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Abstract

Text messaging often lacks emotional nuance, making tone
and intent difficult to interpret. We present a dual-model
transformer-based system for real-time emotion detection
in digital conversations, designed for deployment within
privacy-sensitive messaging platforms. The system first uses
a binary classifier (ENOE) to detect emotional presence,
followed by a multi-class classifier (EM) to assign one of
five emotions: sadness, happiness, fear, anger, or disgust.
By leveraging context from five preceding utterances, our
approach captures conversational dynamics often missed by
single-message models.
Trained on a unified corpus (DailyDialog, IEMOCAP,
MELD), the system achieves strong generalisation and was
successfully integrated into the Signal messaging app, where
detected emotions dynamically update message bubble colors
to support intuitive user feedback. A user study with 15 par-
ticipants showed that over 80% found the feature improved
emotional awareness during conversations.
This work contributes both a novel dual-model architecture
and a real-world deployment of emotion-aware AI. We ad-
dress ethical considerations around autonomy, transparency,
and potential misuse, and propose future directions in multi-
lingual, voice-based, and personalised emotion detection for
emotionally intelligent communication technologies.

Introduction
Background
In the evolving landscape of digital communication, users
can connect regardless of geographical barriers. However,
this convenience often comes at the cost of the emotional
depth found in face-to-face interactions. Text-based messag-
ing, despite its ubiquity, removes crucial emotional cues in-
herently present in direct communication. Similarly, the rise
of voice messaging introduces new challenges in interpret-
ing tone and sentiment accurately, further widening the gap
in conveying emotional context effectively.

The consequences of these misinterpretations in digital
communication are significant, as misunderstandings can
lead to friction in personal relationships, ineffective collab-
oration in professional environments, and even negatively
impact mental health in prolonged online interactions (Ah-
mad 2011). This project sits at the intersection of digital

communication and emotional understanding, aiming to re-
store the emotional depth often lost in digital communi-
cation. Machine learning techniques have been applied in
the domain of NLP to tackle interpersonal communication
problems. The recent work of Demszky et al. (2021) intro-
duced GoEmotions, leveraging BERT to improve the clas-
sification of emotions in text, focusing mainly on Reddit
(Demszky et al. 2021). Furthermore, advancements in trans-
formers have been successfully applied in real-world appli-
cations, such as the summarization and sentiment analysis
features implemented by major companies like Apple with
Apple Intelligence and Microsoft with CoPilot in Windows.

As digital communication becomes increasingly embed-
ded in everyday life, ensuring that AI systems support em-
pathetic and context-aware interactions is not only a techni-
cal challenge but a societal imperative. This project seeks to
improve the clarity of emotional communication in messag-
ing applications, aiming to reduce misunderstandings and
improve interpersonal connections in digital environments
where emotion is often lost or misinterpreted.

Problem Statement
The convenience of digital communication, particularly in
text-based messaging, allows for effective interaction with-
out the constraints of in-person communication. However,
this convenience often sacrifices emotional depth, which
would naturally be present in face-to-face conversations.
The absence of emotional cues frequently leads to misinter-
pretations, affecting the clarity and intent of communication
(Huang and Ku 2018).

Current messaging platforms lack tools for automatically
detecting or conveying emotional context, further widening
the gap between the content of a message and its intended
emotional meaning (Huang and Ku 2018). This project ad-
dresses the challenge of emotional misinterpretation in dig-
ital communication by integrating machine learning tech-
niques to detect emotions in text messages, leveraging trans-
former architectures like RoBERTa. By providing real-time
emotional context, the proposed system seeks to enhance the
clarity of digital communication and reduce misunderstand-
ings caused by the lack of emotional cues.

By detecting emotions in text messages and classifying
them into categories such as happiness, sadness, anger, fear,
and disgust, the system dynamically adjusts the visual pre-



sentation of messages to reflect the sender’s emotional state,
creating a more intuitive and empathetic user experience.

Project Objectives
This project implements a two-model approach, where one
model determines whether a message contains emotion, and
the second classifies the specific emotion, such as sadness,
happiness, fear, disgust, and anger.

A core objective is to integrate the proposed system into
the Signal messaging application. The system will intercept
text messages in real-time and, based on the detected emo-
tion, provide users with visual feedback by changing the
color of message bubbles. Real-time feedback aims to in-
tuitively communicate the emotional tone of conversations,
allowing users to better understand the emotional intent be-
hind the messages they send and receive. The integration
involves building a server to host the models, which will
communicate with Signal through secure data exchange pro-
tocols, ensuring seamless operation between the applica-
tion and the emotion detection system (Cohn-Gordon et al.
2020).

Another key objective is to enhance user communication
by providing intuitive visual cues. The use of color-coded
message bubbles matched to emotions via a database will
allow users to interpret emotional context more clearly, re-
ducing misunderstandings and improving the quality of dig-
ital conversations (Plutchik 1980).

Finally, the project will evaluate the system’s perfor-
mance through both quantitative and qualitative measures.
The evaluation will include:

• Quantitative Analysis: Calculating the F1 scores of the
models to assess the accuracy and efficiency of emotion
detection.

• Qualitative Analysis: Gathering user feedback via pre-
use and post-use surveys to assess the effectiveness of the
visual and emotional feedback.

These user studies will serve as the primary method of as-
sessing the system’s ability to improve communication and
reduce misunderstandings.

Related Work
Literature Review
The field of emotion detection in text has evolved from sim-
ple rule-based systems to sophisticated deep learning mod-
els. Early approaches relied on lexicon-based methods, map-
ping predefined words to emotions, as seen in SentiWord-
Net (Baccianella, Esuli, and Sebastiani 2010) and WordNet-
Affect (Strapparava and Valitutti 2004). While foundational,
these models struggled with context-dependent expressions,
idioms, and negation. For instance, phrases like ”not happy”
were often misclassified as positive due to the presence of
the word ”happy” (Ahmad 2011).

To address these limitations, researchers transitioned to
statistical machine learning models such as Naı̈ve Bayes
and Support Vector Machines (SVMs). These models lever-
aged probabilistic relationships between words and emo-
tions, achieving better performance than rule-based systems.

Go et al. (Go, Bhayani, and Huang 2009) demonstrated
Naı̈ve Bayes and SVMs on Twitter data, achieving over
80% accuracy by using emoticons as weak labels. However,
these models relied on the bag of words approach, failing
to capture long-term dependencies, negation handling, and
nuanced emotional context (Joachims 1998; Turney 2002).

A significant breakthrough came with Recurrent Neural
Networks (RNNs), which introduced memory mechanisms
to process sequential data (Elman 1990). Long Short-Term
Memory (LSTM) networks further improved upon RNNs by
mitigating the vanishing gradient problem, enabling better
emotion detection across long conversations (Hochreiter and
Schmidhuber 1997). Despite these advances, LSTMs still
struggled with processing extremely long sequences due to
their sequential nature.

The introduction of Transformer models, particularly
BERT and RoBERTa, revolutionized emotion detection
by leveraging self-attention mechanisms to process entire
text sequences bidirectionally (Vaswani et al. 2017; De-
vlin et al. 2018). Unlike RNNs, Transformers do not pro-
cess words sequentially but instead consider the entire con-
text at once, significantly improving contextual understand-
ing. RoBERTa enhanced BERT by eliminating the Next
Sentence Prediction (NSP) task and increasing the training
dataset size, leading to state of the art performance in emo-
tion detection (Liu et al. 2019).

Theoretical Models for Emotion Representation
Understanding human emotions requires structured mod-
els that define how emotions are categorized and related.
Two widely used theories in emotion detection research are
Plutchik’s Wheel of Emotions and the Circumplex Model of
Affect.

Plutchik’s Wheel of Emotions classifies emotions into
eight primary categories: joy, trust, fear, surprise, sadness,
disgust, anger, and anticipation (Plutchik 1980). These emo-
tions are arranged in a circular structure, illustrating how
emotions blend and intensify, which is essential for training
emotion classification models.

The Circumplex Model of Affect, introduced by Russell
(Russell 1980), organizes emotions along two dimensions:
valence (positive to negative) and arousal (low to high). This
model helps refine emotion detection by allowing classifiers
to predict not just the category of emotion but also its in-
tensity and polarity. By leveraging these theoretical models,
deep learning approaches can better interpret emotional con-
tent in conversations.

Advances in Model Architectures
The shift from traditional machine learning models to deep
learning has significantly improved emotion detection. Con-
volutional Neural Networks (CNNs), originally developed
for image processing, were adapted for NLP by apply-
ing convolutional filters to extract features from text (Kim
2014; Tang, Qin, and Liu 2016). However, CNNs struggle
with long-term dependencies, making them less effective for
tasks requiring contextual understanding.

Recurrent Neural Networks (RNNs) and LSTMs were
a major improvement over CNNs, as they introduced se-



quence modeling capabilities. Elman (Elman 1990) demon-
strated how RNNs could maintain memory of prior text,
while Hochreiter & Schmidhuber (Hochreiter and Schmid-
huber 1997) showed that LSTMs effectively capture long-
term dependencies. Socher et al. (Socher 2014) further ex-
tended this work using recursive neural networks for senti-
ment classification. However, these models suffer from inef-
ficiencies in training due to their sequential nature.

The adoption of Transformer-based architectures, partic-
ularly BERT and RoBERTa, has led to superior emotion de-
tection performance. Devlin et al. (Devlin et al. 2018) intro-
duced BERT, which uses self-attention mechanisms to an-
alyze text bidirectionally, capturing complex emotional nu-
ances. RoBERTa further optimized BERT by removing the
NSP task and pretraining on larger datasets, yielding signif-
icant improvements (Liu et al. 2019).

A comparison of these approaches is shown in Table 1.

Study Model/Method Dataset(s) Used Performance Key Findings

Socher (2014) Recursive Neu-
ral Networks
(RNNs)

Stanford Sentiment
Treebank

∼75% Struggled with long-term
dependencies in conversa-
tions.

Tang et al.
(2016)

CNNs IMDB (Sentiment clas-
sification)

∼80% Good for short texts, less ef-
fective on longer sequences.

Devlin et al.
(2018)

BERT DailyDialog, IEMO-
CAP

∼84% Bidirectional attention im-
proved nuanced emotion de-
tection.

Liu et al.
(2019)

RoBERTa DailyDialog, IEMO-
CAP, MELD

∼88% Optimized for better emo-
tion detection across multi-
ple utterances.

Table 1: Comparison of key models for emotion detection in
text.

Gap Analysis
Despite significant advancements, challenges remain in real-
world emotion detection. One major gap is the lack of real-
time integration in messaging platforms. Most research is
conducted in controlled settings, limiting real-world appli-
cability.

Another challenge is the detection of subtle emotions
such as sarcasm and mixed emotions. Transformer models
like BERT and RoBERTa have improved nuance detection
but still struggle with highly contextual expressions (Devlin
et al. 2018; Liu et al. 2019). Furthermore, dataset biases limit
generalization, as many datasets are predominantly in En-
glish and may not capture cultural variations in emotional
expression (Li et al. 2017; Chatterjee et al. 2019).

Additionally, while multimodal datasets like IEMOCAP
(Busso et al. 2007) and MELD (Poria et al. 2018) offer rich
emotional context by combining audio and text, they are
computationally expensive and often impractical for real-
time messaging applications. As a result, most real-world
systems still rely on text-only models.

Conclusion & Research Direction
Emotion detection has evolved from lexicon-based meth-
ods to deep learning-driven approaches. Transformer-based
models, particularly RoBERTa, offer state of the art accu-
racy due to their ability to capture context across multiple
utterances.

Future directions include integrating multimodal ap-
proaches (text + audio) to improve accuracy in conversa-
tional AI systems. Expanding datasets to include diverse lin-
guistic and cultural expressions will further enhance gener-
alizability. Additionally, real-time emotion detection in mes-
saging applications remains an essential next step to bridge
the gap between research and real-world usability.

This literature review establishes the foundation for devel-
oping an advanced emotion detection model, demonstrating
the necessity of context-aware, high-performing NLP sys-
tems for real-world applications. The models used in this
project were implemented and fine-tuned using TensorFlow
(Abadi et al. 2016) and PyTorch (Paszke et al. 2019), which
enabled scalable training and integration within a messaging
application.

Methodology
System Overview
This system is built on a dual-model architecture designed
to detect and classify emotions in real-time text messaging.
Each message is first passed to a binary classifier (ENOE:
Emotion or No Emotion), which determines whether it con-
tains emotional content. If emotional content is detected, the
message is forwarded to a secondary multi-class classifier
(EM), which assigns one of five emotion labels: Happiness,
Sadness, Anger, Disgust, or Fear. Based on the predicted
emotion, a corresponding message bubble color is retrieved
and rendered in the user interface.

An overview of the system architecture is shown in Fig-
ure 1.

Figure 1: System architecture of the dual-model real-time
emotion detection pipeline for text messaging.

Datasets
To enable robust and generalisable emotion classification,
the system was trained on three widely used emotion-
labelled dialogue datasets:
• DailyDialog (Li et al. 2017): Over 100,000 utterances

from everyday dialogues, annotated with emotion and in-
tent.



• IEMOCAP (Busso et al. 2007): 10,000 utterances from
dyadic conversations, with detailed emotional labels and
multimodal content.

• MELD (Poria et al. 2018): 13,000+ utterances from the
TV show Friends, with annotations capturing dynamic
emotional transitions in multi-party conversations.

These datasets collectively offer broad emotional cover-
age, including both casual and emotionally intense interac-
tions. We acknowledge the cultural and demographic limi-
tations inherent in the selected datasets. MELD is derived
from scripted TV content, while DailyDialog reflects every-
day English usage. We adopted the Datasheets for Datasets
framework (Gebru et al. 2021) to document and reflect on
dataset origins, intended use, and potential biases.

Contextual Modeling with Five Utterances
Emotion in dialogue often depends on surrounding context.
To capture temporal and conversational dependencies, each
message was paired with up to five preceding utterances.
If fewer than five were available, placeholder tokens ([NO
CONTEXT]) were inserted. Utterances were concatenated
using [SEP] tokens to help the model delineate conversa-
tional turns. This context window enabled models to resolve
ambiguous expressions and detect emotion shifts over the
course of a dialogue.

Preprocessing Pipeline
The end-to-end preprocessing and inference workflow is il-
lustrated in Figure 2, including message ingestion, dual-
model classification, and UI integration.

A unified preprocessing pipeline was implemented to en-
sure consistency across the three datasets:

• Text Cleaning: Removed extraneous whitespace, stan-
dardised punctuation, and expanded contractions.

• Context Assembly: Combined each target message
with up to five preceding utterances, padded with [NO
CONTEXT] tokens where necessary.

• Tokenisation: Used RoBERTa’s tokenizer with a maxi-
mum input length of 512 tokens for ENOE and 440 to-
kens for EM.

• Class Balancing: Applied oversampling (e.g., for
Disgust and Fear) using RandomOverSampler,
and undersampling (e.g., for No Emotion) using
RandomUnderSampler to reduce class imbalance.

Model Architecture
Both ENOE and EM models are based on the RoBERTa-
base transformer architecture (Liu et al. 2019), selected for
its contextual depth and proven performance in emotion
classification.

• ENOE Model: A binary classification model that identi-
fies whether a message is emotional or neutral. It filters
out non-emotional inputs to optimise downstream perfor-
mance. The ENOE architecture is shown in Figure 3.

• EM Model: A multi-class classifier that assigns one of
five emotion categories to the input message, leveraging

Figure 2: Data flow diagram showing the preprocessing
and model inference pipeline. Messages are passed through
ENOE and EM models before UI feedback is rendered.

contextual cues for disambiguation. The EM architecture
is illustrated in Figure 4.

Each model consists of a RoBERTa encoder followed by a
task-specific classification head with a softmax output layer.
Inputs exceeding the maximum length are truncated; shorter
ones are padded.

RoBERTa models were implemented using Hugging
Face’s Transformers library (Wolf et al. 2019), which pro-
vided pre-trained weights and robust APIs for efficient fine-
tuning. To address class imbalance in the training data, we
applied both oversampling and undersampling strategies us-
ing the imbalanced-learn toolkit (Lemaitre, Nogueira, and
Aridas 2016).

All models were developed using PyTorch (Paszke et al.
2019) due to its support for dynamic computation graphs
and seamless integration with the Hugging Face ecosystem.



Figure 3: ENOE model architecture: RoBERTa-based binary
classifier that distinguishes emotional from non-emotional
messages.

Training Setup
Both models were trained using the same configuration for
consistency:
• Optimizer: AdamW (Loshchilov and Hutter 2018)
• Learning Rate: ∼ 2× 10−5, tuned using Optuna
• Batch Size: 32
• Loss Function: Cross-entropy loss
• Early Stopping: Patience of 3 epochs, monitored on val-

idation loss
• Epochs: Up to 10 epochs (convergence typically at 3–6)
• Validation Split: 15% of the training set
• Hardware: Trained on an NVIDIA T4 GPU (16 GB

VRAM), using mixed-precision training
Hyperparameter tuning yielded best F1 scores of 83.7%

for ENOE and 87.0% for EM. Models were validated us-
ing stratified k-fold cross-validation to ensure generalisation
across diverse emotional classes. The ENOE model contains
approximately 125 million parameters, while the EM model
has 110 million parameters due to input truncation. Training
each model took roughly 8 GPU-hours, demonstrating de-
ployment feasibility without requiring large-scale compute.

Limitations
While the system shows strong performance in emotion de-
tection, several limitations must be acknowledged:

Figure 4: EM model architecture: RoBERTa-based multi-
class classifier that categorises messages into one of five
emotions.

• Dataset Representation: The training data is drawn pri-
marily from English language, Western-centric sources
(DailyDialog, MELD, IEMOCAP), which may limit
cross-cultural generalizability.

• Emotion Ambiguity: The EM model struggles to dis-
tinguish between semantically similar emotions, particu-
larly Anger vs Disgust.

• Limited Modalities: This system is currently text-only
and does not yet account for multimodal cues such as
tone of voice or facial expressions, which are crucial in
emotion perception.

• Fixed Context Window: The use of a static five utter-
ance context window may not always capture longer de-
pendencies or sudden emotional shifts.

• User Personalization: Emotion to colour mappings and
model behavior are not personalized, limiting adaptation
to user preferences or idiosyncratic expression styles.

• User Study Constraints: The user study sample size
(15–20) limits generalisability. All participants were En-
glish speakers, which may not reflect global communi-
cation patterns or multilingual variation in emotional ex-
pression.

Future iterations will aim to address these limitations
through multilingual datasets, voice integration, and person-
alized user feedback loops.



Summary
This methodology combines context-aware input construc-
tion, robust preprocessing, and carefully tuned training rou-
tines to support high accuracy emotion detection in messag-
ing applications. The use of dual RoBERTa models enables
the system to operate in real time while capturing the sub-
tle emotional nuances present in multi-turn digital conversa-
tions.

System Integration
Messaging Platform Integration
The system was integrated into the Signal messaging appli-
cation to enable real-time emotion-aware feedback in nat-
ural conversations. Signal was selected due to its open-
source architecture and strong emphasis on privacy. Inte-
gration was achieved without modifying Signal’s core en-
cryption mechanisms, ensuring that user privacy remained
uncompromised.

To ensure privacy and data security, all communica-
tion between the Signal client and the emotion detection
server was conducted over HTTPS, in accordance with web
security standards (Rescorla 2000). No message content
was stored or persisted, and the system operated entirely
on-device or within encrypted temporary memory, consis-
tent with Signal’s end to end encryption principles (Cohn-
Gordon et al. 2020). After inference, the system returned a
color code corresponding to the detected emotion, allowing
the message bubble in the user interface to be updated dy-
namically.

The color of message bubbles is modified in real time
based on predicted emotions. Emotion to color associations
were grounded in Plutchik’s Wheel of Emotions (Plutchik
1980), which maps core emotions to psychologically salient
hues (e.g., red for anger, blue for sadness), helping ensure
that visual cues were intuitive for users.

Frontend and Backend Architecture
The architecture comprises three key components:

• Frontend (Signal Client): A wrapper intercepts mes-
sages and manages the display of colored message bub-
bles. The interface maps emotion categories to colors
based on a predefined scheme (e.g., Anger → Crimson,
Happiness → Blue).

• Backend Server: Hosts the ENOE and EM models, han-
dles preprocessing, runs inference, and retrieves color
mappings from a local SQLite database. All communi-
cation is encrypted to ensure data security.

• Database: A lightweight database maps each emotion
class to a corresponding visual attribute (e.g., RGB hex
values). This allows easy customization and ensures con-
sistency in the user interface.

The backend system was implemented using Flask due
to its minimal setup, routing simplicity, and compatibil-
ity with lightweight deployments (Pallets Projects 2024).
SQLite was selected as the database engine to facilitate fast,
serverless queries for emotion-color mappings without the
overhead of full-scale database servers.

Real-Time Inference and Response Flow
The system was engineered for low-latency inference. Upon
message reception:

1. The message and its preceding five utterances are sent to
the server.

2. The ENOE model classifies the message as emotional or
neutral.

3. If emotional, the EM model predicts the specific emotion.

4. A corresponding color is retrieved from the database.

5. The color code is returned to the client and rendered in
the message bubble.

All model inference operations complete in under five
seconds on average, ensuring real-time responsiveness that
preserves the fluidity of user interaction. The system sup-
ports concurrent sessions, allowing multiple users to interact
without delay.

Evaluation
Testing Procedure and End to End Evaluation
To evaluate the effectiveness of both models and the inte-
grated system, we adopted a multi-stage testing approach.
Each model was evaluated on a held-out 15% subset of Dai-
lyDialog, MELD, and IEMOCAP, using consistent prepro-
cessing that preserved conversational context from five prior
utterances. Stratified batching and balanced loaders ensured
fair class representation. Beyond individual model perfor-
mance, the complete pipeline was tested end to end: input
messages passed through ENOE for binary classification,
then through EM (if emotional), and finally retrieved a cor-
responding color code. This validated the real-time behav-
ior within Signal and fulfilled functional and non-functional
system requirements.

Performance Metrics
We evaluated both ENOE (binary) and EM (multi-class)
models using standard metrics: accuracy, precision, recall,
and F1 score. Weighted averages were used for the EM
model to account for class imbalance.

ENOE (Emotion vs No Emotion)

• Accuracy: 91.3%

• Precision: 89.2%

• Recall: 90.8%

• F1 Score: 90.0%

EM (Multi-class Emotion Classification)

• Accuracy: 88.6%

• Precision: 85.1%

• Recall: 86.5%

• F1 Score: 85.8%



Model Accuracy Precision Recall F1 Score

ENOE (Ours) 91.3% 89.2% 90.8% 90.0%

EM (Ours) 88.6% 85.1% 86.5% 85.8%

GoEmotions (Demszky et al. 2021) 77.0% 75.2% 76.1% 75.5%

IEMOCAP (Busso et al. 2007) 85.0% 83.0% 84.5% 83.7%

Table 2: Comparison with baseline emotion detection mod-
els.

Model Benchmark Comparison
Error Analysis
A confusion matrix analysis revealed common misclassifi-
cations:

• Anger and Disgust were frequently confused.
• Fear was often mistaken for Sadness.
• Happiness achieved the highest precision.

Figure 5: Confusion Matrix for EM model on multi-class
emotion classification.

Misclassified examples were saved and reviewed manu-
ally. Sarcastic or ambiguous messages, and those with over-
lapping emotional tones, often caused errors particularly for
Fear and Disgust. Precision-recall curves were also gener-
ated per class to assess trade-offs in false positives and neg-
atives.

User Study Results
We conducted a user study with 15–20 participants to evalu-
ate usability, accuracy perception, and user satisfaction. This
small sample size aligns with exploratory usability studies
and prioritizes qualitative insight over scale. The study in-
cluded pre and post use surveys after participants interacted
with the integrated Signal system.

Question Common Response

Messaging apps used WhatsApp, iMessage, Messenger

Perceived usefulness of emotion detection Moderately useful

Privacy concerns Data anonymization, emotional data misuse

Expected accuracy 70–90%

Table 3: Pre-Use Survey Results.

Question Average Rating (1–10)

Ease of Use 3.4

Accuracy Perception 3.3

Satisfaction with Emotion Feedback 6.0

Likelihood to Recommend 5.2

Table 4: Post-Use Survey Results.

Key Observations:
• Real-time emotional feedback via color-coded bubbles

was praised.
• Accuracy ratings were lower than expected, especially on

older devices.
• Participants raised privacy concerns, despite encrypted

communication.
• Suggested improvements included a tutorial, customiz-

able UI, and multilingual support.

System Testing and Latency
We validated the complete system on Signal with real mes-
sages and monitored response times. Testing also mapped
back to functional and non-functional requirements.

Test Case Expected Outcome Result

Message Transmission Secure via HTTPS Passed

Emotion Classification F1 ¿ 85% Passed

Color Feedback ¡5 sec latency Needs Optimization

Cross-Device Support Latest Android / Desktop Issues on Older De-
vices

Table 5: System Testing Outcomes.

Hyperparameter Optimization
We used Optuna to tune learning rates, batch sizes, and
warmup steps. Weighted F1 score was the primary optimiza-
tion metric. Training and validation losses were monitored,
with early stopping and learning rate scheduling (ReduceL-
ROnPlateau) applied.

Model Learning Rate Batch Size Best F1 Score

ENOE (Binary) 2.006e-05 32 83.7%

EM (Multi-class) 2.008e-05 32 87.0%

Table 6: Optimized Hyperparameters after tuning with Op-
tuna.

Summary
The evaluation confirms that the dual-model architecture of-
fers strong performance for real-time emotion detection in
messaging. While ENOE reliably distinguishes emotional
content, EM captures fine-grained categories with high fi-
delity. User feedback highlights valuable directions for us-
ability and responsiveness improvements, and the system
meets core technical requirements for latency, security, and
accuracy. The insights from confusion matrices, error in-
spection, and PR analysis lay the foundation for future re-
finements in multilingual, context-aware, and personalized
emotion feedback systems.



Ethical Considerations
The integration of emotion detection into messaging appli-
cations introduces both promising capabilities and critical
ethical challenges. Given the sensitive nature of emotional
inference from personal communication, this system was de-
signed with a privacy by design approach, emphasizing au-
tonomy, transparency, and minimal risk of misuse. This sec-
tion outlines the key ethical concerns and the corresponding
mitigation strategies implemented.

User Autonomy and Emotional Manipulation
Emotion detection systems can influence user behaviour by
making emotional signals more visible. In this system, de-
tected emotions are mapped to colour-coded message bub-
bles within the Signal app. While this offers intuitive feed-
back, it may also shape how users interpret messages or tai-
lor their own expressions, risking emotional manipulation or
reinforcement biases (Gremsl and Hödl 2022).

To safeguard autonomy, the system:

• Does not alter message content or deliver external feed-
back beyond the visual bubble change.

• Offers emotion feedback as assistive rather than prescrip-
tive, reinforcing user judgment rather than replacing it.

• Is designed to be opt-in only, ensuring users retain full
control over emotional insights.

Privacy, Consent, and Local Processing
The deployment context within Signal an end to end en-
crypted messaging app ensures a high privacy baseline
(Cohn-Gordon et al. 2020). All emotion inference in this
project occurred locally, with no raw or processed emotional
data transmitted or stored externally. For real-world use, the
following privacy safeguards are essential:

• Local inference only, avoiding cloud-based processing
or third-party transmission.

• Explicit consent mechanisms during onboarding, in-
forming users of the functionality and limitations of emo-
tion detection.

• Opt-out and disablement options readily available
within the user interface.

• No logging of emotional predictions, preserving the
ephemeral nature of user emotions.

These measures align with the Ethics Guidelines for
Trustworthy AI proposed by the European Commission
(Commission et al. 2019), emphasizing transparency, human
agency, and data governance.

Bias, Fairness, and Representation
The datasets used DailyDialog, MELD, and IEMOCAP pri-
marily reflect English speaking, Western cultural norms (Po-
ria et al. 2018; Li et al. 2017; Busso et al. 2007). This intro-
duces potential biases in how emotions like anger, sadness,
or fear are expressed and interpreted. To reduce this risk:

• Multiple datasets were combined to diversify linguistic
and contextual sources.

• Minority emotions (e.g., Fear, Disgust) were upsampled
using class balancing techniques.

• Emotion labels were harmonized across sources to mini-
mize annotation discrepancies.

Nonetheless, future iterations must expand dataset diver-
sity to better represent different languages, regions, and cul-
tural norms. Without such inclusion, systems risk ampli-
fying misinterpretation for underrepresented groups (Gebru
et al. 2021).

Risk of Misuse and Emotional Profiling

If improperly integrated into broader ecosystems, emo-
tion detection systems can be misused for surveillance, be-
havioural profiling, or manipulation especially if linked to
targeted advertising, hiring, or content moderation (Gremsl
and Hödl 2022).

Although this project keeps all emotion detection on-
device, future deployments must:

• Avoid integration with profiling services or third-party
analytics.

• Enforce strict data minimization principles.

• Include clear user-facing disclaimers on the limitations
of emotion inference.

Emotion detection must never be repurposed for coercive
or opaque decision making.

Societal Impact and Human Oversight

While the goal of this system is to improve emotional aware-
ness and reduce miscommunication, it risks encouraging
over-reliance on algorithmic interpretations of human feel-
ings. This can diminish emotional intuition or create ten-
sions when predictions misalign with user self-perception.

To mitigate these outcomes:

• The system is framed as a supportive tool not an authori-
tative interpreter.

• Future versions should incorporate educational prompts
that guide users in interpreting detected emotions criti-
cally.

• Human oversight must remain central, especially in ap-
plications touching on mental health or interpersonal
communication.

Summary

Emotion-aware systems can enrich digital communication
but also carry ethical risks if designed or deployed care-
lessly. This work embeds safeguards throughout from local
processing and informed consent to class balancing and cul-
tural bias mitigation while acknowledging the need for con-
tinued scrutiny. Ensuring privacy, fairness, and user auton-
omy remains essential for the responsible advancement of
emotional AI.



Conclusion and Future Work
This work presents a temporal, dual-model pipeline for
real-time emotion detection in text messaging, built on
RoBERTa. A binary classifier first determines the presence
of emotion, followed by a multi-class model that identifies
specific emotional states. By leveraging temporal context
from prior utterances, the system improves interpretability
and accuracy over traditional single-shot models. Across in-
tegrated datasets DailyDialog (Li et al. 2017), MELD (Poria
et al. 2018), and IEMOCAP (Busso et al. 2007) the mod-
els achieved strong performance (F1-scores of 91.3% and
88.6%, respectively) while maintaining inference times un-
der five seconds.

This approach bridges the gap between emotion recogni-
tion research and practical deployment in everyday commu-
nication. A user study involving 15–20 participants found
that over 80% perceived the emotional feedback as help-
ful, supporting findings that emotional cues enhance digital
communication (Wang et al. 2016). The integration of con-
textual utterances further confirms the importance of tempo-
ral information in emotion recognition (Poria et al. 2017).

However, challenges remain. Differentiating between
overlapping emotional categories such as anger and disgust
continues to be a limitation, echoing findings in emotion
classification literature (Demszky et al. 2021). Additionally,
the fixed emotion to colour mapping was perceived by some
users as overly rigid, suggesting a need for personalization.

Future work will address several directions:

• Voice and Multimodal Support: Integrating speech-
based emotion detection (Tzirakis et al. 2017) and multi-
modal features (e.g., tone, facial cues) can enhance accu-
racy in real-world interactions.

• Cross-linguistic and Cultural Adaptation: Current
models are trained on English-language data. Expand-
ing to multilingual datasets will allow broader applicabil-
ity and address cultural variance in emotional expression
(Gremsl and Hödl 2022).

• User Personalization: Introducing customizable emo-
tion to colour mappings and fine-tuning based on indi-
vidual communication styles could increase usability and
emotional alignment.

• Model Compression and Optimization: Applying dis-
tillation, quantization, or pruning methods (Loshchilov
and Hutter 2018) may improve latency and deployment
feasibility on mobile or low resource devices.

• Ethical Design and On-device Processing: Retain-
ing all emotion inference locally supports data privacy
(Cohn-Gordon et al. 2020) and aligns with responsible
AI practices (Commission et al. 2019; Gebru et al. 2021).

In sum, this study demonstrates the feasibility and
promise of temporal emotion detection in messaging appli-
cations. With continued improvements in robustness, per-
sonalization, and ethical deployment, such systems can en-
hance emotional intelligence in digital communication while
safeguarding user trust and autonomy.
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