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1. Introduction 
 
Data mining is the process of discovering useful patterns and trends in large data sets 
[1, 2]. In this paper, we present several data mining tasks, such as prediction, classi-
fication, clustering and association as well as data cleaning, and show how they can 
be dealt with using the R programming language. We present several computational 
examples in which real-life and benchmark data sets are used. The full R scripts are 
provided for preparing data sets, solving the tasks and analyzing the obtained results.  
 
2. Data preprocessing 
 
Databases often contain raw data in a form which is not suitable for data mining 
algorithms and models. For example, they may contain missing values, outliers, ex-
pired values, values not consistent with common sense or other unusual values which 
can mislead the results of subsequent data analysis [1]. Therefore, before any 
knowledge can be discovered from a database, data usually should be cleaned and 
transformed. In this section, we show how missing values and outliers can be tackled 
with.  
 
2.1. Missing values 
 
The simplest way to deal with a missing value is to ignore it, e.g. to remove a record 
containing a field with no data. However, this may lead to biased sets of data. The 
other way is to replace missing values with substituted values, which will be shown 
in the following example. 
 In the experiment, data set “airquality.csv” [3] is used (see Figure 1). We focus 
on variable ܱ݁݊݋ݖ for which some values are not available (they are denoted by 
NA). The R script and the resulting histograms are presented in Figures 2 and 3, 
respectively. In Figure 3a the histogram for original variable ܱ݁݊݋ݖ (with the NA 
values omitted) is shown. Figure 3b presents the histogram for variable ݁݊݋ݖ݋. ݉ 
obtained by replacing the NA values by the mean (in line 5 of the R script). The 
histogram has a clear peak in the frequency for the interval containing the mean 
value. Figure 3c shows variable ݁݊݋ݖ݋.  created by replacing the NA values with ݎ
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the values generated at random from the observed variable distribution (in lines 9-
12 of the R script). In this case, the histogram looks better than in Figure 3b, its shape 
is very similar to the shape of the histogram in Figure 3a. 

 
Figure 1. Excerpt from data set “airquality.csv” 

 
Figure 2. R script for handling missing values 

 
Figure 3. Histograms for variable ܱ  with NA omitted (a), after replacing the NA values :݁݊݋ݖ
with the mean (b), after replacing the NA values with the values generated at random from 
the observed variable distribution (c) 

Ozone Solar.R Wind Temp Month Day
1 41 190 7.4 67 5 1
2 36 118 8 72 5 2
3 12 149 12.6 74 5 3
4 18 313 11.5 62 5 4
5 NA NA 14.3 56 5 5
6 28 NA 14.9 66 5 6
7 23 299 8.6 65 5 7
8 19 99 13.8 59 5 8
9 8 19 20.1 61 5 9

10 NA 194 8.6 69 5 10
11 7 NA 6.9 74 5 11
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2.2 Outliers 
Outliers are values which go against the trend of the remaining data. They may indi-
cate errors in data entry or represent unusual observations which carry important 
information, e.g. for fraud detection or medical analysis. Because of the presence of 
outliers, statistical methods may deliver unstable results [1, 4, 5].  
 

 
Figure 4. Excerpt from data set “body_mass_index.csv” 
 
 

 
Figure 5. R script for detecting outliers 
 

WeightKg HeightM BodyMass
84.82 1.65 31.12
60.33 1.54 25.55
93.44 1.79 29.31
73.03 1.58 29.07
82.55 1.89 22.99
93.89 1.79 29.45
99.34 1.75 32.43
96.16 1.8 29.65
66.68 1.6 26.21
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In this section, four methods for detecting outliers are considered: a histogram, a two-
dimensional scatter plot (graphical methods), a ܼ-score method and an interquartile 
range (numerical methods). In the experiment, data set “body_mass_index.csv” [6] 
is used (see Figure 4), which stores 50 records with weights, heights and body mass 
indexes for 50 people. The R script is presented in Figure 5. The histograms and 
scatter plots are shown in Figure 6. In the histogram for weight (Figure 6a), there 
appears to be one lonely value in the right tail of the distribution, ݃݅݁ݓℎݐ = 155.66 
(circled in red). This point can be clearly identified as an outlier. The scatter plots of ℎ݁݅݃ℎݐ against ݃݅݁ݓℎݐ, and of ܾ  show (Figures 6d and 6e) ݐℎ݃݅݁ݓ against ݏݏܽ݉ݕ݀݋
the same outlier. Figures 6a, 6c, 6d, 6e suggest that the point with ݃݅݁ݓℎ111.13 = ݐ and ܾݏݏܽ݉ݕ݀݋ =  39.22 should be also taken into account as a possible 
outlier (circled in orange). 

 
Figure 6. Detecting outliers: histograms and scatter plots 
 ܼ-score method for identifying outliers states that a data value is an outlier if it has 
a ܼ-score which is either less than -3 or greater than 3. Z-score for an observed ݔ௜ 
value of variable ݔ is calculated according to the following formula: ܼ௜ = ௜ݔ)  −  ,ߪ/(ݔ̅

where ̅ݔ is the mean and ߪ is the standard deviation of all observations of ݔ. 
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 ܼ-score for variable weight is calculated in line 12 of the script (Figure 5) and 
stored in variable weight.zs. In line 17, the outliers are detected as those of the weight 
values for which the weight.zs values are less than -3 or greater than 3.  
 The interquartile range (IQR) based method for detecting outliers, states that a data 
value is an outlier if: 

• it is located 1.5 ∗  or more below ܳ1 or ܴܳܫ
• it is located 1.5 ∗  ,or more above ܳ3 ܴܳܫ

where ܳ1 and ܳ3 denote the first and the third quartile, respectively, and 3ܳ = ܴܳܫ −  ܳ1.  
 The IQR method is implemented in lines 21 and 23 of the script (Figure 5) and 
its results (for weight) are held in variables outliers.weight.iqr.25 and outli-
ers.weight.iqr.75 (data points lying, respectively, 1.5 ∗ or more below ܳ1 and 1.5 ܴܳܫ ∗  .(or more above ܳ3 ܴܳܫ
 As the result of the computations, the ܼ-score method indicated the weight value 
of 155.66 as an outlier, and the IQR method, beside the weight with value 155.66, 
indicated also as an outlier the body mass index value of 39.22. This confirms the 
results suggested by the graphical methods. Weight of 111.13 was not detected as an 
outlier by any numerical method. 
 
3. Clustering 
 
Clustering is a technique for grouping data points (records, observations). A cluster-
ing algorithm tries to group data so that data points with similar features are put 
together in one cluster and different clusters contain highly dissimilar points [1, 7, 
8]. Clustering can be used for example to segment financial behavior into benign and 
suspicious categories, to identify fake news or as a dimension reduction tool. 
 One of the most popular clustering methods is the ݇-means algorithm. It works 
with the vector of cluster centers (centroids). In each iteration, the distance between 
each data point and each cluster centroid is calculated. Then, every data point is as-
signed to the closest cluster and the centroids are updated. The process stops when 
there is no change in the assignment of data points to clusters in two subsequent 
iterations.  
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 In the experiment, data set “Aggregation.csv” [9] is used. It contains coordinates 
of 788 points belonging to 7 groups. The R script, presented in Figure 7, simply 
invokes the ݇݉݁ܽ݊ݏ function to which the number of clusters, 7, is passed (line 4). 
The data set with clearly visible 7 groups of points and the clustering results (with 
centroids marked as black circles) are presented in Figures 8a and 8b, respectively. 
We can see, that the ݇-means algorithm identified some of the groups in a bit differ-
ent way than we can see them in Figure 8a.  
   

 
Figure 7. R script for clustering with ݇-means algorithm 
 

 
Figure 8. Data set with 7 groups of points (a), and the result of clustering by ݇-means algo-
rithm (b) 
 
As a quality index for clustering, we can take the ratio of the sum of squares between 
clusters (ܵܵܤ) to the total sum of squares (ܵܵܶ), defined as follows: 
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= ܤܵܵ • ∑ ݊௞݀(ܿ௞, ଶ௄௞ୀଵ(ݔ̅ , where ܭ is the number of clusters, ݊௞ is the num-
ber of records in cluster ݇, ݀(ܿ௞, -is the distance between the center of clus (ݔ̅
ter ݇, ܿ௞, and the mean, ̅ݔ,  

• ܵܵܶ = ∑ ,௜ݔ)݀ ଶ௡௜ୀଵ(ݔ̅ , where ݊ is the number of records, ݀(ݔ௜, -is the dis (ݔ̅
tance between data point ݔ௜ and the mean.  

For the obtained clustering result, the value of ܵܵܤ ܵܵܶ⁄  is equal to 91.5% which 
means a quite good quality partition (ܵܵܤ and ܵ ܵܶ values can be shown by executing 
lines 10 and 11 of the script). 
 
4. Classification 
 
Classification is the most common data mining task. In classification, there is a target 
categorical variable, which is partitioned into predetermined categories (classes), 
and a set of input (predictor) variables [1]. For example, in the breast cancer diagno-
sis, patients may be assigned to either a benign (non-cancerous) category or malig-
nant (cancerous) category based on the features computed from a digitized image of 
a fine needle aspirate of a breast mass, which describe characteristics of the cell nu-
clei present in the image [10]. 
 A classification algorithm is given a great number of records, each record con-
taining a set of input variables for which the information on a target variable is pro-
vided. The algorithm learns which values of the target variable are associated with 
which values of the input variables. In this way, a model (a classifier) is built which 
can be used, after a proper evaluation, to predict the unknown value of the target for 
new values of the input variable set.  
 
4.1 Cross validation 
 
A common technique for model evaluation is ݇-fold cross validation [2, 11]. It pro-
ceeds as follows.  

1. The original data are partitioned into ݇ independent subsets. 
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2. The model is built using the training set containing data from ݇ − 1 subsets 
and tested using the test set containing data from the kth subset. This is done 
iteratively until ݇ different models created. 

3. The results, e.g. error rates, from the ݇ models are combined using averaging 
or voting. 

The ݇-fold cross validation method ensures that every observation from the original 
dataset has a chance of appearing in a test set. 
 The following example shows how to use the ݇-fold cross validation technique 
for evaluating the performance of one of the classification algorithms, namely the ݇-
nearest neighbor (knn) algorithm. The knn algorithm is an example of instance-based 
learning, in which the training data set is stored, so that the class for a new unclassi-
fied record may be found simply by comparing it to the ݇ closest records in the 
training set. 
 In the experiment, data set “seeds.csv” is used [12]. It contains 210 records with 
7 geometric parameters of wheat kernels for three different varieties of wheat: Kama, 
Rosa and Canadian (see Figure 9).  

 
Figure 9. Excerpt from data set “seeds.csv” 
 
In Figure 10, the R script for the ݇ -fold cross validation is shown. Before partitioning 
the records of the data set into folds, they are placed in a random order (line 5). The 
number of folds, stored in variable nbreaks, is set to 7, which means that each train-
ing set will contain 180 records and tests will be carried out using 30 records. The 
folds are created in line 9. The successive folds are used one by one in the successive 
iterations of the loop (lines 13-31) to determine the indices of records to be included 
in the test and training sets. For example, in the first iteration, numbers from 1 to 30 
are assigned to variable test.indices, which is used for creating the test set with the 
first 30 records from the data set (lines 15-17). The remaining records of the data 

area perimeter compactness length_of_kernel width_of_kernel assymetry_coef length_of_kernel_groove weat_variety
14.3 14.37 0.8726 5.63 3.19 1.313 5.15 1
12.2 13.32 0.8652 5.224 2.967 5.469 5.221 3
12.7 13.75 0.8458 5.412 2.882 3.533 5.067 1
17.6 15.98 0.8673 6.191 3.561 4.076 6.06 2
16.8 15.67 0.8623 5.998 3.484 4.675 5.877 2

14 14.29 0.8625 5.609 3.158 2.217 5.132 1
13.3 13.95 0.862 5.389 3.074 5.995 5.307 3
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set are assigned to the training set (lines 18-19). Variables d.test.class and 
d.train.class contain only values of the class (ݕݐ݁݅ݎܽݒ_ݐܽ݁ݓ) attribute, while 
d.train and d.test have all the attributes without a class attribute.  
 The knn algoritm, executed in line 22, classifies each record from the test set 
(d.test) by comparing it with its 3 nearest neighbors from the training set. Mark, that 
two variables d.train and d.train.class are passed to the knn procedure as a training 
set. The algorithm results are evaluated based on the known classes using the confu-
sion matrix and calculating the error rate (lines 25-26).  
 

 
Figure 10. R script for the ݇-fold cross validation 
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In Figure 11, the confusion matrix is presented for the first two folds. It shows that, 
for fold 1, three records belonging to class 1 were misclassified and assigned to 
class 3. Other records are classified correctly. The error rate for this fold is equal 
to 3/30 = 0.1. The error rates from 7 models are averaged and displayed in line 34 
of the script. 
  

 
Figure 11. Results of the ݇-fold cross validation: error rates and confusion matrices for the 
first 2 folds 
 
4.2 Overfitting 
 
After creating a classification model (or other data mining model), it may happen 
that the model very closely represents training data and due to this is not able to work 
well for new data. This situation is called overfitting [1, 2].  
 In this section, the example is provided in which as a classification model a deci-
sion tree is created and the influence of the model complexity, i.e. the decision tree 
size, on the accuracy of the classification is examined. 
 In the experiment, data set “cleveland.csv” is used [13] (see Figure 12), in which 
the target (variable ݈ܿܽݏݏ) refers to the presence of heart disease in the patient. The 
original set was subjected to some slight modifications, namely records with missing 
values were deleted, and the original target ݊݉ݑ was replaced by ݈ܿܽݏݏ with value ݁ݒ݅ݐ݅ݏ݋݌ if ݊݉ݑ > 0 (disease is present), and ݊݁݃ܽ݁ݒ݅ݐ if ݊݉ݑ =  0 (no disease). 
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Figure 12. Excerpt from data set “cleveland.csv” (after modifications of the target variable). 
 
The example of a decision tree is shown in Figure 13. It consists of 5 decision nodes. 
The split in the root (node 1) partitions the data set into two subsets: with ݐℎ݈ܽ (tha-
lassemia) no greater and greater than 3. Other splits (made in nodes 2, 7, 4 and 8) 
take into account the values of ܿܽ (number of major vessels colored by fluoroscopy), ܿ݌ (chest pain type) and ݁݃݊ܽݔ (exercise induced angina). The leaf nodes, i.e. nodes 
which terminate the tree, are not homogenous but most of the records in each leaf 
belong to the same class, thus leaf nodes 3, 5 and 9 represent class label ݊݁݃ܽ݁ݒ݅ݐ, 
and leaf nodes 6, 10 and 11 represent class label ݁ݒ݅ݐ݅ݏ݋݌. 

 
Figure 13. Decision tree 

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal class
63 1 1 145 233 1 2 150 0 2.3 3 0 6 negative
67 1 4 160 286 0 2 108 1 1.5 2 3 3 positive
67 1 4 120 229 0 2 129 1 2.6 2 2 7 positive
37 1 3 130 250 0 0 187 0 3.5 3 0 3 negative
41 0 2 130 204 0 2 172 0 1.4 1 0 3 negative
56 1 2 120 236 0 0 178 0 0.8 1 0 3 negative
62 0 4 140 268 0 2 160 0 3.6 3 2 3 positive
57 0 4 120 354 0 0 163 1 0.6 1 0 3 negative
63 1 4 130 254 0 2 147 0 1.4 2 1 7 positive
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The decision tree shown in Figure 13 was induced by the C4.5 algorithm trained on 
the 0.75% of records from “cleveland.csv”. 
 The C4.5 algorithm uses the concept of information gain, or entropy (degree of 
non-uniformity) reduction, to select the best split. This is done in the following way. 
Suppose that we have a candidate split ܵ, which partitions the data set ܶ into ݇ sub-
sets, ଵܶ,  ଶܶ,  .  .  .  ,  ௞ܶ. The information gain ்݃(ܵ) achieved by split ܵ can be calcu-
lated as follows: ்݃(ܵ) = (ܶ)ܪ −  ,(ܶ)ௌܪ

where:  

(ܶ)ܪ ,ܶ denotes the entropy for set (ܶ)ܪ • = − ∑ ௝݌ logଶ ௝௖௝ୀଵ݌ , where ܿ is the 
number of classes (possible values of a target variable), ݌௝ is the ratio of the 
number of records belonging to class ݆ to the total number of records in ܶ. 

(ܶ)ௌܪ ,ܵ ௌ (ܶ) is the weighted sum of the entropies for subsets created by splitܪ • = ∑ ௜ܲܪௌ( ௜ܶ)௞௜ୀଵ , where ௜ܲ is the ratio of the number of records in sub-
set ௜ܶ to the total number of records in ܶ. 

The value of ்݃(ܵ) indicates an increase in information produced by split ܵ for data 
set ܶ. The C4.5 algorithm, when creating a decision tree, favors splits leading to 
subsets with small entropies by choosing, for each node, a split with the greatest 
value of the information gain. The smallest value of entropy is equal to 0 and is 
achieved when all the records of a subset belong to the same class. A decision tree 
for which all the leaf nodes have entropy of value 0 represents the training data very 
well, however, for new data, its performance may be quite poor. Therefore, to avoid 
the overfitting to the training data and achieve better classification abilities, a deci-
sion tree is usually pruned.  
 In the experiment showing the phenomenon of overfitting, procedure 5.0ܥ 
(implementing the extended version of the C4.5 algorithm) is used with various val-
ues of parameter ݉݅݊ݏ݁ݏܽܥ which controls the size of the created tree. According to 
R documentation [14] ݉݅݊ݏ݁ݏܽܥ is an integer for the smallest number of samples 
that must be put in at least two of the splits. In practice, the smaller the value of ݉݅݊ݏ݁ݏܽܥ is, the greater is the size of a tree. 
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 Figure 14 presents the results obtained using 4-fold cross validation on the “cleve-
land.csv” data set: the average error rate on the test sets, denoted by ݐݏ݁ݐ, and the average 
error rate on the training sets, denoted by ݊݅ܽݎݐ. The ݉݅݊ݏ݁ݏܽܥ parameter was 
changing from 1 to 30. The R script used to obtain these results is shown in Figure 15.  

Figure 14. Average error rate for test and training data depending on the model size 
 

 
Figure 15. R script for the overfitting examination 
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A clear overfitting of the created decision trees can be observed for small values of ݉݅݊ݏ݁ݏܽܥ (great size trees). The average error rate on the test sets decreases with 
the decision tree size achieving the smallest value of about 0.17 if ݉ = ݏ݁ݏܽܥ݊݅  11. 
Further reduction of the tree complexity deteriorates its results. In the case of the 
training sets, as was expected, the smallest error rate is achieved by the greatest tree 
(with ݉݅݊ݏ݁ݏܽܥ =  1).  
 
5. Regression 
 
Regression modeling is used to estimate the value of a continuous target (response) 
variable. In general, the regression model can approximate the relationship between 
a response variable and one or more predictor variables [2]. In what follows, we 
focus on so called simple linear regression where a single predictor variable is used, 
and thus, the model has the form of a straight line. The regression line (estimated 
regression line) can be written in the following form: ݕො = ܾଵݔ + ܾ଴, 

where ݕො is the estimated value of the response variable, ݔ is the predictor variable, ܾ଴, ܾଵ are the regression coefficients, i.e. the ݕ-intercept and the slope, respectively.  
  

 
Figure 16. Excerpt from data set “auto-mpg.csv” 

 

 

 

 

mpg cylinders displacement horsepower weight acceleration model year origin car name 
18.6 6 225 110 3620 18.7 78  1  "dodge aspen  "
18.1 6 258 120 3410 15.1 78  1  "amc concord d/l  "
19.2 8 305 145 3425 13.2 78  1
17.7 6 231 165 3445 13.4 78  1  "buick regal sport coupe (turbo)  "
18.1 8 302 139 3205 11.2 78  1  "ford futura  "
17.5 8 318 140 4080 13.7 78  1  "dodge magnum xe  "

30 4 98 68 2155 16.5 78  1  "chevrolet chevette  "
27.5 4 134 95 2560 14.2 78  3  "toyota corona  "

 "chevrolet monte carlo landau"
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Figure 17. R script for simple linear regression. 
 
The regression line is created so as to minimize the sum of squared residuals over all 
the data points, where residual is the vertical distance from the data point to the re-
gression line, ݕ −   .ොݕ

 
Figure 18. Scatter plot of ݉݃݌ versus ݃݅݁ݓℎݐ and the regression line 
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In the experiment, data set “auto-mpg.csv” [15] is used (Figure 16) which contains 
391 records with car characteristics (7 records with missing values were deleted). 
The regression line ݕො = ݔ0.0076391− + 46.2020701, approximating the relation-
ship between ݉݃݌ (denoted by ݕ) and ݃݅݁ݓℎݐ (denoted by ݔ), is created by means 
of the ݈݉ function in line 5 of the R script (Figure 17) and shown as a red line in 
Figure 18. By calling function ݕݎܽ݉݉ݑݏ (line 10) detailed information about the 
model and its quality can be obtained (see Figure 19) including: 

• the values of the regression coefficients: ܾ଴ =  46.2020701 and ܾଵ =−0.0076391; 

• the minimal and maximal values of the residual: −11.9767 and 16.5164, re-
spectively; 

• the ݌-value which appears to be very low (< 2݁ − 16) for ݐ-value equal to −29.59; this indicates that the null hypothesis ܪ଴, which states that there is 
no relationship between ݕ and ݔ, can be rejected, ݐ-value = ܾଵ ⁄௕భݏ ௕భݏ , =ඥ∑ ௜ݕ) − ො௜)ଶݕ (݊ − 2)⁄௜ ඥ∑ ௜ݔ) − ଶ௜ൗ(ݔ̅  ௕భis a standard error of ܾଵ, itݏ ,
measures the variability in the slope of the regression line observed among the 
samples (large values of ݏ௕భ tend to reduce the size of ݐ-value), ̅ݔ is the mean 
of ݔ.  

• residual standard error (ܴܵܧ) equal to 4.334, ܴܵܧ = ඥ∑ ௜ݕ) − ො௜)ଶݕ (݊ − 2)⁄௜   

• coefficient of determination ܴଶ = 0.69, ܴଶ measures how closely the linear 
regression fits the data, values of ܴଶ close to 1 indicate a perfect fit. ܴଶ =ܴܵܵ ܵܵܶ⁄ , where ܴܵܵ = ∑ ො௜ݕ) − ത)ଶ௜ݕ  is the regression sum of squares repre-
senting the improvement in estimation resulting from using the regression 
model instead of the mean of ݕ, ܵܵܶ =  ∑ − ௜ݕ) ത)ଶ௜ݕ  is the total sum of 
squares representing the variability in ݕ.  

Using the regression model, the values of ݉݃݌ are estimated for two new values of ݃݅݁ݓℎݐ and the confidence as well as the prediction intervals are determined with 
confidence level of 0.95 (lines 14 and 16 of the script). A confidence interval gives 
the range which is likely to include the mean of all values of ݕ for a given ݔ, while 
a prediction interval determines the range which is likely to include a randomly chosen 
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value of ݕ for a given ݔ. The prediction interval is wider than the analogous confi-
dence interval, as can be seen in Figure 20. 
 

 
Figure 19. Summary of the regression model 
 

 
Figure 20. Confidence and prediction intervals for the new data 
 
6. Association rules 
 
Association rules is a technique of affinity analysis which seeks to uncover the 
associations among attributes [1, 2]. For example, association rules can be applied 
to finding which items are frequently purchased together, which in turn can help in 
establishing a profitable sales strategy. Another example is to predicting the clinical 
response to anti-cancer drugs for individual patients (in combination with other 
methods) [16]. 
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 Association rules take the form: ݅ -They are cre .ݐ݊݁ݑݍ݁ݏ݊݋ܿ ℎ݁݊ݐ ݐ݊݁݀݁ܿ݁ݐ݊ܽ ݂
ated by searching a data set for frequent patterns and applying support and confi-
dence criteria to identify the most important relationships. 
 Suppose that we are given a set containing 10 customer transactions from a gar-
den shop as shown in Figure 21.  

 
Figure 21. Transactions in a garden shop 
 

 
Figure 22. R script generating association rules for transactions in the garden shop 

 
Figure 23. Association rules for transactions in the garden shop 
 
The R script is presented in Figure 22. In line 6, function ܽ݅ݎ݋݅ݎ݌, generating asso-
ciation rules is called with the minimal required values for support and confidence 
set at 0.2 and 0.6, respectively. Figure 23 shows the resulting association rules along 
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with their evaluation given by support, confidence, coverage and lift, which are ex-
plained below.  

  Let us focus on association rule 7 with antecedent ܣ = ,݈݈ܾ݁_݈ܽݎ݋ܿ}  and {݁ܿݑݎ݌ݏ
consequent ܥ =  Observe that three transactions (T3, T7 and .{݁݉݋݊݃_݊݁݀ݎܽ݃}
T10) contain itemset ܣ (i.e. items ݈ܿܽݎ݋_ܾ݈݈݁ and ݁ܿݑݎ݌ݏ), four transactions (T1, 
T3, T7 and T9) contain itemset ܥ (i.e. ݃ܽ݁݉݋݊݃_݊݁݀ݎ) and two transactions (T3 
and T7) contain itemset ܣ ∪  The .(݁݉݋݊݃_݊݁݀ݎܽ݃ and ݁ܿݑݎ݌ݏ ,݈݈ܾ݁_݈ܽݎ݋ܿ .i.e) ܥ 
rule quality is evaluated as follows [17].  

ܣ)ݐݎ݋݌݌ݑݏ • ⇒ = (ܥ ௡௨௠௕௘௥ ௢௙ ௧௥௔௡௦௔௖௧௜௢௡௦ ௖௢௡௧௔௜௡௜௡௚ ௕௢௧௛ ஺ ௔௡ௗ ஼௧௢௧௔௟ ௡௨௠௕௘௥ ௢௙ ௧௥௔௡௦௔௖௧௜௢௡௦ . Support  

shows how popular is an itemset containing items from ܣ and ܥ among all the 
transactions. For rule 7, support is equal to 2 10⁄ . 

ܣ)݂݁ܿ݊݁݀݅݊݋ܿ • ⇒ (ܥ = ௡௨௠௕௘௥ ௢௙ ௧௥௔௡௦௔௖௧௜௢௡௦ ௖௢௡௧௔௜௡௜௡௚ ௕௢௧௛ ஺ ௔௡ௗ ஼௡௨௠௕௘௥ ௢௙ ௧௥௔௡௦௔௖௧௜௢௡௦ ௖௢௡௧௔௜௡௜௡௚ ஺ .  

Confidence determines how frequently items in ܥ appear in transactions that 
contain ܣ. For rule 7, confidence is equal to 2 3⁄ . 

ܣ)݁݃ܽݎ݁ݒ݋ܿ • ⇒ (ܥ  = thus, for rule 7, coverage is equal to 3 ,(ܣ)ݐݎ݋݌݌ݑݏ  10⁄ . 

ܣ)ݐ݂݈݅ • ⇒ (ܥ = ௖௢௡௙௜ௗ௘௡௖௘(஺⇒஼)௦௨௣௣௢௥௧(஼) . Lift is the ratio between the rule confidence 

and the support of the itemset in the rule consequent. For rule 7, lift has value 
of (2 3)⁄ (4 10)⁄⁄ = 1.67. 

Function ܽ݅ݎ݋݅ݎ݌ used in the example implements the a priori algorithm. In general, 
algorithms creating association rules must apply some mechanisms for the reduction 
of search space as the number of possible association rules increases exponentially 
with the number of attributes.  
 The a priori algorithm works with so called frequent itemsets (an itemset is fre-
quent if it appears in at least a certain number of transactions) and takes advantage 
of the a priori property which states the if an itemset, denoted by ܼ, is not frequent 
then for any item ݅, ܼ ∪  {݅} will not be frequent. More precisely, in successive iter-
ations, the algorithm creates candidate ݇-itemsets (sets with ݇ items) on the basis of 
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frequent (݇ − 1)-itemsets, prunes candidates by applying the a priory property, and 
takes the remaining frequent candidates as frequent ݇-itemsets. Then, from the cre-
ated frequent itemsets, it generates association rules satisfying the minimum support 
and confidence conditions. 
 

 
Figure 24. Excerpt from data set “house-votes-84.csv” 
 
In the next example, association rules are created in which a consequent is fixed. 
Data set “house-votes-84.csv” is used which includes votes for each of the U.S. 
House of Representatives Congressmen on the 16 key votes [18], see Figure 24. Un-
known votes are replaced by randomly chosen values of ݕ and ݊. 
 The R script (Figure 25) creates association rules with the value of consequent 
set to ݈ܾ݊ܽܿ݅ݑ݌݁ݎ. The rules with support and confidence not less than 0.35 and 0.85, respectively, are shown in Figure 26.  

 
Figure 25. R script generating association rules for voting results 

 
Figure 26. Association rules with ݈ܾ݊ܽܿ݅ݑ݌݁ݎ as a consequent for voting results. 
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7. Summary 
 
The aim of the paper was to show how the most common data mining tasks, such as 
clustering, classification, prediction, association as well as data cleaning, can be dealt 
with using the R programming language. The data mining tasks were introduced 
along with some solution methods. A number of illustrative examples were provided, 
each presenting the R script and explaining the results obtained for benchmark or 
real-life data sets. 
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