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ABSTRACT
As the amount of online content increases, analyzing and following
discussions becomes harder. Relevant information, such as the main
discussion topics and the emotions expressed in audio, e.g., in a
podcast, requires people to watch or listen to the entire content to
understand the context. However, this can take a long time, and
people’s interpretations of emotions can bias their understanding
of them. A visual summarization of such information can help peo-
ple quickly understand the audio context and analyze the content
regarding speakers, their emotions, and the main topics covered. In
this work, we introduce SpeechVis, a visual analytics tool that visu-
ally summarizes speech emotions from an audio source. SpeechVis
extracts multiple information from the audio, such as the transcrip-
tion, speakers, main topics, and emotions, to provide visualizations
and statistics about the discussed topics and each speaker’s emo-
tions. We used multiple off-the-shelf machine learning models to
extract audio information and developed several visual representa-
tions that aim to facilitate audio analysis. To evaluate SpeechVis, we
selected two use cases and performed an analysis to demonstrate
how the SpeechVis visualizations can give valuable insights and
facilitate audio interpretation.

KEYWORDS
Visual Analytics, Speech Visualization, Emotion Classification, Sig-
nal Processing, Machine Learning

1 INTRODUCTION
The perception and understanding of emotions will vary according
to how each person was taught to understand them. The expression
also depends on each individual’s idiosyncrasies. According to [30],
emotion can be defined as a unified succession of feelings. Even
a succession of feelings is never a permanent state. Typically, the
expression of emotions happens instinctively and unconsciously,
detectable through facial and bodily cues, vocal tone, pupil dila-
tion, heart rate, and breathing [22]. Emotions may be interpreted
diversely across cultures, yet cross-cultural understanding remains
feasible [15].
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For a computer to understand human emotions, we need to
convert these emotional characteristics into a mathematical rep-
resentation. This way, a machine can comprehend them. In our
bibliography research, we found two main approaches to represent
emotions computationally. The first one categorizes human emo-
tions into six classes. These classes define six base emotions: anger,
disgust, fear, happiness, sadness, and neutral [8]. The second ap-
proach refers to dimensionally representing emotions. Russell [24]
proposed the circumplex model to represent emotions in a dimen-
sional space, with two axes representing values for arousal (y-axis)
and valence (x-axis). In the circumplex model, high valence and
arousal values result in emotions characterized by happiness and ex-
citement. Conversely, emotions such as contentment and tranquility
emerge when valence is low and arousal is high. Emotions asso-
ciated with low valence and arousal include sadness, fatigue, and
tedium, whereas high valence and low arousal typically lead to feel-
ings of frustration, anger, and fear. Complementing the Circumplex
model, Mehrabian [17] uses a third dimension called dominance.
Dominance focuses on the behavior. Lower levels reflect passivity,
while higher levels indicate assertiveness.

A wide range of research studies can extract emotion from a
transcribed conversation. However, when we look only at textual
data, we ignore substantial information from recorded audio that
can represent and distinguish emotions, such as pitch and vocal
tone. Considering these aspects, it is important to analyze not only
textual data but also audio recordings that can potentially reveal
information about what the speakers are feeling.

Artificial intelligence, particularly machine learning, has been
gaining prominence due to its effective solutions for various prob-
lems. Machine learning techniques make it possible to process audio
recordings to extract valuable information related to dialogue, such
as transcription, speakers, main topics, and emotions. These ele-
ments can then be analyzed and compared through an interactive
visualization, providing a comprehensive understanding of the au-
dio content.

Utilizing visualization techniques to build a visual analytics tool
can significantly enhance comprehension of audio content, allow-
ing individuals to swiftly grasp its context and analyze aspects,
such as speakers, their emotions, and the primary topics discussed.
A tool capable of extracting, performing analysis, and generating
visualizations from audio information can help in several domains.
For instance, in a call center environment, a solution like this can
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quickly pinpoint the reasons behind a negative review, disregarding
the need to listen to the entire audio to identify the root cause of
the issue. This can facilitate ongoing improvements to the end-user
experience. Another use case is a debate analysis, a rich source of
information where individuals express a wide range of emotions
and discuss diverse topics. Analyzing audio records allows a deeper
understanding of the dynamics at play, including how emotions
influence discourse and which topics elicit strong reactions. More-
over, by analyzing the speaker’s emotions, researchers can uncover
effective persuasion techniques used in debates and also identify
the key issues under discussion. Also, representing visually the
emotions presented in a speech can help deaf persons understand
the information better.

With this objective in mind, we developed SpeechVis, a visual an-
alytics tool designed to analyze speakers’ discussions from an audio
source comprehensively. SpeechVis highlights key topics, emotions,
speaker behavior, and temporal patterns within the discourse, pro-
viding valuable insights into the dynamics of the conversation. We
gather the data to visualize using off-the-shelf machine learning
models capable of extracting information from audio recordings.

Our main contributions are:

• Creation of amodular Machine Learning (ML) pipeline
for audio processing.We extensively analyzed off-the-shelf
machine learning models helpful in extracting information
for building the visualization tool. Then, we assembled an
adaptable pipeline that follows a set of steps to transcribe,
diarize, and classify the audio recording, and supports future
model exchange to improve performance or accuracy.

• Development of a Gantt chart for audio temporal anal-
ysis.We designed and customized a Gantt Chart for repre-
senting the temporal dynamics of speech, enabling users to
analyze the entire audio recording visually, follow who is
speaking, what topics are being discussed, and which emo-
tions are expressed throughout the recording.

• Provision of an interactive visual analytic tool for speech
analysis.We developed a visual analytics tool that allows
users to upload and analyze audio recordings by leveraging
multiple coordinated views. A set of graphical representa-
tions permits exploring the emotional profile of each speaker
and the main discussion topics in an audio conversation.

The next sections present the following contents: (2) Related Work,
discussing existing work done in this research field; (3) Methodol-
ogy, explaining the goals of our tool and describing our method-
ology to collect and extract our data; (4) Visualization Design, ex-
plaining the visualization tool and correlating with the goals; (5)
Study Case, implementing the proposed tool in a real case scenario;
(6) Evaluation using data extracted from IEMOCAP dataset; and (7)
Conclusion, overviewing this work and setting new directions to
follow.

2 RELATEDWORK
This work combines three research fields: Speech Emotion Recogni-
tion (SER), Data Visualization, and Audio Processing. In this section,
we provide an overview of the existing literature related to our work.
Table 1 summarizes each work.

The E-ffective visualization proposed by Maher et al. [16] aims
to discover what makes speeches effective. The proposed system
utilizes facial, textual, and vocal data related to effectiveness and
supports a rapid understanding of critical factors in inspirational
speeches, such as the influence of emotions. E-ffective uses the
timestamp of utterance to split the audio and applies an open-
source toolbox [6] for emotional analysis to obtain each recording’s
valence and activation values. With the aid of these data, E-ffective
creates two novel visualizations for emotions, the e-spiral and the
e-script. The latter allows critical information about the text to be
compared across whole speeches. e-spiral considers valence and
activation values, using the direction of a spiral to show positive or
negative valence and dot size to portray high or low activation, as
well as colors to represent each emotion. E-ffective shows emotions
per utterance and pauses in speech - since their goal is to analyze
the effectiveness of speeches, it is essential information.

The PEARL visual analytic tool [33] aims to explore and exam-
ine a person’s emotional style derived from this person’s social
media text. PEARL extracts emotions from Twitter social media
to build the visualization; PEARL identifies eight emotion classes
(anger, fear, anticipation, surprise, joy, sadness, trust, and disgust),
but it also predicts emotion dimensions from the circumplex model
(VAD): valence (degree of positiveness), arousal (degree of excite-
ment), and dominance (degree of aggressiveness). The authors em-
ploy a lexicon-based approach to extract emotion data, the NRC
lexicon [18] for emotion classes and ANEW lexicon [29] for VAD.
Similar to our work, they are careful with detecting what triggers
determined emotion over time; for this purpose, they summarize the
tweet’s content containing an emotional segment to approximate
the cause or trigger related to a mood.

A lexicon-based approach is also applied on the built of Emo-
tionWatch [13], a tool that constructs visual summaries of public
emotions. This work uses the OlympLex emotion lexicon [26] to
classify public event tweets into eight emotion classes used to build
an emotion wheel and make a timeline for visualizing the emotion
flow during the public event.

EmoCo, the visual analytics system proposed by Zeng et al. [32],
uses facial, text, and audio data extracted from presentation videos
to explore the coherence of multimodal emotions and understand
emotional expressions in presentations. EmoCo uses audio fea-
tures as one of the channels to identify emotions. To extract this
emotional data from the audio, they split the audio into different
segments and filtered out laughter. Then, they compute the Mel Fre-
quency Cepstral Coefficient (MFCC) and feed it to a classification
model [3], giving one of the seven emotions: anger, disgust, fear,
happiness, sadness, surprise, and neutral. EmoCo has three different
channels of emotion identification, and they need to display each
one of them. They assign colors to different emotions and create
multiple techniques to show the coherence between every channel,
such as utterance clustering and a Sankey diagram. EmoCo only
shows the emotion identified in each utterance. Also, they use a
histogram to show the pitch, intensity, and amplitude distribution
for different emotions.

Focusing on accessibility for deaf and hard-of-hearing users, Pat-
aca et al. [21] proposed an emotion visualization approach for closed
captions. Four different approaches were tested: (1) a conventional
captioning system, (2) only prosody information, (3) dimensional
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Table 1: Summary of related works

Work Extraction Data Type Emotion Objective
[16] Toolbox Facial, Textual, Au-

dio
Dimensions Supports a rapid understanding of crit-

ical factors in inspirational speeches,
such as the influence of emotions

[33] Lexicon Textual Dimensions,
Classes

Explore and examine a person’s emo-
tional style derived from this person’s
social media text

[13] Lexicon Textual Classes Constructs visual summaries of public
emotions

[32] Model Facial, Textual, Au-
dio

Classes Explore the coherence of multimodal
emotions and understand emotional ex-
pressions in presentations

[21] Model Audio Dimensions Emotion visualization approach for
closed captions

SpeechVis Model Audio Dimensions,
Classes

Enhance comprehension of audio con-
tent, allowing to swiftly grasp its con-
text and analyze several aspects

emotion recognition, and (4) a combination of prosody and emo-
tions. Considering the four approaches, according to the author’s
evaluation, the best performance was emotion-based. To predict
valence and arousal values, a Transformer based model [28] is used.
Emotion-based visualization consists of variations in font color and
size. The determination of the font color is based on the valence
dimension, where the scale ranges from red for negative to green
for positive values. Otherwise, the font size is determined according
to the arousal dimension.

SpeechVis, our Visual Analytics Tool, differentiates from the
related work by proposing a pipeline of off-the-shelf machine learn-
ing models fed by a single audio file format that allows extracting
all the required data for visualization from any audio recording.
Moreover, the work adapts the Gantt chart to better describe the
emotional characteristics of a recorded conversation and analyzes
the emotions from two different approaches: emotion as dimen-
sions and emotion as classes, performing an emotional analysis
from different perspectives.

3 SYSTEM DESIGN
After defining our research topic, we thoroughly reviewed current
literature to identify gaps and off-the-shelf machine learning mod-
els that extract the needed data to build SpeechVis. This process
enabled us to identify datasets for our study and choose the models
for our pipeline. Additionally, the literature review aided in estab-
lishing clear goals to drive our research and develop a strong, logical,
and coherent visual analytics tool. We identified four distinct goals
(G):

• G1: Identify and display the behavior ofmultiple speak-
ers. It is necessary to identify how many people speak in the
input audio. Every speaker will exhibit different emotions,
we need to be able to assign them to each one and display
them.

• G2: Identify and display temporal characteristics of
the conversation. A conversation has a natural flow. An

emotion might manifest when a specific topic is brought
up or after someone speaks. We want to showcase these
characteristics.

• G3: Identify and display the main topics of the conver-
sation. Conversations may have multiple topics. We want
to display them so it is easier to see what the speakers are
saying without having to listen to it.

• G4: Connect topics with speaker emotions. Some top-
ics are more sensitive and delicate, and can express differ-
ent emotions among speakers. We aim to detect how each
speaker deals with each topic.

The literature demonstrates that establishing a validation dataset
is important to verify the selected models. We used IEMOCAP [7]
to validate our visualization. It is a publicly available dataset com-
prising approximately 12 hours of audio data labeled by multiple
annotators. Each speaker’s dialogue is accompanied by transcrip-
tions and timestamps. IEMOCAP uses two approaches for emo-
tional classification: discrete categorical-based annotations and
dimensional attribute-based annotations. The emotional categories
include anger, happiness, excitement, sadness, frustration, fear, sur-
prise, other, and neutral states.

Wemust collect data in multiple forms to reach our goals, such as
the number of speakers, speech duration, conversation content, and
emotions. We will present the necessary data processing, library,
and pre-trained models in the next sections. The input data of
SpeechVis is an audio file in .wav format. Each subsequent step is
necessary to extract information from it. These pipeline steps are
explained in Figure 1. All data generated by the pipeline model’s
outputs and pre-processing steps are saved in a Comma-separated
values (CSV) file. The visualization tool received this CSV file and
the audio file as data input to construct the charts.

3.1 Transcription and Diarization
An audio file is capable of containing multiple sound sources, and
some of them are not of interest to our application, such as laughing,
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Transcription using
WhisperX

Diarization using
WhisperX

Audio recording

Cut audio in chunks

Emotion dimensions
using Audering

Emotion classes using
wav2vec based model

Main topics using
BART

CSV file

Figure 1: Proposed pipeline for audio processing.

clapping, or coughing. Since we want to estimate an emotion within
a person’s voice, we can’t take into consideration such “noises”, as
it will affect the outcome. In order to avoid that, we need to create
smaller audio files containing only one utterance. It is achieved by
using the transcription model, which gives us the beginning and
end of each utterance within a speech; it is a very important process
because the smaller audio clips are used in the remaining models.
Also, a diarization task is used to differentiate each speaker in a
conversation. Diarization is the ability to know who said what in a
given utterance. We useWhisperX [2] for transcription and diariza-
tion, which uses a voice activity detection algorithm to identify
regions of the audio that contain speech. It also gives an accurate
transcription using the original Open AI’s Whisper and a phoneme
model to force align the data. WhisperX uses Pyannote.Audio [5] to
give an estimated number of speakers (up to six), as well as which
speaker spoke which utterance. We chose WhisperX because of its
easy use and fast processing, due to parallel implementation.

3.2 Emotion Recognition
In our approach, we employ different machine learning models
for each type of emotion classification. Therefore, two different
models are necessary for our application: one for discrete and one
for dimensional emotion prediction. The data input for these mod-
els is the audio file generated from the beginning and end of the
utterance (data taken from WhisperX’s segmentation). This way,
every utterance has a predicted emotion and dimensional values.

3.2.1 Dimensional-based Emotion. Dimensional-based emotion clas-
sification assigns values to valence and activation variables. The
valence dimension measures how positive or negative someone
feels; negative values represent negative emotions, and positive
values represent positive emotions. The activation dimension mea-
sures whether an emotion makes someone take action or not, from
active to passive [23]. Anger has a low valence and high activation,
and relaxation has a high valence and low activation. The model
used for the prediction of valence and arousal values for each file
is w2v2-L-robust-12[27], which is a pre-trained wav2vec 2.0 model
fine-tuned on a speech emotional dataset [28]. Wav2vec 2.0 is an

automated speech recognition (ASR) model that generates repre-
sentations directly from raw speech audio, significantly reducing
the need for annotated data [1]. The model predicted values are
normalized between [-1;1] for better fitting in Russell’s Circumplex
Model.

3.2.2 Categorical Based Emotion. For categorical emotion recog-
nition, we used a model based on wav2vec 2.0, but trained on a
different dataset [12]. It gives a score for different emotion classes:
anger, happiness, sadness, disgust, and fear. Since people do not al-
ways express emotions, we add a neutral emotion when the model
confidence is below 75%. To reach this threshold value, we per-
formed a manual analysis comparing the model’s output with the
annotated data from the IEMOCAP dataset.

3.3 Natural Language Processing
Aiming to extract the main topics of each utterance, we assume
that every topic is a noun. We performed a series of steps to classify
the main topics. First, we used the generated transcription from
the audio with WhisperX to perform a part-of-speech (POS) task.
We chose SpaCy for this task, a widely adopted open-source library
for NLP applications [11] due to its ease of integration and fast
processing on local environments. The POS tagging enable acquires
every noun from each sentence. If the sentence only has one noun,
we use that noun as the main topic of that sentence. In the cases
where the sentence had more than one noun, we use Bart [14], a
zero-shot-text-classification model with these nouns as candidate
labels and the sentence as a sequence to classify the main topic.

3.4 Loud Voice Detection
In order to evaluate our system in unlabeled audio, we decided to
usemoments when someone speaks loudly to showwhich utterance
was said with a higher activation [31], providing possible regions
of interest in the audio. Louder voices have a high sound intensity
[10]. The intensity of the audio is taken from the amplitude of the
sound wave. The amplitude of the sound wave of each audio track
is calculated from Librosa’s Root Mean Square (RMS) amplitude
function, and its maximum value is stored in an array. The 4th

percentile of the amplitude array is used to detect at which utterance
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Figure 2: SpeechVis Overview.

there was a louder voice than usual. Since every RMS amplitude
used in the process is from an audio segment, the 4th percentile
array doesn’t include moments when no one is speaking or when
there is noise from non-vocal sources in the audio.

4 VISUALIZATION DESIGN
A detailed overview of SpeechVis is available in Figure 2 and is next
described. Our visualization tool stands out with its four unique
views, each designed to play a specific role in presenting data and
understanding emotional information within audio recordings. The
Gantt Chart, the first view at the top of Figure 2, illustrates the flow
of emotions and temporal characteristics throughout the discourse.
The Current Speaker Emotion view below provides a more precise
analysis of emotions within the currently selected utterance. Next
to it, the Topics view attempts to correlate emotional sentiment

with discussed topics, highlighting the most prevalent subjects.
Lastly, the Summary view provides a comprehensive overview,
summarizing the emotions and topics discussed throughout the
entire recording.

4.1 Gantt Chart and Current Speaker Emotion
views

SpeechVis allows users to upload their own CSV data and audio
files, enabling them to analyze their use cases and samples. The tool
is responsive, adapting to various screen sizes. We used the open-
source D3.js library [4] to create the visualization tool, utilizing
only HTML, CSS, and JavaScript.

The main View of SpeechVis enables an analysis of the temporal
and emotional characteristics of the recordings; the first compo-
nent (A) in Figure 2 allows the user to select one of our use cases
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or select his/her own CSV data and respective audio recordings.
It also has a sound player for the audio and a legend displaying
the emotions and their colors used throughout the tool. The tool
allows the user to navigate through the conversation using the top
component (B), which synchronizes with component (A), allowing
the user to select a specific period and navigate along the audio
duration. The Gantt Chart (C) follows the component (B) and has
the number of lines equal to the number of speakers identified from
the recording; here, we can check the period that a speaker talked
and their current emotion, and if an utterance is characterized as
loud, this information has represented with the hatched pattern. A
tooltip is shown with the start and end times of the utterance when
we hover the cursor over the component. Component (D) shows a
recording transcription, which is changed according to the current
audio time and highlights the main utterance topic.

For the Gantt chart, we use Coordinated Multiple Views (CMV)
interaction technique [20], in which selections made on this chart
directly impact the other charts. Furthermore, we chose to use more
traditional charts, such as word clouds, bar and lollipop charts, as
they are more appropriate considering the possible users’ different
experiences, expectations, and visualization literacy [9].

The green highlight in Figure 2 shows the Current Speaker Emo-
tion view. It displays two charts: Russell’s Ring (E) and Selected
Sentence Emotion (F). These charts are intricately linked with the
Gantt view because the graph data is about the current moment se-
lected on the Gantt chart. Russell’s Ring shows the emotion accord-
ing to the dimension of emotion theory, with arousal on the x-axis
and valence on the y-axis; the color corresponds to the emotion
class with higher confidence provided by the model. On Selected
Sentence Emotion, we have the percentage of the emotions of the
current utterance selected and rated by the class model.

Both views are essential to accomplishing the (G1) and (G2) goals.
The Gantt chart view allows one to identify the number of speakers
in the recording, the recording duration, the emotions that these
speakers feel during the conversation flow, and if a part of the
recording is louder than the average, accomplishing the (G1) goal.
We reached the (G2) goal when we analyzed the entire recording
displayed by the Gantt View and could detect an emotional change
in the flow, and brought up the topic that changed this conversation
behavior.

4.2 Topics View
Topics, the next view, can be visualized in the blue highlight in
Figure 2, which aims to raise the main topics from the record. The
chart Topics on Russel’s Ring (G), organizes all the main topics ex-
tracted from the utterances into a dimensional vector, with valence
and arousal, the same properties that the Chart Russel’s Ring on
View Current Speaker Emotion. Each dot on this chart is a topic,
and its colors refer to the dominant emotion class. We can filter
this chart data through the checkboxes for emotion above it and
zoom in using the scroll. Also, this chart is very useful for directly
comparing how each ML model deals with emotions and getting
an overview of the mood of the conversation.

The other charts, Main Topics (H), are built dynamically and
displayed according to the speaker’s count on the conversation
recording, generating one chart for each speaker. Each speaker has

their own chart and demonstrates the ten most frequent topics
identified in the speech. We use a Lollipop chart to visualize the
information. When we click on one of these topics, a menu called
About appears. It contains every occurrence in which the topic
was mentioned in the conversation. This menu allows the user
to navigate precisely where the speakers have commented on the
selected topics. We can visualize the menu in Figure 3.

Figure 3: Menu about raised when a topic was clicked.

This View is fundamental to accomplishing (G3) and (G4) goals
related to topics and emotions. The Main Topics speakers chart can
easily display the most talked-about subjects and identify them in
the Gantt chart, achieving the (G3) goal. The topics on Russell’s
Ring chart can summarize the emotion of the main topics, and the
About menu can identify how all the speakers address the same
subject, thus achieving the (G4) goal as well.

4.3 Summary View
The last View, called Summary, can be seen in red highlight in
Figure 2. This View summarizes all the audio recording data. The
first chart, Speech Emotion (I), quantifies how long each speaker
feels each emotion; we can discover the predominant emotion for
each speaker here. Additionally, a word cloud is provided for each
emotion (J), showcasing the main topics discussed while speakers
are experiencing that particular emotion, correlating topics with
emotions.

This view supports other views by complementing and providing
an overview of the recording data and speakers. It aids the goals
(G1) through the chart summarizing speakers’ information and
emotions, and (G4) through the word clouds that show a correlation
between topics and emotions.
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5 STUDY CASE
Aiming to analyze SpeechVis in different scenarios, we applied the
proposed pipeline and extract the data from two used cases: one is
a recording of a married couple talk available in IEMOCAP dataset
(Ses01M_script02_2.wav file), another is a real case scenario, the
first United States of America 2020 presidential debate between
Donald Trump and Joe Biden hosted in Cleveland, OH, mediated
by Chris Wallace and extracted from Cable-Satellite Public Affairs
Network (C-SPAN) YouTube Channel.

5.1 Presidential Debate
On a quick overview in the SpeechVis tool, available in Figure 2,
we can easily detect that the debate contains three speakers; one
conducts its speech aloud and neutrally, as extracted by analyzing
the (C) and (I) charts and the main topics of this speaker are: “pres-
ident”, “question”, and “vice”, following popular electoral subjects,
such as “vaccines”, the “economy”, and “health”, according to (H)
charts. This speaker is a debate mediator who constantly questions
the other two speakers. The second speaker (SPEAKER_01) spoke
much more than the other two and, in its discourse, had a preva-
lence of disgusting emotions, according to the Speech Emotion
chart (I). The presence of disgust emotion in this discourse can
be related to socio-moral disgust [25], indicating that the speaker
is possibly presenting social or moral boundaries that appear to
be violated, centering on human violations of the autonomy and
dignity of others. In deep discourse analysis using the Gantt chart,
we can check the preoccupation with health, racism, and lives that
can be related.

As reported by the (I) chart, the SPEAKER_02 talks less than your
opponent, and its discourse is predominantly neutral, happy, and
disgusting. The main topics chart (H) shows that subjects discussed
in the debate are “COVID-19 pandemic management”, “ballots”,
“vaccines”, “climate”, “public administration”, “police violence”, and
“public health”. The overall topic of emotions during the debate
stays with positive arousal (G), which means a heated debate.

The model may classify certain statements made by debate me-
diators as angry. However, upon closer examination, they are of-
ten spoken loudly and transparently, which comes across as neu-
tral. This behavior suggests that the model used to determine the
speaker’s emotion has learned to associate a loud voice with anger.

5.2 Couple Talk
The SpeechVis tool permits easy detection of the conversation
flow between the two speakers, as we can visualize in Figure 4.
SPEAKER_01 starts with a positive and neutral tone. After some
heated and aggressive talk from SPEAKER_00, SPEAKER_01’s tone
turns into sadness and disgust. SPEAKER_00 responds with pre-
dominantly disgusting emotion, and SPEAKER_01 becomes sad
and transitions into a loud and heated talk, indicated by the hashes
on (B) point. SPEAKER_01 then displays feelings of disgust and
sadness. Also, upon analyzing the emotional flow, we can deter-
mine that the question "Are you on your period?" triggers an angry
response from SPEAKER_00, as visible on point (A).

Upon analyzing the (C) chart, we discerned that SPEAKER_01
is more vocal and predominantly expresses a range of poignant
emotions—sadness, neutrality, and disgust—in their discourse. On

the other hand, SPEAKER_00, while speaking less, conveys a more
contrasting mix of happiness and anger.

The recording period was only 10 minutes, which may not have
been sufficient to gather a comprehensive dataset for emotions,
word clouds, and topic analysis. To focus on the discussion of the
insights we can extract from analyzing this case study, we have de-
cided to present only the views that contributed most significantly
to our debate.

6 EVALUATION
In order to analyze the efficiency of the models used for our vi-
sualization, we compared data from IEMOCAP’s dataset and data
extracted directly from the audio file. We analyzed 110s-long au-
dio recordings from the improvisation section of IEMOCAP. It is a
challenging task to compare them since the diarization model and
IEMOCAP transcription segment the sentences among speakers
differently. The dataset contains 30 sentences, while the diarization
model results in 58. Our solution to this problem is to use the tran-
scribed text. Since we have the information of who spoke which
sentence, it is possible to evaluate diarization and transcription
simultaneously through Jiwer’s Match Error Rate [19]. We also
compared speech time (ST) by comparing sentence times from each
speaker, presented in Table 2. The models substantially detect the
minor speech time of the female (F) voice. However, the MERmetric
is also lower in the female case.

Table 2: Model Evaluation

Speaker ST from Dataset ST from Models MER
M 59s 32s 17.21%
F 69s 62s 26.23%

For emotion analysis, the difference in segmentation creates a
more significant problem; to bypass this problem, we use the seg-
mentation pattern from IEMOCAP and feed these sentences to the
classification model. The emotion classes in IEMOCAP are not the
same as the ones predicted with the model, making it impossible to
evaluate them. Valence and arousal values predicted by the model,
on the other hand, were both normalized between -1 and 1, match-
ing with IEMOCAP data. We calculated the valence and activation
of these model errors using the Mean Squared Error (MSE) and
Root Mean Square Error (RMSE), presented in Table 3.

Table 3: Model Evaluation

Dimension MSE RMSE
Valence 0.124 0.353

Activation 0.062 0.249
Dominance 0.094 0.307

To evaluate cases from data that are not from datasets and have
no annotated data, we compared the values of valence and acti-
vation from the audio to the values extracted from text using the
NRC-lexicon [18], a well-known text emotion estimator. We applied
our visualization data in the 2020 U.S. first presidential debate 1.
1https://www.youtube.com/watch?v=wW1lY5jFNcQ
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Figure 4: SpeechVis elements from the Couple Talk study case overview.

Since the audio duration of a debate is 1h30min long, it takes a
long time to process and get information from it. We limited the
duration to the first 40 minutes, around half the debate’s duration.
The processing time needed to extract information from the audio
was 51 minutes, which is longer than the audio recording. The
MSE and RMSE calculated metrics can be compared among valence,
activation, and dominance values, as shown in Table 4.

Table 4: Model Evaluation

Dimension MSE RMSE
Valence 0.738 0.859

Activation 0.145 0.380
Dominance 0.096 0.309

7 CONCLUSIONS
The implemented visual analytics tool, SpeechVis, successfully pro-
vided solutions to the initial questions raised. SpeechVis interactive
visualizations can identify and display the behavior of multiple
speakers, the temporal characteristics of the conversation, and the
main topics, connecting the topics with the speaker’s emotions.
It is available online2, and any user can upload their audio file to
analyze it. Moreover, we extracted the required data from audio
recordings using off-the-shelf machine learning models. We eval-
uated this by comparing it with the widely recognized IEMOCAP
dataset as a baseline. The successful examination of an entire presi-
dential debate case further proves that our tool can extract valuable
information from conversation recordings. Also, the SpeechVis tool
enables other researchers to analyze your data, potentially leading
to new insights from different audio recordings.

It is important to note that there are some limitations in the
study that should be considered. For instance, inaccurate analyses
may occur due to the machine learning models used in the work.
Although these models effectively extract emotional information
from audio, there may be cases where the analyses could be more
precise, as the models are subject to limitations and uncertainties
inherent to the learning process. Conversely, the SpeechVis is a
modular tool that allows overcoming this drawback by swapping
the models selected in the pipeline and substituting themwith more
accurate machine learning models.

2https://gmap.pucrs.br/speechvis/

Additionally, it is essential to highlight that the visualization
requires preprocessing of the audio before being presented, which
currently does not allow real-time audio analysis using the current
machine learning techniques selected in the study.

Future work may focus on enhancing machine learning models
to improve the accuracy of analyses, taking into account different
accents, regional culture, and background noise. Further, develop-
ing faster and parallel audio preprocessing techniques to extract
our required data can allow real-time analysis. These potential im-
provements could significantly enhance SpeechVis capabilities and
usability and mitigate current limitations.
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