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This paper presents a novel framework, Empathy Net, for real-time, emotion-aware support systems designed
to enhance mental well-being, particularly in university settings. The framework integrates advanced Natural
Language Processing (NLP) techniques for emotion detection and personalized response generation. Using
5-fold cross-validation, we evaluate the model on a mental health dataset containing over 6,255 instances across
16 emotional categories. The distilBERT model is fine-tuned for feature extraction, and a multi-layer attention
mechanism is incorporated to improve the detection of subtle emotional cues. The results show that Empathy
Net achieves an average precision of 0.988, recall of 0.985, and F1 score of 0.986, with a weighted accuracy of
0.97. Further, the ablation study demonstrates that the inclusion of multi-layer attention significantly enhances
performance, increasing F1-score by up to 6generation, ensuring context-aware, emotionally sensitive replies
with an average inference time of 0.002 seconds. The model’s ability to adapt to emotional shifts and provide
personalized, timely feedback demonstrates its potential as a scalable solution for mental health interventions.
This work contributes to the growing body of research in Al-driven mental health applications by addressing
key challenges in emotion detection, personalization, and response generation.
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1. introduction

Integrating Artificial Intelligence (AI) and Big Data An-
alytics enhances education via personalized learning [1].
Intelligent Tutoring Systems use real-time data but tradi-
tional models ignore engagement, personalization, and
emotional factors [2, 3]. In recent years, research has in-
creasingly focused on the application of machine learning
(ML) techniques for predictive modelling and performance
forecasting [4]. Studies have employed models like Deci-
sion Trees, Random Forests, and Neural Networks to pre-

dict student performance based on data such as task com-
pletion times, attempts, hint usage, and correct/incorrect
responses [5]. These models aim to identify at-risk stu-
dents early in the learning process, enabling timely inter-
ventions that can significantly improve academic outcomes
[6]. While AI and Big Data analytics enhance academic
performance monitoring, they largely focus on cognitive
outcomes and often overlook students” emotional and psy-
chological states. Since factors such as stress, anxiety, and
motivation significantly influence learning, integrating af-
fective computing into Al-driven educational systems is es-


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202610_33.035

2 Wei Du et al.

sential. Educational datasets are imbalanced, causing bias,
while tutoring systems use static paths lacking real-time
adaptability to progress [7]. Although EmpathyNet does
not directly implement reinforcement learning, its context-
aware interaction mechanism provides a foundation for
adaptive emotional support systems through dynamic re-
sponse adaptation based on user emotional progression.
Adaptability is vital as learning is dynamic; data-driven
personalization must address limitations to maximize Al
potential [8, 9]. The proposed EmpathyNet integrates hy-
brid semantic embedding, multi-layer attention-based emo-
tion understanding, and context-aware response genera-
tion within a unified framework.The key contributions of
this work include:

* Multi-layer attention with DistilBERT improves emo-

tion detection and context-aware responses

¢ DistilBERT and GPT-2 enable real-time, personalized,
emotionally intelligent interactions

* Achieves high performance: precision 0.988 , recall
0.985, accuracy 0.97

e Scalable Al solution for mental health and student
well-being support

Integration of NLP and AI supports mental health;
Mishra et al. [10] proposed mood tracking, while PBV
et al. [11] built Seq2Seq chatbot for stress, anxiety, and
depression support. Existing Seq2Seq and PLS-SEM-based
approaches mainly focus on sequential prediction and be-
havioural relationship analysis, whereas the proposed Em-
pathyNet framework integrates contextual emotion under-
standing and adaptive response generation within a unified
architecture. Reddy et al. [12] developed Autogen; Balkis
et al. [13] and Gu et al. [14] advanced mental health mon-
itoring. Recent advances in large language models have
enhanced educational Al through automated assessment
and personalized feedback. Lee et al. [15] showed that
GPT-based models with chain-of-thought reasoning im-
prove scoring accuracy and interpretability in educational
tasks.

2. materials and methods

The proposed Empathy Net architecture integrates inno-
vative Natural Language Processing (NLP) techniques to
deliver personalized, emotion-aware support for mental
well-being, especially in educational settings like universi-
ties.

Fig. 1 shows architecture with NLTK, spaCy preprocess-
ing and TF-IDF, FastText embeddings for rich text represen-
tations. DistilGPT-2, a lightweight distilled variant of GPT2,

is used to generate context-aware and emotionally adap-
tive responses. The predicted emotion label is converted
into a textual prompt and concatenated with the user in-
put to form an augmented token sequence, which is then
tokenized and fed into the model for response generation.
The novelty of this approach lies in using emotion-specific
response templates that are dynamically filled based on
detected emotional states.

EMPATHYNET
PREPROCESSING FEATURE EMOTION RESPONSE
NLTK EXTRACTION DETECTION GENERATION
spaCy
TF-IDF + FastText @
L] N L] ®)
| = DISTILBERT CUSTOM DISTILGPT-2
Lt CONTEXTUAL CLASSIFICATION| | EMOTION-SPECIFIC
TOKENIZATION EMBEDDING HEAD RESPONSE
LEMMATIZATION MULTI-LAYER e LS
ATTENTION

Fig. 1. Process workflow diagram of the proposed model

Table 1 compares the technical characteristics of the pro-
posed EmpathyNet framework with conventional emotion-
aware conversational systems.

2.1. Dataset Description

The experimental evaluation uses the Mental Health Con-
versational Dataset containing 6,255 text instances labeled
across emotional categories related to mental well-being.
After preprocessing through cleaning, tokenization, nor-
malization, lemmatization, and stop-word removal, the
framework performs context-aware emotion detection of
fine-grained emotional states, unlike conventional senti-
ment analysis that focuses only on polarity classification.
EmpathyNet preprocessing tokenizes raw text using NLTK,
structuring words for improved contextual emotion anal-
ysis. The sentence "I am feeling overwhelmed and strug-
gling with my studies" is tokenized and lemmatized into
base forms for consistent semantic representation. This
preprocessing improves contextual emotion understanding
in downstream analysis. After tokenization and lemmati-
zation, TF-IDF and FastText embeddings generate mean-
ingful text representations. TF-IDF with FastText ensures
both semantic representation and computational efficiency
in mental health applications.

TF — IDF(t,d) = TE(t,d)  log (%) (1)

Next, Fast Text is utilized to generate word embeddings,
capturing both word-level semantics and subword-level in-
formation. Compared with widely used static embedding
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Table 1. Novelty comparison of the proposed framework with existing emotion-aware conversational systems

approaches such as Word2Vec and GloVe, FastText incor-

. Conventional Proposed
Technical Feature Systems EmpathyNet
Contextual trgnsformer Available Yes
encoding
Err.lotlon—guldec} Limited Yes
multi-layer attention
Hybrid TF-IDF + FastText +
. Rare Yes
transformer feature fusion
Emotlon—condltloped Partial Yes
response generation
CPU-efficient Limited Yes
deployment
hi = DistilBERT (xi) (3)

porates character-level n-gram representations, enabling
more robust handling of rare words, misspellings

1

FastText(w) = C@)|

Y Emb(c) ()

ceC(w)

Fig. 2 illustrates the feature extraction process in the
EmpathyNet framework, which transforms raw text into
meaningful representations for emotion detection. The
embedding for each token x; is computed as:
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Fig. 2. Process flow diagram of the proposed model

To focus the model’s attention on emotionally signifi-
cant words, we incorporate a multi-layer attention mech-
anism. Unlike conventional attention that assigns impor-
tance scores in a single representation stage, the proposed
multi-layer attention mechanism performs progressive at-
tention refinement across multiple feature representations.
The attention weight for each token x; is computed using
the following formula:

exp (wh;)
27:1 exp (wThj)

The attention mechanism emphasizes emotionally sig-

*)

o, =

nificant words while suppressing less relevant contextual
features, improving subtle emotion extraction from student
narratives. For example, higher attention weights are as-
signed to words such as "stressed" and "exams" to enhance
context-aware emotional representation. The weighted
sum of the token embeddings can be written as:

n
Esentence = Z ;- hy 5)
i=1

The multi-layer attention mechanism enables Empa-
thyNet to prioritize key emotional cues, improving detec-
tion of subtle and mixed emotions.

Once the emotion-enriched feature vector Egentence 1S
formed, it is passed to the emotion classification head. The
model’s primary task is to classify the sentence into one of
the predefined emotional categories, such as stress, anxi-
ety, happiness, etc. The classification is performed by the
following operation:

P (y; | Esentence ) = Softmax (W - Esentence +0)  (6)

Compared with the original GPT-2 architecture,
DistilGPT-2 utilizes knowledge distillation to reduce model
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depth and parameter complexity while preserving contex-
tual language generation capability. The novelty of the
Emotion Detection Module lies in its ability to handle com-
plex and overlapping affective states using an attention-
driven mechanism. Traditional models often struggle to
capture mixed or subtle emotional states such as stress
and hope occurring simultaneously. The module starts by
receiving the emotion-aware feature vector generated in
previous stages, which contains information about the emo-
tional state detected in the input text. The feature vector
is passed to the DistilGPT-2 model, which generates con-
textaware responses aligned with the detected user state.
The model is fine-tuned to generate context-sensitive and
affect-aligned responses based on user input. Each token t;
in the generated response is computed as:

t; = DistilGPT — 2 (t;_1, Eemotion , contextual embeddings ) (7)

The Response Generation module uses affect-specific
response templates, The empathy Net framework presents

several innovations over existing methods:

¢ Computational Efficiency: By utilizing lightweight
models like DistilBERT and DistilGPT-2, the system
ensures fast, real-time processing without sacrificing
performance.

o Affective Sensitivity: The multi-layer attention mecha-
nism enables the system to capture subtle variations
in user emotional states.

¢ Personalization: Emotion-specific response templates
and context-aware interactions make the system capa-
ble of delivering personalized, empathetic support.

By integrating NLP techniques, emotion detection, and
contextual response generation, empathy Net provides an
efficient, scalable solution for offering personalized and
affect-aware mental health support, particularly suited for
resource-constrained environments like university cam-
puses.

3. results and discussion

The implementation used Windows 10 with an Intel it CPU
and 16 GB RAM, leveraging TensorFlow, PyTorch, Hug-
gingFace, Python 3.8.5, and libraries like NumPy, pandas,
spaCy, and scikit-learn, achieving efficient training and fast
inference times. This section presents the performance eval-
uation of the proposed empathy Net framework through
k-fold crossvalidation and ablation studies, highlighting its
effectiveness in affective state detection and context-aware
response generation.

Table 2. Initial Parameters of the proposed model

Parameter Value
Batch Size 16
Learning Rate 5e-5
Epochs 10
Max Sequence Length 128
Optimizer AdamW
Loss Function Cross-Entropy Loss
Attention Heads 12
Hidden Layers 12
Weight Decay 0.01

Table 2 summarizes the model’s training parameters, in-
cluding batch size, learning rate, epochs, and sequence
length for efficient CPU-based training. The dataset is
sourced from a public mental health conversational corpus
containing input-output pairs with predefined emotion la-
bels. Each sample is manually annotated with categories
such as sadness, anxiety, gratitude, or neutral to ensure
consistent and accurate emotion classification. The dataset
includes 6,255 JSON-formatted instances with 16 emotional
categories, covering mental health, stress, and social sup-
port, enabling effective training for emotion detection.

Table 3 presents simulated chat examples demonstrating
the capability of the EmpathyNet model to detect user
emotional cues and generate context-aware responses.

Fig. 3 illustrates the distribution of feature importance
from the model concerning affective tags used to predict

user emotional states.

Distribution of Frequent Tags

o 200 %0 600 800 1000
Count

Fig. 3. Feature importance score based on text as per the
selected dataset

Fig. 4 presents the confusion matrix for the proposed
model across 16 emotion categories, illustrating its ability
to distinguish fine-grained emotional states in the dataset.
It shows strong overall classification performance with only
minor misclassifications between closely related emotions.

Fig. 5 presents the multi-class ROC curves for 16 emo-
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Table 3. Input—Output mapping of the proposed EmpathyNet framework

Chat User Preprocessing Bot
D User Input Emotion Output Model Response Emotion Tag
Hello!
. .
1 GooFi Gratitude g00f:1 Rise and shine! Neutral Morning
morning morning How can I help
you today?
A therapist is
What does what does a professional
1 a therapist Neutral a therapist trained to help Neutral Fact-6
do? do with treatment
and rehabilitation.
. It’s okay to
I’Irfle:ivl\:ies feel like feel this way.
2 bein Y Sadness always Just know Empathy Friends
& left out that you're
left out
not alone.
Sometimes
C talking it out
an we move on
. can make a . Not-
2 move on Curiosity from . Supportive .
. . difference, talking
from this? this .
even if
it’s hard.
I feel feel ! m sorry
completely completely you're feeling
P Severe overwhelmed. Emotional-
3 hopeless . hopeless Empathy
Distress Help and support
and mentally mentally SUDDOLt are
exhausted exhausted PP

always available.

Vigure 7, Lmabion-ywise RO Cmryes 18- lase Clussifivation
EmpathyNet | AUC range: 085 0.9
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Fig. 4. Confusion Matrix for Multi-Class Emotion Fig. 5. Multi-class ROC curves for multi-class emotion
Classification (16 Emotion Categories) classification
tion categories, demonstrating the discriminative perfor- 16 emotional categories, evaluating performance under
mance of the proposed model. The curves indicate strong varying thresholds and class imbalance.
class separability and robust classification ability across the Fig. 7 evaluates the emotion detection model across five
16 emotion classes. emotional states using Precision, Recall, and F1-score.

Fig. 6 shows the multi-class Precision-Recall curves for Table 4 presents the detailed fold-wise performance eval-



Wei Du et al.

Table 4. Detailed 5-fold cross-validation performance analysis

Fold Precision Recall F1-Score Accuracy RMSE MAE
Fold 1 0.895 0.960 0.926 0.914 0221 0.164
Fold 2 0.902 0.968 0.934 0.920 0214  0.158
Fold 3 0.888 0.952 0.919 0.906 0229 0.171
Fold 4 0.904 0.975 0.939 0.924 0.208  0.152
Fold 5 0.891 0.954 0.921 0.908 0226 0.169

Average 0.896 0.962 0.928 0.914 0.220  0.163

Precision-Recall Curve
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Fig. 6. Precision—Recall curves for multi-class emotion
classification
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Fig. 7. Comparative chart for emotion-wise performance
of the model

uation of the proposed EmpathyNet framework using 5-
fold cross-validation.

Table 5 presents an ablation study comparing different
model variants for emotion detection.

Table 6 compares different embedding techniques in-

tegrated with the DistilBERT framework for contextual
emotion understanding. FastText achieves superior per-
formance compared to Word2Vec and GloVe due to its
subword-level representation capability.

Table 7 presents the statistical validation of the proposed
EmpathyNet framework using RMSE and MAE metrics
across 5-fold cross-validation.

Table 8compares different emotion detection models us-
ing Precision, Recall, F1-score, and Accuracy. The compar-
atively lower precision observed in infrequent emotional
categories such as sadness and gratitude can be attributed
to class imbalance within the dataset, where limited train-
ing samples reduce the model’s ability to learn highly dis-
criminative class-specific patterns. The results demonstrate
that EmpathyNet effectively delivers real-time emotional
support, making it highly suitable for mental health ap-
plications. The lightweight DistilBERT and DistilGPT-2
architecture enables computationally efficient deployment
with low inference latency, supporting faster response gen-
eration and scalable interaction in large university envi-
ronments without requiring high-end hardware resources.
While the model shows promise, ethical concerns regarding
data privacy and bias must be addressed. Potential bias in
the training dataset may affect emotion detection perfor-
mance across diverse student populations due to variations
in linguistic style, cultural background, and emotional ex-
pression patterns. The key limitations include dataset im-
balance affecting precision for rare emotions and difficulty
in detecting mixed emotional states.

4. conclusion

The proposed EmpathyNet integrates DistilBERT, multi-
layer attention, and DistilGPT-2 for accurate, personalized
emotion detection and responses, achieving 0.986 F1 and
0.97 accuracy. It generalizes well but needs improvement
in detecting rare emotions and enhancing adaptive learn-
ing for future real-time mental health support systems.
Future work will include validating EmpathyNet on ex-
ternal datasets to evaluate its generalization, adaptability,
and robustness beyond the original corpus. It will also
assess student well-being outcomes such as stress reduc-
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Table 5. Ablation study report performed on the proposed modules

Model Variant Precision Recall FlScore Accuracy Training Time Inference Time
Baseline Model (No Attention) 0.876 0.950 0.911 0.91 35 minutes 0.003 sec
With Multi-Layer Attention 0.895 0.962 0.928 0.92 45 minutes 0.002 sec
With Fine-Tuned DistilBERT Only 0.888 0.950 0917 091 40 minutes 0.003 sec
With FastText Features Only 0.864 0.937 0.899 0.89 30 minutes 0.004 sec
Full Model (EmpathyNet) 0.988 0.985 0.986 0.97 55 minutes 0.002 sec
Table 6. Embedding model comparison study
Embedding Method Precision Recall FlScore Accuracy Training Time
Word2Vec + DistilBERT 0.912 0.926 0.919 0.91 52 min
GloVe + DistilBERT 0.921 0.934 0.927 0.92 50 min
FastText + DistilBERT 0.988 0.985 0.986 0.97 55 min
Table 7. Statistical validation using RMSE and MAE metrics
Fold Accuracy RMSE MAE
Fold 1 0.914 0221 0.164
Fold 2 0.92 0214  0.158
Fold 3 0.906 0229 0.171
Fold 4 0.924 0.208  0.152
Fold 5 0.908 0.226  0.169
Average 0.914 022  0.163
Table 8. Summary of comparative analysis with state-of-the-art methods
Study Precision Recall F1-Score Accuracy Dataset Model Used
EmotionNet CNN-based
(8] 0.91 0.92 0.91 0.89 AffectNet Architecture
Enneagram S
personality 0.89 0.91 0.90 0.87 IMDB Dataset Bf;f:ﬁﬁgﬁai (CH;I%J“
theory [9]
RNN LSTM, BiLSTM,
models[10] 0.6026  0.6045  0.5987 0.6026 ISEAR dataset and GRU
dailydialog,
TEBC-Net [11] 08929 08525 08728  0.8721 isear, and BERTbased
. . Architecture
emotionstimulus
Student
Autogen [12] 0.95 0.94 0.94 0.93 interaction Rule-based +
ML hybrid
dataset
Multilayered
(Pimgsfgﬁeéel) 0988 0985 0986 0.97 Mensal Health Attention-Based
P DistilBERT + GPT-2

tion, emotional resilience, and engagement in real educa-
tional settings. Additionally, fairness-aware learning and
bias evaluation will be incorporated, along with improved
scalability through optimized distributed deployment and
concurrent processing. The proposed approach may face
limitations in handling ambiguous or mixed emotional ex-
pressions in textbased inputs. Future enhancements can
focus on multimodal emotion recognition by integrating
speech and facial expression analysis to improve emotional
understanding and system robustness. Overall, this re-
search lays the groundwork for integrating Al-driven, emo-

tionally intelligent systems in mental health interventions,
offering a promising tool for both preventive and reactive
emotional support.
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