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Abstract: To make the library capable of the needs of the vast users of different 

hobbies and the demand for intelligent recommendation, we propose an intelligent 

recommendation algorithm based on a feature fusion model based on previous works 

in this paper. The algorithm combines item collaborative filtering and non-negative 

matrix decomposition to obtain a new fusion recommendation model, which not only 

has higher push accuracy than the fused single-model recommendation algorithm, but 

also has better interpretability than the single-model algorithm. Based on the above 

algorithm, our actual intelligent book recommendation system is constructed, which 

realizes an effective combination of the functionality and accuracy of the 

recommendation system. First of all, this system will collect historical rating data of 

readers and users, such as user rating data and book data are used as input data sets 

to obtain recommendation result set through the calculation result of feature fusion 

model recommendation, and then we will write the recommendation result set into 

our database to allow the recommendation system to serve the users. Through this 

system, readers and users can obtain relevant intelligent recommendation services 

according to their borrowing characteristics in the using process. 

 

Keywords: System design, recommendation system design, recommendation 

algorithm, collaborative filtering model, potential factor recommendation algorithm, 

non-negative matrix factorization model. 

 

1. Introduction 

With the rapid growth of computer science and technology, intelligent 

recommendation system has become a popular technology in Internet applications. 
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The popularity of recommendation systems is due to the rapid growth of the Internet. 

With the rapid growth of the number of Internet users, it has become easier for people 

to receive information, and the requirement for information quality has become higher. 

People do not want to see information that they are not interested in and hope that 

what they get from the Internet is what they are interested in or need. This increasing 

demand has brought about extensive application of the recommendation systems. 

The intelligent book recommendation system is the inevitable product of the rapid 

development of information technology. To enable the library to meet the mass of 

users’ different preferences and needs for personalized recommendations, this paper 

proposes an intelligence recommendation algorithm based on a feature fusion model 

based on the predecessor's study. This recommendation algorithm blends the item 

collaborative filtering model [1] and latent factor model [2] to obtain a new fusion 

recommendation model. The experimental results show that this recommendation 

algorithm not only obtains a higher push accuracy than single-mode recommendation 

algorithms but also has  better interpretability than single-model recommendation 

algorithms. The practical intelligent book recommendation system which is 

constructed based on this algorithm achieves the effective combination of functionality 

and accuracy of one recommendation system. Without affecting the response speed 

of the server by separating the calculation process and the server, this system achieves 

fast and intelligent recommendations, thus meeting the needs of obtaining the users’ 

preferences according to their borrowing characteristics and recommending require 

book information in the process reader users use. 

 

2. Construction of Intelligent Recommendation Algorithm Based on 

Feature Fusion Model 

2.1 Fusion Recommendation Model Design 

The fusion recommendation model in this paper is constructed based on improved 

item collaborative filtering and non-negative matrix factorization. We optimized the 

calculation process of the similarity threshold between homogeneous and non-

homogeneous items based on the collaborative filtering model and blended and 

balanced [3] the improved item collaborative filtering model and non-negative matrix 

factorization to obtain a novel fusion recommendation model. 

2.1.1 Optimizing Item Collaborative Filtering Model 

In the item collaborative filtering, a collective is mainly based on items. So it is 

essential to calculate the similarity between items. The ratings composed of different 

users for the same book are needed to be zero-centered, which means that the rating 

of each item is subtracted from the average rating of such items to obtain a mean-

centered matrix [4], as Formula 1: 
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 𝑠𝑢𝑗=𝑟𝑢𝑗 − 𝜌𝑢∀u ∊ {1 … 𝑚} (1) 

 

In this way the ratings are mean-centered, and the purpose of this centralized is to 

optimize the result of the cosine calculation. 

 

Once let 𝑢𝑖 denote the set of users who have rated item 𝑖. For example, if the 1st, 5th, 

and 7th users’ ratings for item 𝑖 have been known, then 𝑢𝑖 = {1, 5, 7}. So, the cosine 

similarity [5] can be defined as Formula 2: 

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝐶𝑜𝑠𝑖𝑛𝑒(𝑖, 𝑗) =
∑ 𝑠𝑢𝑖∗𝑠𝑢𝑗𝑢∈𝑈𝑖∩𝑈𝑗

√∑ 𝑠𝑢𝑖
2

𝑢∈𝑈𝑖∩𝑈𝑗
.√∑ 𝑠𝑢𝑗

2
𝑢∈𝑈𝑖∩𝑈𝑗

 (2) 

 

After calculating the similarity values between items, the next step is to start the 

calculation of predicting ratings. 

Suppose it is necessary to determine the rating of book t for user u. The first step is 

to determine the most similar k books to book t by the adjusted cosine similarity as 

mentioned before. The weighted mean value [6] of these original ratings is the 

prediction result. The adjusted cosine similarity of book j and the target book t is the 

weight. 

Thus, the predicting rating of users 𝑢 for the target book 𝑡 is measured as in Formula 

3: 

 r =
∑ 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝐶𝑜𝑠𝑖𝑛𝑒(𝑗,𝑡)𝑅𝑢𝑗𝑗∈𝑄𝑡(𝑢)

∑ |𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝐶𝑜𝑠𝑖𝑛𝑒(𝑗,𝑡)|𝑗∈𝑄𝑡(𝑢)
 (3) 

 

Therefore, the traditional process of item collaboration filtering diagram is: firstly, the 

target matrix should be mean-centered, then the similarity is calculated,  ratings will 

be predicted finally. As shown in Figure 1: 

 

One parameter called similarity threshold value should be determined in the process 

of converting the similarity matrix to the rating matrix, where the threshold value 𝑙 

determines the predicting rating of book 𝑡 according to the number of the other book 

𝑘. When 𝑙 is getting lower, it indicates that the lower limit of similarity is decreasing, 

Target matrix 

Mean-centered Matrix 

Similarity matrix 

Rating matrix 

Formula 1 

Formula 2 

Formula 3 

Fig.1 Item Collaborative 
Filtering Diagram 
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and the correlation of the results is weaker. When 𝑙 is higher, it means that the lower 

limit of similarity is increasing, and the correlation of the results is stronger. 

But in some cases, it is essential to properly reduced 𝑙 to get better results, and the 

lower limit of similarity for similar items from different classes should be reduced 

appropriately. In other cases, 𝑙  needs to be increased properly, for example, the 

similarity threshold for similar items from the same kind should be increased 

appropriately. So, this process of determining 𝑙  directly affects the result of the 

recommendation. 

Assuming that item 𝐴𝑑𝑖  denotes the set of similarities between item 𝑖  and other 

scored similar items, the calculation rule of 𝑙1 is as Formula 4: 

𝑙1 =
∑ 𝑎𝑑(𝑖,𝑗)

𝑛
𝑗=1

𝑛
 (4) 

 

If 𝑙2 is greater than 𝜕, then 𝑙2 = 𝜕. Assuming that the item 𝐴𝑑𝑖 denotes the similarity 

set of heterogeneous item and item 𝑖, then the calculation rule of 𝑙2 is as Formula 5: 

 𝑙2 =
∑ 𝑎𝑑(𝑖,𝑗)

𝑛
𝑗=1

𝑛
 (5) 

 

If 𝑙2 is greater than 𝜕, then 𝑙2 = 𝜕. Where 𝜕 is a dynamic adjustment parameter, the 

algorithm will dynamically adjust it according to the specific performance. 

 

Then the matrices of homogeneous and heterogeneous rating prediction matrices will 

be fused. Assuming that the homogeneous predicting rating is 𝑠𝑐𝑜𝑟𝑒1  and the 

heterogeneous predicting rating is 𝑠𝑐𝑜𝑟𝑒2. The fusion formula is as follows: 

 𝑟 = 𝜕𝑠𝑐𝑜𝑟𝑒1 + (1 − 𝜕) 𝑠𝑐𝑜𝑟𝑒2 (6) 

 

The flowchart of the improved item-based collaborative filtering algorithm is shown in 

Figure 2: 

Non-negative matrix factorization (NMF) applies to non-negative rating matrices [7]. 

The main advantage of this approach lies in understanding the high degree of 

interpretation [8] provided in user-item interaction. The main difference with other 

factorization forms is that the factor 𝑢 and factor 𝑣 must be non-negative. Therefore, 

the optimization formula for the non-negative matrix factorization is as in Formula 7: 

 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐽 =
1

2
||𝑅 − 𝑈𝑉𝑇||2meet:𝑈 ≥ 0，𝑉 ≥ 0 (7) 

 

The non-negative matrix factorization can be used for any non-negative rating matrix, 

and the advantage of greatest interpretability arises in recommendation algorithms 

that have mechanisms to make users express their degree of like, but not their degree 

of dislike. 
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2.1.2 The Non-negative Matrix Factorization 

Such matrices are in a certain situation where they are one-dimensional rating 

matrices or use matrices’ non-negative to denote operating frequency. These datasets 

are also called implicit feedback datasets [9], and examples are given below for 

understanding: 

Consider, for example, users’ rating datasets, where the value indicates the value of 

users’ rating. In this case, it is reasonable to set the value to 0 when the item is not 

rated by users. Thus, in this case, non-negative matrix factorization can be performed 

only when the matrix is completely known, and a large body of work has shown that 

treating the missing values as 0 during modeling can lead to reasonably roust solutions 

[10], especially when the prior probability [11] of zero points is very large.  

The following describes how to perform non-negative matrix factorization. 

We iteratively update the matrices 𝑢 and 𝑣. Let 𝑢𝑖𝑗 and 𝑣𝑖𝑗 respectively denote the 

corresponding values of (𝑖, 𝑗) for matrices 𝑢 and 𝑣, and use the following multiplicative 

update rules of 𝑢𝑖𝑗 and 𝑣𝑖𝑗: 

 𝑢𝑖𝑗

 
⇐

(𝑅𝑉)𝑖𝑗𝑢𝑖𝑗

(𝑈𝑉𝑇𝑉)𝑖𝑗+∈
∀ 𝑖 ∈ {1 … 𝑚}, ∀ 𝑗 ∈ {1 … 𝑘} (8) 

Target matrix 

Mean-centered 

matrix 

Formula 1 

Similarity matrix 

Homogeneous 

rating matrix 

Formula 2 

Homogeneous 
similarity matrix 

Heterogeneous 
similarity matrix 

Heterogeneous 

rating matrix 

Comprehensive rating matrix 

Formula 3 Formula 3 Formula 4 Formula 5 

Formula 6 

Fig.2 The Better Item Collaborative 

Filtering Diagram 
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 𝑢𝑖𝑗

 
⇐

(𝑅𝑉)𝑖𝑗𝑢𝑖𝑗

(𝑈𝑉𝑇𝑉)𝑖𝑗+∈
∀ 𝑖 ∈ {1 … 𝑚}, ∀ 𝑗 ∈ {1 … 𝑘} (9) 

To improve numerical stability, ∈ is set as a small value such as 10−9. All entries in 𝑢 

and 𝑣 on the right-hand side of the update equation are fixed to the values obtained 

at end of the previous iteration. In other words, all entries in 𝑢 and 𝑣 are updated as 

to any rating changes.  

Sometimes smaller values are added to the denominator of the update equations to 

prevent the problem of the denominator being 0. The entries in 𝑢 and 𝑣 are initialized 

to random values in (0, 1), and iterations are performed until convergence. 

The main advantage of non-negative matrix factorization is the high degree of 

interpretability. It’s very useful to pair a recommendation system with a relevant 

interpretation, which can be provided by a non-negative matrix. To better understand 

this point, we consider the case of a preference matrix containing the numerical values 

of items rated by users. A 6 × 6 matrix 𝑅 with 6 items and 6 users is as follows: 

 

 

 

History and love belong to two separate categories. Although all customers appear to 

have evaluated item 4, customers’ evaluation behavior is still highly correlated based 

on item categories. The items in these categories denotes as characteristics. The 

corresponding factor matrix also provides an explicit interpretation of the affinity of 

users and items for these characteristics. 

Users 1~4 like the history category, while customers 4~6 like the love category, and 

these are clearly reflected in the 6 × 2 user factor matrix 𝑢. The ratings entered by 

users in each of the two columns quantify their affinity for the relevant feature. 

Suppose that a set of rated items by users for a category is 𝑀, and the length is 𝑁, 

then the affinity of this user for this category is: 
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 𝑙𝑖𝑘𝑒 =
∑ 𝑀𝑖

𝑛
𝑖=1 −𝑚𝑎𝑥(𝑀)−min (𝑀)

𝑛−2
 (10) 

 

We remove the highest and lowest scores and take the average [12] of the remaining 

scores as the users’ affinity for the category. 

Similarly, the factor matrix 𝑉  represents how the items are related to each 

characteristic, so in this case, the condition is:  

 𝑟𝑖𝑗 ≈ ∑ 𝑢𝑖𝑠.𝑘
𝑠=1 𝑣𝑗𝑠 (11) 

A semantic interpretation can be given on the basis of the properties of 𝑘 = 2:  

𝑟𝑖𝑗 ≈ (𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝑏𝑦 𝑢𝑠𝑒𝑟 𝑖 𝑓𝑜𝑟 𝑑𝑎𝑖𝑟𝑦 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠)

× (𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝑏𝑦 𝑢𝑠𝑒𝑟 𝑗 𝑓𝑜𝑟 𝑑𝑎𝑖𝑟𝑦 𝑝𝑟𝑜𝑑𝑢𝑡𝑠)

+ (𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝑏𝑦 𝑢𝑠𝑒𝑟 𝑖 𝑓𝑜𝑟 𝑏𝑒𝑣𝑒𝑟𝑎𝑔𝑒𝑠)

× (𝑎𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝑏𝑦 𝑢𝑠𝑒𝑟 𝑗 𝑓𝑜𝑟 𝑏𝑒𝑣𝑒𝑟𝑎𝑔𝑒𝑠) 

 

The “partial sum” decomposition can be mathematically expressed as follows: by 

representing the k columns matrix product of 𝑢�̅� and 𝑣�̅�, the k-rank matrix 𝑈𝑉𝑇 can be 

decomposed into k components: 

 𝑈𝑉𝑇 = ∑ 𝑈�̅�
𝑘
𝑖=1 𝑉�̅�

𝑇
 (12) 

 

Each 𝑚 × 𝑛 matrix 𝑈�̅�  𝑉�̅�
𝑇
 is a 1-rank matrix corresponding to the data characteristics. 

Due to the interpretability of non-negative factorization, it’s easy to map these aspects 

to clusters. According to Formula 12, we can calculate the rating prediction matrix 

after the non-negative matrix factorization, thus achieving the recommendation effect. 

The non-negative matrix factorization process is shown in Figure 3: 

 

 

2.2 The Construction of the Fusion Recommendation Model in this paper 

The computational methods of the item-based collaborative filtering recommendation 

model and non-negative matrix factorization recommendation model were introduced 

in 2.1, and the fusion recommendation model in this paper is based on the fusion of 

these two models. 

Target matrix 

Matrix Completion 

Matrix factorization 

Matrix calculation 

Fig.3 The non-negative matrix factorization flow 

chart 
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The steps are as follows: first, item collaborative filtering and non-negative matrix 

factorization are calculated separately for the same target matrix, and then the 

following Formula 11 is applied for rating prediction: 

 𝑟𝑖𝑗 = 𝛼 ∑ 𝑢𝑖𝑠 .𝑘
𝑠=1 𝑣𝑗𝑠 + β

∑ 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝐶𝑜𝑠𝑖𝑛𝑒(𝑗,𝑡)𝑅𝑢𝑗𝑗∈𝑄𝑡(𝑢)

∑ |𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝐶𝑜𝑠𝑖𝑛𝑒(𝑗,𝑡)|𝑗∈𝑄𝑡(𝑢)
 (13) 

 

 

𝛼 and 𝛽 are the balance factors controlling these two models, and 𝛼 + 𝛽 = 1 can be 

adjusted to optimize the model, we use this rating result as the final scoring result of 

the fusion recommendation model for recommendation finally. The magnitude of the 

value of 𝛼 and 𝛽 indicates the weights in this mixture model. When 𝛼 is greater than 

𝛽 , it means this feature fusion model is a model based on potential factor 

recommendation and supplemented by item collaborative filtering. When 𝛼 is smaller 

than 𝛽, it means this feature fusion model is based on item collaborative filtering and 

supplemented by potential factor recommendation. When 𝛼 and 𝛽 are equal, it means 

that this feature fusion model is the average fusion model with potential factor 

recommendation and item collaborative filtering. 

The values of 𝛼 and 𝛽 can be controlled according to the characteristics of the actual 

scene to achieve the fusion recommendation model which is most suitable for the 

actual scene. The algorithm flow of feature fusion model construction is shown in 

Data reading 

Feature analysis 

Matrix generation 

Item collaborative 

Filtering recommendation 

Non-negative matrix 

factorization 

Hybrid model calculation 

Data restoration 

Data output 

Fig.4 Feature fusion model flow 
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Figure 4: 

 

3. Intelligent Book Recommendation System based on Feature Fusion 

Model 

3.1 System framework 

The intelligent book recommendation system based on the feature fusion model is 

divided into two major parts: offline calculation and online recommendation. The 

reason for this approach is that it takes plenty of time to run the feature fusion model 

recommendation algorithm with massive amounts of data. If the off-line calculation is 

nested in nested in the online recommendation, it will lead to a long response time on 

the server side, and thus affect the users’ experience. Therefore, we adopt the method 

of separating the off-line calculation and online recommendation in the upper layer of 

the database to reduce the coupling between the off-line calculation and online 

recommendation to make an efficient recommendation without affecting the users’ 

experience. The system framework is shown in Figure 5: 

 

 

Off-line calculation Online recommendation 

Data preparation 

Database 

Data reading 

Data cleaning and 

conversion 

Data calculation 

Characteristics analysis 

Matrix generation 

Hybrid model 

calculation 

Data reduction 

Output 

Visual user interaction 

Recommendation 
data sending 

 

Dynamic 
recommendation 
processing 

Recommendation 
data processing 

Recommendation 
data reading 

Database 

Front-end interactive 

Back-end 

processing 

Data 
collect 

Fig.5 Recommended system 
architecture diagram 



Volume 9 Issue 5 2022 
 

   99 

 

4. Experimental Verification 

4.1 Algorithm Experimental Verification 

After building the algorithm according to Chapter 2, using Python 3.6 TensorFlow 1.1.2, 

we use the data collected by the book system built in this paper as input: 

 

 

Fig.6 Part of the book data display diagram 

 

 

Fig.7 Part of the user rating chart 

 

Then, the results can be obtained through the feature fusion model recommendation 

algorithm calculation in this paper, and some data are as follows: 

 

 

Fig.8 Algorithm recommendation result graph 

 

The above results verify the feasibility of the fusion recommendation algorithm in this 

paper. And the correctness of the algorithm is verified by analyzing the borrowing 

characteristics and the recommendation information of users. 

4.2 Algorithm System Integration Verification 

The algorithm of this paper is integrated into the application system designed in this 

paper, and the results obtained are shown in Figure 9. 
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Fig.9 Effect display drawing 

 

From the effect of Figure 9, the intelligent book recommendation system based on the 

feature fusion model designed and built in this paper can operate correctly. 

4.3 Recommended effect analysis 

According to the above, in terms of the fusion recommendation algorithm and 

application system, the above validation results achieve combined effect under the 

fusion recommendation and book recommendation system. A large number of studies 

have proved that the feature fusion model computes more correct results compared 

to the single model because the feature fusion model takes into account several 

different dimensions of recommendations. According to the characteristics of the 

recommendation system, using as many dimensional characteristics as possible will 

improve the accuracy of the recommendation, when the dimensionality of the input 

information is certain. 

In this paper, we use a fusion recommendation of two features, the item similarity 

dimension and the category dimension of the item, and the results in the semantic 

aspect are more explanatory and accurate compared to the single model. 

In order to verify the accuracy of the system in this paper, we randomly selected some 

data from the Amazon dataset for experimental comparison. The comparison statistics 

of recommendation loss rate between the feature fusion model in this paper and the 

traditional item-based collaborative filtering are shown in Table 1, and the comparison 

statistics of non-negative matrix decomposition are shown in Table 2. 

From the results in Table 1, the result is that the accuracy of the feature fusion model 

in this paper is improved more than that of the item collaborative filtering. The main 

reason is that the feature fusion model not only adopts the improved item collaborative 

filtering but also incorporates the non-negative matrix factorization. From Table 2, we 

can find that the non-negative matrix factorization is better than the item collaborative 

filtering. 

Table 1 RMSE Experimental Comparison Table 

Algorithm 1st 2st 3st Average 

Item collaborative 
filtering 

 
0.9164 

 
0.9274 

 
0.9024 

 
0.9154 
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Model in this paper 
0.7335 0.7935 0.7635 0.7635 

Advance 20% 14.4% 15.4% 16.6% 

 

Table 2 RMSE Experimental Comparison Table 

Algorithm 1st 2st 3st Average 

Non-negative matrix 
 

0.8335 
 

0.8574 
 

0.8483 
 

0.8464 

Model in this paper 0.7335 0.7935 0.7635 0.7635 

Advance 12% 7.5% 10% 10% 

 

From the results in Table 1, the result is that the accuracy of the feature fusion model 

in this paper is improved more than that of the item collaborative filtering. The main 

reason is that the feature fusion model not only adopts the improved item collaborative 

filtering but also incorporates the non-negative matrix factorization. From Table 2, we 

can find that the non-negative matrix factorization is better than the item collaborative 

filtering. 

From the perspective of recommendation tendency, the item collaborative filtering and 

non-negative matrix factorization in the feature fusion model form a complementary 

relationship to a certain extent. The focus of item-based collaborative filtering is on 

the calculation of similarity between items, while the focus of non-negative matrix 

factorization is on the calculation of affinity between users and categories and the 

calculation of affinity between items and categories. The feature fusion model 

combines them and considers three dimensions for user recommendation, items, 

categories, and users separately, so the accuracy of the feature fusion model is 

improved compared to both of them. 

 

5. Conclusion 

The characteristics of the book recommendation system in this paper can be 

summarized in three points. First, it realizes the combination of the application system 

and the recommendation algorithm system, and the accuracy of the algorithm system 

can be counted and improved at any time. Second, it can still maintain good 

performance in the big data environment, and the time-consuming calculation of the 

algorithm system will not affect the application system, because the application system 

and algorithm system in the framework design of the system is parallel relationship. 

Third, the algorithm model is more explanatory, and the algorithm model used in this 

system can be projected and verified from the mathematical view, and the results of 

the feature fusion model are also with certain accuracy. 
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However, the system of this paper needs to be optimized in some aspects, such as the 

optimization of the item-based collaborative filtering model, which has not yet found 

a reasonable method to set the similarity bounds so that it can be scope with all rating 

matrices, and the optimization of the calculation method of the users’ affinity to the 

category in the matrix factorization. The next research direction can be based on these 

two points to optimize the feature fusion model in this paper to future improve its 

accuracy. 

 

References 

[1] Sarwar B0020.Item-Based Collaborative Filtering Recommendation Algorithms[C]// Proc. 

the 10th International World Wide Web Conference (WWW10), Hong Kong, May 1-5 

(2001). 2001. 

[2] Parthasarathy S ,  Aggarwal C C . On the use of conceptual reconstruction for mining 

massively incomplete data sets[J]. IEEE Transactions on Knowledge and Data Engineering, 

2003, 15(6):1512-1521. 

[3] Hao M , Yang H ,  Lyu M R , et al. Sorec: social recommendation using probabilistic matrix 

factorization[C]// Proceedings of the 17th ACM Conference on Information and 

Knowledge Management, CIKM 2008, Napa Valley, California, USA, October 26-30, 2008. 

ACM, 2008. 

[4] Deheuvels P . A Karhunen-Loeve expansion for a mean-centered Brownian bridge[J]. 

Statistics & Probability Letters, 2007, 77(12):1190-1200. 

[5] Nguyen H V ,  Bai L . Cosine Similarity Metric Learning for Face Verification[J]. Computer 

Vision - ACCV 2010 - 10th Asian Conference on Computer Vision, Queenstown, New 

Zealand, November 8-12, 2010, Revised Selected Papers, Part II, 2010. 

[6]Weighted Mean[M]. Springer Netherlands, 2008. 

[7] Lin C . Projected Gradient Methods for Nonnegative Matrix Factorization[J]. Neural 

Computation, 2014, 19(10):2756-2779. 

[8]C Févotte,  Bertin N ,  Durrieu J L . Nonnegative Matrix Factorization with the Itakura-Saito 

Divergence: With Application to Music Analysis[J]. Neural Computation, 2009, 21(3):793. 

[9] Kelly D , Teevan J . Teevan, J.: Implicit Feedback for Inferring User Preferences: A 

Bibliography. SIGIR Forum 37(2), 18-28[J]. Acm Sigir Forum, 2003, 37(4 Pt 2):18-28. 

[10]Kitano H . Biological robustness[J]. Nature Reviews Genetics, 2004, 5(11):826-837. 

[11] Jeffreys H . An Invariant Form for the Prior Probability in Estimation Problems[J]. 

Proceedings of the Royal Society of London, 1946, 186(1007):453-461.  

[12] Kaas R ,  Buhrman J M . Mean, Median and Mode in Binomial Distributions[J]. Statistica 

Neerlandica, 2010, 34(1):13-18.  

 


