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Course Outline

Todayo6s We b i-onaampanion séssiamd s

A Regression Problem & quick overview

A Classical OLS 9 the starting point

A RIDGE/LASSO/GPS8 regularized regression
A MARS® & adaptive non -linear regression

Follow Up Webinars

A CART®Regression tree

A Random Forest® ensembles

A TreeNet® Stochastic Gradient Boosting
A Hybrid TreeNet/GPS models
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Regression Challenges

A Preparation of data 8 errors, missing values, etc.

A Determination of predictors to include in model
o Hundreds, thousands, even tens and hundreds of thousands available

A Transformation or coding of predictors
o Conventional approaches consider logarithm, power, inverse, etc..

A Detecting and modeling important interactions
A Possibly huge number of records

A Complexity of underlying relationship

A Lack of external knowledge
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Boston Housing Data Set

A Concerns the housing values in Boston area

A Harrison, D. and D. Rubinfeld . Hedonic Prices and the
Demand For Clean Air. Journal of Environmental
Economics and Management, v5, 81-102 , 1978

A Combined information from 10 separate governmental

and educational sources to produce this data set

A 506 census tracts in City of Boston for the year 1970

o Goal: study relationship between quality of life variables and property values

o MV median value ofowner -occupi ed homes in tract ($1

o CRIM per capita crime rates

o0 NOX concentration of nitric oxides ( pp 10 million)

o AGE percent built before 1940

o DIS weighted distance to centers of employment

o RM average number of rooms per house

o LSTAT % lower status of the population

o RAD accessibility to radial highways

o CHAS borders Charles River (0/1)

o INDUS percent non -retail business

o TAX property tax rate per $10,000

o PT pupil teacher ratio
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Open Data an

First Look

i Salford Predictive Modeler v7.0 64 bit
Fl= Edit Wiew Explore Model Limits Report Window Help

Clear Workspace Ctrl+R ?J 5 B ~ @|| g%lg >J}_| |%.|‘rap 22 |
New Motepad... Ctrl+N =
Close SQL Query...
| Command File... [
Save 3
Open Report... ]
0 G
Lag Results to > [
| Grove Summary..
Print... Ctrl+P Open Grid ‘
Page Setup... E
. 1VipsfiHome\Desktop\Demos\boston.csv
Submit Command File... 2 V\psfiHome\Desktop\Demos\allaml_train_ff.csv
o T T 3\\psPHeme\Desktep\Demos\Prostate?. csv
— 4\\psfiHome\Desktop\Demos\MQ436V1A.C5V
Exit Alt+F4

5 WipsfiHome\Desktop\Demos\Milsong\user_song.csv

6 \\psfiHome\Desktop\Demaos\customer_cln_c.csv
T\\psPHeme\Desktop\Demos\C5_TEST_CRIGINAL.CSV )
8 \\psfiHome\Desktop\Demos\GOODBAD.CSV

s#n Open Data File (=23
Look in: | | Demos j [€] ¥ e
— MName & |v| Date modified |v| Type =
o | BOSTOM_RF 11/29/2012 407 PM  Filefolder  |E|
RecentPlaces || BosTON_SIMS 10/12/201210:32P... File folder
[ ] | BOSTON_SIMS2 10/9/20128:34 AM  File folder
Desktop , c495msen 11/21/2012 4:15 PM File folder
— , Data Mining 11/27/2011 4:08 PM File folder
__‘:LJ . Documentation 1/2/20131:55 AM File folder
Libraries | Erie 11/29/2012 4:08 PM  File folder
r.L' J Milsong 7/30/2012 3:23 PM File folder
=3
T e J Rec 10/10/2012 2:27 PM  File folder
°m._,§__”te' | 4hour 9/22/20125:51 PM  Text Documen
A || abstract 9/17/2012 3:48 PM Text Documen
Metwork || allaml_test_ff.csv 9/1/2002 7:55 PM CSV File
| allaml_train_ff.csv C5Y File -

9/1/2002 7:06 PM

< |

LI

File name: |

2
Open |

Files of type:

ASCII
Type of Encoding:

File..Open

Displays recently opened files

Options for opening different SPM files
Specific file format options for major database
formats (SAS, SPSS, R, Excel, CSV)

ODBC connectivity to RDBMS

To o Do Do
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>REM

|ASCII {* csv. = dat: *bd)

csv; *dat; *bd]

dBASE and compatible (*.dbf)
Delimited {*.csv; *dat; *bd

DDl XML + Delimited data (*xml)
Epi Info {*rec)

Excel ("xds; “xd=x)
>FORI Fopro (*.dbf)
>REM|Gauss ("dat)

HTML (*htm; *html)
>LOP 1 - jmp)
>BOPLimdep & NLogit {*Ipj)
> Lotus 1-2-3 ("wk™)
Matlab (*.mat)
Mineset (" schema; *.sch)
>BOPMinitab {"mtw)

OpenDocument Spreadshest ~.ods)
i OSIRIS (*dict; ".dct)
>BOP!Paradox (*.db)
>PRI1Guattro Pro ("wg? “wb?)
R Workspace (" rdata)
S-Plus (*7)

SAS for Windows and 05/2 (" sasThdat:” sd2)
SAS for Mac OS5 and Unix {* sas7bdat; *ssd”)
SAS Transport {*xpt; *ipt)

Shift-JIS (".csw; ".dat; ~bd)

SPSS Data ("sav)
SPS5 Portable (" por)
SPSS Syntax and Data (" .sps)
Stata (".dta)
Stata Program and Data (*.do)

L] L]

Cancel
2 ODEC

5, COMPETITOI

ons
ED = 4, INTEI

m




Quick Metadata and View Data

ﬁ YWpsfiHome\DesktophDemos\boston.csw EI

CRIM N INDUS CHAS MNOX RM AGE DIs %

1 0.00632 18 23 1] 0538 6.575 652 409 f

2 0.02731 0 7.07 0 0.469 6.421 78.9 49671\
3 0.02729 0 7.07 0 0.465 7185 61.1 459671
4 [ n3727 0 218 0 0458 6.958 458 6.0622
sp s L LR L 0 218 0 0.453 7.147 542 6.0622
File Mame: k}osmn.csv 0 218 0 0.458 643 58.7 6.0622
e 25 787 0 0.524 6012 66.6 5.5605
25 787 1] 0524 6172 96.1 55505
Modified: rruesday, MNovember 12, 2002, 12:43:50 PM 5 787 0 0524 563 100 6.0821
e 5 747 0 0.524 6.004 359 £.5521
QGE 25 787 1] 0.524 6377 94.3 6.3467
CHAS 25 787 0 0524 6.009 8259 6.2267

CRIM Data

EI\EEJ " N s 25 7.87 0 0524 5.889 35 5.4509
quJAT T Iil“ 0 814 0 0.538 5.949 61.8 47075
oK — liﬂ 0 214 0 0538 6.096 245 44615
FP{TAD Nmeric Iil‘i 0 814 0 0.538 5834 56.5 44586
M 0 814 0 0538 5535 293 445986
;;«x 1] 814 1] 0.538 599 8.7 42579
0 814 0 0.538 5.456 366 3.7965
0 214 0 0538 8727 695 3.7965
0 814 0 0.538 557 98.1 37979
Sort: [Aphabeticaly =] 0 8.14 0 0538 5965 832 40123
— 0 814 0 0.538 6.142 9.7 3.5769
lml Stats... | View Data... | DataPrep... Options... Score.., Model... 0 814 0 0538 5a1 100 4052
Clase 0 814 0 0.538 5.924 94.1 4.3996
0 814 0 0538 5.599 857 4 4546

27 067157 0 214 0 0538 5813 90.3 4682 ~

28 0.95577 0 814 0 0.538 6.047 8.8 44534 3

29 0.77255 0 214 0 0538 6.455 944 44547 x|

: . a O

Click View Data
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File

Edit View Explore

Ready To Model

Model Limnits

Report Window Help

& | &

|y, | B

APE
e

gbs|

=onEEl sl i [=(e] 7| xEl ¥

A From Menu choose Model

A From Toolbar choose modeling icon

A From Activity Window below left, select Model
A Model dialog starts with tab in red until target has been chosen

File Name:

Location:

Modified:

Y\psfiHome'\Desktop\Demos\boston.csv

boston.csv
\\psfiHome\Desktop\Demos
Tuesday, November 12, 2002, 12:43:50 PM

Variables

AGE
B
CHAS
CRIM
DIS
INDUS
LSTAT
My
NOX
T
RAD
RM
TAX
ZN

Activity

Graphs... |

Sort: |Alphabetically hd

Data
Records: 506
Variables: 14
Character: 0
Mumeric: 14
Stats... | \u'iE'NData...| Data Prep‘..‘ Options... Score. .. Madel... ‘

=3

Close
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Meodel Setup @
Glossdfieibie | Penalty ‘ Lags ‘ Battery ‘ TN Advanced |
Model | cotegorical | Testing | SelectCases | TreeNet | Costs |
Variable Selection
ﬂ Analysis Type
Variable Mame Target | Predictor | Categorical | Weight " Classification

LSTAT r r r r " Regression
My r— r - G
NOX T - r - (¥ | ogistic Binary
FT r I r I
RAD r r r r
RM r I r I
TAX r r r r Target Variable
ZN r r r r

- Weight Variable

Sort: | Alphabetically 2 r =] Number of Predictors
14
Mumber of Predictors in Model: 14
After Building a Model Analysis Method
Save Grove... |TreENEt j

Cancel ‘ |

o7/




Setting Up the Regression

Model Setup @
Class Weights | Penalty | Lags | Battery | TN Advanced |
Model | Categorical | Testing |  SelectCases | TraeMst | Costs |
Variable Selection
—7 [Analysis Type
Variable Name Target | Predictor  Categorical | Weight " Classification
AGE r [ r r {* Regression
B - ~ - =
CHAS - - - " Logistic Binary
CRIM I~ I~ ~
DIS r r r
INDUS r r r
LSTAT — - |_ Target Variable
w v S s =
'|' NOX mem | — miAd Weight Variable
Sort: | Alphabetically 4 gﬁl_aci-:mrs v gn:lsct I Mumber of Predictors
13
MNumber of Predictors in Model: 13
After Building a Model Analysis Method
Save Grove... | TreeMet j
'?S JCART -
CART Ensembles J
Data Binning
GPS/Generalized Lasso
1 LOGIT
RandomForests
Regression

® Salford Systems ©2013

RuleLearner/Model Compression
TreeMet

To I T I

T>

Select MV as the target
(dependent variable)

Select allowed predictors (check
none=select all)

Analysis Type: Regression
Analysis Method: MARS

Click, Shift, highlight to select
groups of predictors and then
click Select Predictors for groups
of predictors

This is all that is required to run
an SPM analysis

A Open file

A Select target

A Click START

Rest is just options and controls
e3



Classical Regression Results

M Regression Results 1: Summary EI@

Emor Outliers Counts | Residual Box Plot | Coefficients | Var-Cov Matrix | Record Deletions | l \ 2 O /() ran d O l I I teSt p artltl O n
Summary | Dataset | Emor Statistics % | Ermor Statistics Counts | Emmor Outliers % | .
A Out of the box regression
Mode!
o A No attempt to perfect
Joint M: 506 Name Leain Test
u Test MSE=27.069
NCat: = MSE 2141471 27 06305
Predictors: = MAD 3.22044 376817
) ' MRAD 0.15752 0.22232
B e 13 55 36631.37922 5627.69577
S5E 0865.69197 2490.35282
Rz 0.75798 0.55748
B2 Nom 0.75798 0.66881
AlC 1296.52842 331.45138
AlCe 1297 58105 336.90653
EIC 1352.89054 36675702
W Regression Results 1: Summary EI@
Summary | Dataset | Ermor Statistics % | Ermor Statistics Counts | Emor Qutliers % |
Emor Outliers Counts | Residual Box Plot Coefficients | Var-Cov Matrix | Record Deletions |
= — - aae - ~ron EEe ais Mode! Coeffidents
. . . Show zero
Wariable Coefficients 5.E. T-Fiatio P alue r it
1 |Constant | 29.23323 5.8537 4.954 5.9321e-007
2 |CRIM 012188 0.034022  |-3.5825 0.0003403
3 2N 0.03873 0.015118 | 25655 0.0103m
4 |INDUS 0.02545 0.067385 | 0.37782 0.70556
5 |CHAS 2.90753 I 0.93305 30963 0.0019535
6 MO -19.30336 N 4.4044 -4.5204 £.1918e-006
7 |RM 466232 [ 0.5073 91905 1.9984e-015
3 |AGE 0.00566 0.01483 0.37986 0.70405
3 |DIS -1.51988 | 0.22375 6.7926 1.0985e-011
10 |RaD n.zamz 0072132 | 3.8835 0.00010297
11| Tax -0.00333 0.0040047 | -2.4941 0.012626
12 |PT -0.88198 0.14521 6.0736 1.2435e-003
13 |B 0.01209 0.0030064 | 4.0217 5.778-005
14 |LSTAT -0.54211 0.062944 -BE1Z7 1.9384e-015
M Coeffidents:
13
Mew Keep List Mew Keep & Go Select All
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Residual Box Plots

M Regression Results 1: Summary @
Summary | Dataset | Ermor Statistics % | Ermor Statistics Counts | Emor Qutliers %
Ermor Outliers Counts Residual Box Plot | Coefficients | Var-Lov Matri | Record Deletions |
Residual Box Plot
Percentile Residual =
1 [Max ] 26.72606 IQR = 4.64674
299
3 %% 11.88333 30
4 |597.5% 11.27356
5 |97% 9.93575
5 9% 86337 20
7 9% 8.05640
8 a0z 562899 10 v Ol
3 a0z 256110 Slle
10 75203 183533 v— sl
1| 70% 113538 0
12 |60% 0.22914
13 |50% Median 0E13T4[ | Te St D ata
14 40% -1.56738 -10
15 |30% -2.08627
16 |25% @1 271141 Bl Regression Results 2: Summary EI@
17 |20% -319613
18 10% -4.68487 v| . . . . .
o e mranna Summary | Dataset \ Ermor Statistics % | Error Statistics Counts | Emor Outliers % ‘
Learn Test IQR: | 4.64574 3IQR Upper: | 15.8756 3IQR Lower: | -16.6516 Resit Ermror Outliers Courts Residual Box Plot | Coefficients | WarLov Matrix | Record Deletions ‘
Residual Box Plot
-
Percentile Residual
Learn Data (R — e ISStas ]
2 |99% 1863330
3 |ge% 15.78817 20
4 |975% 1612822
5 |97 14.84666
6 |96% 14.41027
7 |95% 14.09148 10
g |90% 6.26926
3 |80z 460230 v DN
10 |75% 03 336360
11 |70% 2.80597
12 |60% 111130 0
12 |50% Median 043319 |
14 |40% -0.65942
15 |30% -1.55582
16 |258% 01 -2B7349
17 |20% -3.33210
18 |10% -5.22002 v|
Learn | Test ‘ IQR: | 6.03708 3IQR Upper:| 21,4749 3IQR Lower: | -20,7847 Residuals  Absolute Residuals

® Salford Systems ©2013 ®10



Fraction of MSE Due to Largest Residuals

I/ Regression Results 21 Summary EI@
Ermor Qutliers Counts | Residual Box Flat | Coefficients | Var-Cov Matrix | Record Deletions |
Summary | Dataset | Emmar Statistics % | Emor Statistics Counts Ermor Outliers % |
Percentage of Error Statistics due to Qutliers
% Outliers M % MSE X Mabh % MRAAD =
1 1.00%] 1 13.94179 537492 9.33100
2 2.00% 2 23.37242 9.79554 15.07051
3 2.50% 3 32.07255 14.04149 1934413
4 3.00% 3 32.07255 14.04143 1934413
g 4.00% 4 40.27237 1816355 227737
B 5.00% 5 4312540 2219751 25.68682
7 10.00% 10 £1.52565 33903595 40.26713
g 20.00% 19 7h.E3N4 50.05625 5873482
g 25.00% 23 8012475 56. 15687 £4.97555
10 30.00% 28 85.2400 E3.43644 71.17856
1 40.00% i 91.72832 #4.38218 79,5890
12 50.00% L1 95.73029 8307645 BE.02476
13 £0.00% = 98.43883 3041657 91.79970—
14 70.00% E5 99.32473 94.46814 9522471
15 75.00% [ 33 55542 55.84850 96.50043
16 80.00% 74 93.7EE92 97.327384 57.80443
17 90.00% g3 99.95111 9920791 99.23404
18 95.00% a8 99.93271 9975813 937837 - |
Predision: Iﬂ Learn | IF |

Largest Residual Accounts for 13.4% of the total MSE
We consider a lift (oMSE / %Residuals) >20 to be evidence of extreme

o QUtlieKStems ©2013 011



BATTERY PARTITION: Rerun 80/20 Learn test 100 times

Battery Types

BOOTSTRAP
DRAW
FLIP

SWAPPING
[TARGET
XONY

Parametric bootstrap models

Quiet

Cves Mo {* Auto

Remove
Remove All

Selected Batteries
PAR 0N

Repeat with new learn, test
and holdout samples drawn

Battery Options

Option Walue

BATTERY PARTITION
LEARMN 0.800
TEST 0.200
Holdout 0.000
Repeat 100

Contents

Note partition sizes are constant
All three partitions change each cycle
Mean MSE=23.80

[o]l e ]
'|

® Salford Systems

from the “main” data. Min =13.9148
Median =23 2770
Proximity Mean =23.8045
r J Max =38.7621
Test MSE
Number of Predictors in Model: 13
After Building a Model Analysis Method
¥
10
Battery Types Regression Battery Models
PARTITION -
kodel Coefficients Count MSE Learn/Test :‘
1 3Reaqression 1 13 20,2836 405101
2 iReaqression 2 13 23.68932: 4051
3 iReaqression 3 13 21.9081: 40510
4 iReaqression 4 13 27 B6104: 40510
5 iReaqression 5 13 15.4329: 40510
E :Fearession B 13 31.0657: 405101
- 7 iRegeession 7 13 23.7995: 405101
e & Feagession 8 13 180532 405401
| 9 iRegression 3 13 28177314051 "|
Model Quality Sample
MSE MAD | Test Learn | Score... Translate... Commands. . | Save Grove... |

©2013
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BATTERY BOOTSTRAP

A Other options to obtain measures of what could reasonably
expected when predicting from other samples drawn from
same population

Model Setup JOTSTRAP, Regression) = R
Model | Categorical | Testing I Select Cases I = Contertts I
Lags Battery |
J BSP_1 (13) (27.069) BSP_62 (13) (23.432)
[ Battery Types ] [~ Selected Batteries [ Battery Options ——— | &9 Min =23.4319
DRAW BOOTSTRAP ) i L2 TD SEE
FLIP Option Value 40 Mean =29.3911
KEEP Max =44 7224

o0 . g A
aer *‘dd } B EVACY VI N 1N Y
o Lo T VIRV VTV WAL

MSE

Test MSE

m—%—i Remove Al | = N
SWAPPING
TapcET 0
Battery Boostrap Setup
—General r~Regression Battery Models
Build | 100 =+ Bootstrap models IV Build Reference Model Model £2 Coefficients Count MSE Learn/Test
TreefModel Pruning———— RandomForests 1 Flagress!nn ] 12 270831 414732
z - ) —J 2 Hegression 2 13 25.1583;414/92
% NONE (no Pruning) ™ Randormly select I _Ij predictors at each node 3 Hagession 3 15 S Aa T A A0
- " o 4 FAegression 4 13 27 BE18:414/92
Test Partition Variable Importance: Random Shuffle Tests 5 Begresson 5 (e B A A
 oos [ Repeat | 1 _,:' times EEE— £ Regession & 13 26,2367 414/92
rsin Model: 13 7. Regession 7 13 29.76311414/92
[ Save Resuits @@ 8 Regession 8 13 29,2638 414/92
rSampleSize ——— | [ In-Bag/00E indicator and scores for each model ﬁ 3 iRegression 9 13 31.0801:414/92 -
Jr |

" RF proximity matrix for CART trees Continue | Start |

Sample
TrehetTeesee | o . | mran R-5g |} ’7| Test  Leamn |

"Mode\ Size:

Min Cost | 13E I Gather Hotspok Score.., Translate... Commands.. | Save Grove...

(+ Fixed [~ Terminal Mode numbers for CART trees

" Paissan I |
cos |

[~ LearnSize | 20000 = I |

Model Setup, Bootstrap Options, Results
® Salford Systems ©2013 ®13



MARS Modeling

Model Setup @
Interactions | Options and Limits | Lags | Battery |
Model | Categorical | Testing | Select Cases | Penalty |
Variable Selection
N N < Analysis Type
Variable Name Target | Predictor | Categorical | Weight TIEI‘IEfT)I'I'I'I | rrtelggting — i
AGE r r r r r r {* Regression
B r r r r r r {s
CHAS r r r r r r " Logistic Binary
CRIM N - - - r r
DIS B - - - r I [
INDUS B - - - r I
LSTAT - - - - r r Target Variable
My r r r r r s
NOX r r r r r r | Weight Variable
Sort: | Alphabetically < I~ I~ u u Mumber of Predictors
13
Mumber of Predictors in Model: 13
After Building a Model Analysis Method
Save Grove... |MARS ﬂ
’—IIS |CART -
CART Ensembles J
Data Binning
GP5/Generalized Lasso
LOGIT
MARS
RandomForests
Regression
RuleLearner/Maodel Compression
Trecket
® Salford Systems ©2013

Select MARS from
Analysis Method

"OPEQW?11 1 UI

Analysis Type
Select MV as the target
Can explicitly select all

other variables as
allowed predictors

®14
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Model Setup
Model | Categorical | Testing | Select Cases | Penalty |
Interactions Options and Limits | Lags | Eattery |
Mars Options And Limits
Speed Factor Max Basis Functions
15:23
=
More |
Accurate v Faster ) .
! ! ! ! ! Maximurn Interactions
L 2 3 4 5 .
1 |
Min Obs Betw Knots
Degrees of Freedom for Knot Optimization: | 3 EI: i Lbs Setween Fno
o =
Penalty On Added Variables
* None (recommended)
" Moderate
" Heavy
" Spedfy:| 0.0000
Mumber of Predictors in Model: i3
O After Building a Model Analysis Method
save Grove.. o -
3 EE

Cancel |

Continue |

® Salford Systems ©2013
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MARS Modeling Options

We will start with MARS
defaults

Most important controls are:
Max Basis Functions
Degree of Interaction

Defaults:

Max BF=15
Max Interaction Level=1

Will always want to
experiment but can start
with this relatively simple
set up

®15



Quick MARS Result

® MARS Results 19 = =R ==
Training data: |\\psfiHome\Desktop\Demos\boston. csv M Learn: | 414 | |NTest:| 92
Target variable: MV R-Squared Measures Mean-Square Measures
Predictors Basis Functions Naive: 0.88 Maive MSE: 10.88
M Predictors: 13 Manc: 15 GCV: 12 MSE: 15 Naive adjusted: 0.87 MARS GCV: 12.92
Important: g DOF Penalty: GCV R-square: 0.85
GCWV T
100
80
W 60
]
Z 40 Learn
Test
20
0
0 1 2 3 4 5 6 [ 8 9 10 1 12 13 14 15
Basis Functions
Model Details and Selection | View: |All Models - Bar || Line Loss Measure: GCV | MSE SUMMEry... | Score... | Translate... | Commands. . | Save Grove... |

Observe that sample partition is as expected: 92 records in test partition

We are guaranteed that this partition will not change if we do not change random
number seed in preferences

A Two models are identified as optimal: one based on test sample performance
(Prediction squared Error) and one based on an internal penalty on model complexity
(no reference to the test sample)

To I

® Salford Systems ©2013 016



Summary displays optimal model details

& MARS Results 19: Summary For 15 Basis Functions

Curves and Sufaces |

Ermor Statistics %

Summary | Dataset
Model
Target: My
Joint Mz 506
Wat Joint M: 506.00
N Cat: Regression
Predictors: 9
BFs count: 15
Eff params: 34.00

[E= =R
| Ermor Statistics Counts | Emor Qutliers % | Emor Outliers Counts | Residual Box Plot |
| Gains | Variable Importance | ANOVA Decomp. | Final Model | Basis Functions |
Model Summary
Model error measures
Mame Learm Test
RHSE 1 3.29928 3.82928
MSE 10.88512 14.66335
GCY 1292013 néa
A0 232097 279343
MRAD 011586 016526
S5y 363137922 SE27.68577
SSE 4506.44123 1345902830
Rz 087638 078194
R™2 Hom 087638 0.78160
GCY A-5g 085468 néa
Score... Translate...

A

A MSE on test sample is a remarkably lower 14.663
A We have access to similar results for all other models of any size (later)

® Salford Systems ©2013
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MARS Selector: Access to all available models

MARS Results 19: MARS Selector =] [z
DOF Penalty
3 — l Reset
GCV Test MSE
100
w \
50
= \ Leamn
0 Test
0 1 2 3 4 5 6 7 ] 9 10 11 12 13 14 15
Basis Functions
Basis M M Effective
Functions Predictors Inputs Parameters GCY | GCYR-Sq | LeanMSE | TestMSE | LeamR-Sg | TestR-Sq |
1 15 g 9 3400 1235203 085468  10.88512 14.66335 087698 078194
2 14 9 9 31.80 1278713 085618 10.89817  14.8401 087683 07737
3 13 k) 9 2960 1263301 0.85717 10.94803  15.08523 0.87627 0.77536
4 12 g a 2740 1266512 085755  11.04415  14.94361 087518  O7FF77
5 1Al g a8 25,20 1283466 085565 11.31874 1512779 087207 077503
5 10 g a 2300 12993947 085379 11.59521 1512424 086895 077509
7 3 7 7 2080 1330714 085033 1200353 16.95268 086434 074730
a8 a E & 18.60 13591599 084713 1239811 17.58351 085988 073852
9 7 B 3 16,40/ 13.99559 084258 1280803 17.75700 085410 073534 1
10 5 5 5 14200 1453770 083649 1355753 1857765 084678 072373
1 ] 4 4 12000 1591886 082096 1500340 1764782 083037 073756
12 4 3 3 9.80) 17.65152 0.80147 16.82574  19.23518 0.20324 0.71395 - |
View: Loss Measure: Save Model
Al Models - M Line ﬂ MSE Grove... Select Translate... Score.., |

A Access to 15 models starting with the largest with 15 basis functions (regressors
A Progressively smaller models all the way to no model (which might be best)

A Double click on any row to bring up its details

® Salford Systems ©2013

®18



Residual Box Plots MARS Model

& MARS Results 19: Summary For15 Basis Functions

(=[O

Dataset | Gains

Emor Statistics %

Summary |
Curves and Surfaces |

| Ermor Statistics Counts |

ANOVA Decomp. |
Emor Outliers Counts

Final Model |
Residual Box Plot |

| Variable Importance |
Emor Qutliers % |

Residual Box Plot

Basis Functions |

Percentile Residual =
" [ I IQR =3.54971
2 |99% 10.61609
3 [@8% 742328 20
4 |97.5% 7.08693
5 [97% E.E5099 10
E:: 5.38191 —— 5IQR
7o|98% 495069 0 3IQR
g [90% 389797 * 1.51QR
9 |80% 234709 |
10 | 7E% 03 1.78246 gl
11 |70% 1.32320
12 |60% 0.51745 -20
13 | 50% Median -0.11026
14 |40% -0.77345
15 |30 1.42800 v| TeSt Data
ican |l IQR: [ 3.54571 3IQR Upper: | 12.4316 3IQR Lowery| == =:==
& MARS Results 19: Summary For 15 Basis Functions EI@
Learn Data Summary | Dataset | Gains | Variable Importance | ANOVA Decomp. | Final Model | Basis Functions |
Curves and Sufaces |  Ermor Statistics % | Emor Statistics Counts | Emor Outliers % | Enmor Outliers Counts Residual Box Plot |
Residual Box Plot
Percentile Residual il
= 1 129150 IQR = 4.41875
2 |99% 1291520
3 |g99% 11.57783 20
4 |975% 987444
5 |97% F. 74960 10
E |96% E.25432
7 o|95% B3 JIaR
5 |a0% 459832 ol o= Ies
g |80% 325183 |
10 |75% 03 237486
11 |70% 1.90753 A0
12 |BOX% 1.04270
13 | 50% Median 028142
14 |40% -0.69324
15 |30% 175893 |
Learn | Test | IQR: | 4.41975 3IQR Upper: | 15.6341 3I0R Lower: | -15.3041 Residuals  Absolute Residuals
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How Did MARS do so well?
By Transforming the predictors

& MARS Results 19: 2d Chart List

& MARS Results 19: Summary For 15 Basis Functions i
) ] Curve 1: Pure Ordinal Curve 2: Pure Ordinal
Summary | Dataset | Gains
Curves and Surfaces|  Eror Statisties % | Enror Statistios Courts 0 @
= c 15
% 20 %
'..DE E 10
&l 2D Plots i 8
&) Ordi
~ LSTAT ’ 10 20 30 40 ’ 4 5 6 7 8 8
- BM -
- DIS LSTAT RM
- CRIM
- PT
- TAX Curve 3: Pure Ordinal Curve 4 Pure Ordinal
- RAD
e WO 30 15
B - -
2 2 2 10
g g
= 10 = 5
O O
0 0
Show... Close Al Show Al 3 4 5 6 7T g 10 1 0 10 20 30 40 50 80 VO &0 S0
DIS CRIM
Y -Axis: W-Axis: Goto Variable:
Same Scale |AII Values ﬂ |B j
A Curves and Surfaces Displays the transforms
A OOwWwEUIl wl UUl OUPEOOaw?EUOOI OQOwOoObOIl 2wuUl l Ul UUDPOOU
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Remaining Graphs

& MARS Results 19: 2d Chart List

MARS Results 19: 2d Chart List

Curve 5: Pure Ordinal Curve &: Pure Ordinal

8 8
5° 5°
= =
24 24
= =
o o
O 2 O 2

0- 0+

12 13 14 15 16 17 18 19 20 21 22 23 100 200 300 400 500 600 700 800

PT TAX
Curve 7: Pure Ordinal Curve & Pure Ordinal

8 [
¢ S
=] =]
24 =z
s S 2
LS L&)

0- 0+

0 2 4 6 & 1012 14 16 18 20 22 24 02 03 04 05 06 07 08 09

RAD MOX
¥ -Axis: X-Axis: Goto Variable:
Same Scale |.-'-\II Values ﬂ |B ﬂ

Curve 7: Pure Ordinal

Curve &: Pure Ordinal

8 &
§°¢ 5.
E E
S 2
5 Sz
L L&)

0+ 0+

02 4 6 8 1012 14 16 18 20 22 24 gz 03 04 05 06 07 08 08

RAD NOX
Curve 9: Pure Ordinal

15
[ =
£ 10
3
=
E 0.5
[&]

0.0+

0 100 200 300 400
B
¥ -Axis: K-Axis: Goto Variable:
Same 5cale| |AII1.l'aIues j |B j
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Remaining Graphs

& MARS Results 19: 2d Chart List

==

MARS Results 19: 2d Chart List

Ve BureOrdinal Cunvelt Bure Ordinal Curve 7: Pure Ordinal Curve &: Pure Ordinal
8 8 3 &
s 8 58 c 6 c
= = o o 4
= = = =
24 2.4 = =
£ B = =
o o c c
Q2 Q2 8 . 8 2
0- o+
12 13 14 15 16 17 18 19 20 21 22 23 100 200 300 400 500 600 700 800 UUI 206 6 98065 5 00'2 S 00 05 OE 07 6n 6o
= - . I . 5 ; . ; ;
RAD NOX
Curve 7: Pure Ordinal Curve & Pure Ordinal
Curve 9: Pure Ordinal
8 [
15
=1 =
s S c
=1 3 [=]
2 = s 10
E E =
5 S 2 =
o2 o S 05
g6
0- 0+
0 2 4 6 & 1012 14 16 18 20 22 24 02 03 04 05 06 07 08 09 0.0+
RAD NOX 0 100 200 300 400
B
¥-Axis: X-Axis: Goto Variable: -
Same Scale |AII Values ﬂ |B ﬂ ¥ -Axis: K-Axis: Goto Variable:
Same Scale | |AII Values j |B j

Most predictors subjected to rather simple transforms
Here we see either one line segment (no transform) or two segments

allowing a change of slope in the regression at some critical point (knot)
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MARS Model with ONE Predictor

Model Setup @ |
Interactions | Options and Limits | Lags | Battery | & MARS Results 20
Model Categorical | Testing | Select Cases | Penalty
Training data: \\psfiHome\Desktop\Demosiboston, csv N Learn: 414 NTest: 92
Target variable: MV R-Squared Measures Mean-Square Measures
Variable Selection Predictors Basis Functions Naive: 0.63 Maive MSE: 27.01
N N Analysis Type N Predictors: 1 Max: 15 GCv: 4 MsE: 7 Maive adjusted: 0.69 MARS GCV: 29.08
. " N . jon on
Variable Name Target | Predictor | Categorical | Weight Transform Interacting @) Important: 1 T GCY R-square: 0.67
AGE r r r r r r % Regression
B ~ ~ ~ ~ r r C
CHAS - r r r r r ™ Logistic Binary oo
CRIM - r r r r 100
DIs r r r r r r 80
INDUS r r r r r r w
LSTAT - r r r r Target Variable % 60
Learn
My
My v r I I r 40 Test
NOX = r r r r - ‘ Weight Variable
= = 1 2 3 4 [ 6 7 8
® MARS Results 20: MARS Selector Basis Functions
DOF Penalty
3 — | | Reset
. : : . : : . : . . = sction | View: [Al Modsls | Bar || Line LossMeasure: GCV || MSE Summary... Score... Translate... Commands.. ‘ Save Grove...
GCV Test MSE
100
% 80
60
= 40 Learn
20 Test
0 1 2 3 4 5 6 7 8 .
Basis Functons A Use LSTAT as lone predictor
Basiz N N Effective A L k t g p h f h d l I I d I
Functiors Predictors Inputs Parameters GLY | GLVA-Sq | LeamMSE | TestMSE | LeanRSq | TestRq 0 0 a ra 0 r e aC S I Z e O e
1 g 1 1 17.00) 2936161 066976 26.99977 2222103 (0.69485 (0.66355
2 7 1 1 1500 29.07798 067295  27.00905 21.96190 0.69475 067340
3 [ 1 1 13.00) 2879613 067612 27.01605 2205388 0.69467 067204
4 5 1 1 11.00)  28.57935 067856  27.08081 2282383 0.69334 066050 - -
5 4 1 1 900 ZB4444  0ES00B 2722116 2284702 0B9235  DESETS A R p t d Iy d b I I k d ff t
E 3 1 1 7.00) 2861343 0E7a18 2765400 24 54273 0E8746 063502 e ea e O u e C I C O n I e re n
7 2 1 1 600 233051 0.67044 2859301 2623414 0E7673 062385
8 1 1 1 300 4036521 054536 39.78627 3652034 055034 0.45630 f I t t b I
9 0 1] 1} 1.00) 8891053 88.481659  EB7.24482 rOWS O Se e C O r a e
View: Loss Measure: Save Mode!
All Models - Bar || Line GCV || MSE Grove... Select Translate... Score. ..
T TT 1T ¥-Bviar ¥-Avie
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Variations of the MARS Model

Curve 1: Pure Ordinal Curve 1: Pure Ordinal
40 S0
40
30
= c 30
s s
5 5
2 20 =
5 £
5 5]
e 20
10
10
0 0
0 10 20 a0 40 0 10 20 30 40
T LSTAT
Curve 1: Pure Ordinal Curve 1: Pure Ordinal
0 a0
30 0
= (=
E 5
2 =
£ 20 = 20
5 =
® 3
10 10
o 0
4 o 20 S o 0 10 20 30 40
LSTAT LSTAT
¥-Axis: X-Axis: Goto Variable: ¥-Axis: X-Axis: Goto Variable:
came geale ||| Tal vakes >l [ erat -
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MARS Uses aforwardgrowing and
a backwardoruning strategy

A Forward Stepwise Knot Placement

A BasFn(s) GCV IndBsFns EfPrms Variable Knot
A

A 0 88.91059 0.0 1.0

A 2 1 29.60895 2.0 5.0LSTAT 5.91000
A 4 3 2091182 4.0 9.0RM 6.34100

A 6 5 17.51269 6.0 13.0DIS 1.41300

A 8 7 15.28806 8.0 17.0 CRIM 10.67180
A 9 14.28085 9.0 20.0 PT 12.60000
A 11 10 13.55913 11.0 24.0 TAX 233.00003
A 13 12 13.06352 13.0 28.0 RAD 3.00000
A 14 12.81004 14.0 31.0 NOX 0.38500
A 15 12.92013 15.0 34.0B 0.32001

A Classic Output reports the forward stepping progress of model construction

A $SEET wUOUI xwbOYOOYI UWEwWwxUI EPEUOUWEOEWEwW? 000
A A predictor broken via knot contributes TWO predictors to model (two regions)

A See our MARS course for a detailed discussion of all elements above
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o Po o To Do Ix

Backstepping

We backstep from largest model to smallest possible

Each step elregmessorat ki ahomay be
region of a raw variable

Backstep all the way to the null model

Evaluate test sample performance of each model
extracted from the  backstepping sequence

MARS also offers an internal method based on a penalty
placed on model complexity if no test data available

Report ooptimal 6 model but gi v
the sequence
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Model Details and Selection Reveals
Backstepping. Starts with Largest Model

& IMARS Results 1: MARS Selector [ =[]
DOF Penalty
3 l ‘ Reset
GCV Test MSE
100
L
n
= 1 Learn
o —_ e e e — Test
0 1 2 3 4 5 6 T 8 g9 0 11 12 13 14 15
Basis Functions
B aszis M M Effective -
Functions Predictors | Inputs Paramaters GCY | GCW R-Sq | Learm MSE | Test MSE | Leam R-5q| Test B-5q —
1 15 g g 3400 1252013 085468 1083512 14.BB335 08798 078194
2 14 | | 380 1278713 085518 1083317 1484021 087683 077931
3 13 ] g 2960 1263301 085717 1054803 1506529 087e27  077R96
4 12 a & 2740 1266512 085755  11.04415 1494361 08rm1e  0FFFFT
3 1A a & 2h20 1283468 0.85BER 11.31974 151279 0arz07  0F7e03
F 10 a g 2300 12593347 085373 11.59521 1512424 086335 077509
7 5 7 7 2080 1330714 085033 1200353 1695268 086434 074730
a 8 g g 1860 1359193 084713 1239311 1758351 085935 073852
9 7 G & 16.40 1399593 0842558 1290909 1775700 085410 073594 Fie)
10 E ] 5 1420 1453770 083643 1355753 18.5776R 084678 072373
1A a] 4 4 1200 1591886 082095 1500340 1764732 083037 073756
12 4 3 3 980 1765152 080147 1682574 1923518 080934, 071395 .,l
Wiew: Loss Measure: Save Model
Al Models - Bar || Line GCV || MSE Grove,.. Select Translate... SCore... |
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MARS Model as Code

& MARS Results 21: Summary For 15 Basis Functions EI@

Curves and Surfaces | Emor Statistics % | Emor Statistics Counts | Emor Outliers % | Emor Outliers Courts | Residual Box Plot | )
Summary | Dataset | Gains | Variable Importance | ANOVA Decomp. | Final Maodel Basis Functions |

Basis Functions

BFE = max({0, 1l0.86718 — CRIM): -
BFY = max({0, PT - 12.&);

BF10 = max {0, TRX - Z33);

BFll = max{0, 233 - TRH);

BF1Z = max (0, BAD - 3);

BFl3 = max(0, 3 - RRD);

BFl4 = max{0, NOX - 0.385);

BF1S = max{0, B - 0.320007);

Y = Z5.040%5 530854 * BF1 + Z.5Z454 * BFZ + T_.I5%5%¢ * BF3

-474558 * BF4 - 0.758%74 * BFS + T70.33Z1 * BFe&
.0938255% * BF7T + 0.53417& * BFE - 0.785345 * BFS
-00377e45 * BF10 + 0.116&5%c * BF11

-.238146 * BFlZ - 1.1%033 * BFl3 - 11.0004 * BFl4
.00378Z1Zz * BF15;

m

[ e o Y i Y e e

+

MODEL MV = BF1 BFZ BF3 BF4 BFI- BFe BF7 BFZ BFS BF10 BFl1l BFlz
BF13 BEFl4 BF1l5;

1

[ ' VIOOET i

Basis Function tab displays the model detail
Includes code that would allow model to be rebuilt on same or new data
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Can we improve the model?

Model Setup IEI

Model | Categorical | Testing | Select Cases | Penalty |
Interactions | Options and Limits | Lags Battery |

Battery Types Selected Batteries Battery Options
BOOTSTRAP
cv ‘

Option Walue

CVBIN

CVR
DATASHIFT
DRAW —

FLIP Remave
INTERACTIONS
KEEP

LOVO Remave Al
MCT

MIMNSPAN

MODELS i

Add

[t

Waries the number of basis
functions. |

Quiet Proximity

@ @] . r J

Number of Predictors in Model: 13
After Building a Model Analysis Method
Save Grove.., |MARS j
S 3 -
Cancel | Continue | Start |

28 built-in MARS experiments designed to help you find the right settings and
modeling strategy
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BATTERY BASIS
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