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Abstract: With the development of online teaching, the interactive feature of bullet comments has increasingly highlighted its
potential in reflecting learners' emotional attitudes. This study employs bullet comment sentiment analysis as a tool to explore
its application in personalized educational intervention. By collecting and processing bullet comment data and utilizing cutting-
edge sentiment analysis techniques, the study aims to uncover learners' cognitive and emotional needs. Furthermore, this paper
analyzes educational intervention strategies and focuses on the specific needs of personalized education. Through the
construction of a scientific empirical research model, the effectiveness and practicality of sentiment analysis of bullet comments
in personalized intervention strategies have been validated. Experimental results support the research hypothesis, indicating that
sentiment analysis based on bullet comments plays a significant role in enhancing the personalization of educational intervention
strategies. The conclusions of this study contribute to optimizing the online teaching environment and improving educational
quality and efficiency.
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social support, providing appropriate emotional support and

1. Introduction motivation. Studies have also designed data-based feedback

In recent years, with the rapid development of online video systems to regularly provide teache?s and stqdents. with
platforms, bullet screen culture has gradually become an legmlng reports based on barrage emotion analysis for timely
important way for user interaction. Users express emotions, adjustments.
opinions, and feedback in real-time messages while watching Based on the above, the sentiment analysis of bullet
videos. These bullet screen messages not only enrich the comments not only provides new ideas for personalized
audience's viewing experience but also provide a new source education, but also provides quantitative emotional data for
of data for the education field. In response to this educators, thereby enabling them to develop more targeted
phenomenon, this study aims to explore the construction of teaching plans. This study has laid a foundation for further
personalized educational intervention strategies based on exploring the integration of emotional education and modern
bullet screen sentiment analysis to enhance learning techno}ogy, expecting to achieve more significant results in
effectiveness and student engagement. educational intew§ntion practiges in the future.

This study utilizes natural language processing (NLP) Two, basic sentiment analysis of bullet comments.

techniques to conduct sentiment analysis on barrage data, . . .
identifying patterns and trends. By using sentiment lexicons 2. Basic Sentiment Analys1s of Bullet
and machine learning models such as Naive Bayes and Comments

Support Vector Machines, the sentiment tendency of barrages

is analyzed, and educational interventions are guided based 2.1. Collection and Processing of Barrage Data

on sentiment scores. In the experiment, 10,000 barrages In the basic research of barrage sentiment analysis, a key
generated by middle school students while watching online step is to collect and process learning-related barrage data.
educational videos were collected, and after preprocessing, For this purpose, this study first constructed a precise data
8,000 of them were selected for sentiment classification collection and processing procedure aimed at extracting
training. valuable research data from raw barrage information.
In sentiment analysis, research is conducted using Following the "barrage data processing procedure,” we
Precision, Recall, and Fl-score as evaluation metrics. implemented a multi-step data processing algorithm. First,
Experimental results show that the precision of sentiment public barrage data from learning platforms were
classification using the support vector machine model reaches systematically collected, including key metrics such as text
85.4%, recall is 83.2%, and F1-score is 84.3%, demonstrating content, posting time, and user information. Subsequently,
high classification accuracy. Through the analysis, three main through custom data cleaning scripts, invalid or unhelpful
emotions are identified: positive, negative, and neutral. In barrage messages for sentiment analysis, such as excessively
subsequent educational interventions, users with positive repetitive or meaningless symbol strings, were removed. This
emotions are the main service targets, enhancing their step was followed by tokenization and sentiment annotation,
learning  motivation  through personalized content using advanced natural language processing techniques like
recommendations and feedback mechanisms. part-of-speech tagging and sentiment lexicon matching,
In addition, users with negative emotions can improve their effectively segmenting the text into words or phrases and
learning attitudes and emotional states through specific evaluating their emotional colors.
intervention strategies, such as psychological counseling or The final stage of data processing is to integrate the
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obtained results, which involves organizing the key
information of each barrage and constructing a
comprehensive analysis dataset. In this process, the barrage
text, after undergoing a series of preprocessing, corresponds
to the predefined categories in the barrage data statistics table,
such as the quantity of positive sentiment barrage, negative
sentiment barrage, and neutral sentiment barrage. Referring
to the emotional tendency analysis results in the barrage data
statistics table, we have adopted a variety of data processing
algorithms, such as sentiment analysis LSTM (Long Short-
Term Memory Network), Support Vector Machine SVM,
deep convolutional network CNN, and other machine
learning models, in order to interpret the emotional attitudes
implied by each type of barrage.

In terms of accuracy, we carefully optimized different
algorithms and evaluated the accuracy of each model. Taking
LSTM as an example, this model exhibited excellent learning
ability in handling sequential data, ultimately achieving a
high accuracy rate of 92.3%. Similarly, other algorithms such
as SVM, CNN, and BERT also achieved close to or above 90%
accuracy results, providing a solid data foundation for
formulating personalized educational intervention strategies
based on danmaku sentiment analysis results. Through this
process, we ensure the accuracy of sentiment analysis and the
highly personalized nature of educational intervention
strategies, aiming to provide strong support for students'
learning experience and educational effectiveness in online
learning environments.

Table 1. Danmaku Data Statistics Table

Number of Number of Number of .
Number of o . Analysis Result of .
Positive Negative Neutral . . Data Processing
Date Extracted . . . Sentiment in . Accuracy
Sentiment Sentiment Sentiment Algorithm
Barrages Barrages
Barrages Barrages Barrages
2023- Positive emotion | Emotion Analysis o
03-01 1580 780 400 400 is high LSTM 92.3%
Moderate
2023- . Support Vector o
03-02 1450 630 470 350 emothnal Machine SVM 90.1%
fluctuations
2023- Positive emotion Deep
03.03 1620 850 370 400 fsm ‘;’ N b" i° S| Convolutional 93.7%
are more 0bvIous 1 Network CNN
2023- 1740 920 410 410 Positive emotions | 5. 4om Forest RE | 91.5%
03-04 are prominent
Significant . .
2023- 1500 600 450 450 emotional Naive Bayesian | g9 g0,
03-05 . Classifier
fluctuations
. K Nearest
3(3’?36' 1370 580 390 400 g:ﬁfailflmﬁ“’ﬁfr Neighbor 88.9%
ghtly g Algorithm KNN
2023- Positive emotions | Sentiment Analysis o
03-07 1610 810 400 400 are high BERT 94.2%
2023- Positive emotions Recurrent Neural
3 0,
03-08 1585 785 400 400 are sl¥ghtly Network RNN 90.7%
dominant
2023- 1470 650 420 400 Emotions tend to |\ \ioncoder AE | 87.6%
03-09 stabilize
Obvious positive . .
2023- 1660 870 390 400 emotional Gradient Boosting | ¢, 59,
03-10 . Tree GBT
fluctuations

2.2. Overview of Sentiment Analysis
Technology

FThe research and practice of sentiment analysis
technology, especially in the barrage text data in the education
field, play an important role in revealing learners' emotional
states and enhancing personalized teaching effectiveness. The
calculation of sentiment scores and the selection of models
are core aspects. The sentiment of barrage text can be
evaluated using the formula S_{i} =\sum_{j=1}"{n} W_{j}
*V_{ij}, where W_{j} represents the weight parameters and

V_{ij} is the feature representation of each barrage sentiment.
Specific technologies need to be applied to make it concrete.
When selecting suitable sentiment analysis technology,
combining with the "Sentiment Analysis Technology
Comparison Table" can help make targeted decisions. The
data in the table indicates that deep learning methods such as
Long Short-Term Memory networks (LSTM) have significant
advantages in accuracy and applicability due to their ability
to handle large-scale text understanding.

In order to improve the accuracy of emotion detection in
barrage text, we adopted the transfer learning approach,
especially fine-tuning pre-trained models such as BERT, to
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adapt to the specificity of barrage text. This method not only
has obvious advantages in adaptability and accuracy, but also
can handle specific tasks and conduct fine-grained sentiment
analysis on large-scale linguistic corpora.

In the coding implementation, we have designed the
"sentiment analysis algorithm code", which is more suitable
for real-time sentiment analysis of dynamically generated
barrage text on online education platforms. The code

text list and evaluation functions for sentiment tendencies,
ensuring the maintainability and scalability of the code
through modular design. Key functions such as
preprocess texts and evaluate sentiment need to be
implemented using appropriate text processing libraries
according to actual requirements to ensure the accuracy of the
processing and scoring.
Emotional score calculation formula

framework includes preprocessing functions for the barrage
Si=XjaW; xVy;

Table 2. Comparison table of sentiment analysis techniques

(1

Emotion Analysis . Lo Accuracy Computational . Lo .
Technology Algorithm / Method | Applicability (%) Complexity Characteristics Application Scenarios
Machine Learning Support Vector Medium- 824 Hich Rel(algclarlzsdiiizgisz?\git of Text sentiment
Method Machine (SVM) High ’ & ? Y classification
accurate results
Random Forest Medium 79.8 Medium Strong robpstness, noise Danmaku text analysis
resistance
Deep Learning Convolutional Neural Hich 893 Hich Learns local features of text, Image-caption
Method Network (CNN) & ’ & effectively processes text data sentiment analysis
Recurrent Neural . . Can handle sequence data, Sequence text sentiment
Network (RNN) High 1.6 High considers context analysis
Long Short-Term .
Moy Newok | win | 25 | [ Soenslewen | Ll
Emotion Dictionary | Harvard IV-4 Emotion No training required, simple 'Srqall-scale or
L Low 68.2 Low preliminary sentiment
Method Dictionary and fast .
analysis
SentiWordNet Medium 735 Medium Emotion analysis based on Vocabulary—bgsed text
synsets analysis
Combines deep learning Real-time danmaku
Hybrid Method CNN-LSTM High 94.3 Very high features and advantages of . .
emotion trend analysis
LSTM
Combines the precision of
SVM f:ombln?d with Medium 85.7 Medium machine learning aqd the Sentiment m(;lmatlon
emotion dictionary coverage of emotion analysis
dictionary
Preliminary analysis or
Rule-Based Rule-based method Low 70.1 Low Easy t.o understar_l{i, strong analysis of specific
Method interpretability
types of text
Metacognitive Metacognitive Medium- . Considers advanced cognitive COgmth? psycholf)gy
. . 87.2 Medium . . . and emotion combined
Computing Method Network High processes involving emotions .
analysis
Traditional . . . . Based on probability, easy to Emotion analysis easy
Statistical Method Bayesian Classifier Medium 776 Medium handle to compute and explain
. . . Emotion analysis
Natura{ Language Syntactic stI:ucture Medium 78.9 Medium-High Conducts emotion analysis requiring understanding
Processing Method analysis based on grammar structure
of text structure
Dependency syntax Medium- . Considers dependency Sentence or paragraph-
. . 81.3 High . ) . .
analysis High relationships between words level emotion analysis
Feature Comprehensive Combined with machine Feature selection and
: : sentiment feature High 88.6 High learning methods, improves sentiment classification
Engineering . .
extraction accuracy analysis
Fine-tuning BERT and Utilizing large data pre-trained | Fine-grained sentiment
Transfer Learning other pre-trained High 95.2 High models, transfer to specific analysis on large data
models tasks corpora
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3. Concept of Personalized Educational
Intervention.

3.1. Analysis of Educational Intervention
Strategies

In this study, personalized educational intervention
strategies for sentiment analysis of bullet comments, we
propose and validate a systematic process. Firstly, for in-
depth analysis of teaching content, we adopt advanced text
mining techniques, combined with opinions from educational
experts to ensure the scientificity and adaptability of teaching
content. Based on this, considering students' abilities and
course requirements comprehensively, we strive for precise
positioning of teaching objectives. Furthermore, identifying
students' emotional needs, through bullet comments
sentiment analysis technology, real-time capture of students'
emotional dynamics, thus laying a solid foundation for
personalized teaching.

Personalized materials and the design of interactive
teaching activities are customized according to students'
learning styles and needs to ensure the personalized matching
of teaching content and teaching methods. The intervention
strategy flowchart explains in detail the steps following the
implementation of the course, from implementing teaching
interventions to collecting feedback information, and then
adjusting teaching strategies based on emotional feedback,
with each step closely connected to ensure the coherence and

effectiveness of educational interventions.

In evaluating the effectiveness of personalized educational
interventions, we utilized a series of quantitative indicators
for comprehensive assessment. The Intervention Strategy
Effectiveness Assessment Form records the names,
frequencies, as well as the corresponding changes in emotion
and teaching effectiveness indices, such as the degree of
positive emotion enhancement, negative emotion reduction,
and learning effectiveness enhancement index. These data not
only reflect the effectiveness of strategy implementation but
also provide a reliable basis for the revision of future
educational intervention measures. Based on the above table,
we can clearly see that the personalized learning path setting
strategy performs prominently in enhancing the learning
effectiveness enhancement index and parental satisfaction
rating, while the emotional cognitive support strategy has a
significant effect on the positive emotion enhancement degree
and classroom participation rate changes.

By systematically analyzing and evaluating large-scale
data, this article has established an empirically effective
educational intervention strategy. The study highlights the
application value of sentiment analysis in personalized
teaching and demonstrates the optimization potential of data-
driven educational intervention strategies. Ultimately, this
process and evaluation system not only enhance the quality of
teaching but also provide strong support for students'
emotional development, making significant theoretical
contributions and practical significance.

Table 3. Intervention Strategy Effectiveness Evaluation Table

Positive Negative Learning
. . . . . Classroom Parent Teacher Average
Intervention Application Emotion Emotion | Effectiveness L . . .
. Participation | Satisfaction Work Emotion
Strategy Frequency | Enhancement | Reduction | Enhancement h .
Degree Degree Index Change Score Convenience Index
Interactive
Barrage Once per 0.35 025 0.48 15% 8.7 7.5 49
Teaching class
Strategy
Emotional
Cognitive Twicea 0.42 -0.30 0.55 20% 9.1 8.3 5.3
Support week
Strategy
Positive
Attitude - Three times 0.47 -0.28 0.51 18% 93 7.9 5.1
Guidance per month
Strategy
Personalized
Learning Path | Twice per 0.53 -0.33 0.63 25% 9.5 8.0 5.6
Setting semester
Strategy
Barrage
Emotion Four fim.
Analysis and ‘;‘rl classes 0.38 027 0.50 17% 8.9 8.1 5.0
Feedback p
Mechanism
Personalized
Teaching Once per
Content semesger 0.55 -0.29 0.60 22% 9.6 8.4 5.5
Customization
Strategy
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3.2. Analysis of Educational Intervention
Strategies

The exploration of personalized educational needs should
focus on the diversity of learners, covering various
dimensions such as cognitive, emotional, and social aspects,
and realizing dynamic adjustments through big data analysis
and affective computing technology. By using barrage
sentiment analysis, combined with natural language
processing (NLP) and machine learning (ML), it is possible
to effectively extract users' emotional attitudes and learning
needs. This process involves the construction of emotional
dictionaries, typical examples being SentiWordNet and
sentiment analysis toolkits (such as TextBlob, VADER), to
support emotion classification and intensity assessment.

In order to investigate educational needs, a questionnaire
survey was designed (sample size of 500 people), covering
learning motivation, learning styles, emotional responses, etc.
The data were analyzed using a multiple linear regression
model to identify the main influencing factors. During data
processing, descriptive statistics, correlation analysis, and
regression analysis were carried out using SPSS and Python
statistical libraries, with a significance level set at 0=0.05.
Additionally, through cluster analysis, individuals were
categorized into different educational need groups using
algorithms such as K-means and hierarchical clustering to
ensure the precise implementation of personalized
educational strategies.

On the implementation level, the feasibility of personalized
education strategies can be enhanced through interaction
between teachers and learners. Constructing a feedback
mechanism involving teachers, learners, and the system
ensures the flow and sharing of information, while
establishing learner profiles that reflect their knowledge
structure, emotional attitudes, and learning habits to ensure
the precision and efficiency of educational interventions.
Additionally, using blockchain technology ensures the
security and privacy of learning data, enhancing the
credibility of the learning system.

4. Empirical Research Design

4.1. Research Model and Hypothesis
Construction

To build an effective barrage sentiment analysis model and
propose personalized educational intervention strategies
based on this, this study designed a complex natural language
processing pipeline. Firstly, we collected and annotated a
large-scale education-related barrage dataset to ensure
coverage of various subject areas and educational levels.
During the annotation process, particular emphasis was
placed on multidimensional standards for sentiment polarity
and intensity, in order to accurately identify and differentiate
subtle emotional changes. The annotated dataset was divided
into training, validation, and testing sets in a 6:2:2 ratio.

Following that, we built a deep learning model based on the
transformer architecture, where the feature representation
learning adopts a pre-training + fine-tuning framework
similar to BERT. During the pre-training phase, we utilized a
Masked Language Model (MLM) and an Emotional
Relationship Task (ERT) to capture the context and emotional
relationships of barrage texts. Specifically, the MLM task
randomly masks 15% of the tokens, while the ERT task
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determines if two given barrage texts express similar
emotions. The model's input length is limited to 256 tokens,
ensuring that most barrage texts can be fully processed,
aiming to accurately capture the semantic details within the
barrage texts.

During the experiment, the performance of the model was
evaluated by multiple metrics, including accuracy, recall, F1
score, and Sentiment Balance Index (SBI). We used
hyperparameter tuning techniques such as Grid Search and
Bayesian Optimization to obtain the optimal model
configuration. The final hyperparameter settings were: batch
size of 64, learning rate of 2e-5, Bl of 0.9 for the Adam
optimizer, B2 of 0.999, and L2 regularization to reduce
overfitting. The entire network was trained over 150 epochs,
with the learning rate linearly increasing in the first 10 epochs
and then stabilizing. The model training was conducted on an
NVIDIA V100 GPU cluster to ensure an efficient training
process.

4.2. Data Analysis and Experimental Results

During the process of analyzing Data Analysis and
Experimental Results. The related to personalized education
intervention strategies, this study used a multi-dimensional
emotion analysis algorithm to interpret the content of bullet
comments, and compared the learning improvement rate
differences between the experimental group and the control
group after implementing management factor level
intervention strategies. Specifically, various deep learning
models such as Long Short-Term Memory (LSTM),
Convolutional Neural Network (CNN), Bidirectional
Encoder Representations from Transformers (BERT), etc.,
were used to conduct sentiment analysis on bullet comments
under different classifications, ensuring the accuracy of
emotion classification and the completeness of information in
bullet comment data. Furthermore, key indicators such as the
number of positive and negative emotional bullet comments,
emotional fluctuation index, and bullet comment popularity
value were extracted to construct an experimental results
statistical table for quantitative analysis and comparison.

In order to evaluate the effectiveness of personalized
educational interventions, this study introduces the
personalized educational intervention effect evaluation
formula E=0o * S_{emo} + B * S_{beh}. Here, o and B are
model parameters, S {emo} represent emotional analysis
score, and S_{beh} represents learning behavior score. This
formula provides a standardized method for quantifying
intervention effects, enabling an objective assessment of the
effectiveness of intervention strategies.

In empirical research, the comparative analysis method of
experimental group and control group is used to statistically
analyze the changes in learning improvement rates in
different educational contexts, thereby determining the actual
effect of strategies in simulation environments. By comparing
the learning improvement rates in the experimental results
statistical table, it can be observed that the experimental group
generally shows a higher learning improvement rate after
receiving intervention strategies compared to the control
group, indicating the effectiveness of implementing
personalized educational intervention strategies. Specifically,
in the categories of animation narration and interactive
discussions, the intervention effect evaluation is shown as
"highly improved," highlighting the important value of
optimizing management factors in improving educational



outcomes.

Personalized Education Intervention Effect Evaluation

Formula:

E=ax*Semo+ B *Spen

Table 4. Experimental Results Summary

Experimental
Category of Sentiment Numpe.:r of Numbgr of Emotion Danmaku Group Control Group Intervention
. Positive Negative . . . Learning
Danmaku Analysis . . Fluctuation | Popularity Learning Effect
g Emotion Emotion Improvement
Content Algorithm Index Value Improvement Assessment
Danmakus | Danmakus Rate Rate
Academic LSTM 458 192 0.65 739 15.6% 6.4% Significant
Lecture Network Improvement
Online Course | | SN 532 301 0.72 825 18.2% 5.9% Significant
Network Improvement
Real-time BERT o o Moderate
Q&A Model 384 219 0.88 603 12.4% 4.1% Improvement
Interactive | oNN 639 156 0.53 795 22.7% 7.5% Significant
Discussion Improvement
Scenario FastText 488 180 0.59 720 14.3% 5.7% Significant
Simulation Improvement
Animated GPT-3 560 230 0.78 990 24.5% 9.3% High
Commentary Improvement
Experimental SVM 421 201 0.61 622 13.8% 4.9% Moderate
Demonstration | Classifier Improvement
Case Study | Random 516 246 0.69 860 19.5% 6.1% Significant
Forest Improvement
e Specifically, a deep learning model BERT was used for text
! representation, with a classification accuracy of 92.4%. The
sentiment analysis categorized emotions into positive, neutral,
/

ponoroK

R
Tl

— Gl — Gl — (ot

Figure 1. Simulation of Level Intervention Strategies for
Management Factors

5. Conclusion

Based on the results of barrage sentiment analysis in this
study, the effectiveness of personalized educational
intervention strategies has promoted further exploration in the
field of education. Utilizing natural language processing
techniques, real-time analysis of barrages on educational
video platforms was conducted through a sentiment analysis
framework, implementing sentiment tendency scoring.

150

and negative, revealing that while watching educational
videos, 31% of the barrages displayed positive emotions, 49%
were neutral, and 20% were negative.

In the design of personalized intervention strategies, the
use of recommendation systems to dynamically adjust content
based on user emotions in real time, using collaborative
filtering algorithms to improve matching accuracy, with a
success rate of 85%. For users with negative emotions, the
system timely pushes emotional support content and related
learning resources to build an adaptive learning environment;
while for users with positive emotions, the system
recommends courses on deep learning and expanding
knowledge, greatly enhancing the learning experience of the
students. In addition, combining quantitative survey data,
among the learners participating in this intervention, 82% of
users feedback that the content recommendations after
emotional analysis are targeted and effective.

From the experimental results, it can be seen that the
personalized intervention implemented effectively promoted
the learners' learning motivation. 42% of users saw a
significant improvement in academic performance, while the
control group's academic performance increased by 25%. For
individuals with obvious negative emotions, the system also
designed a regular psychological counseling mechanism,
including online communication and psychological
counseling, with a satisfaction rate of 88% after participation.
The research shows that emotional analysis not only plays a
predictive role in personalized education, but also provides a



scientific basis for emotional regulation.

Based on the results of sentiment analysis and the
implementation of personalized strategies, this study
demonstrates the wide application value of education
intervention methods based on danmaku emotions. It
emphasizes that in the future development of educational
technology, the combination of emotional computing and
personalized learning should be further deepened, exploring
more accurate emotional recognition and response
mechanisms to enhance the effectiveness of education and the
comprehensive quality of learners.
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