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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1. Data Mining

. Types of Learning in Data Mining
Classification algorithms
Clustering algorithms

. Regression algorithms

Knime
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1. DATA MINING
Data Mining is the process of searching and analyzing large databases to find

useful information that is useful for decision making.

There are numerous DM techniques that employ mathematical analysis to
deduce the patterns and trends that exist in the data. Typically, these patterns
cannot be detected by traditional data exploration because the relationships are

too complex or because the volume of data to be analysed is too large.

Currently in the field of Data Mining it is continuously used for the analysis of

large amounts of data in various fields of knowledge such as education,
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.1 BASIC CONCEPTS IN DATA MINING

Data set
It is a large collection of data usually organized into rows and columns

containing variables and attributes. Each of these values is known by the data

name. The dataset can also consist of a collection
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.1 BASIC CONCEPTS IN DATA MINING

Classes or tags
In the field of Data Mining, a class is the discrete attribute whose value you

want to predict based on the values of other attributes. It is also known as a

label.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.1 BASIC CONCEPTS IN DATA MINING

Instance
An instance is each of the data that is available for analysis. Each instance, in

turn, is composed of features that describe it. For example, in a spreadsheet, the

instances would be the rows and the features the information stored in the
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.1 BASIC CONCEPTS IN DATA MINING

Algorithm
In computer science, an algorithm is a set of defined, ordered, and bounded

instructions to solve a problem, perform a calculation or develop a task. In other

words, it is a step-by-step procedure to get a result. -
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

Modeling and evaluation
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

e This is the first phase in which a specific problem is translated into a data

mining problem in which the objectives of the analysis and research
guestions are raised
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

e |t is the most extensive phase of the process since data quality is one

of the most important challenges in data mining. Raw data must be
identified, cleaned, and stored in a preset format
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

Modeling and evaluation
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

e This is the last phase in which the results of data mining
are organized and presented using graphs and reports
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

1.2 PROCESS OF APPLICATION OF DATA MINING TECHNIQUES

It is important to note that every data mining process is an iterative process,
which means that the process does not stop when a particular solution is
deployed. It may be just a new entry for another data mining process
(Rodriguez-Arribas, 2021). That is, on many occasions the application of DM
techniques requires several iterations and the use of different algorithms _to be

able to extract the final results of the research we are doing.

2 D+ Ooestonet ﬁRONIA
S veloce 59 =AZTRE

Tus ideas son nuesiros prayacios UNIVERSITA DEGLI STUDI




Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. TYPES OF LEARNING IN DATA MINING

There are numerous classifications of the algorithms used in the world of Data
Mining, but it is essential to understand that there are two basic approaches:

supervised learning and unsupervised learning.

When we must decide which algorithm will be used to perform data analysis, it
is important to take into account what type of learning is being used, that is, if we
are talking about supervised or unsupervised learning (Garcia, Luengo and
Herrera, 2015). According to the type of learning used, different techniques and

algorithms will be used as can be seen in the mind map.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 1 SUPERVISED LEARNING

The fundamental objective of supervised learning is the creation of a model that
is able to predict values corresponding to input objects after having become

familiar with a series of examples, training data.

This technique consists of two fundamental steps:

1. A training phase where a set of labeled data is used, which contain the input
data and the desired results for that training data with an algorithm that allows to
deduce a function from the data that we are providing to the algorithm

2. The test phase, where the function obtained in the previous step is used to
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 1 SUPERVISED LEARNING
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 1 SUPERVISED LEARNING

The process is known as supervised learning, since by knowing the responses of
each example of the training set, it is possible to correct the function generated

by the algorithm. The training of the algorithm is supervised by correcting its

parameters, depending on the results obtained iteratively
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 2 UNSUPERVISED LEARNING

This type of learning is the other basic approach to Machine Learning
(ML). Unsupervised learning has unlabeled data that the algorithm must try to
understand for itself.

The goal of this type of learning is to let the machine learn without help or
directions from data scientists, that is, without supervision and without a training
dataset. In addition, the machine itself will adjust the results and groupings when
there are more suitable results, allowing the machine to understand the data and

process it in the best way
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 2 UNSUPERVISED LEARNING

Unsupervised learning is used to explore unknown and unlabeled data. It
can reveal patterns that might have been overlooked or examine large data sets
that would be too much for a single person to address.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

2. 3 SEMI-SUPERVISED LEARNING

Numerous investigations are currently being conducted with semi-supervised
learning methods. These Machine Learning techniques use both labeled and
unlabeled training data: typically, a small amount of labeled data alongside a
large amount of unlabeled data (Zhu and Goldberg, 2009). That is, they seek to
improve the prediction models that are obtained by using exclusively labeled data
by exploring the structural information contained in the unlabeled data.

We can say semi-supervised learning tries to combine the two traditional

approaches of data mining (supervised learning and unsupervised learning) to
keep the best of each of them.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

3. CLASSIFICATION ALGORITHMS

Classification algorithms are those we use when
the expected result is a discrete label. That is, they are
useful when the answer to the research question lies
within a finite set of possible outcomes.

Classification is very similar to the learning
process of people, since we possess the ability to classify
food, books, animals, planets, that is, everything around

us.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

3. CLASSIFICATION ALGORITHMS

These algorithms generally work on the information delivered by a set of
samples, patterns, examples, or training prototypes that are taken as
representatives of the classes, and they retain a correct class label. This set of
correctly labeled prototypes is called a training set, and it is the knowledge
available for the classification of new samples. The objective of supervised
classification is to determine, according to what is known, which class a new
sample should concern, considering the information that can be extracted

@IoElo ==ROMA

A:TRE

UNIVERSITA DEGLI STUDI

O
|

14+D+i

éni-_i
UNIVERSIDAD I
DE BURGOS ¥dgscn ngsgeg

estionet

o©
e




Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

4. CLUSTERING ALGORITHMS

Clustering algorithms are responsible for grouping the objects in a dataset
according to their similarities. In this way the objects that are within a cluster or
group have more similarities between them than differences.

These algorithms work with unlabeled data, so it is the algorithm itself
that analyzes the data to find the optimal number of groupings for the input data
set since we do not have prior knowledge about the characteristics of the data
and its classes.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

4. CLUSTERING ALGORITHMS

The groupings performed by the algorithms can be of two types:

1. Hard cluster: each piece of data belongs exclusively to a group.

2. Soft (diffuse) cluster: the data can belong to several groups in different
degrees, that is, the same data can have a degree of belonging of 60% to

group 1 and 40% in group 2.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

5. REGRESSION ALGORITHMS

Regression algorithms are a subfield of supervised
. learning whose goal is to establish a method for the
relationship between a certain number of characteristics
and a continuous target variable.

These are algorithms that establish a line to provide the
trend of a set of data, that is, the purpose of these
algorithms is to relate a number of characteristics and a
continuous objective variable.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

5. REGRESSION ALGORITHMS

This technique is useful for predicting outcomes that are continuous
values, that means that the answer to the research question is presented by a
quantity that can be flexibly determined based on model inputs rather than being
limited to a finite set of labels as in the case of classification
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

6. KNIME
6. 1 INTRODUCTION

KNIME is an open-source application that allows us to apply to our own
datasets or to sample datasets:

1. Statistical methods
2. Data mining algorithms or Machine Learning.
3. Visualization techniques.

It is built on the Eclipse platform and is programmed in Java. Being an
open-source software has many advantages, its code belongs to the community of
users and developers, which guarantees that it will always be a free tool that can
be downloaded and used free of charge under the terms of the GPLv3 licence. It
also allows the incorporation of code developed in R or Python.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

6. KNIME

It is a "Visual Programming" tool. Data analysis can be done intuitively by setting
up the process simply by clicking the mouse. The "nodes" that we need are
placed, without the need to know their name or how they are configured, since at
all times we have help.

It is a tool designed to be simple to use. The most important concept in
the use of the tool is that of workflow (in Spanish, workflow). A workflow is a
sequence of steps configured by the user. Formally it is a set of nodes joined
together with arrows that represent the flow of data from one node to another. A
node encapsulates different jobs that can be done with the data, there are nodes
for many tasks.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

6. KNIME

There are nodes for:
a. Load data from files or databases.
b. Create, modify, or delete rows or columns from the dataset we are working
with.
c. Calculate statistics means, percentiles, correlations etc.
d. Combine data from different data sources.
e. Build and evaluate Machine Learning models such as: classification, regression,
or clustering.
f. Visualize the data using bar charts, pie charts, scatter charts, and also other
more advanced chart types.
g. Generation of reports.
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining

6. KNIME

A workflow might have a node to load a dataset from an Excel file, then a node to
select attributes (columns) from that dataset, and then another node to display

statistics for the selected attributes.

Decision Tree: Training

This workflow i1s an example of how to build a basic prediction / classification model using a

decision tree
Dataset describes wine chemical features. Output class is wine color: red/white

Decision

oo Loumay Decision Tree View
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Observation and Evaluation Techniques from Intelligent Resources: Introduction to Data Mining
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7. Additional Material:
Using KNIME
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Additional Material: Using KNIME

1. KNIME INSTALLATION
2. KNIME WORKFLOWS.
1. Nodes
2. The workspace.

3. Generic example: Classifying flower species.

4. Example with data from intelligent therapeutic intervention (EarlyCare)
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Additional Material: Using KNIME

1. KNIME INSTALLATION

KNIME is a Java application, which means that you will need to have the Java
virtual machine installed before you can install and run the program.
To install the software, we must go to

https://www.knime.com/downloads , once there we will download "KNIME

Analytics Platform" choosing the corresponding version for the personal computer
we have: Mac, Windows 32 bits (old computers), Windows 64 (modern

computers) or Linux.
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Additional Material: Using KNIME

2. KNIME WORKFLOWS
They are a visual representation of the sequence of steps that take place in the

data analysis process. They are composed of a series of linked nodes.

Decision
Tree Learner

. ™
File Reader Partitioning

Decision Tree
Predictor

@ > BB Train model
e
Statistics
Read iris.csv Split data 60/40 Apply model Cconfusion matrix

Calculates statistic measures:
mean, max, min, variance, median, etc.

O 0¢ee

it 'qu m E D r LQ

= I+D+i | =
UNIVERSIDAD VEIDCE (o) estionet _AETRE
Tus ideas son n UN]VERSITA DEGLI STUDI

DEBURGOS

=—ROMA
oc% =

uestros proyectos



Additional Material: Using KNIME

2.1 NODES
Nodes encapsulate the algorithms that implement the actions that
conexion  puerto de entrada can be performed on the data:
puerio de salida o Manipulation of rows, columns, etc.
File Reader lon
. Tume/Loamer  Creation of data mining models.
N M « Evaluation of models.
o i T ol A - Application of models on new data.
« ETL processes (Extract, Load, Transform).
» Creation of customised reports.
= <=ROMA

. O N
UNIVERSIDAD VE'SEB O gestionet AZTRE =L MeDrk

uesiros proyectos UNIVERSITA DEGLI STUDI




Additional Material: Using KNIME

2.2 THE WORKSPACE
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PMML Writer 3% 2) Open the Scorer nade view i i i
3
rl:‘Decision Tree View 1% 3) Hilite a cell in the confusion matrix The algorithm provides two quality measures
'?;,PMML To Cell A% ‘gg gsliféll[\:q[ ractive Table view for‘ split calculation; the gil.'u‘ index and the gain
aBoosh‘ng Learner Loop End A% Tsn::): Hw\nng“?ng; o Interactive ratio. Further, there exist a post pruning
5 Model Writer 1% preCle Table (local) method to reduce the tree size and increase
:T;Model Loop End <1% ’E prediction accuracy. The pruning method is
4 Node Repositary = 8 e . /A KNIME Hub Search ¢ = g
Q - Show entire data as table !
=
T
» 10 §
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pﬂnomgr Data Types = == = —=-- E= E= b Copyright by KNIME AG, Zurich, Switzerland
P <> Structured Data . . . . . .
» ¢ Scriptin = =1= — = & Log file is located at: /Users/cgosorio/knime-workspace/.metadata/knime/kni
L piing . = WARN Color Manager 0:2 Column "income" has no nominal values
» 3/ Tools & Services
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» A Workflow Abstraction » = B
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Additional Material: Using KNIME

2.2 THE WORKSPACE

The workspace is the folder or directory of our computer where all the
projects carried out with KNIME are stored. It will be necessary to choose a
workspace before starting the program (you can also leave the folder that appears by
default when installing).
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Additional Material: Using KNIME

O 0¢ee

2.2 THE WORKSPACE: KNIME Explorer

This is the area where saved projects and workflows are managed. Where

workflows are imported or exported.

My &

4% KNIME Explorer £3
HFERBR &
b 4= EXAMPLES (knime-guest@http://publ

vV 4 LOCA ocal Workspace
/' Example Workflow

) Workflow Coach &2 @ = 0O
= 14+D+i oog
DEBURGOR veloce °

Tus ideas son nuestros proyectos

# 75% M 8 =ABROOD

= O @ Welcome to KNIME Analytics Platform

estionet

=R HE&

4% 0: Example Wo

This Example Workflow uses a File Reader node toimport the Iris dataset (included). It then assi
some basic statistics witha Statistics node. The data is split into training and testing fractions witl
predictive model in PMML from the training fraction which is then applied to the test fraction using the
with a Scorer node, which is applied after the  Decision Tree Predictor . Finally, errors can be (
highlight certain classes of errors which can then be visualized using a Scatter Plot node.
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Additional Material: Using KNIME

2.2 THE WORKSPACE: Workflow editor.

This is the main working area, where nodes are dragged, connected and the

workflow is configured.
& B 5% B 8§ oo R © = | [roq A #

= . =
(NIME Explorer £3 O § @ Welcome to KNIME Analytics Platform A% 0: Example Workflow 23 B8 B £ Node Description 3
.
OB &S

This Exampie Workllow uses a_File Reader node to import the Iris dataset (inciudsd). It then assigns visual propertieswitha  Color Manager nodo and computes
£~ EXAMPLES (knime-guest@htt®//publ some basic statistics witha _ Statistics node. The data is split into training and testing fractions witha Partitioning node. The Decision Tree Learner ~generates a
b predictive model in PMML from the training fraction which is then applied to the test fraction using the Decision Tree Predictor . Model performance is evaluated
4 LOCAL (Local Workspace) witha Scorer node, which s appiied after the  Decision Tree Predictor . Firally, errors can be explored interactively, by usingan  Interactive Table node to

highlight certain classes of errors which can then be visualized using a Scatter Plot node.

A Example Workflow

- Decision
Norkflow Coach 23 E = 8 Tree Learner

e recommendations only available >

Decision Tree

g

Train model

Jode Repository

< v

10 Statistics

-

,‘l Manipulation ’ >E
Q Views

[ ¥ Analytics

= Calculates statistic measures:

= Database mean, max, min, variance, median, etc.

%, Other Data Types

(> Structured Data §
5= Outline 3 = B & console % x bi

e & O = T
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Additional Material: Using KNIME

O 0¢ee

2.2 THE WORKSPACE: Outline.

It shows an overview of the workflow, making it easier to move from one part of

the workflow to another when the workflow is very large.
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» 10

> .‘i Manipulation

> Q Views

» 9 Analytics

> = Database

> ﬂ‘g Other Data Types
P {3 Structured Data

b =) Scripting

b 3y Tool Integration

> &0 Community Nodes
> {KNIME Labs

> v Workflow Control
» 1 Social Media

> é Reporting

> ;:P'Chemistry

b = ChemAxon [ Infocom
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0= Outline £2

\ Statistics

Calculates statistic measures:

mean, max, min, variance, median, etc.

\Interactive Table

Explore test data

E) console 52

KNIME Console

ook ook ok ok ok ok ok ok ok
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Log file i
WARN Deci
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Additional Material: Using KNIME

O 0¢ee

2.2 THE WORKSPACE: Console.

This is a text output field that displays warnings and errors that occur when

executing the workflow.

process.

UNIVERSIDAD
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Calculates statistic measures:
mean, max, min, variance, median, etc.
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It also displays relevant information about the execution

Explore test data

&) console 32 =% b & ™ - = 08

KNIME Console
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*Ex Welcome to the KNIME Analytics Platform v3.2.1.v201608190927 *Ex
Hox Copyright by KNIME GmbH, Konstanz, Germany A
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Log file is located at: /Users/Matt/Desktop/KNIME Workspace/.metadata/knime/knime.log
WARN Decision Tree Predictor 0:4 DataColumnSpec already contains a color handl
WARN Scatter Plot 0:8 Some columns are ignored: too many/missing nomin
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Additional Material: Using KNIME

2.2 THE WORKSPACE: Node repository.

This is the area where the nodes are organised by category. It is also possible to

search for nodes by name. To use a node, simply select it and drag it into the

editor.

UNIVERSIDAD
DEBURGOS

A Workflow Coach 8% A |

Node recommendations only available

4‘ Node Repository

K
»¢y10
> .‘i Manipulation
> Q Views
» £ Analytics
» & Database
> oo Other Data Types
» <> Structured Data
P @ Scripting
» 3y Tool Integration
» %0 Community Nodes
> {KNIME Labs
> v_Workflow Control
» 1l Social Media
» &1 Reporting
2 {?’ Chemistry
» €5 ChemAXxon / Infocom
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File Reader Color Manager
AN 4
o
Readiris.csv Assign colors
Statistics
g

Calculates statistic measures:
mean, max, min, variance, median, etc.

8= outline 5}

Partitioning

»
oo
> o b

Split data 60/40

Decision
Tree Learner

> o

Train model

Interactive Table

Explore test data

& console 2

KNIME Console

View test data
Decision Tree
Predictor Scorer
>
»
:} &,
Apply model Compute confusion matrix
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Copyright by KNIME GmbH, Konstanz, Germany oy

ok oo oo oo oo oo KR K KR O R o o o o R o O oo S O SO K K K KK K R R R OR Ok R

Log file is located at: /Users/Matt/Desktop/KNIME Workspace/.metadata/knime/knime.1l
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Additional Material: Using KNIME

e L& wex i e AROOD =H BESZ ¥
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e e : - i i
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20% lower port
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Additional Material: Using KNIME

O 0¢ee

2.2 THE WORKSPACE: Node description.

This is an information box that appears when a node is selected and displays

information about the tasks the node performs and what its ports (inputs and

outputs) are.

UNIVERSIDAD
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= (m| @ Welcome to KNIME Analytics Platform

licsen
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This Example Workflow uses aFile Reader node to import the Iris dataset (included). It then assigns visuz
properties with aColor Manager node and computes some basic statistics with aStatistics node. The data is
splitinto training and testing fractions with aPartitioning node. The Decision Tree Learner generates &
predictive model in PMML from the training fraction which is then applied to the test fraction using tH@ecision
Tree Predictor. Model performance is evaluated with &Scorer node, which is applied after theDecision Tree
Predictor. Finally, errors can be explored interactively, by using arinteractive Table node to highlight certair
classes of errors which can then be visualized using @catter Plot node.

Column Filter
a
> i
@

Petal ONLY

[File Reader

] L

°
<
Read iris.csv

Calculates statistic measures:
mean, max, min, variance, median, etc.

8= outline 32

Color Manager

-

®
Assign colors

Statistics

bgy = oy Ed 35 fwe HE ?

A5 *0: Example Workflow £3 = B8 A Node Description 83

File Reader

Click on the table header
If the column header in the preview table is
clicked, a new dialog opens where column
properties can be set: name and type can be

o changed (and will be fixed then). A pattern
Declalon ' can be entered that will cause a "missing
Tree Learner
- cell' to be created when it's read for this
[ ]
" ot column. Additionally, possible values of the
Partitioning Tra :“ p.uuT,',‘ Scorer column domain can be updated by selecting
rain mx
oo > P "Domain". And, you can choose to skip this
gl N g gt e g s
- - column entirely, i.e. it will not be included in
Split data 60/40 Apply model Compute confusion matrix the output table then.
Interactive Table
ﬂ Output Ports
Eifore o cate 0 Datatable just read from the file
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Additional Material: Using KNIME

3. Generic example: Classifying flower species.
Assuming that KNIME is already installed, go to the folder where it is located and
run it by double clicking on its icon. When it opens, it will ask us for the

"Workspace" folder. This is the folder where all our projects will be.

Open for Innovation

KNIME

KNIME Analytics Platform uses the workspace directory to store its preferences and development artifacts.

™ KNIME Analytics Platform Launcher

Select a directory as workspace

o
1 TGl home/jFdpastor/knime-workspace - Browse...

"] Use this as the default and do not ask again

Cancel Launch
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Additional Material: Using KNIME
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3. Generic example: Classifying flower species.
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4 KNIME Explorer & = B & welcome to KNIME Analytics Platform &
BE &% =

h KNIME Hub for workflow:

»for Innovatin
» {g My-KNIME-Hub (hub.knime.com) KN | M E
» £ EXAMPLES (knime@hub.knime.com)
~ 4 10CcAL (Local Workspace)

»IExample Workflows

Abampeonion Welcome back

Be part of a global community of KNIME users

4 KNIME Explorer 11 -9 SRR
e o B
[ —

B Correctto KNI i

£ workFlow Coach 2

Ri Nodes C
[}File Reader 24% r.
B, CsV Reader 18% /
"3 Excel Reader (XLS) 17%
B, Table Creator 12%
£ +Database Reader (legacy) 7%

B, Table Reader 4%
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KNIME Courses: learn
all about Big Data, Text
Mining and more

Share your workflows
and components on

KNIME Hub community

Learn more Explore KNIME Courses Visit Forum

£ Node Repository =0
S

Hduio

+ & Manipulation

+ @ Views

@ Analytics
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»%, Other Data Types

» <> Structured Data

»¢ Scripting

»%¢ Tools & Services

B console %2
KNIME Console

&= outline % = o

Anoutline is not available.

Questions? Ask the

nodes and mare.

+ ¥ Workflow Control
»“& WorkFlow Abstraction

Welcome to KNIME Analytics Platform v4.6.2.v201909308911 -
Copyright by KNIME AG, Zurich, Switzerland *

+ & Reporting
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Additional Material: Using KNIME

3. Generic example: Classifying flower species.

« You need to download the zip file called "Mineria_Ejemplo.zip".

« Do NOT unzip it.
« In KNIME Explorer right click and then "Import KNIME workflow ...".
« Then the option "Select file" — "browse".

« Select it and click "Ok".
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Additional Material: Using KNIME

3. Generic example: Classifying flower species.

It is a basic workflow, which works with the iris dataset.

Iris consists of 150 examples belonging to 3 different
flower species. Each example has 4 attributes describing
the flower: sepal length, petal length, sepal width, petal
width. With this data set we will:

« Calculate statistics of its attributes.

- Visualise the data

« Train and evaluate a classifier.
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Ejemplo basico que explora el dataset del iris.

Calcula estadisticas de sus atributos.
Visualiza los datos
Entrena y evalua un clasificador

Decision Tree
to Ruleset

Visualiza los datos del modelo y lo interpreta g L
2>
Decision .
Column Filter Partitioning Tree Learner /| ;.. Reglas
e 7>g’7' g Decision Tree
| H"'* — | To Image
EIi[Inina columnas Divide los datos en Enirena nmw;'lelo —— :; =
| entrenamiento / test -
70/30 i .
Ver arbol gréficamente
File Reader Color Manager Decision Tree
> n_ Predictor Interactive
= | - PCA —n__ | Table (local)
Lee iris.csv| Asigna colores > e . | = -—»E
‘ o\ Scatter Plot Aplica modelo s
Statistics Proyectar 2D | Scorer Exploro los resultados de test
| L 3 y
»
Calcula estadisticas Ver 2D Matriz de confusién
mean, max, min, variance, median, etc. y metricas

st :::: mEDrL3



Additional Material: Using KNIME

3. Generic example: Classifying flower species.

In the Editor, we can see a series of interconnected nodes. On this editor, nodes are
dragged, joined together, configured and executed to perform operations and analysis on the
data.

It has navigation tools such as zoom in/out (make bigger or smaller) and allows to add
comments.

We can run each node or the whole workflow with buttons similar to "play".

It is necessary to run the subsequent nodes each time a change is made to a node. That is to
say, if we change any parameter of a node that is at the beginning of the workflow, we have

to press the play button with two white arrows to re-execute all the subsequent nodes.
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Additional Material: Using KNIME

3. Generic example: Classifying flower species.
We are going to practice deleting and creating connections between nodes. For example,

we can delete the connection between "File Reader" and "Color Manager".

File Reader Color Manager Deéision Tree
> ""_'_""n_; N . IProdicior
L | PCA —

@ Do you really want to delete 1 connection?

"] Do not ask again
Cancel OK tl

To recreate the connection: Select both, right-click, "connect selected nodes" or drag the

mouse from the output port of "File Reader" to the input port of "Color Manager".

File Floaderl‘ Color Manager
g ¢ 4
Lee iri:-::svl'l Asigna colores
@QOEE @ _ O =—ROMA
T v A O gestionet SAZ =28 MeDris
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Loading data
The "File Reader" node is the node used to load datasets (read the data from wherever it

is stored). You can load data from a url (internet) or from your computer's hard disk.

File Reader
ED

|:' |
Lee iris.csv/
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Additional Material: Using KNIME

3. Generic example: Classifying flower
species. Loading Data

We can configure the node by double clicking
on it.

When configuring it, we can set the header or

the delimiters of the file we want to load.

This is necessary, because sometimes we
have data files separated by commas,
sometimes by semicolons, sometimes by

tabs, etc.
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Dialog - 0:1 - File Reader (Lee iris.csv)

f Settings | Flow Variables | Memory Policy |

Enter ASCII data file location: (press ‘Enter’ to update preview)

|knime:ﬂknime. workflow/iris.csv ‘ - | ‘ Browse...

[ | Preserve user settings for new location

Basic Settings

[ ] read row IDs Column delimiter: ‘5pace>‘v| | Advanced... |

read column headers ignore spaces and tabs

[ | Java-style comments Single line comment:

Preview
Click column header to change column properties (* = name/type user settings)

A

[»

Row ID |[D] sepal I...|[D] sepal ... |[D] petal I... |[D] petal ... |[§] class ||
Row0 5.1 3.5 1.4 0.2 Iris-setosa |~ |
Rowl 4.9 3 1.4 0.2 Iris-setosa

Row2 4.7 3.2 1.3 0.2 Iris-setosa

Row3 4.6 3.1 1.5 0.2 Iris-setasa

Rowd 3 3.6 1.4 0.2 Iris-setosa

Row3 5.4 3.9 1.7 0.4 Iris-setosa L
Row6 4.6 3.4 1.4 0.3 Iris-setosa I
Row7 5 3.4 1.5 0.2 Iris-setosa

Row8 4.4 2.9 1.4 0.2 Iris-setosa

Row9 4.9 3.1 1.5 0.1 Iris-setosa -

oK Apply cancel )
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Colouring data.
The "Colour Manager" node allows us to colour the dataset according to the values of one

of its attributes.

% Dialog - 0:2 - Color Manager (Assign colors)

r( Color Settings | Flow Variables | Memory Policy |

Select one Column
||§| class |,, |
@ Nominal J Range
B iris-setosa
M iris-versicolor
[l iris-virginica
Prawiew
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Additional Material: Using KNIME

Table with Colors - 0:2 - Color Manager (Asigna colores)

3. Generic example: Classifying flower species. Colouring

[ Table “default" - Rows: 150 | Spec - Columns: 5 r Properties | Flow

Row ID  |[D]sepal I...|[D] sepal ... |[D] petal ... |[D] petal ... |[S] class
d ata . Row24 4.8 3.4 1.9 0.2 Iris-setosa
Row25 5 3 1.6 0.2 Iris-setosa
Row26 5 3.4 1.6 0.4 Iris-setosa
n n Row27 5.2 3.5 1.5 0.2 Iris-setosa
The "Colour Manager" node allows us to colour the dataset fows o (34 N4 02 lsseios
Row30 4.8 3.1 1.6 0.2 Iris-setosa
. = - Row31l 5.4 3.4 1.5 0.4 Iris-setosa
according to the values of one of its attributes.
Row33 5.5 4.2 1.4 0.2 Iris-setosa
Row34 4.9 3.1 1.5 0.2 Iris-setosa
Row35 5 3.2 1.2 0.2 Iris-setosa
Row36 5.5 3.5 1.3 0.2 Iris-setosa
Row37 4.9 3.6 1.4 0.1 Iris-setosa
Row38 4.4 3 1.3 0.2 Iris-setosa
. . . . . Row39 5.1 3.4 1.5 0.2 Iris-setosa
The result is a table in which each row is coloured according to e
Rowd2 4.4 3.2 1.3 0.2 Iris-setosa
h I f h - b h h Row4 3 5 3.5 1.6 0.6 Iris-setosa
t t tt t Rowd4 5.1 3.8 1.9 0.4 Iris-setosa
e Va ue O e a rl u e We ave C Osen' Row45 4.8 3 1.4 0.3 Iris-setosa
Row46 5.1 3.8 1.6 0.2 Iris-setosa
Row47 4.6 3.2 1.4 0.2 Iris-setosa
Row48 5.3 3.7 1.5 0.2 Iris-setosa
Row49 5 3.3 1.4 0.2 Iris-setosa
Rows50 7 3.2 4.7 1.4 Iris-versic...
Row51 6.4 3.2 4.5 1.5 Iris-versic...
Row52 6.9 3.1 4.9 1.5 Iris-versic...
Row53 5.5 2.3 4 1.3 Iris-versic...
Row54 6.5 2.8 4.6 1.5 Iris-versic...
Row55 5.7 2.8 4.5 1.3 Iris-versic...
Rows6 6.3 3.3 4.7 1.6 Iris-versic...
DT A0 oA - hl Irir vrmrrie
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Removing columns.
Column Filter: This is a node that allows you to choose which columns you want to

exclude from the next steps of the analysis.

In some cases, it may be necessary to delete columns because they have unknown or

erroneous values, in the example we are only going to delete to see what happens.

Column Filter

i

-
-

|
Elimina columnas

@ s 14+D+i O ﬁR(MA
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Removing columns.
Double click on the node and choose the columns to be excluded from the following steps.

o Dialog - 0:11 - Column Filter (Elimina columnas)

|
| fCqumn Filter rFIow Variables r Memory Policy |

® Manual Selection ) Wildcard/Regex Selection O Type Selection

- Exclude - Include
| Y |E|I.|I.L‘.—'..;‘ |r | | Y |E|I.|I.l.1-—'l.;‘ |r
S| class D] sepal length

D| sepal width
D| petal length
D| petal width

o W

@ Enforce exclusion _) Enforce inclusion

oK Apply Cancel @
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Removing columns.

In the example, the column "Class", which contains the name of the species to which the

flower described in each example belongs, will be deleted.

Dialog - 0:11 - Column Filter (Elimina columnas)

| [ Column Filter | Flow Variables | Memory Policy |
We are only going to do this to cause an error in the workflow.

I \E: I:'d: r | ; ‘rl,:'l:: ,,
o] | ey
jpeta) enath
Knowing how to identify the types of errors is fundamental to u

as KNIME @® Enforce exc luslon 3 Enf .
OK Apply cancel @.
SOOI o O ==ROMA DIl
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Additional Material: Using KNIME

IColumn Filter

3. Generic example: Classifying flower species. Errors and warni >

« Remove the connection between "File Reader" and "Color Manager". Elimina columnas

 Configure "Column Filter" to remove the class. |
File Reader Color Manager

« We connect "Column Filter" with "Color Manager". p 8 __n_

] | L | 1
Lee iris.csv! Asigna colores

Now we get an error in "Color Manager" because this node used the class to give colour to

the examples.
To continue, we re-establish the connection between "File Reader" and "Color

Manager".
B0 § _ O ==ROMA o
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Warnings and errors.
A node can be in 4 different states:

* Not configured. We must double click on it and choose some important parameter that

the tool cannot choose for us.

« Pending. The execution button has yet to be pressed.

« Executed.
. EI"I"OF/ Wa rning. Cannot be executed. File Reader File Reader File Reader File Reader
[} » kD g (3 » (3 »
(as above, when deleting a column used by a later hodg). - :
Node 5 Node 5 No;e 5
column used by a subsequent node) Not Configured [|Pending Execution [ successtul Execution J| ~ Error / Warning
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Calculating statistics.

The "Statistics" node allows you to obtain statistics from a data table. By selecting the

node and then clicking on "Statistics View" we can get a table with statistics for each of

the attributes.

Statistics

]

Calcula estadisticas
mean, max, min, variance, median, etc.

SOOIy s O = <ROMA
+D+i | = =
BRERESS veloce G gestionet EA=TRE
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Calculating statistics.

Statistics View - 0:9 - Statiskics (Calculates statistic measures:)

l

Numeric | Nominal | Top/bottom |

Column Min Mean Median Max Std. Dev. Skewness Kurtosis No. Missing No. += No. -w Histogram

sepal length 4.3 25,8433 ? 7.9 0,8281 0.3149 -0,5521 0 0 0 «

sepal width 2 3,0573 E 4.4 0,4359 0,319 0,2282 0 0 0
d
_I_I_|_I_|_|_I_I_I—_ !
petal length 1 3,758 ? 6.9 1,7653 -0.2749 -1,4021 0 0 0 e.
f
I o

petal width 0.1 1,1993 B 2,5 0,7622 -0,103 -1,3406 0 0 0

il 88 68 688
T
& (LIS feifssair) GaLiLl] fe 6
) ULEEY M= G (2]
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Principal Component Analisys.
PCA (Principal Component Analysis) is a statistical technique used to describe a data set
in terms of new, uncorrelated variables called "components”. Components are ordered by
the amount of original variance they describe, making the technique useful for reducing

the dimensionality of a data set.

PCA
.
Prnyectzr 2[).
(QUEO & _ O ==ROMA
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Additional Material: Using KNIME

3. Generic example: Classifying flower species

Dialog - 0:12 - PCA (Proyectar 2D)

Principal Com ponent Analisys Settings | Flow Variables | Memory Policy |

e ® Dimension(s) to reduceto | 2]
This technique helps us to visualise in 2D data sets that © Minimum information racton 3
have more than 2 attributes, and so we can observe if == @DWW
there are outliers, overlapping between classes or if the j
boundary between classes is linear or non-linear. o
In the node you can configure how many components you | e | s
want to calculate. DD mtoing vt e e
PCA creates new attributes, it does not visualise directly, if = el | (@

we want to visualise we have to connect a node to make

graphs (we will see it below).

=<ROMA
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Scatter plot.
The scatter plot allows us to visualise two attributes simultaneously. The examples will be

will be represented as points in 2D space, at the coordinates defined by the value of its

attributes.
. Scatter Plot
_ (local)
Ver :D
@ P O §R(MA i
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Scatter plot.

In the example the first two principal components are being visualised, this technique

allows to summarise and visualise (with two attributes) a data set with several columns.

20¢e

UNIVERSIDAD
DEBURGOS

Tus ideas sen n

14+D+i
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Scatter Plot - 0:13 - Scatter Plot (local) (Ver 2D)

File HiLite Show/Hide

747
134
934
734
.
gy
534 -
.' []
334 ~ -
- -
: .
134 . -
. -
66|
- L] L
of ioete
.
.
-
N .
&1 L
L]
-
-
-
Default Settings | Column Selection | Appearance |
X Column: Y Column: X attribute | -3,224&‘ | 3,?96':‘
[D] pcA dimension 0|+ | [D] PCA dimension 1|+ = =
‘ [=] | =] Y attribute | 1,266 | 13741

A:TRE
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Data partitioning.
To properly evaluate a data mining algorithm, we must use a different set of data than

the one used for training. We have often limited data, so we have to divide the data set

into a training and a test part.

Partitioning
—p % :_ T
C.
Divide los datos en
entrenamiento / test
T0/30
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Additional Material: Using KNIME

3. Generic example: Classifying flower species.
Data partitioning
In the node we can choose the % of instances we will

use for training and the % we will use for testing.

There are options to make this partitioning completely
random or "stratified" so that it maintains the

proportion of classes in both training and testing.

@@@@
E—— I+D+i
AR veloce

O

o©,
e

Dialog - 0:5 - Partitioning (Divide los datos en)

f First partition | Flow Variables | Memory Policy |

Choose size of first partition

' Absolute E
@ Relative[%] 70

) Take from top
' Linear sampling

) Draw randomly

@ Stratified sampling =

[ | Use random seed

OK Apply Cancel @
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Creation of data mining models.
In KNIME we have multiple learning algorithms. They are usually implemented by two
nodes:

« "Learner" Builds the model (trains) from the data.

« "Predictor" Uses the trained model to predict labels from new, unlabelled data or to

predict labels from test data and evaluate their performance.

Decision
Partitioning Tree Learner
-—
> = T R
[
Divide los datos en Entrena modelo . Decision Tree
entrenamiento / test Predictor
R S

.
-

Aplica modelo

@lolclogy- — ®) ==KUMA
c +D+i | —F =
ORI veloce Q Gestionet ASTRE

uesiros proyectos UNIVERSITA DEGLI STUDI




Additional Material: Using KNIME

3. Generic example: Classifying flower species. Creation of data mining models.
In KNIME we have multiple learning algorithms. They are usually implemented by two

nodes:
« "Learner" Builds the model (trains) from the data.

« It results in a model that in some cases can be visualised.

« "Predictor" Uses the trained model to predict labels from the new data.

« Results in a table, with a new column corresponding to the predictions.
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Additional Material: Using KNIME

Dialog - 0:10 - Decision Tree Learner (Entrena modelo)

[ Options | PMMLSettings | Flow Variables | Memory Policy |

General
Class column =

species. Creation of data mining models. | Qualiy messure [Gintmdex] <]
i Pruning method

The example shows the interior of the KNIME |
| Min number records per node ,ja
node "Learner" of a classification tree. It allows Number records o store for view| 10000}

Average split point

Number threads 45
| Skip nominal columns without domain information

quality measure of the attributes, whether it has |

i [] Force root split column

pruning Or not, etC- Ruutaplitculumn

Binary nominal splits

3. Generic example: Classifying flower

you to configure, among other things, the

Root split

[] Binary nominal splits
Max #nominal E

[] Filter invalid attribute values in child nodes

oK Apply Cancel @
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display results.
We can use an interactive table type node to be able to display the values of the actual

class and the predicted class, for all test examples.

=
Decision Tree Matriz de
' Predictor y mel
This way we can see the misclassified examples. :‘_
]
Aplica modelo Interactive

Table (local)

®
Exploro los resultados de test

G999 & . O =
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display results..

In this way we can see the misclassified examples.

: Table View - 0:7 - Interactive Table (local) (Exploro los resultados de test)

File Hilite Navigation View Output

Row ID  |[D]sepal I..|D] sepal ... [D] petal I... [D] petal ... |[§] class i
Row( 5.1 3.5 1.4 0.2 Iris-setosa Iris-setosa
Row6 4.6 3.4 1.4 0.3 Iris-zetosa Iris-zetosa
Rowl6 5.4 3.9 1.3 0.4 Iris-zetosa Iris-zetosa
Rowl7 3.1 3.5 1.4 0.3 Iris-setosa Iris-setosa
Rowl8 5.7 3.8 1.7 0.3 Iris-zetosa Iris-zetosa
Row24 4.8 3.4 1.9 0.2 Iris-zetosa Iris-zetosa
Row27 5.2 3.5 1.5 0.2 Iris-zetosa Iris-zetosa
Row28 5.2 3.4 1.4 0.2 Iris-zetosa Iris-zetosa
Row30 4.8 3.1 1.6 0.2 Iris-zetosa Iris-zetosa
Row32 5.2 4.1 1.5 0.1 Iris-zetosa Iris-zetosa
Row37 4.9 3.6 1.4 0.1 Iris-zetosa Iris-zetosa
Row39 3.1 3.4 1.5 0.2 Iris-setosa Iris-setosa
Row40 5 3.5 1.3 0.3 Iris-zetosa Iris-zetosa
Row4d4 5.1 3.8 1.9 0.4 Iris-zetosa Iris-zetosa
Row46 5.1 3.8 1.6 0.2 Iris-zetosa Iris-zetosa

6.9 3.1 4.9 1.5 Iris-versicolor |Ifisvirginica |
Row59 5.2 2.7 3.9 1.4 Iris-versicolor |Iris-versicolor
Row60 5 2 3.5 1 Iris-versicolor |Iris-versicolor
=—=ROMA
I+D+i ‘ = =
e veloce G Gestionet =A:TRE
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display results..
In addition to visualising the predictions, we can easily evaluate the quality of these

predictions.

The "Scorer" node is used to evaluate the results. It can be used to obtain measures such

as the hit rate and to obtain the confusion matrix.

Decision Tree
' Predictor Scorer

— >
—_— P
—:E L6
L ]

]

Aplica modelo  Matriz de confusién
v metricas
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display results..

To configure the "Scorer" node we must define which is the column representing the real

class and which is the column for the class predicted by the model.

| rScorer r Flow Variables r Memory Policy |

First Column

||§| class |V|

Second Column

||§| Prediction (class) | - |

Sorting of values in tables

Sorting strategy: = [] Reverse order

| ||, Provide scores as flow variables
[] Use name prefix

Missing values

In case of missing values... ® Ignore

1 Fail

I
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display results.

In the concrete example (iris data set, using a classification tree, 70% of the data to train
and the remaining 30% to evaluate) it shows the overall hit rate of the model on the test
data set (91%) and other metrics such as false positives or false negatives for each of the

classes.

Accuracy statistics - 0:6 - Scorer (Makriz de confusion)

File Hilite Mavigation View

r[f Table "default” - Rows: 4 | Spec - Columns: 11 | Properties | Flow Variables |
Row ID  |[[1]TruePo../[1]FalseP...|[1] TrueN... |[ 1] FalseN...|[D] Recall |[D] Precision|D] Sensiti...|[D] Specifity|[ D] F-mea... D] Accur... |[D] Cohen'...
1 1 1 ? ?

Iris-setosa |15 D 30 0 1 1
Iris-versicolor|12 1 29 3 0.8 0.923 0.8 0.967 0.857 ? ?
Iris-virginica |14 3 27 1 0.933 0.824 0.933 0.9 0.875 ? ?
Owerall ? ? ? ? ? ? ? ? ? 0.911 0.867
(@loiClo/gy:=- : =—=ROMA
A 1+D+I1 OO t] ; — =
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display
results.
In the same node we can also obtain the confusion matrix, which

relates the actual class to the predicted class, to observe the types

of errors in the model. . Confusion matrix - 0:6 - Scorer (Matriz de confusién)
File Hilite MNavigation WView
In th is ta ble : '[f’ Table "spec name" - Rows: 3 r Spec - Columns: 3 |/ Properties f
Row ID (1] Iris-set...[ 1] Iris-ver..| 1] Iris-vir...
- Rows: These are the real classes. Sel0sd {0 = :
Iris-virginica |0 1 14

« Columns: These are the predicted classes.
In the example:

« 3 examples of iris-versicolour were misclassified as iris-virgin.

« 1 example of iris-virginia was wrongly classified as iris-versicolor.

G089 & . F ehuMA
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display the model.

Some data mining models are interpretable, i.e. we can interpret how it arrives at a

conclusion, how it classifies a certain example as one class rather than the opposite class.
In conclusion, how it classifies a certain example as one class and not the opposite class.
In the specific case of trees, we can see them in graphical form or in the form of rules, if

they are too large to be interpreted correctly in graphical form.

Decision
Tree Learner Decision Tree Decision Decision Tree
e tim To Image Tree Learner to Ruleset
Entrena modelo ® s °
' Ver arbol graficamente Entrena modelo Ver Reglas
OO @) ==ROMA
BY NC SA H — — 000
I4+D+i (@) EAETRE iff I I IEDrLz

estionet
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Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display

the model.

Visualising the classification tree.

20¢e

If the petal width is less than 0.8 we classify the example

as setosa.

If not

« If the petal length is less than 4.75 we classify the

example as versicolor.

- If not, we classify the example as virginica.
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Iris

-setosa (35/105)

w Table:

Category %% n
Iris-setosa 33,3 35
Iris-versicolor 33,3 35
Iris-virginica 33,3 35
Total 100,0 105
w Chart:

Color column: class

petal width <= 0,8

Iris-setosa (35/35)
w Table:

Category % n
Iris-setosa 100,0 35
Iris-versicolor 0,0 0
Iris-virginica 0,0 0
Total 33,3 35

¥ Chart:
Color column: class

petal width = 0,8

w Table:
Category

Iris-versicolor (35/70)

% n

Iris-setosa

Iris-versicolor 50,0 35
Iris-virginica 50,0 35

0,0 ©

Total
w Chart:

Color column: class

-

66,7 70

2

petal length == 4,75

petal length > 4,75

Iris-versicolor (32/32) Iris-virginica (35/38)
w Table: w Table:
Category % n Category % n
Iris-setosa 00 0O Iris-setosa 00 0

Iris- ver5|co|or 100,0 32
Iris-virginica 0,0 0

Iris-versicolor 7,9 3
Iris-virginica 92,1 35

Total 30,5 32

w Chart:
Color column: class

i
uﬂa I I l
nmnﬂ
! l " h (V H\ h’ l I

Total 36,2 38
w Chart:
Color column: class

MeDrk




Additional Material: Using KNIME

3. Generic example: Classifying flower species. Display the model.
A larger tree would be impractical to visualise graphically, so it can be translated into a set

of rules which is a more compact representation.

B Rules table - 0:14 - Decision Tree to Ruleset (Ver Reglas)

File Hilite Navigation View
rfTabIe "default” - Rows: 3 | Spec - Columns: 3 | Properties | Flow Variables |

Row ID [§] Rule [D] Record count D] Number of correct
Rowl spetal width$ == 0.8 AND TRUE == "Iris-setosa" [35 35
Row2 spetal length$ == 4.75 AND $petal widths = 0...[32 32
Row3 spetal lengths = 4.75 AND $petal widths = 0.... (38 35
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eEarlyCare knwf

Additional Material: Using KNIME

4. Example with intelligent therapeutic intervention data (EarlyCare).

* You need to download the file called "eEarlyCare.knwf".

« In KNIME Explorer right click and then "Import KNIME workflow ...".
« Then the option "Select file" — "browse".

« Select it and click "Ok".
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eEarlyCare knwf

Additional Material: Using KNIME

4. Example with intelligent therapeutic intervention data (EarlyCare).

It is a workflow using a dataset that uses the eEarlyCare scale items,
chronological age and gender as independent variables and the main diagnosis

as dependent variable.

Simple Regression

Tree Learner
B
Explore the workflow Fxcetffeader  Column Fter TPaner Pt Tk Regression
. > arbol regresion '\, Tree Predictor X-Auureqator
_jﬁ » > i » — creacmn modelo . Numeric Scorer
=T
o 5 o} ~ ay
CargaDatos  Selecciona diagndstico,  Particiona usando >
edad cronologica validacion cruzada Arbol regresion junta resultados =
y subtotales usar modelo validacion cruzada

analiza resultados

Ejemplo de regresidn con los datos de
eEarlyCare
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Additional Material: Using KNIME

Web

KNIME - https://www.knime.com/
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