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Abstract. With the rapid development of Internet technology, we have entered into an era of 
information explosion. An obvious feature of this era is that it has a huge amount of data information. 
Facing with the huge amount of information, we need a system to effectively screen and filter the 
large-scale data. If a system can display the helpful information as much as possible, then users can 
save time to filter information. Therefore, how to design a system that can effectively screen 
important information and filter secondary information has become an important research topic in the 
era of big data. However, with the rapid development of the network and a large number of online 
information, there is a problem of information overload. A new way to solve the problem of 
information overload is to design and implement a recommendation system. The recommendation 
system can recommend information and products that interest users, according to user's information 
needs, interests, et al. In this paper, we introduce several recommendation systems based on different 
methods and algorithms, and we compare the effectiveness of assessments. The quantitative results of 
the user's emotional factors are applied into scoring matrix and similarity calculation in order to 
improve the effectiveness and robustness of recommendation system. When collaborative filtering 
based recommendation system combined with sentiment analysis, we can obtain an effective 
recommendation system. 

1. Introduction 

The rapid development of the network has a profound impact on enterprise development and 
personal life [1]. However, with the popularity of the Internet, the information is growing 
exponentially, which is far beyond what people are able to accept. Thus people may feel helpless 
when facing a large amount of information, this phenomenon is called information overload. When 
facing excess information, the boundaries between important and unimportant information are easily 
lost. How to quickly and effectively help users to obtain the important information has become a 
challenging work, and this topic is also the current academic hot issue.  

In this context, recommendation systems are put forward. At present, the definition of the 
recommendation system is relatively vague, and there is a lack of authoritative definition in the 
academic circles. The widely quoted definition of recommendation system is proposed by Resnick et 
al. in 1997 [2]. 

Recommendation system has three components: recommend candidate, user, and recommended 
method. Users can provide personal preference information and recommendation requests 
proactively, otherwise, the recommendation systems can collect information proactively. 
Recommendation system can use different recommendation strategies to implement the process of 
recommendation. For instance, recommendation system can calculate the recommended results 
according to collection of personalized information and object data, and recommendation system 
feedbacks the results to the users [3]. 
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At present, the e-commerce recommendation system has a good development and application 
prospect, and the research of the recommendation system is paid more and more attention, especially 
the personalized recommendation system. Almost all large-scale electronic commerce systems use 
recommendation systems with various forms, such as Amazon, CDNow, eBay, dangdang, et al. A 
successful e-commerce recommendation system can effectively retain users, improve sales and 
produce enormous economic benefits. At the same time, personalized recommendation system has 
become the hotspot issue in the field of electronic commerce. 

2. Introduction Of Recommendation System And Algorithms 

The characteristic of information retrieval is that the user's needs are different, whereas the 
retrieved information resources are relatively constant. The characteristic of information filtering is 
that the user needs are relatively fixed, whereas the information resources are constantly changing. 
Different with information retrieval and filtering, the characteristics of the information 
recommendation is the user's demand is not exact, thus we can only implement data mining process 
according to historical data and relate data. In recommendation system, the information resources are 
constantly changing, so the system needs to recommend information positively according to users' 
demand. For instance, in the e-commerce system, the new products are constantly provided, and the 
system should recommend which products is a typical problem of information recommendation. 
Recommendation algorithm is the core and key part of a whole recommendation system, to a large 
extent, the algorithm determines the type and performance of the recommended system. At present, 
there is no uniform standard for the classification of recommender systems, and many scholars have 
different classification of the recommended methods from different angles [4,5]. Mainstream 
recommendation methods basically include: content-based recommendation, collaborative 
filtering-based recommendation, knowledge-based recommendation. 
2.1 Simple Description of Collaborative Filtering Algorithm.  

Technology of collaborative filtering recommendation is one of the most successful techniques in 
the recommender system.  

In typical collaborative filtering recommendation system, input data can usually be expressed as a 
user-item access matrix R, and it is denoted as m n , where m is the number of users, n is the number 
of resources. Collaborative filtering based recommendation system can recommend information from 
the users' point of views, and this process is automatic. Namely, the system can recommend the 
information that interests users according to users' browsing history, thus users do not have to search 
recommended information for their own interest. Another advantage is that there is no special 
requirement for the recommended object, collaborative filtering-based recommendation system can 
handle unstructured complex objects, such as music, movies, et al. 

 Although, collaborative filtering recommendation technology has achieved great success in both 
research fields and applications, there are still some huge challenges in the study of the related 
research [6]. The first challenge is the recommended accuracy. For collaborative filtering algorithm, 
the sparsity of data is a great challenge. Because the user does not buy all the goods, so only a small 
part of products can be purchased. Therefore, the data matrix is very sparse, and data sparsity has also 
become the main reason that can influence collaborative filtering technology. The second challenge 
is scalability of collaborative filtering algorithm. Due to the sharp increase in the number of users and 
projects, collaborative filtering algorithm should be used in large-scale data in order to adapt to the 
changing data. Thus, the scalability of the algorithm is the main research problem in collaborative 
filtering algorithm. The third challenge is evaluation and measurement problems. Due to a large 
amount of evaluation and measurement methods, there is no definite criterion, so we have to 
continuously find out the effective way to better evaluate the performance of filtering algorithm. 
2.2 Problem description.  

Collaborative filtering algorithm can be described as follows. Assume we have a user set, denoted 
as 1 2{ , ,..., }mU u u u ; an item set, denoted as 1 2{ , ,..., }mI i i i ; and a set of preference degree, denoted as 

1 2( ) { ( ), ( ), ..., ( )}mR t r t r t r t . Generally speaking, a user only buys a small part of the products, thus, 
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user-item matrix is very sparse. Collaborative filtering algorithm is designed to predict the user's 
interest in the products that have not been purchased yet. The general steps of collaborative filtering 
recommendation are described in figure 1. 

 
Fig. 1 Collaborative Filtering Recommendation Flowchart 

2.3 User-based Collaborative Filtering.  
User-based collaborative filtering is an early collaborative filtering algorithm. Generally speaking, 

the early collaborative filtering algorithm is all based on users. Based on this assumption: if the scores 
of different users are similar, then other item scores are similar too. The basic idea of collaborative 

filtering is to look for other users 
'u  that are similar to the current user u, and calculated the utility 

value ( , )E s u  of object s. Finally the algorithm uses the utility value to implement the process of sort 
and weighting for all s. Collaborative filtering recommendation can recommend information to users 
according to the score which is similar to the nearest neighbor rating data [7,8]. The core part of the 
algorithm is to find the most similar nearest neighbor set for a target user who needs the 
recommendation service [9-12]. User-based collaborative filtering algorithms mainly have 
memory-based CF and model-based CF. 
2.4 Memory-based Collaborative Filtering.  

Memory-based collaborative filtering algorithm is similar to the lazy learning algorithm in 
machine learning. This method uses the whole user-item score data set to implement recommended 
process. The system uses statistical techniques to search for a group of users called neighbors who 
have the same historical preference with the target user. Generally speaking, the collaborative 
filtering algorithm based on users can be divided into two steps: neighbor selection and user 
preference prediction. In the process of neighbor selection, the system chooses the nearest neighbor 
according to the similarity degree of user's historical preferences. The scores of items i and j are 

respectively denoted as i


 and j


 in m-dimensional space: 

,
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Pearson correlation measure formula is as follows: 
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Where '

'

,u u
I u u  , ,u iR  represents average preferences, '( , )sim u u  represents the similarity degree 

of u and 'u . Herlocker et al. put forward Spearman correlation function to select nearest neighbor. 
The calculation results of Spearman correlation function is similar to the results generated from 
Pearson function. For small-scale data set, Spearman correlation function will obtain better 
results[14].  

Once the user's nearest neighbor is selected, the next step is to predict the preference for the 
specified item. In general, the predicted results can be calculated as follows: 
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Similarly, once the nearest neighbor of the item is obtained, the preference of a user can be 
calculated by the user's nearest neighbor preference. There are many methods to calculate the 
prediction results, which can be divided into weighted category and regression category. 
2.5 Model-based Collaborative Filtering.  

Model-based collaborative filtering is to establish user's information as a model to predict user's 
preference. The operation speed and scalability of the algorithm can be improved in terms of the 
establishment of the model. For model-based collaborative filtering algorithm, the number of items 
and users has an important influence on the computational complexity and space requirements, 
because many users' preferences of electronic commerce are calculated online, so that a lot of 
algorithms cannot be applied into the actual environment. However, model-based method can solve 
this problem. A model can be built up offline, but it may take a few hours, a few days, even a few 
months. Once the model is established, it will be quick to predict the user's preference. 

Bayesian network technology using the training set to create the corresponding model, and the 
obtained training model is very small, thus the application of the model is very fast. This method is 
suitable for the user whose interest is barely changed. There are a lot of model-based collaborative 
filtering algorithm that can be used to solve the problem of data sparsity. Ungar put forward a model 
which can implement the clustering process of users and items at the same time [15]. 

3. Recommendation Based On Text Sentiment Analysis 

Text sentiment analysis is a work to detect, analyze and mine the preferences, opinions and 
emotions of users [16]. In the analysis of emotional tendency, we regard the neutral emotion as the 
reference point to analyze affective deviation [17], and we also analyze the deviation intensity in 
order to implement the quantification of results. Finally, according to the calculated values of 
emotion, the score matrix is constructed [18]. Subjective text with a subjective emotional color 
describes the author's ideas and views, whereas, objective text is a kind of objective cognition which 
is not emotional, and it has the characteristics of certainty and objectivity. Text classification 
concludes two parts: preprocessing and feature extraction. The text preprocessing stage contains the 
work of word segmentation and the removal of stop words, and this stage can be completed by using 
a word segmentation device, generally have relatively good results. Feature extraction is to obtain the 
characteristics of the text in the grammatical structure and semantic level, and uses these features to 
implement classification process. There are several common classification algorithms, K-means, 
artificial neural network, Bayes, decision tree, SVM, et al[19]. Many experimental results show that 
Bayes algorithm has a relatively good practical effect, and this method is one of the most successful 
classification algorithms. 

The Bayesian method not only simplifies the model by assuming strong independence among the 
attributes, but also reduces the learning complexity [20]. For any class label y and attribute set X, we 
have: 
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In order to avoid the situation that the posterior probability value is zero, we need to implement 
smoothing process, thus the improved posterior probability formula is: 
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Where ( , )iP t c  is posterior probability, ( , )inum t c  is the number of occurrences of it . 
After the process of preprocessing, we need to implement the process of sentiment analysis, and 

then complete emotional modeling work. Firstly, on the basis of the general sentiment dictionary, we 
construct domain emotional dictionary which is combined with corpus. Next, we choose the emotion 
words according to the emotion dictionary and mark the polarity of emotion words. Finally we can 
obtain emotional value of each review section and the entire review, and input this quantitative result 
to an evaluation matrix.  

Extracting the emotion words and negative words in each comment segment, in this way we can 
calculate the emotion value according to polarity value of the given word in the emotion dictionary: 
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Where N is the total number of emotional values, iwp  is the i-th polarity value. At the final stage, 
we construct the score matrix according to the emotion values, and we can use these emotion values 
to construct emotion vector in order to complete the modeling of users' emotion. 

4. Evaluation of Several Recommendation Systems 

In this section, we compare some recommendation systems proposed by several researchers in 
order to better evaluate the effectiveness and robustness of different algorithms. First we split the data 
set into train set and test set [21] with ratio of 4:1, and on this basis, we calculate the accuracy and 
recall rate. When cluster center K has different values, the sentiment analysis-based recommendation 
system will have different effects. The results of three recommendation algorithms are shown in 
Tab.1. 

Table 1 Experiment result of three recommendation algorithms 

Algorithm 
Value of 

K 

Correct 
recommended 

quantity 
Total number

Accuracy 
rate% 

Recall 
rate% 

F1% 

Item-based / 1076 1796 59.90 11.96 20.27 
User-based / 1103 1885 58.52 12.26 19.93 

Sentiment 
analysis-based 

10 1009 1964 51.34 11.21 18.38 
20 1082 1913 56.64 12.03 19.85 
30 1122 1850 60.61 12.47 20.67 
50 1110 1902 58.28 12.31 20.33 

100 1032 1922 53.55 11.45 18.87 
200 983 1838 53.45 10.93 18.11 

 
Where the computational formula of are as follows: 
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The results shown in table 1, we can figure out that sentiment analysis-based recommendation 
algorithm has higher accuracy rate, recall rate and F1 with 30K   than other algorithms. 

From figure 2, we can figure out that, with the increasing of value K, the performance of sentiment 
analysis-based algorithm is first improved and then decreased. When 30K  , this algorithm can 
obtain the best performance. 

 
Fig. 2. Results comparison of performance indicators of the recommendation algorithm based on 

emotional tendency analysis with different values of K: blue: accuracy rate; red: recall rate; green: 
value of F1 
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