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Abstract: The COVID-19 pandemic increased the number of video conferences, for exam-
ple, through online teaching and home office meetings. Even in the medical environment,
consultation sessions are now increasingly conducted in the form of video conferencing.
This includes sessions between psychotherapists and one or more call participants (individ-
ual/group calls). To subsequently document and analyze patient conversations, as well
as any other human–human dialog, it is possible to record these video conferences. This
allows experts to concentrate better on the conversation during the dialog and to perform
analysis afterward. Artificial intelligence (AI) and its machine learning approach, which
has already been used extensively for innovations, can provide support for subsequent
analyses. Among other things, emotion recognition algorithms can be used to determine
dialog participants’ emotions and record them automatically. This can alert experts to
any noticeable sections of the conversation during subsequent analysis, thus simplifying
the analysis process. As a result, experts can identify the cause of such sections based on
emotion sequence data and exchange ideas with other experts within the context of an
analysis tool.

Keywords: human–computer interaction; information visualization; emotion analysis;
long-term preservation

1. Introduction and Motivation
The COVID-19 pandemic significantly impacted daily life worldwide, drawing im-

mense media attention. Beyond infections and deaths, it has caused a substantial mental
health burden. Despite mild symptoms and low mortality among children and adolescents
(10 to 19 years), according to [1], the pandemic led to anxiety, depression, and suicidal
behavior in this group. Quarantine and social distancing increased mental health risks,
with daily reports of cases and deaths heightening stress and uncertainty [2].

The pandemic accelerated the rise of mental disorders, especially among young people.
The WHO [3] predicts anxiety disorders will be a major healthcare burden by 2030. Young
people, already struggling with mental health, face additional challenges from digitalization
and social media, which exacerbate stress and social fragmentation [4]. The isolation from
the pandemic worsened these issues [5,6].

Remote work surged during the pandemic [7], introducing challenges like video
fatigue and technical difficulties [8]. Psychotherapy shifted to remote sessions, offering
flexibility but also presenting new challenges. Despite these challenges, remote therapy
has proven effective, particularly for anxiety disorders [9,10].

Video conferencing allows for session recordings for analysis, enhancing our under-
standing of patient interactions. Non-verbal communication remains crucial, as highlighted
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by Paul Watzlawick’s communication theory [11], which emphasizes the importance of
both verbal and non-verbal cues in therapy.

1.1. Motivation

This research is supervised by the chair of Multimedia and Internet Applications
(MMIA) in the Faculty of Mathematics and Computer Science at the University of Hagen
in collaboration with the associated Research Institute of Telecommunication (FTK) at
the University of Hagen, where application-oriented research takes place. One notable
project has been Smart Vortex, funded by the EU under the Seventh Framework Program,
aimed at supporting corporate collaboration through interoperable tools for data stream
management and analysis [12].

As part of the Smart Vortex project, the IVIS4BigData model was developed.
IVIS4BigData is a reference model used to “support advanced visual user interfaces for
distributed Big Data Analysis in virtual labs”. It addresses the development of information
systems, data analysis, and knowledge management systems by covering the process of big
data analysis from multiple data sources to enable users to participate in the information
visualization process, which will help to visualize emotion sequence data [13].

The RAGE project at FTK, in cooperation with MMIA, developed the Knowledge
Management Ecosystem Portal (KM-EP) to support skill development using computer
game principles, where the software prototype of this project will be implemented. The
KM-EP serves as a media archive and digital library, useful for managing big data analysis
results [14]. The SenseCare project extended the KM-EP’s uses to medical data, aiming to
improve healthcare processes through sensory and machine learning technologies [15].

Based on the SenseCare project [15], the SMILE project focuses on improving mental
health in young people by using sensory and machine learning technologies to gain emo-
tional and cognitive insights [16]. The project seeks to build a sustainable resilience system
based on real-world data, involving experts, citizens, and policymakers [16]. Analyses of
data and progress will be supported by providing access to and using the project results to
create dashboards in the KM-EP with information, statistics, and access to knowledge.

For example, emotion sequence data can be calculated from video recordings of
human–human dialogs representing the emotions of the different dialog participants using
emotion-recognition algorithms [17]. These data can be uploaded, visualized, analyzed,
and documented using dashboards in the KM-EP [14]. For visualization, the IVIS4BigData
reference model [13] covers the process of big data analysis from multiple data sources
to enable users to participate in the information visualization process. By making these
visualizations available, in addition to human–human dialog video recordings, experts are
enabled to analyze conversations and emotion sequence data and document the analysis
results in dashboards.

Currently there is no opportunity to analyze and document emotions in recorded human-
human dialog videos in KM-EP by visualizing emotion sequence-data, viewing dialog
recordings and providing possibilities for protocol, exchange, and discussion (Motivation
Statement 1).

To support the analysis of emotion sequence data, as listening to long video recordings
and conversations over again is tedious [10], experts should be able to obtain faster insight
into dialog participants’ emotions and interesting sections or reactions in longer emotion
sequence data. Therefore, metrics calculated based on recognized emotions are useful.

Currently, there are no automatically calculated metrics to support the analysis and
documentation of emotion sequence data in human–human dialogs (Motivation Statement
2).
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Session analysis data like these metrics support the analysis and documentation of
human–human dialogs, like patient interviews, and can be stored together with session
analysis documents, for example, in patient medical recordsAI-supported documentation
may help therapists by improving transparency and accuracy, which also applies to emotion
recognition [18]. Therefore, it is necessary to be able to export analysis and documentation
results, as well as video recordings and emotion sequence data, from the KM-EP to store
them together with patient medical records. As patient medical records are also archived,
the exported data must meet the conditions to also be digitally preserved in the long term.
This is also applicable to any other human–human dialog that needs to be preserved in the
long term.

There are currently no methods to make packages of emotion sequence data, video record-
ings, or session analysis data and documents out of human–human dialogs from analysis
and documentation in the KM-EP that are available in the long term (Motivation State-
ment 3).

In the next section, the motivation statements introduced in this section will be ad-
dressed by identifying research questions.

1.2. Research Questions

In the previous section, the motivation for providing a dashboard with automatically
calculated metrics and long-term digital preservation was introduced. The aim of creating
a dashboard in the KM-EP is to enable emotion analysis and the documentation of human–
human dialogs, such as with patient interviews, and facilitate information sharing between
experts. This research project will be guided by the following problem descriptions and
research questions.

Addressing Motivation Statement 1—the missing dashboard in the KM-EP—to analyze
and document human–human dialogs in the KM-EP to visualize emotion sequence data;
view video recordings; and support protocols, exchanges, and discussions, an expert tool
needs to be developed. Analysis and documentation can, for example, be accomplished by
annotating or segmenting data, as well as by exchanging information with other experts by
using comments. Experts in this context could be medical diagnostic experts, computer
science emotion analysis experts, or emotion experts, where each of them has a different
point of interest in the data shown in such a dashboard. The medical diagnostic expert will
be more interested in the human–human dialog, and the additional emotion sequence data
will help in diagnosis, while the computer science emotion analysis expert is more likely
to make an analysis if the recognized emotion sequence data in the video recordings are
appropriate to the reactions shown by the conversation participants in the video recordings
in order to improve emotion detection for instance. The emotion expert will be able to use
the emotion sequence data to identify interesting parts of the conversation and analyze
the emotions shown by the conversation participants in the video recordings. Dashboard
experts for the same or even different groups of interest can exchange information and
discuss. The dashboard, therefore, needs to support viewing video recordings, visualiz-
ing emotion sequence data, analysis and documentation, and exchanges between experts.
Therefore, experts should be able to highlight interesting time sequences in the conversa-
tion by creating annotations or segmenting the conversation into different time sections.
To enable an exchange, a dashboard should support creating comments addressing the
emotion analysis, annotations, segments, or other comments. The results of the analysis
and documentation are session analysis documents. The dashboard can then be used for
patient interviews, as well as any other human–human dialogs that are recorded on video
for which emotion sequence data have been analyzed and imported.
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How can we provide a dashboard in the KM-EP to visualize emotion sequence data
with video recordings and support experts in analyzing and documenting emotions in
human–human dialogs in these videos? (Research Question 1)

Experts can thus use this dashboard to perform a subsequent analysis of the con-
versations and to analyze and document them accordingly. Since video recordings of
human–human dialogs like patient interviews or discussion rounds in the SMILE project
can, for example, last for an hour, analysis and documentation should be facilitated by
an automated emotion analysis in advance. Therefore, it is helpful to calculate metrics
based on the recognized emotions in the video recordings to simplify the analysis. This
includes the calculation of metrics that indicate something about the emotions recognized
in the conversation itself. For example, the human–human relationship between dialog
participants in a recorded conversation can be evaluated, which, according to [19], is im-
portant for the success of treatment. To analyze human–human relationships, calculating
metrics representing the mathematical relationship between the different emotion sequence
datasets of dialog participants can be helpful. Session analysis data like mathematical
relationships can then also be compared across different human–human dialog sessions, for
example, to analyze the differences in the mathematical relationships of emotion sequence
data for the same dialog participants across multiple sessions. In this research, only the
mathematical relationships between emotion sequence data will be considered. Evaluating
human–human relationships may be accomplished by future work or manually by experts
using the calculated metrics.

How can we provide a dashboard in the KM-EP to calculate and visualize metrics
representing the mathematical relationships between the emotion sequence data of human–
human dialog participants recorded in videos? (Research Question 2)

Since the metrics on the mathematical relationships between the emotion sequence
data of human–human dialog participants recorded in videos can, for example, provide
feedback for treatment success in patient interviews, it can be useful to store these session
analysis data in the patient’s medical records along with the session analysis documents
and data of the patient’s interviews. Digital preservation also makes it possible to store
video recordings and, along with them, emotion sequence data in the form of structured
text files or visualizations. Therefore, packages of session analysis data and documents,
video recordings, and the emotion sequence data of human–human dialogs need to be
archived. Session analysis data are automatically generated data, like the metrics of Research
Question 2, while session analysis documents are the results of analysis and documentation
by experts using the dashboard in Research Question 1. The information archived should be
constantly available and able to be loaded for sharing with third parties. For example, the
long-term preservation of the patient’s medical records is relevant as well since there are
various regulations regarding the retention period of patient medical records, depending
on where the patient is located. For example, according to §9 para. 3 of the professional
regulations of the Bavarian Chamber of Psychotherapists, the retention period is 10 years.
Therefore, methods and standards are to be developed to maintain the information and to
guarantee its accessibility in the long term.

How can we provide a dashboard in the KM-EP to archive packages of video recordings,
emotion sequence data, and session analysis data and documents for human–human
dialogs in the long term? (Research Question 3)

1.3. Methodology and Approach

To address our research questions, a methodical approach to research is necessary.
Therefore, the multimethodological approach for information system research by Nuna-
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maker et al. [20] will be used. This approach includes four research strategies (theory
building, observation, experimentation, and system development) that are required to stay
on the cutting edge of technology and to gain acceptance in organizations for research
results. One of these strategies is the phase of theory building where new ideas and con-
cepts are developed and conceptual frameworks are constructed. The phase of observation
uses research methods, studies, and surveys to help formulate hypotheses and obtain a
universal feeling for the challenges of the research domain by evaluating the current state
of the art in science and technology. This phase of experimentation applies experiments and
simulations to validate methods and theories. The last strategy is the system development
phase, which consists of system design methods using prototyping, the development of
products, and technology transfer [20].

The methodological framework introduced by Nunamaker et al. [20] will be used to
ensure a structured approach while addressing the defined research questions—Research
Question 1, Research Question 2, and Research Question 3—by planning and implementing
specific R&D projects addressing our research goals, which will also use this methodological
framework. This research will provide an initial overview of the planned R&D projects
for this research program to partially address these research questions and to ensure
interoperability between these R&D projects. These contributions will be summed up
within the research project. Therefore, the R&D projects need to be planned and assigned
to the research questions.

Having introduced the relevance of analyzing the emotions of conversation partic-
ipants in video conferences with human–human dialogs, relevant challenges and moti-
vations for emotion analyses in human–human dialogs were identified in this section.
Subsequently, the research questions were presented as the basis of the research project.
Next, the initially selected state of the art in science and technology will be presented.
Although the summed-up research work will be structured according to the research ques-
tions and goals, this paper will only provide an initial overview of topics like analyzing
emotions in video recordings, the trustworthiness and reproducibility of emotion analyses,
and the Open Archival Information System for long-term preservation. We will further
research these topics in future R&D projects, just as will topics like similarity searches.
Based on the initially introduced state of the art and research questions, a draft for the
management of emotion analyses and a sketch of the planned emotion analysis viewer user
interface will be presented in Section 3. This paper will conclude by discussing the topics
and providing an outlook on future R&D projects.

2. Initially Selected State of the Art in Science and Technology
An overview of the fundamentally relevant terms and existing technologies and mod-

els will be provided by presenting the current state of science and technology regarding
emotion recognition in video recordings of human–human dialogs, information visualiza-
tion, emotion analysis, trustworthiness and reproducibility, and long-term archiving. This
is part of the observation goals according to the methodological framework by Nunamaker
et al. [20].

2.1. Analyzing Emotions in Video Recordings of Human–Human Dialogs

Maier et al. [17] developed emotion-recognition algorithms inspired by the SenseCare
project [15] at the University of Hagen. These algorithms can recognize emotions from
various media, including video recordings, and can calculate them in real time during
video conferences. Emotions are categorized into eight types (e.g., “happy”, “sad”, and
“anger”) or measured in terms of arousal and valence. The output formats, which include
softmax and independent values, produce numbers between 0 and 1 for each emotion
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category or arousal and valence. In the softmax format, the sum of the emotion category
values for each analyzed frame is 1. Different visualizations are possible based on these
formats.

The emotion recognition engine [17] uses a Convolutional Neural Network (CNN)
trained to classify images into eight emotion classes (neutral, happy, sad, surprise, fear,
disgust, anger, and contempt) based on pixel data [17]. CNNs, modeled after the biological
processes of the human brain [21], are particularly effective for processing audio and image
data [21,22]. The SenseCare engine uses a MobileNetV3-based CNN, which is even more
efficient for mobile devices [23]. The model was created and trained using Tensorflow and
Keras [17].

Emotion sequence data from the [17] algorithm is available as time series data, which
consists of a sequence of observations ordered temporally [24]. An emotion sequence is a
finite series of emotion data, e1, e2, ..., em, where m is the length of the emotion sequence of
frames in the video recording analyzed. Each emotion datum corresponds to a frame and
is classified into one of eight emotion classes. The order of the data reflects the temporal
sequence of the video frames, making emotion sequence data a type of time series data.

To use the emotion sequence data, the modular architecture of Alphonsus Keary [25] is
applicable, which was developed to enhance emotion recognition through the integration
of visual and physiological data. This architecture consists of modules data acquisition,
data preprocessing, feature extraction, data fusion, classification, and output generation.
The first module, called data acquisition, involves collecting visual information like facial
expressions—just like SenseCare—but also physiological signals like heart rates. Data
preprocessing is used to clean and normalize data to reduce noise and ensure consistency
for subsequent analyses. This step may be useful for improving the quality of the data for
further analyses like calculating mathematical relations. The module feature extraction is
used to identify relevant features out of the preprocessed data like, for example, the mathe-
matical relationships between the emotion data sets of two dialog participants. The next
module is data fusion, which combines features and data into a unified representation of the
emotional state. This can be achieved using an emotion viewer where the video recording
can be viewed and emotion data, as well as metrics like the mathematical relationships, can
be visualized. This also enables a contextual understanding of emotions during the video
conference. The next module, called classification, is used to put the recognized emotions
into categories. This step is not required here, as the emotion classification is already
completed by the emotion recognition engine [17]. The last module is output generation,
which delivers the emotional states to user interfaces. This may include the emotion viewer,
as well as the export of the analysis results, for example, using the long-term preservation
of the results in a patient’s medical records [25].

2.2. Trustworthiness and Reproducibility of Emotion Analyses

Additional key components of emotion analyses are their trustworthiness and repro-
ducibility. AI systems must prove their trustworthiness to be accepted and used effectively.
To achieve this, the IVIS4BigData model is extended in the research project presented in [26]
to integrate analysis processes and data exploration supported by AI.

To extend this model, the dimensions of trust between individuals have been mapped
to a systems context. While trust in human–human interactions builds upon reliability,
honesty, and competence, trustworthiness in human–computer interactions builds upon
reproducibility, validity, and capability. Reliability is defined as “the quality of individuals
of performing consistently” [26], while reproducibility involves “obtaining consistent
computational results using the same input data, computational steps, methods, code, and
conditions of analysis” [26]. Honesty means an individual stays true to the facts, while
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validity is the verification of the correctness of data and results. The third dimension is
competence, which is defined as the ability and skill to solve problems and the willingness
to do so, while in a systems context, it is defined as capability, which is the potential of a
system to achieve a certain goal [26].

A model of trustworthiness in AI-based big data analysis is shown in Figure 1. It
illustrates the knowledge process between big data analysis systems and their environment.
The technical aspects of AI in the big data analysis process are on the right, while the “Data
Intelligence” layer addresses trustworthiness. The “AI-Model Deployment” layer manages
data and models for training and evaluation. The four layers “Data Integration”, “Data
Analytics”, “Data Interaction”, and “Data Effectuation” represent the technical analysis
process “to improve the effective benefit of big data technologies” [26]. AI can support the
overall knowledge management and knowledge engineering process by being integrated
into tasks like mapping data schemas, correcting data, explaining results, improving
visualizations, and supporting interactions [26].
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AI is, therefore, integrated in all layers, which requires all layers to have individual
trust components based on their output within the “Data Intelligence” layer. To generate
an overall trustworthy process, the layers’ trustworthiness needs to be integrated into
an overall “Trust Bus”, which stores aspects of trustworthiness to be able to evaluate the
trustworthiness of the overall big data analyses based on AI. The “Trust Building Process”
represents past interactions between individuals and the systems that influenced trust in
the AI-based system [26].

This research project focuses on the “Data Analytics” and “Data Interaction” lay-
ers, where emotion analyses will be visualized for users. Reproducibility is crucial for
understanding how the data were calculated by the emotion-recognition algorithm [17].
This involves comparing emotion analyses to determine the effects of different processing
methods or configurations. Influencing factors need to be stored, visualized, and compared
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to achieve transparency. Reproducibility means “obtaining consistent computational re-
sults using the same input data, computational steps, methods, code, and conditions of
analysis” [26]. Freire et al. [27] introduced the PRIMAD model to define influencing factors
more precisely. PRIMAD stands for platform, research goal, implementation, method, actor,
and data. This model captures variable components during data-oriented experiments to
determine if the same results were achieved under different conditions. Sharing PRIMAD
components is necessary for verifying reproducibility. Adjusting data can demonstrate the
robustness and generalizability of the method [27].

To analyze emotion sequence data, it is necessary to store them with metadata and
video recordings. This allows us to assign the emotion sequence data of different par-
ticipants to one human–human dialog in the emotion analysis series. The data need to
be visualized, and interactions like annotating should be supported (Research Question 1).
Metrics for the mathematical relationships between emotion sequence data can help ana-
lyze human–human dialogs, such as when evaluating emotional connectedness (Research
Question 2). The emotional connectedness of two people in a dialog is a concrete form or
interpretation of a mathematical relationship between the emotion sequence data of the
conversation participants. For this purpose, models and algorithms of time series analysis
will be used regarding similarity searches and comparability (through noise suppression
methods), and visualization and interaction possibilities for the exchange between experts
need to be developed.

2.3. Open Archival Information System

Emotion analyses should be available in the long term in order to be, for example,
stored in a patient’s medical records (Research Question 3). For this purpose, the Open
Archival Information System (OAIS) reference model for long-term preservation and
access to digital information will be considered. It includes best practices for saving data,
managing metadata, replicating data, and more to secure the integrity and durability of
digital resources. OAIS aims to support the availability of information over an extended
period, although this is made more difficult by technological change (new data formats
or media, a changing user community, etc.). It does not set methods to conduct activities
involved in preserving a digital archive but instead sets standards for these activities.
Using this framework ensures that organizations implement the necessary structures and
processes to ensure long-term access to digital information [28].

An archive is defined in [28] as an institution or organization that preserves and makes
records accessible. Traditional archives manage records like movies, papers, books, or maps
and ensure their comprehension and authenticity for users. Traditionally, these media have
been stored in long-term stable materials to keep the information secure and to control
access. There are three entities that interact with an archive: producers, consumers, and
management. Producers are individuals or systems providing information. Consumers
are individuals or systems that access information. A special subgroup of consumers is
the “designated community”, a defined user group that should be able to understand the
stored information. The management sets overall policies and guidelines for the content
stored in the archive. These individuals determine how the archive should be managed but
are not involved in the day-to-day operation of the archive. It is possible for an individual
or a system to act simultaneously as a producer and a consumer, depending on whether it
supplies or retrieves data in the form of information objects [28].

Data objects, either physical or digital, contain at least one bit. Representation informa-
tion provides data objects with additional meaning. For long-term preservation, archives
should capture all available representation information to avoid costly re-identification
later. Information transmission to an OAIS as shown in Figure 2 involves information
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packages, which include content information (data object and representation information)
and the Preservation Description Information (PDI) needed to preserve the content. Pack-
aging information combines these elements, and descriptive information aids in search and
retrieval functions. There are three types of information packages: Submission Information
Packages (SIPs), Archival Information Packages (AIPs), and Dissemination Information
Packages (DIPs). SIPs are sent by producers to the archive, AIPs are stored in the archive,
and DIPs are sent to consumers [28].
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To make emotion analyses available in the long term, the necessary activities of the
OAIS model should be modeled, implemented, and evaluated. To do so, emotion sequence
data, along with the video recordings, visualizations, user annotations, and other metadata—
such as information according to the PRIMAD model [27]—must be converted into an
emotion data package. The contents of the emotion data package and how these need to be
converted will be investigated as part of this research project.

This section provided an initially selected overview of the state of the art in science
and technology, including emotion recognition from video recordings, the trustworthiness
and reproducibility of emotion analyses, and long-term archiving using the OAIS reference
model. The next section will initially sketch the modeling and design of a system to support
emotion analysis with annotations, visualizations, metrics for mathematical relations,
and long-term archiving, which is part of the theory-building goals according to the
methodological framework by Nunamaker et al. [20].

3. Initially Sketched Modeling and Design
To illustrate the software prototype to be developed as part of this research project,

a model based on the Trustworthy AI-based Big Data Management (TAI-BDM) reference
model [26] for the management of emotion analyses is used as a starting point. Based on
the model, the envisioned use cases are explained, and an interface sketch is presented.

The model for managing emotion analyses shown in Figure 3 supports the trust-
building process for the emotion recognition algorithm executed by the emotion engine
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as the four layers of the TAI-BDM Reference Model [26], as it enables us to execute the
four technical layers, “Data Integration”, “Data Analytics”, “Data Interaction”, and “Data
Effectuation”. By managing emotion analysis series containing multiple emotion analysis
data, like video recordings of human–human dialogs, the recognized emotions can be
stored. Therefore, one analysis series represents one dialog, and the video recording is
assigned to the analysis series, while the emotion analyses contain the emotion sequence
data and assigned metadata. The emotion analyses can contain the emotion sequence data
of different conversation participants but also different results from calculating emotion
sequence data with different parameters, on different platforms, or with other changed
factors according to [27] in order to analyze the different results.
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The emotion analyses can be analyzed and compared using the emotion analysis
environment by viewing video recordings, visualizing emotion sequences, interacting with
the analysis results, and documenting them or analyzing mathematical relations by viewing
calculated metrics. Experts might create annotations, segments, or comments to exchange
knowledge or the results of analyzing the existing analysis with other experts. The results
might then help to improve emotion recognition.

In contrast to the TAI-BDM reference model [26], there is no artificial intelligence used
to support the technical layers; instead, it supports creating explainable results created by
the emotion engine.

To address the research questions, the emotion analysis management model presented
is to be implemented in a software prototype with the following initial use cases. The
emotion analysis series containing emotion analyses needs to be managed with metadata,
video recordings, and emotion sequence data. To analyze the data of the video recordings,
they need to be viewed; emotion sequence data need to be visualized; and experts should be
able to interact with the visualizations and document results by, for example, annotating or
segmenting time periods (Research Question 1). To enable exchange, experts should be able
to comment on the whole human–human dialog, segments, and annotations. To support
the analysis, automatic metrics like mathematical relationships between emotion sequence
data will be calculated (Research Question 2). To make the analysis results available over
a long period of time, the future software prototype should not only support long-term
digital preservation by implementing the OAIS reference model introduced in Section 2.3
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but also support reimporting the emotion analysis series for further analyses (Research
Question 3).

For the analysis, an emotion analysis viewer will be designed by sketching a graphical
user interface, as shown in Figure 4. At the top of the viewer, the user should be able to
select the analysis series and the analyses to be analyzed and compared, as well as which
panels should be displayed. The video recording can be viewed in the emotion analysis
viewer, where the segments and annotations should be highlighted in the timeline and
listed next to the video recording. In addition, the segments and annotations should also
be highlighted in the timeline of diagrams visualizing the emotion sequence data (here
exemplified by a visualization using a line chart). It should be possible to select multiple
different visualizations and view them simultaneously at the bottom of the viewer. The
comments should be displayed by an overlay when the corresponding elements, such as
annotations or segments, are selected. The comments referring to the whole analysis series
will be shown equally to the annotations and segments but without time periods. The
analysis series, with their included analyses, will be managed outside of the viewer to
upload files, manage metadata, and import or export the analysis series.
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The viewer may be used by different types of expert users. For example, emotion data
experts may want to analyze the data quality of the emotion sequence data calculated by the
emotion recognition algorithms. For therapists, the emotion data and their visualizations
and metrics may support reviewing video recordings of therapy sessions in order to take
additional notes. Therefore, different visualizations can be selected by the users to apply
to their needs, while the video recording and the panel for annotations, segments, and
comments will always be available to provide context to the emotion data and to document
analysis results.

To sum up this section on the conceptual modeling of a tool for the annotation,
visualization, and reproducible archiving of emotion sequence data from human–human
dialog video recordings and to follow the methodology of this research project, first, a
model for the management of emotion analyses was presented. Subsequently, a sketch of a
possible graphical interface enabling experts to annotate and visualize emotion sequence
data was presented, which enables the analysis of emotion sequence data from video
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recordings of human–human dialogs. The emotion management model is, therefore,
presented as a use case of the TAI-BDM reference model [26].

4. Discussion and Outlook
Motivated by Motivation Statement 1 (there are no existing opportunities to analyze

and document emotions in recorded human–human dialog videos in the KM-EP), Motiva-
tion Statement 2 (there are no automatically calculated metrics to support the analysis), and
Motivation Statement 3 (there are no methods to make packages of emotion sequence data,
video recordings, or session analysis data and documents available in the long term), the
planned research project on the annotation, visualization, and archiving of human–human
dialog video recordings was presented in this paper. The research is based on the presented
research questions.

Addressing the first research question (Research Question 1), on how to provide a
dashboard in the KM-EP to visualize emotion sequence data with video recordings and to
support experts in analyzing and documenting emotions in human–human dialogs, suitable
visualization techniques must be researched before being modeled, implemented, and
evaluated. To enable the analysis and documentation of emotion sequence data, suitable
interaction techniques must be offered that support data exploration and annotation and,
therefore, documentation and exchange with other experts. For this purpose, the research
project must first research the basics of information visualization, as well as the different
visualization techniques and interaction possibilities, and examine their applicability to the
context of emotion sequence data from human–human dialogs. Subsequently, a dashboard
must be modeled, implemented, and evaluated that offers various visualization techniques
and interaction options for experts to examine or compare emotion analyses. Interaction
techniques for documenting emotion analyses, such as annotation or segmentation, must
be considered.

The second research question (Research Question 2), on how to provide a dashboard in
the KM-EP to calculate and visualize metrics representing the mathematical relationships
between the emotion sequence data of human–human dialog participants recorded in
videos, requires research on algorithms for calculating these metrics. For example, similarity
search algorithms can be used for this purpose. These metrics can be used to assess
the mathematical relationships based on the similarity or dissimilarity of the emotion
sequence data, and the emotional connection may then be assessed by corresponding
emotion experts. To this end, the algorithms should be configurable and executable via an
execution workflow in a graphical user interface, but the results should also be visualized
in a dashboard. To ensure that the metrics for the mathematical relationships of emotion
sequence data are not falsified by measurement-related fluctuations in emotion recognition,
it should also be possible to reduce noise before calculating the metrics for the mathematical
relationships. Algorithms must, therefore, be researched that enable noise reduction and
the calculation of mathematical relations and are suitable for the context of the emotion
sequence data to create an execution workflow and a dashboard.

Focusing on the third research question (Research Question 3), on how to provide a
dashboard in the KM-EP to archive packages of video recordings, emotion sequence data,
and session analysis data and documents of human–human dialogs in the long-term, the
OAIS reference model will be applied. An initial overview of the OAIS reference model
has already been provided in this paper. In the further progress of this research project, it
remains to be investigated, modeled, implemented, and evaluated regarding how emotion
data packages consisting of video recordings, emotion sequence data, and session analysis
data and documents of human–human dialogs can be converted into packages according to
the standard; which metadata are relevant and should be archived with the packages; and
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how these packages can be re-imported in order to continue the investigation of emotion
analyses. In addition, compression techniques for reducing storage requirements are to be
researched and, if applicable to the context of the research project, modeled, implemented,
and evaluated.

The emotion analysis management model presented in Figure 3 addresses the three
research questions. However, the model is only conceptual and is only intended to provide
an overview of the planned research work. During the research project, a more detailed
examination of the state of the art in science and technology on the individual research
questions is required, as well as the modeling, implementation, and evaluation of the
various aspects of the research project based on this. The research project should be
based on the PRIMAD model according to [27] and the TAI-BDM reference model for
trustworthiness [26].
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