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Stress, anxiety, and other emotional issues have become more prevalent in modern society. Mental health is a concern surfacing
globally, impacting individuals across various demographics. These emotional issues often go unnoticed as people tend to
overlook any signals of deteriorating mental health and intense activity overload. This experimental classification study evaluates
the technical feasibility of a lightweight fine-tuned LLM for emotional classification using textual semantic analysis. Here,
we use Al-driven textual semantic analysis to identify underlying emotions without requiring users to self-report. To train
our model, we used the GoEmotions dataset, which contains over 50,000 sentence samples classified by emotion. We trained
and fine-tuned the LLaMA model with 1 billion parameters to accurately classify the emotion expressed in a sentence. In
addition, we applied 4-bit quantization and Low-Rank Adaptation (LoRA) as fine-tuning techniques to optimize resource and
memory bandwidth usage. In our preprocessing pipeline, we analyzed the data and removed duplicates and irrelevant samples
from our training process. Ultimately, our training yielded a 62.44% general classification accuracy. These results indicate
moderate performance of our model, demonstrating its current limited reliability in emotion classification while also illustrating
its potential for improvement with further modifications. Despite thorough development, our research has a few limitations
that need further future work. We achieved only 62.44% accuracy, indicating that some element of our approach requires
improvement. In addition, the data we used were not specific to any particular group (e.g., adolescents, a major group that faces
well-being issues), making this solution rather unspecialized. Although it’s generalizable, our research focuses only on textual
analysis. In the future, voice analysis could potentially serve as a better approach to inducing awareness of such issues. Also, in
our dataset, many classifications were neutral, potentially causing the model to become biased towards this classification. These
all serve as experiences that will support improvement in future works. Ultimately, our research showed that the LLaMA model
with 1 billion parameters performs moderately well at classifying emotional data but requires modifications to truly improve and
be applicable in the real world.
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Introduction rather the many events of daily life that elevate and sustain ac-

tivities of physiological systems and cause sleep deprivation,
Being able to handle our emotions and manage stress helps overeating, and other health-damaging behaviors, producing
keep us productive. But the truth is, stress doesn’t usually  the feeling of being stressed out”. Individuals often lack the
hit all at once; it builds up quietly. In a (study by Sawyer  self-awareness to recognize when they are overwhelmed, and

et al."), adolescence is considered the optimal period for de-  the accumulated stress manifests as poor performance (e.g.,
veloping skills and building a strong foundation for the fu-  physical and/or academic/professional) and detrimental emo-
ture. However, the constant stress and overload of daily de-  tional regulation. This can eventually lead to serious issues:
mands adolescents face inhibit their ab111ty to flourish intel- physical exhaustion and other medical problems_ Moreover’

lectually, physically, and/or mentally. Furthermore, stressors  finding a solution that addresses these challenges for a vari-
have a major influence upon mood, behavior, and individuals  able population with a singular approach is difficult. To that
don’t always recognize when they experience frequent over- end, concerns of the lack of personalized treatment will arise.
load or why. As exhibited in a (study by McEwen?), “it is  That said, advancements in Machine Learning (ML) provide
not just the dramatic stressful events that exact their toll, but a variety of opportunities for personalized support. For in-
stance, an ML algorithm can use pattern recognition of re-
! Northern Highlands Regional High School, cent activity (e.g., excessive studying, working and/or insuffi-

2 I 1A% 1 . . . .
| University of Cambridge, cient exercise) specific to the user to assess whether the user is
> University of Oxford.
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overwhelmed. Alternatively, implementing textual semantic
analysis in a Natural Language Processing (NLP) algorithm
can assist in detecting negative emotions in textual responses
and may support future emotion recognition systems, pending
validation. This intersects with many studies evaluating NLP
scoping protocols for screening occupational stress (study by
Bieri et al. 3), broader framework reviews for Depressive disor-
ders (study by Teferra et al.*). There are many modern studies
focused on deploying passive Al detection strategies for work-
place burnout (study by Rana et al.”), and systematic research
around NLP processing for mental health interventions (study
by Malgaroli et al.®). In any case, adaptive ML algorithms
represent a step forward in this journey.

A pattern recognition algorithm can help assess effort levels
during activities (e.g., studying or working long hours). This
project aims to share a preliminary technical framework for
automated emotion recognition from text. While the model
shows potential in classifying emotional patterns, its current
performance is not suitable for clinical use. Here, we explore
how our modifications and methods enhance the efficiency of
our algorithm’s development and deployment. Lastly, we aim
to detect emotions indirectly: we detect them in written text
rather than requiring the user to provide them. This is meant
to reduce possible bias in the moment. In addition, the goal
is for the algorithms to engage in conversation to help classify
their emotions. Specifically, an Al-driven semantic analysis of
text identifies emotions without requiring users to self-report
their mood, as they may not fully comprehend their emotional
state. The purpose of this study is to assess the accuracy of a
1B-parameter (LoRA + 4-bit) model in identifying 28 distinct
emotion categories, providing a foundation for future systems.
To ensure the model can run on standard consumer hardware,
this study utilizes 4-bit Quantization and Low-Rank adapta-
tion (LoRA). Quantization compresses the model’s data to re-
duce memory usage, while LoRA fine tunes only a subset of
parameters. These techniques help avoid the need for high
cost computing power.

Literature Review

Several prior studies have explored the impact of ML algo-
rithms on emotional and physical health. However, while
these studies show potential, there are still several limita-
tions, especially regarding the clinical impact of these models,
which may not accurately reflect the results for the issues they
address. They serve as learning opportunities that showcase
many alternative approaches to project success. A study con-
ducted by Yang et al.” collected self-reported symptoms and
mood data from students in China. The researchers aimed to
determine whether a logistic regression model can predict fu-
ture symptoms. The results reveal that positive and negative
emotion variability, the two main factors, played an essential

role in predicting symptoms in a Logistic Regression Model.
However, self-reported data may introduce bias due to extreme
responses.

A study conducted by Russell et al.® aimed to determine
whether Al models (e.g., Convolutional Neural Networks) can
be paired with acceleration sensors to model and predict phys-
ical and cognitive burnout. They analyzed one healthy individ-
ual to determine if this methodology works. As a result, this
study demonstrated that collaboration between a sensor and a
CNN model can provide a remarkably accurate model of phys-
ical and mental exhaustion. However, the study’s method of
testing only one individual raises concerns about the general-
izability of the results, as they may not be representative of a
larger group. A (study by Penchina et al.?) proposed an RNN
(Recurrent Neural Network)/LSTM(Long Short-Term Mem-
ory) classifier that can recognize states of anxiety in autistic
and neurotypical groups using continuous electroencephalog-
raphy (EEG) signals. The deep learning model had incredible
results. For classification between anxious and non-anxious
classes, the model achieved an accuracy of 90.82% accuracy.
In addition, it also achieved an average accuracy of 93.27%.
Although this outcome is exceptional, the study group con-
sisted solely of adolescents. Thus, it will be difficult to gen-
eralize these results to adults or to any age group outside
those tested. Most of the studies presented above rely on self-
reported data, increasing the risk of bias; when subjects pro-
vide their own data, responses may be more extreme than what
is truly representative of their emotional state. The approach
in this study differs: the model, when utilized by a user, does
not require the user to state their current mental status. Instead,
the model evaluates how users approach particular questions,
both general and critical thinking, using those responses to an-
alyze their emotions.

That said, recent advancements in deep learning have trans-
formed the view of automated text-based emotion analysis.
Researchers have deployed hybrid learning architectures for
generalized psychiatric disorder tracking (study by Aina et
al.'%) and specialized frameworks like nBERT to map subtle
emotional trajectories in psychotherapy transcripts (study by
Rasool et al.'!). Newer approaches are being used to evalu-
ate multimodal inputs through multimodal instructional align-
ments, such as Emotion-LLaMA (study by Cheng et al.'?)
and ensemble multi-transformer voting architectures for de-
pression screening (study by Kasap et al.'3). Together, these
approaches show the shift towards leveraging Large Language
Models within mental health scoping initiatives (study by Jin
etal.!®).

Methodology

Our research is an experimental study aimed at evaluating the
performance of a fine-tuned model in correctly classifying un-
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Figure. 1 Visual Abstract - This details the research pipeline: preprocessing the data by removing duplicates/irrelevant samples (GoEmotions
dataset), converting the data to model-specific format (Alpaca style), splitting the data (80/20), selecting the model (LLaMA 1B), training the
model (LoRA + 4-bit quantization), and evaluating the model (Accuracy, F1, Precision, Recall).

Table 1 Various studies conducted on emotion detection

Study Dataset Used Method/Model Results (Accuracy/F1)  Key Limitation

Penchina et. al (2020) EEG Signals RNN/LSTM 90.82% (Anxiety Restricted to adolescent autistic/
(Adolescents) classification) neurotypical groups

Russell et al. (2021) Acceleration sensor CNN High fatigue prediction Tested only on one individual

Yang et al. (2025)
Current Study

Self -reported mood

GoEmotions (Text)
(LoRA + 4-bit)

Logistic Regression
Fine-tuned LLaMa 1B

accuracy
Predictive of symptoms

62.44% (Macro-average
accuracy)

Self-reporting bias
Non-specific dataset (not
segmented by age group)

derlying emotions in textual data. The goal is to determine
how well textual semantic analysis can help with awareness
of emotional well-being. We analyzed results after training
the model (LLaMA 1B) on textual data from the GoEmotions
dataset. This study is intended to establish a baseline for emo-
tion classification performance with a lightweight, fine-tuned
model using resource-conscious techniques such as LoRA and
4-bit quantization. We assessed this model mainly based on
accuracy, precision, recall, and F1 scores

Data Description

The Kaggle GoEmotions dataset, uploaded to Hugging Face
as GoEmotionsAlpaca,Final15, was used in this research.
The dataset’s features comprise 28 categories—27 represent-
ing emotions and one neutral. The annotation protocol we
used in our research was the same as what Demszky et al. '®

used in their GoEmotion dataset. Each of the approximately
54,000 samples had a single classification from the 28 pre-
sented categories. Given a text, whether a few words or a
sentence, the task was to predict the emotion it conveys. De-
spite the feasibility of this approach, several ethical considera-
tions were taken into account. Initially, voice recognition was
preferred over textual analysis. However, collecting adequate
voice data for this project would have raised significant ethical
concerns, such as potential privacy invasion if the model inad-
vertently leaked personal voice data. To reduce such concerns
and mitigate ethical risks, a model based on textual rather than
voice analysis was developed.

Preprocessing

Although the initial dataset had around 58,000 samples, the
outliers and excess irrelevant samples were removed. We dis-
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Figure. 2 This bar chart shows the raw number of samples in the
dataset for each part of the process: training, validation, and testing.
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Figure. 3 This chart shows the frequency of each of the 28
emotions in the dataset

carded about 4,000 (7%) multi-label entries and used only
single-label entries. Because this study was designed as a
single-label classification task, comments with more than one
emotion label were excluded rather than collapsed into one la-
bel. No tie- resolution rule was applied because multi-labels
were not converted; they were removed. This resulted in a
polished dataset of about 54,000 (93%) samples (post-filter
distribution shown in Figure 3). Despite these changes, the
features in the original dataset remained unchanged. The orig-
inal 28 categories — 27 emotions and 1 neutral — were also
applied to the cleaned dataset. To adapt this dataset for an
LlaMA model (e.g., LlaMA-3.2 1B), we reformatted it into
dialog format. The structured conversation format uses spe-
cial tokens that the model is trained on. It uses tokens like ‘<
begin_of_text >, < start_header_id >, < end_header_id >, and

<eot_id > to structure turns in a conversation between user,
assistant, and system. For our training processes, we leveraged
an 80/20 split for training and testing data. We proposed this
split because the model can gain exposure to a wide variety
of examples for training — 80% of the samples—while still
receiving sufficient assessment—20% of the data is allocated
to testing the model. In terms of the dataset, the GoEmotions
dataset we used was already partially cleaned (e.g., removal of
the majority of vulgar words and general duplication removal),
and our conversion of the dataset to Alpaca style further for-
matted it: we removed usernames and other unnecessarily in-
vasive data that were not required for the goal/task

Model Selection

The unsloth/Llama-3.2-1B-Instruct-bnb-4bit model '” was se-
lected for fine-tuning. This approach was found to be highly
suitable, as it effectively fulfills the intended purpose while
requiring minimal resources. Compared to other Llama mod-
els with 7 or 13 billion parameters, this model trains much
faster and is significantly more efficient at emotion classifica-
tion. A model for emotion classification does not necessar-
ily need widespread general knowledge—a feature relevant to
larger models. Instead, an efficient model for analyzing lan-
guage and emotion patterns is preferable for this task.

The model initially used 32-bit weights, which proved in-
efficient and superfluous for this application. Deploying op-
timization routines for granular datasets often presents com-
putational issues. To work around this, parameter-efficient
methods such as low-rank matrices or low-bit quantization
are leveraged to map subtle emotional trajectories across
downstream behavioral health datasets (study by Kermani et
al.'®). Therefore, 4-bit quantization was applied, reducing the
model’s parameter size to 4 bits. The 4-bit quantized model
was selected to optimize memory bandwidth and fine-tune the
model. Additionally, the model was already trained on in-
structional data, demonstrating its utility for emotion classifi-
cation and for recognizing conversation patterns. This strat-
egy is similar to implementations evaluating parameter effi-
cient LLaMA and LoRA fine-tuning combinations for cus-
tom emotional mapping (study by Yacoubi et al.'®). By us-
ing these methods and framework, developers can construct
an Al powered mental health utility that prioritizes local ex-
ecution for data privacy preservation (study by Bagane et
al.?%). This builds upon fundamental methodologies using
deep learning configurations for text-based emotion indexing
(study by Bharti et al.?!) and extraction of affective vocabu-
lary signatures to detect depressive burnout variants (study by
Haug et al.??).

The model’s ultimate capabilities are what make it valuable
for our purpose. It is faster and uses fewer resources for text
analysis, demonstrating remarkable token efficiency. Also, it
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is proficient at identifying emotions in text, which is directly
related to our final goal. Finally, it is strikingly compatible
with LoRA and Unsloth fine-tuning. Both of these features
enable faster training and more efficient use of resources while
maintaining outcome quality

Implementation

The project implementation was conducted entirely in Python,
a programming language commonly used for artificial intelli-
gence applications. Code was developed and tested in Google
Colab, providing a user-friendly environment for tracking re-
source usage and ensuring the effectiveness of resource-saving
processes. Several Python libraries were utilized to enhance
model performance, including SciKit-Learn for evaluation
metrics, PyTorch for main code execution, and Matplotlib for
visualizing various project features.

Google Colab’s A100 GPU was used for the main code
execution, while the T4 GPU was used for testing smaller
components of the processes. The CPU provided by Colab
was avoided, as it proved ineffective for training and testing
on models of this size (1B parameters). To further ensure
resource efficiency, LoRA adapters were trained and imple-
mented. This approach freezes the base model’s parameters
and incorporates new adapters for task-specific tuning—in this
case, emotion classification. Finally, Ollama was used to host
and run the model locally, providing a user-friendly interface
similar to commonly used LLMs.

Results

Performance Metrics

Accuracy, precision, recall, and F1 score are crucial metrics
for evaluating the trained model. We macro-averaged all the
metrics across all 28 emotion classes.

Accuracy score: Describes how often the model’s predic-
tions were correct out of all predictions

Macro Precision Score: Describes the average proportion
of correct classifications per emotion class

Macro Recall Score: Describes how often the model cor-
rectly classified an emotion out of all occurrences of that class
in the dataset

Macro F1-Score: Balance of both the Precision and Recall
scores

Results (Metrics)

A right-tailed binomial probability significance test yielded
statistically significant results. For context, the probability
that the model classifies correctly through random guesses is
1/28 = 3.57%. The significance test was conducted to deter-
mine the probability that the model achieved an accuracy of

Table 2 Final Metrics Wilson Score method, n = 4,545

Metric Score 95% CI

Accuracy 0.6244 (0.6102, 0.6384)
Macro Precision 0.5395 (0.5250, 0.5540)
Macro Recall 0.5080 (0.4935, 0.5225)
Macro F1 0.4964 (0.4819, 0.5109)

62.44% if it were truly guessing randomly. Since the proba-
bility of this happening was below any reasonable significance
level, we can reject the hypothesis that the model achieved this
accuracy by simple guessing, supporting the conclusion that
the model learned patterns in the data.

Confusion Matrix (Closed-Set)

[ R AL N A S |

Figure. 4 This is the confusion matrix for the 28-emotion
classification task.

This diagram shows how often the model correctly pre-
dicted an emotion for each class. We observe a strong off-
diagonal pattern in this confusion matrix. One unique pattern
we see is that the model classified neutral correctly most of
the time, while performing poorly on other classes.

Ultimately, we observe that the model performed moder-
ately, with 62.44% accuracy and a macro F1 score of 0.4964.
The resulting macro F1 score demonstrates that the model per-
formed inconsistently across all classes. The accuracy indi-
cates that the model sometimes correctly classified emotions
but often made incorrect predictions. As we saw in our con-
fusion matrix, there was a pronounced off-diagonal pattern,
further supporting the idea of poor performance across most
classes. However, one key issue we identified is that the model
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Per-Class F1 Scores with 95% Confidence Intervals
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Figure. 5 The diagram above shows the F1 scores per class for emotion classification, with 95% confidence intervals calculated using the
Wilson score method. As shown in the diagram, the model’s performance varies significantly across classes, and the dotted red line indicates

the macro F1 score.

performs significantly better when predicting the neutral class
than when predicting other classes.

As previously mentioned, the F1 score indicated substantial
inconsistency in the model’s performance across all classes.
We see decent performance in classes such as gratitude,
amusement, admiration, and love. This indicates that the
model often predicted these correctly. On the contrary, we ob-
serve many classes in which the model performed relatively
poorly. These classifications include grief, relief, pride, real-
ization, and annoyance, which had particularly low F1 scores.
Overall, this model shows some potential, as it was able to
classify certain emotions correctly. However, there is a clear
need for improvement, calling for modifications that can en-
hance the model’s overall performance across all metrics and
potentially be applicable in the real world.

This is where our algorithm is integrated with Ollama and
runs locally on our computer.

Discussion

The overall results show decent performance, with 62.44% ac-
curacy and a macro F1 score of 0.4964. This indicates that
the model correctly classified the emotions more than half
the time. However, for over one-third of the classifications,
the model’s classification was incorrect and did not match the
true emotion presented in the text. The model’s inconsistency
across all classes is also an issue. This suggests that the model
was more accustomed to some emotions than others. This led

Configuration

Figure. 6 This image is the final product, depicting the complete
user interface.

to many classification errors across different labels, as shown
in the confusion matrix. The model’s over-specialization to
certain classifications, particularly neutral, is most likely due
to their higher prevalence in the dataset. As shown in Fig-
ure 3, neutral constituted the majority of the data, and other
classifications also partially overshadowed minority classes.
Overall, the dataset’s overrepresentation of certain emotions
induces this bias in the model. In addition, the model may
perform better on some emotion classifications because they
are presented more clearly in the given text, whereas other
emotions are more vague, making them harder to recognize.
Furthermore, because the GoEmotions dataset consists of gen-
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eral Reddit comments, these results cannot be generalized to a
specific group. Future work must include a dataset that can be
segmented by age, emotion type, and other relevant factors to
validate the model’s effectiveness.

Limitations

Despite thorough process development and research, our ap-
proach still had multiple limitations and issues. Adolescents
are among the largest groups facing the same well-being is-
sues we are trying to address and raise awareness of. However,
the dataset we used to train our model was not adolescent-
specific. The comments were from general Reddit posts, not
separated by age group. This means we do not have sufficient
evidence to prove that this works particularly well for a spe-
cific group. Another major issue we faced is that the accuracy
and macro F1 score were only 62.44% and 0.4964, respec-
tively. These low performances demonstrate that this potential
solution is not yet ready for real-world applications due to its
limited reliability. One reason for this limited reliability is that
we restricted this model’s scope to interpreting textual data. If
we train a model using similar methods but focus on voice
analysis, we may obtain more accurate data, thereby yield-
ing a more reliable product. We also did not perform cross-
validation, which would further substantiate the model’s sta-
tus on reliability. This study did not include a full fine-tuning
baseline or a direct GPU memory comparison, so the use of
LoRA and Quantization is limited to a resource-conscious op-
tion rather than experimentally validated efficiency improve-
ments. Ultimately, these limitations serve as lessons for future
work to help us focus our solution on adolescents, establish an
equally representative dataset, and more rigorously evaluate
the model to ensure its robustness in real-world applications.

Conclusion

This project demonstrated a technical framework for auto-
mated emotion detection. While the model shows potential
in classifying general text, its current accuracy is not suit-
able for medical purposes or burnout prevention in specific
groups like adolescents etc. A technology-focused approach
was adopted to develop an Al-driven algorithm capable of de-
tecting specific emotions. This provides individuals with an
option to identify their emotions, preventing perception bias—
bias introduced by information received through a warped
perspective—while also reducing the cognitive effort required
to obtain an emotion classification. This is a baseline user-
friendly tool that may support emotion recognition systems
pending further validation.

The dataset consisted of approximately 54,000 samples, an
optimal quantity for processing with a 1B-parameter model.

However, this led the model to be trained and evaluated more
frequently on certain words, since some emotions occurred
more often in the dataset than others. Despite this minor
inconsistency, no significant issues were observed, and all
quantities—dataset size, model parameter size, and train/test
split (80/20)—were ideal for the emotion/text classification
task.

Future work should focus on identifying alternative datasets
with significantly larger sample sizes, thereby substantially
improving model accuracy as the volume of training and test-
ing data increases. Additionally, using GPUs more efficient
than Google Colab’s T4 and A100—such as personal GPUs—
would enable more efficient model training and eliminate is-
sues related to usage limits. Resource-saving procedures have
already been deployed; further adjustments to hyperparame-
ters (e.g., batch size and epoch size) will be crucial for opti-
mizing training speed and accuracy. Expanding the applica-
tion scope is also a priority. For example, integrating phys-
ical attachments with the model could enable more efficient
tracking of adolescents’ emotions. Several sources have in-
spired this direction, notably a (study by Nghiem et al.>?) from
Cornell’s People-Aware Computing Lab, which used physical
sensors for passive data retrieval. Such approaches motivate
further expansion of impact in this area of research.

Code Availability

The code for this project is available at Link
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