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Abstract - In the booming technology industry nowadays, social media platforms are widely popular and used by
almost everyone. With an enormous number of users, these platforms fully deliver a variety of posts on distinctive
topics. As a result, many enterprises have decided to examine the feedback and analyze the sentiments of their
customers through posts, videos, or casual conversations about their products or some service to capture the market’s
actual needs. This article will show the research on a model created by the collaboration of Deep Learning (DL) and
Recurrent Neural Network (RNN) algorithms, and Vietnamese texts and images are the datasets of this research. The
performance was evaluated by Precision, Recall, Accuracy, and F1-Score, with the accuracy score for the text model at
94.45% and the image model at 90.87%.

Keywords - Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Deep Learning, Bidirectional
Long-Short Term Memory (Bi-LSTM).

1. Introduction

User demand is inevitable in most business strategies because it is one of the leading factors for brand
development [1, 2]. Based on that, they can identify target groups and optimize user needs, efficiently handling
complaints. Therefore, many businesses have chosen emotional analysis models, also known as user status analysis,
to personalize their brands, from which these models can be promoted. Gain advantages in exploiting psychology
and, at the same time, detect and overcome limitations in the operations of businesses.

Artificial intelligence has applied machine learning and deep learning algorithms to analyze human emotions
with scores of huge achievements [3]. In the study of Priya and Udayan, the model was trained using the
convolutional neural network algorithm with three datasets: International Affective Picture System (IAPS), Artistic
Photos, and Emotion-Image dataset, respectively, creating an analysis and evaluation model [4]. Human emotions
are expressed through images with the accuracy of all three datasets at approximately 98%.

In the study by Yang, the authors researched text and image models trained using the TumEmo, MVSA-Single,
and MVSA-Multiple datasets to create a model based on a Multi-View Attentional Network (MVAN), yielding an
accuracy of 72.98%, 72.36%, and 66.46% [5]. Another model from Nguyen et al. analyzing student feedback is
trained on the UIT-VSFC dataset [6]. The study using Maximum Entropy and Naive Bayes classification models
obtained accuracy results of 87.9% and 86.1% in tasks related to emotions and topics, respectively. From there, tools
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to determine emotional states also contribute to developing the quality of education at universities, and they are
widely applied in many areas of life. The combined text and image model by Li et al. was trained using logistic
regression [7]. By training on various text-image pair datasets (Flickr, Flickr-ML, Twitter, Visual Sentiment
Ontology), they achieved accuracy metrics exceeding 84%. The problem is collecting user opinions and how
practical the evaluation must be in the business market. The team’s research will provide a model to evaluate and
classify user emotional states through social media posts using a convolutional neural network and recurrent neural
network algorithms. With the input being a Vietnamese post, the proposed model will visually analyze and assess
the user’s status through two status labels: positive or not positive. From there, with the predicted results given by
the model, businesses can rely on it to analyze and develop correct strategic plans.

This article is divided into four sections. Section 1 introduces the topic, while Section 2 presents the research
subjects and methodology, including the research subjects, proposed model, research data, research methods, and
deep learning model analysis. Section 3 covers the results and discussion, including experimental results and their
discussion. Finally, Section 4 provides the conclusion for this research.

2. Research Subjects and Research Methods
2.1. Research Subjects

The research subjects are Vietnamese posts on social networks, including text and images. The posts can be on
any topic that users share their thoughts on. Data is collected from diverse sources, ensuring diversity and widely
reflecting the opinions and sentiments of the user community in Vietnam and foreign communities on social
networks.

2.2. Proposed Model for Analyzing User Sentiment through Social Media Posts

In Figure 1, the method for analyzing user states from posts has inputs consisting of two types of data: text
strings and image paths. However, if only one of the two data types is provided as input, the model can still process
it quickly. The next step involves pre-processing the data to ensure a suitable structure for the model, converting
text into feature form, resizing images, and providing results with two types of labels: positive and not positive.

Deep Learning Model

]y Pre-Processing 3 I - Analyse

User Sentiment Analysis
through Posts

€

Positive Not Positive J—‘

Fig. 1 User sentiment analysis method through social media posts

Figure 2 describes the working mechanism of the post-based status classification model by combining two deep
learning models that analyze text and image data, divided into two main stages:

e Stage 1: The model operates based on the mechanism of two text and image labelling models trained from two
found datasets. Particularly with text models, because classification is based on three labels, so neutral labels
are further processed into positive or not positive labels. After training, the structure is saved for use in stage
2.
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e Stage 2: The learned structure of the model is downloaded to process the input posts, then extract the
characteristics of the data type and finally classify the post results as positive or not positive.

Stage 1: Training Model by UIT-VSFC and ISP datasets

Classifying Status into: Processing “Neutral”
Text data is fed into Training the UIT- -Positive N labels to:
the text model VSFC dataset -Neutral -Positive
-Not Positive -Not Positive

Classifying Status into: o
—— Training the ISP Dataset -Positive ——  Combining labels
-Not Positive

Image data is fed
into the image model

Stage 2: Deep Learning Analysis of User Sentiment through Posts

> Uploading classified Feature Extraction

— Analyzin.g. 3
data from Input Posts .

Positive

Not Positive

Fig. 2 Structure of deep learning model

2.3. Data and Research Methods
2.3.1. Research Data

The Image Sentiment Polarity image dataset is a public dataset by CrowdFlower on the Data.world website
that we use to research image processing and classification models [8]. The dataset consists of an extensive
collection of image paths classified and labelled as positive and not positive, totalling 2716 images, 1394 positive
images, and 1322 not positive images.

The Vietnamese Students’ Feedback Corpus (UIT-VSFC) text dataset contains student feedback on the teaching
quality of UIT teachers [6]. The dataset is used through the Hugging Face site [9] with 11,426 training data, 1,583
evaluation data, and 3,166 data used to evaluate the text processing and classification model. Both the above
datasets will be processed and analyzed through the proposed model, from which the researched model will be
able to identify and categorize posts as positive or not positive.

2.3.2. Research Methods

This research employs quantitative methods to precisely measure the influence of specific factors or events on
social network users, as reflected in their posts. The model, once trained, analyses these posts to provide a
comprehensive understanding of the user’s emotional state. Based on the model’s implemented indicators, this is
done by assigning two distinct labels, positive and not positive. This method is crucial in gaining a nuanced
understanding of social network users’ emotional responses.
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Method of Selecting Research Datasets

Research model results are based on different available datasets and text and image data sources. The dataset
contains student responses. Vietnamese Students’ Feedback Corpus (UIT-VSFEC) is used for the text dataset. [6]
With 11,426 training data, 1,583 evaluation data, and 3,166 testing data, the dataset is suitable for training a model
on text-based state classification.

The Image Sentiment Polarity dataset by CrowdFlower, [8] a dataset with many pre-labelled image URLs
suitable for image and sentiment analysis, was also used in the model training process. After filtering out
inappropriate paths from the positive and not positive sets, another small dataset is created from the original
dataset consisting of 2716 images with 1394 positive and 1322 not positive images. From the data collection and
evaluation perspective, the dataset must ensure stability and reliability during training to draw conclusions and
meet the problem requirements.

Method of Analyzing Data

The team will construct a user-state analysis model once suitable data is obtained. This deep learning model
takes in the input post, which is a string of text and the address path of the image. The data then undergoes a pre-
processing stage for normalization. Subsequently, it is analyzed and evaluated using two separate models for
images and text. These models are learned from convolutional neural networks and Bi-LSTM hybrid convolutional
neural network algorithms. The outputs of each model are then combined to produce a comprehensive state
prediction of the user.

Evaluation Method
Several formulas are used in the experimental model to measure accuracy and related parameters. The
calculation formulas are described as follows research from Dam, Ngo and Han:

Confusion Matrix with TP as true positives, FP as false positives, TN as true negatives and FN as false negatives.
(101,

Confusion Matrix = [2% ;ﬁ 1)

Accuracy (abbreviated Ac) is calculated based on the formula:

Ac= — [PHTN @)

TP+TN+FP+FN

Precision (abbreviated as Pr) is the outcome of data prediction during training. When equal, it signifies a
favourable prediction outcome.:

TP

Pr= TP+FP (3)

Detection rate or Recall (abbreviated RC) if the value is close to 1, the results obtained are positive:

RC=—" (4)

~ TP+FN

Finally, the F1-score (abbreviated F1S) is the average of the Detection rate, and Precision is used to evaluate the
identification rate of imbalanced datasets:

2%Pr+«DR

F15 = Pr+DR (5)
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2.4. Proposed Model of Deep Learning
2.4.1. Image-Based User State Analysis Model

The two most popular deep learning neural network models are CNN and LSTM. CNN can be used for
visualization in deep learning [11]. Our team employs a Convolutional Neural Network (CNN) model for image
data to classify sentiment through images into positive or not positive labels. This model is the most suitable for
image data processing as it extracts features from each convolutional layer, allowing it to make predictions based
on these extracted features from the image dataset. Specifically, the input image data undergoes processing and
analysis according to the following scheme:

ﬁ :

Not
Positive

:"Pre_ProceSSing CNN Model FU||yL2;2rnSEC19d c Output=1 Sigmoid <

Positive

Fig. 3 Steps to determine user status through images

The pre-processing phase makes the back-end training more convenient and more accessible. Images are
adjusted to the default size of 256x256 pixels. At the same time, drag the colour values in the image from 0 - 255 to
0 - 1 because, during the learning process, the presence of tremendous values in the image data may impede
computational operations and subsequently impact the efficiency of the model, so replacing with values from 0 to
1 by dividing by 255 to optimize and speed up the processing speed of the image model [12].

X
f=lambdax,y: x = 20y (6)

With £, a function object that receives and stores the result of an expression, lambda is a method that takes an
argument as an expression.

x is the range of colour belonging to the image (0 — 255).
y is the status label.

The convolutional neural network model extracts image features through multiple Convolution2D
convolutional layers. The scope is then reduced via Max Pooling layers to mitigate computational complexity while
retaining the distinctive image features [13].

Specifically, the Sequential Layers, Conv2D, MaxPooling2D, and Batch Normalization modules are utilized to
construct the structure of the convolutional neural network, comprising successive Convolutional Layers and Max
Pooling Layers to extract the necessary feature data for classification. Through each combined convolutional layer,
a set of new features is extracted, enabling the model to produce the final extracted data for the classification process
[14].

Next, the output data from the convolutional neural network model is flattened using Flatten, followed by
Fully Connected layers responsible for classifying the status with a single output label, either positive or not
positive. In addition to the available Dense layers in this module, Batch Normalization is also employed to
normalize the feature data (output of each layer after passing through activations) to a zero-mean state with a
standard deviation of 1, helping to minimize the risk of overfitting (a phenomenon where the model performs very
well on the training dataset but poorly on the validation and test datasets [13, 15].

30



Hai Tran et al. /| DS-DST, 3(4), 26-40, 2024

Moreover, the Adam algorithm, one of the optimization algorithms (optimizers), is also used in optimization
problems. [16] Fundamentally, the optimization algorithm serves as the foundation for building a neural network
model to “learn” the features of the input data. This process enables the identification of a suitable pair of weights
and biases to optimize the model [17].

Early Stopping will halt the training process when signs of uncontrolled learning occur. This optimization
method saves time and effort if the model shows inferior performance [18].

The input parameters of the image used for the proposed convolutional neural network model are 256x256
pixels in size. The output is a dense layer with 1 type of label and a sigmoid activation function (probability less
than 0.5 is not positive, otherwise positive). The total trained parameters are 213,441. The number of epochs is 40,
divided into three batches of 15-10-15 epochs, and the average time per epoch is 250s. This model is trained and
evaluated with batch_size = 32.

The number of output labels of the model depends on the number of key label types marked in the dataset
used. In the Image Sentiment Polarity dataset, [8] there are two main types of labels: positive and not positive,
suitable for the research problem.

2.4.2. Text-Based User State Analysis Model

For text data, the team employs a deep learning model that combines Convolutional Neural Networks (CNN)
with Bidirectional Long Short-Term Memory (Bi-LSTM) to address the classification problem based on Vietnamese
text, with three output labels: positive, neutral, and not positive. The Bi-LSTM model, a variant of the recurrent
neural network algorithm, demonstrates excellent performance, hence the team’s decision to integrate it with the
CNN model to produce the best prediction results. The analysis and training process is illustrated in the following
diagram:

CNN Model

0\

= N : . Extracting Fully Connected
) Pre-Processing Features Layers

Bi-LSTM Model Output=3

Softmax

Positive Neutral Not Positive
¥,

Fig. 4 Steps to determine user status through images

Pre-processing is a step to standardize data in the model [19]. After removing special characters, the text is
processed into unaccented and accented lowercase text. Creating an unsigned version of the input text helps the
model learn more forms than usual. At the same time, when creating a dictionary through training data, the number
of words in the dictionary will also be more significant, leading to a broader source of extracted data. Utilizing a
convolutional neural network, the input text is meticulously traversed by the window (kernel) from left to right,
with each slide representing a phrase. This precision allows the model to thoroughly analyze each cluster and
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extract the features of the text after synthesis [20]. At the same time, Bi-LSTM - an extended version of LSTM,
operates based on two separate LSTM networks. If LSTM analyses and learns each word in one direction, Bi-LSTM
learns both directions from left to right and vice versa. [21] Both LSTM networks return a probability vector as
output, and the final output is a combination of both these probability vectors based on the following formula:

Pe=pf +0 7)
Where pt is the final probability vector of the network.

p{ is the probability vector from the feedforward LSTM network.
p? is the probability vector from the inverse LSTM network [22].

Combining two convolutional neural network models and Bi-LSTM, we get a model that inherits the ability to
extract features through each phrase in a sentence of a one-dimensional convolutional neural network and can also
extract features from each phrase in a sentence. Bi-LSTM, whose ability to analyze and learn each word in a sentence
in 2 dimensions, achieves the best results more effectively than LSTM [23].

During training based on text data, the problem also applies several algorithms and relevant libraries such as
Embedding (for representing input text), Dense (fully connected neural network layer with ReLu activation
function), Dropout (to prevent overfitting), Bidirectional LSTM (to extract and learn features in both directions),
Bidirectional GRU (used to optimize learning time due to fewer parameters than Bi-LSTM), Input,
GlobalMaxPoolinglD (simplifies computation), Layer Normalization (normalizes feature layers and limits
overfitting), Conv1D (extracts text features in one direction) to facilitate the construction of the convolutional neural
network model combined with Bi-LSTM.

Bidirectional GRU helps with timing, as GRU uses fewer training parameters and less memory than LSTM.
LSTM has an advantage in accuracy and set size data. LSTM is also used in modelling to solve large sequences and
requires higher accuracy [24].

In addition, the ViTokenizer and ViUtils modules were used in the pre-processing stage to process Vietnamese
vocabulary [25]. The maximum text input parameters are 512 words, and the dense_4 output includes three labels:
positive, neutral, and not positive. The total trained parameters are 249,585, the number of epochs is 15, and the
time Average per epoch is 350s. This model is trained with batch_size = 128.

The number of output labels of the model depends on the number of main labels marked in the dataset used.
The Vietnamese Students’ Feedback Corpus has three main labels: positive, neutral, and not positive. [6]
Attempting to change the “neutral” status label before use into one of the remaining two labels might adversely
affect the results of the text model. Therefore, the model predicts based on three status labels and then adjusts based
on the remaining two status indices (the SoftMax activation function helps ensure that the sum of the outputs equals
1) to provide appropriate results. Consequently, the output of the text model returns positive or not positive,
including the image model, laying the groundwork for combining text and image models.

2.4.3. The Model Analysis User Status through Posts (Text, Images) on Social Networks

With the text and image state analysis model completed, the proposed model is built based on a combination
of state assessment of both types of input data, thereby providing the ability to analyze the state of text and images.
Ability to figure out a user’s status through social media posts. To classify post status, the model needs to complete
two critical processes: pre-processing and combining analysis results of text and images to produce the final status
result.
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— [ ] . Pre-Processing ». Sentiment Analysis
——— yv % Model
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Fig. 5 Steps to analyze user status

In this study, the text_prediction function is a key component. It encompasses text pre-processing
(preprocessing_raw_input) and a pivotal function called inference_model. The latter is responsible for predicting
the final sentiment label of the text, along with its corresponding index (ranging from 0 to 1). Additionally, the
inference_model function adjusts the three labels of the text model (positive, neutral, and not positive) to just two
labels (positive and not positive) based on the index of each label. This adjustment is made according to the
following formula:

Neutralyoint

Negative,,in, = 5

+ Negativeyoin: (8)

Neutralyoint

Positiveyyin, = 5

+  Positiveygine 9)
With Negative,,,; is the non-positive index of the text.

Neutral,,,: is the neutral index of the text.

Positive,,m: is the positive index of the text.

After obtaining the values of the two new labels, they are compared to decide the label with the highest value.
This is also the result of the user sentiment analysis through text. Next, image_prediction is built, including pre-
processing functions and analyzing user status through images. In the function, the image is processed to match
the model’s input and then fed into the image model to produce the results. The returned result is a ratio ranging
from 0 to 1. If greater than or equal to 0.5, the image is positive; otherwise, it is not positive.

After obtaining the processed user state analysis function through images and text, proceed to construct a
prediction function for user state through posts, with parameters including the input text (text_input), the
dictionary built from the previous text training data (tokenizer_data), the text processing model file (text_model),
the image path (image_input), and finally, the image processing model file (image_model). The function considers
the type of data contained in the input, from which it provides appropriate analysis. Specifically, if there is only
text or images, the function will call the function to analyze the image or text corresponding to the input separately.

When both data types are present, the model analyses both and compares their suitable labels. If both types
yield the same final state result, that result will be the final. Conversely, every kind of data produces a different
outcome. In that case, the model will classify by using the difference between the two detailed indices of each data,
comparing it with a coefficient of 0.1 (the coefficient chosen by the consensus of the entire team through multiple
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experiments with different coefficients, suitable for making label classification decisions) to determine the final
state. Specifically, the processing steps of the model are as follows:

Not Positive V|

Image Model
ey -Positive s—) Positive/Not Positive _’@
-Not Positive
| ot i Label
% E s Pre-Processing g

Post
I
e
pr— Processing Label
—_— -Positive .—_—_{> Positive/Not Positive
-Neutral
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Smaller
than

-Positive Text »
-Not Positive Image . Not Positive

Different

Greater [WE——
than
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\\.
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~Not Positive Text
-Positive Image Positive
. Smaller

than

Fig. 6 Diagram of the classification

3. Results and Discussion
3.1. Experimental Results
3.1.1. Result with Visual Data

After training on the training dataset, experiment on the test dataset and the results: Precision is 86.2%, Recall
is 97.6%, Fl-score is 91.57%, and accuracy is 90.87%. In the test dataset, a confusion matrix was applied to visually
represent the model’s accuracy. Out of 252 image data points, including 128 non-positive and 124 positive images,

the model correctly identified 89% (114 images) in the non-positive group and 97% (120 images) in the positive
group.

Confusion Matrix, without Normalization Normalized Confusion Matrix
100 0.8
Not Positive
— 80 ] 0.6
] R=l :
< 3
] 60 5
[ = 0.4
40
Positive
0.2
20
Not Positive Positive Not Positive Positive
Predicted Label Predicted Label

Fig. 7 Confusion matrix for the image test dataset

Several images were tested during the training process. For example, specific results for positive and non-
positive outcomes are presented in Figures 8 and 9.
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TEXT AND IMAGE SENTIMENT ANALYSIS

Input Output

Text

https://www.1mg.com/articles/wp-content/uploac

Positive

Fig. 8 Example of a positive image

TEXT AND IMAGE SENTIMENT ANALYSIS

Input Output

Text

https://toplist.vn/images/800px/nhung-dieu-ban-s

Not Positive

Fig. 9 Example of not positive image

3.1.2. Result with Textual Data

After training on the training dataset, the test dataset was experimented on, and the results were as follows:
Precision is 92.1%, Recall is 91.1%, F1-score is 91.6%, and accuracy is 94.4%. Figures 10 and 11 present some of the
post-texts tested for the model, which were positive and not positive, respectively.
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TEXT AND IMAGE SENTIMENT ANALYSIS

Input Output

Doéng chi Tran Phu la ngudi cdng san mau murg, ki

Image URL

Positive

Fig. 10 Example of positive text

(Dbng chi Trin Phii la ngueoi cong san mau muec, kién cwong, bat khudt, da hién dang tron doi minh cho sw nghiép cich
mang cua dang va ciia nhin din, luén néu cao phim chdt dao dirc cich mang trong sing, thity chung, trung thanh vé han
v6i sy nghigp cdch mang ciia ddng, ciia giai cp va cia din tdc, lac quan tin twdng vao twong lai va sy tat thang ciia cdch
mang.)

TEXT AND IMAGE SENTIMENT ANALYSIS

Input Output

Dudng nhu ai cling tirng néi déi bd me it nhat mot

Image URL

Not Positive

Fig. 11 Example for not positive text
(Dwong nhuw ai ciing tirng noi doi bd'me it nhdt mot lin trong doi, di dwgc day la khong tot. Mot phin vi chiing ta c6

tam 1y phan khing (cang bi cam, ban cang mudn lam), mot phiin bdi ddy la cich dé nhit givp chiing ta thuwc hign mot nhu
ciu nao dé cua ban thin, ma ta gdp kho khdn khi giao tiép véi bd me.)
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3.1.3. Results with Combined Image and Text Data
With both text and image inputs, the two models are combined to create a function capable of processing and
analyzing both text and images, producing an overall result. Specifically, below are some illustrative examples:

Input Output Input Output
Duong trang la loai san pham lam thic udng tro ne s & f’) ‘ Tra thao dugc cla chung t6i co chiét xuat tir thién
U RN
https://scontent-hkgd-1.xx.fbcdn.net/v/t39.30808- i . https://cdn.nhathuoclongchau.com.vn/unsafe/80(
St o g

Positive

Not Positive

Fig. 12 Predictions when text and image have the same label

(Duwomng tring la logi san phdm lam thirc udng tré nén ngon miéng hon, tuy nhién néu ste dung véi lidu lugng khong
diing sé giy tdc hai nguy hiém cho sikc khoe.) (Tra thio dicoc ciia chiing t6i ¢6 chiét xudt tie thién nhién, an toan va lanh tinh
cho sikc khée.)

TEXT AND IMAGE SENTIMENT ANALYSIS TEXT AND IMAGE SENTIMENT ANALYSIS

Input Output Input Output

K&t cau cta banh chua duoce dep, huong vi qua ng Minh khong thich vj socola cho I&m

https://media.cooky.vn/images/blog-2016/that-ba https://th.bing.com/th/id/R.a28757f5d6c131ce8d

Not Positive

Fig. 13 Predictions when text and image have the different label

(Két cdu ciia banh chuwa dwoc dep, hwong vi qud ngot ddn dén nhanh chdn.) (Minh khong thich vi socola cho Lim.)

3.2. Discuss

In the study, analyzing user sentiment through social media posts met real-time needs, employing deep
learning technology and achieving relatively high accuracy results. In the convolutional neural network model
applied to image data, not only the quality and compatibility of the model are essential, but also the diversity of
images, colours, and shades, along with the meaning of the pictures, plays a significant role in the analysis and
classification of sentiment. These aspects also represent challenging elements in our team’s research process.
Although the results of the image model are not yet satisfactory, this constitutes a step forward and a foundation
for developing and improving future models.

Table 1. Model comparison table of research by Priya & Udayan and Li, Zhu, Gao, Cao & Wang

Research Datasets Accuracy
Priya & Udayan International Affective PictTJr? System (IAPS), Emotion-Image, 989,
Artistic Photos.
Lietal. Flickr 73.2%
Proposed model Image Sentiment Polarity (ISP) 90.87%
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The model by Li et al. used the Flickr text-image dataset [7]. Their study presented performance metrics using
the model on separate text, image, and combined text-image datasets. Our team only used the accuracy of the image
dataset to compare with our proposed model. Our proposed model can be compared to the mentioned model
because the dataset our team used is a smaller subset of the Flickr dataset. Therefore, the comparison results are
relevant to each other. Compared with the logistic regression model and the proposed convolutional neural
network model, the accuracies were 73.2% and 90.87%, respectively, showing that the proposed model yields more
accurate results.

Although our model Priya & Udayan also uses the network neuron accumulation convolution but produces
higher accuracy with all three datasets, the model based on the IAPS and Artistic Photos datasets gives better results
than the Emotion-Image dataset [4]. The article’s authors also stated that their model has better performance when
compared to network models of neuron accumulation. Other convolutions are mentioned. As for the proposed
model, although the accuracy is lower than that of Priya and Udayan, there is still a negligible difference. Therefore,
the proposed model still works effectively and performs similarly to this model. Furthermore, the proposed model
will also focus more on research and development in the realm of image data in the future.

Next, the convolutional neural network model + Bi-LSTM analyses the student’s feedback text and produces
extremely positive indicators:

Table 2. Model comparison table of Nguyen et al.

Research Datasets Accuracy
Nguyen et al. - Maximum Entropy UIT-VSFC 87.9%
Nguyen et al. - Naive Bayes UIT-VSFC 86.1%
Proposed model UIT-VSEC 94.45%

The research team utilized a training dataset as the one used in our proposed model, but they employed entirely
different algorithms. Maximum Entropy and Naive Bayes are both part of the probabilistic classifier family. In
contrast, the algorithm of our proposed model involves learning recognition features, followed by using
convolution layers and pooling layers to extract feature vectors for each word. Regarding the output results, there
is a difference in accuracy: the proposed model achieved 94.45%, while the accuracies for Maximum Entropy and
Naive Bayes were 87.9% and 86.1%, respectively, with Maximum Entropy achieving higher accuracy than Naive
Bayes [6]. In conclusion, the proposed model demonstrates higher accuracy than the two models presented.

By surveying the results of the research work, the assessed accuracy of the mentioned model and the proposed
model showed the differences in each sub-problem handle. As for the image through tissue, the proposed model
has an elevated level of accuracy (90.87%), higher than Li, and the difference is tiny compared to tissue images
Priya & Udayan. Still, in general, when combining both text and images, thanks to the extremely high accuracy of
the model proposed text image (94.45%), the error rate will be reduced. The survey shows that the proposed model
has a practical and extremely objective learning rate.

4. Conclusion

Through this study, the research team investigated two main areas: firstly, proposing a model for analyzing
user sentiment through images using a deep learning convolutional neural network algorithm with the Image
Sentiment Polarity dataset, which includes positive and not positive labels; secondly, suggesting a deep learning
model combining convolutional neural networks and Bi-LSTM to analyze human emotional states through text
using the Vietnamese Students’ Feedback Corpus, where data is labelled as positive, not positive, and neutral. The
two models were integrated into a comprehensive model for analyzing user states through posts that include

38



Hai Tran et al. | DS-DST, 3(4), 26-40, 2024

images and text on social media. The evaluation process was based on accuracy, precision, recall, and F1-score
criteria, with the image training accuracy result being 90.87% and the text being 94.45%. These results have been
applied effectively to determine human emotions accurately.

Regarding images, the model has managed quite well with datasets with clear differentiation in colour tones,
using bright and dark colour schemes to categorize positive and not positive sentiments, respectively. However,
this also presents a limitation in that it is difficult to discern the true meaning of an image, leading to potential
undesired inaccuracies.

The proposed model in the article can address issues with Vietnamese data. However, training on Vietnamese
posts presented challenges due to the diversity of grammar and context, requiring critical time to manage spelling
obstacles to achieve the highest accuracy. Furthermore, more than the UIT-VSFC dataset is needed to predict a
broader range of topics, thus limiting the model’s applicability to the themes present within that dataset.

We envision a collaborative effort to develop the classification model further in the future. This includes
diversifying the labelling topics of the dataset and expanding the analysis scope by considering and utilizing
various topics, text datasets, and images. In addition to analyzing posts on social media platforms, we are also
focusing on user interactions with a particular post through reactions or shares to classify and improve the model
for better emotional state recognition. These advancements will significantly enhance the accuracy and applicability
of sentiment analysis, paving the way for a more nuanced understanding of human emotions.
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