ADAMS
Advanced Data mining And Machine learning System

Module: adams-weka

Peter Reutemann

June 22, 2015



(©2009-2015

©®

g THE UNIVERSITY OF

. WAIKATO

N8
Te Whare Wananga o Waikato

Except where otherwise noted, this work is licensed under
http://creativecommons.org/licenses/by-sa/3.0/

==

*|




Contents

[3.1.1 Loadingdatal . . . ... ... ... .............

[3.1.2  Building models| . . .. ... ... .. ... . .......

[3.1.3  Preprocessing| . . . . .. ... ... ... ... ...

3.1.4 Fvaluation|

[3.2.1  Learning curves|. . . . . . . ... ... ..

[3.2.2  Experiments|

4 C g
4.1 Building models|. .

4.2 Evaluating clusterers| . . . . .. .. ... ... o0,

4.3 Clustering datal . .

6 Visualization

6.2 Instance Compare]
6.3 Instance Explorer| .

6.4 Other visualizations)

7 Tools
7.1 Append datasets| .

13
14
14
15
15
18
23
24
24
24
24
25
26

27
27
28
28

31



4 CONTENTS

[7.4 BayesNet Editor] . . .. ... ... ... ... ... .. 44
5 DarkLordl . . . o oo v oo e e 45
7.6 Dataset compatibility] . . . .. .. ... .. ... ......... 47
................................ 48
7.8 Merge datasets| . . . ... ... .. ... L oL 50




List of Figures

3.1 Flow for loading a local dataset.| . . ... ... ... ....... 14
3.2 The dataset that got loaded from disk.|. . . . . . ... ... ... 14
3.3 Flow for generating and displaying an artificial dataset.| . . . . . 15
3.4 Flow for building J48 model on a dataset and outputting the model.| 16
3.5 J48 model output.| . . .. ... oL 16
[3.6 Flow for comparing results generated from original and prepro- |
cessed slug” data JI] . . . ... ... ... ... ... 16

[3.7  Evaluation summary on “slug” dataset (original)]. . . ... ... 17
[3.8 Evaluation summary on ‘slug” dataset (log-transformed)] . . . . 17
[3.9 Classifier errors on “slug” dataset (original).. . . .. . ... ... 17
[3.10 Classifier errors on “slug” dataset (log-transformed)] . . . . . . . 17
[3-1T Cross-validating a classifier and outputting the summary] . . . . 18
13.12 Summary output of a cross-validated classifier.| . . . . . ... .. 18
13.13 Text file with command-lines of various classifiers. . . . . . . .. 19
13.14 Cross-validating classifier set ups read from a text file and dis- |
playing the evaluation summaries.| . . . . . .. ... .. ... .. 19

[3.15 Summary outputs of cross-validated classifiers.| . . . . ... ... 19
13.16 Flow for evaluating built classifier on a separate test set.|. . . . . 19
[3.17 Summary output of classifier evaluated on separate test set| . . . 19
@.18 Flow for building/evaluating classifier on a random split|. . . . . 20
[3.19 Summary output of classifier built/evaluated on random split]. . 20
[3.20 Flow for evaluating classifier on separate train/test set.| . . . .. 21
3.21 Summary output of classifier evaluated on separate train/test set.| 21
[3-22 Flow for evaluating updateable classifier on data stream.. . . . . 21
13.23 Summary output of classifier evaluated on data stream. . . . . . 22
13.24 ROC curves of classifier evaluated on data stream. . . . . .. .. 22
13.25 Flow for displaying the “accumulated error” of a two classifiers.|. 22
13.26 The “accumulated error” of LinearRegression and GaussianPro- |
< 22
13.27 Flow for classitying new data and outputting the class distributions.| 23
13.28 The generated class distributions for the new data.| . . . . . . .. 23
[3.29 Flow for generating learning curve for incremental classifier.|. . . 24
[3.30 Generated learning curve (incremental)| . . . . . . ... ... .. 24
[3-3T Flow for generating learning curve for batch classifier] . . . . . . 25
[3-32_Generated learning curve (batch)]. . . .. ... .......... 25
[3-33 Flow for cross-validating a classifier on a pre-processed dataset] . 25
13.34 Provenance display.|. . . . . . .. ... oo oL 25

5



LIST OF FIGURES

4.1 Building a clusterer and outputting the model| . . . . . . . . .. 27
{2 Cluster model output] . . . . . ... ... ... ... .. ..... 27
.3 Building a clusterer incrementally and outputting the model| . . 28
4.4 Cluster model outputs, generated every 25 instances.|. . . . . . . 28
4.5  Flow for clustering new data.| . . . . ... ... ... ... .... 29
4.6 Generated cluster) . . . .. ... o o 29
[p.1 Flow for performing attribute selection (reduction).. . . . . . .. 31
[F-27 Summary of the reduction] . . ... .. ... ... .. ...... 32
B.3  The reduced dataset) . . . . . . . .. ... ... 32
6.1  Detfault preview for classifier.| . . . . .. ... ... ... ... .. 33
6.2 Preview of tree-generating classifier.| . . . . . .. ... ... ... 34
[6.3  Preview for graph generated by BayesNet classifier.|. . . . . . .. 34
[6:4 Comparing two datasets]. . . . . ... ... ... ... ... ... 35
[6.5 Viewing data in the Instance explorer) . . . . . . . . .. .. ... 36
6.6 Viewing data in the Instance explorer| . . . . . . .. ... .. .. 37
6.7 Viewing data in the Instance explorer| . . . . . . .. ... . ... 37
7.1 Appending datasets wizard.| . . . . . .. .. ... ... ... .. 39
7.2 WEKA’s Arft viewer displaying the iris UCI dataset. . . . . . . . 40
7.3 Selecting input files for batch-filtering| . . . . . . .. ... .. .. 41
[7.4 _Configuring the filter| . . . .. ... ... ... ... ... ... 42

.5 Selecting the output directory for the filtered datasets.| . . . . . . 42

.6 e dialog when batch-filtering was successtul.| . . . . . ... .. 43
7.7 BayesNet editor displaying anet.| . . . . . . ... ... ... ... 44
[7.8 Dark Lord setup| . . . . . ... ... oo 45
09 Dark Lordrunl . . . . . . . ... 46
[7.10_Compatibility output for two datasets.| . . . . . ... .. ... .. 47
[7.I1 Explorer interface with menus] . . . . ... .. ... .. ... .. 48
E.lQ Saving /restoring of workspaces.| . . . . . . ... 49
[7.13 Selecting input files for batch-filtering] . . . . . . ... ... ... 50
|[7.14 Configuring the filter.| . . . . . .. ... ... ... 51
[7.15 Selecting the output directory for the filtered datasets|. . . . . . 51

.16 e dialog when batch-filtering was successtul.| . . . . . .. . .. 52

[717 The merged dataset.] . . . . . . . . ... ... .. ... ...... 52




Chapter 1

Introduction

The adams-weka module offers most of the functionality found in WEKA [2):
pre-processing, classification and regression, clustering, attribute selection, data
visualization and visualization of results/models. But it does not stop there:
the module also contains other features for optimization, experiment generation
that are not available from WEKA, be it Explorer or KnowledgeFlow. It is
assumed that you are familiar with WEKAEI and machine learning in general,
as common terms are not explained again.

If you have used WEKA’s KnowledgeFlow before, then you will have to
forget (mostly) everything that you know about setting up workflows. ADAMS
does things quite differently in comparison to the WEKA. Additionally, ADAMS
offers a range of general purpose actors that allow you to go further.

The manual is split into several sections, with: classification and regression
and clustering comprising the most important sections.

LIf you haven’t used WEKA before, check out the Data Mining book [3], which gives you
a good introduction to machine learning, data mining and WEKA.
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Chapter 2

Flow

The adams-weka module has a comprehensive set of actors and conversions that
allow you to build powerful flows using WEKA’s functionality. The following
sections give a quick overview of available functionality. If you are interested in
flow examples, check out chapters [ and [4]

2.1 Conversions

This module offers additional schemes for the Convert transformer:

o AdamsInstanceToWekalnstance — converts an ADAMS instance into a
WEKA one.

o MatchWekalnstanceAgainstFileHeader — uses a dataset header stored in
a file to convert the string attributes of the instance passing through into
nominal ones (and vice versa).

o MatchWekalnstanceAgainstStorageHeader — uses a dataset header obtained
from storage to convert the string attributes of the instance passing through
into nominal ones (and vice versa).

e ReportToWekalnstance — turns a Report object into a WEKA instance.

o SpreadSheetToWekalnstances — turns a spreadsheet object into a WEKA

dataset.

o WekalnstancesToSpreadSheet — turns a WEKA dataset into a spreadsheet
object.

o WekalnstanceToAdamsInstance —turns a WEKA instance into an ADAMS
one.

o WekaPredictionContainerToSpreadSheet — generates a spreadsheet object
from a predicition container (useful for display).

2.2 Conditions

The following boolean conditions, e.g., used in the IfThenFElse or Switch control
actors, are available:

o AdamsInstanceCapabilities — checks an ADAMS intance against the spec-
ified capabilities that it must satisfy.
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o WekaCapabilities — checks a WEKA instance against the specified capa-
bilities.

o WekaClassification (used in conjunction with Switch) — uses the returned
classification index to determine which branch of the switch statement
should be used; for all other control actors, the condition evaluates to
“true” if an index is returnedl; condition works only with nominal classes.

2.3 Actors

The following sources are available:

o WekaClassifierGenerator — generates parameter sweeps for

o WekaClassifierSetup — outputs a single classifier setup.

o WekaClustererGenerator — generates parameter sweeps for

o WekaClustererSetup — outputs a single clusterer setup.

o WekaDatabaseReader — reads data from a database into WEKA'’s internal
format.

o WekaDataGenerator — generates artificial data using WEKA’s data gen-
erators.

o WekaFilterGenerator — generates parameter sweeps for filters.

WekaNewlInstances — simple source for generating empty datasets.
These transformers:

o WekaAccumulatedError — extracts all the errors collected during an eval-
uation, sorted according to magnitude and creates plot output, for com-
paring classifier performances (most useful for numeric classes).

o WekaAggregatedEvaluations — aggregates incoming Evaluation objects and
forwards the current, aggregate state.

o WekaAttributelterator — iterates through the names of a dataset and out-
puts them.

o WekaTrainClassifier — used for generating a trained model using a dataset.

o WekaChooseAttributes — allows the user to interactively select attributes
to keep in a dataset.

o WekaClassifierOptimizer — applies a classifier optimizer (e.g., GridSearch
or MultiSearch) to a dataset and then forwards the best (untrained) setup.

o WekaClassifierRanker — evaluates an array of classifier setups on a dataset
and outputs the top X performing setups.

o WekaClassifying — uses a serialized (or callable) model to make predictions

on incoming data.

WekaClassSelector — sets the class attribute in a dataset.

Weka TrainClusterer — trains a cluster algorithm setup on a dataset.

WekaClustering — applies a serialized (or callable) model to incoming data.

WekaCross ValidationEvaluator — performs cross-validation on an incom-

ing dataset using a referenced classifier setup.

o WekaCross ValidationSplot — generates train/test set splits like cross-validation
would generate.

o WekaFvaluationSummary — generates a summary for an Evaluation.
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WekaFEvaluation ValuePicker — retrieves a single statistic from an Evalua-
tion.

WekaFEvaluation Values — generates a spreadsheet with the selected statis-
tics from an Evaluation.

WekaFExperiment — executes a WEKA experiment, like in the Experi-
menter.

WekaEzxperimentFEvaluation — evaluates a WEKA experiment, generating
text output of various sorts.

WekaExtractArray — extracts a row or column from a WEKA dataset
(using the internal format).

WekaFileReader — reads any dataset that WEKA can handle, either out-
puts the header, the complete dataset or row-by-row.

WekaFilter — applies a WEKA filter to the data.

WekaGetInstance Value — retrieves an attribute’s value from a dataset row.
WekaGetInstances Value — retrieves an attribute’s value from a dataset.
WekalnstanceBuffer — buffers either incoming instance objects and out-
puts datasets or outputs instance objects when getting datasets.
WekalnstanceDumper — for dumping dataset rows into files, one row at a
time (ARFF or CSV).

WekalnstanceEvaluator — adds an attribute with the value returned by an
instance evaluator.

WekalnstanceFileReader — outputs ADAMS instance objects.
WekalnstancesAppend — creates one large dataset from multiple ones, by
appending them one after the other.

WekalnstancesInfo — outputs information on a dataset.
WekalnstancesMerge — allows the merging of several datasets (side-by-
side).

WekalnstanceStreamPlotGenerator — generates plot containers from a range
of attributes of instance objects passing through (i.e., you can plot several
attributes in one go).

WekaModelReader — reads a serialized model.

WekaMultiLabelSplitter — splits a datasets with multiple class attributes
(“multi-label”) into ones with only a single class attribute.
WekaNewlInstance — creates an instance object with only missing values
using a dataset as template.

WekaPredictionsTolnstances — turns WEKA predictions into a WEKA
dataset (actual, predicted, etc).

WekaPredictionsToSpreadSheet — turns WEKA predictions into a spread-
sheet (actual, predicted, etc).

WekaRandomSplit — generates a random split of a dataset.
WekaRegexToRange — generates a range string using a regular expression
applied to the names of a dataset.

WekaRelationName — simply outputs the name of the dataset.
WekaRenameRelation — renames a dataset.
WekaReorderAttributesToReference — reorders the attributes in incom-
ing Instance/Instances based on an order defined in a reference dataset
(callable actor or file).
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WekaSetInstance Value — sets a specific attribute value in an instance ob-
ject.

o WekaSetInstances Value — sets a specific attribute value in a dataset object.
o WekaStorelnstance — appends the passing through instance
o WekaStreamFilter — works the same as WekaFilter but only allows stream

filters to be selected.

WekaSubsets — splits dataset into subsets using the unique values of an
attribute to identify subsets.

WekaTestSetEvaluator — evaluates a trained classifier on a dataset ob-
tained from a callable actor.

WekaTextDiectoryReader — reads in a directory with the documents in the
sub-directories representing different classes.

WekaTrainTestSetEvaluator — evaluates a referenced classifier using the
incoming train/test split.

And these sinks:

WekaClassifierErrors — displays the errors of a classifier.

WekaCostCurve — generates a cost curve.

WekaDatabase Writer — writes a dataset to a database.
WekaFEzperimentGenerator — generates a WEKA experiment by adding
the incoming classifier setups and writing it to disk.

WekaFile Writer — writes a dataset to any file format that WEKA can
handle.

o WekalnstancesDisplay — displays datasets in table format.
o WekalnstanceViewer — visualizes incoming WEKA or ADAMS instance

objects the same way as the Instance Fxplorer tool does.
WekaModelWriter — writes a model container or classifier/clusterer to
disk.

WekaThresholdCurve — displays threshold curves like, receiver-operator
curve (ROC) or precision/recall.

2.4 Templates

Here are some templates that make the flow development for WEKA easier:

InstanceDumperVariable — generates a variable for the Wekalnstance-
Dumper actor which contains an ARFF/CSV filename prefix aligned with
the flow’s filename, i.e., the ARFF/CSV file will always get placed in the
same location as the flow.



Chapter 3

Classification and
Regression

WEKA’s main strength lies in its large number of classification and regression
schemes. Most of the documentation will cover this functionality therefore.

We start out with some basic WEKA functionality, like loading and prepro-
cessing data, building models and evaluating them. That includes visualization
of the results and models as well. After that we will cover more advanced fea-
tures like learning curves, experiment generation and evaluation, optimization
of classifiers and also the current provenance support in ADAMS.

13
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3.1 Basic

In this section we describe how to perform basic WEKA functionality that you
are used to perform with the Explorer, but in the workflow context. Instead of
having to repeat the same steps, like loading and preprocessing data, whenever
you update your data, a flow allows you to define the steps apriori and then
merely re-execute them time and time again. Also, flows make it very easy to
document all the steps that you perform, not just merely recording what you
are doing.

3.1.1 Loading data

Before we can build any models, we have to have data at hand, of course. So
the first step will be to obtain data from somewhere, whether that is by loading
a local dataset or by downloading a remote dataset.

To start, we will be loading files that are stored locally. The actor used
for loading datasets is the WekaFileReader transformer. This actor does not
have an option for the file to load. Instead, it expects a file name, string or
URL object to arrive at its input port. In order to supply a local file, we use
the SingleFileSupplier source, which allows us to specify a single file that gets
forwarded in the flow. If required, one can also use the MultiFileSupplier or
DirectoryLister sourcesﬂ which can forward multiple file names instead of just
one. The latter one is especially handy, if the files are not known in advance,
e.g., generated on the fly. In order to display the loaded data, we use the
WekalnstancesDisplay sink actor, which displays the data in a nice tabular
format. Figure shows the flow for loading the dataset and Figure the
generated output.

Flow.WekalnstancesDisplay

]

5 < 555 55 555 5[ 2[5 2[5 2[5 [5[5[5[3[ 5 5

Figure 3.1: Flow for loading a local Figure 3.2: The dataset that got loaded
dataset. from disk.

In this exampleﬂ we let the WekaFileReader determine the correct file loader
automatically, based on the file extension. If this automatic determination
should fail, you can always check the “useCustomLoader” checkbox and then
configure the appropriate loader yourself.

Another feature of this actor is the ability to output the dataset row by row
(option “incremental”). This is very handy in case of very large files, where load-
ing into memory could pose a problem. Even though the incremental feature

ladams-weka-crossvalidate_classifier_multiple_datasets.flow
2adams-weka-load_dataset.flow
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works for any file type that WEKA can read, truly incremental, i.e., memory-
efficient, loading is only possible if the underlying loader also supports incre-
mental loading. In any other case, the dataset gets loaded fully into memory
before being forwarded row by row.

Finally, artificial data can be generated within ADAMS as well. Using the
WekaDataGenerator source, any WEKA data generator can be used to output
data. The ﬂowﬂ depicted in Figure generates a small dataset using the
“Agrawal” data generator.

Flow editor
£

Figure 3.3: Flow for generating and displaying an artificial dataset.

3.1.2 Building models

After having sorted out the loading of the data, it is time to check out how to
build models. Since we are using supervised algorithms, we have to make sure
that the datasets have a class attribute set. The WekaClassSelector actor allows
the setting of the class attribute, in the default setting it simply uses the last
attribute as the class attribute. With the WekaTrainClassifier actor you can
choose a callable classifier to be built. You define a callable classifier by adding
a WekaClassifierSetup source to the CallableActors standalone, which you then
reference in your WekaTrainClassifier actor. By default, the WekaTrainClas-
sifier actor outputs a container that comprises the built model and the header
of the training set. In order to extract either of the container items, you need
to use the ContainerValuePicker control actor. Figure [3.4] demonstrates how to
train a J48 classifier on dataset and then displaying the built model (see Figure
3.5)L]

A built model can be saved to disk (and then re-used later) using the
WekaModelWriter. The file generated can also be loaded in the WEKA Ex-
plorer again and applied to another test set thereﬂ

3.1.3 Preprocessing

A very important, but often underrated step is preprocessing. Unless your
data is properly cleaned up and in the right format, your models will not be
very meaningful. Preprocessing steps can be done within the flow using the
WekaFilter transformer, which wraps around a single WEKA filter. One either

3adams-weka-data_generator.flow
4adams-weka-build_classifier-output_only_model.flow
5adams-weka-build_classifier-save_model.flow
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Figure 3.4: Flow for building J48 model Figure 3.5: J48 model output.
on a dataset and outputting the model.

chains multiple actors together or uses the weka.filters. MultiFilter meta-filter
to executed several filter sequentially in a single actor.

In Figure [3.6] we are investigating the impact of preprocessing on the “slug”
dataset [4]. The ﬁowEl cross-validates LinearRegression on the original and log-
transformed data. The log-transformed data is generated by applying the Ad-
dEzxpression filter on each of the two attributes of the dataset and then deleting
the original ones. In each case, original or preprocessed, it displays the evalua-
tion summary and classifier errors.

= Flow editor. data.flow - i -
Eile Edit Run View Window
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Figure 3.6: Flow for comparing results generated from original and preprocessed
“slug” data [4].

Figures and show the evaluation summary, for the original and the
log-transformed data. The log-transformed dataset gets not only a better cor-
relation coefficient, but also smaller errors.

Figures [3.9] and display the classifier errors. It is obvious from the funy
log-shaped curve, that LinearRegression built on the original data is not a very
good model. Something that is not so obvious by just looking at the correlation
coefficient: 0.9056 is not bad.

6adams-weka-filter_data.flow
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Figure 3.9: Classifier errors on “slug”

dataset (original).
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Figure 3.8: Evaluation summary on
“slug” dataset (log-transformed).
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Figure 3.10: Classifier errors on “slug”
dataset (log-transformed).

This flow can be quickly extended to accommodate other preprocessing tech-
niques, all very easily comparable in the graphical output.

In this example the preprocessing was rather specific. On the other hand, if
your are working mainly in a particular data domain, like spectral analysis of
some kind, then certain preprocessing steps will always be same. In this case,
it makes sense to store these externally in a preprocessing library which you
then link to using external actors (see manual for the adams-core module for
more details). This reduces duplication and you will only have to update the

preprocessing step in a single location.

Instead of batch-filtering data, you can also filter streams of weka.core. Instance
objects, using the WekaStreamFilter transformer. This filter offers a subset of
WEKA'’s filters, which don’t need a batch of data to be initialized with before
being able to process data.
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3.1.4 Evaluation

Knowing how to build a model is good, but how can you tell whether the
model that you built is any good? Evaluation is the key to unlock this mystery.
ADAMS offers several types of evaluations:

o (ross-validation — if you only have a single dataset.

o Test set evaluation — evaluating an already trained classifier with a sepa-
rate dataset.

e Train/test set evaluation — training and evaluating a classifier with a train-
ing and test set. This can be either achieved using a RandomSplit actor
or reading two separate files from disk.

Cross-validation

We start with cross-validation, which is probably the most used type of evalua-
tion. The WekaCrossValidationEvaluator transformer is used for cross-validation.
In order to get around ADAMS’ limitation of allowing only one input, the
WekaCross Validation Evaluator actor takes a dataset as input and obtains the
classifier to evaluate from a callable actor. This approach hides how the classi-
fier is obtained, whether it is a simple WekaClassifierSetup definition or a more
complex scheme for outputting a Classifier object (e.g., loading it from a seri-
alized model file). Figure shows a ﬂowﬂ with simple cross-validation using
a callable WekaClassifierSetup to obtain the classifier object from.

Flow.Display

o7 2 ?
0,958 0.000  ©.000

Figure 3.11: Cross-validating a classifier Figure 3.12: Summary output of a
and outputting the summary. cross-validated classifier.

Most of the time, you don’t just want to test a single classifier, but several
ones. With ADAMS you can, for instance, load classifier command-lines from a
text file and then evaluate them one after the aftelﬂ Reading the text file (see
Figure|3.13)) is fairly straight-forward, using the TextFileReader transformer.

For updating the callable classifier’s set up, we need to attach a variable
to the callable WekaClassifierSetup actor’s “classifier” option and update this
variable with each set up that we are reading from the text file using the Set-
Variable transformer. This update of the classifier set up has to happen before
we are triggering the cross-validation. Figures and show the full flow
and the generated output, when reading in three set ups from a text file (J48,
filtered J48, SMO).

7adams-weka-crossvalidate_classifier.flow
8adams-weka-crossvalidate_classifier_setups_from_text_file.flow
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=) wekaclassifier_setups.txt x

1weka.classifiers.trees.J48 -C 6.25 -M 2

2 weka.classifiers.meta.FilteredClassifier -F
"weka. filters.unsupervised.attribute.Remove -R 1-3" -W weka.classifiers.trees.148
- -C0.25 M2

3 weka. classifiers. functions.sMO -C 1.0 -L 0.0010 -P 1.0E-12 -N @ -M -V -1 -W 1 K
"weka.classifiers. functions.supportVector.RBFKernel -C 250007 -G 0.01"

Plain Text v Tab Width: 4 v Ln1,Col1 INS

Figure 3.13: Text file with command-lines of various classifiers.

¢ Adors Flow.evaluate classifier.HistoryDisplay

= fle_En_view

assitiars Tunciions 910 -C 1.0 -L 0.0610 7 1612 0 H ¥ 1 W
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5| ighted avg
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Flow.Setvariable weka.classifiers functions. SO -C 1.0 0.0010 - 1.06-12 - 0-M -V -1 -W 1 - “weka.classifiers.functions.supportVector. Rl

Figure 3.14: Cross-validating classifier Figure 3.15: Summary outputs of cross-
set ups read from a text file and dis- validated classifiers.
playing the evaluation summaries.

Test set evaluation

Simply testing a built classifier on a test set is useful when you are always
intending to save the generated model to a file, but also want to keep an eye
on the performance. In this case, you can very easily extend your current flow
for building and saving the model. First, add a callable actor that loads the
separate training set from disk. Second, add a Tee control actor that performs
the evaluation using the WekaTestSetFvaluator and WekaEvaluationSummary
transformers and a Display sink for showing the resultsﬂ The full flow and the
generated output are shown in Figures and

D v Flow.evaluation.Display -+ x
File Edit View
T (Correctly Classified Instances 302 99.0164 %
T lIncorrectly Classified Instances 3 0.9836 %
- Root mean squared error 0.0562
T Relative absolute error 3.6361 %
e Root relative squared error 22.285 %
L ICoverage of cases (0.95 level) 99.0164 %
L Mean rel. region size (0.95 level) 16.6667 %
- Total Number of Instances 305
- Search |
Figure 3.16: Flow for evaluating built Figure 3.17: Summary output of classi-
classifier on a separate test set. fier evaluated on separate test set.

9adams-weka-build_classifier_evaluate_on_testset.flow
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Train/test set evaluation

An evaluation using separate train and test set can be used, if you don’t want to
keep the evaluated model, but you are only interested in the evaluation output.
The evaluation actor in this case is the Weka Train TestSetFEvaluator transformer.
This actor accepts WekaTrainTestSetContainer data tokens. To generate this
container you have several options:

o WekaRandomSplit — splits a single dataset into a train and test set, based
on the percentage supplied by the user.

o WekaCrossValidationSplit — Generates train/test splits like they occur in
cross-validation. Useful, if you want to inspect the various models built
during cross-validation, not just the summary.

o MakeContainer — manually generating a container from two individually
loaded datasets.

Figures and [3.19] show how to use the RandomSplit actor in the evalua-
tion procesgI For simulating cross-validation, simply exchange the WekaRan-
domSplit actor with a WekaCrossValidationSplit one (you might also want to
change from Display to HistoryDisplay, to keep better track of the various eval-
uations).

96.3934 %
3606 %

Figure 3.18: Flow for build- Figure 3.19: Summary output of classi-
ing/evaluating classifier on a random fier built/evaluated on random split.
split.

Figures and display the flow]'] for manually creating a container
using the general purpose MakeContainer source actor. In order to assemble a

container, you need to know what type of container you want to create (the
type is normally listed in the “Help” of an actor), where to obtain the data
from (i.e., the callable actors) and how to store the data (i.e., under which
name in the container).

Stream evaluation

Though WEKA is usually used for batch-training, it is also possible to perform
incremental training and evaluation, as long as the classifier in use is an update-
able one (i.e., it implements the weka.classifiers. Updateable interface). In such
a scenario, you only have to read in the data incrementally (changing the set up
in the WekaFileReader to INCREMENTAL) and use the WekaStreamEvaluator

10adams-weka-evaluate_classifier_randomsplit.flow
11 adams-weka-assemble_traintestset_container_and_evaluate_classifier.flow
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S R LT e T T e S S ) e AT = e U o v Flow.Display -+ x
Eile Edit View
= Sumnary —
Correctly Classified Instances 302 99.0164 %
Tncorrectly Classified Instances 3 0.983 %
Kappa statistic 0.9747
Mean absolute error 0.0047
Root mean squared error 0.0562
Relative absolute error 3.5048 %
Root relative squared error 22,2506 %
Coverage of cases (0.95 level) 99.0164 %
Mean_rel. region size (0,95 level) 16.6667 %

Total Number of Instances

Figure 3.21: Summary output of classi-
fier evaluated on separate train/test set.

Figure 3.20: Flow for evaluating classi-
fier on separate train/test set.

transformer for performing the evaluation. The WekaStreamFEvaluator actor use
prequential evaluation, i.e., first evaluate, then train. Figure [3.22] shows a flow
that evaluates a NaiveBayesUpdateable on a stream of data, displaying the tex-
tual evaluation summary and ROC (receiver operator curve) every 100 instances
that come through.

~ Flow editor [adams-weka-stream_classifier_evaluation.flow -- /home/fracpete/d P
Eile Edit Run View Window

projects/adan
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FileSupplier s{exampLE_FLOWS}/dataianneal arff

-

Updat 2abl

(FF) WekaFileReader automatic [INCREMENTAL)
@) IncVariable @<count}. INTEGER. inc: 1
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(sl weleastr luator wekac , interval 100

Branch parallel threads: #cores

¢ {Shsummary
WekaEvaluationSummary  [confusion matri. class detais]

-

HistoryDisplay X:left, Y:top, W:840, H:480, font: Monospaced-PLAIN-12, #
¢ {proc

FE DisplayPanelManager right, -top, W-740, H:480, providar: WeksThresH

o [fif) WekaModelReader

o [HE) WekaMultiLabelSplitter

o () WekaNewlnstance

o [f WekaPredictionsTolnstances

o [£5 WekaPredictionsToSpreadSheet
o (Ff WekaPrincipalComponents

o (%) WekaRandomSplit

o [¥] WekaRegexToRange

o [ff) WekaRelationName

o (fs] WekaRenameRealation

o @ WekaReorderAttributesToReference
o (af) WekaSetinstanceValue

o @WEKESEtInstancesValue

o [ WekaStorelnstance

o @WekastreamE\mluator

o [&f) WekaStreamFilter

o @WEkaSubsets

o [iff) WekaTestsetClustererevaluator
o [TE) WekaTestSetEvaluator

o [£) WekaTextDirectoryReader

o WskaTramC\ass\ﬁer

o [£f) WekaTrainClusterer

o [11] WekaTrainTestSetClustererEvaluator
o [ff]) WekaTrainTestsetEvaluator

o XMLFMeRsadsr

o [ify) xPath
o () xsLT
< I | D Search |

Flow.WekaStreamEvaluator

Figure 3.22: Flow for evaluating up-
dateable classifier on data stream.

Visualization

You have already encountered the display of the classifier errors (in Figure
. The sink for displaying these errors is WekaClassifierErrors, which takes
an Fwvaluation object as input. If you want to evaluate and display multiple
classifiers then you have to use the DisplayPanelManager with the WekaClas-
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Figure 3.23: Summary output of classi-
fier evaluated on data stream.

Figure 3.24: ROC curves of classifier
evaluated on data stream.

sifierErrors actor as “panelProvider”. The DisplayPanelManager actor offers a
history of generated panels, like the HistoryDisplay does for plain text.

Another interesting visualization is the WekaAccumulated Error transformer.
This transformer takes also an Fvaluation object and then turns it into a special
sequence of plot containers: it creates a sequence of the prediction errors that
were obtained during an evaluation and outputs them sorted, from smallest to
larges{?} The Figures and show the flow and the generated output
respectively. As you can see from the graph, GaussianProcesses generates con-
sistently larger errors than LinearRegression, which only seems to have a few
big outliers (steep increase at the end).

| error_display.flow - ==

| Actors | Gipboard | Help

Flow.CallableActors.SequencePlotter -

Accumulated error

4T )
] |UnearRagression
v

[GaussianProcesses

\

Search 00

Figure 3.25: Flow for displaying the
“accumulated error” of a two classifiers.

Figure 3.26: The “accumulated error”
of LinearRegression and GaussianPro-
cesses.

123dams-weka-accumulated_error_display.flow
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3.1.5 Making predictions

Of course, building models is only part of the picture. You will want to use this
model as well and make predictions with it. The actor for making predictions
on incoming data (i.e., single instance objects) is the WekaClassifying actor.
This actor can either use a serialized model or a callable actor that generates
a trained classifier. The ﬂowIEl in Figure uses the callable actor approach,
training a classifier on a training set and then performing classifications on a
test set, with the class distributions shown on screen (see Figure [3.28).
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Figure 3.27: Flow for classifying new Figure 3.28: The generated class distri-
data and outputting the class distribu- butions for the new data.
tions.

13adams-weka-classifying_data.flow
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3.2 Advanced

3.2.1 Learning curves

Classifiers are susceptible to the order and amount of data that they are trained
with. Using learning curves, one can investigate how the data influences the
classifier performance.

Figures and [3:30] show a flow and the generated output of an incremen-
tal NaiveBayes classifier, with the classifier being evaluated against a test set
every 10 training instances (ConditionalTee in conjunction with the Counting
condition)E

* Flow editor classifier,
File Edit Run View Window

[O]=(@)] [=]«] [a] [¢]>]®]

Flow Griaview,

i c h. kePlotContainer Eotatto st

Figure 3.29: Flow for generating learning Figure 3.30: Generated learning
curve for incremental classifier. curve (incremental).

Incremental classifiers are great for generating these kind of graphs. But
even for batch classifiers you can generate learning curves. Using the Wekaln-
stanceBuffer transformer, it is possible to buffer instances as they come through
and output datasets with which the batch classifer can get trained (and eval-
uated). Figures and show how to generate a learning curve for the
decision tree classifier J48, being evaluated every 10 instancelel

3.2.2 Experiments

experiment generation9] execution and evaluation |

3.2.3 Optimization

setup generatorﬂ rankeﬂ optimizerF_Ul

14 adams-weka-build_classifier_incrementally.flow
15 adams-weka-classifier_learning_curve.flow

16 adams-weka-experiment_generation.flow

17 adams-weka-experiment.flow

18 adams-weka-classifier_setup_generation.flow
19adams-weka-classifier_setup_ranking.flow

20 3dams-weka-classifier _optimizer.flow
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~ Flow editor [adams-weka-classifier_learning_curve.flow -- ji i - x
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Figure 3.31: Flow for generating learning Figure 3.32: Generated learning
curve for batch classifier. curve (batch).

3.2.4 Provenance

Machine learning related actors can keep track of what operations happened
along the way, or in other words, provenance.

Due to the additional load, provenance is turned off by default. You can
turn it on by placing a properties file called Provenance.props home directory
with the following content:

Enabled=true
Figure[3:33]shows the flow that cross-validates a classifier on a pre-processed

dataset. The provenance trace of loading the data, pre-processing and evaluat-
ing it, can be seen in Figure

[~ Flow editor i ifier-display_| = ji - x
File Edit Run View Window

[o]=]a] [~]~] [a] []> %

adams-weka-crossvalidate_dassifier-display_provenance {|[ Actors | Clipboard | Welp | Parameters | Quick Edit
S

Image\iewer

y oo
B wekotassssictor 4 sile

Remove 15t st o e

) Replace missing values ¥ 5 evawuaton output weka.classif l

3 it Yop, w640, name ‘Replace missing fiter we
ProvenanceDisplay xiet vtop. w st 450 oy i

lowtransformer.wekaFiter -name "Remove 1st attribute” fiter "

wiransformer. WekaClassSalector

loader weka. i

ReportDisplay.

ted
Sequenceplotter
(3 serialize

o= 55 sidesysidenit <]

T 3| | searcn ]

i)

Flow.Provenancebisplay R E—— v

Figure 3.33: Flow for cross-validating a clas- Figure 3.34: Provenance display.
sifier on a pre-processed dataset.

provenance display'El

21adams-weka-crossvalidate_classifier-display_provenance.flow
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3.2.5 Partial Least Squares

Using the WekaFxtractPLSMatriz transformer, you can extract various PLS
matrices from a PLSFilter WithLoadings filter or a PLSClassifier Weighted With-
Loadings classifier (or a WekaModelContainer, if this container should have a
PLSClassifier Weighted WithLoadings classifier stored) E

22 3dams-weka-extract_pls_matrix.flow
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Clustering

Clustering behaves very much like Classification/Regression, the only difference
being that it is an unsupervised learning process. This means that the flows
won’t contain a WekaClassSelector actor to set the class attribute in the loaded
data. Due to the similarity, the section here will cover only the basics of clus-
tering.

4.1 Building models

Building clustering models is as easy as building classification/regression mod-
els. Instead of the WekaTrainClassifier transformer, you use the WekaTrain-
Clusterer one. Similar, you use a WekaClustererSetup source instead of the
WekaClassifierSetup one to define (and output) a clusterer setup, placed inside
a CallableActors standalone.

Figures and show a ﬁowEI that builds a SimpleKMeans clusterer on
a dataset (the class attribute gets removed using a WekaFilter actor) and the
generated model gets displayed.

2 Flow.ContainerValuePicker.Display -+ x
File Edit View

“parameters | Quick Edit | kieans

Nunber of iterations: 4
Within cluster sun of squared errors: 3321,4072394823033

nitial starting points (randon)

Cluster 0: '2*,C,R,0,0,'7',5,2,0, 7, "7/, "', 2", 2 Y, 20, 17 17 pr, 0t
Cluster 15 12 CLA 4 0T, 211 2110, 2, 211G, 70, 70 o0, pr s g g npr ipn e g g

Missing values globally replaced with mean/mode

Final cluster centroids
Clusters

httribute Full Data 1

(898.0)  (484.0)  (414.0)

fanily ? ? »
product-type c c c
[steel A
lcarbon 3.6347 0.0868 7.7826
= hardness 11.7762 1.5806  23.6957

temper_rolling B 2
[condition S S ?
| fornability 2 2 H
[ — il m e i D

[

Figure 4.1: Building a clusterer and out- Figure 4.2: Cluster model output.
putting the model.

If the base cluster algorithm is an incremental one, i.e., one that implements
the weka.clusterers. UpdateableClusterer interface, you can build your clustering

ladams-weka-build_clusterer.flow
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model incrementally as well. The ﬂowElin Figurebuilds the CobWeb cluster
algorithm incrementally and outputs the generated models every 25 instances

(see Figure [4.4)).

Flow.ConditionalTee.C:

v istoryDisplay
Eile Edit View

0D

Figure 4.3: Building a clusterer incre- Figure 4.4: Cluster model outputs, gen-
mentally and outputting the model. erated every 25 instances.

4.2 FEvaluating clusterers

ADAMS offers transformers for evaluation clusterers on data similar to the ones
for classification:

o WekaClusterEvaluationSummary - generates a string representation of a
cluster evaluation (or container)

o WekaCrossValidationClusterer Evaluator - cross-validates a clusterer on a
dataset, generates log-likelhood.

o WekaTestSetClustererEvaluator - evaluates a built clusterer on a test set.

o WekaTrain TestSetClusterer Evaluator - builds and evaluates a clusterer on
the training and test set from a train/test-set container.

4.3 Clustering data

Clustering new data is done using the WekaClustering transformer, which takes
a single instance as input and outputs the generated clustering information
in form of a container (WekaClusteringContainer). You can either specify a
serialized clusterer model to use or a callable actor to obtain the clusterer from.
The flow El in Figure shows how to build a clusterer and use it to cluster
new data, outputting the cluster distributions (see Figure for the generated
output).

2adams-weka-build_clusterer_incrementally.flow
3adams-weka-clustering_data.flow
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Chapter 5

Attribute selection

ADAMS also offers WEKA'’s functionality for attribute selection and ranking.
The following transformers are available:

WekaAttributeSelection — performs the attribute selection/ranking.
WekaAttributeSelectionSummary — generates a summary from a attribute

selection step.

In Figure[5.1]you can see a flow]'] that uses CfsSubsetEval as the attribute set
evaluator and BestFirst as the search method. The generated output, summary
and reduced dataset, are displayed in Figures[5.2] and

Figure 5.1: Flow for performing attribute selection (reduction).

The WekaAttributeSelection transformer outputs a container which can con-
tain the following elements:

Train — the training set.

Reduced — the reduced dataset.

Transformed — the transformed dataset, in case of evaluators that imple-
ment Attribute Transformer, like principal components.

Evaluation — the generated attribute selection evaluation.

Statistics — a spreadsheet with statistics, containing information whether
an attribute was selected (0 or 1) or for ranking results the rank of the
attribute.

ladams-weka-attribute_selection-subset.flow
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v Flow.Display -
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Figure 5.2: Summary of the reduction. Figure 5.3: The reduced dataset.

o Seed — the seed value in case of cross-validation.
e Folds — the number of folds used in case of cross-validation.



Chapter 6

Visualization

6.1 Preview browser

The WEKA module comes with custom viewers for serialized files. Apart from
the default view (Figurel6.1)), you can also view the trees (Figure[6.2)) and graphs

(Figure that some classifiers generate.
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Figure 6.1: Default preview for classifier.
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Figure 6.2: Preview of tree-generating classifier.
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Figure 6.3: Preview for graph generated by BayesNet classifier.
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6.2 Instance Compare

Quite often, you generate data with different or tweaked pre-processing tech-
niques and you wonder how different the generated data looks like. The Instance
Compare visualization allows you to graphically compare two datasets. You can
either compare them row by row, or using a common attribute that can be used
as unique row identifier.

Figure shows a comparison of two datasets. Not only are the two rows
overlayed, you also see the absolute difference plotter and a the correlation
coefficient of the two being calculated.

If you don’t want to compare all the attributes, you can restrict it to a
subset, by using the Att. range text field. “first”, “second”, “third”, “last”,
“last_1” (last minus 1) and “last_2” (last minus 2) are accepted indices. All
other indices must be 1-based.

v Instance Compare -+ x
File View
File 1 File 2
File $ {HOME}/temp/drevil-toluens.arff [ . |[ isptay | File §{HOME} temp/dreviltoluene-ds.arft | ... || Display
Att. range [24ast 2 Row att. |-none- - Att. range [2-ast_2 Row att. |-none- -
Compare Row ID (402)
10000.007] 2 =
3 =
8500.00 "
s
7000.00-| 6
3 7
% 5500.00 8
] 9
§ 4000.00 10
e 1
2500.00- 12
13
1000.00+ \-\ 14
— 15
nnnnn 16
6 15 26 36 46 17
Jttribute index (in selacted range) 18 |
Difference
Type] v
20000 Correlation coefficient 0.55256120(
isplay-D 6
ean absolute error 364.734603
-200.00 elative absolute error 020102167
q 0ot mean squared errar 787.012356
= oot relative squared error 0.35213285)
> -800.00-
=-1400.00
-2000.00-
"""""" T T T T T
6 15 26 36 46
Atribute index (in selected range)
< Il [»

Figure 6.4: Comparing two datasets.
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When generating datasets, it pays to check the generated output in multiple
ways. For instance, whether the data rows generated are actually aligning prop-
erly. The Instance Ezplorer allows you to select a range of rows and columns
from a dataset (see Figures [6.5] and [6.6]), which are then displayed in a single

graph.

Figure[6.7] shows a subset of the UCI dataset waveform-5000. The top graph
of the two is a zoom into the full graph, with the bottom graph showing the
area that was zoomed into.
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Figure 6.5: Viewing data in the Instance explorer.
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v Load dataset x

File ${HOME}/development/datasetsfucifnominaliwaveform-5000.arff

Instances | Attributes |

Class

Attribute range
|f|rst-|ast ‘

Attribute types
Numeric
[]Date

[ ] Nominal

[ ] string

[ ] Relational
Sorting

|-nn sorting-

[¢]

Attributes to store in report
x1
x2
x3
x4
x5
x6
x7 L
x8 x

mE

pNaURBNE

Figure 6.6: Viewing data in the Instance explorer.

s Instance Explorer -+ x
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DR EEEEEE

Attribute Index

Zoom view

Figure 6.7: Viewing data in the Instance explorer.
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6.4 Other visualizations

Below are some more visualizations, which are available through WEKA and
have been added to the main menu:

e Boundary visualizer — visualizes classification boundaries

e (ost curve — for re-visualizing a previously displayed cost curve

o Graph visualizer — for displaying BayesNet graphs

e Instances plot — plots a attributes from a dataset against each other

o Margin curve — for re-visualizing a previously displayed margin curve
e ROC — for re-visualizing a previously displayed receiver operator curve
e Tree visualizer — for displaying trees graphs (digraph formatﬂ)

Thttps://en.wikipedia.org/wiki/DOT_%28graph_description_language’29


https://en.wikipedia.org/wiki/DOT_%28graph_description_language%29

Chapter 7

Tools

7.1 Append datasets

If you have datasets with the same structure, i.e., exactly the same attributes,
then you can use the Append datasets tool to combine them into a single, large
dataset.

The screenshot in Figure [7.10] shows the wizard interface that guides you
through the process.

[ v Append datasets - + X
Input Select the Weka datasets to append (one-afterthe-other).
OQutput i|You have to choose at least two.
Finish :
sfamily/adams/adams-weka/src/main/flows/datafiris1. arff Add...
:psfamily/adams/adams-weka/src/main/flows/datafiris2. arff
:nsfamily/adams/adams-weka/src/main/flows/datafiris3. arff
i up
Down
Remove
Remove all
47 Il D
| Back || Next H Cancel

Figure 7.1: Appending datasets wizard.

39



40 CHAPTER 7. TOOLS

7.2 Arff viewer

WEKA’s Arff viewer is available from the ADAMS menu as well.

> ARFF-Viewer - fhome/fracpete/develop t/datasets/uci/i inal/iris.arff - + x
File Edit View
on: iris
. sepallength| 2: sepalwidth| 3: petallength| 4: petalwidth| 5: class
Mumeric Numeric Mumeric Numeric Morriinal
5.1 3.5 1.4 0.2[Iris-set... |~
4.9 3.0 1.4 0.2[Iris-set...
4.7 3.2 1.3 0.2[Iris-set...
4.6 31 1.5 0.2Iris-set... =
5.0 3.6 1.4 0.2[Iris-set...
5.4 3.9 1.7 0.4Iris-set...
4.6 3.4 1.4 0.3[Iris-set... —
5.0 3.4 1.5 0.2[Iris-set...
4.4 2.9 1.4 0.2[Iris-set...
4.9 31 1.5 0.1fIris-set...
5.4 3.7 1.5 0.2[Iris-set...
4.8 3.4 1.6 0.2[Iris-set...
4.8 3.0 1.4 0.1fIris-set...
4.3 3.0 11 0.1fIris-set...
5.8 4.0 1.2 0.2[Iris-set...
5.7 4.4 1.5 0.4|Iris-set...
5.4 3.9 1.3 0.4[Iris-set...
5.1 3.5 1.4 0.3[Iris-set...
5.7 3.8 1.7 0.3[Iris-set...
5.1 3.8 1.5 0.3[Iris-set...
5.4 3.4 1.7 0.2Iris-set...
5.1 3.7 1.5 0.4|Iris-set...
4.6 3.6 1.0 0.2[Iris-set...
5.1 3.3 1.7 0.5[Iris-set...
4.8 3.4 1.9 0.2|Iris-set...
5.0 3.0 1.6 0.2[Iris-set...
5.0 3.4 1.6 0.4(Iris-set...
5.2 3.5 =] 0.2[Iris-set...
5.2 3.4 1.4 0.2[Iris-set... —
4 14 0.2[Iris-set 2

Figure 7.2: WEKA’s Arff viewer displaying the iris UCI dataset.
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7.3 Batch-filter datasets

Training and test set are required to have exactly the same structure in WEKA.
If you need to apply a pre-processing filter to both of the files, it is recommended
to use batch-filtering. This will ensure that any statistics that get calculated
based on the first dataset, get applied to second file as well. An example for
this is the dictionary of the StringToWordVector: the same word dictionary
needs to be applied to the second file, in order to generate the same attributes.
However, one usually has to resort to the command-line in order to achieve this,
which is rather tedious.

The Batch-filter datasets wizard allows you to perform the batch-filtering
conveniently through the GUI:

e Select the datasets to filter (see
e Configure the filter (see

e Select the output directory (see
e Info dialog after filtering (see [7.6)

( h Batch-filter datasets - + X
Input ‘| select the Weka datasets to batch-filter,
Filter “|You have to choose at least two.
Output :| The first dataset is used to set up the filter, all subsequent files get filtered with this set
Finish o up
s/adamsfamily/adams/adams-weka/sro/main/flows/datajiris1. arff Add. ..
:rcts/adamsfamily/adams/adams-weka/src/main/flows/datafiris 2. arff
‘hcts/adamsfamily/adams/adams-weka/src/main/flows/d atafiris 3. arff
Up
Down
Remove
Remove all
e i ID
| Back || Next H Cancel

Figure 7.3: Selecting input files for batch-filtering.
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f hd Batch-filter datasets - + X
Input ‘| set up the filter that is used to filter the datasets.
Filter “|f no class attribute is to be set, simply empty the 'Class' property. You can use first' and
Output :|'last' as well as 1-based indices,
Finish :
: Filter weka filters.unsupervised. attribute. AndrewsCurves —nurrlil
Class |Iast " |
:| Keep relation name
Il D
‘ Back H Next || Cancel |
Figure 7.4: Configuring the filter.

f b Batch-filter datasets - + X
Input Select the directory where to place the generated datasets in ARFF format (the input file
Filter :|names get reused for the output).

Output
Finish

Output  [${HOME}/temp L]

‘ Back H Next || Cancel |

Figure 7.5: Selecting the output directory for the filtered datasets.
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Batch-filter datasets

Input
Filter
Output
Finish

Ready

Please click on Filter to start the process.

s 2

Information

SuccessTully filtered!

/home/fracpete/temp/irisl.arff
/home/fracpete/temp/iris2. arff
/home/fracpete/temp/iris3.arff

LCancel

‘ Back H Next || Filter

Figure 7.6: The dialog when batch-filtering was successful.
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7.4 BayesNet Editor

WEKA’s BayesNet Editor allows you to view and modify Bayesian nets. Figure
[7.7] shows an example net loaded.

v BayesNet Editor + X
File Edit Tools View Help

v Probability Distribution Table For class x
Iris-setosa | Iris-versicolor | Iris-virginica
0.333 0.333 0,333

Randomize | 0Ok | Cancel

Graph layed out

Figure 7.7: BayesNet editor displaying a net.
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7.5 Dark Lord

The Dark Lord wizard allows you to set up and monitor a genetic algorithm
that determines the best set of attributes, based on the classifier and metric you
choose to optimize on. The output directory that you define (see Figure ,
is used to store all the reduced/optimized datasets that improved the metric.
The optimization can be paused, resumed or stopped with the buttons at the
bottom right of the view panel (see Figure .

( v Dark Lord - + X
Setup 2| Configure the genetic algerithm setup.

Finish i| Select the dataset that you want to have optimized and the classifier to use for optimizing.

bestRange |-none- |

bitsPerGene | llil

classindex [last |

classifier | Choose |]48-C 0.25 M 2 |

55

dataset [§{HOME]/development/datasetsiuciinominalwaveform-5000.arff |

crossValidationSeed

favorZeroes []

folds | 10
loggingLevel [FINE [~
maxTrainTime | o

measure |RMSE [~]
notificationinterval | 1
numChrom | 50

numlterations 10‘000.0005

outputDirectory [${HOME] temp/darklord |

seed | 15

serializedModel [§{cwD} |

| Back H Next || Cancel |

Figure 7.8: Dark Lord setup.
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Dark Lord

v - 4+ X
RMSE
U415+ : Vis. D
0,405 f RMSE
0,395
L
§ 0.3851
£ 0,375
@ o
0,365 ° o 4 -
0.355 ki
] 10 12 14 16
iteration

Figure 7.9: Dark Lord run.
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7.6 Dataset compatibility

WEKA requires training and test sets to have the same structure, down to
the same name and order of nominal labels. Rather than relying on the error
message in the Explorer, you can use the Dataset compatibility tool to quickly
check whether two or more datasets are actually compatible.

The screenshot in Figure[7.10]shows the output when comparing two datases,
one being the original anneal UCI dataset and the other one a transformed
version.

b Dataset compatibility - + %
File

--= /home/fracpete/development/datasets/uci/nominal/anneal  ORIG. arff
and /home/fracpete/development/datasets/uci/nominal/anneal. arff

Attributes differ at position 1:
Different number of labels: 9 != 10

Figure 7.10: Compatibility output for two datasets.
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7.7 Explorer

ADAMS contains an extended version of the WEKA Explorer. The interface
uses menus instead of buttons to declutter the pre-process tab. Also, it keeps
track of the datasets that the user loads, to make re-loading recent files easier.
This saves a lot of time when working with the same files on a frequent basis.
Furthermore, the user can have an arbitrary number of Explorer sessions in the
same window, distinguished by names. Figure[7.11]shows the new interface with
the drop-down menu in action.

v Explorer [balance-scale.arff -- /home/fracp l: i inall - + x
Eile| Edit view
= Open... ctrl-o |Preprocess | Classify | Cluster | Associate | Select attributes | Visualize |
Open recent ¥ 1 - balance-scale.arff ctri1
@ Load from URL... 2o TR Chi2
4 Load from database... B fgtt= Selected attribute
Generate... Clear Attributes: 5 Name: left-weight Type: Numeric
Bs e~ Instances: 625 Sum of weights: 625 Missing: 0 (0%) Distinct: 5 Unique: 0 (0%)
Save cerl-s -
... ptuributes Statistic Value
Save as... Ctri+shift-5
Minimum
Load classifier model... All || None H Invert || Pattern Maximum
Mean
Load clusterer model...
= Mo. | | Name StdDev .415
Lg Send to > 1| left-weight
= e 2|[Jleft-distance
E3 Close B 3[Lright-weight
4[Jright-distance
5[ lclass
Class: dass (Nom) |~| visualize an

128 125 125 125 125

Remove

| Status
i 0K

[e)l=]l=]

Figure 7.11: Explorer interface with menus.

One very useful feature is the notion of workspaces in this interface. You
can save the current setup (current dataset, classifiers, clusterers, evaluation set
up, results, etc.) to a file and restore all of it in one go again. Unfortunately,
not all data can be stored, such as the log, the undo history and the built
models or visualizations associated with a results. See Figure[7.12]for the button
(highlighted in red) that allows you to load/save workspaces.
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- Explorer [iris.arff -- acp p i, inal] -+ %
File Edit View
anneal Preprocess | Classify | Cluster | Associate | select attributes | vi
[L75 Filter
\| Apply

Choose |Nune

Current relation Selected attribute

Relation: iris Attributes: 5 Name: sepallength Type: Numeric
Instances: 150 Sum of weights: 150 Missing: 0 (0%) Distinct: 35  Unique: 9 (6%)
Attributes Statistic Value
Minimum 4.3
| All H None || Invert H Pattern Maximum 7.9
Mean 5.843
Mo, Name StdDev 0.828
1| |sepallength
2|[_|sepalwidth
3|Clpetallength
2[_Ipetalwidth
5[Clclass
Class: class (Nom) ‘V| Visualize All
)

Remove

[ tatus

Figure 7.12: Saving/restoring of workspaces.
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7.8 Merge datasets

The process of adding reference data to a dataset or performing data fusionEl7
can be quite often a manual process, copy/pasting datasets in a spreadsheet
application.

The Merge datasets wizard allows you to perform the process of combining
datasets side-by-side conveniently in the GUI:

Select the datasets to merge (see
Configure the merge (see[7.14))

Select the output file (see

Info dialog after merging (see

Figure [7.17] shows an example of a merged file.

[ A Merge datasets - + x
Input ‘| select the Weka datasets to merge (side-by-side).
Setup i| You have to choose at |east two.
Output :
Finish
:|damsfamily/adams/adams-weka/src/main/flows/datafiris_petal. arff Add...
:|damsfamily/adams/adams-weka/sro/main/flows/datafiris_sepal. arff]
up
Down
Remove
Remove all
il i ID
‘ Back H Next || Cancel

Figure 7.13: Selecting input files for batch-filtering.

Thttps://en.wikipedia.org/wiki/Data_fusion
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(' Merge datasets - + X
Input i| Specify how the files should get merged.
Setup
output
Finish
oggingLevel [wARNING [~]
name |Weka|nstancesMerge |
annotations [ e ]
skip O
‘| stopFlowOnError O
silent (||
usePrefix
addindex
remove [
prefix [dataset |
prefixSeparator [ |
excludedAttributes [ |
nvertMatchingSense (|
;| uniquelD [i0] |
| Back || Next H Cancel |
Figure 7.14: Configuring the filter.
(' Merge datasets - + X
Input i| select the file to save the merged data to.
Setup
Output
Finish
{HOME?} ftemp/iris_merged. arff [

| Back || Next H Cancel |

Figure 7.15: Selecting the output directory for the filtered datasets.
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[ v Merge datasets - + X
Input E
Setup |Ready
Output ; .
Finish ;| Please click on Merge to start the process.
v Information x
Successfully merged!
/home/fracpete/temp/iris_merged.arff
| Back || Next H Merge
Figure 7.16: The dialog when batch-filtering was successful.
b ARFF-Viewer - /home/fracpete/temp/iris_merged.arff - + X%
File Edit View
iris merged. arff
Relation: iris-petal iris-sepal
: dataset-1-D| 2 dataset-1-petallength| 2: dataset-1-petalwidth| 4: dataset-1-class| 5 dataset-2-ID| 6: dataset-2-sep
Numneric Mumeric Nurneric Nominal Mumeric Nurneric
1 1.0 1.4 0.2Iris-setosa 1.0 o
2 2.0 1.4 0.2|Iris-setosa 2.0
3 3.0 1.3 0.2[Iris-setosa 3.0
4 4.0 1.5 0.2Iris-setosa 4.0 =
5 5.0 1.4 0.2|Iris-setosa 5.0
5] 6.0 1.7 0.4[Iris-setosa 6.0
7 7.0 1.4 0.3Iris-setosa 7.0
8 8.0 1.5 0.2|Iris-setosa 8.0
9 9.0 1.4 0.2[Iris-setosa 9.0
10 100 1.5 0.1Iris-setosa 10.0
11 11.0 1.5 0.2[Iris-setosa 11.0
12 12.0 1.6 0.2[Iris-setosa 12.0
13 130 1.4 0.1|Iris-setosa 13.0
14 14.0 11 0.1[Iris-setosa 14.0
15 15.0 1.2 0.2[Iris-setosa 15.0
15 16.0 1.5 0.4|Iris-setosa 16.0
17 17.0 1.2 0.4[Iris-setosa 17.0
18 18.0 1.4 0.3Iris-setosa 18.0
19 18.0 1.7 0.3|Iris-setosa 18.0
20 20.0 1.5 0.3[Iris-setosa 20.0
21 21.0 1.7 0.2Iris-setosa 21.0
22 22.0 1.5 0.4|Iris-setosa 22.0
23 23.0 1.0 0.2[Iris-setosa 23.0
24 24.0 1.7 0.5Iris-setosa 24.0
25 25.0 1.9 0.2|Iris-setosa 25.0
28 26.0 1.6 0.2[Iris-setosa 26.0
27 27.0 1.6 0.4|Iris-setosa 27.0
28 28.0 1.5 0.2|Iris-setosa 28.0 —
9 9.0 1.4 0. 2llris-setosa 9.0 >
4] Ii [»

Figure 7.17: The merged dataset.
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