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Abstract 

Due to the development of the Internet and the comment left people on the Internet, 
more and more interactive information, by the user the information in the comment on 
some very valuable, they can help potential customers to understand the product history 
buyers interested in their characteristics in product reviews the emotional tendency of 
basic information, such as giving advice, help potential customers to make a decision to 
buy or not, in addition, these valuable comments information can also help the 
enterprise operators and managers get consumer demand for product improvement or 
Suggestions, can help them to improve the quality of the product or service. The purpose 
of this paper is to explore an efficient feature sentiment classification method for hotel 
product reviews based on Bert. In this paper, three experiments of Bert-FC, Bert-CNN and 
Bert-RNN have been carried out. The experimental results show that Bert-FC has the best 
effect with an accuracy rate of 84.08%, which proves that Bert -FC can be well used in 
feature sentiment classification. 
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1. Introduction 

The main task of sentiment classification is to distinguish the emotional colors of text, which 
can be divided into positive, negative and neutral. Consumer research recognizes the 
importance of emotion in cognition, evaluation, and behavior. [1-2] Through his research on 
explicit emotion, Gopaldas [3] not only promotes economic transformation and institutional 
change, but also helps people to understand market dynamics. The finer-grained research of 
sentiment classification is to extract the target object of emotion, namely the emotional 
tendency of features. Liu [4] The research tasks of emotion analysis are summarized into three 
levels: document level sentence level and feature level. [5] Compared with document level and 
sentence level, feature-level research requires more fine-grained analysis, with the intention of 
mining more accurate and concrete emotions, that is, digging out the emotional color and 
exploring the described objects of emotions. 

With the development of emotion classification, also began to apply the technology, 
management science emotion classification research is widely used in the field, is one of the 
important direction of online comment text emotion classification and then analyze the 
emotion classification results, can help business judgment of consumers is mixed attitude, 
recognition by comments merchandise property and mining online reviews and the 
relationship of commodity sales, etc. [6] Liu [7] Et al. proposed an emotional model to mine 
emotional information from blogs and predict product sales performance based on this 
information. Emotions from Twitter, movie reviews [8] and blog [9] were used to predict box 
office receipts. Tumasjan [10] Et al. used emotion in Twitter to predict election results. Lin and 
He [11] proposed the Joint Sentiment/Topic Model (JST) to detect both sentiment and topic 
from review text, which was evaluated on the film review data set. Brody and Elhadad [12] Lin 
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used an unsupervised system to extract aspects of the comments and identify sentiment from 
the online review text. 

To sum up, with the exponential growth of online comments, it is imperative to use computers 
to process and sort out the emotional information in these texts, which plays an important role 
in user comment analysis and decision-making, public opinion monitoring, information 
prediction and other fields. [13] The traditional sentiment classification methods are faced with 
the problem of constructing sentiment dictionaries, and the other is faced with the problem of 
low accuracy. This paper will focus on solving these two problems. 

2. Sentiment classification algorithm based on Bert 

In recent years, the emergence of BERT make the text classification task got a big promotion in 
the efficiency, BERT is a kind of method, in the process of the training language because of its 
training on many large text corpus out of the general "language understanding" model, the 
model used in our care downstream of natural language processing tasks such as text 
classification, BERT on the length of time and the accuracy is better than the previous method, 
because it is the first for unsupervised training of natural language processing, the depth of the 
two-way system. 

The sentiment analysis corpus in this paper is the hotel review corpus annotated by Professor 
Tan Songbo. Since the annotated corpus has only positive and negative emotions, the sentiment 
orientation analysis in this paper is a dichotomy problem in text classification, with the purpose 
of classifying the comment sentences into positive and negative ones. 

The research focus of this paper is product review feature sentiment classification, and the key 
tasks are as follows: 

1. Recognition of Subjective Sentences: The word subjective sentences [14] in the 
interpretation of Baidu Baike refers to the objective basis of psychology in the morning, is not 
logical analysis, calculation, conclusions, decision-making behavior reaction; In philosophy, 
subjectivity is the activity of human consciousness. Therefore, the purpose of subjective 
sentence recognition is to identify the sentence in which the commentator expresses his/her 
subjective intention. The sentence containing only feature words is not necessarily subjective, 
but the sentence containing emotion words is basically subjective. 

2. Sentiment classification of product features: The sentiment classification information of 
product features is identified and counted according to each subjective comment sentence, in 
which the main task is to classify the sentiment of the features in the comments. 

Starting from these two tasks and combining with the research results in Chapter 3, this chapter 
uses a corpus-based method to identify subjective sentences describing product characteristics, 
and uses Bert-FC, Bert-CNN and Bert-RNN methods for sentiment classification respectively. 

2.1. Subjective sentence recognition 

As the name implies, a subjective sentence is a sentence that expresses the critic's subjective 
intention, that is, a sentence that expresses some emotion when commenting on a certain 
feature. This is the definition of a subjective sentence in this paper. For example: 

1. The hotel is beautifully decorated      Subjective sentences 

2. The hotel will soon be on the market   Objective sentences 

Through the analysis of a large number of online product reviews, it is found that most 
commentators will use adjectives to express their feelings about product features. Adjectives 
are the basis for identifying emotional information, and adjectives can be used to assist in 
identifying subjective sentences. The sentence which contains both feature words and opinion 
words in the comment set is subjective sentence. The sentences containing only feature words 
but no opinion words in the comments are considered as non-subjective sentences because 
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they have no emotional information. Comments do not contain key words but contains opinion 
word sentence of the third chapter contains implicit features of implicit words, this kind of 
sentence belongs to the implicit subjective sentences, such as comments on the sentence: "this 
hotel good expensive", the word "price" did not appear in the sentence, but for the price to use 
the word "expensive" expressed the opinion word negative emotions, thus combining the three 
conclusion subjective sentences can be defined as: contains at least one emotional word 
sentence. 

2.2. Feature word extraction and feature sentiment classification definition 

2.2.1. Feature word extraction 

In the documents containing only explicit feature sentences, the features tagged as nouns in the 
sentences were extracted, synonyms were combined by the improved method of feature 
similarity calculation, and the sentences were labeled by the features. In the downstream 
classification task, the column label information was not included in the calculation.  

2.2.2. Feature sentiment classification definition 

Since the sentence contains features, according to the progressive relationship, the sentence 
sentiment classification result of the downstream task is equal to the sentiment classification 
result of the features contained in the sentence, that is, the sentiment classification result of the 
comment sentence is equal to the sentiment classification result of the labeled list features. 

2.3. Sentiment classification of product features 

2.3.1. BERT model 

Bert model is a bidirectional encoder representation from Transformer. As can be seen from 
the name, the BERT model is the encoder part of Transformer, whose goal is to obtain a large 
untrained corpus that represents a text with rich semantic information, namely the semantic 
representation of the text, then adjust the semantic representation of the text in a specific NLP 
task, and finally apply it to the task of the NLP. For example, the process of Bert model training 
semantic representation of text is just like the process of consolidating basic knowledge when 
we learn basic subjects such as numbers, English, physics, chemistry, biology, history and so on 
in high school. To fine-tune the parameters of the model in my own NLP task is equivalent to 
further strengthening the professional knowledge selected in college based on the basic 
knowledge mastered in primary school, junior high school and high school, and then I can learn 
the corresponding professional knowledge and skills. 

 
Figure 1. BERT model structure of diagram 
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1. Bert model structure 

The model structure of BERT is a two-way Transfoemer block connection as shown in the figure 
1. Its core idea is that Transformer is the core module of BERT and Attention mechanism is the 
most critical part of Transformer. Therefore, to introduce BERT, we need to start with Attention 
mechanism and introduce how to use it to build Transformer modules. 

1) The Attention Mechanism 

The "Attention" mechanism gets its name from biology, which teaches neural networks to focus 
"Attention" on parts of the input in other words, to distinguish between the effects of different 
parts of the input on the output.  Attention mechanism is applied to distinguish between use of 
context information to enhance the semantics of the target word or word. The semantics of the 
augmented word above indicate the internal workings of the Attention mechanism in this 
application scenario: in a comment, if the word W1 is the target word, then the other words in 
the comment sentence are Wi(I =2,3,...,N), each word WP in the comment sentence has its own 
original Value. The action of the Attention mechanism is to take the target word W1 as Query, 
and the other words in the comment Wi as Key. Then, the similarity between Query and each 
Key is set as weight, and the ultimate purpose is to add the Value of each word Wi in the 
comment sentence to the original Value of the target word W1. 

 
Figure 2. The attention mechanism diagram 
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As shown in figure 2, the input of the Attention mechanism is a vector representation of the 
semantics of the target word and other words in the comment sentence, and this representation 
can be automatically mobilized in BERT for word vector scale generation. The first step is to 
obtain the Query vector representation of the target word, the Key vector representation of 
other words, and the original Value representation of the target word and other words after 
linear transformation. The second step is to calculate the similarity between Query and each 
Key as the weight; The third step is to do a weighted fusion of the Value of the target word and 
the Value vector of each upper and lower text, and then take the weighted fusion result as the 
output of Attention, and the Value is the enhanced semantic vector representation of the target 
word. 

(1) Self-Attention 

Self-attention is one of the attention mechanisms. Based on its name, it is not difficult to 
understand what it means The reason for this is to take full account of the semantic and 
grammatical connections between the different words in a sentence. The formula is as follows: 

𝑆elf-𝐴ttention（𝑄,𝐾, 𝑉) = soft𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 

Where, dk is the dimension of Key, and Q, K, and V correspond to Query, Key, and Value in the 
Attention mechanism respectively. They are obtained through the product of input word 
vectors and randomly initialized W(Q), W(K), and W(V) respectively, mainly for the purpose of 
weight calculation. 

(2) Multi-head Self-Attention 

Multi-head Self-Attention just as it’s name implies it’s represents the multiple head since 
Attention mechanism, its role is to enhance the diversity of the Attention, its Self-attenton in 
single head based on the use of different Self - Attention module for review of each word 
enhanced under different semantic space semantic vector, and then for each word in the 
multiple linear combination semantic vector to get increased and the semantics of the original 
word vector length vector. 

2) Transformer Encoder 

Transformer Encoder adds three key actions on top of multi-head self-attention: 

(1) Residual connection 

The reason that the input and output of the module are directly added as the final output is that 
it is easier to modify the input than to reconstruct the output, and the effect is to make the 
network easier to train. 

(2) Layer Normalization 

The neural network nodes of each layer are standardized. 

(3) linear transformation 

In order to enhance the semantic representation of the whole model, the enhancement of each 
word is repeated by linear transformation of the vector twice, and the length of the vector 
before and after transformation remains unchanged. 

3) BERT model 

The Bert model is made of layers of Transformer encoders. 

2. Model inputs \ outputs 

The first input of the Bert model is the original vector of each character or word in the text, 
which can be obtained by querying the Chinese word vector scale in the Bert model. The second 
input is the text vector, the value of which is automatically learned in the process of model 
training. This vector contains the global semantic information of the text and is integrated with 
the semantic information of a single word or word. The third input is the position vector, which 
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represents the word order of the text and uses a different vector to distinguish the words or 
words in different positions. The output of BERT model is the vector representation of each 
word or word combined with the semantic information of the whole sentence. 

3. Pre-training tasks 

BERT as the language model, it usually needs to learn to understand the meaning of language 
itself, a large number of text is like learning English, you need to learn how to make sentences 
using the words we learned, this is actually a process of understanding language, BERT pre 
training is so so, the purpose of the process is gradually mediation model parameters, makes 
the model output text semantic expression can accurately express the essence of language 
meaning, as far as possible to the downstream tasks using the trained model is applied to the 
actual NLP tasks, therefore BERT developers to use the following two methods of training. 

1) Masked LM 

It occurs when a random word or word is concealed in a sentence, and then the Masked word 
or word is predicted by the remaining word or word in the sentence. 

2) Next Sentence Prediction 

The training process of Next Sentence Prediction is to determine whether the first Sentence is 
followed by the second Sentence in a given article. In fact, the training process of Bert model is 
a process of comprehensive training of the Masked LM task and Next Sentence Prediction. The 
representation of each word vector output by the pre-trained model expresses the information 
of the input text as accurately and completely as possible, which is convenient for the 
subsequent fine-tuning task to obtain a better initial value of the model parameter. 

4. Fine-tune 

Because the pre-training of BERT is based on the general domain corpus training without 
domain setting, it can make some fine-tuning to adapt to the specific tasks. For example: in 
chemistry, for example, carbon monoxide and carbon dioxide in fact is a far cry from two 
substances in the chemical, but on the literal meaning, they are the combination of the "digital" 
and "carbon oxide", so in general training corpus BERT might generate word vector is similar, 
but after the fine-tuning, word vector of them can vary widely, this is where the significance of 
the fine-tuning, the task of training is to make the results more close to our focus. 

 
Figure 3. CNN diagram 
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2.3.2. CNN 

Convolutional Neural Networks (CNN) are a variant of multilayer perceptrons (MLPs). TextCNN 
refers to the application of CNN in the text field. It was first proposed by Yoon Kim [15] in the 
paper. Its mechanism is to extract the key information in the sentence by using several kernels 
of different sizes, which is similar to the mechanism of n-grams, which can better capture the 
local correlation of information. The detailed process is shown in the figure 3: 

1. Input layer 

The first layer of the convolutional neural network is the word vector matrix of the sentence, 
which can be used as the input of the channel by the word vector after Bert has been fine-tuned. 

2. Convolution layer 

The second layer of the convolutional neural network is a one-dimensional convolution layer 
through kernel_size=(2,3,4). Because text is one-dimensional data, one-dimensional 
convolution is used. 

3. Pooling layer 

The third layer of the convolutional neural network is a 1-max pooling layer, so that sentences 
of different lengths can be transformed into fixed-length representations after passing the 
pooling layer. 

4. Fully-connected layer 

The fourth layer of the Convolutional Neural Network is the fully connected Softmax layer, the 
output of which is the probability of each category. 

2.3.3. RNN 

RNN (Recurrent Neural Network), whose Chinese name is cyclic Neural Network, is a Neural 
Network that is used to deal with certain sequences such as texts. The characteristics of these 
sequences all have a common point that the data in the back are related to the data in the front. 

 

 
Figure 4. RNN diagram 

 

The neural network consists of input layer, hidden layer and output layer. The output layer is 
controlled by activation function, and the connection between different layers is realized by 
weight connection. The activation function is set in advance. On this basis, the weight 
connection is also established between the neurons along the original route of the input value. 
The circulation of RNN cyclic neural network is reflected in the hidden layer, that is, the hidden 
layer in front will affect the hidden layer in the back. 

In the case of a specific implementation of classification, such as typing a statement and printing 
its category, the output is not a sequence but a single output as shown in figure 5: 
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Figure 5. Schematic diagram of RNN internal mechanism in classification task 

 

In the classification task, the sentence is divided into several words, and then the sentence is 
treated as a time series from front to back. One of the advantages of RNN is that the parameters 
used at each step in a time series are the same. 

2.3.4. Linear model 

Linear model is widely used in natural language processing. It is a prediction model based on 
the linear combination of sample features. Emotional orientation of this article are to do in the 
analysis to the emotional analysis tasks as a positive and negative emotion to binary 
classification problems, in this problem you can call a linear discriminant function, meet the 
function point in feature space constitute a hyper plane segmentation effect, the hyper plane is 
called decision boundary, decision boundary feature space is split in two, which will be divided 
into two areas, features each area corresponds to a category, thus realize the division of the 
emotion. 

2.3.5. Classification algorithm 

1. Algorithm diagram 

 
Figure 6. Bert is applied to categorizing task schematics 
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Figure 6 is just a single sentence showing how long simultaneous processing is supported in 
the actual operation process. W1, W2 and W3 in the figure are the first, second and third words 
of the text of the article. E2, E3 and E4 are the corresponding word vectors containing the whole 
semantic information after Bert calculation. In text classification task, BERT model is the 
process of action in the input text before inserting a (CLS), and then according to the previous 
introduced that after BERT internal operation, the symbol of the corresponding output vector 
with the semantic information of the whole sentence, so can use the vector as the semantic 
representation of the whole text, and then put it into the downstream of the classifier, the 
training start again from scratch (a process called fine-tuning Fine-most cerebral sci-film), 
finally realizes the text classify emotions. 

2. Algorithm steps 

The semantic interpretation of the Bert online review product feature classification algorithm 
and implementation steps used in this paper are as follows: 

Algorithm 1 Sentiment classification algorithm based on Bert's product features 

Input Initial online review collection T={(f1,c1),(f2,c2),...,(fn,Cn)},(i=1,2,...,n),Where fi is the text 
vector corresponding to the ith training sample, and ci is the emotion category corresponding 
to the ith training sample. 

Output Online Review Sentiment Classification Model M 

Step1 According to the training set W, the preprocessing is obtained W’={(f1’,c1’), 
(f2’,c2’),...,(fn’,cn’)}, (i=1,2,...,n’),Where, fi’is the text vector corresponding to thei’th training 
sample after preprocessing, and ci'is the emotion category corresponding to the I 'th training 
sample after preprocessing. 

Step2  In the training set W’,The fine-tuning function of Bert is used to fine-tune the actual 
sentiment classification task, and the corresponding output is the feature representation 
V=(v1,v2,...,vn’), (i=1,2,...,n’) corresponding to the training set W’, where vi is the sentence-level 
feature vector corresponding to each comment text fi. 

Step3  Input the feature representation V obtained in Step 2 to CNN model for training, and 
output the Bert -CNN sentiment classification model. 

Step4  Input the feature representation V obtained in Step 2 to the RNN model for training, and 
output the Bert-RNN sentiment classification model. 

Step5  Input the feature representation V obtained in Step 2 into the FC model for training, and 
output the Bert-FC sentiment classification model. 

3. Experimental results and analysis 

3.1. Experimental data and preprocessing 

The experimental data of this paper is the corpus of hotel reviews by Tan Songbo, from which 
2000 reviews are randomly selected. The text preprocessing includes clause, word 
segmentation, part of speech tagging, discontinued words, explicit feature extraction, opinion 
word extraction, noise removal sentences and so on. The clause is based on the Chinese comma 
and full stop as well as some transition words such as "Dan, buk, buk" with semantic separation 
meaning. These can be used as markers for long comment text clauses, after which each clause 
represents an independent meaning. Then there is word segmentation and part of speech 
tagging. In this paper, Jieba word segmentation and part of speech tagging are used. The stop 
word table is a universal Chinese stop word table on the network. After partitioning and part-
of-speech tagging, the explicit feature sentences were screened by considering whether there 
were at least two words in the sentence with part of speech tagging as noun and adjective 
respectively and 2755 explicit comments were obtained as the experimental data set. 
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3.2. Valuation indicator 

The research problem in this paper is a classification problem, and the commonly used 
evaluation index in the field of classification is accuracy (P). The calculation data of accuracy of 
classification results are shown in Table 1 below: 

 

Table 1. The calculation data of accuracy of classification results 

Truth 
Prediction 

Positive Negative 
Positive R1 W1 
Negative W2 R2 

 

According to the data in Table 1, the formula of accuracy is as follows: 

𝑃 =
𝑅1 + 𝑅2

𝑅1 + 𝑅2 +𝑊1 +𝑊2
 

3.3. Experimentation 

Experiments in this paper, with the help of powerful base - BERT pytorch training and training 
in advance to call parameters, and then download on Google open-source platform applicable 
to their task of the training model, training models of these essential document is file - save the 
model parameters, cnfig file-training models of load, vocabulary -- for subsequent word 
segmentation.  

The Google team opened the source file of Bert. Here, according to our emotional classification 
task, we need to use the two files run_classifier_dateset_utils. py in the source code, where 
run_classifier_dateset_utils.py is used to process the input of text, we can add a class to handle 
the input according to our own requirements. It should be noted that word segmentation is 
generally adopted for Chinese word segmentation in BERT, and word vectors have been trained 
inside BERT, and the back end can be directly called.  

The input of Bert is a sentence and the output is a sentence vector, and then fine-tune needs to 
be set. In fact, the setting of fine-tune is relatively simple, as long as the parameter param. 
requires_grad is set to True, indicating that the gradient is required. Finally, downstream of 
Bert, linear model, CNN model, RNN model and other models can be used to train from scratch, 
and finally emotion classification can be realized. 

3.4. Interpretation of result 

3.4.1. Experimental result 

In this section, three experiments were conducted, namely Bert-FC, Bert-CNN, and Bert-RNN. 
The performance evaluation list of the experimental comparison results of the three methods 
is as follows: 

 

Table 2. The experimental comparison results of the three methods 
Methods Precision 
BDRT-FC 84.08% 

BERT-CNN 83.92% 
BERT-RNN 82.65% 

 

3.4.2. Interpretation of result 

This paper mainly introduces the process of emotion classification by Bert combined with FC 
linear model, CNN model and RNN model, in which two key steps should be noted after the use 
of Bert: pre-training and fine-tunne. BERT preliminary training requires longer probably need 
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4 days, and the requirement of the machine is higher, need 4 to 16 sets of TPU, this condition 
as it is difficult to implement for most researchers but fortunately Google's open source training 
good language model, such as the English Chinese can download directly call, this greatly 
improves the efficiency. That is to say, we no longer need to train the model from the bottom 
level. In this paper, we use Bert to do emotional orientation analysis. There is no improvement 
of Bert, so we only need to use the pre-trained model of Bert and then do fine-tuning tasks to 
meet our own needs. 

This article did BERT-FC, BERT-CNN, BERT-RNN three groups of experiments, the experimental 
data sets are the same in each group, the training set and test set model parameters to keep the 
same, using the accuracy evaluation indexes, the results are shown in table 1, it can be seen in 
the table, BERT-FC has the highest accuracy reached 84.08%, show that the model is applied to 
the classification of the characteristics of emotion classification effect is best, prove the 
feasibility of the model. 

4. Conclusion 

When solving the problem of product feature sentiment classification, this paper uses the Bert 
model to replace the traditional Word2Vect model for vector representation of text, and 
proposes three algorithms that can be used for feature sentiment classification based on the 
Bert model. Among them, the accuracy rate of Bert FC algorithm reaches 84.8%, which shows 
that the algorithm has certain practical value. Subsequent research can consider incorporating 
emoji and other information with emotional colors in comments to further enrich the 
representation of vector features and further improve the effect of sentiment classification. 
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