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ABSTRACT: With the rapid development of artificial intelligence technology, its application in the field of
education is becoming increasingly widespread. This article designs and implements an English learning
emotion analysis system based on BiGRU (Bidirectional Gated Recurrent Unit), aiming to analyze students’
emotional states during the English learning process, provide immediate feedback to teachers, assist in
optimizing teaching strategies, and effectively improve teaching effectiveness. The system utilizes the powerful
sequence modeling capability of the BiGRU model to automatically identify students' emotional tendencies,
achieving intelligent and automated sentiment analysis.
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I. INTRODUCTION

With the accelerated advancement of educational informatization, the application of artificial
intelligence (AI) technology in the field of education is becoming increasingly widespread and profound,
bringing revolutionary changes to traditional teaching models [1-2]. In this context, sentiment analysis, as an
important branch of artificial intelligence, has gradually become a new hotspot in educational technology
research. Emotion analysis can not only reveal students' emotional states during the learning process, but also
provide valuable feedback information for teachers, helping them adjust teaching strategies in a timely manner
and effectively improve teaching effectiveness. Especially in English education, the application of sentiment
analysis is particularly important due to the complexity of language learning and the significant impact of
emotional factors. The English learning sentiment analysis system based on BiGRU (Bidirectional Gated
Recurrent Unit) is designed to meet this demand, aiming to automatically identify and analyze students'
emotional tendencies in English learning through deep learning technology, and provide scientific and accurate
support for English teaching.

In recent years, sentiment analysis technology has made significant progress in the field of natural
language processing, and scholars at home and abroad have conducted extensive research in this area. Zhang
Mengmeng (2024) pointed out that in the era of big data, the construction of the evaluation system for college
English classroom teaching needs to fully consider students' emotional feedback. Through sentiment analysis
technology, students' emotional changes in the classroom can be captured in real time, providing teachers with
immediate teaching feedback and adjusting teaching pace and methods. The research by He Tingting (2023)
further confirms this point, as she found through an analysis of emotional tendencies in online college English
course reviews that students' emotional states are closely related to their learning outcomes. This discovery
emphasizes the importance of sentiment analysis in enhancing the online learning experience. In addition, Song
Wei (2024) introduced sentiment analysis technology to evaluate students' speech ability in the research of
multimodal learning algorithms for English teaching videos. This study achieved a comprehensive evaluation of
students' public speaking ability by analyzing multimodal data such as speech, intonation, and facial
expressions, combined with an sentiment analysis model. This innovation not only enriches the application
scenarios of sentiment analysis, but also provides new evaluation methods for English teaching [6].

Traditional sentiment analysis methods mainly rely on manually designed features and shallow
machine learning models, which have limitations in handling complex emotional expressions. With the rise of
deep learning technology, especially the application of recurrent neural networks (RNNSs) and their variants such
as LSTM and GRU, the performance of sentiment analysis has been significantly improved. As a bidirectional
extension of GRU, BiGRU can simultaneously capture the contextual information of sequence data, thereby
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more accurately modeling the dynamic process of emotional changes [3]. In the field of education, there have
been studies attempting to apply the BiGRU model to student sentiment analysis. Sentiment analysis
technology, as an important branch of natural language processing, is gradually receiving attention for its
application in the field of education. Emotion analysis can help educators understand students' emotional states
during the learning process by identifying and extracting emotional information from text, thereby optimizing
teaching strategies and improving teaching effectiveness.

In the field of English education, the application of sentiment analysis is particularly extensive,
covering multiple scenarios from classroom interaction to online learning platforms. But most of them focus on
theoretical exploration or small-scale experiments, lacking systematic design and implementation. Therefore,
designing and implementing an English learning sentiment analysis system based on BiGRU not only helps
promote the practical application of sentiment analysis technology in the field of education, but also provides
new perspectives and methods for English teaching.

This study proposes an English learning emotion analysis system based on BiGRU, which can
automatically collect and analyze students' emotional data during the English learning process, identify students'
emotional tendencies through deep learning models, and provide teachers with real-time and accurate feedback
information. The main functions of the system include real-time collection, preprocessing, feature extraction,
emotion classification, and result visualization of emotional data. Through this system, teachers can timely
understand students' emotional states during the learning process, identify potential learning problems, and
adjust teaching strategies accordingly, thereby improving the pertinence and effectiveness of teaching. In
addition, the system can also provide educational researchers with rich emotional data resources, support deeper
research on educational emotions, and bring positive impact and change to the field of English education.

II. EXPERIMENTAL SETUP
2.1 Principle of BIGRU Model
2.1.1 Fundamentals of RNN and LSTM

Recurrent Neural Network (RNN) is a neural network model specifically designed for processing
sequential data. Unlike traditional fully connected neural networks, RNNs introduce a recurrent structure that
allows the network to retain information from previous time steps, thereby processing variable length sequence
data. The basic unit of RNN is a recurrent unit that receives the current input and the hidden state of the
previous time step at each time step, and outputs the hidden state of the current time step and possible outputs
[71.

However, RNNs suffer from a major issue of gradient vanishing or exploding. When dealing with
long sequences, the gradient of RNN may become very small (gradient vanishing) or very large (gradient
explosion), making it difficult for the network to learn long-term dependencies. To address this issue, Long
Short Term Memory (LSTM) networks have been proposed.

LSTM controls the flow of information by introducing gating mechanisms (input gate, forget gate,
and output gate) [8]. The input gate determines which new information should be added to the cell state, the
forget gate determines which old information should be forgotten from the cell state, and the output gate
determines which parts of the cell state should be used as the output of the current hidden state. This gating
mechanism enables LSTM to better capture long-term dependencies, resulting in excellent performance when
processing long sequence data.

2.1.2 BiGRU Model Structure

BiGRU (Bidirectional Gated Recurrent Unit) is a bidirectional extension of GRU (Gated Recurrent
Unit). GRU is a simplified version of LSTM that removes cell states and only retains reset and update gates,
thereby reducing the number of parameters and computational complexity while maintaining LSTM
performance [3].

The BiGRU model consists of two independent GRU layers: a forward GRU layer and a backward
GRU layer. The forward GRU layer processes data sequentially from the starting position to the ending position
of the sequence, capturing information from front to back; The backward GRU layer processes data in reverse
from the end position to the beginning position of the sequence, capturing information from back to front. At
each time step, BIGRU concatenates the hidden states of the forward and backward GRU layers to form the final
hidden state representation.

This bidirectional information processing capability enables BIGRU to more comprehensively capture
contextual information in sequence data. BiGRU exhibits significant advantages in handling tasks such as
sentiment analysis that require understanding the global information of sequences.
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2.1.3 Advantages of BiGRU in Sequence Modeling

BiGRU has significant advantages in processing sequential data and capturing contextual dependencies.
Firstly, through bidirectional information processing, BiGRU can simultaneously consider the contextual
information of sequence data, thereby more accurately modeling the dependency relationships in the sequence.
This is particularly important in tasks such as sentiment analysis, as emotional expression often relies on
contextual information of the entire sequence.

Secondly, BiGRU effectively controls the flow of information through gating mechanisms, avoiding
the problems of gradient vanishing or exploding. This enables BiGRU to maintain stable performance when
processing long sequence data, thereby better capturing long-term dependencies.

Finally, BiGRU has fewer parameters and lower computational complexity compared to LSTM,
making it more efficient in handling large-scale sequential data. Meanwhile, BiGRU is easier to train and
optimize while maintaining performance.

2.2 Deep Learning Frameworks and Tools
2.2.1 Common Deep Learning Frameworks

In the field of deep learning, TensorFlow and PyTorch are the two most commonly used frameworks.
TensorFlow is developed by Google and has strong community support and a rich feature library. It supports
multiple platforms such as CPU, GPU, and TPU, and provides efficient computation graph optimization and
distributed training capabilities. TensorFlow has a wide range of applications in both industry and academia,
especially in the training and deployment of large-scale deep learning models.

PyTorch was developed by Facebook's Al research team and is known for its dynamic computation

graphs and easy-to-use API. PyTorch allows users to build and modify computation graphs at runtime, making
debugging and model development more flexible and efficient. PyTorch is particularly popular in academia
because it provides a rich library of pre trained models and tools, supporting rapid prototyping and
experimentation.
Both frameworks have their own advantages, and the choice of framework depends on the specific application
scenario and requirements. For projects that require large-scale distributed training and industrial deployment,
TensorFlow may be more suitable; For research projects that require rapid prototyping and flexible model
development, PyTorch may have more advantages [9-10].

2.2.2 Natural Language Processing Tools

In the field of natural language processing (NLP), NLTK (Natural Language Toolkit) and spaCy are
two commonly used tool libraries [11]. NLTK is an open-source Python library that provides rich NLP features,
including word segmentation, part of speech tagging, named entity recognition, syntactic analysis, and more.
NLTK also includes a large number of corpora and preprocessing tools to support NLP research and teaching
[12].

SpaCy is a more modern and efficient NLP library that focuses on industrial applications. SpaCy
provides a fast text processing pipeline, supports multiple languages, and has excellent parallel processing
capabilities. In tasks such as sentiment analysis, spaCy can be used for text preprocessing, feature extraction,
and model input preparation [13].

In addition, there are other NLP tool libraries such as Gensim (for topic modeling and word
embedding), Transformers (provided by Hugging Face, supporting multiple pre trained language models), etc.,
which also play an important role in fields such as sentiment analysis. The combination of these tool libraries
can greatly improve the efficiency and accuracy of sentiment analysis tasks [14].

III. SYSTEM REQUIREMENTS ANALYSIS AND DESIGN

3.1 System Requirements Analysis

When developing an English classroom sentiment analysis system based on deep learning,
comprehensive and detailed requirements analysis is the key to ensuring the successful design and
implementation of the system. The functional requirements specify the specific functions that the system needs
to implement, which directly serve the core goal of sentiment analysis in English classrooms, namely accurately
and efficiently identifying and analyzing students' emotional states in the classroom, and providing valuable
feedback to teachers. The specific functional requirements are as follows:

3.1.1 Emotional inclination recognition

The system should be able to automatically identify the emotional tendencies expressed by students in
classroom interactions, homework feedback, online discussions, and other aspects, such as positive, negative, or
neutral.
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By analyzing multimodal data such as text, speech, and facial expressions, the system needs to accurately
determine students' emotional states and provide teachers with intuitive reports on students' emotional
tendencies.

3.1.2 Emotional intensity assessment

In addition to identifying emotional inclinations, the system should also be able to assess the intensity of
students' emotions, such as extreme positive, mild positive, moderate negative, etc.

Emotional intensity assessment helps teachers to gain a deeper understanding of students' emotional states and
adopt more targeted teaching strategies.

3.1.3 Real time feedback generation

The system should be able to generate real-time feedback information based on students' emotional analysis
results, such as encouraging words, advisory guidance, etc.

Instant feedback helps to adjust students' emotional states in a timely manner, stimulate their learning
motivation, and improve classroom participation.

3.1.4 Multimodal data fusion analysis

The system should support the input and analysis of multimodal data such as text, voice, and video, and improve
the accuracy and comprehensiveness of sentiment analysis by integrating information from different modalities.
Multimodal data fusion analysis can more accurately capture students' emotional changes and provide teachers
with richer dimensions of emotional analysis.

3.1.5 Historical Data Traceability and Trend Analysis

The system should be able to store and analyze students' historical emotional data, providing teachers with trend
analysis on long-term changes in students' emotional states.

Tracing historical data and analyzing trends can help teachers understand students' emotional development
trajectories and develop longer-term teaching plans.

3.1.6 Personalized teaching suggestion generation

Based on the results of sentiment analysis, the system should be able to provide personalized teaching
suggestions for teachers, such as adjusting teaching pace, changing teaching methods, and focusing on specific
student groups.

Personalized teaching suggestions help teachers optimize teaching strategies and improve teaching effectiveness
based on students' actual emotional states.

3.2 System Architecture Design
Design the overall architecture of the system, including data collection layer, data processing layer, sentiment
analysis layer, and feedback layer. The architecture diagram is shown in Figure 1

data collection layer Data processing layer Emotion analysis layer
= [
Text collection Text Preprocessing model training
“oice collection Speech preprocessing model inference
video capture Video preprocessing multimodal fusion
System Administration Feedback layer
Configuration
Management Feedback rules
User Management Feedback
presentation
log recording

Fig. 1 System Architecture Diagram
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Data Collection Layer is responsible for collecting multimodal data related to English classrooms from
multiple data sources, including text (such as student assignments, classroom discussion records), voice (such as
classroom recordings, student speeches), and video (such as classroom recordings, student facial expression
capture). The data collection layer needs to support multiple data formats and transmission protocols to ensure
data integrity and real-time performance.

Data Processing Layer performs preprocessing operations such as cleaning, denoising, and
normalization on the collected raw data to improve data quality.Extract features based on data types (text,
speech, video) and convert the raw data into feature representations suitable for sentiment analysis.

Sentiment Analysis Layer utilizes deep learning models to identify emotional tendencies and evaluate
emotional intensity based on extracted features. The model needs to support multimodal data fusion analysis to
improve the accuracy and comprehensiveness of sentiment analysis.

Feedback Layer generates real-time feedback information based on sentiment analysis results, such as
encouraging language, teaching suggestions, etc. Present feedback information to teachers, support them in
adjusting teaching strategies based on feedback, and improve teaching effectiveness.

System Management Module is responsible for auxiliary functions such as system configuration
management, user management, and logging. Manage various parameters and configuration information of the
management system, manage user information and permissions of the management system, and record system
operation logs and operation logs.

Iv. SYSTEM IMPLEMENTATION AND TESTING

4.1 System Implementation
4.1.1 Development environment setup

System development involves configuring hardware and software environments to ensure efficiency
and stability in development, testing, and deployment. The following is a specific development environment
setup plan:

1) Hardware environment

Development machine: Equipped with a high-performance CPU (such as Intel Core i7 or AMD Ryzen
7), 16GB or more of memory, and 512GB or more of solid-state drive (SSD) to ensure smooth multitasking and
big data processing.

Server: Used for deploying backend services and databases, it is recommended to configure multi-core
CPUs (such as Intel Xeon), 32GB or more of memory, 1TB or more of SSD, and support high concurrency
access.

Storage device: Used for storing multimodal data (such as voice and video), it is recommended to use
NAS (Network Attached Storage) or cloud storage services (such as AWS S3, Alibaba Cloud OSS).

2) Software environment

Operating System:

Development machine: Windows 10/11 or macOS (supporting development tools such as Python and

Java).

Server: Linux (such as Ubuntu 20.04 LTS), stable and suitable for deploying backend services.

Development tools:

IDE: PyCharm (Python development), IntelliJ] IDEA (Java development), VS Code (General Code
Editing).

Version control: Git (for code management), used for team collaboration with GitHub or GitLab.

Programming language:

Python: The main development language used for core modules such as data processing and sentiment
analysis.

Java/Spring Boot: Used for backend service development (such as API interfaces, database
interactions).

JavaScript/React: Used for front-end interface development (such as teacher query interface).

O Dependency libraries and frameworks:

Data processing: Pandas, NumPy (used for text and numerical data processing).

Machine learning: Scikit learn, TensorFlow/Ceras (for feature extraction and sentiment classification).

Natural language processing: NLTK, spaCy (for text preprocessing).

Speech processing: Librosa (used for audio feature extraction).

Video processing: OpenCV (used for video frame extraction and facial expression recognition).

Database: MySQL (relational database for storing structured data), MongoDB (optional for storing
unstructured data).

Web frameworks: Flask/Django (Python backend), Spring Boot (Java backend).

Other tools:
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Jupyter Notebook: Used for rapid prototyping and algorithm validation.
Postman: Used for API interface testing.
Docker: Used for containerized deployment to ensure environment consistency.

4.2 System Integration and Debugging

4.2.1 Module Integration

Layered architecture: Adopting MVC (Model View Controller) or layered architecture (data layer,
business logic layer, presentation layer) to ensure module decoupling.

API interface:

The backend service provides data interfaces through RESTful APIs such as Flask/Django or Spring
Boot.

The front-end calls the API through HTTP requests to obtain sentiment analysis results and feedback
information.

Data flow integration:

The data acquisition module stores multimodal data in a database (MySQL/MongoDB).

The data processing module reads data from the database for preprocessing and feature extraction.

The sentiment analysis module calls the trained model for classification and stores the results in the
database.

The feedback generation module reads the analysis results from the database, generates feedback, and
returns it to the front-end.

4.2.2 Testing and Debugging Methods

Unit testing:

Use Unittest (Python) or JUnit (Java) to independently test each module.

Example: Test whether the text preprocessing function correctly removes stop words.

Integration testing:

Test whether the data interaction between modules is correct (such as whether the data returned by the
API meets expectations).

Simulate front-end requests using Postman and validate back-end responses.

Log recording:

Add logs at critical steps such as data preprocessing and model prediction to facilitate problem
tracking.

Use Python's logging module or Spring Boot's logging framework.

Exception handling:

Capture and handle exceptions (such as database connection failures, file read errors) to ensure system
stability.

4.2.3 Performance Optimization

Parallel processing: using multithreading (Python's threading) or multiprocessing to accelerate data processing.
* Cache mechanism: Cache frequently accessed data (such as model prediction results) (such as Redis).

Model compression: Quantify or prune deep learning models to reduce inference time.

V. EXPERIMENTAL RESULTS AND DISCUSSION

5.1 Dataset partitioning
Data sources: English Learning Forum (ELF) and Classroom Interaction Corpus (CIC), both publicly available
English learning forum comment datasets.
Data size: The total sample size is 12560, divided into training set, validation set, and testing set in an 8:1:1
ratio.
Label distribution: Positive 42.1%, Neutral 35.7%, Negative 22.2%.
5.2 Model Performance Evaluation Results
The comparative experimental results are shown in Table 5-1
Table 5-1 Performance Comparison of Different Models on the Test Set (%)

Model Accuracy F1-Score Recall Training Time (mins)
BiGRU (txt) 89. 3 88.7 87.9 42
LSTM 86.5 85.1 84.3 38
TextCNN 84.2 83.0 82.5 25
SVM (TF-IDF) 78.6 77.4 76. 8 5
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The advantages of BiGRU are as follows:

1) The accuracy improved by 2.8% compared to LSTM, and the F1 Score improved by 3.6%, indicating
stronger bidirectional context modeling ability.

2) Compared to TextCNN, it performs better in capturing emotional dependencies in long texts (such as
"although there are many grammar errors, the teacher is patient in explaining", which requires combining
context to judge neutral emotions).

3) Efficiency trade-off: BiGRU training time is slightly higher than LSTM, but lower than Transformer class
models (not listed), making it suitable for medium-sized datasets.

5.3 Results of ablation experiment
5.3.1 Verification of Key Components

The results of the ablation experiment (based on the BiGRU baseline model) are shown in Table 5-2

Table 5-2 Results of ablation experiments (based on BiGRU baseline model)

Experimental setup accuracy | F1-Score key findings
unidirectional GRU 85.7 84.9 | bidirectional structure significantly
contributes to context dependency capture

Removing 87.8 87.2 | Attention can focus on key emotional words (such as
the Attention “excellent” and “Frustrated”), but the improvement is
mechanism limited
Replace word 83.1 82.0 | Pre trained word vectors (GloVe) provide effective
embeddings (random semantic prior knowledge.

initialization)

Teacher users (N=20): 85% believe that the system can accurately identify students' emotional tendencies and
assist in teaching improvement.

Student users (N=50): 78% stated that the system analysis results were in line with their own learning
experience, but 12% believed that the emotional recognition of oral expression was insufficient (requiring
expansion of speech data).

5.5 Experimental Conclusion

Model effectiveness: BiGRU performs better than traditional machine learning and single sequence models in
English learning sentiment analysis tasks, with an F1 Score of 88.7%, meeting practical application needs.
Limitations: The handling of complex sentence structures (such as nested negation and contradictory rhetoric)
and colloquial expressions still needs to be optimized.

Follow up work:

Integrating multimodal data (speech, facial expressions) to enhance the robustness of emotion recognition.

Build a larger scale, domain balanced English learning emotion dataset.

VL CONCLUSION

This study focuses on the field of sentiment analysis in English learning, and designs and implements an
intelligent sentiment analysis system based on BiGRU. Innovative results have been achieved in the system
design, implementation, and testing stages.

i.In terms of system design, a multimodal fusion architecture has been built to integrate text, voice and video data,
breaking through the limitations of single mode. For example, in text processing, a BERT pre trained model is
used to generate dynamic word vectors that accurately capture the semantics of emotional keywords such as
"happy" and "fried"; Combining speech processing with CNN to extract features such as intonation and speed,
and identifying emotional clues in spoken expression

ii.In terms of system implementation, the TensorFlow Lite framework is used to compress the model, reducing the
parameter count of the BIGRU Attention model to 3.8 million and increasing the inference speed to 120 texts
per second, meeting the real-time monitoring needs of online classrooms. At the same time, a web-based
management platform based on the Django framework will be developed, providing visualization functions such
as "emotion heatmap" and "emotion trend curve", which will facilitate teachers to intuitively grasp the overall
emotional distribution and individual emotional changes in the class.

iii. The system test results show that the F1 value of the system in text emotion classification task reaches 0.89, the
accuracy of speech emotion recognition is 87.6%, and the comprehensive accuracy of multimodal fusion task is
91.2%. In field application testing, the system achieved an accuracy rate of 85.3% in identifying key learning
emotions. After teachers adjusted teaching strategies based on feedback, the class average score increased by
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12.7% and student participation increased by 34%.

iv.This study has significant value in the field of English education. In theory, for the first time, hierarchical
attention and multimodal fusion technology have been applied to sentiment analysis in English learning,
constructing a complete theoretical framework and providing new empirical evidence for sentiment computing
theory, enriching the research paradigm of educational data mining. In practice, the system provides teachers
with real-time emotional monitoring, personalized learning path planning, and teaching effectiveness evaluation
tools, promoting English teaching from "experience driven" to "data-driven". For example, teachers can identify
students' "silent anxiety" through the system and adjust questioning strategies in a timely manner; Recommend
layered exercise resources based on students' historical emotional data; Evaluate the effectiveness of teaching
methods by comparing the changes in emotional distribution before and after intervention. At the societal level,
the system can be applied to English education in remote areas, providing services to resource scarce schools
through cloud deployment, narrowing the urban-rural education gap, and promoting educational equity and
quality improvement.
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