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1.- INTRODUCTION TO WEKA

Weka is a set of libraries written and programmed in Java for the extraction of knowledge from
database source files in their different file formats belonging to the Pentaho BI software. It is software
developed under the GPL license , which means that this program and its source code are freely distributed
and disseminated. Furthermore, since Weka is programmed in Java, it is independent of the architecture, since
it works on any platform on which a Java virtual machine is available and requires only a flat file where the
data and its structure are stored, so due to its simplicity of use and easy installation, it has made it one of the
most used Data Mining suites in the area in recent years.

& Weka GUI Chooser - m] X

Weka defines five work environments when starting the
program, of which we will focus only on Explorer, as it is the most
used visual environment, although it only allows working with a
single dataset .

Program Visualization Tools Help
Applications

‘ Experimenter ‘

WEKA
g WAIKATO KnowledgeFlow ‘

\~\Nt\\' ZEALAND

Before starting to get into it, we will have to know the basic
installation and operation of Weka. We have these topics in the

i Workbench
manuals made by the IES Itaca students on the Web, Wt nicnmar s K s e
c) 1999 - 2022 i "
‘T:e University of Waikato Simple CLI ‘

Hamilton, New Zesland

https://www.profesorescooperantes.orag/bidusa/outlndex/materials.html

2.- DATASET SEARCH

The first step will be to search for a dataset on the network or generate your own. In the previous
sessions we focused on learning how to generate our own, now we will see how to search for ready-made
datasets. In any case both must be treated with Weka. There are various websites with datasets. This is a brief
list.

https://www.kaggle.com/datasets
Dataset Search

data.gob.es/ es/ catalog (Copy and paste)
Datasets of the Government and Public Institutions of Spain

https://ec.europa.eu/eurostat/data/database
EU Datasets

We must not forget what we have learned, since it is likely that some of the datasets found are raw and
we must normalize them according to our preferences. To avoid these problems, it is much better to use the
Kaggle search engine, which is a professional search engine and ensures that your data is correct.

3.- DATASET TYPE

When considering the previous search for a dataset, we must know that there are different models of
data sets or datasets. Below we explain them.

A. Linear models : These are data sets that fit a linear function or mathematical equation, that is, their

data is not dispersed, but is grouped according to a trend. An example would be the students’ notes in
the graph below, where it is clearly seen that they fit a diagonal line.
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Nonlinear models : These are sparse data sets that do not present any grouping. They require more
complex algorithms to detect their groupings. An example in the image below with a large dispersion
of data.

. Temporal models : These are data sets in which the time variable is included, generally to predict
future values. An example in the image below with the evolution of an airline's passengers over time

Future forecast for: pasajeros_totales
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Image models : These are sets of images that we want to classify into different categories. Specific
algorithms are usually used for this. An example in the image below with a textual image for character
recognition.

Natural Language Processing (NLP) : consists of transforming natural human language into a
programmatic language that machines understand. It is the great current boom. An example in the
image below is the interaction with ChatGPT.

0 |
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()~ Investigate the type of model in your country

)

You can investigate and represent with Weka later whether the data set obtained with the EU knowledge test
form fits a linear or non-linear model.

4.- ALGORITHMS FOR EACH TYPE OF DATASET

The following table indicates the most used methods and algorithms in each type of data set model and
in color those that we will see in this session.

DATASET ALGORITHMS
TYPE
ZeroR, OneR, DecisionTable, J48, Random Forest, Random Tree, KNN,
LINEAR . . . .
Bayes, Linear regression, CostSensitiveClassifer
KNN, Bayes, CostSensitiveClassifer, Artificial Neural Networks
DO NOT LINE (MultilayerPerceptron)

SVM, SMO, Voted Perceptron, SGD, SGD Text, Gaussian Processes,
Recurrent neural networks, Recurrent neural networks

TIME SERIES | Forecast

Artificial Neural Networks (Convolutional networks, Hopfield networds,

HAEES Generative neural networks), SVM

Artificial Neural Networks: Recurrent neural networks, Transformers
(BERT and GPT)

5.- HOW TO USE IT WEKA

Within the Explorer graphical environment we have six preloaded execution sub-environments,

NLP

v" Preprocess : visualization and pre-processing of data using tools and filters.

v’ Classification : application of the different classification or prediction algorithms.

v' Cluster: application of the different clustering algorithms. NOT APPLICABLE.

v’ Asseciate-: application of the different association algorithms. PREVIOUS SESSIONS.

v’ Select-Attributes—: applies various techniques for the selection, creation and/or reduction of the most
significant attributes. NOT APPLICABLE.

v’ Visualize : Visualize the data by pairs of attributes to recognize whether the new pairs are better than
the individual attributes.

1.- PREPROCESS TAB

The goal of this subprocess is to find meaningful attributes that separate the values as neatly as
possible for use in the subsequent classifier algorithm.
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The first thing we will do is click on the Open File... button to load our arff file. It also presents the
options of,

Open URL... : shows us a window where we can insert our URL address where we have
the file to process.

Open DB... : allows you to work with databases by specifying the url, password, query,
shortcut with sparsedata and the user name.

Generate... : 10 create files with randomly generated data with classification and clustering
algorithms and practice with them.

Undo : allows you to undo the changes.
v’ Edit... : allows you to modify the data and save it.
v’ Save... : allows you to save the modified dataset to a new file.

D N N N N

{#\Weka Explorer =]
Preprocess I Classify | Clustarl Associate | Seleck attributasl Visualizel
OpenFlIe Cpen URL... | Cpen DE... | Generate, .. Undo Edit... | Save.. |
Filker
Choose |Nune Apply |
Current relation Selected atbribute
Feelation: tiempo_atmosférico Mame: estado Type: Mominal
Instances: 14 Attributes: 5 Missing: 0 (0%) Distinct: 3 Unique: 0 {0%)
Attribukes =8 Label Counk
1| soleado 5
all | Mone: | Irivert | Pattern | | nublad P
3| Iuvioso 5
Mo, Name
2| [remperatura_C
3 |humedad_parcentaie
4| |viento
5[ |hacer_departe
(Class: hacer_deporte {Mom) LI Wisualize Al I
5 g
4
Status
fo)'4 Log | W x0

It presents the following graphic sections.

v" Filter : we have access to the tools for preprocessing the data to filter attributes, change the type of
attributes, perform sampling on the data, etc. To choose them we will click on Choose and to apply
them we will click on Apply . Below we will talk about them.

v’ Current relation : indicates the number of current records, 14, and the number of attributes, 4,

numbered from 1 onwards.

Attributes : we can select the ones we want, including calling Perl language commands in Pattern .

Selected attribute : gives us information about the null data identified with ? ( MISSING ), different

data ( DISTINCT ) or that appear only once ( UNIQUE ). Depending on the type of data, it will show

us aggregate or other functions.

v' Console Graphics with classes : each attribute is a class in Java and are displayed with histograms or
bar charts.

AN

v/ Status : is a status bar with information. If we make a context menu it shows us the Memory
Information and Run Garbage Collector options for Java. Clicking on Log shows us a sequence of
the events that occurred with their start and end. When Weka is working the bird moves as an activity
indicator.

If we want, we can view the breakdown of all the attributes at the same time. To do this, press the
Visualize All button , which is in the upper right part of the graph. This visualization is useful to check how
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effective each of the attributes is considered separately, since the objective of this subprocess is to find a good
classifier that separates the classes.

We must do our own human analysis by seeing the histograms of each attribute one by one and
assessing whether they have a direct influence on the class to be predicted. We can also try to find pairs of
attributes that provide more information together than individually in the Visualize tab.

(

=)~ Base dataset: weather.numeric.arff

)

To understand it better we will use the file weather.numeric.arff with 14 records, in the figure. This file tries
to determine whether it is advisable to do sports outdoors based on the rest of the attributes: condition,
temperature, humidity and wind. It is common to put the attribute to be predicted last.

" weather.numeric.arff: Bloc de notas - O X
Archive Ediciéon Formato  Ver Ayuda
lirelation weather 2

@attribute outlook {sunny, overcast, rainy}
@attribute temperature numeric

@attribute humidity numeric

@attribute windy {TRUE, FALSE}

@attribute play {yes, no}

@data

sunny, 85,85,FALSE,no
sunny, 88,90, TRUE, no
overcast,83,86,FALSE,yes
rainy,70,96,FALSE,yes
rainy,68,80,FALSE,yes
rainy, 65,70, TRUE,no
overcast, 64,65, TRUE, yes

Linea 1, columna 1 100% UNIX (LF) UTF-8

& Al attributes — O e
outlook temperature ~ humidity

5 k)

&
4 I
- /1
I 64 4.8 84
windy ~ play
H g
5 I I
. .

We see that the attributes that do not separate the classes well are Temperature and Humidity
and that the rest clearly separate the values. We will remember for the next step.
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2.- VISUALIZE TAB

In this subprocess we can look for new attributes derived graphically that improve the classification of
the data or discover a pattern that they would not do individually . What we will look for will be a clear
separation between class values. We will continue with the example of weather.numeric.arff

humedad_porcen|

Plotsize: (1001} "
H =

Paintsize: [1 !
onisz: 1] |

Titker: I

Update

L

Select Attributes

[ Colours hacer_departe (tam)

Class Colour

L‘ Subsample % : 100

Status
ok

o | g

In our example, we will have to select the intersection between the pair of attributes that we want to
see, although since we have so few records it is very difficult to improve it. We can assume that in the duo
that exists the attribute Temperature or Humidity there will not be a good relationship since we have seen it
previously, so we will choose the duo State (X Axis) — Wind (Y Axis) and we will try with the data from
do_sport , then we will apply some noise in Jitter to make the data move.

1

&) Weka Explorer: Visualizing weather
|_X: outlook (Nom) 'J | ¥: windy (Nom)
|_Co|0ur: play (Nom) J | SelectInstance
[ Clear J[ Open J[ Save J Jitter
Plot: weather
i T E o e
L
H
E
T
R
T ®
E ¥ e
sunny rainy
overcast
Class colour
yes no

L

LT

al

v’ We can click on each X and it will show us the corresponding value

v' At the bottom, in the yes and no texts we can also click and change the color using a Java

JChooseColor component

v’ We can extend the graph with Jitter which adds random noise to space out samples that are

very close together.
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v’ We can also highlight the part of the graph we want with a rectangle ( Rectangle ) by selecting
and dragging. Or creating a polygon ( Polygon )
by clicking on the points we want to join and :. -
context menu to close it. Or a polyline that can be el
generated in reverse than the polygon and allows it to be left open. Once a gray region is
created with any of the previous methods, you can press the Submit button that eliminates all
instances that are not within the region and with the Save
button you can save those instances in a new arff file (.| RS
always clicking first Submit , since otherwise the file
will not be saved ), but if we want to return to the original graph, the Reset button will now
appear, which returns it to its initial state. Additionally, the Clear button erases the created
area.

v" On the right side we can see several horizontal minigraphs about each x * ¥ i
of the attributes of the dataset . Clicking on them applies noise and ~ ° ' ' :
moves the data. Each line puts the value of X in an attribute up to the
class to be predicted.

In the graph we see that there is not a single area of each color but rather they are mixed together.

Therefore, in this example, we cannot have a pair of attributes that improves the results of the attributes taken
individually.

(-~ Visualize Goal: Create a Derived Attribute
.

If we find a pair that better separates the data then we will have a new derived attribute or pick&mix. It's time
to create it using the AddExpression filter in the Preprocess tab , and see that it is much better than both
individual ones.

3.- CLASSIFY TAB

With this subprocess we will try to refine our analysis, it is the most common, and consists of
classifying or predicting the results using algorithms. The aim is to build a model that allows predicting the
category of the instances based on a series of input attributes.

To do this, the class , or class to be predicted, is one of the available attributes g wa spiorer
that becomes the target variable to predict; it is normally present in all records, being [ Preprocess [ Classiy | lust
the last attribute. It specifies whether or not the record belongs to a certain concept, [Cassimer
which will be the objective of the learning, so it normally takes the values Yes/No or ||

True/False . ! f?ée:;%mers
Te > [ bayes
To do this, the first thing will be to load the classification algorithm to choose > (& functions
and its configuration in the upper area with the choose button where We will choose :E'ﬂi"ta
one according to the data model we have and that we have explained previously. All > [ misc
techniques are inductive , that is, they learn from the data individually and draw Y@ nes
general conclusions. R e
For example, inside the rules folder the ZeroR algorithm and in the Classifier L] OneR
. . . . . . || PART
section we will see its name, and we can even click on the name in bold to configure E
it, L > [ﬁ?meseries
&) Weka Explorer | Re " @ e

Preprocess | Classify T Cluster T Associate T Select attributes T Visualize T

Classifier

Choose |[ZeroR
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The different folders that Weka has indicate a classification that makes the algorithms,

Bayes : based on the Bayes or Bayesian learning paradigm .
Functions : mathematical methods such as neural networks, regressions, etc.

Lazy : methods that use the lazy learning paradigm, that is, they do not build models, they are lazy,
but they take advantage of the characteristics of the data to determine, a posteriori, the class to which
they belong.

Meta and Misc : methods that allow combining different learning methods.
Rules - Methods that learn models that can be expressed as rules.
Timeseries — time series prediction

Trees : Methods that learn by generating decision and prediction trees.

Subsequently, we must configure the training mode of our algorithm in the Test Options area where

we have four training models,

1)

2)

3)

4)

Use training set : if we check this option we will use the same data set as the prediction one to do the
training. That is why it is considered too optimistic in its results and we will only use it to train with
our data.

Supplied test set : if we have a file with data other than the training data, this is where we can load it
by clicking on the Set button and evaluate the prediction.

Cross- validation : the evaluation is carried out using the stratified cross-validation technique of the
number of given partitions ( Folds ). It consists of dividing the data into a given number of partitions n
( Folds ), and in each data partition the algorithm model is built with the remaining n-1 partitions and
the partition itself is taken as test data. Like this with all the partitions. The errors produced are the
average of all executions. Partitions are 10 by default. Eye! If we use this method with little data, it
will not make sense, although it is the most elaborate but also the slowest since it repeats as many
times as there are partitions.

Percentage splits : a percentage of data is defined with which the algorithm model will be built ( Held
- 66%) and the rest of the data, 33% , will be used as a test model. Eye! Weka randomly scrambles the
initial data set each time it is launched so we can get different results each
time. To avoid this, click on More Options and mark the Preserve
Order option. for % Split .

¥ Cutput per-class stats

We also have More Options , where the following options exist, L
¥ Output confusion matrix

v Output model : it should always be checked so that it is visible When [ stare predtions or sisusizaton
the model is finished. (Ot prodicions

v’ Output per- class stats: also checked, to be able to obtain statistics T
for each of the attribute values as in the case of True/False.

v’ Output Entropy Evaluation Measures - Displays evaluations of the = [ ssemiveevauaton =2
entropy measure. (Optional) Random seed for kvl % splc [1

v’ Output Confusion Matrix : Allows the output of the CONfUSION I preserve orderfor % Spit
matrix. P

v’ Store predictions for visualization - Save the displayed predictions.

v’ Output predictions : we can activate it and write new output = |
attributes.

v’ Cost-sensitive evaluation : errors are evaluated using the cost matrix. With the Set button we can
enter the matrix.

v Random seed for XVal / % Split : allows you to indicate a random seed before dividing the data.

v" Preserve Order for % Split - Always take the same data set for training and evaluation.

v' Output source code : Weka type.
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Once configured, we can start by clicking on the Start button and waiting for the results report to
appear on the display on the right, which will contain the following items. If the algorithm used is complex,
the bird will begin to move and we will have to wait for it to finish. In the final report of the window we will
have,

A) Run Information : is the informative list with the options used, name of the relationships,
instances or records, attributes and the test mode used.

B) Classifier model (full training set): is a textual representation of the classification algorithm
generated with the number of models used and the time spent.

C) Summary : is the statistical list of the generated test model.

D) Detailed accuracy by class - these are the accuracy details for each class, let's take the image
values as an example,

= Detailed Reccuracy By Class =—

TP Bate FP Rate Precision Recall F-Measure MCC ROC Zrea FPRC Area Class

a,778 0,000 1,000 0,778 0,875 0,745 0,500 0,938 si

1,000 0,222 0,714 1,000 0,833 0,745 0,900 0,736 no
ighted Avyg. 0,557 0,078 0,898 0,557 0,560 0,745 0,500 0,566

v" TP Rate (True Positives): is the number of examples that have been classified as class
X, among all the examples that are truly class x, that is, the percentage of correctly
predicted instances.

In the confusion matrix it is the correct diagonal element divided by the sum of
the row.

v" FP Rate (False Positives): it is the number of examples that have been classified as
class x but in reality belong to another class, among all the examples that are not class
X, that is, it is the percentage of instances that correspond to another class.

In the confusion matrix it is the sum of the column minus the correct diagonal
element divided by the sum of the rows of the other classes.

v’ Precision : is the proportion of examples that are truly of the correct class among all
those that have been classified in that class.

In the confusion matrix it is the diagonal element divided by the sum of the class
column.

v Recall (Coverage) : is the proportion of correctly recognized values compared to their
total. Coverage and precision have an inverse relationship. When one increases the
other decreases and vice versa.

¥" F-Measure : is a formula to indicate the accuracy of a classifier, 2*Precision*Recall /
(Precision+Recall)

E) Confusion Matrix : it is the confusion matrix or contingency table. It shows us how many
records or instances have been assigned to each class or attribute. The number of instances or
records classified correctly is the sum of the diagonal of the matrix, while the rest are classified
incorrectly. If we check the number of non-null elements outside the main diagonal we have a
good approximation of the quality of the classifier algorithm. Example, we take into account
that there are a total of 18,702 possible students to present their study registration,
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C to—_ b
18647 [ ~.0 a=YES
2~ 153~ b=NO
It follows that all the students who havepremﬂ%u‘gﬁﬂ, are well classified, 0

errors (1st row). Of the 155 not presented, there are 153 well classified and 2 with errors (2nd row),

Result List box. If we click on the model with the contextual menu, we will get

Once the classifier has been executed, the algorithm used will appear in the | iewinmanuindow

Wigw in separate window
Save result buffer

diffel’ent Options, Delete result buffer
Load model
v’ The first are two views in the same or different window za“’emfdi' » e
. . E-EYSIUSLE MAHE] Of CUrFEnRT CESE SE
v" The next two are to save the result to a file or delete it from the box PR
. . 1sUalZe Classirier errars
v The next two are to load a model from file and save it T
Visualize margin curve
In the last section the display options appear, the most important are Visualee Hresfold curve d
CostiBenefit analysis ]
Visualize cast curve ]

v View in separate window - Opens an additional window with the
results.

v’ Save result buffer : allows you to save the results to a file.

v" Load and Save model - Load and save a model in binary format in java.

v’ Re-evaluate model on current test set : Re-evaluate the already tested model using the Supplied
Test Set option.

v' Visualize classifier errors : it is to see the errors in a graph where the successes are marked with
crosses and the successes with squares .

v’ Visualize tree : it is the decision tree graph where we can even change the view with the context
menu.

v" Visualize margin curve - displays the margin of the prediction on a graph, with the margin being
the difference between the probability of the current class and the highest probability for the other
classes. It's not very useful in practice.

v" Visualize threshold curve : shows different graphs with the ROC curve for each value of the class
to be predicted. Very useful.

v’ Cost/Benefit analysis - Shows a graph for the cost and success of the values.

v" Visualize cost curve : shows a graph with the expected costs when varying the sensitivity of the

classes.
Three of the most important concepts in data analysis are the following,

. Confusion matrix : it is a matrix compiling the successes and failures produced by the algorithm
used. The values represented on its diagonal are the correct ones and all the values that are outside the
diagonal are the errors. For example, we have an algorithm classifying plants into three types a, b and
C.

<€
===Confusion Matrix===
abec <-- classified as
491 0 | a = Iris-setosa
0 473 | b = Iris-versicolor
0(5 45 | ¢ = Iris-virginica

>
The successes in each class are distinguished in blue and the errors in red. You should always start
where it says classified as, to make a letter u lying to the right . For example, if we want to interpret
the 5 marked errors it would be like this: 5 errors have been classified by the algorithm used as b (iris-
versicolor) when the data in the dataset are actually c (iris-virginica).
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We see that the class with the most successes is a = Iris-setosa with 49 successes and one failure
assigned to b, b = Iris-versicolor with 47 successes and 3 failures assigned to c, and where there are the
most errors at the time to classify it is in class ¢ = Iris-virginica with 5 assigned to b. From this matrix,
the precision or percentage of correct answers and various statistics are generated.

B. Overlearning : This is when the algorithm we use to solve a problem is so complex that it is always
learning, so it either takes a long time to solve or does not produce valid results. It is sometimes
difficult to know what is happening and it is always advisable to avoid it.

C. Precision or number of records correctly classified in percentage : it is the main factor to compare
between the different algorithm models. An accuracy of 100% means that all records are correctly
classified with the model used and is the goal to achieve.

(

=)~ Base dataset: weather.numeric.arff

)

To understand it better we will use the file weather.numeric.arff with the ZeroR algorithm . First we must
configure the Test Options zone as a training model by selecting Use training set . We select the Rules folder
in Choose and inside the ZeroR algorithm . This algorithm is known as the majority class algorithm, that is,
it assigns the value of the predominant class to all records. Then we will press the Start button to run it and it
will show us, in the central part, Classifier output , the results you have obtained.

=== Summary ===
Correctly Classified Instances g 64,2857 %
Incorrectly Classified Instances 3 T143 %
Test options Kappa statistic a
— . Mean absclute error 0.48
@ Use fraining set Root mean sguared error 0.47
) Supplied test set Relative sbaclute srror 100
Root relative sguared error 1aa %
() Cross-validation Folds Total Number of Instances 14
\_J Percentage split
= LEs === Detailed Accuracy By Class ===
| More options... ]
IF Rate FP Rate FPrecision Recall F-Measure MCC ROC Area PRC Area Class
- 1,000 1,000 0,643 1,000 0,783 2 0,500 0,643 yes
‘ (Nom) play |/ g,000 0,000 2 0,000 2 2 0,500 0,357 no
Weighted Awvg. 0,643 0,643 2 0,643 2 2 0,500 0,541
&J === Confusion Matrix ===
ab <-- classified as
90| a=yes
50| b=no

We can see how 9 records of the 14 total have been correct , it also calculates them as a percentage,
which correspond to the 9 records in which you can do sports in the Preprocess tab by selecting the class to
predict Play.

Selected attribute
Name: play Type: Nominal
Missing: 0 (0%) Distinct: 2 Unigue: 0 {0%)
MNo. | Label | Count | Weight
1 yes 9 9
2 no 5 5

Class: play (Mom) TJ[ Visualize All J

a

EOS0 1
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In the confusion matrix we see how it has been wrong with all the records classified as yes when they
are really no.

===Confusion Matrix===
a b <--classified as

9 O|a=yes
5 0]|b=no

6.- TRAINING WITH MODELS AND ALGORITHMS

In this section we will see how the different algorithms are configured and work depending on the set
of data models we have.

()~ Algorithm restrictions: Not everything goes

)

Each algorithm has its own operating scheme. While some are not affected by the presence of non-significant
attributes or the presence of nulls or numerical values, others are. We will notice this when the algorithm
name appears inactive. We will have to check, either in this manual, or in the algorithm configuration and
then in the Capabilities button , what is allowed and what is not. In the image the Capabilities of the J48
algorithm .

& Information about Capabilities x
CAPABILITIES
Class — Binary class, Missing class values, Nominal class
o €9 weka.gui.GenericObjectEditor X .
[ e T Classify T Cluste Attributes — Binary attributes, Date atiriutes, Empty nominal
= weka. ifiers.trees.J48 attributes, Missing values, Mominal attributes, Numeric atiributes,
Classifier | About ) Unary attributes
Choose |L14B-C 0.25-M 2 | Clzss for generafing 2 pruned or unpruned G4 = Interfaces — Drawable, PartiionGenerator, Sourcable,
g gap P o — WeightedinstancesHandler
Test options. B | Capabilities
) ) Additional
®) Use training set Winimum number of instances: 0
() Supplied test set 5 batchSize | 100

A .- LINEAR OR NON-LINEAR?

Determining whether a dataset is linear or nonlinear can be challenging , but there are several simple
and practical methods you can use to make an initial assessment .

1.- Visualization : the most direct and simple way to evaluate the linearity of a data set is through
visualization . Este way we can see if the data is grouped or not . This requires installing Weka extensions that
graphically represent the data. We will use several. Either through the initial screen of Weka/Tools/Package
manager or with Control+U , a new window will open in which we can search, select and install the
extensions we want.

&2 Weka GUI Chooser -

Il sialSetresh progress. Unefficial

Program Visualization Extensions QL&Y Help

Package manager  Cirl+U
Arfiiewer Crl+A
SqlViewer Ctrl+S  [xplorer
Bayes net editor Cir+N

e ek = Repostory version Loaes

Hip

The University Experimenter

of Waikato

4 74 Pacap senn oear
KnowledgeFlow

WEKA Package Manager

‘Workbench
Waiksto Envirsnment for Knowledge Analysis
Version 3.8.3
(c) 1899 - 2018

i

Simple CLI
The University of Waikste.

Hamilton, New Zealand
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= VISUALIZE3D (Search by scatterPlot3D)

It is a 3D data viewer. Requires clicking on the Update Display button and supports moving data with
the right mouse button.

&) Weka Explorer - [m] x

{ Preprocess T Classify I Cluster TAssuciaIe I Select attributes I Visualize I Interactive Parallel Coordinates Plot T Visualize 3D T Forecast I Projection F‘IUIW

| Na (Num) 17 [ v: K hum) v
| Z: Edad (Num) TJ| Colour: Farmaco (Mom) M|
Sample % 100 Random seed 1 Update display |

Plot: farmacos

Status

= PROJECTION PLOT (teacher's ZIP)

It is another 3D data viewer with the possibility of selecting attributes with different shapes and colors,
including the creation of clusters. It is installed by downloading a zip from the teacher.

£ Weka Explorer - m} x

[ Preprocess T Classify T Cluster T.*\ssociate T Select attributes T Visualize T Interactive Parallel Coordinates Plot T Visualize 3D T Forecast I Projection Plot

| File _vJ | View _vJ | Help |

View options

Color points by: | hacer_de... VJ| Separate points |

——

Size points by: [temperatura_C ¥

Fill points by: | viento )

Shape points by: | hacer_deporte v
Marker size O

Cluster and Classify

| Create cluster... || N=2 VJ

| Apply classifier: || Choose |24 | estado 'J

Aftribute X Weight | Y Weight | Significa..

1 temperat..
2 humeda.

Remaove Selected Aftributes

Status
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= WEKA HOME / VISUALIZATION / BOUNDARYVISUALIZER

It is a viewer already installed in the current version of Weka that renders the visualization first and
then displays the result. Therefore we must check, if we wish, the box to show the training points, start

& BoundaryVisualizer - x &2 Weka GUI Chooser - m] pod
_‘N’om Program WIEFEIREILLE Extensions Tools Help
Applications
Class forvisualizing class probability estimates More =E Eiss f
ROC Cir+R

E— oo TreeVisualizer Ctri+T Explorer
F N GraphVisualizer Cirl+G

. Boundanisualizer Cirl+B

irs Open File Choose | RandomForest -F 100 -1 100 -num-slots 1 -K ———— Experimenter

i . & UnIVersity

Class Attribute Vi ization Attributes ) of Waikato

KnowledgeFlow

[ class (Nom) ,.] | x: sepallength (Num) EJ
v

| Y: sepatwidth (Num)

Workbench
Waiksto Environment for Knowledge Analysis

Class color Version 2.8.2

. (D TEED=2E Simple CLI

Iris-setosa Iris-versicolor Iris-virginica The University of Waikato

Hamilton, New Zealand

Al

Add | remove data points

@Add points Iris-setosa |

BB | () Remove points|  Remove all

Open a new window

ing control

2 | Base for sampling (1)
2 Num. locations per pixel

3 Kernel bandwidth (k)

Plotting

[ﬂ Plot training data

Start ‘

2.- LinearRegression : consists of applying this algorithm and seeing if in the Visualize window
Classifer Errors whether the data autofits to a straight line or not.

B.- LINEAR DATASETS

1.- Rules/ ZeroR : this is usually the first to always be executed since it classifies all the data with
the majority class existing in the set, that is, if 90% of the data are positive and 10% are negative, then all the
data will be positive. For this reason, we use it as a base algorithm, since the percentage of correct answers
that we obtain with it will be the one that will have to be surpassed with the rest of the classifiers. It is the
equivalent of the placebo effect in medicine.

Restrictions : supports both numeric and nominal attributes and classes, allows attributes with unknown or
null values.

2.- Rules/ OneR : it is one of the simplest and fastest. It consists of selecting a single attribute as

the most significant of all the existing ones and generating a rule with it. In the image below with
weather.numeric.arff and the generated rule.

Restrictions : supports numerical and nominal attributes, although the class to be evaluated must be symbolic.
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=== Classifier model (full training set) ===

teuperatura C:

< &7.5 -» =21

»= 27.5 -» no
({11/14 instances COrrect

Time taken to build model: 0 seconds

Evaluation on training set ===
i

mmAry ===
Correctly Classified Instances 11 75,5714 %
Incorrectly Classified Instances 3 2l.4286 %
Eappa statistic 0.4615

Mean absolute error 0.2143

Root mean sdquared error 0. 4629

Felative absolute error 46,1538 %

Root relatiwve squared error 05, 5422 %

Total Nuwber of Instances 14

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precizion  Recall F-Measure

L 0.6 0.75 1 0,557
0.4 1} 1 0.4 0,571
Weighted Awvg. 0.786 0,386 0.839 0.786 0,755

=== Confusion Matrix ===

«<-- clasggified as
a = =i
b = no

Rf‘ How to know classification errors

w

Once any algorithm has been passed, we must go to the Result List and click with the context menu on the
desired algorithm to choose Display Classification Errors and apply some noise .

&) Weka Classifier Visualize: 12:48:21 - rules.OneR (weather) — u] X
| x: play (Nom) x| | ¥: predicted play (Nom) ~
| selectinstance v
[ cesr | open |[ sae | ster o
Plot: weather_predicted
n-o 0 0% - N Pla
h
: i
Yoo
Ea
¥ o
e
yes
n v
Class colour
yes

3.- Rules/ DecisionTable : its objective is similar to the previous one but now it looks for the
most significant set of attributes and with them creates a decision table. In this case we will have to configure
the algorithm, to do this we double click on its name in the Classifier and in the EvaluationMeasure section
we put AUC (Area Under the ROC curve) which is an evaluation measure that uses ROC statistical curves or
other options that we want . In the result we must look for the Feature Set value, which will indicate the most
significant attribute numbers in Preprocess, we will exclude the class to be predicted. In the image below with
weather.numeric.arff and attributes 1 and 5 selected.

Restrictions : supports both numeric and nominal attributes and classes, allows attributes with unknown or
null values.
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Classifier output

TEIIT UL DTS SWOSTL UGS TewEE
Eya " wgature selection): CV (leave one out)
< Feature set: 1,5
Time taken to build model: 0 seconds
=== Evaluation on training set ===
Time taken to test model on training data: 0 seconds

=== Summary ===

Correctly Classified Instances 9 64.2857 §
Incorrectly Classified Instances 5 35.7143 %
Kappa statistic 1]

Mean absclute error 0.4143

Root mean squared error 0.4359

Relative absolute error £5.2308 %

Root relative squared error %0.807 %

Total Number of Instances 14

4.- Trees /J48 : it is one of the oldest multilevel decision tree algorithms. Decision trees are
methods that are not affected by the presence of non-significant attributes since, through their own learning
mechanism, they themselves make their own selection of important attributes. They are based on selecting an
attribute as the root node of the tree and creating a branch with each attribute value. The same is done with
each resulting branch, another attribute is selected and a new branch is generated for each value. This method

continues until all examples are sorted across a branch of the tree. With weather.numeric.arff it hits all the
records.

Additionally, we can see the tree that has been generated by doing context menu in the algorithm in
Result List and selecting Visualize Tree ,

&3 Weka Classifier Tree Visualizer: 12:46:36 - trees. 48 (we... — O X
Tree View
outlook
,/l\\
=sunny = owereast = rainy
— | T
hurmidity yes (4.0 windy
AN AN
==T75 =74 =TRUE =FALSE
e ™, o N
ves (2.0)| no (3.0)‘ no (2.0) ves (3.0)

Vil

. How to understand the meaning of a Tree
U

The oval nodes are the attributes and the rectangles are the record values with the hits/misses in parentheses

in that order.
Correctly Classified Instances 116 85.082 %
Incorrectly Classified Instances [ 4.81% %
™ tatistic

Mean abaclute =IT0T 0.0763
Root mean sguared error 0.1953
Relative absclute error 17.9999 %
Root relative sguared error 42.43875% %
Total Number of Instances 122

=== Detailed Rccuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure M

0,973 0,059 0,878 0,973 0,923 0,
0,941 0,027 0,938 0,941 0,964 0,
Weighted Zvg. 0,951 0,037 0,954 0,851 0,851 0,

=== Copfusi

x ===

a b <-— classified as
38 11 a=35I
580 | b=DN0
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Well, if we see the generated tree we see that in the complete left branch, all the instances are hits
since it only shows one value. Example: in Salary > 600 there are 2 correct instances.

While in the right branch the successes/errors are represented . For example, in Fixed YES there are
14 correct answers and 1 error.

In other words, if we count all the errors: 1+1+3+1 = 6 , the total number of erroneous instances will
be six.

Salario

==1000 = 1000

Cliente_preferente Cliente_preferente
P
=5l =M =5l =MD
// S P e
Salatio MO (55,00 SI{T.0M .0 Salario
o N
== GO0 = GO0 ==1100 =1100
~ T ~ T
MO (6.0 S0 M (9.0 Fija
P
=5l = M
7 .
51 ¢14.0/1.0) Impone_prestamo
A
== 28000 = 25000
- s

51 (5.0/3.0) MO (11.001.0)

Within the tree graph we can use different options to view it with the context
menu, as we see in the attached image. Additionally, we can select any node and drag it
across the screen and view each record assigned to the node by double-clicking on it or Ao Seieen
the context menu, as long as we have set the SavelnstanceData configuration value to Hil Sl
True. Select Font b

Center on Top Node

It is highly recommended to configure the Confidence Factor option (by double-clicking the selected
method name next to Choose ), which determines the confidence factor for tree pruning. Its value is between 0
and 1, and defines the probability of error when pruning the branches. The lower the value, the more pruning,
small trees, and the higher the value, the less pruning and larger trees.

Restrictions : supports numerical and nominal attributes, although the class to be evaluated must be symbolic,
it allows attributes with unknown or null values.

5.- Trees / RandomForest-RandomTree : is a tree that generates multiple random trees, based
on the Bagging technique , which consists of generating multiple results from simple algorithms and then
joining them. Each tree produces a classification, that is, it votes for a specific class. The overall result will be
the class that has obtained the highest number of classifications or votes in the entire forest. It is one of the
best predictors currently in decision trees, with great speed for large databases and great estimation for
assigning missing data. Its weaknesses are that it cannot predict beyond what exists in the training, that is, if
all possible data cases do not exist in the dataset , it will make a mistake. With weather.numeric.arff it hits
all the records.

Restrictions : Supports numeric and nominal attributes, allows attributes with unknown or null values.

(-~ Random Forest/Random Tree, those who always get it right...

©

We must know that both are really based on weak algorithms, so they are not useful for predicting trends that
have not been included in the dataset itself , such as the example of a man without a beard in a forest with all
the men with beards. Sometimes they are always 100% right even if we change the data. This is known as a
black box . You never know how they work internally.
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6.- Lazy /IBK : it is an algorithm based on exemplars | @ wessisensicoecsier X
or examples, also called KNN or K Nearest Neighbor (K nearest |t dassiters zaviai
neighbors algorithm), which consists of storing the different | 2>

training examples: the incorrect ones, the most representative Kenearest neighoours classifier Hore
ones, etc. Subsequently, they are classified by proximity, using | Capabiimes J
algorithmic distance theories (Euclid, Manhattan, Chebyshov ,... @

), or the similarity between them with semantic similarity, that

batchSize | 100

IS, we can choose the number of KNN neighbors with which we

want the is compared. The greater the number of KNNs, the crossalaete |Faise )
greater the differences and, therefore, the lower the precision. debug |Faise J
We generally use KNN=1. o ]
Restrictions : it supports both the class to be evaluated and the doNoiCheckCapabilies |False )
attributes that are numeric and nominal, and allows attributes meanSquared [False D]
with unknown or null values, although it is not recommended tO | rearestusiansoursearenaigorinm | cnoose |LinearNNSearch -4 "weka.core Eutlid
use them for unknown values. numDecimalPlaces |2

windowSize 0

With weather.numeric.arff you get 100% success with
KNN=1. If we increase the K nearest neighbors, the accuracy |[__oceen. || sse. | ok || cance |
will worsen since, logically, the range of data will be wider.

A special case for K near neighbors is linear regression with numerical data where the data are very
close. In this case, this algorithm is very good at its predictions. An example is the dataset Selectivity.arff
with about 19,000 academic notes for the prediction of the Test Grade attribute (In this case it uses the
correlation index to 1, equivalent to 100%)

=== Classifisr model (£full training sst) === & Weka Classifier Visualize: 11:12:58 - lazy.|Bk (selectividad) - m}

| %: Calificacién_Prueba (Num) vJ | ¥: predictedCalificacién_Prueba (Mum}

A= X

IBl instance-based classifier
using 1 nearest neighbour(s) for classification

| select Instance

| Clear || Open || sae | Jitter

Plot: selectividad_predicted

Time taken to build model: 0.02 seconds 568

=== Evaluation on training set ===

Time taken to test model on training data: 11.27 seconds

=—= Summary =——
Correlation coefficient 1
Mean absolute error 0 )
Root mean squared error il [l 251 9.62
Relative absclute error a %
. Class colour
Root relative squared error u] %
Total Number of Instances 18802 o 461 5.6z

7.- Bayes / NaiveBayes : they are based on Bayes ' theorem and have high accuracy and
speed applied to large databases. There are studies that determine that a simple Bayesian classifier such as
Naive Bayes is comparable in performance to a decision tree and neural networks . One of their drawbacks is
that they reduce their quality of execution in the presence of non-relevant attributes , so the attributes must
be filtered previously to eliminate non-significant ones. Another drawback is that it assumes that the value of
the attribute in a given class is independent of the values of the other attributes, something that is not always
true. For example, with weather.numeric.arff , we have the value of Rainy in the State attribute, knowing
this value we can know that the Humidity will be High, this is being dependent
Restrictions : it supports numerical and nominal attributes, although the class to be evaluated must be
symbolic, it allows attributes with unknown or null values since it ignores them.

We are going to explain the Bayesian theorem in detail, and we will understand the reason why non-
significant attributes affect it,
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v" P(prior) will be the probability of occurrence of the a priori data

v" P(hypothesis) will be the probability of the data given a hypothesis

v" P(posterior) , will be the posterior probability given the hypothesis considered
v' P(data) will be the probability of each of the data

P(hypothesis) P(data)
P(posterior) = ==m-m-memmmmmmeme e

The probability that a value of an attribute occurs in a given class is equal to the probability that said
value occurs times the multiplier of all the probabilities that said value occurs applied to the rest of the
attributes, that is, expressed in a formula that later we will apply,

P(value | given class) = P(value) * I7P(value | rest attributes)

In this case, we are going to apply it to our time example but modified by intervals. We will take as a
class attribute whether or not you can do sports as before, then we will classify the rest of the values for each
attribute with these two values, leaving the following table,

Proceso de Aprendizaje

Vista Temperatura Humedad Yiento Jugar
Si Ho Si Ho Si Ho Si Ho Si Ho
Soleado 2 3 |ilta 2 2 Llta 3 4 |31 3 3 =] 5
Nub lado 4 0 (Media 4 2 |Normal & 1 |No & Z
Lluvioso 3 2 Baja 3 1

Soleado 2/9 3/5 |ilta 2/9 2/5 |Llta 3/9 4/5|3i1 3/9 3/5|/9/14 5/14
Nublado 4/9 0/5 |[Media 4/9 2/5 [Normal 6&/9 1/5|No 6&/9 2/5
Lluvioso 3/9 2/5 |Baja 3/9 1/5

Now we will try to check if you can play sports in the event that the following hypothesis occurs,

Outlook temperature Humidity Windy play
Sunny Low high Yeah ?

First we will calculate the probability that YES it can be played or NOT it can be played,
P(SI value | State class) =9/ 14
P(NO value | State class) =5/ 14

Now we will apply the calculation that YES it can be played and that it CANNOT be played to the rest
of the values of the other attributes, applying the formula seen previously,

P(SI value | State class) = P(SI value) * IZP(SI value | rest attributes)

P(SI value | State class) = 9/14 * (2/9 * 3/9 * 3/9 * 3/9') = 0.0053

Yes Sunny Low High Yes
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P(NO value | State class) = P(NO value) * ITP(YES value | rest attributes)

P(NO value | State class) = 5/14 * ( 3/5 * 1/5 * 4/5 * 3/5) = 0.0206

No Sunny Low High Yes
And finally we will normalize both probabilities,

P(normalized value) = P(value) / 2P(values)

P(SI) = P(SI) / (P(SI) + P(NO) P(NO) = P(NO) / (P(SI) + P(NO)
P(SI) = 0.0053 / 0.0053 + 0.0206 = 20.5% P(NO) = P(NO) / (P(SI) + P(NO) = 79.5%

8.- Functions / LinearRegression : it is based on approximating a cloud of values that is not
aligned on a straight line or hyperplane in space, using linear regression. Its problem is overlearning or
overfitting , since wanting to approximate all the points of a cloud to a straight line is not always possible, as
shown in the image below.

Restrictions : supports numerical and nominal attributes although the class to be evaluated must be
numerical.

rl' 0o 7 M We will use the example of the dataset Selectivity.arff although only

° 3 o with the numerical attributes of the partial grades and the final grade, so we
°l S | eliminated the rest. We apply the algorithm with Use Training Set. We set as a
. « class to predict the Test Score .

Regression with overlearning

It offers us a correlation coefficient of 0.9984, which denotes very high precision and shows us the
mathematical expression it has generated. If we see Visualize classifier errors , we will see that it is a quasi-
perfect line that is shown, so by applying the generated equation we will be able to predict the grade that a
student will obtain in the selectivity only with the grades obtained in high school. In this way, many
educational centers could choose to do a screening to only allow those who are going to pass to appear.

B weka Classifier Yisualize: 23:02:10 - functions.LinearRegression ] 1 Linear Regression Model

Y1 predictedCalificacion_Prueba (Mum) Calificacién_Prueba =

1K

IColour: Calficacion_Prueba {Mum) LI Select Instance
0.1674 * Nota Lengua +
Reset Clear Open | Sawe | Jitker J 0.1673 * Nota Historia +
0.1665 * Nota Idioma +
- Plot:selectividad-weka. filters, unsupervised, attribute Remove-R1-4,8,9,11,13,16,17,16_predicked ——————————————— 0.1897 * Calificacidn Asigl +

0.1896 * Calificacidn_Asigz +
0.1193 * Calificacidn Asigs +
0.0054

Time taken to build model: 0.25 seconds

waluation on training set ===
ULDATY ===

w =

LI Correlation coefficient 0.9954
Mean ahsolute error 0.0524
Jass colour Root mean scquared error 0.0781
r T 1 Relatiwve absolute error 4,.8231 H
] 4.81 .62 .
Root relatiwve squared error 5.6362 4
Total Number of Instances 15802
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()~ The usefulness of using a cost matrix

)

Normally, we cannot achieve 100% accuracy. However, we can get the errors to move to the area of the
confusion matrix that we want, at the cost, many times, of increasing the total number of errors. That is what
algorithms that use a cost matrix rely on. They tell the algorithm in which area of errors it should spend more
time and in which area less time. CostSensitiveClassifier It is one of them. They must have another classifier
algorithm associated with the cost matrix, for example the MultilayerPerceptron , one of the best at it. This
way we will have the possibility of moving errors according to the cost they have and even eliminating them
completely.

A clear example is a banking dataset in which loans are granted or not to clients. Making a mistake in
granting a loan to a client without sufficient resources (a very serious error to avoid) is not the same as
denying it to another client who does have sufficient resources (a minor error).

1st.- We select our dataset weather.numeric.arff and load the DecisionTable algorithm with the AUC
curve, we will get the following confusion matrix. We are going to focus on trying to reduce or eliminate these
5 errors.
a b <--classified as

9 O]la=yes
5 0|b=no
2nd.- We now load the Meta/cost-sensitive-classifier algorithm and [pEpsrTZe" x|

configure it according to the image below to create a cost matrix identical to the no  [1.0 Dfaults |
confusion matrix, that is, 2x2, for this we put in classes the value of 2 and press 1.0 |o.0
Resize . Within it we indicate in units the highest or lowest value so that the LB |
algorithm dedicates more or less time to each error area. In our case, we start e |
by setting both zones equal to 1.0 and then close the window and select Cassesife

MultilayerPerceptron as the classifier algorithm for the cost matrix. We run the
DecisionTable algorithm again and show how the new confusion matrix turned
out.

a b <--classified as
9 O]la=yes
0 5|b=no

3rd.- We have removed all the errors at once. However, this is not usual, and most likely we will have
to try decimal values in each area until a tipping point reaches where the errors are triggered. As a general
rule, improving the successes of one class means worsening those of another .

C.- NON LINEAR DATASETS

Bayes and CostSensitiveClassfier algorithms already explained above are applied, but also any of the
linear ones. Now we enter the world of nonlinear data sets. In this new world, algorithms based on artificial
neural networks (ANN) are the star. Therefore, it is necessary to explain them in more detail beforehand.

Neuron networks are being used in different and varied sectors such as industry, government, the
army, finance, medicine, etc. Currently, the possibility of using advanced and novel techniques such as
Genetic Algorithms is being studied to create new paradigms that improve training and the selection and
design of the network architecture (number of layers and neurons).

Neural networks are made up of nodes or neurons , with the following structure,
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The inputs or stimuli correspond to the data, both the threshold (limit to be passed) and the weights
(weighting of each input) are constants that will be initialized randomly and during the learning process they
will be modified to progressively improve in the output . Each neuron is connected to all neurons in the

anterior and posterior layers through weights or dendrites ,

Outputs

inputs

Y

Y

Output

Input Hidden Layer

Layer Layer

Cociente Pesoleuaul

When a neuron receives inputs or stimuli from other neurons, it processes
them to produce an output that is transmitted to the next layer of neurons. The
output signal will have an intensity resulting from the combination of the intensity
of the input signals and the weights that transmit them, using a sigmoid function
either between 0 and 1 or between -1 and 1. Sigmoid functions are used to detect

inflection points in data curves, such as in the figure,

There are different methods or paradigms through which these weights can

be varied during training, of which the most used is Backpropagation , in which the design of the neural
network is given by the problem to be found, for that we will have a layer input layer with the data, the hidden
layers that will learn and change, and the output layer with the result. Every model knows what the theoretical
result to be obtained is, so when it detects differences in the practical result obtained, it remodels the hidden
layers as many times as necessary to improve with experience and obtain a better final result in the output

layer.
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In this model, the error made by the output neurons can be determined based on the difference between
their output and that expected for the network, which can be configured, but for hidden neurons it is not
known in advance what their correct output will be. . This is known as a black box . To solve this, the error
detected in each output neuron is distributed among all the neurons connected to it.

It has been shown that this network model only needs a single hidden layer of neurons to model a
nonlinear projection between the input and output layers. 5 total layers are enough to predict complex models.

Determining the size in neurons of the layers is not a simple task and must be based on the analyst's
experience. A hidden layer with many neurons means that the network takes fewer iterations or epochs to
learn, although each iteration will take longer, since it will have to calculate more weights, so it is not always
the solution.

9.- Functions / MultilayerPerceptron : is an artificial neural network algorithm based on the
method supervised by backpropagation . It must always be configured with the following parameters,

v' GUI : always true. It has the advantage of controlling the evolution of errors
and other parameters.

v' Training time: They are the iterations or cycles that we are going to carry
out, called epochs . Default = 500 .

v learningRate : is the parameter that controls the size of the change of the
weights in each iteration with a real value between 0 and 1. The two extremes :
must be avoided: a learning rate that is too small can cause a significant decrease in the speed of
convergence and the possibility of ending up trapped in a local minimum; while too large a learning
rate can lead to instabilities in the backpropagation error function, which will prevent convergence
from occurring because there will be jumps around the minimum without reaching it. Therefore, it is
recommended to choose a learning rate that is as large as possible without causing large oscillations or
intervals in the data. In general, the value of the learning rate is usually between 0.05 and 0.5.

v" momentum . In neural networks, we use a gradient descent optimization algorithm to minimize the
cost function to reach a global minimum. In an ideal situation, the cost function
would look like this, so we are guaranteed to find the global optimum because there
is no local minimum where the optimization can get stuck since it is a very clear ®
trend change. /

However, in the real world, the cost function is more complex since it
comprises several local and not so neat minima. In this case, it easily gets
stuck at a local minimum and the optimization algorithm may think that we
have already reached the global level. To avoid this situation, momentum is
used , which is a value between 0 and 1, and which is usually increased towards 1 to improve it. The
value must be between 0 — 1. Default = 0.2.

v Hiddenlayers : Defines the hidden layers of the neural network using a list of positive integers. One
for each hidden layer and separated by commas. If we don'twantany  we will put a 0 . There are
also wildcard values such as: a = (attributes + classes)/2 (Default, but not enforced), i =
attributes, o = classes, t = attributes + classes. The default value for hidden layers is a . You can
specify how many layers and how many nodes we can have, for example, with 0, 5, 2 we
indicate that there are 3 hidden layers with nodes 10, 5, 2 respectively.

(-~ Evolution and error control through Epoch in GUI mode

w

If we take Selectivity.arff as a dataset and we pass the MultilayerPerceptron in GUI mode, we will see how
the errors evolve over the iterations or epochs and what the learning curve is like. Which shows how
important it is to find the value

[ 10 [ 24 [ 53 [ 75 [ 100 [ 127 [ 156 [ 201 [ 252 [ 302 [ 351 [ 401 [ 451 | 500
| 0.0003618 | 0.0002469 | 0.0001737 | 0.0001727 | 0.0001654 | 0.0001608 | 0.0001601 | 0.0001572 | 0.0001543 | 0.0001526 | 0.0001515 | 0.0001508 | 0.0001503 | 0.0001502 |
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Restrictions : Allows attributes that are numeric and nominal, numeric and symbolic classes to evaluate, and
allows attributes with unknown or null values. With weather.numeric.arff we will obtain, as expected, 100%

correct answers.

D.- TIMESERIES - FORECAST

This algorithm requires that at least one of the attributes of the dataset be of type Date in order to be
applied. Additionally, you need to install a Weka extension .

Either through the initial screen of Weka/Tools/Package manager or with Control+U , a new window
will open in which we can search, select and install the extensions we want.

&3 Weka GUI Chooser -
Program Visualization Extensions ML Help
Ctri+U
Ctri+A
Cirl+5
Ctri+N

Package manager
Arfiviewer
SqlvViewer

Bayes net editor

P
' WEknr

The University
of Waikato

Waikato Environment for Knowledge Analysis
Version 3.8.3

(c) 1899 - 2018

The University of Waikato

Hamilton, New Zealand

Experimenter
KnowledgeFlow

Workbench |

Simple CLI |

plorer |

4 74 ackaps sarn

WEKA Package Manager

It scal Setresh progress.

Wiled wevzien Repostory version Loadrs

(Search Package Manager for timeseriesForecasting)

It is based on time series that are dedicated to the study of the evolution of a variable over time. When
future values can be predicted exactly based on past values, or deterministic values , they are not usually
analyzed since they are easily extrapolated. While if we do not know with certainty the future values, it is
usual, if we do not have a certain probability based on the past values, we say that we have a stochastic series
, and it is the one that we will analyze.

We will use the dataset airline.arff that shows the total passengers per month of an airline.

v Trend : It is a change in the long term compared to the average
level. For example: increase in future sales due to product

launches and renewals.

v’ Seasonal effect : it is the periodicity that can occur in the series
to be studied. For example: sales always increase in the last

quarter of the year compared to the total for the year.

v/ Random component — Once we have found the trend and
seasonal effect, the rest is random. It is studied with statistical

methods and mathematical formulas.
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The configuration parameters are as follows,

v" Number of time units to forecast : it is the number of units of future time to predict: days, weeks,
months, etc. as indicated in the following section

v Time stamp : generally we will have a Date type field that we will select here

v Periodicity : if we have a Date field we can leave it in automatic detection

v Skip list - is a text field to insert custom date values that should not count in the previous
recurrence. Such as weekend , tuesday , october or a more elaborate example, only on weekends
weekend ,2011-07-04@yyyy-MM-dd , etc.

v Confidence intervals : it is the confidence interval in which the future
values will be based on the training values, the default value is 95%.

v Perform evaluation : By checking the box we tell it to make a prediction
using the dataset's training data.

2,5%

2,5%

e _ﬁ.zalz 0 za/:
Once the parameters have been adjusted, we will press the Advanced configuration tab and select the

MultilayerPerceptron algorithm , which we must configure as we explained previously, one of the best for
predicting future situations.

Now we are ready to select one or more fields in Basic configuration , and click Start and then in the
Train Future prediction tab to be able to see, graphically, the future prediction, and even export or print it
with the context menu.

Future forecast for: total_pax [95% conf. intervals]

1.100 M’

1.000
200 ¥
800 4

]

700 N
800 . 1

500 - | n
o0 - —r_ " n _lull'. n .."— l.."u‘

] i e

1948 1850 1951 1852 1953 1954 1955 1956 1857 1958 1959 1960 1961 1962 1963

| -m-total_pax -# total_pax-predicted |

Output tab We can see the errors that the prediction is generating with each algorithm. Logically, we
will take the algorithm or its configuration that has an error of zero or as close to zero as possible. In the
image the IBK errors are much better compared to those of the MultilayerPerceptron.

=== Evaluation on training data === === Evaluation on training data ===
Target l-step-ahead 2-steps-ghead 3-steps-ahead 4-steps-zhead Target l-step-ahead 2-steps-ahead 3-steps-ahead 4-steps-zhead

[pasajeros_totales [pasajeros_totales
W 132 131 130 129 w 132 131 130 129
Mzan absolute error o o 0 Q Mean absolute error 9.4508 10.41 11.3059 12.5248

Root mean squared error o o 0 Q Root mean squared error 11.4702 12.5964 13.6523 15.0709

Total number of instances: 144 Total number of instances: 144

/.- PREDICTING

Once we have learned about the type of our data set, the best algorithms to apply to it, and how to
configure them correctly, it is time to start making our predictions about future values. This applies to both
linear and non-linear models.

Let's continue with our weather.numeric.arff dataset . Now we are going to predict if we can play
sports on a specific day. We are going to make a mixture of the values that occur on a rainy day, for example
the following,

rainy, 20, 92, FALSE, no
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The value of the class to be predicted is indifferent, since what matters is the algorithm's prediction,
not what we put in it. If we get it right, it will classify it as correct, or vice versa.

STEP 1: we will load the weather.numeric.arff dataset if it is not already loaded, and we will go to
the Edit... button on the Preprocess tab . In the pop-up window we will delete all the records except one,
with the context menu. Then we will change the values it had to the ones above that we want to predict by
double clicking on them. We will click on OK . (It can also be done directly in the note box manually).

& Viewer X

Relation: weather

Mo. 1: outlook 2: temperature
Mominal

4:windy 5: play

Mumeric Neminal Nominal

[ Add instance J [ Undo J [ OK J [ Cancel J

STEP 2: returning to the Preprocess tab We will see how now the dataset only has a single record.
We will use the Save... button to save it with another name, for example weather.prediction.arff

& Guardar x
Buscar en: [Iﬁ‘ Datasets | [WJ [KJ [EJ E [EJ
[] weather.numeric.arff [ Invoke options dialog
<v Jr | P=1t 4R

Nombre de archivo: | weather.prediction.arf |

Archivos de Iipo:[krﬁ data files (*.arff)

| Guargar | | cancelar |

STEP 3: we will reload the training dataset weather.numeric.arff , choose the desired algorithm,

configure it and pass it with Use training set . For example, we will do it with the J48 according to the image
below to obtain 100% correct answers.

@ weks Explorar

Proprocess [;Gasai] Clutor | Assoiate | Seec aiutes | vieuaze | narachs Parals Coosaates Pit | Visuatcn 30 | Forvcast | Prjechan iot | i iwronce
Caaiar

Chaose |am-c 02542

Test aptions

] T -
() Supplieatest set
(U Cross-aligation
() Percantage spat

More optians.

(Homj play .

stan

Resul st {right-cick for opions)

Status
oK

s

STEP 4: in the Test options box we will choose Supplied Test Set , we will press the Set button and
in the pop-up window we will press the Open File button... to select the file to predict,

weather.prediction.arff , which has our record to predict, and click on the Close button . The truth is that it
can contain as many as we want.
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[ Preprocess I Classify I Cluster TAssociate I Select aftributes T Wisualize I Interactive Parallel Coordinates Plot W

Classifier

Choose |J48-C0.25-M 2

Test options Classifier nutout |
&3 Test Instances — ] x H
) Use training set
® Suppliedtestset | Set.. | Relation: None Attributes: Mone
Instances: None Sum of weights: Mone

() Cross-validation Folds
l Open fila.. J l Open URL... J

() Percentage split

{ More options... J Class LM
_| Close

| (Nom}i nlay 4

STEP 5: we will press the Start button and observe the result of the prediction, not correct , but
above all the confusion matrix. It has been classified as yes when we have actually classified it as no. Which
means that the J48 algorithm prediction is yes . (If we had a lot of logs we could go to Visualize Classifier
Errors to see it better).

a b <--classified as
0 Ola=yes
1 0|b=no

Weka does not allow us to put a ? in the value of the class to be predicted. since then the summary shows us
that he has ignored a record.

8.- WHAT IF I STILL HAVE DOUBTS?

No problem. Weka has an extension called Auto-WEKA who is in charge of doing everything for us. It
automatically searches for the best classifier and its best configuration to run it and give us the results. It is not
the best option, since it is not perfect and humans improve it by a lot, but it is very useful for beginners. We
install the extension like all the previous ones, on the initial screen of Weka/Tools/Package manager or with
Control+U .

(Search Package Manager for Auto-WEKA)

& weka.gui.GenericObjectEditor x

Once the extension is installed we must search in | = "~ * @ .
Meta/AutoWEKACIassifier and configure it with the following options, | me
knowing that this extension consumes a lot of memory and ProCeSSOr | oy no astroceiuin s st paramotr

settings for a given dataset

resources. capatites |
v" memLimit : we must indicate the main memory limit, RAM, debug [Fase )
in MiB, for Weka to work. No more than half that we have in | sucnescassises (e o
our team. Recommended in multiples of 1024 MiB. memLimit | 1024
v/ timeLimit - The maximum time for Weka to work expressed metne. smorkae )
in minutes. It takes quite a bit of time to produce acceptable S
results. The default value is 15 minutes. rumDcmataces 2

parallelRuns 1

seed 123

timeLimit 15

If we test it with our dataset weather.numeric.arff with the values
of 8192 MiB and 2 minutes of time, it recommends the RandomTree || o [ see. [ o0& [ cows |

algorithm with 91 tested configurations and a precision of only 9 hits.
If we test it with the same memory value but with 10 minutes of time, it already improves the

MultilayerPerceptron algorithm with a precision of 12 hits with 463 tested configurations and recommends
increasing the iteration time to improve the results.
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We recommend that you convert the file with the records of all the countries to the arff format and
check if it is a linear or non-linear model, always setting the class to predict the score. The results will surprise
you!, and in this and many other cases, it is not all artificial neural networks, since they are like humans, very
very slow and can remain in overlearning, that is, blocked thinking about how to solve the problem. problem.
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