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Motto

Nothing is more practical than a good theory.

Vladimir Vapnik∗

∗in Statistical Learning Theory. John Wiley, New York (1998)
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How can business benefit from data mining?

Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

How can business benefit from data mining?
Automated prediction of trends that traditionally required extensive
statistical analysis and specialized expertise.

identify the targets most likely to maximize return on investment
in future mailings

forecasting bankruptcy and other forms of default

identifying segments of a population likely to respond similarly to
given events

data mining tools sweep through databases to identify patterns
in the buying activities to detect fraudulent transactions

identifying anomalous data representing data entry error

search for patterns in human genome to detect genetic
conditioning of certain diseases

A number companies in retail, finance, health care,
manufacturing, transportation, and aerospace are already using
data mining to take advantage of historical data.



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Outline

1 Concept of Statistical Learning

2 General Principles of Data Mining and Statistical Learning

3 Examples of Data Mining
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What is statistical learning?

OBSERVE Observe a phenomenon
and collect data

Data mining – analysis of
(often large) data to find re-
lationship to summarize in
novel ways that are useful
for the data owner

MODEL
Propose a model of that
phenomenon

Inference – identification of
the model that well de-
scribes the relations found
in the data

PREDICT
Use the model to make
predictions

Prediction – making deci-
sions with quantified uncer-
tainty based on the model
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How statistical data mining different from statistics?

Similarities

Statistical data mining in its broader
meaning is identified as statistical
learning which is a part of statistics
since it is based on the same
fundamental scheme of inference:
Data→ Model→ Prediction

Statistical data mining in its narrower
meaning is a part of statistical
learning that deals with searching for
a possible model that maybe
attached to the data

Statistical data mining is using
statistical (uncertainty) modeling as
its methodological foundation – this
differs it from data mining as
understood by a computer analyst

Differences
Statistical data mining is typically
dealing with much more complex
data than the standard statistics

Emphasize is on algorithmic and
computational methods to discover a
model (learning from the data) rather
than on analytical results for
developed models

By using computational tools and
algorithm, the methodological aspect
is pushed in the background:

automated process of
statistical learning
performed by computers!
no longer require
statistical expertise to
put hands on the data!
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Classification problem

Overall goal: We observe certain features of an object
and we want decide to which category (or class, or
population) this object belongs.
The classification of an object to a class is made through a
classification rule.
Goal: Find an effective classification rule.
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Learning, validation, and testing

Data: By collecting relevant data we we want to

Learn how to discriminate between classes, i.e. let an
algorithm run through the data to identify relevant features
for the classification problem and to develop several
reasonable classification rules
Verify how these methods perform on actual data sets and
decide for the optimal method
Test how the optimal method performs on a data set that
was not used yet for the discrimination and method
selection stages.
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Data allocation

Allocate data, for example 50% for the learning phase
(discrimination), 25% for validation (model/method
selection), and 25% for testing phase (model assessment)
Model/method selection: estimating the performance of
different models or methods in order to choose the best
one.
Model assessment: having chosen a final model,
estimating its prediction error on new data.
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Email spam – classification problem

Training data: 4601 email messages the true outcome
(email type) email or spam is available, along with the
relative frequencies of 57 of the most commonly occurring
words and punctuation marks
Objective: automatic spam detector – predicting whether
the email was junk email, or spam
Classification problem: the outcomes are discrete (bi-)
valued
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Classifier: which features to use and how

Average percentage of words or characters in an e-mail message:

george you your hp free hpl ! our re edu remove

spam 0.00 2.26 1.38 0.02 0.52 0.01 0.51 0.51 0.13 0.01 0.28
email 1.27 1.27 0.44 0.90 0.07 0.43 0.11 0.18 0.42 0.29 0.01

Learning method has to decide which features to use and how

We might use a rule such as

if (%george < 0.6) & (%you > 1.5) then spam
else email.

Another form of a rule might be:

if (0.2 %you 0.3 %george) > 0 then spam
else email.

The problem is not ‘symmetric’: we want to avoid filtering out good email, while
letting spam get through is not desirable but less serious in its consequences
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Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Email spam – classification problem

Training data: 4601 email messages the true outcome (email type)
email or spam is available, along with the relative frequencies of 57 of
the most commonly occurring words and punctuation marks

Objective: automatic spam detector – predicting whether the email was
junk email

Coded: spam as 1 and email as zero

Training set: 3065 observations (messages) – the method will be based
on these observations

Test set: 1536 messages randomly chosen – the method will be tested
on these observation

Validation data set is not specified



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Binary partition = binary tree

A binary partition can be presented by a sequence of
decisions that can be represented as a decision tree T

A fit that is piecewise constant over the binary partition
How to choose the values over each partition?



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Binary partition = binary tree

A binary partition can be presented by a sequence of
decisions that can be represented as a decision tree T

A fit that is piecewise constant over the binary partition
How to choose the values over each partition?



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Binary partition = binary tree

A binary partition can be presented by a sequence of
decisions that can be represented as a decision tree T

A fit that is piecewise constant over the binary partition

How to choose the values over each partition?



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Binary partition = binary tree

A binary partition can be presented by a sequence of
decisions that can be represented as a decision tree T

A fit that is piecewise constant over the binary partition
How to choose the values over each partition?



Concept of Statistical Learning General Principles of Data Mining and Statistical Learning Examples of Data Mining

Data minining in action

Computer evaluates the optimal spliting points and ‘grows’
a tree
It does it in a ‘gready’ way to get optimal accuracy within
the learning/training set.
The obtained tree is typically over-fitting the data (too
many nodes comparing to the number of the data points).
Reduction of the tree size by cutting some of the branches
of an overgrown tree – prunning.
After evaluation of the ‘gready’ tree, it is pruned to simplify
the tree without losing the accuracy – the validation set
Eventually the chosen tree is tested to report actual
accuracy – the testing set.
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node.

The numbers under the terminal
nodes indicate misclassification
rates on the test data.
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Objective 

In this project, the task is to predict which customers are most likely 
to respond to a direct mail marketing promotion using the clothing-
store data set collected on 50 input variables and one response for 
21,740 customers.  



Input Variables 
• Customer ID: unique, encrypted customer identification 
• Zip code 
• Number of purchase visits 
• Total net sales (i.e. amount spent on all purchases) 
• Average amount spent per visit (it should be the ratio of the previous two)  
• Amount spent at each of four different franchises (four variables) 
• Amount spent in the past month, the past three months, and the past six months 
• Amount spent the same period last year 
• Gross margin percentage 
• Number of marketing promotions on file 
• Number of days the customer has been on file 
• Number of days between purchases 
• Markdown percentage on customer purchases 
• Number of different product classes purchased 
• Number of coupons used by the customer 
• Total number of individual items purchased by the customer 
• Number of stores the customer shopped at 
• Number of promotions mailed in the past year 



Input Variables (continue) 
• Number of promotions responded to in the past year 
• Promotion response rate for the past year 
• Product uniformity (low score = diverse spending patterns) 
• Lifetime average time between visits 
• Microvision lifestyle cluster type 
• Percent of returns 
• Flag: credit card user 
• Flag: valid phone number on file 
• Flag: Web shopper 
• 15 variables providing the percentages spent by the customer on specific classes of  
      clothing, including sweaters, knit tops, knit dresses, blouses, jackets, career pants,  
      casual pants, shirts, dresses, suits, outerwear, jewelry, fashion, legwear, and the  
      collectibles line; also a variable showing the brand of choice (encrypted) 

and the response (target) variable is the response to promotion. 



Response to marketing campaign 

Count Percentage
Non-Responsive 18,129      83.39%
Responsive 3,611        16.61%

Total 21,740      100.00%



 Standardization 
• Standardization of the values are done as to avoid the difference of  
      variability of the variables. To achieve this we will subtract the mean  
      and divide by the standard deviation thus giving us a mean of zero and  
      a standard deviation of one 

Transformation to achieve symmetry, Binary variables and Standardization of variables 
(continue) 



Relationship between Features (Predictors) and Outcomes (Response) 



Allocation of data 

 50% of the data was used for the learning phase 

 25% of the data was allocated for Validation of model/method selection 

 25% of the data was allocated  for testing phase model assessment 



Misclassification Cost 

Average amount spent per visit 
AVRG

Mean 113.89     
Median 92.07       
Standard Deviation 87.25       
Minimum 0.49        
Maximum 1,919.88  
Number of Customers 21,740     

Let’s assume that the profit ranges from 30% to 20% which would be normal for retail  
clothing. For our calculation we will assume that the profit is 25% thus making the  
average profit per visit to (113.89*0.25=28.47) 28.47 USD.  

Cost for direct mail marketing promotions 
First class letters (1 oz.) 0.49       
Cost for letter 1.00       



Misclassification costs 

Actual Group Non-Responsive to promotion Responsive to promotion
Non-Responsive to promotion TRUE FALSE

No Contact Promotion sent
USD 0.00 USD 1.49

Responsive to promotion FALSE TRUE
No Contact Promotion sent
USD 28.47 -USD 26.98

Predicted Group

Cost Matrix 

0 1
19.11 0

Misclassification Cost (continue) 



Classification models and Evaluation 



Classification models and Evaluation (continue) 

 Classification Tree 

 Classification Tree using Deviance as splitting method with cost 

 Classification Tree using Deviance as splitting method without cost 

 Classification Tree using Gini Index as splitting method with cost 

 Classification Tree using Gini Index as splitting method without cost 



Classification models and Evaluation (continue) 

 Pruning Classification Tree 

 Cross validation was used to determine the size of the trees by  
 finding the optimal pruning level by minimizing cross-validated loss 



Classification models and Evaluation (continue) 

 Pruned Classification Trees 
Classification Tree

Splitting Metod Deviance
With Cost

Classification Tree
Splitting Metod Deviance

Without Cost

Classification Tree
Splitting Metod Gini

With Cost

Classification Tree
Splitting Metod Gini

Without Cost



Validation of model/method 
 Validation data are classified using 4 different trees to see which 
      classification tree performs best 



Assessment of model 
 Model chosen was the classification tree with splitting criteria deviance  
      including misclassification cost  



Assessment of model (continue) 

Results 



Thank you 


