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1. Background

. With the rise in the number of human-computer interactions, the need for
systems that can accurately infer and respond to users’ affective state
becomes increasingly important.

. Affect represents a wide range of mental responses. (e.g. emotions, moods,
attitudes, preferences, feelings etc.) [1]

. Automatic Affect Prediction (AAP) represent the process of using machine
learning to infer the affective state of an individual [2].

. Effective AAP models are highly dependent on labeled datasets [7].

. Emotions are intricate and multifaced, open to multiple interpretations Fig.

1) [1]. Because of that, the datasets are usually labeled manually, which can

introduce uncertainty in the data.
. Interrater agreement (IRA) represents the extent to which raters agree on the
same label for an entry.
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Fig. 1:Multiple interpretations of the evoked emotion [6]

2. Research Question

To what extent is interrater agreement used in datasets for audio

visual AAP and how is itimplemented?

* Targeted affective states * The measures used to compute the
* Affect Representation Schemes
(ARS) .

*  Number of Raters Used .

level of interrater agreement
Strategies to facilitate IRA
Relationship between the ARS and
the level of IRA

3. Methodology

* Toanswerthe research question, a Systematic Literature Review [4] was conducted.

* Steps of a Systematic Literature Review:

Define Protocol Screen the Data Data
results Extraction Synthesis

Report
findings

* The 2020 PRISMA guidelines were followed to transparently report the procedure and

the results of this review [5].
3.1. Search Strategy
Literature Databases: Scopus, IEEE Xplore, Web of Science and ACM Digital Library
Query development:
¢ Todevelop the query, the main topic was

splitinto 4 concepts (Fig. 2) Audio-Visual
For each concept, a set of descriptive words A O A
was created and included in the query. Prediction
¢ Setof 7 predetermined studies were used
Raters

to assess and optimize the performance of
the query
Fig. 2: Key concepts of the topic

3. Results

3.1 Targeted affective states

Out of the 55 papers reviewed:

¢ Allof them focused on labelling Emotion
* 47 only focused on emotion

¢ 3labeled Emotions and Sentiments

* 2labeled Emotion and Mood

¢ 1labeled Emotion, Mood and Metal States
¢ 1labeled Emotion and Mental States

3.2 Affect Representation Schemes

43 distinct ARS were identified from 55 studies.

Categorical ARS

e 24o0utof43

e 20 of them are derivates of Ekman’s basic emotions [8], one of which is the actual one
e 2used Plutchik’s Wheel of Emotions [9]

* 1used the “emotion zones for regulation” framework[10]

* 1usedwhatthey defined as the most used labels in other studies

Dimensional ARS

e 8outof43

* Most popular was Valence-Arousal with 11 papers using it

* 5used VA with other dimensions such as dominance, liking, impact, engagement and
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Fig. 3 highlighting the overall distribution

3.4 Interrater Agreement over time

* Early methods: Fleiss’s Kappa and Cohen’s Kappa
* Krippendorff’s Alpha emerged around 2014 and become one of the favorite methods
* Fleiss’s Kappa maintained constant popularity

* Past2years: increased experimentation with other IRA methods

Fig. 3 Popularity of IRA measures

3.2.Eligibility Criteria

To consistently filter the results of the query, the following eligibility criteria were developed:

Exclusion Criteria

* Introduces an audio-visual dataset * Paperisnotin English

+ Datawas labeled by humans » Datasetis labeled through self-reports
* The affect generator is not human

* Released after 20.05.2024

Inclusion criteria:

3.3 Reviewed papers
After running the query, then scanning the results by title, abstract and full text, 55 studies
were included in the review. A detailed overview of this process can be observed bellow:

—
Records identified from
E Databases:
‘g‘ *Scopus (n =207) Records removed before screening:
= *Web of Science (n =129) _’ Duplicaterecords removed (n =262)
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3.5 Relationships between ARS of a dataset and their IRA

* Dueto the extremely high number of ARS, no individual relationship could have
been determined.

* Comparingeither Valence Arousal derivates or Ekman’s basic emotion derivatives
did not reveal any relationships of a specific group of ARS with a level of IRA

4. Conclusions & Discussions

e The majority of papers compute Interrater Agreement

¢ Most popular methods of computing IRA are Fleiss’ Kappa, Krippendorff’s Alpha, and
Cohen’s Kappa

* IRA appearsto be independent from the ARS. However, due to the high number of
representation schemes no definitive argument can be made

* Interestingly, despite the number of papers that calculate agreement, many of which
try to facilitate IRA, no paper does a second run of annotation with the aim of
improving the score.

* The absence of a second labeling run raises questions about the purpose behind
measuring IRA. If the ultimate goal is to ensure high-quality and reliable annotations,
the natural progression would be to use IRA scores as feedback to refine the labeling
process.

* Additionally, the study uncovered that many affect representation schemes (ARS)
deviated from well-established models without providing a clear motivation. These
deviations make the process of correlating ARS with IRA very difficult, as they
introduce uncertainty that is not related to the emotional content being measured
but rather to the subjective choices of the researchers.

5. Future work

* This study laid the groundwork for a new study on how would interrater agreement
affect the performance of audio-visual automatic affect prediction system.

¢ The high number of different ARS that were used in the researched studies
without a proper motivation highlight the need of developing a standardized ARS
that could possibly enhance the quality of datasets and align the focus of the
community to accelerate the development of affective databases
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