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UNIT-2 

Data preprocessing, Measures of Similarity and Dissimilarity: Basics, similarity and  

dissimilarity between simple attributes, dissimilarities between data objects, similarities  

between data objects, examples of proximity measures: similarity measures for binary  

data, Jaccard coefficient, Cosine similarity, Extended Jaccard coefficient, Correlation,  

Exploring Data : Data Set, Summary Statistics (Tan) 

Introduction: 

 Data in the real world is incomplete lacking attribute values,lacking certain attributes of 

interest(or) containing only aggregate data.Data in the real world is noisy containing errors(or) 

outliers. 

Data ware house needs consistent integration of quality data quality decisions must be on quality 

data .Data is a collection of data objects and their attributes.An attribute is a 

property/characteristic of an object. 

A collection of attributes describes an object,object is also known as 

record,point,case,simple,entity or instance 

*DATA PREPROCESSING: 

            Data pre-processing is an important step in the data mining process. The 

phrase "garbage in, garbage out" is particularly applicable to data mining and machine 

learning projects. Data-gathering methods are often loosely controlled, resulting in out-of-

range values, impossible data combinations  missing values, etc. Analyzing data that has not 

been carefully screened for such problems can produce misleading results. Thus, the 

representation and quality of data is first and foremost before running an analysis.  

If there is much irrelevant and redundant information present or noisy and unreliable data, 

then knowledge discovery during the training phase is more difficult. Data preparation and 

filtering steps can take considerable amount of processing time. Data pre-processing 

includes cleaning, normalization, transformation, feature extraction and selection, etc. The 

product of data pre-processing is the final training set 

 

                 Data preprocessing is a data mining technique that involves transforming raw data into 

an understandable format. Real-world data is often incomplete, inconsistent, and/or lacking in 
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certain behaviors or trends, and is likely to contain many errors. Data preprocessing is a proven 

method of resolving such issues. Data preprocessing prepares raw data for further processing. 

 

Data cleaning 

1. Fill in missing values (attribute or class value): 

o Ignore the tuple: usually done when class label is missing. 

o Use the attribute mean (or majority nominal value) to fill in the missing value. 

o Use the attribute mean (or majority nominal value) for all samples belonging to 

the same class. 

o Predict the missing value by using a learning algorithm: consider the attribute 

with the missing value as a dependent (class) variable and run a learning 

algorithm (usually Bayes or decision tree) to predict the missing value. 

2. Identify outliers and smooth out noisy data: 

o Binning 

 Sort the attribute values and partition them into bins (see "Unsupervised 

discretization" below); 

 Then smooth by bin means,  bin median, or  bin boundaries. 
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o Clustering: group values in clusters and then detect and remove outliers 

(automatic or manual) 

o Regression: smooth by fitting the data into regression functions. 

3. Correct inconsistent data: use domain knowledge or expert decision. 

Data transformation 

1. Normalization: 

o Scaling attribute values to fall within a specified range. 

 Example: to transform V in [min, max] to V' in [0,1], apply V'=(V-

Min)/(Max-Min) 

o Scaling by using mean and standard deviation (useful when min and max are 

unknown or when there are outliers): V'=(V-Mean)/StDev 

2. Aggregation: moving up in the concept hierarchy on numeric attributes. 

3. Generalization: moving up in the concept hierarchy on nominal attributes. 

4. Attribute construction: replacing or adding new attributes inferred by existing attributes. 

Data reduction 

1. Reducing the number of attributes 

o Data cube aggregation: applying roll-up, slice or dice operations. 

o Removing irrelevant attributes: attribute selection (filtering and wrapper 

methods), searching the attribute space (see Lecture 5: Attribute-oriented 

analysis). 

o Principle component analysis (numeric attributes only): searching for a lower 

dimensional space that can best represent the data.. 

2. Reducing the number of attribute values 

o Binning (histograms): reducing the number of attributes by grouping them into 

intervals (bins). 

o Clustering: grouping values in clusters. 

o Aggregation or generalization 

3. Reducing the number of tuples 

o Sampling 

Discretization and generating concept hierarchies 

1. Unsupervised discretization -  class variable is not used. 

o Equal-interval (equiwidth) binning: split the whole range of numbers in intervals 

with equal size. 

o Equal-frequency (equidepth) binning: use intervals containing equal number of 

values. 

2. Supervised discretization - uses the values of the class variable. 

o Using class boundaries. Three steps: 

 Sort values. 

 Place breakpoints between values belonging to different classes. 
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 If too many intervals, merge intervals with equal or similar class 

distributio

ns. 
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*MEASURES OF SIMILARITY AND DISSIMILARITY: 

      Information retrieval, similarities/dissimilarities, finding and implementing the correct 

measure are at the heart of datamining. The oldest approach to solving this problem was to have 

people work with people using meta data (libraries). This functioned for millennia. Roughly one 

century ago the Boolean searching machines entered but with one largeproblem. People do not 

think in Boolean terms which requirestructured data thus data mining slowly emerged where 

priorities and unstructured data could be managed. 

Euclidean Distance:is the distance between two points (p, q) inany dimension of space and is the 

mostcommon use of distance. When data isdense or continuous, this is the best proximity 

measure. 

 Many data mining and analytics tasks involve the comparison of objects and 

determining in terms of their similarities (or dissimilarities) 

 Clustering 

 Nearest-neighbor search, classification, and prediction 

 Characterization and discrimination 

 Automatic categorization 

 Correlation analysis 

 Many of todays real-world applications rely on the computation similarities or 

distances among objects 

 Personalization 

 Recommender systems 

 Document categorization 

 Information retrieval 

 Similarity 

 Numerical measure of how alike two data objects are 

 Value is higher when objects are more alike 

 Often falls in the range [0,1] 

 Dissimilarity (e.g., distance) 
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 Numerical measure of how different two data objects are 

 Lower when objects are more alike 

 Minimum dissimilarity is often 0 

 Upper limit varies 

           Measuring Distance 

 In order to group similar items, we need a way to measure the distance between 

objects (e.g., records) 

 Often requires the representation of objects as “feature vectors” 

 Properties of Distance Measures: 

 for all objects A and B,  dist(A, B) ³ 0,  and  dist(A, B) = dist(B, A) 

 for any object A,  dist(A, A) = 0 

 dist(A, C) £ dist(A, B) + dist (B, C) 

 Representation of objects as vectors: 

 Each data object (item) can be viewed as an n-dimensional vector, where the 

dimensions are the attributes (features) in the data 

 Example (employee DB):  Emp. ID 2 = <M, 51, 64000> 

 Example (Documents):  DOC2 = <3, 1, 4, 3, 1, 2> 

 The vector representation allows us to compute distance or similarity between 

pairs of items using standard vector operations, e.g.,  

*SIMILARITY/DISSIMILARITY FOR SIMPLE ATTRIBUTES: 

 Data matrix 

 Conceptual representation of a table                                 

                   Cols = features; rows = data objects              

 n data points with p dimensions 

 Each row in the matrix is the vector 

representation of a data object 

MVR COLLEGE OF ENGINEERING AND TECHNOLOGY CSE DEPT



DWDM UNIT II                 JAMESON GANTA 

 7 

 Distance (or Similarity) Matrix                                   

 n data points, but indicates only the  

pairwise distance (or similarity) 

 A triangular matrix 

                        Symmetric 

 

Proximity Measure for Nominal Attributes: 

 If object attributes are all nominal (categorical), then proximity measure are used to 

compare objects 

  

 Can take 2 or more states, e.g., red, yellow, blue, green (generalization of a binary 

attribute) 

 Method 1: Simple matching 

 m: # of matches, p: total # of variables 

 Method 2: Convert to Standard Spreadsheet format 

 For each attribute A create M binary attribute for the M nominal states of A 

Then use standard vector-based similarity or distance metrics 

 

  Proximity Measure for Binary Attributes: 

 A contingency table for binary data 

 Distance measure for symmetric binary variables 

 Distance measure for asymmetric binary variables  

 Jaccard coefficient (similarity measure for asymmetric binary variables) 























0...)2,()1,(

:::

)2,3()

...ndnd

0dd(3,1

0d(2,1)

0

p
mpjid ),(

MVR COLLEGE OF ENGINEERING AND TECHNOLOGY CSE DEPT



DWDM UNIT II                 JAMESON GANTA 

 8 

 

 

 

*SIMILARITY/DISSIMILARITY BETWEEN DATA OBJECTS: 

 In some situations, distance measures provide a skewed view of data 

 E.g., when the data is very sparse and 0’s in the vectors are not significant 

 In such cases, typically vector-based similarity measures are used 

 Most common measure: Cosine similarity 

 

 

  

Dot product of two vectors 

 

 

 

 Example: 

 X =  <2, 0, 3, 2, 1, 4> 

 ||X|| = SQRT(4+0+9+4+1+16) = 5.83 

 X* = X / ||X|| = <0.343, 0, 0.514, 0.343, 0.171, 0.686> 
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 Now, note that ||X*|| = 1 

 So, dividing a vector by its norm, turns it into a unit-length vector 

 Cosine similarity measures the angle between two unit length vectors (i.e., the 

magnitude of the vectors are ignored). 

 

 Documents are represented as “bags of words” 

 Represented as vectors when used computationally 

 A vector is an array of floating point (or binary in case of bit maps) 

 Has direction and magnitude 

 Each vector has a place for every term in collection (most are sparse) 

Documents and  query in  n-dimensional 

 

 Documents are represented as vectors in the term space 

 Typically values in each dimension correspond to the frequency of the 

corresponding term in the document 

 Queries represented as vectors in the same vector-space 

 Cosine similarity between the query and documents is often used to rank retrieved 

documents  
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Correlation as Similarity: 

 In cases where there could be high mean variance across data objects (e.g., movie 

ratings), Pearson Correlation coefficient is the best option 

 Pearson Correlation 

 

 

*EXAMPLES OF PROXIMITY MEASURES: 

  classify new instances based on their similarity to or distance from instances we have 

seen before 

 also called “instance-based learning” 

 Simplest form of MBR: Rote Learning  

 learning by memorization 

 save all previously encountered instance; given a new instance, find one from the 

memorized set that most closely “resembles” the new one; assign new instance to 
the same class as the “nearest neighbor” 

 more general methods try to find k nearest neighbors rather than just one 

 but, how do we define “resembles?” 

 MBR is “lazy” 

 defers all of the real work until new instance is obtained; no attempt is made to 

learn a generalized model from the training set 

 less data preprocessing and model evaluation, but more work has to be done at 

classification time 

 Given object x, find the k most similar objects to x 

 The k nearest neighbors 

MVR COLLEGE OF ENGINEERING AND TECHNOLOGY CSE DEPT



DWDM UNIT II                 JAMESON GANTA 

 11 

 Variety of distance or similarity measures can be used to identify and rank 

neighbors 

 Note that this requires comparison between x and all objects in the database 

 Classification: 

 Find the class label for each of the k neighbor 

 Use a voting or weighted voting approach to determine the majority class among 

the neighbors (a combination function) 

 Weighted voting means the closest neighbors count more 

 Assign the majority class label to x 

 Prediction: 

 Identify the value of the target attribute for the k neighbors 

 Return the weighted average as the predicted value of the target attribute for x 

Combination functions: 

 Voting: the “democracy” approach 

 poll the neighbors for the answer and use the majority vote 

 the number of neighbors (k) is often taken to be odd in order to avoid ties 

 works when the number of classes is two 

 if there are more than two classes, take k to be the number of classes plus 

1 

 Impact of k on predictions 

 in general different values of k affect the outcome of classification 

 we can associate a confidence level with predictions (this can be the % of neighbors that are 

in agreement) 

 problem is that no single category may get a majority vote 

 if there is strong variations in results for different choices of k, this an indication that the 

training set is not large enough 
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*SIMILARITY MEASURES FOR BINARY DATA: 

         There exist many such coefficients. Just try to meditate on what are the consequences of 

the differences in formulas, especially when you compute a matrix of coefficients. 

Imagine, for example, that objects 1 and 2 similar, as objects 3 and 4 are. But 1 and 2 have many 

of the attributes on the list while 3 and 4 have only few attributes. In this case, Russell-Rao 

(proportion of co-attributes to the total number of attributes under consideration) will be high for 

pair 1-2 and low for pair 3-4. But Jaccard (proportion of co-attributes to the combined number of 

attributes both objectshave = probability that if either object has an attribute then they both have 

it) will be high for both pairs 1-2 and 3-4. 

This adjustment for the base level of "saturation by attributes" makes Jaccard so popular and 

more useful than Russell-Rao, e.g. in cluster analysis or multidimensional scaling. You might, in 

a sense, further refine the above adjustment by selecting Kulczynski-2 measure which is the 

arithmetic mean probability that if one object has an attribute, the other object has it too: 

(aa+b+aa+c)/2 

Here the base (or field) of attributes for the two objects is not pooled, as in Jaccard, but is own 

for each of the two objects. Consequently, if the objects differ greatly on the number of attributes 

they have, and all its attributes the "poorer" object shares with the "richer" one, Kulczynski will 

be high whereas Jaccard will be moderate. 

Or you could prefer to compute geometric mean probability that if one object has an attribute, 

the other object has it too, which yields Ochiai measure: 

aa+baa+c−−−−−−−−−−√ 

Because product increases weaker than sum when only one of the terms grows, Ochiai will be 

really high only if both of the two proportions (probabilities) are high, which implies that to be 

considered similar by Ochiai the objects must share the great shares of their attributes. In short, 

Ochiai curbs similarity if b and c are unequal. Ochiai is in fact the cosine similarity measure 

                      similarity measures, one shouldn't mix nominal dichotomous attributes (e.g. 

female, male) with binary attributes (present vs absent). Binary attribute isn't symmetric (in 

general), - if you and I share a characteristic, it is the basis for calling us similar; if you and I 

both miss the characteristic, it may or may not be considered the evidence of similarity, 

depending on the context of the study. Hence the divergent treatment of d is possible. 

Note also that if you wish to compute similarity between objects based on nominal attributes 

(dichotomous or polytomous), recode each such variable into the set of dummy binary variables. 

Then the recommended similarity measure to compute will be Dice. 

                        

               The binary similarity and dissimilarity (distance) measures play a critical role in pattern 

analysis problems such as classification, clustering, etc. Since the  

performance relies on the choice of an appropriate measure, many researchers have taken 

elaborate efforts to find the most meaningful binary similarity and distance measures over a 
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hundred years. Numerous binary similarity measures and distance measures have been proposed 

in various fields. 

                 The binary feature vector is one of the most common representations of patterns and 

measuring similarity and distance measures play a critical role in many problems such as 

clustering, classification, etc. Ever since Jaccardproposed a similarity measure to classify 

ecological species in 1901, numerous binary similarity and distance measures have been 

proposed in various fields. Applying appropriate measures results in more accurate data analysis. 

Notwithstanding, few comprehensive surveys on binary measures have been conducted. Hence 

we collected 76 binary similarity and distance measures used over the last century and reveal 

their correlations through the hierarchical clustering technique. 

 

 

*JACCARD COEFFICIENT: 

               The Jaccard index, also known as the Jaccard similarity coefficient (originally 

coined coefficient de communauté byPaul Jaccard), is a statistic used for comparing 

the similarity and diversity of sample sets. The Jaccard coefficient measures similarity between 

finite sample sets, and is defined as the size of the intersection divided by the size of the union of 

the sample sets: 

 

(If A and B are both empty, we define J(A,B) = 1.) Clearly, 

 

The MinHash min-wise independent permutations locality sensitive hashing scheme may be used 

to efficiently compute an accurate estimate of the Jaccard similarity coefficient of pairs of sets, 

where each set is represented by a constant-sized signature derived from the minimum values of 

a hash function. 

The Jaccard distance, which measures dissimilarity between sample sets, is complementary to 

the Jaccard coefficient and is obtained by subtracting the Jaccard coefficient from 1, or, 

equivalently, by dividing the difference of the sizes of the union and the intersection of two sets 

by the size of the union: 
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An alternate interpretation of the Jaccard distance is as the ratio of the size of the symmetric 

difference  to the union. 

This distance is a proper metric on sets of sets.
[1][2]

 

There is also a version of the Jaccard distance for measures, including probability measures. 

If  is a measure on ameasurable space , then we define the Jaccard coefficient 

by , and the Jaccard distance 

by .  

Care must be taken if  or , since these formulas are not well defined in that 

case. 

Generalized Jaccard similarity and distance 

If  and  are two vectors with all 

real , then their Jaccard similarity coefficient is defined as 

 

and Jaccard distance 

 

With even more generality, if  and  are two non-negative measurable functions on a 

measurable space  with measure , then we can define 

 

where  and  are pointwise operators. Then Jaccard distance is 

 

Then, for example, for two measurable sets , we 

have  where  and  are the characteristic functions of the 

corresponding set. 

Tanimoto similarity and distance 

Various forms of functions described as Tanimoto similarity and Tanimoto distance occur in the 

literature and on the Internet. Most of these are synonyms for Jaccard similarity and Jaccard 
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distance, but some are mathematically different. Many sources
[3]

 cite an unavailable IBM 

Technical Report
[4]

 as the seminal reference. 

In "A Computer Program for Classifying Plants", published in October 1960,
[5]

 amethod of 

classification based on a similarity ratio, and a derived distance function, is given. It seems that 

this is the most authoritative source for the meaning of the terms "Tanimoto similarity" and 

"Tanimoto Distance". The similarity ratio is equivalent to Jaccard similarity, but the distance 

function is not the same as Jaccard distance. 

Tanimoto's definitions of similarity and distance 

In that paper, a "similarity ratio" is given over bitmaps, where each bit of a fixed-size array 

represents the presence or absence of a characteristic in the plant being modelled. The definition 

of the ratio is the number of common bits, divided by the number of bits set in either sample. 

Presented in mathematical terms, if samples X and Y are bitmaps,  is the ith bit of X, 

and  are bitwise and, oroperators respectively, then the similarity ratio  is 

 

If each sample is modelled instead as a set of attributes, this value is equal to the Jaccard 

Coefficient of the two sets. Jaccard is not cited in the paper, and it seems likely that the authors 

were not aware of it. 

Tanimoto goes on to define a distance coefficient based on this ratio, defined over values with 

non-zero similarity: 

 

This coefficient is, deliberately, not a distance metric. It is chosen to allow the possibility of two 

specimens, which are quite different from each other, to both be similar to a third. It is easy to 

construct an example which disproves the property oftriangle inequality. 

 

*COSINE SIMILARITY: 

                Cosine similarity is a measure of similarity between two vectors of an inner product 

space that measures the cosine of the angle between them. The cosine of 0° is 1, and it is less 

than 1 for any other angle. It is thus a judgement of orientation and not magnitude: two vectors 

with the same orientation have a Cosine similarity of 1, two vectors at 90° have a similarity of 0, 

and two vectors diametrically opposed have a similarity of -1, independent of their magnitude. 

Cosine similarity is particularly used in positive space, where the outcome is neatly bounded in 

[0,1]. 
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Note that these bounds apply for any number of dimensions, and Cosine similarity is most 

commonly used in high-dimensional positive spaces. For example, in Information 

Retrieval and text mining, each term is notionally assigned a different dimension and a document 

is characterised by a vector where the value of each dimension corresponds to the number of 

times that term appears in the document. Cosine similarity then gives a useful measure of how 

similar two documents are likely to be in terms of their subject matter.
[1]

 

The technique is also used to measure cohesion within clusters in the field of data mining.
[2]

 

Cosine distance is a term often used for the complement in positive space, that 

is: . It is important to note, however, that this is not a 

proper distance metric as it does not have the triangle inequality property and it violates the 

coincidence axiom; to repair the triangle inequality property whilst maintaining the same 

ordering, it is necessary to convert to Angular distance. 

          

The cosine of two vectors can be derived by using the Euclidean dot product formula: 

 

Given two vectors of attributes, A and B, the cosine similarity, cos(θ), is represented using 

a dot product and magnitude as 

 

The resulting similarity ranges from −1 meaning exactly opposite, to 1 meaning exactly the 
same, with 0 usually indicating independence, and in-between values indicating intermediate 

similarity or dissimilarity. 

For text matching, the attribute vectors A and B are usually the term frequency vectors of the 

documents. The cosine similarity can be seen as a method of normalizing document length 

during comparison. 

In the case of information retrieval, the cosine similarity of two documents will range from 0 to 

1, since the term frequencies (tf-idf weights) cannot be negative. The angle between two term 

frequency vectors cannot be greater than 90°. 

Angular similarity 

The term "cosine similarity" has also been used on occasion to express a different coefficient, 

although the most common use is as defined above. Using the same calculation of similarity, the 
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normalised angle between the vectors can be used as a bounded similarity function within [0,1], 

calculated from the above definition of similarity by: 

 

in a domain where vector coefficients may be positive or negative, or 

 

in a domain where the vector coefficients are always positive. 

Although the term "cosine similarity" has been used for this angular distance, the term is oddly 

used as the cosine of the angle is used only as a convenient mechanism for calculating the angle 

itself and is no part of the meaning. The advantage of the angular similarity coefficient is that, 

when used as a difference coefficient (by subtracting it from 1) the resulting function is a 

proper distance metric, which is not the case for the first meaning. However for most uses this is 

not an important property. For any use where only the relative ordering of similarity or distance 

within a set of vectors is important, then which function is used is immaterial as the resulting 

order will be unaffected by the choice. 

 

Ochiai coefficient 

This coefficient is also known in biology as Ochiai coefficient, or Ochiai-Barkman coefficient, 

or Otsuka-Ochiai coefficient:
[3][4]

 

 

Here,  and  are sets, and  is the number of elements in . If sets are represented as bit 

vectors, the Ochiai coefficient can be seen to be the same as the cosine similarity. 

 

*EXPLORING DATASET: 

      If you open a .dta file on a computer with Stata, it should automatically open it in Stata. 

Alternately, you can type the following command:  

use "D:\TEMP\wz391d\anes_timeseries_2008.dta" 

The command "use" tells Stata you want to use the dataset you type immediately afterwards. In 

this case, the file name of the public opinion survey I'm using is "anes_timeseries_2008.dta" and 

it is located in folder D:\Temp\wz391d. If the file were located elsewhere, the filename in 
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quotation marks would be different. If you're not sure where your file is located, just double click 

to open it and Stata will figure it out. The screen should look like this:  

 

Mosaic datasets and raster catalogs are used for managing raster datasets. A raster catalog is a 

simple container for managing raster datasets, whereas a mosaic dataset is more advanced—you 

can build overview images and define processing for each raster dataset or on the entire mosaic 

dataset. Both are stored within a geodatabase. 

In ArcCatalog, you can view the contents of the mosaic dataset or raster catalog in table format 

in the Contents tab. At the same time, you can select raster datasets in the table and see detailed 

information about them. You can select rasters by clicking rows in the table or by performing 

attribute queries on the table. You can explore this table in the same manner as in table view—
you can add new fields, sort the fields, and export this table. 

 

Exploring 

a raster 

catalog in 

ArcCatalog 

The Contents tab also offers many additional options for exploring the mosaic dataset's and 

raster catalog's contents. 

Options for previewing mosaic datasets and raster catalogs 

By clicking the Show/Hide button on the right edge of the window, you can add a data view 

to the Contents tab beside the table. The data view allows you to see detailed information 

about individual raster datasets within the mosaic dataset or raster catalog. All the ArcCatalog 

views, except for table view, are available in the data view. In addition, you can view raster 

dataset properties and list the raster bands within the raster dataset. The choices in the drop-

down list are as follows: 

 Properties—Displays a raster dataset's properties 

 Geography—Previews raster datasets either individually or in the context of the entire 

mosaic dataset or raster catalog 

 Description—Displays the metadata for a raster dataset or for the entire mosaic dataset or 

raster catalog 

 Bands—Lists the bands contained within a raster dataset 

 Table—Displays the raster attribute table for a selected raster, if one exists 

 

By default, geography view is used. 

 

*SUMMARY STATISTICS: 
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               Presents a framework for statistical data mining using summary tables. A set of 

operators is proposed for common data mining tasks, such as summarization, association, 

classification and clustering, as well as for basic statistical analysis, such as hypothesis 

testing, estimation and regression, which can help explore knowledge. The operators enable 

users to explore a variety of knowledge effectively and yet require users to have little 

statistical knowledge. Summary tables, which store basic information about groups of tuples 

of the underlying relations, are constructed to speed up the data mining process. The summary 

tables are incrementally updatable and are able to support a variety of data mining and 

statistical analysis tasks. The operators, together with the uses of the summary tables, can 

make interactive data mining flexible, effective, and perhaps instantaneous. 

              Graphical presentation is under-used. In several articles, the results could have been 

presented more clearly (and impressively) if graphics had been employed, for example when 

large numbers of means and standard deviations are tabulated, a bar chart would give a good 

visual summary. The excellent and versatile graphical displays common in websites such as 

SCImago (2007) are not yet replicated in scientific journals.  

Many of the surveys and data collection exercises result in copious quantities of data; it could 

be helpful for such studies to be analysed using data mining methods. For example, decision 

tree analysis will quickly identify important variables, some of which were not thought to be 

strongly related to the study. the satisfaction scores from 105 employees were collected 

together with their training record, time in current job role, age, gender and other 

characteristics. Decision tree analysis with satisfaction as the target identifies training as the 

variable that best separates employees with higher satisfaction from those with lower 

satisfaction; the time in current job role is identified as the variable which then further 

separates out those with less training and shows that in this dataset higher satisfaction arises 

with those who have been longer in the job role.  

Each node in the decision tree shows the summary statistics for the sub-group as well as a bar 

chart. The bar charts show that the data are positively skewed with some employees being 

much more satisfied than others. 
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