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Abstract. Faced with the problem of information overload on the Internet, recommender systems 

have been paid more and more attention. At present, many recommendation algorithms have 

been proposed. However, there are two problems in these recommendation methods which must 

be solved. Most of them are studied in a single round of recommendation, but lots of complex 

systems in reality are evolving with time. Besides, the cold-start problem has always been 

intractable in the recommender system. Therefore, in this paper, we propose two 

recommendation methods (i.e., Method I and Method II) to solve the movie cold-start problem 

for the evolving user-movie network which is comprised of users and movies, and then examine 

the recommendation performance and long-term effects of these two methods in evolving 

networks, and evaluate influence factors through the numerical simulation. The experiment 

results show that the network structure, the movie attributes and the length of the 

recommendation list affect the recommendation accuracy and its novelty. The effects of Method 

I and Method II are better than those of other recommendation methods in previous works. 

Moreover, in Method Iwe should lay more emphasis on the relation between nodes, while in 

Method II we should focus on node attributes. 

Keywords:  cold-start, evolving networks, recommendation, user-movie network 

1 Introduction 

With the rapid development of the Internet, the explosion of network resources can bring about not only 

great convenience for our daily life, but also much trouble. For example, people can do shopping or 

watch movies at home by surfing the Internet, but they will also face plenty of options for products or 

movies. Therefore, how to get what we really want from a large amount of information on network is the 

problem today we face. To solve this problem, recommender systems have emerged as information 

filtering tools, which provide users with the information they may be interested in according to the users’ 

needs and personal hobbies. To date, recommender systems have been applied to many domains [1-3].  

At present, many recommendation algorithms have been proposed. Among which collaborative 

filtering is the most successful [4-6], and it is divided into user-based collaborative filtering and item-

based collaborative filtering. Additionally, content-based recommendation has also been widely studied 
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[7-8]. Combining collaborative filtering and content-based recommendation, some scholars proposed 

hybrid recommendation [9-10]. With proposition of concept of complex network, the network-based 

recommendation method was proposed subsequently by some researchers [11-13]. Under this method, 

recommender systems are represented as a particular class of the networks, which consists of vertices and 

edges. Generally, it adopts bipartite network where there are two types of vertices: one type represents 

users, and the other type denotes items. Each edge connecting vertices in the bipartite network shows the 

interaction between a user and an item [14-15]. The above methods are applied to many specific fields, 

especially in movie recommendation [16-20]. However, in current movie recommendation research, there 

are still some problems that need to solve. Firstly, a very important problem in recommender systems is 

the cold-start problem. For the movie recommender system, new users and new movies inevitably take 

part in the system. Since they have no any historic record, they cannot be recommended successfully by 

previous method, and it affects the recommendation quality of the recommender system. In this case, 

how to provide personalized recommendation for new users, or recommend new movies to users who are 

likely to be interested in them is a crucial problem that recommendation method should solve. However, 

only a few works consider the cold-start problem [21-24]. Secondly, most of the existing studies focus 

only on the performance of the recommendation methods in a single round of recommendation, and it 

can only evaluate the short-term effects of the methods. In fact, many complex systems are evolving with 

time. When we study the performance of the recommendation method in the evolving network, we 

should assess its long-term effect. At present, there is little research to consider the evolution of the 

network [25-26].  

To solve the above two problems, it is also necessary to study the recommendation method with the 

cold-start problem in evolving networks. In this paper, we take the evolution of user-movie network as an 

example, and consider the movie cold-start problem. With it, user-movie network structure and movie 

attributes are simultaneously considered in recommendation methods proposed in this paper. On the one 

hand, we can recommend movies for each user based on the network structure, which can reflect the 

users’ historical activities. On the other hand, we can make recommendations for each user according to 

the movie attributes. Focusing on user-based similarity and item-based similarity, respectively, the two 

recommendation methods are proposed in this paper. The final recommendation score is got by 

weighting recommendation scores based on the similarity and based on movie attributes to evaluate the 

long-term effects of the two methods in the evolving network. And, the numerical simulation is adopted 

to compare two recommendation methods under different indexes.  

The rest of this paper is organized as follows: In Section 2, two recommendation methods are proposed. 

In Section 3, we give two metrics for the performance of recommendation methods. In Section 4, we 

study the recommendation on the user-movie network by combing real evolution data, and the two 

methods are compared. Finally, we make a conclusion in Section 5. 

2 Algorithms 

The main contents of this section are as follows. Firstly, we give the structure of user-movie network. 

Based on the network structure, the similarity between movies and the similarity between users are 

calculated. According to two kinds of similarity, we can propose two recommendation methods. For each 

method, we can calculate a sort of recommendation score based on network structure, denoted by 

structure-based recommendation score and another recommendation score based on movies attributes, 

denoted by attribute-based recommendation score. Then, the final recommendation score of this method 

is got by weighting two kinds of recommendation scores. 

In this paper, the user-movie network is a bipartite network that is composed of users and movies. The 

nodes in the network can be divided into two types: user nodes and movie nodes. The relation between 

users and movies is illustrated in Fig. 1. The set of users is denoted by 
1 2

{ , , , }
M

U u u u= � , where M  is 

the total number of users. The set of movies is denoted by 
1 2

{ , , , }
N

O o o o= �  and 
N  stands for the total 

number of movies. For each movie, it has many attributes, but this paper mainly focuses on the three 

attributes: movie genre, director and actor. The sets of genres, directors and actors are denoted by 

1 2
{ , , , }

S
C c c c= � , 

1 2
{ , , , }

K
D d d d= �  and 

1 2
{ , , , }QA a a a= � , respectively, where S , K  and Q  denote 

the total number of genres, directors, chief actors, respectively. The genres of movies contain action, 

comedy, adventure, thriller, war, etc.. 
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Fig. 1. The schematic diagram of the relation between users, movies and movie attributes. The movie 

attributes include genre, director and actor 

Firstly, based on network structure, we apply the adjacency matrix 
1 2

( )iR r
k kα ×

= , where 1 Mk ≤  and 

2 Nk ≤ , to represent the relation between users and movies. If the movie oα
( 1,2, , )Nα = �

 

is watched 

by the user iu  ( 1,2, , )i M= � , 1ir α
= , otherwise 0ir α

= . Then, based on the matrix R, the similarity 

between the movie oα
 and the movie oβ  can be calculated as follows. 

 1

1 1 1

( , )

M

i i

i

item M M M

i i i i

i i i

r r

Sim o o

r r r r

α β

α β

α β α β

=

= = =

∑

=

+ −∑ ∑ ∑

. (1)  

And, the structure-based recommendation score of the unwatched movie oα
 for the user iu  can be 

represented by 

 
1

( , )
n

iitemi
f Sim o o r βα βα

β =

= ∑ , n N≤ . (2) 

Analogously, the similarity between the user iu  and the user ju  can be computed as follows. 

 1

1 1 1

( , )

n

i j

i j n n n

i j i j

r r

Sim u u

r r r r

α α

α

α α α α

α α α

=

= = =

∑

=

+ −∑ ∑ ∑

 n N≤ . (3) 

And the structure-based recommendation score of the unwatched movie oα
 for the user iu  is 

calculated by  

 
1

( , )
M

ji ji
j

Simf u u r αα

=

= ∑ . (4) 

Next, we calculate attribute-based recommendation score by investigating the relation between movies 

and movie attributes (genre, director and actor), which can be represented by adjacency matrix. The 
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relation between movies and genres can be represented by the matrix 
2 3

( )gG
k k

αγ
×

= , where 3 Sk ≤ . If 

the movie oα
 belongs to the genre cγ ( 1,2, , ),Sγ = �  1,g

αγ
=  otherwise 0.g

αγ
=  The matrix 

2 4

( )B b
k k

αη
×

=  describes the relation between movies and directors, where 4 Kk ≤ . If the movie oα
 is 

directed by the director dη ( 1,2, , )Kη = � , 1bαη = , otherwise
 

0bαη = . The matrix 
2 5

( )V v q
k k

α
×

=  

represents the relation between movies and actors, where
 5 Qk ≤ . If the actor qa ( 1,2, , )q Q= �  is the 

chief actor of the movie oα
, 1qvα = , otherwise 0qvα = . Hence, the similarity between the movie oα

 and 

the movie oβ  can be represented by  

 ( , ) ( , ) ( , ) ( , )c d aSim o o Sim o o Sim o o Sim o oα β α β α β α β= + + , (5)  

where 

 
1

1 1 1

( , )

s

j j
j

c s s s

j j j j
j j j

g g

Sim o o
g g g g

α β

α β

α β α β

=

= = =

∑

=

+ −∑ ∑ ∑

, s S≤ , (6) 

 
1

1 1 1

( , )

k

j j
j

d k k k

j j j j
j j j

b b

Sim o o

b b b b

α β

α β

α β α β

=

= = =

∑

=

+ −∑ ∑ ∑

, k K≤ , (7) 

 
1

1 1 1

( , )

q

j j
j

a q q q

j j j j
j j j

v v

Sim o o

v v v v

α β

α β

α β α β

=

= = =

∑

=

+ −∑ ∑ ∑

, q Q≤ , (8) 

represent three kinds of similarity according to movie genres, directors and actors, respectively. 

And we normalize ( , )Sim o oα β  and express it as follows. 

 min

max min

( , )
( , )

attr

Sim Xo o
Sim o o

X X

α β

α β

−

=

−

, (9) 

where 
max

X and 
min

X are the maximum and minimum values of the original data set before normalization, 

respectively. Therefore, the attribute-based recommendation score of the movie oα
 for the user iu  is 

calculated as follows. 

 
1

( , )
n

ii attrh Sim o o r βα α β
β =

= ∑ , n N≤ . (10) 

As far as the movie degree concerned, which is defined as the number of edges connected to this 

movie, the movies in the system can be divided into two types, namely, new movies and the movies with 

the non-zero degree. The new movies have not been watched by any user, which means they have no 

network structure, so the final recommendation score for the new movie oα
 to the user iu  is calculated 

only by using the movie attributes, and it is expressed as 

 i is hα α
= . (11) 

For the movie oα
 with non-zero degree, it can be recommended by integrating the network structure with 

the movie attributes, and the final recommendation score to the user iu  can be represented by 



Recommendation with the Cold-Start Problem in Evolving User-Movie Network 

22 

 1 1(1 )i ii
fs w w hα αα

= × + − × , (12) 

where 1w  represents the weight of structure-based recommendation score. In the formula (12), if 
i

f
α
 

and ih α
 are respectively calculated by the formula (2) and formula (10), which is denoted by Method I in 

the following sections; if 
i

f
α
 and ih α

 are computed by the formula (4) and formula (10), which is 

denoted by Method II. 

3 Metrics for Algorithmic Performance 

In order to evaluate the performance of the above two methods in evolving networks, the 

recommendation accuracy and the novelty are used as two metrics in this paper. Recommendation 

accuracy is one of the basic metrics. For a user iu , the precision is defined as 

 
( )

( ) i

i

LX
LP

L
= , (13) 

where ( )i LX  represents the number of the movies that are actually watched by the user iu  in the 

recommended movies, and L  denotes the length of the recommendation list. The precision ( )P L  of the 

whole system is obtained by the following formula, whose computing procedure is given in Table 1. 

Table 1. Computing ( )P L  

The computing procedure of P(L) 

Data: original data T for each month and the recommendation list W  

Result: P(L) for each month 

Given 1w  and L  

for each i
u U∈  do 

      ( ) ( ) ( )
i i i

X L T u W u← ∩  

      
( )

( ) i

i

X L
P L

L
←  

( ) ( ) ( )
i

P L P L P L← +  

end  

    
( )

( )
P L

P L
M

←  

 

 
1

1
( ) ( )

M

i

i

P L LP
M =

= ∑ . (14) 

Besides the accuracy, the recommendation novelty is a very important metric. For a user iu , the 

novelty is defined as 

 
( )

( ) i

i

LY
LN

L
= , (15) 

where ( )i LY  denotes the number of new movies that are included in the recommendation list of the user 

iu . Then, the novelty ( )N L  of the whole system is mean value of ( )i LN  for all users, whose computing 

procedure is given in Table 2. 



Journal of Computers Vol. 30 No. 5, 2019 

23 

Table 2. Computing ( )N L  

The computing procedure of N(L) 

Data: new movie list Z for each month and the recommendation list W  

Result: N(L) for each month 

Given 1w  and L  

for each i
u U∈  do 

   ( ) ( ) ( )
i i i
Y L Z u W u← ∩  

   
( )

( ) i

i

Y L
N L

L
←  

( ) ( ) ( )
i

N L N L N L← +  

end  

( )
( )

N L
N L

M
←  

 

4 Application 

4.1 Data 

In this section, we apply the real data including time information from Netflix data set to examine the 

performance of the two methods in evolving networks. These data are grades of movies rated by users, 

and a movie can be ranked from one to five by each user. The higher the grade is, the more the user likes 

the movie. We process the original data set and select the users who have made ratings on at least 20 

movies, and select the movies whose ratings are higher than 2. By selecting the data, the final data set 

contains 560 users, 1285 movies and 81539 links, and the time range is from December 1999 to 

December 2004. 

4.2 Network Evolution 

We take the data from December 1999 to April 2004 as training set T

E , and treat the data from May 

2004 to December 2004 as the probe set P

E . Firstly, the training set T

E  is applied to construct initial 

user-movie network. Then we adopt Method I and Method II to predict the evolution of the network from 

May 2004 to December 2004. In the recommendation methods proposed in this paper, it is assumed that 

L  movies are recommended to each user every month, and users accept the recommendation by 

watching the movies with higher recommendation score in the L  movies. In each month, the number of 

movies to be watched for each user is determined by the probe set. After this, a new network is formed, 

and the next network evolution will be based on this new one. To evaluate the recommendation 

performance for each month, we need to compare T

E  with P

E  in each month. 

4.3 Experiments 

The structure-based recommendation and the attribute-based recommendation are both considered in the 

two methods, so we can adjust the weight 
1

w  in the formula (12) to investigate the impacts of network 

structure and movie attributes on the recommendation performance.  

Firstly, we examine the average precision of the two recommendation methods. We can obtain the 

monthly precision ( )P L  from May 2004 to December 2004 according to Table 1, and average ( )P L  for 

eight months to get the average precision. The average precision of Method I and Method II are given in 

Fig. 2. Fig. 2 illustrates the influences of 
1

w  and L  on the average precision. It can be seen that if L  is 

fixed, the average precision increases first and then decreases with the increase of 
1

w . When 
1

w  is fixed, 

the average precision also increases first and then decreases with the increase of L . Therefore, there exist 

optimal values of 
1

w  and L for the average precision of these two methods. In Fig. 2(a), when 
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10.6 0.8w≤ ≤ , the average precision is higher. In order to make the average precision as high as possible, 

we need to consider not only the relation between nodes (i.e., network structure), but also the factors of 

the node itself (i.e., attributes) in the recommendation process. In Fig. 2(b), if 10.25 0.45w≤ ≤ , the 

average precision is higher. The experiment results show that in order to make the average precision be 

higher, the optimal values of 
1

w  are different. When in Method I, we should lay more emphasis on 

network structure, while in Method II we should focus on attributes. In addition, the effects of Method I 

and Method II are better than those of the single attribute-based or single structure-based 

recommendation. 
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(a) In Method I 
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(b) In Method II 

Fig. 2. The influences of 1w  and L  on the average precision in two methods. X-axis represents the 

weight of recommendation score which is calculated based on network structure. Y-axis denotes the 

length of the recommendation list 
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Next, we evaluate the long-term effects of these two methods in the evolving network. On the one 

hand, when L  is fixed (let L=7), in Fig. 3, we give the precision from May to December of Method I 

and Method II when 1w =0.05, 0.35, 0.5, 0.75 and 0.95. When 
1

w  is fixed, the precision is declining from 

May to December in Fig. 3. In Fig. 3(a), when 1 0.75w ≤ , the precision for each month will rise with the 

increase of 
1

w . If 1 0.75w > , the precision for each month will decrease with the increase of 
1

w . Hence, 

the optimal value of 
1

w  is 0.75for the precision in Method I. However, in Fig. 3(b), when 1 0.35w = , the 

precision for each month is the highest, that is the optimal value of 
1

w  is 0.35 in Method II. Additionally, 

in Fig. 4, we give the change of the precision for each month with the increase of L  based on Method I 

when 1 0.75w = . The change trend of the precision for each month based on Method II is similar to that 

of Method I with the increase of L . It can be seen that with the increase of L , the precision for each 

month shows a downward trend. This shows that the length of the recommendation list cannot be too 

long. 

 

(a) In Method I 

 

(b) In Method II 

Fig. 3. The influences of different 
1

w  on the precision for each month when L=7 
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(a) In May (b) In June 

  

(c) In July (d) In August 

  

(e) In September (f) In October 

  

(g) In November  (h) In December 

Fig. 4. The influences of L  on the precision for each month based on Method I when 
1

w =0.75 
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Besides, we focus on the average recommendation novelty of the two methods in evolving networks 

and get the recommendation novelty ( )N L  for each month from May 2004 to December 2004 according 

to Table 2, then average ( )N L  for eight months to obtain the average recommendation novelty. In Fig. 

5(a), we give the average recommendation novelty of Method I in term of 
1

w  and L . It can be seen that 

except for 
1

0w = , the average recommendation novelty is decreasing with the increase of 
1

w  when L  is 

fixed. This indicates that the larger 
1

w  is, the more difficult new movies are recommended. If 
1

w  is fixed, 

the average recommendation novelty increases with the increase of L . This shows that new movies are 

more likely to be recommended when the length of the recommendation list is longer. Fig. 5(b) illustrates 

the influences of 
1

w
 and L  on the average recommendation novelty of Method II. When L  is fixed, the 

average recommendation novelty also decreases with the increase of 
1

w
 except for 1

0w = . Compared 

with Fig. 5(a), the downtrend of novelty in Fig. 5(b) is not significant. If 
1

w  is fixed, the average 

recommendation novelty also increases with the increase of L . Specifically, when 
1

0w = , the average 

recommendation novelty can get the largest value. Comparing Fig. 5(a) and Fig. 5(b), we find that the 

average recommendation novelty of Method I is larger than that of Method II when 1 0.4w < , while the 

average recommendation novelty of Method I is smaller than that of Method II when 1 0.4w ≥ . 
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(a) In Method I 
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(b) In Method II 

Fig. 5. The influences of 
1

w  and L  on the average recommendation novelty. The weight 1w  is set as X-

axis and the recommendation list length L  is set as Y-axis 

To further show the performance of proposed methods in this paper, we compare Method I, Method II 

with other methods in pervious works, respectively, and the results are shown in Table 3 and Table 4. 

Observing Table 3 and Table 4, we find that for recommendation precision and novelty, the proposed 

methods in this paper outperform other methods in pervious works. 
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Table 3. The performance of Method I and other methods when L=15 

Recommendation methods P N 

Cold-start problem, structure-based and attribute-based (Method I) 0.046077 0.071979 

Cold-start problem, structure-based 0.043634 0.046637 

Cold-start problem, attribute-based 0.031531 0.054985 

Structure-based and attribute-based 0.044628 0 

Structure-based 0.043061 0 

Attribute-based 0.030158 0 

Table 4. The performance of Method II and other methods when L=15 

Recommendation methods P N 

Cold-start problem, structure-based and attribute-based (Method II) 0.044987 0.064369 

Cold-start problem, structure-based 0.042689 0.048779 

Cold-start problem, attribute-based 0.031531 0.054985 

Structure-based and attribute-based 0.043557 0 

Structure-based 0.041563 0 

Attribute-based 0.030158 0 

 

Finally, we find that the influences of different 
1

w  on various genres of movies are different in the two 

methods (see Fig. 6). From Fig. 6(a), it can be seen that the average degrees of two genres of movies (i.e., 

Romance and Comedy) increase first and then decrease, while the average degrees first decrease, and 

then increase for Action, Thriller and Crime. Additionally, the average degrees of certain genres of 

movies are increasing, such as Adventure, Biography, Fantasy, Mystery and War, while the average 

degree is decreasing for Drama. Specifically, the average degree for Romance is larger than the average 

degrees of other genres of movies when 
1

w =0, 0.2 and 0.4. If 
1

w =0.6, 0.8 and 1, the average degrees for 

Action and Thriller are larger. In Fig. 6(b), the average degrees decrease first and then increase for 

Action and Crime. However, the average degrees of some genres of movies are increasing, including 

Thriller, Adventure, Biography, Fantasy, Mystery and War, and the average degrees are decreasing for 

Romance, Drama and Comedy. Comparing Fig. 6(a) and Fig. 6(b), we find that the change trends of the 

average degrees for Romance, Comedy and Thriller are different. Moreover, in Fig. 6(b), the average 

degree for War is larger than that for Mystery if 1w =0.4, 0.6, 0.8 and 1, while the average degree for War 

is smaller than that for Mystery in Fig. 6(a). In order to make the movie degree be larger, we should 

adopt different recommendation methods for various genres of movies. 

0 0.2 0.4 0.6 0.8 1
0

10

20

30

40

50

60

70

80

90

w
1

A
ve

ra
ge

 d
eg

re
e 

of
 th

e 
m

ov
ie

s

 

 
Romance

Action

Thriller

Drama

Comedy

Crime

Adventure

Biography

Fantasy

Mystery

War

 

(a) In Method I 

0 0.2 0.4 0.6 0.8 1
0

10

20

30

40

50

60

70

80

90

w
1

A
ve

ra
ge

 d
eg

re
e 

of
 th

e 
m

ov
ie

s

 

 
Romance

Action

Thriller

Drama

Comedy

Crime

Adventure

Biography

Fantasy

Mystery

War

 

(b) In Method II 

Fig. 6. The average degrees of various genres of movies are given according to different 
1

w  
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5 Conclusion 

In the context of the evolving user-movie network, two recommendation methods are proposed in this 

paper. In the two methods, we take into account not only the relation between nodes (i.e., network 

structure), but also the factors of the node itself (i.e., attributes), and the movie cold-start problem is 

solved as well. Then we examine the recommendation performance of the two methods by means of two 

metrics (i.e., precision and novelty), and evaluate the long-term effects of the two methods in the 

evolving network. We find that the network structure, the movie attributes and the length of the 

recommendation list affect the recommendation accuracy and the novelty. Firstly, when the average 

precision of the two methods is higher, the optimal values of their corresponding 1w  are not the same. 

Results show that when Method I is adopted, we should lay more emphasis on structure-based 

recommendation, while Method II is adopted, we should focus on attribute-based recommendation. And 

the effects of Method I and Method II are better than those of the single attribute-based or single 

structure-based recommendation. By investigating the precision for each month in the network evolution 

process, we find that the precision for each month is relevant to the weight 
1

w  and the recommendation 

list length L . Secondly, the influences of 
1

w  on the average recommendation novelty of the two methods 

are not the same. Additionally, in each method, the change trend of the average precision is different 

from that of the average recommendation novelty with the increase of L . Finally, we find that the 

average degrees of various genres of movies are also related to 
1

w . In a word, the performance of 

Method I and Method II are better than that of other methods in previous works. In addition, the methods 

proposed in this paper can be applicable to not only the user-movie network, but also the user-video 

network, the user-book network, and so on. However, these two methods can only solve the movie cold-

start problem in the evolving system. In future, we need to study a method which can simultaneously 

solve the user cold-start problem and the item cold-start problem, and further improve the performance of 

the recommendation method in the evolving system. 
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