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Summary

The perception of leadership is profoundly influenced by vocal attributes, particularly
speech features, which act as nonverbal indicators of a leader's effectiveness and style. This
dissertation is composed of three interrelated studies that explore the intricate relationship
between speech features and perceived transformational leadership to fill the existing gap
between leadership theory and vocal expression.

Study 1 is based on integrative review approach delves into the interplay between acoustic
characteristics and leadership perceptions, building on the foundational understanding that
voice is crucial in social interactions. Early studies in the 1970s began exploring the significance
of voice in leadership, but recent advances in computational technology have expanded this
exploration to include features beyond human perception, such as pitch, jitter, and formant
dispersion. According to the prior studies, lower-pitched voices have been associated with
higher social status and leadership perception. For instance, Gregory and Gallagher (2002) have
reported that male candidates with lower-pitched voices tended to win more votes in political
elections. This trend aligns with the physiological basis that testosterone level, which is higher in
men, is linked to dominance and leadership traits (Mazur & Booth, 1998). Empirical research
shows that both men and women perceive lower-pitched voices as indicative of strength,
competence, and leadership potential. However, the preference for lower-pitched voices in
leaders is not without complexity. While such voices are associated with physical dominance and
strength, they can also correlate with less empathetic behavior and poorer decision-making,
potentially undermining leadership effectiveness (Ronay & Carney, 2013). The study further
investigates the role of testosterone to vocal characteristics and leadership perceptions.
Testosterone's impact on vocal fold development results in deeper voices, which are perceived
as more dominant and attractive in men. This hormonal influence also correlates with
aggressive and dominant behaviors, traits often linked to leadership but not always conducive to
effective, empathetic leadership (Puts et al,, 2012). Moreover, the study explores how other
speech features beyond pitch, such as jitter, shimmer, and speech pauses, contribute to
perceptions of charisma and dominance. For instance, shorter speech pauses and varied
intensity are associated with higher charisma, while longer speaking durations correlate with
perceived dominance (D’Errico et al., 2013; Schmid Mast, 2002). The utilization of machine
learning in the analysis of speech features has introduced novel opportunities for gaining
insights into leadership attributes. Features such as Mel-Frequency Cepstral Coefficients (MFCCs)
and spectral are employed to forecast charisma and dominance in leaders, showcasing the
capacity of computational techniques to enrich leadership studies (Cullen & Harte, 2018). In
summary, this research illustrates a comprehensive discussion of the intricate connections
between speech features and perceptions of leadership. The review sets the stage for future
investigations that could enhance our understanding of how leaders use their speech to
influence and inspire others.

Following the presentation of the literature review study, the empirical studies are
conducted afterward. In this dissertation, Study 2 and Study 3 both utilize the same dataset, a
practice common in data-intensive fields. This shared dataset ensures consistency in the
underlying information. The reuse of datasets, when paired with distinct analytical strategies, is
especially valuable in affective computing, where the collection of large, high-quality datasets



often requires considerable resources. Besides, it is important to highlight that the two studies
diverge significantly in their methodological approaches and the speech features analyzed,
allowing for a multifaceted exploration of the data. Study 2 focuses on computational
paralinguistic features, specifically targeting voice pitch, intensity, and voicing probability. In
contrast, Study 3 employs a custom script to generate phonetic features related to voice pitch,
intensity, speech duration, and formant. This deliberate methodological differentiation not only
maximizes the value of the dataset but also facilitates the discovery of complementary insights.
These studies enhance our understanding of affective phenomena from multiple perspectives
via applying different frameworks.

Study 2 examines the relationship between speech and perceived transformational
leadership using a machine learning approach. The research aims to address a significant gap in
the existing literature by comprehensively analyzing the impact of paralinguistic features on
perceived transformational leadership within a business context. In this paper, 122 speakers
were recruited to record speech samples based on a fictional CEO scenario. Another group of
122 evaluators were engaged to assess these speech samples using the German version of the
Multifactor Leadership Questionnaire (MLQ). To extract the features from the speech samples,
the OpenSMILE was implemented, focusing on the computational paralinguistic approach of
three main feature sets: fundamental frequency, intensity, and voicing probability. The analytical
approach employed the Sequential Minimal Optimization (SMO) regression algorithm by using
Waikato Environment for Knowledge Analysis (WEKA). In order to evaluate the performance of
the regression models, the coefficient of determination (R?), Mean Absolute Error (MAE), and
Root Mean Square Error (RMSE) were used.

The research findings revealed distinct patterns for each dimension of transformational
leadership as follows:

1. For inspirational motivation, it was found the fundamental frequency to be the strongest
predictor (R?=0.31), followed by voicing probability (R?=0.20).

2. In the case of idealized influence attributed, fundamental frequency showed the highest
predictive power (R?=0.45), with intensity also emerging as a strong predictor (R*=0.36).

3. For idealized influence behavior, fundamental frequency (R?=0.34) and intensity
(R?=0.29) were the main reliable predictors.

4. In terms of intellectual stimulation, fundamental frequency (R?=0.33), intensity
(R?=0.29), and voicing probability (R?=0.29) all demonstrated similar predictive power.

5. For individualized consideration, our analysis revealed intensity as the strongest
predictor (R?=0.35), while fundamental frequency and voicing probability showed weaker
associations (both R?=0.22).

[t is noted that our findings on inspirational motivation are consistent with previous
research suggesting that lower voice pitch and softer voice are influential in motivating others.
For intellectual stimulation, our results support the idea that features associated with
extroversion (such as speech pauses and intensity) may play a role in a leader's ability to
stimulate innovative thinking. The research makes a substantial contribution to the field by
showecasing the significance of features in influencing perceptions of transformational
leadership across its various dimensions. Our results emphasize that distinct features might hold
varying degrees of importance in relation to different facets of transformational leadership.



Study 3 investigates the relationship between speech features and perceived
transformational leadership using machine learning techniques. The research aims to illustrate a
clear picture of how phonetic features influence perceived transformational leadership, as
measured by the Multifactor Leadership Questionnaire (MLQ). In this research, the authors
employed Praat (Version 6.3.04) as the primary tool for extracting speech features. The study
involved 122 male speakers who provided speech samples, and 122 independent raters who
evaluated these samples using the German version of the Multifactor Leadership Questionnaire
(MLQ). The present study primarily examines key phonetic features, including fundamental
frequency (FO0), intensity, speech duration, and formant-related features (F1-F5). Support Vector
Machine (SVM) algorithm, specifically the Sequential Minimal Optimization (SMO) regression,
was employed to analyze the relationship between these features and the five dimensions of
transformational leadership. The results revealed that speech features are indeed significant
predictors of perceived transformational leadership across dimensions. Specifically:

1. For individualized consideration, speech duration emerged as the most important
predictor (R?=0.40), followed by formants (R?=0.28).

2. Idealized influence attributed was best predicted by speech duration (R*=0.47) and
fundamental frequency (R*=0.46).

3. Idealized influence behavior showed strong correlations with intensity (R?=0.37) and
speech duration (R?=0.36).

4. Intellectual stimulation was most strongly associated with speech duration (R?=0.38),
with fundamental frequency (R?*=0.31) representing moderate predictive power.

5. Inspirational motivation was best predicted by fundamental frequency (R?*=0.43) and
speech duration (R?=0.37).

These findings extend previous research by demonstrating the importance of phonetic
features across all dimensions of transformational leadership, not just isolated aspects like
charisma or dominance. The study's results align with and build upon prior works while
providing a more comprehensive analysis in a business context and filling the gap of existing
literature. In addition, this study highlights the physiological aspects of speech production on the
basis of correlative results that illustrates detailed explanations of the underlying mechanisms
involved. It further elaborates on how these mechanisms contribute to the observed vocal
characteristics and their relevance to perceived leadership.

In order to have a better understanding of the speech features analyzed in this dissertation,
the glossary below gives the general descriptions of acoustic measurements:

Table 1
Glossary of Speech Features used in Dissertation

Speech features General descriptions

Fundamental frequency  The lowest frequency of a periodic waveform, corresponding to
(Fo) the perceived pitch of the voice. In human speech, it represents the
rate at which the vocal folds vibrate.

Speech intensity The amplitude or loudness of speech, typically measured in
decibels (dB). It reflects the amount of acoustic energy in the
speech signal and corresponds to how loud or soft a voice is
perceived. Intensity is influenced by both the speaker's vocal effort




and their distance from the microphone.

Speech duration

The temporal aspect of speech of measuring how long speakers
take in seconds to produce utterances (including both speaking
time and pauses). This feature encompasses various temporal
patterns such as speaking rate, pause duration, and rhythm, which
can significantly impact the perception of leadership qualities.

Formant frequency
position (F1-F5)

Resonant frequencies of the vocal tract that shape the acoustic
spectrum of speech sounds. Each formant represents a
concentration of acoustic energy at a particular frequency:

(1) Formant 1: The first formant frequency (F1) is primarily
influenced by the height of the vowel, which corresponds to the
vertical position of the tongue and the degree of jaw opening.
Lower vowels (e.g., /a/), produced with a more open jaw and
lower tongue position, typically have higher F1 frequencies.
Conversely, higher vowels (e.g., /i/, /u/), characterized by a more
closed jaw and elevated tongue position, result in lower F1
frequencies. This formant is a critical acoustic correlate for
distinguishing vowel height and contributes significantly to vowel
perception.

(2) Formant 2: The second formant frequency (F2) reflects the
horizontal position of the tongue along the front-back axis within
the oral cavity. Front vowels (e.g., /i/, /e/), where the tongue is
positioned closer to the front of the mouth, exhibit higher F2
frequencies. In contrast, back vowels (e.g,, /u/, /o/), produced
with the tongue positioned further back, are associated with lower
F2 frequencies. The interaction between F1 and F2 forms the
foundational acoustic basis for vowel differentiation and plays a
pivotal role in vowel intelligibility.

(3) Formant 3-5: The higher formants, including F3, F4, and F5,
contribute to more nuanced aspects of vocal quality and speaker
identification. F3 is often linked to speech clarity and attributes
like rhoticity (e.g., the pronunciation of /r/ sounds), while F4 and
F5 provide critical information about the harmonic structure of
the voice, aiding in distinguishing individual speakers. These
higher formants are less directly involved in the perception of
vowel quality but are essential for encoding speaker-specific
characteristics, such as vocal timbre, resonance, and physiological
differences in the vocal tract. Generally speaking, F3-F5 play a
significant role in conveying information about speaker identity
and voice individuality.

Formants bandwidth

The width of the frequency range around each formant peak
where the acoustic energy remains relatively high. Bandwidth
measurements provide information about voice quality and




articulation precision, with narrower bandwidths typically
associated with clearer, more resonant voices. Conversely, wider
bandwidths suggest increased energy dissipation due to factors
such as relaxed vocal fold adduction, turbulent airflow, or soft
tissue absorption.

(1) Bandwidth 1: The first formant represents the lowest
resonance in the vocal tract and is crucial for identifying vowel
openness, distinguishing between open and closed vowels. Its
bandwidth (B1) is influenced by the shape and size of the oral
cavity and the configuration of the vocal folds, reflecting the vocal
tract's resonance and energy dissipation. A decrease in B1
suggests a concentration of energy around the F1 frequency,
resulting in sharper and more precise articulation. This is typical
of clear, non-breathy vowels, such as a well-pronounced [a], where
the vocal tract is open and optimally configured for resonance. The
reduced energy dissipation in this context indicates a more rigid
vocal tract setup, consistent with modal phonation involving
tightly adducted vocal folds and strong, defined resonances. In
contrast, an increase in B1 reflects broader resonance and greater
energy loss around the F1 frequency. This can result from relaxed
vocal fold adduction, breathy phonation, or vocal fatigue, leading
to less efficient energy transfer and reduced articulatory precision.
Vowels produced in these conditions, characterized by a broader
B1, may sound weaker or less distinct, often associated with
emotional states like sadness or physical fatigue.

(2) Bandwidth 2: Formant 2 represents the second major
resonance of the vocal tract and is essential for differentiating
between front and back vowels. The F2 bandwidth (B2) is heavily
influenced by tongue positioning and the vocal tract shape during
speech. When B2 decreases, it signifies a more focused resonance,
associated with clearer articulation of high-front vowels such as [i]
or [e]. This reflects greater vocal tract tension and efficient energy
transfer, enhancing the clarity and distinctiveness of vowel
sounds. Such sharp resonances are typical of deliberate or formal
speech styles, where precise articulation and controlled vocal fold
adduction minimize energy loss and optimize resonance.
Conversely, an increase in B2 indicates higher energy dissipation
and damping, often due to relaxed vocal tract configurations or
reduced vocal fold tension. This broader resonance is
characteristic of casual or emotionally influenced speech, where
articulation becomes less precise. Speech with a wider B2
bandwidth may exhibit nasality or vocal fatigue, resulting in less
distinct vowel sounds and diminished resonance efficiency.




(3) Bandwidth 3: The third formant is integral to consonant
articulation, especially for liquids like [r] and [1], and significantly
contributes to the overall timbre and sharpness of speech. A
decrease in B3 bandwidth reflects sharper, more defined high-
frequency resonances, often linked to clear and efficient
articulation of consonants. This indicates optimal energy transfer
within the vocal tract, particularly in the production of high-
frequency sounds. Narrower B3 bandwidths are observed in
formal speech or when articulation is deliberate, signaling efficient
coupling of the vocal and oral cavities to produce crisp, intelligible
consonants. In contrast, an increase in B3 bandwidth points to less
efficient resonance and greater energy dissipation in the higher
frequency range. This can result from nasalization, vocal fatigue,
or relaxed vocal tract configurations, which dampen energy and
reduce consonant clarity. Speech with broader B3 bandwidths
may sound muffled or indistinct, reflecting decreased articulatory
precision and suboptimal vocal tract coupling.

(4) Bandwidths 4-5: Formants 4 and 5 contribute to the timbre
and brightness of speech, shaping overall voice quality rather than
vowel identity. Changes in their bandwidths offer insights into the
upper vocal tract's resonant properties. A decrease in B4 and B5
signifies sharper, more defined high-frequency resonances, often
linked to a bright and resonant voice quality. This reflects a high
degree of control over the vocal tract's configuration, resulting in
concentrated energy and enhanced vocal vibrancy. Narrower B4
and B5 are typically associated with strong timbre and focused
high-frequency energy, indicative of clear and resonant speech. An
increase in B4 and B5 bandwidths, however, suggests greater
energy dissipation and less distinct high-frequency content. This
broader resonance may occur in breathy or fatigued speech,
where higher frequencies lose prominence. Speech with increased
B4 and B5 often sounds muffled or breathy, reflecting suboptimal
high-frequency resonance and reduced vocal tract control.

Taken together, the dissertation has identified several key ways in which speakers can

enhance their vocal delivery to sound more charismatic and leadership-oriented. These

strategies focus on optimizing vocal qualities to project authority, warmth, and engagement.

Further, Table 2 below gives the research findings with effect directions of highlighted phonetic

features and their summary of implications, presenting the explicit contributions in this

dissertation (for detailed phonetic and psychological implications, please refer to Table 6.2).



Table 2

Research Findings and Summary of Implications

Feature sets

Research findings

Summary of implications

Fundamental
frequency

T The difference between the
maximum and minimum pitch
values (fO_range)

The fundamental frequency range
represents the speaker's capacity for
prosodic modulation. Enhanced FO
range facilitates effective sentence
focus and emotional expression,
requiring precise laryngeal control.
This variability correlates positively
with perceived dynamism and
charismatic leadership qualities

T The maximum value of the pitch
curve, indicating the highest pitch
(fO_max)

Maximum pitch elevation indicates the
speaker's capacity to achieve higher
frequencies, characteristically
associated with enthusiasm and
emotional engagement. This parameter
significantly influences listeners'
perception of speaker dynamism and
attention-capturing ability, contributing
to leadership effectiveness

T The rate of change in pitch over
time (f0_slope)

Pitch slope steepness quantifies the
rate of fundamental frequency change,
reflecting prosodic dynamism. Steeper
slopes enhance charismatic delivery
through more effective emphasis and
intentional variation, supporting
perceived leadership qualities

T The standard deviation of the
pitch values (f0_sd)

Pitch standard deviation measures
overall frequency variability,
distinguishing dynamic delivery from
monotone speech. Greater variability
correlates with enhanced emotional
engagement and communicative
effectiveness, characteristics typically
associated with strong leadership
presence

Formant
frequency

! Minimum value of the first
formant frequency (f1_min)

Lower F1 frequencies indicate a longer
vocal tract or closed vowel articulation,
producing a resonant, clear voice

quality linked to authority and stability

| Minimum value of the second
formant frequency (f2_min)

Lower F2 frequencies, associated with
posterior tongue positioning, create




extended vocal tract configurations.
This anatomical arrangement produces
deeper resonances, contributing to
authoritative vocal quality

T Maximum temporal position of
the first formant frequency
(f1_maxtime)

The temporal position of F1 maximum
indicates peak frequency timing within
utterances. Later F1 peaks suggest
deliberate articulatory strategies,
potentially enhancing vowel clarity and
professional delivery

| Difference between the
averages of the formants
(e.g. df2f5, df1f5, df4f5)

Reduced formant average differences
indicate compact articulation,
contributing to precise vocal delivery.
This acoustic feature enhances
perceived professionalism and
leadership capability through improved
clarity

1 25th, 50th, and 75th percentile
of the bandwidth of the third

formant frequency
(f3_bandw_qg25, 50, 75)

Narrower third formant bandwidth
(B3) reflects reduced acoustic damping
and enhanced resonance clarity. This
characteristic contributes to perceived
authority through improved vocal

Formar‘lt definition and intelligibility
bandwidth - y
1 25th, 50th, and 75th percentile = Narrower fourth formant bandwidth
of the bandwidth of the fourth (B4) indicates efficient high-frequency
formant frequency resonance. It enhances overall
(f4_bandw_qg25, 50, 75) articulation quality and perceived
leadership competence
T The total length of the speech in  Longer speech duration demonstrates
seconds (dur) deliberate communication control,
reinforcing perceived authority through
measured delivery
T The actual speaking time Increased active speaking time reflects
(excluding pauses) in seconds sustained vocal engagement and
Speech (phonationtime) delivery control, correlating positively
) with perceived leadership effectiveness
duration

T The total count of silent breaks
or pauses (npause)

The frequency of silent breaks indicates
strategic pause utilization. More
frequent pauses suggest thoughtful
delivery and confident communication
style, enhancing leadership perception

| The number of syllables spoken
per second, including pauses

Slower speech rate indicates deliberate
articulation. It correlates with




(speech rate) perceived composure and control,
facilitating improved information
processing and comprehension

T The average loudness Higher average loudness demonstrates
throughout the speech strong vocal projection and emotional
(int_mean) engagement. This feature contributes

significantly to perceived confidence
and leadership presence

T The maximum value of the Maximum intensity reflects controlled
intensity curve, indicating the vocal strength, correlating positively
Intensity highest loudness (int_max) with authoritative leadership presence

T The 25th and 75t percentile of  Higher intensity percentiles indicate

the intensity curve. The speaker’s dynamic loudness modulation

voice is softer than this level for throughout speech delivery. This

25% and 75% of the time controlled variation enhances

(int_25 and int_75) emotional impact and audience
engagement, supporting effective
leadership communication

These above suggestions and findings may help speakers integrate vocal enhancements
into their natural speech patterns. The goal is not to create an unnatural voice but to optimize
existing qualities, allowing speakers to project a confident, authentic, and engaging presence.

This dissertation advances psychoacoustics and leadership studies by integrating
principles of explainable artificial intelligence (XAI) into the analysis of charismatic voice. Upon
building on methodological transitions in voice analysis, the work bridges computational
paralinguistic and phonetic approaches, creating a framework that balances predictive accuracy
with interpretability. This framework addresses a critical gap in voice-based charisma research,
which has often prioritized computational sophistication at the expense of explanatory clarity.
The framework specifically meets XAl requirements through:

Feature Interpretability: The dissertation emphasizes the interpretability of acoustic
features, making them accessible for interdisciplinary research. Core parameters such as FO
range, intensity patterns, and formant frequencies are theoretically grounded in psychoacoustics
and leadership studies, linking vocal traits directly to perceptions of authority, charisma, and
clarity. Each feature is defined in a way that is comprehensible to both experts in phonetics and
broader audiences, bridging technical analyses with practical applications.

Model Transparency: The research addresses the trade-off between accuracy and
interpretability by explicitly connecting acoustic features to psychological constructs of
leadership. For instance, a higher F0O range is associated with inspirational motivation due to its
conveyance of enthusiasm, while increased speech duration reflects individualized
consideration through deliberate communication. These transparent mappings avoid the pitfalls
of black-box models, offering clear insights into how vocal modulations influence listener
perceptions.



Through developing a methodology that integrates explainable Al (XAI) into the analytical
process, this dissertation not only deepens the understanding of voice-based charisma but also
provides an interpretable framework that connects acoustic analysis with psychological and
physiological perspectives.



Zusammenfassung

Die Wahrnehmung von Fiihrung wird mafdgeblich durch stimmliche Eigenschaften
beeinflusst, insbesondere durch Sprachmerkmale, die als nonverbale Indikatoren fiir die
Effektivitdt und den Stil einer Fiihrungsperson fungieren. Diese Dissertation besteht aus drei
miteinander verkniipften Studien, die die komplexe Beziehung zwischen Sprachmerkmalen und
wahrgenommener transformationaler Fiithrung untersuchen, um die bestehende Liicke zwischen
Fiihrungstheorie und stimmlicher Ausdruckskraft zu schlief3en.

Studie 1 basiert auf einem integrativen Reviewansatz und befasst sich mit dem
Zusammenspiel zwischen akustischen Merkmalen und Fiihrungswahrnehmungen. Sie baut auf
dem grundlegenden Verstdndnis auf, dass die Stimme in sozialen Interaktionen von
entscheidender Bedeutung ist. Friihe Studien in den 1970er Jahren begannen, die Bedeutung der
Stimme in der Fiihrung zu erforschen, aber jiingste Fortschritte in der Computertechnologie
haben diese Erforschung auf Merkmale jenseits der menschlichen Wahrnehmung ausgeweitet,
wie Tonhohe, Jitter und Formantdispersion. Laut fritheren Studien werden tiefere Stimmen mit
hoherem sozialen Status und Fithrungswahrnehmung in Verbindung gebracht. Gregory und
Gallagher (2002) berichteten beispielsweise, dass mannliche Kandidaten mit tieferen Stimmen
tendenziell mehr Stimmen bei politischen Wahlen gewannen. Dieser Trend steht im Einklang
mit der physiologischen Grundlage, dass der Testosteronspiegel, der bei Mannern hoher ist, mit
Dominanz und Fiihrungseigenschaften verbunden ist (Mazur & Booth, 1998). Empirische
Forschung zeigt, dass sowohl Manner als auch Frauen tiefere Stimmen als Indikator fiir Starke,
Kompetenz und Fithrungspotenzial wahrnehmen. Die Praferenz fiir tiefere Stimmen bei
Flihrungskréften ist jedoch nicht ohne Komplexitidt. Wahrend solche Stimmen mit physischer
Dominanz und Stirke assoziiert werden, konnen sie auch mit weniger empathischem Verhalten
und schlechterer Entscheidungsfindung korrelieren, was potenziell die Fiihrungseffektivitat
untergrabt (Ronay & Carney, 2013). Die Studie untersucht weiterhin die Rolle von Testosteron
bei der Formung von Stimmmerkmalen und Fiihrungswahrnehmungen. Der Einfluss von
Testosteron auf die Entwicklung der Stimmbéander fiihrt zu tieferen Stimmen, die bei Mannern
als dominanter und attraktiver wahrgenommen werden. Dieser hormonelle Einfluss korreliert
auch mit aggressiven und dominanten Verhaltensweisen, Eigenschaften, die oft mit Fiihrung in
Verbindung gebracht werden, aber nicht immer zu einer effektiven, empathischen Fiihrung
beitragen (Puts et al., 2012). Dariiber hinaus untersucht die Studie, wie andere Sprachmerkmale
jenseits der Tonhohe, wie Jitter, Shimmer und Sprechpausen, zur Wahrnehmung von Charisma
und Dominanz beitragen. Beispielsweise werden kiirzere Sprechpausen und variierende
Intensitat mit hoherem Charisma assoziiert, wahrend langere Sprechdauern mit
wahrgenommener Dominanz korrelieren (D'Errico et al., 2013; Schmid Mast, 2002). Die
Nutzung von maschinellem Lernen bei der Analyse von Sprachmerkmalen hat neuartige
Moglichkeiten erdffnet, Einblicke in Fiihrungsattribute zu gewinnen. Merkmale wie Mel-
Frequency Cepstral Coefficients (MFCCs) und spektrale Eigenschaften werden eingesetzt, um
Charisma und Dominanz bei Fiihrungskraften vorherzusagen, was das Potenzial
computergestiitzter Techniken zur Bereicherung von Fiihrungsstudien zeigt (Cullen & Harte,
2018). Zusammenfassend bietet diese Forschung eine umfassende Diskussion der komplexen
Verbindungen zwischen Sprachmerkmalen und Fithrungswahrnehmungen. Die Uberpriifung
bereitet den Boden fiir zukiinftige Untersuchungen, die unser Verstandnis dariiber vertiefen



konnten, wie Fiihrungskrafte ihre Sprachprosodie nutzen, um andere zu beeinflussen und zu
inspirieren.

Nach der Darstellung der Literaturiibersichts-Studie werden anschliefdend die empirischen
Studien durchgefiihrt. In dieser Dissertation verwenden sowohl Studie 2 als auch Studie 3
denselben Datensatz, eine Praxis, die in datenintensiven Forschungsgebieten iiblich ist. Dieser
gemeinsame Datensatz gewahrleistet die Konsistenz der zugrundeliegenden Informationen. Es
ist jedoch wichtig hervorzuheben, dass sich die beiden Studien in ihren methodischen Ansatzen
und den analysierten Sprachmerkmalen erheblich unterscheiden, was eine facettenreiche
Untersuchung der Daten ermdglicht. Studie 2 konzentriert sich auf computationelle
paralinguistische Merkmale, insbesondere auf Grundfrequenz, Intensitiat und
Stimmhaftigkeitswahrscheinlichkeit. Im Gegensatz dazu verwendet Studie 3 ein
mafdgeschneidertes Skript zur Generierung phonetischer Merkmale in Bezug auf Grundfrequenz,
Intensitat, Sprechdauer und Formanten. Diese bewusste methodische Differenzierung maximiert
nicht nur den Wert des Datensatzes, sondern erleichtert auch die Entdeckung komplementarer
Erkenntnisse. Die Wiederverwendung von Datenséatzen in Verbindung mit unterschiedlichen
Analysestrategien ist besonders wertvoll im Bereich des Affective Computing, wo die Sammlung
grofder, hochwertiger Datensétze oft erhebliche Ressourcen erfordert. Durch die Anwendung
verschiedener Rahmenwerke erweitern diese Studien unser Verstandnis affektiver Phdnomene
aus mehreren Perspektiven.

Studie 2 untersucht die Beziehung zwischen Sprachprosodie und wahrgenommener
transformationaler Fiihrung mit einem maschinellen Lernansatz. Die Forschung zielt darauf ab,
eine signifikante Liicke in der bestehenden Literatur zu schlief3en, indem der Einfluss
prosodischer Merkmale auf die wahrgenommene transformationale Fiihrung im
Unternehmenskontext umfassend analysiert wird. In dieser Studie wurden 122 Sprecher
rekrutiert, um Sprachproben auf der Grundlage eines fiktiven CEO-Szenarios aufzunehmen. Eine
andere Gruppe von 122 Bewertenden wurde engagiert, um diese Sprachproben anhand der
deutschen Version des Multifactor Leadership Questionnaire (MLQ) zu bewerten. Zur Extraktion
der Merkmale aus den Sprachproben wurde die OpenSMILE-Software implementiert, wobei der
Schwerpunkt auf drei Hauptmerkmalgruppen lag: Grundfrequenz, Intensitat und
Stimmhaftigkeitswahrscheinlichkeit. Der analytische Ansatz verwendete den Sequential Minimal
Optimization (SMO) Regressionsalgorithmus unter Verwendung der Waikato Environment for
Knowledge Analysis (WEKA). Zur Bewertung der Leistung der Regressionsmodelle wurden das
Bestimmtheitsmaf (R?), der mittlere absolute Fehler (MAE) und des mittleren quadratischen
Fehlers (RMSE) verwendet.

Die Forschungsergebnisse zeigten fiir jede Dimension der transformationalen Fiihrung
unterschiedliche Muster, wie folgt:

1. Fiir inspirierende Motivation erwies sich die Grundfrequenz als starkster Pradiktor
(R?=0,31), gefolgt von Stimmhaftigkeitswahrscheinlichkeit (R*=0,20).

2.Im Fall von idealisierter Einflusses (attributiert) zeigte die Grundfrequenz die héchste
Vorhersagekraft (R?=0,45), wobei auch die Intensitit als starker Pradiktor hervorging (R?=0,36).

3. Fiir idealisierter Einfluss (Verhalten) waren die Grundfrequenz (R?=0,34) und die
Intensitit (R?=0,29) die hauptsichlichen zuverldssigen Pridiktoren.



4. Im Hinblick auf intellektuelle Stimulierung zeigten Grundfrequenz (R?=0,33), Intensitit
(R?=0,29) und Stimmhaftigkeitswahrscheinlichkeit (R?=0,29) eine dhnliche Vorhersagekraft.

5. Fiir individuelle Beriicksichtigung ergab unsere Analyse, dass die Intensitét der starkste
Pradiktor war (R?=0,35), wiahrend Grundfrequenz und Stimmhaftigkeitswahrscheinlichkeit
schwichere Zusammenhinge aufwiesen (beide R?=0,22).

Es wird darauf hingewiesen, dass unsere Ergebnisse zur inspirierenden Motivation mit
fritheren Forschungen iibereinstimmen, die nahelegen, dass eine tiefere Stimmlage und eine
weichere Stimme motivierend wirken. Fiir die intellektuelle Stimulierung unterstiitzen unsere
Ergebnisse die Idee, dass prosodische Merkmale, die mit Extraversion assoziiert werden (wie
Sprachpausen und Intensitét), eine Rolle bei der Fahigkeit einer Fiihrungsperson spielen
konnten, innovatives Denken zu stimulieren. Die Forschung leistet einen wesentlichen Beitrag
zum Verstdndnis, indem sie die Bedeutung prosodischer Merkmale fiir die Wahrnehmung von
transformationaler Fiihrung in ihren verschiedenen Dimensionen aufzeigt. Unsere Ergebnisse
betonen, dass unterschiedliche prosodische Merkmale je nach Aspekt der transformationalen
Flihrung unterschiedliche Bedeutungen haben kénnen.

Studie 3 untersucht den Zusammenhang zwischen Sprachmerkmalen und
wahrgenommener transformationaler Fithrung unter Anwendung von Techniken des
maschinellen Lernens. Ziel der Forschung ist es, ein klares Bild davon zu zeichnen, wie
phonetische Merkmale die wahrgenommene transformationale Fithrung beeinflussen, gemessen
anhand des Multifactor Leadership Questionnaire (MLQ). In dieser Studie verwendeten die
Autoren Praat (Version 6.3.04) als priméres Werkzeug zur Extraktion prosodischer
Sprachmerkmale. Die Studie umfasste 122 Sprecher, die Sprachproben lieferten, und 122
unabhingige Bewerter, die diese Proben anhand der deutschen Version des Multifactor
Leadership Questionnaire (MLQ) bewerteten. Die vorliegende Studie untersucht primar
phonetische Merkmale, einschliefdlich der Grundfrequenz (F0), der Intensitat, der Sprechdauer
und relevanter Formantmerkmale (F1-F5). Der Support Vector Machine (SVM) Algorithmus,
insbesondere die Sequential Minimal Optimization (SMO) Regression, wurde verwendet, um die
Beziehung zwischen diesen Merkmalen und den fiinf Dimensionen der transformationalen
Flihrung zu analysieren. Die Ergebnisse zeigten, dass diese Merkmale tatsichlich signifikante
Pradiktoren fiir die wahrgenommene transformationale Fiihrung iiber alle Dimensionen hinweg
sind. Im Einzelnen:

1. Fiir individuelle Berticksichtigung war die Sprechdauer der wichtigste Pradiktor
(R?=0,40), gefolgt von den Formanten (R?=0,28).

2. Idealisierter Einfluss (attributiert) wurde am besten durch die Sprechdauer (R*=0,47)
und die Grundfrequenz (R?=0,46) vorhergesagt.

3. Idealisierter Einfluss (Verhalten) zeigte starke Korrelationen mit der Intensitit (R*=0,37)
und der Sprechdauer (R?=0,36).

4. Intellektuelle Stimulierung war am stirksten mit der Sprechdauer assoziiert (R*=0,38),
wihrend die Grundfrequenz (R?=0,31) eine moderate Vorhersagekraft zeigte.

5. Inspirierende Motivation wurde am besten durch die Grundfrequenz (R?=0,43) und die
Sprechdauer (R?=0,37) vorhergesagt.

Diese Ergebnisse erweitern frithere Forschungsarbeiten, indem sie die Bedeutung
phonetischer Merkmale iiber alle Dimensionen der transformationalen Fiihrung hinweg



aufzeigen und nicht nur auf isolierte Aspekte wie Charisma oder Dominanz beschranken. Die
Ergebnisse der Studie stimmen mit fritheren Arbeiten iiberein und bauen auf ihnen auf, indem
sie eine umfassendere Analyse im Geschaftskontext liefern und eine Liicke in der bestehenden
Literatur schlief3en. Dariiber hinaus beleuchtet diese Studie die physiologischen Aspekte der
Sprachproduktion anhand korrelativer Befunde, welche detaillierte Erklarungen der
zugrundeliegenden Mechanismen ermdéglichen. Des Weiteren wird analysiert, inwiefern diese
Mechanismen zu den beobachteten stimmlichen Charakteristika beitragen und welche
Bedeutung diese fiir die Fiihrungswahrnehmung aufweisen.

Um das Verstandnis der in dieser Dissertation analysierten Sprachmerkmale zu erleichtern,
bietet das untenstehende Glossar allgemeine Beschreibungen akustischer Messgrofien:
Tabelle 1
Glossar der in der Dissertation verwendeten Sprachmerkmale

Sprachmerkmale Allgemeine Beschreibungen

Grundfrequenz (Fo) Die niedrigste Frequenz einer periodischen Wellenform, die der
wahrgenommenen Tonhohe der Stimme entspricht. In der
menschlichen Sprache reprasentiert sie die Rate, mit der die
Stimmbander vibrieren.

Sprachintensitat Die Amplitude oder Lautstidrke der Sprache, die typischerweise in
Dezibel (dB) gemessen wird. Sie spiegelt die Menge an akustischer
Energie im Sprachsignal wider und entspricht der Wahrnehmung,
wie laut oder leise eine Stimme ist. Die Intensitat wird sowohl durch
die Sprechintensitat des Sprechers als auch durch die Entfernung
des Mikrofons beeinflusst.

Sprachdauer Der zeitliche Aspekt der Sprache, der misst, wie lange Sprecher
benétigen, um Auflerungen in Sekunden zu produzieren
(einschliefdlich sowohl der Sprechzeit als auch der Pausen). Dieses
Merkmal umfasst verschiedene zeitliche Muster wie
Sprechgeschwindigkeit, Pausendauer und Rhythmus, die die
Wahrnehmung von Fiithrungsqualitdten erheblich beeinflussen

kénnen.
Formanten- Resonanzfrequenzen des Vokaltrakts, die das akustische Spektrum
frequenz der Sprachlaute formen. Jeder Formant stellt eine Konzentration
(F1-F5) akustischer Energie bei einer bestimmten Frequenz dar:

(1) Formant 1: Die erste Formantfrequenz (F1) wird hauptsachlich
durch die Vokalhohe beeinflusst, die der vertikalen Zungenposition
und dem Offnungsgrad des Kiefers entspricht. Tiefere Vokale (z.B.
/a/), die mit einem offeneren Kiefer und einer tieferen
Zungenposition gebildet werden, weisen typischerweise hohere F1-
Frequenzen auf. Im Gegensatz dazu fithren héhere Vokale (z.B. /i/,
/u/), die durch einen geschlosseneren Kiefer und eine gehobene
Zungenposition gekennzeichnet sind, zu niedrigeren F1-
Frequenzen. Dieser Formant ist ein entscheidendes akustisches
Korrelat fiir die Unterscheidung der Vokalhdhe und tragt




mafdgeblich zur Vokalwahrnehmung bei.

(2) Formant 2: Die zweite Formantfrequenz (F2) spiegelt die
horizontale Position der Zunge entlang der Vorn-Hinten-Achse
innerhalb der Mundhohle wider. Vordere Vokale (z.B. /i/, /e/), bei
denen die Zunge ndher an der Vorderseite des Mundes positioniert
ist, zeigen hohere F2-Frequenzen. Im Gegensatz dazu werden
hintere Vokale (z.B. /u/, /o/), die mit weiter hinten positionierter
Zunge gebildet werden, mit niedrigeren F2-Frequenzen assoziiert.
Die Wechselwirkung zwischen F1 und F2 bildet die grundlegende
akustische Basis fiir die Vokaldifferenzierung und spielt eine
zentrale Rolle bei der Vokalverstandlichkeit.

(3) Formanten 3-5: Die hoheren Formanten, einschliefilich F3, F4
und F5, tragen zu nuancierteren Aspekten der Stimmqualitat und
Sprecheridentifikation bei. F3 wird haufig mit Sprachklarheit und
Merkmalen wie Rhotizitit (z.B. die Aussprache von /r/-Lauten) in
Verbindung gebracht, wahrend F4 und F5 wichtige Informationen
tiber die harmonische Struktur der Stimme liefern, die zur
Unterscheidung einzelner Sprecher beitragen. Diese hoheren
Formanten sind weniger direkt an der Wahrnehmung der
Vokalqualitat beteiligt, sind jedoch wesentlich fiir die Kodierung
sprecherspezifischer Eigenschaften wie Stimmklangfarbe, Resonanz
und physiologische Unterschiede im Vokaltrakt. Im Allgemeinen
spielen F3-F5 eine bedeutende Rolle bei der Ubermittlung von
Informationen tiber die Sprecheridentitdt und individuelle
Stimmcharakteristika.

Formanten-
bandbreit

Die Bandbreite bezeichnet den Frequenzbereich um jeden
Formantgipfel, in dem die akustische Energie relativ hoch bleibt.
Bandbreitenmessungen liefern Informationen iiber Stimmqualitét
und Artikulationsprazision, wobei schmalere Bandbreiten
typischerweise mit klareren, resonanzreicheren Stimmen assoziiert
werden. Im Gegensatz dazu deuten breitere Bandbreiten auf
erhohte Energiedissipation hin, die durch Faktoren wie entspannte
Stimmlippenadduktion, turbulente Luftstromung oder
Weichgewebeabsorption verursacht wird.

(1) Bandbreite 1: Der erste Formant reprasentiert die

niedrigste Resonanz im Vokaltrakt und ist entscheidend fiir die
Identifizierung der Vokaléffnung, die zwischen offenen und
geschlossenen Vokalen unterscheidet. Seine Bandbreite (B1) wird
durch die Form und Gréf3e der Mundhohle sowie die Konfiguration
der Stimmlippen beeinflusst und spiegelt die Resonanz und
Energiedissipation des Vokaltrakts wider. Eine Abnahme von B1
deutet auf eine Energiekonzentration um die F1-Frequenz hin, was
zu scharferer und praziserer Artikulation fiihrt. Dies ist typisch fiir




klare, nicht-behauchte Vokale, wie ein gut artikuliertes [a], bei dem
der Vokaltrakt offen und optimal fiir die Resonanz konfiguriert ist.
Die reduzierte Energiedissipation in diesem Kontext weist auf eine
rigidere Vokaltraktkonfiguration hin, die mit modaler Phonation mit
eng adduzierten Stimmlippen und starken, definierten Resonanzen
einhergeht. Im Gegensatz dazu spiegelt eine Zunahme von B1
breitere Resonanz und grofderen Energieverlust um die F1-
Frequenz wider. Dies kann durch entspannte
Stimmlippenadduktion, behauchte Phonation oder Stimmermiidung
entstehen, was zu weniger effizienter Energieiibertragung und
reduzierter Artikulationsprazision fiihrt.

(2) Bandbreite 2: Formant 2 reprasentiert die zweite
Hauptresonanz des Vokaltrakts und ist essentiell fiir die
Differenzierung zwischen vorderen und hinteren Vokalen. Die F2-
Bandbreite (B2) wird stark durch Zungenposition und
Vokaltraktform wahrend des Sprechens beeinflusst. Eine Abnahme
von B2 signalisiert eine fokussiertere Resonanz, die mit klarerer
Artikulation von hohen Vordervokalen wie [i] oder [e] assoziiert
wird. Dies spiegelt erhdhte Vokaltraktspannung und effiziente
Energieiibertragung wider, was die Klarheit und Distinktivitat der
Vokallaute verstarkt. Solche scharfen Resonanzen sind typisch fiir
bewusste oder formelle Sprechstile, bei denen prazise Artikulation
und kontrollierte Stimmlippenadduktion den Energieverlust
minimieren und die Resonanz optimieren.

(3) Bandbreite 3: Der dritte Formant ist integral fiir die
Konsonantenartikulation, besonders fiir Liquide wie [r] und [1], und
tragt signifikant zur gesamten Klangfarbe und Scharfe der Sprache
bei. Eine Abnahme der B3-Bandbreite reflektiert scharfere, besser
definierte Hochfrequenzresonanzen, die oft mit klarer und
effizienter Artikulation von Konsonanten verbunden sind. Dies zeigt
optimale Energieiibertragung innerhalb des Vokaltrakts an,
besonders bei der Produktion hochfrequenter Laute.

(4) Bandbreiten 4-5: Die Formanten 4 und 5 tragen zur

Klangfarbe und Brillanz der Sprache bei und formen eher die
gesamte Stimmqualitit als die Vokalidentitit. Anderungen in ihren
Bandbreiten geben Einblick in die Resonanzeigenschaften des
oberen Vokaltrakts. Eine Abnahme von B4 und B5 signalisiert
schirfere, besser definierte Hochfrequenzresonanzen, die oft mit
heller und resonanter Stimmqualitidt verbunden sind. Dies spiegelt
einen hohen Grad an Kontrolle iiber die Vokaltraktkonfiguration
wider, was zu konzentrierter Energie und verstarkter
Stimmbrillianz fiihrt.




Die Dissertation hat mehrere Schliisselaspekte herausgearbeitet, durch welche Redner ihre

stimmliche Prasentation charismatischer und fithrungsorientierter gestalten konnen. Diese

Strategien konzentrieren sich auf die Optimierung vokaler Qualitdten, um Autoritiat, Warme und

Engagement zu projizieren. Weiterhin zeigt Tabelle 2 die Forschungsergebnisse mit den

Wirkungsrichtungen der hervorgehobenen phonetischen Merkmale sowie deren

zusammenfassende Implikationen, die als explizite Beitrage dieser Dissertation prasentiert

werden (fiir detaillierte phonetische und psychologische Implikationen siehe Tabelle 6.2).

Tabelle 2

Forschungsergebnisse und Zusammenfassung der Implikationen

Merkmalsgruppen Forschungsergebnisse

Zusammenfassung der Implikationen

T Die Differenz zwischen den
maximalen und minimalen
Grundfrequenzwerten
(fO_range)

Der Grundfrequenzbereich (FO-
Bereich), gemessen als die Differenz
zwischen maximalen und minimalen
Tonhohenwerten, reprasentiert die
Fahigkeit des Sprechers zur
prosodischen Modulation. Ein
erweiterter FO-Bereich ermoglicht
effektive Satzfokussierung und
emotionalen Ausdruck, wobei eine
prazise Larynxkontrolle erforderlich
ist. Diese Variabilitat korreliert positiv
mit wahrgenommener Dynamik und
charismatischen Fiihrungsqualitdten

T Der Maximalwert der
Tonhohenkurve, der die hochste

Tonhohe anzeigt (f0_max)
Grundfrequenz

(Fo)

Die maximale Tonh6henerh6hung zeigt
die Fahigkeit des Sprechers, hohere
Frequenzen zu erreichen, die
charakteristischerweise mit
Enthusiasmus und emotionalem
Engagement verbunden sind. Dieser
Parameter beeinflusst mafdgeblich die
Wahrnehmung der sprecherischen
Dynamik und
Aufmerksamkeitssteuerung durch die
Zuhorer

T Die Anderungsrate der
Tonhohe tber die Zeit (f0_slope)

Die Tonhohensteilheit quantifiziert die
Geschwindigkeit der
Grundfrequenzidnderung und spiegelt
die prosodische Dynamik wider.
Steilere Steigungen verstirken die
charismatische Ausdrucksweise durch
effektivere Betonung und intentionale
Variation

TDie Standardabweichung der

Die Standardabweichung der Tonh6he




Grundfrequenzwerte (f0_sd)

misst die gesamte Frequenzvariabilitat
und unterscheidet dynamische von
monotoner Sprechweise. Grofdere
Variabilitit korreliert mit verstarktem
emotionalem Engagement und
kommunikativer Effektivitat

| Minimalwert der ersten
Formantfrequenz (f1_min)

Minimale F1-Frequenzen, die
typischerweise spezifische
Vokaltraktkonfigurationen oder
geschlossene Vokalartikulation
anzeigen, tragen zur Resonanzeffizienz
und fokussierten Stimmaqualitat bei.
Niedrigere F1-Werte korrelieren mit
autoritativer Stimmprojektion

| Minimalwert der zweiten
Formantfrequenz (f2_min)

Niedrigere F2-Frequenzen, die mit
posteriorer Zungenpositionierung
assoziiert sind, erzeugen erweiterte
Vokaltraktkonfigurationen. Diese

Formanten- anatomische Anordnung produziert
frequenz tiefere Resonanzen, die zur
(F1-F5) autoritativen Stimmqualitat beitragen
T Maximale zeitliche Position der Die zeitliche Position des F1-
ersten Formantfrequenz Maximums (F1_maxtime) zeigt den
(f1_maxtime) Zeitpunkt der Spitzenfrequenz
innerhalb der AuRerungen an. Spitere
F1-Gipfel deuten auf bewusste
Artikulationsstrategien hin
| Differenz zwischen den Reduzierte
Mittelwerten der Formanten Formantdurchschnittsdifferenzen
(e.g. df2f5, df1f5, df4f5) weisen auf kompakte Artikulation hin,
die zur prazisen Stimmgebung beitragt.
Dieses akustische Merkmal verstarkt
die wahrgenommene Professionalitit
! Das 25., 50. und 75. Perzentil Eine schmalere Bandbreite des dritten
der Bandbreite der dritten Formanten (B3) reflektiert reduzierte
Formantfrequenz akustische Dampfung und verstarkte
(f3_bandw_g25, 50, 75) Resonanzklarheit. Diese Eigenschaft
Formanten- tragt durch verbesserte stimmliche
bandbreite Definition zur wahrgenommenen

Autoritit bei

! Das 25., 50. und 75. Perzentil
der Bandbreite der vierten
Formantfrequenz

Analog zeigt eine schmalere
Bandbreite des vierten Formanten
(B4) effiziente Hochfrequenzresonanz,




(f4_bandw_q25, 50, 75)

die die gesamte Artikulationsqualitat
verbessert

T Die Gesamtlange der
Sprechdauer in Sekunden (dur)

Verlangerte Sprechdauer demonstriert
bewusste Kommunikationskontrolle
und verstarkt die wahrgenommene
Autoritit durch gemessene
Ausdrucksweise

T Die tatsichliche Sprechzeit
(ohne Pausen) in Sekunden
(phonationtime)

Erhohte aktive Sprechzeit spiegelt
anhaltendes stimmliches Engagement
und Ausdruckskontrolle wider, was
positiv mit wahrgenommener
Fiihrungseffektivitat korreliert

T Die Gesamtanzahl der stillen

Die Haufigkeit stiller Pausen zeigt

Sprachdauer ]

Pausen (npause) strategische Pausennutzung an.
Héufigere Pausen deuten auf
durchdachte Ausdrucksweise und
selbstbewussten Kommunikationsstil
hin

! Die Anzahl der gesprochenen Reduzierte Sprechgeschwindigkeit,

Silben pro Sekunde, gemessen in Silben pro Sekunde, zeigt

einschliefdlich Pausen bewusste Artikulation an. Langsamere

(speech rate) Raten korrelieren mit
wahrgenommener Gelassenheit und
Kontrolle

T Die durchschnittliche Erhohte durchschnittliche Lautstarke

Lautstdrke wahrend der demonstriert starke stimmliche

gesamten Sprachiufderung Projektion und emotionales

(int_mean) Engagement. Dieses Merkmal tragt
wesentlich zur wahrgenommenen
Selbstsicherheit bei

T Der Maximalwert der Die maximale Intensitit spiegelt

) L Intensitatskurve, der die hochste kontrollierte stimmliche Stiarke wider
Sprachintensitat

Lautstirke anzeigt (int_max)

und korreliert positiv mit autoritativer
Fiihrungsprasenz

T Das 25. und 75. Perzentil der
Intensitiatskurve. Die Stimme
des Sprechers ist fiir 25% bzw.
75% der Zeit leiser als dieser
Wert (int_25 and int_75)

Hohere Intensitdtsperzentile zeigen
dynamische Lautstiarkemodulation
wahrend der Sprachproduktion an.
Diese kontrollierte Variation verstarkt
die emotionale Wirkung und das
Publikumsengagemen

Diese oben genannten Erkenntnisse und Empfehlungen kénnen Sprechern dabei helfen,

stimmliche Verbesserungen in ihre natiirlichen Sprechmuster zu integrieren. Das Ziel besteht



nicht darin, eine unnatiirliche Stimme zu erzeugen, sondern vorhandene Qualitdten zu
optimieren, sodass Sprecher eine selbstbewusste, authentische und einnehmende Prasenz
ausstrahlen kénnen.

Diese Dissertation erweitert die Psychoakustik und Fiihrungsforschung durch die
Integration von Prinzipien der erkldrbaren kiinstlichen Intelligenz (XAI) in die Analyse der
charismatischen Stimme. Aufbauend auf methodischen Ubergingen in der Stimmanalyse
verbindet die Arbeit computergestiitzte Paralinguistik und Phonetik und schafft dabei einen
Rahmen, der pradiktive Genauigkeit mit Interpretierbarkeit in Einklang bringt. Dieser Rahmen
adressiert eine kritische Liicke in der stimmbasierten Charismaforschung, die haufig die
rechnerische Komplexitat auf Kosten der Erklarungsklarheit priorisiert hat. Der Rahmen erfiillt
spezifisch die XAl-Anforderungen durch:

Merkmalinterpretierbarkeit: Die Dissertation betont die Interpretierbarkeit akustischer
Merkmale und macht sie fiir interdisziplindre Forschung zuganglich. Kernparameter wie F0-
Bereich, Intensitatsmuster und Formantfrequenzen sind theoretisch in der Psychoakustik und
Flihrungsforschung verankert und verbinden stimmliche Eigenschaften direkt mit
Wahrnehmungen von Autoritét, Charisma und Klarheit. Jedes Merkmal wird so definiert, dass es
sowohl flir Experten der Phonetik als auch fiir ein breiteres Publikum verstandlich ist, wodurch
technische Analysen mit praktischen Anwendungen verbunden werden.

Modelltransparenz: Die Forschung adressiert den Kompromiss zwischen Genauigkeit und
Interpretierbarkeit durch die explizite Verbindung akustischer Merkmale mit psychologischen
Konstrukten der Fiihrung. Beispielsweise wird ein hoherer FO-Bereich mit inspirierender
Motivation aufgrund seiner Vermittlung von Enthusiasmus assoziiert, wihrend erhohte
Sprechdauer individualisierte Beriicksichtigung durch bewusste Kommunikation widerspiegelt.
Diese transparenten Zuordnungen vermeiden die Fallstricke von Black-Box-Modellen und bieten
klare Einblicke darin, wie stimmliche Modulationen die Wahrnehmung der Zuhorer beeinflussen.

Durch die Entwicklung einer Methodik, die erklarbare KI (XAI) in den analytischen Prozess
integriert, vertieft diese Dissertation nicht nur das Verstidndnis stimmbasierter Charisma,
sondern bietet auch einen interpretierbaren Rahmen, der akustische Analyse mit
psychologischen und physiologischen Perspektiven verbindet.
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GENERAL INTRODUCTION

1 GENERAL INTRODUCTION

1.1 Research Background

From an evolutionary perspective, natural selection has likely favored the capacity to
recognize successful leadership traits due to the significant impact a leader's selection has on the
survival and reproductive success of group members within a social structure (Trivers, 1971).
Human evolutionary history suggests that early human societies were predominantly egalitarian,
with an emphasis on resource sharing among group members. This social structure would have
led to individuals who varied greatly in their ability to acquire resources, as they do today
(Wilson, 2000, p. 548). Consequently, some individuals may have naturally emerged as leaders
at the top of the social hierarchy (Wilson, 2000, p. 549). Hierarchical organization is a prevalent
form of social structure that exists across societies and organizations (Liang, 2021). These
hierarchies are defined situationally, assigning ranks to individuals who possess varying degrees
of control, prestige, or authority (Magee & Galinsky, 2008). Thus, organizations and
communities inherently feature a vertical component, delineating individuals' relative positions
in terms of power, dominance, and status (Giessner & Schubert, 2019).

Communication, particularly speech communication, is central to human existence, playing
a critical role in both survival and social interaction (Grossmann & Friederici, 2012).
Communication involves the exchange of signals, encompassing both verbal elements and non-
verbal elements between individuals. One person creates a message that person interprets
(Hosman, 2015, p. 222). Consequently, speakers are perceived as powerful or dominant based
on how their signals are received and interpreted by listeners (Leongémez et al., 2017). While
the significance of verbal communication in contemporary organizations and communities are
well-documented (Avery et al., 2010), the potential influence of non-verbal communication has
often been underestimated (Claeys & Cauberghe, 2014). Non-verbal communication is
inherently non-linguistic and does not rely on language, distinguishing it from verbal
communication (Knapp, 2011).

From a theoretical standpoint, both verbal and non-verbal communications share auditory
characteristics: the verbal component relates to the message content, while the non-verbal
component conveys how the message is communicated (Frithholz & Schweinberger, 2021).

Ambady and Weisbuch (2010, p. 465) have defined non-verbal communication as "the sending



GENERAL INTRODUCTION

and receiving of thoughts and feelings via non-verbal behavior." Research in related fields, such
as political psychology (e.g., D'Errico et al., 2013) and cognitive psychology (e.g., Anderson et al.,
2014), has highlighted the importance of non-verbal communication for human impressions.
Prior studies have shown that social status and hierarchical relationships are often
communicated more effectively through non-verbal rather than verbal signals (Hall et al., 2014).
Specifically, when both verbal and non-verbal cues are present, non-verbal cues tend to have a
stronger influence on participants' judgments (Jacob et al., 2012).

Carrard (2021) has stated a significant correlation between non-verbal communication and
power dynamics, demonstrating that individuals who utilize non-verbal behaviors effectively
often gain more influence in social encounters. Our perceptions of others are shaped not only by
their verbal messages but also by vocal and visual cues (Tompkinson et al., 2024; Wu et al.,
2023). While numerous verbal and non-verbal cues are available, this research focuses
specifically on speech parameters- the non-verbal features of a voice that creates varying
impressions of speakers. As Scherer (1982, p. 138) noted, "During evolution, language and
speech were superimposed on a primitive, analog vocal signaling system." Given their
evolutionary origins, these speech features may be more influential than linguistic content or

other non-verbal signals in forming social judgments (Hare, 2012).

1.2 Problem Statement

The human voice, with its complex array of non-verbal features, plays an important role in
social impressions and conveying critical information about speakers (Hildebrand et al., 2020;
Schiller et al., 2023). Vocal parameters such as voice pitch, speech rate, and intensity
significantly influence listeners' perceptions of authority, power, and leadership (Stel et al., 2012;
Knowles & Little, 2016). While extensive research has established the importance of these voice
characteristics in social interactions and their ability to communicate various speaker traits
(Markova et al., 2016), there remains a notable gap in understanding how specific speech
features contribute to leadership perceptions across diverse cultural contexts and evolving
communication environments.

This study aims to address this knowledge void by investigating the relationship between
speech features and perceived leadership. Ko et al. (2015) has demonstrated that individuals in

positions of power often exhibit different vocal traits, and conversely, that those possessing
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certain vocal characteristics are more likely to be perceived as leader-like (Hodges-Simeon et al.,
2010). However, the precise mechanisms underlying this relationship, particularly in the context
of rapidly changing communication landscapes and cross-cultural settings, remain explored.
Hence, investigating this relationship is crucial for several reasons. First, it contributes to
our theoretical understanding of effective leadership communication, potentially identifying key
speech features that enhance leadership perception (Klofstad et al., 2012). Second, the research
findings could have significant practical implications for leadership development programs to
inform the design of vocal training interventions aimed at improving leadership communication
skills. By addressing these questions, the current author seeks to advance our knowledge of the
complex interplay between speech features and leadership perception that contributes to more

effective leadership practices in diverse organizational contexts.

1.3 Theoretical Background
1.3.1 Physiological Mechanisms of Speech Production

Speech communication of humans is one of the oldest and most important ways of
conveying and exchanging information. Communication through speech consists of two
processes: speech production and perception. The following sections illustrate the physiological
mechanisms of these two processes.

The corticobulbar pathway, which springs from the primary motor cortex and terminates
in motor neurons of the brain stem, is responsible for face, head, and neck movements (Barnes,
2013, p. 179). These structures have three functions for speech production: respiration
(Subramanian et al., 2008), phonation by controlling lower structures such as the glottis, larynx,
and pharynx (Edmondson & Esling, 2006), and articulation based on higher structures such as
peri-oral muscles and tongue (Kim et al., 2011).

The periaqueductal gray region of the brain is mainly aware of the innervations and control
of the respiratory system (Subramanian et al., 2008). In addition, it leads to the pulmonary
plexus nerve through branches of the vagus nerve and sympathetic trunks of the fourth thoracic
ganglia (Drake et al., 2010, p. 46). For phonation, the cranial division of the accessory nerve is
important (Wilson-Pauwels et al., 2010, p. 99). Peri-oral muscles such as the lips and tongue are
typically innervated by the maxillary and mandibular branches of the trigeminal nerve for the

bone. The highly dynamic mechanism of speech formation is emphasized by including three of
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the twelve pairs of human cranial nerves. A simplified description of the associated mechanisms

and roles of speech processing is provided in Figure 1.1.

Pulmonary plexus nerve Cranial division of Tongue: hyoglossus
/ sympathetic trunk accessory nerve Lips: trigeminal nerve
v A 4
Respiration Phonation Articulation

Speech production

Figure 1.1

An Overview of Simplified Innervations of Functions for Speech Production

The unconscious effect of speech output caused by the autonomic nervous system is based
on these measurements (Oudeyer, 2003); it is not unexpected because respiration is innervated
by the sympathetic nervous system. Taking a closer look at theories of speech production,
without any repeated involvement of subsequent and activation spreading, distinctions can be
made between stage models enabling interactions of involved systems (Krajewski, 2007).
Following the steps suggested by Levelt et al. (1999), a message is produced at the beginning of
the speech development process at a semantic and syntactic level, using the mnemic
mechanisms for constructing a message representation in an attentive process that leads to a
preverbal message. The grammatical and phonological encoding occurs in the second stage,
where relevant words are searched inside an internal lexicon for the semantic text (inner
speech). The voice and speech development plan is converted into natural speech in the third
and final articulatory stages (outer speech). While cognitive attention is required for the first

stage, the latter stages are usually carried out automatically. Changes to user states can
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spontaneously affect various parts of speech production. Relaxation, for example, results in
softer walls around the pharynx within the vocal tract, thus increasing the speech signal's
energy absorption. This energy depletion can be observed in a frequency spectrum (Zafiartu et
al,, 2007). Furthermore, the speech preparation itself is subject to effect. Nervous participants
display a diminished neural resource capacity for adequate speech preparation, leading to a
more broken flow of speech (Rothkrantz et al., 2004). The vocal tract is demonstrated to better

understand the concerned and influential systems.

Nasal cavity

Soft palate

Teeth
Pharynx

Lips
Epiglottis

Tongue

Hyoid bone
Larynx

Thyroid cartilage Vocal folds

Cricoid cartilage Arytenoid

cartilage

Figure 1.2

Speech-Relevant Vocal Tract Systems (Reprinted from Kreiman & Sidtis, 2011)

Based on the framework of Kreiman and Sidits (2011), Figure 1.2 shows the organs and
structures associated with voice production. Under normal circumstances, voice is produced by
the vibration of the vocal folds found within the larynx as the airflow from the lungs is converted
to acoustic energy. These vibration patterns are then shaped (or filtered) acoustically when the
sound goes into the vocal tract above the larynx. By putting air in motion across the vocal tract,
the respiratory system acts as a source of force for phonation. The larynx functions as an
oscillator to transform this aerodynamic force into acoustic energy and is thus often referred to
as an acoustic speech source. Finally, the vocal tract above the larynx - the pharynx, the mouth
and the nasal cavities- filters the sound. Changes in how vocal folds vibrate, or changes in the
vocal tract configuration above the larynx via movements of the tongue, jaw, soft palate, and lips,

will change the sound produced (Kreiman & Sidtis, 2011, p. 25).
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Air released from the lungs triggers oscillation of the vocal folds inside the larynx as
humans phonate. Longer and heavier vocal folds vibrate more slowly than the smaller folds do.
This base rate is the glottal-pulse amplitude of vocal fold vibration that defines the voice’s
fundamental frequency (Fo), wherein slower vibrations result in a lower fundamental frequency.
Harmonic overtones occur at multiple integers of the fundamental frequency so that a lower
fundamental frequency results in more densely spaced harmonics. Fundamental frequency and
harmonics together constitute the voice pitch (Kreiman & Sidtis, 2011). The relationship
between physical frequency and perceived voice pitch is roughly logarithmic above 500 Hz. Thus,
it is more difficult to hear the difference between frequencies in high-frequency voices than in
low-frequency voices (Moore, 1995).

The vocal tract functions like a chamber of resonance that filters the sound produced in the
larynx. Formant frequencies, the resonant frequencies of the vocal tract (Titze, 1994, p. 143), are
also sexually dimorphic in adult humans (Titze, 1989), with men’s voices having lower formants
than women'’s voices on average. The formants act as filters by allowing specific frequencies of
sound to pass through while blocking others (Fitch, 2000). Formant frequencies are functionally
and anatomically independent from the harmonics and fundamental frequency because the
formation of formants depends on the length and shape of the vocal tract, rather than on the
characteristics of the vocal folds (Fant, 1960). Formant frequencies can change during speech
production since they depend on the pharynx and mouth shape as well as the placement of the
tongue within the mouth (Titze, 1994, p. 148-49). These changes in vocal tract shape result in
the production of different vowel sounds, which are identified by the two lowest formants (Titze,
1994, p. 149). Thus, when measuring formants for a given individual’s voice, each of the first
four formants is measured by averaging each vowel sound separately to obtain the final

measurement (Pisanski et al., 2012; Pisanski & Rendall, 2011).

1.3.2 Model of Human Voice Perception

Generally speaking, the production of human speech is a complex process influenced by the
interplay of individual characteristics and emotional states (Hildebrand et al., 2020). These
factors collectively shape our verbal expressions and how speakers are perceived by listeners. In

what follows, the current author introduces a model that explains the psychological mechanisms
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of human voice perception. However, how the speakers are perceived by the listeners? Based on
this point of view, a model of auditory face (Belin et al., 2011) has to be mentioned.

The human voice serves not only as a vital biosignal but also plays a significant role of
forming perception. It functions in tandem with speech production, which is essential for
decoding auditory information and conveying meaning. This duality positions the human voice
as a crucial element in daily social interactions, earning it the designation of an auditory face
(Belin et al., 2004). This concept underscores the voice's capacity to transmit essential social
information, including the speaker’s identity (who the speaker is) and emotional state (how the
speaker feels) (Badcock & Chhabra, 2013).

According to the auditory face model of human voice perception proposed by Belin et al.
(2011), the processing of voice information occurs through a series of stages. Initially, a low-
level analysis occurs in the subcortical nuclei and core regions of the auditory cortex. This stage
is responsible for the basic extraction of auditory features, such as frequency and temporal
patterns. Following this initial processing, voices are subjected to a more advanced voice-
specific structural encoding stage, which facilitates the recognition of complex vocal attributes,
including emotional nuances and individual characteristics (see Figure 1.3). Three primary vocal
information types are then extracted and further processed through three interacting but
partially dissociable functional pathways: (1) a pathway for speech information analysis,
primarily in the left hemisphere, including both anterior and posterior superior temporal sulcus
(STS) and inferior prefrontal and premotor cortex regions; (2) a pathway for vocal affective
information analysis, including temporal-medial areas, the anterior island, the amygdala and
inferior prefrontal regions, that are primarily in the right hemisphere; (3) a pathway for vocal
identity analysis that involves 'speech recognition units," possibly instantiated in regions of the
right anterior STS, each triggered by one of the individual's recognized voices. It is suggested
that these three functional pathways interact with each other during normal processing (Belin et

al, 2011).



GENERAL INTRODUCTION

Vocal identity analysis

A

Vocal affective analysis

A

Vocal speech analysis

A

A 4 A 4 \ 4

Voice structural analysis

A

A 4

General low-level auditory analysis

Figure 1.3

The “Auditory Face” Model of Human Voice Perception (Adapted from Belin et al.,, 2011)

This model highlights the intricate neural mechanisms underlying voice perception,
illustrating how our brains are wired to decode not just the content of spoken words but also the
subtle cues embedded within vocal signals. These cues are pivotal for social bonding, emotional
understanding, and effective communication. The interplay between auditory processing and
social cognition exemplifies the importance of the voice in human interaction, suggesting that
understanding its mechanics could offer profound insights into interpersonal relationships and
emotional intelligence. Having established the concept of how people's voice influences
listeners' perceptions and why voice is a crucial signal in daily life, the current author introduces
another important variable in this dissertation: transformational leadership, in the following

section.

1.4 The Development of Transformational Leadership

Transformational leadership theory became very popular in the late 1990s (Burns, 1978).
To meet a specific set of measurable goals, a transforming leader must have a vision and plan,
coordinate, and take innovative actions that positively impact a group of individuals under a set

of principles and beliefs. This transforming approach simultaneously affects the personal
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development and corporate productivity of all involved (Anderson, 1992, p. 37).
Transformational leadership was initially conceptualized in opposition to transactional
leadership (Burns, 1978) and can be described in terms of the influence of a leader on followers
that fosters positive relationships among them (Gandolfi, 2012). This positive relationship
motivates and transforms the followers to perform better than minimal expectations predict
(Simola et al., 2012). Transformational leadership embraces an idealistic, positive view of the
world, shares strong aspirations, centers supporters' interest on an abstract, long-term vision,
encourages progress and facilitates new ways of working (Yukl, 2010). In terms of a strategy
that emphasizes values, ambition, optimistic goals, progress, eagerness and an abstract long-
term agenda, transformational leadership inspires followers to build their work (Hamstra et al.,
2011). According to Bass (1985), transformational leadership behavior is identified by four
elements (1) idealized influence (attributes and behavior), (2) inspirational motivation, (3)
intellectual stimulation, and (4) individualized consideration. Summing up, Table 1.1 briefly lists
the facets and leader behaviors of transformational leadership.

Table 1.1

The Facets of Transformational Leadership and Its Behaviors (Adapted from Bass & Avolio, 1994)

Facets Leader behaviors

« Infuse pride in others for being linked with them
* Go beyond their self-interests for the group’s benefit
Idealized influence ¢ Act in ways that build the confidence of others
attributes  Present a sense of competence and power
e Make personal sacrifices for the good of others
e Reassure others to overcome challenges

e Talk about the most important beliefs and values
Idealized influence « Talk about the importance of trusting each other
behavior « Specify the value of providing a sense of purpose

e Consider the moral and ethical ramifications

« Talk optimistically about the future
 Talk enthusiastically about what needs to be done
Inspirational « Articulate a persuasive future outlook
motivation » Show confidence and trust in achieving goals
e Give an exciting picture of what has to consider
» Take a stance on divisive topics

» Re-examine essential assumptions in order to challenge whether
Intellectual )
) ] they are suitable
stimulation . . )
 Try multiple viewpoints to address challenges
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« Get several distinct perspectives to look at issues
 Suggest new ways of seeking how to complete tasks

e Promote non-traditional thought to cope with traditional
problems

e Encourage re-thinking new ideas and thoughts

e Take time to coach or teach
 Treat people as individuals rather than as members of a group
. i  Accept people with different needs, talents, and goals from
Individualized
] ] others
consideration )
 Help people to develop their strengths
e Listen attentively to others’ concerns

e Promotion of self-development

A significant number of studies have explored the utility and validity of transformational
leadership across various environments and situations in the past decades. The subdimensions
of full-range leadership theory are essential parts of leadership research (van Knippenberg &
Sitkin, 2013), and solid evidence shows that transformational leadership is strongly linked to
team and organizational performance (Alrowwad et al., 2020; Anselmann & Mulder, 2020).
Consequently, the present study focuses on the reasoning underpinning transformational
leadership and its subdimensions. This direction was inspired by the popularity of
transformational leadership and discussions in the existing literature about the necessity to
distinguish its subdimensions. Whereas transformational leadership is frequently studied as an
overall construct, most research selected the separation method for transactional leadership
(Hinkin & Schriesheim, 2008) and made no combination of subdimensions into transactional
leadership overall measure (Deinert et al., 2015). Hence, examining transactional leadership in
our current approach was less relevant. After introducing the fundamental concepts of voice and
transformational leadership, the current author shifts focus to the acoustic analysis approach in
the following section. The following section outlines a comprehensive framework for a theory-

and data-driven approach, incorporating machine learning techniques utilized in the studies.
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1.5 Biosignal Analysis

From a theoretical perspective, there is a significant difference between obtaining data by a
broadly used typical psychological approach and gaining insights from biosignal research. Maass
et al. (2018) have argued that when a questionnaire is developed or hypotheses are examined
against each other within the same research, a theory-driven approach may be followed to
predict whether the statements or hypotheses of the general theory are supported. When results
deviate, the theory is discarded and changed before a new test. Since this theory works well with
trial and error, it would be a suitable way to choose a straightforward idea under a specific
treatment. This advantage is best summed up by Lewin’s (1952, p.169) comment, “There is
nothing more practical than a good theory.” However, the drawback of the theory-driven
approach is most prominent in the case of rejected hypotheses. This is because the statements or
hypotheses must be revised or adapted until the quantitative data adequately support the
theory. It can be exhausting if several non-working possibilities are the only knowledge revealed.
Insight may be gained; however, given the time it takes to publish research findings in scientific
articles, the progress in science is undoubtedly held down by many researchers testing and
reporting only one assumption at a time that eventually does not work at all.

There are several different approaches to biosignal analysis. In comparison, the main
question is based on a comparably vague theoretical interpretation of what the empirical data
imply and then how the results can be reached in the second stage with the most suitable theory.
Even if it fails to build a theory to explain the data, evaluating and developing theories seems
inverted to the underlying rationale. Something that actually works and is proven to do so by
empirical data should not be considered incorrect. While only impromptu experimentation does
not embody the ideal research procedure from a psychological perspective, a data-driven
approach (Kipp et al,, 2007) has been preferred in biosignal processing. In contrast to the data-
driven approach, it will be difficult to progress in a theory-driven approach if the quantity of
valid data is too large and not representative enough to identify the theory statements or
hypotheses that can explain why some biosignal features work better. Both theories and data-

driven approaches are compared in Figure 1.4.
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Further step:
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Figure 1.4

Comparison of Theory and Data-driven Approaches

The data-driven methodology should not claim that an underlying theory is entirely
meaningless, as is sometimes argued (Wirfs-Brock & Wilkerson, 1989). In different human states,
clear signs, behaviors, and expectations for biosignals are available. It is easier to generate a
number of features while working with technical information, for instance, voice-based features
instead of survey items. It is meaningless not to generate and compare all potential features that
could be correlated with the analyzed criteria because it is possibly impossible of a theory
development that describes the reasons as functions work differently than comparable ones, so
that the theory development can be proposed on a higher level of features. It is an excessively
time-consuming process to build a theory for a specific feature subset, validate it and try another
subset with a modified theory later, even though this methodology was ineffective in developing
surveys based on a theory-driven approach. For all practicable questions, it is unacceptable to
raise the test length; besides, the quality criteria will be affected, too (Charter, 2001). However,
in the case of a data-driven approach, the subject settings do not adjust since the features are
computed after the subject performs in a predefined scenario. Putting biosignal features at the
level of the survey items is like asking all possible (relevant) questions without artificially
stretching the test time.

In Figure 1.5, the current author therefore presents the process of biosignal data analysis

administrated in this dissertation consisting of three major stages: data acquisition, feature

12
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extraction, and machine learning for the detection of perceived leadership. The detailed process
of each stage, with a particular emphasis on the feature extraction as the core of the study’s
novel approach in the following sections is described.

First of all, the data acquisition process begins with data recording where the raw data
(speech samples) of the speakers is collected. The raw data then undergoes pre-processing,
which involves quality checks of the recorded audio to ensure that the data is clear and usable.
Pre-processing also includes data segmentation to divide the continuous speech into analyzable
units. In this study, a key part of the data preparation includes assessing the quality of recording
and ensuring accurate annotation, where the ground truth is defined by 122 raters who listen to
the speakers’ recordings and provide perceived leadership ratings by the German version
Multifactor Leadership Questionnaire (MLQ). This final step produces the speech corpus, which
serves as the input for feature extraction.

Feature extraction is the most critical step as it involves converting the raw speech data
into measurable variables that represent distinct speech characteristics. In this dissertation, two
different approaches are applied for feature extraction. Each of them utilizes different tools and
targeting different types of features:

(1) The statistical-functional feature vectors along with its first and second-order
delta regression coefficients for each frame (Eyben et al., 2010; Schuller et al., 2009) are
extracted by openSMILE (Version 2.1.0; Eyben et al., 2013) for the computational paralinguistic
approach. The features such as voice pitch, intensity, jitter, shimmer, and voice probability
which represent subtle variations in speech. These extracted features, referred to as
paralinguistic features, are essential for analyzing speaker attributes which are important
factors in leadership perception. In computational paralinguistic approach, the importance is on
deriving statistical representations that describe speech in a compact and abstract manner,
facilitating machine learning tasks by capturing diverse and multifaceted speech properties
across time (Schuller & Batliner, 2013).

(2) The phonetic features are extracted by Praat (Version 6.3.04; Boersma &

Weenink, 2023), a common used software for speech analysis. The phonetic features in this
dissertation are categorized into prosodic and articulatory features. Prosodic features include
fundamental parameters such as voice pitch, intensity, and speech duration, which is

traditionally associated with prosody but are measured adapting a phonetic tool (Zavogianni et
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al,, 2024). The articulatory features (e.g. formant frequencies, formant bandwidths, and

positions) give comprehensions into the speaker's physiological configuration during speech

production. The phonetic approach is less abstract and more concerned with speech production

mechanism of the speech signal relates to linguistic and physiological factors. Table 1.2 further

outlines a general overview of distinctions of both approaches in various aspects.

Table 1.2

General Overview of Distinctions of Computational Paralinguistic and Phonetic Approaches

Distinctions

Computational paralinguistic
approach

Phonetic approach

Fundamental distinction

Focused on deriving statistical
representations that describe
speech in a compact and
abstract manner, facilitating
machine learning tasks by
capturing diverse and
multifaceted speech properties
across time

Captures specific articulatory
patterns and resonance
characteristics that reflect the
speaker's vocal tract
configuration. Less abstract and
more concerned with speech
production mechanics of the
speech signal relates to
linguistic and physiological
factors

Temporal resolution

Frame-based analysis

Segment-based analysis

Feature interpretation

Abstract statistical
representations

Directly interpretable phonetic
features

Analysis scope

Comprehensive paralinguistic

coverage

Focused on phonetic
characteristics

Data dimensionality

High-dimensional feature
spaces

Targeted acoustic
measurements

In short, whether through the computational paralinguistic or phonetic approaches, a

comprehensive set of acoustic properties is ensured to be derived from the speech corpus.

Importantly, these two feature sets, paralinguistic features and phonetic features, are applied

independently in separate studies. Both approaches contribute to distinct perspectives on

leadership evaluation, with one focusing on paralinguistic cues and the other on phonetic

properties. This separation enhances the originality of the research, as it allows for a

comparison of computational and phonetic methods in exploring how speech features may

influence perceived leadership. This methodological approach, particularly the separate

application of computational paralinguistic and phonetic features in independent studies,
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potentially gives deeper views into different aspects of speech patterns than traditional single-
method approaches.

After the feature extraction process, the next step involves applying supervised machine
learning to analyze the relationship between the speech features and perceived leadership. The
extracted paralinguistic and phonetic feature sets are processed separately, following the same
general procedure. The datasets are split into training and test datasets to ensure that the model
can be properly trained and evaluated. The prediction model is trained on the training dataset,
using Sequential Minimal Optimization (SMO) regression. When the training process is done, the
prediction model is applied to the test dataset to assess its performance. Model evaluation is
carried out using common metrics in machine learning regression model such as R? Root Mean
Squared Error (RMSE), and Mean Absolute Error (MAE) in order to provide a measure of how
well the model predicts perceived leadership based on the features extracted by computational
paralinguistic and phonetic approaches, respectively.

On the whole, the overall process captures the comprehensive workflow of the research. It
illustrates how speech data is processed, transformed into meaningful features, and applied in
machine learning models to predict leadership perceptions. The dual approach to feature
extraction, administrating both computational paralinguistic and phonetic analysis, is a key
strength of this dissertation. It truly offers unique perspectives into the interplay between vocal

features and leadership perception.
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1.6 Computation of Speech Features

After collecting all raw data from speech samples, the extractable features are required to
identify the patterns that fit the labeled raw data. It is necessary to run a high-quality proofed
program instead of the approach used to derive the features. All other feature sets can be
computed by professional programs.

As describing the phonetic and cognitive foundations of speech production in Section 1.3,
phonetic voice categories are now presented that can be used to describe a perceived auditory
impression. Regarding the prosody, the features of the related speech melody can be assigned.
The perceived voice pitch level, or fundamental frequency (Fo), is the most influential of these
measures. In addition, features for speech rate or volume are implemented for the assessment of
voice-based state. As mentioned above, the following sections attempt to describe the signal
measures, for which there is an approximate equivalent in the area of auditory-perceptual
phenomena.

Fundamental Frequency (voice pitch; Fo): The larynx (the source) produces vocal signals
and subsequently filters them into the supralaryngeal vocal tract in humans and other animals
(Chiba & Kajiyama, 1958). The fundamental frequency (voice pitch) is tied to the vocal fold
vibration rate (Titze et al., 2016). Among humans, males’ vocal folds are 60% longer than
females, resulting in an average vocal fold vibration rate during phonation about 5 standard
deviations below those of women (Puts et al., 2012). It is a highly sexual dimorphic acoustic
feature (Puts et al,, 2012) that there is a steady decrease in both men and women. However, in
males, Fodecreases much faster than in females, leading to men's twice-lower pitch (Titze, 1989).
The mean value of voice pitch is about 100-120 Hz for males and 200-220 Hz for females (Berg
et al.,, 2017). Hence, males tend to have deeper voices. Voice pitch is perceptually correlated to Fo
(Pisanski et al., 2016). The fundamental frequency is the lowest frequency with the highest
intensity within a frequency spectrum.

Voicing Probability: Voicing probability is a critical metric in speech processing of
quantifying the likelihood of speech presence within discrete temporal frames (Wang et al,,
2024). This parameter exhibits a positive correlation with speech occurrence, where higher
values indicate an increased probability of vocal activity, while lower values suggest its absence

(Tao etal., 2023). Furthermore, the incorporation of voicing probability into feature vectors for
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speech-based emotion recognition has demonstrated promising outcomes (Shah & Bhowmik,
2022).

Fo Envelope: The Fy extension is the analysis of its envelope. This determines the
amplitudes of the voice pitch course and is useful for reducing the noise of any recordings
(Ganapathy et al,, 2010) and user state recognition (Zhou et al., 2001). The changes in the
envelope of Fo can be transferred to changes in speech perception similar to those proposed by
the ADSR classification for musical instruments (Gorne, 2008).

Intensity: The intensity (also known as energy, power, or sound pressure) of a voice
represents the flow of energy through a unit area (Hildebrand et al., 2020) and can be physically
detected through the pressure of sounds or a subjective level of loudness (Rong et al., 2009).
Speech intensity grows with the physically measurable sound amplitude, but there is no linear
connection, similar to the relationship between fundamental frequency and pitch perception
(Neppert, 1999). Thus, there are several complex and controversial psychoacoustic relationships
between the volume sensation of a sound and its frequency and duration. Holz et al (2021) have
stated that the perception of intensity depends on the physically measurable intensity and the
subjective overall impression of the speaking voice, the duration of the speech event, the vowel
quantities, and the auditory-visually perceptible speaking effort. In addition to determining the
average intensity, intensity changes can be scaled in terms of frequency, size, and shape. The
problem with intensity-related variables is that in voice recording, the recording direction and
distance to the microphone greatly influence the measured intensity. Without further perception
modeling, it can be measured by calculating the root mean square amplitude over a limited
period (Krajewski et al,, 2012).

Short-Time Energy: The short-time energy function shows the average signal energy per
time segment (Yang et al., 2010) and provides information about the volume of the various
signal portions. This feature distinguishes the energy value of voiced and unvoiced components.
Regarding the voiced and unvoiced segments, it is a simple and efficient classifying parameter
(Enging et al., 2002). Silence can be differentiated from audible portions if the signal-to-noise
ratio is sufficient.

Speech Duration, Rhythm, and Pauses: The duration of voiced sounds can be estimated
by the length of voiced sections and the duration of pauses. Speech rate is measured by various

linguistic units such as sounds, and words per unit of time (Bose, 1994). However, the auditory
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perception or assessment of what is said also depends on other factors, such as the pause length,
frequency and position, the accentuation strength, the articulation precision and the loudness of
the sound. The speech rate in spontaneous speech varies significantly but on a small scale. In
addition to the average speed, the change in speed can be assessed in frequency, size, and shape.
The interplay of intonation, intensity and speaking speed plays a crucial role in the emphasis of
speech. In general, features of strong emphasis include increased loudness, superior speech
frequency, and a stretched syllable length. The so-called main emphasis of a phrase indicates its
central element from a semantic point of view. There are also word emphases at the place of the
most pronounced syllable. Therefore, the positions of a phrase's intensity and maximum
intonation are important for interpreting spontaneous utterances (Krajewski, 2007).

Formants: The formants are the resonance of frequencies of the vocal tract transfer
function (Fleischer et al,, 2018; Sundberg et al., 2023). To be more precise, it is regarded as the
maxima in the spectrum, which can be described by a corresponding bandwidth and a center
frequency (Polzehl, 2014). Articulation adjusts the airflow in the mouth cavity, resulting in
distinguishable sounds and almost speaker-independent changes in the frequency spectrum (see
Figure 1.6).

21.3284583
5000

Frequency (Hz)

" I il MH{H““ “lk”' L qu Ul

O ATy YAy AJ_—.I..JA‘J .....

20.62 21.33
Time (s)

Figure 1.6
Spectrogram of Formant Candidates for F1-F4 and Fundamental Frequency (solid line). Different

formant frequency positions are displayed in red.
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The position and movements of the articulators, for instance, the mouth, throat, tongue,
and lips, highly affect the formants (Polzehl, 2014). When F; and F; indicate tongue height and
retraction, F3 and F4 match nasality perceptions (Vorperian & Kent, 2007). At large, F1 and F2
have the strongest influence on the sound (Urbassek, 2014) and are well correlated with the
phonetic content. On the other hand, F3 plays a vital role in the spoken content in several
languages, whereas the higher formants describe the features of a speaker (Schuller & Batliner,
2013).

Spectral Centroid: The spectral centroid represents the center of gravity and indicates the
"fullness" of the signal. The articulatory effort is indicated in the sound formation of consonants
(van Son & Pols, 1999). At the constant pitch, a signal with multiple or stronger harmonies has a
higher center of gravity. According to the research of Gaudrain (2016), the actual indicator for
the fullness of a sound first arises from the ratio of the spectral centroids to the voice pitch of the
signal.

Spectral Flux: The so-called spectral flux is calculated to capture the dynamics of the entire
signal curve during the development of the spectra. The spectral flux describes the local spectral
frequency changes over the signal course (Lee et al., 2012). [t measures how much the spectral
shape of the signal changes. On the side of the perceptive auditory impression, a monotone
auditory impression is associated with a low spectral flux. The spectral flux is explained as the
changes in the spectral energy of two consecutive frames.

Spectral Roll-off: The roll-off value is a measure of the spectral shape of a signal. It shows
which frequency band has accumulated 85% of the total energy of the spectrum (Cordeiro &
Ribeiro, 2021). Low-frequency components reduce this index, while those high-frequency
components will increase it.

Spectral/Formant Bandwidth: The spectral bandwidth does not directly describe the
frequency width of a signal peak. The peak level represents the worst-case interference, while
the bandwidth relates to the signal's frequency range (Chou & Wu, 2017). It is not sensible to
analyze each frequency individually compared to the voice pitch; the magnitudes of specific
frequency bandwidths are used for further study. Linear bandwidth distributions spanning the
whole frequency range are not advised because most information is within the lower

frequencies. While calculating the frequency range to a signal peak, 3 dB of energy of the signal
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is lost (Maragos et al., 1993). The smaller bandwidth has more concentrated energy distribution

in the signal (see Figure 1.7).
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Figure 1.7
Exemplary Representation of Two Frequency Peaks with Smaller (top) and Larger Bandwidth

(bottom) in the Amplitude Spectrum

Jitter: Jitter is a feature of the fundamental frequency variation from cycle to cycle
(Bennane & Kacha, 2020). In human voices, it is primarily influenced by the lack of control of the
vocal cords. As an important speech quality feature, jitter is a particularly promising
measurement of pathological phenomena and shimmer (Brockmann-Bauser et al., 2015). For
instance, patients with a higher percentage of jitter have a shaky voice (Cataldo & Soize, 2015).
Furthermore, Teixeira et al. (2013) have found a typical value variation between 0.5% and 1%
for continuous phonation for young adults.

Shimmer: Shimmer is the average difference between successive peak-to-peak distances in
the raw signal (Bennane & Kacha, 2020). In contrast to jitter's cycle-to-cycle fundamental
frequency variation, shimmer is associated with sound wave amplitude (Schultz et al., 2023). It
changes with reduced glottal resistance and mass lesions on the vocal cords. Therefore, shimmer
is related to breathiness and noise emission (Teixeira et al., 2013), leading to hoarse voices. The

figure of jitter and shimmer is shown as Figure 1.8.
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Figure 1.8

The Representation of Jitter and Shimmer Measures in a Speech Signal

Harmonics-to-Noise Ratio (HNR): Generally, the harmonics-to-noise ratio estimates the
amount of harmonicity from the lag domain using periodicity prediction (Polzehl, 2014). The
HNR evaluates the relationship between periodic and non-periodic elements of a voiced speech
segment (Zubrycki & Petrovsky, 2010). The first element is the vibration of the vocal folds, and
the second is the glottal noise expressed in dB. The assessment of these two components
indicates speech efficiency. For instance, a greater HNR is contributed from the lungs by the
airflow into the vibration energy of the vocal folds. Thus, a high HNR related to a sonorous and
harmonic voice characterizes the voice. A logarithmic HNR can be calculated as Equation 1

where Ty is the fundamental period:

ACF (T0)
ACF (0)—ACT (T0) (1)

HNR(n) = 10 - log

Mel-Frequency Cepstral Coefficient (MFCC): MFCCs are among the most popular and
well-known spectral features in speech parameterization and automatic speech recognition
(Cummins et al., 2015; Schuller & Batliner, 2013). The perceptual mel scale that takes human
hearing perception into account, where the lower frequencies are resolved better by human
hearing than higher ones (Zwicker & Fasyl, 1999), was first introduced by Stevens et al. in 1937.
MFCCs generate energy differences between frequency bands, which are used to differentiate
various levels of resonance impairment (Khan et al., 2014). The scale is designed to detect small

shifts in the motion of articulators that interfere with the intelligibility of speech (Stevens &

Volkman, 1940). For example, the placement of the tongue in the mouth plays a significant role
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in creating resonance, and the energy between the frequency bands may be altered by a slight
adjustment. Equation 2 presents a linear frequency scale with frequency fin Hz to a mel scale

Mel(f):
Mel(f) = 2595-log 10(1+-=-) (2)

For computational efficiency reasons, the extraction method of MFCC starts with short-
term speech signal filterbank analysis that is applied in the frequency domain. The filters are
typically taken as triangular, each overlapping by 50% with center frequencies following the
auditory mel scale (Epps & Ambikairajah, 2011), as shown in Figure 1.9. Typically, the
coefficients from 0 to 16 are used (Khan et al., 2014). For speech recognition, in particular, the
coefficients from 0 to 12 are most frequently administrated. MFCCy is the original energy of the
signal and is usually overlooked because it is influenced only by the speech signal level and not
by its spectral shape (Epps & Ambikairajah, 2011). Thus, coefficients from 1 to 12 primarily
describe the phonetic content, while more vocal tract is defined by higher-order coefficients and,
thus, the characteristics of the speaker (Schuller & Batliner, 2013). However, it may be noise or
pitch harmonics; very high-order coefficients reflect details in the spectrum. These latter
coefficients are highly variable and are eliminated in many practical implementations (Epps &

Ambikairajah, 2011).
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Figure 1.9
The Filterbank of MFCC Triangular

Zero-Crossing Rate (ZCR): Zero-crossing rate is a primary indicator of the number of
times the speech signals' amplitude passes via a zero value in a given time frame. In brief, it
equals the waveform’s number of zero-crossings within a given frame (Yao & Tsai, 2010). The

zero-crossing count is the frequency measure at which the energy in the signal spectrum is
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concentrated (Bachu et al., 2010). Voiced speech is produced by the intermittent movement of

air at the glottis due to the excitation of the vocal tract and typically displays a low zero-crossing

count (Rocha et al,, 2021). In contrast, unvoiced speech is generated by the constriction of the

vocal tract narrow enough to induce turbulent airflow, resulting in noise and a high zero-

crossing count (Shadle, 2020). A description of all the most common signal-specific features

used in speech is given in Table 1.3. The following section will explain feature selection for

biosignal analysis and describe how to cope with many features.

Table 1.3

General Descriptions of the Typical Speech Features

Speech features

General descriptions

Fo

Foenvelope
Intensity

Short time energy
Speech rate
Formants (Fi-Fs)
Voicing probability

Zero-crossing rate
Formant bandwidth
Jitter

Shimmer

HNR

MFCCs

Spectral slope

Spectral energy distribution

Fundamental frequency (voice pitch)

The Fo course of amplitudes

Mean squared amplitude within a time segment (volume)
The average energy of the signal per time segment
Number of voice segments per time

The resonance frequency of the vocal tract

The proportion of words and pauses which refer to the
probability

The waveform’s number of zero-crossing within a given frame
Width of the resonance peak (-3 dB threshold)

Small variations and irregularities of the pitch

Small variations and irregularities of the intensity
Harmonics-to-noise ratio (percentage of periodic signal
energy)

12 mel-Frequency cepstrum coefficients (as 12 A and

12AA MFCC)

Regression slope of the energy distribution in the frequency
band above 1 kHz

The relative strength of individual frequency bands
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1.7 Prediction Model

Due to the huge data vectors remaining for all recordings, it is very clear that the prediction
model has to work on these multidimensional data and find patterns between distinct state
levels because of the large data vectors. To assess unlabeled data (testing set) later, an algorithm
must be built based on all potentially applicable state levels (training set) to align the feature
expressions with the data labels (true score). The general process of prediction modeling and

generation is demonstrated as Figure 1.10.

Prediction model
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Figure 1.10

General Process of Prediction Modeling and Generation. The initial labeled data are partitioned in
training and test data allowing in order evaluating the prediction model on unseen data.
Afterwards, the predictions are evaluated based on the known test set labels (Adapted from Schoss,

2016)

The first step in constructing a prediction model is determining if the recorded data should
be divided into at least two classes or if each sample should be given a specific value within a
continuous range. It can be modified from one viewpoint to another in the intra-dimensional
study (numerical data). Compared to a numeric prediction (regressive), the benefit of this
method is a great improvement in the accuracy of the prediction. Even if some information is
lost using binary classification instead of numerical regression, binary considerations are often
adequate in many practical fields (Choi et al.,, 2012). However, in the context of leadership
research, it is inadequate to know if a candidate yields positive or negative outcomes in many

related dimensions. Hence, for an accurate meaning to be gained for each speaker, the acoustic
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leadership measurements allow a degree of applicability. Based on these reasons, the prediction

algorithms should be selected for the targeted application.

1.8 Research Questions

As outlined above, speech is one of the daily approaches of non-verbal communication. It is
noteworthy that the adoption of a “charismatic voice” can lead individuals to be perceived, even
without any change in their inherent personality. This demonstrates that concrete, acquired
behaviors can significantly enhance an individual's perceived charisma. Consequently, charisma
can be to some extent cultivated in any individual through learned behaviors. For instance, the
previous study (Antonakis et al., 2012) has found that in eight out of ten U.S. presidential
elections, candidates who utilized verbal charismatic leadership tactics (CLTs) were more likely
to win. In light of the predominance of technology-mediated communication, Ernst et al. (2022)
have conducted a recent prospective meta-analysis on virtual charismatic leadership, revealing
moderate to large effect sizes for CLTs. Hence, it is particularly advantageous to understand the
speech features of charisma not only in a face-to-face situation but also in an era where virtual
communication prevails across various domains.

Following this direction, a research question is raised: (1) How can the diverse speech
features and perceived leadership are integrated into a cohesive framework, and what
hypotheses can be proposed? This is fundamental to our background knowledge of the
relationship between speech features and perceived leadership. In Chapter 2 (as Study 1), the
current author has conducted an extensive review of relevant literature. This comprehensive
overview of existing research serves as the foundation for this integrative literature review.
While numerous studies have explored individual aspects of speech and leadership perception,
there is a lack of a cohesive framework that integrates these diverse findings.

For example, Niebuhr et al. (2016) have conducted an analysis of the customer and investor
keynotes delivered by Steve Jobs and Mark Zuckerberg. The findings revealed that Jobs, who is
widely regarded as the more charismatic speaker, exhibited a higher pitch level- occasionally
reaching levels comparable to female speakers- and nearly double the pitch range of Zuckerberg.
Furthermore, Jobs employed shorter phrases, displayed less disfluency, and achieved superior
scores in voice quality metrics. However, in terms of intensity variability, Jobs did not surpass

Zuckerberg. Both speakers demonstrated notable differences in their communication styles
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when addressing customers versus investors, reinforcing the notion that charisma is situation-
dependent (Niebuhr et al., 2016). Through systematically analyzing and synthesizing the
existing body of knowledge, it is provided a more nuanced understanding of the complex
relationship between vocal characteristics and perceived leadership attributes. Building upon
the existing literature, the authors propose several hypotheses regarding the potential influence
of specific speech features on perceived transformational leadership. These hypotheses suggest
that certain acoustic parameters may be particularly salient in influencing listeners' perceptions
of transformational leadership qualities. Furthermore, this review is prompted by the need to
bridge the gap between theoretical constructs of leadership and empirical studies on speech
features. As advancements in acoustic analysis and machine learning techniques continue to
evolve, there is an opportunity to reassess and potentially reinterpret previous findings through
a more sophisticated analytical lens.

Building upon the Question 1, the subsequent research aims to empirically investigate this
relationship within the specific context of transformational leadership in Chapter 3 (as Study 2)
and Chapter 4 (as Study 3). Therefore, the Question 2 could be formulated: (2) Which specific
features influence the perception of transformational leadership? While Study 1 provided a
literature review and theoretical framework for the relevant research, Study 2 and Study 3
extend this work by employing advanced methodology of computational paralinguistic and
phonetic approaches to quantify and analyze the impact of specific features on perceived
transformational leadership.

Despite the growing body of research exploring the relationship between speech features
and leadership perception, several significant gaps in the literature remain. One of the primary
limitations is the lack of comprehensive research investigating how speech features influences
all dimensions of transformational leadership simultaneously. While past studies (Aharonson et
al,, 2023; Fesse et al,, 2011) have made valuable contributions, they focused on isolated aspects
of leadership perception, such as idealized influence and individualized consideration,
respectively. A holistic approach encompassing all dimensions of transformational leadership is
needed in order to provide a more complete framework of the relationship between speech
features and leadership perception. Another critical gap lies in the context-specificity of existing
research. Aharonson et al. (2023) and Fesse et al. (2011) have conducted the similar studies in

educational settings or small group meetings by testing Multifactor Leadership Questionnaire
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(MLQ). Nevertheless, there is a notable lack of research addressing the business context,
particularly the past studies largely concentrated on the domains of political preference or mate
selection. This gap limits the nature of how speech features influence leadership perception in
corporate environments, where the stakes and dynamics may differ significantly from other
settings.

There is a need for studies that integrate advanced speech analysis techniques and machine
learning algorithms. While recent research has begun to employ modern techniques, there is still
potential for leveraging state-of-the-art speech processing software to compute and extract a
wider range of speech features in computational paralinguistic approach and in phonetic
approach, respectively. Furthermore, the application of the machine learning algorithm,
particularly Sequential Minimal Optimization (SMO) regression, in analyzing the complex
relationships between speech and leadership perception remains underexplored in the context
of transformational leadership. Additionally, the existing literature also lacks a comprehensive
examination of how multiple speech features interact and influence various aspects of
transformational leadership. While prior studies have identified some features as relevant to
leadership preference without any questionnaire testing, their relative importance across
different leadership dimensions remains unclear.

In the previous studies, the relationship between specific features and the perception of
transformational leadership as detailed in Chapter 3 (Study 2) and Chapter 4 (Study 3) was
explored. However, transformational leadership is a multifaceted construct, and it is plausible
that additional speech features play a significant role in influencing perceptions. Therefore, the
current author conducts supplementary studies to investigate the influence of additional
speech features on the perception of transformational leadership in order to extend the scope of
the research. These supplementary study attempts to provide a comprehensive analysis by
incorporating speech features that have not been previously considered, thereby offering a
deeper insights and filling the gap for the existing literature.

In light of the methodological considerations underpinning this dissertation, research
question 3 aims to present the originality and added value of Study 3 in relation to Study 2, given
their shared dataset and corpus. This inquiry is particularly pertinent in the context of data-
intensive research, where the reuse of datasets is both common and necessary. Specifically, this

research question seeks to elucidate: (3) What originality and added value does Study 3
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offer beyond those provided by Study 2 based on the same dataset? Through discussing this
question, the current author aims to demonstrate the scientific value of approaching the same
dataset with different analytical lenses, thereby justifying the conduct of Study 3 and
highlighting its uniqueness to the broader research objectives. Furthermore, the current author
clarifies the difference between computational paralinguistic approach and phonetic approach
used in these studies.

Briefly, computational paralinguistics typically focuses on the extraction of a wide range of
statistical-functional feature vectors automatically from speech signals. These features are
abstracted from the speech signal and often used for classification or regression tasks (Schuller
& Batliner, 2013). In computational paralinguistics, the focus is more on capturing patterns that
can predict paralinguistic phenomena.

On the other hand, the phonetic approach is rooted in the detailed acoustic analysis of
speech, often with a focus on articulatory phonetics. This approach emphasizes how specific
speech features associate with physiological and phonological aspects of speech production.
This method is closely tied to theoretical models of speech and language and is often used in
fields such as linguistics and psychoacoustics. Summing up, computational paralinguistics offers
a broad, automated feature extraction approach ideal for machine learning tasks, and the
phonetic approach offers a more detailed, theory-driven analysis of specific speech sounds,
providing deeper insights into speech production mechanisms. In doing so, Study 3 provides an
opportunity to not only validate and extend the findings of Study 2 but also to introduce new
theoretical perspectives and practical applications that enrich the overall body of research.

Finally, the research question 4 builds upon the foundational works as presented above,
addressing a methodological aspect of the dissertation: (4) How to effectively acquire a
comprehensive leadership speech corpus? This question explores the strategic approaches
and challenges in collecting authentic and high-quality speech data. It encompasses
considerations such as sampling strategies, recording protocols, ethical considerations in data
collection, and the development of a robust corpus that represents diverse leadership contexts.
The strategies would ensure that the acoustic analyses are grounded in a rich and representative

dataset of real-world communication.
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1.9 Research Purpose and Framework

Taken together, this dissertation aims to collect a large German-speaking leadership corpus
and enhance the understanding of what and how speech features affects the perception of
transformational leadership. To this end, the study focuses on the promising approach of
analyzing speech features due to its underlying physiological mechanisms and diverse
application scenarios. Speech is advantageous for ambulatory monitoring and can be collected
unobtrusively over extended periods, making it suitable for various settings. Considering the
complex, non-linear phenomena in speech production, incorporating non-linear prosodic
features could provide deeper insights into the dynamics and structure of prosodic patterns in
perceived leadership. Machine learning technique is employed to process and analyze the vocal
cues, transforming raw speech data into comprehensive feature sets that represent various
speech characteristics. These feature sets are then correlated with perceptual assessments of
transformational leadership using the supervised machine learning algorithm. Additionally, an
integrative literature review is conducted to examine previous related studies, providing a
comprehensive overview and synthesis of existing literatures.

Figure 1.11 demonstrates a general framework that investigates the impact of speech on
perceived leadership. The research framework presents a detailed model for exploring the
relationship between speech production, transmission, and the perception of leadership by
listeners. It is divided into two major components: the physiological processes involved in
speech production and transmission, and the subsequent data analysis and predictive modeling
of perceived leadership.

In the upper section, the process begins with the speaker, where brain areas responsible
for speech control initiate the involvement of the respiratory system to produce speech. This
speech signal is then transmitted as a sound wave through the environment. The listener
receives this sound wave via the auditory system, which processes the acoustic signal and sends
it to the brain's auditory areas. Here, the sound is interpreted, leading to the human perception
of leadership attributes based on the characteristics of the speech.

The lower section focuses on data recording and analysis. First, the speech produced by the
speaker is recorded as biosignal data, which is then annotated by 122 listeners who assess the
speaker’s perceived leadership. This annotation stage is crucial for collecting subjective

evaluations of leadership traits based on the speaker's voice. In the data analysis phase, the
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recorded speech undergoes pre-processing, after which relevant features are extracted using
two distinct approaches: computational paralinguistic and phonetic analysis. These features are
then used in machine learning-based models to predict the perceived leadership ratings, with
the German MLQ (Multifactor Leadership Questionnaire) serving as the standard for evaluating
leadership perception.

Overall, the framework also integrates three studies in this dissertation: Study 1 provides a
literature review, laying the theoretical groundwork for the research. Study 2 focuses on the
computational paralinguistic approach, which extracts statistical-functional features conducive
to machine learning. Study 3 emphasizes the phonetic approach, which provides deeper
physiological insights into speech production. By administrating the feature extraction alongside
machine learning algorithm, this dissertation bridges physiological processes and psychological

constructs.
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Integration of Studies within the Framework of Affective Computing in Speech
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2 STUDY 1: LITERATURE REVIEW ON PERCEIVED LEADERSHIP THROUGH
SPEECH FEATURES

2.1 Definitions of Leadership

Leadership has played an essential role in organizational practices and organizational
theory (Kempster et al,, 2011). Many jobs are so specific in content and method that within very
broad limits, differences among individuals become irrelevant, and acts of leadership are
regarded as gratuitous, at best, unnecessary and insubordinate at worst (Katz & Kahn, 1966, p.
300).

There are as many definitions of leadership in scholarly literature as there are specialists
focused on the topic (Chou & Naimi, 2020), attempting to narrow the concept down in terms of
characteristics, behaviors, impacts, interactions, role relationships, and exercising of
administrative or personal attributes. However, the point espoused by Bennis in 1959, when he
moaned that the idea of leadership still appears to elude us or, in other words, to torment us
again with its slipperiness and uncertainty, still may have validity. Chemers (1997), however,
has described leadership as a social influence in which a person can enlist the assistance and
support of others in performing a common task.

A number of studies have focused on understanding the styles of leadership (Feese et al,,
2012). Different leadership styles can affect the performance and productivity of group
members, which then form a basis for the effectiveness and performance of their organization
(Nanjundeswaraswamy & Swamy, 2014). Among the leadership approaches, the core concept of
transformational leadership is the major focus of the current study. It has a special status and is
considered to be the best-validated leadership style (Mharte & Riggio, 2014). Since there are
clear empirical findings that transformational leadership is considerably more effective than
other leadership styles (Wang et al., 2011), it is regarded as crucially important for

organizations (Bass & Riggio, 2006).

2.2 Relationships between Voice and Leadership
Why investigate the voice? The answer is simple and clear: the sound characteristics of the
voice have a fundamental influence on our daily social interaction. Our voices are biosignal

carriers for diverse information (Taguchi et al., 2018). The sound characteristics of the voice
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convey anatomical, linguistic, and psychophysiological information. While hearing the voice, the
receivers immediately form impressions of the speakers and make inferences about the
speakers’ gender, age, language, and emotional state (Eckert & Laver, 1994).

Voice is not only a kind of biosignal of humans but also related to perception. It is the
counterpart of speech production aiming to decode sounds and contain the message. The human
voice that transmits information in daily social experiences has also been called an "auditory
face" (Belin et al.,, 2004; see Bruce & Young, 1986) since it offers valuable social information
about the speaker’s identity (who you are) and emotional state (how you feel) (Badcock &
Chhabra, 2013). Following the “auditory face model” of human voice perception (Belin et al,,
2011), an initial low-level analysis takes place in the sub-cortical nuclei and core regions of the
auditory cortex, after which voices are processed at a voice-specific structural encoding stage.
While experiments have mainly been performed within the context of human-computer
interaction and speech-emotion detection (e.g., Batliner et al.,, 2011), other interesting fields
such as leadership have opened up since the 1970s (Streeter et al., 1977). Although early
research focused on visible changes in speech, advances in computational technology and
capabilities have enabled scientists to explore a range of features that do not need to be
specifically related to human perception sensations. Combined with adequate pattern
recognition techniques, these different characteristics allow an automated and decent evaluation
of human states.

A growing number of studies across diverse fields have identified several distinct speech
features that can strongly influence listeners’ perception of speakers. Multiple sources have
suggested that speech features are informative cues to hierarchical organizations and societies
(Dunbar & Burgoon, 2005). Besides, these features are critical to reflecting and detecting a
hierarchy (Ko et al,, 2015). For example, fundamental frequency, also called the voice pitch (Fo),
was examined in various studies regarding its influence on perceptions. Gregory and Gallagher
(2002) pioneered this approach by examining presidential debate recordings from the 1960s
and 2000s. They demonstrated that male candidates with lower-pitched voices generally
outperformed their rivals in surveys and won more votes. In line with Gregory and Gallagher
(2002), Klofstad (2016) found that in an empirical analysis of the 2012 U.S. House of
Representatives elections, male candidates with deeper voices received a larger share of votes

when facing male opponents. The experiments conducted by Laustsen et al. (2015) revealed that
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politicians in the United States with deeper voices are voted for more by conservative
Republicans than by liberal Democrats.

Voice pitch relies on the vibrations of the vocal fold, and the rate is specifically connected to
the thickness, size and length of the vocal folds (Titze & Martin, 1998). Therefore, men with
thicker, bigger, and longer vocal folds have lower frequency vibrations that result in deeper
voices than women (Banai et al., 2018). Studies have demonstrated that men with lower-pitched
voices were perceived as more attractive (Jones et al., 2010) than those males with higher-
pitched voices. In contrast, women with higher-pitched voices are perceived as more attractive
(Feinberg et al., 2008; Jones et al.,, 2008), whereas females with lower-pitched voices are
perceived as more dominant (Borkowska & Pawlowski, 2011). Furthermore, it was observed
that men tend to modulate their voice based on how dominant their competitors are considered
to be (Puts et al,, 2006). If their competitors are perceived as less dominant, men prefer to lower
their voices when addressing these competitors. Men's voice pitch will be raised if their rivals
are perceived as more dominant (Leongémez et al., 2017).

Banse and Scherer (1996) have regarded voice pitch as a human voice's most perceptually
important feature. Copious research studies (e.g., Klofstad, 2016; Tigue et al., 2012) have
examined human voice pitch—the perceptual parameter that correlates to fundamental
frequency—as an indicator to examine leadership as well as dominance. In the literature, a
dominant person is regarded as an individual who “tells other people what to do, is respected,
influential, and often a leader” (Puts et al., 2006, p. 287) and his or her vocal tone is highly
related to leadership perception (Hughes et al., 2014). Both male and female subjects prefer
leaders with a lower-pitched voice, regardless of gender identity. Taken together, it can be
concluded that voice pitch influences people in both laboratory and real-life settings. The

question then arises: Why are lower-pitched voices preferred in leaders?

2.3 The Speech Features in Leadership: The Role of Testosterone

According to the findings of Tigue et al. (2012), this preference is consistent with the
perception that men with deeper-pitched voices have greater physical prowess and integrity,
and both men and women with lower voices are viewed as physically stronger (Klofstad et al.,
2012). Based on the results above, can we conclude that a lower-pitched voice is a prominent

feature of leadership? From the perspective of physiology, the role of testosterone could support
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such a hypothesis. Testosterone is produced in both males and females by the gonads, adrenal
glands, and within the brain. It is an androgen and a masculinizing steroid hormone (Liening &
Josephs, 2010). As an end-product secreted by the hypothalamic-pituitary-gonadal axis (HPG
axis), testosterone has been a research focus of researchers who are interested in the topics of
aggression, dominance, and status (Eisenegger et al., 2011). Generally speaking, men appear to
have about seven times as much testosterone circulating as women (Mehta & Josephs, 2007).
Thus, the rise in testosterone levels at puberty for men leads to an increase in the length and
thickness of the vocal fold, which determines and generates the voice pitch of adult men (Harries
et al.,, 1998). Mazur and Booth (1998) found that testosterone can be linked to leadership
because high testosterone levels correlate with high social status. Another reason leadership and
testosterone could be correlated is that testosterone is often associated with displays of
dominance (Archer, 2006). There are mixed findings that a high testosterone level creates an
implicit need for power and status in organizations (Narayanan & Prasad, 2015). Finally, high
testosterone levels are also associated with dominance that others observe and rate (Slatcher et
al,, 2011).

Hence, in men, a deeper voice is associated with masculinity (Pisanski et al., 2012) and
higher testosterone levels (Hodges-Simeon et al., 2015). Higher testosterone levels not only
result in lower-pitched voices but also cause individuals to have more dominant and aggressive
behaviors (Puts et al., 2012). So, there may be a potential mechanism in the association of
testosterone and fundamental frequency, allowing voice pitch to be a vocal signal of strength
and physical dominance. Nevertheless, people with higher testosterone levels are not only likely
to exhibit antisocial and risk-taking behaviors (Stanton et al.,, 2011) but also have a higher
tendency for hasty and intuitive decisions (Nave et al., 2018). However, as leaders, these
individuals have less empathic accuracy, which undermines their effectiveness (Ronay & Carney,
2013). It can be said that a masculine-sounding voice with a lower pitch may be considered an
attractive trait, but these masculine individuals may be greedy or less likely to consider others’
needs (Booth & Osgood, 1993). Individuals with higher testosterone levels and lower-pitched
voices might show less pro-social behaviors. Such leaders may be overly aggressive (Ronay &
Galinsky, 2011), and thus less adept at decision-making (Klofstad & Anderson, 2018). However,
other studies have found that men with low-pitched voices tend to have greater integrity (Tigue

etal, 2012) and are favored because they are regarded as more competent (Klofstad et al.,
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2015). Integrity and competence are desirable attributes of leadership, but the mechanism
directly linking voice pitch to these perceptions is a mystery (Klofstad & Anderson, 2018). There
is no clear evidence to validate that people with lower-pitched voices are more competent or
have greater integrity. In other words, it is ambiguous in today’s world whether the correlation
of voice pitch is technically representative of leadership.

Nevertheless, these empirical results mainly focused on voice pitches that show findings in
other statements and perspectives in the literature. For example, one study found that a deeper
voice pitch is related to dominance in connection with business communication and is a leading
factor for successful leadership (Mayew et al., 2013); however, Hall (1990) and Ohala (1994)
argued that a higher pitch is related to subordination and can inhibit successful leadership. A
great many studies have demonstrated that a lower-pitched voice plays an essential role in
dominance (Banai et al., 2018; Klofstad, 2016; Laustsen et al., 2015), competence (Claeys &
Cauberghe, 2014; Klofstad et al., 2015), strong leadership perception (Klofstad et al., 2015;
Mayew et al., 2013), and a feeling of power (Aung & Puts, 2020). In addition to voice pitch, other
speech features have also been studied. For instance, shorter speech pauses are more
charismatic than longer ones, and more varied intensity correlates with perceived charisma
(D’Errico et al.,, 2013). In a meta-analysis by Schmid Mast (2002), the speech features of the total
speaking time and the average turn duration correlate with dominance. In light of other studies,
voice intensity (Gregory & Webster, 1996; Rosenberg & Hirschberg, 2009), jitter, shimmer
(Hughes et al.,, 2014), formant dispersion (Hodges-Simeon et al., 2010) and harmonics-to-noise
ratio (Hughes et al,, 2014) are also promising features to be assessed (see Table 2.1 for the
details).

Table 2.1

Speech Features used in the Literature for the Given Tasks in Linear Relationship

Speech features Effect direction Tasks Reference
Claeys and Cauberghe
(2014); Klofstad et al.
l Competence
(2012);
Fundamental frequency Klofstad et al. (2015)

Aung and Puts (2020);
Stel et al. (2012)
Banai et al. (2018);
Borkowska and

Fo; voice pitch
(Fo pitch) l Feelings of power

l Dominance
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Pawlowski (2011);
Hodges-Simeon et al.
(2010); Jones et al.
(2010);

Klofstad (2016);
Laustsen et al. (2015);
McHenry et al. (2012);
Saxton et al. (2016)

Anderson and Klofstad,
(2012);
i Klofstad et al. (2012);
l Leadership
Klofstad et al. (2015);
Mayew et al. (2013);
Tigue etal. (2012);
Biadsy et al. (2008);
Niebuhr and Skarnitzl
T Charisma (2019);
Rosenberg and
Hirschberg (2009)
T High-rank condition Ko etal. (2015)
T Dominance Hughes et al. (2014)
. Rosenberg and
Speech syllables T Charisma )
Hirschberg (2005)
_ o T Competence Ray (1986)
Pitch variability - —
l High-rank condition Ko etal. (2015)
T High-rank condition Ko etal. (2015)
o T Dominance Charfuelan et al. (2010)
Loudness variability
) Rosenberg and
) Charisma )
Hirschberg (2005)
HNR T Dominance Hughes et al. (2014)
Jitter; shimmer l Dominance Hughes et al. (2014)
Speech pauses l Charisma D’Errico etal. (2013)
Biadsy et al. (2008);
) ) D’Errico et al. (2013);
Intensity T Charisma
Rosenberg and
Hirschberg, (2009)
Average turn duration T Dominance Schmid Mast (2002)
Speech duration T Charisma Biadsy et al. (2008)
Speaking time T Dominance Schmid Mast (2002)

On the other hand, the machine learning approach implemented has been broadly adopted

in a variety of large and dynamic data-intensive areas such as biology, psychology, medicine, and
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physiology (Qiu et al,, 2016). In addition to the most common used fundamental frequency,
loudness and spectral features are coupled with visual characteristics to predict the leadership

in musical performances (Varni et al., 2010). Based on the findings of Jayagopi et al. (2009),
speech energy is implemented with speech duration for tasks of dominance prediction. However,
the results have shown that the speech duration outperforms speech energy in predictive power.
Recently, several studies (Cullen & Harte, 2018; Cullen et al., 2014; Weninger et al., 2012) have
explored the relationship between MFCC and perceived charisma, and Aran and Gatica-Perez
(2011) demonstrated that the formants and bandwidths are correlated with dominance (see
Table 2.2 for the details).

Table 2.2

Speech Features used in the Literature for the Given Tasks in Machine Learning

Speech features Tasks Reference
Cullen et al. (2014);
MFCC Charisma Cullen and Harte (2018);

Weninger et al. (2012)

Escalera et al. (2010);
Jayagopi et al. (2009);

Speech duration Dominance
Sanchez-Cortes et al. (2012); Sanchez-
Cortes etal. (2013)
Voicing probability Charisma Weninger et al. (2012)
Fo envelope Charisma Weninger et al. (2012)
) Hung and Gatica-Perez (2008);
Speech energy Dominance .
Jayagopi et al. (2009);
Formants; bandwidths Dominance Aran and Gatica-Perez (2011)
Speech loudness Leadership Varni et al. (2010)
Spectral Leadership Varni et al. (2010)

2.4 Speech Features in Transformational Leadership

After reviewing the previous studies in linear relationship and machine learning approach,
the current authors attempt to identify the connections between subdimensions of
transformational leadership and speech features and propose the corresponding speech features
may influence the perceived transformational leadership.

Transformational leadership can be treated as an extension or expansion of transactional
leadership (Felfe et al., 2004) and followers are encouraged to do more than they originally

intended and thought possible (Bass & Bass, 2009). According to Bass (1985), transformational
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leadership behavior is identified by four elements (1) individualized consideration, (2) idealized
influence, (3) intellectual stimulation, and (4) inspirational motivation. Therefore, the present
authors attempt to identify the symbiotic relationship between subdimensions of
transformational leadership and relevant speech features.

Individualized consideration ensures that by serving as a coach or mentor, the leader pays
close attention to the needs of a particular follower for achievement and development (Bacha &
Walker, 2013). The leader should have a positive one-on-one interaction with the follower to
make them feel comfortable and unique. Individualized consideration allows the followers'
strengths to be developed with the leader's assistance. The leader often promotes frequent
contact with followers and demonstrates concern by listening to their problems (Holstad et al.,
2014). Thus, it would contribute to self-motivation to accomplish organizational goals (Sidani,
2007). Modern leadership theories tend to emphasize the emotional sensitivity of a leader
(Riggio & Reichard, 2008). Emotional sensitivity is the capacity to receive and decode emotional
and nonverbal signals of others (Bass, 1990); this is often described as “empathy” (Riggio, 2014).
According to the social skills model, emotional sensitivity is theoretically linked to and perhaps
best illustrated by the level of individual consideration (Riggio, 2014). In the definition of
transformational leadership, individual consideration denotes the capacity of a leader to be
conscious of the followers’ thoughts and needs and to be sensitive to them (Bass & Riggio, 2006).
Since prior findings (Melchers et al., 2016) have supported that empathy is positively associated
with an agreeableness trait of personality, it could be further interpreted that a leader who
displays individualized consideration is empathic, observant and sensitive to the feelings of
others (Deinert et al., 2015). Based on the aggregated findings on personality factors and speech,
a leader who tends to speak with lower fundamental frequency, tensed voice (Mairesse &
Walker, 2006), lower formant and shorter speech duration (Mohammadi & Vinciarelli, 2012)
would be perceived as having higher agreeableness. Moreover, the spectrum, MFCC, and zero-
crossing rate (ZCR) are found to be prominent features (Polzehl, 2014). Thus, it could be
assumed that the fundamental frequency, intensity, MFCC, formant bandwidths, ZCR, and speech
duration will be related to individualized consideration.

Idealized influence, which Bass (1985) also termed charisma, is the capacity to exercise
control by posing as a role model, arousing the pride of followers, and displaying high ethical

and moral expectations of behavior (Heinitz, 2006). Such leaders who are respected and trusted

39



STUDY 1: LITERATURE REVIEW ON PERCEIVED LEADERSHIP THROUGH SPEECH FEATURES

by followers are willing to share the risks of the followers and consistent in their actions. As
idealized influence reflects the leader’s behavior aspects and attributional components for
followers, it can be further separated into two subdimensions: idealized influence attributed and
idealized influence behavior (Felfe et al., 2004; Wang et al., 2013). Idealized influence attributed
measures the followers’ perception of the leader, while idealized influence behavior examines
the followers' observations of the leader’s behavior (Sahaya, 2012). Bass (1985) and Felfe (2006)
have pointed out that idealized influence attributed and idealized influence behaviors highly
correspond to the charisma of a leader. Therefore, it is strongly believed that the speech features
of leaders with higher idealized influence should correspond to those of charismatic leaders.
Based on prior research findings (see Table 2.1 and Table 2.2), a leader with a deeper but tense
voice, more speech variation, and a longer speaking time is likely to be perceived as having more
idealized influence. The current authors assume that the fundamental frequency, intensity,
MFCC, spectrum, and speech duration will be related to idealized influence attributed and
idealized influence behavior.

Intellectual stimulation, which the leader provides, inspires followers to question old
assumptions, traditions, and beliefs and to rethink ideas in new ways (Wang, 2014). The leader
challenges followers to be innovative and creative (Bass & Riggio, 2006) to develop their
abilities. Generally speaking, intellectual stimulation is associated with encouraging followers to
think about problems from different angles, which should be particularly important in private
organizations seeking a competitive advantage (Lowe et al.,, 1996). Moreover, a leader may
recommend new ways to complete assignments through intellectual stimulation. Intellectual
stimulation requires activities that inspire followers to rethink challenges, create fresh and
novel solutions, and experience old circumstances in new ways (Bass et al., 2003). Extended by
this idea, the ability to communicate freely and engage people in social interaction is called
social expressiveness. Even if social expressiveness is associated with extroversion it is an ability
used by people who are extroverted (and emotionally expressive) to involve others (Riggio,
2014). High extroversion reflects that a person is outgoing, active, talkative, optimistic, assertive
and enthusiastic (Costa & McCrae, 1985). It is agreed that persons with high extroversion levels
are distinguished by high dominance and expressiveness (Vazire et al., 2008), which, in turn, is
essential for leader performance. Furthermore, empirical evidence supports that extroversion

and intellectual stimulation are positively correlated (Deinert et al., 2015) since extroverted
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individuals enjoy change (Bono & Judge, 2004). In other words, an intellectually stimulated
leader should ideally be an extroverted person due to his or her traits of high dominance and
high social expressiveness. In the light of the findings reported by Scherer (1977), higher voice
pitch leads to low extroversion perception in the case of German speakers. On the contrary, it is
showed that the longer speech pauses (Carney et al,, 2007) and speaking time (Lepri et al., 2012)
are indicators of extroversion. In addition, speech intensity (Pianesi et al., 2008), speaking rate,
loudness (Tapus et al., 2008), formants, and spectrum (Pianesi et al., 2008) also affect the degree
of extroversion perceived by others. Therefore, the present authors assume that voice pitch,
speech duration, intensity, formants, spectrum will be associated with intellectual stimulation.
Inspirational motivation describes the relationship between the leader and followers. This
conduct tests the ability of the leader to convey strong expectations to followers through
motivation (Shatzer et al.,, 2014). By offering meaning and challenge, the leaders empower and
encourage followers around them (Bass & Riggio, 2006). In addition, these leaders effectively
communicate and show a commitment to priorities and an organization's shared vision.
Developing a vision and setting clear goals is paramount in transformational leadership (Stump
et al.,, 2016). Emotions play an important role in generating motivational impact. By projecting a
positive emotion, the speaker will place the listener in a positive state, which in turn affects the
desire of the recipient to be influenced positively (Abele, 1999). Generally speaking, the acoustic
features of conveying emotions include amplitude, timing, and voice pitch (Schirmer & Kotz,
2006). Following this concept, the current authors assume that the leader with inspirational
motivation should act in a similar way. Some studies have demonstrated that the acoustic
features such as slow speaking rate (Vof3e & Wagner, 2016; Weinstein et al., 2018), lower voice
pitch (Weinstein et al., 2018), and soft voice (Juslin & Scherer, 2005) are regarded as strong
means to influence others. Hence, it can be assumed that the fundamental frequency, intensity,
and speech duration will be positively correlated with inspirational motivation. Taking together,
referring to select facets of transformational leadership and prior research findings, the

expected speech changes and corresponding features are summarized in Table 2.3.
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Table 2.3

Proposed Speech Feature Changes for Facets of Transformational Leadership

Facets Proposed speech changes Corresponding features

Fundamental frequency;
Spectral; MFCC;

| Fundamental frequency;
! Spectral/formant bandwidth;

Individualized
consideration

T Tensed voice;
! Speech duration

Intensity;
ZCR;
Speech duration

Idealized influence
behavior

| Fundamental frequency;
T Tensed voice;

T Variation of speech;

T Speech duration;

! Speech pauses

Fundamental frequency;
Intensity;

Spectrum; MFCC;
Speech duration

Idealized influence

| Fundamental frequency;
T Tensed voice;
T Variation of speech;

Fundamental frequency;
Intensity;
Spectrum; MFCC;

attributes ) )
T Speech duration; Speech duration
! Speech pauses
| Fundamental frequency; Fundamental frequency;
T Tensed voice; Intensity;
Intellectual T Spectral Spectral; Formants;
stimulation T Formant Speech duration
! Speaking rate
T Speech time
L | Fundamental frequency; Fundamental frequency;
Inspirational ) ]
o | Tensed voice; Intensity;
motivation

| Speaking rate

Speech duration

2.5 Conclusion

Prior research studies have mainly focused on how critical it is to carefully separate
charisma from apparently congruent principles like dominance, leadership, and power.
Transformational leadership is described as leading without being dominant, but it is not the
only way of achieving leadership success. Anderson and Sun (2017) distinguished different
leadership styles, and it is logical to suppose that a distinct acoustic profile would characterize
each leadership style (Niebuhr et al., 2016). According to previous studies, this is generally the
case in political or relevant social science fields but not in business contexts. Evidence suggests
that voice pitch is a predictable feature; thus, the authors assume that the speech features

summarized above can be transferred into a business context. However, most relationships are
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modest (correlations only in the 0.1-0.4 range) and are significantly weaker than the effects on
perceptions in laboratory studies (correlations in the 0.3-0.7 range; Armstrong et al., 2019).
Hence, an interesting question is raised: why is voice pitch not a more precise cue? Studies allege
that although human voice pitch can be an effective feature in determining leadership
perception, it is not the only acoustic feature influencing perceived leadership. For example,
Signorello et al. (2020) have argued that leaders tend to use higher and louder voice pitch while
speaking in formal political contexts such as speeches because they need a high psychological
intervention to activate a wide range of emotions and express personality characteristics.

Conversely, leaders use a lower and softer voice pitch to speak in informal political
communicative contexts since only a low level of psychological involvement is required without
a substantial desire to stir up emotions or display a personality in such circumstances. In other
words, the leaders seem to adjust their pitch to assert power. Some research also found that
voice pitch clarified about 3-4% of the dominance rating variance, and no calculated features
would explain more than 8% of the variance (Kordsmeyer et al., 2018). Therefore, if voice pitch
predicts only 3-4% of the variance in dominance perception in naturalistic contexts, it should
clarify even less of the variation in objective measurements (Aung & Puts, 2020). This does not
mean that voice pitch is not critical; instead, there are other primary features in action. More
precisely speaking, the speech features affecting leadership perception are equivocal. There is
still room for exploration, and the clear disparity between perception and reality may be mostly
artifactual, the consequence of analytic error.

In conclusion, this integrate review of the literature reveals a complex interplay between
voice characteristics, particularly pitch, and leadership perception in various contexts. The
evidence indicates that leaders may modulate their vocal characteristics to suit different
communicative contexts and leadership styles. Furthermore, the limited explanatory power of
voice pitch in dominance ratings and objective measurements highlights the presence of other
influential factors in leadership perception. This finding emphasizes the importance of
considering a broader range of acoustic and non-acoustic variables in future research. The
apparent disparity between perception and reality in this field may be partially attributable to
analytical limitations or methodological constraints. Hence, future studies should aim to refine
measurement techniques and analytical approaches to better capture the subtle interplay

between vocal characteristics and leadership perception.
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2.6 Strengths and Weaknesses of the Study

The evaluation of this study is grounded on the frameworks proposed by benchmark papers
(please refer to Grant & Booth, 2009; Snyder, 2019), which offer comprehensive guidelines for
assessing the quality and rigor of literature review articles. The strengths and weaknesses
identified herein reflect the review's adherence to or deviation from these established standards.

Strengths:

(1) In line with Snyder's (2019) emphasis on integrating and synthesizing existing
knowledge, this article effectively integrates findings from different fields, including physiology,
psychology, and organizational behavior, to provide a comprehensive overview of the
relationship between speech features and leadership perception.

(2) Following the description of a critical review (Grant & Booth, 2009), the article critically
evaluates existing research, particularly regarding the predictive power of voice pitch, as
evidenced by the statement: "If voice pitch predicts only 3-4% of the variance in dominance
perception in naturalistic contexts, it should clarify even less of the variation in objective
measurements."

(3) The review fulfills the criterion of identifying research gaps by proposing a novel
theoretical framework linking specific speech features to subdimensions of transformational
leadership, as illustrated in Table 2.3, thus providing clear directions for future empirical
research (Snyder, 2019).

Weaknesses:

(1) Contrary to the recommendation for a transparent and replicable search strategy
(Snyder, 2019), this study lacks a clearly defined systematic methodology for literature selection
and inclusion criteria. It may potentially limit the reproducibility of the review process.

(2) The review falls short of Grant & Booth's (2009) suggestion for critical reviews to
provide a conceptual contribution beyond a mere description of the literature, as it does not
sufficiently develop a new model or hypothesis that significantly advances theoretical

understanding in the field.
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3 STUDY 2: SPEECH BASED LEADERSHIP PERCEPTION BY COMPUTATIONAL
PARALINGUISTIC APPROACH

3.1 Introduction

Speech communication is central to human life; it is vital for survival and social
communication (Grossmann & Freiderici, 2012). Communication is essentially an exchanging of
signals, both verbal (e.g., speech, announcement, and face-to-face interaction) and non-verbal
(e.g., body language, facial expression, gesture, and voice), between two or more individuals.
From this point on, speakers are viewed as powerful or dominant whether the signals they send
are perceived as powerful or dominant by listeners (Bradac et al., 1994). From a theoretical view,
both verbal and non-verbal communications have auditory characteristics: the verbal voice
corresponds to the message content, and the non-verbal one specifies how the message is
communicated (Hargie, 2011). Past research has shown that social status (e.g., hierarchical
relationships) is most commonly communicated by non-verbal rather than verbal signals
(Mignault & Chaudhuri, 2003). More precisely, when verbal and non -verbal cues of the rank are
present, non-verbal cues have a higher chance to influence participants' judgment than verbal
ones (Jacob et al,, 2012).

Hall et al. (2005) have found that nonverbal communication is related to power. They
demonstrate a clear correlation between the use of non-verbal activity by a person and the
influence they receive in encounters. Our views of others are focused not only on what people
say but also on the vocal cues (Sporer & Schwandt, 2006). While several verbal and non -verbal
cues are possible, the authors focus on the discussion of speech parameters in this research: the
nonverbal features of a voice that give rise to differing impressions of speakers. As Scherer
(1982, p. 138) noted, “During evolution, language and speech were superimposed on a primitive,
analog vocal signaling system.” Thus, owing to its basic origins, speech features may be more
important than linguistic material or other less primal non-verbal signals in developing social
judgments (Tusing & Dillard, 2000).

Voice is not only a kind of biosignal of humans but also related to perception. It is the
counterpart of speech production aiming to decode sounds and contain the message. The human
voice that transmits information in daily social experiences has also been called an "auditory

face" (Belin et al., 2004) because it offers valuable social information about the speaker’s
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identity (who you are) and emotional state (how you feel) (Badcock & Chhabra, 2013). The
human voice, therefore, is a rich source of information that extends beyond mere verbal
communication. In other words, it encompasses speech features that influence perceptions of
the speaker’s power, dominance, and emotional state. In the context of leadership, these features
are instrumental.

Over the past century, scholarly attention and numerous theoretical frameworks have been
directed toward the exploration of leadership. Among these, transformational leadership has
emerged as a particularly noteworthy leadership paradigm in recent decades (Judge & Piccolo,
2004). Transformational leadership embraces an idealistic, positive view of the world, shares
strong aspirations, centers supporters' interest on an abstract, long-term vision, encourages
progress and facilitates new ways of working (Yukl, 2010). Leaders who effectively use acoustic
features such as pitch, tone, and rhythm can convey confidence, authority, and emotional
resonance, thereby enhancing their followers' perceptions of their leadership abilities. Moreover,
the significant impact of human speech features on listeners' perceptions suggests that these
features play a crucial role in how leadership is perceived. For instance, leaders often exhibit
distinct speech patterns that differentiate them from followers, with those in power tending to
speak differently (Ko et al., 2015). While evolutionary researchers have emphasized the
influence of a low-pitched voice and dynamic vocal spectra between males and females (Hodges-
Simeon et al,, 2010), it is clear that human speech varies across many dimensions, each
contributing to the perception of leadership. Briefly, speech prosody is intricately linked to
leadership. The auditory characteristics of speech, particularly non-verbal cues, significantly
shape how leaders are perceived by their followers. By harnessing these features, leaders can
enhance their transformational leadership qualities, fostering stronger connections and more

effective communication with their followers.

3.2 Literature Review
3.2.1 The Role of Fundamental Frequency

Multiple sources have suggested that speech features are informative cues to hierarchical
organizations and societies (Dunbar & Burgoon, 2005). Besides, these features are critical to
reflecting and detecting a hierarchy (Ko et al., 2015). For example, fundamental frequency, also

called the voice pitch (Fo), was tested in many studies regarding its influence on perceptions.
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Klofstad (2016) has found that in an empirical analysis of the 2012 U.S. House of
Representatives elections, male candidates with deeper voices received a larger share of votes
when facing male opponents. The experiments conducted by Laustsen et al. (2015) revealed that
politicians in the United States with deeper voices are voted for more by conservative
Republicans than by liberal Democrats. Therefore, scholars (e.g., Anderson & Klofstad, 2012;
Klofstad, 2016; Tigue et al., 2012) have used fundamental frequency as a perceptual indicator to
examine perceived leadership, power as well as dominant. Studies have demonstrated that men
with lower-pitched voices were perceived as more attractive (Jones et al., 2010) than those
males with higher-pitched voices. In contrast, women with higher-pitched voices are perceived
as more attractive (Feinberg et al., 2008), whereas females with lower -pitched voices are

perceived as more dominant (Borkowska & Pawlowski, 2011).

3.2.2 Research Gap: Speech and Transformational Leadership

Nevertheless, to the best of the current authors’ knowledge, there is limited literature
discussing the relationships between speech and transformational leadership. On the basis of
Full-Range Leadership Model (Bass, 1985), transformational leadership is identified by four
aspects: (1) idealized influence, which also termed charisma, is the capacity to exercise control
by posing as a role model, arousing the pride of followers, and displaying high ethical and moral
expectations of behavior; (2) inspirational motivation, which describes the relationship between
the leader and followers. By offering meaning and challenge, the leaders empower and
encourage followers around them (Bass & Riggio, 2006); (3) intellectual stimulation, which the
leader provides, inspires followers to question old assumptions, traditions, and beliefs and to
rethink ideas in new ways. The leader challenges followers to be innovative and creative (Bass &
Riggio, 2006) to develop their abilities, and (4) individualized consideration, which ensures that
by serving as a coach or mentor, the leader pays close attention to the needs of a particular
follower for achievement and development (Bass & Riggio, 2006).

Aharonson et al. (2023) have designed a scenario within an educational setting to test the
perceived charisma of lecturers, especially focusing on idealized influence. A total of 900
students are instructed to listen to English audio files comprising lectures delivered by 100 male
and 100 female speakers. Employing a Random Forest classifier, it has indicated that voicing

probability, fundamental frequency, and speech intensity were prominent features associated
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with charisma. However, the significance of speech intensity in lectures was comparatively
diminished. Conversely, the voicing probability- the features linked to rhythm appeared to
contribute to create an engaging pattern in the perception of lecturers' charisma by students.
Similarly, Fesse et al. (2011) have conducted a study involving 165 subjects participating in
small group meetings to investigate perceptions of individualized consideration, a subdimension
of transformational leadership. In the study, all features were excluded because of an unequal
distribution of male and female leaders. Using automatically extracted features and logistic
regression, it was found that speech intensity, speaking time, short utterances were the
predictive vocal cues on individualized consideration.

Taken together, the fundamental frequency is a crucial feature in many previous works.
While Armstrong et al. (2019) have argued that most relationships are modest and are
significantly weaker than the effects on perceptions in laboratory studies. Hence, an interesting
question is raised: Is voice pitch a more precise cue? Based on the previous studies (Aharonson
etal,, 2023; Fesse et al., 2011) focused on the subscales of transformational leadership, speech
intensity is also an effective feature. The intensity (also known as speech energy, speech power,
speech loudness, or sound pressure) of a voice represents the flow of energy through a unit area
(Howard & Angus, 2009) and can be physically detected through the pressure of sounds or a
subjective level of loudness (Rong and Chen, 2009). Speech intensity grows with the physically
measurable sound amplitude, but there is no linear connection, similar to the relationship
between fundamental frequency and pitch perception (Neppert, 1999). Thus, there are several
complex and controversial psychoacoustic relationships between the volume sensation of a
sound and its frequency and duration. According to Vieregge (1996), loudness perception
depends on the physically measurable intensity and the subjective overall impression of the
speaking voice, the duration of the speech event, the vowel quantities, and the auditory -visually
perceptible speaking effort. In addition to determining the average intensity, intensity changes
can be scaled in terms of frequency, size, and shape. Apart from fundamental frequency and
intensity, voicing probability plays an important role in the study. A voicing probability presents
the percentage of unvoiced and voiced energy in a speech signal (Gobl & Chasaide, 2003). That is,
in every time frame, voicing probability assigns a value that denotes the probability that speech
occurs in that frames (Papadopoulos et al., 2016). Higher values of voicing probability indicate

speech presence while lower indicate speech absence (Papadopoulos et al.,, 2014).
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Despite the robust findings in prior works, there is a gap in the existing literature
concerning the relationship between speech features and transformational leadership.
Transformational leadership, as elaborated by Bass and Riggio (2006), consists of four
dimensions: idealized influence, inspirational motivation, intellectual stimulation, and
individualized consideration. While previous studies have explored the aspects of idealized
influence (Aharonson et al., 2023) and individualized consideration (Fesse et al., 2011), they
have not adequately addressed the full-dimensions of transformational leadership, particularly
within business settings. Existing works show the impact on the scenarios of lectures and small
group meetings, but the field lacks a comprehensive understanding of other contexts.

Building upon the foundational work of previous studies (Aharonson et al., 2023; Fesse et
al,, 2011), which have identified features influencing leadership perceptions, our study seeks to
provide a more holistic understanding by expanding the scope of analysis to include all four
dimensions of transformational leadership. Furthermore, our study investigated the complex
psychoacoustic relationships between acoustic features and their combined effect on leadership
perception. This nuanced approach is essential as the perception of speech features is influenced
by multiple factors, such as the physical properties of the voice and the subjective impressions of
the listeners. In summary, the existing literature has laid the groundwork by identifying key
features that influence perceptions of leadership. Our study aims to fill this gap by providing a
comprehensive analysis of how speech affects all dimensions of transformational leadership,

thereby contributing insights to both leadership theory and practical application.

3.3 Methodology and Speech Corpus
3.3.1 Participants as Speakers

The research participants served as speakers were recruited from two universities and a
telecommunications company in Germany. Some participants received course credits in
exchange for their involvement, while others were provided with incentives as compensation for
their participation. Prospective participants underwent screening for factors potentially
affecting the quality of their natural voice, and were excluded from the study if any such factors
were present (Hughes et al,, 2014). Prior to the recording sessions, participants provided
informed consent and completed a demographic questionnaire capturing information on gender,

age, education level, native language, and place of residence. The final sample comprised 122
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males, each of whom contributed two speech recording samples utilized as stimuli for the study.
The participants had a mean age of 31.48 years (range=20-63 years old, SD=10.48). Regarding
age, 3 participants were less than 20 years old, 49 participants were between 21 and 25 years
old, 24 participants were between 26 and 30 years old, 11 participants were between 31 and 35
years old, 7 participants were between 36 and 40 years old, another 7 participants were
between 41 and 45 years old, 15 participants were between 46 and 50 years old, 2 participants
were between 51 and 55 years old, and 4 participants were over 56 years old. Of the native
languages of participants, 112 were German, 3 were Turkish, 1 was Italian, 2 were Spanish, 1
was Russian, 2 were Polish, and 1 was French. In addition to the native German speakers, the
other participating members with a bilingual background spoke fluent German at the
mother-tongue level. In terms of education background, the participants included 10 individuals
who had completed German secondary school, 47 who had attended German grammar school,
and 65 who had pursued higher education at colleges or universities. All 122 participants
resided in Germany. The demographic of the participants of speakers is presented in Table 3.1.
Table 3.1

Demographics of the Participants as Speakers of Speech Samples (N=122)

Variables n Percentage (%)
Age (years)

Less than 20 years old 3 2.5
21-25 49 40.2
26-30 24 19.7
31-35 11 9.0
36-40 7 5.7
41-45 7 5.7
46-50 15 12.3
51-55 2 1.6

Over 56 years old 4 3.3

Education Background

German Secondary School 10 8.2
German Grammar School 47 38.5
College/University 65 53.3

Native Language

German 112 91.8
Turkish 3 2.5
[talian 1 0.8
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Spanish 2 1.6
French 1 0.8
Russian 1 0.8
Polish 2 1.6

Place of Residence
Germany 122 100

This research focused exclusively on male speakers for two reasons. Firstly, both men and
women tend to modulate their voice pitch in various social contexts in relation to factors such as
dominance and authority (Sorokowski et al., 2019). Secondly, just 3% of CEO positions were
held by females in a study of 6500 venture capital investments (Brush et al., 2014). Therefore,
the gender bias in sampling was deemed irrelevant for this research. Each speaker was
presented with a vignette in German, describing an event at a fictional corporation, followed by a
voice recording of a CEO. The vignette experiment, also known as a scenario experiment,
presents hypothetical situations to research subjects for their responses. Vignette studies are
versatile and can be conducted in various settings, including laboratory, field, and online
environments (Rietzschel et al., 2017). The use of a fictional corporation was sanctioned to
mitigate potential confounding effects arising from participants’ prior experiences and
perceptions of credibility (Laufer & Jung, 2010). The vignette detailed a scenario wherein the
participant assumed the role of the CEO of a paper company overseeing an important project,
"Paper for People," and deciding to deliver a speech to inaugurate the project. The speech
vignette was adapted from a previous study (Kirkpatrick & Locke, 1996) for the current
research. All speakers delivered the same speech content. This approach was adopted to control
and minimize the effects of content variability on the results. This standardization allows us to
attribute differences in leadership perception more confidently to variations in features rather

than differences in speech content.
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Figure 3.1

Screenshots of the Participants who Served as Speakers While Recording the Vignette

The average duration of each speech recording was about 3.5 minutes. The recordings took
place individually in a quiet room within a university laboratory. The experimenter was absent
from the room during the sessions to mitigate potential Hawthorne effects. Participants were
instructed to provide a sample of their normal voice to minimize carry-over effects (Hughes et
al,, 2014). Audio-visual recordings were captured using a full HD resolution camcorder (Sony
HDR-CX 240) mounted on a tripod, with participants wearing a clip-on microphone (Speedlink
SL-8691-SBK-01) to enhance voice quality. To avoid additional compression artifacts, audio files
extracted from videos were encoded in the uncompressed Waveform Audio Format (.wav) using
GoldWave software (Version 5.67, GoldWave, Inc., 2012) with a sampling rate of 16kHz. An

overview of the timeline and tasks for speech recording is given in Table 3.2.
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Table 3.2

Timeline and Tasks of Speech Recording

Estimated Time Task

10 mins Welcome, research introduction, and consent form

5 mins Technical check (computer, microphone, and camera)
3 mins Natural voice screening

5 mins Demographic questionnaire

5 mins Description of vignette task

7 mins Technical tools setup and final check

The absence of experimenter

5 mins Speech recording

The presence of experimenter

10 mins Take care of technical equipment; express appreciation; dismissal

3.3.2 Independent Evaluators

Another group of 122 participants, comprising 55 males and 67 females, served as
evaluators for the speech samples. The mean age of these evaluators was 30.1 years
(range=19-74 years old, SD=10.9). They were recruited from two German universities and
encompassed diverse professional backgrounds, including students and staff. This selection
ensured a wide range of perspectives and expertise that leads to the robustness of the
evaluation process. The inclusion of individuals from various disciplines and roles aimed to
reduce potential biases and enhance the generalizability of the findings. None of the evaluators
reported any hearing impairments that could potentially influence their assessment of the
speech samples. Additionally, evaluators were specifically instructed not to proceed with the
evaluation if they recognized any of the speakers. Before beginning the evaluation process,
independent evaluators were required to read and sign an informed consent form. Subsequently,
they completed a demographic questionnaire, providing information on their gender and age.
The evaluation task was conducted on individual computers equipped with headsets (Speedlink

SL-8727-BK-01). The whole process took place in a quiet room in a laboratory of a university.

3.3.3 Evaluation Procedure and Instrument: The Multifactor Leadership Questionnaire (MLQ)
The rating procedure was meticulously structured. The timeline of the estimation task
included several phases: Initially, 10 minutes were allocated for welcoming the evaluators,

introducing the experiment, and completing the consent form. This was followed by a 5-minute
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technical check of the computer and headset to ensure all equipment was functioning correctly.
Evaluators were then given 5 minutes to understand the rating task through a detailed
description. After this, a 3-minute demographic questionnaire was completed to gather essential
participant information. A final technical check was conducted over 5 minutes in the absence of
the experimenter to ensure everything was set up. Evaluators then spent 5 minutes on the
speech rating task, followed by 10 minutes on the Multifactor Leadership Questionnaire (MLQ)
containing the measurable items for transformational leadership perception. After that, the
evaluators had a short 5-minute break. Finally, in the presence of the experimenter, the last 5
minutes were used to take care of technical equipment, express appreciation to the participants,
and dismiss them.

The German MLQ scale, which involved translation, modification, and validation processes
(see Felfe & Goihl, 2002), was chosen to fit the German evaluators in this study in order to
ensure no language barrier. Compared to the original English version (Bass & Avolio, 1995), the
German translation demonstrates strong psychometric properties and similar correlations with
multiple result parameters (Felfe, 2006). The instrument of the MLO was measured using a
5-point Likert scale, with 1 (strongly disagree) and 5 (strongly agree) for 20 items. Overall, the
scales give a high reliability (Nunnally, 1978) and present a promising internal consistency
measure since the value of total Cronbach’s o was greater than 0.6 (Downing, 2004) as shown in
Table 3.3.
Table 3.3
Overview of The Reliability of the German MLQ (N=122)

Subdimensions Items M SD Cronbach’s a
Idealized influence attributed 4 3.63 0.84 0.86
Idealized influence behavior 4 3.83 0.77 0.79
Individualized consideration 4 3.62 0.84 0.89
Intellectual stimulation 4 3.67 0.81 0.85
Inspirational motivation 4 4.05 0.93 0.92
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3.4 Analysis of Speech Features
3.4.1 Feature Extraction

The features were computed as the computational paralinguistic approach by using the
OpenSMILE (Version 2.1.0; Eyben et al.,, 2013). OpenSMILE is an open-source toolkit for feature
extraction and can compute general-purpose acoustic features.

The analysis of speech features was conducted using a computational paralinguistic
approach. The speech signal was segmented into frames of 25 milliseconds in length, with a time
step of 10 milliseconds. This segmentation process ensured that the temporal resolution of the
speech signal was sufficiently fine-grained to capture the dynamic variations in the voice (Eyben
etal,, 2013).

Following segmentation, the acoustic features using a computational paralinguistic
approach were extracted (Eyben et al., 2010; Schuller et al., 2009), which generates a 39
statistical-functional feature vectors along with its first and second-order delta regression
coefficients for each frame (Eyben et al,, 2010; Pfister & Robinson, 2011; Schuller et al., 2009).
This approach systematically processes speech signals to capture diverse acoustic parameters,
including fundamental frequency (F0), speech intensity, and voicing probability (Eyben et al.,
2012; 2013), while the current authors have pointed out as the research gap. The framework
implements a comprehensive feature extraction pipeline that computes various acoustic
descriptors and their statistical functional on a frame-by-frame basis, enabling detailed
representation of speech acoustic properties. The features and related descriptions were
presented in Table 3.4.

Table 3.4

Computational Paralinguistic Feature Sets in Analysis

Feature sets Features and descriptions # of Features

Fundamental frequency  FO: Fundamental frequency 234
(voice pitch, Fo) FOenv: Fundamental frequency of amplitudes

) pcm_LOGenergy: Signal energy; Mean squared
Intensity ] o ] 117
amplitude within a time segment (volume)

. - voiceProb: Voicing probability; The proportion of
Voicing probability ) - 117
words and pauses which refer to the probability

In order to have a better understanding of the analysis process, the authenticated samples

of the paralinguistic features extraction were provided. Table 3.5 presented example features
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with its descriptions (c.f. Li et al., 2021; Pfister & Robinson, 2011) on each feature sets for three

speech samples. These samples were selected to demonstrate the range and variability of the

features across different speakers.

Table 3.5

Example Measurements of Extracted Features from Speech Samples

Feature sets Features Descriptions Speaker 1 Speaker2 Speaker 3
The range (max-min)
FO_sma_range 470.60 193.2 317.8
of Fo
The arithmetic mean
FO_sma_amean 5.2 0.3 11.1
of Fo
The standard
Fundamental F0_sma_stddev L 35.0 5.9 36.4
deviation of Fy
frequency ;
i ) The range (max-min)
(voice pitch, FOenv_sma_range i 429.2 185.4 302.9
of Fo amplitudes
Fo) : :
The arithmetic mean
FOenv_sma_amean ) 312.6 106.5 155.7
of Fpamplitudes
The standard
FOenv_sma_stddev deviation of Fy 68.6 66.2 22.6
amplitudes
The absolute
pcm_LOGenergy_sma_ma  temporal offset of the
i 9642.0 22232.0 18530.0
xPos maximum value of
signal energy
The arithmetic mean
) pcm_LOGenergy_sma_abs
Intensity of absolute values of 11.4 22.1 14.0
mea
signal energy
The kurtosis (4th
pcm_LOGenergy_sma_kur order central
) . 26.9 1.7 7.2
tosis moment) of signal
energy
The skewness (3rd
. order central
voiceProb_sma_skewness o 0.4 0.2 0.1
moment) of voicing
probability
Voicing voiceProb_sma_numPeak The number of peaks
e o . 669.0 537.0 758.0
probability S of voicing probability
Linear error between
) contour and quadratic
voiceProb_sma_qregerrA 1783.0 2317.5 2793.1

regression line of
voicing probability
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3.4.2 Machine Learning Approach

The Waikato Environment for Knowledge Analysis (WEKA) originated from the University
of Waikato in New Zealand as a data-mining program encompassing a suite of machine-learning
algorithms (Witten et al,, 2011) was implemented in this work. It offers comprehensive support
for various tasks including data preprocessing, classification, regression, clustering, and among
others. The present study employs version 3.8.0 of the software.

In recent years, the algorithms of speaker adaption have been proposed and widely applied
to speech recognition. The main issue of the adaptation algorithm is that it has to modify many
features with only a small amount of adaptation data. The speaker adaptation technology tries to
obtain performance close to the speaker-dependent model, but has only small amounts of
specific data, often based on the initial speaker-independent model. The most commonly used
speaker adaptation technology is speaker normalization (Giuliani et al., 2004). This technology
normalizes input speech to match the acoustic model to eliminate the different speech features
of speakers for training a speaker-independent model. The test data experiences normalization
in the training process as well. Thus, both training data and test data are normalized using
speaker normalization technology to eliminate the mismatch situation. In general, the speaker
normalization has three models: global, iterative, and background. Normalization of global
speakers measures normalizing statistics on all data per speaker. In contrast, the iterative
speaker normalization method normalizes data by approximating the baseline statistics and
background speaker normalization. Iterative speaker normalization automatically calculates the
baseline of neutral samples using a recursive algorithm. Unlike the interactive speaker
normalization, the background speaker normalization uses a collection of “control,” data often of
a distinct lexical content (see Bone et al., 2014).

Therefore, among the three, the background normalization model is most suitable for live
applications in this study. In the field of speech processing, speaker normalization is commonly
used to improve performance, however, not all speaker normalization methods are practical for
real-world applications (Bone et al., 2014). The distribution of basic features shared by all
speakers is modeled by the background technique. For individual level models, this can be a
reasonable initial distribution and improves the precision while training data is reduced (Yin et
al,, 2008). For instance, it may not be easy to have representative data of a participant in the

detection of speaker state. Nevertheless, it is possible to access speakers’ neutral or baseline
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speech in similar recording conditions. In this research, the dataset is split equally, 50%:50%, as
training and test dataset. The first 50% of speakers (participant number 1-61) are targeted as a
training dataset, and the remaining 50% of speakers (participant number 62-122) are used as

test dataset. The split of training and test data of speakers in this work is shown as Figure 3.2.
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Figure 3.2

The Formation of the Datasets as Training and Test Datasets in Speaker-Independent Model

3.4.3 Machine Learning Algorithm

In 1997, the optimization of support vector machines (SVM) was achieved through the
decomposition of a complex quadratic programming (QP) problem into smaller subproblems
(Osuna et al., 1997). Quadratic programming is a foundational technique in mathematical
optimization, employed to minimize or maximize quadratic functions under linear constraints.
Consequently, QP emerges as a common challenge encountered in the training of SVM models.
Subsequent research indicated that the computation of these subproblems is significantly more
efficient than solving the QP in its entirety. Thus, the sequential minimal optimization (SMO)
algorithm was introduced in 1998 as a promising approach to decompose the problem (Platt,
1998). A distinguishing feature of SMO algorithms is their capacity to address the QP problem by
tackling subproblems of size two, each of which possesses an analytical solution (Flake &
Lawrence, 2002). Notably, SMO represents the first instance where SVM optimization could be

accomplished without reliance on a QP solver. In comparison to alternative methods (Joachims,
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1999), SMO stands out as the sole online SVM optimizer that directly exploits the quadratic
structure of the objective function and effectively leverages two-case size analytical solutions
simultaneously (Flake & Lawrence, 2002). Hence, the SMO method among the SVM regression
was selected as the algorithm for this research. SMO is fast in overcoming broad QP problems.
SMO divides QP problems into a set of simpler QP problems and then analytically solves these

small components (Ziari et al., 2016).

3.4.4 Evaluation Metric for Regression Task

In regression analysis, the root mean square error (RMSE) is a quadratic scoring rule that
calculates the error’s average magnitude. It is the square root of the average squared differences
between actual and prediction measurements. In addition to RMSE, the mean absolute error
(MAE) is another principal and widely used measure. MAE measures the generalization error in
several predictions. It is regarded as the average of the absolute differences between actual and
predictions measurements over the test sample, where all individual differences are equal in
weight. Both RMSE and MAE are frequently employed in model evaluation (Chai & Draxler, 2014;
Yildiz et al., 2017); a smaller value of them indicates a better performance (Ziari et al., 2016).
The previous study has discussed the advantages of using MAE over RMSE (Willmott & Matsuura,
2005), while others have preferred using RMSE over MAE (Chai & Draxler, 2014). To assess the
performance, the present author decided to administer both metrics and the correlation

coefficient (R?) as the evaluation indicators in this study.

3.5 Research Results
3.5.1 Inspirational Motivation

Inspirational motivation assesses the leader’s ability in a visual language that can be shared
with subordinates to point forward and demonstrate a view of the future. The SMOreg algorithm
of WEKA is implemented, with a complexity of 0.1 for SVM. R? is a convincing baseline for
regression of the best single feature (Hantke et al., 2016). Table 3.6 illustrates the results for
inspirational motivation. It is seen that fundamental frequency is a promising feature with
R2=0.31. This implies that for the subset of inspirational motivation in leadership, fundamental

frequency emerges as a pivotal predictor. This suggests that the voice pitch plays a critical role

59



STUDY 2: SPEECH BASED LEADERSHIP PERCEPTION BY COMPUTATIONAL PARALINGUISTIC
APPROACH

in conveying future visions and motivating followers. On the other hand, it is noteworthy that
voicing probability demonstrates a significant impact, with an R2 value of 0.20.
Table 3.6

Results of SMO Regression on Inspirational Motivation

Feature sets R? MAE RMSE
Fundamental frequency 0.31 0.71 0.97
Intensity 0.16 0.75 0.95
Voicing probability 0.20 0.74 0.99

3.5.2 Idealized Influence Attributed

In general, idealized influence is the capacity to exercise control by posing as a role model,
arousing the pride of followers, and displaying high ethical and moral expectations of behavior.
As idealized influence reflects the leader’s behavior aspects and attributional components for
followers, it can be further separated into two subdimensions: idealized influence attributed and
idealized influence behavior. Idealized influence attributed measures a leader's ability to
communicate effectively and consistently, coupled with their vocal characteristics, significantly
influences how they are perceived as role models by their followers. Table 3.7 shows the results
of SMO regression on the idealized influence attributed. With an exceptionally high Rz = 0.45, the
regression result of fundamental frequency is likely the best and intensity is found to be a good
feature with R2=0.36. These findings underscore the importance of both the intensity and the
voice pitch to construct perceptions of idealized influence among followers. Moreover, the
voicing probability with R2=0.31 also plays a role.
Table 3.7

Results of SMO Regression on Idealized Influence Attributed

Feature sets R? MAE RMSE
Fundamental frequency 0.45 0.63 0.79
Intensity 0.36 0.65 0.84
Voicing probability 0.31 0.65 0.85

3.5.3 Idealized Influence Behavior
Different from idealized influence attributed, the concept of idealized influence behavior
examines the followers' observations of the leader’s behavior. Table 3.8 gives an overview of the

SMO regression on idealized influence behavior. Voice pitch and speech intensity are the main
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reliable predictors with R2=0.34 and 0.29. Additionally, while voicing probability may not be as
strong a predictor as voice pitch and intensity, its role in determining followers' perceptions of
idealized influence behavior should not be overlooked.

Table 3.8

Results of SMO Regression on Idealized Influence Behavior

Feature sets R? MAE RMSE
Fundamental frequency 0.34 0.59 0.78
Intensity 0.29 0.66 0.87
Voicing probability 0.23 0.60 0.82

3.5.4. Intellectual Stimulation

Intellectual stimulation measures the degree to which the leader is striving to find fresh
solutions, proposing fresh thoughts, and motivating subordinates to challenge or question
conclusions and reframe issues. Table 3.9 provides an overview of regression results for
intellectual stimulation. The voice pitch is highlighted with R2=0.33. In addition, the speech
intensity and voicing probability of the predictive features sets are R2=0.29. These findings
underscore the importance of features in facilitating intellectual stimulation within leadership.
Leaders who effectively utilize voice pitch, intensity, and voicing probability are better
positioned to foster an environment conducive to innovation and creative problem-solving
among their followers. By leveraging these features, leaders can encourage critical thinking,
inspire novel ideas, and drive organizational growth and success.
Table 3.9

Results of SMO Regression on Intellectual Stimulation

Feature sets R? MAE RMSE
Fundamental frequency 0.33 0.59 0.79
Intensity 0.29 0.60 0.80
Voicing probability 0.29 0.59 0.80

3.5.5 Individualized Consideration

Individualized consideration reflects whether a leader considers, listens to, trains, and
supports subordinates as individuals. The leader is acting as a mentor or coach. Table 3.10
presents the SMO regression results on individualized consideration. For the specific feature set,

the best sign is the speech intensity with R2=0.35 that plays the most important role. By contrast,
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the most commonly used feature, fundamental frequency is results in Rz values of 0.22 as well as
voicing probability.
Table 3.10

Results of SMO Regression on Individualized Consideration

Feature sets R? MAE RMSE
Fundamental frequency 0.22 0.66 0.87
Intensity 0.35 0.61 0.86
Voicing probability 0.22 0.62 0.87

3.6 Discussion
3.6.1 Theoretical Implications

This study conducts an experiment consisting of 122 speakers and 122 evaluators to
examine the transformational leadership perception by features with SMO regression. General
speaking, the paralinguistic features selected in this study, such as fundamental frequency,
intensity, and voicing probability, are promising indicators to examine the perceived
transformational leadership.

In accordance with Aharonson et al. (2023), the voicing probability, speech intensity, and
voice pitch served as vocal cues for charisma, particularly in the domain of idealized influence.
However, the importance of the loudness appears to decrease, suggesting that it has little impact
in lecture scenarios. In contrast, our research shows that the impact of speech intensity in the
both subscales of the idealized influence, displaying that its relationship with dominant or
powerful behaviors in the business. Furthermore, our result is consistent with Fesse et al.
(2011), the speech intensity has been considered an important predictor associated with
individual consideration. Individually considerate leaders tend to show greater variability in
speech intensity, speak less, and have shorter utterances. These vocal cues of typical individually
considerate leaders are related to effective listening (Bass & Riggio, 2006).

Regarding intellectual stimulation, it requires activities that inspire followers to rethink
challenges, create fresh solutions, and experience old circumstances in new ways (Bass et al,,
2003). Prior evidence showed a positive relationship between extroversion and intellectual
stimulation (Deinert et al., 2015) while extroverted individuals tend to embrace change (Bono &
Judge, 2004).According to past research, the extroversion perception are influenced by the

speech pauses (Carney et al., 2007) and speech intensity (Pianesi et al., 2008). Consequently, our
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findings have demonstrated the voice pitch, intensity, and voicing probability are related to the
capacity to foster intellectual stimulation within leadership positions.

Finally, inspiring motivation is the cornerstone of transformational leadership, which
emphasizes the importance of developing visions and establishing objectives (Stump et al.,
2016). Emotions play an important role in generating motivational impact. By projecting a
positive emotion, the speaker will place the listener in a positive state, which in turn affects the
desire of the recipient to be influenced positively (Abele, 1999). Generally speaking, the acoustic
features of conveying emotions include amplitude, timing, and fundamental frequency (Schirmer
& Kotz, 2006). Following this concept, it is postulated that the leaders with inspirational
motivation should act in a similar way. Some studies have discussed that the lower voice pitch
(Weinstein et al., 2018) and softer voice (Hall et al., 2005) were predominant means to influence
people. Likewise, the authors found that there is a relationship between voice pitch, voicing
probability and inspirational motivation. Although the intensity is relatively weak, it cannot be
overlooked.

In conclusion, our study not only addresses research gaps but also provides a
comprehensive examination of the influence of paralinguistic features on transformational
leadership measured by the Multifactor Leadership Questionnaire (MLQ). To the best of current
authors’ knowledge, this study represents the first attempt to employ a machine learning
algorithm to analyze paralinguistic features across the full dimensions of transformational
leadership within a business context. Our findings underscore the significance of speech in
forming perceptions of leadership and highlight the predictive features, emphasizing their
relevance in understanding leadership dynamics, a domain that has traditionally received more

attention in the realm of political leadership studies.

3.6.2 Practice Implications

According to existing literature, charismatic leaders often excel in conveying their positive
or negative emotional states through nonverbal communication (Bono & Ilies, 2006). Previous
study has indicated that dynamic vocal tones are frequently employed as strategic tools (Vrij &
Mann, 2005), and charisma can be perceived through the voice (Hogenboom, 2014).

Consequently, the outcomes of this study strongly support the proposition, that leadership or
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charisma may be trainable or enhanced, particularly in relation to the speech involved (Niebuhr
etal, 2016).

First, bear in mind that the fundamental frequency is the key concept. This finding is
consistent with several studies, and it has been shown that the voice pitch is major paralinguistic
signal conveying information relating to the expressiveness of speech. Further, enhance the
voice pitch and the intensity of speech. The findings suggest that it is probably useful to have a
high loudness level. On top of that, the advantage of a tensed voice is that it allows the individual
to speak more loudly and stress for emphasis in a more animated and enthusiastic way. More
fluent, confident, and enthusiastic-sounding speakers are perceived to be more charismatic
(Novak-Tét et al., 2017). Moreover, avoid using long and/or filled pauses and the duration of
speech is a concern of the receivers. Furthermore, following the principle of speech variation,
speakers should avoid always using the same type of emphatic accentuation during the speech.

The advice suggests that achieving charisma in speech, such as talks, speeches, and
presentations. It illustrates the importance of diligent preparation and intensive practice aimed
at effectively conveying leadership attributes to the receivers. Developing charisma in speech
requires a substantial investment of time and effort, with speakers focusing on refining their
abilities to articulate leadership qualities convincingly to their listeners across various
communication contexts. By metaphorically aligning the presentations with the art of dressage,
speakers can elevate their performances in a captivating and multifaceted manner. The term
"dressage" is originally from French, meaning "training," with the purpose of instilling obedience
in horses to respond to commands from their handlers while emphasizing the horse's impulsion
and collection. Analogous to the intricate choreography inherent in dressage, speakers can
infuse their speeches with dynamic energy, varied pacing, and engaging narratives. Just as a
skilled equestrian guides a horse with grace and precision, speakers can navigate their
presentations with fluidity and composure. Furthermore, akin to the harmonious relationship
between horse and rider, speakers establish a profound connection with their listeners. Through
personal anecdotes, humor, or emotional appeals, they forge deep emotional bonds that amplify

the impact of their message.
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3.7 Limitations and Further Directions

This study has some limitations. First, most participants of speakers in this research are
university students who have limited leadership experience in the workplace. It would help to
analyze a more diverse population of speakers to understand if there are relationships between
features and transformational leadership in the general public for a more rigorous test of the
outcomes. Second, the findings are restricted to the specific background of the business
environment, as the level of testosterone has been synonymous with exhibited dominance
(Archer, 2006). Leadership is related to higher testosterone in some occupational settings, such
as the military. It was found that people would rather pay more attention to dominant vocal
signals during wartime (Tigue et al., 2012). In contrast, the opposite is found during peacetime
(van der Meij et al,, 2016). Therefore, the further research could expand the generalizability to
other scenarios. Third, leadership is perceived and expressed differently in other cultural
backgrounds (Darioly & Schmid Mast, 2014). The concept of transformational leadership is truly
American, even though MLQ has been translated into many languages and has been spread to
several countries and cultures. A meta-analysis study has demonstrated that transactional
leadership was as or more important for many criteria (Judge & Piccolo, 2004). Thus, future
research could think about taking transactional leadership into account. Last, future study could
set up in an international context to explore whether the features can be extended across
cultures. In this vein, the same research question can be discussed in different languages. For
instance, Ding et al. (2018) have compared the samples of Chinese and German about their voice
preferences for the speaker. It has shown that Chinese listeners prefer more pitch-related metric
voices and more tone languages than Germans. On the other hand, German listeners prefer more
voice quality than local voice pitch movements compared with Chinese. Summing up, the
perceptions of listeners could be influenced by different languages and annotations. It remains
open if leadership is related to speaking style that differs across different cultural backgrounds
(Scherer & Scherer, 1981). Moreover, the cross-corpora comparison of this data corpus with

other language corpora might be of interest for future direction.
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3.8 Strengths and Weaknesses of the Study

Strengths:

(1) The study benefits from a large corpus of 122 speakers. This considerable sample size,
coupled with standardized speech content across participants, provides a solid foundation for
investigating the relationship between features and transformational leadership. The
methodological approach exemplifies a commitment to rigorous and replicable research design
within leadership studies and acoustic analysis.

(2) The use of computational paralinguistic approach to explore transformational
leadership represents a significant strength of the research. This method allows for the
extraction and quantification of complex speech patterns, showing deeper perspectives into the
nonverbal aspects of communication. As a result, the research not only enhances our theoretical
understanding of the role of voice in leadership perception but also holds practical implications
for leadership training.

(3) The research extends acoustic analysis to real-world business leadership contexts. It
bridges a gap in the literature that frequently centers on political or academic settings. This real-
world context enhances the practical relevance of the findings which demonstrates how
paralinguistic features influence leadership perception in business interactions.

Weaknesses:

(1) While the research concentrates on male speakers aligns with current leadership
demographics in certain scenarios, it may limit the applicability of findings to diverse leadership
contexts. The exclusive focus on male voices, though justified within the study's framework,
leaves open questions about how these voice-leadership relationships might manifest across
different gender identities and in more diverse organizational settings.

(2) The study's reliance on German-speaking samples and the use of the German version
Multifactor Leadership Questionnaire (MLQ) raises concerns about cultural bias. Speech features
and their interpretation can vary significantly across languages and cultures. The lack of cross-
cultural validation limits the global applicability of the findings and leaves open questions about

how the relationships might manifest in different cultural contexts.
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4 STUDY 3: BIOSIGNAL PERCEIVED LEADERSHIP IN PHONETIC APPROACH

4.1 Introduction

The human voice is a highly reliable factor that results in the formation of impressions
(Rezlescu et al., 2015). Stel et al. (2012) have addressed that listeners are not only affected by
words but also by the speaker’s voice. The human voice is a source of rich and nuanced signaling
of emotion (Simon-Thomas et al.,, 2009) that fundamentally influences our daily social
interactions. Voice not only holds verbal information but can also be an auditory face that
conveys essential emotional and personality information (Belin et al., 2004). Further, it is
believed to affect the behaviors of human receivers (Klofstad et al., 2012).

The nonverbal features of a voice (e.g., pitch, speech rate, intensity, quality), traditionally
also called prosodic features, can be used to reinforce words, grab attention, convey trust and
implicitly articulate feelings about a problem (Stel et al., 2012). Tusing and Dillard (2000)
mentioned that prosodic features are nonverbal parameters of a spoken message. Moreover,
they are less controllable than other types of nonverbal behaviors (Zuckerman et al., 1981) and
the behaviors of listeners are influenced by these nonverbal parameters in both animals and
humans (Klofstad, 2016).

Not surprisingly, the hierarchical differences between leaders and followers are reflected in
their speech. It has been found that people in positions of power tend to speak differently from
those with less power (Ko et al., 2015). Some features have been shown to have a strong
influence on how speakers are perceived (e.g., D’Errico et al,, 2013; Hughes et al., 2014). The
impact of a low-pitched voice and the dynamic spectrum of males and females have been the
main focus of evolutionists, but human speech differs in many dimensions (Hodges -Simeon et al,,
2010). Recognizing that human speech features influence how speakers are perceived and can
be employed to express power (Bugental et al., 2009), the authors conjecture that they play an
important role in how listeners perceive leadership.

In recent decades, several other leadership styles have been described. Among these
leadership theories, transformational leadership has emerged as one of the most significant
leadership practices in recent years (van Knippenberg & Sitkin, 2013), and there is increasing
concern about the functioning of this kind of leadership style (Felfe & Schyns, 2010). It has been

said that transformational leadership stimulates an idealistic and positive perspective of the
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world, expresses strong aspirations, attracts the interest of adherents to an abstract, long -term
view, enables progress and encourages new forms of operating (Yukl, 2010). Hence, the authors
examine some of the leadership styles described in the literature, with a particular focus on

transformational leadership.

4.2 Literature Review
4.2.1 Relationship between Voice and Leadership

A growing number of studies in many fields have identified several distinct speech features
that can strongly influence listeners’ perception of speakers. For example, fundamental
frequency, also called the voice pitch (Fo), was examined in various studies regarding its
influence on perceptions. Prior works (e.g., Klofstad, 2016; Klofstad et al., 2012) have used
human voice pitch as an indicator to examine leadership as well as dominance. Previous
evidence suggests that voice pitch is a predictable feature; thus, the authors assume that the
speech features summarized above can be transferred into a business context (e.g., Niebuhr et al,,
2020). However, studies allege that although human voice pitch can be an effective feature in
determining leadership perception, it is not the only acoustic feature influencing perceived
leadership. For instance, Signorello et al. (2020) have argued that leaders tend to use higher and
louder voice pitch when speaking in formal political contexts such as speeches because they
need a high psychological intervention to activate a wide range of emotions and express
personality characteristics. While a large body of prosodic features (e.g. voice pitch) in the prior
studies has been playing a promising role, an examination of the phonetic feature offers further
insights into the acoustic correlates of perceived leadership. For example, formants are the
major phonetic parameters that concentrations of acoustic energy at specific frequencies and
specific phonetic functions are particularly salient in this context. Niebuhr (2020) has revealed
significant positive correlations between listeners' perceptions of charisma and speakers’
formant ranges, specifically the first and second formants (F1 and F2). The study demonstrated
that broader formant ranges along either vowel space dimension were associated with higher
charisma ratings. Moreover, speakers exhibiting expansive vowel spaces were perceived as most
charismatic, whereas those with constricted vowel spaces were rated least charismatic. These
findings suggest a differentiated impact of formant ranges on listener perceptions: the F1 range

appears more salient for attributes related to emotional expressiveness, while the F2 range
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seems more closely associated with cognitive attributes (Niebuhr, 2020). Yet, Berger et al. (2023)
argued that speakers with larger F1 ranges were rated as less charismatic in the analysis of 50
minutes of speech material from 10 English-speaking YouTubers. In contrast, speakers with
larger F1 ranges were perceived as more charismatic in a controlled stimuli experiment. Notably,
the study found no significant correlation between F2 range and charisma ratings across both
conditions.

Taken together, research suggests a correlation between voice pitch and leadership
perception, but its effectiveness remains open to interpretation. This ambiguity extends beyond
pitch, encompassing the influence of various prosodic and phonetic features. Further
exploration is warranted to determine if the observed disparity between perceived leadership

and reality is a genuine phenomenon or an analytic error.

4.2.2 Research Gap: Speech Features and Transformational Leadership

Past studies have mainly concentrated on the perspectives of charisma, dominant, or
leadership. To the best of the authors’ knowledge, yet there is limited literature addressing the
relationships between speech prosody and the subdimensions of transformational leadership.
For instance, Feese et al. (2011) have conducted an experiment in small groups meetings
including 165 subjects to examine the perception on individualized consideration, a
subdimension of transformational leadership. In that study, the fundamental frequency, voice
quality, voicing probability and formants, are excluded due to an unequal distribution of males
and females leaders. With the Wilcoxon rank-sum test for gender dependence of features, it
revealed that most speech prosody was significantly dependent on gender and this is the main
reason not to include prosodic features in the further analysis. Using automatically extracted
features and a logistic regression, the results showed that speech energy, speaking time, short
utterances, and interruptions are the most predictive variables. Likewise, Aharonson et al. (2023)
have designed a scenario in educational setting, especially for the perceived lecturers’ charisma
on the subscale of idealized influence. A total of 900 students listened to the audio files consisted
of 100 males’ and 100 females’ lectures in English from YouTube. With a Random Forest
classifier, the findings have demonstrated that voicing probability, fundamental frequency, and
speech loudness were linked to be the prominent features of charisma. Nevertheless, the

importance of loudness is comparatively less in lectures. On the contrary, the rhythm features
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may have created an interesting and engaging pattern for students to perceived lecturers’
charisma. Obviously, the evident research gap in the past studies (e.g. Aharonson et al., 2023;
Feese etal., 2011) has been the exclusive focus on a single facet of transformational leadership,
neglecting the exploration of other dimensions. This highlights the need for further exploration
into the unexplored facets of transformational leadership to achieve a comprehensive
understanding of its dynamics and implications. By broadening the scope of current findings, it
can enrich the existing literature and provide valuable insights for leadership theory and
practice. Specifically, this study might represent the inaugural original research endeavor aimed
at investigating the speech features and comprehensive dimensions of transformational

leadership.

4.3 Methodology and Speech Corpus
4.3.1 Participants as Speakers

The participants who served as speakers in this research were recruited from two
universities and a telecom company in Germany. Some participating members received course
credits in exchange for taking part in this research, while others who volunteered were given an
incentive as feedback. Prospective participants were tested for factors that could influence the
sound of the natural voice (i.e., illness) and were excluded from the study if any of the factors
were present (e.g., Hughes et al., 2014). The final sample consisted of 122 males, each of whom
provided two speech recording samples that were used as stimuli for this study. Participants’
mean age was 31.48 (range=20-63 years old, SD=10.48). This research restricted its attention to
only male speakers for the following reasons. First, both men and women tend to manipulate
voice pitch across social contexts in relation to dominance (Leongémez et al., 2017). The results
showed that no matter male or females, people modulate their voice pitch to produce a desired
social outcome in specific social contexts. Second, because of biomechanical restrictions within
the phonation system, not all changes in charisma-related parameters exhibited by speakers are
equally replicable by different genders (Niebuhr et al., 2016). Third, in accordance with the
Gender Statistics Database of European Institute for Gender Equality (EIGE) in 2019, although
the proportion of females in the workplace has increased in the past few decades, only 6.7% are

board chairs and even fewer women, only 6.5%, are CEOs in the large companies in the
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European Union. Taken together, the gender bias of sampling should be irrelevant in the current
research.

Each speaker was first presented with a vignette in German informing them of an event
that took place in a fictional corporation, followed by a CEO's voice recording. A vignette
experiment, also called a scenario experiment, presents a hypothetical situation that research
subjects are asked to answer. Owing to very little requirements of vignette study, it can easily be
used in a variety of settings, such as the laboratory, the field, and even online (Rietzschel et al,,
2017). The use of a fictional corporation was approved to prevent possible confounding
consequences of previous experience and credibility (Laufer & Jung, 2010). The vignette
explained that the participant was the CEO of a paper company where an important project,
“Paper for People” was proceeding. However, there was no appropriate time for the CEO to
announce it to staff and interns in person. In order not to delay the project, the CEO decided to
give a speech for its commencement. The vignette of the speech was derived from a prior study
(Kirkpatrick & Locke, 1996) and was modified for the present research.

The average duration of each speech recording is approximately 3 minutes and 30 seconds.
Upon signing an informed consent form and completing a demographic questionnaire (gender,
age, education level, native language, and place of residence), speakers began the recording
sessions. The recordings were done individually in a quiet room in a university laboratory. The
experimenter was absent from the room during the recording sessions to mitigate any possible
Hawthorne effect. The Hawthorne effect, a phenomenon in research and work settings, describes
how individuals modify their behavior or performance when individuals realize they are being
observed or evaluated (Oswald et al,, 2014). To reduce the carry-over effects, participants had to
annotate their normal voice as a sample (e.g., Hughes et al., 2014). Their audio -video was
recorded using a full high definition resolution camcorder (Sony HDR-CX 240) with a tripod and
a clip-on microphone (Speedlink SL-8691-SBK-01) worn by speakers to improve voice quality.
In order to prevent additional compression artefacts, the audios extracted from videos were
encoded in the uncompressed Waveform Audio Format (.wav) by GoldWave (Version 5.67), with
a sampling rate of 16kHz. Considering the fundamental frequency of the human voice, which
typically range between 300Hz and 3400Hz (Pramanik & Raha, 2013), the Nyquist-Shannon
sampling theorem dictates that a sampling rate at least twice the highest frequency is necessary

for accurate signal representation. Moreover, adherence to the Shannon Theorem or Nyquist

72



STUDY 3: BIOSIGNAL PERCEIVED LEADERSHIP IN PHONETIC APPROACH

Law necessitates a sampling rate higher than twice the maximum frequency present in the
digitized signal. Given that speech signals predominantly fall below 8kHz, most speech corpora
adopt a minimum sampling rate of 16kHz to ensure fidelity (Schiel & Draxler, 2003). Therefore,
in line with previous studies (e.g., Schmitt & Schuller, 2019; Triantafyllopoulos & Schuller, 2021),
this work adopts a 16kHz sampling rate to ensure compatibility with established standards and

facilitate comparability with existing literature.

4.3.2 Independent Raters

Another group of 122 participants (55 males and 67 females) acted as raters of the speech
samples. Their mean age was 30.1 (range=19-74 years old, SD=10.9). The raters were recruited
from two German universities. None of them reported having a hearing impairment that might
have interfered with the rating of these speech samples. Moreover, independent raters were
requested not to test with the speech sample if they recognized the speakers. Independent raters
were requested to read and sign an informed consent form, and then complete a demographic
questionnaire (gender and age). The investigator instructed the participants to rate a series of
speech samples on a computer with a headset (Speedlink SL-8727-BK-01). The whole process

was held in a quiet single room in a university laboratory.

4.3.3 Instrument: The Multifactor Leadership Questionnaire (MLQ)

After rating a speech sample, the rater immediately filled in the Multifactor Leadership
Questionnaire (MLQ) containing the measurable items of dependent variables for
transformational leadership perception. The Multifactor Leadership Questionnaire (MLQ) is a
predominant and promising instrument for assessing transformational leadership behavior
(Yukl, 2010) via self or observer reports (Antonakis et al., 2016). In this research, the German
MLQ scale was selected to fit the German raters and ensure no language barrier since the
original MLQ is in English. The German MLQ was translated, modified, and tested for validity and
reliability by using a large number of German participants (see Felfe & Goihl, 2002). The
instrument of transformational leadership was measured using a 5-point Likert scale, with 1
(strongly disagree) and 5 (strongly agree) for 20 items. Generally speaking, the scales give a high
reliability (Nunnally, 1978) and present a good internal consistency measure if the value of total

Cronbach’s a was greater than 0.6 (Downing, 2004) as shown in Table 4.1.
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Table 4.1
Overview of the Reliability of The German MLQ (N=122)

Subdimensions Items M SD Cronbach’s a
Idealized influence attributed 4 3.63 0.84 0.86
Idealized influence behavior 4 3.83 0.77 0.79
Individualized consideration 4 3.62 0.84 0.89
Intellectual stimulation 4 3.67 0.81 0.85
Inspirational motivation 4 4.05 0.93 0.92

4.3.4 Features Extraction

Feature extraction involves the process of reducing information to its most relevant
features. This study specifically focuses on speech features in greater detail. The current authors
employed a method to reduce the dimensionality of the data in order to target the most
pertinent features using a custom Praat (Version 6.3.04; Boersma & Weenink, 2023) script as
outlined by prior works (Krajewski, 2007; Krajewski & Kroger, 2007; Krajewski et al., 2008;
2009; 2012a; 2012b) for the precise measurement of the data. The features such as fundamental
frequency, intensity, speech duration, and formant-related (F1-F5) features (e.g. formant
frequency, formant bandwidth, and formant position) were measured as the phonetic approach
by Praat.

In the current study, fundamental frequency, intensity, and speech duration are classified
as phonetic features, despite their traditional categorization as prosodic elements associated
with intonation and stress patterns. This classification is predicated on the methodological
approach of utilizing phonetic analysis tools for their measurement. This distinction is further
supported by recent research highlighting the critical role these features play in speech
processing, conveying meaning, and emotional nuances in spoken language (Zavogianni et al.,
2024). Therefore, the reclassification in this context reflects the study's specific methodological
framework within the realm of acoustic measurements using phonetic analysis tools.

The relevant phonetic features were extracted for each frame (frame length: 25ms, step
size: 10ms) with a sample frequency of 16kHz. Following the fundamental frequency, the
features of intensity were derived: mean, 2nd-4th quartile, standard deviation, maximum,
minimum, range, as well as position and values of the maxima and minima. Additionally, the

trajectories of jitter and shimmer were extracted and mean values were calculated. While for
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jitter and shimmer are traditionally used to describe voice pathologies, Hughes et al. (2014)
have demonstrated that these measures may also influence listeners' perceptions of speakers’
dominance. Further, the speech segment measures were calculated: speech rate, articulation
rate, phonation times, duration, and average speaking duration. The prior studies (Charfuelan et
al,, 2010; Krajewski, 2007; Schuller et al., 2011) have classified jitter and shimmer as features
related to the scope of fundamental frequency and intensity, respectively. Lastly, the features as
formants frequencies, formant bandwidth, and formant positions were computed: mean, 2nd-
4th quartile, standard deviation, maximum, minimum, maximum and minimum temporal
position, and the differences between the averages of the formants. Hence, the current authors
followed the principles for the phonetic feature sets as presented in Table 4.2. The detailed
descriptions of speech features please refer to the Appendix B.

Table 4.2

Phonetic Feature Sets used in Analysis

Feature sets Speech features

Fundamental frequency 1. Maximum, minimum, average, and standard deviation value
of fundamental frequency
2. Maximum and minimum temporal position of fundamental
frequency
The 25th and 75th percentile of fundamental frequency
Regression slope of fundamental frequency
Jitter

Maximum, minimum, average, and standard deviation value

Bl o e W

Intensity
of speech intensity

N

Maximum and minimum temporal position of speech
intensity

The 25th and 75th percentile of speech intensity
Shimmer

Duration The total count of silent breaks or pauses
Speech rate

Articulation rate

The total length of the speech in seconds

The actual speaking time (excluding pauses) in seconds

A

The average duration of continuous speech segments in
seconds

Formants 1. Maximum, minimum, average, and standard deviation value
of F1-F5
Maximum and minimum temporal position of F1-F5
3. Differences between the averages of the formants
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4. The 25th, 50th, and 75th percentile of F1-F5 (Bandwidth 1-
5)

4.3.5 Machine Learning Approach

The Waikato Environment for Knowledge Analysis (WEKA) is a data-mining program
developed at the University of Waikato. It includes a variety of machine-learning tools and
algorithms that help with tasks like data preprocessing, classification, regression, and clustering
(Witten et al.,, 2011). WEKA is open-source, meaning it is freely available for anyone to use, and
it has become popular for recognizing patterns in genetic data and other data-mining tasks.
Version 3.8.0 is used in this research.

In recent years, algorithms that adapt to individual speakers have become important in
speech recognition. These algorithms aim to make speech recognition systems work better for
each person, even when there is only a small amount of data specific to that person. The
challenge is to adjust many features to fit models tailored to individual speakers while starting
with limited data. Among these techniques, speaker normalization is the most commonly used.
This method adjusts the input speech to match standard acoustic models, which helps in training
models that work well for many different speakers. Both training and testing data are
normalized to ensure consistency. There are three main types of speaker normalization models:
global, iterative, and background. The background normalization model is particularly useful for
real-time applications because it effectively uses shared features among speakers to improve
accuracy with less data (Yin et al., 2008). Although speaker normalization is widely used to
enhance performance, not all methods are suitable for practical use (Bone et al., 2014).
Collecting neutral or baseline speech in similar conditions is crucial for obtaining representative
data, especially when trying to detect a speaker's state. Hence, the current authors split the
dataset equally, with 50% for training and 50% for test (e.g., Geiger et al., 2012). Specifically, the
first 61 participants are targeted as a training dataset, and the remaining 61 participants are

used a test dataset.

4.3.6 Machine Learning Algorithm

Support Vector Machine (SVM) is a machine learning algorithm used for various tasks,

including regression and classification. In 1997, it was found that SVM could be improved by
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breaking down a large optimization problem into smaller, more manageable parts (Osuna et al,,
1997). This process, known as quadratic programming (QP), seeks the best solution by
maximizing or minimizing a quadratic function while adhering to certain rules. To implement
this approach efficiently, the Sequential Minimal Optimization (SMO) algorithm was developed
(Platt, 1998). The SMO algorithm's main advantage is its ability to split the QP problem into the
smallest parts possible- specifically, pairs of smaller problems that can be solved quickly and
accurately (Flake & Lawrence, 2002). Unlike other methods (Joachims, 1999), SMO leverages the
quadratic nature of the problem and solves these pairs simultaneously (Flake & Lawrence,
2002). Due to its efficiency, the current authors selected the SMO method. The SMO algorithm
speeds up the process by breaking the complex QP problem into simpler parts and solving each
part analytically (Ziari et al., 2016). In evaluating regression models, two important measures
are the Root Mean Square Error (RMSE) and the Mean Absolute Error (MAE). RMSE calculates
the average error by taking the square root of the average squared differences between actual
and predicted values, while MAE measures the average absolute differences. Both are commonly
used, with lower values indicating better performance (Ziari et al., 2016). Despite debates about
the advantages (Willmott & Matsuura, 2005), RMSE, MAE, and the coefficient of determination
(R?) are standard evaluation metrics. R? is considered the most crucial indicator of regression
model performance (Hantke et al., 2016). In this study, the SMO regression algorithm from

WEKA, using the default complexity parameter of 0.1, was employed.

4.4 Research Results
4.4.1 Individualized Consideration

Correlative Results.

The interpretation of effect sizes in psychological research has evolved significantly since
Cohen's (1988) seminal work, which proposed widely adopted benchmarks for small (r=0.1),
medium (r=0.3), and large (r=0.5) effects. However, recent studies have reported that these
guidelines may require refinement to better reflect the nuances of various psychological
subdisciplines (Ferguson, 2009; Gignac & Szodorai, 2016).

The meta-analytic study of Gignac and Szodorai (2016) has mentioned the empirical
support for this approach. Analyzing effect sizes in individual differences research over the past

century, they proposed revised guidelines: small (r=0.1), typical (r=0.2), and large (r=0.3). Their
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designation of r=0.2 as a "typical" effect size corroborates the use of this threshold as a marker

of substantive significance. Furthermore, Ferguson (2009) has recommended that r=0.2 as a
minimum practical effect across various psychological subdisciplines lends additional support to
this criterion. Based on effect size considerations, the relevance criterion is selected here as the
criterion for the noteworthiness of correlation relationships. Relationships with at least an effect
size (|r|=0.2) possess potential value for further investigations, independent of significance
statements, and are therefore classified as substantively meaningful. In the case of voice analysis,
it is difficult to distinguish common from specific features by a theoretical approach.

In correlation analysis, the highest value of phonetic features are: the difference between
the average frequencies of the fourth and fifth formants (df4f5) with r=-0.31, the minimum value
of the intensity curve (int_mean) with r=0.30, the time point at which the first formant reaches
its maximum frequency during speech (f1_maxtime) with r=0.29, the total length of the speech
(dur) with r=0.28, the difference between the average frequencies of the second and fifth
formants (df2f5) with r=-0.28, the minimum value of the first formant frequency (f1_min) with
r=-0.28, the 25th percentile of the bandwidth of the forth formant frequency (f4_bandw_q25)
with r=-0.28, the difference between the average frequencies of the first and fifth formants
(df1f5) with r=-0.26, the actual speaking time excluding pauses in seconds (phonationtime) with
r=0.25, and the 75th percentile of the intensity curve (int_75quant) with r=0.25 show the
highest correlation to individualized consideration. The highest value of correlations is achieved
as Table 4.3.

Specifically, it is pertinent to highlight several points of particular interest:

Negative correlations with df4f5, df2f5, and df1f5: These indicators reflect the changes
in the shape of the oral and pharyngeal cavities during articulation. A negative correlation
suggests that the speaker may open their mouth wider and lower their tongue position when
speaking. This can be understood as clearer and more open articulation, with the voice sounding
fuller and more resonant.

Positive correlation with f1_maxtime: A longer duration for the first formant (F1) to
reach its maximum value may indicate that the speaker is keeping their mouth open longer
while producing certain vowels. This gives the impression of slower and clearer articulation,

where each syllable is fully articulated.

78



STUDY 3: BIOSIGNAL PERCEIVED LEADERSHIP IN PHONETIC APPROACH

Negative correlation with f1_min: A lower minimum F1 value is typically associated with
a higher tongue position. This may convey the impression that the speaker is articulating with
greater precision, with clearer and more deliberate enunciation.
Table 4.3

Correlation of Top Phonetic Features on Individualized Consideration

Feature r Feature sets
dfafs -0.31 Formants
int_mean 0.30 Intensity
f1_maxtime 0.29 Formants
dur 0.28 Duration
df2f5 -0.28 Formants
f1_min -0.28 Formants
f4_bandw_q25 -0.26 Formants
df1f5 -0.26 Formants
phonationtime 0.25 Duraiton
int_75quant 0.25 Intensity
fO_range 0.25 FO
f4_bandw_g50 -0.25 Formants
f1_maxtime 0.25 Formants
int_max 0.24 Intensity
f3_bandw_qg50 -0.24 Formants

Building upon the identification of features with correlations (|r| 20.2), the next step
involves examining the predictive relationships between these features and the subdimensions
of transformational leadership using machine learning techniques. To this end, SMO (Sequential
Minimal Optimization) regression is employed as an analyzing method in the dataset. This
regression approach enables the modeling of complex interactions between vocal characteristics

and perceived leadership by optimizing support vector machines for regression tasks.

SMO Regression.

Individualized consideration, a subdimension of transformational leadership, is the degree
to which a leader acts like a mentor or coach. A leader listens to subordinates and provides them
with coaching and encouragement. Table 4.4 presents the SMO regression results on
individualized consideration. For the specific features, the best sign is the speech duration with

R2=0.40 that plays the most important role. Interestingly, although fundamental frequency,
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typically a key indicator in vocal analysis, resulted in an R? value of 0.24, formants exhibits a
stronger influence with an R? of 0.28, surpassing both fundamental frequency and intensity
(R?=0.25). It may suggest that formants, which capture the resonant characteristics of speech,
play a more substantial role in shaping perceptions of a leader's individualized consideration. On
the other hand, while voice pitch remains relevant, the speech duration and attention to a leader
dedicates to individualized consideration significantly impacts their effectiveness in this
leadership aspect.

Table 4.4

Results of SMO Regression on Individualized Consideration

Feature sets R? MAE RMSE
Fundamental frequency 0.24 0.66 0.87
Intensity 0.25 0.63 0.86
Formants 0.28 0.62 0.83
Duration 0.40 0.60 0.80

4.4.2 Idealized Influence Attributed

Correlative Results.

According to Table 4.5, the following features show a strong correlation to idealized
influence attributed: the average loudness throughout the speech (int_mean) with r=0.41, and
the 75th percentile of the intensity curve (int_75quant) with r=0.36, the maximum value of the
intensity curve (int_max) with r=0.34, and the difference between the maximum and minimum
pitch values (fO_range) with r=0.29, the difference between the average frequencies of the
second and fifth formants (df2f5) with r=-0.29, the 75th percentile of the bandwidth of the forth
formant frequency (f4_bandw_q25) with r=-0.28, the 50th percentile of the bandwidth of the
second formant frequency (f4_bandw_q50) with r=-0.27, the 25th percentile of the bandwidth of
the forth formant frequency (f4_bandw_q75) with r=-0.27, and the difference between the
average frequencies of the first and fifth formants (df1f5) with r=-0.27 result in highest values
related to idealized influence attributed.

Interestingly, it draws attention to a few salient data points:

Strong positive correlations with intensity-related features: It suggest that speakers

perceived as having higher leadership traits may produce speech with greater overall loudness
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and more dynamic control over volume. This can be understood as a voice that is more forceful,
confident, and attention-grabbing, with a wide range between soft and loud sounds.

Positive correlations with f0_range and f0_slope: It may mention that a broader pitch
variation and more rising or falling intonation patterns are associated with more positive
listener perceptions. This implies that speakers using more expressive pitch modulation,
potentially with varied and dynamic speech, are perceived as more engaging and authoritative.

Negative correlations with df2f5 and df1f5: The negative correlations between the
differences between the formants indicate that smaller separations between these formants are
associated with more favorable perceptions. Physiologically, this could mean that speakers are
using more compact articulation, perhaps with the tongue positioned higher or further back in
the mouth, resulting in a clearer and more controlled sound.

Negative correlations with the F3 and F4 bandwidth: The negative correlations
observed between the F3 and F4 bandwidths and idealized influence attributed may point to the
influence of vocal clarity. These across various quantiles highlight that bandwidth of the third
and fourth formant (B3 and B4) is linked to favorable perceptions. A narrower bandwidth in
these formants generally indicates a more focused resonance, which is often linked to clearer,
sharper articulation and a more defined vocal quality.

Table 4.5

Correlation of Top Phonetic Features on Individualized Influence Attributed

Feature r Feature set
int_mean 0.41 Intensity
int_75quant 0.36 Intensity
int_max 0.34 Intensity
fO_range 0.29 FO
fO_slope 0.29 FO

df2f5 -0.29 Formants
f4_bandw_qg25 -0.28 Formants
f4_bandw_qg50 -0.27 Formants
int_25quant 0.27 Intensity
f4_bandw_q75 -0.27 Formants
df1f5 -0.27 Formants
f3_bandw_q75 -0.26 Formants
f3_bandw_q25 -0.26 Formants
f3_bandw_g50 -0.26 Formants

81



STUDY 3: BIOSIGNAL PERCEIVED LEADERSHIP IN PHONETIC APPROACH

f0_sd 0.26 FO

SMO Regression.

Generally speaking, idealized influence is the ability to exercise influence by acting as a role
model. As a concept, idealized influence attributed measures the followers’ perceptions of the
leaders. Table 4.6 shows the results of SMO regression on the idealized influence attributed,
another subdimension of transformational leadership. It is seen that speech duration is a
promising feature with R?=0.47 and fundamental frequency is found to be a similarly good
feature with adjusted R2=0.46. These findings underscore the importance of both the duration
and the voice pitch to establish perceptions of idealized influence among followers. A leader's
ability to communicate effectively and consistently, coupled with their vocal characteristics,
significantly influences how they are perceived as role models by their followers. Yet, the
intensity feature set yields a R? value of 0.36, reflecting a moderate relationship with the
idealized influence attributed. While the analysis of formants results in R*=0.22 that indicates a
limited impact compared to other features, it should not be overlooked. Formants play a crucial
role in the phonetic structure of speech, which can subtly influence followers' perceptions,
particularly in more nuanced or context-dependent interactions (Zhang et al., 2015). It might
reflect the complexity of how formants contribute to vocal quality, but their role in conveying
speaker authority, clarity, and intelligibility remains an essential aspect of leadership
communication.

Table 4.6

Results of SMO Regression on Idealized Influence Attributed

Feature sets R? MAE RMSE
Fundamental frequency 0.46 0.63 0.80
Intensity 0.36 0.67 0.84
Formants 0.22 0.68 0.86
Duration 0.47 0.66 0.83

4.4.3 Idealized Influence Behavior
Correlative Results.
Regarding this subdimension (see Table 4.7), the average loudness throughout the speech

(int_mean) with r=0.35, the 75th percentile of the intensity curve (int_75quant) with r=0.31, the
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difference between the maximum and minimum pitch values (f0_range) with r=0.30, and the
maximum value of the intensity curve (int_max) with r=0.28, the maximum value of the pitch
curve (f0_max) with r=0.27, the standard deviation of the pitch curve (f0_sd) with r=0.27, the
minimum value of the second formant frequency (f2_min) with r=-0.27, the difference between
the average frequencies of the second and fifth formants (df2f5) with r=-0.26, the difference
between the average frequencies of the fourth and fifth formants (df4f5) with r=-0.25 present
the highest correlations of features to idealized influence behavior.

Furthermore, it is imperative to discuss several observations:

Positive correlations with intensity-related features: It indicates that speakers
perceived more favorably tend to use higher average loudness and greater control over their
vocal volume. This implies that more confident and authoritative speakers often project their
voice with consistent strength, making them sound more assertive and commanding.

Positive correlations with various aspects of fundamental frequency (F0): This may
be said that greater pitch variability and a higher pitch maximum are associated with positive
perceptions. Speakers using a wider pitch range and more expressive intonation tend to sound
more engaging and dynamic, which can make them seem more charismatic and in control.

Negative correlation with F2_min: Physiologically, this could reflect a more retracted
tongue position in the mouth, producing a sound that is more focused and potentially clearer,
indicating controlled articulation.

Negative correlations with df2f5, df4f5, and df2f3: The negative correlations between
the differences of the formants outline that smaller formant separations are linked to more
positive listener perceptions. This may show that speakers who use tighter articulation, for
example less spread in tongue and lip positions, produce a more clear, and precise sound that is
perceived as more authoritative.

Table 4.7

Correlation of Top Phonetic Features on Individualized Influence Behavior

Feature r Feature set
int_mean 0.35 Intensity
int_75quant 0.31 Intensity
f0_range 0.30 FO

int_max 0.28 Intensity
fO0_max 0.27 FO
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f0_sd 0.27 FO
f2_min -0.27 Formants
df2f5 -0.26 Formants
f0_75quant 0.25 FO
df4fs -0.25 Formants
df2f3 -0.25 Formants
f0_slope 0.24 FO
f4_bandw_q75 -0.24 Formants
df1f2 0.23 Formants
f4_bandw_qg25 -0.22 Formants
SMO Regression.

As discussed above, there are two dimensions of idealized influence. The first is the aspect
of idealized influence attributed, the second is the idealized influence behavior. Different from
idealized influence attributed, the concept of idealized influence behavior is determined from
the perspective of followers based on their observation of the leader’s behavior. Table 4.8 gives
an overview of the SMO regression on idealized influence behavior. Intensity and speech
duration are the main reliable predictors with R2=0.37 and 0.36, respectively. Even though the
R2 value of fundamental frequency is not as high as the above, the performance seems promising
with R2=0.31. It illustrates that the significance of both intensity and speech duration in
predicting idealized influence behavior. Leaders who exhibit strong intensity and maintain
effective communication over time are more likely to be perceived as embodying idealized
influence by their followers. Additionally, formants has the limited coefficient of determination
(R?=0.25), their contribution to the model should not be understated. Formants, being integral
to vowel articulation and voice quality, may capture subtle aspects of speech that other features
do not encompass. It might be attributed to their complex, non-linear relationship with
perceived leadership qualities, rather than a lack of importance.

Table 4.8

Results of SMO Regression on Idealized Influence Behavior

Feature sets R? MAE RMSE
Fundamental frequency 0.31 0.56 0.74
Intensity 0.37 0.56 0.73
Formants 0.25 0.55 0.73
Duration 0.36 0.52 0.71
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4.4.4 Intellectual Stimulation

Correlative Results.

The average loudness throughout the speech (int_mean) with r=0.40, the 75th percentile of
the intensity curve (int_75quant) with r=0.38, the maximum value of the intensity curve
(int_max) with r=0.36, the 25th percentile of the intensity curve (int_25quant) with r=0.29, the
difference between the average frequencies of the second and fifth formants (df2f5) with r=-0.29,
the difference between the average frequencies of the first and fifth formants (df1f5) with r=-
0.28, the difference between the average frequencies of the fourth and fifth formants (df4f5)
with r=-0.27, the total length of the speech (dur) with r=0.26, the difference between the
maximum and minimum pitch values (f0_range) with r=0.25, and the actual speaking time
excluding pauses in seconds (phonationtime) with r=0.25 are strongest features linked to
intellectual stimulation. The results are given in Table 4.9.

The following points that yield intriguing views may be addressed:

Strong positive correlations with intensity measures: It illustrates that speakers who
are perceived more favorably tend to produce speech with greater average loudness and
dynamic control over volume. This can be interpreted as a voice that is more forceful and
assertive, projecting confidence and command through variations in intensity.

Negative correlations with df2f5, df1f5, df4f5, and df3f5: The negative correlations
between the differences of the formants imply that smaller separations between these formants
are linked to more positive listener perceptions. This perhaps indicates that speakers are
articulating with a more compact vocal tract configuration which produces clearer voice.

Negative correlation with F2_min: [t indicates that a lower F2 minimum is associated
with more favorable perceptions. This is typically linked to a more retracted tongue position in
the mouth, producing a sound that is perceived as clearer and more controlled.

Table 4.9

Correlation of Top Phonetic Features on Intellectual Stimulation

Feature r Feature sets
int_mean 0.40 Intensity
int_75quant 0.38 Intensity
int_max 0.36 Intensity
int_25quant 0.29 Intensity
df2f5 -0.29 Formants
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df1f5 -0.28 Formants
df4f5 -0.27 Formants
dur 0.26 Duration
f0_range 0.25 FO

phonationtime 0.25 Duration
df3f5 -0.25 Formants
f2_min -0.25 Formants
f4_bandw_qg25 -0.24 Formants
f4_bandw_qg50 -0.23 Formants
fO0_max 0.23 FO

SMO Regression.

One of the most important tasks for a leader is to present new ideas, find new solutions,
and encourage the followers to challenge problems encountered with creativity. From this
perspective, the subdimension of intellectual stimulation describes ways of achieving it. Table
4.10 provides an overview of regression results for intellectual stimulation. The speech duration
is highlighted with R2=0.38. In addition to duration, the voice pitch and speech intensity of the
predictive features sets are quite equally with adjusted R?=0.31 and 0.29, respectively. These
findings underscore the importance of features in facilitating intellectual stimulation within
leadership. Leaders who effectively utilize speech duration, voice pitch, and intensity are better
positioned to foster an environment conducive to innovation and creative problem-solving
among their followers. By leveraging these features, leaders can encourage critical thinking,
inspire novel ideas, and drive organizational growth and success. Notably, it is important to
recognize the role of formants even though they may not have a stronger impact (R?=0.26). In
spite of the influence are smaller compared to temporal and pitch-related features, it has
revealed that the spectral qualities of the voice do indeed affect intellectual stimulation (Hahm,
2022).

Table 4.10

Results of SMO Regression on Intellectual Stimulation

Feature sets R? MAE RMSE
Fundamental frequency 0.31 0.63 0.80
Intensity 0.29 0.59 0.77
Formants 0.26 0.62 0.80
Duration 0.38 0.65 0.78
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4.4.5 Inspirational Motivation

Correlative Results.

In accordance with Table 4.11, the following features show the highest correlation to
idealized influence attributed: the average loudness throughout the speech (int_mean) with
r=0.34, the difference between the maximum and minimum pitch values (f0_range) with r=0.31,
the maximum value of the pitch curve (f0_max) with r=0.31, the 75th percentile of the intensity
curve (int_75quant) with r=0.31, the 75th percentile of the pitch curve (f0_75quant) with r=0.30,
the maximum value of the intensity curve (int_max) with r=0.30, the standard deviation of the
pitch curve (f0_sd) with r=0.28, the minimum value of the second formant frequency (f2_min)
with r=-0.26, the difference between the average frequencies of the second and fifth formants
(df2f5) with r=-0.25, the 75th percentile of the bandwidth of the forth formant frequency
(f4_bandw_q75) with r=-0.25 are the highest values related to inspirational motivation.

Moreover, some points can be further mentioned:

Positive correlation of FO parameters: It implies greater pitch range, higher maximum
pitch, and more variability in pitch are linked to more favorable perceptions. This reflects a more
dynamic and expressive vocal style, where speakers may employ varied intonation patterns to
convey confidence and authority.

Negative correlation with F2_min and df2f5: The negative correlation with both features
may suggest alterations in vocal tract configuration. This likely involves changes in tongue
positioning and lip rounding. These modifications might be perceived as more precise
articulation or a shift in vowel quality.

Negative correlation with F4 bandwidth: A negative correlation with narrower
bandwidth of the higher formants as F4 may suggest a more focused resonance and a clearer,
more defined vocal quality. This phenomenon is often associated with more authoritative and
confident speech, which is perceived as a characteristic of effective leadership.

Table 4.11

Correlation of Top Phonetic Features on Inspirational Motivation

Feature r Feature set
int_mean 0.34 Intensity
f0_range 0.31 FO

f0_max 0.31 FO
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int_75quant 0.31 Intensity
f0_75quant 0.30 FO
int_max 0.30 Intensity
f0_sd 0.28 FO
f2_min -0.26 Formants
df2f5 -0.25 Formants
f4_bandw_qg25 -0.25 Formants
df2f3 -0.25 Formants
f0_mean 0.25 FO
f0_slope 0.25 Formants
f4_bandw_qg50 -0.24 Formants
df4f5 -0.23 Formants
SMO Regression.

As the last discussed subdimension of transformational leadership, inspirational
motivation is described as a relationship between the leader and followers. It is the leader’s
ability to outline and illustrate future vision with clear communication that can be shared with
the followers. Table 4.12 illustrates the results for inspirational motivation. With an
exceptionally high R2 = 0.43, the regression result of fundamental frequency is likely the best. On
the other hand, the role of speech duration with R2=0.37 cannot be overlooked. This implies that
for the dimension of inspirational motivation in leadership, fundamental frequency emerges as a
pivotal predictor. It suggests that the voice pitch plays a critical role in conveying future visions
and motivating followers. However, it is equally noteworthy that speech duration also
demonstrates a significant impact that indicates that the time management by the leader also
plays essential roles in inspiring followers. Although formants presents a relatively moderate R?
value of 0.21, slightly higher than intensity (R?=0.18), the contribution of formants remains
mentioned. Formants capture the resonance characteristics of speech, which contribute to vocal
quality and timbre. These spectral qualities, while less dominant than voice pitch or duration,
still influence the way leaders convey motivation.

Table 4.12

Results of SMO Regression on Inspirational Motivation

Feature sets R? MAE RMSE
Fundamental frequency 0.43 0.66 0.87
Intensity 0.18 0.74 0.86
Formants 0.24 0.75 0.88
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Duration 0.37 0.72 0.83

4.5 Discussions
4.5.1 Theoretical Implications

This study involves an analysis of 122 speakers and 122 raters (listeners) to examine the
perceived transformational leadership by speech features using SMO regression. Broadly, the
features select in this study are prominent indicators of perceived transformational leadership.
According to Aharonson et al. (2023), the speech energy and fundamental frequency are
perceived as vocal cues for charisma, particularly in the domain of idealized influence subscale.
However, the significance of loudness appears diminished in lecture scenarios, suggesting its
lesser impact in educational contexts. In contrast, speech duration is found in our research to be
arole in the subdimensions of idealized influence attributed and idealized influence behavior,
indicating its association with dominant or powerful behavior in business settings. Moreover,
our results are in line with Feese et al. (2011), intensity and speaking duration are perceived as
good predictors linked to individualized consideration. In the eyes of listeners, individually
considerate leaders are perceived to vary their speech loudness more, speak less but interject
more often during others' speech, and use shorter utterances. Furthermore, the formants
present a significant role in this research and strongly associated with individualized
consideration. This finding is consistent with Mohammadi and Vinciarelli (2012), showing the
phonetic a crucial parameter of making the leader sounds as having higher agreeableness. These
cues are related to effective listening which is a typical trait of individually considerate leaders
(Bass & Reggio, 2006). With regard to intellectual stimulation, it requires activities that inspire
followers to rethink challenges, create fresh and novel solutions, and experience old
circumstances in new ways (Bass et al., 2003). Riggo and Reichard (2008) thus pointed out that
the ability to communicate freely and engage people in social interaction is called social
expressiveness. Empirical evidence indicated a positive correlation between extroversion and
intellectual stimulation (Deinert et al., 2015), as extroverted individuals tend to embrace change
and novelty (Bono & Judge, 2004). In accordance with past research, the degree of extroversion
perception are affected by the speaker’s longer speech pauses (Carney et al., 2007), speaking
time (Lepri et al., 2012), formants frequency (Pianesi et al., 2008), and speech intensity (Pianesi

et al.,, 2008). Building upon these established concepts, the findings have shown the light on the
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relationship between speech features and intellectual stimulation. The voice pitch, intensity,
formants, and duration are associated with the perception of ability to foster intellectual
stimulation within leadership roles. Interestingly, while Scherer (1977) has suggested that
higher voice pitch may lead to perceptions of low extroversion among German speakers, our
results highlighted the nuanced relationship between speech prosody and leadership. These
prosodic factors are significant of forming perceptions of extroversion and, by extension,
leadership effectiveness. Finally, inspirational motivation is a cornerstone of transformational
leadership, underscored by the importance of developing a vision and setting clear goals (Stump
et al.,, 2016). Emotions wield significant influence in catalyzing motivational impact, with
positive emotions projected by the speaker engendering a positive state in the listener, thereby
enhancing receptivity to positive influence (Abele, 1999). Acoustic features are pivotal in
conveying emotions, encompassing parameters such as amplitude, timing, and voice pitch
(Schirmer & Kotz, 2006). From the perspective of the listener's perception, it is hypothesized
that leaders demonstrating inspirational motivation can employ similar strategies to influence
others effectively. Hence, a slower speaking rate, lower voice pitch (Weinstein et al., 2018),
overall lower formant levels (Niebuhr et al., 2018), and softer voice (Hall et al., 2005) are
perceived as effective means.

Having thoroughly discussed the role of features in forming listeners’ perceptions, and now
we turn our attention to another point in this research: formants. Formant frequencies have
emerged as critical elements in speaker recognition and perceptions (Bosker, 2020). Cavalcanti
et al. (2021) have stated the particular effectiveness of F4 in distinguishing speakers. This
underscores that F4 captures subtle vocal characteristics that lower formants (F1-F3) might
miss, thereby enhancing the precision of speaker identification systems. In addition, the vowel
context, such as stressed vowels or central vowels like /a/, has been shown to amplify
discriminatory capabilities of F4 to make it vital for accurate speaker classification (Cavalcanti et
al,, 2021). In consistent with the findings of Puts et al. (2012), formant positions have shown
significant relationships with the subdimensions of transformational leadership in this study.
Formant positions represent the specific frequencies at which formants occur, and they can vary
based on individual vocal tract characteristics and articulation patterns. A lower formant
position in male voices is often associated with greater perceived dominance and charisma (Puts

et al.,, 2012). Likewise, scholars have noted that a voice characterized by a fuller quality, often
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indicated by favorable formant positions that further enhances the perceived charisma
(Michalsky & Niebuhr, 2019). The fact that formant positions correlate with subdimensions of
transformational leadership suggests that these formants may serve as acoustic markers for
social and psychological attributes such as charisma and authority. In general, it shows that not
only the absolute frequencies but also their relative positions contribute to how a charismatic
speaker is perceived to be. In light of these findings, the theoretical implications of formant
frequencies and positions offer new insights into leadership perceptions.

Finally, the perception of charisma in speech is a multifaceted phenomenon that
encompasses various acoustic features, with formant bandwidths play a role in line with our
findings. The existing literatures have mentioned that the higher formant frequencies are the
primary role in speaker recognition (Summers et al.,, 2012), and formant bandwidths also
contribute to the distinctiveness of the clarity and intelligibility of voices (You et al., 2020).
Kuwabara and Ohgushi (1987) have explored that modifications to formant frequencies had an
effect on voice perception, changes in formant bandwidths also influenced listeners' judgments
of voice quality and speaker identity. An interesting point of formant bandwidth is its relative
stability in preserving personality traits even when subjected to significant alterations
(Kuwabara & Ohgushi, 1987). It has claimed that voice personality characteristics remained
largely intact despite considerable modifications to formant bandwidths. This stability reveals
that while formant bandwidth contributes to voice quality, other acoustic features may be more
crucial in conveying personality and charismatic traits. In this research, the negative correlation
between F3 and F4 bandwidths (B3 and B4) and perceived leadership- where decreased B3 and
B4 are associated with increased leadership perception, can be attributed to the acoustic and
perceptual qualities of narrower formant bandwidths (Aran & Gatica-Perez, 2011; Hahm & Park,
2020). Furthermore, a reduced B3 and B4 indicate less damping and more concentrated energy
at these higher-frequency resonances. This results in a clearer and more defined speech signal,
which enhances the timbre and intelligibility of the speaker's voice. Such vocal characteristics
are often associated with authority, confidence, and contro], traits that are strongly linked to
effective leadership.

Regarding B3, which is associated with tongue positioning and oral cavity shaping, a
narrower bandwidth may reflect a more stable and controlled tongue posture (Kreiman & Sidits,

2011). This stability reduces the scattering of acoustic energy and focuses the resonance,
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contributing to a voice quality that is clear and sharp. Similarly, B4 is influenced by the higher-
frequency coupling between the oral and nasal cavities may become narrower when the soft
palate is raised, and the vocal tract is lengthened to create a more streamlined resonance
pathway (Polzehl, 2014). The tension and adduction of the vocal folds also play a significant role.
Tightly adducted vocal folds reduce glottal leakage, which minimizes breathiness and increases
the efficiency of energy transfer into the vocal tract. This efficient energy transfer enhances the
concentration of resonances in the higher formants, particularly F3 and F4, leading to narrower
bandwidths (Kreiman & Sidits, 2011). Moreover, the reduced B3 and B4 may amplify the
perceptual salience of speech cues that are critical for charisma and authority. For instance,
sharper high-frequency resonances can make a voice sound more resonant and engaging, which
helps to capture and sustain listener attention. In contrast, broader bandwidths, indicative of
increased damping and less precise resonance may result in a muffled or less distinct vocal
quality, potentially signaling fatigue, lack of confidence, or diminished authority (Hanna et al.,
2016).

While speech features have long been recognized for their influence on leadership
perceptions, these findings highlight the importance of examining the phonetic features to
develop a more comprehensive understanding of vocal leadership dynamics. Taken together,
our findings not only fill the gaps in previous research but also comprehensively reveal the
impact of speech features on the dimensions of transformational leadership by MLQ
questionnaire. To the authors’ knowledge, this should be the first research to apply the phonetic
features associated with full-dimensions of transformational leadership perception with
machine learning algorithm in business settings. It illustrated a picture of the significance of
speech features in perceptions of leadership. These features are predictive factors particularly

salient in business contexts that underscore the relevance of our research.

4.5.2 Comparison of New Findings and Previous Studies

To have a direct comparison between the key findings of this study and previous research,
Table 4.13 presents the highlighted new findings identified in this research with the prior
relevant studies regarding the effect directions of speech features on perceived leadership, as

discussed in the literature review.
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The current study of speech features and perceived leadership reveals several notable
divergences from existing literature, offering nuanced insights into acoustic characteristics'
potential impact on leadership perception. In the fundamental frequency domain, the research
challenges and substantially extends previous paradigmatic understandings. Whereas earlier
studies predominantly emphasized pitch's unidirectional relationship with leadership, often
showing lower pitch as a determinative factor, this investigation reveals a more complex,
multifaceted acoustic landscape. The positive correlations identified with pitch range, maximum
pitch value, pitch change dynamics, and pitch value variability suggest that leadership
perception emerges from a sophisticated interplay of acoustic parameters rather than a
simplistic linear relationship.

A key finding is the negative correlations observed with the minimum values of the first
and second formant frequencies (F1 and F2). These results suggest that leadership perception
may be closely tied to lower spectral components of vocal resonance, reflecting a deeper, more
resonant voice quality often associated with authority and confidence. These frequency
variations likely arise from complex physiological and articulatory mechanisms, including vocal
tract configuration and muscle coordination, which extend beyond basic acoustic properties to
encompass dynamic aspects of speech production (Kreiman & Sidits, 2011). Moreover, the study
explores the temporal dimension of formant frequency, exemplified by the maximum temporal
position of the first formant. This temporal perspective reveals that the dynamic evolution of
formant frequencies, how they change over time during speech, is as crucial to leadership
perception as their static values.

The study's investigation into formant bandwidth introduces a novel and significant
perspective to acoustic analysis. By analyzing the 25th, 50th, and 75th percentiles of bandwidth
for the third and fourth formant frequencies, this research explores dimensions of acoustic
perception that have been largely unexamined in prior studies. The consistent negative
correlations observed across these bandwidth percentiles reveal a complex interplay between
formant bandwidth and leadership perception. Hence, the narrower bandwidths may be linked
to specific physiological and articulatory processes underpinning speech production and
perception. Story (2014) has discussed that narrower bandwidths likely reflect enhanced vocal
tract efficiency and precise articulatory control, resulting in sharper and more defined

resonances. This kind of qualities may contribute to a vocal profile that aligns with traits
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typically associated with leadership. Additionally, the findings may indicate that formant
bandwidth modulation is intricately tied to cognitive-communicative strategies employed by
speakers in leadership contexts. In line with Lester and Story (2015), the variations in
bandwidth could signify adjustments in vocal tract configurations, muscular control, and
neuromuscular coordination, reflecting a deliberate effort to produce speech that resonates
more effectively with listeners. The research by Korenman et al. (2023) have supported these
findings to demonstrate that the masculine or feminine voice can greatly affect perceptions of
leadership potential, particularly in military contexts where traditional notions of authority are
prevalent. This reinforces the idea that vocal resonance is not merely a superficial trait but a
critical factor in how leadership is perceived and evaluated by others.

Speech duration characteristics emerge as another critical dimension of investigation.
Positive correlations with total speech length and actual speaking time reveal that leadership is
not merely about concision but potentially about sustained, engaged communication. The
positive correlation with pause frequency and negative correlation with speech rate hint at the
complex cognitive and communicative processes underlying perceived leadership, indicating
that effective leadership communication transcends simplistic speed or fluency metrics.

The intensity-related findings further enrich the acoustic profile of leadership perception.
Consistent with some previous research, the study confirms positive associations between
leadership perception and average loudness. However, the granular analysis of intensity
percentiles and maximum intensity values introduces unprecedented depth to our
understanding. It shows that leadership is perceived through a nuanced acoustic envelope that
goes beyond mere volume, encompassing sophisticated variations in vocal projection and
emotional modulation.

In conclusion, the new findings in this research challenge essentialist and reductionist
models of leadership communication. The results exhibit that leadership perception emerges
from a complex, dynamically interrelated set of acoustic features, rather than being determined

by any single vocal characteristic (Weninger et al., 2012).
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Table 4.13

Comparison of New Findings and Previous Studies

Feature sets

New findings

Previous studies

Fundamental
frequency

T The difference between the
maximum and minimum pitch
values (fO_range)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

T The maximum value of the pitch
curve, indicating the highest pitch
(f0_max),

| Anderson and Klofstad, (2012);
Klofstad et al. (2012); Klofstad et
al. (2015); Mayew et al. (2013);
Tigue et al. (2012); Weninger et al.
(2012)

T Biadsy et al. (2008);

Niebuhr and Skarnitzl (2019);
Rosenberg and Hirschberg (2005;
2009)

T The rate of change in pitch over
time (fO_slope)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

T The standard deviation of the
pitch values (f0_sd)

T Ray (1986)
|l Ko etal. (2015)

Formant frequency

| Difference between the averages
of the formants (e.g. df2f5, df1f5,
df4f5)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

! Minimum value of the first
formant frequency (f1_min)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

! Minimum value of the second

formant frequency (f2_min)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

T Maximum temporal position of
the first formant frequency
(f1_maxtime)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

Formant bandwidth

| 25th, 50th, and 75th percentile
of the bandwidth of the third
formant frequency
(f3_bandw_q25, 50, 75)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

| 25th, 50th, and 75th percentile
of the bandwidth of the fourth

formant frequency
(f4_bandw_g25, 50, 75)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

Speech duration

T The total length of the speech in
seconds (dur)

T Biadsy et al. (2008)
| Feese etal. (2011)
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T The actual speaking time
(excluding pauses) in seconds

(phonationtime),

T Schmid Mast (2002)

T The total count of silent breaks
or pauses (npause)

T Feese et al. (2011)

! The number of syllables spoken
per second, including pauses
(speech rate)

To the best of our knowledge,
there are no direct comparisons of

study in prior research

Intensity

T The average loudness
throughout the speech (int_mean)

T Aronovitch, 1976; Biadsy et al.
2008; D’Errico et al. (2013); Feese
etal. (2011); Rosenberg and
Hirschberg, (2009);

Feese etal. (2011)

| Aharonson et al. (2023)

T The maximum value of the
intensity curve, indicating the
highest loudness (int_max)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

T The 25th and 75t percentile of
the intensity curve. The speaker’s
voice is softer than this level for
25% and 75% of the time

(int_25 and int_75)

To the best of our knowledge,
there are no direct comparisons of
study in prior research

4.5.3 Practice Implications

Following the findings of this research, one can raise an interesting yet critical question:

Can charisma, and in particular transformational leadership, be taught or trained?

Transformational leadership, which requires certain aspects of charisma, can be learned and

affects real-world outcomes (Morhart et al., 2009). On the level of nonverbal communication,

charismatic leaders are usually good at expressing their positive or negative emotional states in

order to demonstrate their enthusiasm and obtain support (Bono & Ilies, 2006). Prior evidence

has suggested that animated voice tones are often used as tactics (Frese et al.,, 2003), and

charisma can be perceived via the voice (Hogenboom, 2014). Hence, the findings strongly

suggest the notion, which is in line with studies (Antonakis et al., 2011), that leadership or

charisma can be trained or improved, at least regarding the speech features involved (Niebuhr et

al,, 2020). Of course, not everyone is capable of being a leader or charismatic. At this stage, the

advice on in proving the charismatic impact of speakers is suggested as follows. First, the results

indicate that fundamental frequency is a primary paralinguistic signal to convey information
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about speech expressiveness and emotional resonance. Fundamental frequency reflects not only
the individual’s physiological characteristics but also the emotional state, personality traits, and
social identity. Therefore, individuals may focus on enhancing voice pitch and speech intensity.
The findings suggest that it is probably helpful to have a high loudness level. On top of that, the
advantage of employing a tensed voice can enable speakers to project louder and emphasize key
points in a more animated and enthusiastic manner. Speakers who demonstrate fluency,
confidence, and enthusiasm sounding are generally perceived as more charismatic (Novak-Tot
etal., 2017). Moreover, it is advisable to minimize the use of long and filled pauses, as receivers
tend to find speech duration concerning. Last but not least, the study of Huber et al. (1999) have
outlined that modulating loudness can significantly alter vocal acoustics, with increased volume
typically raising the first formant (F1) while decreasing the second and third formants (F2 and
F3). This acoustic shift is often associated with a wider mouth aperture and a slightly retracted
tongue position (Shi et al., 2024). These changes in formants could affect how your speech is
perceived in terms of clarity and resonance. Also interesting to know is that adopting a smile
when you speak may cause a positive effect on perceived charisma. Smiling tends to increase F1,
F2, and first two harmonics (Stone et al,, 2022; Wood et al., 2017) which can be attributed to lip
spreading and a lowered jaw, both of which shorten the vocal tract (Stone et al., 2022). For
males, in particular, an increase in first two harmonics while smiling can produce a breathier
voice quality, which might make the voice sound less aggressive and more friendly or polite
(Wadnerkar et al., 2006). This combination of vocal characteristics may enhance perceived
attractiveness and warmth, aligning with positive social traits such as approachability and
friendliness. Furthermore, it is proposed that speakers could aim to diversify their emphatic
accentuation during the speech adhering to the principle of speech variation.

From a practical perspective, the findings with respect to the negative correlation between
F3 and F4 bandwidths (B3 and B4) and perceived leadership offer valuable insights. The results
highlight the importance of vocal clarity and resonance in building perceptions of authority and
confidence. The narrower bandwidths in these formants demonstrate that the vocal tract is
configured to minimize energy dissipation, resulting in sharper and more efficient resonances.
This configuration is achieved through precise adjustments in the articulators, including the
tongue, lips, and jaw, as well as the overall tension of the vocal folds and pharyngeal walls

(Kreiman & Sidits, 2011). Exercises targeting these physiological adjustments could be
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incorporated into practical training, such as stabilizing tongue posture, elevating the soft palate,
and enhancing vocal fold adduction. It may help speakers achieve a clearer and more resonant
voice.

The above advice suggests that extensive training may be required to enhance the charisma
of a person through a change of speech. The advice reveals that for any kind of oral expression
(e.g, talk, speech, and presentation), it is essential to prepare well and intensively practice
“conveying” the potential leadership features to the receivers (listeners). To develop charisma in
speaking, it is crucial to undergo extensive training and practice. A charismatic speaker needs to
invest time and effort in honing their skills. They should focus on conveying their leadership

qualities effectively to the listeners, whether it is through a formal talk, speech, or presentation.

4.6 Limitations and Further Research

The study acknowledges several limitations that affect the generalizability and depth of its
findings. Firstly, the predominantly student-based sample limits the applicability of results to
real-world workplace settings where leadership experiences vary (van der Meij et al,, 2016). To
address this, future research should include a more diverse population with varied leadership
backgrounds. Secondly, the absence of female speakers in this study is concerned, underscoring
the significance of gender diversity and particular for non-profit organizations. According to a
statistics, 74% of CEO positions in nonprofit organizations are held by females (Board Source,
2021). Acknowledging the importance of gender representation not only in for-profit
organizations but also for non-profit contexts in subsequent studies is crucial for facilitating a
more comprehensive analysis in the future. In addition, the lack of genuinely experienced
management level as speakers also included as a limitation. Further studies could collect such
expertise or experienced management level as participants as a significant factor influencing the
robustness of the study. On the other hand, cultural differences significantly impact leadership
perceptions (Darioly & Schmid Mast, 2014), with charisma, for instance, being perceived
differently across cultures. Lastly, these cultural nuances by incorporating samples from diverse
cultural backgrounds to provide a more comprehensive understanding of how acoustic features

relate to leadership perception worldwide should be considered.
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4.7 Strengths and Weaknesses of the Study

Strengths:

(1) This study adopts a phonetic approach to ensure each speech feature is directly
interpretable through physiological mechanisms of speech production. Unlike previous studies,
which often prioritize model performance at the expense of feature interpretability, this
approach provides a direct understanding of how specific vocal characteristics contribute to
perceived leadership. This methodological advantage makes the findings accessible not only to
experts in acoustics or machine learning but also to a broader audience, including researchers
and practitioners.

(2) This work also emphasizes the relevant formant features as a critical component of
effective leadership communication and gives the direct explanation of physiological functions
of speech production. By addressing the often-overlooked aspects of speech, it uncovers their
contribution to transformational leadership, particularly in how they enhance the clarity and
authority of a speaker’s voice.

(3) The research provides clear, actionable insights for leadership training and
development. The study highlights phonetic features that are both theoretically significant and
practically modifiable. It offers detailed recommendations for improving charismatic impact
through vocal training or modulation strategy.

Weaknesses:

(1) The study identifies key speech features associated with leadership perception, yet it
does not sufficiently account for contextual variables that may influence these relationships,
such as the specific situational context in which leadership is exercised or the characteristics of
the audiences. The neglect of exploring how external factors might moderate or mediate the
effects of features on perceived leadership, the research may present an incomplete picture of
the dynamics at play.

(2) The study's reliance on pre-recorded speech samples may not fully capture the
dynamic nature of real-world leadership interactions. This controlled environment, while
beneficial for isolating specific features, potentially oversimplifies the complex, multifaceted
nature of leadership communication. The absence of contextual factors, such as non-verbal cues,
situational dynamics, and audience feedback, which are integral to authentic leadership

scenarios, may limit the generalizability of the findings to practical leadership contexts.

99



STUDY 3: BIOSIGNAL PERCEIVED LEADERSHIP IN PHONETIC APPROACH

Acknowledgement

(1) This study builds upon the work presented in Study 2. Although the dataset is shared
between the two studies, the originality and added value of this research is to enlarge the scope
of feature extraction by applying phonetic approach (please refer to Section 5.4 for further
details).

(2) The current authors extend our sincere appreciation to Mr. Joachim Mrnka, MSc., for his
invaluable assistance with the experimental work and data collection in Hamburg. Mr. Mrnka'’s
contributions were essential to the success of this study.

(3) This chapter is based on the study by Hsu et al. (2024c). Certain sections have been

revised to align with the requirements of this dissertation.

100



GENERAL DISCUSSION

5 GENERAL DISCUSSION

In this chapter, the current author first revisits the research questions. Following this, a
summary of each study is provided to highlight the main findings. Then it shows the research
implications and practical implications. Subsequently, a supplementary study for broader
speech features is introduced to address the gaps that emerged during the primary
investigations. Further, the originality and added values of Study 3 are presented despite the
shared dataset of Study 2. Finally, the limitations, ethics of computational leadership, and future
directions s are discussed, acknowledging potential constraints and suggesting areas for

improvement.

5.1 Research Question (1): How can the diverse speech feature and perceived leadership
be integrated into a cohesive framework, and what hypotheses can be proposed?
5.1.1 Summary of Study 1

One of the key themes in leadership research is understanding the impact of
transformational leadership style. In recent years, speech features have been increasingly
recognized as crucial elements that can provide additional insights into the transformational
leadership framework. In this context, the authors review existing literature on transformational
leadership and examine the relationship between vocal characteristics and leadership
effectiveness. This review highlights what is currently known about transformational leadership
and explores the effects of speech features through the lens of physiological psychology,
specifically focusing on testosterone, which is often associated with displays of dominance.
Furthermore, the paper discusses various speech features analyzed using statistical and machine
learning methodologies, shedding light on the prevailing research directions in the field. Notably,
fundamental frequency (voice pitch; FO) has emerged as a particularly promising speech feature,
commonly utilized across both statistical and machine learning approaches due to its strong
association with leadership perception. In addition to providing a retrospective analysis, this
article paves the way for future research by identifying gaps in the current understanding of
how specific speech features correlate with different subdimensions of transformational
leadership. By doing so, it encourages further exploration into the complex interplay between

vocal characteristics and leadership effectiveness, suggesting that future studies could delve
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deeper into how other prosodic features, such as speech rhythm and intonation patterns, might
influence perceptions of leadership. This review aims to deepen the understanding of the role of
speech in leadership dynamics, offering a foundation for future empirical investigations and

theoretical developments in the study of transformational leadership.

5.1.2 Research Implications

While fundamental frequency (voice pitch; FO) has been the most extensively studied
speech prosody, this review highlights the potential significance of other acoustic parameters
(e.g., speech rate, intensity, formants, and so on). Future studies should expand their focus to
include a wider range of vocal features and examine their combined effects on leadership
perception. As Hildebrand et al. (2020) demonstrated that a multidimensional approach to vocal
analysis can give a clearer picture of leadership communication. For example, lower-pitched
voices have been associated with perceptions of dominance and competence, which are critical
attributes in effective leadership (Klofstad, 2016; Tigue et al., 2012). This objective measure can
complement existing subjective assessments, leading to a more robust evaluation framework.
Furthermore, this study's findings suggest that voice pitch and other speech features could be
used as predictive indicators of leadership potential and effectiveness. Machine learning models
that analyze these features can be developed to predict leadership outcomes in various
organizational contexts. This predictive capability can be particularly useful in leadership
development programs, where identifying individuals with high leadership potential is crucial.
Organizations can better tailor their training programs to develop the specific attributes
associated with effective transformational leadership by focusing on speech features (Cullen &
Harte, 2018).

A key contribution of this study is the proposed relationships between specific vocal
features and the subdimensions of transformational leadership. These hypothesized
relationships provide a potential ground for further examinations. Future research should aim
to test these propositions, potentially deepen our insights of how vocal communication

contributes to each aspect of transformational leadership.
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5.1.3 Practical Implications

First of all, the leadership training programs integrated with speech prosody can enhance
the effectiveness to provide leaders with tangible and actionable feedback on their
communication styles. Training programs can utilize voice analysis software to help leaders
understand how their voice pitch and other speech characteristics influence their followers. This
immediate feedback can guide leaders in modulating their speech patterns to convey confidence,
authority, and empathy, thereby improving their overall leadership effectiveness (Burriss et al.,
2014). Organizations can thus foster more effective leaders who are better equipped to inspire
and motivate their teams.

Next, it is beneficial to the recruitment and selection processes with the inclusion of speech
feature analysis. During the hiring process, candidates’ speech prosody can be analyzed to
identify those with potential leadership qualities. This objective measure can complement
traditional interview techniques and psychometric tests, offering a more comprehensive
evaluation of a candidate's suitability for leadership roles (Wespi et al., 2023). Furthermore, the
findings highlight the potential for developing tools to get real-time feedback to leaders on their
vocal communication. Such tools could analyze a leader's speech during presentations or
meetings and offer suggestions for adjusting vocal characteristics to enhance their
transformational leadership impact.

Finally, this research emphasizes the importance of considering cultural differences in the
interpretation and effectiveness of vocal cues in leadership. As organizations become
increasingly global, leaders may need to adapt their vocal communication styles to different

cultural contexts to maximize their transformational impact.

5.2 Research Question: (2) Which specific features influence the perception of
transformational leadership?
5.2.1 Summary of Study 2

This paper examines the impact of computational paralinguistic on the perception of
transformational leadership within a business context. While previous research has mainly
focused on political preferences, studies specific to the business environment remain limited.
Although some research has addressed certain subscales of transformational leadership,

comprehensive investigations into all dimensions of transformational leadership are scarce. To
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the authors' knowledge, this study is the first to address this gap. Drawing on a substantial
sample of 122 speakers and 122 evaluators, features were extracted as the computational
paralinguistic approach, and analyzed with the Waikato Environment for Knowledge Analysis
(WEKA). Employing SMO regression as the machine learning algorithm, the findings
demonstrate that paralinguistic features such as fundamental frequency, speech intensity, and
voicing probability significantly influence various dimensions of transformational leadership,
including inspirational motivation, idealized influence, intellectual stimulation, and
individualized consideration. Among these features, fundamental frequency is identified as a key
predictor, underscoring its role in conveying leadership qualities across multiple subscales of
transformational leadership. The findings suggest practical implications for enhancing
leadership development through vocal cues. However, limitations include the use of a
predominantly student sample and the specific context of the study, highlighting the need for
further research involving more diverse populations and settings. Future research could
investigate cross-cultural differences in leadership perceptions and extend the analysis to
include transactional leadership. Overall, this research contributes to the existing body of the
relationship of speech and leadership perceptions. It provides valuable insights for both

theoretical and practical applications.

5.2.2 Research Implications

The study’s findings highlight the significance of paralinguistic features as critical variables
in leadership studies, particularly those examining transformational leadership. The strong
predictive power of fundamental frequency, intensity, and voicing probability across various
dimensions of transformational leadership indicates that these acoustic properties are pivotal in
molding leadership perception. Future research should investigate the specific mechanisms
through which these paralinguistic features affect follower perceptions and behaviors.

On the other hand, the application of machine learning algorithms, specifically Sequential
Minimal Optimization (SMO) regression, to the analysis of features marks a methodological
advancement in leadership research. This approach offers a more sophisticated means of
capturing the complex relationships between vocal characteristics and leadership perceptions

compared to traditional statistical methods.
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By examining all dimensions of transformational leadership- inspirational motivation,
idealized influence (attributed and behavioral), intellectual stimulation, and individualized
consideration, this study gives a holistic perspective on how acoustic features relate to different
aspects of leadership. This computational paralinguistic approach addresses a gap in the
literature (e.g., Aharonson et al.,, 2023; Feese et al., 2011), which has often focused on isolated
dimensions of leadership. Future studies should explore how these relationships might vary
across different leadership styles, such as transactional or authentic leadership (Judge & Piccolo,
2004). On the other hand, the use of vignette in this study within a business context paves the
way for more ecologically valid research designs. Investigating the real-world leadership
scenarios or employing longitudinal designs to examine how the impact of computational
paralinguistics on leadership perceptions evolves over time could be built on this approach.
Future research could explore how cultural differences might moderate the relationship
between speech features and leadership perceptions (Darioly & Schmid Mast, 2014), as well as
investigating how these findings adapt to the leaders who have diverse linguistic backgrounds

(Baus etal., 2019).

5.2.3 Practical Implications

This study's findings have several practical implications for leadership development and
organizational communication. Firstly, educational resources can be created, such as online
courses or tutorials, to educate individuals on speech analysis and improvement techniques.
These resources would encompass interactive exercises, instructional videos, and quizzes,
facilitating users in learning about speech factors and implementing them in their own speech
effectively.

In addition, partnerships with organizations can be established to design customized
speech analysis tools and training programs for employees. These enterprise training programs
would assist employees in enhancing their communication skills, resulting in improved
collaboration, more effective presentations, and increased professional development
opportunities within the organization.

Finally, the globalized nature of contemporary business necessitates effective cross-
cultural communication. Speech analysis tools could be adapted to address these challenges by

helping individuals modulate their vocal features to align with the communication norms of
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different cultures. It is reasonable to anticipate that distinct cultures will exhibit varying
acoustic-prosodic and linguistic parameters of leadership. Similarly, dialogue strategies also
vary across cultural contexts (Lugrin and Rehm, 2021). For example, overlapping speech may be
interpreted as a significant indicator of conflict in the "Anglo" communication style (Muluh &
Solange, 2022), whereas in the "Latin" communication style, it may be perceived as a sign of
engagement and interest (Hilton, 2016). Hence, this application could potentially enhance
international business relationships and improve global collaboration. In the field of politics,
political consultants and campaign managers could employ speech analysis to refine candidates’
public speaking skills, tailoring their communication strategies to resonate with specific

demographic groups more effectively.

5.2.4 Summary of Study 3

This study analyzed 122 speakers and raters to examine how speech features generated in
phonetic approach may influence perceived transformational leadership using SMO regression.
Key findings highlight that speech energy and fundamental frequency are vocal cues for
charisma, particularly in the idealized influence subscale (Aharonson et al., 2023). However,
loudness plays a reduced role in lecture contexts. Speech duration emerged as an important
factor in idealized influence and was linked to dominant behaviors in business settings. Intensity
and speaking duration, consistent with Feese et al. (2011), are perceived as indicators of
individualized consideration, where considerate leaders vary loudness and use shorter
utterances.

Formants were strongly associated with individualized consideration, reflecting traits such
as agreeableness (Mohammadi & Vinciarelli, 2012). Features such as pitch, intensity, formants,
and speech duration were also linked to perceptions of intellectual stimulation, which is tied to
extroversion (Deinert et al., 2015). For inspirational motivation, effective vocal strategies
included a slower speaking rate, lower pitch, and softer voice. Additionally, formant frequencies
and formant positions were crucial for leadership perception. Furthermore, the research
explores the negative relationship between formant bandwidths (B3 and B4) and perceived
leadership. Narrower bandwidths correlate with enhanced leadership perception, reflecting
more concentrated acoustic energy and improved vocal signal clarity. Physiologically, this

phenomenon stems from precise tongue positioning, vocal tract configuration, and efficient
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vocal fold adduction. The acoustic characteristics of reduced B3 and B4 bandwidths suggest a
more controlled and resonant vocal production. These refined spectral properties generate a
voice quality that appears more authoritative and engaging, potentially amplifying perceptual

cues associated with leadership competence.

5.2.5 Research Implications

This study offers significant insights into the relationship between speech features and
perceived transformational leadership, bridging the fields of phonetics and leadership studies.
The research examines phonetic features, providing a comprehensive analysis of how vocal
characteristics influence leadership perception.

The study aligns with previous research while extending our understanding of their impact.
Energy and fundamental frequency emerge as crucial vocal cues for charisma, particularly in the
domain of idealized influence (Aharonson et al., 2023). Speech duration is associated with
idealized influence, indicating its role in conveying dominant or powerful behavior in business
settings. Intensity and speaking time are identified as predictors of individualized consideration,
with leaders perceived as individually considerate tending to vary their speech loudness more,
speak less but interject more often, and use shorter utterances (Feese et al,, 2011).

The temporal aspects of speech, such as pauses and overall speaking time, are found to
affect the perception of extroversion (Carney et al., 2007; Lepri et al,, 2012), which is positively
correlated with intellectual stimulation in leadership (Deinert et al., 2015). Additionally, a
slower speaking rate and lower voice pitch are perceived as effective means of inspirational
motivation (Weinstein et al., 2018), suggesting that modulating these features can enhance a
leader's ability to inspire and motivate followers.

The study breaks new ground in its examination of phonetic features and their relationship
to leadership perception. Formant frequencies show significant relationships with
subdimensions of transformational leadership. This finding extends the importance of formants
beyond speaker recognition (Cavalcanti et al., 2021) to leadership perception, suggesting that
these acoustic markers may indicate social and psychological attributes such as charisma and
authority. Formant positions, which represent the specific frequencies at which formants occur,
correlate with leadership subdimensions, implying that individual vocal tract characteristics and

articulation patterns contribute to leadership perception. Finally, the negative correlation
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between formant bandwidths (B3 and B4) and perceived leadership, the research illuminates
the intricate relationship between vocal tract dynamics and interpersonal communication. The
implications indicate that subtle physiological control of vocal resonances can substantially
influence leadership attribution. The observed narrowing of formant bandwidths provides a
nuanced understanding of how vocal efficiency and precision contribute to leadership
impressions. These phonetic features reveal that vocal control serves as a critical perceptual
marker of authority and competence.

In conclusion, this study advances the understanding of how vocal features influence
transformational leadership. Through integrating phonetic elements into machine learning
analysis, the research provides a comprehensive approach to evaluating leadership in business

contexts, offering practical insights for leadership training and development.

5.2.6 Practical Implications

Several innovative solutions can be developed to aid individuals in improving their speech
and communication skills. Primarily, mobile applications focused on speech training can be
created, offering users a user-friendly platform to practice speaking exercises. These apps would
utilize speech analysis algorithms to provide real-time feedback on elements such as pitch,
intensity, and speech duration, enabling users to identify areas for improvement promptly.

Moreover, online speech analysis platforms can be established, providing users with a web-
based environment to upload recordings of their speeches or presentations. These platforms
would employ algorithms akin to those used in academic studies, generating detailed reports on
various speech factors. Users would then have access to these reports, allowing them to track
their progress over time and receive personalized recommendations for enhancement. For
individuals seeking to modify their accents for personal or professional reasons, the analysis
platforms could provide targeted feedback on specific features that contribute to accent
perception.

Last but not least, virtual speech coaches could be developed in leveraging artificial
intelligence algorithms to analyze speech patterns and offer tailored coaching feedback. These
virtual coaches would simulate interactions with human speech coaches, providing guidance on
aspects such as vocal clarity, pacing, and intonation, thereby offering users a personalized and

interactive learning experience. By focusing on practical applications and user-friendly
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interfaces, individuals without relevant theoretical knowledge can easily utilize these tools to
analyze their own speech factors and improve their communication sKkills. Specifically, leaders
can greatly benefit from being persuasive and likable, as these traits enable them to achieve
specific team objectives and overcome potential resistance from organizational members. In the
context of artificial intelligence, charisma has the potential to inspire and motivate teams,
providing encouragement and guidance through challenging situations. Team leaders could
benefit from Al feedback that enhances their communication style, utilizing charismatic
language to improve team outcomes, ease tensions, and persuasively introduce new ideas

(Schuller et al., 2023).

5.3 Supplementary Study on Speech Features

In the course of conducting the empirical papers (Study 2 and Study 3) presented in
Chapter 3 and Chapter 4, a supplementary study were undertaken to explore related questions
and hypotheses. Further explorations were conducted using the feature extraction software. It is
remarkable that both widely used extraction tools in acoustic analysis offer distinct capabilities
in terms of feature extraction. Praat excels in providing detailed features by phonetic approach,
while openSMILE is renowned for its features via computational paralinguistic approach. Given
the prevalence and complementary nature of these tools in the field, the supplementary studies
sought to examine the differential impacts of feature sets. By presenting the outputs of these two
extraction approaches, it ensures that the conclusions drawn were not excessively dependent on
the choice of feature extraction.

Following the use of the No Feature Selection (NFS) method, an in-depth analysis of the
prediction model was conducted. The SMO regression algorithm, as implemented in the WEKA
machine learning toolkit, was employed with a complexity parameter of 0.1. This approach has
been established as a robust baseline for single-feature regression tasks as demonstrated by
Hantke et al. (2016). While the main body of this dissertation focuses on the core findings and
their implications, this section aims to provide an overview of these supplementary explorations.
Each subdimension is displayed with the research results, discussions, and its visualized

comparison for both high and low condition.
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5.3.1 Individualized Consideration

Research Results.

Individualized consideration, a subdimension of transformational leadership, is the degree
to which a leader acts like a mentor or coach. A leader listens to subordinates and provides them
with coaching and encouragement. Table 5.1 shows the SMO regression results specifically for
the individualized consideration.

Within the phonetic feature sets, speech duration emerged as the most potent predictor,
yielding a determination coefficient of 0.40. This was followed by spectrum features, which
achieved a R? of 0.35. Conversely, among the computational paralinguistic approach feature sets,
spectral characteristics exhibited the highest predictive capacity (R?=0.39), with intensity-
related features ranking second in importance (R2=0.35). Interestingly, the fundamental
frequency which is often considered a primary indicator demonstrated relatively modest
predictive power. The fundamental frequency features extracted in phonetic approach and
computational paralinguistic approach resulted in correlation coefficients of 0.24 and 0.22,
respectively, substantially lower than the best-performing features.

Table 5.1
Results of SMO Regression on Individualized Consideration by Phonetic and Computational

Paralinguistic Approaches

Approach Feature sets R? MAE RMSE
MFCCs 0.23 0.64 0.85
Spectrum 0.35 0.66 0.87
Phonetic *Formants 0.28 0.62 0.83
approach *Fundamental frequency 0.24 0.66 0.87
*Intensity 0.25 0.63 0.86
*Duration 0.40 0.60 0.80
Spectral 0.39 0.62 0.81
MFCCs 0.29 0.65 0.86
Computational Mel-spectrum 0.28 0.64 0.84
paralinguistic Zero-Crossing Rate 0.23 0.68 0.88
approach *Fundamental frequency 0.22 0.66 0.87
*Intensity 0.35 0.61 0.86
*Voicing probability 0.22 0.62 0.87

Note: Feature sets marked with an asterisk (*) indicate those that have been examined in Study 2

and Study 3
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Added Value of Speech Features.

Temporal and Spectral Features: The high predictive power of speech duration (a
temporal feature) in phonetic approach, contrasted with the dominance of spectral features in
computational paralinguistic approach, raises questions about the nature of acoustic cues that
listeners associate with individualized consideration. This discrepancy might indicate that
different acoustic properties are emphasized depending on the extraction method, or that there
are complex interactions that warrant further exploration.

Fundamental Frequency: The relatively low predictive power of voice pitch features is
particularly noteworthy. This finding suggests that while voice pitch may be perceptually salient,
it may not be as indicative of individualized consideration as previously thought. Further study
might consider re-examining the role of voice pitch in leadership perception, particular in the
facet of individualized consideration, and investigating whether its importance.

Visualization of High and Low Conditions.

Figure 5.1 presents a comparative analysis of speech associated with high and low
individualized consideration using three different visualization techniques from top to bottom:
waveform, spectrogram, and fundamental frequency scatter plot. The left panel displays the
speaker’s voice signal as perceived high individualized consideration, and vice versa.

Waveform: The waveform is a visual representation of the amplitude (loudness) of a
sound signal over time. It shows how the sound pressure changes. Peaks in the waveform mean
louder sounds, while valleys represent softer sounds. The left-side panel of high individualized
consideration depicts the waveform of a speech signal. The waveform exhibits a high degree of
variability in amplitude. It indicates dynamic and expressive speech patterns. By contrast, the
low individualized consideration is characterized by more uniform and less variable amplitude
that suggest a more monotonic and less expressive speech pattern.

Spectrogram: The spectrogram is a visualization of the frequencies present in a sound
signal over time. The horizontal axis represents time, and the vertical axis represents frequency.
On the other hand, the color or intensity shows the amplitude of each frequency component. The
darker areas or more intense colors are indicated by stronger frequencies. Basically,
spectrogram reveals information about formants (resonant frequencies of the vocal tract),
harmonics (overtones of the fundamental frequency), and the overall spectral composition of

speech sounds. The spectrogram for high individualized consideration demonstrates a wide

111



GENERAL DISCUSSION

range of frequencies over time with distinct and dense bands. This implies that the speech
exhibits frequent changes in pitch and tone. Conversely, the spectrogram for low individualized
consideration represents less variation in frequency bands over time, indicating a more stable
and less modulated speech pattern.

Fundamental Frequency Scatter Plot: The fundamental frequency scatter plot measures
the regularity because irregularity can be easily spotted when adjacent periods are plotted
against one another. This figure plots the number of periods at each frequency coordinate on the
grayscale. If the speaker has a regular voice, adjacent periods will have similar values and points
concentrated along the X = Y diagonal of the plot. By contrast, an irregular voice has a significant
scattering of points away from this diagonal (Abberton et al., 1989). The plot for high
individualized consideration has a wide dispersion of frequency values, further emphasizing the
dynamic nature of the speech. The density of points has a frequent use of varying pitches. In
contrast to the scatter plot for low individualized consideration, it exhibits a more concentrated

distribution of frequency values. The separation reveals the limited pitch variation.
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Figure 5.1

Comparison of Waveform, Spectrogram, and Fundamental Frequency Scatter Plot (From Top to

Bottom) for High and Low Individualized Consideration

5.3.2 Idealized Influence Attributed

Research Results.

Generally speaking, idealized influence is the ability to exercise influence by acting as a role
model. As a concept, idealized influence attributed measures the followers’ perceptions of the

leaders. Table 5.2 presents the outcomes of SMO regression for the idealized influence attributed.
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Within the phonetic feature sets, speech duration emerged as the most potent predictor,
yielding a remarkable determination coefficient of 0.47. This was closely followed by
fundamental frequency features, which achieved a Rz value of 0.46. Spectrum and intensity
features also demonstrated promising predictive capacity, with R2=0.39 and 0.36, respectively.
In contrast, among the computational paralinguistic appraoch, voice pitch exhibited the highest
predictive power (R2=0.45), followed by intensity features (R2=0.36). It is noteworthy that the
performance of these features aligns closely with phonetic approach features, suggesting a
degree of consistency across toolkits for these particular acoustic properties.

Table 5.2
Results of SMO Regression on Idealized Influence Attributed by Phonetic and Computational

Paralinguistic Approaches

Approach Feature sets R? MAE RMSE
MFCCs 0.23 0.68 0.86
Spectrum 0.39 0.64 0.81
Phonetic *Formants 0.22 0.68 0.86
approach *Fundamental frequency 0.46 0.63 0.80
*Intensity 0.36 0.67 0.84
*Duration 0.47 0.66 0.83
Spectral 0.33 0.66 0.84
MFCCs 0.25 0.70 0.88
Computational Mel-spectrum 0.32 0.64 0.85
paralinguistic ~ Zero-Crossing rate 0.24 0.66 0.89
approach *Fundamental frequency 0.45 0.63 0.79
*Intensity 0.36 0.65 0.84
*Voicing probability 0.31 0.65 0.85

Note: Feature sets marked with an asterisk (*) indicate those that have been examined in Study 2

and Study 3

Added Value of Speech Features.

Temporal Features: The predictive power of speech duration (R?=0.47) in phonetic
approach is particularly notable. This finding reveals that temporal aspects may play a crucial
role. It raises intriguing questions about the potential impact of speech pacing, pausing patterns,

and overall temporal organization on leadership perceptions.
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Fundamental Frequency: In contrast to the results for individualized consideration,
fundamental frequency emerges as a highly predictive feature for idealized influence attributed.
The strong performance of FO features in both phonetic approach (Rz= 0.46) and computational
paralinguistic approach (R?=0.45) analyses highlights the robustness of this finding. This
discrepancy highlights the complexity of acoustic cues in leadership perception and the different
vocal properties may be salient for various aspects of transformational leadership.

Spectral and Intensity Features: The substantial predictive power of spectrum (R2=0.39)
and intensity (R2=0.36) features in phonetic approach, along with the strong performance of
intensity features in computational paralinguistic approach, indicates that a diverse range of
acoustic properties contribute to perceptions of idealized influence. This multifaceted nature of
acoustic cues suggests that listeners may be integrating various aspects of vocal production in

their leadership judgments.

Visualization of High and Low Conditions.

Figure 5.2 presents a comparative analysis of speech associated with high and low idealized
influence attributed using three different visualization techniques from top to bottom: waveform,
spectrogram, and fundamental frequency scatter plot. The left panel displays the speaker’s voice
signal as perceived high idealized influence attributed, and vice versa.

Waveform: The waveform for high idealized influence attributed displays significant
variability in amplitude. The speech includes a rich mix of frequencies and frequent changes in
pitch and tone. By contrast, the waveform for low idealized influence attributed is with a less
complex frequency structure in the speech.

Spectrogram: The spectrogram represents high idealized influence attributed on the left-
side is with a wide range of frequencies over time with dense and varied bands. It implies that
the speech includes a rich mix of frequencies and frequent changes in pitch and tone, whereas
the low idealized influence attributed illustrates more varied and potentially sparser frequency
content.

Fundamental Frequency Scatter Plot: Both conditions display a diagonal pattern.
However, the high condition exhibits a more defined and concentrated pattern compared to the

low condition that appears more diffuse. The density of points suggests a frequent use of varying
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pitches and indicative of expressive speech for high idealized influence attributed. While there is

some variation, it is less pronounced in low condition, exhibiting a more stable pitch pattern.
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5.3.3 Idealized Influence Behavior

Research Results.

Different from idealized influence attributed, the concept of idealized influence behavior is
determined from the perspective of followers based on their observation of the leader’s
behavior. Table 5.3 presents a comprehensive overview of the SMO regression results for the
idealized influence behavior.

Within the phonetic feature sets, intensity emerges as the most robust predictor, yielding
with R2=0.37. This is closely followed by speech duration and spectrum features, with R2 values
of 0.36 and 0.35, respectively. Fundamental frequency also demonstrates promising predictive
capacity with a correlation coefficient of 0.31. In contrast, the overall performance of SMO
regression for computational paralinguistic is comparatively moderate, with an overall R value
of 0.22. However, within this toolkit, voice pitch outperforms other feature sets, achieving a
determination coefficient of 0.34. Intensity features also demonstrate good predictive power,
with a RZ value of 0.29. It is important to know that both idealized influence behavior and
idealized influence attributed are conceptualized as components of a single dimension of
idealized influence (Bass, 1985). The consistent performance of corresponding speech feature
sets across these two subdimensions lends credence to their validity as acoustic indicators of
idealized influence.

Table 5.3
Results of SMO Regression on Idealized Influence Behavior by Phonetic and Computational

Paralinguistic Approaches

Approach Feature sets R? MAE RMSE
MFCCs 0.27 0.58 0.74
Spectrum 0.35 0.61 0.81
Phonetic *Formants 0.25 0.55 0.73
approach *Fundamental frequency 0.31 0.56 0.74
*Intensity 0.37 0.56 0.73
*Duration 0.36 0.52 0.71
Spectral 0.26 0.61 0.82
. MFCCs 0.27 0.63 0.83
Computational
o Mel-spectrum 0.21 0.60 0.84
paralinguistic -
Zero-Crossing rate 0.12 0.64 0.87
approach
*Fundamental frequency 0.34 0.59 0.78
*Intensity 0.29 0.66 0.87
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*Voicing probability 0.23 0.60 0.82

Note: Feature sets marked with an asterisk (*) indicate those that have been examined in Study 2

and Study 3

Added Value of Speech Features.

Speech Intensity: The emergence of intensity as the top predictor (R?=0.37) in the
phonetic features is extraordinary. This finding suggests that variations in vocal intensity may
play a crucial role. Future research could explore whether specific patterns of intensity
modulation are associated with stronger perceived idealized influence behaviors.

Fundamental Frequency: The moderate but promising performance of fundamental
frequency features in both phonetic approach (R?=0.31) and computational paralinguistic
approach (R2=0.34) shows that voice pitch continues to play a role. This relative consistency
across toolkits lends robustness to the finding.

Cross-Subdimension Comparison: The observation that speech feature sets perform
similarly for both idealized influence behavior and idealized influence attributed supports Bass's
(1985) conceptualization of these as components of a single dimension. This alignment between
acoustic predictors and theoretical constructs provides valuable empirical support for the

multifaceted nature of idealized influence in transformational leadership.

Visualization of High and Low Conditions.

Figure 5.3 presents a comparative analysis of speech associated with high and low idealized
influence behavior using three different visualization techniques from top to bottom: waveform,
spectrogram, and fundamental frequency scatter plot. The left panel displays the speaker’s voice
signal as perceived high idealized influence behavior, and vice versa.

Waveform: The waveform of high idealized influence behavior placed on the left-side
demonstrates greater amplitude and more frequent peaks, indicating more dynamic and
energetic speech. For the low idealized influence behavior, the waveform displays more uniform
and less variable in peaks. That suggests less vocal intensity and variation.

Spectrogram: Both conditions show similar frequency ranges, but the spectrogram for

high idealized influence behavior appears to have more consistent energy across the frequency
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spectrum. The spectrogram for low idealized influence behavior suggests a less modulated
speech pattern because of less variation in frequency bands over time.

Fundamental Frequency Scatter Plot: The scatter plot for high condition is obviously
more diffuse with a wider spread compared to the low condition. The former illustrates greater

pitch of variability, while the latter is less pitch variation and can be seen a more monotonous

speaking style.
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5.3.4 Intellectual Stimulation

Research Results.

One of the most important tasks for a leader is to present new ideas, find new solutions,
and encourage the followers to challenge problems encountered with creativity. From this
perspective, the subdimension of intellectual stimulation describes ways of achieving it. Table
5.4 presents a comprehensive overview of the regression results for the intellectual stimulation
subdimension of transformational leadership.

Within the phonetic feature sets, speech duration is the most potent predictor with a
determination coefficient of 0.38. This is followed by fundamental frequency, which exhibits
promising predictive power with a R? value of 0.31. Additionally, both speech intensity and
spectrum features show moderate predictive capacity, each attaining a determination coefficient
of 0.29. Conversely, the computational paralinguistic feature sets prioritize different feature sets.
Fundamental frequency demonstrates the highest predictive power among computational
paralinguistic features, with R2= 0.33. On the other hand, spectral features follow closely,
achieving a R? value of 0.31. It is significant that both intensity and voicing probability features,
while exhibiting comparatively lower predictive power, still achieve determination coefficient of
0.29. It suggests their potential relevance in predicting perceptions of intellectual stimulation.
Table 5.4
Results of SMO Regression on Intellectual Stimulation by Phonetic and Computational

Paralinguistic Approaches

Approach Feature sets R? MAE RMSE
MFCCs 0.17 0.61 0.80
Spectrum 0.29 0.75 0.96
Phonetic *Formants 0.26 0.62 0.80
approach *Fundamental frequency 0.31 0.63 0.80
*Intensity 0.29 0.59 0.77
*Duration 0.38 0.65 0.78
Spectral 0.31 0.66 0.84
MFCCs 0.19 0.71 0.89
Computational Mel-spectrum 0.17 0.67 0.87
paralinguistic ~ Zero-Crossing rate 0.17 0.61 0.85
approach *Fundamental frequency 0.33 0.59 0.79
*Intensity 0.29 0.60 0.80
*Voicing probability 0.29 0.59 0.80
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Note: Feature sets marked with an asterisk (*) indicate those that have been examined in Study 2

and Study 3

Added Value of Speech Features.

Dominance of Temporal Features: The emergence of speech duration as the strongest
predictor (R2=0.38) in phonetic approach is remarkable. This finding reveals that temporal
aspects of speech, such as pacing, pausing patterns, or overall speaking rate, may play a crucial
role in how listeners perceive intellectual stimulation.

Fundamental Frequency: The consistent importance of fundamental frequency across
both phonetic approach (R2=0.31) and computational paralinguistic approach (R2=0.33)
analyses highlights the robustness of this acoustic feature in predicting perceptions of
intellectual stimulation. This finding invites further investigation into how variations in pitch
contour or pitch range might contribute to a leader's perceived ability to stimulate followers
intellectually.

Spectral Features: The moderate predictive power of spectral features in both approaches
(R2=0.29 for phonetic, R2=0.31 for computational paralinguistic) illustrates that these acoustic
properties contribute to perceptions of intellectual stimulation. The role of spectral
characteristics in particular warrants further exploration, as they may capture subtle aspects of

voice quality that listeners associate with intellectual engagement.

Visualization of High and Low Conditions.

Figure 5.4 presents a comparative analysis of speech associated with high and low
intellectual stimulation using three different visualization techniques from top to bottom:
waveform, spectrogram, and fundamental frequency scatter plot. The left panel displays the
speaker’s voice signal as perceived high intellectual stimulation, and vice versa.

Waveform: The waveform in high condition is characterized by substantial variability in
amplitude, representing dynamic and compelling speech with frequent changes in volume.
Conversely, the low condition exhibits more stable and less dynamic.

Spectrogram: The spectrogram for high intellectual stimulation illustrates a wide range of

frequencies over time with dense and varied bands. The speech may contain a rich mix of
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frequent changes. By contrast, the low intellectual stimulation demonstrates less variation in
frequency bands over time.

Fundamental Frequency Scatter Plot: The left-side panel of high intellectual stimulation
exhibits a wide spread of frequency values. The distribution means frequent variations in pitch
and stresses the expressive quality of the speech. For the low condition, it reveals a tighter

clustering of frequency values. A limited pitch variation and a more monotonous speaking style

are reflected.
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Figure 5.4
Comparison of Waveform, Spectrogram, and Fundamental Frequency Scatter Plot (From Top to

Bottom) for High and Low Intellectual Stimulation

5.3.5 Inspirational Motivation

Research Results.

As the last discussed subdimension of transformational leadership, inspirational
motivation is described as a relationship between the leader and followers. It is the leader’s
ability to outline and illustrate future vision with clear communication that can be shared with
the followers. Table 5.5 exhibits a comprehensive overview of the regression results for the
inspirational motivation.

Within the phonetic approach, fundamental frequency is regarded as an exceptionally
strong predictor, achieving a remarkably high R2=0.43. This is followed closely by speech
duration, which demonstrates substantial predictive power with a R2 value of 0.37. These results
suggest that both pitch-related and temporal aspects of speech play crucial roles in perceptions
of inspirational motivation. In contrast, the feature sets extracted computational paralinguistic
approach show lower overall performance, with a combined feature set determination
coefficient of 0.24. Among the computational paralinguistic features, spectral features
demonstrate the highest predictive capacity, achieving a Rz value of 0.32. Voice pitch features
follow closely, with R2=0.31. Despite the lower overall performance, these specific feature sets
still provide valuable insights into the acoustic correlates of inspirational motivation.

Table 5.5
Results of SMO Regression on Inspirational Motivation by Phonetic and Computational

Paralinguistic Approaches

Approach Feature sets R? MAE RMSE
MFCCs 0.27 0.70 091
Spectrum 0.32 0.74 0.99
Phonetic *Formants 0.24 0.75 0.88
approach *Fundamental frequency 0.43 0.66 0.87
*Intensity 0.18 0.74 0.96
*Duration 0.37 0.72 0.93
Computational Spectral 0.32 0.70 0.94
paralinguistic = MFCCs 0.19 0.74 0.95

123



GENERAL DISCUSSION

approach Mel-spectrum 0.22 0.72 0.97
Zero-Crossing rate 0.15 0.72 0.94
*Fundamental frequency 0.31 0.71 0.97
*Intensity 0.16 0.75 0.95
*Voicing probability 0.20 0.74 0.99

Note: Feature sets marked with an asterisk (*) indicate those that have been examined in Study 2

and Study 3

Added Value of Speech Features.

Power of Fundamental Frequency: The high predictive power of fundamental frequency
in the phonetic features (R?= 0.43) is prominent. This finding reveals that pitch-related features
play a paramount role in how listeners perceive inspirational motivation. Future studies could
explore specific aspects of pitch modulation (e.g., pitch range, dynamic variations, or pitch
contour patterns) that might be most strongly associated with inspirational leadership.

Temporal Features: The strong performance of speech duration features (R2=0.37) in
phonetic approach highlights the importance of temporal aspects in conveying inspirational
motivation. This result invites further investigation into how specific temporal patterns (e.g.,
speech rate variations, strategic use of speech pauses, or rhythmic elements) might contribute to
a leader's perceived inspirational capacity.

Spectral Features: Despite the overall lower performance of computational paralinguistic
approach, the relatively strong predictive power of spectral features (R2=0.32) indicates that
frequency-domain characteristics contribute meaningfully to perceptions of inspirational
motivation. This finding warrants deeper exploration into which specific spectral properties (e.g.,
formant structures, spectral tilt, or energy distribution) are most relevant to inspirational

leadership.

Visualization of High and Low Conditions.

Figure 5.5 presents a comparative analysis of speech features associated with high and low
inspirational motivation using three different visualization techniques from top to bottom:
waveform, spectrogram, and fundamental frequency scatter plot. The left panel displays the

speaker’s data as perceived high inspirational motivation, and vice versa.
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Waveform: The waveform reveals a higher amplitude and greater variability over time
compared to the low inspirational motivation. This implies that highly inspirational speech
tends to have more dynamic volume changes and potentially more emphatic delivery.

Spectrogram: Both spectrograms show similar overall patterns, but the high inspirational
motivation spectrogram appears to have slightly darker bands, particularly in the lower
frequency ranges. This may represent more energy in the fundamental frequency and lower
harmonics, potentially contributing to a richer, more resonant voice quality.

Fundamental Frequency Scatter Plot: It is clear that the plot shows a more defined
triangular shape with a broader base for high inspirational motivation. This indicates a wider
pitch range and more frequent pitch variation, which are characteristics of highly motivated and
engaging speech. By contrast, the plot of low inspirational motivations displays a narrower
pattern that indicates less variation in fundamental frequency and potentially a more

monotonous delivery.
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Bottom) for High and Low Inspirational Motivation

Taken together, the presented findings show a relatively homogeneous overall predictive
validity and specificity for the model based on the speech material. The speech features
extracted by phonetic approach and computational paralinguistic approach are generally
predictive for the subdimensions of transformational leadership. Table 5.6 presents a

comprehensive overview of the selected key feature sets, displaying the speech feature sets with
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the comparatively greater R2 values, which potentially influence the full-dimensions of
transformational leadership perception. Of course, the findings in this dissertation on real-world
speech cannot be expected to be 100% perfect. They are subject to inherent variability and
limitations. Future research could build upon these findings by involving more diverse speech
corpora (see Section 5.5 and 5.8), and such efforts would further elucidate the complex
relationship between speech features and perceived transformational leadership.

Table 5.6

Comprehensive Overview of Selected Key Features Sets on Perceived Transformational Leadership

Features sets of
) , Features sets of ) L.
Subdimensions ) computational paralinguistic
phonetic approach

approach
Individualized Spectrum; Speech duration; Spectral; MFCC; Intensity; Mel-
consideration Formants spectrum
Idealized

Fo; Intensity; Spectrum; Speech

infl Fo; Intensity; Spectral; Mel- t
in lllence duration o; Intensity; Spectral; Mel-spectrum
attributes
Idealized
influence Intensity; Spectrum; Speech duration Fy; Intensity; Spectral; MFCC
behavior
Intellectual Fo; Intensity; Spectrum; Speech Fo; Intensity; Spectral; Voicing
stimulation duration probability
Inspirational
nspl.ra 19na Fo; Speech duration; Spectrum Fo; Spectral; Mel-spectrum
motivation

5.4 Research Question (3): What originality and added value does Study 3 offer beyond
those provided by Study 2 based on the same dataset?

Prior to discussing the originality and added value of Study 3, it has to address the common
practice in the field of affective computing where multiple studies may utilize the same dataset.
Although both articles employ the same dataset, this practice is essential for demonstrating the
scientific value of reanalyzing a consistent dataset using distinct methodological approaches.

Common Use of the Same Dataset: In the field of affective computing, the practice of
using the same dataset across multiple journal publications is not only common but often
beneficial for advancing the field. This approach facilitates direct comparisons between different

methodologies and allows for the establishment of benchmarks, crucial for measuring progress
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in the field (Valstar et al., 2016). For example, Schuller et al. (2011) have used the AVEC 2011
dataset to compare different feature selection methods allows researchers to directly assess the
performance of various algorithms under identical conditions. Further, it can compare
evolutionary computation-based feature selection methods with traditional approaches, leading
to clear conclusions about which method performs better for specific tasks. Ringeval et al. (2018)
also demonstrated that how to use the same dataset to test the generalization ability of cross-
cultural emotion recognition. Researchers utilized a dataset encompassing multiple cultural
backgrounds, enabling participants to develop and evaluate algorithms that perform well across
diverse cultural contexts. This helps to ensure that the developed technology is not only effective
within specific populations but also possesses broader applicability. Regarding the data ethics
and privacy, scholars have emphasized the importance of considering participants' privacy and
comfort when collecting data. Reusing existing, ethically reviewed datasets can minimize
disruption to new participants while ensuring that research adheres to ethical standards
(Soleymani et al., 2012). The least but not the last, the dataset creation process highlights the
complexity and resource demands of high-quality datasets. Creating such a dataset requires
substantial time, labor, and financial investment. Hence, reusing such datasets can significantly
enhance research efficiency. For instance, Dusseldorf Sleepy Corpus has been widely used in
various papers (e.g. Campbell et al., 2022; Huckvale et al., 2020; Martin et al., 2021; Schuller et al,,
2019). Therefore, this study uses the same dataset as the previous study, which should be well-
supported both in practice and in the prior literature. This approach aligns with established
research standards, ensuring consistency and comparability of results while adhering to ethical
considerations. The current author further elaborates on the originality and added value of
Study 3 as follows. Before starting it, the overview of computational paralinguistic and phonetic
approaches is briefly presented as Table 5.7.

Table 5.7

Overview of Computational Paralinguistic and Phonetic Approaches

Computational paralinguistic Phonetic approach
Approach ) )
approach (in Study 2) (in Study 3)
Computational paralinguisticsisa Phonetic approach focuses on the
research domain that focuses on acoustic properties of human
General definition the automated analysis and speech production. It

modeling of non-verbal aspects of encompasses a meticulous
speech communication. This field examination of not only the
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encompasses the examination of
prosodic features, spectral
characteristics, voice quality
parameters, and other acoustic
signals to extract pertinent
information beyond the linguistic
content (Schuller & Batliner,
2013). The approach involves the
extraction of large-scale feature
sets, often comprising thousands
of acoustic parameters, which are
then used to model and classify
various paralinguistic phenomena
(Schuller & Batliner, 2013)

prosody but also the articulatory,
acoustic, and perceptual features
(Ladefoged & Johnson, 2014),
including formant frequencies,
formant bandwidth, and formant
positions. The methodology
employs phonetic transcription
techniques, acoustic analysis
methods (e.g., formant analysis),
and perceptual experimentation
to understand the nature of
speech sounds and their
variations across linguistic
contexts

Paralinguistic features are
statistical and computational,

Phonetic features are grounded in
the physical and acoustic
properties of speech, providing

Fundamental _ . . .
o aimed at capturing broad trends detailed articulatory and
distinction _ . . .
and dynamics for predictive resonance information for
modeling analyzing the speaker’s vocal
behavior
It may exhibit limitations in Provides a detailed understanding
capturing the nuanced phonetic of speech sounds, including
intricacies essential for articulatory and acoustic
Depth of analysis establishing robust correlations properties, which can directly
between speech features and relate to physiological states (e.g.,
specific physiological, emotional,  tension in articulation affecting
or psychological states formant bandwidths)
The inherent lack of transparency The methodology yields clear and
in many computational interpretable insights into the
. paralinguistic models presents a relationships between specific
Interpretability and o . o i
insight significant challenge in deriving speech features and their
insi
8 concrete psychological, corresponding physiological
physiological, or emotional processes
insights from the analyses
i Directly examines how
Infers states from acoustic i .
_ ) physiological changes (e.g.,
) . patterns without necessarily ] )
Physiological and muscle tension, airflow) affect

auditive linkages

understanding the physiological
underpinnings, which can limit
the depth of insights

speech production and
perception, facilitating a clear
connection to states

Flexibility and
adaptability

May require extensive retraining
or feature adjustment to adapt to

The approach demonstrates high
adaptability across diverse
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different linguistic contexts languages, as it is grounded in
universal principles of
articulatory phonetics and
acoustic analysis

In the area of speech analysis, computational paralinguistics has gained significant traction
due to its ability to process large datasets rapidly. However, the phonetic approach offers
different advantages and added value that complement and often surpass the capabilities of
computational methods, particularly in understanding the nuanced relationships between
speech and physiology. The added value of phonetic approach and phonetic features adapted in
Study 3 is therefore presented:

Detailed Insights of Physiology: The phonetic approach provides a direct analysis of
articulatory features such as formant frequencies, bandwidths, and their variations in Study 3.
Different from computational paralinguistic features such as delta coefficients, do not directly
correspond to specific speech production mechanisms. In the default settings, formant-related
features even are not generated by the computational paralinguistic approach (Eyben et al,,
2013; Kumar et al., 2017). On the contrary, the phonetic approach allows for a granular
exploration of how specific features influence speech production which provides further
information into both physiological and acoustic distinctions.

Precise Interpretation in Features: Computational paralinguistic approach often relies
on aggregated or abstracted features, which can dilute the specificity of insights related to
speech production and perception. The paralinguistic features are comparatively harder to
interpret and explain and it is difficult to know exactly how the model is linking certain acoustic
patterns to states labels. Alternatively, the phonetic approach delivers precise, interpretable
metrics that are closely tied to physiological processes. For example, detailed formant tracking
(e.g., formant transitions, positions, and bandwidths) not only reveals speaker identity but also
enhances understanding of how these elements impact perceived leadership or charisma- the
insights that may be generalized or overlooked in machine learning models used in
computational approaches.

Theoretical Grounding: The phonetic approach is firmly rooted in well-established
linguistic and acoustic theories, providing a solid framework for linking acoustic phenomena to

speaker traits. This grounding makes the analysis more scientifically transparent and
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interpretable. For example, the relationship between formant positions and vocal tract
resonances is clearly delineated in phonetic studies. Yet, computational methods might treat
these relationships as black-box results that offer less clarity on why certain acoustic features
are important for phenomena like leadership perception (Adadi & Berrada, 2018).

Applicability of Cross-Linguistic: Phonetic features are based on universal principles of
human speech production. This is a critical advantage over computational paralinguistic systems,
which may require extensive retraining to adapt to different linguistic contexts. Phonetic
analysis can more easily account for articulatory and acoustic variations between languages in
providing a more flexible and theoretically sound basis for cross-linguistic research on
leadership and vocal perception.

Contextual Sensitivity: Phonetic features are inherently more sensitive to contextual
factors, including speaker intent, linguistic content, and environmental conditions. This is
particularly relevant in leadership studies, where vocal delivery and subtle changes in speech
can strongly influence perceptions of charisma or authority. Computational paralinguistic
methods, which are often applied uniformly across large datasets, may not account for these fine
contextual variations, leading to less context-aware predictions or classifications.

Beyond the comparative advantages of the phonetic approach as presented above, Study 3
also breaks new ground through the pioneering application of a custom script in leadership
corpus: the methodological contribution and originality to the field of perceived leadership by
innovatively applying the custom script. To the best of the authors' knowledge, this represents
the first research of administrating this script in leadership corpus. The previous applications of
script have primarily focused on identifying speech indicators of fatigue or sleepiness (e.g.,
Krajewski & Kroger, 2007; Krajewski et al., 2009; 2012; Schuller et al., 2014), and its adaptation
to leadership perception demonstrates its versatility and potential for cross-domain
applicability. By using it, the current study achieves a more precise dimensionality of speech
data for a targeted analysis of the most pertinent acoustic features influencing perceived
leadership. This translation of novel application highlights the potential for existing tools in one
field to provide valuable insights in another, thereby enriching the methodological repertoire

available to researchers in perceived leadership and broader speech perception studies.
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5.5 Research Question (4): How to effectively acquire a comprehensive leadership speech
corpus?

After discussing the above research questions, this section addresses the last critical
research question and illustrates a research strategy. The effective acquisition of a
comprehensive leadership speech corpus is a multifaceted endeavor that necessitates a strategic
approach and has to balance the methodological rigor with practical considerations. Hence, the
current author delineates a research strategy that encompasses crucial aspects of data collection,
analysis, and management in leadership acoustics. The main purpose is to provide a roadmap to
navigate the intricate process of building a leadership speech corpus that is not only extensive
but also widely applicable. This multifaceted approach is designed to enhance the reliability,
robustness, and generalizability of leadership acoustic research, thereby broadening the scope
of the vocal manifestations of leadership across diverse contexts and cultures. The following
strategies present the requirements and quality criteria of a leadership-related speech database.

Anchor of Robustness: The establishment of anchor of robustness is crucial for ensuring
the robustness of research outcomes (Schuller, 2006). While self-reported or third-party
assessments serve as primary data sources, their integration with behavioral and physiological
data can significantly enhance the validity of measurements. Yet, the approach of self-reported
assessment is not recommended (see Subsection 5.6.1 for the details). Researchers are
suggested to exercise caution when interpreting ratings, particularly in cases where
physiological anchors are absent or minimal. This multi-faceted approach to data collection not
only enriches the dataset but also mitigates potential biases inherent in singular assessment
methods.

Perception Testing: Implementing leadership perception testing on representative
subjects provides a fundamental benchmark for human cognition in leadership assessment. This
methodology allows for a comparative analysis between automated systems and human
perception, thereby validating the ecological validity of the research. In recent decades, there
has been an increasing propensity to collect recordings from the television or radio, and
especially from the Internet. Additionally, the incorporation of alternative sampling methods, for
instance, YouTube videos (e.g., Aharonson et al., 2023), offers a diverse dataset that can capture
leadership behaviors across various contexts. While much of research has concentrated on the

benefits of traditional media, Cooper (2023) has argued that the comparable advantages could
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be derived from YouTube videos. On the other hand, the shorter duration of these videos
presents a potential benefit as it may increase the likelihood of repeated viewings.

Flexible Categorization: The flexibility in categorization granularity that ranges from
continuous scores to binary classifications allows for a nuanced approach to leadership
assessment. This adaptability enables researchers to tailor their analyses to specific research
questions and methodological requirements. By providing different levels of categorization (e.g.,
high, medium, and low perceived leadership), further study can facilitate a more detailed
examination of leadership perceptions and their correlates.

Optimized Setting: While the pursuit of an optimized, interference-free setting for data
collection is paramount, particularly in the nascent stages of research, it is equally important to
acknowledge the limitations of such controlled environments. Researchers should strive to
minimize external disturbances to ensure the clarity and reliability of acoustic data. For instance,
majority of recording software applications default to stereo recording (two channels), however,
it is generally advisable to record voice recordings of a single individual in mono (one channel)
to minimize the capture of extraneous sounds (Busquet et al., 2024). In addition, it is
recommended to use an uncompressed WAV format over MP3/MP4 format to avoid the quality
loss (Krél & Szymczyk, 2022). On the other hand, participants may be requested to submit a
sample recording to verify the correct audio format settings (Siegert et al., 2016). The leadership
corpus in this dissertation used traditional laboratory camera recordings. This approach is now
being developed by big data to enable reuse of video data by other researchers (Tay et al., 2017).
Since the 1950s, the standalone video camera has been managed in behavioral research labs as
an unobtrusive and insightful tool to collect data (Adolph, 2016). Video cameras capture the
views from a third-party in laboratory environments and researchers can monitor several things
such as resolution, positioning of the camera, recording quality and process, and capture of
sound. This requires high resolution recording for particular testing purposes (Busquet et al,,
2024; Tay etal., 2017).

Repeatability: It is important to ensure repeatability in leadership speech research
necessitates a meticulous approach to experimental design and data collection. The
modifications in hardware, software, and environmental settings should be systematically

documented to facilitate replication studies. Moreover, the careful selection and documentation
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of subject characteristics and operational procedures are crucial for maintaining consistency
across repeated measurements.

Diversity of Samples: The pursuit of sample diversity is essential for the generalizability
and applicability of research findings. Incorporating a wide range of personal conditions (e.g.,
leadership tenure, position) and characteristics (e.g., native language, age, gender, and
educational background) in the sample enhances the external validity of the research. This
diversity would help the exploration of potential moderating effects of demographic variables on
leadership perceptions and enables the development of more context-specific models. The
studies collected in this dissertation are derived from samples within the Western, Educated,
Industrialized, Rich, and Democratic (WEIRD) population (Henrich et al,, 2010), which are
known to carry inherent biases related to gender, class, and ethnicity. Schuller et al. (2023) have
further mentioned that the cross-cultural and sub-cultural dimensions of formal charisma
markers remain unexplored.

Large and Equally Distributed Samples: The utilization of large and equally distributed
samples is fundamental to robust modeling in research. Notable examples include the study by
Campbell and Mokhtari (2013), which analyzed 250 hours of speech to investigate interlocutor-
specific variations in a speaker's tone of voice, and the research by Landgraf et al. (2016), which
examined 10 hours of speech to explore multi-parametric differences in the speech behavior of
passengers seated in the front and back seats of a moving vehicle. In short, a large sample size is
considered to contribute to the representativeness and statistical power of the research.
Moreover, ensuring an equal distribution of leadership states within the sample mitigates the
risk of category overrepresentation.

Promoting Accessibility and Corpus Enlargement: The advancement of acoustic
leadership assessment is contingent upon the collaborative expansion and accessibility of
speech corpora. Sharing recorded data as open-source resources fosters wider cooperation
within the research community. It not only enhances the quality and diversity of available data
but also promotes global comparability and reproducibility. The establishment of such shared
resources is instrumental in accelerating progress in this emerging field and ensuring the
validity and generalizability of research findings across diverse cultural and linguistic contexts.

Table 5.8 gives a briefly overview of the set of assessment criteria.
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Table 5.8
Related Criteria for Assessing Qualified Corpora (Adapted from Schuller, 2006)

Criteria Recommendations

Combining multiple data sources (third-party,
Anchor of robustness behavioral, physiological) to enhance
measurement validity

Comparing human and automated leadership
Perception testing assessments using diverse stimuli (e.g.,
YouTube videos) to establish ecological validity

Adapting leadership assessment to research
Flexible categorization questions through varying categorization levels
(continuous, binary, or ordinal)

Minimizing external disturbances during data
Optimized setting collection to ensure data quality and reliability
(e.g., mono audio recording, WAV format)

Ensuring repeatability involves meticulous
documentation of hardware, software,

Repeatability environmental settings, and participant
characteristics, facilitating consistent and
replicable research

Including a wide range of participant
Diversity of samples characteristics to enhance external validity and
explore moderating effects

Maximizing sample size and balanced

Large and equally distributed samples representation of leadership states for robust
modeling

Promoting accessibility and corpus Sharing data openly to foster collaboration and

enlargement advance the field through corpus expansion

5.6 Limitations
This section is devoted to the assessments of the validity risk of the study and the quality

of data. To justify the validity, it is necessary to verify the research setting and implementation
that are appropriate for achieving valid results. The following sections start with internal
validity and relevant effective factors.
5.6.1 Internal Validity

Interval validity mentions the confidence with which the relationship between variables
that have been manipulated or measured can be specified (Wang et al., 2018). Further, internal

validity is an experimental notion of the interaction between research activities, regardless of
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what they technically or theoretically represent (Shadish et al., 2002). Therefore, in study design,
internal validation is critical and has been and will continue to be the key priority of researchers
(Makaruk et al., 2022). The combination of systematic manipulation (making sure that only one
aspect of the instructions or experimental situation differs between conditions, hence ruling out
so-called procedural confounds) and random assignment (which minimizes the chance of pre-
existing differences between conditions, hence ruling out person-related confounds) makes it
possible to eliminate alternative explanations for the effect under study and allows researchers
to draw causal conclusions (Rietzschel et al., 2017). However, the following aspects may be a
concern.

Short-Term Approach to Long-Term Phenomena: As a study, being less time-consuming
is an advantage. This kind of short-term approach can work well while studying phenomena that
have immediate effects. However, it may be a problem when the phenomena cannot be
investigated within a limited timeframe. Some results may take a longer time to develop, and
some processes may require repeated interactions that need sufficient time to run. Even though
the immediate effects are observed, how these effects are further developed is still a question.

Self-reported Instrument: The adapted instrument of German MLQ in this work is based
on a methodology of observer rating to avoid a self-reported approach. The self-reported
instruments have been used in many studies. They are generally a type of questionnaire in
which respondents read the survey items and select a response on their own without
interference (Jupp, 2006). However, the most common problem is that the respondents tend to
give socially desirable responses in order to expose less negative information about themselves;
therefore, their answers in this questionnaire may not be able to truly reflect the states of the
construct being measured (Podsakoff & Organ, 1986). Also, this self-reported method may result
in common method variance, which can lead to erroneous estimates of the strength of those
relationships (Dixon et al,, 2017). Wall et al. (2022) have pointed out that for some researchers
the impact of common method variance is not as serious as alleged. Yet, it is recommended that

different respondents should be a better way to overcome it.

5.6.2 External Validity (Generalizability).
The review of external validity, also known as generalizability, is concerned with how far

the research findings can be generalized to other populations and other application contexts. An
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important determinant of external validity is the “closeness to reality” applied in methods,
materials and settings (Brewer, 2000). Further, ecological validity ensures the transferability of
laboratory conditions to natural situations. While assessing the achievements of the results,
generalizability should be considered. For the estimation of the generalizability of an achieved
model, the following questions should be discussed in particular.

Diversity of Samples: Are the samples adopted for the intended applications? Are
participants representative of the target population with a balanced composition? For instance,
the researcher has to try to recruit a reasonable and balanced demographic in gender, age,
educational background, and so on.

Diversity of States: Is the diversity of psychological and physiological states being ensured
to the intended application situation? For example, speakers with diversified perceived levels of
subdimensions of transformational leadership should be included in the sampling.

Acted and Real Agreement: Is there an agreement (consistency) between acted speech
and the real-world speech situation? In addition to the above questions, the used size and type of
sample are other determinants for external validity. What are the limitations associated with a
small sample size in general? Regarding the process of consideration, there are two main
problems with small sample sizes, as discussed below.

Random Protection of Statistical Significance: The greatest resistance against a low case
number results from pragmatic research constraints of statistical significance, which stand for
high numbers of cases, since low ones allow the detection of significant results only with very
large effect sizes. This can be counteracted in part by increasing repeat measures in the study
design or randomization procedures. In many research cases, the sample is not the target
population representative via randomization, so the findings just apply to the research sample
(Ferguson, 2004). The study results can only be generalized to a population with certainty in
circumstances where the sample is randomly picked from the target population (Cook &
Campbell, 1979). Further, Christensen (2001) has proposed that intentional sampling for
variability or stratified random sampling may be used to promote generalization.

Representativeness of the Results: There are two facets within the problem of
representation that can be distinguished: the sample representativeness and the contextual
representativeness. The sample representativeness can be harmed due to sample selection

distortions. For instance, student samples are a common problem in many studies. A range of
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research studies, including this dissertation, use student samples pervasively. Several reasons
support the use of student samples - they are easily accessible; available in relatively large
numbers; and usually of low cost. However, there is an obvious problem in most of the studies,
which resulted from the fact that students cannot be representative of the target population. For
instance, in the study with a target population of experienced leaders, the final results will be
affected by relying on student samples because they generally have less work experience;
therefore, they may find it uncomfortable to participate in the vignette experiment. A possible
extension of the scope to other populations would be quite plausible but requires support from
further studies with the variation of speaker traits and state characteristics.

Furthermore, the scope of generalization, so-called contextual representativeness, must be
taken into account for alternative application situations. For the purpose presented in this
dissertation, many variations of the recording situation and background noise conditions have to
be considered. In order to assess the transferability to other application contexts, task
characteristics (e.g., experienced leaders), environmental factors (e.g., background noise),
speech situations (e.g., informal vs. formal), speech mode (e.g., vignette reading, free speech),
and speech content (e.g., extension of the vocabulary) are systematically varied and evaluated in
their effect on the predictive quality of leadership speech analysis.

In conclusion, the evaluation of the research instrument and design indicates that the
overall internal validity of the assessment is satisfactory in this dissertation, with no evidence of
systemic distortions in the results. However, significant uncertainty remains regarding the
generalizability of the findings to other speakers and application contexts. Due to the artificial
nature of the laboratory setting and the limited range of speech situations examined, any

generalization of the results to other speech contexts should be approached with caution.

5.7 Ethical Consideration of Leadership Speech in Artificial Intelligence

It is important to recognize that leadership can be misused for unethical purposes.
Establishing strict boundaries to prevent such misuse is both necessary and challenging. It is
essential to avoid superficial ethical practices, often referred to as "ethics washing" (Rességuier
& Rodrigues, 2020; Batliner et al., 2023).

Leadership, when utilized in human-computer interactions, should not be pursued merely

for its own sake but should serve as a means to achieve specific goals. This application of
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leadership must be carefully managed to avoid ethical pitfalls. The ethicality of leadership
speech depends on its intended use, and while bright leadership speech itself is neither
inherently ethical nor unethical, its application can have significant ethical implications.

For instance, when leadership speech is used within vulnerable groups, the ethical
requirements are heightened, particularly concerning privacy and harm avoidance (Batliner et
al,, 2022). Moreover, radical organizations may exploit charismatic communication to
manipulate followers, which underscores the need for stringent ethical standards (Schuller et al,,
2023). Scholars have proposed three potential responses to ethical dilemmas faced by
persuasive agents: (1) detect the dilemmas and pass them to a human; (2) compute possible
courses of action and refer the decision to a human; (3) make autonomous decisions (Anthony et
al,, 2019; Tiwari et al,, 2023). However, the current state of artificial intelligence does not
reliably support such complex ethical reasoning. Therefore, two guiding principles should be
adhered to: (1) design systems to avoid ethical dilemmas, and (2) ensure that any encountered
dilemmas are resolved by humans.

One of the most critical ethical considerations in the deployment of leadership artificial
intelligence (Al) is the need for transparency, particularly in disclosing the automated nature of
the interaction (Turri et al., 2024). It is essential that users are made explicitly aware that they
are interacting with a machine, not a human, as this knowledge supports user autonomy and
mitigates unconscious social reactions (Kramer & Manzeschke, 2021). This transparency,

coupled with accountability, forms the core ethical foundation necessary for Al applications.

5.8 Future Directions

As our comprehension of these disciplines deepens, several promising research avenues
emerge. This section presents key directions that could significantly propel the field forward,
synthesizing insights from recent studies while identifying potential areas for groundbreaking
exploration.

A crucial area for future investigation involves the integration of speech signals with other
modalities, such as facial expressions, body language, and physiological markers (Baltrusaitis et
al,, 2019). Machine learning algorithms that are capable of fusing these diverse data streams
might reveal intricate patterns that are overlooked in single-modality analyses. Meanwhile, the

development of specialized deep learning architectures tailored specifically for leadership
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perception tasks could greatly advance the field. For example, attention mechanisms (which
allow models to focus on relevant parts of input data) and transformer-based models (which use
self-attention to process entire sequences in parallel), which have revolutionized natural
language processing, could be adapted to capture the subtle nuances in speech that contribute to
leadership perception (Vaswani et al.,, 2017).

Next, investigating the robustness of leadership perception models is vital for developing
more reliable systems and for uncovering potential biases in existing models (Goodfellow et al.,
2014). It could lead to improvements in the fairness and accuracy of leadership assessments.
Simultaneously, the development of algorithms capable of real-time analysis and feedback could
have substantial applications in leadership training and development. This would necessitate
advancements in both model efficiency and hardware acceleration techniques (Wang et al.,
2019).

Finally, future research must critically engage with the ethical issues associated with
automated leadership perception systems (see Section 5.7). It is imperative to develop
techniques that can detect and mitigate biases related to gender, race, or cultural background
within these models (Barocas et al., 2023). Prioritizing ethical Al in this context will ensure that
advancements in the field contribute constructively to both organizational dynamics and
broader societal progress. To sum up, these future directions would advance our understanding
of the complex relationship between speech, machine learning, and speech signal processing in
perceived leadership. The knowledge gained from these efforts has the potential to inform
leadership development practices, enhance communication strategies, and contribute to more

effective and inclusive organizational dynamics.
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6 RESEARCH CONTRIBUTIONS

6.1 Insights of Computational Paralinguistic and Phonetic Approaches

This dissertation presents a framework of integrating computational paralinguistic and
phonetic approaches to investigate leadership perception through speech feature analysis. The
proposed framework systematically delineates the contributions, distinctive methodological
strengths, and profound insights derived from each both approaches.

First of all, the computational paralinguistic approach introduces an advanced large-scale
feature extraction paradigm, strategically leveraging machine learning algorithms to predict
leadership perceptions with remarkable precision. This approach demonstrates statistical
prediction accuracy that substantially parallels traditional phonetic methodologies, while
predominantly generating abstract, statistically-derived insights. Its primary scientific
contribution is based on meticulously identifying hierarchical feature set importance in
discriminating nuanced leadership perception signals. Critically, the computational approach'’s
inherent limitation resides in its reduced interpretative granularity, as extracted features remain
abstractions disconnected from specific articulatory or physiological mechanisms. This
epistemological constraint renders the computational methodology exceptionally efficient for
predictive modeling but comparatively restricted in facilitating detailed explanatory
phenomenological analyses. The approach essentially functions as a powerful "black box"
predictive instrument that presents statistically stable patterns without comprehensive
mechanistic understanding.

Conversely, the phonetic approach prioritizes a more granular exploration of speech
production's physiological and articulatory dimensions. The phonetic analysis reveals intricate
correlations between specific acoustic parameters and perceived leadership attributes. By
meticulously analyzing articulatory configurations, vocal tract morphology, and biomechanical
speech generation dynamics, the phonetic approach transforms acoustic data into
comprehensively interpretable physiological narratives. This approach offers unprecedented
precision in feature interpretation, distinguishing subtle acoustic variations that computational
approaches might overlook. By examining features like formant frequencies, spectral
characteristics, and temporal dynamics with exceptional granularity, this approach provides a

more nuanced understanding of how vocal features contribute to leadership perception. Table
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6.1 illustrates an overview of insights of computational paralinguistic and phonetic approaches

applied in this dissertation.

Table 6.1

Insights of Computational Paralinguistic and Phonetic Approaches

Aspect Computational paralinguistic Phonetic approach
approach
Methodology Utilizes for high-dimensional For articulatory feature

feature extraction. Focus is on
maximizing prediction accuracy
with minimal domain-specific
knowledge

analysis, such as formant
frequencies, bandwidths, and
duration. Emphasizes precise
measurement grounded in
speech production mechanisms

Feature extraction

Extracts over 6000 features of
statistical-functional feature
vectors, including energy,
spectral, and prosodic
characteristics. High
dimensionality but less
interpretability

Focuses on fewer, well-defined,
and explainable phonetic
features. It presents detailed
insights into their physiological

relevance

Prediction accuracy

Demonstrates stable predictive
performance comparable to the
phonetic approach but without
explicit interpretability

Achieves similar predictive
performance, with additional
value in providing explainable
predictions tied to physiological
and psychological constructs

Strengths

Efficient for large datasets,
scalable for automated analyses
across varied acoustic
conditions

Delivers detailed, interpretable
insights into specific features
and their psychological and
physiological implications

Psychological insights

Limited to general associations
between features and
perception

Offers detailed interpretations
(e.g. lower F1/F2) being
perceived as more
authoritative, resonant, and
confident in leadership contexts

Physiological insights

Mainly focuses on statistical
relationships rather than
articulatory mechanisms

Highlights vocal tract
configuration and articulatory
control (e.g., narrower
bandwidths reflecting refined
neuromuscular coordination)
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6.2 Explicit Contributions of Phonetic Approach

In the subsequent section, this dissertation deconstructs the explainable phonetic features
that provide critical insights into leadership perception through acoustic analysis. For example,
lower formant frequencies (F1 and F2) emerge as particularly significant acoustic markers,
demonstrating robust associations with vocal resonance and perceived authority. These
frequencies inherently reflect complex physical attributes such as vocal tract morphological
characteristics and sophisticated articulatory configurations. Furthermore, narrower formant
bandwidths exhibit compelling correlations with articulatory precision and vocal tract
resonance efficiency, directly influencing perceptions of vocal clarity and articulatory sharpness.

From an interdisciplinary psychological perspective, these findings from phonetic approach
illuminate the voice's profound role as a sophisticated social signaling mechanism. Specific
phonetic features like lower formant frequencies and pronounced spectral peaks function as
nuanced psychological markers of authority, interpersonal stability, and contextual control.
These qualities demonstrate particular salience within hierarchical social environments such as
corporate leadership structures or military command ecosystems. Building upon the phonetic
methodological framework, the following Table 6.2 exhibits an overview of these highlighted
phonetic features presented in this dissertation to offer the effect directions of their acoustic
characteristics and relevant implications from phonetic and psychological perspectives.
Table 6.2

Research Findings and Implications of Phonetic Approach

Feature sets Research findings Implications from phonetic and
psychological perspectives

T The difference between the The difference between the maximum
maximum and minimum pitch and minimum pitch values reflects the
values (fO_range) speaker's ability to vary their

fundamental frequency, a critical
feature of prosody. A larger FO range
indicates greater pitch variability,
Fundamental ] )
enhancing speech expressiveness and
frequency . . . -
modulation. Phonetically, this variation
highlights sentence focus, emphasizes
key words, and conveys emotional tone,
making speech more engaging and
comprehensible. Achieving a broader

FO range requires active vocal fold
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modulation and precise laryngeal
control. In the context of leadership
perception, greater pitch variability is
associated with dynamism, energy, and
charisma, as it conveys messages with
vocal emphasis and enthusiasm

T The maximum value of the pitch
curve, indicating the highest pitch
(fO_max)

An increase in the maximum pitch
value reflects the speaker’s ability to
reach higher frequencies during speech.
Higher maximum pitches convey
enthusiasm and energy, which are
essential for inspiring and motivating
listeners. This is often associated with
expressiveness, emotional engagement,
and vocal energy. Psychologically,
higher pitch peaks may indicate
enthusiasm, dynamism, and a capacity
to capture attention

T The rate of change in pitch over
time (f0_slope)

A steeper pitch slope indicates rapid
changes in fundamental frequency,
which enhances prosodic variation and
speech dynamism. This feature is linked
to charisma and emotional
expressiveness, as it helps convey
emphasis and intention more
effectively

T The standard deviation of the
pitch values (f0_sd)

A greater standard deviation in pitch
reflects increased variability, signifying
dynamic speech delivery. This variation
contributes to perceived engagement
and confidence, as monotone speech
often lacks emotional appeal and
communicative effectiveness.
Conversely, greater variability in pitch
indicates a dynamic and emotionally
engaging speech style, resonating with
perceptions of strong leadership

Formant
frequency

| Minimum value of the first
formant frequency (f1_min)

Alower F1 minimum often indicates a
longer vocal tract configuration or a
more closed vowel articulation (e.g., [i]
or [u]). These articulatory settings
reduce energy dissipation and enhance
resonance efficiency, producing a
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clearer and more focused voice quality.
Lower F1 frequencies are also
associated with deeper, more resonant
voice qualities, which project authority
and stability. This vocal quality aligns
with traits such as authority, confidence,
and leadership presence

| Minimum value of the second
formant frequency (f2_min)

Lower F2 frequencies typically occur
when the tongue is positioned further
back in the mouth (as in back vowels
like /u/), creating a longer vocal tract
configuration. This extended
configuration lowers resonance
frequencies, contributing to a deeper,
richer vocal quality

T Maximum temporal position of
the first formant frequency
(f1_maxtime)

The maximum temporal position of F1
refers to the point in time during an
utterance where F1 reaches its peak
frequency. An increase in f1_maxtime
suggests that this peak occurs later in
the speech signal. A delayed peakin F1
could reflect a more deliberate
articulation strategy, where the speaker
gradually transitions to a fully open
vocal tract configuration. This may be
linked to clearer vowel articulation, as
the speaker ensures proper resonance
during speech

| Difference between the
averages of the formants (e.g.
df2f5, df1f5, df4f5)

A decrease in the difference between
formant averages may indicate a more
compact articulation, contributing to
clarity and precision. These traits are
often associated with controlled and
professional vocal delivery, enhancing
leadership perception

Formant
bandwidth

| 25th, 50th, and 75th percentile
of the bandwidth of the third
formant frequency
(f3_bandw_qg25, 50, 75)

Narrower B3 reflects reduced damping,
concentrated energy, and clearer
resonance, which enhances vocal
sharpness and clarity. This clarity
contributes to perceptions of authority
and confidence. This sharper acoustic
profile enhances vocal clarity and
intelligibility, which are critical for
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conveying authority and confidence in
leadership contexts

| 25th, 50th, and 75th percentile
of the bandwidth of the fourth
formant frequency
(f4_bandw_qg25, 50, 75)

Narrower B4 indicates efficient
resonance in higher frequencies,
sharper vocal quality, and better
articulation. These traits align with
perceived control and leadership

T The total length of the speech in
seconds (dur)

Longer speech duration suggests
deliberation and command over
communication, reinforcing authority

T The actual speaking time
(excluding pauses) in seconds
(phonationtime)

Increased active speaking time reflects
confident vocal engagement and
controlled delivery, traits linked to
leadership effectiveness. The feature is
associated with authority and
composure, as they indicate the
speaker’s ability to control the pace and
content of their message

T The total count of silent breaks
or pauses (npause)

An increase in the number of silent
breaks or pauses during speech
indicates that the speaker pauses more
frequently, leading to a greater overall
number of pauses in the utterance.
They are often perceived as signs of
confidence and thoughtfulness, as the
speaker is taking the time to craft their
words carefully

! The number of syllables spoken
per second, including pauses
(speech rate)

A decrease in speech rate (fewer
syllables spoken per second) means the
speaker is articulating words more
slowly, taking longer pauses between
syllables or words. A slower speech
rate is often linked to perceptions of
calmness, composure, and control.
Leaders who speak slowly and
deliberately are often seen as
thoughtful and confident, suggesting
they are in control of the conversation
and their message. It can also enhance
vocal clarity, making it easier for
listeners to understand and process
information, which is important in
leadership contexts where precision
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and clear communication is essential

T The average loudness Higher average loudness levels indicate
throughout the speech strong vocal projection and energy,
(int_mean) traits that align with perceptions of

confidence and dominance in
leadership. It may also reflect
emotional engagement and dynamic
speech delivery

T The maximum value of the High maximum intensity demonstrates
Intensity intensity curve, indicating the control over volume and vocal strength,
highest loudness (int_max) traits often linked to leadership
presence

T The 25th and 75t percentile of ~ Higher intensity percentiles suggest a
the intensity curve. The speaker’s dynamic range of loudness throughout
voice is softer than this level for the speech. These variations indicate
25% and 75% of the time (int_25 controlled vocal modulation, which can
and int_75) enhance the emotional impact and
engagement of the message

6.3 Application of Explainable Artificial Intelligence

To conclude, this dissertation highlights the complementary strengths of computational
paralinguistic and phonetic approaches in uncovering the psychoacoustic underpinnings of
leadership perception. The computational paralinguistic approach, with its ability to process
vast datasets and leverage machine learning for predictive modeling, excels in scalability and
efficiency. However, its interpretative scope is constrained by the abstract nature of its feature
representations with limited insights into the physiological or articulatory mechanisms
underlying these associations. In contrast, the phonetic approach delivers richly contextualized
and physiologically grounded insights that deepen our understanding of the acoustic and
articulatory foundations of leadership perception. Through detailed analyses of phonetic
features, this approach elucidates how specific vocal traits contribute to perceptions of charisma
and leadership.

The evolution of voice analysis in charisma research has witnessed significant
methodological transitions over the past decades. In the mid-1990s, this field was
predominantly characterized by phonetic approach (Michalsky & Niebuhr, 2019) that relied on
small, interpretable sets of phonetic parameters- typically ranging from 10 to 15 features

(Niebuhr et al,, 2017). While these traditional methods provided interpretable insights into the
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physiological aspects of speech, their scope and depth were limited in capturing the nuances of
perceived charisma.

Coming to the 21st century, the field experienced a paradigm shift towards computational
paralinguistic of representing the “getting better” phase. This approach harnessed
advancements in machine learning and acoustic feature extraction to enable a more
comprehensive analysis through large feature sets. In Study 2, this computational paradigm is
exemplified, using advanced machine learning to extract a robust array of acoustic features. This
computational approach showcases the capabilities of modern methods to analyze vocal
characteristics with enhanced mathematical precision and scalability, even though often at the
expense of interpretability.

Hence, the most significant contribution of the dissertation lies in Study 3. It introduces a
framework that balances prediction accuracy with the interpretability of results that aligns well
with the principles of explainable artificial intelligence (XAI), which the term is first mentioned
in 2004 (van Lent et al., 2004) but the problem of explainability has existed since the mid-1970s
(Swartout & Moore, 1988). This approach integrates phonetic methodologies and a speech
corpus with a detailed understanding of phonetic and psychological mechanisms. It reflects a
synthesis of the "getting better" and "getting wiser" paradigms to address the dual objectives of
prediction accuracy and result interpretability within the fields of machine learning and
affective computing. The framework transcends traditional boundaries between computational
and psychological methodologies, establishing a more nuanced perspective on how specific
vocal modulations contribute to charisma. Furthermore, a fundamental contribution is the
development of an interpretable methodological framework that addresses a critical gap. While
previous studies often sacrificed interpretability for computational paralinguistic approach, this
dissertation establishes a balanced way that maintains both predictive accuracy and
interpretability. The framework specifically meets XAl requirements through:

Feature Interpretability: One of the most significant advancements presented in this
dissertation is its ability to make acoustic features comprehensible and directly applicable for
interdisciplinary research. This is achieved through the careful selection and integration of
speech features that are not only measurable but also theoretically grounded in psychoacoustics
and leadership studies. For instance, the feature set includes core acoustic parameters such as

pitch variation (e.g., FO range, FO slope), intensity patterns, and formant characteristics (e.g.,

148



RESEARCH CONTRIBUTIONS

formant frequencies and bandwidths). These features are fundamental to vocal analysis and
directly correlate with perceived leadership traits like authority, charisma, and clarity. In this
dissertation, each feature is defined and described in ways that are accessible to both phonetic
researchers who focus on articulatory mechanics and the readers who have no professional
knowledge background. This framework bridges the technical aspects of voice analysis with
perceptual outcomes, enabling researchers to understand how and why certain vocal traits
influence listener perceptions.

Model Transparency: This dissertation addresses one of the most pressing concerns in
contemporary computational research: the trade-off between predictive accuracy and model
interpretability. It achieves transparency by demystifying the pathways through which acoustic
features contribute to perceived leadership by meeting XAl standards. Instead of relying on
machine learning models, this framework explicitly maps acoustic features to psychological
constructs of leadership. For instance, a higher FO range might predict greater inspirational
motivation because it conveys enthusiasm and emotional engagement. On the other hand,
increased speech duration aligns with individualized consideration, reflecting deliberate and
thoughtful communication. These transparent connections help researchers and practitioners
see the causal relationships between vocal modulations and listener perceptions, avoiding the
pitfalls of black-box predictions where the reasoning behind outcomes remains obscure (Adadi
& Berrada, 2018).

Summing up, this dissertation represents advancement in psychoacoustics, particularly in
the charismatic voice. The primary contribution is derived from the methodologies between
computational and phonetic paradigms which enhances predictive accuracy and interpretability.
While the computational paralinguistic approach excels in scalability and predictive modeling, it
often lacks interpretability. In contrast, the phonetic approach provides theoretical depth and
detailed physiological insights. Through developing a methodology that integrates explainable
Al (XAI) into the analytical process, this dissertation not only deepens the understanding of
voice-based charisma but also provides an interpretable framework that connects acoustic

analysis with psychological and physiological perspectives.
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Meine Damen und Herren, ich wiinsche Ihnen einen guten Morgen. Wir werden heute mit
unserem Projekt "Paper for People” beginnen, das fiir BKC eine ganz wichtige Herausforderung
darstellt. Wir werden mit diesem Produkt neue Maf3stdbe in Bezug auf Qualitdt und Schonung
Okologischer Ressourcen setzen. Wenn wir erfolgreich sind, und davon bin ich fest tiberzeugt,
wird dies ein Meilenstein in unserer Branche, auf den wir gemeinsam stolz sein kénnen.

Sie werden gehort haben, dass einige dieses Projekt mit Skepsis betrachten und sogar
damit rechnen, dass das Vorhaben scheitern wird. Ich bin {iberzeugt, dass wir ihnen beweisen
werden, dass es sich lohnt, neue Ideen selber anzupacken, Initiative zu ergreifen und sie zum
Erfolg zu fuhren. Das erfordert jedoch hohes Engagement, Begeisterung und Einsatzbereitschaft
aller Beteiligten.

Ich habe mich entschieden, dieses Projekt mit Ihnen durchzufiihren, weil Sie hierfir
hervorragende Voraussetzungen mitbringen. Sie wollen Ihr Praktikum nicht nur einfach hinter
sich bringen, sondern die Chance nutzen, personlich wertvolle Erfahrungen fiir [hre berufliche
Zukunft zu sammeln, indem Sie mafdgeblich an einem innovativen und in der Branche
einzigartigem Projekt mitarbeiten? Hier konnen Sie nicht nur, sondern es ist unbedingt
notwendig, dass Sie sich personlich mit Ihren Ideen einbringen und ihre Fahigkeiten im Team
mit erfahrenen Mitarbeitern unter Beweis stellen.

Sie werden in den nachsten Wochen gemeinsam viel Neues lernen, Anforderungen
erkennen und selbstandig im Team l6sen. Ich werde mich auch persénlich darum kiimmern,
Thnen die Dinge zu zeigen, die Sie brauchen um konkrete Probleme 16sen zu kénnen. Wann
immer es erforderlich ist, werde ich mir die ndtige Zeit fiir Sie nehmen, weil mir der Erfolg von
"Paper for People" personlich und fiir die Zukunft des Betriebs sehr wichtig ist. Wenn sich jeder
100% einsetzt, konnen wir hinterher alle auf das Erreichte stolz sein.

Konkret wird unser Erfolg auch davon abhangen, dass wir unseren Kunden hochste
Qualitat liefern konnen. Wir bei BKC geben das Versprechen, dass unsere Kunden high-quality
Druckend high-quality Bindearbeiten erhalten. Dieses Versprechen ist Bestandteil unserer
Zukunftsvision und hat uns in der Vergangenheit erfolgreich gemacht. In den ersten Tagen des
Unternehmens, als es hier nur eine Hand voll Mitarbeiter gab, packte ich bei grofem Auftragen

mit an. Einmal hatten wir einen vollstdndigen Auftrag bereits erledigt, als der Kunde anrief, um
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uns zu sagen, dass sie einige Seiten gerne neu gestaltet hatten. Sie beauftragten uns, die neuen
Seiten umgehend einzufugen.

Wir standen auch im Hinblick auf andere Auftrage duf3erst unter Druck, und ich erklarte
meinen Mitarbeitern, dass wir alles tun werden, was der Kunde von uns erwartet. Der Kunde
war hinterher selbst liberrascht, dass wir die Anderungen so schnell ausgefiihrt hatten. Ein
anderes Mal, sollte ein grofder Auftrag von 30.000 Bucheinbanden am Freitag raus gehen. Als die
Einbadnde bereits verpackt wurden, stellte ein Vorgesetzter fest, dass viele der Einbande Fehler
aufwiesen. So kam es, das sich der Vorgesetzte mit den Beschiftigten der Binderei
zusammensetzte und sie beschlossen, zusatzliche Schichten ein zu legen, um die Fehler zu
beseitigen. Sie sorgten dafiir, dass die Qualitit gesichert und der Kunde zufrieden war.

Um dies alles in einem Leitsatz zusammenzufassen: "BKC steht fiir Qualitat” und das gilt
auch ganz besonders fiir unser neues Projekt. Ich weif3, dass diese Aufgabe schwierig ist, aber
ich denke wirklich, dass Sie es schaffen. Es ist meine Erfahrung, dass Studenten aus
unterschiedlichen Fachrichtungen wie Sie sich sehr schnell zu Recht finden. Ich zahle auf Sie und
ich bin mir sicher, dass Sie hervorragende Arbeit leisten werden.

Aber nun zu dem, was konkret ansteht...
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APPENDIX B: DESCRIPTIONS OF PHONETIC FEATURES

e Fundamental frequency (Voice pitch; F0)

1. fO_min: The minimum value of the pitch curve, indicating the lowest pitch
2. fO_timemin: The time at which the minimum pitch occurs during speech

3. fO_mintime_rel: The relative time position of the minimum pitch

f0_max: The maximum value of the pitch curve, indicating the highest pitch

fO_timemax: The time at which the maximum pitch occurs during speech.

AN

fO_maxtime_rel: The relative time position of the maximum pitch

fO_range: The difference between the maximum and minimum pitch values

8. f0_mean: The average pitch value throughout the speech

9. f0_25quant: The 25th percentile of the pitch curve. The speaker’s voice is lower than this
level for 25% of the time

10. f0_75quant: The 75th percentile of the pitch curve. The speaker’s voice is lower than this
level for 75% of the time

11. f0_sd: The standard deviation of the pitch values

12. f0_slope: The rate of change in pitch over time, calculated through linear regression

13. f0_slope_octjump: The rate of change in pitch over time, accounting for sudden changes
equivalent to an octave jump

14. jitter: The variability or perturbation in the pitch curve

e  Formants (Formant frequencies)

1. fl_min: Minimum value of the first formant frequency

2. fl_mintime: Minimum temporal position of the first formant frequency

3. fl_mintime_rel: Minimum relative temporal position of the first formant frequency

4. f1_max: Maximum value of the first formant frequency

5. fl_maxtime: Maximum temporal position of the first formant frequency

6. fl_maxtime_rel: Maximum relative temporal position of the first formant frequency

7.  fl_range: Range of the first formant frequency

8. fl_mean: Mean value of the first formant frequency

9. f1_sd: Standard deviation of the first formant frequency

10. f1_bandw_qg25: The 25th percentile of the bandwidth of the first formant frequency

11. f1_bandw_g50: The 50th percentile of the bandwidth of the first formant frequency
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12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42,

f1_bandw_q75: The 75th percentile of the bandwidth of the first formant frequency
f2_min: Minimum value of the second formant frequency

f2_mintime: Minimum temporal position of the second formant frequency
f2_mintime_rel: Minimum relative temporal position of the second formant frequency
f2_max: Maximum value of the second formant frequency

f2_maxtime: Maximum temporal position of the second formant frequency
f2_maxtime_rel: Maximum relative temporal position the second formant frequency
f2_range: Range of the second formant frequency

f2_mean: Mean value of the second formant frequency

f2_sd: Standard deviation of the second formant frequency

f2_bandw_q25: The 25th percentile of the bandwidth of the second formant frequency
f2_bandw_qg50: The 50th percentile of the bandwidth of the second formant frequency
f2_bandw_q75: The 75th percentile of the bandwidth of the second formant frequency
f3_min: Minimum value of the third formant frequency

f3_mintime: Minimum temporal position of the third formant frequency
f3_mintime_rel: Minimum relative temporal position of the third formant frequency
f3_max: Maximum value of the third formant frequency

f3_maxtime: Maximum temporal position of the third formant frequency
f3_maxtime_rel: Maximum relative temporal position of the third formant frequency
f3_range: Range of the third formant frequency

f3_mean: Mean value of the third formant frequency

f3_sd: Standard deviation of the third formant frequency

f3_bandw_q25: The 25th percentile of the bandwidth of the third formant frequency
f3_bandw_qg50: The 50th percentile of the bandwidth of the third formant frequency
f3_bandw_q75: The 75th percentile of the bandwidth of the third formant frequency
f4_min: Minimum value of the fourth formant frequency

f4_mintime: Minimum temporal position of the fourth formant frequency
f4_mintime_rel: Minimum relative temporal position of the fourth formant frequency
f4_max: Maximum value of the fourth formant frequency

f4_maxtime: Maximum temporal position of the fourth formant frequency

f4_maxtime_rel: Maximum relative temporal position of the fourth formant frequency
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43.
44,
45.
46.
47.
48.
49,
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.

f4_range: Range of the course of the fourth formant frequency

f4_mean: Mean value of the course of the fourth formant frequency

f4_sd: Standard deviation of the fourth formant frequency

f4_bandw_qg25: The 25th percentile of the bandwidth of the fourth formant frequency
f4_bandw_qg50: The 50th percentile of the bandwidth of the fourth formant frequency
f4_bandw_q75: The 75th percentile of the bandwidth of the fourth formant frequency
f5_min: Minimum value of the fifth formant frequency

f5_mintime: Minimum temporal position of the fifth formant frequency
f5_mintime_rel: Minimum relative temporal position of the fifth formant frequency
f5_max: Maximum value of the fifth formant frequency

f5_maxtime: Maximum temporal position of the fifth formant frequency
f5_maxtime_rel: Maximum relative temporal position of the fifth formant frequency
f5_range: Range of the fifth formant frequency

f5_mean: Mean value of the fifth formant frequency

f5_sd: Standard deviation of the fifth formant frequency

f5_bandw_qg25: The 25th percentile of the bandwidth of the fifth formant frequency
f5_bandw_qg50: The 50th percentile of the bandwidth of the fifth formant frequency
f5_bandw_q75: The 75th percentile of the bandwidth of the fifth formant frequency
df1f2: Difference between the averages of the first and second formant

df1f3: Difference between the averages of the first and third formant

df1f4: Difference between the averages of the first and forth formant

df1f5: Difference between the averages of the first and fifth formant

df2f3: Difference between the averages of the second and third formant

df2f4: Difference between the averages of the second and fourth formant

df2f5: Difference between the averages of the second and fifth formant

df3f4: difference between the averages of the third and fourth formant

df3f5: Difference between the averages of the third and fifth formant

df4f5: Difference between the averages of the fourth and fifth formant

Intensity

int_min: The minimum value of the intensity curve, indicating the lowest loudness

int_timemin: The time at which the minimum loudness occurs during speech
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int_mintime_rel: The relative time position of the minimum loudness

int_max: The maximum value of the intensity curve, indicating the highest loudness
int_timemax: The time at which the maximum loudness occurs during speech
int_maxtime_rel: The relative time position of the maximum loudness

int_range: The difference between the maximum and minimum loudness values
int_mean: The average loudness throughout the speech

int_25quant: The 25th percentile of the intensity curve. The speaker’s voice is softer than
this level for 25% of the time

int_75quant: Tthe 75th percentile of the intensity curve. The speaker’s voice is softer than
this level for 75% of the time

int_sd: Standard deviation of the loudness values

shimmer: The variability or microperturbation in the intensity curve

Duration

npause: The total count of silent breaks or pauses

speech rate: The number of syllables spoken per second, including pauses
articulation rate: The number of syllables spoken per second, excluding pauses
dur: The total length of the speech in seconds

phonation time: The actual speaking time (excluding pauses) in seconds

ASD (Average Speaking Duration): The average duration of continuous speech segments in
seconds

Mel-frequency Cepstral Coefficients (MFCCs)

MFCC1: Mean value of MFCC1

MFCC2: Mean value of MFCC2

MFCC3: Mean value of MFCC3

MFCC4: Mean value of MFCC4

MFCC5: Mean value of MFCC5

MFCC6: Mean value of MFCC6

MFCC7: Mean value of MFCC7

MFCC8: Mean value of MFCC8

MFCC9: Mean value of MFCC9

MFCC10: Mean value of MFCC10

195



APPENDIX B: DESCRIPTIONS OF PHONETIC FEATURES

11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.

MFCC11: Mean value of MFCC11

MFCC12: Mean value of MFCC12

Delta MFCC1: Mean value of the first derivative of MFCC1

Delta MFCC2: Mean value of the first derivative of MFCC2

Delta MFCC3: Mean value of the first derivative of MFCC3

Delta MFCC4: Mean value of the first derivative of MFCC4

Delta MFCC5: Mean value of the first derivative of MFCC5

Delta MFCC6: Mean value of the first derivative of MFCC6

Delta MFCC7: Mean value of the first derivative of MFCC7

Delta MFCC8: Mean value of the first derivative of MFCC8

Delta MFCC9: Mean value of the first derivative of MFCC9

Delta MFCC10: Mean value of the first derivative of MFCC10

Delta MFCC11: Mean value of the first derivative of MFCC11

Delta MFCC12: Mean value of the first derivative of MFCC12

Delta Delta MFCC1: Mean value of the second derivative of MFCC1
Delta Delta MFCC2: Mean value of the second derivative of MFCC2
Delta Delta MFCC3: Mean value of the second derivative of MFCC3
Delta Delta MFCC4: Mean value of the second derivative of MFCC4
Delta Delta MFCC5: Mean value of the second derivative of MFCC5
Delta Delta MFCC6: Mean value of the second derivative of MFCC6
Delta Delta MFCC7: Mean value of the second derivative of MFCC7
Delta Delta MFCC8: Mean value of the second derivative of MFCC8
Delta Delta MFCC9: Mean value of the second derivative of MFCC9
Delta Delta MFCC10: Mean value of the second derivative of MFCC10
Delta Delta MFCC11: Mean value of the second derivative of MFCC11
Delta Delta MFCC12: Mean value of the second derivative of MFCC12

Spectrum

openQuot_OQG: Open quotient gradient (difference between the amplitude spectrum value

of the fundamental frequency and the amplitude spectrum value of twice the fundamental

frequency divided by frequency spacing of Fo and 2*F)
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2. glottOpen_GOG: Glottal opening gradient (difference between the amplitude spectrum
value of the fundamental frequency and the spectrum amplitude value of the first formant
frequency divided frequency spacing of Fy and F1)

3. skewness_SKG: Spectral skewness gradient (difference between the amplitude spectrum
value of the fundamental frequency and the spectrum amplitude value of the second
formant frequency divided frequency spacing of Fo and F)

4. rateClos_RCG: Closure rate gradient (difference between the amplitude spectrum value of
fundamental frequency and the spectrum amplitude value of the third formant frequency
divided frequency spacing of F¢ and F3)

5. imcomplclos_IC: Incomplete closure gradient (bandwidth of the first formant by frequency
position of F1)

6. energmax0_2000: Maximum of amplitude spectrum value in the frequency band from 0 to
2000Hz

7.  energmax2000_5000: Maximum of amplitude spectrum value in the frequency band from
2000 to 5000Hz

8. hammarberg_s0: Difference between the maximum of the amplitude spectrum value in the
frequency band from 0 to 2000Hz and 2000 to 5000Hz

9. ham_effort2k5k: Spectral energy in frequency band 2000 to 5000 Hz

10. ham_breathy0225_2558: Lower spectral energy in frequency band (2000 to 5000 Hz
versus 5000 to 8000 Hz)

11. ham_unstabl_2558: Lower stability in frequency band 2000 to 5000Hz and 5000 to 8000
Hz

12. hammarberg_s4: Difference of the amplitude spectrum value in the frequency band of 400
to 600Hz and the amplitude spectrum value in the frequency band of about 5000Hz

13. spec_cm: Central moment of the amplitude spectrum

14. spec_kurt: Kurtosis of the amplitude spectrum

15. spec_skew: Skewness of the amplitude spectrum

16. spec_sd: Standard deviation of the amplitude spectrum

17. spec_cog: Focus of the amplitude spectrum

18. real_flroh: Unstable voice quality of first formant amplitude

19. real_f2roh: Unstable voice quality of second formant amplitude
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20.
21.
22.
23.
24.
25.

26.

27.

28.

29.
30.
31
32.
33.
34.
35.
36.
37.

real_f3roh: Unstable voice quality of third formant amplitude

real_h1roh: Unstable voice quality of the first harmonics amplitude

real_h2roh: Unstable voice quality of the second harmonics amplitude

real_h3roh: Unstable voice quality of the third harmonics amplitude

baen2000_5000: Spectral energy density in the frequency band from 2000 to 5000Hz
baendi0_2000_5000_80000: Spectral energy density difference in the frequency band from
0 to 2000Hz and 5000Hz to 8000Hz

badeddiff2000_5000_5000_8000: Spectral energy density difference in the frequency band
from 2000 to 5000Hz and 5000Hz to 8000Hz

badeddiff0_2000_2000_5000: Spectral energy density difference in the frequency band
from 0 to 2000Hz and 2000Hz to 5000Hz

Itas_slope0_1000_1000_4000: Long Term Average spectrum slope of the frequency band (0
to 1000 Hz versus 1000 to 4000Hz)

ltas_min: Minimum of Long Term Average spectrum

Itas_minfreq: Position the minimum frequency of the Long Term Average spectrum
Itas_max: Maximum of Long Term Average spectrum

ltas_maxfreq: Position of maximum frequency of the Long Term Average spectrum

Itas_sd: Standard deviation of the Long Term Average spectrum

Itas_trend_max: Trend line of the Long Term Average spectrum between 1000 and 5000Hz
hamcoarse0225k: Hammarberg coarse speech of 0-2000Hz to 2000-5000Hz
hamhead0258k: Spectral band and energy differences of 0-2000Hz to 5000-8000Hz

hnr: Degree of acoustic periodicity (Harmonics-to-Noise Ratio)
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