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Data Mining

Working notes for the hands-on course at the
Faculty of Economics at University of Ljubljana

These notes include Orange
workflows and visualizations we

will construct during the course.

The notes were written by

the members of the
Bioinformatics Lab at University
of Ljubljana, and are extensions
of the notes by Blaz Zupan and

Janez Demsar.

Welcome to the introductory workshop on Data Mining! This
short course is designed for students marketing. You will see how
common data mining tasks can be accomplished without
programming. We will use Orange to construct visual data mining
workflows. Many similar data mining environments exist, but the
lecturers prefer Orange for one simple reason—they are its

authors.

If you haven't already installed Orange, please download the
installation package from https://orange.biolab.si.

Attribution-NonCommercial-NoDerivs
@IS0 i


http://orange.biolab.si

File widget. Double click
to open it and select the

data set.
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The output of
the File widget.

Scatter Plot
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A simple workflow with two
connected widgets and one
widget without connections. The
outputs of a widget appear on
the right, while the inputs appear
on the left.
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Lesson 1: Workflows in Orange

Orange workflows consist of components that read, process and
visualize the data. We call them “widgets”. Widgets are placed on a
drawing board (the “canvas”). Widgets communicate by sending
information along a communication channel. Output from one
widget is used as input to another.

@ First-workflow.ows

Data Table widget. Double
click the icon to see the
data in a spreadsheet.

The output of
Data Table sends
out any data
(rows) that are
@ selected in the
widget.
Data Table
; This output is not used, hence the
¥2§|g”f,’v‘i’ég°étt_he Data dashed line. You can add another

Data Table by clicking on its icon
from the toolbox on the left;
connect the output of Data Table

The communication to the input of the new Data Table
channel. It passes the (1) and check if the selected data
data from the File widget from Data Table are indeed sent
to the Data Table widget. to the downstream widget. This

demo works best if both widgets
are open, meaning their windows
are displayed.

. Awidget that has not

been connected to
any other widget.

We construct workflows by dragging widgets onto the canvas and
connect them by drawing a line from the transmitting widget to
the receiving widget. The widget’s outputs are on the right and the
inputs on the left. In the workflow above, the File widget sends
data to the Data Table widget.



Workflow with a File widget that
reads data from the disk and
sends it to Scatter Plot and Data
Table widgets. The Data Table
renders the datain a
spreadsheet, while the Scatter
Plot visualizes it. Selected data
points from the Scatterplot are
sent to two other widgets: Data
Table (1) and Scatter Plot (1).

Orange workflows often start
with a File widget. The iris data
set has 150 rows (flowers) and 5
columns. Out of the 5 columns, 4
contain measures of sepals and
petals and 1 (marked as
"categorical class") reports on
the type of iris (setosa, virginica

or versicolor).
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Start by constructing a workflow that consists of a File widget, two
Scatter Plot widgets and two Data Table widgets:

D Data Table

File
Data Table (1)

Scatter Plot

Scatter Plot (1)

The File widget reads the data from your local disk. Open the File
widget by double clicking its icon. You will see a pre-loaded data
set named 7rzs. This is a famous data set describing the subtypes of
iris flowers.

[ JON | File

O File:  iris.tab <] & Reload
URL: “
Info

Iris flower dataset
Classical dataset with 150 instances of Iris setosa, Iris virginica and Iris versicolor.

150 instance(s)

4 feature(s) (no missing values)

Classification; categorical class with 3 values (no missing values)
0 meta attribute(s)

Columns (Double click to edit)

Name Type Role Values
1 sepal length O numeric feature
2 sepal width O numeric feature

3 petal length O numeric feature

4 petal width O numeric feature

5 liris categorical target Iris-setosa, Iris-versicolor...

Browse documentation datasets

— Cob

? B

Now open the other widgets. In the Scatter Plot widget, select a
few data points and watch as they appear in Data Table (1). Use a
combination of two Scatter Plot widgets, where the second scatter
plot shows a detail from a smaller region selected in the first
scatter plot.
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Scatter Plot can be used only with numerical features. We see the

relationship between sepal length and sepal width and color the
points by the type of iris. What does this visualization tell us?

[ JOX Scatter Plot
Axisx: [ sepal length <] 4.4
Axisy: [ sepal width
4.2
a4l
Color: iris a a8 ® °
Shape: = (Same shape) 9 o @
Size: (Same size) <] 3.6
Label:  (No labels) <] @ O
Label only selection and subset 3.4 ocee@»e @)
< ~
E ao
Symbol size: = 32 > O (@] O
- 2 o ®
Opacity: 3 -
- .
Jittering QxC o @ =~
GO oo O
2.8 | ] )
Show color regions = C o 0
Show legend (0] o Q@
Show gridlines 2.6 o @
Show all data on mouse hover
Show regression line ° ao
Treat variables as independent 24 o e _
o o o O Iris-setosa
Zoom/Select 2.2 o O Iris-versicolor
kW Q Iris-virginica
2 o ‘ e
5 6 7 &
Send Automatically sepal length
?2BB

We can connect the output of the Data Table widget to the Scatter

Plot widget to highlight the chosen data instances (rows) in the

scatter plot.

[

In this workflow, we have

switched on the option “Show File
channel names between
widgets” in File—Preferences.
[ ] &9 Edit Links
l:‘ Data
Selected Data e®
Data Subset ScC
Data D o0
|:| Features
Data Table Scatter Plot
Clear All Cancel “

Data

<O

L d
Selected Data Data Subset ol

[

Data Table

Scatter Plot

How does Orange distinguish between the primary
data source and the data selection? It uses the first
connected signal as the entire data set and the
second one as its subset. To make changes or to
check what is happening under the hood, double
click on the line connecting the two widgets.



Tick ‘Order by relevance’ box
under Variable list to order
variable by how well they split
subgroup values. Here, the
mean of iris setosa is quite
separate, while the means of iris
versicolor and iris virginica still

overlap somewhat.
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Lesson 2: Data Exploration

A nice way to get the first impression of our data is to visualize it.
Box Plot can help us discover outliers, distributions and interesting

features.

[ JOX ) Box Plot
Variable
iris

N sepal length

[ sepal width

Order by relevance
5.84 +0.83

Subgroups
| )

None

iris

4.0 4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0 8.5
Display
Annotate
No comparison

Compare medians
o Compare means

Send Automatically

2B B

Looks like the average sepal length is 5.84, but our standard
deviation (thick blue line) is quite high, so we can expect a lot of

variance in our samples.

[ J @® Box Plot
Variable
iris Iris-setosa: 5.01 = 0.35
[ sepal length |
[ sepal width A
4.80 5.00 5.20

Order by relevance
Iris-versicolor: 5.94 = 0.51
|

Subgroups
Il
.

None ﬁllil
@ iris 5.60 5.90 6.30

Iris-virginica: 6.59 + 0.63

|

i | | |
Display 6.20 6.50 6.90

Annotate
No comparison
Compare medians
© Compare means

4.0 4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0 8.5

v Send Automaticall
@ el RNl ANOVA: 119.265 (p=0.000)

2B B

But Box Plot is even more powerful than that. We can compare
distribution by subgroups. Select Iris in Subgroups box and see
how irises differ by sepal length. Seems like iris setosas have the

smallest sepal length and virginicas the highest.
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Lesson 3: Loading Your Own
Data Set

Orange can read the data from spreadsheet file formats which

include tab and comma separated and Excel files. Let us prepare a

data set (with school subjects and grades) in Excel and save it on a

local disk.

([ D a S ¥ B grades-small Q- O~
Home Insert Page Layout Formulas Data Review View &t Share v
E2 : fx 46 v

A B C D E F G
1 Student English History Algebra Physics PE
2 |George 22 32 21 45_| 99
3 |John 91 65 89 11 29
4 | Thomas 51 21 100 100 27
5 James 9 18 61 90 8
6 |John 93 39 12 17 63
7
8
q
4 » Sheet1 +

Ready __EJ 2] - [R—

o 144%

In Orange, we can use the File widget to load this data set.

[ XOX ] File
© File:  grades-small.xlsx a . .. & Reload
URL: B

Info

5 instance(s), 5 feature(s), 1 meta attribute(s)
Data has no target variable.

Columns (Double click to edit)

Name Type Role Values

1 English [ numeric feature

2 History [ numeric feature

3 Algebra [ numeric feature

4 Physics [ numeric feature

5 PE [ numeric feature

6 Student B string meta

Browse documentation data sets Report Apply

Looks ok. Orange has correctly guessed that student names are
character strings and that this column in the data set is special,
meant to provide additional information and not to be used for any
kind of modeling (more about this in the upcoming lectures). All
other columns are numeric features.
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It is always good to check if all the data was read correctly. We can
connect our File widget with the Data Table widget,

D Data @

File Data Table

and double click on the Data Table to see the data in the

spreadsheet format.

000 ™ Data Table
Info

ST Student English History Algebra Physics Physical GPA

6 features (no missing values) 1 George 22.000 32.000 21.000 46.000 99.000 3.000

No target variable. 2 John 91.000 65.000 89.000 11.000 29.000 3.000

1 meta attribute (no missing 3 Thomas 51.000 21.000 100.000 100.000 27.000 3.000

values) 4 James 9.000 18.000 61.000 90.000 8.000 2.000
5 John 93.000 39.000 12.000 17.000 63.000 1.000

Variables
Show variable labels (if present)
Visualize continuous values
Color by instance classes
Selection

Select full rows

Restore Original Order

Report

Send Automatically

Nice, everything is here.

Instead of using Excel, we could also use Google Sheets, a free on-

line spreadsheet alternative. Then, instead of finding the file on the
local disk, we would enter its URL address in the File widget’s

URL entry box.

There is more to input data formatting and loading. We can define

the type and kind of the data column, specify that the column is

actually a web address of an image, and more. But enough for now.

If you would really like to dive in for more, check out the

documentation page on Loading your Data, or a video on this

subject.


http://orange-visual-programming.readthedocs.io/loading-your-data/index.html
https://www.youtube.com/watch?v=MHcGdQeYCMg

We will introduce clustering with a
simple data set on students and
their grades in English and Algebra.
Load the data set from
https://file.biolab.si/text/

grades.tab.

i

D Data Table
fl 1
File ..,.:,
Scatter Plot
[ JoN ) Data Table

Info

Student English
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Lesson 4: Hierarchical Clustering

Say that we are interested in finding clusters in our data. That is,
we would like to identify groups of data instances that are close
together, similar to each other. Consider a simple, two-featured
data set (see the side note) and plot it in the Scatter Plot. How
many clusters do we have? What defines a cluster? Which data
instances should belong to the same cluster? How does the
clustering algorithm actually work?

12 instances (no missing values)
2 features (no missing values)

Bill

91.000

P
2 Cynthi; 51.000
No target variable. yn . 2
A - 3 Demi 9.000
1 meta attribute (no missing
Bl 4 Fred 49.000
5 George 91.000
5 6 lan 91.000
Variables
X § 7 Jena 39.000
srwwl_vanable Ia_belsl(lf present) g katherine 20.000
Isualize numeric values
Color by instance classes s B 90.000
10 Maya 100.000
Selection 11 Nash 14.000
12 Phill 85.000

Select full rows

Restore Original Order

Report

Send Automatically

ece Scatter Plot
Axis Data
Axisx: [0 English
Axisy: [ Algebra
= 100 O O .
Find Informative Projections Jena _CYnthia
Jittering: 10 %
B g 90 Qred
Jitter numeric values N
Bill
Points
Color: (Same color) 80} Qan
Shape: (Same shape) | T}
Size: (Same size)
Algebra o [ PR Qatrer
89.000 Label: B Student 2 atherine
2
100.000 Symbol size: <
61.000
Opacity:
92.000 pacty 60 OQussh
49.000 Plot Properties
82.000
99.000 Show legend
. Show gridlines 50
71.000 Show all data on mouse hover Beorge
45.000 Show class density
32.000 f"s"‘; ’?’ﬁ“’"{ “;‘e it Phillea
abel only selected points
61.000 Y P 40
45.000 Zoom/Select
B Q o
30 Maya
Send Automatically L L
[ 20 40 60 80 100
Save Image Report English

There are different ways to
measure the similarity between
clusters. The estimate we have
described is called average
linkage. We could also estimate
the distance through the two
closest points in each clusters
(single linkage), or through the
two points that are furthest away

(complete linkage).

First, we need to define what we mean by “similar”. We will assume
that all our data instances are described (profiled) with continuous
features. One simple measure of similarity is the Euclidean
distance. So, we would like to group data instances with small
Euclidean distances.

Next, we need to define a clustering algorithm. Say that we start
with each data instance being its own cluster, and then, at each
step, we join the clusters that are closest together. We estimate the
distance between the clusters with, say, the average distance
between all their pairs of data points. This algorithm is called
hierarchical clustering.


http://file.biolab.si/text/grades.tab
http://file.biolab.si/text/grades.tab
http://file.biolab.si/text/grades.tab
http://file.biolab.si/text/grades.tab

o Distances

Distances between

© Rows

Columns

Distance Metric

Euclidean

Report

Apply automatically

Apply
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One possible way to observe the results of clustering on our small

data set with grades is through the following workflow:

File

[

Data Table

A

Distances

Hierarchical

= g

Scatter Plot

Clustering

Couldn’t be simpler. Load the data, measure the distances, use

them in hierarchical clustering, and visualize the results in the

scatter plot. Hierarchical clustering widget allows us to cut the

hierarchy at a certain distance score and output the corresponding

clusters:
[ XOX ] Hierarchical Clustering
HLre 60 40 20 [
. . . .
Average u
Annotation
B student 1]
Pruning
© None
Max depth: 10 z
i Bill
Selection lan
Maya
Manual Phill
© Height ratio:  41.8% s George
Lea
Top N: 3 ° Jena
E Cynthia
Fred
el Katherine
Nash
Output

Append cluster IDs

Name: Cluster
Place: Meta variable a

Send Automatically

Save Image Report

60 40 20 0

o0 e
Axis Data
Axisx: [0 English E
Axisy: [0 Aigebra <}

Find Informative Projections

Jittering; = 10%

Jitter numeric values

Points

Color: Cluster
Shape: Cluster <]
Size: (Same size) | T}
Label: B Student
Symbol size:

Opacity:

Plot Properties

Show legend

Show gridlines

Show all data on mouse hover
Show class density

Show regression line

Label only selected points

Zoom/Select
ko oQ
Send Automatically
Save Image Report

Algebra

110

100

90

80

70

50

40

30

Scatter Plot

Yena  Cynthia
Fred o
Bl
lan
+
Katherine
+ 4+
'Demash
X
George
X X
PhilLea
X
Maya
L
20 40 60 80 100
English
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Lesson §: Animal Kingdom

Your lecturers spent substantial part of their youth admiring a
particular Croatian chocolate called Animal Kingdom. Each
chocolate bar came with a card — a drawing of some (random)
animal, and the associated album made us eat a lot of chocolate.
With the next generation, the story repeated. Some things stay
forever. Funny thing is, we never understood the order in which
the cards were laid out in the album. We later learned about
taxonomy, but being more inclined to engineering we never
mastered learning it in our biology classes. Luckily, there’s data

mining and the idea that taxonomy simply stems from measuring

the distance between species.

Hierarchical clustering works fast
for smaller data sets. But for
bigger ones it fails. Simply, it
cannot be used. Why?

N A

File Distances

(] ( ] Hierarchical Clustering
Linkage | 2 0
- | |
Average s
B _H platypus
Annotation tortoise
seal
8 name a | sealion
o | || dolphin
runing 1!| porpoise
© None girl
- = gorilla
Max depth: 10 < wallaby

—— squirrel

Selection frultb_at
vampire
Manel — |
© Height ratio: 74.7% z maoTeSter
B z opossum
Top N: 3 : %P
aardvark
Zoom bear
wolf
raccoon
puma
polecat
mongoose
lynx
lion
leopard
boar
cheetah
pussycat
reindeer
Output pony
Append cluster IDs calf
goat
Name: Cluster oryx
Place: Meta variable a g::jfi;m
deer
Send Automatically antelope

buffalo

ben

Save Image Report 2

= T B

Hierarchical Data Table

Clustering

Sieve Diagram

Here we use zoo data (from
documentation data sets) with
attributes that report on various
features of animals (has hair, has
feathers, lays eggs). We measure the
distance and compute the clustering.
Animals in this data set are
annotated with type (mammal,
insect, bird, and so on). It would be
cool to know if the clustering re-
discovered these groups of animals.

To split the data into clusters, let us
manually set a threshold by dragging
the vertical line left or right in the
visualization. Can you say what is the
appropriate number of groups?

10
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We can observe the discovered clusters in a Box Plot. We can get a

distribution of animal types in each cluster:

[ JOX J Box Plot
Variable
maeptid
domestic c | Glﬂ'lz
catsize mammal
/s c2 mmmm 4
Cluster mammal
1
Order by relevance cs 36
amphibiaeptile
Subgroups ca
o fish reptile
tail c5 14
domestic bird
catsize Ce NI 20
type invertebrate
Cluster c7 1
invertebrate
Display cs 7
Stretch bars insect invertebrate
c9
Send Automatically
0 5 10 15 20 25 30 35 40
Save Image
Or we can turn it around and see how different types of animals
are spread across clusters.
[ JOX J Box Plot
Variable
domestic
catsize ca
type amphibian 4
Cluster Cé
bird I 20
Order by relevance c5
fish 13
Subgroups
- e c9
tail insect NN 3
domestic crs c9
catsize invertebrate "IN 10
type cc2  c3
Cluster mammal - I I L
CC4 Cb
reptile 5
Display
St e 0 5 0 15 20 25 30 35 40 45

Send Automatically

Save Image

What is wrong with those mammals? Why can't they be in one

single cluster? Two reasons. First, they represent 40 % of the data

instances. Second, they include some weirdos. Click on the clusters

in the box plot and discover who they are.

1"
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Lesson 6: PCA

Let us observe a simple 2D data set. We already know scatter plot
shows relationship between two numerical variables, x and y in our
case.

0.8
0.6}
0.4

0.2

X

Do you notice anything unusual here? It looks like x and y are
highly correlated. Could we perhaps simplify the data set by
describing the data with a single variable? Perhaps like this?

© (D@ COCOEDATD @ @O -

PC1

Think about what we've done. What are the properties of the best
projection?

We want the data to be as spread out as possible. If we squint our
eyes, we see just a line. We lose one dimension, essentially keeping
just a single coordinate for each dot.

We again talk about two dimensional projection only for the sake
of illustration. Imagine that we have ten thousand dimensional
data and we would like, for some reason, keep just ten features. In
particular we want to remove those that are correlated and tell us
the same thing. And we want our final data points to be as spread
out as possible.

12



00

Components Selection
Components: 7

Variance covered: 81%

Options
Normalize data
Show only first 20

Apply automatically
Apply

Proportion of variance

0.8

0.6

0.4

0.2

PCA
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How do we do this? Imagine you are observing a swarm of flies;
your data are their exact coordinates in the room, so the position
of each fly is described by three numbers. Then you discover that
your flies actually fly in a formation: they are (almost) on the same
line. You could then describe the position of each fly with a single
number that represents the fly's position along the line. Plus, you
need to know where in the space the line lies. We call this line the
first principal component. By using it, we reduce the three-
dimensional space into a single dimension.

After some careful observation, you notice the flies are a bit spread
in one other direction, so they do not fly along a line but along a
band. Therefore, we need two numbers, one along the first and one
along the — you guessed it — second principal component.

It turns out the flies are actually also spread in the third direction.
Thus you need three numbers after all.

Or do you? It all depends on how spread they are in the second and
in the third direction. If the spread along the second is relatively
small in comparison with the first, you are fine with a single

dimension. If not, you need two, but perhaps not yet three.

A technique that does this is called Principle Components
Analysis, or PCA. The corresponding widget is simple: it receives
the data and outputs the transformed data.

The widget allows you to select

the number of components and

0.819 — helps you by showing how much

information (technically:
explained variance) you retain
with respect to the number of
components (brownish line) and

the amount of information
\ (explained variance, red line) in

I each component.

0.037

5 7 9 il 13 15 17 19
Principal Components The PCA on the left shows the

?2 BB

scree diagram for zoo data. Set
like this, the widget replaces the
16 features with just seven - and still keeping 81% of information.

13
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The axes, PCr and PCz2, do not correspond to particular features in
PCA is particularly useful in the original data, but to their linear combination. What we are
visualizations and for speeding looking at is a projection onto the plane, defined by the first two
up the analysis. components. When you consider only two components, you can
imagine that PCA puts a hyperplane into multidimensional space

and projects all data onto it.

Note that this is an unsupervised method: it does not care about
the class. The classes in the projection may be well separated or
not. Let's add some colors to the points and see how lucky we are

this time.
[ JOX J Scatter Plot
Axisx: | [ pPC1 =
Axisy: [ PC2 <] 5
4
[
B (¢]
lor: () t
Color: © type | ] 3
Shape: = (Same shape) a
Size: (Same size) u 2 &)
Label:  (No labels) ]
Label only selection and subset 1 ©
o~
g e
Symbol size: =— ok [ ] .. N N
Opacity: — O. © amphibian
Jittering 4 &O @ bird °
[ (ox5) Q
Show color regions fish (o)
Show legend -2 T (0] [
Show gridlines . (o)
Show all data on mouse hover invertebrate o o
Show regression line -3 Q 1)
Treat variables as independent ® mammal °
a » °
Zoom/Select reptile )
ol -4 -3 -2 -1 0 1 2 3 4
PC1
? B
Not bad, really.

14



Something in this workflow is

conceptually wrong. Can you

guess what?

[ XX}
Info

Data: 4492 instances.
Predictors: 1
Task: Classification

Restore Origina

Show
Predicted class

Predicted probabilities for:

False
True

Draw distribution bars
Data View

Show full data set

Output

Original data
Predictions
Probabilities

Report

0.96 :
0.96:
0.96:
0.96:
0.96:
0.96 :
0.96:
0.96:

0.03

Tree
0.04 - False
0.04 - False
0.04 - False
0.04 - False
0.04 - False
0.04 - False
0.04 - False
0.04 - False

:0.97 - True

0.96:
0.96 :
0.96:

0.03

0.04 - False
0.04 -> False
0.04 - False

:0.97 > True

0.01

:0.99 > True

0.96:
0.96 :
0.96:
0.96:
0.96:

0.03

0.04 - False
0.04 - False
0.04 - False
0.04 - False
0.04 - False

:0.97 > True

0.96 :
0.96:

0.04 - False
0.04 - False

Predictions

churn

False
False
False
False
False
False
False
False
True

False
False
False
False
True

False
False
False
False
False
True

False
False
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Lesson 7: Classification

In the previous lessons, we explored iris data, but have never
constructed actual prediction models. For this lesson, load the
churn-filtered.tab data set from this link.

Retaining customers is the bread and butter of most companies so
they like to keep as much of them as possible. Can we predict
which customers will leave before they actually do?

Data

[

File Predictions

G\QO
\.

Tree

Let us create this simple workflow.

The data is fed into the Tree widget, which infers a classification
model and gives it to the Predictions widget. Note that unlike in
our past workflows, in which the communication between widgets
included only the data, we here have a channel that carries a
predictive model.

The Predictions widget also receives
the data from the File widget. The

state areacode  phone number  account length

KS 415.000 382-4657 128.000

OH 415000 377191 107.000 widget uses the model to make

NJ 415.000 358-1921 137.000

T e 75000 predictions about the data, and shows
AL 510.000 391-8027 118.000

MA 510.000  355-9993 121.000 them in the table.

MO 415.000 329-9001 147.000

LA 408.000 335-4719 117.000

IN 415.000 329-6603 65.000 . .
T e B How correct are these predictions? Do
1A 408.000 363-1107 168.000

v oicooo | seneoos | smono we have a good model? How can we

1A 415.000 366-9238 62.000 tell?

NY 415.000 351-7269 161.000 .

D 408.000 350-8884 85.000

vT 510.000 386-2923 93.000 .

VA 510000 356-2982  76.000 But (and even before answering these
™ 415.000 373-2782 73.000 . . .

FL 415.000  396-5800 | 147.000 very important queStIOIlS), what is a
co 408.000 393-7984 77.000 . .

AZ 415000 3581958  130.000 classification tree? And how does

sc 415.000 350-2565 111.000

Orange create one? Is this algorithm
something we should really use?

So many questions to answer!

15


http://file.biolab.si/datasets/churn-filtered.tab

Classification trees were very
popular in the early years of
machine learning, when they
were first independently
proposed by an engineer Ross
Quinlan (C4.5) and a group of
statisticians (CART), including
the father of random forests Leo

Brieman.

Model — Tree

D Data ‘h

File Tree

Some relations inferred from the
classification tree may not be
too reliable for small data sets.
What should the size of the data
set be to acquire stronger

conclusions?

Tree

11 nodes, 6 leaves

Display
Zoom:
Width:
Depth:

Edge width:

Target class:

Save Image

Tree Viewer

Unlimited [T} 92.9%, 3939/4
Relative to parent (&
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Lesson 8: Classification Trees

In the previous lesson, we used a classification tree, one of the
oldest, but still popular, machine learning methods. We like it since
the method is easy to explain and gives rise to random forests, one
of the most accurate machine learning techniques. So, what kind
of model is a classification tree?

Let us show how classification tree is built for predicting churn.
We will use Tree Viewer to visualize the tree.

We read the tree from top to bottom. The majority, 89.5%

r‘q of customers in this data set will stay, hence the label Fa/se

in the root of the tree. The best feature that would split
this data set into two data sets, where one of the classes
would prevail, is total day minutes. See the node in the right
branch? The majority (66.8%) of customers will leave the company.
The data subset in the left branch is cleaner than its root, with
92.9% customers staying. The tree uses the number customer service
calls feature to break this subset into two data subsets that are even
cleaner (red and blue nodes at the next level). Building the tree is
therefore a procedure which uses a few most informative features
to hierarchically break the data into smaller subsets where one of
the classes is prevailing.

Tree Viewer

False
89.5%, 4022/4
total day minute:

= 265.300 > 265.300
False True
66.8%, 167/25!

number custome| number vmail my

= 3.000, > 3.000 = 0.000 > 0.000

False e True False

96.0%, 3935/406 80.9%, 165/20. 95.7%, 44/46
Total minutes

= 661.500 > 661.500
False
69.8%, 37/53

total day minute:

=285.300 > 285.300
False
97.4%, 37/38

Report

Trees place the most useful feature at the root. What would be the
most useful feature? The feature that splits the data into two

purest possible subsets. It then splits both subsets further, again by
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Rank widget could be used on its
own. Say, to figure out which
features are best predictors of a
customer who will leave. In the
future, we could spot similar
customers and provide them
special offers or discounts to

persuade them to stay.

In this course, we won't learn
how to compute information
gain. There's a good explanation
of this concept with formulas
and graphs on

stackoverflow.com (google it).
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their most useful features, and keeps doing so until it reaches a
subset in which all data belongs to the same class (leaf nodes in
strong blue or red) or until it runs out of data instances to split or
out of useful features.

We still have not been very explicit about what we mean by “the
most useful” feature. There are many ways to measure the quality
of features, based on how well they distinguish between classes.
We will illustrate the general idea with information gain. We can
compute this measure in Orange using the Rank widget, which
estimates the quality of data features and ranks them according to
how informative they are about the class. We can either estimate
the information gain from the whole data set, or compute it on the
data corresponding to an internal node of the classification tree in
the Tree Viewer.

Blla
i rﬂ Rank (1)
D Tree Tree Viewer
File e
Data Table
Rank

Besides the information gain, Rank displays several other measures
(including Gain Ratio and Gini), which are often quite in
agreement and were invented to better handle categorical features
with many different values.

(K J Rank
Scoring for Classification # Inf. gain v Gain Ratio Gini
Information Gain () Total minutes 0.040 m
Gain Ratio .
Gini Decrease [ total day minutes 0.037 0.018
ANOVA () total day charge 0.037 0.018
CR::IIiZefF ) number customer service calls 0.032 0.016
FCBF ) number vmail messages m
Select Attributes voice mail plan 2 0.01 0.014 0.003
None ) total eve minutes C 0,005 0.003 0.001
All () total eve charge Cc 0,005 0.003 0.001
Manual . q
international plan 2 ‘0.001 &003 .0.000
© Bestranked: 5 C
[ account length C .0.001 p.OOO ‘04000
Send Automatically [ total night minutes C 0.001 0.000 0.000
) total night charge C .0.001 p.OOO .0.000
Report () total night calls C .0.001 p.OOO _0.000

-—
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Lesson 9: Model Inspection

Here’s another interesting combination of widgets: Tree Viewer
and Scatter Plot. In Scatter Plot, find the best visualization of this
data set, that is, the one that best separates instances from
different classes. Then connect Tree Viewer to Scatter Plot.
Selecting any node of the tree will output the corresponding data
subset, which will be shown in the scatter plot.

D\ (

File : : ;2 Scatter Plot

Tree Tree Viewer III'
Wherever possible, visualizations
. . Distributions
in Orange are designed to
support selection and passing of @
the data that applies to it. Finding
interesting data subsets and Data Table
analyzing their commonalities is a
central part of explorative data Just for fun, we have included a few other widgets in this workflow.
analysis, an approach favored by The Tree Viewer selects data instances by inferring rules from the
the data visualization guru data itself and optimizing to obtain purer data subsets.
Edward Tufte.
e0e Scatter Plot
Axis Data
Axisx: | [ number customer service calls .:IJS:
Axisy: | [0 total day minutes
Jittering: 2%
Jitter numeric values
Points.
Color: | @ churn
Shape: | (Same shape) 2]
Size: (Same size) §
Label: | (No labels) € o
Symh.ol size: ° g CP
Opacity: kel
Plot Properties
[ show legend
Show gridlines
Show all data on mouse hover
__ Show class density
Show regression line
Label only selected points
Zoom/Select
- IFE
Send Automatically )
Save Image Report number customer service calls
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We do not yet know Distributions
widget, but it is similar to Box
Plot. It shows distribution of a
selected variable and it also
enables grouping by categorical
variables. You can substitute
Distributions for Box Plot, if you

wish.
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Lesson 10: Classification
Accuracy

Now that we know what classification trees are, the next question
is what is the quality of their predictions. First, we need to define
what we mean by quality. In classification, the simplest measure of
quality is classification accuracy expressed as the proportion of
data instances for which the classifier correctly guessed the value
of the class. Let’s see if we can estimate, or at least get a feeling of

classification accuracy with the widgets we already know.

D - Data Table

File Predictions

iia i

Tree Distributions

Predictions outputs a data table augmented with a column that
includes predictions. In Data Table, we can sort the data by any of
these two columns, and manually select data instances where the
values of these two features are different (this would not work on
big data). Roughly visually estimating the accuracy of predictions is
straightforward in the Distribution widget, if we set the features in
view appropriately.

[ JOK J Distributions

Variable
4000 | False

M total {ntl minutes ® True
[ total intl calls
[ total intl charge
[ number customer service calls
[ Total minutes
churn
state
[ area code

[ Tree(False)

M_Troo(Trua)

3000 |

2000 -

Frequency

Precision
2 — 50

Bin numeric variables into 10 bins
1000 -

Group by

churn [T

Show relative frequencies -
q ol ]
Show probabilities: (None) u Fallse Trlue
Tree
Save Image Report
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But sometimes we need something more exact than a rough
estimate observed in the Distributions widget. To see the statistics
of correctly and incorrectly classified examples open the
Confusion Matrix widget.

v x
vienm
- x\me

File Predictions Confusion Matrix
Tree
[ JOX ] Confusion Matrix
Learners R
Predicted
Tree
False True b3
False 4016 6 4022
©
£ True 165 305 470
<
3 4181 3 4492
Show
Number of instances <]

Select

Select Correct
Select Misclassified

Clear Selection

Output

Predictions
Probabilities

Send Automatically

Report

We see that for 4016 customers who stayed and 305 who left, the
tree predicted the outcome correctly. However, it misclassified 165
persons that left the company as not at risk and marked 6 persons
that stayed as potential resigners. Since classification accuracy is
the proportion of correctly classified examples, we calculate it by
dividing the number of correct classifications (4016 + 305 = 4321)
with the number of all examples (4492). Hence classification
accuracy is 4321/4492 = 96.1%. Sounds good, but is it really?
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This lesson has a strange title
and it is not obvious why it was
chosen. Maybe you, the reader,
should tell us what does this
lesson have to do with cheating.

[

File

%, 5o

Preprocess Scatter Plot
Why is the background in this
scatter plot so blue? Why has

red disappeared after class

randomization?
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April 2020

Lesson 11: How to Cheat

At this stage, the classification tree looks very good. There are only

a couple of data points where it makes a mistake. Can we mess up

the data set so bad that the trees will ultimately fail? Like, remove

any existing correlation between employee characteristics and

churn? We can! There’s the Preprocessing widget with randomize

class preprocessor. Check out the chaos it creates in the Scatter

Plot visualization where there were nice clusters before

randomization!

Axis Data
Axis x:

Axisy: [ total day minutes

ind Informative Projections

Jittering:

Jitter numeric values
Points
Color: chum
Shape: | (Same shape)
Size:  (Same size)

Label: (No labels)

Symbol size:

Opacity:

Plot Properties
Show legend

Show gridiines

Show all data on mouse hover
Show class density

Show regression line

Label only selected points

Zoom/Select

B W Q

9 number customer service calls 5]

total day minutes

Scatter Plot

False
© True

Send Automatically 7 )

Save Image

Report

number customer service calls

Fine. There can be no classifier that can model this mess, right?

Let’s make sure. (When connecting Preprocess to Tree, Orange will

S5
Scatter Plot
D ﬁ# -~ | [
File Preprocess Predictions Distributions

Y

Tree

i

Tree Viewer

connect the Preprocessor
signals. You will have to
manually correct this by
connecting the output
Preprocessed Data to Data.
Connections in this dialog are
removed by clicking on them.)
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Signals from the Data Sampler
widget have not been named in
our workflow to save space.
Data Sampler split the data to a
sample and out-of-sample (so
called remaining data). The
sample was given to the Tree
widget, while the remaining
data was sent to the Predictions
widget. Set the Data Sampler so
that the size of these two data

sets is about equal.

[

File

Data Mining April 2020

And the result? Here is a screenshot of the Distributions:

[ JON ) Distributions

Variable
4000 False

® True

W Lo rmnuies

M total intl calls

[ total intl charge

[ number customer service calls
[ Total minutes

churn 3000 -
state

[ area code
& Tree

M Tree(False)

M Tree(True) 2000

Frequency

Precision
B 50

Bin numeric variables into 10 bins 1000

Group by

churn [T}
Show relative frequencies 0 ] -

Show probabilities:  (None) [T

| 1
False True

Tree
Save Image Report

Most unusual. Almost no mistakes. How is this possible? On a
class-randomized data set?

To find the answer to this riddle, open Tree Viewer and check out
the tree. How many nodes does it have? Are there many data

instances in the leaf nodes?

Looks like the tree just memorized every data instance from the
data set. No wonder the predictions were right. The tree makes no
sense, and it is complex because it simply remembered everything.

Ha, if this is so, if a classifier remembers everything from a data set
without discovering any general patterns, it should perform
miserably on any new data set. Let us check this out. We will split
our data set into two sets, training and testing, train the
classification tree on the training data set and then estimate its

accuracy on the test data set.

———

%, ¢ i,

Preprocess Data Sampler dj Predictions Distributions
Tree
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Turns out that the majority of
data instances have been
predicted to False (will not
leave). Why? Blue again (like
blue from the Scatter Plot of the

messed-up data)? Here is a hint:

use the Box Plot widget to

answer this question.

We needed to class-randomize
only the training data set to fail
in predictions. Try changing the
workflow so that the classes are
randomized only there, and not

in the test set.
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Let’s check how the Distributions widget looks after testing the
classifier on the test data.

[ JOX J Distributions

Variable
False

W U T e S

M total intl calls ® True
[ total intl charge 1000 1=
[ number customer service calls
[ Total minutes

churn 8001
state

[ area code

@ Tree

M Tree(False)
M Tree(True)

600 -

Frequency

Precision
400
% ————— 50

Bin numeric variables into 10 bins

200 -

Group by
churn [T -
Show relative frequencies ol I ——
Show probabilities: (None) [T} Faise Trlue
Tree
Save Image Report

The predictions of the users that are going to leave are a complete
fail. On the class-randomized training data our classifier fails
miserably. Finally, just as we would expect.

To really test the performance (accuracy) of the classification
technique, we have just learned that we need to train the classifiers
on the training set and then test it on a separate test set. With this
test, we can distinguish between those classifiers that just
memorize the training data and those that actually learn a general
model.

Learning is not simply memorizing. Rather, it is discovering
patterns that govern the data and applying it to new data as well.
To estimate the accuracy of a classifier, we therefore need a
separate test set. This estimate should not depend on just one
division of the input data set to training and test set (here’s a place
for cheating as well). Instead, we need to repeat the process of
estimation several times, each time on a different train/test set and
report on the average score.
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File 7
& A
efb‘Q
z Test & Score
Tree

For geeks: a learner is an object
that, given the data, outputs a
model. Just what Test & Score

needs.

Cross validation splits the data
sets into, say, 10 different non-
overlapping subsets we call
folds. In each iteration, one fold
will be used for testing, while the
data from all other folds will be
used for training. In this way,
each data instance will be used

for testing exactly once.
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Lesson 12: Cross-Validation

Estimating the accuracy may depend on a particular split of the
data set. To increase robustness, we can repeat the measurement
several times, each time choosing a different subset of the data for
training. One such method is cross-validation. It is available in
Orange through the Test & Score widget.

Note that in each iteration, Test & Score will pick a part of the
data for training, learn the predictive model on this data using
some machine learning method, and then test the accuracy of the
resulting model on the remaining, test data set. For this, the
widget will need on its input a data set from which it will sample
the data for training and testing, and a learning method which it
will use on the training data set to construct a predictive model. In
Orange, the learning method is simply called a learner. Hence, Test

& Score needs a learner on its input.

This is another way to use the Tree widget. In the workflows from
the previous lessons we have used another of its outputs, called
Model; its construction required data. This time, no data is needed
for Tree, because all that we need from it is a learner.

Here is how the Test & Score widget looks like. CA stands for
classification accuracy, and this is what we really care for for now.

( JOK )

Sampling

Test & Score

Evaluation Results
© Cross validation Method v  AUC CA F1 Precision Recall
Number of folds: 10 u Tree 0.822 0.961 0.777 0.962 0.651

Stratified

Cross validation by feature
state [T

Random sampling

Repeat train/test: 10 d

Training set size: 66 % |4

Stratified

Leave one out
Test on train data
Test on test data

Target Class

(Average over classes) d

Report
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And the result? Here is a screenshot of the Distributions:

Scatter Plot

0 %
-
File Preprocess Predictions
Tree ;ﬂ
Tree Viewer

Distributions

Variable

VideoOnDemand
ContractType
PaperlessBilling
PaymentMethod
[ MonthlyCharges
[ TotalCharges
Churn

[ Tree(No)
[ Tree(Yes)

Precision

2

Bin numeric variables into 10 bins

Group by
Churn <]
Show relative frequencies

(None) “

Show probabilities:

Distributions

4000

3000

2000 -

Frequency

1000

® Yes

No Yes

Tree

2 € =

Most unusual. Almost no mistakes. How is this possible? On a

class-randomized data set?

To find the answer to this riddle, open Tree Viewer and check out

The signals from the Data

Sampler widget have not been

instances in the leaf nodes?

named in our workflow to save
space. The Data Sampler split the
data to a sample and out-of-
sample (so called remaining
data). The sample was given to
the Tree widget, while the
remaining data was handed to
the Predictions widget. Set the
Data Sampler so that the size of
these two data sets is about

equal.

N

File

L’ B
# Ll
Preprocess Data Sampler

i

Tree

the tree. How many nodes does it have? Are there many data

Looks like the tree just memorized every data instance from the
data set. No wonder the predictions were right. The tree makes no

sense, and it is complex because it simply remembered everything.

If this is so, if a classifier remembers everything from a data set
without discovering any general patterns, it should perform
miserably on any new data set. We will split our data set into two
sets, training and testing, train the classification tree on the
training data set and then estimate its accuracy on the test data.

Predictions Distributions

25



Turns out that for both class
values the majority of data
instances have been predicted to
No (blue). Why? Here is a hint:
use the Box Plot widget to

answer this question.

We needed to class-randomize

only the training data set to fail

in predictions. Try changing the
workflow so that the classes are
randomized only there, and not
in the test set.
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Let’s check how the Distributions widget looks after testing the
classifier on the test data.

[ NON ) Distributions
Variable
No
VideoOnDemand
1400 ® Yes
ContractType
PaperlessBilling
PaymentMethod 1200
[ MonthlyCharges
[ TotalCharges
Churn 1000 |
M Tree(No) 3
S 800
[0 Tree(Yes) b
o
Q@
- * 600
Precision
2 <0 400
Bin numeric variables into 10 bins
200
o -
Churn <] ok
Show relative frequencies No NEs
Show probabilities: (None) E Tree

2l [« [

Predictions are a complete fail. On the class-randomized training
data our classifier performs miserably. Finally, just as we would

expect.

To really test the performance (accuracy) of the classification
technique, we have just learned that we need to train the classifiers
on the training set and then test it on a separate test set. With this
test, we can distinguish between those classifiers that just
memorize the training data and those that actually learn a general

model.

Learning is not simply memorizing. Rather, it is discovering
patterns that govern the data and apply to the new data as well. To
estimate the accuracy of a classifier, we therefore need a separate
test set. This estimate should not depend on just one division of
the input data set to training and test set (here’s a place for
cheating as well). Instead, we need to repeat the process of
estimation several times, each time on a different train/test set and

report on the average score.
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Q1: Which model performs
the best?

Q2: What are the three most
important variables for this
model?

Q3: Use Attrition - Predict
and identify who is most
likely to leave and come up
with measures to prevent
this.

Qr1: Use Rank to identify
three most important
attributes.

Q2: How can we explain
these attributes? Use Box
Plot to describe the leaving
customers and come up with
a strategy to prevent this.

Qr1: Can success of the
projects submitted in April
and May be predicted from
models inferred from data on
previous months?

Q2: What contributes the
most to the success of the
campaign?

Q3: Which models performs
the best?

Q4: Select those instances
the model said will be funded
(positives). Now inspect how
are true positives different
from false positives (use Box
Plov).
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Lesson 13: Case Studies

Data scientists are made with lots and lots of practice. Here we
have some typical business use cases where data mining and
machine learning are typically employed. All data sets are available
in the Datasets widget.

1. Attrition of employees

It is employers’ worst nightmare when talented employees leave
the company. In order to prevent this, we need to offer them some
incentives to stay. But we cannot afford to give raises to everyone
in the company: First, we must identify those employees who are

most likely to leave.

Use Attrition - Train and Attrition - Predict data sets.
2. Customer churn

Key to a successful business is not only bringing in new customers,
but also retaining the old ones. It is vital to identify customers who
are most likely to switch to competition and provide incentives for
them to stay with us.

Use Télecom customer churn data set.
3. Kickstarter

When launching a new product, there’s always a high level of
uncertainty, whether the product will succeed or fail. Could we
mitigate at least a part of this uncertainty? We can pin point what
contributes to a successful campaign (which campaign gets funded)
and in this way increase the chances of our product to go from
zero to hero.

Use Kickstarter projects data set.
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This depiction of deep learning
network was borrowed from

http://www.amax.com/blog/?p=804

Deep Neural Network
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Lesson 14: Image Embedding

Every data set so far came in the matrix (tabular) form: objects (say,
countries, students, flowers) were described by row vectors
representing a number of features. Not all the data is like this;
think about collections of text articles, stock market data
sequences, voice recordings or images. It would be great if we
could represent them in the same matrix format we have used so
far. We would turn collections of, say, images, into matrices and
explore them with the familiar prediction or clustering techniques.

Until very recently, finding useful

Input Layer

Hidden Layer 1

edges

011000111

gl

Import Images Image Embedding

Hidden Layer 2 Hidden Layer 3

combinations of edges

I representation of complex objects
such as images was a real pain.
Now, technology called deep
learning is used to develop
models that transform complex
objects to vectors of numbers.
Consider images. When we,
GOSN humans, see an image, our neural
networks go from pixels, to spots,
to patches, and to some higher
order representations like
squares, triangles, frames, all the
way to representation of complex
objects. Artificial neural networks
used for deep learning emulate
object models these through layers of
computational units (essentially,
logistic regression models and some other stuff we will ignore
here). If we put an image to an input of such a network and collect
the outputs from the higher levels, we get vectors containing an

abstraction of the image. This is called embedding.

Deep learning requires a lot of data (thousands,
possibly millions of data instances) and processing
power to prepare the network. We will use one which
is already prepared. Even so, embedding takes time,
so Orange doesn't do it locally but uses a server
invoked through the Image Embedding widget.

[

Data Table
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0 e

Info

19 instances (no missing values)
2048 features (no missing values)
No target variable.

5 meta attributes (no missing
values)

Variables

Show variable labels (if present)
Visualize numeric values
Color by instance classes

Selection

Select full rows
Restore Original Order

Send Automatically

[ ) @® Distances

Distances between

© Rows

Columns

Distance Metric

Cosine
v | Normalized

Apply Automatically

image name

duck
dog
horse
rabbit
ox
turkey
sheep
cow
calf
hen
foal
cat
goose
duckling
rooster

2l =
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Image embedding describes the images with a set of 2048 features
appended to the table with meta features of images.

Data Table
size width height n0 n1 n2 n3 n4 n5 né
wnloaqsllmages/dr
image

duck.png 39583 158 172 0.127 0.032 0.070 0.036 0.175 0.210 0.198
dog.png 28745 129 125 0.041 0.218 0.191 0.149 0.161 0.584 0.647
horse.png 69109 285 195 0.287 0.223 0.084 0.118 0.392 0.307 0.220
rabbit.png 24294 97 174 0.271 0.024 0.171 0.014 0.403 0.181 0.419
ox.png 56401 191 189 0.491 0.008 0.085 0.112 0.147 0.229 0.272
turkey.png 55072 171 182 0.351 0.051 0.263 0.063 0.137 0.532 0.260
sheep.png 58022 214 181 0.179 0.228 0.045 0.058 0.037 0.199 0.257
cow.png 62159 210 189 0.482 0.129 0.053 0.090 0.132 0.5699 0.242
calf.png 45538 191 152 0.179 0.197 0.040 0.013 0.182 0.079 0.230
hen.png 41716 134 168 0.387 0.058 0.042 0.097 0.388 0.203 0.133
foal.png 39210 147 177 0.066 0.260 0.042 0171 0.490 0.327 0.216
cat.png 22193 105 137 0.044 0.173 0.724 0.000 0.158 0.119 0.300
goose.png 34442 141 202 0.296 0.244 0.186 0.004 0.443 0.360 0.126
duckling.png 17109 99 119 0.058 0.048 0.055 0.047 0.196 0.184 0.154
rooster.png 41518 145 180 0.423 0.190 0.1M 0.055 0.285 0.271 0.093

We have no idea what these features are, except that they
represent some higher-abstraction concepts in the deep neural
network (ok, this is not very helpful in terms of interpretation).
Yet, we have just described images with vectors that we can
compare and measure their similarities and distances. Distances?
Right, we could do clustering. Let’s cluster the images of animals
and see what happens.

4] A =

011000111

Import Images Image Embedding Distances Hierarchical Image Viewer
Clustering

To recap: in the workflow about we have loaded the images from
the local disk, turned them into numbers, computed the distance
matrix containing distances between all pairs of images, used the
distances for hierarchical clustering, and displayed the images that
correspond to the selected branch of the dendrogram in the image
viewer. We used cosine similarity to assess the distances (simply
because of the dendrogram looked better than with the Euclidean
distance).

29



[ JOX )
Linkage
Weighted
Annotation
image name

Pruning

© None

 Max depth: 10

Selection

© Manual
Height ratio: 75.0%

" Top N: 3

Zoom

Output
Append cluster IDs

Name: Cluster

Place: Meta variable

Send Automatically
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Even the lecturers of this course were surprised at the result.
Beautiful!

Hierarchical Clustering

0.4

0.3 0.2 0.1 0

hen
rooster

——{ hore
foal

ox

Bl E

cow
calf
kid
goat
sheep
lamb
dog
rabbit
cat
duck
goose
turkey
duckling
chick
[ JON ] Image Viewer
Info
Done:
7 4 images i
04 0 {
Image Filename Attribute
B image
Title Attribute t
image name
Image Size sheep lamb

kid goat
Send Automatically

2l [«

Now try to use image embedding and clustering for your own
images. You may even try classification by placing the images in
separate folders. For an example, check out http:/file.biolab.si/

images/florida-houses.zip.
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For the End

This Introduction to Data Mining workshop for students of
marketing ends here. We have covered few important topics,
including classification and clustering. Perhaps the most important
topic under the surface of introduction is that of overfitting,
something that all machine learning methods deal with and try to
solve: how to learn the model that best generalizes across the data
that it has not seen yet.

We have demonstrated how to use, in practice, few of the crucial
algorithms that should be on the stack of every data scientists. The
goal was not to turn you into one, but to get you familiar with
some basic techniques, tools and concepts. Data science is a huge
field and it takes years of study and practice to master it. You may
never become a data scientist, but as an expert in economy and
marketing it should now be easier to talk and collaborate with
statisticians and computer scientists. And for those who want to go
ahead with data science, well, now you know where to start.
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