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ABSTRACT 

The objective of the study was to test the Apriori algorithm of classification for obtaining 

training components that are connected with one another in the strongest way, in athletic training of 

race walkers. The presented algorithm expansion of the selection process will also generalize and 

obtain a system for recognizing the effectiveness of athletic training. Furthermore, particular 

properties of the criteria of component sets will be specified in terms of general selection in order to 

combine the relative and non-relative criteria. 
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1.  INTRODUCTION  

 

Data mining tools based on obtaining knowledge from data sets more often appear in 

analytics and optimization of sports training (АЖИППО et al. 2014; Percy 2015; Popovski et 

al. 2016; Yu 2015). A number of practitioners and coaches collect data and try to acquire 

information from such data allowing to obtain knowledge depending on the tested parameters 

that are decisive in the case of the sports result (Wiktorowicz et al. 2015). Some of the most 

advanced parameters relate to the psychomotor aspect, distribution of training loads, 
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frequency of neural oscillations or muscle activity during workouts. Transactions or data is 

considered phenomena or processes in sports depending on the goal of the analyzed 

unexpected relations are subject to explorations covering various techniques, schemes or 

visualizations in such sets. 

Considering the fact that data exploration is used for identification of association rules, 

an insight into the distribution of training loads may indicate which of them are associated. 

Such an identification of standards may be the basis for undertaking training decisions. 

The Apriori algorithm was used to test the relation between athletic training 

components including the frequency of their occurrence in a 5-week athletic training. The 

studies aim at a quantitative assessment of relations between training indicators and at support 

of athletics training of master class race walkers. 

 

 

2.  THEORETICAL BACKGROUND 

 

Management and control of sports training - the follow-up of a professional activity led 

by a coach, targeted at a specific sports goal, medium-term and long-term athlete's response to 

a given load (Ważny 1989, Sozański et al., 1999, Issurin 2010). These reactions are analyzed 

so that training effects can be attained (Lyakh et al., 2012). As a consequence, whether the 

planned training process is successful. Beyond the process of sports training for information 

on the stages of individual training, training cycles or training periods. Therefore, in the 

products presenting an example of the application of Apriori computational management to 

the training process, what gives better understanding, more specific planning and control of 

sports training. 

 

2. 1. Method of data collection and analysis 

The Apriori algorithm sets associative rules of learning in data or trans action sequences 

in databases (Aggarwal, Reddy 2013; Agrawal et al. 1996). Transactions or data is considered 

to be a set of components that is identified by an algorithm based on the threshold value of C 

frequencies being subsets of at least one C transaction/data (Argwal, Srikant 1994; Duarte et 

al. 2014). Particular items are expanded on to increasingly bigger sets of components. 

Nevertheless, these sets should often appear in the database. Apriori, based on “associating” 

frequently occurring component sets indicate tendencies in the database (Tsai, Chen 2004; 

Tan et al. 2006). 

The problem of mining association rules defined by Agrawal (1996) and Tang et al. 

(2013) describes: 

 

Let               will be n set of binary attributes called items. Let               
 

be the set of transactions called database. Each transaction D features a unique transaction ID 

and contains a subset of elements in I. Rule is defined as    , where      and    
 . A set of elements A and B is referred to as antecedent (left-hand-side or LHS) and 

consequent (right-hand-side or RHS) of the rule respectively. 

Databases used for step-by-step development of associative rule identification was 

obtained by recording the completed training units by ten master class race walkers during a 

5-week athletic training.  The participants represented the same sports level, i.e. master class. 



World Scientific News 78 (2017) 255-266 

 

 

-257- 

In the case the sports level was lower than the required level, the participants would be 

excluded from the study. 

Eight training units were entered to the databases, including:  endurance range 1 

(oxygen level ≥50%), endurance range 2 (oxygen level ≥70%), endurance range 3 (oxygen 

level ≥85%), endurance efficiency (special - progressive oxygen level), strength endurance, 

fast rhythm, long rhythm and athletic recovery. Each training element occurring in a given 

week was replaced and arranged into a set of components, and adjusted for each transaction in 

the database              (as shown in table 1.). 

 

Table 1. Transaction Id data set, performed by a group of race walkers in the 5-week training. 
 

Transaction 

ID (T) 
Items 

t1 {ER1, RL, ER2, ER1, ER1, RS, SER, ER1, BR} 

t2 {ER1, ER1, RS, ER2, SER, ER1, ER1, SE, RS, ER1} 

t3 {ER1, ER2, ER1, RS, E1, SE, RL, ER1} 

t4 {ER1, RS, SER, ER1, ER1, RS, ER2} 

t5 {BR, ER1, RS, ER1, ER2, ER3, ER1, ER1} 

Legend: ER1- endurance range of 1, RS – rhythms short, RL – rhythms short, SER – special endurance,  

BR – biological regeneration, SE – strength endurance; Source: own elaboration 

 

 

The WEKA software version 3.8 was used for classification, clustering and association 

analysis of the Apriori algorithm. 

 

2. 2. Preprocessing 

Base transaction data was stored in CSV format so that the Apriori algorithm could be 

launched. The threshold frequency was set prior to launching the algorithm. 

Niu et al. (2016) think that there is a relation from point A to point B if the credibility is 

higher than the threshold value of the frequency. In this study, a threshold value of at least 

60% was adopted for each single transaction for checking the number of repeated training 

components. This means that a given training element should occur at least three times in a 5-

week training. The work of Roşca and Rădoiu (2015) was taken as an example. They 

indicated in their work that the time of the algorithm reduced as the frequency threshold 

increased.  

Prior to starting calculations, implementation of the algorithm required to configure the 

Apriori implementation classes in Java code. The adopted Apriori class parameters are shown 

in the code below: 
 

importjava.io.BufferedReader; 

importjava.io.FileReader; 
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importjava.io.IOException; 

importweka.associations.Apriori; 

importweka.core.Instances; 

publicclassMain 

{ 

 publicstaticvoidmain(String[]args) 

 { 

  Instances data =null; 

 

  try{ 

    BufferedReaderreader=newBufferedReader(new 

  FileReader( "...\\example2.arff" )); 

   data =newInstances(reader); 

   reader.close(); 

   data.setClassIndex(data.numAttributes()- 1); 

  } 

  catch(IOException e ){ 

  e.printStackTrace(); 

  } 

  doubledeltaValue= 0.05; 

  doublelowerBoundMinSupportValue= 0.1; 

  doubleminMetricValue= 0.5; 

  intnumRulesValue= 20; 

  doubleupperBoundMinSupportValue= 1.0; 

  String resultapriori; 

  Aprioriapriori=newApriori(); 

  apriori.setDelta(deltaValue); 

 apriori.setLowerBoundMinSupport(lowerBoundMinSupportValue); 

 apriori.setNumRules(numRulesValue); 

 apriori.setUpperBoundMinSupport(upperBoundMinSupportValue); 

 apriori.setMinMetric(minMetricValue); 

  try 

   { 

    apriori.buildAssociations( data ); 

 

   } 

   catch(Exception e ){ 

    e.printStackTrace(); 

   } 

   resultapriori=apriori.toString(); 

 

  System.out.println(resultapriori); 

  } 

} 

 

 

Figure 1. The pseudo code of Apriori algorithms in WEKA. 

 

 

The algorithm shown in Figure 1, was carried out in order to set Lower bound for 

minimum support of 0.1, rules with stores higher than value minimum metric score of 0.5 and 

number of rules to find of 20. Interactive reduction of the support was determined using a 

delta value at 0.05. The upper limit for the minimum support was 1.0. 
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3.  ANALYSIS 

 

Step 1: The Apriori algorithm sums up the number of transactions where each item occurs, 

i.e. occurrence of a given item in each of the five transactions. 

 

Table 2. Numberpositions of items in transaction. 
 

Item Number of transaction 

ER1 5 

ER2 4 

ER3 1 

SER 3 

RS 5 

RL 2 

SE 2 

BR 2 

Source: own elaboration 

 

 

All possible components in transactions were generated [ER1], [ER2], [ER3], [SER], 

[RS], [RL], [SE], [BR]. The frequency for each single transaction was computed (how often a 

transaction component occurred in the database)              . The frequency in all 

transactions was compared with frequency threshold. 

Step 2: When analyzing the frequency of components in transactions as compared with the 

frequency threshold, four components were eliminated in transactions [ER3], [SE], [RL], 

[BR]. The remaining items repeated at least 3 times, were qualified. 

 

Table 3. Number of classified individual items. 
 

Item 
Number of 

transaction 

ER1 5 

ER2 4 

SER 3 

RS 5 

Source: own elaboration 
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Step 3: Possession of the repeating components with threshold frequency allows to create 

pairs of components starting from the first item. As a result of the above, it was no longer 

necessary to start from the second component which would provide the same effect as the one 

obtained when starting with the first component. The procedure consisted in combining pairs 

from the same first alphabet. This means generating two products on the basis of the item of 

the same alphabet (Duarte et al. 2014):  

 

         
 

         and to bounded 

 

After entering all pairs and assigning components to letters of the alphabet, sets shown 

in Table 4 were obtained. 

 

Table 4. Paris of 2-item transaction sets. 
 

Item paris 

ER1_ER2 

ER1_SER 

ER1_RS 

ER2_SER 

ER2_RS 

SER_RS 

Source: own elaboration 

 

 

Scanning databases of transactions allows to obtain six 2-item transaction sets.  
 

Step 4: The second step needs to be repeated relating to the set of 2-item transaction 

candidate list from Table 3 including the frequency of repeating pairs from the transaction 

databases contained in Table 1. The repeatability of those component pairs is shown in Table 

4. 

 

Table 5. Number of pairs of 2-item transaction sets. 

 

Item pairs 
Number of 

transactions 

ER1_ER2 4 

ER1_SER 3 

ER1_RS 5 
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ER1_SE 3 

ER2_SER 2 

ER2_RS 4 

ER2_SE 1 

SER_RS 3 

RS_SE 2 

Source: own elaboration 

 

 

 

The most often repeated 2-item set (5 times) was set [ER1_ER2].  Sets [ER2_SE], 

[RS_SE] and [ER2_SER] were repeated less often than the indicated threshold frequency. 

Step 5: Based on the table from Step 4, pairs of the number of transactions repeated less than 

3 times were excluded. The result of this procedure is shown in Table 6. 

 

Table 6. Number of pairs classified 2-item transaction sets. 
 

Item pairs 
Number of 

transactions 

ER1_ER2 

ER1_SER 

ER1_RS 

ER1_SE 

ER2_RS 

SER_RS 

4 

3 

5 

3 

4 

3 

Source: own elaboration 

 

 

If you look at table 6, you can see pairs of components often executed among athletes. 

Based on this knowledge, it is possible to proceed to the next step of the Apriori 

algorithm.  It consists of searching a set of three components connected with one another, and 

then of supplementing the sets. 

Step 6: Generating a 3-item set should be preceded with satisfaction of two pairs from the 

same first alphabet. This means that in a set of two items, AB, AC, AD and BC should be 

filled out in order to generate three products based on two items from the same alphabet: 

 

            
 

            and to bounded 
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Table 7. Paris of 3-item transaction sets. 
 

Item pairs 

ER1_ER2_RS 

RS_ER1_SER 

ER1_RS_SE 

ER1_ER2_SER 

ER1_RS_SER 

ER1_SE_SER 

Source: own elaboration 

 

 

Scanning databases of transactions allows to obtain six 3-item transaction sets.  

Step 7: At this stage, the number of pairs of the 3-item component set are summed up.  

 

Table 1. Number of pairs of 3-item transaction sets. 
 

Item pairs 
Number of 

transactions 

RS_ER2_SER 

ER1_RS_SE 

ER1_ER2_SER 

ER1_RS_SER 

ER1_SE_SER 

ER1_ER2_RS 

ER1_ER2_SE 

2 

2 

2 

3 

1 

4 

1 

Source: own elaboration 

 

 

The set of three training items often completed by participants at least three times is as 

follows: ER1_ER2_RS and ER1_RS_SER (Table 9).  

 

Table 9. Number of pairs classified 3-item transaction sets. 
 

Item pairs 
Number of 

transactions 

ER1_RS_SER 3 
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ER1_ER2_RS 4 

Source: own elaboration 

 

 

The ER1_ER2_RS set is often completed in athletic training of race walkers. 

Table 10 shows the best rules of the association of component pairs which were 

assessed according to three indicators: confidence, lift, leverage and conviction. Confidence is 

calculated by dividing the probability of the items occurring together by the probability of the 

occurrence of the antecedent. In frequent item set, the confidences the ratio of the number of 

transactions of the type A,B and the total number of transactions containing item A, 

calculated as: 

          (   )  
    (   )

    ( )
 

 

    (   )  
           

   
 

 

where, support means indicate the frequency of the selected set of database (Zhang et al. 

2010). 

The leverage is a ratio of the additional components. It provides information relating to 

improvement of the probability of the consequence of a given antecedent. It indicates the 

power of controlling a random co-existence of the antecedent based on their individual 

support and computation: 

    (   )  
     (   )

    ( )      ( )
 

 

The conviction of a rule is measure of departure from independence, defined as: 

 

    (   )  
       ( )

      (   )
 

 

At first assumed specified minimum support of 0.1 and a user-specified minimum 

confidence of 0.9. It was computed to find All frequent item sets in a database and order to 

form rules in frequent item sets. Support and confidence are also the primary metrics for 

evaluating the quality of the rule generated by the model. 

 

Table10. Rulesfound in sports training 3-item transaction sets. 

 

Set items paris Confidence Lift Leverage Conviviton 

ER1_RS_SER 0.92 1.38 0.03 2.17 

ER1_ER2_RS 0.91 1.36 0.03 1.83 

Source: own elaboration 
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The quality of the associative rules of component sets indicates that among race 

walkers, 92% of athletes show endurance range of 1, short rhythms and special endurance. 

Just over 91% of athletes execute endurance range of 1, endurance range of 2 and short 

rhythms. The associative rule is considered to be interesting because it meets the minimum 

thresholds of support and credibility. 

 

 

4.  CONCLUSIONS 
 

The objective of this paper was to support athletic training of race walkers based on the 

Mining Apriori algorithm. A study of data exploration allowed to obtain training components 

that are associated with one another in the strongest way and occur most frequently during 

athletic training. The Apriori algorithm also indicated a relation between endurance in the 

range between 1 and 2, as well as short rhythms. With the adopted lower frequency, relations 

of endurance in the range of 1, special endurance and short rhythms were observed. 

Nevertheless, there is a lack of works on indicating the associative rules of learning in sports 

data. The knowledge indicated in this work on learning associative rules of athletic training 

may support coaches or practitioners of sports in improving athletic skills, indicating 

components that are most frequently used with strong relations between one another.  

The discussed management of the training process results from the interaction of the 

calculation tool and the training of the sport. Systematic control and manipulation of training 

volume parameters as well as training elements supports the training process. Combining 

coaching practice with the presented algorithm is crucial for the management, including 

planning and analysis of the training process, especially when the block division into training 

elements that enhance the effectiveness of sports preparation is made, thus making the 

training effects more controllable and predictable. (Counsilman and Counsilman, 1991). 

The Apriori algorithm for sports data requires finding methods allowing for raster data 

scanning (Fujiwara et al. 2016). This is the basis for further research explaining the training 

load in relation in sports (Witten, Frank 2005). The problem of sports training items in cited 

other research authors was implemented in a different way than this work. Research method is 

innovative in optimizing the training of athletes and support management of sports training, 

allowing for very precise measurements choice of predictors. 
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