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Abstract
Public speaking anxiety is the most prevalent social phobia, with the experience ranging from
slight nervousness to paralyzing fear. In this dissertation, I present technology-based interventions
that address public speaking anxiety in two ways: 1) using an automated anxiety coach to help
presenters manage their anxiety before a presentation, and 2) using a novel computational
framework for predicting and alleviating anxiety in real-time during a presentation.
The automated anxiety coach is an embodied conversational agent counselor that uses a cognitivebehavioral therapy counseling framework and natural language generation techniques to aid
presenters in re. In a between-subjects evaluation study I evaluated the coach with 28 participants
and demonstrated that the virtual coach was effective at significantly reducing thoughts related to
public speaking anxiety and improving the presentation experience.
I also present a computation framework that combines a real-time anxiety prediction model with
an intervention that requires speakers to pause and take a deep breath at a presentation slide
boundary when the framework detects a high level of anxiety. I conducted two studies to guide the
framework's design: an online public speaking anxiety data collection with 12 presenters and a
real-time public speaking anxiety intervention exploratory design study with 11 presenters. I
evaluated the framework in an online presentation system in a within-subjects study with 13
presenters. I demonstrated that the anxiety prediction model had good accuracy and that the
intervention was effective at motivating presenters to pause and take a deep breath, resulting in
reduced anxiety and improved speech quality.
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CHAPTER 1

Introduction
Oral presentations have been of interest to many researchers in communication and behavioral
studies. They are challenging social and cognitive tasks that often require a significant amount of
training and presentation experience for presenters to feel confident and prepared. Due to the social
aspect of oral presentation, most people report experiencing public speaking anxiety (PSA). Public
speaking anxiety is associated with poor and ineffective oral presentations and is why most people
find this task challenging and undesirable [1].
The most popular advice and traditional approaches to PSA have been presentation rehearsal and
continued exposure to public speaking situations. However, due to the nature of public speaking
anxiety, these approaches are often ineffective. Most anxious presenters generally avoid public
speaking situations, and rarely rehearse for their presentations. When they rehearse, they spend
that time in less productive ways, such as overpreparing their text and notes and silently rehearsing
[1].
Cognitive-behavioral therapy (CBT) is sometimes sought out by those with social anxiety, of
which PSA is one of the most common and often the most severe types [2]. CBT effectively gets
presenters to overcome their anxiety, particularly their public speaking avoidance behavior.
However, few people seek out this therapy before their presentation due to cost, time constraints,
or lack of access to a therapist. Moreover, due to the high cognitive load during a presentation,
presenters cannot always remember and perform behaviors they have been taught and rehearsed
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before the presentation. There is, therefore, a need to help presenters manage their anxiety before
and during a presentation.
Automated systems for PSA could address some of these barriers and make oral presentations less
frightful
technological interventions have been developed to aid in authoring, rehearsing, and delivering
oral presentations [3] [10]. Offline systems developed to aid in managing PSA have focused on
using virtual agents to simulate audiences for exposure therapy [11] [13]. There has been no
automated intervention delivering CBT to anxious presenters to date. Automating CBT could make
this effective therapy accessible to many presenters and could be particularly helpful for those with
public speaking avoidance behavior and high anticipatory PSA. Automating CBT could also make
the therapy more affordable.
Once on stage, presenters still need assistance in managing their anxiety as it occurs. Developing
technologies to assist presenters in managing their presentation in real-time during a presentation
-reducing techniques. Realtime presentation interventions that have been developed to date have mainly focused on providing
feedback on presentation skills such as speaking rate and prosody [5], [7], [14]. However, PSA is
often the cause of poor presentation skills. Therefore, these interventions only target the behavioral
symptoms and not necessarily the intermediary fact that activation of our nervous system due to
anxious cognitions cause these behavioral responses.
Real-time technological interventions for dealing with PSA are challenging to develop and deploy.
During a presentation, presenters may experience a high cognitive load, and any real-time task
performance feedback provided to the presenter may induce more anxiety [11] and negatively
impact their presentation delivery [15]. Additionally, assessing PSA in real-time is also
12

challenging. First and foremost, collecting data to train a real-time anxiety assessment model is
challenging because a presenter cannot be interrupted in the middle of their presentation to report
on their anxiety exper
lead to presentation interruptions and negatively impact the presentation delivery if the real-time
intervention system does not account for inaccuracies. It is, therefore, important that real-time PSA
interventions have robust anxiety estimation models, efficient error handling mechanisms, or both
and require minimal mental processing. It is also important to determine what interventions are
most helpful in reducing anxiety during a presentation, when to deploy them, and how to deploy
them.

1.1. Research Questions
In this dissertation, I describe two automated interventions for PSA. The first is an automated
virtual coach system for addressing PSA prior to a presentation and the second is an automated
system for real-time PSA prediction and intervention during a presentation. These automated
systems focus on reducing physiological over-arousal and cognitive stress associated with public
speaking anxiety. I evaluated these interventions with a subclinical anxiety population. I use these
automated interventions to address the following research questions:
RQ.1. Can a virtual CBT presentation coach reduce public speaking anxiety before a presentation
and improve oral presentation experience?
RQ.2. Can a real-time audiovisual and biosensor-based PSA intervention reduce public speaking
anxiety and increase presentation quality during a presentation?
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In addressing these research questions, this dissertation contributes to the design of automated
embodied conversational counseling systems, particularly a CBT-based public speaking anxiety

Such a system could be accessible to many anxious presenters who might not otherwise access a
social anxiety therapist. This work also contributes to theoretical models for audio and sensordriven real-time stress interventions. It also furthers research in designing real-time systems for
reducing anxiety induced by cognitive and social tasks. A proximate contribution of this work is
the development of tools and interventions that increase the quality of oral presentations and
improve the public speaking experience by reducing anxiety and increasing spe

1.2. Dissertation Structure
This dissertation is organized as follows. Chapter 2 defines public speaking anxiety and discusses
-verbal behavior during a
presentation. I review prior work on offline and online presentation assistance systems supporting
speakers in preparation, delivery, and PSA reduction.
In Chapter 3, I present the design and evaluation of an automated embodied conversational agents
(ECA) counseling system for PSA based on the CBT framework for social anxiety (published in
[16]).
Chapter 4 describes a framework for real-time PSA prediction and intervention that includes three
components: The anxiety prediction model, the Opportune intervention moment detection, and the
Just-in-Time intervention application.

14

In Chapter 5, I present the design and evaluation of real-time PSA estimation models. In the first
section, I presented biosensor-based models, and in the second part, I present speech-based PSA
prediction models.
Chapter 6 examines how to design an intervention for addressing PSA in real-time during a
presentation (published in [17]).
In Chapter 7, I describe an intelligent real-time PSA intervention system that is based on the PSA
prediction and intervention framework and present the results of a user evaluation study
In Chapter 8, I summarize this dissertation work and explore the directions for future research.
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CHAPTER 2

Background and Related Work
In this chapter, I first define public speaking anxiety and its effect on oral presentations, before
presenting a brief survey of currently available presentation assistance systems and the limited
work on presentation anxiety interventions. Finally, I explore previous work on two main
challenges: real-time public speaking anxiety detection and presentation feedback interventions.

2.1. Defining Public Speaking Anxiety
Public speaking anxiety (PSA) is the most common subtype of social anxiety and the No.1 fear
experienced by most people in the United States [2], [18]. Public speaking is often used to discover
the antecedents, causes, and consequences of anxiety in most social anxiety studies[2], [19]. Unlike
other social anxieties, PSA is marked by the anticipation or threat of unsatisfactory audience
evaluation and expectations unique to public speaking [20] [21]. Like other anxieties, PSA can be
conceptualized as both a trait
speaking situations and as a state

a general predisposition to experience anxiety in most public
anxiety experienced in a particular public speaking situation

[22] [23] [24]. Some people are generally anxious about public speaking, while others might
experience it sometimes (depending on factors such as the setting and types of audiences) [23].
Public speaking anxiety, just like other stressful situations, can be explained within the threesystem model originally proposed by Lang [25]. The three-system model proposes that anxiety is
experienced in cognitive, physiological, and behavioral ways [19], [25]. Presenters that have PSA
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often report negative self[11], [23], experience physiological arousal (e.g., increased heart rate) [26] and
sometimes behaviors such as speech disfluencies and avoiding audience eye-contact [19], [23].
Most interventions for reducing public speaking anxiety typically target only one of the three
systems, and fewer interventions target two or all three systems [23].
Another conceptualization of public speaking anxiety is based on the cognitive model developed
by Beck [27]
perceptions of events [27]. That is, it is not the situation that causes anxiety but rather the way a
person construes a situation. This conceptualization gave rise to cognitive behavioral therapy
(CBT) [28].
The cognitive dimension of PSA is typically measured using self-report assessments and
interviews [21]. The behavioral dimension is traditionally assessed using observers who record
anxiety-induced behaviors that manifest in the presenter [29][30]. With recent technological
advances, some of these behaviors (e.g., speech disfluencies) can be automatically and objectively
measured using speech and computer vision processing tools. The physiological aspect of PSA is
assessed using self-report interoceptive physiological awareness measures that can capture the
direction but not the degree of change of physiological symptoms[31]. Biosensors [19] are
commonly used to conduct physiological assessment of PSA.

2.2. Physiological Responses to Public Speaking Anxiety
The human physiological system, which includes the central, autonomic, and somatic nervous
[32]. In stress detection, researchers have mostly
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focused on studying the activation of the autonomic nervous system. Most validated physiological
assessments of activation of the autonomic nervous system have focused on measures of
electrodermal activity (EDA) (e.g., sweat on palms) and cardiovascular response, such as heart
rate.
Research has shown that EDA is a significant psychophysiological indicator of changes in
autonomic sympathetic activation that are linked to emotional and cognitive states [32], [33] EDA
is associated with a change in the electrical characteristics of the skin [34]. When the sweat glands
are activated through the sympathetic nervous system, they start to produce sweat that changes
skin conductance [34]. EDA consists of both the slowly varying base signal (tonic sympathetic
activation) known as the conductance level (SCL) and the rapid changing signal (phasic
sympathetic activation), that is, skin conductance responses (SCRs) [34], [35]. Both SCL and
SCRs are associated with psychophysiological activation [34]. If the SCR occurs in the absence of
an identifiable stimulus, it is r

-SCR) [34], [35].

Psychophysiological research [34], [36], [37] suggests that SCL and NS-SCR are sensitive to
continuous stimuli situations such as those that involve performing a task. This research has shown
that anticipation and performance of tasks requiring close attention to internal information
processing increases both SCL and frequency of NS-SCR [34].
In his seminal book Electrodermal Activity, Boucsein [35] suggests that EDA is a more sensitive
index of stress reactions than other physiological measures such as heart rate. However, it is worth
noting that where the EDA sensors are placed on the body is particularly important. Picard et al.
[38] showed that measurement of emotional arousal through EDA could differ significantly across
two halves of the upper body. In their lab study where 25 participants wore EDA sensors on both
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wrists and participated in a stressful cognitive task, the researchers showed a strong asymmetry
between left and right EDA measures. They found that 19 of the participants had right dominant
stress arousal.
In a lab study that varied the degree of stress-induced by speech preparation, Erdmann and
Baumann [39] found a significant increase in heart rate due to speech anxiety when a topic was
known to the participants compared to when the topic was unfamiliar. This finding suggests that
measures of cardiovascular response (such as heart rate) can also help determine when a presenter
is anxious.
Both heart rate (HR) and heart rate variability (HRV) have also been used as cardiovascular
markers of activation of the autonomic nervous system. Heart rate has been shown to vary in
anxious and non-anxious speakers based on the intensity of public speaking tasks [37]. In a study
that varied presentation task intensity conditions, researchers [40] showed that heart rates of
anxious speakers were significantly higher than those of non-anxious speakers when both anxious
and nonnot different for anxious and non-anxious speakers when perfo
environments.
HRV refers to the assessment of the beat-to-beat variation in the heart over time to make inferences
on the outflow of the autonomic nervous system [41]. Although various psychophysiological
researchers [41] [43] have identified a few challenges in using HRV in behavioral studies,
including the coupling of respiration and heart rate (which suggests that the manipulation of
breathing could have unintended effects on HRV) [41], HRV is still a valid neuro-biological index
of emotional and cognitive states when correctly assessed. Quintana and Heathers [41] recommend
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that studies collecting HRV assessment should use within-subject design for optimal experimental
control, define an appropriate baseline for the study,

2.3. Behavioral Response to Public Speaking Anxiety
Public speaking anxiety influences both verbal and non-verbal behaviors of presenters. Anxiety,
like other emotions, can affect both the verbal (what is said) and non-verbal (how it is said)
dimensions of speech [44] [48]. In a study that examined foreign language anxiety in an oral
foreign language examination task [49], researchers found that non-verbal behaviors such as facial
expressions, gaze behavior, body movement, gesture, and posture were affected by anxiety. In the
study, three raters evaluated the first 4 minutes of the video recorded oral examination. Anxious
speakers had fewer smiles and eyebrow behaviors and higher blinking rate than non-anxious
students. They also had less eye contact, fewer speech-related gestures and displayed more rigid
postures than non-anxious speakers [49].
In public speaking, the quality of speech is important. A speech signal carries a mixture of
information about the speaker, one of which is the affective state of the speaker [50], [51].
Advances in speech technologies and artificial intelligence have made it possible to detect stress
and anxiety from speech. A meta-analysis of the literature on the detection of state and trait anxiety
from auditory and visual cues reported that state anxiety (a transitory, situational response to
anxiety-eliciting stimuli such as public speaking) was recognized better by judges from auditory
cues than visual cues [52]. However, trait anxiety was highly correlated with rating of visual-only
cues. This suggests that momentary change in anxiety is better detected speech/acoustic signals,
nce anxiety) is easily detected in non-verbal
behaviors.
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In speech production, the adjustment of the laryngeal muscles, which control the tautness,
geometry, and position of the vocal folds, modulates the airflow through the glottis and vocal tract
to produce sound waves [53]. Speech production studies and vocal expression theories contend
[54],
[55]. Stress and anxiety can increase the tautness of vocal fold muscles and respiration rate, and as
a result, influences the quality and expressivity of the voice produced [45], [56], [57].
Studies assessing the relationship between acoustic features and anxiety have shown that various
features are impacted by speech. For example, in one study that examined the effect of fear on
speech in patients suffering from panic disorder with agoraphobia, pitch variability was lower in
fearful than in happy speech [58]. This finding was confirmed in another study that examined the
relationship between acoustic characteristics, self-ratings, and listener-ratings of public speaking
[59]. Other features such as jitter and mel frequency cepstral coefficients (MFCCs) have also been
shown to be affected by state anxiety, and to be correlated with both self and listener/observer
ratings of anxiety [45], [60].

2.3. Research into Automated Public Speaking Interventions
Various interventions have been developed to aid in authoring, rehearsing, and delivering oral
presentations. Technological interventions have primarily focused on presentation rehearsal and
communication skills training. These include systems such as PitchPerfect [4], RoboCop [61],
Automanner [5], and Quester [9]. Technological interventions intended for reducing public
speaking anxiety have mainly attempted to automate exposure therapy.
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In recent years, there has been an increase in the use of computer-mediated communication
technologies in lieu of face-to-face communication. Most of these communication technologies
include those that support remote or web conferencing. In a within-subjects study (N=70)
comparing face-to-face classroom presentations and remote presentations, researchers found that
there were no significant differences in public speaking anxiety in both conditions as measured by
self-report and physiological (HR) assessment [62]. They also found that there was a strong

had high anxiety in face-to-face presentations were more likely to have high anxiety during a
remote presentation and vice versa [62]. Therefore, developing real-time PSA intervention systems
that can also be used in remote presentations is necessary.

2.3.1. Public Speaking Anxiety Interventions
Over the past few decades, psychological interventions for social anxiety have been developed.
Some of the studies conducted have investigated the effect of the interventions for public speaking
anxiety. So far, these interventions have mainly been cognitive and behavioral-based therapies
[63]. A meta-analysis of psychological interventions for public speaking anxiety found that
cognitive-behavioral therapy (CBT) techniques have often been employed in studies that have
shown a significant decrease in self-reported public speaking anxiety [63]. CBT techniques focus
on cognitive restricting (i.e., replacing internalized maladaptive thoughts that lead to negative
emotions, (e.g., fear, with more rational thoughts) and systematic exposure to feared situations [2].
Recently, other CBT models, such as the acceptance and commitment therapy that focus on
acceptance and mindfulness components, have also been studied [64], [65].
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Technology-assisted interventions for public speaking anxiety have also been investigated. The
most common technology-based interventions include Internet-delivered CBT (ICBT) therapies
[66], [67], and exposure to feared situations using virtual reality tools [12], [68] [72]. ICBT often
includes self-help material that has been validated by a therapist and lacks face-to-face interactions
that traditional therapy provides.
Virtual Agents for CBT and Presentation Support
Virtual agents have been used successfully for a variety of health coaching and counseling
interventions. They have been shown to have generally positive results in providing health
counseling in areas including preconception care [73] , chronic disease care [74], [75] , and mental
health [76] [78]. Recently, virtual agents have been effectively used to deliver CBT to patients
with mental disorders [79], depression [78], and anxiety in particular [80]. Fitzpatrick, et al. [80]
evaluated an automated text-based agent mirroring the CBT process in delivering counseling to
college students with depression and anxiety, demonstrating that it significantly reduced
depressive symptoms after two weeks. In the context of CBT agents for public speaking, virtual
agents have mainly been used in exposure therapy, the agents simulate virtual audiences [68] [70].
In recent years, there has been an increase in studies that use virtual agents in oral presentations,
including the use of agents to help deliver information. In one study by Trinh, et al. [10], a virtual
agent was developed to co-present with a human presenter. The results of the co-presenter agent
evaluation study showed that the agent led to significant reductions in public speaking anxiety and
increases in speaking confidence for non-native English speakers [10]. Motivated by this study,
Kimani, et al. [81] explored the use of a co-presenter virtual agent in the delivery of virtual
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anxiety and presentation quality. The study found that presenters who like the agent rated the
quality of presentation given with the agent higher than presentations delivered without the agent.
However, there was no significant effect of the agent on self-reported anxiety.
In public speaking skills training, virtual agents have been used as virtual audiences [11], [82],
[83] with some of these agents providing non-verbal feedback based on the presenter's
performance [84]. Other studies have researched the use of virtual agents and robots [85] as
coaches for communication skills training [86]. In these efforts, the virtual coaches were shown to
significantly improve presentation quality [85] and interviewing performance [86], suggesting that
a virtual agent can be an effective public speaking coach.

2.3.2. Real-time Public Speaking Feedback Interventions

Kluger and Denisi [87]
to provide information regar
feedback intervention theory (FIT) [87], they draw the relation between feedback intervention
us
of attention, which often determines the success and effectiveness of feedback interventions.

or meta-task process (which involve self-related features s
feedback is only effective when attention is directed to task learning and motivation rather than to
meta-task processes [87]. Some automated public speaking feedback interventions often fail by
drawing attention to the meta-task processes.
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The timing of feedback intervention cues, especially in public speaking, is critical to the
effectiveness of these cues in producing the intended effects. King et al. a study on public speaking
performance improvement as a function of information processing in immediate and delayed
feedback interventions. They found that immediate feedback is more effective when automatic
processing occurs, while delayed feedback is effective in tasks involving deliberate and effortful
processing [88]. This finding explains the effectiveness of some automated public speaking
interventions such as the Rhema system [7] that demonstrated that the system was effective when
speech delivery skills (loudness and speaking rate) feedback was delivered sporadically during an
oral presentation.
In the public speaking research space, real-time feedback interventions [5] [7] have mainly
focused on providing feedback on speech production such as speaking rate and non-verbal
behaviors such as gaze direction. In online presentation settings, researchers have developed
systems that simulate the face-to-face experience of presenting. Presenters in online settings have
little to no access to audience feedback and to address this, researchers have developed systems
that capture audience feedback. Some systems poll the audience [89], requested audience
annotations [90] of the presentation. Other systems have employed computer vision techniques in
tracking audience facial expressions [91] and emotional states [92] and shared these with the
presenters.
Few interventions have attempted to reduce public speaking anxiety and stress response in realtime during a presentation. The first is a 1976 study that showed that experience of anxiety and
stress could be red

[93]. In the

study, participants were randomly assigned to one of three public speaking conditions where a
r indicated a
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presenters who were informed that their HR was particularly low exhibited a faster linear decline
in their actual HR over a 4-6-minute speech than presenters who were informed that their HR was
either particularly high or those given no feedback [93]. In another similar study [94], researchers
studying emotional regulation by leveraging bodily signals assigned participants in one of four
experimental public speaking conditions. In the control condition, participants wore a wrist device
that did not vibrate. In the second condition, the device vibrated at a constant 60 beats per minute
(bmp) frequency. In the third condition, the device vibrated at a constant 60 (bmp) frequency, and

HR, and they were informed of this. The study found that vibration simulating slower heart rate
led participants to the belief that their HR was lower, leading to a lower HR during the presentation
Determining effective public speaking anxiety interventions, feedback mechanism and delivery
timings are crucial to ensuring that interventions intended to assist the presenter manage their
-task processes, inducing
more anxiety in the process.

2.4. Identifying and Predicting Public Speaking Anxiety
Currently, there are no known ways of
emotional state. However, research in affective computing has shown that various physiological,
non-verbal and speech signals, when measured with context, can be used to estimate our emotional
states [50]. Research on automatic assessment of stress and other emotional states has significantly
increased during the last two decades. This increase in research has been fueled by an increased
need for personalized health care, where a patient can monitor their health and wellbeing as well
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as provide their healthcare providers with comprehensive health information to inform their health
needs better.
Physiological sensors have commonly been used [95] [101] in gathering a variety of physiological
parameters that are used in estimating mental and emotional states. These physiological parameters
include ECG, respiration, electrodermal response, photoplethysmography from a fingertip, and
near-infrared spectroscopy from the forehead. More unobtrusive sensors, such as the wrist worn
E4 sensor [102], are now available. The E4 sensor has been shown to be as effective as traditional
stationary electrocardiogram and finger skin conductance sensors in measuring stress and arousal
due to anxiety [103]. Albeit the data collected from wrist-worn sensors are more likely to have
more motion artifacts that need to be removed from the physiological data.
Noncontact physiological assessment has become an active area of research. There have been a
few techniques proposed for noncontact physiological assessment using imaging devices. These
imaging devices include those that use the visual spectrum (digital cameras and webcams)[104]
[106] and those that use the infrared spectrum (thermal imaging) [107]. Also, other noncontact
methods using doppler radars [108], [109] and wireless signals [110] to estimate heart and
respiratory rates have been proposed. The ubiquity of digital cameras and webcams makes the
methods that use the visual spectrum more appealing to researchers in the field. These methods
employ the Photoplethysmography (PPG) principle, where light variations on the skin caused by
blood circulation are used to estimate the cardiovascular pulse wave [106]. To date, various studies
that use digital cameras and webcams to detect and estimate HR and respiration rate (RR) have
been conducted [111], [112]. Some of these studies have shown that even a low-cost webcam with
low sampling frequency can be used to assess HR and HRV [113]. The main drawback of webcam
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based physiological assessment methods are affected by motion and often have higher variability
in error when evaluated with data from person of darker skin tones [114].
There has been growing interest in using speech for stress and anxiety detection [45], [52], [56],
[115] [117]. Research on the effects of anxiety and stress on speech has found that various features
extracted from speech data are associated with stress and state anxiety [44], [46], [52], [116]
[118]. These features include pitch (fundamental frequency), pitch variability, voice intensity, jitter
(change in pitch over short periods), speaking rate, energy in different frequency bands, and
disfluencies in speech (e.g., increased pauses) [45], [56], [119]. These features can be extracted
and used in machine learning models, such as one proposed by Fernandez [120], to detect stress
or anxiety in real-time.

2.4.1. Real-time Stress and Anxiety Assessment
In recent years, models for continuous physical, emotional, and cognitive stress assessment have
been proposed. Most of the proposed models have primarily focused on using physiological data,

stress [95] [99], [121] [129] and anxiety response [130] [132]. These studies suggest that there
is widespread adoption of physiological signals, in particular EDA and HRV, as effective
indicators of stress.
There have been several [97], [133] [136], [116], [117] proposed models that use multimodal data
(e.g., physiological, speech, facial expression, and device activity) for continuous stress and
arousal detection. These works suggest that using multimodal data increases the performance of
stress detection models compare to only using physiological data. For example, Mozos et al. [137]
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reports results of four stress machine learning models: SVM with an RBF kernel, SVM with linear
kernel, AdaBoost, and KNN and show that an AdaBoost stress binary classification model trained
with physiological, speech and body posture data had higher accuracy (0.94±0.03), precision
(0.94±0.03) and recall (0.96±0.02) than an AdaBoost model trained on single modalities (accuracy
= 0.79±0.08, precision = 0.79±0.09, and recall = 0.86±0.06).
Most stress and anxiety detection models that have been proposed to date can be grouped into two
types of models: global/universal models and person-dependent models. Global models are ones
where a classifier is trained using data from all participants and is static after deployment. These
models are widely adopted due to their simplicity and generalizability. For example, models
proposed in [134], [137] and [100] are global models. On the other hand, person-dependent models
are those trained on eac

-dependent model for each

participant. Person-dependent models usually have higher performance than global models, but
they lack scalability since each user of the model usually needs to provide labels for their data to
train their stress models. A few researchers have proposed other models that are a hybrid of a
global model and a person-dependent model. One example is the adaptive model proposed in
[115], where the global stress model is used as an initial model and is adapted to each participant
as more data from the participant is collected.
These works on stress assessment contain highly useful findings such as data collection
methodology [136],[138] data processing techniques [139], effective features and viable machine
models for stress detection [96], [98], [99], [126], [133], [138], [140], [141]. However, only a few
of these works [96], [126], [142] have evaluated their proposed stress and anxiety detection model
in real-time and in real-world scenarios. One example is a study [96], where researchers collect
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stress data in lab study with 21 participants and validated on two independently collected data sets
in a lab study on 26 participants and a week-long field study with 20 participants. They
developed an SVM stress model using ECG and respiration related features to predict user stress
level every minute. Additionally, they develop a Bayesian Network (BN) model that uses an SVM
stress model to infer the instantaneous stress self-reports that are used as ground truth in field study
evaluation. Their proposed BN model considers the physiological and cognitive experience of
stress.
More recent work by Nirjhar et al. [143], [144]has proposed knowledge-based and data-based
models that attempt to capture the temporal trajectories of acoustic and physiological PSA
assessment. The knowledge-

[19] notion of salient temporal

patterns of PSA: habituation, sensitization, and escalation (see Figure 1). Habituation is when a
presenter experiences higher anticipation stress at the beginning, but this decreases during the
presentation (modeled by an exponential decay function). Sensitization is when there is a rise in
anxiety at the beginning, followed by a stable state or a decrease (modeled by an inverted U
function). Escalation is marked by constantly increasing anxiety throughout the presentation
(modeled by an exponential function). Data-driven models identify common dominant temporal
dimensions of variation in multimodal signals. In a model evaluation study [144], using data
collected from 71 real-life and 232 VR public speaking sessions, the researchers should that dataand knowledgeanxiety with significant moderate correlation values between the actual and estimated trait anxiety
scores. This work however focusses on using acoustic and physiological data to understand
individual difference in trait anxiety. Although this is useful knowledge, research on how these
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models predict momentary state anxiety need to be done. This would be more helpful driving realtime and just-in-time PSA interventions.

Figure 1: Theoretical Trajectories of PSA During Preparation [143]

Real-time stress and anxiety assessment, such as stress experienced during public speaking, has
received little attention. Often in building stress and anxiety detection models, researchers use
protocols such as the Trier Social Stress Test Protocol (TSST) [145], the Stroop Test[146] or the
Montreal Imaging Stress Task (MIST)[147] that include a 5-10-minute presentation task. Most of
the studies using these protocols rely on training samples in which acute stress is assumed, based
the stimulus intended to induce stress. For example, all the data collected while presenting is
labeled as social-evaluation stress, and the data collected while performing an arithmetic task is
labeled as cognitive stress [96], [126]. Stress and anxiety are highly subjective, and a stimulus that
induces stress in one person might not induce stress in another. Particularly in the public speaking
context, where presentations can last from 3 minutes to more than an hour, defining the duration
and intensity of stress or anxiety is challenging. Simply labeling all data collected during a public
speaking task as anxiety or stress would lead to inaccurate anxiety detection models. Additionally,
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given the subjective nature of stress and anxiety, asking observers to label presenters' behavior as
anxious or not can result in disagreements among observers.
One viable technique for ground truth label collection is retrospective review, in which participants
review their videotaped presentations and annotate the start, duration and intensity of their anxiety.
One prior study [148] has used a similar method of collecting moment-to-moment anxiety

to individual differences in trait anxiety. However, this method hasn't been used before to collect
ground truth data for training affect detection models.

2.5. Conclusion
In this chapter, I defined public speaking anxiety and discussed its impact on presenters
physiological response and on verbal and non-verbal behavior during oral presentations. I
examined previous work related to presentation anxiety prediction and intervention. I reviewed
several offline and online presentation assistance systems that support speakers in presentation
preparation and delivery, and in reducing their PSA. These systems demonstrated the potential of
virtual agents in delivering PSA interventions in offline settings. I have explored related studies
on anxiety prediction, which is key to development of real-time just-in-time PSA intervention
systems. The works proposed approaches to extracting physiological, acoustic, and non-verbal
features which can be used to build anxiety prediction models. They also proposed knowledge and
machine learning based models that could be used in predicting PSA in real-time, during
presentation. This literature review has also demonstrated a lack of extensive studies on real-time
PSA prediction and intervention. It has highlighted the challenges of providing presenters feedback
in real-time, during presentation. Finally, this review has demonstrated the need for real-time
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are driven by reliable PSA prediction model.
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CHAPTER 3

Offline System: Automated CBT Counseling for PSA by
Embodied Conversational Agent
Prior work on interventions for PSA has shown that Cognitive Behavioral Therapy (CBT) is
effective in reducing public speaking anxiety [63]. However, few people seek out CBT therapy
before their presentation due to time constraints and access to a therapist. Previous work in the
success of embodied conversational agents (ECAs) in health coaching and counseling
interventions points to the great potential of employing ECAs for conducting CBT counseling for
PSA. This section presents a framework for an automated CBT counseling system for public
speaking anxiety guided by an embodied conversational agent (ECA). The counseling system
address PSA before their presentation.
I developed an ECA counseling system for PSA based on the CBT framework for social anxiety,
which includes four main components: psychoeducation, cognitive restructuring, exposure, and
homework [2]. This system aims to provide brief psychoeducation on PSA and automate the
cognitive restructuring process used by a therapist to develop rational replacement thoughts from
a selection of maladaptive ones related to public speaking anxiety. In the following subsections, I
describe my methodology for automating the cognitive restructuring process using natural
language generation techniques. The contents of this chapter are published in [16]
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3.1. Automated Cognitive Restructuring using Natural Language
Generation (NLG)
Cognitive restructuring is the principal component of CBT and involves examining thoughts about
feared situations. In cognitive restructuring, the counselor aims to teach individuals how to: 1)
identify negative, maladaptive thoughts associated with feared situations; 2) challenge these
negative thoughts; and 3) come up with alternative thoughts that are rational [149].
To conduct the cognitive restructuring process via the proposed counseling system, the sessions
were designed first to ask a presenter to express any anxious thoughts about their presentation.
This was followed by a brief explanation of why the thought expressed is maladaptive. The
explanations were based on CBT psychoeducation literature stating that most anxious and
maladaptive thoughts can be categorized into ten cognitive distortion patterns [150].
The explanation on thought distortion was followed by thought challenging questions that the
system posed to the presented. These questions are use
thinking and help them come up with alternative, more rational thoughts [2].
The system automatically generated one alternative rational thought for the participants based on
expressed thoughts and responses to the questions posed by the system to help them understand
what an alternative rational thought is. To develop the alternative thought generation algorithm, I
worked with an expert with CBT counseling experience to understand the structure of alternative
thoughts that help their patients generate. Then I followed the natural language generation (NLG)
pipeline described by Reiter et al. [151] to automate this process of alternative thought generation.
This NLG pipeline is visualized in Figure 2.
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Figure 2: Natural Language Generation Pipeline

3.1.1. Corpus Generation
The first phase in NLG involves finding or generating a corpus of data and analyzing the data
structure. I collaborated with a clinical psychologist who uses CBT to treat patients with depression
and anxiety to develop a corpus of examples of irrational thoughts and associated restructured
thoughts regarding public speaking. I generated a list of automatic thoughts that presenters with
public speaking anxiety frequently have from a literature review of public speaking anxiety. The
psychologist and I selected five questions that therapists use to challenge irrational thoughts, and
the clinical psychologist generated a sample of possible responses that people with anxiety would
have. Additionally, the psychologist provided 49 written samples of alternative rational
(restructured) thoughts based on responses to the questions in Table 1.
Table 1: Irrational Thought Challenging Questions
Anxious Thought:
Disrupting Questions

Examples of responses generated

How sure am I that what I am thinking will happen?
enough time to prepare.
What evidence do I have for what I am thinking?

I often judge people negatively when they make mistakes.
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What evidence do I have against what I am thinking?

They might not think I am stupid because making some
mistakes when presenting is normal.

What is the worst that could happen?

The audience will have a negative view of me.

How can I cope if the worst case happens?

I will focus on the fact that I do not know the audience, so
their opinion does not matter.

3.1.2. Document Planning
The second phase is document planning. This phase involves content determination and
document structuring. Content determination or selection, deciding what information should be
communicated in the output. I broke down each generated example into its constituent sentences
and then segmented each sentence into a set of phrases that correspond to distinct message types
rouped these message types into three message classes: 1) validation, 2)
viable alternative scenario, 3) actionable solution for the worst-case. Table 2 shows examples of
these message classes.

Table 2: Examples of Message Classes for Alternative
Message Class

Examples

Validation

There is a small chance I will forget my presentation because I did not have a
lot of time to rehearse

Viable Alternative Scenario

However, I am familiar with the topic, so I might not forget.

Actionable Solution for Worst-

If my worst-case scenario happens, I will focus on what I learned from the

case Scenario

situation and come up with a plan for the future.
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Document structuring or discourse planning, deciding how chunks of text should be grouped in a
document and how they should be related in rhetorical terms. From the corpus analysis, I observed
that, in most examples, validation messages preceded the other message classes. Therefore, I

viable alternative scenarios and coping techniques for worst-case scenarios. Previous research has
shown that anxious people tend to focus on destructive predictions of outcomes [149]. Thus, I
generated two types of alternative thoughts: one that includes the validation message that was to
be conveyed via speech and another that focused on alternative scenarios and ways of coping with
worst-case scenarios, which was displayed on a document that the virtual coach held up and
pointed at. The structure of the generated thoughts can be seen in the examples shown in Table 3.
Table 3: Restructured Alternative Thoughts
Examples of Automatically Generated Alternative Thoughts
Spoken Alternative Thought

Displayed Alternative Thought

Although there is a chance I might make a mistake and
making some mistakes when presenting is normal.
stupid because making some mistakes when presenting
is normal.

3.1.3. Microplanning
The third phase is microplanning which involves 1) lexical choice, what specific words or other
linguistic resources should be used to express the selected content; 2) reference, deciding what
expressions should be used to refer to entities; and 3) aggregation, deciding how structures created
by document planning should be mapped onto linguistic structures, such as sentences and
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paragraphs. In the microplanning process, I use a combination of pre-authored text, such as a
phrase from user input, and procedurally generated texts derived from a user response. For
instance, if the user input is a percentage less than 35, as a response to disputing questions in Table
1

there is only a small chance
although

express validation and those that provide alternative scenarios. We also used other connectives
and

3.1.4. Surface Realization
The last phase is the surface realization of text. Surface realization involves 1) linguistic
realization, converting abstract representations of sentences into the real text, and 2) structure
realization, which is converting abstract structures like paragraphs and sections into mark-up
symbols that can be understood by the text presentation component, in this case, the conversational
agent. I used the SimpleNLG realization engine [152] to generate strings from the microplanning
process at the surface realization stage.

3.2. Embodied Conversational Agent Architecture
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Figure 3: Angela, A 3D Animated Embodied Conversational Agent for PSA

Figure 3Error!
Reference source not found.). Angela uses synthetic speech generated to communicate, with her
language driven by a hierarchical network-based dialogue engine and template-based text
generation for most utterances (except for cognitive restructuring). User response is obtained via
a multiple-choice selection of utterance options, displayed on the screen at the end of each agent
utterance, updated at each conversation turn. Angela also displays nonverbal communicative
behaviors, including eyebrow movement, facial expressions (such as smiles and concerns),
directional gazes, head nods, posture shifts, and different hand gestures, including contrastive for
comparison, deictic gestures (e.g., pointing to an image displayed on the screen) and beat gestures

Expression Animation Toolkit (BEAT) [153].
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3.3. Evaluation of an Automated CBT Counseling Agent for Reducing
PSA
RQ1. Can a virtual presentation coach and CBT counselor reduce public speaking anxiety before
a presentation?
To address the first research question, I conducted a user study to examine the effectiveness
of the virtual coach in reducing PSA. I conducted a between-subjects study comparing the effects
of having two brief CBT sessions with a virtual agent before an oral presentation against having a
social chat with the virtual agent for an equivalent length of time (time and attention control
condition).
Research Hypothesis
H1. Participants that interact with the CBT agent will be less anxious after interacting with the
agent than participants who interact with the social chat agent.
H2. Participants in the CBT condition will have better presentation experience than those in the
social chat agent condition.

3.3.1 Study Procedure
Participants were recruited from a physical and online flier posted at my institution, were required
to be 18 years of age or older, speak and read English, have some college education, and have
some public speaking experience.

Figure 4: Study procedure including measures taken before and after each activity.

Intervention Group
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The study comprised two 90-minute sessions at least three days apart. The first session was to
study the effects of a brief CBT on public speaking anxiety, and the second session was to study
the effects of repeated exposure to the CBT virtual coach. In each 90-minute session, we asked
participants to rehearse (without an experimenter) and deliver a 10- minute presentation on a predefined topic. The first session presentation topic was on nutrition, and the second presentation
was on physical activity. Both presentations were presented in English using Microsoft PowerPoint
with pre-prepared slides.
Session One: When participants reported for the first session, they were consented and
randomized to either the CBT agent condition or the social chat agent condition. All participants
were then administered baseline assessments (sociodemographic, SPCCS) and asked to relax for
5 minutes watching a calming video. After the relaxation activity, we explained the presentation
task, setting, and requirements to participants, before asking them to fill out the first administration
of anxiety measures (STICSA, SATI) indicated by T1 in Figure 4. Participants then interacted with
the agent (approximately 10 minutes) and filled out the anxiety measures again (T2 in Figure 4)
along with an agent rating questionnaire (Table IV). We then introduced participants to preparing
and delivering the prepared presentation using pre-made slide decks and notes. We instructed
participants to address all key points in the notes, but not word-for-word. We gave each participant
a maximum of 20 minutes to prepare and rehearse, by themselves, before filling out anxiety
measures (T3 in Figure 4Figure 4). Participants were asked to read aloud, by themselves, their
alternative thoughts that the CBT agent generated. They were then asked to deliver the videotaped
presentation to an audience of three confederates, selected from a pool of 14 student volunteers
that were trained to remain neutral in all presentations. After the presentation, the presenter was
administered the speaker confidence assessment (PRCS) [34] and overall presentation rating
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questionnaire (Table 4). Finally, we conducted a semi-structured interview, prompting
comparisons of experiences before and after interacting with the agent. After a debrief, participants
were compensated for their participation. Figure 4visualizes the study procedure and highlights
measures taken at each time point.
Session Two: The second session was like the first session (Figure 4), except that the initial
interaction with the agent was only 5 minutes long. The agent reviewed the anxious thoughts that
the participant identified in the first session and reminded them of the alternative rational thoughts
that they had generated.
Control Group
The control group experienced two sessions identical in structure and duration to the intervention
group (see Figure 4. Figure 4), with the only differences being in the content of the agent
interactions. Rather than talking about public speaking anxiety, the agent engaged the participant
in social chat about places to visit in Boston and Australia and other social activities.

3.3.2. Measures

Public speaking competence - assessed at the beginning of each session and after each
presentation using the Self Perceived Communication Competence Scale (SPCCS) [34].
Speaker confidence - assessed at the beginning of each session and after each presentation
using the Personal Report of Confidence as a Speaker (PRCS) questionnaire [35].
Cognitive and somatic speech anxiety - assessed before and after each agent interaction and
before each presentation using a State-Trait Inventory for Cognitive and Somatic Anxiety
(STICSA) questionnaire [36].
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Maladaptive cognitions or thoughts associated with speech anxiety were assessed before
and after each agent interaction and before each presentation using the Speech Anxiety
Thought Inventory (SATI) questionnaire [37].
Agent interaction rating - assessed after agent interaction using a 12-item, 7-point scale
questionnaire as shown in Table 4.
Overall presentation self-rating - assessed after each presentation using a 7-item, 7-point
scale questionnaire as shown in Table 5.

3.3.3. Results
Participants
28 undergraduate and graduate students participated: 22 male, six female, ages 18-30 (mean 23).
Of these, 9 were highly competent public speakers, and 18 had moderate competence, according
to SPCCS. An equal number of participants were randomized to each condition, with no significant
differences between groups on baseline measures. Twenty-four participants returned for the
second session: 13 in the CBT condition and 11 in the control condition.
Quantitative results
H1. Participants that interact with the CBT agent will be less anxious after interacting with the
agent than participants who interact with the social chat agent.
Analysis of the first session data showed that mean change in thoughts associated with speech
anxiety (measured by SATI) from T1 to T3 differed significantly by study condition according to
-test, t (25) = -2.38, p =.03, 95% CI [1.95, 29.21], Cohen's ds = 1.01. Participants that
interacted with the CBT virtual agent (M = -20.15) had a significantly greater reduction in
maladaptive thoughts or cognitions associated with speech anxiety from T1 (before talking to
the agent, Fig. 2) to T3 (after rehearsal and just before their presentation) than participants who
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interacted with the social chat agent (M = -4.57). However, there were no significant differences
in change in maladaptive thoughts associated with speech anxiety from T1 to T2 (immediately
after talking to the agent) and T2 to T3.
Overall, participants who interacted with the CBT agent rated it highly on most measures (Table
4). Participants who interacted with the social chat agent rated the agent lower agent on helping
them deal with anxious thoughts (items 8- 12). A Wilcoxon rank-sum test showed a significant
difference between the CBT agent (Median = 5) and the social chat agent (Median = 3) in helping
presenters come up with new and helpful thoughts (W=87.5, p=0.01). Similarly, A Wilcoxon
rank-

-rating on

nervousness between the different study conditions (W=126.5, p=0.03), with participants in the
CBT agent (Median = 3) condition reporting less nervousness than the social chat agent (Median
= 5) condition.
Table 4: Virtual Agent Ratings
2nd

- Median (Range) and P-value of Wilcoxon Rank Sum Test)

Items

CBT

Social Chat

p-value

How satisfied are you with Angela?

5(2-6)

6(3-7)

0.1

How much would you like to talk with Angela in future presentations?

5(1-6)

6(3-7)

0.21

5(2-6)

6(2-7)

0.25

3(2-7)

3(1-7)

0.79

6(1-7)

4(3-7)

0.30

(1, not at all 7, very satisfied)
How much do you like Angela? (1, not at all

7, very much)

How easy was it to use the computer character? (1, very easy 7, very
difficult)
How much do you feel you trust Angela? (1, not at all 7, very much)
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How much do you feel Angela helped you? (1, not at all

7, very

5(1-7)

4(3-6)

0.44

How helpful was Angela in reducing your public speaking anxiety?

5(1-6)

4(3-5)

0.30

5(1-7)

4(1-5)

0.11

5(1-6)

4(1-5)

0.08

much)

(1, not at all 7, very much)
How much do you feel Angela helped you recognize your unhelpful
or anxious thoughts about public speaking? (1, not at all

7, very

much)
How much do you feel Angela helped you deal with anxious
thoughts about how the audience will view you? (1, not at all 7, very
much)
How much do you feel Angela helped you deal with anxious
thoughts about your presentation skills? (1, not at all

0.07

7, very

5(1-7)

3(1-5)

How effective was Angela in helping you come up with new and

5(2-7)

3(1-5)

0.01*

5(1-6)

4(1-6)

0.18

satisfied)

helpful thoughts about public speaking? (1, not at all

7, very

satisfied)
How helpful is the new thought in reducing public speaking anxiety?
(1, not at all 7, very satisfied)

Presentation experience and quality
Similarly, participants who interacted with the CBT agent rated their presentation high on most
measures. Table 5 summarizes the second session presentation self-rating.
A Wilcoxon rank-sum test also showed a significant difference between self-rating of how
entertaining the presentation was (W=97.0, p=0.02). Participants in the CBT condition (Median =
4) rated their presentation as more entertaining than those in the social chat condition (Median
= 3). All other comparisons between study conditions were not significant
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Table 5: Presentation Self-Rating Results
2nd Session Self-Perceived Ratings of Presentation Quality- Median (Range) and P-value of Wilcoxon Rank
Sum Test
Items

CBT

Social Chat

p-value

4(2-6)

3(1-5)

0.25

7,

3(2-6)

5(1-7)

0.03*

7, very

5(3-7)

5(2-7)

0.37

4(2-7)

3(2-5)

0.06

7, very

4(2-7)

3(1-5)

0.02*

How competent were you during your presentation? (1, not at all 7,

5(3-7)

4(1-6)

0.08

5(3-6)

4(2-6)

0.11

How engaging was your presentation? (1, not at all

7, very

engaging)
How nervous were you during your presentation? (1, not at all
very nervous)
How understandable was your presentation? (1, not at all
well)
How exciting was your presentation (1, not at all

7, very exciting)

How entertaining was your presentation? (1, not at all
entertaining)

very much)
How would you rate the overall quality of your presentation? (1, very
poor 7, very good)

Qualitative Findings
I analyzed first and second session exit interview transcripts using thematic analysis, starting with
open coding, then clustering codes into common themes and concepts. We identified the following

speaking.
1) Connection with presenters and understanding their fears: Participants that interacted with
felt connected to it
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. . . pointed out their week points

e found this very

It was a bit helpful because someone points out mistakes is always good, so you get to

She did help me

confidence
w

-chat agent also reported a connection
. . was like a normal friend, the camaraderie she showed was like how you speak

to your friend

. . helped to calm me down

not help them address maladaptive thoughts associated with anxiety, and most reported
I was more anxious when I
was presenting . . . .when I was doing my presentation I had six eyes. . . they were looking at me,
and so I was just thinking that what these people might be thinking of me while I am presenting
and how I talk and if I tremble..
2) Including presentation tasks in conversations with the agent: In both conditions, most
participants reported that they would like to interact with the agent for future presentations.
However, in the social chat agent condition, some participants said that they would talk to the
She could give some suggestions,
like, how to reduce anxiety or stress, just before the presentation
the social-

giving me hints about what the presentation

would be giving me verbal cues or something to get in memory before I had to present [P7] and
It would have been helpful
condition reported that they felt that the conversation about anxiety-inducing thought was helpful
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It does give me some talk that I can remember at times when I feel a little bit anxious
I will come to Angela
for tips or before going for a presentation. Those things like interacting with Angela helped give
me a little more confidence and in doing more self-reflection. I would love to include Angela in all
my protestations
read aloud displayed alternative thoughts on the screen. They were also asked to read aloud these
thoughts, by the research assistant, just before presenting. Most participants in this condition
read it aloud, and I feel it really helped you once you hear
to action
a future version of the CBT agent should further customize the cognitive restructuring feedback to
I think if Angela knows what kind
of presentation I am giving and if she could give customized suggestions. . .. So, depending on the
audience, like if there are like 100 people, you can make Angela give a better, broader suggestion
than there are like just a couple of people it could be different maybe every person customized
[P27].

3.4. Conclusion
In this this chapter, I described the design and evaluation of a CBT virtual coach for public
speaking anxiety. The virtual coach addresses irrational thoughts associated with speech anxiety
using automated cognitive restructuring, implemented using natural language generation
techniques. I evaluated the CBT virtual coach against a social chat agent. I found that the CBT
coach led to significantly greater reductions in irrational thoughts associated with speech anxiety,
as well as significantly less self-reported nervousness. A significant decrease in maladaptive
thoughts in participants who interacted with the CBT agent from T1 (before talking to the agent,
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fig. 2) to T3 (after presentation rehearsal) was observed in the first session but not from T1 to T2
(immediately after talking to the agent) or from T2 to T3. This could be because they could test or
put in practice thoughts that they had restructured between T1 and T2. Previous public speaking
studies [12], [16] that used virtual agents for CBT have mainly focused on presenters with high
speech anxiety and low speaker competence. Although this population might benefit the most from
the therapy, the study findings suggest that presenters with moderate to high speaker confidence
could also benefit from a brief CBT session when preparing for their presentation.
Cognitive-behavioral therapy often requires patients to participate in many lengthy sessions with
a therapist [16]. Study results showed that interacting with the CBT agent significantly reduced
maladaptive thoughts associated with speech anxiety and nervousness in the second presentation,
even with reduced length of exposure to the therapy. But we also acknowledge that more sessions
with a therapist (virtual or human) could be more helpful, especially for people with high speech
anxiety. The CBT virtual coach could be extended to address other aspects of oral presentations,
such as effective presentation delivery. As suggested by some participants, the CBT virtual coach
could also be more customized to provide counseling for specific presentations and settings.
Automated cognitive restructuring could also be used in many other areas of automated CBT, such
as treatment for depression, PTSD, and substance abuse. The coach could also deliver the
intervention in a group setting and be enhanced to guide participants in supporting others who are
anxious. As prior research on designing CBT systems for depressions has shown [154], CBT
counseling significantly improves depression symptoms over journaling, and involving
participants in helping others leads to greater improvements [155].1

1

This study was conducted in collaboration with Ha Trinh, Paola Pedrelli and Timothy Bickmore. The methods and
findings of this study were published in the proceedings of the 8th International Conference on Affective Computing
and Intelligent Interacti
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-

[16]
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CHAPTER 4

Framework for Real-time Public Speaking Anxiety
Prediction and Alleviation
This chapter presents a framework for real-time Public Speaking Anxiety (PSA) system that
detects and intervenes in public speaking anxiety during a presentation. Deploying PSA
interventions during a presentation is challenging. As prior work covered in chapter 2 has pointed
out, feedback interventions are only effective when attention is directed to task learning and
motivation rather than to meta-task processes (which involve selffeelings) [87]. Therefore, as a system requirement, a real-time PSA intervention system should not
-time
PSA interventions is determining when the presenter is anxious or will be anxious and when they
are available and likely to respond to the intervention. Therefore, a framework for an effective
just-in-time PSA intervention system should consider these design requirements and constraints.
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Figure 5: Overview of the framework for real-time detection and alleviation of public speaking anxiety.

My proposed framework consists of three main components: A Real-time Public Speaking Anxiety
prediction model, an Opportune Intervention Moment Detection model, and a Just-in-Time
intervention application. These components address the challenges of providing real-time PSA
intervention. Figure 5 shows the overall proposed framework of the system.

4.1. Real-time Public Speaking Anxiety Prediction
When considering opportune moments to intervene, it is important to determine if the system
should intervene when anxiety is detected or predict the likelihood of future anxiety based on past
and current emotional states. I argue that it is important to predict future anxiety and provide
intervention rather than wait for the presenter to be anxious before intervention. However, if the
presenter is currently very anxious, an anxiety-reducing intervention should be deployed. But other
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contextual factors that determine the receptivity of the intervention should also be considered.
Therefore, my proposed model consists of two models. A momentary stress detection model that
uses sensor data to estimate presenters stress at each second of the presentation; and a temporal
anxiety prediction model that takes the presenter s state anxiety at the beginning of the
presentation, the momentary stress information (or input data if momentary detection model is not
available), and continuously estimates the acceleration and decay of their anxiety (see Figure 6).
The output of the temporal speech anxiety prediction model is used by the opportune intervention
moment detection model to determine when an anxiety intervention should be deployed. The next
sections expound on these two models.

Figure 6: Overview of the proposed real-time anxiety prediction model

4.1.1. Momentary Public Speaking Stress Detection Model
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Although it is more advantageous to forecast or predict anxiety and intervene before it occurs,
detecting momentary stress can be helpful in providing interventions that ameliorate the severity
of the stress experience. Additionally, a momentary stress detection model can be used as an
intermediary model that provides momentary stress information to the temporal anxiety prediction
model. Various types of data can be used to build the momentary stress detection model. For
example, audio data collected using a microphone and physiological data collected using noncontact sensing techniques in remote presentation settings or wearable sensors such as the
Empatica E4 device [102] in in-person settings can be used. This model can be extended to include
other inputs such as body gesture and facial expressions that have shown to be also useful in affect
recognition.
In this dissertation, I develop models for anxiety detection that use physiological data collected
using the Empatica E4 device [102] (see section 5.1). These models can be used in momentary
public speaking stress detection. The models are trained using data collected in a lab study where
participants are asked to deliver a presentation to an audience while wearing the physiological
sensor. The presentations are recorded, and after the presentation, participants are asked to view
their videotaped presentations. While viewing their taped presentations, they were asked to
indicate their moment-by-moment (seconds) anxiety level (0-10) during the presentation using a
media annotation tool [156]. This self-report anxiety is used as ground truth labels for the anxiety
detection model. The physiological data can be augmented with audio or other sensed data,
however, the audio data collected in this lab study had a lot of background noise and could not be
used in the anxiety detection models without compromising the accuracy of the models.
Before training and validating the model with the data collected, physiological data are processed
to remove noise and artifacts in the data. Clean data are then used to compute base physiological
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features. These features are normalized to reduce participant-specific effects on the model by
computing statistical functions such
features. These features are then used to train the anxiety detection model. Chapter 5 presents
results of the proposed PSA detection models that are trained and evaluated using physiological
data.

4.1.2. Temporal Anxiety Prediction Model
In the public speaking context, intervention interruptions to the presenter must be delivered at
appropriate times when presenter is more receptive. Therefore, relying only on the proposed
momentary stress detection model to determine an opportune moment for intervention is not ideal.
Additionally, psychophysiology research has shown that the effect of stressors is preserved longer
in the mind even after the physiological reactivity has returned to baseline [157] [159].
Consequently, a useful anxiety prediction model should capture this cognitive aspect of anxiety
and the accumulation and decay of perceived stress or anxiety.
To capture this temporal experience of stress and anxiety, a sequential model such as a Markov
Process can be used to estimate the probability of the current state being an anxious state as a
function of the output from the momentary detection model for the current minute and the
probability of the previous state being an anxious state. Other models, such as a dynamic Bayesian
Network such as one described by Hovsepian et al. [96] could be used to encode other information,
such as self-report anxiety just before the presentation (anticipatory anxiety). Alternatively, an
end-to-end deep learning models such as long short-term memory (LSTM) could be used to predict
PSA in real-time during a presentation. These models could use the extracted sensor data in
predicting future anxiety without the need for an intermediary momentary stress and anxiety
detection model.
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4.1. Determining Opportune Intervention Moments
Determining when a presenter is most receptive to an intervention is crucial for the success of the
intervention. Depending on the type of anxiety alleviation intervention, presentation context, and
presenter level of anxiety, opportune moments to intervene during the presentations may vary.
Models such as logistic regression, decision trees, and rule-based algorithms can be used to
determine opportune moments to intervene. However, models such as logistic regression require
label data to build the models and collecting the data needed might be challenging in an oral
presentation setting. On the other hand, using domain knowledge a set of decision rules can be
generated to determine opportune intervention moments. To acquire the knowledge needed to
derive the decision rules I conduct an exploratory study that explores how factors such as level of
anxiety, the requirements of the anxiety alleviation intervention (e.g., requires the user to perform
a behavior), and other presentation contextual information can be used to determine an opportune
moment for intervention. A rule-based algorithm can be easily adapted to incorporate other factors
rule-based algorithm determines if relevant
conditions have been met for the intervention to be deployed based on the interaction of inputs and
the list of rules derived from knowledge acquired from the study. Chapter 6 presents the
intervention exploratory study from which the decision rules are derived to determine opportune
intervention moments.

4.2. Just-in-Time PSA Intervention
Real-time interventions for dealing with anxiety during presentations are challenging to develop
and deploy. To date, public speaking interventions that have been explored can be categorized as
passive feedback interventions. Passive feedback interventions are those that make presenters
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aware of their behavior, such as [5], [7], [11] or their affective state [93], [101] (e.g., by using
haptic feedback to communicate changes in users heart rate [94]
to perform any action or actively modulate their affective states in response to the feedback. Most
of these interventions have focused on speech skills and audience eye contact training by providing
feedback on pitch, prosody, and gaze patterns [7], [6], [11].
On the other hand, interventions that require presenters to perform an action or actively modulate

interventions. Active stress feedback interventions (e.g., biofeedback interventions [160]) are
effective in helping people moderate their stress when in stressful situations. For example, in
simulated stressful situations such as stressful work tasks [161], negative media stimulus [162],
and stressful games [163]
awareness and training stress moderation techniques [164]. However, in public speaking, active
stress feedback interventions that nudge the presenter to modulate their stress and anxiety actively
have not been explored. In this dissertation, I explore how active stress feedback interventions can
be effectively deployed during a presentation. Chapter 6 presents an exploratory study on PSA
alleviation interventions that can be deployed during a presentation.

4.3. Conclusion
In this chapter, I present a real-time PSA prediction and intervention framework with three-core
components: a PSA prediction module, opportune intervention moment component, and a
presenter facing just-in-time intervention application. During a public speaking task, the real-time
PSA p
anxiety. The opportune intervention moment component

anxiety
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level, presentation context-specific factors such as is the presenter in the middle of a slide or at the
end, the attentional demands of the anxiety alleviation intervention, and determines if it is a good
moment to intervene with minimal interruption to the presentation. The opportune intervention
moment model initiates the Just-in-Time intervention application. The intervention application can
either be embedded within the current presentation applications, such as Microsoft PowerPoint, or
be a separate standalone application. The proposed framework can be used in presenter-audience
co-located presentations and in online presentation setting.
In the following chapters, I describe steps taken to develop a real-time PSA intervention system
that uses this framework. Chapter 7 describes a user study in which I demonstrated the
effectiveness of the framework in predicting presenter anxiety and providing intervention and, as
a result, improving presentation quality.
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CHAPTER 5

Real-time Public Speaking Anxiety Estimation
In this chapter, I examine potential models for assessing anxiety during a presentation. Research
has shown that physiological, speech and other sensed data can be used as stress signals [165]. In
an in-person presentation, contact-based biosensor data collected in a lab setting can be used to
train models that assess in-the-moment anxiety during a presentation. However, the Covid-19
pandemic has forced a vast majority of presentations online. Therefore, there is an increased need
to provide public speaking anxiety (PSA) interventions in online settings. In this case, using
contact-based biosensor data can be challenging as it is expensive to distribute sensors to
participants, and errors from incorrect placement or detached equipment can occur. Although
camera-based remote physiological assessments methods are now available and are continuously
being improved, these methods currently require proper lighting on the face or skin surface and
limited participant movements. Additionally, melanin content impacts the intensity of light
reflected from the skin and the amount of light captured by a camera. Therefore, using remote
camera-based physiological assessment methods on people with darker skin is more challenging
[166].
In the cases where various factors hinder physiological assessment, speech data can be used to
train anxiety assessment models. Public speaking is a more suitable context for using speech-based
assessment models because the presenter is often always talking. The main challenge with speechbased methods is eliminating background noise and speaker identification. However, these
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challenges can be addressed by having the microphone closer to the presenter, using background
noise removal and speaker recognition algorithms and APIs [167], [168].
In this chapter, I propose and develop models for assessing anxiety during a presentation. First, I
explore using physiological data collected in a lab presentation setting to train anxiety detection
models. These models can be used in presentation settings where physiological assessment is
feasible. I also present a speech-based anxiety prediction model for use in online presentation
settings where the summative evaluation study was conducted due to current Covid-19 pandemic
restrictions.
This chapter aims to answer the following research question:
RQ (2a): Can PSA be detected and predicted based on physiological or speech data during a
presentation?
In the first part of this chapter (section 5.1), I present biosensor data-based models for assessing
public speaking anxiety during a presentation

a first step towards developing real-time anxiety

interventions. I present my method for ground truth data collection and regression models for
anxiety detection using biosensor data. I found that models based on electrodermal activity and
blood volume pulse data had the best performance in the continuous public speaking anxiety
detection task.
In the second part of this chapter (section 5.2), I present a sequential model for predicting anxiety
during the presentation. I used a similar ground truth data collection method as one described in
the first part of this chapter to collect data in an online presentation setting to train a speech-based
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model for real-time PSA prediction. I found that a speech-based LSTM model has the best
performance in PSA prediction tasks.

5.1. Continuous Public Speaking Anxiety Detection Using Biosensor
Data
In this work, I develop models for continuous PSA detection using biosensor data collected using
an Empatica E4 device [169]. I first describe the data set and data processing techniques before
describing my continuous anxiety detection models.

5.1.1. Data Set
Participants
Twenty-eight participants were recruited from fliers posted on message boards of a US university
in the Northeast. They were required to be 18 years of age or older, speak and read English, have
some college education, and have public speaking experience. Nineteen participants, 17 males,
two females, ages 22-32 (mean 26), completed the study protocol described in the next section. Of
these, 7 had high speaking competence as measured by the Self-Perceived Communication
Competence Scale (SPCCS) [170], while 12 had moderate levels of speaking competence.
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Figure 7: Retrospective review setup used to collect ground-truth ratings of public speaking anxiety. Presenters viewed
their videotaped presentations to help them recall moments of anxiety and using the slider on the right to indicate their
anxiety.

Data Acquisition Protocol
The data used in this study were collected from individuals who participated in a two-session study
that evaluated a PSA intervention [16]. The corpus for the current effort was collected during the
second 90-minute session of the study. Participants were asked to rehearse and deliver a 7-minute
presentation on a pre-defined assigned topic before an audience of three confederates. Selfreported public speaking anxiety before the presentation delivery was assessed using the StateTrait Inventory for Cognitive and Somatic Anxiety (STICSA) questionnaire [171] and the Speech
Anxiety Thought Inventory (SATI) questionnaire [172]. At the end of the presentation, participants
were asked to complete the Personal Report of Confidence as a Speaker (PRCS) questionnaire
[173] and an overall presentation self-rating (7-item, 7-point scale) questionnaire. One of the items
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in the questionnaire asked,

Other items assess

self-rating of presentation engagement, competence, and overall quality.
provided at 64 Hz and HR provided at 1Hz), EDA provided at
4 Hz, ST provided at 4Hz, and 3-axis accelerometry data (ACCx, ACCy, and ACCz) computed at
32 Hz was collected throughout the study using the (Empatica E4) [169] sensor.
anxiety
during their presentation. The presentations were videotaped, and participants were subsequently
asked to watch their videotaped presentations, reflect on their recalled anxiety level, and record
their anxiety using a continuous affect rating application [156] shown in Figure 7. Anxiety was
annotated every second on a scale of 0 (Calm and Relaxed) to 10 (Very Anxious).
Presentations lasted an average of 411.05sec (SD 82.58sec), and the total corpus comprised a total
of 2.17 hours of presentation recordings and second-by-second anxiety ratings from the 19
nd accelerometry data (i.e.,
BVP, EDA, ST, ACCx, ACCy, ACCz), I kept the data collected during the presentation delivery
for use in the public speaking anxiety detection models.

5.1.2. Detecting Public Speaking Anxiety Using Biosensor Data
Data Processing
I preprocessed the physiological and accelerometry data as follows. First, I inspected the raw data
and eliminated participants who had missing data (e.g., from a loosely worn device), abnormal
trends in the data (e.g., a linear trend in BVP values). To increase the signal to noise ratio in the
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EDA signal, I applied an Infinite Impulse Response Filter (IIR filtering) low pass filter [174].
Further analysis of the Heart Rate data provided by Empatica software was omitted due to noise
and multiple outliers (values exceeding three SD from the mean HR scores at the individual level)
in the data. As a result, data from 10 participants were eliminated. The rest of the preprocessing
steps and analysis was completed with data from 9 participants.
The BVP and ACC data sampled at 64Hz, 1Hz, and 32Hz, respectively, were resampled to 4HZ
to match the EDA and ST sampling rate. A cubic spline function was used to interpolate any
missing data. This function is known to be appropriate for interpolating physiological
measurements [175]. The second-by-second anxiety ratings (continuous values between 0-10)
were up-sampled from 1Hz to match the 4Hz sampled physiological data.
To quantify the magnitude of presenter physical motion, I created a new accelerometer
feature

that is, the square root of the energy of XYZ

movements time. This time-series data were also averaged for every 15-second window resulting
in a new unidimensional temporal feature. I then calculated the following aggregate features in
bins of 15 seconds: mean, standard deviation, median, first, last, minimum, and maximum values.
For every 15-second window, a time-dependent features vector and a label,

[0, 10], indicating

the mean level of anxiety, were created. The sensor data and the anxiety ratings were then
normalized to values with [0,1] range, and to account for any motion artifacts, I multiplied the
aggregated features with a column vector

. This resulted in

49 normalized aggregated features, which were then downsampled using feature selection .
Feature Selection
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I removed the highly correlated features and those with low mutual information with the target
PSA variable. Mutual information (MI) measures any kind of dependency between variables [176].
MI values range between [0,1], with higher values indicating higher dependency between features
and the target variable. Our feature selection model uses ten features with MI values equal to or
greater than 0.7. I also report on the performance of my model with physiological only and
accelerometry only features.
Biosensor-based PSA Detection Models
A polynomial regression model (order=3) was used with extracted time-series features as input
variables to determine the level of public speaking anxiety. I used a leave-one-subject-out crossvalidation (LOSOCV) technique to evaluate my model (models are learned from all except one

errors are then averaged to estimate the overall performance of the models. I used mean absolute
error

and root mean squared errors

to evaluate the

regression models. The LOSOCV technique is useful in evaluating the generalization performance
of my models to new participant data.

5.1.3. Results
Summary of Retrospective PSA Ratings
The mean overall retrospective PSA level ratings from the 19 participants who completed the study
ranged from 1.79 to 6.41. The mean overall retrospective PSA ratings for the 9 participants whose
biosensor data was used to train my PSA detection models was 4.77. Figure 8 below shows the
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mean retrospective PSA rating for each of the 9 participants. The error bars indicated standard
deviation from the mean.

Figure 8: Mean overall retrospective PSA ratings. The error bars indicate standard deviations in ratings.

Relationship between Retrospective PSA rating and Pre-Post Presentation PSA measures
I conducted Pearson correlation tests to understand the relationship between PSA during the
presentation, as measured by the continuous retrospective rating of PSA and other self-report PSA
measures. These include measures administered pre-presentation (i.e., PRCS_pre STICSA and
SATI) and post-presentation (PRCS_post and the single-item question
I used data collected from the 19 participants who completed the study.
I first looked at the relationship between pre-presentation measures (STICSA, SATI) and the mean
overall retrospective PSA rating. I found no significant correlation, although there was a trending
correlation between STICSA and the mean retrospective PSA rating (r=0.44, n=9, p-value= 0.06).
There was only a trending correlation between the post-measure of speaker confidence (PRCS)
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and the mean retrospective PSA rating (r=0.39, n=9, p-value= 0.09). However, when I looked at
the relationship between mean retrospective PSA rating for each segment of presentations
(presentation slides) and the pre-post measures, I found a significant moderate correlation between
How nervous were you during your
presentation?

= 0.53, n=9, p-value= 0.02). Together these provide limited validation for the

retrospective PSA rating data.
I plotted the relationship between the retrospective PSA ratings and biosensor features, and I found
that participants retrospective PSA ratings captured trends in their EDA signals. Figure 9Figure 9
shows

ir

presentation.

Figure 9: Normalized retrospective PSA ratings and 15presentation

PSA Detection Model Performance using Biosensor Data
I used mean absolute error (MAE) and root mean squared error (RMSE) to compare the
performance of the polynomial regression model using subsets of features. I analyzed several
feature subsets: by sensor type (i.e., BVP, ST, EDA, and ACC); EDA and BVP data together
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(EDA_BVP); because they had the best MAE and RMSE scores; and the results of the featureselection process described in section 5.2.2.
Table 6: Biosensor Models Performance (Mean Absolute Error and Mean Root Mean Squared Error)
Model

Mean MAE

Mean RMSE

EDA_Only

0.255 (0.161 - 0.300)

0.255 (0.213 - 0.338)

ST_Only

0.259 (0.161

0.586)

0.765 (0.819-4.333)

BVP_Only

0.215 (0.178

0.278)

0.254 (0.224

0.310)

ACC_Only

0.352 (0.262

0.471)

0.604 (0.305

0.959)

EDA_BVP

0.216 (0.173

0.290)

0.254(0.198

0.330)

Based on Feature Selection

0.235 (0.164 - 0.325)

0.283 (0.202 - 0.374)

The models trained on EDA_only, BVP_only, and a combination of both (EDA_BVP) had the
least prediction errors. In Error! Reference source not found., I report the mean MAE and mean
RMSE for each model and the mean of RMSE values from the LOSOCV evaluation.

5.2. Speech-based Public Speaking Anxiety Prediction
I developed a speech-based model for PSA prediction using audio data collected in a remote oral
presentation task. In this section, I first describe the data set, data processing techniques, and
description of an LSTM model for prediction PSA before concluding with the results of my model
evaluation.

5.2.1. Data Set
Participants
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Thirteen participants were recruited from fliers posted on online message boards of a US university
in the Northeast. Participants were required to be 18 years of age or older, speak and read English,
have some college education, and have public speaking experience. Of the 13 participants, six
males and six females, ages 18-58 (mean 29), completed the study. Of these, 6 had high speaking
competence as measured by the Self-Perceived Communication Competence Scale (SPCCS)
[170], while 6 had moderate levels of speaking competence.
Study Protocol
In a 90-minute online study (on Zoom [177]), participants were asked to review, rehearse, and
deliver a 7-minute online presentation on a pre-defined topic before an audience of three
confederates. The topic was on a research-based annotation tool called texSketch [177]. At the
beginning of the study, participants were consented and asked to complete baseline assessments
(sociodemographic, SPCCS). They were then asked to relax for 5 minutes while watching a
calming video. Self-reported public speaking anxiety before the presentation delivery was assessed
using the State-Trait Inventory for Cognitive and Somatic Anxiety (STICSA) questionnaire [171],
Personal Report of Confidence as a Speaker (PRCS) [173] and the Subjective Unit of Discomfort
Scale (SUDS) [179]. At the end of the presentation, participants were asked to complete an overall
presentation self-rating (7-item, 7-point scale) questionnaire. One of the items in the questionnaire

The online presentations were videotaped. Following their presentations, participants were asked
to watch their videotaped presentations, recall their anxiety experience, and, using a continuous
affect rating application [156] shown in Figure 7, record their anxiety at each second of their
presentation. Anxiety was annotated on a scale of 0 (Calm and Relaxed) to 10 (Very Anxious).
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Figure 10 shows a box plot of one

line plot of their

rating over time at the bottom.
Presentations lasted an average of 551.42sec (SD 92.41sec). The total corpus comprised 1.83 hours
of presentation recordings and second-by-second anxiety ratings from 12 participants.

Figure 10: The line graph at the bottom shows retrospective PSA ratings over time of participant P3. The box
plot on the upper right summarizes the distribution of ratings and on the top left the video the participant
viewed as they completed the ratings is shown.

5.2.2. Prediction Public Speaking Anxiety Using Audio Data
Data Processing
Audio data was extracted from the recorded video presentation resulting in 12 wav files with a
sample rate of 44KHz. I used the openSMILE toolkit [1] to extract eGeMAPS features [180],
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including 88 acoustic features at every second of the presentation. OpenSMILE has been widely
used in automatic emotion recognition for affective computing [181]. The features included
statistical functionals (e.g., mean and standard deviation) of the following.
Frequencies features: pitch, jitter, Formant 1, 2, and 3 frequencies, bandwidth of first
formant and formant 2 3 bandwidth
Energy features: shimmer, loudness, and harmonics-to-Noise Ratio (HNR)
Spectral (balance) parameters: Alpha Ratio, Hammarberg index, spectral slope 0 500 Hz
and 500 1500 Hz, formant 1, 2, and 3 relative energy, harmonic difference H1 H2,
harmonic difference H1 A3, MFCC 1 4 and Spectral flux
The extracted feature columns were then normalized separately to the range 0-1. The data set was
then transformed for use in a time-series anxiety forecasting task.
Speech-based PSA Prediction Models
The minimum time taken by the participants to cover one slide was 30 seconds. Therefore, for this
study, I designed a multivariate time-series LSTM model that would forecast anxiety values 30
seconds into the future based on the 30 seconds of extracted acoustic features, anxiety labels, and
passed predictions.
-short term memory (LSTM) model [182] with 128 memory units in the hidden
layer, a rectified linear unit (RELU) activation unit, a single dense output layer (a deeply connected
econds into the future. The model is fit
using the Adam stochastic gradient descent [183] and optimized using the mean squared error
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(MSE) loss function. Figure 11 visualizes the speech-based LSTM model for predicting PSA
anxiety.

Feature
Extraction
(openSMILE)
LSTM

Dense
Layer

Predicted
Anxiety

Baseline self-report
anxiety
(Scale: 0 - 10)

Figure 11: LSTM public speaking anxiety prediction model

test data (4 participants). I trained the models on the training data and used the validation set to
finemean absolute error

and root mean squared errors

to assess and compare the performance of my LSTM model to a simpleRNN. A simpleRNN is a
fully connected RNN where the output from the previous time step is to be fed to the next step. It
involves a simple combination of input and previous output and is passed through a Tanh activation
function.

5.2.3. Results
Relationship between retrospective PSA ratings and other self-report PSA measures
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The average of the mean retrospective PSA ratings of the 12 participants was 3.41. The means
ranged from 1.04 to 6.07. Table 7 column three shows the means and medians of the self-report
anxiety measures administered in the study. The first three measures were collected before the
presentation, and the last two, which include the retrospective PSA rating, were completed after
the presentation.
PRCS, STICSA, and Mean retrospective anxiety ratings are continuous normally distributed data.
Therefore, I conducted a Pearson correlation test to assess the relationship between the PRCS and
How nervous were you during your
presentation?
coefficient of rank correlation to assess their correlation with the mean retrospective PSA ratings.
The was a significant moderate positive relationship between the retrospective PSA rating and the
presentation nervousness rating (

). There was a close to significant

correlation between PRCS, SUDS, and the mean retrospective PSA rating. The last column of
Table 7 below summarizes the correlation results.
Table 7: Descriptive and Correlation Statistics of the Anxiety Measures
Measure

Range

Mean

(SD)

or

Median (min-max)

Correlation

with

Mean retrospective
PSA ratings

PRCS

30 true-false questions and 15 items

9.33 (5.91)

r = 0.5, p =0.07

r = 0.5, p =0.14

reverse scored (scores range: 0, No
anxiety

30 highest fear)

STICSA

21 items (1, Not at all 4, Very much so)

28.83 (6.83)

SUDS

Single item: (0, Calm and relaxed

4.5 (1-7)

10,

= 0.4, p = 0.07

Very anxious, worst ever experienced)
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How nervous were you

Single item: (1, Not at all

during

Nervous)

your

7, Very

3 (2-7)

= 0.5, p = 0.05*

presentation?
Mean retrospective PSA

Second by second Anxiety rating (0,

ratings

Calm and relaxed

3.41 (1.81)

r = 1, p = 0.00*

10, Very anxious,

worst ever experienced)

Speech-based PSA Prediction Model Performance
I used mean absolute error (MAE) and root mean squared error (RMSE) to compare the
performance of the LSTM and simpleRNN models in predicting future 30 seconds PSA based on
current and past speech and predicted anxiety data. Based on the MAE and RSME metrics, the
Table 8
below shows the aggregated performance of the model after randomized 5 data split trials.
Table 8: Speech-based Models Performance (Mean Absolute Error and Mean Root Mean Squared Error)

Model

MAE (Variance)

RSME (Variance)

LSTM

0.028 (5.48E-05)

0.042 (0.0001)

simpleRNN

0.156 (0.004)

0.183 (0.004)
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Figure 12: LSTM model performance in one trial test set of 4 participants

Figure 13:SimpleRNN model performance in one trial test set of 4 participants

Figure 12 shows the prediction performance of the LSTM on test set of 4 participants data and
figure 13 shows the performance of the simpleRNN on the same test set.

5.3. Conclusion
In this chapter, I aim to answer the research question: Can PSA be detected and predicted based
on physiological or speech data during a presentation?

anxiety-related tasks can be

performed, emotion recognition and emotion forecasting. Emotion recognition involves using past
(audiovisual or physiolo
5.1, I explored how to build a real-time PSA detection model using physiological data collected
during an in-person presentation lab study. I found that models based on electrodermal activity
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and blood volume pulse data performed best in my continuous public speaking anxiety detection
task.

past and current audiovisual or physiological cues [6]. Section 5.2 describes an LSTM model for
real-time PSA prediction based on audio data collected in an online presentation study via Zoom.
This model performed better than a simpleRNN model based on the mean absolute error metric.
Using the methodology for collecting ground-truth PSA ratings, I captured the variance in PSA
experience during presentations. In section 5.1. I found that there was no significant correlation
between the mean retrospective PSA ratings and the self-report nervousness during the
presentation that was assessed by the 7-point single-item question
But there was a significant correlation between the mean retrospective PSA
ratings in the last slide of the presentation and the self-report nervousness rating. One explanation
for this significant correlation could be that without any anxiety experience recall aids (such as
video), presenters are more likely to remember their most recent anxiety experience and generalize
that to the whole presentation.
In section 5.2. however, I found that the overall mean retrospective PSA rating was significantly
moderately correlated with the self-report nervousness rating. An explanation for this variance in
finding between the first in-person and second online study could be that participants had few
questionnaires to complete post-presentation in the online data collection study. Additionally, they
filled out this nervousness rating immediately after their presentation and therefore had better
recollection of their overall anxiety experience during a presentation.
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I did not find significant correlations between retrospective PSA ratings and the pre-post selfreport PSA measures. Likely due to the small number of participants in the studies. However,
another explanation could be that these self-report PSA measures used in this study protocol
(STICSA, SATI, SUDS, and PRCS) assess state anxiety at the moment of assessment and might
not capture varying anxiety levels during a presentation. These measures may help evaluate an

capture continuous and dynamic PSA experienced during a presentation.
There are many advantages to using audiovisual and sensor-based tools to identify public speaking
anxiety as it unfolds during a presentation, mainly because it is impossible to ask presenters to
self-report their anxiety while presenting. I have shown that this continuous stress and anxiety data
collecting methodology can be conducted in in-person lab studies and online settings. My current
work lays the groundwork for expanding data collection on individual-specific factors and contexts
that induce anxiety experiences during a presentation and the development of just-in-time PSA
interventions.
My study and findings have some limitations. In addition to the small convenience samples used,
I only evaluated machine learning models that have been shown to have good performance with
our data type. Also, some of the physiological data pre-processing methods used, such as complete
omission of Heart Rate data due to noise, may be considered non-standardized. Thus other
standardized methods should be explored.
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CHAPTER 6

Towards Real-time Interventions for Public Speaking
Anxiety
In this chapter, I aim to answer two main research questions.
RQ (2c): What cued behaviors can presenters perform while presenting to reduce their stress
and anxiety?
RQ(2d): When should just-in-time anxiety interventions be deployed during presentations?
I conducted a formative exploratory study using three prototypes that prompted presenters to
perform a select list of actions during a presentation to better understand how to design just-intime interventions for reducing real-time speech anxiety. I also explored how sensor-driven
technologies can assist in alleviating speech anxiety.

6.1. Intervention Design Motivation
Motivated by research on deep breathing interventions for stress management, I explore how
technology-guided deep breathing can be applied as public speaking anxiety alleviating
intervention without negatively affecting presentation quality. Slow deep breathing has been
shown to have calming effect in stressful situations [159], [184]. Deep breathing is being widely
used as a relaxing mindfulness activity. Currently, there are a variety of software applications,
such as Headspace [185], that promote deep breathing as a relaxation technique for daily life
stressors. However, technology-guided deep breathing has not been investigated in a public
speaking context.
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6.1.1. Slow and deep breathing for reducing stress and anxiety
Breathing has an important role in regulating the automatic nervous system (ANS), which is
activated when we experience stress and anxiety. In stressful situations, such as public speaking,
the autonomic nervous system is activated, and individuals often respond by breathing rapidly and
shallowly as their heart rate increases [186]. Compared to other physiological indices of anxiety
(e.g., electrodermal activity and cardiac activity) that are expressed unconsciously, respiration is
expressed both consciously and unconsciously. Humans can consciously manipulate their
breathing and, in turn, affect their physiological experience. Breathing modulates the natural
rhythm in the heart that occurs in every inhale-exhale cycle [41]. Research has shown that
breathing is coupled with heart rate variability (HRV), which is another important measure of
activation of the ANS [41]. Slow deep breathing increases HRV, which reduces automatic arousal
due to stress and anxiety [187], [188]. Studies have linked the effects of respiration manipulation
to stress, anxiety and other emotions [189].
Researchers have developed real-time breathing interventions for cultivating calmness in everyday
life activities, such as in workplaces [190], [191] and when driving [192] [196]. BrightBeat [190]
is a workplace breathing intervention system that uses visual and auditory feedback that
rhythmically changes based on breathing patterns. The visual and auditory cues are tuned to appear
at a slower speed to slow down the respiration rate of a stressed user. In a study with 32
participants, BrightBeat was shown to lead to slower breathing and improved self-reported
calmness and focus compared to a placebo device used in the control condition that did not provide
respiration feedback [190].
In an in-car breathing intervention [192]where researchers simulated various driving tasks such as
driving on a highway and the city, researchers found that haptic and voice breathing guidance
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-intervention effect without
affecting driving safety. Other breathing intervention studies, such as one described in [197], have
focused on exploring the best placement of breathing pacers that use vibrotactile feedback to guide
users in deep breathing.
The real-time breathing interventions summarized here demonstrate that breathing feedback when
driving or performing work-related tasks can be effectively communicated through various
modalities, including visual, auditory, and haptic. My work differs from these prior efforts in that
I explore breathing feedback interventions in the context of public speaking, where users are
performing a cognitively demanding task in front of an audience, in which people experience
social-evaluation stress.

6.2. Designing a deep breathing system to reduce public speaking
anxiety
I designed and implemented three prototypes of real-time interventions to help presenters manage
their anxiety during a presentation. Most of the related work on breathing intervention for stress
management, such as [190], has mainly focused on implicit breathing cues (e.g., slowly adjusting
screen brightness and audio volume). These implicit cues can be missed when the presenter
switches their gaze from their computer screen to the audience and their projected presentation
slides in a public speaking context. Given this, I designed three prototypes that explicitly
communicated to presenters the actions they should perform. In an exploratory study, I assessed
how these explicit cues can be designed to be more effective and less distracting.
In designing these three prototypes, I sought to answer two questions. 1) How will presenters react
when a presentation system reminds them to take a deep breath versus when the system requires
(forces) them to take a deep breath? 2) What differences would participants experience when
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taking a deep breath during a presentation compared to pausing and performing other actions? All
prototypes are integrated into Microsoft PowerPoint. Each intervention is triggered when a
presenter attempts to advance to their next slide and communicates with them using a pop-up
dialogue box in the PowerPoint presenter view display (Figure 14).

Figure 14: Prompts appear in presenter view when presenter advances slides

The three intervention prototypes are as follows:
a) Breath-Prompt-Ack: In this prototype, the pop-up window prompted presenters to either
and they were required to
-up window to advance the slideshow. See Figure 15 (a).
This prototype serves as a reminder to the presenter but does not force them to take a deep
breath.
b) Breath-Prompt-Monitor: In Breath-Prompt-Monitor, the same prompt was displayed but
with
when the system detected them taking a deep breath (in reality, this function was controlled
). Figure 15 (b). In this prototype, the
presenter can only proceed to the next slide when they take a deep breath.
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c) Pause-Prompt: In Pause-Prompt, the dialogue box prompted participan
s before advancing their slides.
This prototype was designed to detangle the effects of simple pausing and taking a deep
breath during the presentation. See Figure 15 (c).

Figure 15: The three prompts that were displayed: a) Breath-Prompt-Ack, b) Breath-Prompt- monitor, and c)
Pause-prompt

6.3. Exploratory design evaluation study
I conducted a formative study to understand how presenters would react to the different
interventions during a presentation in front of an audience. I also asked participants to perform
different breathing-related activities before their presentation (i.e., relaxation, normal breathing,
deep breathing, and neutral speaking breathing) to understand how respiration changes based on
different arousal states and breathing-related activities. Analysis of this data is intended to inform
the design of a fully automated deep breath detection algorithm.

6.3.1. Study procedure
The study consisted of a 90-min session in which participants were asked to rehearse and deliver
a 5-min pre-prepared presentation on the t

-min

presentation into three 2-min presentations. Participants were then asked to deliver the 2-min
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presentation using each of the three prototypes in randomized order. At the end of each
presentation, participants were interviewed about their experiences.

Figure 16: Study procedure

The overall study procedure is shown in Figure 16. Participants were administered baseline
assessments (sociodemographic, self-perceived communication competence scale SPCC [170].
They then were asked to wear a respiration sensor (a ProComp Infiniti chest expansion strap from
Thought Technology (TT)) over their clothing, as shown in Figure 17, throughout the study session.
Data from the sensor was recorded and monitored by the wizard in real-time for the BreathPrompt-Monitor prototype. Participants were then asked to relax for 5 min while watching a
calming video. Next, participants reviewed and rehearsed their presentation for 15 min.
Participants were then asked to perform three breathing activities to measure how their respiration
pattern changed when: a) breathing normally, b) when speaking, and c) when taking deep breaths.
Participants then delivered a 6-min videotaped presentation to an audience of three confederates,
selected from a pool of six student volunteers that were trained to remain neutral, and took notes
during the presentation. We split the 6-

-min

presentations. Participants were then asked to deliver the 2-min presentations with each of the
three anxiety intervention prototypes in partially counterbalanced order and were interviewed after
each presentation.
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Figure 17: Presenter wearing a chest strap respiration sensor while presenting.

Participants were recruited from an online job posting site and fliers posted around the institution.
$25 for 90minutes of their time.

6.3.2. Measures & analysis
The breathing rate during the use of each prototype was computed from the respiration sensor data.
Compliance with the intervention prompt (yes/no) was determined by recording when a prompt
was displayed and disappeared an
recorded prompt display time window.
Interviews were transcribed verbatim and analyzed using an inductive thematic analysis approach
[198], starting with open coding and clustering codes into common themes and concepts.

6.4. Results
Eleven students and professionals completed the study: seven females, four males, aged 23 63
(mean 38). Of these, four were highly competent public speakers, and seven had moderate
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competence, according to the self-perceived communication competence (SPCC) scale [170].
Participants had varying presentation experience and occupational backgrounds, ranging from
education, acting to business.

6.4.1. Deep breathing behavior during presentation
When using the Breath-Prompt-Ack in their presentation, participants were observed to only take
deep breaths for 50% of the prompts (based on sensor data analysis). In comparison, they took
deep breaths for 100% of the prompts by the Breath-Prompt-Monitor intervention since the
wizard only advanced the presentation when a deep breath pattern was observed.
When using the Breath-Prompt-Ack
ranged from 8.88 to 14.49 (mean 11.40) breaths per minute (bpm). When using the BreathPrompt-Monitor prototype, their respiration rate ranged from 8.2 to 12.89 (mean 10.66) bpm,
and while using Pause-Prompt, their respiration rate ranged from 8.62 to 12.75 (mean 11.05)
bpm. The distribution of respiratory rate data is visualized in Figure 18. The last three box plots

Figure 18: These box plots show the minimum, first quartile, median, third quartile, maximum, and outlier values of
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6.4.2. Qualitative findings
I identified a few themes reflecting how presenters felt about deep breathing and system nudges
during their presentations. All participants reported that they found the Breath-PromptMonitor system to be the most helpful during their presentation. P7 captures this sentiment by
I want the system to detect and take control of all my [presentation] system. Instead
of me doing it manually
deep breathing played in improving their presentation. I then summarize their feedback on how
the Breath-Prompt-Monitor prototype could be improved, and their concerns related to trust in
the presentation assistive system and control over the system.
Deep Breaths and presentation pacing. Participants reported that taking deep breaths during
their presentation helped the

I felt the [Breath-

Prompt-Monitor] system was the most helpful. The one with a reminder to breathe, and then I
could just breathe without having to click anything because it would allow me that pause to
remembe
I think it helps with pacing because I think we all have a tendency to speak too fast when
presenting because we know the information, but the audience doesn
it. Being reminded just in all our breathing that we can take it more deeply and slowly, I think

On the other hand, participants disliked the presentation system that prompted them to pause,
look at the audience and smile

Pause-Prompt) and felt that it

[P7]. One participant stated that
throughout it. Make eye contact with them, pause, take
literally stop and smile, you know, without verbalizing anything. So typically, if I were going to do
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and ask someth

[P9].

Deep breaths for reducing anxiety. Some participants felt that taking deep breaths made them

d be calmer
nudges presenters to take deep breaths during a presentation would be especially helpful to
I think this is by far the best method. If you want to train people,
particularly people who have difficulty in presenting and they almost are hyperventilating, or
-prone

It

happens a lot to me. I just went to a presentation, and when I did that I found myself anxious

some kind of message like this which
reminds me to take a deep breath. That would definitely save me from choking
Nudges should align with natural pauses in a presentation. Participants felt that some system
pop-ups after
every slide was kind of disturbing or kind of distracting the flow of my presentation
Participants discussed when these system nudges should be delivered in a presentation to not
interfere with the presentation flow. The main theme that came across was that nudges to take a
deep breath sh

I would prefer, like maybe if I was

really familiar and honed in on where my natural pauses were, then it might be helpful to take a
deep breath
Participants felt the frequency of nudges should not be too great and should be informed by content
it would be fine if it was like a giant slide, and I could take a
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pause and breathe in the middle
take a deep b

it is essential to the deep breaths while presenting
-up will eventually
oes she stop speaking
[P7].

Deep breath system nudges should be delivered at topic boundaries. Topic boundaries were
identified as the most appropriate place where the system could prompt a presenter to take a deep
breath. As P9 ex

to do x, y, or z, and that would be a nice reminder to kind of take a beat to smile or take a breath.
Participants felt that taking a deep breath between topic boundaries can help with transitioning
between topics. P5 experienced this when interacting with the Breath-Prompt-Ack system:
there are more technical terms. So, I
breathe. So, I got some time to think, and then you know, clear my mind from the first slide and
then go to a second slide later with a clear mind. So that helped me to give a good presentation
[P5].
Nudges should be consistent.
really important

consistency might be
as long as its not a surprise and I have some say in whether they
consistency in system nudges was

helpful

Nudges can be useful when anxiety is detected. Nine out of the 11 participants fully endorsed
if there
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s when it would be helpful. Like, remember to take a deep breath. Rather than at a

rather than helping.

pressed that they were

[P10]. They felt that the system nudges to take a deep breath should feel more
self-check-in as opposed to [instructions to] Calm down
Participants expressed that they were comfortable wearing sensors that assessed their physiological
states when present
the wrist device would be sort of happier for everybody
about [wearing] it

forgot
ence

knowing that they were using a system that was assisting them in taking deep breaths because, as

tly, but that will give the best of my
presentation during that time
Nudges should use image-based prompts to cue presenters to take a deep breath. Participants
reported that they would prefer image-based prompts (e.g., an image of a person breathing) to textbased prompts. P8 explains that image-

take away the cognitive act of reading from
-based prompts] you have to process that and do it,

whereas, I think if you had a visual cue, it would make it more natural for you to simply mirror
that

in a place that

disrupts my view of the text
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to read or while
a pop-

a small

pop-up in the corner

a sort of an unconscious visualization because

Trusting the system to detect when a deep breath is taken, and control over the system nudge.
Trust in a smart assistive system is crucial for system adoption. In stress-inducing tasks like public
speaking, users must trust and know what to expect from the assistive technology. Participants
expressed that they were most satisfied with the Breath-Prompt-Monitor prototype that prompted
take a deep breath
it helps you to actually do the action [deep breathing] not just look at it and say

sometimes the system might not detect that they have taken a deep breath, which might interfere
induce more anxiety

participants felt tha

getting used to it

away regardless of what you do during those 3 s

6.5. Conclusion
Of the three prototypes, participants liked Breath-Prompt-Monitor (semibreath sensing) the most. However, participants raised potential concerns over the reliability of the
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automated system to advance their slides. On the other hand, they felt that rehearsing with such a
system before using it in a presentation may increase their confidence in the system. Additionally,
a visual prompt to take a deep breath that does not obscure the presentation content and is delivered
at topic boundaries are ideal.
To further study the effectiveness of deep breathing in reducing public speaking anxiety, I plan to
develop a fully automated Breath-Prompt-Monitor application based on the respiration data we
collected from the breathing activities shown in Figure 18. In recent years, research interest in
camera-based sensing methodologies has increased. Fairly robust real-time webcam breath sensing
algorithms have been proposed[199] [201]. I replace the chest-

-of-

-contact camera-based or audio breath
detection method in the fully automated Breath-Prompt Monitor.
Based on these findings, I will use image-based deep breath cues in the fully automated BreathPrompt-Monitor in place of text-based prompts. These image-based deep breathing prompts will

boundaries. To ensure that presentation delivery is not interrupted if the automated system fails to
detect a deep breath, I will incorporate a timer-based override mechanism for the Breath-PromptMonitor application. If a deep breath is not detected a few seconds after the prompt, the prompt
will disappear. The specific duration will be based on the average deep breath cycle. Arousal due
to speech anxiety will be detected using physiological and speech data. Speech and natural
language processing techniques will be used to detect pauses and presentation topic boundaries.
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Overall, this current work provides insight into designing guided deep breathing interventions for
reducing stress in real-time during a presentation.2

2

This study was conducted in collaboration with Ameneh Shamekhi and Timothy Bickmore. The methods and
findings of this study were published in the Smart Health Journal, Volume 19 in March 2021, under the following
title.
-

[17]
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CHAPTER 7

Real-time System: Prediction and Alleviation of Public
Speaking Anxiety during a Presentation
This chapter presents an instantiation of the framework described in Chapter 4, building on the
findings described in Chapters 5 and 6. I describe the design and evaluation of a real-time public
speaking anxiety prediction and intervention system that assists presenters during their online
presentations. The pandemic has forced many oral presentations online and thus increased the need
for online anxiety intervention. Additionally, prior research has shown that presenters who have
high anxiety in face-to-face presentations are more likely to have high anxiety during a remote
presentation and vice versa [62].
The described system has a speech-based anxiety prediction model that forecasts presenter
anxiety 30 seconds into the future. It has an opportune intervention moment model that uses the
predicted level of anxiety, speech activity, and presenter slide navigation actions to determine
when to nudge presenters to take a deep breath. The system also has a speech-based deep breath
detection model that determines if a deep breath has been taken when the presenter is nudged to
take a deep breath. An overview of the system is shown in Figure 19. The system was evaluated in
an online presentation setting and compared to a presentation with a system that does not provide
an intervention.
In this chapter, I address the following research questions:
1. Can PSA be predicted during a presentation based on physiological and audio data?
2. Can deep breathing be reliably detected from audio signals?

94

3. Can PSA be detected in real-time with enough accuracy and timeliness to support realtime interventions?
4. Do presenters comply with real-time nudges to take a deep breath during a presentation?
5. Can just-in-time anxiety interventions that nudge presenters to take a deep breath improve
their performance quality of presentation, anxiety, and confidence?

Figure 19: Framework for PSA real-time prediction and intervention

7.1. Real-Time Public Speaking Anxiety Prediction model
The public speaking anxiety prediction model monitors the acceleration and decay of presenters
of state anxiety continuously during a public speaking task. In developing this model, I sought to
answer the first research questions.
RQ (1): Can PSA be predicted during a presentation based on audio data?
Hypothesis 1: Stress associated with public speaking anxiety can be predicted using audio data.
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I trained an LSTM model that uses automatically extracted speech features and self-reported
anxiety at the beginning of the presentation to predict presenter anxiety level during a presentation.
I conducted a remote presentation study with 12 participants to collect speech anxiety-related data
to train the anxiety prediction model. In the study, participants were asked to rehearse and deliver
a 7-minute presentation. Immediately after giving their presentation, they were asked to view their
videotaped presentation and, on a continuous scale (0 - calm and relaxed to 10- very anxious),
indicate their anxiety levels at each moment during the presentation. I collected close-up facial
video recordings from which I attempted to extract noncontact physiological data (HR and HRV).
However, HR data extracted using a currently available open-source web camera-based software
was noisy and proved unreliable for training real-time anxiety prediction models. Therefore, I used
presentation audio recording to extract prosodic features that I used to train anxiety prediction
models.
I used the openSMILE toolkit [202] to extract 88 speech features that included statistical
descriptors (e.g., mean and standard deviation) of pitch, loudness, formants, MFCCs, Jitter, and
Shimmer [180]. OpenSMILE has been widely used in automatic emotion recognition for affective
computing [181].
Two broad emotion-related tasks can be performed, emotion recognition and emotion forecasting.
Emotion recognition involves using past (audiovisual
current emotional state [203]. Chapter 5 explored how to build a real-time PSA detection model
using physiological data collected during an in-person presentation lab study. In this work, I found
that models based on electrodermal activity and blood volume pulse data had the best performance
in my continuous public speaking anxiety detection task.
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past and current audiovisual cues [204]. In my previous study [17] (chapter 6), participants
expressed that they would like the deep breath reminders when a system detects that they are
getting anxious. I, therefore, performed an emotion forecasting task using the extracted speech

-short term memory (LSTM) model [182] with 128
memory units in the hidden layer, a rectified linear unit (RELU) activation unit, a single dense

into the future based on current and past audio features and predicted anxiety labels. The model is
fit using the Adam stochastic gradient descent [183] and optimized using the mean squared error
(MSE) loss function. The figure below visualizes the real-time PSA prediction model.

Feature
Extraction
(openSMILE)
LSTM

Dense
Layer

Predicted
Anxiety

Baseline self-report
anxiety
(Scale: 0 - 10)

Figure 20: LSTM public speaking anxiety prediction model

7.1.1. Model Evaluation
participants), validation data (3 participants), and
test data (4 participants). I trained the models on the training data and used the validation set to
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mean absolute error (

) and root squared mean error (RSME) to assess and compare the

performance of my LSTM model to a simpleRNN. A simpleRNN is a fully connected RNN where
the output from the previous time step is to be fed to the next step. It involves a simple combination
of input and previous output and is passed through a Tanh activation function.

Table 9: Speech-based Models Performance (Mean Absolute Error and Mean Root Mean Squared Error)

Model

MAE (Variance)

RSME (Variance)

LSTM

0.028 (5.48E-05)

0.042 (0.0001)

simpleRNN

0.156 (0.004)

0.183 (0.004)

7.2. Opportune Intervention Moment Model

voice activity (is the presenter talking), presentation context-specific factors, including when the
presenter is advancing their slide. Based on findings from my exploratory study [17], I use a rulebased model to determine when an intervention should be deployed. Below is the Pseudo-code for
the opportune intervention moment model.
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Figure 21: Algorithm to determine when a deep breath intervention should be deployed

7.3. Just-in-Time Deep Breathing Intervention
Just-in-Time intervention application is initiated by the opportune intervention moment model,
which determines when an anxiety alleviation intervention is needed. The application has two
components, a visual cue (Figure 22) that communicates to presenters that they should take a deep
breath and a speech-based deep breath detection model.
To determine the cue image to use, I conducted a small user study with 13 participants. I asked
-10, the degree to
which each image was calming, and the degree to which each image prompted them to take a deep
breath. The image selected had the highest and most rating on the two measures.
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Figure 22: This image was used to prompt presenters to take a deep breath. The image is sourced from
dreamstime.com.

RQ (2): Can deep breathing be reliably detected from audio signals?
Hypothesis 2: Deep breathing can be reliably detected from audio signals.
In order to build a speech-based deep breath detection model, I created a dataset of audio files,
each about 5 seconds, that included 28 audio recordings of people taking audible deep breaths and
24 files of random background noises such as room air conditioners. I built an SVM classifier with
a polynomial kernel that classifies deep breath sounds and other non-speech sounds. I used a
similar breath detection process described in [205], where voiced activity detection is performed
to identify non-voiced audio before applying the SVM classifier.
To train and evaluate the SVM classifier, I first extracted Mel Frequency Cepstral Coefficients
(MFCCs) from the audio files, then split the data into training (70% files), and testing (30%) sets.
After fitting the classifier in the training set, I evaluated the classifier on the test set. The accuracy
of the model was 98%.

7.4. System Evaluation
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To evaluate the real-time PSA intervention system, I conducted a within-subjects study design
where presenters evaluate their presentation experience using the intervention system in one
session and the control system in another. The image below shows the intervention and the control
system (Figure 23).

Deep Breathing Intervention Presentation
Application

Control Presentation Application

Figure 23: Presentation Intervention and control application

7.4.1. Study Design
This within-subjects study design eliminates any inter-individual differences in extracted speech
anxiety measures. The ordering of the conditions was randomly assigned. I allowed at least two
days between the sessions. Each session was 90 minutes. At the beginning of the session
participants completed baseline questionnaires (SPCC, PRCS, and socio-demographics). Then
they were informed of the presentation task and given 30 minutes to review and rehearse for a ~7minute pre-made presentation. After rehearsal, they delivered a remote presentation to a
confederate audience using either the intervention or control system. At the end of the session,
they filled out questionnaires evaluating their experience presenting with the system and were also
interviewed about their experience. The figure below shows the study protocol.
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7.4.2. Measures
1. SPCC: Self-Perceived Communication Competence scale. Scores range from 0 (low
competence) to 100 (high competence) [170]
2. PRCS: Personal Report of Confidence as a Speaker. Scores range from 0 (no fear of public
speaking) to 30 (highest fear of public speaking) [206].
3. SUD: Single-item Subjective Unit of Discomfort. Ranges from 0 (no anxiety) to 10 (very
severe anxiety) [179].
4. STICSA: Staterange from 1 (no anxiety) to 4 (high anxiety) [171]
5. Self-rating Presentation Quality A 7-item, 7-point Likert measure of self-perceived
presentation quality.
6. Intervention System Rating: A 7-item, 7-point Likert measure assessing the participants
rating of the usability of the system
7. Speech Quality Measures

the 8-slides presentations delivered using the Deep Breathing system at the slide level. I analyzed
the speech quality of slides delivered before and after participants received a cue to take a deep

computed speaking rates, articulation rates, degree of voice breaks, and pitch variability.
I used the Praat software [207] and the method described in [208] to compute the speaking rate,
where the number of syllables is divided by the speaking time. Speaking time is the total audio
sample length minus the sum of the length of all pause segments. Research in [209] suggests that
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conversational speech consists of short (0.15 seconds), medium (0.50 seconds), and long (1.50
second) pauses. I, therefore, identified pause segments of at least 0.15 seconds and removed deep
breath pauses. I also computed articulation rates (the number of syllables divided by phonation
time) for each slide segment pre and post deep breath cues using Praat.
The degree of voice breaks is the total duration of the breaks between the voiced parts of the signal,
divided by the total duration of the analyzed part of the signal. Anxiety can cause a high degree of
voice breaks. I used the Praat toolkit to extract the degree of voice break pre, and post deep breath
prompts.
I used the Pitch Dynamism Quotient (PDQ) to determine Pitch Variability. PDQ is computed by
dividing the standard deviation of the pitch by pitch mean values. It has been used as a normalized
measure for pitch variation [210].
I used empirically determined thresholds defined in [211] and shown in table X to determine the
quality of speaking rate and pitch variability.
Table 10: Ranges and Thresholds for Speech Quality Metrics

Measure

Range

Speaking Rate (nysll/duration)

[0, 3]: slow (3,5): good

Pitch Variation (Hz)

[0, 120): monotone

fast
good

7.4.3. Participants
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I recruited 13 students (Female=5, Male=8, Mean age = 23), 11 of them completed both sessions.
Eight participants reported moderate, and 5 reported high speaking competence as measured by
SPCC.

7.4.4. Results
Overall presenter preferred the deep breathing intervention system to the control system. They felt
I prefer the first application
[intervention application] because I think it can give me the support that if something is wrong,
somebody is gonna support me.
RQ (3): Can PSA be detected in real-time with enough accuracy and timeliness to support realtime interventions?
Hypothesis 3: Stress associated with public speaking anxiety can be accurately detected in realtime during presentation

Anxiety Prediction Accuracy and Timeliness
As shown in section 7.1, my LSTM anxiety model performed better than a simpleRNN model. To
answer research question 3, I looked at the instances when the deep breaths were deployed during
the presentation and when participants reported that they experienced anxiety during the
presentation. Most participants, except one, stated that they received deep breath nudges when
they experienced anxiety. For example, P5 received two deep breath reminders, one at the
beginning (between slides 1 and 2). During the post-study interview, P5 reported that at the

was
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I noticed that the ones [deep breath nudges] that I got were near the
beginning of my presentation, which was helpful

in the beginning, I think the

breaths were there to maybe help calm your nerves because you might be nervous at the
beginning.
Although they did not receive a question from the audience, their anticipation of questions and not
being able to answer them seemed to have induced anxiety.

The picture
he correct moment that it showed up. Sometimes

in the same pace
rate of 2.88 nysll/duration, which is empirically slow based on speech quality measure described
in section 2.2. They also had low pitch variability.

RQ (4): Do presenters comply with real-time nudges to take a deep breath during a presentation?
Hypothesis 4: Presenters will comply with real-time nudges to take a deep breath during a
presentation

Deep Breathing Compliance
Nine of the 11 participants received at least one cue to take a deep breath (Min =1, Max =4, Mode
=2). There was a total of 17 deep breath cues. On average, the deep breath pauses were 6.55
seconds. To assess deep breath compliance, I analyzed audio files for deep breath recordings
following deep breath cues and annotated video recordings for deep breath behavior (visible inhale
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. Out of the 17
deep breath cues generated, 16 deep breaths were taken following the cues. The deep breath
detention model logs show that 15 of the 16 deep breaths taken were detected, indicating that the
model had a 94% precision rate. The image below shows the models confusion matrix results.

Figure 24: Confusion matrix results of real-time deep breath model
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Results of post-intervention interviews indicate that participants attributed their compliance to the
fact that the systems required them to take a deep breath before advancing to the next slide when

then eventually I would start ignoring it. Probably so, like in my opinion, the pop-up is best because

RQ (5): Can just-in-time anxiety interventions that nudge presenters to take a deep breath improve
, reduce their anxiety, and increase their confidence?
Hypothesis 5: Public speaking anxiety intervention that nudges presenters to take a deep breath
during presentation will improve presentation quality.

Impact of Intervention on Presentation Quality
Speech Quality
I evaluated the impact of the intervention on presentation quality by assessing the effects of deep
breath pauses in speech quality (i.e., speaking rate, articulation rate, pitch variability, and degree
of voice breaks).
king rates ranged from 2.68 to 4.56 number of syllables/duration in the slide
before the deep breath nudges and ranged from 2.68 to 4.39 number of syllables/duration in the
slide after the nudges. The above speech quality measures indicate that these values are within the
good speaking rate (3-5 number of syllables/duration). Speaking rates reduced most of the time,
and pitch variability increased after participants received deep breath reminders. The table below
summarizes the speech quality measures.
Table 11: Frequency in changes in speech quality
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Measure

Frequency

Reduced Speaking Rate

11/17

Reduces Articulation Rate

12/17

Increased Pitch Variability

9/17

Reduced voice breaks

10/17

In the post-intervention interview sessions, participants reported that the deep breath prompts and
When I got those prompts, it did help
me to remind myself. OK, I need to take a pause before and after I started a new sentence, and it
did help me during the presentation as I had that mental image back in my head. So, it really
helped me to better articulate
reminders were speech-based made them

I think it was good if I like

Self-perceived Rating of Presentation Quality
The table

-ratings of their presentation quality for

the two conditions (i.e., the deep breath Intervention system and the control). Results of the
Wilcoxon signed-rank test showed no significant differences between the two conditions in any of
the quality measures.
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Table 12: Self-perceived ratings of presentation quality (Mean (SD) and p-value of Wilcoxon signed-rank test)

Rating of Presentation Quality:
Scale: 1 Not at All 7 Very Much

Control

Deep Breath P-Val
Intervention

How engaging was your presentation?

4.63

5.30

0.382

2.667

0.7055

How nervous
presentation?

were

you

during

your 2.584

How understandable was your presentation?

5.684

5.234

0.1025

How exciting was your presentation?

4.634

4.8

0.1573

How entertaining was your presentation?

4.6

4.634

0.6547

How competent were you during your 4.965
presentation?

5.167

0.4795

How would you rate the overall quality of your 5.25
presentation?

5.134

0.7055

Hypothesis 6: Public speaking anxiety intervention that nudges presenters to take a deep breath
during presentation will reduce public speaking anxiety and increase speaker confidence.

Impact of intervention on public speaking anxiety and speaker confidence
Self-reported Anxiety
Results of repeated measures ANOVA tests showed no significant effects of the condition on selfreported cognitive and somatic anxiety (STICSA) (F1,10=0.125, p=.73) or speaker confidence as
measured by PRCS (F1,10=.100, p=.76). There was also no significant effect of condition on the
subjective unit of discomfort scale (SUD).
Predicted Anxiety Pre-Post Deep Breath
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The anxiety prediction model outputs the predicted anxiety values every 30 seconds. I compared
the predicted anxiety value 30 seconds pre and post deep breath reminders. I found that there was
a significant reduction (t (13) = 6.127, P < 0.01,95% CI [0.094, 0.194], Cohen's ds = 2.15) in
predicted anxiety after taking a deep breath between slides (Figure 25).

Figure 25: Box plot of predicted anxiety pre and post deep breath

During the post-study interviews, participants stated that taking deep breaths made them feel

just like talk for a long time
me feel less tense
I did not know what I was
talking about vocabulary-wise, and that added a level of anxiety, I guess. But I really liked how I
knew, and I felt I could rely on it a little bit more if like it sensed that I was getting worked up or
something.

System Usability
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Hypothesis 7: Public speaking anxiety intervention system that nudges presenters to take a deep
breath during presentation will be rated high on usability and user experince.
Ratings of the Deep Breathing Intervention System
Results Wilcoxon Sign Rank test showed that presenters found the intervention system
significantly easy to use (M = 6.54, SD = 0.68) compared to neutral (4), found it to be reliable (M
= 5.18, SD = 1.66), and expressed high desire to use the system in future presentations (M = 5, SD
= 1.78). The deep breath cues were also rated significantly less distracting (M = 6, SD = 1.61) than
a neutral rating of 4 on a scale of 1 to 7.

Figure 26: A bar chart of average ratings of the deep breath intervention system

Results of qualitative analysis of the postsuper
helpful

easy to use and enjoyable
really easy for a presenter to go through the slides and present it

111

to the audience and the second thing is like it also included a breathing reminder, so that also was
an innovative thing no presentation apps have done that.
Participants found the system reliable, and those concerned about the deep breath detection before
presentation were relieved when the system detected their deep breaths. As P6 explains, the
breathing thing was good, and it knew when I was breathing, so it went away like when I did it,

loud enough for it to know that I was breathing, but it was good.
All participants expressed that they did not find the deep breathing prompts distracting to their
presentation.
P5: At first, when I was rehearsing, I thought they would be distracting, like

distracting. It was nice to just be able to step away for a second and like take a
I feel like when a lot of people are presenting, they just forget to
breathe and forget to relax. So having that reminder is nice.
Participants felt that the prompts were not distracting because they were well-timed. P7 explained,
I feel like the breathing reminders timing were good for me, and the best thing was like it is at

distracted

he presenter
I think the reminder across the

part, I use presenter notes like on Google Slide
see it
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7.4. Conclusion
I described the design and evaluation of a fully automated system for real-time public speaking
anxiety detection and alleviation. The system nudges presenters to take a deep breath when it
predicts that they are likely to be anxious presenting their next slide. Compared to delivering a
presentation with my control system (similar to current presentation tools), the deep breathing
intervention system was preferred for its support and comfort when and if presenters felt anxious.
My anxiety prediction model evaluation showed that my LSTM model performed better than a

that participants received interventions when they experienced anxiety. I also described a speechbased deep breath detection model which had high accuracy (98%) in detecting deep breaths. The

discussed in the study evaluation.

However, there were no significant differences between the intervention and control systems on
self-reported anxiety assessments (i.e., STICSA, PRCS, and SUD). There were some differences
in predicted anxiety pre-post taking a deep breath when using the intervention system. This finding
was also supported by qualitative analysis of post-study interviews.
My study evaluation was conducted in an online setting and had a few limitations. One is the small
convenience sample of presenters and all participants reported moderate to high public speaking
confidence. The presentations used were short and fully prepared and may not represent typical
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presentations that presenters prepare independently. Additionally, these findings might not apply
to in-person presentations.
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CHAPTER 8

Conclusion
In our academic and professional lives, we are often required to deliver oral presentations.
However, many people find presentations challenging due to public speaking anxiety (PSA),
resulting in poor presentation quality and experience. Although there are multiple interventions
designed to assist speakers with presentation authoring, rehearsal, and delivery, little work has
been done in developing interventions for managing public speaking anxiety before and during a
presentation. This dissertation fills this gap by presenting two automated interventions for
addressing public speaking anxiety. The first system is a virtual coach for public speaking anxiety,
and the second is a real-time public speaking anxiety prediction and intervention system for use
during a presentation. In this dissertation, I evaluate my automated PSA interventions with a
subclinical social anxiety population. I focus on addressing physiological over-arousal and
cognitive stress associated with public speaking anxiety.
The virtual public speaking coach is an embodied conversational agent (ECA) that used the
cognitive behavioral therapy (CBT) framework. I used Natural Language Generation (NLG)
techniques to help presenters restructure irrational thoughts associated with public speaking
anxiety. The NLG process described in this dissertation can be used to develop other natural
language counseling system. However, those counselling frameworks need to be well-structured
and access to a domain expert is recommended. The virtual coach was evaluated in a lab
presentation setting. Results of the study showed that the CBT coach led to a significant reduction
in negative irrational thoughts before presentation and self-reported nervousness during a
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presentation compared to a social chat ECA. However, the reduction in anxious thought were not
seen immediately after talking to the agents but were seen just before and subsequently in their
presentations. This suggests that the time when they CBT virtual coach intervention is deployed
during presentation preparation is important. As result of the study suggest, presenters might need
put in practice thoughts that they had restructured during their presentation rehearsal.
In this dissertation, I presented a framework for predicting public speaking anxiety and providing
intervention during a presentation. I developed a real-time presentation system that uses this
framework and in an online virtual presentation setting evaluated the system. I particularly focus
on studying which and when active real-time anxiety interventions

those that requires users to

perform a calming behavior should be deployed during a presentation. In my exploratory and
system evaluation studies, I show that for active anxiety intervention predicting anxiety is
necessary to ensure that the intervention is delivered when needed. Therefore, accurate real-time
models for assessing anxiety during presentation are needed. I showed speech signals can be
reliably used in predicting public speaking anxiety with enough timeliness to support real-time
interventions. Results of my study also showed that taking a deep breath between slides during
presentation can have a significant effect on presentation quality as assessed by speaking quality
measures. However, self-report m

an impact of the deep breath intervention

on anxiety pre and post presentation. These measures mainly capture cognitive experiences of
anxiety. Therefore, physiological and behavioral measures should be explored in the future to
measure changes in anxiety experiences during presentation.
Next, I recap the research questions addressed in this dissertation and my findings.

8.1 Contributions
This dissertation addresses the following research questions:
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RQ (1): Can a virtual presentation coach and CBT counselor reduce public speaking anxiety
before a presentation and improve oral presentation experience?
In chapter 3, I address this research question by describing the design and evaluation of a virtual
public speaking anxiety coach whose counseling module is informed by the cognitive behavioral
therapy framework. The virtual coach focuses on the cognitive restructuring process where anxious
presenters are guided on how to develop alternative rational thoughts for irrational thoughts
associated with anxiety. I used natural language generation techniques to generate alternative
the agent counseling
session. The agent shared these alternative thoughts with presenters at the end of the counseling
sessions and asked them to keep them in mind whenever they experience anxiety. In a betweensubjects study with 28 participants comparing the virtual CBT coach to a virtual social chat agent
in a presentation setting, the virtual CBT coach was associated with a significant reduction in
irrational anxious thought before presentation and less nervousness during a presentation.
Additionally, participants who interacted with the CBT virtual coach rated their presentation more
entertaining than participants who interacted with the social chat agent. Results of this study are
published in [16]
RQ (2): Can real-time audio or biosensor-based PSA interventions reduce public speaking
anxiety and increase presentation quality during a presentation?
To address this question, I first developed a framework for real-time public speaking anxiety
prediction and intervention (Chapter 4). This framework is also grounded in the cognitivebehavioral formulation of anxiety and is motivated by the feedback loop between cognitions,
emotions, behaviors, and physiological responses. The framework includes a Real-time Public
Speaking Anxiety prediction model, an Opportune Intervention Moment Detection model, and a
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Just-in-Time intervention application. Using this framework, I developed a real-time public
speaking anxiety intervention system for use during a presentation. In developing and evaluating
this system, I addressed the following intermediary research questions.
RQ (2a): Can PSA be detected and predicted based on physiological or speech data during a
presentation?
In chapter 5, I presented two models that could be used in real-time public speaking anxiety
assessment. Collecting continuous ground truth labels to train real-time emotion prediction models
is challenging, particularly in contexts where you can not interrupt a person while performing a
task, such as public speaking. Therefore, a novel methodology for collecting affect labels for realtime emotion prediction models is needed. Chapter 5 describes a methodology for collecting
anxiety experiences during a presentation. This methodology
involves asking presenters to review their recorded presentation immediately after presentation,
recall their anxiety experience, and use an annotation tool to indicate their arousal due to anxiety
are every second of their presentation. I used this methodology to collect public speaking anxiety
labels in a lab and online presentation settings. I found a significant moderate correction between
the mean retrospective public speaking anxiety ratings and the self-report experiences of
nervousness during a presentation providing some validation for this ground-truth data collection
methodology.
I developed and evaluated a regression model for continuous public speaking anxiety detection
using physiological data and ground truth anxiety labels collected in a lab presentation setting. I
found that detection models based on electrodermal activity (EDA) and blood volume pulse (BVP)
evels. Compared to
models trained with skin temperature, heart rate, accelerometry, and mutual information feature
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selection techniques, models trained with EDA and BVP had the least mean absolute error. In the
second part of chapter 5, I present an LSTM model that uses speech data collected in an online
presentation setting to predict public speaking anxiety during a presentation. I compared this model
to a simpleRNN model and showed that the LSTM had the least mean absolute error in predicting
anxiety 30 seconds into the future.
RQ (2b): Can PSA be detected in real-time with enough accuracy and timeliness to support realtime interventions?
In addition to the anxiety prediction model evaluation in chapter 5, I conducted an online study
session where participants presented with the real-time anxiety prediction and intervention system
to evaluate the accuracy and timeliness of the anxiety prediction model (Chapter 7). In the study,
I logged when a presenter received a between slides intervention during presentation based on their
predicted anxiety and compared this to when they reported that they received an intervention when
they needed it. The study showed that most participants, except one, received the intervention
when they experienced anxiety.
RQ (2c): What cued behavior can presenters perform while presenting to reduce their stress and
anxiety?
RQ (2d): When should just-in-time anxiety interventions be deployed during presentations?

To answer these two questions, I conducted a study to explore cued behaviors presenters can
perform while presenting to reduce their anxiety, cueing media to use, and the opportune moment
to intervene (Chapter 6). Results of the study showed that presenters would like nudges to take a
deep breath during a presentation. They prefer private
presentation content, based on anxiety prediction, aligned with natural pauses, and delivered
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between topic boundaries [17]. Chapter 7 describes a summative online evaluation study where
presenters used the real-time speech anxiety prediction and intervention system designed based on
the findings of the exploratory study. The result of the evaluation study showed that participants
complied with real-time nudges to take a deep breath (based on my deep breath detection model
and audiovisual recordings). They also reported that the prompts to take a deep breath were welltimed and not distracting. This, supports findings of the exploratory study that real-time
interventions should be delivered based on anxiety prediction, use visual cues, and align with topic
boundaries.

RQ (2e): Can just-in-time anxiety interventions that nudge presenters to perform anxiety-reducing
behavio
confidence?
In a within-subjects online system evaluation study, I compared the real-time speech anxiety
prediction and intervention system with a non-intervention system. There were no significant
differences between study conditions on self-reported measures of anxiety. However, after
examining predicted anxiety 30 seconds before and 30 seconds after taking deep breaths, I found
that the predicted anxiety post-taking deep breath was significantly lower. Analysis of speech
patterns (i.e., speaking rate, pitch variation, and degree of voice breaks) pre-post taking deep
breaths showed an improvement in speech quality. Additionally, in post-presentation interviews,
participants reported that they felt calm and relaxed after taking system prompted deep breaths.

8.1.1. Summary
Based on the automated PSA coach study results, I conclude that ECA is a viable modality for
providing CBT interventions for public speaking anxiety before a presentation. ECAs can be
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designed to provide brief coaching during presentation preparation by focusing on anxiety's
cognitive dimension. Utilizing a CBT virtual coach can reduce anxiety before a presentation and
improve the presentation experience.

Based on the results of the real-time PSA prediction and intervention studies, I conclude that realtime audio-based PSA interventions can reduce predicted anxiety during a presentation. However,
this intervention has no impact on the cognitive experience of anxiety captured by self-reported
measures administered before and after the presentation. The results show that the intervention can
improve presentation quality as assessed by speech quality measures. However, the quality of the
presentations from the audience's perspective should be assessed in the future.

8.2. Limitations
The data collection and evaluation studies conducted in this dissertation used small convenience
samples of presenters, the majority of whom were college students. Thus, the findings are not
representative of all presenters. Additionally, the presentations used in the system evaluation
studies were pre-prepared, and the topics targeted a general audience. The user might have
different feedback if they used the system when presenting a self-prepared presentation or more
specialized topics. Additionally, the presentations were delivered to a confederate audience of
three people and might need to be evaluated in realistic settings such as classrooms, lectures, and
conferences. Such settings might induce higher presentation anxiety and provide a more in-depth
understanding of the practicality of the anxiety prediction and intervention models.

8.3. Future work
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A recent survey of employers found that among the five top skills recruiters look for in business,
[212]. However, oral
presentations are challenging social-cognitive tasks and due to public speaking anxiety, most
people avoid them. Additionally, public speaking anxiety negatively affects our speech and
nonverbal behaviors, and this leads to poor presentation quality. Studying ways of alleviating
public speaking anxiety is therefore important to our career prospects.
The CBT virtual coach could be extended to address other aspects of oral presentations, such as
effective presentation delivery. The coach could be customized to provide counseling for specific
presentations and settings. Automated cognitive restructuring could also be used in many other
areas of automated CBT, such as treatment for depression, PTSD, and substance abuse. The coach
could also deliver the intervention in a group setting and be enhanced to guide participants in
supporting other anxious presenters. As prior research on designing CBT systems for depressions
has shown [154], CBT counseling significantly improves depression symptoms over journaling,
and involving participants in helping others leads to greater improvements [155].
In this dissertation, I used a novel methodology for collecting ground truth continuous anxiety
ratings to train public speaking assessment models. Using the Pearson correlation test, I showed
that these ratings were significantly correlated with the post-presentation self-report measure of
nervousness during the presentations. However, prior research on social anxiety has shown that
some anxious speakers engage in post-event processing (i.e., cognitive rumination following an
event), affecting how they interpret presentation events [213]. Future work could explore how
post-event processing in anxious speakers affects retrospective continuous public speaking anxiety
rating.
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The CBT and the real-time system could be integrated in the future to provide comprehensive
anxiety support to presenters. Additionally, a speech-based presentation tracking framework such
as one used in the IntelliPrompter system [214] could track presentation contents and slides where
presenters are most anxious during rehearsal and use this information to proactively provide
anxiety intervention during a presentation.
In this dissertation, I developed two public speaking anxiety assessment models: physiological
data and a speech-based model. Future work could integrate these input modalities for use in realtime anxiety detection models. Other inputs such as facial expressions and gestures could also be
included in the real-time anxiety assessment models as prior work has shown that multimodal
models often perform better [215]. Additionally, having a system with multiple sources for stress
and anxiety could be beneficial in case one or more input device fails.
Other real-time anxiety alleviation interventions can be explored in online settings, and their
effectiveness compared to the deep breath nudges evaluated in this dissertation. For example, the
presenter view could be designed to only display audiences with positive emotional expressions
[91] when a presenter experiences anxiety.
Lastly, the proposed real-time anxiety assessment and intervention framework could be used in
other stress and anxiety-inducing context and safety-critical domains where stress can cause
hazardous errors. For example, the framework could be used in the following contexts: 1) in flight
decks to help pilots manage their stress during emergencies [216], [217], 2) in ambulance cabins
to help drivers manage their stress [218] and 3) in military settings where recruits are often faced
stress-inducing decision-making tasks [219].
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Appendix A: Study Questionnaires
A.1 Sociodemographic Questionnaire
Please take a moment and answer a few questions about yourself:
Date
of
Birth:
Sex:
M
Ethnic Background (check one):
American Indian or Alaskan Native ____
Asian or Pacific Islander ____
Black, Not of Hispanic Origin ____
White, Not of Hispanic Origin ____
Hispanic ____
Last grade of school completed (check one):
Less than high school (0-8) ____
Some high school ____
High school graduate or GED ____
Technical school education ____
Some college ____
College graduate ____
Advanced degree ____
Occupation: ___________________________________________
How often do you read books (check one):
Never ____
Less than once a week ____
Once a week ____
A few times a week ____
Every day ____
How much experience do you have with computers (check one):

/

_________
F

I use one regularly. ____
How much experience do you have giving oral presentations (check one):

I am an expert presenter. ____
How much experience do you have using PowerPoint (or similar) (check one):
I
I use one regularly. ____
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A.2 Self-Perceived Communication Competence Scale (SPCC)
Directions: Below are twelve situations in which you might need to communicate. People's abilities to
communicate effectively vary a lot, and sometimes the same person is more competent to communicate in
one situation than in another. Please indicate how competent you believe you are to communicate in each
of the situations described below. Indicate in the space provided at the left of each item your estimate of
your competence.
Presume 0 = completely incompetent and 100 = competent.
_____1. Present a talk to a group of strangers.
_____2.
Talk
with
_____3. Talk in a large meeting of friends.
_____4. Talk in a small group of strangers.
_____5. Talk with a friend.
_____6. Talk in a large meeting of acquaintances.
_____7.
Talk
with
_____8. Present a talk to a group of friends.
_____9. Talk in a small group of acquaintances.
_____10. Talk in a large meeting of strangers.
_____11. Talk in a small group of friends.
_____12. Present a talk to a group of acquaintances.

an

acquaintance.

a

stranger.
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A.3 Personal Report of Confidence as a Speaker (PRCS)
Directions: This instrument is composed of 30 statements regarding your feelings of confidence as a
speaker. For each st
most recent
work quickly
We want your first impression on this questionnaire. Now please go ahead, work quickly, and remember to
answer every question.
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.

_____ I look forward to an opportunity to speak in public.
_____ My hands tremble when I try to handle objects on the platform.
_____ I am in constant fear of forgetting my speech.
_____ Audiences seem friendly when I address them.
_____ While preparing a speech I am in a constant state of anxiety.
_____ At the conclusion of a speech I feel that I have had a pleasant experience.
_____ I dislike to use my body and voice expressively.
_____ My thoughts become confused and jumbled when I speak before an audience.
_____ I have no fear of facing an audience.
_____ Although I am nervous just before getting up, I soon forget my fears and enjoy the
experience.
_____ I face the prospect of making a speech with complete confidence.
_____ I feel that I am in complete possession of myself while speaking.
_____ I prefer to have notes on the platform in case I forget my speech.
_____ I like to observe the reactions of my audience to my speech.
_____ Although I talk fluently with friends I am at a loss for words on the platform.
_____ I feel relaxed and comfortable while speaking.
_____ Although I do not enjoy speaking in public, I do not particularly dread it.
_____ I always avoid speaking in public if possible.
_____ The faces of my audience are blurred when I look at them.
_____ I feel disgusted with myself after trying to address a group of people.
_____ I enjoy preparing a talk.
_____ My mind is clear when I face an audience.
_____ I am fairly fluent.
_____ I perspire and tremble just before getting up to speak.
_____ My posture feels strained and unnatural.
_____ I am fearful and tense all the while I am speaking before a group of people.
_____ I find the prospect of speaking mildly pleasant.
_____ It is difficult for me to search my mind calmly for the right words to express my thoughts.
_____ I am terrified at the thought of speaking before a group of people.
_____ I have a feeling of alertness in facing an audience.
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A.4 State-Trait Inventory of Cognitive and Somatic Anxiety
(STICSA)
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A.5. Speech Anxiety Thought Inventory (SATI)
This questionnaire is concerned with thoughts associated with public speaking. Please read each
on what you typically think when you are in a public speaking situation
Item

get tongue-tied.

Rating scale from 1 (I do not believe the
statement at all) to 5 (I completely believe the
statement).
1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

When others are not paying
attention to my speech, I worry that
the audience is thinking poorly of
me.

1.

2.

3.

4.

5.

If I perform poorly, then the
audience will remember me
negatively

1.

2.

3.

4.

5.

It would be terrible if my voice will
tremble

1.

2.

3.

4.

5.

If I make a mistake, the audience

1.

2.

3.

4.

5.

If I am anxious in this situation, the
audience will not like me.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

audience.
My speech will be incoherent.
others..

on to make a speech.
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What I say will sound stupid.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

It would be terrible if I make a mistake 1.
during my speech.

2.

3.

4.

5.

I will not be able to control my anxiety.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

My behavior will appear awkward to the 1.
audience.

2.

3.

4.

5.

I will be unable to give a good speech.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

1.

2.

3.

4.

5.

I must deliver a good speech in order to gain 1.
approval from the audience.

2.

3.

4.

5.

I worry that I will be asked to give a speech. 1.

2.

3.

4.

5.

from the 1.

2.

3.

4.

5.

intelligent.

anxious.

My mind will go blank.

audience.
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A.6. SUDS: Subjective Units of Discomfort Scale
Instructions
On a scale of 0-100, with higher numbers indicating more anxiety or nervousness, indicate how
you are currently feeling. Circle the appropriate number, above the line, to indicate how you feel
right now.
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A.7. Presenter Agent Rating Questionnaire
Respondent ID#

___ ___ ___ ___ ___ ___

Date:

__________________

Virtual Coach Study

Please answer the following questions about the computer character:

How satisfied are you with Angela?
Not at all

Very satisfied

How much would you like to talk with Angela in future presentations?
Not at all

Very much

How much do you like Angela?
Not at all

Very much

How easy was it to use the computer character?
Very easy

Very difficult

How much do you feel you trust Angela?
Not at all

Very much

How much do you feel the Angela helped you?
Not at all

Very much

How helpful was Angela in reducing your public speaking anxiety?
Not at all

Very much
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How much do you feel Angela helped you recognize your unhelpful or anxious thoughts
about public speaking?
Not at all

Very much

How effective was Angela in helping you come up with new and helpful thoughts about
public speaking?
Not at all

Very much

How helpful is the new thought in reducing public speaking anxiety?
Not at all

Very much
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A.8. Presentation Self-Rating Questionnaire
Please answer the following questions about the presentation you just delivered:

How engaging was your presentation?
Not at all

Very much

How nervous were you during your presentation?
Not at all

Very much

How entertaining was your presentation?
Not at all

Very much

How understandable was your presentation?
Not at all

Very well

How exciting was your presentation?
Not at all

Very much

How competent were your during your presentation?
Not at all

Very much

How would you rate the overall quality of your presentation?
Very poor

Very good
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A.9. Presentation Breathing Reminder System Rating Questionnaire
Online Evaluation Study
Please answer the following questions about the computer character:
of the dots):
How easy was it to use the breathing reminder presentation application?
Very difficult
How reliable was the breathing reminder presentation application?
Not at all

Very much

How much do you feel the breathing reminder presentation application helped you?
Not at all

Very much

How distracting was the breathing reminder presentation application?
Very easy

Very difficult

How satisfied are you with the breathing reminder presentation application?
Not at all

Very satisfied

How much would you like to give future presentations with the application?
Not at all

Very much

How helpful was breathing reminder presentation application in reducing your public
speaking anxiety?
Not at all

Very much
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Appendix B: Study Protocols
B.1. CBT Virtual Coach Evaluation two sessions study protocol
[Before participant comes]
a. Make sure the E4 sensor and iPod are charged
b. Make sure camera is charged and has enough space (at least 1 hours)
c. Change Participant ID, First Name, and Session details in the participant.xml file:
i. Open C:\COP_CBTStudy\evaluation_participants\participant.xml
ii. For CBT: change to:
<participant
id="XX"
name="YY"
session="1"
current_script="intro" current_state="intro"/>
For Social: change to:
<participant
id="XX"
name="YY"
session="1"
current_script="SocialChat" current_state="social"/>
1. Thank you for coming in today to help us out with our research study. Let me first just double
check that you are eligible. Are you at least 18 years old? And able to speak and read English?
Do you have some college education? Do you have experience giving presentations? [If no,
thank and dismiss, if yes continue.]
2. Let me tell you a little bit about what we will be doing in this study. We are developing an
innovative technology that helps people to prepare for public speaking presentations. In this
study, we will give you a pre-made PowerPoint slide deck and notes and give you time to
prepare. After your preparation, we will ask you to interact with a computer character for about
10 minutes and after that we will ask you to deliver your prepared presentation. Your
preparation and presentation will be videotaped.
Also, during this study we will ask you to wear this (show E4 sensor) physiological sensor.
It measures for example: heart rate. We just want to know how you feel while giving
presentation.
The first session should take about 90 minutes, and you will be compensated $25 at the end
of the session.
3. Does this sound like something you are still interested in? [If yes, continue, if no, dismiss]
4. Ok. Great. Now the first thing we will do is going over a consent form. I will explain the form
to you and you can take as much time as you want to read it and ask any questions you may
have. [Administer informed consent]
5. Now, I would like you to fill out a short questionnaire providing some information about
yourself. Let me know when you are finished. [Hand participant socio-demographic]
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6. The next questionnaire is going to ask you some questions about how you perceive your
communication competence. [Self-perceived Communication Competence Scale]
7. The next question is going to ask you some questions about your feelings of confidence as a
speaker. These questions ask about your feelings associated with your most recent
presentation [Personal Report of Confidence as a Speaker].
8. Now I am going to turn on the camera to record our session [Turn on camera]
9. Now, I would like you to wear this [show E4 sensor] wrist device that will record your
physiological responses. I would like you to wear it on your dominant arm. Please do not press
any buttons on this wrist device:
a.
b. Press the Start button (press and hold until the light is on)
c. Start the E4 real-time app on the iPod:
i. Click on the
button
ii. Select the detected E4 device
iii. Click on Start Recording and wait until the calibration is done and signals are
being recorded.
iv. If the iPod has low battery, keep it plugged into the laptop.
v. Record the Start E4 time.
10. Now we just want to see how your physiological signals look like when you totally relax. So,
5-minute break. In these five minutes I would you to sit quietly, watch this video
and avoid interacting with your phone. When the 5 minutes break is over, I will be back to
inform you of the next steps of the study. [Play relaxing video, Record start of this session,
Leave the room].
11. [Record end time of relaxation] Ok, now we can get started. I would like you to give a 5minute presentation on healthy lifestyle. You will have a live audience during the presentation,
and your presentation will be recorded and shown to a group of students later. Your goal will
to convince your audience to have a healthier lifestyle.
We will break your presentation preparation into 2 parts. For the first part of the
presentation, you will talk to a computer character, that will be displayed on this laptop,
for a few minutes. After that interaction, I will give you some time to review the content
of your presentation and rehearse, before giving the presentation. We have already
only ask that you review the content of your presentation, including the notes included, and
rehearse.
12. Before we continue, I would like you to fill in two questionnaires.
a. I would like you to fill in this questionnaire that assesses your mood at this moment
[STICSA: Your Mood at This Moment]

136

b. Now I would like you to fill in the second questionnaire, which assesses your thoughts
about public speaking [Speech Anxiety Thought Inventory]
13. [Start the Agent program from Visual Studio 2017: Make sure Participant.xml file is
changed to appropriate study condition] Now let me show you how to interact with the
computer character. As I mentioned earlier, as part of your presentation preparation you will
be interacting with a computer character.
a. Start the Agent [Click on Angela button on the PowerPoint ribbon]
b. [Show the participant the screen with the options demonstration]. To talk to the
character, you touch the options that appear on the right on the computer screen. [Ask
if the instructions are clear and clarifying any misunderstanding.]
c. Great, you can now chat with character. I will be right outside please let me know if you
experience any technical difficulties when talking to the character.
d. When you are done talking to the character [Angela], please let me know I will be right
outside. Just pick any of these options whenever you are ready to start the conversation.
[Leave the room. Record start time of the session]
14. [Record end time of the session. End of agent interaction, before delivery] Now it is time
for you to rehearse for your presentation. But before you start your presentation, I just need
you to fill in three questionnaires:
a. I would like you to fill in this questionnaire that assesses your mood at this moment
[STICSA: Your Mood at This Moment]
b. Now I would like you to fill in the second questionnaire, which assesses your thoughts
about public speaking [Speech Anxiety Thought Inventory]
c. Now I would like you to fill in a questionnaire about your experience interacting with
the computer character [Angela] [Presenter Agent Rating Questionnaire]
15. Now I will give you 15 minutes to review the content of the presentation. In this presentation,
you will present about Nutrition.
16. [Open Nutrition slides]
notes written for you here [show the notes]. We already divided the notes into main points.
all the main points in the notes. Please do not change the notes. You will be able to see these
notes when you present.
17. [Start Content Review] Great. Now, you will have 15 minutes to review the content and I will
If you are
ready before that, just let me know I will just be waiting outside.
a. [If participant asks for more time] Unfortunately, as part of the study we need to stay
on schedule, so we're afraid we won't be able to give you more time. But remember you
will be able to see the notes while you are presenting.
b. [Record start time of this session]
You can rehearse by speaking aloud, or like you would do with any other
presentations. I will come in after 15 minutes, and after that you can present this
part to the audience.
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18. [After Rehearsal, Record end time of Rehearsal] Before we continue, I would like you to
fill in three questionnaires.
a. I would like you to fill in this questionnaire that assesses your mood at this moment
[STCSA: Your Mood at This Moment]
b. Now I would like you to fill in the second questionnaire, which assesses your thoughts
about public speaking [Speech Anxiety Thought Inventory]
c. [Anxiety score or SUDS] How nervous are you about the presentation (1-not at all,
to 7- very much)
19. [If CBT Condition, Record start time] Now I will give you 2 minutes to review the new
thoughts that Angela helped you come up with.
[If Social Chat Condition, Record start time] Now I will give you 2 minutes to read this
article that is related to the discussion you had with Angela
20. [After thought Review, Record end time] Before we continue, I would like you to respond
to this question.
a. [Anxiety score or SUDS] How nervous are you about the presentation? (1-not at all, to
7- very much)
21. Now you will have 10 minutes to deliver your presentation. [Turn on Slide Show mode,
show the participant the presenter view]
As I mentioned before, we will videotape your presentation. If you want to introduce
yourself in the presentation, please just say your first name only. For confidentiality, we
Also, during the presentation, I will have my timer on. When you hear my timer go off,
please try to wrap up and finish as quickly as you can.
[Record Start Time of Presentation]
22. [After presentation, Record end time of the presentation] Great. Now I would like you to
fill in two questionnaires.
a. The first one is going to ask you some questions about your feelings of confidence as a
speaker. These questions ask about your feelings associated with the presentation you
just gave [Personal Report of Confidence as a Speaker]
b. The second one is going to ask you about how you felt you did in this presentation.
[Overall Presentation Rating]
23. Great. Thank you for filling that out. Lastly, I would just like to ask you a few questions about
your experience with the computer character and the presentation. [Conduct semi-structured
interview, use phone to record, refer to interview sheet]
24. [After Interview] Press the
button on the E4 Realtime app. Remove the
device from the participants wrist. [Record time when device was removed]
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25. Thank you for participating in the study. Please fill out this receipt form to get compensated
for your time. [Hand receipt form, after the participants signs it give $25]
26. [After the participant has left]
a. Download the physiological data from Empatica E4 connect and save the zip folder in
the participant data folder and rename the zip folder with first name and ID of
participant.
b. Enter the questionnaire data into the appropriate excel file
c. Transcribe the interview.

Interview Guide
1. How do you feel about your presentation?
a. What went well? What could have been better?
b. How well do you think you did in this presentation compared to your
previous/similar presentations?
2. How anxious did you feel before talking to the character?
a. How anxious did you feel after talking to the character?
b. How anxious did you feel when rehearsing?
c. How anxious did you feel when presenting?
d. How anxious did you feel compared to your previous/similar presentations?
3. What were your impressions of the computer character that you talked to before your
presentation?
a. How did the character affect your presentation? (in terms of anxiety, confidence,
presentation quality)
b. How would you compare between talking with the computer character before your
presentation, and not talking to the character at all?
c. What do you think about your conversation with the computer character and the
topics you talked about? What did you like the most about the conversation? What
did you like the least about the conversation?
d. What did you like least about the computer character? (in terms of looks, topics
covered, how you talked to her)
e. What did you like most about the computer character? (in terms of looks, topics
covered, how you talked to her)
4. [If Talked CBT Agents] Do you mind telling me what thought you discussed with the
character? (Move on if the participant does not want to discuss the thought)
a. How satisfied are you with the conversation you had about the thoughts you
discussed?
b. How helpful was the thought that Angela generated?
c. Did you read aloud the generated thought? If yes, how helpful was it to do that?
d. Did you have a thought that were available for discussion, but you did not get to
discuss with Angela? If yes, could you tell me what those thoughts are?
e. Did you have a thought that was not available for discussion and that you wanted
to talk about with the character? If yes, could you tell me what those thoughts are?
f. Did you experience any of the unhelpful thoughts during the presentation?
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B.2. Anxiety Data Collection Study

Remote Study Protocol

[When scheduling participants include the following]
a. Consent form for review
b. Research paper the presentation is based on.
c. Virtual background and video setup instructions.
[Before participant logs into zoom]
a. Make sure the computer is charged and plugged into a power source
b. Make sure the video recording software (obs) is working and is ready for screen
capture
c. Make sure the anxiety annotation tool is working and is ready for video upload
1) Thank you for coming in today to help us out with our research study. Let me first just doublecheck that you are eligible. Are you at least 18 years old? And able to speak and read English?
Do you have some college education? Do you have experience giving presentations? [If no,
thank and dismiss, if yes continue.]
2) Let me tell you a little bit about what we will be doing in this study. We are developing an
innovative technology that helps people to prepare for public speaking presentations. In this
study, we will give you a pre-made PowerPoint slide deck and notes and give you time to
prepare. After that, we will ask you to deliver your prepared presentation. Your preparation
and presentation will be videotaped. The first session should take about 90 minutes, and you
will be compensated $25 at the end of the session.
3) Does this sound like something you are still interested in? [If yes, continue, if no, dismiss]
4) [Administer informed consent] Ok. Great. Now the first thing we will do is go over a consent
form. I will explain the form to you, and you can take as much time as you want to read it and
ask any questions you may have.
i) [Consent is voluntary]
ii)
Meaning, if you feel uncomfortable answering certain questions that is fine. IF you
suddenly feel like you do not want to continue the study. That is also okay. Just let me
iii) [Information is confidential]
iv)
personally identifiable information like your name. Instead, you will be given a study
ID which will be linked to your survey data. All your data will be kept on a secure
server and will be encrypted.
v) [Risks/Benefits]
vi) There is minimal risk associated with participating in this study. Your participation and
feedback will benefit others.
vii) [Ask for video use consent] - pg 3 of consent form.
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5) [Create the encrypted word doc which documents participant verbal consent. Save to
your local machine. After completion of the study, upload the encrypted file to google
drive.]
[Start video recording]
6) Now, I would like you to fill out a short questionnaire providing some information about
yourself. Let me know when you are finished. [Hand participant socio-demographic]
7) The next questionnaire is going to ask you some questions about how you perceive your
communication competence. [Self-perceived Communication Competence Scale]
8) The next question is going to ask you some questions about your feelings of confidence as a
speaker. These questions ask about your feelings associated with your most recent
presentation [Personal Report of Confidence as a Speaker].
9) [Capture relaxed state
5-minute break. In these five minutes, I would like you
to sit quietly, watch this video and avoid interacting with anything. When the 5 minutes break
is over I will inform you of the next steps of the study. [Play relaxing video, Capture this
session using OBS].
10) Before we continue with preparing for your presentation, I would like you to fill in this
questionnaire that assesses your feeling at this moment [SUDS 1 : Subjective Unit of
Discomfort Scale].
11) Okay, now we can get started. I would like you to give a 7-minute presentation on [a tech for
assisting in active reading]. You will have a live audience during the presentation, and your
presentation will be recorded and shown to a group of students later. Your goal will be to
explain to your audience this novel technology.
12) [Proper presentation setup] In this study, proper setup during the presentation is required.
First, I would like to make sure you have a neutral background and that your face is in the
middle of your zoom participant view, and that I can consistently see your face on the screen.
[Check if they have hats, sunglasses, or anything that might obscure their face and
request to remove. Check that they have appropriate lighting conditions and asked for
adjustments
where
necessary]
13) Great, all set. I will now give you some time to review the content of your presentation and
rehearse, before giving the presentation. We have already prepared all the slides and notes for
your presentation, including the notes, and rehearse.
14) Now it is time for you to prepare for your presentation. I will give you 30 minutes in total to
review and rehearse the content of the presentation. In this presentation, you will present
[texSketch- a technology for dynamically making spaces on digital documents for
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annotation].
15) [Share the link to the texSketch slides and ask the presenter to open slides with google
slides]
8 slides. For each slide, you have all the notes written
for you here [show the notes]. If you click on each slide, you will see the notes belonging to
that section. Please go ahead and click on the first slide [Let participant click]. During the
presentation, please do try to cover all the main points in the notes. Please do not change the
slides or notes. You will be able to see these notes when you present.
16) [Start Content Review] Great. Now, you will have 15 minutes to review the content and I will
If
you are ready before that, just let me know by typing on the chat window. In the meantime, I
will turn off my audio so the noises from my background do not distract you
a) [If the participant asks for more time] Unfortunately, as part of the study we need to stay
on schedule, so we're afraid we won't be able to give you more time.
17) [After 15 minutes]
you do that, I would like you
to fill out this question that assesses your feelings at this moment [SUDS 2 : Subjective Unit
of Discomfort Scale].
18) You will have 15 minutes to rehearse. You can rehearse by speaking aloud, or like you would
do with any other presentations. I will notify you after 15 minutes, and after that, you will
present
to
the
audience.
19) [After15 Minutes] Great, so now we will have you give your presentation. But before you do
that, I would like to fill out this questionnaire to assess how you are feeling right now.
[Administer SUDS & STICSA - Pre]
20) Ok, now it is time for you to deliver your presentation. I just want to remind you that if you
want to introduce yourself in the presentation, please introduce yourself by your first name
onl
will set a timer for 7 minutes and when it goes off it's time to end the presentation.
21) [Start video recording, start the presentation, timer, and record the start time]. If the
timer goes off before the end of the presentation, notify the presenter that it is time to stop.
i) .
22) [After the presentation, Record end time of the presentation] Great. Now I would like you
to fill in three questionnaires.
a) The first one will ask you to answer questions about how you are feeling right now [SUDS
& STICSA-Post].
b) The second is going to ask you some questions about your feelings of confidence as a
speaker. These questions ask about your feelings associated with the presentation you just
gave [Personal Report of Confidence as a Speaker]
c) The second one is going to ask you about how you felt you did in this presentation. [Overall
Presentation
Rating]
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23) Great. Thank you for filling that out. Now I would like you to take some time to review the
presentation you just did and indicate your level of anxiety at each moment of the presentation.
24) [Share screen with practice video] To do this you will be using a tool that will give you
access to through screen share. Before you look at your own presentation, there is a short video
that you can use to practice doing anxiety rating tasks. To start the rating activity, click the
start button here [show using mouse]. After three seconds [indicated by the countdown], you
can start the anxiety rating task. As you watch the video, I would like you to move the slider
up and down to indicate the level of anxiety. Moving the slider up indicates a higher level. do
this Let us now take a look at your presentation. When you moved the slider you might notice
some delay, this is normal. Just click the slider, hold the mouse and move it to the number you
want to select. Now I would like you to practice by rating this video.
25) [Practice is done share presenters video] Now I would like to rate your own presentation.
As you watch the video, I would like you to recall your level of anxiety at each moment during
the presentation and indicate that by moving the slider. You can start whenever you are ready.
26) Great. Thanks for doing that. I would just like to ask you a few questions about your experience
in today's presentation. [Set up video and annotations view, Conduct a semi-structured
interview, refer to interview sheet, share screen when asking about moments of anxiety
during
presentations]
27) [After Interview] Press the
on the zoom session. Explain to participants
that the study is to understand the experience of anxiety during the presentation.
28) Thank you for participating in the study. [Remind participants on how they will be
compensated]
29) [After the participant has left]. Check that the anxiety annotations were captured and
separate the interview recording from the full recording.
Interview Guide
1) How do you feel about your presentation?
a) What went well? What could have been better?
b) Have you given an online presentation (using zoom or other video conferencing tools)
before? [ If yes] What was your experience in that presentation?
c) How well do you think you did in this presentation compared to your previous/similar
presentations?
2) How anxious did you feel during today's session?
a) How anxious did you feel when presenting?
3) [Show presentation annotations
anxious. Here are your ratings to help you recall.
a) What made you feel anxious at this moment?
b) Is this something that makes you anxious often?
c) What do you think could have been helped you at these moments?
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d) [If it's a behavior] Have you done this in prior presentations? Did it help?
e) Dissonance - Did you experience the difference between what you see and what you
experienced.
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B.3. Realtime PSA Intervention Deep Breath System Evaluation
Two Sessions Study Protocol
[Before participant logs into zoom/teams]
a. Randomize them to control or intervention first
b. Make sure the computer is charged and plugged into a power source
1. Thank you for coming in today to help us out with our research study. Let me first just doublecheck that you are eligible. Are you at least 18 years old? And able to speak and read English?
Do you have some college education? Do you have experience giving presentations? [If no,
thank and dismiss, if yes continue.]
2. Let me tell you a little bit about what we will be doing in this study. We are developing an
innovative technology that helps people to prepare for public speaking presentations. In this
study, we will give you a pre-made PowerPoint slide deck and notes and give you time to
prepare. After that, we will ask you to deliver your prepared presentation. Your preparation
and presentation will be videotaped. The first session should take about 90 minutes, and you
will be compensated $25 (in the form of a gift card) at the end of the session.
3. Does this sound like something you are still interested in? [If yes, continue, if no, dismiss]
4. [Administer informed consent] Ok. Great. Now the first thing we will do is go over a consent
form. I will explain the form to you, and you can take as much time as you want to read it and
ask any questions you may have.
[Consent is voluntary]
ry step of the study is completely voluntary.
Meaning, if you feel uncomfortable answering certain questions that is fine. IF you
suddenly feel like you do not want to continue the study. That is also okay. Just let me
[Information is confidential]
personally identifiable information like your name. Instead, you will be given a study ID
which will be linked to your survey data. All your data will be kept on a secure server and
will be encrypted.
[Risks/Benefits]
There is minimal risk associated with participating in this study. Your participation and
feedback will benefit others.
[Ask for video use consent] - pg 3 of the consent form.
5. [Create the encrypted word doc which documents participant verbal consent. Save to
your local machine. After completion of the study, upload the encrypted file to google
drive.]
[Start video recording]
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6. Now, I would like you to fill out a short questionnaire providing some information about
yourself. Let me know when you are finished. [Hand participant socio-demographic]
7. The next questionnaire is going to ask you some questions about how you perceive your
communication competence. [Self-perceived Communication Competence Scale]
8. The next question is going to ask you some questions about your feelings of confidence as a
speaker. These questions ask about your feelings associated with your most recent
presentation [Personal Report of Confidence as a Speaker].
9. Okay, now we can get started. I would like you to give a 7-minute presentation on [a tech for
assisting in active reading]. You will have a live audience during the presentation, and your
presentation will be recorded and shown to a group of students later. Your goal will be to
explain to your audience this novel technology.
I will give you some time to review the content of your presentation and rehearse, before giving
to make your own slide. We only ask that you review the content of your presentation,
including the notes, and rehearse.
10. Before we continue with preparing for your presentation, I would like you to fill in this
questionnaire that assesses your feeling at this moment [SUDS_STICSA_1: Your Mood at
This Moment].
11. Now it is time for you to rehearse for your presentation. I will give you 30 minutes in total to
review and rehearse the content of the presentation. In this presentation, you will present about
[SpaceInk- a technology for dynamically making spaces on digital documents for annotation].
[TexSketch - a tech for supporting people when reading and reviewing documents on your
touch screen devices]
12. [Share the link to the SpaceInk or TexSketch slides and ask the presenter to open slides
with google slides]
10 slides. For each slide, you have all the
notes written for you here [show the notes]. If you click on each slide, you will see the notes
belonging to that section. Please go ahead and click on the first slide [Let participant click].
During the presentation, please do try to cover all the main points in the notes. Please do not
change the slides or notes. You will be able to see these notes when you present.
13. [Start Content Review] Great. Now, you will have 15 minutes to review the content and I will
If
you are ready before that, just let me know by typing on the chat window. In the meantime, I
will turn off my audio so the noises from my background do not distract you.
i. [If the participant asks for more time] Unfortunately, as part of the study we need
to stay on schedule, so we're afraid we won't be able to give you more time. But
remember you will be able to see the notes while you are presenting.
14. [Control condition]
a. [After 15 minutes]
you will
be using the presentation application that was shared with you earlier. I would like
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you to open the application [walk the participant through this process if the app
is not open].
b. To login into the application type the words [X]. After you log in, click the green
button. You will be asked to report how you are feeling. Indicate how you are
feeling then press the save button.
c. You will have 15 minutes to rehearse. You can rehearse by speaking aloud, or like
you would do with any other presentations. I will notify you after 15 minutes, and
after that, you will present to the audience.
d. [After15 Minutes] Great, so now we will have you give your presentation with
Angela. But before you do that, I would like to fill out one more questionnaire to
assess how you are feeling right now. [Administer SUDS_STICSA_2] (continue
from step 16)
15. [Intervention condition]
a. [After 15 minutes Review]
you will use the presentation application that you will be using in the presentation
that was shared with you earlier. I would like you to open the application [walk the
participant through this process if the app is not open]
b. To login into the application type the words[ X ]. After you log in, click the green
button. You will be asked to report how you are feeling. Indicate how you are
feeling then press the save button.
c. When you use the application you might get reminders to take a deep breath. The
reminders will appear on your screen and you will be required to take a deep breath
to continue your presentation. The reminder will look something like this.
d. [After15 Minutes] Great, so now we will have you give your presentation with the
presentation app. But before you do that, I would like to fill out one more
questionnaire to assess how you are feeling right now. [Administer
SUDS_STICSA_2].
16. Ok, now it is time for you to deliver your presentation. I just want to remind you that if you
want to introduce yourself in the presentation, please introduce yourself by your first name
will set a timer for 7 minutes and when it goes off it's time to end the presentation.
17. [Start video recording, start the presentation, timer, and record the start time]. If the
timer goes off before the end of the presentation, notify the presenter that it is time to stop.
18. [After the presentation, Record end time of the presentation] Great. Now I would like you
to fill in a few questionnaires.
i. The first one is going to ask you some questions about how you are feeling at the
moment. [SUDS_STICSA_3]
ii. The second one is going to ask you some questions about your feelings of confidence
as a speaker. These questions ask about your feelings associated with the
presentation you just gave [Personal Report of Confidence as a Speaker]
iii. The third one is going to ask you about how you felt you did in this presentation.
[Overall Presentation Rating]
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iv. [If Intervention Condition] The last questionnaire I would like you to fill out asks
about your experience presenting with deep breath reminder presentation app
[Breathing Reminder Presentation App Rating]
19. Great. Thank you for filling that out. Lastly, I would just like to ask you a few questions about
your experience
. [Conduct semi-structured interview
(guide below), make sure zoom is recording, refer to interview sheet]
20. [After Interview] Press the
on the zoom session. Inform the participant that
you would like them to come back for a second session and schedule a date that works best for
them.
21. Thank you for participating in the study. [Explain to the participants how and when they
will receive the $25 gift card compensation]
22. [After the participant has left].
i. Download the zoom recording to the computer
ii. Zip, password protect and upload the session recording to google drive
iii. Using video editing software, cut out the Interview potion
iv. Convert the Interview video potion to audio-only
v. Transcribe the interview.

Interview Guide
Research Question. Can just-in-time anxiety interventions that nudge presenters to
perform anxietyquality of presentation, anxiety, and confidence?
1. [General warm-up Q

s study session.

[Presentation Specific]
2. Tell me about your experience delivering the presentation with the presentation application
you used today?
3. Have you given an online presentation (using zoom or other video conferencing tools)
before?
[ If yes]
a. What was your experience in that presentation? (Tell me more about X)
b. How has your experience in this presentation be compared to your previous/similar
online presentations?
i.
Probe: Tell me more about X,
ii.
Probe: How was your performance in this presentation compared to the
previous presentation?)
c. How has your experience in this presentation be compared to the previous in-person
presentations?
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[if no]
a. How has your experience in this presentation be compared to the previous in-person
presentations?
i.
Probe: Tell me more about X,
4. How did you feel at the beginning of the presentation?
a. How did your experience of [X] change if at all during the presentation?
b. Have you experienced feeling [X] in prior presentations? Tell me about that?
i. How did the intensity of feeling [X] in this presentation compare to prior
presentations where you felt [X]?
1. Write another probe here looking for more information.
c. What other feelings and emotions did you experience during the presentation?
i. How did your feeling of [X] change during the presentation today?
d.
i. How did your feeling of anxiety/nervousness change during the
presentation today?
e.
i. How did your feeling of confidence change during the presentation today?
5. [Only Intervention Condition - Follow-up question if they have not been discussed]
a.
b. Did you take deep breaths when you received the reminders?
c. How do you feel about the timing of the reminders?
d. [if bad timing] "Why wasn't the timing of the reminders good for you?
i. If you were to use the presentation application again, when would you like
s?
e.
i. How well did the image convey that you should take a deep breath? (Tell
me more)
ii.
presentation?
1.
the feature. You could have a few design options on cards/pictures
and even ask the participant to sort them from favorite to least
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ways of doing this. Even if you never intend to build those ideas it
can help with future work and also add to our knowledge of what
students who make academic presentations are really looking for
and why from assistive technologies.
a. Face of a friend
b. Customized messages that they author
c. Icon/image that they choose
d. A sound that only they can hear
e. A flash that only they can see
f. A digital character that takes a deep breath with you ;)
g. An avatar of yourself
h. Vibration on your computer that
f. Have you used other applications that have reminded you to take deep breaths?
i. [if yes] What was your experience with those?
g. Would you use a presentation app like this in your future presentations? (Why or
why not?)
6. What did you like the most about the presentation application you used today?
7. What did you like the least about the presentation application used today?
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Appendix C: Presentation Slides
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