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Abstract. The ability to predict linkages among data objects is central to many data mining tasks, such as product 

recommendation and social network analysis. Substantial literature has been devoted to the link prediction problem 

either as an implicitly embedded problem in specific applications or as a generic data mining task. This literature has 

mostly adopted a static graph representation where a snapshot of the network is analyzed to predict hidden or future 

links. However, this representation is only appropriate to investigate whether a certain link will ever occur and does 

not apply to many applications for which the prediction of the repeated link occurrences is primary interest (e.g., 

communication network surveillance). In the time-series link prediction problem, the time series link occurrences 

are used to predict link occurrence at a particular time. In this paper, we propose a new time series link prediction 

based on learning automata. In the proposed algorithm for each link that must be predicted there is a learning 

automaton and each learning automaton tries to predict the existence or not existence of the corresponding link. To 

predict the link occurrence in time T, there is a chain consists of states 1 through T-1 and the learning automaton 

passes from state 1 through T-1 to learn the existence or not existence of the corresponding link. Using three co-

authorship data sets, we have demonstrated that time-series models of link occurrences achieve better link prediction 

performance with commonly used static graph link prediction algorithms.  
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Introduction 

Many data mining tasks involve (sometimes implicitly) prediction of linkages among data objects. Examples of 

explicit link prediction problems include automatic web hyperlink creation, prediction of genetic or protein-protein 

interactions, and the record linkage problem. Other well-studied problems can be viewed as an implicit link 

prediction problem once the data are rendered with a network/graph representation. These data can be visualized as 

graphs, where a vertex corresponds to a person in some group and an edge represents some form of association 

between the corresponding persons (1) (2). The associations are usually driven by mutual interests that are intrinsic 

to a group. All link prediction methods address the following question: “Given a pair of nodes u and v in the current 

social network, how likely is it that u will interact with v in the future?”.  Link prediction is applicable to a wide 

variety of application areas. For example, in the area of Internet and web science, it can be used in tasks like 

automatic web hyper-link creation (3) and web site hyper-link prediction (4). In e-commerce, one of the most 

prominent usages of link prediction is to build recommendation systems (5) (6). It also has various applications in 

other scientific disciplines. For instance, in bibliography and library science, it can be used for deduplication (7) and 

record linkage (8); in Bioinformatics, it has been used in protein-protein interaction (PPI) prediction (9). In security 

related applications, it can be used to identify hidden groups of terrorists and criminals (2).  

Prior work on link prediction has been primarily formulated based on a static network setup, where a partial network 

structure is known and the objective is to predict the hidden links. In such a static network, link occurrence is 

typically modeled as a one-time event and the primary interest is on the existence of the link. For example, one may 

be interested to know whether a customer will purchase a product in the future or whether an author will ever 

collaborate with another author in the future. But in many application settings that involve dynamic networks, the 

link occurrence is preferably modeled as a sequence of binary states or occurrence frequencies, rather than a single 

binary state regarding its presence (10). In these applications much richer information could be extracted from the 

frequency time series of the link occurrences, such as the periodic patterns and temporal trends of the 

communication intensities. Generally, link prediction methods based on the static graph representation fall short 

when the repeated occurrences of the links are of central interest and temporal patterns are the primary feature of the 

application domain. One of the solutions to overcome this problem is link prediction using time series data. This 

problem is known as time series link prediction that is the problem of “Given link data between x and y for times 1 

through T, how much is the likelihood of link occurrence between x and y at time T + 1?” (11).  In this paper, we 

propose a new time series link prediction method based on the learning automaton, called LA-TSLP, to predict the 

link occurrence using time series data. In the proposed method each test link is modeled as a time series and 

predicted using a optimization tool called Learning automata. 

Learning automaton (LA) is an adaptive decision making unit that tries to learn the optimal action from a set of 

allowable actions by interacting with a random environment (12). In each step, it selects an action from its action-

set. The action selection in the LA is based on a probability distribution over the action set. The selected action is 

applied to the environment and then a reinforcement signal is produced by the environment. LA updates the 

probability distribution of its actions according to both reinforcement signal and a learning algorithm and again 

chooses an action. These steps are repeated until LA converges to some action. 



In this paper we propose a new method that uses a set of LAs to predict time series link occurrence in the future. 

This new method utilizes a team of LAs to produce the link prediction using time series link occurrences data 

instead of static link occurrences data. It uses one LA for each test link. Each LA determines either the 

corresponding link should be appeared or not in time T by using previous occurrences in the network. In the 

proposed algorithm, to predict a link occurrence in the time T, the corresponding LA passes from state 1 through 

state T-1 and in each state, the action probability distribution of each LA is updated according to the reinforcement 

signal that is generated from corresponding state. The set of environments in each state t to generate the 

reinforcement signal is the set of the adjacent matrix of time t, in addition to some prediction results of time t+1 that 

is calculated based on different similarity metrics from the adjacent matrix of time t. So each learning automaton 

uses time series data of link occurrence in additional to some similarity metrics sequentially to generate prediction in 

the next time.  Because of the nature of LA, it tries to learn the optimal behavior and so the optimal relation between 

each two node in the test set. These steps are repeated until the action of each LA converges to some value. The 

experimental results show that the LA-TSLP is superior to the some static link prediction methods such as Common 

Neighborhood (CN), Jacaard Index, Preferential attachment (PA) and Adamic-Adar Index (AA) in term of accuracy 

and performance. 

The rest of the paper is organized as follows. Section 2 reviews the relevant literature on link prediction and time-

series analysis. The learning automata are described in the section 3. Section 4 introduces the proposed temporal link 

prediction algorithm based on learning automata. Section 5 presents the experimental study on predicting co-

authorship data sets. Section 6 summarizes the main conclusion and discusses the future directions of our research. 

 

Background and Related Work 

Problem Formulation 

As it defined in (10), the time-series link prediction problem is formally introduced as follows. Let V be the list of 

vertices, V ={1, 2, …, N}. A graph series is a list of graphs {G�, G�, … , G�} corresponding to a list of symmetric 

adjacency matrices (M�, M�, … ,M�). Each M	 is an N × N matrix with nonzero elements M�(
,�) corresponding to 

edges in E�(
,�). The value of M�(
,�) is the indicator of occurrence or not occurence of the undirected edge (i, j) 
during the time period t, which can also be viewed as an {0, 1} label in G� . Then in the time series link prediction, 

we try to predict the occurrence or not occurrence of the links in time T+1 using previous times M�, M�, … ,M�.  

Related Works 

This section reviews the recent time series link prediction methods: 

Reference (13) has proposed a method for time-aware link prediction. They developed a novel approach of graph 

based link prediction and integrated it with temporal information (evolutionary history). In particular, they have 

extended the local probabilistic model (14) to include time awareness. An empirical evaluation of techniques was 

performed over two collaboration networks DBLP and astro-ph (astrophysics) slice of ArXiv. They showed that 

time of interactions between entities is a dominant feature for ranking neighboring nodes, which decides the 

probability of future interaction with the central node.  



The authors of (11) have extended the problem of temporal link prediction to the problem of periodic temporal link 

prediction. They focused that if the data has underlying periodic structure and given link data for T time steps, can 

they predict the links at time T + 1, T + 2, T + 3, etc.? In the proposed method they consider bipartite graphs that 

evolve over time and consider matrix and tensor-based methods for predicting future links. They have presented a 

weight-based method for collapsing multi-year data into a single matrix and showed how the well-known Katz 

method for link prediction can be extended to bipartite graphs. Then using a CANDECOMP/PARAFAC tensor 

decomposition of the data, they have illustrated the usefulness of exploiting the natural three-dimensional structure 

of temporal link data. They have been evaluated their method on the DBLP bibliometric in terms of link prediction 

performance and relative expenses.  

Authors (15) have proposed new method referred as cross temporal link prediction, in which the links among nodes 

of different time frames are predicted. This method extends dimension reduction based link prediction method 

proposed in (16) by including time stamp in prediction. Facebook, twitter, email etc. is an asynchronous 

communication system because messages have a time stamp. Most of messages are generated by replying and 

forwarding of previous messages so that the cross sectional links among originating node and replier exist. For 

inferring unobserved asynchronous communications, authors proposed, cross-temporal locality preserving projection 

(CT-LPP) method in which object mapping in different time frames is performed by low-dimensional latent feature 

space. They experimented on DBLP bibliographic data for cross temporal entity resolution and showed accuracy 

improvement. 

Reference (17) has proposed an approach for link prediction which considered the evolution of topological matrices 

as a time series problem and used forecasting model. Their approach initially consists of building time series for 

each pair of non-connected nodes by computing their similarity scores at different past times. Their method deploys 

a forecasting model on these time series and uses their forecasts as the final scores of the pairs. In order to 

accomplish this goal, each chosen similarity metric is applied to all no connected pairs of nodes in the network in 

different past times. Then, a time series is built for each pair, recording the values provided by the metric. Finally, a 

forecasting model is applied to the series in order to predict their next values.  

In (10), a new hybrid link prediction approach with both the interalink time-series patterns and interlink 

dependencies, have been proposed. They first investigated a time-series model for link prediction, in which the 

occurrence of each link is modeled as an independent time series. Specifically, for each link, they built an 

autoregressive integrated moving average (ARIMA) model based on its past occurrence series. Such a model 

ignores any interlink correlation information, which is the main data pattern employed by the existing static graph 

link prediction methods. They show that this algorithm achieved performance comparable with as existing link 

prediction methods under the static graph representation with e-mail and co-authorship data. Then they investigated 

hybrid link prediction methods that combine the power of the time-series model in predicting repeated link 

occurrences and the ability of static graph link prediction methods to identify new link occurrences. Their 

experiments showed that such hybrid methods achieved significantly better performance than the time-series model 

and static graph methods alone. 



In (18) a weighted approach for modeling the occurrence of time is used to generate a different similarity metric and 

finally in our previous research we have proposed a new link prediction method based on temporal similarity metrics 

and Continuous Action set Learning Automata (CALA) (19). The proposed method takes advantage of using 

different similarity metrics as well as different time periods. In the proposed algorithm, we have modeled the link 

prediction problem as a noisy optimization problem and use a team of CALAs to solve the noisy optimization 

problem. The obtained link prediction results show satisfactory of the proposed method for some social network data 

sets. 

Learning Automata 

A learning automaton is an adaptive decision-making unit that improves its performance by learning how to choose 

the optimal action from a finite set of allowed actions through repeated interactions with a random environment (12) 

(20) (21) (22) (23) (24). This tool has many applications in different areas (25) (26) (27) (28). The action is chosen 

at random based on a probability distribution kept over the action-set and at each instant. The given action is served 

as the input to the random environment and the environment responds the taken action in turn with a reinforcement 

signal. The action probability vector is updated based on the reinforcement signal from the environment. The 

objective of a learning automaton is to find the optimal action from the action-set so that the average penalty 

received from the environment is minimized. 

The environment can be described by a triple E � �α, β, c} where α � �α�, α�, … , α�} represents the finite set of 

possible action for each learning automata, β � �β�, β�, … , β�}, denotes the set of the values can be taken by the 

reinforcement signal, and c � �c�, c�, … , c�} denotes the set of the penalty probabilities, where the c
	is associated 

with the given action α
. If the penalty probabilities are constant, the random environment is said to be a stationary 

random environment, and if they vary with time, the environment is called a non stationary environment. The 

environments depending on the nature of the reinforcement signal β can be classified into P-model, Q-model and S-

model. The environments in which the reinforcement signal can only take two binary values 0 and 1 are referred to 

as P-model environments. Another class of the environment allows a finite number of the values in the interval [0, 1] 

can be taken by the reinforcement signal. Such an environment is referred to as Q-model environment. In S-model 

environments, the reinforcement signal lies in the interval [a, b]. The relationship between the learning automaton 

and its random environment has been shown in Figure 1. 

 

Figure 1 The relationship between the learning automaton and its random environment 



Learning automata can be classified into two main families: fixed structure learning automata and variable structure 

learning automata. Variable structure learning automata are represented by a triple < �, �, � >, where β is the set of 

inputs, α is the set of actions, and T is learning algorithm. The learning algorithm is a recurrence relation which is 

used to modify the action probability vector. Let α(k) and p(k) denote the action chosen at instant k and the action 

probability vector on which the chosen action is based, respectively. The recurrence equation shown by (1) and (2) 

is a linear learning algorithm by which the action probability vector p is updated. Let ��(k) be the action chosen by 

the automaton at instant k. The updating rule when the taken action is rewarded by the environment (i.e., β(n) � 0) 

and when the taken action is penalized by the environment (i.e., β(n) = 1) is done based on the following equations 

(1), (2), respectively: 

!"(# + 1) � &!"(#) + '(1 − !"(#)*									+ � ,(1 − ')!"(#)														∀,				, ≠ +  

 

(1) 

!"(# + 1) � / (1 − 0)!"(#)									+ � ,
102 − 13 + (1 − 0)!"(#)														∀,				, ≠ + 

 

(2) 

where r is the number of actions can be chosen by the automaton, a(k) and b(k) denote the reward and penalty 

parameters and determine the amount of increases and decreases of the action probabilities, respectively. If a(k) = 

b(k), the recurrence equations (1) and (2) are called linear reward-penalty (4567) algorithm, if a(k) >> b(k) the given 

equations are called linear reward-8 penalty (45697), and finally if b(k) = 0 they are called linear reward-Inaction 

(456:). In the latter case, the action probability vectors remain unchanged when the taken action is penalized by the 

environment. 

The Proposed Time Series Link Prediction Approach 

 

This section proposes a new time series link prediction method based on learning automata called (LA-TSLP) 

that uses time series data of network structure for prediction task. This algorithm uses the network structure from 

time 1 through T sequentially to predict links in the time T+1. In the proposed algorithm there is a learning 

automaton for each test link in time T+1. In the proposed algorithm there are some stages that each stage 

corresponds to one time. In each stage t of the proposed algorithm each learning automaton tries to predict the link 

occurrence of the next time t+1. After finishing the prediction task in time t, the estimated prediction goes to the 

next stage. In the next stage each learning automaton tries to update and improve its estimation using a new 

environment t+1 to predict the link occurrence in time t+2 and so on. Also, in each iteration of the proposed 

algorithm there is two main phases: 1) training phase: an iterative phase to learn learning automata and 2) test phase: 

a phase to generate the output of the proposed method. The training phase in each stage has two steps: 1) Select the 

action of each learning automata and use it as the indicator of existence or not existence of the corresponding link, 2) 

update the action probability distribution of each learning automata based on a reinforcement signal the is produced 



from a time series environment. In the action selection phase of stage t in the proposed algorithm, each learning 

automata determines whether the target link is occurred in time t+1 or not. This action selection is done based on the 

internal action probability distribution of the learning automata. The probability of choosing action 1 for each 

learning automata in the start up of the algorithm is set to 0.5, p(1) � 0.5. After choosing the action of LAs, a 

reinforcement signal is produced for each learning automata based on the effectiveness of selected action in the 

environment of time >. The set of environments in each state t to generate the reinforcement signal is the set of the 

adjacent matrix of time t, in addition to some predictions of time t+1 that is calculated based on different similarity 

metrics from the adjacent matrix of time t. So each learning automaton uses time series data of link occurrence in 

additional to some similarity metrics sequentially to generate prediction in the next time. Finally each learning 

automata updates its action probability distribution based on the received reinforcement signal and a learning 

algorithm. In the next iteration, each learning automaton again selects a new action based on the new action 

probability distribution and this procedure repeats until some stop criteria is satisfied. In the test phase for each test 

link, the converged action of the corresponding learning automaton is used as the prediction. The overall process of 

the LA-TSLP can be seen in Figure 2. The proposed algorithm is take advantage of using time series data of 

similarity metrics and occurrences data as well as using feedback of the previous time link occurrences. The pseudo 

code of the LA-TSLP can be seen in the Algorithm. 1. In the following sections, we describe two main phases of the 

proposed algorithm in detail. 

 

Algorithm 1: Pseudo code of the proposed algorithm (LA-TSLP) 

1:  Let ?�, ?�, … ,?@ be the adjacent matrix from time 1 through T. 

2:  Let n, t be the iteration counter and stage counter and initially set to 0 and let 	?'AB:  and T be the total number 

     of iterations in each stage and total number of stages. 

3: Let E(t)={M	 , CN	,	JA	, PA	 , AA	} be the set of environments for stage t. 

4:  Let ', 0 be the reward and punishment rate to update learning automaton in the learning algorithm. 

5:  Set LAs be the set of learning automata indexes with 1 through J, one learning automaton for each link that must be  

 predicted. 

6:  Set the initial probability distribution of choosing action 1 for each learning automaton j to be p�(1) � 0.5. 

7:  while t<� do 

8:       while n<	?'AB:do 

  9:   Select action j of each learning automaton LA�	based on the action probability distribution of the learning  

   automaton, p�. 
  10: Select one of matrixes in E(t) as C based on uniform probability a environment. 

           11:     Update the probability distribution function of each learning automata j, p�, based on the reinforcement 

signal that is generated from H and learning algorithm 4567. 

         12:                  Set n=n + 1 



13:       end while 

         14:                  Set t=t + 1 

15:  end while 

16:   For each test link j 

17:   set O� � α(LA�) (converged action of LA�) 
 

 

Learning Phase 

This sub section presents the training phase of the proposed algorithm. In this phase, there is a learning automaton 

for each test link that must be predicted. On the other hand there is a set of stages �S�, S�, … , S�}, one stage for each 

time t. To do this, each learning automaton start in stage 1. In this stage the learning automata tries to learn the 

existence or not existence of the corresponding link in time 2 with the reinforcement signal that is produced from M�. This prediction repeats until some termination criteria are satisfied. Then the learning automaton goes to stage 2. 

In stage 2, the learning automaton tries to update its learnt action using the new environment M� to predict the 

occurrence or not occurrence of the corresponding test link for time 3. The set of environment in stage S	 is the set 

of the adjacent matrix M	6�, in addition to some prediction results for time t that is calculated based on different 

similarity metrics from the adjacent matrix M	6�. So each learning automaton uses time series data of link 

occurrence as well as different similarity metrics sequentially to generate prediction in the next time and tries to 

learn the existence or not existence of the corresponding test link. These steps are repeated until the learning 

automata goes to time T and tries to learn the prediction in time T+1. To do this, the action set of each learning 

automaton LA� is the set of integer numbers, {0, 1} and each learning automaton LA� has a probability distribution  p� that determines the probability of choosing action 1. The probability of choosing action 1 for each learning 

automaton in the start up of the algorithm is set to 0.5, p � 0.5. So in the action selection step each learning 

automaton chooses action 1 and action 0 based on p� and	1 − p� as α�, respectively. Action α� is used as the 

prediction of corresponding link in time T+1. After action selection, these actions are evaluated based on a temporal 

environment and each learning automaton updates its probability distribution based on the reinforcement signal.  

Now, to generate a reinforcement signal in stage t, we consider a set of environment: this set include adjacent matrix M	, in addition to some predictions of time t+1 that is calculated based on different similarity metrics from the 

adjacent matrix M	. In this paper we consider as Common Neighborhood (CN), Jacaard Index, Preferential 

attachment (PA) and Adamic-Adar Index (AA) as similarity methods. So the set of environment in the stage t is 

E(t)={M	, CN	,	JA	, PA	, AA	} that is the adjacent matrix, Common Neighborhood prediction result, Jacaard Index 

prediction result, Preferential attachment prediction result, and Adamic-Adar prediction result of time t, respectively. 

Then we select a matrix in E(t) as the environment of the learning automaton based on the uniform probability pt
 
and call it C. Then for each learning automaton the corresponding value in adjacent matrix C is considered as the 



reinforcement signal β�. Each learning automaton j finally updates its action probability distribution using the 

reinforcement signal β� and LN6O learning algorithm based on the following equation: 

PQR
QS !(# + 1) � !(#) + 'T1 − !(#)U																+V	�" � 1	'#W	�" � 1!(# + 1) � (1 − ')T!(#)U																										+V	�" � 0	'#W	�" � 1!(# + 1) � (1 − 0)T!(#)U																											+V	�" � 1	'#W	�" � 0!(# + 1) � !(#) + 0T1 − !(#)U																		+V	�" � 0	'#W	�" � 0

 

(3) 

Where !(#), !(# + 1)	 is the probability distribution in iteration n and n+1, respectively. From equation () it 

follows that if action 1 is attempted in iteration n the probability distribution !(#) is increased in iteration n for a 

favorable response and decreased for an unfavorable response. Also, if action 0 is attempted in iteration n the 

probability distribution !(#) is decreased in iteration n for a favorable response and increased for an unfavorable 

response. 

In the next iteration, each learning automaton selects a new action based on the new action probability distribution 

again and this procedure repeats until some stop criteria is satisfied. Then the learning automaton goes to the next 

step and the described procedures repeated for T stages. The prediction the last stage used as the final prediction for 

time T+1 based on the next following phase. 

Prediction Phase 

After running training phase, the test phase generates the final output prediction of the proposed algorithm. To do 

this, for each test link in time T+1, we set the final prediction to the converged LAj’ action. In summary, the final 

prediction of a link j, O(j), is set based on the following rule: 

O� � α(LA�) (4) 

Where α(LA�) and S� is the converged LA�′	action. Finally, the algorithm outputs matrix O as the output of proposed 

time-series link perdition method. 

  



 

 

Figure 2. The pseudo code of the proposed algorithm 

 



Experiment Results 

In order to evaluate the performance of the proposed algorithm, some computer experiments have been conducted 

and the performance of the proposed algorithm has been compared in term of performance and accuracy. In these 

experiments, we use the quality of solutions and the convergence rate of the proposed algorithm as the performance 

criteria. In the rest of this section, we first give the data set we used in our experiment and then give a set of three 

experiments. In the first experiment, the performance of the proposed algorithm compared with the performance of 

some static link prediction methods. In the second experiment, convergence rate of the LP-TSLA is computed and 

reported. Finally, in the third experiment, we study the sensitivity of the proposed algorithm on its parameters. 

Data Set 

In this section, we describe the social network data that we used in our experiments. For the experiments developed 

in this work, we adopted co-authorship networks, which are social networks where the nodes represent the authors, 

who are connected to each other if they collaborated in a paper. This kind of network is widely used to understand 

topology and dynamics of complex networks, since it corresponds to the largest publicly available digitalized social 

network. We adopted three co-authorship networks from three sections of Arxiv
1
. The first network is composed by 

authors that collaborated in theoretical high energy physics area
2
 (hep-th). The second one is formed by authors who 

published papers in high energy physics area
3
 (hep-ph) and the third on is sampled from collaboration authors in 

Astro Physics area
4
 (Astro-ph). 

(see Table 1 for information about the size of the networks). We extracted data from the year 1993 to 2003 for all 

these data sets. In these data sets if an author i co-authored a paper with author j, the graph contains an undirected 

edge from i to j. If the paper is co-authored by k authors this generates a completely connected (sub)graph on k 

nodes. 

 

Table 1 Network Size in Terms of Nodes and Edges 

Data Set Nodes (Authors) Edges (Collaborations) No of link must be predicted 

Hep-th 
9,877 51,971 4,389 

Hep-ph 
12,008 237,010 15,523 

Astro-ph 
18,772 396,160 22,860 

 

                                                           
1
 http://www.arxiv.org 

2
 http://arxiv.org/archive/hep-th 

3
 http://arxiv.org/archive/hep-ph 

4
 http://arxiv.org/archive/Astro-ph 



Since co-authorship networks are highly sparse, we need to reduce the number of candidate pairs in order to make 

computation feasible. Aiming to decrease, we choose only the ones that at least have two collaborations during 1993 

through 2002. Also in the next sub section we briefly describe the static methods that we use them in the comparison 

of the proposed method. 

 

Static Link Prediction 

The baseline methods we use them as the environment and in the comparison are described in detail by Liben- 

Nowell and Kleinberg (29). Let Γ(A) denote neighbors of the node x, we define the following measures: 

1. Common Neighborhood (30): In this measure, two nodes, x and y, are more likely to have a link if they 

have many common neighbors. This score is defined as HX(A, Y) � |Γ(A) 	∩ Γ(Y)| (5) 

2. Jaccard Index (31): This index was proposed by Jaccard over a hundred year ago, and is defined as: 

]'^^'2W(A, Y) � |Γ(A) 	∩ Γ(Y)||Γ(A) 	∪ Γ(Y)| (6) 

3. Preferential Attachment (PA) (32) (33): The preferential attachment (PA) algorithm is motivated by the 

preferential attachment phenomena (34) discovered in a variety of real world complex systems. Under this 

algorithm, the link occurrence score is set to be the product of the degrees of the involved nodes and is 

defined as follows: `a(A, Y) � |Γ(A)| × |Γ(Y)| (7) 

4. Adamic-Adar Index (AA) (35): This index refines the simple counting of common neighbors by assigning 

the less-connected neighbors more weight and is defined as: 

aa(A, Y) � b 1log	(Γ(f))g∈i(j)	∩i(k)  
(8) 

 

Link Prediction Comparison 

In this experiment, we consider 10 years from 1993 to 2002, one stage for each year and we generate predictions for 

years 1996 through 2003. To generate prediction for a link in year y we use a learning automaton consist of stages 

{1993, 1994, …, y-1} and therefore, the snapshot of year y is used to generate prediction. Also, for all conducted 

experiments, the parameters of the LA-TSLP are chosen empirically based on the sensitivity analysis given in the 

last experiment. Also the maximum iteration of the proposed algorithm for each stage is set to 2000. Then the link 

prediction results of the proposed algorithm (LP-TSLA), for years 1996 through 2003 is compared to the static 

graph link prediction methods based on by AUC metric. All of the used algorithms are implemented in MATLAB 

R2009a in a PC, which has a single CPU of Intel(R) Core(TM)2 Duo 3.33 GHz and a 2 GB memory. The obtained 

result and its comparison of the proposed algorithm for Hep-th, Hep-ph and Astro-ph data set are reported in Table 



2, Table 3, and Table 4, respectively. Also, it should be mentioned that for the following tables given in this 

section, the best results are highlighted. 

 

Table 2 AUC Measures of the Proposed Time Series Algorithm and the Static Methods on Hep-th Data Set 

Method/Data Set CN Jaccard Index PA AA LA-TSLP 

1996 0.7989 0.6098 0.6052 0.7046 
0.7534 

1997 0.7955 0.6033 0.6197 0.7284 
0.8447 

1998 0.7904 0.6210 0.6158 0.7594 
0.8904 

1999 0.7876 0.6390 0.6269 0.7710 
0.9018 

2000 0.7811 0.6401 0.6317 0.7794 
0.9132 

2001 0.7790 0.6501 0.6388 0.7901 
0.9589 

2002 0.8041 0.6445 0.6321 0.7935 
0.9771 

2003 0.7945 0.6438 0.6400 0.7962 
0.9817 

Average 0.7913 0.6314 0.6262 0.7653 
0.9026 

 

Table 3 AUC Measures of the Proposed Time Series Algorithm and the Static Methods on Hep-ph Data Set 

Method/Data Set CN Jaccard Index PA AA LA-TSLP 

1996 
0.7989 0.6098 0.6052 0.7046 

0.8322 

1997 
0.7955 0.6033 0.6197 0.7284 

0.8483 

1998 
0.7904 0.6210 0.6158 0.7594 

0.8838 

1999 
0.7876 0.6390 0.6269 0.7710 

0.9161 

2000 
0.7811 0.6401 0.6317 0.7794 

0.9225 

2001 
0.7790 0.6501 0.6388 0.7901 

0.9419 

2002 
0.8041 0.6445 0.6321 0.7935 

0.9612 

2003 
0.7945 0.6438 0.6400 0.7962 

0.9806 



Average 
0.7913 0.6314 0.6262 0.7653 

0.9108 

 

 

Table 4 AUC Measures of the Proposed Time Series Algorithm and the Static Methods on Astro-ph Data Set 

Method/Data Set CN Jaccard Index PA AA LA-TSLP 

1996 
0.7989 0.6098 0.6052 0.7046 

0.7064 

1997 
0.7955 0.6033 0.6197 0.7284 

0.7734 

1998 
0.7904 0.6210 0.6158 0.7594 

0.7917 

1999 
0.7876 0.6390 0.6269 0.7710 

0.8267 

2000 
0.7811 0.6401 0.6317 0.7794 

0.8661 

2001 
0.7790 0.6501 0.6388 0.7901 

0.8792 

2002 
0.8041 0.6445 0.6321 0.7935 

0.8967 

2003 
0.7945 0.6438 0.6400 0.7962 

0.9667 

Average 
0.7913 0.6314 0.6262 0.7653 

0.8384 

 

The results reported here demonstrate that the proposed time series link prediction method is able to achieve an 

average better AUC measure than the CN, Jaccard Index, PA and AA. The results suggest that the prediction is 

better in term of accuracy that is due to that the proposed algorithm uses the chain of link occurrences information to 

generate prediction. 

Running Diagram of the LA-TSLP 

In this experiment to show the evolutionary process of the proposed algorithm for each prediction, the accuracy 

graph of the proposed algorithm for data set Hep-th, Hep-ph, and Astro-ph are presented in  Figure 3, Figure 4, and 

Figure 5. As it shown these figures, in the start of each state the proposed algorithm operates more stochastic and 

worse that is due to the operating in a new environment, but after a little iterations it learns the new pattern that is 

the aggregation of the previous learnt patterns in addition to the new environment pattern. Also, Table 5 shows the 

percentage of the learning automaton that has converged in each stage. 



 

Figure 3  Running Diagram of the LA-TSLP for Hep-th Dataset 
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Figure 4  Running Diagram of the LA-TSLP for Hep-ph Dataset 
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Figure 5  Running Diagram of the LA-TSLP for Astro-ph Dataset 

  

Table 5 The Percentage of Converged Learning Automata through Learning Process 

Year/Data Set Hep-th Hep-ph Astro-ph 

1996 0.9737 0.9847 0.9823 

1997 0.9742 0.9869 0.9834 

1998 0.9789 0.9882 0.9854 

1999 0.9824 0.9899 0.9868 

2000 0.9855 0.9915 0.9887 

2001 0.9876 0.9935 0.9892 

2002 0.9912 0.9950 0.9902 

2003 0.9934 0.9978 0.9917 

Average 0.9833 0.9909 0.9872 

Sensitive analysis 
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In this section, we study the effect of parameter a, b in the learning algorithm: This experiment compares the impact 

of parameter a, b in the learning rate of the proposed algorithm. To do this, parameter a, b are varied from the set 

{0.001, 0.01, 0.02, 0.03, 0.04, 0.05} and the AUC measure of the proposed algorithm is calculated for each three 

data sets Hep-th, Hep-ph, and Astro-ph, and the results are presented in Table 6, Table 7, Table 8, respectively. 

These tables present that the best value of parameter a, b for all test data sets are about 0.01. This experiment shows 

that the lower learning rate causes later convergence and precisely accuracy in the performance of the LA-TSLP.  

Table 6 AUC Measures of the Temporal Proposed Algorithm with Different Reward Rates for Hep-th Dataset 

Year/Parameter LA-TSLP 

(a=0.001) 

(b=0.001) 

LA-TSLP 

(a=0.010) 

(b=0.010) 

LA-TSLP 

(a=0.020) 

(b=0.020) 

LA-TSLP 

(a=0.030) 

(b=0.030) 

LA-TSLP 

(a=0.040) 

(b=0.040) 

LA-TSLP 

(a=0.050) 

(b=0.050) 

1996 0.7534 0.7482 0.6732 0.6723 0.6703 0.6705 

1997 0.8447 0.8327 0.7634 0.7587 0.7523 0.7511 

1998 0.8904 0.8865 0.8023 0.7982 0.7956 0.7912 

1999 0.9018 0.8934 0.8212 0.8343 0.8325 0.8317 

2000 0.9132 0.9067 0.8382 0.8362 0.8347 0.8302 

2001 0.9589 0.9482 0.9021 0.9001 0.8973 0.8930 

2002 0.9771 0.9693 0.9264 0.9232 0.9201 0.9184 

2003 0.9817 0.9729 0.9313 0.9302 0.9294 0.9288 

 

Table 7 AUC Measures of the Temporal Proposed Algorithm with Different Reward Rates for Hep-ph Dataset 

Year/Parameter LA-TSLP 

(a=0.001) 

(b=0.001) 

LA-TSLP 

(a=0.010) 

(b=0.010) 

LA-TSLP 

(a=0.020) 

(b=0.020) 

LA-TSLP 

(a=0.030) 

(b=0.030) 

LA-TSLP 

(a=0.040) 

(b=0.040) 

LA-TSLP 

(a=0.050) 

(b=0.050) 

1996 0.8322 0.8265 0.8007 0.8000 0.7997 0.7992 

1997 0.8483 0.8294 0.8023 0.8017 0.8009 0.8001 

1998 0.8838 0.8781 0.8539 0.8521 0.8502 0.8456 

1999 0.9161 0.9077 0.8934 0.8912 0.8901 0.8890 

2000 0.9225 0.9137 0.9014 0.9000 0.8991 0.8988 

2001 0.9419 0.9356 0.9288 0.9256 0.9213 0.9201 

2002 0.9612 0.9500 0.9478 0.9454 0.9433 0.9423 

2003 0.9806 0.9612 0.9602 0.9589 0.9580 0.9569 

 



Table 8 AUC Measures of the Temporal Proposed Algorithm with Different Reward Rates for Astro-ph Dataset 

Year/Parameter LA-TSLP 

(a=0.001) 

(b=0.001) 

LA-TSLP 

(a=0.010) 

(b=0.010) 

LA-TSLP 

(a=0.020) 

(b=0.020) 

LA-TSLP 

(a=0.030) 

(b=0.030) 

LA-TSLP 

(a=0.040) 

(b=0.040) 

LA-TSLP 

(a=0.050) 

(b=0.050) 

1996 0.7064 0.6843 0.6532 0.6503 0.6489 0.6402 

1997 0.7734 0.7472 0.7231 0.7212 0.7187 0.7106 

1998 0.7917 0.7687 0.7412 0.7399 0.7385 0.7352 

1999 0.8267 0.8001 0.7832 0.7787 0.7723 0.7701 

2000 0.8661 0.8412 0.8399 0.8387 0.8375 0.8360 

2001 0.8792 0.8577 0.8423 0.8411 0.8403 0.8389 

2002 0.8967 0.8723 0.8669 0.8608 0.8598 0.8581 

2003 0.9667 0.9532 0.9459 0.9423 0.9412 0.9409 

Conclusion 

This paper presents a new time series link prediction method which uses learning automata to predict the occurrence 

or not occurrence of each link in time T+1 by using the network structure from time 1 to T. In the proposed method, 

for each link that must be predicted, there is one learning automaton and each learning automaton tries to learn the 

existence or not existence of the corresponding link in time T+1. The proposed algorithm has some stages and each 

stage corresponds to one time period. In each stage t of the proposed algorithm each learning automaton tries to 

predict the link occurrence of the next time t+1 by using similarity metrics and available link occurrence data. After 

finishing the prediction task in time t, the estimated prediction goes to the next stage. In the next stage each learning 

automaton tries to update and improve its estimation using a new environment t+1 to predict the link occurrence in 

time t+2 and so on. The experimental results reported here show that the proposed algorithm is superior to other 

static algorithms which consider only one snapshot of the network. The better result can be due to the learning 

capability of learning automata that shows that the occurrence of the link in the network evolves through time and a 

small modification of the previously occurrences as well as using different similarity metrics can be used for future 

predictions. 
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