamental in quantifying the interaction between signals.

Therefore, the Morlet wavelet v(¢) is used as the analysis function in this study
(t) o 1 i2m fot  —t2/2 (3 2)
w = me € .

and we define parameter a which can shrink the analysis function and parameter b

which can shift the analysis function. After replace ¢ with (¢-b)/a, we get

wt - b) 1 pi2mfo(t=b)/a,—[(t-b)/a]? (3.3)

a 7-‘-1/4

The wavelet transform produces complex numbers for a real signal when a com-

plex mother wavelet function is used. Thus, it can be written as

T(a,b) = |T(a, b)|e""" (3.4)

If we consider its real and imaginary components, Re(T(a,b)) and Im(T(a,b)),

the modulus of the wavelet transform can be written as

|T(a,b)| = \/Re(T(a,b))? + Im(T(a,b))? (3.5)

and the phase of wavelet transform can be written as

Im(T(a,b))

o(a,b) = tan_l[m

] (3.6)

The cross wavelet transform is obtained by multiplying the wavelet 7, by the

complex conjugate of another wavelet T},

XWT,n(a,b) = Ty(a,b)Th(a, ) (3.7)

15
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and relative phase ¢ ., is
¢xwt(a7 b) - ¢g(a7 b) - ¢h(a'7 b) (38)

The frequency of cross wavelet transform is calculated by the Fourier Transform

Z for wavelets of different scales

i(f) = / +oox(t)e_i(2”f)tdt (3.9)

o0

Cross wavelet transform power E can highlight the location and scale of dominant

energetic features within the signal

E(a,b) = |T(a,b)? (3.10)
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Figure 3.6: The x-axis represents the time, the y-axis represents the frequency of
the cross wavelet transform, the background is the cross wavelet transform power,
and the arrow represents the relative phase of the two sets of signals. If the arrow
points to the right (in-phase), it means signal A leads signal B and left (anti-phase)

means A lags behind B. The white shadows are the missing value parts.

As shown in Figure 3.6, there are several light regions surrounded by thick black
lines in the background of the spectrum, which is called the significant region. The
confidence level is computed as the product of the cross wavelet transform power
at each scale by the desired significance level from the chi-square (z?) distribution.
When the cross wavelet transform is higher than the associated confidence level, it is

regarded as significant. In this study, according to the experience of Grinsted et al.
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[36], the significance level is set to 86.46%. Significant areas can represent short-term
changes, while other areas represent long-term changes. We analyze the synchrony

of two people by focusing on short-term changes.

3.6 Features

In this study, we focus on short-term changes in synchrony, so the extracted
features are also short-term features. Features were extracted from the significant
regions of the cross wavelet transform spectra for each of the two individuals.

Maximum Cross Wavelet Transform Power. In the cross wavelet transform
spectrum, there may be multiple significant regions, all of which represent differ-
ent short-term changes, among which the region with the highest power can more
prominently show the synchrony relationship between the two persons. Therefore,
we identify the highest point in the entire power spectrum and use this to identify
the region where short-term changes are most pronounced.

Frequency. After finding the most significant region, we then find the top 20%
part of the region to further enhance the features. We take this list of frequencies in
this region and average them.

Relative Phase. Similar to frequency, we take the average of the relative phases
of this significant region. From this, we can intuitively see the synchronous relation-
ship between two people. If the degree is less than 90°, it means that person A is
leading B.

Standard Deviation of Relative Phase. After getting the list of relative
phases, the standard deviation is calculated. The difference between the relative
phases of the significant region can be seen by the standard deviation.

Duration of Significant Region. That is the duration of the significant region,

and we can see how long the synchrony of this short change lasted.

3.7 Evaluated models

We use the grid search method to determine the hyperparameters of the following
models and the optimal case of different combinations.
Support vector machine (SVM) is a kind of generalized linear classifier which

uses a supervised learning method to classify binary data. It is one of the common

17



3. Method

kernel learning methods and can perform nonlinear classification by kernel method.
In this study, the RBF function is found to be the best kernel function for SVM.

The random forest is a typical ensemble learning classifier, contains multiple
decision trees and adopts the method of voting, the classification of the individual
trees with the most votes is the final one. In this work, the suitable number for
decision trees is 100 and the maximum depth of the trees is 2.

Gradient boosting is a machine learning technique used in regression and classifi-
cation tasks, among others. It gives a prediction model in the form of an ensemble of
weak prediction models, which are typically decision trees [37]. The best maximum
depth of the decision trees is & and the learning rate is 0.1 in this study.

XGBoost is an improvement of the gradient boosting algorithm, and it’s an
optimized distributed gradient boosting library designed to be efficient, flexible, and
portable. The best maximum depth of trees is 2 and the learning rate is also 0.1 in
this study.

The fully connected neural network draws on both perceptron and bionics to
achieve the recognition and classification of information sources. The fully connected
neural network in this study is set as two hidden layers and both of which contain
10 neurons, with tanh() and sigmoid() as the activation function of each layer re-
spectively. Adam optimizer is used to iteratively update the weight between each
layer and the learning rate is set to Ie-5. Finally, cross entropy is used as the loss

function.

3.8 Cross-Validation

The types of data in the training set are not evenly distributed may result in
the model underfitting or overfitting. The cross-validation estimation was proposed
by Stone in 1974 [38] to solve this problem. Cross-validation divides all the data
into k equal parts and selects each part as the test set (i. e. also called k-fold cross-
validation), the complement set as the training set, and finally, take the average

value of all the test results to evaluate the model.
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3. Method

3.8.1 Leave-One-Out Cross-Validation

Leave-One-Out cross-validation (LOOCV) is a special case of k-fold cross-
validation. When £ is set to be equal to the length of the dataset, they are the
same. LOOCYV traverses each sample in the dataset as the test set to evaluate the

model, which can further eliminate the influence of data distribution.

3.8.2 Leave-One-Group-Out Cross-Validation

Similar to the Leave-One-Out Cross-Validation, the Leave-One-Group-Out
Cross-Validation (LOGOCV) estimation method leaves each group of data as a
test set in each iteration and calculates the average of the test results for all groups
at the end. The aim is to adapt the model to situations where each set of data has
its unique characteristics, such as some widely used fMRI data analysis practices
may be exaggerated due to the independence of subjects [39]. By doing this we can
interpret the output of cross-validation as the capacity of the models for generalizing
to unseen clusters. The ELEA dataset used in this study was divided into groups,
and the meetings were also conducted by groups. The scope of our task is to an-
alyze people’s personalities within the group, the extent to which the members of
each group influence each other is different and cannot be ignored. Therefore, it is

necessary to train and evaluate the model by leave-one-group-out cross-validation.
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Chapter 4

Results

In the prediction of the more dominant and leading person pairwise task, we used
the features mentioned above as input to the model and assign labels by comparing
the PDom and PLead scores of two people. Those with a high score are assigned 1
and those with a low score are assigned 0 (1 is the maximum and 5 is the minimum
in the score ranking rule). As far as we know, we are the first to test the task on the
ELEA dataset, so there is no baseline. The optimal accuracies of several machine
learning models in this task are shown in Table 4.1. The best results are achieved
by the fully connected neural network and the estimated protocol is leave-one-out

cross-validation.

’ Model \ Dominance Acc. \ Leadership Acc. ‘
SVM 0.6024 0.5625
Random Forest Classifier 0.5904 0.5625
Gradient Boosting Classifier 0.6145 0.5625
XGBoost 0.5783 0.5625
Fully Connected Neural Network 0.6747 0.6625

Table 4.1: Comparison of the more dominant and leading person pairwise
predictions from different models and the best results are from the fully connected
neural network using leave-one-out cross-validation

When classifying whether people’s dominance and leadership are above or below
the median value in the group, we have followed the label distribution method of
Okada et al. in 2015 and 2019 [20, 22|. Firstly, we calculated the median value of
PDom and PLead in each group as the threshold, and then judged if people’s scores
were above this threshold. People who had higher scores than the threshold were

assigned 1, and in contrast, if someone’s scores were below this threshold, he would
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4. Results

be assigned to (. In this task, we set the best baseline from the study of Bai et
al. (dominance) [23] and Okada et al. (leadership) [22]. As shown in Table 4.2, the
optimal accuracies in this task are from the fully connected neural network and
XGBoost classifier with leave-one-out cross-validation estimated protocol, both of

which are slightly lower than the accuracy of the baseline.

’ Model \ Dominance Acc. \ Leadership Acc. ‘
SVM 0.625 0.625
Random Forest Classifier 0.6042 0.5833
Gradient Boosting Classifier 0.6042 0.625
XGBoost 0.6042 0.6458
Fully Connected Neural Network 0.6875 0.625
Baseline 0.7647 0.7549

Table 4.2: Comparison of dominance and leadership in small group based on
median value predictions by different models, the best results kept by the baseline

This task is to identify the most dominant and leading person in each group. We
use the label assignment method the same as the study done by Sanchez-Cortes et
al. in 2012 [19]. We compared the PDom and PLead scores in each group to find the
person with the highest score in his group. Only this person was seen as the most
dominant and leading, whose label was set to I, while others’ labels were set to 0.
The best baseline in this task was set from the study of Bai et al. (dominance) 23]
and Sanchez-Cortes et al, (leadership) [19]. The prediction accuracies and baseline
of this task are shown in Table 4.3. The best results are achieved by the XGBoost

classifier and the estimated protocol is leave-one-out cross-validation.

’ Model \ Dominance Acc. \ Leadership Acc. ‘
SVM 0.75 0.7083
Random Forest Classifier 0.75 0.7917
Gradient Boosting Classifier 0.75 0.7083
XGBoost 0.75 0.8125
Fully Connected Neural Network 0.75 0.7917
Baseline 0.775 0.857

Table 4.3: Comparison of the most dominant and leading person in small group
predictions by different models, the best results were given by the baseline

For the likability prediction, we collect hands, head and body’s energy time
series, and do an ablation study by using different combinations of these three parts’

cross wavelet transform results as the input of classification models to find which
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4. Results

combination is most effective for the prediction. The accuracy of leave-one-out cross-
validation to evaluate the model’s performance is shown in Table 4.4. After the
comparison, the best performance was achieved by a fully connected neural network,
and the best combination is hands, head and body energy.

To our knowledge, the most accurate method of likability prediction on the ELEA
dataset is proposed by Fang et al. [21]. They extracted features such as Mean Length
of Speaking Turns, Head (Body) Motion Length per Turn, and Successful Speech
Interrupt from videos and use Ridge Regression to predict a likability score. By
comparing with the median score in the group, output a prediction label (0 if smaller,
1 if larger). Their method’s best performance is 77.45%, and the accuracy of the

method we proposed is 1.15% more than it.
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] Combination \ Method \ Likability Acc. ‘
SVM 0.549
Random Forest 0.618
Hands, head, body Gradient Boosting 0.608
XGBoost 0.627
Fully Connected Neural Network 0.786
SVM 0.549
Random Forest 0.608
Hands, head Gradient Boosting 0.510
XGBoost 0.510
Fully Connected Neural Network 0.767
SVM 0.549
Random Forest 0.559
Hands, body Gradient Boosting 0.578
XGBoost 0.539
Fully Connected Neural Network 0.747
SVM 0.598
Random Forest 0.607
Head, body Gradient Boosting 0.549
XGBoost 0.598
Fully Connected Neural Network 0.739
SVM 0.549
Hands Random Forest 0.559
Gradient Boosting 0.510
XGBoost 0.421
Fully Connected Neural Network 0.723
SVM 0.559
Head Random Forest 0.618
Gradient Boosting 0.490
XGBoost 0.480
Fully Connected Neural Network 0.709
SVM 0.607
Bod Random Forest 0.589
Y Gradient Boosting 0.509
XGBoost 0.559
Fully Connected Neural Network 0.769

Table 4.4: Comparison of different classification models in an ablation study, and
the best results are from hands, head and body.
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Chapter 5

Discussion

For the prediction of dominance and leadership, we focused on three tasks and
all of which are binary classification tasks, so the probability of random guess is
50%. The highest accuracies of the three tasks are all higher than the random guess
probability. Except for the first task which has no baseline to compare, the optimal
results of the latter two tasks are slightly lower than the best baseline results of the
same type of task [19, 22, 23], but the differences are not much. The gap may be
caused by the following reasons. First, as we mentioned in section 3.1, we only use the
subset of 17 meetings from the original 27 in the ELEA dataset due to missing data,
and the baseline results were estimated on the entire dataset, so it is not possible to
compare which method is better by the size of the number directly. Second, these
baseline tasks directly take the features extracted from audio and video as the input
of the model. However, we use the features of audio and video text to estimate the
perceived personality and then extracted features from the cross wavelet transform
spectra as the input of the model, so there would be more loss than their method.
There is inevitable loss here, but it supplies the possibility that we can use more
than audio and video features to analyze personality. Based on the accuracy of these
three tasks, it can be concluded that our proposed method of predicting dominance
and leadership with the synchrony of perceived personality is feasible.

For the prediction of likability, it can be found that the best result which used the
hands, head and body combination is higher than the baseline. From the ablation
study, the result using the head synchrony has the lower accuracy, probably because
head movements are more simple than hand and body movements and cannot detect

large energy fluctuations. The combination of hand, body and head neutralizes the
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5. Discussion

loss of energy from individual parts, improving the prediction accuracy. Compared
with the state of the art (Fang et al.), the accuracy of the best combination is
1.15% higher than it. Similar to the dominance and leadership tasks, we can only
evaluate our method on a subset of the ELEA dataset so we cannot conclude that
our method is better through the numbers, but the result can show that using body

gesture energy synchrony to predict likability is feasible.
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Chapter 6

Conclusion

In this thesis, we show the proposed novel method which is using synchrony
to predict dominance, leadership, and likability. Dominance and leadership were
predicted by the perceived personality synchrony, while likability was predicted by
body gesture energy synchrony. To quantify this synchronization relationship, the
cross wavelet transform is applied. The ELEA dataset was used to estimate our
proposed method. First, we extracted the body gesture energy time series from the
video and audio, then pass it and the perceived personality time series into the
cross wavelet transform to generate the spectra and finally extracted the short-term
features from the cross wavelet transform spectra into the classification model for
prediction.

In our experiment, the accuracy of our predictions for the four tasks reached
64.47% to 78.6%. As discussed in section 5, these results show that our proposed
method is feasible and meaningful.

There are also some limitations of our proposed method, and the main one is the
features extracted from the cross wavelet transform spectra. In the present experi-
ment, we extracted features from the more significant region in the most significant
regions and set the significance level to 86.46%. All these are determined according
to the experience, none of these parameters is specified clearly, so more parameter
settings are worth trying. Due to the novelty of our proposed method, we do not
have a very suitable dataset, so our method can only be evaluated on the subsets
of the ELEA data set and the results can not be directly compared with the best
baseline. Next, we’ll try a different set of features than we did for this project and

combine perceived personality and body gesture energy for further analysis.
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