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Chapter 1

Introduction

MOA (“Massive Online Analysis”, [2]) is a
framework for data stream mining. It includes a
collection of machine learning algorithms (clas-
sification, regression, and clustering) and tools
for evaluation. Related to the WEKA project,
MOA is also written in Java, while scaling to
more demanding problems.

Figure 1.1: MOA, the (ex-
tinct) New Zealand bird.



CHAPTER 1. INTRODUCTION



Chapter 2

Flow

If you are familiar with the WEKA actors in ADAMS, then you won’t have
any problems getting up to speed with using MOA in the flow. The following
sections explain the various actors in more detail.

2.1 Data sources

Since MOA uses the WEKA data structures as backend, you can basically use
any actor that outputs weka.core.Instance tokens as source for the other
MOA actors. MOA also comes with a range of stream generators for artificial
data (or ARFF-file based ones), which you can make use of the MOAStream
source. Figure shows a ﬂowEI that generates some artificial data with a
stream generator and displays it (see Figure .

ladams-moa-datastream.flow
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v Flow editor [adams-moa-datastream.flow -- /h /fracp d lop t/projects/ad family/adams/ad: a/ = + X
File Edit Run View indow
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¢ Simply generates 100 rows of data using the Wavefarm o [F] FileSupplier
stream generator and displays them, o [ FileSystemSesrch
%] MOAStream waveformGenerator/100. ene-by-cne o [ FilenameGenerator
(%4 WekalnstanceViewer xleft, v-top, W-800, H:500 o= k| ForLoop

o [t] GetErvironmentvariable
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Figure 2.1: Flow for generating and displaying artificial data.
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Figure 2.2: The generated data.
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2.2 Classification

Classification in the flow work very similar to ones for WEKA. But instead of
performing cross-validation or train/test splits, you use a special stream evalu-
ator which performs an evaluation every X instances that come through. The
transformer performing the evaluation is MOA ClassifierEvaluation. It refer-
ences a callable classifier of type MOA ClassifierSetup to evaluate on the data
stream and also what type of MOA evaluation you want to perform. Figures
and show a ﬂowEl and its associated output (kappa and percentage cor-
rect). The classifier is being evaluated every 100 instances of the 10,000 that

the stream generator outputs.

~ Flow editor [adam:

lassifier_t
low

| (] [v] » |

flow -- /home/fracpete/development/projects/adamsfamily/adams/ad

x

adams-moa-classifier_evaluation |

["Actors | Clipboard | Help | Parameters | Quick Edit |

Flow

Generates a data stream using the Agrawal generator
e with 200,000 examples, evaluatss the D acisionStump

classifier every 1000 and displays the result of the

avalustion in textual farmat and the statistics in

sequence plats.

¢ (B Gridview xleft. vtop W-200. H:800, Roms 3. Cols: 1

CallableActars
MOAClassifierSetup Decisionsturnp

-

(i) MOACIassifierEvaluation

M OAStream AgrawalGenerator200000, chunks of 1000

9 Branch parsllel, threads: 2cares
¢ {FHext
@ MOALearningEvaluation
¢3) CallableSink Display
7 {S}kappa
() MOAMeasurementsFilter KKappas se*
(&) MOAMeasurementPlotGenerator

o Jsanl\eReader
LookUp
LookUpadd

o =) LookUplnit

o LookUpRemove

o [if§ MOACIustererEvaluation
o MOACIustering

+- [ [MOALeamingEvaluation|
o MOAMeasurementPlotGenerator
o () MOAMeasurementsFilter
o= MOAModelReader

o (€] MOATrainClassifier
MOATrainClusterer
MakeDir

o= MakeLogEntry

& (38 MakePlotContainer

o [f) MatchReportFields
() MathExpression

o () MoAClassifiar
1 Kappa xright, v:top, W:300, H:350 o (i MOAClassifierEvaluation
{ Percent carract xcright, :top, W-800, H:350 o[ moaclassifying —
{= Display xlett, vtop, w650, H:480, fort: Monospacad-PLAIN-12 o (&) MoAClusterar _

o= [fa Max

cs) CallableSink rappa - 0 MessageDigest

[ percent correct o= [y Min
(¥ MOAMeasurementsFilter *correct® MoveFile
(&) MOAM tPlotG it NamedSetup
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C3| CallableSink Percent corract
] D Search |

Figure 2.3: Flow for evaluating a classifier on a stream.

2adams-moa-classifier_evaluation.flow
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Figure 2.4: The evaluation result.
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Just like with WEKA, you can also use a serialized classifier to classify
incoming data. First, you need to train and serialize a classifier. How this is
done, is shown in the flowf] in Figure This flow uses the MOAModelWriter
sink to save the trained classifier to a file. Then, you can use this serialized
model (e.g., loading it with the MOAModelReader) in conjunction with the
MOA Classifying transformer to make predictions on the incoming data. Figures
and show the ﬂowEl and the predicted class distributions for the incoming
data.

There are some transformers that help you turning the evaluation object
that the MOA ClassifierEvaluation outputs into useful output:

o MOA LearningEvaluation — generates a string represenation of the evalu-
ation object

o MOAMeasurementsFilter — picks the measurements from the evaluation
that match the regular expression (matching sense can be inverted).

o MOAMeasurementPlotGenerator — turns a measurement into a plot con-
tainer that can be displayed in the SequencePlotter sink.

* Flow editor [adams-moa-serialize_classifier_model.flow -- /home/fracpete/d project: ily/ada - + X
File Edit Run View Window

[D[w[@] o [~] [#] [+] ]

ialize_ ifier model |

Actors rCIipbuard Help | Parameters rQuick Edit \
= TOT TSRy

Flow
L =
@ (FD) This flom trains & Naives ayes classifier on the UCI “iris" datasst L ImageViewer

and stores the generated model in "output/naivebayes model" B [ JsonDisplay
E s y
7 [ callableActors : L) sonFileWriter
@ E o |l LogDumper
MOAClassifierSetup WaivaBayes 9oump
: o LogViewer
FileSupplier s{exaMPLE FLOWS}dstairis.arff £ o Loy Logger
[Ffl WekaFileReader autornatic (INCREMENTAL) E o 3 MOAModelWriter
[£8) WekaClassSelector last name = E & & Menultem

o [pf] MergeFiles

o [$n] NamedSetup

o [ NotesWriter

o= [>0] Null

o= 2 OpenFile

o [ PasteFiles

oY PlotContainerSink
o= = ProgressBar

o PropertiasDisplay
o= b=+ PropertiesFileWriter
o] ProvenanceDisplay
o~ [RD| ReportDisplay (1
o [2] Screenshot

o= [Sar) Scripted

o[+ sequencePlotter
o[ Serialize

o [E5 sideBysideDiff

- () simplePlot

o B SpreadsheetDbwriter
o [{l] SpreadSheetDisplay =

Search ’7|

(¢ MOACIassifier MoACIassifiersetupi1so

?ﬁ‘ MOAModelWriter ${EXAMPLE_FLOWS}/output/naivebayes rmodel

=

Flow.MOAModelwriter

Figure 2.5: Flow for serializing a trained classifier.

3adams-moa-serialize_classifier_model.flow
4adams-moa-classifying_with_model.flow
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Eile Edit Run View Window

~ Flow editor [adams-moa-classifying_with_model.flow -- /home/fracp p

projects, y/adams

+

x

adams-moa-classifying_with_model \

Actors | Clipboard | Help | Parameters | Quick Edit |
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(») start
serialized model
This flow uses a serialized model to make predictions on

dats set (iris.arff) and output the generated class
distributions.
FileSupplier ${ExAMPLE FL arff

automatic )

[£5) WekaClassSelector last. name =

(9 MOAClassifying ${EXAMPLE_FLOWS}datalnsivebayes.model
? ContainervaluePicker Distrbution

Convert AnyTaString

predictions on a data st (iris.arff) and output the
generated class distributions (the callable actor merely loads a

callable actor

This flaw uses s modsl obtsined from a callable actor to make

T
serialized model in this example)

FileSupplier {EXAMPLE_FLOWS}/dataliris.arff

(8] WekaClassSelector last, name *

automatic )

(=) Display class distribution (serialized) lef vtop, w540, H-420,

7 (F)Flow = o (%) JsonFileReader
9 CallableActors o (=] LookUp
? model - LookUpadd

o [ LookUplnit

o . LookUpRemove

o () MOAClassifiar

o . MOAClassifierEvaluation
+

o (&) MOAClusterar

o Eiiy MOACIustererEvaluation
o MOAClustering

o [fif] MOALearningEvaluation
o MOAMeasurementPlotGenerator
o (B MOAMeasurementsFitter
o MOAModelReader
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[l i > ||| Search |

Flow.serialized model. MOAClassifying

Figure 2.6: Flow for classifying data using a pre-built model.
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Figure 2.7: The classification result.
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2.3

Regression

Regression is very similar to classification with the corresponding actors below:

source. MOA RegressorSetup — outputs a regressor object.

transformer. MOA Regressing — makes predictions on the incoming dataﬂ
transformer. MOA RegressorEvaluation — evaluates a regressor on a data
streanf]

transformer. MOATrainRegressor — builds a regressor model on a data
stream.

5adams-moa-regressing_with_model.flow
6adams-moa-regressor_evaluation.flow
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2.4 Clustering

At the moment, only cluster visualization is available in the ﬂowﬂ

o MOAClustererSetup — source for defining cluster algorithm setups
o MOAClusterVisualization — sink that visualizes clusterings

CHAPTER 2. FLOW

> Flow.MOACIlusterVisualization

B e

fGraph Log

Measure
M - @ x
ax
[c}%
Qv
0.50
0.00 T T T T T
a 50000 100000 150000 200000 250000

Figure 2.8: Cluster visualization.

7adams-moa-cluster_visualization.flow
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2.5 Filtering

Even though there is no filtering support in MOA at the time of writing, it is
possible using WEKA'’s stream filters to filter data streams in MOA. You can
use the WekaStreamFilter transformer to apply one of WEKA'’s stream filters
to the stream of weka.core.Instance objects passing through.

In Figure you can see a ﬂowEl that generates a data stream using the
RandomRBFGenerator class. It outputs a stream with 40 attributes and 4 class
labels. This flow applies the DownSample filter (only uses every nth attribute)
to the stream and plots the classifier performance, percentage correct and kappa,
in a graph (see Figure . Three plots are generated: evaluation on the full
attribute range, down-sampled with using only every 2nd and 4th attribute.

~ Flow editor [adams-moa-filtering.flow -- fhome/fracpete/d lof projects/ad ily/ad | moa/sr - + %
Eile Edit Run View Window
[ 5]
adams-moa-filtering | 4| "Actors | Clipboard | Help | Parameters | Quick Edit |
: [ WERATSTANCESFErgE
Flow : |
Compares the performance of a classifier on different data straams. : o o) WekalnstancesStatistic
? The DownS ample strasm fiter is used ta reduce the number of E o () WekaModelReader
attributes for two of the three streams. : o ) WekaMultiLabelsplitter
? @ Gridview x:left, ¥:top, W:200, H:600, Rows: 2, Cols: 1 g o () WekaNewlnstance
4+ Kappa Xright. Y:top. W:300, H:350 E ¢ [f;] WekaPredictionsTolnstances
§i Parcent corract xrigh, -ton, W-500, H:350 E o [ WekaPredictionsToSpreadShest

o~ WekaPrlnc\pa\Compcﬂents

? CallableActors : o (%) WekaRandomSplit
MOAClassifier Decisionstump E o @ WekaRegexToRange
MOAStream RandomREF Generator/10000, one-by-one : o (fi) WekaRelationName
9 Branch parallel, threads: #cores E o (f) WekaRenameRelation
- (@)l : o (@) WekaReorderAttributesToReference
i c-Wekaf‘.etlr'ws‘.tance\f’a\ue
¢ {idownsample 2 o (@ WekaSetinstancesvalue
(if) WekaStreamFilter pownsamgle o (58 WekaStorelnstance
() MOAClassifierEvaluation MoACassifier, BasicClassificationP erformances | - o [ WekaStreamgvaluator
¢ Branch paraliel thresds: #cores s

¢ {Stkappa o (8 Wekasubsets
B

o @ ‘WekaTestSetClustererEvaluator

(%) MOAMeasurementsFilter Kkappa 5t* o- ) WekaTestSetEvaluator
(%) MOAMeasurementPlotGenerator ds 2 E o (f) WekaTextDirectoryReader
£s| CallableSink «apps ; o (&) wekaTrainClassifier

o= WekaTra\nC\usterer
o (fff WekaTrainTestSetClustererEvaluator
o= ﬁﬂ ‘WekaTrainTestSetEvaluator

9 parcem correct
(M) MOAMeasurementsFilter *correct=

(5 MOAMeasurementPlotGenerator ds E [ XMLFileReader =}
ts) Callablesink Percent correct : o (%) xPath L
o {Skdownsample 4 : o [ xsur hd
[l I v/ search I

Flow.Branch.downsample 2.WekaStreamFilter

Figure 2.9: Filtering data streams.

8adams-moa-filtering.flow
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Figure 2.10: Comparisong of streams, filtered and unfiltered.
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2.6 Provenance
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Just like with WEKA, provenance is supported by MOA’s actors as well. In

Figure you can see a ﬂowﬂ that will display the provenance information

that the tokens accumulated, from generation through to evaluation. Figure
then shows the visualization of the provenance trace.

File Edit Run View Window

| (] [v] » ]

~ Flow editor [adams-moa-classifier_provenance.flow -- /h

fracpete/d

p project: y

adams-moa-classifier_provenance \

Actors

| clipboard | Help | Parameters | Quick Edit |

Flow

Generates a data stream using the Agrawal generator
? with just 1 example, evalusting the DacisionStump
dlassifier on it and displays the provenance information.
CallableActors
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(% MOAStream AgrswalGenerstor/l, one-by-one
WekaFilter Remove-R1
(&) MOACIassifierEvaluation

-

ProvenanceDisplay Xleft. vitop. W:640, H:420

[l I

T

= reToTyoTEpT:
o i ImageViewer

o (%] JsonDisplay

o (¥ JsonFileWriter
LogDumper

o LogViewer

o Lo Logger

o 31 MOAModelWriter

o [T Menultem

o [Bf] MergeFiles

o (§n) NamedSetup

o NotesWriter

o 0] Null

OpenFile

PasteFiles

o [4¥ PlotContainerSink
ProgressBar

o [ PropertiesDisplay
o = PropertiesFileWriter
8
ReportDisplay
Screenshot
Scripted
SequencePlotter

o [>3) Serialize

o SideBySideDiff

o [& simplerlot

o @ SpreadSheetDbWriter
o (@ SpreadsheetDisplay

Search

|

Flow.ProvenanceDisplay

Figure 2.11: Flow for displaying provenance information.

9adams-moa-classifier_provenance.flow
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b Flow.ProvenanceDisplay - + %
File
. Output: moa.core.Measuremert[]
¢ = evaLuator adams.flow.transformer.MOACIassifierEvaluation -classifier "adams.flow. source, MOA
Input: weka. core.Denselnstance
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Figure 2.12: The generated provenance trace.
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Tools

The main interface for MOA is available from within ADAMS as well. You can
find it under the MOA menu. Figure shows a screenshot of the user interface
in action.

v MOA - + %
Classification | Regression | Clustering | Outliers | Concept Drift |
Configure |EvaluatePrequential -l (meta WEKAClassifier -| (weka classifiers.trees,)48 -C 0,25 -M 2)) Run
command [ status [ time elapsed [ current activity [ % complete
EvaluatePrequential 1 (... | running | 21.74s |Evaluating learner... | 32.08
| Pause || Resume ‘ ‘ Cancel || Delete |

utareesty: [svery second [

learning evaluation instances,evaluation time (cpu seconds),model cost (RAM-Hours),classified instances,classificati

100000, 0, 8. 226669315, 0.0, 100080.0, 86,2, 71.91982907722047, 70.19438444524405,100080. 0, 0.0
200000, 0, 0. 330161028, 0.0, 200000.0, 86, 8, 72, 7905739852005, 71 . 179030301 31004, 200000.0,0.0
300000, 0,0, 426474716, 0, 0, 300000, 0, 88, 0, 75, 1070397201646, 74, 78991 596638656, 300000.0,0.0
400000, 0,0, 495657334, 0. 0, 400000, 0, 87,5, 74, 344238742251 96, 74, 9498997995992, 400000.0,0.0
500000, 0,0, 571338609, 0.0, 500000, 0, 86,5, 71.47758772226354, 71, 3375796178344, 500000.0,0.0
600000, 0, 0. 648206661, 0. 0, 600000, 0, 89,9, 79, 27967110068028, 80. 7251 9083969466, 600000.0, 0.0
700000, 0,0. 712522983, 0.0,700000. 0, 88,1, 75.33106130334917, 75, 05241090146751, 700000.0, 0.0
800000, 0,0, 792637353, 0,0, 800000, 0, B8, 8, 76, 900453326860342, 76, 8595041 3223141, 800000.0, 0.0
900000, 0,0. 972617367, 0.0, 900000. 0, 89, 8, 79. 0468364831553, 80. 03913894324853, 500000.0, 0.0

<« Il | [+
Export as .txt file

Evaluation

Values Plot
Eleasies Gl Lz Zoom in Y || Zoom out Y Zoom in X || Zoom out X
@ Accuracy 87.30 - 87.67 -
O Kappa FRT2 = TA3D 109 08, e syt e A A ittt T
0 KappaTemp 74.29 - 74.71 -
) Ram-Hours 0.00 - 0.00 - =
i 46.08]
2 Time 21.75 - 11.14 -
) Memory 0.00 - 000 - —
0.00 T T T T il
[l il [

Figure 3.1: The main MOA interface.
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