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Abstract
In recent years, emotional text classification is one of the essential research contents in the field of natural
language processing. It has been widely used in the sentiment analysis of commodities like hotels, and other
commentary corpus. This paper proposes an improved W-LDA (weighted latent Dirichlet allocation) topic
model to improve the shortcomings of traditional LDA topic models. In the process of the topic of word
sampling and its word distribution expectation calculation of the Gibbs of the W-LDA topic model. An average
weighted value is adopted to avoid topic-related words from being submerged by high-frequency words, to
improve the distinction of the topic. It further integrates the highest classification of the algorithm of support
vector machine based on the extracted high-quality document-topic distribution and topic-word vectors.
Finally, an efficient integration method is constructed for the analysis and extraction of emotional words, topic
distribution calculations, and sentiment classification. Through tests on real teaching evaluation data and test
set of public comment set, the results show that the method proposed in the paper has distinct advantages
compared with other two typical algorithms in terms of subject differentiation, classification precision, and F1measure.
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1. Introduction
As an emerging field of data mining, text sentiment analysis, also called opinion mining, is to identify
the implicit sentimental information through the analysis on comments from online users. It is a process
of analyzing, processing, summarizing and reasoning on the sentimental texts [1,2]. At present, sentiment
analysis is mainly applied in such fields as commodities and news comments. Hai et al. [3] applied
sentiment analysis to the texts from Twitter commentary data and found that the data has unique linguistic
characteristics, such as informal and creative. Several research [4,5] applied sentiment analysis to study
the commodity comment data. In the field of sentiment analysis, the main task is to identify subjective
views of texts and to judge positive and negative emotion tendencies. “Dictionary rule method” and
“machine learning method” are two methods frequently used in sentiment analysis. The authors of [6-8]
used emotional dictionary to classify by mainly considering negative words, uppercase and lowercase
letters, etc., in order to calculate the emotional polarity value, so as to better classify them. Several
research [9,10] applied supervised learning methods to emotion classification.
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By comparing the characteristics of one-character features, binary features, adjective scoring, position
and feature weight selection strategies, they obtained the effects of various machine learning classification algorithms. The latent Dirichlet allocation (LDA) model [11,12], also called a three-layer
Bayesian probability model and proposed by Blei et al. [13] in 2010, is a document topic generation
model that consists of three layers of words, topics, and documents. The LDA is an unsupervised machine
learning technique that can be used to identify latent topic information in large document sets or corpora.
Later, Jin et al. [14] applied the LDA model to social media user recommendations to mine user interests
and then recommend new friends with the same interests and hobbies. Xia et al. [15] applied the LDA
model to dynamic automatic annotation to elicit the latent topics of resources and related language chats
so that the resources can be effectively marked according to latent topics. In recent years, the deep
learning and reinforcement learning have been widely studied in some application such as bioinformatics
mining, multimedia documents mining, etc. [16-18].
However, there still exist defects and application limitations in the methods mentioned above. Under
this background and based on LDA and support vector machine (SVM), a high-precision sentiment
classification method has been presented in this paper in order to effectively improve the topic
distribution effect of LDA and the sentiment classification quality of the comment set.
With topic-related words submerged by high-frequency words, which leads to reduction of classification precision, my motivation is to study a weighted LDA (W-LDA) topic model to solve the above
problem. In this topic model, we, for the first time, propose a measure of adding weighted value to the
LDA. In general, the contributions in this paper include the following aspects:
- An average weighted value is introduced to avoid topic-related words from being submerged by
high-frequency words, so as to improve the distinction of the topic. We use Gaussian function to
weight topic-related feature words.
- On the basis of other affective dictionaries, a set of affective dictionaries suitable for teaching
evaluation content is constructed by manual processing.
- We have conducted various experiments to prove effectiveness and efficiency of our method.

2. LDA Topic Model Building
2.1 Topic Model Idea
The main goal of the LDA topic model is to calculate the probability distribution of the subject-word
from a document or multiple documents. The probability distribution here is a polynomial distribution, a
typical bag of words model and an unsupervised learning algorithm [19]. Symbols and related
descriptions of the LDA topic model mentioned in this paper are shown in Table 1.
Given a topic document set M, which contains m documents, that is M = { M1 , M 2 ,...,M m } . The set
contains k independent topics, each topic presents random polynomial probability distribution
characteristics, and there are several polynomial probability distribution words for each topic, and the
polynomial probability distributions in here meet the Dirichlet distribution. Therefore, the manifestation
of this document can be characterized as a LDA topic model, whose generation process is as follows:


(1) To generate the topic distribution θ m of the document M m through sampling from the prior
knowledge α of the Dirichlet distribution.
330 | J Inf Process Syst, Vol.16, No.2, pp.329~342, April 2020

Xiaodong Tan

(2) To generate the topic Z m ,n of the nth vocabulary of the document M m through sampling from


the topic distribution θm obtained in step (1).


(3) To generate a vocabulary distribution ϕzm,n corresponding to topic Z m ,n through repeatedly


sampling from prior knowledge β of Dirichlet distribution.
(4) Combining the topic Z m ,n , to generate a vocabulary Wm,n through sampling from the word


distribution ϕzm,n .
(5) From above steps, repeat (2), (3), and repeat (2), (3), (4) until all vocabularies are selected.
Table 1. Symbols descriptions of LDA topic model
Symbol
K

m

Explanation
The number of topics
The number of documents

Mm

The mth document

Nm

The number of words contained in the mth document

V

α

β
Z m ,n

ϕz m ,n

θm

The total number of all words

Wm ,n

The nth word of the mth document

The Dirichlet prior hyper parameter to the document set, which is a k-dimensional vector
The Dirichlet prior hyper parameter to any topic, which is a v-dimensional vector
The topic of the nth word of the mth document
The word distribution to the topic Z m ,n
The topic distribution of the mth document

The intuitive representation of the above LDA generation process is illustrated as Fig. 1. The rectangle
in Fig. 1 is represented as a loop, the data in the lower right corner of the rectangle as the number of
loops, the hollow circles as latent variables, and the shaded circles as observable variables. Their
dependencies are indicated by the arrow directions.
The joint distribution probability of all parameters of the LDA model shown in Fig. 1 is calculated as

shown in Expression (1). Assume that there is an existing document set M, α is the document topic,




and β is prior distribution parameters to the vocabulary of the topic and, i.e., they are φ = { ϕZ m ,n } and
K × V matrix . The joint distribution probability of all parameters of the model corresponding to Fig. 1

is calculated as shown in Expression (1).
  
P( Wm , Z m ,θ m ,φ ) =

Nm

∏ P( W

m ,n


 


| ϕ Z m ,n )P( Z m ,n | θ m )P( θ m | α )P( φ | β )

(1)

n =1

Fig. 1. Generation process of LDA topic model.
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2.2 W-LDA Improved Topic Model Derivation
The data samples studied obtains from the university teaching evaluation and public comment data
sets. In the research, it’s found that, if using only the traditional LDA model, most of the words that
represent the topic would be submerged by high frequency words. Thus expression capabilities of the
issue would be significantly affected. Although the elimination of high frequency words can currently be
achieved in some algorithms by stopping words or setting thresholds. There are no stop words in some
fields, and unsatisfactory results are produced even if it is processed manually by domain experts. Give
this situation, a Gaussian function has been used in this paper to perform weighting procedures to feature
words to construct an improved W-LDA topic model. The specific processing method is as follows: First,
using the Expression (2) to weight the word m in the document:
⎡ ( f − f )2 ⎤
a m = exp ⎢− m i ⎥
2σ 2
⎥⎦
⎢⎣
V

∑( f

Among them: the variance σ 2 = m =1

m

− fi )2

V −1

(2)

, f m is the frequency of word m , fi is the frequency of

word i that lies in the middle of the word frequency. In order to make the total number of words
approximately consistent before-and-after the data set being weighted, the average value is treated with
Expression (2). The processing formula is shown in Eq. (3), where the average weight named weightm
will be applied to Expression (8) to calculate the expectations of topics and their word distribution.
weight m =

n
V

⎡
⎤
⎢
f m ⋅ am ⎥
⎢
⎥
⎣ m =1
⎦

∑

⋅ am

(3)

In the derivation of the LDA topic model, a sampling algorithm or variational method is usually used.
As a fast and effective sampling algorithm, Gibbs sampling algorithm is used here to generate Markov
chain, and then obtain a complex multivariate distribution. As is shown in Expression (1) and Fig. 1, that
the topic polynomial distribution θ is generated by a priori parameter α, and the word polynomial
distribution φ under topic Zm,n is generated by β, then Expression (1) can be transformed into a union
probability distributions as shown in Expression (4).
   
 
  
P( W , Z | α , β ) = P( Z | α )P( W | Z , β )

(4)

It can be seen that the solution of Expression (4) is divided into two processes, one of sampling topics




Z by prior parameters and the other of sampling words based on topic Z and prior parameters β . To
 
the first factor P( Z | α ) in Expression (4), according to the topic θ generated by α, and Z generated by θ,

we can get Expression (5) as follows:
 
P( Z | α ) =

∫

M




Δ( nm + α ) 
, nm = { nm( k i ) }kK=1
P( Z | θ )P( θ | α )dθ =

Δ( α )

∏
m =1
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(k
Among them: nm i

)

represents the number of occurrences of topic k in the document m.

Similarly, the expansion formula of the second factor in Expression (5) can be obtained as shown in
Expression (6).
  
P( W | Z , β ) =

∫


K


 
Δ( n Z + β ) 

P( W | Z ,φ )P( φ | β )dφ =
, nZ = { nZ ( v ) }V
v =1
Δ( β )

∏

(6)

Z =1

(v)
Among them: nZ
represents the number of occurrences of the word v in the topic Z, and K is the

product of the model.
When comprehensively using Expressions (5) and (6), the joint distribution formula for words and
topics can be obtained as:
K

P( W , Z | α , β ) =

∏
Z =1


M



Δ( nZ + β )
Δ( nm + α )

⋅

Δ( α )
Δ( β )

∏

(7)

m =1

Based on (7), through the conditional distribution of the latent topic variable Z of the observable

variable W and the characteristics of the Dirichlet distribution, the topic of the document m and the
expectation formula of the word distribution of the topic can finally be obtained as :
θ m ,k =

nm( k ) + α k

K

∑n

m

(k )

, ϕk ,v =

+ αk

nk ( v ) + β v

V

∑n

k

k =1

(v)

(8)

+ βv

v =1

According to the calculation method of the average weighted value of Expression (3), during Gibbs
(k )
samples words processes, when the topics are distributed to document m, then, to n m , not 1 is simply

added but the average weighted values are accumulated.

3. Sentiment Analysis Based on Comment Corpus
Abundant sentiments implied in the comment corpus on which the method of analysis is used in this
section. The technique is to overall extract sentiment words from the comment sets. They are then using
the W-LDA topic model to obtain the topic distribution of the comment corpus and the word probability
distribution table of the topic. Finally, adopting SVM to make two classifications of positive and negative
polarity for comments, and to make a scientific evaluation of the classification results. The sentiment
classification framework based on comment sets is illustrated as Fig. 2.

3.1 Sentiment Word Analysis
Text sentiment analysis, including the detection, analysis and mining of the text subjectivity as the
user's opinions, hobbies, and emotions, is a multidisciplinary research area involving natural language
processing, computational linguistics, information retrieval, machine learning and artificial intelligence.
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Fig. 2. Emotional classification processing framework based on comment sets.
There are two methods for sentiment analysis, one based on sentiment dictionary and the other on
machine learning [19]. The technique of sentiment dictionary is firstly used in this paper to perform the
simple topic distribution calculation of the teaching comment corpus, and then the machine learning
algorithm SVM to do the sentiment analysis. As is known, that there are many English sentiment
dictionaries and few Chinese ones. The frequently-used Chinese sentiment dictionaries are Li Jun’s
Chinese derogatory, meaning dictionary of Tsinghua University in China, sentiment dictionary of
HowNet, and the simplified Chinese sentiment dictionary of Taiwan University. Among them, the
HowNet sentiment dictionary, with each sentiment word as a benchmark to find degree adverbs and
negative words in a positive direction, is used to find sentiment words in text corpus. Based on these
three kinds of sentiment dictionaries, a set of emotional dictionaries for teaching, electronic products,
books, and other commentary contents have been constructed in this paper through manual processing.
Specific descriptions are illustrated as Table 2.
Table 2. Chinese emotional dictionary
Category
Claim word
Positive emotion word
Positive evaluation
Negative emotional word
Negative evaluation word
Degree word

Number of
pieces
97
1,381
10,841
1,453
12,271
524

Classification standard

Part of the words

self-definition, feeling

feel, find, etc.

love to things

like, so nice, etc.

sure, support to things

not bad, earnest, etc.

disgust, dislike to things
oppose, negate to things

disgust, uncomfortable, etc.
poor, difficult to
comprehend, etc.
very, extremely, etc.

decorate, restrict for adjective
or adverb

It’s found that the polarity of sentiment words extracted from the comment set is more evident through
experiments on teaching evaluation data based on the new sentiments established, which is very favorable
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to the feature representation of the topic model. Table 3 shows the results of the emotional word extraction
of a piece of teaching evaluation content.
Table 3. Emotional word extraction results of partial evaluation
Original evaluation corpus

Emotional word extraction result

New teaching methods, fascinating, easy to understand,
body language is very rich, Explain vivid, I really like it, It
is better that the teacher will reduce the speed of lectures.

Novel, attractive, into the victory, very, abundant,
vivid, really, like, old, more, good, a little

3.2 SVM Classification Model
The SVM model [9] proposed by Corinna Cortes and others has many unique advantages in small sample,
nonlinear and high dimensional pattern recognition. Its primary purpose is to find the hyperplane with
the most significant separation as the boundary of the classification. The kernel function is introduced in
the SVM to subtly solve problems in the inner product operation and the nonlinear classification.
Frequently-used kernel functions include linear kernel functions, polynomial kernels, and radial basis
kernels. The radial basis function (RBF) kernel function is relatively stable, and the polynomial kernel
function is less stable. In this paper, the RBF kernel function is chosen to implement the SVM model.
The kernel function manifests as:
K ( X i , X j ) = exp( −γ || X − X e ||2 )

(9)

Eq. (9) is a monotonic function of the Euclidean distance from any point X to center X e in space. The
kernel function of the SVM has two parameters: the penalty factor C and the kernel parameter γ. The
penalty factor represents the margin of error with C higher and no tolerance of errors. The kernel
parameter γ implicitly determines the distribution of data mapping to the new feature space. The higher
γ is, the smaller the support vector is.
Next, the feasibility of choosing SVM and RFB kernels will be expounded. The purpose of the kernels
is to map the feature data from low-to-high dimensions so that the data can be linearly separable. In
practice, if any data can be linearly separable, it is only necessary to change the parameter σ of the RBF
function to be sufficiently small. The separability of features becomes possible when the comment data
set is mapped into a high-dimensional space. Therefore, it is feasible to use SVM and select RFB to
classify the comment data set in this model.
Based on the SCKIT-learning machine learning toolkit, the grid search method is used in this paper to
determine the value of C and γ. The process of building the SVM classification model is shown in the
following steps and illustrated as Fig. 3.
(1) SVM training process: Select the RBF kernel function to map the W-LDA topic feature distribution to the high dimensional feature space. Then, finding the optimal classifying hyperplanes
in the high dimensional feature sample space. Training them as support vectors and VC credibility until a classification discriminant function of the commentary material rate is finally obtained.
(2) SVM classification judgment process: SVM uses the RBF kernel function to map the feature
vector of the comment set to be classified to the high-dimensional feature space. Using it as the
input parameter of the classification discriminant function obtained in the training stage. Finally,
outputs the emotional two-category results of the comment set by the discriminant function.
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Fig. 3. SVM-based comment sentiment classification process.

3.3 Example of Sentiment Analysis Combining W-LDA Feature Representation
with SVM Classification
As shown in the W-LDA improved topic model described in Section 2.1, Gibbs sampling has been
used in this paper to estimate the parameters of the model. And it’s found that better output results can
be obtained with less Gibbs sampling calculation. At the same time, considering that the content of the
commentary documentation is small, a particular topic number variable T can be set for the W-LDA
model, and the topic distribution range of the commentary document is [2,T]. After W-LDA obtains the
topic feature representation vector, SVM is used for classification, so that all records of the comment set
are better classified. Here, the results of the word segmentation of six teaching evaluation data in a
teaching evaluation system in an individual university are given first. The specific situation is illustrated
as Table 4.
Table 4. Sentiment feature representation of teaching evaluation data
Data

Positive emotion word

Degree word

Negative
evaluation word

Teaching evaluation text 1

positivity, creativity, passion, infection

especially

no

Teaching evaluation text 2

good, distinct, responsible

very, already

null

Teaching evaluation text 3

High, level

sufficient, then

no, less

Teaching evaluation text 4

passion, strict, responsible

usual

little, no

Teaching evaluation text 5

encourage, help, greatest love

repeatedly

null

Teaching evaluation text 6

blame, love, friendship

often, fully

nor

336 | J Inf Process Syst, Vol.16, No.2, pp.329~342, April 2020

Xiaodong Tan

Through emotional words, degree adverbs, and negative words, weights are calculated to obtain
positive and negative sentiment tendencies. As illustrated in Fig. 4, there are five evaluation criteria:
teaching attitude, interaction, professional skills, teaching quality, and language expression. In this paper,
the review materials of teachers’ courses summarize five aspects. Teachers have excellent communicative
competence and teaching technique from the results but show moderate levels in teaching attitude,
professional skills, and language expression.
Next, the effectiveness of the SVM classification model will be further validated. This research utilizes
score data of 387 real teaching evaluation indicators. The W-LDA topic model is applied first after the
data processing. The relevant parameters of the model are calculated as follows: a priori parameters α=2,
β=0.01, k=25. Experiments show that the precision of the model is the highest when k=25, then four sets
of tests are performed with different kernel functions. The results show that the SVM classifier based on
the RBF kernel function works well. The specific situation is illustrated in Fig. 5.
From the above analysis and test results, it can be included that the W-LDA topic model proposed in
this paper takes into account the importance of topic-related words and that it has been paid attention to
in sentiment analysis. At the same time, the parameters of the W-LDA topic model proposed in this paper
still need to be continuously trained and optimized, combined with the selection of SVM for the kernel
function of the comment data set, to achieve higher precision of sentiment classification.

Fig. 5. Comparison of SVM classification effect to different kernel functions.

4. Experiment and Result Analysis
The sentiment classification algorithm of this paper and the hardware environment for series of
experiments are: Intel Core i7-6700 3.40 GHz CPU, 8 G RAM and 1 TB hard disk. The operating system
is Windows 10. The program code for the algorithm was developed by Python 3.
The word segmentation tool used in this section of the experiment is Jieba. The topic model adopts the
improved W-LDA topic model algorithm proposed in the paper, and the classification method is the SVM
algorithm of RBF kernel function. The proposed algorithm is contrasted with the single SVM classi-
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fication and the classification method in [20] to verify its effectiveness, advantages, and disadvantages.
The performance evaluation indicators of the test algorithm are accurate, recall ratio, and F1 test. The
equations for the three symbols are:

Precision = mc / mt , Re call = mc / ml ,
F 1 - M ea sure = 2 * Pr ecision * Re call /(Pr ecision + Re call ) ,

where mc is denoted by the number of correctly classified records, mt is denoted by the total number of
records, and ml is denoted by the number of labeled records in samples. The corpus, collected from the
database of Datatang, includes two types of comment sets of the hotel and of the electronic product. Their
polarity distributions are illustrated in Table 5.
Table 5. Polarity distribution of experimental corpus
Corpus category

Positive comment number

Negative comment number

Comment set of electronic product

2,730

2,650

Comment set of hotel

1,080

1,100

4.1 Performance Experiment of Sentiment Theme Distribution
This experiment uses the general electronic product review data set shown in Table 4. The circumstance
of the emotional dictionary, as shown in Section 2.1. A priori parameters and α=50/K and β=0.01, using
half-off cross-validation test results, with each training iteration 1000 times, the experimental results are
illustrated as Fig. 6(a) and (b).
It can be found that compared to the traditional LDA topic model from Fig. 6. The improved W-LDA
topic model proposed in this paper has more considerable advantages in terms of the complexity value
of the topic distribution computation and the average similarity between topics. It’s shown that the
W-LDA topic model has a more reliable predictive power of distribution of the topics of the new
comment set, a higher quality distribution of the topics obtained, and a high degree of differentiation of
topic types.

(a)

(b)

Fig. 6. Comparison of experimental results of two topic models: (a) complexity contrast and (b) topic
independence contrast.
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4.2 Emotional Classification Experiment
The tagged data have been manually processed based on the experimental data of the hotel comment
set shown in Table 5 to verify the flexibility and advantages of the algorithm. From the tagged data, what
have been extracted are 200 records for 10 topics, 400 records for 20 topics, 800 records for 30 topics,
1,600 records for 40 topics. Fig. 7 is shown the classification of 200 comment records for 10 topics and
200 comment records for 20 topics. Each comment record is set with a unique serial number during
classifying experiments to intuitively display whether the classification of each records is correct or not.
The positive and negative polarity record numbers are distributed in different areas. The blue labels in
the red dot area and the red label in the blue area are all the wrong classification records, which is
illustrated in Fig. 7(a) and (b).

(a)

(b)

Fig. 7. Sentiment two-category results based on comment set: (a) classification of 10 topics, 200 comment
records, and (b) classification of 10 topics, 400 comment records.
Table 6. Experimental results comparison of sentiment classification algorithm
# of
topics
10

20

30

40

Method
FESCSC
LDA with SVM
SW-LDA
FESCSC
LDA with SVM
SW-LDA
FESCSC
LDA with SVM
SW-LDA
FESCSC
LDA with SVM
SW-LDA

# of marked Classification
records
result
200
200
200
400
400
400
800
800
800
1,600
1,600
1,600

195
182
174
372
384
352
773
720
727
1461
1433
1381

Correct
number

Wrong
number

Precision

183
162
173
331
320
331
676
589
661
1255
1106
1235

12
20
1
41
64
21
97
131
66
206
327
146

0.94
0.89
0.99
0.89
0.83
0.94
0.87
0.82
0.91
0.86
0.77
0.89

Recall F1 value
0.92
0.81
0.87
0.83
0.80
0.83
0.85
0.74
0.83
0.78
0.69
0.77

0.93
0.85
0.93
0.86
0.82
0.88
0.86
0.78
0.87
0.82
0.73
0.83

Four sets of experiments were performed on these experimental data to compare the sentiment
classification method proposed in this paper with the algorithm in [20] (name after FESCSC) and the
traditional SVM algorithm (name after LDA with SVM). The four sets of experiments were based on the
distribution of different topics number—our method (SW-LDA), named after W-LDA with SVM. After
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the processing operation shown in Fig. 2, the final experimental results illustrated in Table 6 and the
visual representation is shown in Fig. 8.
The experimental results given above show that the algorithm proposed in this paper is superior to the
other two methods in precision and total measured values of F1 and is advantageous on accuracy. The
precision of our approach is 0.04 and 0.1 higher than that of FESCSCH and LDA with SVM, respectively.
However, in terms of the recall ratio of the algorithm, our method is lower than FESCSC. The reason is
that the weighted processing operation causes to change a minimal number of sentiment feature parts of
speech, which leads to a weakening of the sentiment degree of feature words. As a result, W-LDA with
SVM makes some missed judgments, which will lead to a slightly lower recall rate over the FESCSC
algorithm. In general, the sentiment classification method about comment set proposed in this paper has
achieved good experimental results, and it has also been shown that the process has excellent flexibility
and robustness.

(a)

(b)

(c)

Fig. 8. Experiment results comparison of various algorithms with the change of top number: (a) precision,
(b) recall, and (c) F1 value.

5. Conclusions
This paper has proposed an improved average weighted topic model for the comment set with more
emotional components. Some conclusion can be drawn as follows:
- The W-LDA model can highlight the topic expression vocabulary to avoid being overwhelmed
by high frequency words, which improves the distinction of the topic extracted from the topic
model.
- These highly differentiated topic types can be used as input parameters of the SVM algorithm,
which can effectively improve the SVM algorithm's sentiment classification precision.
- The results have shown that the method proposed in the paper has certain advantages in terms of
topic differentiation, classification precision, and classification F1 value through experimental
testing of real teaching evaluation data and public comment test set.
However, there is still room for improvement in this method. For example, in constructing a topic
model, the topic-and-topic and topic-and-word relationships are not considered yet, and the sentiment
lexicon is still not perfect. Further researches need to be done in the above-proposed fields.
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