
Data Analytics

(manyalternative names: Data Mining, Decision
Support Systems, Machine Learning, Knowledge 

Discovery)
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Origins of Data Mining

Å Draws ideas from machine learning/AI, 
pattern recognition, statistics, and 
database systems

Å Traditional (computational) techniques 
may be unsuitable due to 

ïEnormity of data

ïHigh dimensionality 
of data (millions of attributes)

ïHeterogeneous, 
distributed nature 
of data

Machine Learning/

Pattern 
Recognition

Statistics/
AI

Data Mining
Database 
systems



ÅLots of data is being collected 
and warehoused 

ïWeb data, e-commerce

ïpurchases at department/
grocery stores

ïBank/Credit Card 
transactions

ÅComputers have become cheaper and more powerful

ÅCompetitive Pressure is Strong 

ïProvide better, customized services for an edge (e.g. in 
Customer Relationship Management)

Why Mining Data? Commercial Viewpoint



Mining Large Data Sets - Motivation

ÅThere is often information hidden in the data that is 
not readily evident

ÅHuman analysts may take weeks to discover useful information

ÅMuch of the data is never analyzed at all



What is Data Mining?

ÅMany Definitions
ïNon-trivial extraction of implicit, previously unknown and 

potentially useful information from data

ïExploration & analysis, by automatic or 
semi-automatic means, of 
large quantities of data 
in order to discover
meaningful patterns 

FROM DATA..

To
kno
wle
dge



Data, Information & 
Knowledge



Data

ÅData are raw facts and 
figures that on their own 
have no meaning

ÅThese can be any 
alphanumeric characters i.e. 
text, numbers, symbols



Data Examples

ÅYes, Yes, No, Yes, No, Yes, No, Yes

Å42, 63, 96, 74, 56, 86

Å111192, 111234

ÅNone of the above data sets have any 
meaninguntil they are given a CONTEXT 
andPROCESSED into a usable form



Data ČInformation

ÅTo achieve its aims the organisation will need to processdata 
into information.

ÅData needs to be turned into meaningful informationand 
presented in its most useful format

ÅData must be processed in a context in order to give it 
meaning



Information

ÅData that has been 
processed within  a context
to give it meaning

OR

ÅData that has been 
processed into a form that 
gives it meaning



Examples

Å In the next 3 examples we 
explain how the data could 
be processed to give it 
meaning

ÅWhat information can then 
be derived from the data?

ÅCan YOU answer?



Example 1

Yes, Yes, No, Yes, No, Yes, No, 
Yes, No, Yes, YesRaw Data

Context
Responses to the market 

research question ςWould you 
buy brand x at price y?

Information ???

Processing



Example 2

Raw Data

Context

Information

42, 63, 96, 74, 56, 86

Jayne s scores in BI homeworks
during the first semester

???

Processing



Example 3

Raw Data

Context

Information

111192, 111234

The previous and current 
readings of a customers gas 

meter

???

Processing



éthe capability of understanding

the relationship betweenpiecesof

information and what to actually do

with the information

Debbie Jones ςwww.teach-ict.com

Knowledge

ÅKnowledge is the understanding 
of rules needed to interpret 
information



Knowledge 
Examples

Å Using the 3 previous examples:

ïA Marketing Manager could use this information 
to decide whether or not to raise or lower price 
of an item  (help settling pricing policies)

ïJaynes teacher could analyse the results to 
determine whether it would be worth her re-
sitting a module(help defining personalized 
training policies)

ïLooking at the pattern of the customers 
previous gas bills may identify that the figure is 
abnormally low and they are fiddling the gas 
meter!!! (help in fraud detection)



Data Mining Applications

ÅSome application domains (briefly discussed here)

ïData Mining for Financial data analysis

ïData Mining for Retail and Telecommunication Industries

ïData Mining in Science and Engineering

ïData Mining for Intrusion Detection and Prevention

ïData Mining and Recommender Systems
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3 questions

ÅWhat kind of data? (what do we have available 
or could be available)

ÅWhat kind of INFORMATION (knowledge) we 
ǿƻǳƭŘ ƭƛƪŜ ǘƻ ŜȄǘǊŀŎǘΚ όŜΦƎΦΣ άŎƭǳǎǘŜǊǎέ ƻŦ 
customers with similar purchase behavior)

ÅWhat for (what kind of predictive/ prescriptive 
analysis)? (e.g., addressing specific campaigns 
targeted for these customers)



Financial/Marketing  
applications

Å Predictingthe impacts of customer engagement 
for a particulardirect marketing promotion in a 
retail environmentusinghistoricalpromotional
engagement datasuchas

ï customer information, 

ï their location, 

ï their responsesto a promotionalcampaignor 

ï how activelythey havebeenengagingwith 
websites or apps

Å Identifyingand preventingfraudulenttransactions
for banks by monitoring of customer transactions
and flaggingtransactionswhichdeviate from a 
standard customer behavior, identified for each
customer of the bank from data suchas:

ï transactionhistory and 

ï the geographicallocations of those
transactions



Healthcare

ÅPreventinghospital-acquiredinfections
by predictingthe likelihoodof patients
susceptibleto central-line associated
bloodstreaminfections

ÅUsing machine learning to predict the 
likelihoodthat patientswill developa 
chronicdisease

ÅAssessingthe risk of a patient not
showingup for a scheduled
appointmentusingpredictivemodels

ÅWhichdata: Electronic MedicalRecord 
(EMR) data, alongwith ƘƻǎǇƛǘŀƭΩǎ
internaldata warehouserecordson 
historicalcases



Transportation

ÅPredictive Maintenance: Using vehicle 
sensor data (for cars or trucks), we can 
potentially help customers develop a 
predictive analytics solution, which can 
take this data to predict which 
components might fail or not perform 
as required.

ÅDynamic Pricing: transportation 
businesses might be able to optimize 
the end-product costs based on real-
time changes in operating factors such 
as fuel costs, security-related delays in 
shipments, and external factors, such as 
weather.



Retail 
Industry
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Customer retention : Analysis of 
customer loyalty

ï Use customer loyalty card 
information to register 
sequences of purchases of 
particular customers and 
predict future purchases

ï Use sequential pattern mining 
to predict changes in 
customer consumption or 
loyalty

ï Suggest adjustments on the 
pricing and variety of goods



Data Mining 
for 

Recommender 
Systems
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Å Recommender systems: Personalization, 
making product recommendations that are 
likely to be of interest to a user. A very 
popular application!

ïWhat kind of data? User transactions, 
sales data, data (and opinions) on 
products

ïWhat kind of information we can extract?

ÅUser profiles

ÅProduct similarity, opinions on 
products

ÅWhat the user is likely to like

ïWhat kind of knowledge?

ÅWill user x purchase item y?

ÅWill a new product y receive the 
appreciation of buyers?

ÅWhy item y was (was not) successful? 



Data Mining 
Tasks

Å Prediction Methods
ïUse historical data to predict unknown or future values 

of some attributes.
ïExample: predict if user x will purchase product y (given 

his/her past purchases and preferences)

Å Prescriptive Methods
ï Find human-interpretable patterns or traits in data, that 

(synthetically) describe the data, and act accordingly.
ïExample: discover  strong relationships between specific 

demographic attributes and vote during elections, or 
discover common buyer behaviors (e.g. if customers buy 
items X and Y, they also often buy Z, so suggest place 
items X, Y and Z near to each other to increase the sales 
of Z  - e.g. outfit recommendation in fashion market) 

ïExample: learn driving strategies, learn to play chess  
(physical and virtual robots)



Data Mining vrs. 
Machine 
learning

Å Data Mining is extracting 
information from data, includes 
descriptive, prescriptive, 
predictive analytics, and also 
data visualization

Å Machine learning can be 
considered as a subset of Data 
Mining: ML are algorithms that 
find «patterns» in the data for 
prescriptive an predictive 
analytics 



What is Machine Learning 
(in a nutshell)

A set of 
methodologies to 
find regularities in 

data

These findings are 
used to predict

future outcomes or  
to prescribe optimal

strategies



What data 
are used to 

learn?

Å Historical («labelled») data:  data 
collectedin the past, for whichthe 
outcomeis known(example: patient 
histories wherewe know if a 
cardiovasculareventhasoccurredor 
not; bank ŎǳǎǘƻƳŜǊΩǎhistories for which
we know is they havebeendefaulters
or not)

Å Unlabelleddata: data with no labels, for 
examplethe sequenceof purchasesof a 
user on an e-commerce web site, or 
sequenceof actions on flight actuators
by a human pilot of an airplain



Customer ID AGE INCOME EDUCATION DEFAULT

ID1 27 30.000 YES 1

ID2 50 45.000 NO 0

ID3 60 46.000 YES 0

éé

ID1348 32 55.000 YES 0

Exampleof predictivelearning: 
Credit risk assessment

Å Credit scoringisa fairly widespreadpracticein banking institutions, 
whosemainobjectiveis to discriminate betweenborrowers, basedon 
their credit worthiness. 

Å Decisionon whethergrantingcredit to new customersis basedon 
pastdata on customerswho experienceda default or not

Å Machine learning can help assessingthe risk of default of new 
customersbasedon a «risk model» learnedfrom pastdata

*  Here data are «labelled», to mean that historical data include the label (value) of 

the variable we want to predict, «Default» in this example. Note that Default is a 

binary variable, but as we will see, ML algorithm can learn predicting either discrete 

or continuos variables. 



Exampleof feature 
identification: cardiovascular

risk assessment

Å Electronic patient records
are now widelyavailable. 
Theycollectthe «history» 
of patients, their clinical
tests, treatmentsand 
diseases

Å Doctorscan be supported
in decidingthe best 
therapy, or in estimatinga 
specificrisk of 
complications(e.g., 
cardiovascularrisk) by 
machine learning systems, 
basedon the analysisof 
historicaldata of previous
patients



Basic workflow of a predictiveML system (in a 
nutshell)

Historical («labelled») 

data
Algorithm Predictive model

New (unlabelled) data PredictionPredictive model

Note, not all ML systems work in this way. This is the most popular category of ML systems, named Supervised Machine Learning. 

Model training

Operational phase



What is the task?

Å Predictive:
ï Givenprevioushistorical «labelled» data, learna model to predict future 

outcomes(e.g., seewhat happened to pastcredit applicants, or to past
patients, and learnwhat mayhappento new applicantsor new patients)

ï Examples: predictpatientsΩ Ǌƛǎƪ ƻŦ ŀ complication, predict future sales of 
ŀ ƴŜǿ ǇǊƻŘǳŎǘΣ ǳǎŜǊǎΩ satisfactionin a market campaign.. 

Å Prescriptive/ Descriptive:
ï Givenavailable data, or givenan environmentand some stimuli, 

prescribe«how to», e.g., best actions to be performed
ï Example: customersegmentationaccordingto their profiles, best 

strategyto win a game,  best way for a robot to executea giventask ς
e.g., drive a car ςhow to improve on-line sales by recommendingthe 
right items to customers



Exampleof prescriptiveanalytics: customer
segmentation, precisiontherapies, anomaly

detection

Å Givendata on customer
profiles, cluster them into
groupsof «similarones»

Å Then, use thesegroupsto 
identify best personalized
marketing campaignsto 
optimizerevenues 



Exampleof clustering

Note: system learns from unlabelled data, these ML models are called Unsupervised Machine Learning models



Example of 
prescriptive 

analytics

Recommender systems

Å Observe a behavior and
ñrecommendòitems to buy,
music to listen, people to
follow on social,..



Exampleof prescriptiveanalytics: self drivingcars

Å Analysedrivingbehaviours
of million «human» drivers

Å Learnbest strategyto react
to the environment(driving
strategies) in anycondition



Workflow of prescriptiveML 

Algorithm

Data

Environment

Constraints

Strategy/policy



Issues in Machine 

Learning



Issues in Machine Learning 

ñHow can we program systems to automatically learn
from çdataè and to improve predictive/prescriprive
capabilities with experience? ñ

ÅHow do we learn?

ÅHow can we
ñimproveò, and over 
what??

ÅWhat is learning?

ÅWhat can we learn?

ÅWhat is 
ñexperienceò??

Need to ponder on how human beings learn..



What is learning??



Fire burns!



But we 
eventually 
learned 
using it



You can 
study (learn) 
Machine 
Learning



And then build 
an app to 
reccomend best 
restaurants
based on 
peopleôs 
preferences



So, what is learning (for humans)?

ÅMake sense of a subject, event or feeling by interpreting it into 

our own words or actions

ÅUse our newly acquired ability or knowledge - in conjunction with 

skills and understanding we already possess - to do something 

useful with the new knowledge or skill



What is 

learning?

COLLECT AVAILABLE DATA  (ingest)

+

GAIN  KNOWLEDGE (understand, interpret 

data and transform it into knowledge)

+ 

USE NEW KNOWLEDGE 

TO DO SOMETHING  (act)



But, how do we 
learn??



How do humans 

learn?

ÅSomeone tell us (teacher, or watching others)

ÅTry and test (learning by doing) as in the fire 

example

Basically, ML systems learn in one of these two ways



Is there something humans cannot 

learn?? 



As a matter of facts, machines can learn to fly, 

swim, run..

Å Surprisingly, with rather different strategiesΧ

https://www.youtube.com/watch?v=4ZqdvYrZ3ro&

feature=emb_imp_woyt

https://www.youtube.com/watch?v=4ZqdvYrZ3ro&feature=emb_imp_woyt


Besides things that humans cannot 
learn (but possibly machines can..), 

there are others that are either..

ÅDifficult to learn

ÅDifficult to teach



When is it difficult 
for humans to 

learn? 



When is it difficult 
for humans to 

learn?

If data change too frequently, 

humans might be unable to 

continuously adapt their 

knowledge (e.g. personalized 

recommendations, market 

analysis forecast)



When is it difficult 
for humans to learn?

If the environment is dangerous, ñlearning by doingò  cannot be applied (e.g. 
rescue systems)



When is it difficult 
for humans to teach?

If there is not enough information or 

previous expertise to ñunderstand and 

gain knowledgeò  

(we actuallydo not understand the image 

and speech recognition process by 

humans ïit is not ñteachableò)



Are machinesbetter than humans?

Å Yes in some applications and «to some extent» (e.g., games, precision
surgery, image understanding..) 

Å However, usingmachines(in general) isnot alwaysadvisable
Å A usefulquestionis: WHEN is the supportof machine learning truly

needed? 

https://gradientscience.org/intro_adversarial/



So when is 

it 

advisable 

to use  

Machine 

Learning?

ML is used when:

ǒNo expertise

ỏHuman expertise does not exist 

(navigating on Mars), or there is a 

danger

ỏHumans are unable to explain their 

expertise (speech/image recognition)

ǒToo many data, data change frequently: 

ỏA solution changes in time (market 

data for market forecast)

ỏA solution needs to be adapted to 

particular cases (personalized 

systems for a recommendation, 

diagnosis, etc.)



So when is 

it 

advisable 

to use 

Machine 

Learning?

Å Develop systems that are too difficult/expensive to 
construct manually because they require specific 
detailed skills or knowledge tuned to a specific task 
(knowledge engineering bottleneck).

ỏ Expert systems (more frequently named Decision 
Support Systems) 

Å Develop systems that can automatically adapt and 
customize themselves to individual users.

ỏ Personalized news or mail filters

ỏ Personalized tutoring

ỏ Personalized therapies

ỏ Recommenders

Å Discover new knowledge from large databases (data 
mining).

ỏ Customer preferences (learn from large samples 
of customersô shopping behaviours)

ỏ Medical text mining (electronic health records)

ỏ Social network mining  (messages and friendship 
relations)

ỏEmotion detection (from large datasets of peopleôs 
images)



An 
interdisciplinary 

topic: many 
related 

disciplines!

71ML is perhaps the most interdisciplinar of CS 

areas!!

Artificial Intelligence

Data Mining

Probability and Statistics

Information theory

Numerical optimization

Computational complexity theory

Control theory (adaptive)

Psychology (developmental, cognitive)

Neurobiology

Linguistics

Philosophy



Some ñreal 

hotò ML 

applications

ÅIt is really hard to find a 

problem where machine 

learning is not already 

applied -- machine 

learning is practically 

everywhere, in business 

applications and science!

ÅLetôs see a list of (truly) 
ñhotò applicationsé



Computational 
Biology & E-
health

ÅPredicting diseases and complications 
from genomic data (metabolic, gene-
disease relations, ..)

ÅDrug repurposing through the analysis 
of biological networks (e.g. 
interactions between proteins)

ÅPredicting epidemics through the 
analysis of human interaction data 
(e.g., population density, data on 
population movements, climatic data, 
etc.)



Web Search and 
Recommendation Engines

ÅFind relevant searches, predict which results 
are most relevant to us, return a ranked 
output (Google)

ÅRecommend similar products (e.g., Netflix, 
Amazon, etc.)



Finance

ÅPredict if an applicant is 
credit-worthy

ÅDetect credit card 
frauds

ÅFind promising trends 
on the stock market 
(algorithmic trading)



Text and Speech Recognition

ÅHandwritten digit and 
letter recognition at the 
post office

ÅVoice assistants (Siri)

ÅLanguage translation 
services



Image 
Understanding 
and Robotics

Å

Å

Å



Social 
Networks and 
Advertisement

ÅSocial data mining:

Ådata mining of personal 
information

ÅPredict/analyze opinions, 
political choices, purchase 
behaviors



And the latest(basedon OpenAI/LLM/GTP models

Å Generatingcode from NLP instructions(e.g., NL2SQL)
Å Domain-general questionanswering
Å Visual recommendersystems: givendata, recommendbest 

charts to gain insight from data  (DATA2Viz)
Å Generatingartistic images from NLP descriptions(NL2Images)
Å Automatedimage captioning(IMAGE2NL)
Å Summarization
Å Automatedproblemsolving 
ÅΧΦexponentialgrowth of applications



ML 
Algorithm 

types
(we will 
shortly 
analyze)

ÅClassification [Predictive]

ÅClustering [Descriptive/prescriptive]

ÅAssociation Rule Discovery 
[Descriptive/prescriptive]

ÅSequential Pattern Discovery 
[Descriptive/prescriptive]

ÅRegression [Predictive] 

ÅDeviation Detection [Predictive]



ML algorithm 
types

ÅClassification and regression [Predictive]

ÅClustering [Descriptive/prescriptive]

ÅAssociation Rule Discovery 
[Descriptive/prescriptive]

ÅSequential Pattern Discovery 
[Descriptive/prescriptive]

ÅRegression [Predictive] 

ÅDeviation Detection [Predictive]



What is a classifier?

ÅGivenrecords(instances) representing«data» of a domain (e.g., 
customers, products, patients, hotels..) and givena particular
attribute (that we call alsofeature, or variable, or descriptor, or 
field..) describingtheserecords(for example: beinga returning
customer, experiencinga failure, havinga heart attak, being
overbooked..),

ÅThe algorithmlearns, from pastdata, predictingthe valueof the 
attribute for the future (unseeninstances)

ÅAttribute must be categorical(discrete, finite set of values), this is 
why is it called classifier



Categorical vrs
continuous 
variables 



Classification 
vrs. Regression



cases

outcomes

Historical 
data 

machine 
learning

algorithm
Classifier

Classifiers: Training phase 

Example: 
Å «cases» are clinicalrecordsand medicaldata of pastpatients; «outcomes» is the observedefficacyof a 

therapy, or the onsetof a complication (e.g., diabetes)
Å Classifier: a model (a function) that predictsan outcomeon future  patients(e.g., the onsetof a complication)

INPUT

OUTPUT



Predictionphase

ClassifierNew cases

Duringthe predictionphase, the predictivemodel (the classifier) becomesoperational. 
It is providedwith new data ςe.g., data on new patients- and it usesthe learnedmodel to predict the future



Classifiers: a 
formal 

definition

Å Given a collection of records D (training set ) in a given domain (e.g., 
customers of a bank)
ï Each record xi in Dcontains a set of attributes, one of the 

attributes is named the class(= the attribute c whose value we 
would like to learn predicting, e.g., c=defaulter, with values 
yes/no). It must be a discretevariable (binary or multi-valued)

ï The training set represents historical data for which the value of 
c is KNOWN 

Å Objective: Learn  a modelc(x) for the classattribute as a function of 
the values of other attributes.

Å MethodΥ ǘƘŜ ǘŀǊƎŜǘ ƛǎ ǘƻ ƭŜŀǊƴ ŀ άƳŀǇǇƛƴƎέ ŦǳƴŎǘƛƻƴ c(x): xČCsuch 
that c(x) reproduces, for all records x in the historical dataset D, the 
same class values. 

Å Formally: ÇÉÖÅÎÐÁÉÒÓὼȟὧ ὭὲὈȟᶅὼᶰὈȟὧὼ ὧ
ï D is named learning (or training) set, and offers examples of 

correct classifications for a set of instances (the pairs ὼȟὧ )
ï A test setis used to determine the accuracy of the model. 

Usually, the given data set is divided into training and test sets, 
with training set used to build the model and test set used to 
validate it.

ï If accuracy is sufficiently good on test data, the model becomes 
operational



Dataset of ǎǘǳŘŜƴǘΩǎmarksin the first and second 
exam

Å[ŜǘΩǎsaywe haverecordsof ǎǘǳŘŜƴǘΩǎ
results for the first second and third
exam

ÅBinaryclass value: admittedor not
admitted

ÅThe tableshows the distributionof 
historical data, blue are thosewho
passed, green thosewho did not pass

ÅObjective of ML algorithm  is to learn 
predicting from past data if the student 
will pass or not the third exam

ÅάƭŜŀǊƴ ŀ ƳƻŘŜƭέ ǘƘŀǘ ǿƛƭƭ ǇǊŜŘƛŎǘ ǘƘŜ 
future outcome for future students, 
given results of first and second exam



How is the predictionmade?

Å The«model»issomediscriminativefunction
y=f(x)

Å In this example, f(x)=mx+qis the blue line: it
approximatelyseparatesthe positive 
(admitted) and negative (not admitted) 
examples

Å Thisline isusedasdecisionboundaryfor
future predictions

Å Whenpresentedwith a new data instancex
(the red dot) the model usesthe following 
classificationrule:

Å IF f(x)<0 THEN y=«not admitted» ELSE IF f(x)>0 
THEN y=«admitted»  (remember, f(x)=0 for all
x lyingon the blue line, f(x)>0 for all x lying
abovethe blue line, f(x)<0 for all points lying
belowthe blue line).

?



Lerninga 
Classifieris
in 3 phases

1. Training, or learning phase: it analyses
historicaldata wherea classification
(decision) hasbeentaken(e.g. credit 
assignment, risk assessment, patient
diagnosis..) and learna classification
MODEL

2. Test phase: a portion of historicaldata 
not usedduringtraining issubmittedto 
the model for classification. Model 
predictionsare comparedwith «grount
truth» to assessqualityof the model. If
qualitynot sufficient, data pre-processing 
and model learning algorithmare 
improved

3. Prediction(operational) phase: the 
model becomesoperational, new unseen
data are submittedto the model for 
classificationand decisionsupport 



What is a 
άaƻŘŜƭέΚ

Å A model is a function y=f(x: a1,a2..an) where y is a value, and x: a1,a2..an is the 
set of attributesor features of instances (records) x of a dataset (e.g. e.g.,  x is 
a credit card applicants, or a patient, or a product, etc. represented by a set 
of attributes). 

Å Learning a model means that for every combination of attribute values, the 
system is able to compute the value of c(x)

Å This ability mimics human ability of generalization: from few evidences we 
learn a strategy that can be applied  also to cases that we have not seen 
before. 

Å A model can be any algebraic, logic or probabilistic function 

Å If the values of f(x) are DISCRETE, then we have a classifier, if they are 
continuous, then we have a regressor. 

Å For example, if, given a record describing an applicant credit history, we want 
to learn a model that  predicts if it is a possible defaulter, the model is a 
CLASSIFIER (f(x) takes 2 discrete values, defaulter and not defaulter)

Å If the model must predict a future stock market value given its past values 
and other market-related attributes, then f(x) is a continuous value, and the 
model in a regressor.



Whatdoesit meansmodel learning?

ÅThe «model» hereis the linear 
separator y=mx+brepresentedby 
the blue line, wherem and b are 
initially unknown (theyare called 
the «model parameters»)

ÅParametersm and b of the line are 
learnedbasedon the examplesby 
«some» ML algorithm

ÅOnce the line is learned, then, we
can use the model for predictions, 
asexplainedbefore



Example2: Predictingloan defaulters

Å Input data are «histories» of previousloanreceivers. 
Å In the ETL step, «relevant» (for the task) attributeshavebeenselected
Å Oneof the attributesmust be the onethat we would like to learnpredicting. Thisis named«class». 

It must be discrete (that is, it maytake a finite set of values)
Å In this example, the classis «Loan History», and has2 values, defaultero non-defaulter(it is a 

binaryvariable).
Å Objective: givenpasthistories, train a  classifieralgorithmto learnpredictingthe valueof  this class 

(defaulteror non-defaulter) ςand then, use the classifierto predict if new customers(not in the 
record of pastcustomers) will be defaultersor non-defaulters, and use this predictionto decide 
wether to grant credit or not.



Processing the DW

ÅIf some attributeshavetoo manyvalues, it might
be difficult to find regularitiesin the data.  

ÅIn this case, ageand employementlenghthave
beendiscretized(valuesare replacedwith 
intervals)



Example of train/test phases

Test

Set

Training 

Set
Model

Learn 

Classifier

bƻǘŜΥ ŀŎǘǳŀƭƭȅ ǘƘŜ ǾŀƭǳŜǎ ƻŦ ǘƘŜ άŎƭŀǎǎέ ŀǘǘǊƛōǳǘŜ ŀǊŜ ƪƴƻǿƴ ŀƭǎƻ ŦƻǊ ǘƘŜ ǘŜǎǘ ǎŜǘΣ ōǳǘ ǘƘŜȅ ŀǊŜ 
not provided to the system, in order to test its accuracy. 

Age Job Inco
me

ΧΦ Loan

<27 skill 5k .. NO

>38 High 
skill

11k .. NO

<27 less 5k YES

Age Job Inco
me

ΧΦ Loan

<27 mod
er

35k .. ?

>38 less 11k .. ?

28<x
<37

High 
skill

50k ?

NO

YES

NO



A very simple example of classifier 
(decision tree)



Example: 
loan 

application 
(with simpler 
attributes..)

Å Problem: a bank has data on previous granted loans. For each customer, the 
following attributes (all with finite DISCRETEvalues) are available:

ï Age(young middle old)

ï Has_job(true, false)

ï Own_house(true, false)

ï Credit_rating: (fair, good, excellent)

ï Loan (yes, no) (whether the loan was granted or not)

Å ¢ƘŜ ƭŀǎǘ ŀǘǘǊƛōǳǘŜ ƛǎ ŎŀƭƭŜŘ άŎƭŀǎǎέΦ Lǘ ǊŜǇǊŜǎŜƴǘǎ  ǘƘŜ όōƛƴŀǊȅΣ ƛƴ ǘƘƛǎ ŎŀǎŜύ 
variable y  for which we wish to learn a predictive model: 

loan=f(age,has_job, own_house,credit_rating)

Å Task: learn a model to help deciding whether to grant a loan or not to new 
customers based on history of past granted loans. 

Å When the model is learned, given a new customer and his/her attributes, the 
model predict the class loan (with values YES or NO), i.e. it suggests if the 
loan should be granted or not

Å Clearly the example is very simple: in the reality, many more attributes (even 
order of millions!) are considered to build a model



Example: Loan Application (2)
Å How do we learn the model?

Å Learn the model from a fragment of available data (training set) based on 
previous experience (e.g. loan histories where we know if the recipient 
could refund the loan or he/she was a defaulter)

Å Evaluate the quality of predictions using another fragment of the available 
data (test set)

Å If performance is good (e.g., error rate is <2-3%) then use the model to  
help decisions on new customers



Example: Loan Application (3)

A simple training set 

Defaulter



Example: 
Loan 

Application 
(4)

ÅSo we have data on past loans. Each record 
represents a previously processed customer 
request, with 4 attributes and one class.

ÅBoth the class and the attributes have symbolic 
discrete  (not real-valued) values

ÅWhat kind of prediction function we can learn?

ÅAs we said, functions can be algebraic (e.g. 
polynomial, exponential ..) logic (e.g. rules) or 
probabilistic (a probability is learned for each 
class value)

ÅWe here introduce Decision Trees, a type of 
logic function (it learns RULES)



A tree has a root, branches and leaves
root

branches

leaves

Root and branch nodesare TEST on attribute VALUES; leaf nodesare DECISIONS 
on class values; branch edgesare labeled with attribute vales. 



A decision tree from the loan data (2)

Every path from the root to a leaf can be interpreted as a RULE, e.g.,:

IF Age=Young AND Has_job=false THEN loan=NO



Howisa DTgenerated?

A high-level example
Å Blue and greydotsare the «labelled» examplesin 

the training set, describedby a set of attributes
(ƭŜΩǘǎcall them a1,a2,a3..)

Å Theobjectiveis to split our datain subgroups
basedon the valuesof attributessuchthat all the
membersof a groupbelongto the sameclass
(«blue»or «gray»)

Å At eachstep, the algorithmsearch for the 
attribute that allowsa split of the data whichis 
«closest» to the objective(ƭŜΩǘǎsay, in step B, that
we split the data accordingto attribute a3, whose
valueare, e.g., v1 and v2)

Å Whenall the examplesin a subset havethe same
label, then, output a decision

Å The red path correspondsto a rule: 
LC ŀоҐǾм !b5 ŀмҐǾп !b5Χ ¢I9b ŎƭŀǎǎҐōƭǳŜ

a3=v1 a3=v2

Subset of initial
examplesfor which
a3=v1



S(R) the support of a rule is the ratio between the examples in the dataset that satisfy the rule, and 
the total number of available examples 

The confidence C(R) of a rule is the ratio between the examples that satisfy both the conditions 
(the IF part) of a rule AND the consequence (the THEN part) and the number of examples that 
satisyonly the condition. f the  numerator is lower than the denominator, it means that the rule is 
not 100% correct, given the data. 
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Another 
example

Doesthe animal
live in water?

yesNo

A whale livesin water 
but it is a mammal! So out
of 21 examples1 doesnot
match the rule!



Once a model is learned, it can be 
used for new predictions

A new loan request

?

ANSWER IS NO: DO NOT GRANT THE LOAN!!



How do we 
actually 
learn 

decision 
trees from 

data?

Å Several ML algorithms with code are freely available

Å HoweverΣ άbƻǘ ȅƻǳǊ ōǳǎƛƴŜǎǎέ ƭŜŀǊƴƛƴƎ Ƙƻǿ they work 
and how to use them (although in Watson you will run a 
few examples) 

Å Decision trees have an advantage: they provide RULES in 
output. Expert users can inspect generated rules and 
select those that seem more reliable and/or convincing

Å In general, in business it is always better to select data 
mining algorithms that provide an EXPLANATION of their 
learned model. Deep (state of the art) ML algorithms are 
black boxes!!

Å Interpretability is a recent research area in machine 
learning 

Å Fairness and bias are other relevant issues



Lƴ Ŏƭŀǎǎ ŜȄŜǊŎƛǎŜΥ Ŏŀƴ ȅƻǳ άǊŜŀŘέ ǘƘƛǎ Dtree?

άŎƭŀǎǎέ ƛǎ risk_of_diabetes, with two values: yes or no 

Exercise 
test

мύ [ƛǎǘ ŀƭƭ ǘƘŜ άǊǳƭŜǎέ ǘƘŀǘ ƘŀǾŜ ōŜŜƴ
ƭŜŀǊƴŜŘ  ōȅ ǘƘŜ ŀƭƎƻǊƛǘƘƳ ōŀǎŜŘ ƻƴ ǇǊŜǾƛƻǳǎ ǇŀǘƛŜƴǘǎΩ 
Histories, compute support and confidence for all rules
нύ ²Ƙŀǘ ƛǎ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇǊŜŘƛŎǘƛƻƴ ŦƻǊ ŀ ǇŀǘƛŜƴǘ
with high cholesterol and negative exercise test?

Note: the first
numberis the
numerator of 
the support
the second the 
numerator of
the confidence
Total 45 examples



Classification algorithms

ÅWe have shown decision 
trees because they easy to 
interpret

ÅState-of-the-art 
classification algorithms are 
much more complex, often 
not based on logics. Rather, 
they learn algebraic 
functions

ÅExample: Neural networks 



A visual intuition of how neural networks  work 

(character recognition)



Input are pixelsoutput are
numbersfrom 0 to 9.
What are the hiddenlayers?

A visual intuition of neural networks (2)



A visual intuition of neural networks (3)



Inner layerhavea «hidden» meaning,
but we can think of them as«recognizers»
of  simplercomponent of the input.
Once the weightsare learned,  they activate
when the component is recognized.

An intuition of neural networks (4)



An intuition of neural networks (5)



Layer 2 recognizes smallest

component, layer 3 more 

complex

component.

HOWEVER this is an intuitive 

explanation. We canôtactually

tell the network does this.. 

A visual intuition of neural networks (6)



Another visual intuition: face recognition

HOWEVER this is an intuitive explanation. We canôt

actually tellthe network does this.. 



Whatkind 
of models
do these
algorithm

learn?

Several off-the shelf and 
deep algorithms learn a 
model that is based on 
an algebraic function

Modelsare often more 
complex that «lines» (as
for the studentƎǊŀŘŜΩǎ
example



Learning fase

Suppose we are givenexamplesof patientswith only two attributes,
pressure and cholesterol. Red are patientsthat endedup having
cardiovascularcomplications, green are patientswhoŘƛŘƴΩǘ

Every«point» isa
patient, 
representedby 
his/her valuesof
pressure and 
cholesterol



Learning fase

The MODEL that the system tries to learnfrom examplesisa 
«separating» line (linear or more complex) f(x)  (separatinghyperplaneif
multiple attributes)



Predictionphase

Givena new «unseen» patient, the model will predict«at risk of
cardiovascularproblems» if his/her P and C valuesplace the patient
abovethe learnedcurve, whichiscalledDECISION BOUNDARY



Thiscan be extendedto multiple classes



And to multiple attributes


