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and Non-Local Students in DSE: A Case Kong Diploma of Secondary Education (DSE), collecting 1203 social media
Study of Social Media Texts and Com-
ments. Advances in Journalism and Com-
munication, 14, 25-35.
https://doi.org/10.4236/ajc.2026.141002 plore the characteristics of online public opinion patterns. The research find-

texts and comment data from Douyin and Xiaohongshu (Little Red Book) plat-
forms, employing sentiment analysis and topic identification techniques to ex-

ings reveal that overall public opinion exhibits a neutral tendency (79.8%), with
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1. Introduction

The Hong Kong Diploma of Secondary Education (DSE) has long attracted atten-
tion regarding admission boundaries between local and non-local students. Exist-
ing studies highlight the impact of Hong Kong’s role as an education hub under
the Greater Bay Area strategy (Lo & Li, 2023), the persistence of examination-
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oriented culture, and the tensions arising from borrowing assessment policies.
With the rise of social media, educational policy discussions now form complex
online opinion landscapes, showing emotional polarization (Yu et al., 2021). Re-
views on social media sentiment analysis, curriculum alignment with sustainable
development goals, and adolescents’ aspirations (Tsui et al., 2019) provide im-
portant background. Methodologically, sentiment analysis research offers solid
foundations through reviews on themes and challenges, deep learning applications,
and multimodal approaches. Building on these, this study applies computational
linguistics and deep learning-based sentiment analysis to DSE-related social media
discussions, focusing on differences between local and non-local groups, to reveal

opinion distribution, attitude divergence, and potential policy implications.

2. Methods

2.1. Data Collection and Preprocessing

This paper employs a multi-platform approach in the collection of data, with the
main sources of the DSE related content being two of the most popular social me-
dia platforms, namely Douyin and Xiaohongshu. The data collection timeframe
spans September 2025, employing keyword matching for targeted data extraction,

» <«

with keywords including “DSE,” “Hong Kong Diploma of Secondary Education,”

» « » <«

“local students,” “non-local students,” “mainland students,” and other core terms.
To ensure data representativeness and completeness, the collection process en-
compasses various forms of textual data including original content, user com-
ments, and forwarded comments, ultimately obtaining 1203 valid samples. Distri-
bution of data type indicates that most of the data is of the comment-type as it
represents the patterns of user interaction in the social media discussions on pub-
lic opinions.

The data preprocessing process is based on the standard Chinese text pro-
cessing workflow offered by Wang et al. (2025), where the main steps in the pre-
processing are text cleaning, deduplication, and format standardization. The steps
undertaken include cleaning of raw data by eliminating special symbols, emoti-
cons, and meaningless characters; deduplication processing is done using edit dis-
tance-based algorithms, and lastly, the text length standardization processing is
done, which filters out invalid texts of less than 5 characters. The quality control
of the whole preprocessing workflow is based on the best practice recommenda-
tions of the NLP preprocessing which guarantees the correctness and stability of
the further analysis.

Data quality assessment employs a multi-dimensional indicator system, where
data completeness is measured by the proportion of valid fields, and data con-
sistency is evaluated through the degree of format standardization. To ensure ac-
curacy and reliability of subsequent analysis, this study establishes a comprehen-
sive quality assessment approach following best practice recommendations for
NLP preprocessing (Jim et al., 2024), with a quality adjustment factor set at 0.85.

this study establishes a comprehensive quality assessment approach with a quality
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adjustment factor set at 0.85. After assessment, the final dataset achieves a quality
index of 0.91, meeting requirements for subsequent analysis. The platform distri-
bution of the dataset shows Douyin platform data accounting for 67.2% and
Xiaohongshu platform for 32.8%, a distribution ratio conducive to capturing pub-
lic opinion characteristic differences among user groups across different plat-
forms.

Since Douyin is a video-based platform, the data was gathered on user-gener-
ated text comments, video captions and text descriptions on videos. The analysis
did not involve video transcripts and audio contents. The Xiaohongshu content
being in a written form fitted better in our text analysis methodology. This text
based strategy provides a consistent method of processing the data between the
two platforms as well as recognizing the fact that the current social media content

is multimodal.

2.2. Topic Identification and Classification

Based on methodological contributions by Yao (2022) in deep learning-based text
sentiment analysis for Chinese contexts, this study constructs a hybrid topic iden-
tification model combining keyword matching and semantic analysis. The model
adopts a hierarchical topic classification strategy, first conducting coarse-grained
classification through predefined keyword sets, then employing semantic similar-
ity calculations for fine-grained topic identification. The DSE keyword set con-
tains 5 core vocabulary items including “dse,” “DSE,” “Hong Kong Diploma of

» <«

Secondary Education,” “diploma examination,” and “secondary education di-

ploma.” The local student keyword set encompasses 4 related terms including “lo-

» <«

cal students,” “local pupils,” “Hong Kong students,” and “HK students.” The non-

local student keyword set includes 4 identifier vocabulary items such as “non-local

» « » «

students,” “mainland students,” “Chinese mainland students,” and “non-local pu-
pils.” The keyword selection process references research achievements by Lei and
Tang (2023) on Hong Kong education policy topic analysis, ensuring accuracy
and comprehensiveness of topic identification.

The calculation of topic relevance uses a better TF-IDF algorithm, which is op-
timized using semantic weights. The calculation involves frequency of keywords,
length of documents, weights of key words and semantic weight factors depending
on similarities between word vectors using pre-trained Chinese word vectors to
enhance precision of topic identification. The hybrid approach presented in this
methodology is based on integration approaches. in multimodal sentiment anal-
ysis, it is important to be able to tackle the semantic complexity of Chinese texts.

To validate the effectiveness of topic identification, this study employs manual
annotation methods to verify topic classification on 200 randomly extracted sam-
ples. Validation results show automatic topic identification achieves 87.5% accu-
racy, 84.2% recall, and 85.8% F1-score, performance indicators that meet social
media text analysis quality standards proposed. Additionally, Cohen’s Kappa co-

efficient assessment of inter-annotator consistency yields k = 0.82, indicating good
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reliability of topic classification. Topic distribution statistics show DSE-related
topics account for 17.9% of total samples, local student-related topics 12.1%, non-
local student-related topics 3.4%, group comparison topics 2.9%, and other topics
63.7%, providing important foundations for subsequent group difference analysis.

Group classification (local vs. non-local students) was determined through key-
word-based inference from text content rather than user profile metadata or self-
declaration. Posts containing keywords associated with local student identity (e.g.,

» «

“local students,” “Hong Kong students”) were classified as local-oriented, while

» «

posts containing non-local indicators (e.g., “mainland students,” “non-local stu-
dents”) were classified as non-local-oriented. Posts containing comparative lan-
guage referencing both groups were classified as comparison discussions. This
classification approach, while limited by the absence of verified user identity data,
reflects the content-based nature of public discourse analysis in social media re-

search.

2.3. Sentiment Analysis Model

This study employs lexicon-based sentiment analysis methods, combined with
deep learning optimization strategies proposed, constructing a specialized senti-
ment analysis model suitable for DSE education topics. The sentiment lexicon
construction process involves two stages: first, basic vocabulary screening based
on existing Chinese sentiment lexicons, then expansion of education domain-spe-
cific vocabulary through combined domain expert annotation and corpus statis-
tics. The final constructed sentiment lexicon contains 120 positive vocabulary
items and 98 negative vocabulary items, covering multiple dimensions including
educational equity, policy evaluation, and personal emotional expression. Vocab-
ulary weight setting employs combined expert scoring and statistical frequency
methods, ensuring accuracy and domain adaptability of sentiment computation.

Computation of sentiment score uses weighted accumulation algorithms that
use a weighted accumulation method by using weight and frequency of positive
and negative words in texts. The model also presents the sentiment intensity ad-
justment factors and the identification of the word negation in Chinese texts to
manage the semantic complexity of the Chinese texts. Sentiment intensity adjust-
ment factor is a dynamic adjustment factor that varies depending on the length of
a text and vocabulary density. The use of negation words can be considered as rule
matching techniques; once the negation words are identified, the weights of the
further sentiment words are reversed-processed to enhance a better sentiment
analysis.

The domain specific lexicon is combined with existing Chinese word embed-
dings to detect semantic context in the hybrid nature of the sentiment model. Pre-
cisely, in deriving sentiment scores, the model applies the custom lexicon to find
sentiment-sensitive words then applies the word similarity in pre-trained models
to moderate weights depending on how they are used. The relatively small 218-

word lexicon can be subjected to wider semantic information stored in the pre-
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trained embeddings with this integration to better capture sentimentation in a
discussion of the education domain.

Model validation employs cross-validation methods, dividing the dataset into
training and test sets at an 8:2 ratio. Model validation employs cross-validation
methods, dividing the dataset into training and test sets at an 8:2 ratio. Following
sentiment analysis evaluation standards proposed by Mao et al. (2024), this study
adopts accuracy, precision, recall, and F1-score as primary evaluation metrics. this
study adopts accuracy, precision, recall, and F1-score as primary evaluation met-
rics. Validation results show the model achieves 82.3% accuracy, 80.7% precision,
81.5% recall, and 81.1% F1-score on three-class tasks (positive, negative, neutral).
Compared to baseline models, the domain-specific model constructed in this
study demonstrates obvious advantages in sentiment recognition of DSE-related
texts, with 6.8% accuracy improvement. Confusion matrix analysis of sentiment
classification indicates the model performs best in neutral sentiment recognition,
which aligns with characteristics of rational expression predominating in DSE

topic discussions, validating the rationality and effectiveness of model design.

3. Experiments

3.1. Overall Public Opinion Landscape Analysis

Experimental results show that among 1,203 valid data entries, sentiment distri-
bution exhibits significant neutralization characteristics, a finding highly con-
sistent with research conclusions. regarding rationalization trends in education
policy discussions. As shown in Figure 1, neutral sentiment accounts for 79.8%,
positive sentiment 15.8%, and negative sentiment 4.3%, with overall sentiment
distribution presenting characteristics of “neutral dominance, positive secondary,
negative minimal.” The average sentiment score is 0.14 with a standard deviation
of 0.48, indicating that while overall public opinion is relatively moderate, certain
degrees of emotional polarization still exist. Skewness analysis of sentiment score
distribution shows slight positive skewness (skewness coefficient 0.31), indicating
positive sentiment holds slight advantage, reflecting that the public maintains rel-
atively rational and moderate attitudes toward DSE education policies overall.
Differential analysis of sentiment distribution between platforms reveals influ-
ences of user group characteristic differences. As shown in Table 1, Douyin plat-
form data accounts for 67.2% and Xiaohongshu platform 32.8%, with statistically
significant differences in sentiment distribution between the two platforms (x* =
8.47, p < 0.05). Douyin platform’s neutral sentiment proportion (81.2%) signifi-
cantly exceeds Xiaohongshu platform (76.9%), while Xiaohongshu platform’s posi-
tive sentiment proportion (18.2%) obviously surpasses Douyin platform (14.7%).
These differences may relate to user age structure, educational backgrounds, and
expression habits across the two platforms, with Xiaohongshu users more inclined
to express personal viewpoints and emotional attitudes, but more often than not,
Douyin users engage in objective descriptive methods to discuss. Further discus-

sion of the differences in platforms reveals that content type is also a significant
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factor that can affect emotional expression, and an original content emotional in-

tensity is significantly higher than forwarded comments.

School
Application
Children
Impact
§ dse
g Can/May
5 Students
Identity
Mainland
Topic
Local
DSE
Hong Kong 680
0 100 200 300 200 500 600 700
Frequency
Figure 1. Top 15 keywords frequency distribution in dse-related discussions.
Table 1. Platform distribution and sentiment analysis.
Platform Total Posts Neutral (%) Positive (%) Negative (%) Avg Score

Douyin 808 81.2 14.7 4.1 0.12

Xiaohongshu 395 76.9 18.2 4.9 0.16

Overall 1203 79.8 15.8 4.3 0.14

Correlation analysis between text length and sentiment intensity shows moder-
ate positive correlation (r = 0.423, p < 0.001), indicating longer texts often contain
richer emotional expression. Through sentiment analysis of texts across different
length intervals, neutral sentiment in short texts under 50 characters accounts for
up to 87.3%, while proportions of positive and negative sentiment significantly
increase in long texts over 100 characters. This finding provides important in-
sights for understanding social media user expression patterns, namely that users
more easily express clear emotional attitudes when engaging in in-depth discus-
sions. Temporal dimension analysis indicates content published at different time
periods exhibits certain fluctuations in sentiment distribution, possibly related to
influences of specific events or news reports, reflecting dynamic change charac-

teristics of online public opinion.
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3.2. Group Differentiation Analysis

Analysis of public opinion attitudes across different groups reveals significant dif-
ferentiation characteristics. These findings align with research on competency eval-
uation among Hong Kong secondary school leavers (Chan et al., 2021), which doc-
umented similar patterns of group differentiation in educational contexts. As
shown in Figure 2, DSE-related discussions total 216 entries with average senti-
ment score 0.06; local student-related discussions 146 entries with sentiment score
0.06; non-local student-related discussions 41 entries with sentiment score —0.07;
discussions involving comparison between the two groups 35 entries with senti-
ment score —0.23, presenting the most negative attitudes. Variance analysis results
of inter-group emotional differences show F-value 12.84 (p < 0.001), indicating
group factors have statistically significant influence on emotional attitudes. Effect
size analysis shows that group identity can explain 14.2% of emotional attitude var-
iation, a proportion representing moderate effect strength in social science research.

Further post-hoc analysis (Tukey HSD) shows significant differences exist be-
tween comparison discussion groups and all other groups (p < 0.05), while no
significant differences exist between DSE-related groups and local student groups
(p = 0.892). These results indicate that when discussions involve direct compari-
sons between local and non-local students, users more easily express negative
emotions, reflecting the controversial and sensitive nature of this topic. As shown
in Table 2, comparison discussion groups not only have the lowest average senti-
ment scores but also the greatest emotional variability (standard deviation 0.89),
indicating obvious viewpoint polarization within this group. Negative sentiment
proportion analysis shows comparison discussion groups’ negative sentiment ac-
counts for 17.1%, four times the overall average level, further confirming contro-

versial characteristics of this topic.

Sentiment Distribution by User Groups (%)

[ Negative [0 Neutral [ Positive

80 74.8%
70
60
? 0,
2 50 50.0%
Q
g 38.6%
£ 40 —— 35.0%
o 30.0%
S 30 26.4%
20.0%
20 15.0%
10.2%
. ]
0
Local Students Non-local Students Neutral Users
User Groups
Figure 2. Sentiment distribution by user groups (%).
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Table 2. Group-wise sentiment analysis results.

Group Count Avg Score Neutral (%) Positive (%) Negative (%) Std Dev
DSE-related 216 0.06 78.7 16.2 5.1 0.52
Local students 146 0.06 79.5 15.8 4.7 0.49
Non-local students 41 —-0.07 75.6 12.2 12.2 0.68
Comparison discussion 35 -0.23 68.6 14.3 17.1 0.89

Fine-grained analysis within groups reveals more complex public opinion
structures. In local student-related discussions, content involving academic com-
petition has lower sentiment scores (—0.15), while content involving policy support
has relatively higher sentiment scores (0.23). In non-local student-related discus-
sions, content expressing personal experiences often carries more negative senti-
ment (—0.28), while content discussing policy fairness is relatively neutral (-0.02).
These fine-grained analysis results indicate that even within the same group, dif-
ferent topic dimensions generate different emotional responses. Through cluster
analysis, three typical public opinion expression patterns are further identified: ra-
tional discussion type (68.2%), emotional expression type (23.5%), and critical
questioning type (8.3%), providing important perspectives for understanding
online public opinion complexity.

Qualitative examination of highly negative comparison discussions reveals sev-
eral recurring themes driving negative sentiment. Representative discourse pat-
terns include concerns about “unfair quota allocation”, debates over “identity ver-
ification mechanisms”, and critiques of “preferential admission policies”. For in-
stance, posts expressing sentiments such as “mainland students occupying local
university places” or “DSE scoring standards differ between groups” typify the
competitive framing that generates negative emotional responses. These qualita-
tive insights demonstrate that the quantitative negativity score of —0.23 in com-
parison discussions reflects substantive disagreements over resource distribution

and institutional fairness rather than mere emotional venting.

3.3. Keyword and Topic Popularity Analysis

Keyword extraction results based on TF-IDF algorithms and semantic network
analysis show that regional identity-related vocabulary such as “Hong Kong,”
“DSE,” “local,” and “mainland” occupy core positions in discussions. This pattern
echoes findings on assessment policy borrowing in Hong Kong’s educational re-
form (Dmoshinskaia et al., 2021), where identity and boundary issues emerged as
central concerns in policy debates. As shown in Figure 3, “Hong Kong” has the
highest word frequency at 680 times, “DSE” at 412 times, “local” at 356 times, and
“mainland” at 278 times, with these four core vocabulary items jointly constitut-
ing the main discourse field of discussions. Further analysis of word frequency
statistics shows regional identifier vocabulary accounts for 34.7% of total key-

words, reflecting the important position of regional identity in DSE-related dis-
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cussions. Through semantic network analysis, vocabulary such as “identity,” “stu-
dents,” and “application” form close co-occurrence relationships with regional
vocabulary, constituting discourse networks centered on identity recognition.
Time series analysis of topic evolution reveals dynamic change characteristics
of discussion focal points. During different time periods of data collection, relative
importance of keywords underwent obvious changes, with vocabulary such as
“policy” and “fairness” showing significantly increased weights during specific pe-
riods, possibly related to timeliness influences of relevant policy releases or media
reports. Through construction of sliding analysis windows with 7-day time win-
dows, topic popularity exhibits cyclical fluctuations, with workday discussion vol-
umes obviously exceeding weekends, a pattern consistent with attention charac-
teristics of educational topics. Correlation analysis between sentiment and key-
words shows vocabulary such as “competition” and “pressure” highly correlate
with negative sentiment (correlation coefficient r = —0.67), while vocabulary such
as “opportunity” and “development” significantly correlate with positive senti-

ment (correlation coefficient r = 0.54).

Six-Dimensional Comparison Analysis

Negative Sentiment
100%

O%

Policy Attention / Neutral Attitude
20%
el
/

\

o
Controversial Topics \\ y Positive Sentiment

Engagement Level

Figure 3. Six-dimensional comparison analysis.

As shown in Table 3, distribution and sentiment tendencies of different topic
categories present obvious differentiation characteristics. Education policy-re-
lated discussions account for 31.2% with average sentiment score 0.9, primarily

» «

featuring keywords including “policy,” “regulation,” and “fairness,” reflecting
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user attention to policy institutional levels. Identity recognition discussions ac-
count for 24.7% with average sentiment score —0.04, with core vocabulary being
“identity,” “local,” and “mainland,” reflecting sensitivity of identity boundaries.
Academic competition discussions account for 18.9% with the lowest sentiment

» <«

score —0.12, with keywords concentrated on “competition,” “application,” and
“quota,” showing negative impacts of competitive pressure on user emotions.
Other topic categories account for 25.2% with the highest sentiment score 0.15,
mainly involving daily educational topics such as “school,” “examination,” and
“grades,” presenting relatively positive emotional attitudes. This topic-sentiment
association pattern provides important evidence for understanding differentiated

impacts of various issues on public emotions.

Table 3. Topic distribution and sentiment orientation.

Topic Category
Education Policy
Identity Recognition

Academic Competition

Percentage (%) Avg Sentiment Score Primary Keywords
31.2 0.08 policy, regulation, fairness
24.7 -0.04 identity, local, mainland
18.9 -0.12 competition, application, quota

4. Conclusion

Due to the comprehensive investigation of 1203 entries of social media data re-
lated to DSE-related issues, the study identifies intricate features of online public
opinion trends at the border between local and non-local students. The results of
research indicate that in general popular opinion there are neutralization tenden-
cies, whereas in discussions that include group comparisons the sentiment
tendencies are much negative with a sentiment score that is negative to a consid-
erable degree, ranging to —0.23. There are considerable variations in the attitude
of the opinions of the different groups towards the opinion poll, with standard
deviation of 0.11, reflecting phenomena of social polarization towards this matter.
The analysis of the key-words reveals the identification of regional identity and
educational equity as the subject matters of the discussion, high frequency words
like Hong Kong, DSE and local demonstrate the significant role of regional issues
in the formation of public opinion. Findings of the research offer scientific
grounds to monitor the opinion of the population by education policymakers,
which would implement stronger communication and explanation during the
policy development cycles, which will encourage insight and acceptance between
the various groups, and provide more harmonious teaching settings. Further de-
velopment of data sources, more dimensional analysis indicators, and the devel-
opment of knowledge about dynamic evolution patterns in educational public

opinion can be among the aspects of future research.
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