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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.
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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 ﬂowEl that generates some artificial data with a
stream generator and displays it (see Figure .

metal:Flow editor [ad a-datastr .flow - /home/fracpet projects, i src/main/flows] - + X
File Edit Run Active View Window Help

SIEIC) e[ ]%

adams-moa-datastream

Flow Actors.
? Simply cenerates 100 rews of data using the Waveferm
stream generator and displays them. - ListStorageNames =

@ MOASEream WaveformGenerstor/100, one-by-one. IstSystemProperties

=) Display xisft, vitop, W.540, H480, font: Menespaced-PLAIN-12

ookUp

o [E) LookUpTable

o (¥ MOACassifierSetup

o (B MOACIustererSetup

o [ MOARegressorsetup

* [

o (K] MakeContainer
o (] MathExpression

Ny o (&) MemoryUsage

o (0] NewCollection
o i NewDOMDocument -
o [L2) NewList

o [ad] NewMap

o [¥¥] NewProperties

o @l NewRemoteCommand
o (¥] NewReport

[ ewSpreadsheet
ewTempFile

o 07 Null

o ([E] OptionProducer

o (5] OptionTraverser -~

® ® Search

Figure 2.1: Flow for generating and displaying artificial data.

ladams-moa-datastream.flow
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-1.2044639706714049, -0,1371392037689766, 1. 1869888705218248, -0.103976809932665, 1.75725707|=
0.727534961674473, -0, 7926917260040761, -1, 116704793366188,1.7768674245714302,0,313882380
0.7585531386681312, -0.13226864011698392, 0.8936589332492103,1,7830870953592552,2,75332552
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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.

metal:Flow editor [adams-moa-classifier evaluation.flow - /home/fracpet I projects. i src/mai 1= + %
File Edit Run Active View Window Help
oj=/@ ]+ %]
adams-moa-classifier_ev... Flow Actors
Generates a data stream using the Agrawal gensrator 7 =
wiith 200,000 examples, svaluates the DecisienStump o (=] LookU)
° clazsifier svery 100D and displays the result of the P
evalustion in textual format snd the ststistics in = (] LookUpAdd
seauence plots, o= (] LookUpInit
7 (@ Gridview xisk, vtop, w:e00, K200, Rows: 3, Cols: 1 o (] LookUpRemove
{4 Kappa xright, Y-top, W:800, H:350 [z LookUpUpdate
= o (@) MOACIassifierEvaluation
£ Percent correct xright, Y-top, W:80D, H:250 o [ MOACIssying
1=/ Display x:left. ¥:top. W40, H:480. font: Monospaced-PLAIN-12 o ) MoAClustererevaluation i
9 [CA callableactors o () moaClustering ©
MOAClassifierSetup Decisionstump o (¥) moaFilter [l
o= (B MoAInstanceDumper
(%) MOAStream  Asraws!senarstor/200000, zhunks of 1000 T P HOALAT S Evaa
(&) MOACIassifierEvaluation moac Setup, BasicC o (8) MOAMeasurementFlorGenerator
? Branch parallel, threads: #cores o (] MOAMeasurementsFilter
¢ {Frtext o (i8] MOAModelReader
HOALesmingEaluaton 8 morResrestorialuation
18] CallableSink Display o (% MOATraIn Classifior
¢ {Bi-kappa o (&) MOATrainClusterer
() MOAMeasurementsFilter kappa st.* o (%] MOATrainRegressor
(5 MOAMeasurementPlotGenerator o ) MakeDir
o (@8 Make)FresChartDataset
5] CallableSink  kappa 5 )
o 48] MakeLogEntry
¢ (percent correct o 4] MakePlotContainer
(W) MOAMeasurementsFilter corract.* o [ MapToVariables
(%) MOAMeasurementPlotGen erator ©- (i) MatchReportFields =
I— t3) CallableSink Fercent correct <1 Il [Tr]
X % Search

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

2adams-moa-classifier_evaluation.flow



12 CHAPTER 2. FLOW

Flow.GridView - + X
File
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Kappa M Statistic (percent) = -0.006113777397371076

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.

metal:Flow editor [adams-moa-serialize_classifier_model.flow — /home/fracpet: projects/. ily/ad. dd d, src. 11— + X
File Edit Run Active View Window Help

clz@ [e]r]%

adams-moa-serialize clas... Flow Actors
? This flow trains 2 NaiveBayes classifier on the UCI "iris® dataset
and stores the generated model in "outputinaivebayes.modsl". o (€3] Externalsink
9 [CA callableactors o ([ FilePreview

MOAClassifierSetup niaivesayes o [+1] FourinOneDisplay
o (M) Histogram

(%) MOAStream AgrawalGenerater1000, ane-by-cne =
o = HistoryDisplay
MOAc\ass.mer WMOACIs ssifierSetun/ 1000 o @ ImsgeViewer

5 MO, iter s{rL del o (@¥] JFreeChartFileWriter

& [@§)JFreeChartPlot

o [lsJ JavaLogging

o [E] JsonDisplay

o [¥] JsonFilewriter

o o] LogDumper

o Lol LogViewer

o (Lo Logger

o= (19 MOAClusterVisualization
o

o ) MatrixPlot

o [ Menultem

o (6] MergeFiles

o ([ NotesWriter

o (30) hull

o & OpenFile

o @@ Pastefiles

o [37) PlotContainerSink

o= [F¥| ProbabilityPlotDisplay
o [ ProgressBar

Search
X R Ll il [ 1v]]

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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| wmetal:Flow editor [adams-moa-classifying with_model.flow - /home/fracpet project: i oma | - + % |
Eile Edit Run Active View Window Help
BIEAC) lo]»
adams-moa-classifying_... || ¢ () Flow [ Actors |
¢ [£A CallableActors B = l:ra eValue =
¢ (% model S grgigaygeg{s‘xp
FileSupplier ${FLOWS}/data/naivebayesmodel, one by one, platform-specific slashes & [+4) HashSetAdd
MOAModsIRsadsr only modsl : ::i:z:t:;nwe
v O L L amie H
distributions. o @] Incvariable H
MoAstraam AgrawalGenerator/50, one-by-one - jLsonkFL\J\:Reader
() MOAClassifying type: AUTO, model: ${FLOWS}/datainaivebayes. model, source: , storage: T ool
o @0 ContainerValuePicker Distribution ligncre missing] L tgztt‘,;ﬁjﬁ'
Cnrwert AnyTostring & (&) LookUpRemove
(=) Display class distribution (serialized) x:left. v:top, w540, H-480. short title, font: I ¢ (&) LookUpUpdate
callable actor o (i) MOACIassifierEvaluation
This flow uses a model obtained from 3 callable actor to make IS assifying
P T s [ & Moncumrwtrnico
cerialized medel in this example) o [ moaClustering
%l MOAStream AgravalGeneratars0, ane-by-ane o () MOAFilter
MOAC\ass.fymg I e e S — [ osrstanceumper
9 [EJ-ContainerValuePicker Distribution lionore mizsincl & (B MOAMeasurementPlotGenerator
Curwert AnyToString o (1) MOAMeasurementsFilter
(=) Display class distribution (model) xright. -top. W:640, H:480, short ttle. fort: Mol & (i} MOAModelReader
o [%) MOARegressing I~
a I [ Tr]
x % 0 a 0 pjfsecn ]
Flow.serialized model. MOAClassifying
Figure 2.6: Flow for classifying data using a pre-built model.
Display class distribution (model) - + %
File Edit Wiew
1.92322775814499E-27,4,127074953716437E-29 =
1.9354131925987357E-27,2.0593480383645104E-29
6.113222622785768E-28,1.3346323746099628E- 27
9.439386042178019E-23,1.0838005082214083E-29
6.930874862885801E-23,2.8712050239058966E- 21
1.3723962895947217E-27,9,23910524730153E-28
1.0097309478598408E-27,7.156161959437219E-30
1.0847027251268569E-28, 2. 1483196535556523E-31
5.155834943976122E-28,4.70207334251956E- 28
9.412242581788456E-23, 1. 7691552865694703E-27
9.674940056737403E-28,2.0259429133340035E-30
1.237263596969171E-27,2.6741843273846007E-31
6.786090372481759E-28,1.5877816849507598E-29 B |
2.247778609216498E-31,1.5298255715072024E-35
5.25151886906698E-29,7,131394941393692E-32
2.63094575108237E-28,2.2401262270684448E-30
5.702726934241318E-28,1.074810831774826E-30
6.009272164738625E-28,1.0705023050066687E-27
1.9235755071713123E-28,7.927389485260443E-32
1.836070936686577E-27,8,.697316891473413E-29 =
1.905316224811397E-28,9.275935849026648E- 34
4.9760742718948677E-29, 2. 6987008607966914E-32
3.5942349726406477E-28, 1, 4482455831948303E-28
4.526457949343642E-23, 6. 168894402797658E-32
2.5432387447094283E-27,1.5772241756245575E-27
8.118539253278393E-28,7.894672704391934E-30
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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

MOACIlusterVisualization (filtered) - + X

N

B 0 .

[ Graph | Log
Measure
= 0.40 @ x
i Ix] ax
J\J\ ..
(SR
0,20 e
0.00 T T T T T
0 50000 100000 150000 200000 250000

Figure 2.8: Cluster visualization.

7adams-moa-cluster_visualization.flow
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2.5 Filtering

MOA has its own filtering framework, which can be used via the MOA Filter
transformer.

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 AddNoise filter to the stream and plots the
classifier performance, percentage correct and kappa, in a graph (see Figure
2.10). For each, two plot streams are generated: using the original data and the
noisy one.

metal:Flow editor [ad filtering.flow — /home/fracpets projects. i src/main/flows] - + X
File Edit Run Active Wiew Window Help

][] [v] > ]

adams-moa-filtering

Flow
? Compares the performance of a classifier on different data streams.
The AddNoise stream filter is used to modify the second data stream.

¢ (B Gridview eft, v-top, W00, K600, Rows: 2, Cols: 1
{4 Kappa xright, ¥-top, W:B0D, H:350
L Percent correct xright, Y-top, W:E0D, H:250
¢ [£A) callablectors
MOAClassifier HesffeingTres
(% MOAStream RandomRBFGenerator/10000, one-by-one
? Eranch parallel, thresds: #cores
¢ {EHull
MOAC\assmerEua\uatmn MOACIassifier, BasicClassificationPerformanc eEvaluator/100
- Branch parallel, threads: #ceres
¢ {5add noise
(F|MOAFiter pddhciceer|
(&) MOACIassifierEvaluation MOACIazsifier, BasicClassificationPerformancaEvaluatar/100
? Branch parallel, threads: #cores
¢ {ikappa
(B MOAMeasurementsFilter kapps ot*
(%) MOAMeasurementPlotGenerator noicy:
t5) CallableSink rappa
¢ {Sihpercent correct
(i) MOAMeasurementsFilter *correct.s
(89 MOAMeasurementPlotGenerator noisy
©5) CallableSink Percent correct

® %

Flow.Branch.add noise.MOAFilter

Figure 2.9: Filtering data streams.

8adams-moa-filtering.flow



18 CHAPTER 2. FLOW

Flow.GridView - + X
File
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Figure 2.10: Comparisong of streams, filtered and unfiltered.
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2.6 Conversions

The following conversions are available:

o MOAInstancesToWEKAInstances — converts MOA dataset to WEKA one
o WEKAInstancesToMOAInstances — converts WEKA dataset to MOA one
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Tools

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

metal:MOA - + X

Clustering | outliers | Concept Drift | Active Learning | Scripting | Other Tasks | Experimenter |
Classification I Regression r MultiLabel r’ MultiTarget |
Configure |al.K2 - -P 1 -5 BAYES -E weka.classifiers.bayes.net.estimate.SimpleEstimator - -A 0.5)])| Run |LITE ‘v
command | status | time elapsed | current activity | % complete
| Pause ‘ ‘ Resume || Cancel || Delete ‘

No preview available

Export as .txt file...

Evaluation
Values Plot

Measure Current Mean
Accuracy
L& g - - 1.00
Kappa Temp

zoomin¥ || zoom outy zoominX || Zzoom outx

Ram-Hours

Time

OO0 0o ®

Memory

Figure 3.1: The main MOA interface.
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