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Predictive Analytics 6 What is it ? T

Predictive Analyticsises methods from théelds
of Statistics Machine LearningandData Mining
to give predictions based on current and

p i
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CRIME-ANALYTICS
o UM 1427 WIRD SIE

historical data. % et Loy
%S

The above mentioned fields are not well (’-L o

seperated Data miningnethods covers e.g ol —

Classification (Clustering), Decistoges and ey \

Association Analyzes S s

o i /s
Predictive policings about the prediction Link hitp:/fwww.computerwoche.deld
of crimes.The softwaregives predictions based Wasistwasberpredictiveanalytics, 3098583
on pastyears @ta (e.g, location, time,
Prosecutionspn criminal offenses in eertain region The police
patrol cars can then beoncentrated in this vulnerablegion(See

http://WWW.computerwoche.de/a/wasist—wasbei—predictiveanalvtics,309858)i



http://www.computerwoche.de/a/was-ist-was-bei-predictive-analytics,3098583
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m Predictive Analytics o Example Routenplaner ol

GoogleMaps ¢ An exampleto get started

StaticRouteplanners calculate the arrival time widn average Speed
and theSpeedprofile of the route.

But: The arrival time depends significantly on the day of the week and the time.

Whether the trip from Duisburg to Dortmund on the A407:00 ambegins on
Wednesday oon Sundayhas a significant impact dhe Arrivaltime.

Dynamicroute plannersconsider- in addition to the averag&peedand
the Speedorofile, historicaland current data(existing congestion A
and constructiorsites) in the calculation of the route and the
arrivaltime.

Such datas obtainede.g.by Floating Car Data / Floating Phone Data.

Google Maps$’roductmanager Dave Barth:
"When we summarize yowgpeed withthe speed of other smartphones on the road, from

thousands ophones,moving around the streets of any city at any time, we get a dgeiotlreof
current Trafficconditions."
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The lasis of supervised Machine Learnia@ set of similalatasets Adatasetis a group
of related data fields, e.d. C, Si, Mgnd Strain If thedatasets are storeth a table, a
dataset isone row of this table.

T [AC] C [%] Si [%] Mg [%0] Dehnung [%)]
1.381,23 3,59 2,71 0,052 20,0
1.385,33 3,56 2,72 0,041 20,3
1.381,40 3,61 2,63 0,042 7,6
1.385,40 3,62 2,68 0,049 19,3
1.379,00 3,63 2,66 0,054 20,0
1.380,00 3,62 2,63 0,053 19,3
1.379,50 3,72 2,78 0,048 20,0
1.379,20 3,67 2,72 0,055 15,9
1.380,68 3,58 2,62 0,047 17,6

The fieldqin the following als@alled variables) of suchZatasetare distinguished into
functionallyindependentnd functionallydependentields. In the above exampl&, C, Si,
and Mg are the functionally independent variables, and tB&ainis a functionally
dependent variable. Several functionally dependent variables are also possible.
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The aim ofMachinelearning

To predict thefunctionallydependentvariables "sufficiently goodtom the
functionallyindependentvariableson the basis of traininglata.

The variables of measuredchifdsetsare Randomvariablesin the stochastic sense
since they are subject to random fluctuations, and for these random variables, the
terms stochasticdependenc®r independenceare well defined

Therefore the termsfunctionaldependencandindependencare used for the
measured values

Functionally dependent Random variab(@s> AX) with a Predictionfunction Fare
predicted from thefunctionallyindependent random variablqt),>2 X)

Thus (AS  X) =HU,S WX)=

These Prediction functioree trained and validated on the basisMé&asureddata.
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There are many ethodsof Machine Learninghat can
generatesuchPrediction functions

Neural Networks (NN
Bayesian Network@N), .
KNearest Neighbors (KNN
DecisionTrees (D),

Multiple Regression (MR
SupportVector Machines (SVM
LogisticRegression (LOR

X o o Io I» To Do Io
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The Intelligent Analysis Manager is the core module oBH@Omineand

summarizeseveral methods dflachine Learningn aFunctionbox

Eingabe-
vektor

Préprozessor [ g:gmx \ Postprozessor
l NN NN SV-NN
BN BN SV-BN
k-NN K-NN SV-K-NN ) Supervisor | femp eS80
SVM SVM
WED WED \/The weaker methods, \

which can not predict the

guality characteristics of

Tool
Parameter

a given process well
enough, are switched off
by the learning

\su pervisor. J
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Elongation
E<@ E"’”E:‘:’& Datenladen Prognose Aktive Tool(s) Supervisor Supervisor Ergebnisse Aktive Tool(s) Ergebnisse
B ‘ 3
----- B2/ Functionbax Elong  Weighted Average ~ KNN(NO) BN (NO}  NN(NO}  SVM (NO) 2
-4 Supervisor » 001 13,2807 12,3 16.5859 15,8865 15,2407
= Original Data
_____ @ Information 002 164 16.466 16.4 16.57 16,9119  |164619
- ?aﬁsﬁc& 003 16,6 16,7 16,6 16,5792 16,9375 | 17,4705
B Do 004 20,9 20,2489 209 174255  |182705 | 19,9468
----- | VariableChart 005 |19.1 18,8579 19.1 19.0349  |17.781 17,6417
""" 2| DependentChart 006 |18.4 18,3749 18.4 18,731 17,4793 18,6502
=-E8 NO: Rohdaten
&= Distrbution 007 [117.7 17,5395 17.7 16,5751 16,7495  |18,0912
----- Neural Network (NO: Rohdaten| | 008 | 16,7 16,6122 16,7 16,7462 16,0116 16,3025
----- K-earest Meighbour (M0: Rohc
_____ ltote Fegreesion (N0: Rohed | 009 [17.7 17.4744 17.7 16.58 16,1793  |17.8926
..... Support Vector Machine (NO:F| | 010 | 16,4 16,3944 16.4 16,8181 16,0314  |16,2148
----- Bayesian Network (N0: Rohdat 011 (189 18,8269 18,9 \%4 18,0821 18,6533 y

Tool(s) Prediction Error

s 01 087 |

2 The results of the individuah

3 0o methods ofMachine

g Learningare combinedby

-._§ . fusionmethods. Intelligent

= 0 | | fusion methods are currently
KM (M)

MM (NO)
Tools

kbeing further developed. J




m Predictive Analytics with  EIDOminer B

Thepredictions areonly as good as the data on which they are based!

The softwareEIDOminetherefore examines in th@reprocessowhether thefunctionally
independentariables from which théunctionally dependentariables are to be predicted
have statistical dependencies and whether the number of tHasetionally independent
variables can be reducd®imensiorreduction).

If the functionally independent variables are correlated (not only linear), the
measurement of their isolated influence on thenctional dependenvariablebecomes
more difficult. A variable, which is correlated witlther variablesmeasures in part the
influence of the othewariables.

Thisso-calledMulticollinearitycan be eliminated or reduced by different methods

Through Dmensionalreduction such problems are
corrected and the model becomes "slimmer", the

model interpretation moreprecise.



m Predictive Analytics with  EIDOminer B

If the functional dependent randomariable is discrete, one speaks@hssificatiormand of
Regressionf it is continuous

Sa
Classifications theprediction ofa class (e.g., OK, Critical, NOMBE)lRegressiois the
prediction ofa real number.

But not only theDependenciesf the functionally independent variables are important.
Important is also the Question:

What is the effect of the functionally independent variables on the functionally
dependent variables?

10
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The Preprocessor, however, caat determine whether the set of functionally
independent variables is complet€ompletein the sense that the independent
variablescan predict the dependent variable (s) well

Byincreasing additional independent variables, tPeediction quality
canoften be significantly improved.

The Preprocessor includes the followipedictabilityfunction:

It will searchfor all Datasetsvhosefunctional
iIndependentvariables are "close" to each other, while the
functionallydependent variables are "wide" apart.

Such datasetsan not be processed by tlMachine Learning “

algorithms

A newaddedvariableoften providesa solution.

11
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If the data is excellent, th&redictionsare also excellent

Asan example, consider th@ataset

TestData01(100 lines):
6 functionally independent variablé$ - 16 and a functionally dependent variabl®

. . . . 12 - 2

|1 - randomly generated with &lormaldistribution = . ’ - : : G

. 1 1n 2 | B | . 15 16 D
|2 - 3*| 1 + NOISG 2 22,63 57,88 113,17 30,51 53,15 95,86 190,837
3 18,13 54,4 90,65 28,05 46,17 88,12 172,439
|3 5*'1 + NO|Se a 17,66 52,98 88,31 27,71 45,38 87,04 169,547
5 16,83 50,48 84,11 31,1 47,93 97,7 193,743
|4 d I t d th N Id t b t ‘ 6 21,24 6376 106,22 33,13 5438 104,09 209,382
ranaom y genera ea wi ormaldistrioution 7 26,97 80,92 134,87 26,61 53,58 83,63 164,264
8 21,82 65,46 109,1 29,1 50,92 91,42 180,656
|5 Il + |4 '|'NOISG | 9 18,07 54,19 90,32 29,83 47,91 93,72 184,986
. 10 22,09 66,26 110,45 26,02 8,08 81,73 159,192
|6 - p*|4 + NO|Se 1 17,18 51,52 85,9 31,68 43,35 99,55 197,988
[ 12 16,41 19,21 82,19 29,17 25,61 91,64 179,918
D _ 2*'1/\0 5 + 3 * |4/\1 2 13 21,79 65,37 108,97 33,82 55,61 106,26 214,513
’ ' 14 18,06 54,17 90,27 29,22 47,27 91,81 180,661
15 20,79 62,37 103,93 30,82 51,59 96,83 192,655
16 23,52 70,57 117,59 27,72 51,22 87,08 171,311
17 21 63,02 105,03 28,75 49,75 90,31 178,01
18 2,32 66,97 111,64 27,66 49,98 86,91 170,641
19 15,99 47,95 79,91 30,79 5,76 96,72 191,319

12
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A B C D E F G H I i K L M N

1 Korrelationsmatrix

2 11 12 13 14 15 le 11 12 13 14 15 (3

3 22,63 67,88 113,17 30,51 53,15 95,86 11| 1,000000] 0,999998( 0,999999| -0,100961| 0,765300( -0,100512
4 18,13 54,4 90,65 28,05 46,17 88,12 | 0,999998( 1,000000( 0,999999| -0,100874| 0,765358( -0,100425
5 17,66 52,98 88,31 27,71 45,38 87,04 0,999999| 0,999999| 1.000000| -0,100679| 0,765483| -0,100231
6 16,83 50,48 84,11 311 47,93 97,7 /I4 -0,100961| -0,100874| -0,100679| 1,000000( 0,563109| 0,999998
7 21,24 63,76 106,22 33,13 54,38 104,09 15| 0,765300| 0,765358( 0,765483| 0,563109| 1,000000( O0,563481
8 26,97 80,92 134,87 26,61 53,58 83,63 I6| -0,100512| -0,100425( -0,100231| 0,999998| 0,563481| 1,000000
[ 21,82 65,46 109,1 29,1 50,92 91,42

10 18,07 54,19 90,32 29,83 47,91 93,72

Jc | =KORREL{AS3:A5102;5B53:585102)
According to the above lineaorrelationmatrix,
onlythe columns 11, 14 and I5 should be used to

train the tools of theMachine Learning

e R = T T Ly
TheEIDOminesoftware detects theorrelated 5 | 1o 90m - ot
variableswhen loading thelatasetand suggests e
removingthese variables. IS = |1 + IN®eise
IS notrecognized because the correlation
coefficient Isset to 90% by default.

13
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Result Neural networks

"% EIDOminer — O X
DERHS
Datei  Extras DB und Einstellungen  Assistenten  Hilfe
Test01

=@ Testl!
=~ @ Testd1Anall Neuronales Netz (NN) (N1: Rohdaten)

| Functionbox X
&% Supervisor Design Parameter Ergebnis
-8 Original Data
- Information
EE Summary
-fil Statistics
8= Distribition 235821
{1 VariableChart «  Training
-/l DependentChart «  Validation
=88 NO:SVD ¢ Testdaten
8= Distribution - -
Neural Network (N0: SVD) 191,37
K-nearest MNeighbour {(N0: SWD)
Muttiple Regression (M0: SVD)
Support Vector Machine (NO: SVD)
Bayesian Network (ND: SVD)
=R N1: Rohdaten 143,53+
~8= Distrbution

Aktuelle Werte vs Prognose Werte

Meural Network (M1: Rohdaten)

K-nearest Neighbour (N1: Rohdater,
Muttiple Regression (M1: Rohdaten)
Support Vector Machine (N1: Rohd 95,68 -
Bayesian Network (N1: Rohdaten)

Alktuell

47.84 -
0.00 T T T T 1
0.00 47.84 85,68 143,63 191.37 239.21
Prognose
RRMSE T |0.0028 | v |{},{}(}28 Test (0.003

14
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ResultSVM

"+ EIDOminer - O %
DERHS
| Datei  Extras DB und Einstellungen  Assistenten  Hilfe
Test01
I _ _
Bl @ Test01Ana0l _ Support Vector Machine (SVM) (N1: Rohdaten)

-2 Functionbox - i
8@ Supervisor Design Suchparameter Parameter Ergebnis

=8 Original Data

Aktuelle Werte vs Prognose Werte

.:E Distribution 239.21

----- L) VarableChart + Training

----- x| DependertChart «  Validation
= ND: SVD + Testdaten

8= Distribution _—-

----- Neural Network (NO: SVD) 191.37

----- K-nearest Neighbour (NO: SVD)

----- Multiple Regression (M0: SVD)

----- Support Vector Machine {M0: SVD)
----- Bayesian Metwork (N0: SVD)

= N1: Rohdaten 143,53 -
8= Distribution

----- MNeural Network (N1: Rohdaten)

----- Knearest Meighbour (M1: Rohdater,
----- Multiple Regression (N1: Rohdaten)
----- Support Vector Machine (N1: Rohd| 9568 —
----- Bayesian Metwork (N1: Rohdaten)

Alctuell

47.84 4

0.00 T T T T 1
0.00 47.84 95.68 14353 151.37 23821

Prognose

. RRMSE T [0.0003 | v [0.0003 Test

15
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ResultMultiple Regression

"4 EIDOminer

DERES
Datei Extras DB und Einstellungen  Assistenten  Hilfe
Test01

=@ Test0l i i _
= @ Test01Ana0l Multiple Regression (MR) (N1: Rohdaten)

----- L Functionbox 5
&8 Supervisor Design Parameter Ergebnis
= Original Data
""" @ Irfomation Aktuelle Werte vs Prognose Werte
-fild Statistics

2= Summary
8= Distribution 239.21+
----- | VariableChart * Training
..... 1| DependentChart * alidation
= NO: SVD *  Testdaten
8= Distribution 191,37 -

----- Neural Metwork (NO: SVD)

----- K-nearest Neighbour (ND: SWD)

----- Multiple Regression (NO: SVD)

----- Support Vector Machine (NO: SVD)
----- Bayesian Metwork (ND: 5WD) 143 53
=-f N1: Rohdaten

8= Distribution

----- MNeural Networ (N1: Rohdaten)
----- K-nearest Neighbour (N1: Rohdaten)
----- Multiple Regression (N1: Rohdaten) 95.68 —
----- Support Vector Machine (N1: Rohda|
----- Bayesian Metwork (N1: Rohdaten)

Aktuell

47.84

0.00 T T 1
0.00 47.84 95.68 143,53 191.37 23921

Prognose

. Eror T [00007 | v [0.0005 Test
< >

16
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Design Parameter Ergebnis

[~Variablen

[*]Gleichungsvariablen

Result /\
Parameter Coefficients StandardError T-Test / P-Value \
-3.4544 40598 -0.8509 [ 03973 \

12 0.4534 1,1593 03911 0.6967
13 0,7684 0.8603 0,8931 0,3744
14 7.2323 3.8604 1,8735 0,0645
5 -1,5038 1,3307 -1,1301 0,2617
6 04479 1,152 0.3888 0.6984
Constant -32,2334 0.2634 -122,3661

[~] Analysis of Variance

Information

R-squared = 99,992 percent
R-squared (adjusted for Df) = 99,992 percent
Standart error of Est. = 0,131
Mean absolute error = 0,082
The output shows the results of fitting a multiple regression model to describe the relationship H Oweve r, th e

between D and 7 independent variables. CoefﬂClentS are not
statistically significant.

The equation of the fitted model is

D= -3.45%(I1) + 0.45(12) + 0,77°(13) + 7.23%(14) + -1,507(15) + 0,45%(I6) + -32,23*(Constant)

17
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250
ResultBayesiarNetwork
y 230 //
. . 220 g7l M
4 EIDOminer . 210 .
F ¥
DERES £ o pd
Datei Extras DB undEinstellungen  Assistenten  Hilfe £ 190 - e
y
Test
R 180
=<3 Testll ) ‘e «"
= @ Test01Anal1 Bayesian Network (BN)| 170 /
-] Functionbox : i Leo
&8 Supervisor Design Parameter Ergebnis 7
=& Original Data 150 T T T 1
_____ @ Information Aktu 150 170 190 210 230 250
elle Werte vs Prognose Werte -
-fii Statistics rog :;—161060:3?; Messung
Summary o
Distribution 3.2
VarableChart = Training
...J# DependentChart = Validation 3
- NO: SVD *  Testdaten s &
8= Distribution - -
----- Neural Network (NO: SVD) 191.37 '
----- Knearest Neighbour (N0: SVD
----- Multiple Regression (NO: SVD)
----- Support Vector Machine (M0: § :
----- Bayesian Metwork (NO: SVD) 14353

=8 N1: Rohdaten
8= Distribution
----- Meural Network (N1: Rohdater|
----- K-nearest Neighbour (N1: Rohe
----- Multiple Regression {N1: Rohd; 95,68
----- Support Vector Machine (N1: F
----- Bayesian Metwork (MN1: Rohd:

Aktuell

4784 It is clear that this method is
more suitable for
0.00 dassification.
0.00 4784 95 68 143563
Prognose
- RRMSE T [0.03% | v |0.0362 Test |0.0349

18
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"% EIDOminer

NEpds
Datei  Extras DB und Einstellungen  Assistenten  Hilfe
Test01

E-@ Test01 =
B @ Test01Anall K - nachste Nachbarn (KNN) (N1: Rohdaten)

- Functionbex :
& Supervisor Design Parameter Ergebnis
=-E8 Original Data

! é Q;E?j;"” Aktuelle Werte vs Prognose Werte

Distribution 221.03
VariableChart *  Training .
3 DependentChart = Validation

- NO: SVD * Testdaten 0y PY
8= Distribution - -

----- Neural Networke (NO: SVD) 176.82 L
----- K-nearest Neighbour (NO: SWD

----- Muttiple Regression (N0: SVD)
----- Support Vector Machine {NO: &
----- Bayesian Network (NO: SVD) 132.62
=& N1: Rohdaten

8= Distribution
----- Neural Networ (N1: Rohdater!
----- K-nearest Neighbour (N1: Raoh
----- Multiple Regression (M1: Rohd: 88.41
----- Support Vector Machine {N1: F
----- Bayesian Netwaork (N1: Rohdal

Aktuell

ThePredictionof the Training
datalieson the 45° axis. The
Test and Validationdata are
well approximated.

0.00
0.00 4.1 8s.41 132.62 176.82

Prognose

. RRMSE T [0 | v |00 Test
£ >

19
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Dimension reduction)

: 4 EIDOminer
DEBHA . . .
Datei l::ras DB und Einstellungen  Assistenten  Hilfe From theSIngL”ar Va'lue DecompOSItleVD) In thE
| e preprocessing, atlependencies within the
-4 Testl1 i 14 D . . - .
Rl RET e . functlonalIyl_ndependentvarlables are discovered.
L S 0 [113 205 172439 Onlythe variablesll andl4 arerelevant. The
N 03 |17.66 | 165,947 . . -
D o 22 51 20382 information ofthe other Independentvariables
§ S g e ezt is lostwith thistype ofdimensional reduction.
_____ b2 VarisbleChart 05 |21.82 29,1 180,656
----- x| DependertChart o7 1807 2583 184,586
E‘JEW ) 0s 22,09 26,02 159,192 H H H H
B N o 1713 e 1om988 Applylng the I_3r|n0|pal C_:or_nponehnalysw(PCA to
_____ ki ncara Moo (10 510) 10 1644 217 79918 this data,the first two Principal Component8C1
..... sl O IRTRET NE TN o
_____ B e Mo, 10, VD) 12 1806 22 180851 andPCZcovers almost 10% of total variation
O e oA o — Aswith the SVD, the original data will beduced to
B Ko tetos 0 2omgaa) || 15 |2 275 17807 two columns But with the SVD, it is theriginal
B o e i o | 18122 278 o
_____ b Sopot vectr e 1 Frdaen) | 1 7 Jo1319 columnsl1 andl4. In the case of theCAboth
g 2 — columnsPCland PCZnows aboutall columnsof
2 (713 07 19212 the originaldata.
21 |1615 28,55 178575
22 |1875 3239 203472
23 | 20,96 3024 188,555
24 121,03 2793 172,254
25 210 2829 174775
26 15,09 29,66 184016
27 |185 29,62 183,596
28 1853 2827 174,077
29 |2213 30,36 189,662

20
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*» PC

-136.122% 111.087%
-105.1025 101.4186
-106.2870 100.1181
-101.3144 111.5847
-127.8557 119.7564
-162.0863 98.8245

PCA -131.2334 106.0141

-108.7325 107.5484
— -132.7362 95.4528
-103.4469 113.863977
-98.59724 104.8354
-131.1412 122.2781
-108.6650 105.4442
-125.0654 111.6681
-141.3965 101.6984
-126.3484 104.5822
-134.2466 101.1875
-96.2668 110.2836
-130.2856 118.0314
-152.3515 105.9540
-128.4640 112.0023
-97.2213 104.140%
-117.3032 109.1584
-112.8671 116.551%
-126.0668 109.725%

22.6300 67.8800 113.1700 30.5100 53.1500 95.8600
18.1300 54.4000 90.68500 28.0500 46.1700 88.1200
17.6600 52.9800 88.3100 27.7100 45.3800 87.0400
16.8300 50.4800 84.1100 31.1000 47.89300 a7.7000
21.2400 63.7e00 10&.2200 33.1300 54.3800 104.0300
26.89700 80.9200 134.8700 26.6100 53.5800 83.6300
21.8200 65.4600 1095.1000 29.1000 50.5200 91.4200
18.0700 54.1300 890.3200 29.8300 47.8100 93.7200
22.0800 66.2600 110.4500 26.0200 48.0800 81.7300
17.1800 51.5200 85.9000 31.6800 48.8500 939.5500
16.4400 49.3100 82.1900 29.1700 45.6100 91.6400
21.7500 65.3700 108.9700 33.8200 55.6100 10&.2600
1&8.0600 54.1700 80.2700 29,2200 47.2700 91.8100
20.7300 62.3700 103.5300 30.8200 51.5800 96.8300
23.5200 TO.5700 117.5900 27.7200 51.2200 87.0800
21.0000 6£3.0200 105.0300 28.7500 49.7500 a0.3100
22.3200 66.9700 111.6400 27.6600 49,9800 86.9100
15.5500 47.9500 79.9100 30.7300 46.7600 96.7200
21.8500 64.9700 108.2600 32.e000 54.2500 102.4200
25.3500 T&.0300 126.7200 28.8100 54.1500 a0.5200
21.3500 64.0700 10&.7600 30.8700 52.2400 96.9300
16.1500 48.4400 80.7300 28.9900 45.1300 91.0800
19.4500 58.4700 97.4700 30.2000 49.7100 94.8800
18.7500 S68.2400 893.7T7400 32.3300 51.1400 101.7700
20.3600 62.8800 104.7700 30.2400 51.1800 95.0200
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250
240
230
220
210
200

Prognose

150
180
170
160

150

Predictive Analytics with

Test01Ana01-D

EIDOminer

/
150 170 190 210 230
y =1,0026x Messung
R?*=0,9998

¢ Test0lAna0l-D  e==linear (D)

250

RMSE = 0,49897209 (SVD)

Tools
Aktiviert Trainiert Name

v Neural Network (NO- SVD)
v K-nearest Neighbour (NO: SVD)
¥ |Multiple Regression (NO: SVD)
v’ | Support Vector Machine (NO- SVD)

v | Bayesian Network (NO: SVD)
O v MNeural Network (N1: Rohdaten)
O v K-nearest Neighbour (N1: Rohdaten)
O v Multiple Regression (N1: Rohdaten)
O v Suppaort Vector Machine (N1: Rohdaten)
O v Bayesian Network (N1- Rohdaten)

Hochschule Kempten
iniverty  Appiied Sciant

RMSE = 0,5318265 (Rohdaten)
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