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Abstract 

This paper has improved the accuracy of recommendation by an improved 

collaborative filtering algorithm based on conventional computing method. By 

considering the preferences of different user and the similarity of their respective 

preferences, it proposed a similarity formula based on logarithm. Experimental results 

show that compared to traditional collaborative filtering algorithms, the new 

recommendation algorithm dramatically increased the recommendation accuracy, with 

better personalized recommendation effect. 
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1. Introduction 

Collaborative filtering algorithm is a recommendation technique which is used the 

most widely. It can deal with most recommendation issues. [1-2] It digs fully rating 

information of known users. With correlative connection between users, it predicts the 

association between user and new objects [3]. However with extensive and in-depth 

application of the algorithm, people pose higher requirements. The recommendation 

algorithm based on collaborative filtering comes up with some problems. We take a 

common dataset MOVIELENS [4] for example. It is a data set of user rating about 

movies. Users can evaluate any movie as per their fondness and mark 1-5points, where 1 

point means user dislikes a movie very much; 5 points means great love of a movie. We 

chose 1000 users and 2450 movies, which is named M dataset. We use it to exemplify 

what inherent shortcomings with the collaborative filtering algorithm [5-6].   

(1) Data sparseness  

The application scale of recommendation system becomes bigger and bigger and thus 

stored data are more and more massive. On the regard, the collaborative filtering 

algorithm is challenged by less and less efficiency. When the volumes of users and 

objects waiting for recommendation become enormous, the increasing high-dimension 

space and too sparse matrix will disable the collaborative filtering recommendation 

algorithm [7]. Due to degraded efficiency, here comes the problem that whether the 

algorithm can provide online real-time processing recommendation and meet the 

requirement of in-time recommendation especially of some network information in 

practical application.   

(2) Cold boot of the recommendation system  

This problem appears when either new user or new object joins. The recommendation 

algorithm based on collaborative filtering utilizes known user rating information, without 

consideration of addition of new users. If a new one wants to get recommendation object 

with the system, there is at least one piece of relative object rating information. Since the 

recommendation algorithm offers recommendation and prediction with reference to user’s 

historical information, a new user who has no information stored there can’t get any 
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recommendation [8-9]. In the M dataset, the mining recommendation based on system 

filtering can make full use of existing 900 user’s evaluation data. If a new user joins, it 

does not have any relative information regarding known movies. Hence, it’s not possible 

for it to use the recommendation [10].  

(3) Problem of non-hot object recommendation 

The problem of non-hot object recommendation is a common trouble to all 

recommendation systems. Take dataset M for instance. Of 2450 movies, there’re hot and 

unpopular movies. Movies loved by most audiences are marked with higher scores; while 

unpopular movies are scored lowly. For unpopular movies, they’re recommended less 

possibly because of low ratings. Currently no matter which recommendation algorithm is 

adopted, it’s not possible to deal well with the problem of individualized needs of 

minorities [11].   

To address shortages listed above, we propose an improved similarity calculation 

formula (ISCF) to enhance the recommendation effect of collaborative filtering 

recommendation algorithm.  

 

2. Description of Improved Collaborative Filtering Algorithm  
 

2.1. Introduction of Bipartite Network 

In a recommendation system, user, object and the link between them can be utilized to 

construct a relation network, which is bipartite network. The bipartite network can be 

looked as a special network structure in network model. It can be expressed as a 

graph ( , , )G u o e , which contains vertex 1 2{ , ,..., }mU u u u  formed by users, vertex 

1 2{ , ,..., }nO o o o  formed by objects, and edge { ,: , }ijE e u U o O    which is linked 

up. Any user and object form the pair u-o. Whether the link ije  exists depends on user 

rating of the recommendation system. In such a system, if a user’s scoring of object is not 

less than 3, it’s thought that a link exists between user iu  and object jo . There is bipartite 

network formed by user and object and connected relation between them. It is shown in 

Figure 1. 

 

Figure 1. Bipartite Network of User-Object Formation 

Based on the connected relation between user and object, network can be mapped to 

matrix. In another words, if 1 means connection and 0 means non-connection, network 

topology in the above picture can be mapped to a matrix composed of element 0.1.   

Matrix M is as follows  
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1 0 1 0

0 1 1

1 0 0 1

M

   
 

   
 
    

 

The matrix M reflects relationship in the bipartite network, where line of matrix means 

user; column of matrix means object. The objective of recommendation algorithm is to 

“assume” whether a user loves one object, which implies whether the object is connected 

in a bipartite network.  

 

2.2. Traditional Similarity Calculation Formula 

We list hereunder some similarity calculation formulae which are currently widely 

applied. In them, ( )C x  and ( )C y  refer to respectively two users in bipartite network; c 

and d are object collections of user x and y in linked network; ( )k x  and ( )k y  represent 

the connectivity value of user x and y in the network. Hence, the similarity formula is put 

as:  

1CN (Common neighbors) Similarity calculation formula: 

( , ) | ( ) ( ) |CNSim x y C x C y                                                                                            (1) 

CN formula is a fundamental equation to calculate similarity, with extensive 

application. Its idea derived from the simplest principle: if two users have more objects 

which are jointly connected, then they’re more similar.  

2 Cosine similarity calculation formula 

sin

| ( ) ( ) |
( , )

( ) ( )
Co e

C x C y
Sim x y

k x k y



                                                                                     (2) 

Cosine similarity is the most widely used method for calculating similarity. In some 

foreign literatures, it is renamed Salton similarity formula.  

3. Jaccard Cosine similarity calculation formula 

Jaccard is a well-known similarity calculation method, used to measure the similarity 

between two collections. In recommendation system, the similarity between two uses can 

be obtained as per their respectively chosen object collections. The size of user similarity 

is in direct proportion to the number of their selected objects, inversely proportional to the 

total number of their chosen objects.  

| ( ) ( ) |
( , )

| ( ) ( ) |
Jaccard

C x C y
Sim x y

C x C y
                                                                                     (3) 

4 Sorensen similarity calculation formula 

Sorensen similarity calculation formula is often found in economics to measure 

similarity relation. The formula is defined as follows: 

| ( ) ( ) |
( , )

( ) ( )
Sorensen

C x C y
Sim x y

k x k y



                                                                                   (4) 

5 HP (Hub Promoted) Sorensen similarity calculation formula 

| ( ) ( ) |
( , )

min{ ( ), ( )}
HP

C x C y
Sim x y

k x k y
                                                                                       (5) 

HP similarity and HD similarity calculation formula: the only difference between them 

is denominator of formula; that is, the former uses the minimum similarity value of two 

users as denominator; while the latter regards the maximum value of their respective 
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connectivity as denominator. HD (Hub Depressed) similarity calculation formula is as 

follows: 

| ( ) ( ) |
( , )

max{ ( ), ( )}
HD

C x C y
Sim x y

k x k y
                                                                                      (6) 

6AA (Adamic-Adar Index) similarity calculation formula 

( ) ( )

1
( , )

log
AA

z C x C y z

Sim x y
k

                                                                                          (7) 

7 RA (Resource Allocation Model) similarity calculation formula 

The RA method is similar to that of the AA method, where we use comparison, 

which is defined as follows: 

( ) ( )

1
( , )RA

z C x C y z

Sim x y
k

                                                                                                          

(8) 

2.3. Improved Similarity Calculation Formula 

On the basis of common similarity formula, we improved its calculation method and 

proposed one based on logarithms. With the data of two users’ loved objects, we can 

calculate their similarity, not only considering their fondness and also attaching 

importance to the influence of their respective preferences on similarity calculation. Thus, 

we have the following similarity calculation formula:  

| ( ) ( ) | log ( , )
( , )

( , ) ( ) ( )

rC x C y L x y
Sim x y

x y k x k y
 

 
                                                                     (9) 

 

3. Experiment Design and Discussion 
 

3.1. Testing Dataset and Evaluation Standard  

Here we used famous MOVIELENS as testing dataset. MOVIELENS were created by 

project team GROUPLENS of Computer Science and Engineering College of University 

of Minnesota, USA. Managed by the university as well, it is a non-commercial and totally 

open project. GROUPLENS can be downloaded from official website. MOVIELENS 

collected a great deal of movie data and tremendous user feedback data. The dataset uses 

5-point rating system. Each user rated at least 20 movies. If one user’s rating of one 

movie is not less than 3 points, it’s thought the user likes it; otherwise, the user dislikes it. 

We use like and dislike as the basis to judge whether there’s connection between user and 

movie. Assume user linked up with movie based on the condition whether a user loves it. 

Then, user, movie and connecting line constitute a bipartite network, which includes 1000 

users, 2568 movies and 90000 connected relations.  

From dataset MOVIELENS, we choose randomly 10 groups of data as testing data; 

each group of data is divided into training set (80%) and testing set(20%) by certain 

proportion. Table 1 shows the statistics of this group of data: 
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Table 1. Statistical Information of Ten Groups of Test Data 

Data group 

 

User number 

 

Movie number 

 

Connection 

number 

 

Sparse degree(%) 

 

1 342 1566 38977 6.43 

2 188 1678 15688 7.09 

3 267 1478 29033 6.06 

4 168 1256 10955 5.67 

5 340 1768 26900 5.47 

6 400 1666 35889 5.78 

7 367 1677 32776 5.98 

8 287 1589 24577 5.98 

9 195 1531 15781 5.99 

10 220 1519 18156 5.78 

The network Sparse is defined as follows: 

100%
link

Sparsity
users objects

 


                                                                              (10) 

According to the calculation, the average sparse degree of the whole data set is 5.94% 

 

1. Recommendation Precision 

Given that the accuracy of recommendation differs for different users, to measure the 

accuracy of any recommendation algorithm, we often use average accuracy as the 

evaluation approach of recommendation effect, as defined as follows:  

11

m

i

i

d

P
m L

 


                                                                                                                 (11) 

 

2. Recommendation Recall Rate 

Same as the accuracy, the recall rate of recommendation varies with different users. 

Hence we utilize the average recall rate of all users as that of the recommendation system. 

Its definition is as follows: 

1

1 m
i

i i

d
R i

m N

                                                                                                                (12) 

3. Recommendation Diversity 

The diversity of recommendation algorithm is one of standards for evaluating good or 

bad recommendation effect. Users generally need individualized recommendations. The 

higher the diversity is, the more individualized the recommendation to a user becomes. 

Here intra-user diversity is used as the standard of appraising recommendation.  

Firstly, it needs to calculate the similarity of two objects in bipartite network;  

1

.m
ui uj

ij

u i j

a a
S

k k




                                                                                                             (13) 

According to the formula, you can get the user's internal diversity. Its definition is as 

follows: 
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1
. (1 )

( 1)
user ij

i j

D S
L L 

 


                                                                                            (14) 

Then the diversity value of the recommendation system can be obtained;  

1

1
( )

m

average user user

user

D D D
m 

                                                                                           (15) 

The value shows the diversified effects of individualized recommendation. The bigger 

the value D is, the bigger difference can result to user in the recommendation system and 

the more personalized the recommendation will be.  

 

3.2. Experimental Results 

 

1. Determination of Parametric Values in Similarity Formula 

To determine parameter   in similarity formula9, we designed one method. By testing 

the recommendation effect to which different   values relate, the best   value is chosen 

to use in the formula.  

Use ISCF to do testing with 10 groups of testing data; it’s probably to get the changing 

curve of the relationship between different , it is shown in figure2. And recommendation 

accuracy; also the change situation of system recall rate is tested in the case of different   

values. It is shown in Figure 3. During testing, give recommendation list length L=10; 

separate dataset to testing set and training set by the proportion of 9:1.  

Figure 2, displays the change situation of recommendation effect in different  . From 

it, we note when  =3, the recommendation system realizes the highest accuracy rate; 

when  =3, the system achieves the highest recall rate. Testing results show that when 

 =3 in the Figure 3, the recommendation system can produce the optimal 

recommendation effect. So the   value of the formula 9 can be determined as 3. 

 

Figure 2. The Change Curve of the Accuracy of the Recommendation of 
Different   
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Figure 3. The Change Curve of the Recommended Recall Rate of Different   

2. Comparison of Different Similarity Calculation Formulae 

On this part, we compare different formulae of similarity calculation. By the proportion 

of 9:1, dataset is divided to training set and testing set, with recommendation list length 

L=10. Then, ISCF model is compared with another nine popular peer models. It is shown 

in table2. 

From comparative results in Table 2, we can find that ISCF model realizes better 

recommendation effect. If only accuracy is compared, ISCF model has the highest 

accuracy rate, higher by 6.5% than HD model which ranks the second. If only recall ratio 

is compared, ISCF model again gains the highest rate of all 10 models, higher by 3.4% 

than HD model on the second ranking. For the testing of diversity, ISCF model performs 

better as well, with value living up to 57.2%.  

Table 2. Comparison of the Effect of Different Similarity Models 

 Precision (%) Recall (%) Diversity (%) 

CN 10.4 9.8 43.2 

Cosine 12.2 14.8 51.3 

Jaccard 12.6 15.9 52.5 

Sorensen 12.1 15.3 46.4 

HP 11.6 10.8 52.7 

HD 12.5 17.0 55.8 

ISCF model 15.6 19.6 57.2 

 

Next we choose some typical models to test the recommendation effect when 

recommendation list length is of different value. It is shown in Table 3. 

Table 3. Comparison of Recommended Results with Different 
Recommendation List Length 

 Recommended 

list length 

CN Cosine Jaccard ISCF 

Precision (%) L=5 14.6 15.3 16.8 16.3 

L=10 11.3 13.4 13.4 14.8 

L=20 8.34 9.76 11.2 11.54 

L=50 5.56 7.53 7.41 8.23 

Diversity (%) L=5 40.9 45.7 48.9 48.9 

L=10 43.1 51.5 52.1 58.7 
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L=20 47.6 52.6 56.3 63.2 

L=50 53.6 54.3 58.3 70.1 

 

It’s easily noted from Table 3, that no matter which model it’s, when the length L 

increases, the accuracy rate of any model decreases. The finding suggests that to get better 

recommendation effect, it’s necessary to cut down the length of recommendation list, 

because too long list would include irrelevant objects in the list. However, opposite to the 

precision rate, in the Table 3, diversity of recommendation increases along with length. 

That means the longer the recommendation length is, the more different recommendation 

object a user will get.  

 

3. Discussion about Similarity Threshold  

In the above passages, threshold value is mean value of similarity. If the size of that 

value changes, the final recommendation effect varies as well. Suppose we examine a user 

i. Choose from similarity matrix S the line to which user i belongs, then it’s possible to 

sort order of other users in the non-ascending order.  

1 2[ , ,..., ]i i i imR r r r                                                                                                           (16) 

Then a factor   is introduced to exclude objects after m  in the order from being 

recommended. Therefore, a new similarity matrix is acquired.  

0 otherwise

ij ijS when r m
S

   
 


                                                                                           (17) 

For different   (equal to similarity threshold value), based on average value of data, 

the variations of recommendation accuracy rate and diversity can be accordingly 

portrayed. It is shown in Figure 4-5. 

It can be seen from Figure 4. The precision of recommendation system enhances with 

increasing threshold. Of several classic models, ISCF model realized the best accuracy 

rate of recommendation. It can be seen from Figure 5. The diversity of recommendation 

system reduced with growing threshold. Of those models, ISCF model realized the best 

recommendation diversity.  

Experimental results demonstrate that ISCF model performs comparatively better than 

other typical models in terms of recommendation accuracy rate and diversity.  
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Figure 4. Effect of Different Similarity Threshold on the Accuracy of 
Recommendation 

 

Figure 5. Effect of Different Similarity Threshold Values on the 
Recommended Diversity 

 

4. Conclusion 

In this paper, the similarity formula is improved based on the traditional similarity 

formula. The formula is inspired by the following ideas: to calculate the similarity 

between the two users, not only to consider the part of the common preferences, but also 

pay attention to their own preferences for the similarity calculation.  

And then improve the calculation method, and put forward a kind of similarity 

calculation formula based on logarithm. 
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Finally, through the test of MOVIELENS data set, we can learn that the collaborative 

filtering algorithm based on ISCF formula is better than the traditional filtering algorithm. 
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