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Abstract 

In the context of the rapidly accelerating digital transformation of education, distance learning has become an indispensable part 

of higher education in Vietnam. To improve teaching quality, educational institutions typically rely on periodic surveys to collect 

student opinions; however, this approach reflects only the views of a small group at a particular point in time and lags behind 

reality, whereas discussions and reviews on social media platforms such as Facebook, Threads and TikTok are updated 

continuously and express learners' opinions objectively. To leverage this resource, the research team collected and constructed 

the V-LearnerSentiment dataset comprising 6,366 valid observations, filtered and manually annotated from these platforms, to 

support sentiment analysis and aspect-based sentiment classification. The study compares the performance of traditional machine 

learning models (Support Vector Machine - SVM, Decision Tree - DT, Random Forest - RF), a deep learning model 

(Transformer) and large language models (LLMs) based on Accuracy, Precision, Recall and F1-score, using macro and weighted 

averages to reflect sentiment classification effectiveness under imbalanced data conditions. Experimental results show that 

Gemini 2.5 achieves the highest Accuracy (86.22%), demonstrating its ability to effectively handle diverse and context-

dependent feedback, while the specialized fine-tuned Transformer PhoBERT achieves an Accuracy of 82.6% and better identifies 

negative feedback belonging to the minority class. In addition to overall sentiment analysis, the team implemented aspect-based 

sentiment analysis (ABSA) through a two-step procedure: the LDA model was used as a data exploration tool to extract and 

propose an Aspect Schema consisting of 5 main groups (Tuition & Costs, Degree & Value, Program & Quality, Schedule & 

Learning Mode, Counseling & Procedures), and a large language model was then employed to extract the context and classify 

the corresponding sentiment polarity for each aspect, transforming unstructured text data into measurable quantitative indicators. 

This approach not only enhances the interpretability of the results but also clearly identifies learners' main concerns, thereby 

providing a practical basis for improving the quality of distance education in Vietnam. 
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1. Introduction 

In the context of the digital transformation of education, 

distance learning is increasingly developing in Vietnam, with 

about 40 out of a total of 264 higher education institutions cur-

rently offering this form of training [1, 2]. Although it offers 

flexibility in terms of time, location and learning costs, dis-

tance learning still faces many problems related to program 

quality, learning materials, teaching methods, testing and as-

sessment, and learner support services; dropout rates at some 

institutions have been reported to be high [3-5]. Therefore, di-

rectly exploiting learner feedback is necessary to obtain an ad-

ditional objective source of information for evaluating train-

ing quality. In this context, Sentiment Analysis (SA), a task in 

Natural Language Processing (NLP), enables the automatic 

identification of users' attitudes from posts and has been in-

creasingly widely applied in online education. 

Research on SA in education can be summarized according 

to its development from traditional machine learning to deep 

learning and pre-trained language models. The traditional ma-

chine learning group typically combines linguistic features 

such as TF-IDF and bag of words with SVM, RF or Logistic 

Regression to classify positive, negative and neutral feedback. 

For instance, Demir and Alkan [6] used SVM, RF and Logistic 

Regression to analyze sentiment in 5,632 tweets about dis-

tance education, in which SVM achieved an accuracy of about 

84%. Similarly, Osmanoğlu et al. [7] applied Logistic Regres-

sion to 6,059 feedback items on distance learning materials on 

an institution's LMS and achieved an accuracy of about 77.5%. 

The advantages of traditional machine learning are its simple 

structure, ease of implementation and suitability for medium-

sized data; however, its ability to represent context and handle 

complex expressions remains limited. 

The development of deep learning has expanded the ability 

to exploit contextual features and sequential relationships in 

text. Deep learning models such as Long Short-Term Memory 

(LSTM) and Bidirectional Long Short-Term Memory 

(BiLSTM),... have been used to analyze sentiment in online 

course feedback, Moodle data and other educational sources; 

for example, the study by Onan [8] achieved an accuracy of 

95.8% with LSTM combined with GloVe. However, these 

models still depend on the quality of word representations and 

face limitations when handling long contexts or highly volatile 

data. Transformers and pre-trained language models have 

brought about an important shift thanks to their better contex-

tual representation capabilities. The study by Huang and Raga 

Jr. [9] achieved 96.08% with a BERT - BiLSTM - Attention 

architecture on MOOC data; in Vietnamese research, 

PhoBERT and hybrid architectures have shown high effec-

tiveness on student feedback data, in which Duy Nguyen et al. 

[10] achieved 93.24% with PhoBERT-CNN-LSTM, higher 

than SVM at 88.91%. Overall, this group of models has an 

advantage in capturing context and linguistic features but re-

quires higher computational costs; moreover, their generaliza-

bility still needs to be considered, especially for Vietnamese 

social media data. 

Beyond overall sentiment analysis (Sentiment Analysis - 

SA) - which only identifies the general sentiment of the entire 

text - many studies have extended to Aspect-Based Sentiment 

Analysis (ABSA). Unlike traditional SA, ABSA makes it pos-

sible to identify each specific aspect/entity being evaluated 

(such as tuition fees, teaching quality or the curriculum) to-

gether with the learner's corresponding sentiment toward each 

aspect. Machine learning models such as SVM, RF or DT, as 

well as deep learning models, can all be applied to solve this 

task. Ton Nu Thi Sau et al. [11] studied aspect-based senti-

ment analysis on student feedback using a dataset of 5,010 

sentences annotated with 11 aspects and three sentiment po-

larities. The combined BiLSTM-CNN model achieved an F1-

score of 78.93% for aspect detection and 73.78% for the joint 

task of identifying aspects and sentiment polarity. This result 

shows that aspect-based sentiment analysis can provide de-

tailed information about the specific issues learners are con-

cerned with. However, the study's data were mainly collected 

within a single higher education institution, which limits the 

generalizability of the results to the broader learner commu-

nity. 

Motivated by the above limitations, this study proposes to 

address the problem by combining multiple methods from dif-

ferent groups, from traditional machine learning to advanced 

language models, within the same aspect-based sentiment 

analysis framework. Specifically, the methods are imple-

mented on the same Vietnamese social media feedback dataset 

on distance education, with two closely linked tasks: (1) iden-

tifying the aspects mentioned by learners and (2) classifying 

the sentiment polarity toward each of those aspects. This ap-

proach makes it possible to exploit the respective strengths of 

each group of methods while fairly comparing their effective-

ness on both tasks. The results not only reveal whether learn-

ers feel positive or negative in general, but also indicate which 

aspects they are satisfied or dissatisfied with, thereby provid-

ing useful information to help institutions take appropriate fol-

low-up actions. In addition to technical metrics, the study also 

focuses on the interpretability of the models' results on real-

world Vietnamese data in order to assess their reliability and 

applicability in educational practice. 

The main contributions of this paper include: 

1) Construction of a specialized standardized dataset: The 

study constructed and published a dataset of 6,366 real-

world feedback items collected from popular social me-

dia platforms (Facebook, TikTok, Threads) on distance 

education in Vietnam. All data were preprocessed and 

manually annotated following a rigorous procedure, cre-

ating a high-quality ground-truth data source for further 

in-depth research in natural language processing for ed-

ucation. 

2) Multi-model evaluation and comparison: The paper pro-
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vides a comprehensive empirical evaluation of the per-

formance of 05 classification methods from different ap-

proaches - from traditional machine learning (Decision 

Tree, Random Forest, SVM) to deep learning and large 

language models (PhoBERT, LLM) - on the same da-

taset and standardized testing procedure. The compari-

son results help identify the optimal solution for pro-

cessing highly noisy, unstructured Vietnamese comment 

text. 

3) Academic and practical contributions: By extracting de-

tailed aspects and sentiment nuances, the study provides 

educational researchers with an empirical database for 

in-depth analysis of learners' psychology, attitudes and 

behaviors in the digital environment. At the same time, 

the experimental results offer a system of objective indi-

cators that helps educational administrators accurately 

identify operational “bottlenecks”, thereby developing 

learner care policies based on real data (data-driven de-

cision making) and overcoming the time lag and subjec-

tivity of traditional survey methods. 

2. Materials and Methods 

2.1. Overview of Sentiment Analysis 

Sentiment Analysis (SA), or Opinion Mining, is a natural 

language processing task that aims to identify and classify the 

attitudes and emotions of a writer toward an entity mentioned 

in a text. According to the study by Liu in 2012 [12], an opin-

ion can be formally represented as a quintuple (e, a, s, h, t), 

where e is the entity being evaluated, a is an aspect of the en-

tity, s is the sentiment (positive, negative, neutral), h is the 

opinion holder and t is the time. In learner feedback, e may be 

a course or the institution, a may be tuition fees, lecturers, the 

training program, etc., and s is the learner's attitude toward a. 

Regarding the level of analysis, depending on the granular-

ity of the information to be extracted, SA is performed at three 

levels: 

1) Document level: a single label is assigned to the entire 

text d, i.e., f(d) → s, where s ∈ {positive, negative, 

neutral}. This level assumes that each text discusses only 

one entity with a consistent attitude. 

2) Sentence level: determines whether a sentence contains 

an opinion (subjectivity), then classifies its polarity, i.e., 

f(c) → s, where s ∈ {positive, negative, neutral} for 

each sentence c. 

3) Aspect level: for each pair (text/sentence x, aspect a), the 

corresponding polarity is determined, i.e., f(x, a) → s. 

This is the most fine-grained level, because a sentence 

such as “The lecturers are enthusiastic but the tuition is 

too high” contains two opposing sentiments that the first 

two levels cannot distinguish. 

According to Medhat et al. [13], SA methods are divided 

into three main groups: lexicon-based (lexicon-based), ma-

chine learning-based (machine learning-based) with models 

such as Naive Bayes, SVM, DT, RF, CNN, LSTM, BiLSTM, 

BERT and PhoBERT, and hybrid methods (hybrid) that com-

bine sentiment lexicons with machine learning/deep learning 

models. 

2.2. Data 

2.2.1. Data Collection 

Data were collected from public discussions on the three 

social media platforms currently most popular among Viet-

namese students: Facebook, Threads and TikTok. These are 

the main interaction channels where learners frequently share 

opinions and reviews about service quality and learning expe-

riences. 

1) Scope: Data were crawled from official Fanpages, stu-

dent communities and hashtags related to distance learn-

ing programs at major higher education institutions in 

Vietnam. 

2) Data collection period: Feedback data were limited to 

the period from August 2023 to October 2025. 

3) Raw data obtained: The collection process captured both 

posts and comments on the platforms. Since posts also 

contain content reflecting the author's opinions and eval-

uations, similar to a comment, the research team decided 

to treat each post as a comment unit and refer to all of 

them as “comments” throughout the dataset. Accord-

ingly, the total raw data obtained comprised 49,773 com-

ments, including 48,735 comments from Facebook, 600 

comments (posts) from Threads and 438 comments from 

TikTok. 

4) Collection method: The research team used the Face-

book Graph API (version v18.0) to extract data from the 

targeted discussion groups. The system used token-

based authentication to crawl all posts and comments, 

including text content, timestamps and engagement met-

rics, while applying random delays to ensure stability. 

The raw data were initially stored in JSON Lines format 

to preserve the hierarchical structure, then decoded and 

converted into a standard CSV table format for prepro-

cessing. 

2.2.2. Data Preprocessing 

Data collected from social media are characterized by un-

structured natural language containing much noise, such as 

advertisements, abbreviations, slang and spelling errors. To 

ensure the accuracy of the sentiment analysis models, the re-

search team carried out a preprocessing procedure to standard-

ize and improve the quality of the input data. The procedure 

consists of the following main steps: 

a) Filtering and cleaning raw data: Data from the Excel 

file were preprocessed to remove components that carry 

no sentiment value. 
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1) Automatic filtering: Text was temporarily normalized 

(converted to lowercase, diacritics removed) to facilitate 

keyword and regular expression matching. Comments of 

a technical-interaction or promotional nature (e.g., “ib”, 

“inbox”, “contact”, “register”...) were removed. In addi-

tion, noise elements such as URLs, phone numbers, 

emojis, and comments that were too short or contained 

only special characters were also removed, along with 

stop words (e.g., “oh”, “oh yes”, “is that so”,...). 

2) Manual review: Due to the limitations of automatic fil-

ters in handling the diversity of natural language, the 

rsearch team conducted a manual review to thoroughly 

remove remaining comments with no analytical value af-

ter the automatic filtering step. The review was carried 

out by five team members, each responsible for an 

equally divided portion of the data, reading each row of 

the spreadsheet to check and remove entries. Removal 

criteria included “seeding” comments such as “ib” (in-

box), “interested”, standalone punctuation marks, hyper-

links, as well as comments that did not clearly express 

sentiment. To ensure the reliability of the review process, 

members cross-checked each other's results. For difficult 

cases, decisions were made by majority vote; if disagree-

ment persisted, a third member was consulted to make 

the final decision. 

3) After cleaning, the remaining data comprised: 557 com-

ments from Threads, 5,685 comments from Facebook 

and 124 comments from TikTok, corresponding to a re-

moval rate of about 87% of the initial raw data. This high 

removal rate stems from the characteristics of comment 

data in the distance education domain, where “seeding” 

(bait comments, fake engagement) is extremely common. 

Specifically, most posts in Facebook groups related to 

admissions or counseling “re framed as “requests for re-

views”, and the comments below them have almost no 

analytical value - consisting of standalone punctuation 

marks (“.”, “…”), “interested”, “inbox me for support”, 

“inbox”, “check inbox” and similar comments. In addi-

tion, the automatic filtering step also removed advertis-

ing comments, admission solicitations, and comments 

that were too short or did not clearly express sentiment, 

resulting in a remaining volume of comments signifi-

cantly smaller than the initial raw dataset. 

b) Text normalization: The team handled abbreviations and 

non-standard spellings commonly found in students' lan-

guage. The procedure included frequency scanning to 

identify words likely to be abbreviations, followed by 

building a mapping table to convert them into their full 

forms. The replacement was performed twice using reg-

ular expressions to ensure accuracy and handle complex 

contexts. 

c) Data annotation: The dataset of 6,366 clean comments 

was manually annotated by members of the research 

team. To ensure objectivity and avoid mutual influence, 

the data were divided into two equal parts; each part was 

annotated independently by two annotators in an anony-

mous (double-blind) manner. The labels consist of 03 

classes: Positive, Negative and Neutral, assessed based 

on the overall context rather than individual keywords 

alone. After completion, the independent annotation re-

sults were compared: in cases of agreement, i.e., when 

the labels of the two annotators matched, that label was 

selected as the official label; for cases of disagreement 

after comparison, a linguistics expert discussed directly 

with the two annotators to reach a consensus. This com-

plete dataset serves as the ground truth for model train-

ing and evaluation. 

d) Data splitting: To objectively evaluate model perfor-

mance, the preprocessed dataset (6,366 samples) was 

randomly split into two independent sets at a ratio of 

80:20. Specifically: 

1) Training set: Accounts for 80% of the data and is used 

by the models to learn linguistic features and optimize 

parameters. 

2) Test set: Accounts for 20% of the data and serves as un-

seen data to verify generalization ability and compute 

the final performance metrics. 

2.3. Sentiment Classification Models 

The study compares five sentiment classification models, 

including three traditional machine learning models (DT, RF, 

SVM), a Transformer model (PhoBERT) and a large language 

model (LLM). 

2.3.1. Decision Tree 

Decision Tree algorithms are supervised machine learning 

methods suitable for text sentiment classification [14]. The 

model allows an intuitive representation of the decision-mak-

ing process through IF-THEN rules, thereby clarifying the re-

lationship between linguistic features (unigrams and bigrams 

extracted using TF-IDF) and sentiment labels. Decision Tree 

requires no assumptions about the data distribution and works 

effectively with high-dimensional data. Many previous stud-

ies have used Decision Tree as a foundational model in senti-

ment analysis. Therefore, in this study, Decision Tree was se-

lected as the baseline model and combined with pruning tech-

niques and hyperparameter tuning to reduce overfitting and 

improve generalization. 

2.3.2. Random Forest 

Random Forest is built by combining multiple independent 

decision trees, each trained on a randomly selected subset of 

the data and a randomly selected subset of features [15]. This 

mechanism increases diversity among the component models, 

thereby reducing variance and improving generalization com-

pared with single decision trees. It is a highly stable ensemble 

machine learning algorithm that helps reduce overfitting and 

is effective when working with text feature representations 
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such as TF-IDF. The algorithm does not require strict assump-

tions about the data distribution and produces reliable results 

even with noisy and imbalanced data. Therefore, Random For-

est is often used as a baseline machine learning model in sen-

timent analysis studies to evaluate the effectiveness of tradi-

tional methods and serve as a basis for comparison with more 

modern methods. 

2.3.3. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised machine 

learning algorithm widely used in text classification and sen-

timent analysis [16]. The method works by constructing an 

optimal hyperplane that maximizes the margin between data 

classes in the feature space. When combined with the TF-IDF 

text representation technique, SVM is highly effective in pro-

cessing high-dimensional and sparse natural language data- a 

common characteristic of online comment data. Owing to its 

stability, good generalization ability and lower computational 

cost compared with deep learning models, SVM remains a re-

liable traditional method in empirical studies on sentiment 

analysis. 

2.3.4. Transformer (PhoBERT) 

The Transformer is a deep learning model introduced in 

2017, mainly used in the field of NLP. Its distinguishing fea-

ture is the self-attention mechanism, which allows the model 

to capture global semantic relationships within a text sequence 

without relying on a sequential structure as traditional models 

do [17]. 

In this study, the Transformer model was implemented us-

ing PhoBERT - a variant of BERT pre-trained specifically for 

Vietnamese on a large dataset, which enhances its ability to 

understand context and language-specific characteristics. 

PhoBERT was fine-tuned for the multi-class sentiment 

classification task with three labels (Positive, Negative, Neu-

tral) using a loss function (cross-entropy), allowing the model 

to simultaneously learn sentiment and context within the dis-

tance learning (online learning) training domain. This ap-

proach helps the model effectively distinguish between rele-

vant and irrelevant comments, while improving the accuracy 

and reliability of sentiment labeling compared with traditional 

methods based on handcrafted features or classical machine 

learning models. 

Fine-tuning configuration: PhoBERT was fine-tuned on the 

annotated dataset with the following hyperparameters: a learn-

ing rate of 2e-5, a training batch size of 16, 5 epochs and a 

weight decay of 0.01. The model was evaluated on the valida-

tion set and a checkpoint was saved after each epoch. The 

checkpoint with the best validation performance was selected 

for the final evaluation on the test set. 

2.3.5. Large Language Model (LLM - Gemini 2.5 

Flash) 

Large Language Models (LLMs) are artificial intelligence 

models trained on large-scale text datasets to learn and repre-

sent natural language at a deep level. Based on the Trans-

former architecture and the self-attention mechanism, LLMs 

process text through token units and effectively model long-

range contextual relationships between linguistic components 

[18]. Thanks to their ability to understand global context and 

perform semantic reasoning, LLMs can accurately identify 

complex sentiment nuances and indirect expressions in text. 

Therefore, LLMs are considered a suitable method for senti-

ment analysis in distance learning systems, outperforming tra-

ditional methods based on word frequency features. 

This study uses Google Gemini (gemini-2.5-flash) with a 

zero-shot prompting strategy: the prompt contains no input–

output examples, and the model is not fine-tuned on the anno-

tated data. The entire inference behavior of the model is con-

trolled through natural language instructions passed via the 

system prompt and the user prompt. Comments were pro-

cessed in batches. 

The prompt follows a multi-layer constraint design, includ-

ing role assignment, data scope restriction, classification task 

specification and output format standardization. The main in-

structions are quoted below: 

“You are an expert in analyzing comments on distance 

Higher Education (online university, distance learning). Only 

analyze comments related to distance Higher Education. If a 

comment is not related to distance higher education, skip it 

and do not return a result. Sentiment classification: Positive / 

Negative / Neutral (based on context). Return only a Json ar-

ray. If the batch contains no valid comments, return an empty 

Json array.." 

The model's output is mapped to the three sentiment labels 

directly from the structured JSON generated by the model, in 

which each element corresponds to one comment and includes 

the assigned sentiment label and aspect. This approach re-

quires no complex post-processing and helps maintain label 

consistency when processing in batches. 

2.4. Building the Aspect Schema with LDA and 

Aspect-Based Sentiment Classification 

Latent Dirichlet Allocation (LDA) [19] is a probabilistic 

generative model commonly used to discover latent topics 

from text corpora. In this model, each document is assumed to 

be generated from a mixture of latent topics, where each topic 

is represented by a probability distribution over words. LDA 

follows a hierarchical Bayesian framework, in which docu-

ments are modeled as mixtures of topics and topics are mod-

eled as distributions over the vocabulary. By identifying the 

words with the highest probability associated with each topic, 

the model enables the extraction of meaningful semantic pat-

terns from text data. In this study, LDA was applied to learner 

comments to discover latent topics corresponding to potential 

aspects in feedback on distance learning. The extracted topics 

were then interpreted and grouped into higher-level aspect cat-

egories for subsequent sentiment analysis. 
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Let K be the number of topics and V the vocabulary size. 

The generative process of LDA can be described as follows: 

For each topic k ∈ {1,…,K}: 

∅𝑘  ~ 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝛽)             (1) 

Each topic k is represented by a multinomial distribution 

over the vocabulary, where φk is the probability distribution 

of words associated with topic k. The parameter β controls the 

sparsity of the word distribution in each topic. 

For each document d: 

𝜃𝑑~ 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝛼)            (2) 

Each document d is associated with a topic distribution θd, 

representing the proportions of topics appearing in the docu-

ment. The hyperparameter α determines how concentrated or 

dispersed the topic mixture is. 

For each word position n in document d: 

𝑧𝑑,𝑛~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑟𝑚𝑖𝑛𝑎𝑙(𝜃𝑑)           (3) 

A topic 𝑍𝑑,𝑛 is sampled from the topic distribution θd. 

This step determines which topic generates the current word. 

Generating the observed word: 

𝑤𝑑,𝑛 = ~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑛𝑎𝑙(∅𝑧𝑑,𝑛
)         (4) 

Finally, the observed word 𝑊𝑑,𝑛  is generated from the 

word distribution of the selected topic 𝑍𝑑,𝑛. 

Aspect identification configuration: In practice, a learner's 

comment may reflect one or more aspects of distance educa-

tion, such as aspects related to the degree, value, time, training 

methods, etc. Therefore, the next task is to determine which 

aspects a learner's comment reflects. To address this problem, 

the team used the LDA algorithm to identify the set of words 

with the highest probability in an aspect. At the text vectori-

zation stage, the parameters min_df = 6 and max_df = 0.6 

were applied to filter out terms that were too rare or too fre-

quent; here, min_df is the minimum number of comments in 

which an aspect term must appear, while max_df specifies the 

proportion used to remove common words from the dataset. 

The resulting document matrix was then used as input to the 

LDA model with the parameters num_topics = 10, alpha = 0.1 

and eta = 0.1. For each topic, the team took the set of words 

with the highest probability and named each aspect. Being 

data-dependent, different studies identify different aspects. 

After identifying the aspect groups using LDA, the next 

step is to determine the sentiment polarity associated with 

each aspect in each comment. According to Brauwers and 

Frasincar [20], polarity expresses the direction of sentiment or 

opinion toward an entity and can be represented by the labels 

Positive, Negative and Neutral. In this study, Positive means 

that the aspect is evaluated favorably by the learner or ex-

presses satisfaction; Negative means that the aspect is evalu-

ated unfavorably or expresses dissatisfaction; Neutral refers to 

cases where the comment does not clearly express a positive 

or negative evaluation of the aspect. On this basis, for each 

detected aspect, the related textual context was extracted and 

processed by a LLM to determine the corresponding polarity, 

thereby obtaining aspect – sentiment polarity pairs from learn-

ers' comments. 

Prompt template 

System Role: You are a natural language processing expert 

specializing in the analysis of educational feedback. 

Task: Given a learner's comment about distance learning 

programs, (1) identify which aspects are mentioned; (2) de-

termine the sentiment polarity expressed toward each aspect; 

(3) List the words/phrases expressing sentiment or evaluative 

opinions in the comment, serving as evidence for the polarity 

of each aspect. 

The aspects must be selected from the following predefined 

groups: Tuition & Costs; Degree & Value; Program & Qual-

ity; Schedule & Learning Mode; Counseling & Procedures 

Sentiment polarity is determined according to three labels: 

1) Positive: the aspect is evaluated favorably by the learner, 

expressing satisfaction, agreement or a good evaluation. 

2) Negative: the aspect is evaluated unfavorably by the 

learner, expressing dissatisfaction, objection or a poor 

evaluation. 

3) Neutral: the aspect is mentioned, but the comment does 

not clearly express a positive or negative evaluation. 

If a comment mentions multiple aspects, return all aspects 

together with their corresponding sentiments (Positive, Nega-

tive or Neutral). 

2.5. Evaluation Tools 

To objectively evaluate the performance of the sentiment 

classification models (DT, RF, SVM, Transformer, and 

LLMs), the study uses the Confusion Matrix as the basis for 

computing statistical metrics. This matrix allows comparison 

between the labels predicted by the model and the actual labels 

of the student feedback data. 

The four standard performance metrics applied are: 

a) Accuracy (Acc) This is the percentage of correct predic-

tions over the total number of data samples. However, 

for educational feedback data that may be imbalanced 

(e.g., more positive comments than negative ones), this 

metric serves only as a general reference. 

b) Precision (Pre) Measures the reliability of the model 

when making positive predictions. In the context of ed-

ucational management, high Precision ensures that when 

the system flags an issue as "Negative", the probability 

that it is truly an issue needing to be addressed is very 

high, avoiding false alarms. 

c) Recall (Rec) Measures the coverage of the model, i.e., 

how many actual feedback items the model misses. This 

metric is particularly important to ensure that institutions 
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do not miss important student input. 

d) F1-Score (F1) The harmonic mean of Precision and Re-

call. This is the most important metric in this task be-

cause it evaluates the balance of the model and is partic-

ularly effective when handling real-world datasets with 

uneven label distributions (imbalanced data). 

The F1-score is considered the key metric of the study be-

cause it reflects the balance between reliability and coverage 

and is particularly effective when handling real-world data 

with uneven label distributions. 

Using this multidimensional set of metrics allows the re-

search team not only to evaluate the rate of correct predictions 

(Accuracy) but also to understand the detailed behavior of 

each model (through Precision/Recall) in handling complex 

Vietnamese linguistic nuances. 

3. Results 

3.1. Sentiment Classification Results 

After training and predicting sentiment using five algo-

rithms, namely DT, RF, SVM, Transformer and LLM, the 

model analysis and evaluation results are summarized in Table 

1 and Table 2. 

Table 1. Sentiment analysis results of comments on distance education using five algorithms. 

Algorithm Positive (%) Negative (%) Neutral (%) 

Decision Tree 13.12 5.21 81.67 

Random Forest 17.29 7.45 75.26 

SVM 15.67 6.66 77.67 

Transformer 11.97 6.71 81.32 

LLMs 15.20 15.44 69.35 

 

Table 1 shows that all five algorithms predict the neutral 

class as the largest proportion, ranging from about 69% to over 

81%. This reflects a common characteristic of educational 

comments, in which learners mainly provide informational 

feedback or objective evaluations rather than expressing clear 

emotions. 

Among the traditional machine learning models, Decision 

Tree is strongly biased toward the neutral class (81.67%), with 

low positive and negative proportions. This result indicates 

that the model makes simple decisions and does not effec-

tively exploit the context of complex texts. Compared with DT, 

RF is more balanced, with the highest positive proportion in 

the group (17.29%) and the neutral proportion reduced to 

75.26%, owing to the combination of multiple decision trees 

that reduces overfitting and improves generalization. Mean-

while, SVM yields relatively stable results (neutral 77.67%), 

suitable for short texts when combined with TF-IDF features, 

although its capacity for deep semantic representation remains 

limited. 

Despite using a deep learning architecture, the Transformer 

does not show a clear advantage, with a still high neutral pro-

portion (81.32%), nearly equal to Decision Tree. This may be 

because the model was not thoroughly fine-tuned or the train-

ing data were not large enough, especially for Vietnamese. 

In contrast, the LLM yields the most distinct sentiment dis-

tribution: the lowest neutral proportion (69.35%) and a nega-

tive proportion of 15.44%, markedly higher than the other 

models. This indicates that the LLM better recognizes senti-

ment nuances and context, reducing the tendency of tradi-

tional models to assign neutral labels. Results by institution 

also show that the LLM reflects sentiment differences be-

tween institutions more clearly, especially at those with many 

comments. 

Table 2. Performance of machine learning models in sentiment classification of Vietnamese comments. 

  Random Forest Decision Tree SVM Transformer LLMs 

Accuracy  75.96% 74.63% 77.65% 82.60% 86.22% 

Precision Positive 0.91 0.69 0.66 0.70 0.86 

 Neutral 0.75 0.80 0.78 0.95 0.83 
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  Random Forest Decision Tree SVM Transformer LLMs 

 Negative 0.88 0.74 0.53 0.79 0.76 

 Macro average 0.84 0.74 0.66 0.81 0.82 

Recall Positive 0.35 0.58 0.56 0.88 0.61 

 Neutral 0.99 0.93 0.91 0.84 0.95 

 Negative 0.19 0.31 0.21 0.96 0.54 

 Macro average 0.51 0.61 0.56 0.89 0.70 

F1 - score Positive 0.50 0.63 0.61 0.78 0.72 

 Neutral 0.85 0.86 0.84 0.89 0.88 

 Negative 0.31 0.44 0.30 0.87 0.63 

 Macro average 0.55 0.64 0.59 0.85 0.74 

       

 

Table 2 presents a comprehensive comparison of the per-

formance of the five models in the Vietnamese sentiment clas-

sification task. Overall, the deep learning-based models and 

the large language model consistently outperform the tradi-

tional machine learning methods on most evaluation metrics. 

The LLM achieves the highest accuracy (86.22%), along 

with good Precision, Recall and F1-score in both macro and 

weighted averages. The small gap between these two types of 

averages indicates that the model classifies in a balanced man-

ner across classes, including those with few samples, meaning 

it is less sensitive to class imbalance and captures complex 

contextual and semantic patterns of Vietnamese well. The 

Transformer ranks second (82.60%) with a competitive F1-

score, confirming the effectiveness of the self-attention mech-

anism; however, its smaller pre-training scale and number of 

parameters may make it inferior to the LLM in capturing sub-

tle nuances and long contexts. 

In contrast, SVM, Random Forest and Decision Tree show 

lower performance, particularly for the negative class with 

low Recall and F1-score, indicating difficulty in identifying 

implicit, context-dependent sentiment expressions when the 

data are imbalanced. Nevertheless, Random Forest still has 

practical value owing to its interpretability and low computa-

tional cost. 

Overall, the results highlight the advantages of modern lan-

guage models in sentiment analysis in the higher education 

domain, where sentiment expressions are often nuanced and 

indirect. These findings support the view that sentiment mod-

eling benefits considerably from methods capable of learning 

deep contextual representations, rather than relying solely on 

traditional feature-based methods. In summary, the experi-

mental results show that applying modern language models is 

a suitable approach for Vietnamese sentiment analysis in the 

higher education domain, where linguistic expressions are of-

ten subtle and indirect. More broadly, these results support the 

view that sentiment should be modeled using methods capable 

of learning deep contextual representations, rather than rely-

ing solely on traditional machine learning models with hand-

crafted feature engineering. 

3.2. Analysis of Sentiment Features 

One of the challenges for machine learning models is the 

transparency and interpretability of classification results. To 

increase the interpretability of the labeling process, the re-

search team performed manual labeling based on the context 

of each comment. At the same time, the LLM was used to ex-

tract words/phrases expressing sentiment based on a prede-

fined set of keywords and sentiment criteria. These 

words/phrases were checked by the annotators against the 

context and used as the basis for determining the sentiment 

polarity (Positive, Negative or Neutral) toward each men-

tioned aspect. 

Positive group: Feedback in this group often contains 

strong affirmations of the value and benefits of distance edu-

cation. Specifically, when discussing the value of the degree, 

learners often use phrases such as “equivalent value” or “the 

mode of study is not stated” to express confidence in the legal 

validity of the degree and “necessary job opportunities”. Fur-

thermore, satisfaction with the learning process is clearly ex-

pressed through keywords emphasizing autonomy and con-

venience, such as “flexible”, “self-directed”, “easygoing lec-

turers”, “caring about students” or “extremely convenient”. 
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Table 3. Positive sentiment. 

Comment (translated) Sentiment Sentiment cues 

The distance learning program of University X has a long-standing 

foundation in language training. In addition, since it is a key national 

university, the degree is more valuable. I find the lecturers there very 

competent and dedicated. 

Positive 
“Valuable”; “very 

competent”; “dedicated” 

In S's distance learning program, the tutors are easygoing but not lax; they re-

ally care about students. Most classmates are aged 30–40, and some are even 

older than the tutors. Although the program is entirely online, both the aca-

demic advisors and the course lecturers are more caring than in regular full-

time classes and even remember students' faces. 

Positive “Easygoing”; “really care” 

 

Negative feedback: Feedback in this group often contains 

strong adjectives expressing disappointment, a sense of 

wasted resources, or unfavorable comparisons of training 

quality. Specifically, when evaluating quality and effective-

ness, learners often use negative phrases such as “should not 

enroll”, “extremely discouraging”, “ineffective”, “far inferior” 

or “nothing applicable”; “hard to get feedback from lecturers” 

to reflect the gap between expectations and reality. In addition, 

complaints about costs and benefits are often associated with 

keywords such as “buying a degree”, “a waste of money”, 

“high tuition” or “making money” (implying that the institu-

tion focuses only on profit). Regarding the mode of study, 

phrases such as “pre-recorded videos” or “padding one's ré-

sumé” are often used to criticize the lack of interaction and the 

low value of the degree in terms of actual competence. 

Table 4. Negative sentiment. 

Comment (translated) Sentiment Sentiment cues 

As for the distance learning program of University T, I really advise those who 

haven't enrolled not to sign up, for example, for the Business Administration 

major. It is extremely discouraging; frankly, it is no different from buying a 

degree. If you have money to spare, it might be acceptable, but overall it is 

very wasteful and almost useless. Weekly quizzes can be retaken many times, 

and in-person exams can be cheated on if you pay the lecturer. 

Negative 

“Not recommended”; “extremely 

discouraging”; “buying a 

degree”; “wasteful”; “cheating” 

I don't know about other universities, but I am studying at University K and 

find the program ineffective. Lecturers post pre-recorded lecture videos, stu-

dents do assignments, and the final exam is held at the end of the semester. 

Tuition is high, and the university seems mainly focused on "making money". 

Negative “Ineffective”; “high tuition” 

 

3.3. Aspect-based Analysis 

To select the number of topics, LDA was trained with K  

5,7,10,15 on 80% of the comments and evaluated on the re-

maining 20%, repeated with 3 random splits (seeds 42, 43, 44). 

With K = 10, the model achieved a held-out perplexity of 

296.3  3.6 (document completion; a uniform distribution 

model has a perplexity equal to the vocabulary size V = 937) 

and the highest topic coherence (c_v = 0.636; NPMI = 0.103). 

Therefore, the team selected K = 10 and then merged the 10 

topics into 5 aspect groups owing to their high prevalence and 

semantic similarity, as shown in Table 5. At the same time, for 

each aspect group, sentiment cues were identified through the 

evaluative words/phrases generated by the LLM during polar-

ity analysis, serving as the basis for determining the sentiment 

corresponding to each aspect. 
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Table 5. Aspect groups and top keywords in feedback on distance education. 

No. Aspect Scope description Sentiment cues 

1 Tuition & Costs 

Discussions related to financial 

matters, tuition fees and support 

policies. 

“tuition”, “cost”, “fee”, “money”, “expensive”, “cheap”, 

“payment”, “pay”, “support”, “discount”, “administrative 

fee” 

2 Degree & Value 

Evaluations of the legal status and 

practical value of the degree after 

graduation. 

“degree”, “full-time”, “value”, “job application”, “gradu-

ation”, “credit transfer”, “recognition” 

3 Program & Quality 

Comments on course content, 

learning materials and lecturers' 

competence. 

“program”, “learning materials”, "knowledge", "lecturer", 

"instructor", “quality”, “difficult/easy”, “good”, “boring” 

4 
Schedule & Learning 

Mode 

Factors related to schedules, learn-

ing modes and assessment methods. 

“time”, “class schedule”, “online”, “distance learning”, 

“exam”, “assessment”, “Zoom”, “weekend” 

5 
Counseling & Proce-

dures 

Administrative procedures, admis-

sions and interactions with support 

services. 

"admissions", "registration", "application", "enrollment", 

"counseling", "contact", "inbox" 

The aspect–sentiment pairs obtained from learners' comments are illustrated in Table 6. 

Table 6. Examples of aspect-based sentiment annotation for feedback on distance education in Vietnam. 

No. Aspect 
Original user comment (trans-

lated) 
Sentiment label Aspect keywords 

1 Degree & Value 

If you study a distance learning 

program, the degree is a distance 

learning degree, but its format and 

value are equivalent to a regular 

(full-time) degree, ok 

Positive degree; value; full-time 

2 Tuition & Costs 

I wish I had asked the seniors be-

fore deciding. Continuing is both 

frustrating and expensive (500,000 

VND per credit for online courses 

with pre-recorded videos), but quit-

ting would waste both time and 

money. 

Negative 
“expensive”, “a waste of 

money” 

3 Program & Quality 

I am studying at University H, and 

honestly, it is not effective. Lectur-

ers only post pre-recorded videos, 

students do assignments, and then 

take the final exam. Tuition is high 

and the university is clearly focused 

on "making money". 

Negative 
“ineffective”, “pre-recorded 

videos”, “making money” 

4 
Schedule & Learning 

Mode 

In-person exams at designated 

exam centers. 
Neutral 

“in-person exams”, “exam cen-

ters” 

5 Counseling & Procedures 

You can look into the distance 

learning program of University Q. 

The university is admitting students 

to four majors in July: Business 

Administration, Accounting, Eco-

nomic Law and Finance–Banking. 

Neutral 

“admissions”, “registration pro-

cedures”, “application submis-

sion” 
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No. Aspect 
Original user comment (trans-

lated) 
Sentiment label Aspect keywords 

Information on the curriculum, reg-

istration procedures, application 

submission and tuition is available 

on the website. 

 

Thus, the keyword dictionary acts as a semantic filter, trans-

forming unstructured comments into clearly oriented infor-

mation. This is an important input database that helps the re-

search team quantify the level of interest and the sentiment 

nuances of students toward each aspect of distance learning 

programs. 

4. Discussion 

The experimental results show that the models differ in 

their sentiment classification capabilities, as reflected in both 

overall classification effectiveness and the ability to identify 

each sentiment class. Gemini 2.5 Flash achieves the highest 

Accuracy (86.22%), higher than PhoBERT (82.60%), but 

PhoBERT achieves a Macro Recall of 0.89 and a Macro F1 of 

0.85, higher than Gemini's 0.70 and 0.74, respectively, espe-

cially for the negative class (F1 0.87 vs. 0.63). Since the neu-

tral class accounts for a large proportion (69.35–81.67% de-

pending on the model), Accuracy is considerably influenced 

by the dominant class and should therefore be combined with 

Macro Recall and Macro F1 for a more comprehensive evalu-

ation. This difference may be because PhoBERT was fine-

tuned on the research team's labels, whereas Gemini was run 

zero-shot and is therefore more cautious when assigning sen-

timent labels (Precision for the positive class 0.86 but Recall 

only 0.61), while the traditional models have low Recall for 

the negative class (0.19–0.31). 

In this study, the comments after preprocessing were man-

ually annotated into three classes, Positive, Negative and Neu-

tral, and used as reference labels for training, evaluating and 

comparing the results of the models. Therefore, the Accuracy, 

Precision, Recall and F1 metrics reflect the degree of agree-

ment between the automatic classification results and the man-

ually defined label set. This evaluation approach allows the 

methods to be compared on the same data basis and clarifies 

the difference between overall classification ability and the 

ability to identify each sentiment class. 

This trend is consistent with previous studies: contextual-

ized models outperform traditional methods. The study by 

Duy Nguyen et al. [10] showed that PhoBERT-CNN-LSTM 

achieved 93.24% on UIT-VSFC, higher than SVM (88.91%). 

Similarly, in this study PhoBERT outperforms SVM by about 

5 percentage points in Accuracy (82.60% vs. 77.65%) and 

achieves a Macro F1 of 0.85 compared with 0.64 for Decision 

Tree. However, the team's absolute results are lower than 

those of studies using more structured data: SVM achieved 

about 84% in the study by Demir and Alkan [6] (compared 

with 77.65% here), the MLP of Bakhsh et al. [16] achieved 

89–91%, and the BERT-BiLSTM-Attention model of Huang 

and Raga Jr [9] achieved 96.08% on MOOC data. This gap 

may stem from the characteristics of natural feedback on so-

cial media (non-standard writing, frequent slang), as well as 

differences in data sources, the number of sentiment classes 

and the degree of imbalance; hence, direct comparisons 

should be made with caution. In addition, this study bench-

marks traditional machine learning, Transformer and LLM on 

the same dataset, which has been limited in previous work. At 

the aspect level, positive feedback focuses on flexibility, con-

venience, degree value and lecturer support, while negative 

feedback relates to training quality, tuition fees, the level of 

interaction and the practical value of the program. 

In future research, the team plans to develop a hybrid clas-

sification system combining PhoBERT and LLM to improve 

the handling of complex comments, while extending the anal-

ysis along the time dimension to track learners' sentiment 

trends. In addition, the research aims to deploy the model as a 

monitoring and early warning system to support quality man-

agement of distance education. 

5. Conclusions 

The study constructed the V-LearnerSentiment dataset 

comprising 6,366 valid observations manually annotated from 

Facebook, Threads and TikTok, filling the gap in benchmark 

data for sentiment analysis of distance learners in Vietnamese. 

On this dataset, five models from three generations were com-

pared: traditional machine learning (Decision Tree, Random 

Forest, SVM), Transformer (fine-tuned PhoBERT) and LLMs 

(Gemini 2.5, zero-shot). 

Modern models outperform traditional ones, but no model 

wins outright. LLMs achieve the highest accuracy (86.22%), 

while the Transformer (accuracy 82.60%) leads in F1-score 

(macro 0.85) and identifies the negative class well (recall 0.96) 

owing to fine-tuning on imbalanced data. The traditional mod-

els (74.63%–77.65%) tend to concentrate predictions on the 

neutral class, missing most negative feedback, which consti-

tutes an important quality warning signal. 

In terms of sentiment, neutral dominates (69.35%–81.67%), 

while positive sentiment is generally higher than or equal to 
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negative sentiment. Positive sentiment is associated with de-

gree value, flexibility and lecturer care; negative sentiment is 

associated with teaching quality, interaction and cost-effec-

tiveness. Accordingly, institutions can shift from periodic sur-

veys to near real-time feedback monitoring, prioritizing im-

provements in interaction and transparency of information on 

learning outcomes. Because the sample is unevenly distrib-

uted across universities and subject to self-selection bias, the 

results should be regarded as trend indicators. Future direc-

tions include fine-tuning LLMs for Vietnamese, building a hy-

brid PhoBERT–LLM system and integrating an early warning 

dashboard into the LMS. 
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Appendix 

Table 7. Sentiment analysis results of comments on distance education using five algorithms. 

Algorithm Positive (%) Negative (%) Neutral (%) 

Decision Tree 13.12 5.21 81.67 

Random Forest 17.29 7.45 75.26 

SVM 15.67 6.66 77.67 

Transformer 11.97 6.71 81.32 

LLMs 15.20 15.44 69.35 

Table 8. Performance of machine learning models in sentiment classification of Vietnamese comments. 

  Random Forest Decision Tree SVM 
Trans-

former 
LLMs 

Accuracy  75.96% 74.63% 77.65% 82.60% 86.22% 

Precision Positive 0.91 0.69 0.66 0.70 0.86 

 Neutral 0.75 0.80 0.78 0.95 0.83 

 Negative 0.88 0.74 0.53 0.79 0.76 

 Macro average 0.84 0.74 0.66 0.81 0.82 

Recall Positive 0.35 0.58 0.56 0.88 0.61 
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  Random Forest Decision Tree SVM 
Trans-

former 
LLMs 

 Neutral 0.99 0.93 0.91 0.84 0.95 

 Negative 0.19 0.31 0.21 0.96 0.54 

 Macro average 0.51 0.61 0.56 0.89 0.70 

F1 - score Positive 0.50 0.63 0.61 0.78 0.72 

 Neutral 0.85 0.86 0.84 0.89 0.88 

 Negative 0.31 0.44 0.30 0.87 0.63 

 Macro average 0.55 0.64 0.59 0.85 0.74 

Table 9. Positive sentiment. 

Comment (translated) Sentiment Sentiment cues 

The distance learning program of University X has a long-

standing foundation in language training. In addition, since it is a 

key national university, the degree is more valuable. I find the 

lecturers there very competent and dedicated. 

Positive 
“Valuable”; “very competent”; 

“dedicated” 

In S's distance learning program, the tutors are easygoing but not 

lax; they really care about students. Most classmates are aged 30–

40, and some are even older than the tutors. Although the pro-

gram is entirely online, both the academic advisors and the 

course lecturers are more caring than in regular full-time classes 

and even remember students' faces. 

Positive “Easygoing”; “really care” 

Table 10. Negative sentiment. 

Comment (translated) Sentiment Sentiment cues 

As for the distance learning program of University T, I really advise those who 

haven't enrolled not to sign up, for example, for the Business Administration 

major. It is extremely discouraging; frankly, it is no different from buying a degree. 

If you have money to spare, it might be acceptable, but overall it is very wasteful 

and almost useless. Weekly quizzes can be retaken many times, and in-person 

exams can be cheated on if you pay the lecturer. 

Negative 

“Not recommended”; 

“extremely 

discouraging”; “buying 

a degree”; “wasteful”; 

“cheating” 

I don't know about other universities, but I am studying at University K and find 

the program ineffective. Lecturers post pre-recorded lecture videos, students do as-

signments, and the final exam is held at the end of the semester. Tuition is high, 

and the university seems mainly focused on "making money". 

Negative 
“Ineffective”; “high tui-

tion” 

Table 11. Aspect groups and top keywords in feedback on distance education. 

No. Aspect Scope description Sentiment cues 

1 Tuition & Costs 

Discussions related to financial 

matters, tuition fees and support 

policies. 

“tuition”, “cost”, “fee”, “money”, “expensive”, “cheap”, 

“payment”, “pay”, “support”, “discount”, “administrative 

fee” 
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No. Aspect Scope description Sentiment cues 

2 Degree & Value 

Evaluations of the legal status and 

practical value of the degree after 

graduation. 

“degree”, “full-time”, “value”, “job application”, “gradu-

ation”, “credit transfer”, “recognition” 

3 Program & Quality 

Comments on course content, 

learning materials and lecturers' 

competence. 

“program”, “learning materials”, “knowledge”, “lec-

turer”, “instructor”, “quality”, “difficult/easy”, “good”, 

“boring” 

4 
Schedule & Learning 

Mode 

Factors related to schedules, learn-

ing modes and assessment meth-

ods. 

“time”, “class schedule”, “online”, “distance learning”, 

“exam”, “assessment”, “Zoom”, “weekend” 

5 
Counseling & Proce-

dures 

Administrative procedures, admis-

sions and interactions with support 

services. 

“admissions”, “registration”, “application”, “enrollment”, 

“counseling”, “contact”, “inbox” 

Table 12. Examples of aspect-based sentiment annotation for feedback on distance education in Vietnam. 

No. Aspect Original user comment (translated) Sentiment label Aspect keywords 

1 Degree & Value 

If you study a distance learning program, the 

degree is a distance learning degree, but its 

format and value are equivalent to a regular 

(full-time) degree, ok 

Positive degree; value; full-time 

2 Tuition & Costs 

I wish I had asked the seniors before decid-

ing. Continuing is both frustrating and expen-

sive (500,000 VND per credit for online 

courses with pre-recorded videos), but quit-

ting would waste both time and money. 

Negative 
“expensive”, “a waste of 

money” 

3 Program & Quality 

I am studying at University H, and honestly, 

it is not effective. Lecturers only post pre-rec-

orded videos, students do assignments, and 

then take the final exam. Tuition is high and 

the university is clearly focused on "making 

money". 

Negative 
“ineffective”, “pre-recorded 

videos”, “making money” 

4 
Schedule & Learning 

Mode 
In-person exams at designated exam centers. Neutral 

“in-person exams”, “exam cen-

ters” 

5 Counseling & Procedures 

You can look into the distance learning pro-

gram of University Q. The university is ad-

mitting students to four majors in July: Busi-

ness Administration, Accounting, Economic 

Law and Finance–Banking. Information on 

the curriculum, registration procedures, appli-

cation submission and tuition is available on 

the website. 

Neutral 

“admissions, “registration pro-

cedures”, “application submis-

sion” 
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