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Abstract. Link prediction has been among the popular topics in social network analysis studies in recent
years. The prediction of new links that may arise in the future, depending on the analysis of the relations
between the entities, has started to be used frequently, especially in recommendation systems. Link predic-
tion methods, especially used in social networks, mostly use the topological features of complex networks
in terms of application. This situation has also paved the way for link prediction methods to be preferred in
almost all kinds of networks of complex network structures. The increased trend in link prediction studies
has also allowed many methods to be proposed and used in this field. The differences in the formation of
the network and the link types prevent the developed methods from giving the same performance for every
complex network. This situation has increased the importance of choosing the appropriate link prediction
method depending on the structure of the complex network. This study applied neighborhood-based link
prediction methods in networks created from different sports competitions. Furthermore, The most suitable
neighborhood-based link prediction method that could be used in sports networks has been investigated.
Link prediction methods were applied to the networks formed with different time periods formed from dif-
ferent sports branches such as tennis tournaments, football competitions, and billiards competitions, and
the accuracy performances of the methods were determined. The results obtained from the AUC metric in
the experimental studies show that the neighborhood-based link prediction methods successfully predict the
new connections that may arise in the future in sports networks.

1. INTRODUCTION

Revealing and analyzing information such as the formation, quality, and continuity of network links
created by applying interactions between entities has increased the importance of network science in
recent years. In particular, the continuity of interaction between entities causes the formation of large
amounts of data. The continuity and diversity of interactions between entities make the network structure
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more complex and allow more information to be analyzed [1]. In recent years, complex network science
has become a standard and powerful tool for modeling relationships between entities [2]. The analysis
of the information obtained from the networks created by using the tools of complex network science
has increased the interest of many disciplines in complex network analysis [3]. The basis of complex
network science is determining certain rules and disciplines to extract information from all kinds of direct
or indirect links between entities [4]. The basis of this growing interest in complex network science is the
increase in applications developed in biological, sociological, technological, and communication fields
and the availability of large amounts of real data suitable for complex network analysis are included [5-
8]. Revealing the link patterns in the network [9-11] and predicting the possible future links [12-17] have
been important areas of study in complex network analysis.

Link prediction in complex networks is the process of detecting invisible links in the network or pre-
dicting new links that may occur by using the information obtained from the nodes and the links between
the nodes and the general structure of the network [18-19]. In order to reveal non-existent links in a
complex network by using link prediction methods, it is necessary to determine the type and direction of
relations between nodes and the effect of node structures on the formation of links in the network. The
change in the structure of a dynamic network is not just about the emergence of new links. The change
in the network may also occur with the addition of new nodes to the network over time or the disappear-
ance of existing relationships. In a dynamic network whose structure changes and continues to change
over time, it becomes difficult to predict the connection [20]. The link prediction process is based on
analyzing the network structure created based on complex network principles. The most important fac-
tors affecting the success of the link prediction process are the correct determination of the relationships
in the network and the revealing of the differences between the nodes. Another principal factor in the
link prediction process is the selection of link prediction methods to be applied according to the network
structure. Considering the formation, type, and weight of the connections in the network and applying
the appropriate methods is effective in making a successful connection prediction [12-17].

Link prediction processes are widely applied in many areas, especially in dynamic networks, for dif-
ferent purposes. Link prediction methods are used in different fields, such as the creation of suggestion
systems in social networks [24-25], filtering according to users’ requests in data analysis [21-22], product
recommendation in e-commerce applications [23], and author, reviewer and topic suggestion to increase
scientific cooperation [ 26-27]. However, link prediction applies to dynamic networks that undergo struc-
tural changes over time [28]. The fact that link prediction methods can be applied in networks created
based on complex network principles and whose structural features can be revealed has paved the way for
these methods to be used for different applications in many areas. One of the most important difficulties
in applying link prediction methods is the selection of methods suitable for the network’s structure.

Unlike the link prediction studies carried out in previous years, this study demonstrated the success of
link prediction methods in networks created from sports competitions. By applying traditional common
neighborhood-based link prediction methods in sports networks formed from different branches, the
most successful methods among link prediction methods have been determined. Neighborhood-based
link prediction methods were applied for different time periods by using the networks of World Snooker
Championship competitions [29], Australian Open Tennis Tournaments [30], and UEFA Europa League
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matches [31], which were found to be in accordance with complex network principles by network anal-
ysis and the results compared. The AUC metric measures the prediction results’ success [32]. The AUC
results show that traditional neighborhood-based link prediction methods can be used to predict possible
future encounters in networks created from sports competitions.

2. METHODS

Depending on the structure and properties of the complex network, many link prediction methods
have been proposed. While the proposed methods give significantly successful results in the networks in
which they are used, their success may be adversely affected in different network structures. However,
there are also generalized methods that can be applied to many complex networks. These methods reveal
the similarities of the node pairs that are not connected to each other in the network. Similarity-based
link prediction methods are the easy to implement due to the use of topological properties of the network
therefore the most frequently used methods. The basic approach in the application of similarity-based
methods is the assumption of probability of link between pairs of nodes that are similar to each other. In
similarity-based methods, the node pairs are represented as x and y, while the probability of establishing
a link is represented as Sxy. The higher the calculated Sxy similarity score means that x and y are more
likely to link in the future.

Neighborhood-based link prediction methods use local topology information of the network instead
of the entire network. In this way, it has low computational complexity and can be implemented faster,
especially in dynamic networks. Therefore, neighborhood-based approaches become more applicable in
large-scale complex networks [33]. Neighborhood-based link prediction methods are used in this study,
which is carried out considering the structural features of the network.

In the similarity score calculations used, Γ(x) is the set of neighbors of x and Γ(x) is the set of neighbors
of y; kx represents the number of connections of x and ky represents the number of connections of y.

2.1. Common Neighbor. Although common neighbors (CN) is one of the simplest methods developed
for link prediction, its prediction success is quite high. Therefore, it is one of the most used methods.
The point of view of the common neighbors method in link prediction is as follows; the more common
neighbors of two nodes, the higher the connection success [34-35]. The Common Neighbor is calculated
as in Eq. 1;

Sxy = |Γ(x)∩Γ(y)| . (1)

2.2. Jaccard Index. The jaccard index, which is mostly used in data mining, is one of the methods with
a high success rate applied in similarity-based link prediction. The Jaccard Index (JI) method uses the
number of common neighbors while calculating the similarity ratio, and also considers the total number
of all neighbors and calculates the probability of two nodes interacting in the future [36-37]. The Jaccard
Index is calculated as in Eq. 2;



13

Sxy =
|Γ(x)∩Γ(y)|
|Γ(x)∪Γ(y)|

. (2)

2.3. Sorenson Index. The Sorenson Index method calculates the probability that two nodes will interact
in the future, taking into account the degrees of all neighbors as well as using the number of common
neighbors when calculating the similarity ratio. It aims to show that nodes with low ratings may have
high connections in the future[30]. The Sorenson Index is calculated as in Eq. 3;

Sxy =
2 |Γ(x)∩Γ(y)|
|Γ(x)|+ |Γ(y)|

. (3)

2.4. Preferential Attachment. The preferential attachment index, which is preferred in growing net-
works, suggests that any node newly joining the existing network is more likely to interact with higher
order nodes. In other words, according to the approach, it is argued that the higher the current node
degree, the more likely it is to increase their future links. According to the preferential attachment index
(PAI), the higher the number of neighbors of the nodes in the current network, the higher the probability
of link between two nodes [37]. The Preferential Attachment is calculated as in Eq. 4;

Sxy = Γ(x)∗Γ(y). (4)

2.5. Adamic-Adar Index. The perspective of the Adamic adar index (AAI) is based on calculating the
connection probability by giving importance to the neighbors with low number of links in the current
network. For example, in order to find out how many nodes the z node, which has common neighbors
(x) and (y), has connections with, the degree of the z node must be taken into account when calculating
connection probability[38]. The Adamic-Adar Index is calculated as in Eq. 5;

Sxy = ∑
z∈Γ(x)∩Γ(y)

1
log(|Γ(z)|)

. (5)

2.6. Resource Allocation Index. Resource allocation index (RAI) measures how strong the connection
between pairs of nodes that are not directly connected to each other and is widely used in complex
networks. In other words, it is used to calculate the similarity of pairs of nodes that are in communication
over common neighbors even though they are not directly connected to each other. The calculation of
this similarity ratio is made in accordance with the sources they received from each other [39]. In the
formula below, kz represents the number of neighbors of z, which is the common neighbor of (x) and (y).
The Resource Allocation Index is calculated as in Eq. 6;

Sxy = ∑
z∈Γ(x)∩Γ(y)

1
kz
. (6)
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3. EXPERIMENTAL STUDY

The fact that link prediction applications are generally concentrated on social networks and interaction
networks prevents the performance of these methods in different dynamic networks to be adequately
evaluated. Therefore, the basis of this study is to evaluate the success of link prediction methods in
networks formed from different branches such as sports network. In addition, another aim of the study
is to evaluate the usability of neighborhood-based link prediction methods against the difficulties in
calculating the probability of future encounters between athletes or teams in sports competitions. The
general steps of the experimental study are shown in Figure 1.

FIGURE 1. Implementation steps of experimental study.

3.1. Data Set. In the experimental study, networks were created from the World Snooker Championship
[29], Australian Open Tennis Tournaments [30] and UEFA Europa League [31]. The reason for using
these networks as datasets is their compliance with the basic properties of complex networks support-
ing the empirical part such as availability of data and critical attributes such as time. The World Snooker
Championship dataset [40] is shown in Figure ??, the complex network of Australian Open Tennis Cham-
pionships [41] is shown in Figure 2-(a), and the complex network of UEFA Europa League Networks
[42] competitions is shown in Figure 2-(b).

As shown in Table 1, in the snooker and tennis networks, the nodes are formed from the athletes, and
the links between the nodes are formed from the competitions between the athletes. In the UEFA Europa
League networks, the nodes are formed from the teams, and the links between the nodes are formed from
the matches between the teams.
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TABLE 1. Snooker world championship competitions dataset in [40].

TABLE 2. Count of nodes and links for the world championship network.
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FIGURE 2. a. Network of Australian Open Tennis Championships in [30],
b. Network of UEFA European League in [31].

3.2. Creating Networks Based on Time Period. In the experimental study, unweighted and undirected
networks were created from the obtained data sets in 2 different time periods.

As shown in Table 2, the importance of the time period in the training network was investigated by
choosing time periods at different intervals for training in the networks created. However, to measure
the success of the training networks, the 4-years period following the time period forming the training
network was used as the test network.

After the training and test networks were created, Common Neighborhoods, Jaccard Index, Preferential
Attachment Index, Adamic-Adar Index, Resource Allocation Index and Sorenson Index methods, which
are traditional neighborhood-based link prediction methods described in Section 2, were applied.

TABLE 3. Training and test networks created depending on the time period.

3.3. Experiment results.
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3.3.1. Networks Created Between 2004-2007. For the data between 2004-2007, the network in the time
period between 2004-2007 was used for training, while the years 2008, 2009, 2010 and 2011 were used
as tests. Looking at Tables 4 -6, it is seen in the results obtained from the AUC metric that the link
prediction methods are not successful at the desired level for all sports networks.

The main reason for this seems to be that the time period used for the training network is short.
However, despite the negative effect of the training network, the success of the link prediction methods
increased as the time period of the networks created for training increased.

TABLE 4. Link Prediction AUC Results in Snooker Network Created Between 2004-2007.

TABLE 5. Link Prediction AUC Results in Tennis Network Created Between 2004-2007.

When the prediction successes at branch level in networks where link prediction methods are applied,
it is seen that more successful prediction results are obtained in networks consisting of snooker competi-
tions than in other sports networks, as can be seen in Table 4. It is seen that the lowest prediction success
is in the networks created from UEFA Europa League matches.

This is due to the effect of the number of nodes and links in the training and test networks on the
prediction success. The high number of nodes and connections used for the training and test network,
that is, the quality of the data used in the analysis for the network, increases the link prediction at the
right rate.
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TABLE 6. Link Prediction AUC Results in UEFA Network Created Between 2004-2007.

When the success of the connection prediction methods in the networks created between the years
2004-2007 is compared; in Snooker networks in Table 5, Preferential Attachment Index methods was
successful in the 2008 network and Jaccard Index methods were successful in the 2009, 2010 and 2011
networks. In Tennis networks in Table 6, Preferential Attachment Index methods was successful in the
2008 network and Jaccard Index methods were successful in the 2009, 2010 and 2011networks. In UEFA
Europa League networks in Table 5, Preferential Attachment Index methods was successful in the 2008
network and Jaccard Index methods were successful in the 2009, 2010 and 2011 networks.

When the success of the link prediction methods for all networks is examined in general, it is seen
that the Preferential Attachment Index and Jaccard Index methods are more successful than the other
methods in the networks between 2004-2007. It is seen that the Preferential Attachment Index method
is more successful than other methods in networks where the test network is formed from a narrow time
period, and the Jaccard Index method is more successful than other methods as the time period of the
test network increases. The difference in success in link prediction is due to the fact that the applied link
prediction methods analyze, the way the nodes in the networks are connected to each other, the number
of nodes, the number of connections and the power of the hub nodes in the network differently.

3.3.2. Networks Created Between 2004-2013. For the data between 2004-2013, the network in the time
period between 2004-2013 was used for training, while the years 2014, 2015, 2016 and 2017 were used
as test networks. Looking at the results obtained from the AUC metric in Tables 7-9, it is seen that
predictions are made similar to the predictions in the networks created between 2004-2007, as in Tables
4-6. Looking at Tables 7-9, unlike the predicts for the 2004-2007 time period, it is understood that
the predictions for the short time intervals used in the training network are more successful than the
predictions for the previous time periods. The reason for this is that the network created for training
consists of a long time period. Because the time interval of the network created for training is long, it
enables the use of more topological information for estimation, and this is a factor that increases the
success of prediction in a short time interval. However, the longtime interval of the network used for
testing provides a similarly high success as in the previous time periods.

When the success of the link prediction methods in the networks created between 2004 - 2013 is
compared, as seen in Tables 7-9, the Preferential Attachment Index predicted more successfully than the



19

TABLE 7. Link Prediction AUC Results in Snooker Network Created Between 2004-2013.

TABLE 8. Link Prediction AUC Results in Tennis Network Created Between 2004-2013.

TABLE 9. Link Prediction AUC Results in UEFA Network Created Between 2004-2013.

other methods in all time intervals created for training and in all sports branches. The reason for this
is that the Preferential Attachment Index method increases the success of the predictions by calculating
more similarity ratios by using the topological information in the network due to the long time period in
the networks used for training. However, it is possible to say that the neighborhood-based link prediction
methods used in the training and test networks created between 2004-2013 are successful.
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4. CONCLUSION

In this study, the success of neighborhood-based link prediction methods used in complex networks
in sports networks was investigated. In the study, networks were created in two different time peri-
ods from Snooker World Championship tournaments, Australian Open Tennis tournaments and UEFA
Europa League competitions and neighborhood-based link prediction methods were applied to these net-
works. The reason for the creation of networks from different time periods was to determine the success
of link prediction methods according to the density of data in sports networks. The success of the re-
sults obtained was measured with the AUC metric. The results obtained from the AUC metric show
that neighborhood-based link prediction methods are successful for networks created under favorable
conditions from sports competitions. The most important factor affecting the success of link prediction
methods has been the density of data in the networks created. While the most successful results were ob-
served in the networks created from the Snooker World Championship, it was determined that the lowest
success was in the networks formed from the UEFA Europa League competitions. Another result of the
study is that the networks created for testing should be created from a large time period, just like the net-
works created for training. Experimental results show that link prediction methods are more successful
in test networks created over a large time period.
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[31] Sulak,E.E., Yılmaz,H. Özkaynak,E.: Complex Network Analysis Of Uefa Europe Lea-gue Competitions, International
Conference On Advanced Technologies, Computer Engineering And Science (Icatces’18), 389-393, Karabük (2018)

[32] Hanley, J. A. and McNeil, B. J., ”The meaning and use of the area under a receiver operating characteristic (ROC)
curve.”, Radiology, 143 (1): 29–36 (1982).

[33] H. Wang and Z. Le, “Seven-layer model in complex networks link prediction: A survey,” Sensors (Switzerland), vol. 20,
no. 22. MDPI AG, pp. 1–33, Nov. 02, 2020. doi: 10.3390/s20226560.

[34] Newman M.E.J.: Clustering and Preferential Attachment in Growing Networks, Phys. Rev. E - Stat. Physics, Plasmas,
Fluids, Relat. Interdiscip. Top. 64 (2001).

[35] Murata, T. and Moriyasu, S., ”Link Prediction of Social Networks Based on Weighted Proximity Measures”,
IEEE/WIC/ACM International Conference on Web Intelligence (WI’07), Fremont, 85–88 (2007).

[36] Jaccard, P., ”Etude de la distribution florale dans une portion des Alpes et du Jura”, Bulletin De La Societe Vaudoise Des
Sciences Naturelles, 37: 547–579 (1901).

[37] de Sa, H. R. and Prudencio, R. B. C., ”Supervised link prediction in weighted networks”, The 2011 International Joint
Conference on Neural Networks, San Jose, 2281–2288 (2011).

[38] Adamic, L. A. and Adar, E., ”Friends and neighbors on the Web”, Social Networks, 25 (3): 211–230 (2003).
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