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Abstract: The development of multimodal media compensates for the lack of information expression
in a single modality and thus gradually becomes the main carrier of sentiment. In this situation,
automatic assessment for sentiment information in multimodal contents is of increasing importance
for many applications. To achieve this, we propose a joint sentiment part topic regression model
(JSP) based on latent Dirichlet allocation (LDA), with a sentiment part, which effectively utilizes
the complementary information between the modalities and strengthens the relationship between
the sentiment layer and multimodal content. Specifically, a linear regression module is developed
to share implicit variables between image–text pairs, so that one modality can predict the other.
Moreover, a sentiment label layer is added to model the relationship between sentiment distribution
parameters and multimodal contents. Experimental results on several datasets verify the feasibility
of our proposed approach for multimodal sentiment analysis.
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1. Introduction

With the development of social networks, the multimedia data that integrate texts and images,
instead of single modality data, are gradually becoming the main medium for sentiment conveyance.
Multimodal contents can make up for the lack of information in single modalities and enable sentiment
expression that is more profound and mellifluous. Hence, more and more research attention has been
shifted to multimodal sentiment analysis in the area of artificial intelligence. Automatic assessment of
multimodal sentiment, which infers the sentiment information from digital contents from multiple
modalities, will be of great significance in people’s social and cultural life [1]. Besides applications in
social networks, the research results can also be applied to many other fields, such as stock prediction,
brand positioning, and medical resources [2–7].

Current approaches to multimodal sentiment analysis can be classified into three types [8–18].
The first is to predict the sentiment information given single-modality generated feature vectors
as inputs, which ignores the information complementation between modalities and may cause
trouble in processing an input of a large amount of redundant information [8–12]. Others attempt
to make decisions based on the results of multiple sentiment classifiers, each of which is trained
separately [13,14]. However, they are unable to effectively capture the correlation between the different
modalities. Moreover, some researchers propose to carry out fusion in the middle layer of the whole
model, mainly through neural networks. This kind of method merges connected multiple-feature units
into a shared presentation layer. Although the methods based on intermediate-level fusion achieve
good results in multimodal modal analysis, they fail in tackling incomplete multimodal contents.

To solve these problems, we propose a topic model which introduces a sentiment label (positive
or negative) layer. Moreover, our model has two separate sets of multimodal feature processing
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methods that are related by a linear regression module. Firstly, we extract eigenvectors of the input
data from each modality. Secondly, two topic models are prepared to process the information of
different modalities and apply the models’ respective eigenvectors to sentiment analyses. In order to
strengthen the inter-modal relationship, a linear regression module with latent variables is proposed.
This module utilizes the complementary information between different modalities. Then a sentiment
label layer is introduced to mine the model sentiments by using the distribution of sentiment topics
and the relationship between features, so as to derive the final multimodal sentiment analysis results.

Our main contributions lie in the following three aspects:

We propose a joint sentiment part topic regression model (JSP). Our method can automatically generate
the sentimental polarity of the document using the intermodal information and sentiment labels.
We add sentiment label layers to the framework to make the analysis results more reliable. A two
modalities feature and sentimental labels are used to explore the internal relationship between modal
and sentimental to solve the problem of multimodal content sentiment analysis.
The proposed model is tested on four real-world datasets of different orders of magnitude.
The evaluation results demonstrate the effectiveness of our method in multimodal sentiment analyses.
The experimental results show that our proposed model has great sentiment analysis ability in
real-world multimodal datasets and has good performance when compared with the state-of-the-art
sentiment recognition methods.

The rest of this paper is organized as follows. Section 2 is a summary of related works. Section 3
states the details of our proposed model. The mathematical inference is then elaborated in Section 4.
The experimental setup and analysis of the results are presented in Section 5. We finally conclude this
work in Section 6.

2. Related Works

Various kinds of approaches have been proposed for sentiment analysis. Our model aims to tackle
multimodal sentiment analysis based on an extended latent Dirichlet allocation (LDA) model with a
sentiment part. Hence, we focus on elaborating the related studies in both sentiment analysis and
LDA models.

2.1. Single Modality Sentiment Analysis

2.1.1. Textual Sentiment Analysis

One of the research hotspots in natural language processing (NLP) is sentiment analysis. There are
three main methods: traditional machine learning [19–23], sentiment lexicographical methods [24–30],
and deep learning [29–33].

In traditional machine learning, sentiment analysis was accomplished in the weak supervision
environment by multi-dimensional continuous injection. Maas et al. drove a probabilistic model
to capture semantic similarities among words, of which the component does not require marked
data [20]. Pang et al. used adjectives in the text as features and tried to combine multiple features for
sentiment analysis [23]. In the lexicon-based approach, a semantic orientation calculator (SO-CAL) was
proposed to analyze textual sentiment by co-annotation of the polarity and strength of semantics [25].
Turney designed sentiment patterns based on word labels of two consecutive words. Phrases satisfying
this pattern were extracted to obtain their semantic orientation [28]. With the increasing popularity of
neural networks, many studies on sentiment analysis resort to deep learning. HAN made use of the
recurrent neural network (RNN) model with a time series structure, which was a hierarchical cyclic
neural network model based on an attention mechanism for text classification [33]. TextCNN for a
text sentiment classification task was proposed. After the word vectors were pre-trained, Kim et al.
used the convolutional neural network (CNN) to train the sentence-level classification task [32].
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2.1.2. Visual Sentiment Analysis

Visual sentiment analysis is more challenging than textual sentiment analysis for the subjectivity
of images. In general, visual sentiment analysis can be divided into three categories according
to the features they utilize, low-level features [34,35], middle-level features [36,37], and high-level
features [38,39] included. Zhao et al. proposed the method of sentiment feature extraction based
on principles-of-art emotion feature (PAEF), which was to extract low-level visual features from the
concept of art principle for image sentiment classification and scanning tasks [34]. In study of Borth
et al., the adjective–noun pairs were detected to form mid-level features based on visual sentiment
ontology [35]. In using high-level features, You et al. made an attention mechanism to automatically
discover the relevant visual targets for image sentiment analysis [39]. In previous works, although the
results of single modality analysis of sentiment perform well, this method cannot be applied to the
multimodal content of social media. The single modality ignores the information complementarity
between modalities and fails to make full use of the social media data. Moreover, due to the inadequate
information, the sentiment analysis’s robustness with single modality is weak. Hence, it is necessary to
effectively process the multimodal sentiment analysis of diverse information.

2.2. Multimodal Sentiment Analysis

Multimodal contents have gradually become the main carrier of sentiment information in the
social networks. Various kinds of approaches have been proposed for multimodal sentiment analysis,
most of which focus on how to effectively integrate information of different modalities from the feature
or decision levels. Feature-level fusion attempts to take the fused features of different modalities as
input for the sentiment classification model. Poria et al. used a deep CNN to capture multimodal
features, which were then integrated by a multiple-kernel learning sentiment analysis classifier [14].
In order to capture contextual information in different modalities, a cyclic neural network was used
to integrate features in pairs [15]. A utilized attention mechanism was used to guide the feature
selection of single-modality information for multimodal feature fusion [16,17]. Decision-layer fusion is
also a widely used approach to multimodal information fusion, such as Kalman filters [18], support
vector regression [19], and Bayesian inference [20]. That is, a specific model is adopted to extract
single modality features for different data types, and the complex relationship between different
modality prediction results is modeled through different fusion methods. At present, most of the
multimodal sentiment analysis only focuses on sentiment classification, and does not pay attention to
the topic, which limits the depth of user validity. Second, most of these studies rely on a tagging and
training-related corpus, leading to limitations in other interest areas of the target tasks. It can be said
that most analytical techniques ignore the complex and changeable relationship between multimodal
information and sentiment.

2.3. Multimodal Latent Dirichlet Allocation

With the development of multimodal analysis, many studies have focused on the use of a topic
model like LDA, which can effectively model documents. Blei et al. proposed multimodal-LDA
(mm-LDA) which introduced a group of shared latent variables to obtain the correlation between two
modalities, so that the two modalities shared topic proportion variables [40]. They further extended
mm-LDA to correspondence LDA (cLDA), in which each caption word shares a hidden topic variable
with a random image [41]. Hagai et al. proposed topic regression multimodal LDA (tr-mmLDA)
which can learn two independent latent variables independently [42]. A regression module was then
introduced to allow a topic to predict another in a linear way. Besides, their calculation formulas
allowed for the captured data to be different, which means that the latent topic numbers of the image
and text can be different. Meanwhile, the LDA model can be used in global or individual topic
generation [43] and is suitable for comment-oriented modeling. For example, Lin et al. added a
connection between the topic and the sentiment on the basis of mm-LDA, and the new model can
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extract and summarize relevant sentimental text [44]. Ding et al. proposed the maximum entropy LDA
(me-LDA), which combined the topic model with the maximum entropy [45].

Different from the above-mentioned works, we introduce linear regression modules to establish
inter-modal relationships, which can utilize the complementary information well at the same time.
Then, we innovatively add a sentiment label layer to associate the sentiment topic distribution with
fused multimodal features.

3. Method

The proposed topic model with a joint sentiment part (JSP) is based on latent Dirichlet allocation
(LDA) [46]. Here, we give a brief introduction to the LDA model. This topic model has a concise
internal logical structure and a series of complete mathematical inference algorithms. Its mathematical
inference process utilizes Bayes’ theorem, input prior knowledge, and multimodal data, where the
prior knowledge is processed in Section 5.3. LDA is a generation probability model based on a
three-layer Bayesian network, and each layer can be adjusted by relevant parameters, which also
provides the flexible scalability of the model and can effectively manage the diversified multimodal
content. Based on the LDA model, the input image or text can be transformed into a topic-based
representation, which reduces the feature dimension and facilitates the multimodal fusion.

Its framework is shown in Figure 1. LDA is a variety of generation model that can hierarchically
model words or images of documents to be analyzed. As shown in Figure 1, there are two latent
variables in LDA. The first one is the topic distribution zn which samples the current word to topic
T. The other one is θd which is the relationship between the text d and each topic from the Dirichlet
distribution with the parameter α.
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Specifically, LDA represents the distribution of words in the document as the contribution of T
topics, and models the topic proportion as the Dirichlet distribution, where each topic is a multinomial
distribution of words. The joint probability distribution of all words in a text and their topics is:

P(w, z|α, β) = P (w|z, β) P(z|α), (1)∫
P(z|θ)P(θ|α)dθ =

∫
P (w|z, ϕ) P(ϕ|β) dϕ. (2)

3.1. Proposed Method

3.1.1. The Overview of Proposed Method

People are used to sharing their opinions on social media. Therefore, refining the topic of the
viewpoint can achieve the purpose of analyzing its sentimental direction. For multimodal sentiment
analysis, we introduce a topic model to process multimodal data. For tackling multimodal data,
traditional LDA methods ignore the deep relationship between the two modalities. So, we follow
tr-mmLDA to address the problem of finding shared latent variables between data modalities. Figure 2
shows the structure of our proposed model. In detail, the model is constructed by an additional module
with parameter x to make a linear influence on the relationship between visual vectors and textual
vectors. Besides, this linear module is a Gaussian regression module, which takes the proportion of
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the textual topic z as input, and the proportion x of the visual hidden topics in the annotated textual
vector as a response variable. Two separate topic models are used to generate a visual word w and
the textual word r. Traditional LDA multimodal sentiment analysis methods do not take the hidden
relationship between the sentiment and the document topic into account, so we add a sentiment label
layer to deepen the connection between the document and topic layer. In this way, sentimental label
l is linked to textual topic z, label l can influence the image vector through the linear module at the
same time. Figure 3 gives an example of predicted values assigned. Finally, we derive the model using
variational expectation maximization (EM).
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3.1.2. Data Representation

From successful works of scene classification, we chose to use the bag-of-word (BoW) model [22]
to represent images and text. The BoW model is understandable and efficient so it is widely used.
First appearing in the field of natural language processing and information retrieval, BoW is used
to process the identification and classification of documents [21]. Later, it was widely used in image
target classification and scene classification [7]. In this way, document data are converted into a simple
result of word vectors without any consideration for word order. Meanwhile, the BoW model is used
to simulate the image as a document, and the local features in the image are extracted as visual words.
Therefore, the multimodal content is reduced to a pair of total word vectors, where the basis vector
of the visual word is defined as the unit vector v ∈ R1×Uv , and similarly, the basis vector t ∈ R1×Ut

is also defined. Thus, V = {v1, v2, . . . , vm} can represent an image that is constructed of m words,
and T = {t1, t2, . . . , tn} can represent a text including n words.
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3.1.3. Joint Sentiment Part Topic Regression Model (JSP)

Our proposed topic model is shown in Figure 4. We suppose the corpus with D documents,
given L visual topics and K textual topics. Then, we assume that N text features and M image features
are extracted from the document.
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The text hidden topic is denoted as Z = {z1, z2, . . . , zn}, and the given topic proportion as θ.
Meanwhile, the visual parameter x is obtained by a set of linear regression formulas involving Z.
Here, we follow [47]:

x = Az + µ+ n, (3)

where A is a K × L regression coefficient matrix. The value of z is borrowed from previous works on
supervised LDA [4,14]:

z =
1
N

∑
n

zn. (4)

At this point, the visual word and the textual word are connected through the linear regression
module that involves parameter x.

Sentiment topic distributionπ is extracted from the sentiment Dirichlet distribution with parameter
γ. After that, the sentiment label l is selected from the multinomial distribution of sentiment topic
distribution π. Meanwhile, the parameter β (βw and βr) which is the relationship that between topic
and word is extracted from the Dirichlet distribution with parameter η.

Furthermore, we sample the proportion θd, l of each sentiment label l under document d from the
Dirichlet distribution with parameter α. When there are K topics, θ is a k-dimensional vector, and each
element represents the probability of the topic appearing in the document. After that, the current
feature belongs to the topic that is sampled from the multinomial distribution with parameter θd, l.
Finally, the word distribution based on topic and sentiment label is extracted from the multinomial
distribution with parameter βZdn ,l , and the textual word r in the document is extracted based on the
multinomial word distribution.

The definition of the processing process of image–text pairs containing M image feature words
and N text words is as follows:

• For the sentiment label l:

- Select an assignment π |γ ∼ Dir (γ);
- Find the sentiment label l|π ∼Mult(π).

• For each text word r∈ {1, . . . , N}:

- Find a topic distribution θ |α∼Dir (α) and a word assignment β|η∼Dir (η);
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- Find a topic z in document d, and z∼Mult (θd,l);
- Figure out the real text word r with the parameter βzdn, l

from the multinomial distribution.

• Introduce the mean Gaussian linear regression parameter x:

- Let the proportion of x be: x = Az + µ+ n

• For the image feature w:

- Choose a topic distribution s|x∼Mult(x);
- Choose the image feature w with the parameter βSX, M from the multinomial distribution.

3.1.4. Model Optimization

In the regression module, the stronger the correlation between the data of the two modalities is,
the larger the coefficient of A in the module is. Hidden topics with multiple texts can add impact
factors to the corresponding images. By minimizing the value of π�, θ, and β (βw and βr), there will
be a stronger connection between the labeled text and the images. Our model has greater flexibility in
capturing the relevance of content. Therefore, this model also requires relatively low expression forms.

4. Mathematical Inference

To find the distributions of π
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1. Introduction 

With the development of social networks, the multimedia data that integrate texts and images, 
instead of single modality data, are gradually becoming the main medium for sentiment conveyance. 
Multimodal contents can make up for the lack of information in single modalities and enable 
sentiment expression that is more profound and mellifluous. Hence, more and more research 
attention has been shifted to multimodal sentiment analysis in the area of artificial intelligence. 
Automatic assessment of multimodal sentiment, which infers the sentiment information from digital 
contents from multiple modalities, will be of great significance in people’s social and cultural life [1]. 
Besides applications in social networks, the research results can also be applied to many other fields, 
such as stock prediction, brand positioning, and medical resources [2–7]. 

Current approaches to multimodal sentiment analysis can be classified into three types [8–18]. 
The first is to predict the sentiment information given single-modality generated feature vectors as 
inputs, which ignores the information complementation between modalities and may cause trouble 
in processing an input of a large amount of redundant information [8–12]. Others attempt to make 
decisions based on the results of multiple sentiment classifiers, each of which is trained separately 
[13,14]. However, they are unable to effectively capture the correlation between the different 
modalities. Moreover, some researchers propose to carry out fusion in the middle layer of the whole 
model, mainly through neural networks. This kind of method merges connected multiple-feature 

, θ and β (βw and βr), we need to infer the posterior distribution
of the parameters z and l, which means finding the word distribution for the topic and sentiment
labels. Here, we use the external datasets MDS [48], Subject MR [49], and Review Text Content [50] as
prior knowledge. Let P (z, l) be the sampling distribution of the words given the remaining topics and
sentimental labels. It can be obtained that the joint probability between the text, topic, and corresponding
sentimental label distribution in the document can be decomposed as follows:

P(r, z, l) = P(r|z, l)P(z, l) = P(r|z, l)P(z|l)P(l), (5)

for the P(r, z, l) of the above formula, we can integrate β, and get:

P (r|z,l) =

Γ(Vη)

Γ(η)V

K×T ∏
k

∏
j

∏
i Γ

(
Nk, j,i + η

)
Γ
(
Nk, j + Vη

) . (6)

the Nk, j, i in the formula represents the number of times the word i appears in both the topic j and the
sentiment label k. Nk, j represents the number of occurrences of the word in the distribution of the
topic j and the sentiment label k. There is also a gamma function Γ [51,52].

Second, the method of integration to θ can be used to obtain:

P (z|l) =

 Γ
(∑T

j=1 αk, j
)

∏T
j=1 Γ

(
αk, j

) 
D×K ∏

d

∏
k

∏
j Γ

(
Nd,k, j + αk, j

)
Γ
(
Nd,k +

∑
j αk, j

) . (7)

Next, the method of integration to π can be used to obtain:

P (l) =

Γ(Kγ)

Γ(γ)K

D ∏
d

∏
k Γ

(
Nd,k + γ

)
Γ(Nd + Kγ)

. (8)

The parameter x of the reasoning image feature part is what we draw on from previous research.
Assuming the latent topic in the text feature is z, the distribution x between the image topic and
the image feature word is x = A →

Z
+µ+ n, of which A is the K ×L dimensional matrix, µ is the

vector of the average parameter, and n is the introduced Gaussian constant. LDA in a supervised
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environment [4,14] makes →
Z
=

z1+z2+...+zN
N . After this calculation, the input of the added linear

regression module will affect the generation of image features, so that the topic distribution ratio of
image features is affected by the text words. According to P (l

∣∣∣d) , which is the probability of the
sentimental label l of a given content d, the multimodal content can be sentimentally classified.

5. Experiments

In the experimental part, a series of experiments are carried out to confirm the validity of the
proposed model for multi-modal sentiment analysis. Specifically, we compare the model with some
baseline models and the variant of our model on several real-world datasets qualitatively. The selection
of parameters in the model is also discussed. However, the previous work has demand in the marked
sentimental datasets, which results in the inaccuracy of the multimodal content analysis. This paper
accepts the binary classification that only considers the probability of positive and negative sentimental
labels in the object content to limit the above drawback. The method we proposed makes great use of
the available sentimental datasets to analyze multimodal content. Besides, the classification of labels in
the sentiment dataset we use is a binary classification problem, the prior information set only affects
the positive and negative words.

5.1. Datasets

• Flickr [53]: Flickr is one of the most commonly used multimodal sentiment datasets and contains
297,462 image–text pairs with weak markers, of which 143,542 datapoints are labeled negative.
It contains 1211 adjective–noun pairs. The corresponding image of adjective-noun pairs (ANPs)
can be queried through its API. The sentimental labels of these image–text pairs are also marked
by the corresponding ANP.

• Flickr-ML [54]: Jie et al. [53] constructed Flickr-ML which contains 21,037 image–text pairs,
of which 10,145 have negative markers. This dataset is partially labeled with sentiment and has
a more accurate classification label. Jie et al. randomly selected 30,000 image–text pairs in the
original Flickr, split evenly between positive and negative tags. Then, five annotators were used
to mark the image–text pairs to calibrate the sentiment labels. In this way, the strongly tagged
Flickr-ML dataset was obtained.

• Twitter [55]: 24,795 image–text pairs were obtained after filtering the original 183,456 pieces of
data crawled by a relevant API. In Twitter, there are a total number of 12,357 negative pairs.

• Visual sentiment ontology (VSO) [56]: This dataset contains a total of 603 pictures, which are
split into 21 types. Ziyuan Zhao et al. used the processing method to extract the middle
layer visual features to obtain the similarity coefficient, and the data were weakly labeled by
support vector machine (SVM). We screened out 564 qualified data, including 276 negative data.
Among them, 400 pieces of data are selected use in training, and the rest as the test data of the
later model performance.

Sentimental label datasets:

• Review Text Content (RTC) [57]: This dataset is composed of restaurant reviews collected and
manually annotated by Ganu et al. It contains 150 different restaurants and more than 3200
sentences, which are broken down into six broad categories and each sentence contains one or
more categories of labels.

• Subject MR (subjMR) [58]: The subjective MR used here is a new version of Pang and Lee et al.,
which screens out data containing opinion information based on the original MR dataset, including
more than 2000 documents.

• MDS (Multi-domain Sentiment) [59]: This dataset is built by Blitzer et al. and collected from
product reviews on Amazon, including electronics, kitchenware, DVDs, and books. There are
more than 2000 pieces of data in each category, with positive and negative labels accounting
for half.
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5.2. Baseline Models

In order to explore the performance of our proposed method, we also compared our model with
the following state-of-the-art methods.

• Text only [60]: The model uses text features through a logistic regression model. The text topic is
extracted and then the sentiment is classified by SVM.

• Visual only [61]: Just uses deep visual features through a logistic regression model.
• CCR [62]: A cross-modality consistent regression model, which uses progressive CNN to extract

image feature and title information to represent the text information, for joint textual–visual
sentiment analysis.

• JST [54]: Joint sentiment topic model, a probabilistic model framework based on LDA, this model
can infer both sentiments and topics in the documents. Different from JS-mmLDA, JST is a
single-modality sentiment analysis model, which is only used to process textual information.

• T-LSTM-E [62]: Tree-structured long short-term memory embedding, an image–text joint sentiment
analysis model which integrates tree-structured long short-term memory (T-LSTM) with visual
attention mechanism to capture the correlation between the image and the text.

• TFN (Tensor Fusion Network) [63]: A deep multimodal sentiment analysis method modeling
intra-modality and inter-modality dynamics together into a joint framework.

5.3. Preprocessing

Before we conduct the experiments, we do some preprocessing on the input data. Figure 5
shows the processing of the input data. For better fitting of the model, the text length is kept to no
less than six words and no more than 80 words. In detail, the size of the images in the dataset is
clipped to 256 × 256 pixels. Without special instructions, 70% of the data in each category are used for
model training, and the remaining 30% are used for performance tests of later models. For textual
contents, numbers, stop words, punctuation marks, and some non-alphabetic characters are removed.
Following the previous work, the prior knowledge utilized in our model is combined with two
subjective lexicons, namely, MPQA (multi-perspective question answering) and the evaluation lexicons.
The words in both lexicons are marked with sentiment polarity. After selecting the words with strong
polarity, we carried out word stem extraction. Among them, 4196 words were extracted, including 2427
negative polar words. The final prior information is generated by retaining all the words in MPQA and
evaluation lexicons that appear in the experimental dataset. Besides, by performing standard word
stem analysis, the vocabulary overfitting can be solved.
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5.4. Experiment Evaluation Metrics

To evaluate the performance of the model intuitively and analyze the experimental
data quantitatively, we used these four metrics to evaluate the results of the experiment,
namely, recall, accuracy, F-score, and precision. These four metrics are defined as follows:

Recall = TP/(TP + FN), (9)

Accuracy = (TP + TN)/(TP + TN + FP + FN), (10)

F-score = (2·Precision·Recall)/(Precision + Recall), (11)

Precision = TP/(TP + FP). (12)

5.5. Experiment Results and Analysis

5.5.1. Comparative Experiments with Different Datasets

In the subsequent experiments, we analyze the results through four different datasets by four
indicators: recall, accuracy, F-score, and precision.

The experimental results in Tables 1–4 directly show the comparison between our proposed model
with other baselines in four datasets. It can be seen that the models including text only and images
only are not well behaved as these two models only take unimodal data into account. The other
models, which considered multiple modalities or joint sentiment labels and treated them appropriately,
performed better than single-modality models.

Table 1. Performance of various sentiment analysis methods on Flickr.

Method Recall Accuracy F-Score Precision

Proposed method 0.854 0.847 0.819 0.856
Text only 0.734 0.722 0.694 0.674

Visual only 0.742 0.732 0.712 0.693
CCR (cross-modality consistent regression model) 0.823 0.822 0.821 0.832

JST (joint sentiment topic mode) 0.844 0.817 0.823 0.832
T-LSTM-E (tree-structured long short-term memory

embedding) 0.851 0.844 0.83 0.843

TFN (tensor fusion network) 0.867 0.832 0.832 0.844

Table 2. Performance of various sentiment analysis methods on Flickr-ML.

Method Recall Accuracy F-Score Precision

Proposed method 0.874 0.865 0.827 0.864
Text only 0.769 0.776 0.743 0.722

Visual only 0.821 0.789 0.752 0.743
CCR 0.816 0.838 0.827 0.837
JST 0.826 0.834 0.826 0.843

T-LSTM-E 0.862 0.857 0.833 0.862
TFN 0.882 0.863 0.852 0.867

Tables 1 and 2 show the results for large datasets. The operational results of JST are significantly
improved over the single feature model, as the JST model adds an additional sentiment layer based on
the LDA. In this way, establishing a relationship between sentiment labels and feature vectors does
improve the quality of sentiment analysis. T-LSTM-E improves by nearly 14% in recall compared
with the single modality method, which is joint visual–textual semantic at the same time. The joint
semantic embedding extracts the deep features between image–text pairs. The proposed model
utilizes complementary information between modalities and joint sentimental labels to influence
the distribution of document topics. Hence, compared with other state-of-the-art baseline methods,
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our model has a good performance in precision. Our method improves by 2% in accuracy which also
proves that the proposed model can accurately deal with the classification of multimodal sentiments.
Flickr-ML is the dataset that has been manually labeled with sentiment tags. As shown in Table 2,
all model performances are improved. The reason may be that the labels of the image–text pairs are
marked as conforming to the corresponding sentiment keywords in the dataset with weak labels,
which improves the effectiveness of the multimodal content analysis. As shown in Table 2, TFN obtains
advantageous results by modeling dynamic relationships. Our proposed approach improves by almost
3% in precision, which can also validate the benefits of strong label handling.

Table 3. Performance of various sentiment analysis methods on Twitter.

Method Recall Accuracy F-Score Precision

Proposed method 0.859 0.842 0.836 0.843
Text only 0.711 0.721 0.685 0.687

Visual only 0.734 0.724 0.71 0.704
CCR 0.824 0.83 0.819 0.847
JST 0.832 0.823 0.814 0.833

T-LSTM-E 0.833 0.835 0.843 0.863
TFN 0.855 0.843 0.833 0.857

Table 4. Performance of various sentiment analysis methods on Flickr-ML.

Method Recall Accuracy F-Score Precision

Proposed method 0.843 0.842 0.869 0.865
Text only 0.725 0.764 0.724 0.711

Visual only 0.756 0.774 0.745 0.732
CCR 0.823 0.822 0.842 0.853
JST 0.832 0.834 0.848 0.859

T-LSTM-E 0.851 0.833 0.853 0.872
TFN 0.866 0.84 0.877 0.888

Tables 3 and 4 show the experimental results on small datasets like Twitter and VSO. Comparing
experiments on other databases, it can be concluded that data volume does have an impact on
the multimodal sentiment analysis task. As shown in Table 4, compared with single-modality
models, our method is greatly improved in each evaluate metric, which indicates that information
complementarity of multimodal content can capture and analyze sentimental content in a better way.
From the results, our proposed model is as satisfactory as the state-of-the-art approach in some metrics.
Besides, its learning ability and classification ability are better than other baseline models.

5.5.2. Ablation Experiments

In order to explore whether the sentiment label layer can effectively improve the ability of the model
for analyzing the sentiment of multimodal contents, we construct a variant of our proposed model
without a sentiment layer, named the no-sentiment layer model. Different from the proposed model
which directly adds the sentiment label layer and analyzes the sentiment by using the relationship with
the multimodal content, the no-sentiment layer model iteratively optimizes the model’s latent variable
parameters using variational expectation maximization. Through the variational EM, an approximate
reasoning algorithm is used to replace the exact reasoning in the original E step. The new parameter
estimation is obtained by calculating the strict lower likelihood bound in the E step of variation and
maximizing the lower likelihood bound in the M (maximization) step. In this way, after the topic of
each document is generated, the sentiments of each document are analyzed by SVM.

As shown in Figure 6a,b, the performance of the two models is compared for Flickr and Twitter
respectively. Clearly, the model with the sentiment layer added to both datasets performed better,
with the addition of the sentiment distribution resulting in a nearly 10% improvement in model
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performance across all metrics. In particular, in the aspect of accuracy and precision are improved,
thus establishing that the relationship between the sentimental layer and the multimodal content is
helpful to improve the analysis accuracy of the model.
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Figure 6. (a) Comparison experiment on Flickr; (b) comparison experiment on Twitter.

5.5.3. Experiments with Different Parameter Settings

The performance of multimodal sentiment analysis in our model also depends on the selection
of parameter γ and parameter η. Previous studies [53] have shown that LDA can generate good
results by using symmetric prior knowledge settings. However, for document topic distribution types,
the experimental results obtained by asymmetric prior knowledge are better than the former. In order
to prove that parameters γ and η will affect the performance of the proposed model, we set up a
comparison experiment on different parameter values in the experiment. Finally, in our proposed
model, parameters are set based on the study of Griffith et al. [62], that is, γ = (0.06 × C) ÷ T, where C
is the average of document length and T represents the sum of sentimental labels, parameter η = 0.02.
The assignment of the super parameter α can be obtained and iterated directly by using the maximum
likelihood estimation method [63].

A common indicator is adopted here to measure the parameter performance: perplexity. Perplexity is
usually used to measure the probability distribution or the quality of a probability model’s prediction
sample, that is, to estimate the quality of a probability model. It is calculated by the following formula:

P(p) = 2H(p) = 2−
∑

x p(x) log2 p(x). (13)

In general, the larger the perplexity value, the worse the result. While controlling the other
variables, we conduct the adjustment experiments of a certain parameter. We expect to get a better
parameter setting, making the perplexity value smaller. First, we fix the value of γ and study the
influence of parameter η on perplexity. The broken line diagram is shown in Figure 7. Although the
operation result is not perfect, we can see that the overall trend of broken lines reaches to the lowest
point when η takes the value of 0.02–0.03, and the lowest point is also within this range when γ is given
different values. So, we set the value of parameter η to 0.02.

Similarly, it can be seen from Figure 8 that while exploring the effects of parameter γ on perplexity,
the value of parameter η. is kept unchanged, and we expect to find a minimum value to make the
result of the model the best. At this point, the effect of γ between 0.06 to 0.07 is better. The different
values of η show that the lowest point of the poly line is also within this range. This is why we chose to
set the value of γ to 0.06.
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6. Conclusions

In this paper, we propose a joint sentiment part topic regression model for multimodal sentiment
analysis. Different from other LDA models that process and analyze multimodal contents, we introduce
the sentiment label layer when the documents are generated. Not only is the corresponding relationship
between the text and the image taken into account, but also the corresponding sentiment labels are
related to document topics. The method we use allows for different numbers of image and text
topics to be captured. Experimental results on different datasets like Flickr and Twitter also show the
effectiveness of our proposed method in sentiment analysis of multimodal data.

Author Contributions: Conceptualization, M.L.; methodology, M.L.; software, M.L. and W.G.; formal analysis,
M.L.; investigation, M.L.; resources, M.L. and W.G.; data curation, M.L. and S.W.; writing—original draft
preparation, M.L.; writing—review and editing, M.C. and W.G.; visualization, M.L.; supervision, M.L. and Y.Z.;
project administration, Y.Z.; funding acquisition, M.L. All authors have read and agreed to the published version
of the manuscript.

Funding: This research was funded by the National Key Research and Development Plan of China,
grant number 2017YFD0400101.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Blei, D.M.; Jordan, M.I. Modeling annotated data. In Proceedings of the 26th annual international ACM
SIGIR conference on Research and development in information retrieval, Toronto, ON, Canada, 14 July 2003.

2. Bollen, J.; Mao, H.; Zeng, X. Twitter mood predicts the stock market. J. Comput. Sci. 2011, 2, 1–8. [CrossRef]

http://dx.doi.org/10.1016/j.jocs.2010.12.007


Information 2020, 11, 486 14 of 16

3. Li, X.; Xie, H.; Chen, L.; Wang, J.; Deng, X. News impact on stock price return via sentiment analysis.
Knowl. Based Syst. 2014, 69, 14–23. [CrossRef]

4. Kagan, V.; Stevens, A.; Subrahmanian, V.S. Using twitter sentiment to forecast the 2013 pakistani election
and the 2014 Indian election. IEEE Intell. Syst. 2015, 30, 2–5. [CrossRef]

5. Ibrahim, M.; Abdillah, O.; Wicaksono, A.F.; Adriani, M. Buzzer detection and sentiment analysis for predicting
presidential election results in a twitter nation. In Proceedings of the IEEE International Conference on Data
Mining Work-shop, ICDMW 2015, Atlantic City, NJ, USA, 14–17 November 2015; pp. 1348–1353.

6. Caragea, C.; Squicciarini, A.C.; Stehle, S.; Neppalli, K.; Tapia, A.H. Mapping moods: Geo-mapped sentiment
analysis during hurricane sandy. In Proceedings of the 11th International Conference on Information Systems
for Crisis Response and Management, University Park, PA, USA, 18–21 May 2014.

7. Yadav, S.; Ekbal, A.; Saha, S.; Bhattacharyya, P. Medical sentiment analysis using social media:
Towards building a patient assisted system. In Proceedings of the Eleventh International Conference
on Language Resources and Evaluation, LREC 2018, Miyazaki, Japan, 7–12 May 2018.

8. Cambria, E. Affective computing and sentiment analysis. IEEE Intell. Syst. 2016, 31, 102–107. [CrossRef]
9. dos Santos, C.N.; Gatti, M. Deep convolutional neural networks for sentiment analysis of short texts.

In Proceedings of the 25th International Conference on Computational Linguistics, Dublin, Ireland,
23–29 August 2014.

10. Saif, H.; He, Y.; Fernandez, M.; Alani, H. Contextual semantics for sentiment analysis of Twitter.
Inf. Process. Manag. 2016, 52, 5–19. [CrossRef]

11. You, Q.; Luo, J.; Jin, H.; Yang, J. Robust image sentiment analysis using progressively trained and domain
transferred deep networks. arXiv 2015, arXiv:1509.06041.

12. Sun, M.; Yang, J.; Wang, K.; Shen, H. Discovering affective regions in deep convolutional neural networks for
visual sentiment prediction. In Proceedings of the 2016 IEEE International Conference on Multimedia and
Expo (ICME), Seattle, WA, USA, 29 August 2016; pp. 1–6.

13. You, Q.; Luo, J.; Jin, H.; Yang, J. Cross-modality consistent regression for joint visual-textual sentiment
analysis of social multimedia. In Proceedings of the Ninth ACM International Conference on Web Search
and Data Mining—WSDM ’16, San Francisco, CA, USA, 19 February 2016; pp. 13–22.

14. Carneiro, G.; Vasconcelos, N. Formulating semantic image annotation as a supervised learning problem.
In Proceedings of the 2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition
(CVPR’05)—Workshops, San Diego, CA, USA, 25 July 2005.

15. Li, J.; Wang, J. Automatic linguistic indexing of pictures by a statistical modeling approach. IEEE Trans.
Pattern Anal. Mach. Intell. 2003, 25, 1075–1088. [CrossRef]

16. Barnard, K.; Duygulu, P.; de Freitas, N.; Forsyth, D.; Blei, D.M.; Jordan, M.I. Matching words and pictures.
J. Mach. Learn. Res. 2003, 3, 1107–1135.

17. Feng, S.; Manmatha, R.; Lavrenko, V. Multiple Bernoulli relevance models for image and video annotation.
In Proceedings of the 2004 IEEE Computer Society Conference on Computer Vision and Pattern Recognition,
CVPR 2004, Washington, DC, USA, 19 July 2004.

18. Lavrenko, V.; Manmatha, R.; Jeon, J. A model for learning the semantics of pictures. In Advances in Neural
Information Processing Systems (NIPS); MIT Press: Cambridge, MA, USA, 2003.

19. Mullen, T.; Collier, N. Sentiment analysis using support vector machines with diverse information sources.
In Proceedings of the 2004 Conference on Empirical Methods in Natural Language Processing, Barcelona,
Spain, 25–26 July 2004.

20. Maas, A.L.; Daly, R.E.; Pham, P.T.; Huang, D.; Ng, A.Y.; Potts, C. Learning word vectors for sentiment
analysis. In Proceedings of the 49th Annual Meeting of the Association for Computational Linguistics:
Human Language Technologies, Portland, OR, USA, 19–24 June 2011.

21. Remus, R. Asvuniofleipzig: Sentiment analysis in twitter using data-driven machine learning techniques.
In Proceedings of the 7th International Workshop on Semantic Evaluation, SemEval@NAACL-HLT 2013,
Atlanta, GA, USA, 14–15 June 2013.

22. Wang, X.; Wei, F.; Liu, X.; Zhou, M.; Zhang, M. Topic sentiment analysis in twitter. In Proceedings of the
20th ACM international conference on Multimedia—MM ’12, Glasgow Scotland, UK, 21 October 2011;
pp. 1031–1040.

23. Pang, B.; Lee, L.; Vaithyanathan, S. Thumbs up? Sentiment classification using machine learning techniques.
arXiv 2002, arXiv:cs/0205070.

http://dx.doi.org/10.1016/j.knosys.2014.04.022
http://dx.doi.org/10.1109/MIS.2015.16
http://dx.doi.org/10.1109/MIS.2016.31
http://dx.doi.org/10.1016/j.ipm.2015.01.005
http://dx.doi.org/10.1109/tpami.2003.1227984


Information 2020, 11, 486 15 of 16

24. Baccianella, S.; Esuli, A.; Sebastiani, F. SentiWordNet 3.0: An enhanced lexical resource for sentiment analysis
and opinion mining. In Proceedings of the International Conference on Language Resources and Evaluation,
LREC 2010, Valletta, Malta, 17–23 May 2010.

25. Taboada, M.; Brooke, J.; Tofiloski, M.; Voll, K.; Stede, M. Lexicon-based methods for sentiment analysis.
Comput. Linguist. 2011, 37, 267–307. [CrossRef]

26. Kanayama, H.; Nasukawa, T. Fully automatic lexicon expansion for domain-oriented sentiment analysis.
In Proceedings of the 2006 Conference on Empirical Methods in Natural Language Processing—EMNLP ’06,
Stroudsburg, PA, USA, 15 July 2006; pp. 355–363.

27. Tumasjan, T.O.; Sprenger, P.G.; Sandner, I.M. Welpe, predicting elections with twitter: What 140 characters
reveal about political sentiment. In Proceedings of the Fourth International Conference on Weblogs and
Social Media, ICWSM 2010, Washington, DC, USA, 23–26 May 2010.

28. Turney, P.D. Thumbs up or thumbs down? Semantic orientation applied to unsupervised classification of
reviews. arXiv 2002, arXiv:cs/0212032.

29. Schouten, K.; Frasincar, F.; Jong, F.D. Ontology-enhanced aspect-based sentiment analysis. In Proceedings of
the International Conference on Web Engineering; Springer: Cham, Switzerland, 2017.

30. Glorot, X.; Bordes, A.; Bengio, Y. Domain adaptation for large-scale sentiment classification: A deep
learning approach. In Proceedings of the 28th International Conference on Machine Learning, ICML 2011,
Bellevue, WA, USA, 28 June–2 July 2011; pp. 513–520.

31. Tang, D.; Wei, F.; Qin, B.; Liu, T.; Zhou, M. Coooolll: A deep learning system for twitter sentiment
classification. In Proceedings of the 8th International Workshop on Semantic Evaluation (SemEval 2014),
Dublin, Ireland, 23–24 August 2014; pp. 208–212.

32. Kim, Y. Convolutional neural networks for sentence classification. arXiv 2014, arXiv:1408.5882.
33. Yang, Z.; Yang, D.; Dyer, C.; He, X.; Smola, A.; Hovy, E. Hierarchical attention networks for document

classification. In Proceedings of the 2016 conference of the North American chapter of the association for
computational linguistics: Human language technologies, San Diego, CA, USA, 12–17 June 2016.

34. Siersdorfer, S.; Minack, E.; Deng, F.; Hare, J. Analyzing and predicting sentiment of images on the social
web. In Proceedings of the International Conference on Internet of things and Cloud Computing—ICC ’16,
Firenze, Italy, 21 October 2010; p. 715.

35. Zhao, S.; Yue, G.; Xiaolei, J. Exploring principles-of-art features for image emotion recognition. In Proceedings
of the 2014 ACM Multimedia Conference, Orlando, FL, USA, 11 November 2014.

36. Borth, D.; Ji, R.; Chen, T.; Breuel, T.; Chang, S.-F. Large-scale visual sentiment ontology and detectors using
adjective noun pairs. In Proceedings of the 21st ACM international conference on Multimedia—MM ’13,
Barcelona, Spain, 24 October 2013; pp. 223–232.

37. Yuan, J.; McDonough, S.; You, Q.; Luo, J. Sentribute. In Proceedings of the second international workshop on
Cloud data management—CloudDB ’10, San Francisco, CA, USA, 28 October 2013; Volume 10, pp. 10–18.

38. Xu, N.; Mao, W. MultiSentiNet: A deep semantic network for multimodal sentiment analysis. In Proceedings
of the 26th ACM International Conference on Information and Knowledge Management, CIKM 2017,
Singapore, 6–10 November 2017.

39. Xu, C.; Cetintas, S.; Lee, K.-C.; Li, L.-J. Visual sentiment prediction with deep convolutional neural networks.
arXiv 2014, arXiv:1411.5731.

40. Poria, S.; Chaturvedi, I.; Cambria, E.; Hussain, A. Convolutional MKL based multimodal emotion recognition
and sentiment analysis. In Proceedings of the 16th IEEE International Conference on Data Mining, ICDM 2016,
Barcelona, Spain, 12–15 December 2016.

41. Poria, S.; Peng, H.; Hussain, A.; Howard, N.; Cambria, E. Ensemble application of convolutional neural
networks and multiple kernel learning for multimodal sentiment analysis. Neurocomputing 2017, 261, 217–230.
[CrossRef]

42. Majumder, N.; Hazarika, D.; Gelbukh, A.; Cambria, E.; Poria, S. Multimodal sentiment analysis using
hierarchical fusion with context modeling. Knowl. Based Syst. 2018, 161, 124–133. [CrossRef]

43. Huang, F.; Zhang, X.; Zhao, Z.; Xu, J.; Li, Z. Image-text sentiment analysis via deep multimodal attentive
fusion. Knowl. Based Syst. 2019, 167, 26–37. [CrossRef]

44. Hazarika, D.; Gorantla, S.; Poria, S.; Zimmermann, R. Self-attentive feature-level fusion for multimodal
emotion detection. In Proceedings of the 2018 IEEE Conference on Multimedia Information Processing and
Retrieval (MIPR), Miami, FL, USA, 28 June 2018; pp. 196–201.

http://dx.doi.org/10.1162/COLI_a_00049
http://dx.doi.org/10.1016/j.neucom.2016.09.117
http://dx.doi.org/10.1016/j.knosys.2018.07.041
http://dx.doi.org/10.1016/j.knosys.2019.01.019


Information 2020, 11, 486 16 of 16

45. Brady, K.; Gwon, Y.; Khorrami, P.; Godoy, E.; Campbell, W.; Dagli, C.; Huang, T.S. Multi-modal audio, video
and physiological sensor learning for continuous emotion prediction. In Proceedings of the 6th International
Workshop on Modeling in Software Engineering—MiSE 2014, Amsterdam, The Netherlands, 12 October
2016; pp. 97–104.

46. Huang, J.; Li, Y.; Tao, J.; Lian, Z.; Wen, Z.; Yang, M.; Yi, J. Continuous multimodal emotion prediction based
on long short term memory recurrent neural network. In Proceedings of the 7th Annual Workshop on
Audio/Visual Emotion Challenge—AVEC ’17, Mountain View, CA, USA, 22 October 2017; pp. 11–18.

47. You, Q.; Jin, H.; Luo, J. Visual sentiment analysis by attending on local image regions. In Proceedings of the
Thirty-First AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017.

48. Kawde, P.; Verma, G.K. Multimodal affect recognition in V-A-D space using deep learning. In Proceedings of
the 2017 International Conference On Smart Technologies For Smart Nation (SmartTechCon), Bangalore,
India, 14 May 2017; pp. 890–895.

49. Cen, P.; Zhang, K.; Zheng, D. Sentiment analysis using deep learning approach. J. Artif. Intell. 2020, 2, 17–27.
[CrossRef]

50. Putthividhy, D.; Attias, H.T.; Nagarajan, S.S. Topic regression multi-modal Latent Dirichlet Allocation for
image annotation. In Proceedings of the 2010 IEEE Computer Society Conference on Computer Vision and
Pattern Recognition, San Francisco, CA, USA, 13–18 June 2010; pp. 3408–3415.

51. Blei, D.M.; Ng, A.Y.; Jordan, M.I. Latent dirichlet allocation. J. Mach. Learn. Res. 2003, 3, 993–1022.
52. Lin, C.; He, Y.; Everson, R.M.; Rüger, S. Weakly supervised joint sentiment-topic detection from text.

IEEE Trans. Knowl. Data Eng. 2011, 24, 1134–1145. [CrossRef]
53. Ding, W.; Song, X.; Guo, L.; Xiong, Z.; Hu, X. A Novel Hybrid HDP-LDA Model for Sentiment Analysis.

In Proceedings of the 2013 IEEE/WIC/ACM International Joint Conferences on Web Intelligence (WI) and
Intelligent Agent Technologies (IAT), Atlanta, GA, USA, 17–20 November 2013; Volume 1, pp. 329–336.

54. Katsurai, M.; Satoh, S. Image sentiment analysis using latent correlations among visual, textual, and sentiment
views. In Proceedings of the 2016 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Shanghai, China, 20–25 March 2016; pp. 2837–2841.

55. Ganu, G.; Elhadad, N.; Marian, A. Beyond the Stars: Improving rating predictions using revew text cotent.
In Proceedings of the Twelfth International Workshop on the Web and Databases, Providence, RI, USA,
28 June 2009.

56. Pang, B.; Lee, L. A sentimental education. In Proceedings of the 42nd Annual Meeting on Association for
Computational Linguistics—ACL’04, Barcelona, Spain, 15 July 2004; pp. 271–278.

57. Blitzer, J.; Dredze, M.; Pereira, F. Biographies, bollywood, boom-boxes and blenders: Domain adaptation for
sentiment classification. In Proceedings of the 45th Annual Meeting of the Association for Computational
Linguistic, Prague, Czech Republic, 23–30 June 2007; pp. 440–447.

58. Le, Q.V.; Mikolov, T. Distributed representations of sentences and documents. In Proceedings of the 31th
International Conference on Machine Learning, ICML 2014, Beijing, China, 21–26 June 2014.

59. Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv 2014,
arXiv:1409.1556.

60. You, Q.; Cao, L.; Jin, H.; Luo, J. Robust visual-textual sentiment analysis. In Proceedings of the 2016 ACM on
Internet Measurement Conference—IMC ’16, Santa Monica, CA, USA, 16 November 2016; pp. 1008–1017.

61. Zadeh, A.; Chen, M.; Poria, S.; Cambria, E.; Morency, L.-P. Tensor fusion network for multimodal sentiment
analysis. arXiv 2017, arXiv:1707.07250.

62. Steyvers, M.; Griffiths, T. Probabilistic topic models. Handb. Latent Semant. Anal. 2015, 427, 424–440.
[CrossRef]

63. Minka, T. Estimating a Dirichlet Distribution. Available online: https://tminka.github.io/papers/dirichlet/
(accessed on 17 October 2020).

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.32604/jai.2020.010132
http://dx.doi.org/10.1109/TKDE.2011.48
http://dx.doi.org/10.4324/9780203936399.ch21
https://tminka.github.io/papers/dirichlet/
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Related Works 
	Single Modality Sentiment Analysis 
	Textual Sentiment Analysis 
	Visual Sentiment Analysis 

	Multimodal Sentiment Analysis 
	Multimodal Latent Dirichlet Allocation 

	Method 
	Proposed Method 
	The Overview of Proposed Method 
	Data Representation 
	Joint Sentiment Part Topic Regression Model (JSP) 
	Model Optimization 


	Mathematical Inference 
	Experiments 
	Datasets 
	Baseline Models 
	Preprocessing 
	Experiment Evaluation Metrics 
	Experiment Results and Analysis 
	Comparative Experiments with Different Datasets 
	Ablation Experiments 
	Experiments with Different Parameter Settings 


	Conclusions 
	References

