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ABSTRACT

This study presents a model for collecting and analyzing customer reviews using machine learning.
As e-commerce platforms grow, large volumes of customer opinions are generated, but most of
this data is unstructured and complex to use directly. To address this, the proposed approach be-
gins with gathering reviews from online platforms, followed by data preprocessing to clean, filter,
and normalize the text. These steps ensure that the data is suitable for machine learning analysis.
Classification models are then applied to perform sentiment analysis. The results show that the
model can categorize customer opinions with an accuracy of over 94%. The findings are illustrated
through comprehensive graphs and charts, offering clear insights into customer attitudes and be-
havioral patterns. Such visualizations are crucial in translating complex analytical results into an ac-
cessible form, enabling managers to identify key trends and underlying issues rapidly. By presenting
data from multiple perspectives, the visual outputs facilitate more profound understanding, sup-
port comparative analysis, and enhance the overall quality of decision-making, thereby strength-
ening evidence-based management practices within dynamic business environments. The study
highlights that online customer feedback reflects individual opinions and influences overall busi-
ness performance. By systematically analyzing customer feedback, companies can identify emerg-
ing needs, enhance products and services, and design more effective business strategies. Such
insights directly strengthen competitiveness in the e-commerce sector, where user experience is
a critical differentiator. Beyond e-commerce, the proposed methodology demonstrates flexibility
and applicability across other domains, including finance, healthcare, and education, where cap-
turing and interpreting customer sentiment is equally important. This research establishes a robust
and practical framework for transforming unstructured feedback into actionable knowledge by in-
tegrating machine learning techniques with multi-dimensional analytics. The framework supports
strategic decision-making and provides organizations with a sustainable approach to leveraging
data for innovation and long-term value creation.

Key words: machine learning, classification models, customer sentiment analysis, electronic

commerce, multi-dimensional analytics

INTRODUCTION

The rise of e-commerce websites, as new shopping
channels, has led to the rise of review sites for vari-
ous services and products. This provides the opportu-
nity to use aspect-based sentiment analysis and text-
based opinion mining to help consumers decide what
to buy and businesses to monitor their reputations
and reputations better. Understand the needs of the
market. Perspective analysis is a technique that aims
to advance research beyond sentiment classification
at the sentence or text level!. The goal is to iden-
tify the opinions expressed about entities and aspects
of them. However, few techniques can produce such
results based on customer ratings, usually against a
limited set of predefined elements rather than free re-
views. Another challenge in this process is the cold
start problem because of the lack of sufficient evalua-
tion data for a product.

In today’s highly competitive market, word of mouth
from the buyer’s point of view is a vital step towards
success for any company. Most businesses in all fields
have launched websites to sell their products and ser-
vices. Millions of reviews, opinions, and emotions are
generated daily on online websites about products and
services. It isn’t easy to process and understand such
large amounts of opinion-based data. Emotion anal-
ysis is the field of recording and extracting emotions
from available opinion data and analyzing processes
through natural language processing and text classifi-
cation. It is a method to understand emotions in text.
It is also becoming a challenge in many fields of re-
search, including the field of data mining, because of
the rapid increase in the number of web pages con-
sisting of reviews of products and services. Practi-
cal data mining helps businesses see and understand
customers, capture customer dissatisfaction and feed-
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back to improve the quality of products and services.
This will improve user satisfaction, positively impact
business results, and offer better market strategies,
helping to cut costs and increase revenue.

This paper clearly articulate the gap in existing lit-
erature by highlighting the lack of a comprehensive
framework that integrates multi-dimensional senti-
ment analytics, particularly one that combines sen-
timent classification with aspect-level, temporal, and
spatial analysis in the context of customer feedback.
The study’s scope emphasizes the focus on the hos-
pitality industry and the use of structured customer
feedback data to develop a robust sentiment analytics
model that supports strategic decision-making. We
underscore the growing volume and importance of
user-generated content in digital platforms and the
need for more sophisticated analytical approaches. In
particular, we will emphasize how multi-dimensional
sentiment analysis offers actionable insights that tra-
ditional single-layer sentiment models cannot pro-
vide, highlighting both the study’s theoretical contri-
bution and practical implications in data-driven deci-
sion support systems.

The next section of the article is Section 2, which in-
cludes related studies in order to shape and identify
research models and methods suitable for the set ob-
jectives. The proposed research methods and models
are described in ection 3. After the experimental pro-
cess, the results are found, and the discussion is men-
tioned in ction 4. The last section is the conclusion
and the direction of the research development.

RELATED RESEARCH

Opinion Mining

The sentiment analysis process is important in opin-
ion mining?. During the classification process, cus-
tomer opinions about the product are considered, and
the positive and negative categories are mainly iden-
tified as factors for analysis. Various statistical and
rule-based methodologies are employed to examine
the tone of the reviews>. Part of these categories exist
different levels of opinion classification models based
on input type, namely*:

(1)Document level: In the case of document level, the
length of an assessment conducted for opinion classi-
fication is one or multiple paragraphs—for example,
a review of a particular movie.

(2)Sentence level: In the case of sentence level, the
evaluation duration is limited to one sentence.
(3)Aspect level: On the other hand, at the level of as-
pects, the review text can be one word or several words
generally considered to be aspects or features.

Today, consumers are much more aware of the origi-
nal quality of the product. Therefore, new buyers of-
ten go through reviews to make a purchasing decision.
All in all, the web has become a popular medium for
not only online users to make purchases, but also for
all those who want to find relevant information about
products and services they have previously committed
to purchasing. To solve many decision-making prob-
lems, a new dynamic model is needed to uncover la-
tent knowledge from e-commerce review data.

Analyze user opinions using machine learn-
ing methods

An imperative task for a company in the field of e-
commerce is to maintain its reputation in the online
market®. Emotion analysis systems are being applied
in almost all fields of business and society because
opinions are at the heart of nearly every human ac-
tivity and the primary agent influencing our behav-
ior®. Sentiment analysis has provided a wealth of in-
formation on customer opinions, leading to product
development and better business management’. Our
beliefs, perceptions of reality, and our choices, largely
depend on how others see and evaluate the world.
For this reason, when we need to make decisions, we
often seek the opinions of others. This is true not
only of individuals but also of organizations. Machine
learning methods have been widely applied in ana-
lyzing online users’ views and emotions®~!3. In a re-
cent study on hotel services, customer opinions were
collected and analyzed using the LDA Topic Model,
an unsupervised machine learning approach 4. The
model results found hidden topics and keywords with
high probability that users are interested in and ex-
change. Applying the experimental results obtained
from the proposed model will provide valuable sup-
port for the decision-making process in businesses
operating in the hospitality sector, particularly in ho-
tels and restaurants. Another recent study collected
and analyzed customer feedback from food-related
e-commerce platforms, specifically foody.vn and di-
adiemanuong.com, to better understand consumer

opinions and behaviors !4,

Then, machine learning
models are applied and evaluated to select the opti-
mal model. The results show that the proposed model
has an accuracy of up to 91.5%, according to experi-
mental research results. Research findings can help
business managers and service providers gain insight
into customers’ satisfaction with their products and
services and understand their emotions to adjust and
make the right business decisions. It also helps food
e-commerce managers ensure better e-commerce ser-
vice design and delivery. One of the limitations of
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the machine learning-based approach is its depen-
dence on the training dataset size, which must be large
enough. However, labeled data is often uncommon,
especially in some narrow disciplines. Most research
groups have to spend time and money on data label-
ing!>. In a 2022 study, it was found that tree-based
models outperformed other classification approaches,
with the Random Forest algorithm achieving an accu-
racy of 89%. Specifically, the model reached 73% ac-
curacy for binary classification and the same accuracy
(73%) for three-class classification.

PROPOSED RESEARCH METHODS
AND MODELS

Research methods

In this study, qualitative and experimental research
methods are applied. In which the qualitative method
is used to survey secondary data, published results,
and work on analyzing customer views when using
mobile commerce applications in particular. online
in general. From there, find out the basis to conduct
model building and process to carry out empirical re-
search; The experimental method is applied to survey
and collect data, analyze, and process the data from
the collected and experimental data sets by machine
learning methods. This method is also used to evalu-
ate the experimental and visual results of the customer
opinion analysis.

Proposed research model

Fig 1 presents the proposed research model as fol-
lows: The first stage starts from accessing the web-
site https://shopee.vn/ and collecting a raw dataset us-
ing Python’s Scrapy library about product informa-
tion, store, review score, and customer reviews about
products being traded on the e-commerce platform
Shopee through the API obtained from the website.
After having the input data set, start surveying and
preprocessing to check for inappropriate data and re-
normalize the data set to optimize the machine learn-
ing model building step. Divide the dataset into a
dataset to train the machine learning model (data
train) and a dataset to test the model’s accuracy (data
test) with the ratio 8:2 and 7:3. Then, use the training
data to apply to machine learning evaluation methods
by feature methods and then use the test data to re-
evaluate these machine learning methods, to compare
and select the most optimal model compared with the
obtained evaluation data set. Finally, from the ap-
propriate output data set, use data visualization tools
such as Power BI and Python to visualize and pro-
vide meaningful comparisons and metrics to improve

product quality or come up with more innovative and

more effective customer access strategies.

Data collection

To test the proposed method, we collected over
200,000 comments from an extensive mobile com-
merce application in Vietnam, Shopee. The empiri-
cal dataset comprises customer feedback collected be-
tween 2017 and 2022, providing a factual basis and
capturing temporal variations over these five years.
Tables 1 and 2 below show the data fields collected

from this application.

Table 1: Data structure of collected data from
e-commerce applications [Source: Author’s own work]

Data fields ~ Data types Describe

category nvarchar(50)  List of categories on
shopee

review_id nvarchar(50) Comment code

reviews nvar- Customer comments

char(max)

id_user nvarchar(50)  Customer’s code

user_name  nvarchar(50)  Customer account
name

order_id nvarchar(50)  Order number

item_id nvarchar(50)  Product code

shop_id nvarchar(50)  Store code

rat- tinyint Rating Status

ing_status

scores tinyint Point evaluation

shipping nvarchar(10)  Shipping area

Data preprocessing

Once you have the data set, preprocessing the data
will be the first step. Data preprocessing is basically
the process of renormalizing raw data, removing ele-
ments that are not meaningful for text classification,
comments '®. For example, we have an input com-
@shopee”. After
going through the data preprocessing step, it will be
normalized to “so beautiful!”. Non-meaningful com-
ponents will reduce accuracy when building machine
learning models. Preprocessing is an important step
to increase accuracy in machine learning. Preprocess-
ing on the Vietnamese data set usually includes steps

shown in Fig. 2.
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Implementation Process

Data collection and preparation
Get APls from websites o o
Data collection — Scrapy, Pandas
libraries
Read and describe datasets o -
!
Preprocessing
Unicode encoding
standardization Python libraries
Tokenization - Pandas
4——
- Underthesea
Normalization - Regex
Remove stopwords
Lower
1 Models, Algorithm
Build models
- Bag of word
‘ Training ) - TF-IDF
- - Navie Bayes
‘ Testing - Logistic Regression
- SVM
Visualization — Python, Power BI

Figure 1: The process of building a customer perspective analysis model [Source: Author’s own work]

Data Labeling

After we have normalized all the comment data, one
more important step before we put the dataset into
training is to label the data. Based on previous studies
on data labeling methods, the emotional data labeling

17 is used

method based on the customer’s rating score
to label and divide the comments into two categories
as follows:

-Rating score <= 3: Negative comments (Negative)
-Rating score >= 4: Positive comments (Positive)
After assigning data labels, we get the results in Table

3.

The results show that, in more than 200,000 lines of
collected review data, comments with a rating of 4 to
5 stars accounted for 97.14% with 209,698 comments
negative comments with a rating score of less than 3
stars only accounted for 2.86% with 6,176 comments
in total.

Feature extraction method

During data training, the computer only understands
this data in vectorized form. Therefore, the data after
being preprocessed and labeled will be represented in
the form of a vectorized matrix. There are currently
many methods to support text vectorization such as:
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Figure 2: Data preprocessing process [Source: Author’s own work]

Table 3: Number of comments labeled by product category [Source: Author’s own

work]

Product portfolio Positive ~ Negative  Total
Travel sports (Thé thao du lich) 37,114 1,180 38,294
Online Department Store (Bach hoéa online) 30,645 541 31,186
Phone accessories (Dién thoai — Phu kién) 27,718 434 28,152
Men’s shoes (Giay dép nam) 21,040 759 21,799
Women’s purses (Tui vi nit) 17,790 476 18,803
Computer - laptop (May tinh laptop) 17,557 526 17,881
Clock (Pong ho) 17,149 732 15,742
Women’s jewelry (Trang stic nii) 15,023 719 13,319
Cars - Motorbikes — Micycles (O t6 — Xe mdy — Xe dap) 13,032 287 9,118
Women’s shoes (Giay dép nit) 8,707 411 4,025
Total 209,698 6,167 215,865
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Table 2: The store data structure is collected.[Source:
Author’s own work]

Data fields Datatypes Describe
avg_rating_scor float Average store review
score

category_id nvar- Catalog code on
char(50) shopee

followers int Store Followers

histori- int Total number of

cal_sold products sold

id_items nvar- Product code
char(50)

shop_id nvar- Store code
char(50)

shop_name nvar- Name of the store
char(max)

shop_location  nvar- Province/city
char(max)

date date Comment time

year int Year of comment

month nvarchar Comment month

price float Product price

traditional methods and the most popular method is
Bag of Words (BoW), or the newer method is Term
Frequency - Inverse Document Frequency (TF-IDF).
Many studies '-2! have used this method as a tech-
nique for extracting and representing text in vector-
ized form. This method can evaluate the weight of
a word in the input text. The more repeated words
in the text, the higher the return value and the more
critical it is. TF-IDF can also generate stopwords, such
as summaries or comment categories. When calculat-
ing, all words in the comment are evaluated equally.
But there will be some unimportant words like “T”,
“He’, “the” ...etc that will often appear in Vietnamese
comments. We need to reduce the frequency of these
words to reduce their importance in the comment.
Formula (1) represents the IDF in the text data set.

D]

IDF (l, D) :logm

(1)
In there:

- IDF (t, D): TDF value of word t in input data set

- |D|: Total number of comments in the dataset

- {d®D:t®d }|: represents the number of comments
in set D containing the word t.

Model testing and evaluation

In this process, the data set is divided into two parts,
training and testing, separately using the Sklearn li-
brary with a specific scale. In this problem, we ex-
perimentally divide the data set with two ratios of 8:2
and 7:3 and compare the results. Perform the follow-
ing steps:

Table 4: Ratio of training and test data sets [Source:
Author’s own work]

Index Training set Test set
1 80% 20%
2 70% 30%

- Step 1: Read the data from the repository and split
it into two parts: the comment data and the positive
or negative label column. Divide into 2 sets of train
(x_train, y_train) and test (x_test, y_test) according
to the ratio in Table 4.

- Step 2: Save two training sets and test data for train-
ing with predictive models.

- Step 3: Return the label (label) to a vector format to
facilitate calculations using the LabelEncoder library.

- Step 4: Test the dataset on predictive models, in-
cluding Naive Bayes, Logistic regression, and Support
Vector Machine (SVM). Then evaluate the results of
these machine learning prediction models.

EXPERIMENTAL RESULTS AND
DISCUSSION

In our study, we developed models not only for classi-
fying sentiments into three categories (positive, neg-
ative) but also for analyzing sentiment across multi-
ple dimensions such as aspect categories (e.g., prod-
uct, ...), temporal trends, and geographic regions.
This approach allows us to gain more profound, more
granular insights into how sentiment varies across dif-
ferent facets of customer experience.

Results of the comparison of experimental
models

In this study, we selected Naive Bayes, Logistic Re-
gression, and Support Vector Machine (SVM) for
sentiment classification based on several considera-
tions. These three models are widely used and well-
established baseline algorithms in sentiment analy-
sis research [15]. Their inclusion enables effective
benchmarking and comparison with results from ex-
isting studies. All three models are particularly ef-
fective for handling high-dimensional and sparse text
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data, which are common characteristics in natural
language processing (NLP) tasks like sentiment anal-
ysis. These models are computationally lightweight
compared to more complex neural networks, which is
advantageous for rapid experimentation and applica-
tions with limited resources. Logistic Regression and
Naive Bayes are also more interpretable, which aligns
with our interest in explaining model decisions.
After conducting the training on the training data set
in the models for training and putting the test dataset
into predict the accuracy, the data set was divided into
two different ratios: 8:2and 7:3. The prediction results
of the models are described in Table 5 and 6.

In this case, when comparing two tables of results. As
aresult, with a training/test ratio of 8:2, the model has
a higher prediction probability result and a shorter
prediction time compared to a training/test ratio of
7:3. Therefore, the researchers will choose the train-
ing/test ratio of 8:2 as the main ratio for future analy-
sis.

Compare and select predictive models

The experimental results Error! Reference source not
found. and Error! Reference source not found. show
that the Naive Bayes model gives the lowest predic-
tion probability (92.86% and 89.86%), and the model
training time and the prediction time are also longer.
Compared with the other two models. The accuracy
of the two Logistic Regression and SVM models is
approximately the same, 94.12% and 90.82% for the
Logistic Regression prediction model and 94.2% and
91.0% for the SVM prediction model, respectively.
However, when comparing the training time of these
two models, Logistic Regression returns much bet-
ter results than the SVM model. After comparing
the results above, we found that logistic regression is
the most suitable and optimal model compared to the
current data set.

Predicted results

After we finished training the model, we included any
number of comments for prediction. The results are
shown in Error! Reference source not found., as fol-
lows:

Visualize the results

The prediction results of the completed models, the
next step is to visualize the obtained results, to create
valuable dashboards to support sellers and business
departments. Businesses easily monitor and make
policy changes or make more accurate decisions to
reach customers and improve service quality easily.
Fig. 4, Fig. 5, and Fig. 6 are the analyzed results.

The dashboard in Fig. 4 shows the overall stats of
the stores from 2017 to the end of January 2022.
The chart above shows the number of product review
comments, the percentage of positive and negative
comments on the total number of comments by year,
the total number of positive and negative comments
in each category, and the statistics of positive and neg-
ative reviews of each product that the store is trading
on Shopee.

The dashboard shows the number of positive/negative
reviews of each product on each store: allowing ba-
sic information of the store to be tracked (for exam-
ple, number of followers on Shopee, rate of customer
feedback) and the number of positive and negative re-
views. At the same time, combined with pre-made fil-
ters on reports generated with Power BI, research can
easily filter out different results as the research want,
such as statistics on the number of positive reviews/
negative reviews of products in stores in the Ho Chi
Minh City or go deeper into the stores in the districts
of the Ho Chi Minbh city (Fig 5).

The dashboard (Fig. 6) of evaluation according to
positive/negative criteria with fixed timelines allows
administrators to track essential indicators of the
growth in the number of reviews over time, first,
with a sticker showing the total number of comments
along with the percentage of positive reviews and
the percentage of negative reviews according to spe-
cific criteria. For example, in Fig. 6, the research
gets the following result when the researcher selects
the filter to see the indicators of Ho Chi Minh City.
The returned results have 4,997 total comments, of
which the number of positive comments accounted
for 98.36%, and the number of negative comments ac-
counted for 1.64%.

Businesses/managers can track the total number of
comments annually, monthly, or in detail at daily and
hourly levels in the statistics table. In addition, this re-
port also helps businesses to track the number of new
comments from new guests who come to evaluate and
track the number of returning guests over time. From
there, research came up with a customer review return
index, which shows that these stores find new cus-
tomers, but they still have loyal customers who return
to buy again. The results show that most annual and
monthly evaluation return rates are favorable, which
is excellent.

Cloud chart (WordCloud) statistics the words ex-
pressing feelings and words that are mentioned many
times in the evaluation dataset. The results of Table 7
show that the words most mentioned by customers in
the comments are:
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Table 5: Model prediction results with the ratio of 8:2 oftraining and test data sets [Soure: Author’s own work]

Algorithm

Precision
Recall

F - score
Accuracy
Training time

Predicted time

Naive Bayes
Negative Positive
0.33 0.91
0.04 0.95
0.23 0.94
92.86%

3.19s

43.2ms

Logistic regression

Negative Positive
0.74 0.94
0.12 0.91
0.21 0.96
94.12%

2.83s

23ms

SVM

Negative

0.79

0.14

0.24

94.2%

2:13m25s

17ms

Positive

0.94

0.96

0.98

Table 6: Model prediction results with the ratio of 7:3 oftraining and test data sets [Source: Author’s own work]

Algorithm Naive Bayes Logistic regression SVM
Negative Positive Negative Positive Negative Positive
Precision 0.01 0.82 0.74 0.87 0.79 0.91
Recall 0.01 0.92 0.12 0.94 0.14 0.93
F - score 0.01 0.94 0.21 0.97 0.24 0.98
Accuracy 89.86% 90.82% 91.0%
Training time 4s 10s 3h24m41s
Predicted time 2.8s 2.2s 7s
Reviews Label Predict

0 san phdm dep chét lugng tdt  positive  positive

1 &n nhung khéng théy thé gidy bao hanh gi hét  positive negative

2 dé 4ulam moi ngwrdi minh rat khong hailong nh... negative negative

3 thét vong ghé khéng giéng anh negative negative

4 deo ldm da réch dut chi & mii giay trong khim... negative  positive

5  dep mua du size minh nhung van rong khuc gotc...  positive  positive

6 quai thi 16ng dép thi in khdng déu mau tién na... negative negative

7 hang ding chan khéng tao bot khdng sach negative negative

8  khéng khép méat déng hd Iam bi dur it & hai bénria  positive  positive

9  san pham én dep cho thém nin du phong tuy nhié...  positive  positive

10 ddng hd méi mua nhung da bi vo nudc bi Am mat positive  positive

1 giao nham mau théi con moi thir déu énvéilai ... positive  positive

12 ddng hd dep Idm a mua ding dip san sale nén gi positive  positive

13 déng ho rat dep méi toi @dng hd co naideotré... positive  positive

Figure 3: Some predicted results [Source: Author’s own work]
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Figure 5: The dashboard shows the number of comments from Ho ChiMinh City.[Source: Author’s own work]
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Figure 6: Dashboard shows comment trends over time. [Source: Author’s own work]

Table 7: Frequency of occurrence of words.[Source:
Author’s own work]

Index  Word name Number of mentions
1 beautiful (dep) 790
2 quality (chétlugng) 648
3 buying (mua) 576
4 delivery (giao hang) 515
5 fine (6n) 455

When writing a review, these words will help deter-
mine what customers want and feel about the issue.
For example, with the word “beautiful (dep)”, we can
predict that customers are interested in other prod-
ucts in terms of fashion and images; the word “buy
(mua)” shows that the customer is saying that he has
bought this product and can also mean that the cus-
tomer is liking this product and recommending peo-
ple to buy it, or in a negative perspective, the cus-
tomer is warning to People should not purchase this
product. Or the keywords “quality (chat lugng)”, “fast
(nhanh)”, “slow (chdm)” are also mentioned. This will
help retailers keep track of what problems customers
are interested in their products, be it about good or
bad quality, fast or slow shipping, to make recommen-
dations. Timely solutions to help increase customer
experience and improve business profitability.

CONCLUSION AND FUTURE WORK

Conclusion

With this study, the online customer perspective anal-
ysis model in e-commerce is proposed and tested on
the data set of Vietnamese comments left by users on
e-commerce sites. Shopee. Experimental results show

that the model has high accuracy. The collected em-
pirical data set includes customer feedback from 2017
to 2022, ensuring factuality and reflecting data fluctu-
ations over time. This helps analysts find trends and
make better predictions for the future, thereby having
reasonable investment strategies that minimize risk.
Visual representations of results by graphs and charts
help administrators conveniently and timely capture
information, allowing them to see problems from dif-
ferent perspectives (analytical dimensions).

Future works

In the following studies, the model will be developed
to identify fake comments (fake comment detection)
and then put into training and analysis. Some mod-
ern methods in natural language processing, such as
topic modeling and lexical analysis methods, will be
applied to improve the performance and accuracy of
the model. In addition, model development and inte-
gration into the real-time forecasting system, contin-
uously collecting and predicting based on customer
feedback, is also one of the appropriate development
directions of the research. Deep Learning models pro-
vide a more objective comparison. Besides, the model
can be improved and applied in relevant industries
and interdisciplinary fields such as restaurant and ho-
tel, customer behavior and emotion analysis, and cus-
tomer experience analysis. In this study, the dataset
is highly imbalanced, with negative reviews compris-
ing only about 3%. This imbalance is a limitation,
as it can bias the model toward majority classes and
reduce its ability to detect negative sentiment accu-
rately. While we applied standard preprocessing and
evaluation techniques, we recognize that the skewed
class distribution may have impacted the model’s per-
formance, particularly its recall for negative senti-
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ments. In future work, we plan to address this issue by
implementing advanced resampling techniques (e.g.,
SMOTE, undersampling), using class-weighted algo-
rithms, or exploring anomaly detection approaches to
improve the detection of minority classes.
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Phén tich y kién da chiéu tir binh luan truc tuyén ctia khach hang
trong linh luc Thuong mai dién tu
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TOM TAT

Nghién cttu nay trinh bay mét mé hinh thu thap va phan tich danh gid cda khach hang st dung
hoc may. Trong béi canh céc nén tang thuong mai dién t& phat trién manh mé, khéi luong 16n y
kién khach hang dugc tao ra, nhung phan Ién di liéu nay cé cdu tric phi tap trung va khé st dung
truc tiép. D& gidi quyét van dé nay, phuong phap dé xudt bt dau bang viéc thu thap danh gia t
c4c nén tang truc tuyén, sau do tién xir ly dirliéu dé lam sach, loc va chudn héa van ban. Cac budc
nay dam bao dir liéu pht hop cho phan tich bang hoc may. Cac mé hinh phan loai sau dé dugc ap
dung dé thuc hién phan tich y kién. K&t qua cho thdy mé hinh c6 thé phan loai y kién khach hang
v&i d6 chinh xac trén 94%. Cac phat hién dugc minh hoa théng qua cac bidu dé va dé thi toan
dién, cung cdp nhiing hiéu biét 16 rang vé thai do va mau hinh hanh vi ctia khach hang. Nhiing
biéu dién nay déng vai trd quan trong trong viéc chuyén déi két qua phan tich phuc tap thanh
dang dé tiép can, cho phép cac nha quan ly nhanh chéng xac dinh xu huéng chinh va cac van dé
tiém an. Bang cach trinh bay di liéu tir nhiéu géc nhin, dau ra truc quan tao diéu kién hiéu sau
hon, ho trg phan tich so sanh va nang cao chat lugng ra quyét dinh, tir d6 cling ¢6 cac thuc hanh
quan ly dya trén bang chiing trong mai trudng kinh doanh nang dong. Bang cach phan tich phéan
héi khach hang o hé théng, cac cong ty cé thé xac dinh nhu cau mdi ndi, cai thién san pham va
dich vy, d6ng thai thiét ké cac chién lugc kinh doanh hiéu qua hon. Nhing hiéu biét nhu vay gép
phan tryuc tiép vao viéc tdng cudng nang luc canh tranh trong linh vuc thuong mai dién tl, noi trai
nghiém ngudi dung la yéu té khac biét quan trong. Ngoai thuong mai dién t, phuong phap luan
dé xudt thé hién tinh linh hoat va kha nang ing dung trén cac linh vuc khac, bao gém tai chinh, y
té va gido duc, noi viéc ndm bat va dién giai tam ly khach hang cling quan trong khong kém. Bang
céch tich hgp ky thuat hoc méay vai phan tich da chiéu, nghién ctiu nay thiét lap mot khuon khd
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