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Article

I Know How You Are Going to React: Using Machine
Learning to Forecast Emotional Reactions Based on
Group Interactions

Kristof Maar, Jakob Prager and Thomas Spielhofer *
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* Correspondence: Thomas.Spielhofer@sunshinetech.cc; Tel.: +43-699-17600531

Abstract: This research evaluates a novel machine learning approach to forecast individual emotions
before they occur. Previous research has focused on classification of individual emotions based on
non-verbal expressions. The approach presented here is based on the assumption that every group
develops an inherent lawfulness in their interaction, as communication theory suggests. It seeks to
discern those communication patterns inherent to these interactions that precede emotional
expressions. This comprises patterns that lead to joy as well as those leading to sadness. Experiments
with the IEMOCAP dataset show a test accuracy of 73 to 95 percent in these forecasts depending how
many different emotions were to be forecasted. The accuracy slowly drops in a near-linear fashion,
the further the emotional events to be forecasted lie in the future. These initial findings give rise to
the believe that this could be a path towards forecasting emotionally charged events in group
meetings, such as conflicts, before they occur. Further research on different datasets needs to be done
to confirm this hypothesis.

Keywords: emotion classification; group dynamics; audio embedding; machine learning

1. Introduction

Purpose of This Research

In human interaction, events like conflicts may come as a surprise to those involved. But
arguably, they often follow a hidden script. Social systems like families or work-teams have recurring
communication flows, in other terms: they follow their characteristic patterns. Watzlawick defines
communication pattern as a stochastic process that “refers to the lawfulness inherent of symbols or
events” [1]. A lawfulness that he likes to a composer’s tendency to use a certain sequence of notes
rather than another. These patterns are what we perceive as “typical” for a certain composer. We tend
to be surprised if the pattern is broken, we would for instance be stunned if Haydn had written a
Lento following an Adagio. At the same time, when we are part of a social system, we tend to be
oblivious to the lawfulness in our own communication, as Watzlawick argues: “we are particularly
unaware of the rules being followed in successful, and broken in disturbed, communication”.
Watzlawick puts the recognition of communication patterns at the core of his theory: “the search for
pattern is the basis for all scientific investigation. Where there is pattern there is significance - this
epistemological maxim also holds for the study of human interaction”.

If events in teams, such as conflicts, follow an inherent lawfulness of team interaction, as
Watzlawick suggests, can we not apply machine learning to detect the pattern prior to such events
and thus forecast their occurrence? This would have a variety of potential applications: to give a
meeting moderator a lead time to constructively work with an upcoming conflict before the heat goes
up. It could also give a sales agent an indication that he is about to lose a customer’s attention in a
sales meeting, to name just two.
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The connection between individual emotion and group phenomena is however not trivial to
establish. In Luhmann’s theory of social systems, individuals and organizations are separate, but
connected autopoietic systems [2]. An idea that has been built upon by other sociologists [3,4]. In this
view, a causal connection between the emotion of an individual and a group event cannot be a priori
established. On the other hand, there is little doubt that emotions shared by individuals in groups are
of particular relevance: “emotions have been proposed to play a role in the development and
maintenance of interpersonal bonds, group cohesion and group identity; the division of
responsibilities and the negotiation of power roles among group members”[5]. This research
approaches the question in how far emotions of one or several individuals can be predicted by the
interaction by two or more people. In how far these individual emotions can be tied to group
phenomena such as conflicts, joy or even meeting success, requires further research.

Research Questions

The research questions pursued in this research were:

1. How accurately can a machine learning model forecast emotional reactions based on the patterns
in human interaction?

2. How does the accuracy of predictions change, depending on how far ahead the emotions are
that are predicted?

State of the Art

Previous research has tried to predict individual emotions conveyed through the tone of voice
and/or through facial expressions. With the evolvement of deep learning, speech emotion recognition
(SER) is becoming ever faster in recognizing a speaker's emotional state. At the same time, they can
do so using increasingly smaller snippets of audio data. [6]

Modern SER transformer models like Wav2Vec 2.0 [7] were trained to detect the emotional state
of an audio stream by using self-supervised learning and can classify a wide range of emotions of
individuals. While classifying audio data within fractions of a second might already sound like
predicting the following emotional state, it arguably is still just a very fast classification.

There is significantly less research to be found on forecasting the occurrence of emotions. [8] use
individual level utterances in a dialogue setting and attempts to predict the emotional state of the
same person a certain amount of time steps in the future. While this setup seems promising, our goal
is to take forecasting to group level. We envisage a system that takes in the full audio stream of a
conversation and accurately forecasts group level-phenomena. The merit of this approach compared
to the utterance level approach would be a system that is not bound to the behavior of singular people
but the flow of conversation itself. Following Watzlawick’s theory, a system that adheres to the
inherent lawfulness of communication could potentially offer greater stability for forecasting.

2. Materials and Methods

Datasets

Examining 32 different datasets, we found an inherent scarcity of labelled data that is eligible to
use for our machine learning use-case [9]. There are many annotated datasets for speech emotion
recognition to be found, however, they are very rarely in dialogue settings where subjects are
responding to each other's utterances, as required for this research. Out of these 32 datasets, two were
found to be feasible for this study: IEMOCAP and MELD.

IEMOCAP

The IEMOCAP dataset [10] provides exactly this with 151 audio-visual recordings of English
spoken dialogue. These recordings total approximately 12 hours of audio, performed by five male
and five female actors in dyadic sessions designed to emulate natural conversational flow and
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authentic emotional expressions. The dataset contains 10,039 utterances in total [11]. While the
dataset specifies the gender of the actors, it does not provide details about their age or ethnicity. The
dataset also includes visual data from facial motion capture, but our study exclusively focuses on the
audio component. The dialogues can be analyzed either as complete conversations or as pre-
segmented utterances of varying lengths, each annotated by at least three evaluators into nine
emotional categories: anger, happiness, excitement, sadness, frustration, fear, surprise, other and
neutral state. This selection aims to capture conversational dynamics by representing positive,
negative, and neutral emotional directions. Since the distribution of emotions in the dataset was not
equally balanced, we applied undersampling to ensure that the selected emotions were represented
more evenly. As a result, our reduced dataset includes approximately 2,900 annotated utterances.

MELD

The Multimodal Emotion Lines Dataset (MELD) dataset provides a rich resource for emotion
recognition tasks with approximately 13,000 utterances from 1,433 multi-party conversations in the
TV series Friends. Unlike datasets focused on dyadic interactions, MELD captures natural, multi-
party dialogues, enabling the study of conversational dynamics in group settings.

Each utterance in the dataset is annotated into one of seven emotion categories: neutral, anger,
disgust, sadness, joy, surprise, and fear, with multiple annotators ensuring reliability. Additionally,
MELD provides the audio, text transcripts, and video recordings of the interactions, although our
study exclusively utilizes the audio data to focus on tonal expressions.

The conversations in MELD are segmented into variable-length utterances, maintaining the
natural flow of dialogue and allowing for contextually grounded emotion detection. This dataset is
suitable for evaluating emotion prediction models in conversational contexts, as it includes
transitions between emotional states that mimic real-world dialogue scenarios. For our purposes, we
reduce the annotation categories to three: happy, sad, and neutral, aligning with the positive,
negative, and neutral conversational flows central to our research objectives. However, there is one
major disadvantage with MELD: It also includes audience laughter, which might cloud the detection
of audio patterns. Therefore, the focus in this study was to use the IEMOCAP dataset.

Feature Extracting and Preprocessing

Handcrafted Audio Features

Audio data can be analyzed through various well-established techniques to extract key
information. Commonly used features include pitch, energy, Mel Frequency Cepstral Coefficients
(MFCC), and Mel Filter Bank (MFB) coefficients. These methods are widely recognized for their
reliability and effectiveness in capturing the acoustic properties of audio and classifying them. [8]

While these handcrafted features remain valuable, advancements in self-supervised deep
learning models have enabled the efficient extraction of emotion-relevant information directly from
raw audio signals.

Latent Features of Self-Supervised Models

Self-supervised models excel in representing audio because they extract meaningful latent
features directly from raw waveforms. These features capture subtle variations in pitch, tone, and
rhythm, which are key for understanding emotional cues. By learning representations in an
unsupervised manner, such models effectively generalize across tasks, including emotion detection
and forecasting.

Wav2Vec 2.0 [7] is a state-of-the-art self-supervised deep learning model designed for processing
raw audio data. It learns meaningful representations of audio by transforming raw waveforms into
feature-rich embeddings, which can then be used for various downstream tasks, such as speech
recognition or emotion detection. The model consists of a feature extractor that maps audio input
into a high-dimensional latent feature space. A task-specific fine-tuned head is then utilized to
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interpret these features for downstream applications, such as emotion classification or transcription,
ensuring optimal performance across diverse tasks.

Contrastive models, such as Microsoft CLAP [12] or AudioCLIP [13], further enhance flexibility
by aligning audio features with semantic labels. These models enable zero-shot classification,
allowing for the prediction of emotional states even without extensive task-specific fine-tuning. This
capability is particularly valuable when labeled data is limited.

These embeddings act as compact representations of the audio signal, preserving its essential
features while reducing dimensionality. This balance allows downstream classifiers to perform
robustly even with lightweight architectures, making such embeddings foundational for predictive
tasks.

Preprocessing SER Datasets for Forecasting

To prepare the IEMOCAP and MELD datasets for emotion forecasting, we extracted audio
segments corresponding to a fixed time window (which we refer to as forecasting window) before
each annotated utterance. We chose the 10-second forecasting window because it allows us to capture
a broader context leading up to the emotional event. Unlike other approaches that prioritize real-time
prediction speed, our focus was on forecasting the emotional event ahead of time, and thus, we were
not bound by strict time limitations for the window length. However, to avoid overloading the
embedding model with excessive data, we decided on a 10-second window, as it typically includes
at least two or three utterances in the dialogue. This approach enables the study of how interaction
patterns evolve and influence emotional states over time.

Shifting the Forecasting Windows

Additionally, we tested shifting the forecasting window further back, allowing the recording to
take place up to 20 seconds before the annotated event. By shifting the window in steps of 2 seconds,
we explored how well we could forecast the emotional event based on increasing distances to the
recorded audio.

It's important to reemphasize that our approach focused on training the model on the
embeddings generated from the entire conversational context, also including silence or half
sentences, rather than on individual utterances. This aligns with our research hypothesis that
emotions arise from interaction, rather than isolated moments, highlighting the importance of
conversation dynamics in emotional expression.

To illustrate our training data, let the annotated events be

M
{Wyp}_,
For each j-th event, we create shifted windows as follows:
Wia={x|t€[t;—10—d,t; —d]},d € {0,2,4,...,20}
The shifted windows generate a new dataset:
Dy ={(W;.d,y;)|j=12,..20}
W, represents the audio segment corresponding to the j-th event. y; is the label associated with

e For d = 0: The training dataset consists of windows immediately
preceding the event.
e For d = 2: The training dataset shifts the windows 2 seconds further
into the past, and so on.
This creates 11 distinct datasets of 10 second recordings of audio (one for each d in {0,2,...,20}.
For each dataset we trained a model individually providing it only with the necessary
information for this specific time delay from the emotional event. We tested the performance of the
models by performing a 5-fold cross validation. We recorded the accuracies of the validation set and
averaged them to get the overall accuracy.
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Zero-Shot Forecasting Using Contrastive Models

As previously discussed, contrastive models like Microsoft CLAP show potential for zero-shot
audio classification without extensive task-specific training, even though their reliability is limited in
certain contexts.

Figure 1 illustrates the PCA projection of CLAP embeddings of all IEMOCAP dataset utterances
into a 2D space, combined with K-means clustering to group the features. While the embeddings
exhibit some degree of spatial separation, closer analysis using Cosine distance reveals that the
clusters are not well-defined enough to support reliable classification of emotional states. This is
evident in the overlap of clusters and the lack of clear boundaries between emotional categories. Even
when text embeddings (shown as red markers) are overlaid, they do not demonstrate sufficient
alignment with the clusters to suggest robust predictive utility.

® Audio Embeddings
®  Text Embeddings

15

ged®h with sad emotions
10 . speech with happy emotions
Peech with frustration emotion

S| ith excitement emotign:

@

PCA Component 2
*

-10
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PCA Component 1

Figure 1. 2D PCA projection and K-means clustering of Microsoft CLAP embeddings.

These findings suggest that while contrastive models might provide compact and meaningful
embeddings, their representation might be too complex for effective classification using only the
Cosine distance. Additionally, selecting the appropriate text prompt proves challenging, further
complicating the ability to accurately map embeddings to emotional labels. This highlights the need
for further refinement, such as integrating a custom supervised model to map embeddings to
emotional reaction labels to make these embeddings viable for forecasting.

Forecasting — a Supervised Approach

The experiments with the audio embedding capabilities of Microsoft CLAP and AudioCLIP
resulted in mixed results. These models, being general-purpose contrastive audio-text pretraining
frameworks, were not fine-tuned on emotion-specific datasets. As a result, their embeddings lacked
the specificity required to reliably distinguish between nuanced emotional states in our experiments.
While promising for zero-shot classification, CLAP’s performance highlighted the need for more
tailored solutions when applied to emotion forecasting.

To overcome these challenges, we leveraged a Wav2Vec 2.0 model fine-tuned on IEMOCAP
dataset by SpeechBrain for feature extraction [14]. This model generates 768-dimensional vector
embeddings from raw audio, capturing rich latent features. Using these embeddings as input, we
designed and trained a simple but effective Fully Connected Deep Neural Network (FC-DNN) to
forecast emotional reactions.
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The pipeline and model architecture we developed for this purpose is illustrated in Figure 2. It
reflects a systematic approach, incorporating preprocessing, feature extraction, and an FC-DNN
model inference.

3
10 seconds audio ; © e : \sg Prob(sadness): 0.9 probatii'lities fOftetaCh
snippets before =19 g | o 62 . \ emotion event to
the labeled event 4 < g g —); S 2 A 0.09 ‘ happen at the end of
% wg i naCl S . the snippet
)‘
N

2 i Prob(neutral): 0.01

Wav2vec 2.0 model

Figure 2. The forecasting model architecture and pipeline.

The architecture of the FC-DNN includes an input layer that accepts 768-dimensional vector
embeddings, 4 hidden linear layers with 265 neurons each, with dropout (0.1) and batch
normalization applied to mitigate overfitting and stabilize training. The output layer provides multi-
class classification scores using Softmax for the specified emotion classes (e.g., excitement, sadness,
neutral).

We evaluated the performance of our model using architectures with increased complexity, such
as additional layers and neurons. Surprisingly, we discovered that the lightweight configuration of
our network achieved comparable results, indicating its efficiency and suitability for this task.

3. Experiments and Results

Best-Performing Model on the IEMOCAP Dataset

After executing 5-fold cross-validation on the training set, we found the following optimized
parameters for our model:

e  Learning rate: 1e-5

¢ Hidden dimensions: 265
e  Batch size: 16

e Dropout: 0.1

e  Epochs: 40

A training session on the IEMOCAP-based dataset was done in all our experiment cases: 2
classes, 3 classes, and 4 classes, training the model on 80% of the dataset, while saving 20% for testing
purposes.

Training on Two Classes

With two classes (excitement and sadness), cross-validation mean accuracy was 94.05, with a
standard deviation of 0.7995. The accuracy of the final model on the test set was 95.14%. Error!
Reference source not found. illustrates the results of the IEMOCAP test with two classes.

Table 1. Results of the IEMOCAP test on two classes.

precision recall F1-score support
Excitement 0.96 0.94 0.95 199
Sadness 0.94 0.96 0.95 192

Accuracy 0.95 391
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Figure 3 demonstrates that the model forecasts sadness and excitement equally well. Overall, it
only misclassifies 19 samples out of 391. These results reflect the model's strong capability to
differentiate between those two classes.

True Labels

Predicted Labels

Figure 3. Confusion matrix of sadness and excitement.

Training on Three Classes

Forecasting three classes (excitement, sadness and neutral), cross-validation mean accuracy was
78.8%, with a standard deviation of 1.6872. The accuracy of the final model on the test set was 80.75%.
Table 2 illustrates the results of the IEMOCAP test with three classes.

Table 2. Results of the IEMOCAP test on three classes.

precision recall F1-score support
Excitement 0.76 0.63 0.69 187
Sadness 0.82 0.88 0.85 201
Neutral 0.83 0.90 0.86 199
Accuracy 0.81 587

Figure 4 shows that the model performs about equally when predicting sadness and neutral
while it performs worst when predicting excitement. Notably when misclassifying sadness and
neutral, it most often confuses them with excitement as well. This is well reflected in the F1 score for
excitement in Table 2, which is much lower than the rest.

exc

sad -

True Labels

' '
exc sad neu
Predicted Labels

Figure 4. Confusion matrix of excitement, neutral and sadness.
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Training on Four Classes

With four classes (excitement, sadness, neutral and anger), cross-validation mean accuracy was
72.14%, with a standard deviation of 1.3242. The accuracy of the final model on the test set was
73.15%. Table 3 illustrates the results of the IEMOCAP test on four classes.

Table 3. Results of the IEMOCAP test on four classes.

precision recall F1-score support
Excitement 0.77 0.74 0.75 203
Sadness 0.66 0.47 0.55 202
Neutral 0.79 0.83 0.81 186
Angry 0.70 0.91 0.79 191
Accuracy 0.73 782

Figure 5 illustrates the model’s performance across all four emotion categories. The most notable

challenge lies in accurately classifying sadness, as it tends to be frequently confused with other
emotions.

sad -

True Labels

neu -

ang -

& S > <
& X4 ® &
Predicted Labels

Figure 5. Confusion matrix of excitement, neutral, sadness, and anger.

Shifting the Forecasting Window

Figure 6 illustrates the average accuracies of the models when shifting the recording window into
the past while the label stays the same.

78.0 1

77.5

77.0 1

76.5 1

Average Accuracy (%)
~
o
(=]

0:0 215 5.0 7.5 10.0 12.5 15.0 175 20.0
Distance from Annotated Emaotion (s)

Figure 6. Accuracies of time-shifted windows.
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For this experiment we used the emotions sadness, excitement and neutral. The graph shows
that the models perform best when the input window is immediately adjacent to the event (no
temporal shift). However, as the input window shifts further into the past, the audio features become
less predictive of the event, resulting in a steady decline in accuracy. It is still noteworthy that, even
though the accuracy declines steadily, it only sinks to about 74%, making it still quite predictive 20
seconds away from the annotated emotion.

4. Discussion

Regarding RQ], the research based on the IEMOCAP dataset shows that emotional reactions can
be forecasted with the approach introduced here. The accuracy of the forecast drops with the number
of emotions that are to be considered. When using three emotional states, sadness, excitement and
neutral, the cross-validation mean accuracy reaches 78.80 %. When adding a fourth emotional state
(angry) the cross-validation mean accuracy drops to 72.14%. These results indicate that the
embedding model’s representations become less distinguishable as the number of emotions to be
forecasted grows.

When forecasting four emotions, sadness and excitement are often mixed by the model. This
misclassification occurs quite uniformly, suggesting that there are either similarities in the patterns
that lead to these emotions or in the way they are represented by the model. Additionally, many
samples that should be forecasted as sadness are instead categorized as anger. This further
emphasizes the difficulty the model faces in distinguishing patterns leading to sadness from those
leading to other emotional states.

With regard to RQ2, the findings show that the accuracy of forecasts decreases with the time
span between annotation and input data. In our research the accuracy dropped in a near-linear
fashion from 78% to 74% when going back 20 seconds. This suggests that temporal proximity plays
a significant role in the model's ability to predict the label. Information from distant windows carries
less relevance or is harder for the model to be utilized effectively. A similar effect would likely be
observed in human judgment: as an emotional reaction, such as a conflict, approaches, it becomes
increasingly apparent to an external observer what is likely to occur. This observation further
suggests that the machine learning model exhibits consistent and non-erratic behavior.

5. Conclusions

It can be surmised that forecasting emotions based on human interaction is a promising path for
further research. This is backed up by Watzlawick’s communication theory and coaching practice as
well as the initial experiments presented here The accuracy of the results depends on the number of
emotions to be forecasted and how far ahead in time the forecast takes place. These experiments
further indicate that using the embedding models as described here is a promising path to reduce the
complexity of audio signals while pertaining the relevant information for emotion forecasting.

Forecasting just two different emotional reactions 10 or 20 seconds ahead of time might already
find interesting practical use cases: For example, to indicate whether a conflict is about to occur.
Forecasting this should require only two classes: The emotional signature of a conflict, and a neutral
state. More research would be required to confirm this hypothesis.

Limitations

The primary limitation of this study is its reliance on only one dataset, which is rooted in North
American culture. More research with groups of different sizes in different social and cultural
contexts could lead to further insights. Furthermore, limited time and resources have, thus far,
restricted the exploration of a wider range of model types and experimental settings.
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6. Patents

The following patent application has been filed at the US Patent Office as a result of this work:
63/654,513.
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Appendix A. Train and Evaluation Losses

—— Training Loss
—— Test Loss

Epochs

Table 4. final model training with two classes.

—— Training Loss
—— Test Loss
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Loss
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Table 5. final model training with three classes.
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—— Training Loss
1.05 —— Test Loss

0 5 10 15 20 25 30 35 40
Epochs

Table 6. final model training with four classes.
Appendix B. Infrastructure Used for This Research

Appendix B.1: Hardware Environment

e  Platform: Google Colab Pro

e  Operating System: Linux-based environment (Ubuntu 22.04 LTS)

e  GPU:NVIDIA Tesla T4, 16 GB GDDR6 VRAM

e (CPU: 8 vCPUs (Intel(R) Xeon(R) @ 2.20GHz)

e RAM:51GB

¢  Software: Conda-managed environment with pip-installed dependencies

Appendix B.2: Software Environment

e  Python, Version 3.10

° Core Libraries: numpy, pandas, matplotlib, scikit-learn, torch, torchvision, keras, librosa,
soundfile, tqdm, google-colab

e Specialized Libraries: funasr, modelscope, hyperpyyaml, ruamel.yaml, tensorboardX,
transformers, huggingface-hub, umap-learn, torchlibrosa, sentencepiece
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