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What is a (binary) Decision Tree?
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What is a (binary) Decision Tree? Example

= The data is all donations to SPACs in excess of $200, by early 2012, from fec.gov
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The Structural Model

'Y ,jL.N*Y#3N

\ 3N are subregions of the input variable space, and Y is a vector of input
variables.

o )\EQTPW Y A Y WS &=

LA are the estimated values of the outcome (y) in region 3N

CART tries to minimize

e F5 ) o4&, wrY#3y

o [BMLVYWIGOSy ERBy
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Some Important Facts about CART

I.  The 3N regions are disjoint and rectangular

o KMKETVG[ W GRMRETT\S IPEFR)SXI XN' Y

2.  CART doesn’t find the “best” regions exactly

o YWWI GAM TEVRRRAK SVEKYITH VXT] M/ H W RX

3.  Both simplifications are to simplify a combinatorally hard problem and make it
solvable in reasonable time.

o EYSHEN WB/RENER! TV WRERRAS] Y KIRABAE AAEY H OMR XY |

file:///Users/leopekelis/Desktop/13_datafest_cart/13_datafest_cart_talk.html#(1) 7127



1/31/13 Classification And Regression Trees : A Practical Guide for Describing a Dataset (1)

How do we run it?

LOQVWDOO WKH SDFNDJH WR 5
LQWDOO SDFNDJHV  USDUW  UHSRV KWAS FUDQ XV U SURVHFW RUJ

7KH GRZQORDGHG ELQDU\ SDFNDJHV DUH LQ
YDU IROGHWW P [JUINW VJO \ ] GW  JQ7 5WPS380 +P GRZQORDGHGBSDFNDJHV

ORDG WKH OLEUDU\
OLEUDW USDUW

ORDG WKH GDWDVHW
ORDG VSDF 5GDWD

VSDF WUHH  USDUW ' RQDW.RQ a GDWD  VSDF GDWD FS A
VKH | XQFWL.RQ DUJ XPHQW/
RUPXOD R WKH | RUP RXWFRPH a SUHGLFWRUV
QRWMH RXWRPH a LV XVH DOO RWKHU YDULDEOHV LQ GDWD

GDW> D GDWD | UDPH REMHFW RU DQ\ PDWUL[ ZKLFK KDV YDULDEOHV DV
FROXPQV DQG REVHUYDW.RQV DV URZV

FS XVHG WR FKRRVH GHSWK RI WKH WUHH ZH OO PDQXDOO\ SUXQH WKH WUHH
ODWHU DQG KHQFH VHW WKH WKUHVKROG YHW ORZ PRUH RQ VWKLV ODWHU

7KH FRPPDQGY SULQW  DQG VXPPDUW\ ZLOO EH XVHI XO WR ORRN DW VWKH WUHH
9XW | LUVWW OHW/ VHH KRZ ELJ WKH FUHDWHG WUHH ZDV

7KH REMHFW VSDF WUHH LV D OLVW ZLWK D QXPEHU RI HQALUHV WKDW FDQ EH
DFFHVVHG YLD WKH W PERO $ OLVWLV OLNH D KDVK WDEOH

7R VHH WKH HQWULHV LQ D OLVW XVH QDPHV
QDPHV VSDF WWUHH

> @ | UDPH ZKHUH FDOO

> @ WHUPV FSWDECH PHWKRG

> @ SDUPV FRQAURO | XQFWLRQV
@ QXPUHVS VSOLW/ FVSOLW
@ YDULDEOH LPSRUMDQFH  \ RUGHUHG

: LVWKLQ VSDF WUHH WKH FSWDEOH ZLOO WHOO XV D OLWAOH DERXW WKH VL] H Rl V\KH

V\UHH
VSDF WUHH FSWDEOH> @
&3 QVSOLW UHO HUURU [ HUURU [ VWG
VSDF WUHH FSWDEOH>GLP VSDF WUHH FSWDECOH > @ @

&3 QVSOLW UHO HUURU [ HUURU [ VWG
H
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ITIIIIITIT

WKDWV D ORWRI VSOLW , P JRLQ] WR SUXQH WKH WUHH WR  VSOLW/
ZKLFK VSDF WUHH FSWDEOH> @
VSDF WUHH SUXQH VSDF WUHH  VSDF WUHH FSWDEOH>FS @
QRZ OHW/ ORRN DW WKH WUHH ZLWK SULQW  DQG VXPPDU

SULQW VSDF WUHH

1< H
1< H
"D\ H
"D\! H
19 H
ORQUK! H
ORQVK H

VXPPDUW\ VSDF WUHH

SDUWI RUPXOD ' RODWLRQ a GDWD  VSDF GDWD FS A

&3 QvSOLW UHO HUURU [ HUURU [ VWG

9DULDEOH LPSRUVWDQFH
ORQVK ), 19 7; VWHFK RLO GRFVWRU ZULWL.QJ

1< EODQN EL]

1RGH QXPEHU REVHUYDW.RQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV  ULJKW VRQ REV
3ULPDU\  VSOLW/
19 VSOLW DV /5 LPSURYH PLWLQJ
), VSOLW DV /5/// LPSURYH PLWLQJ
ORQVK VR VKH ULJKW LPSURYH PLWLQJ

VSOLW Q GHYLDQFH \YDO
GHORWHV VVWHUPLQDO QRGH
URRW H
19 H
)," RWKHU),' & & & H
VPEL] H
EODQN H
EODQN H
VPEL] H
7; H
7, H
), & & H
), RWKHU),' H
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VPEL] VSOLW/ DV /5 LPSURYH PLWLQJ
UHWLUHG VSOLW/ DV 5/ LPSURYH PLWLQJ

1RGH QXPEHU REVHUYDWL. RQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV  ULJKW VRQ REV
3ULPDU\  VSOLW/
), VSOLW/ DV [5/1]/ LPSURYH PLVWLQ
VPEL] VSOLW/ DV /5 LPSURYH PLWLQ]
PRQH\ VSOLW/ DV /5 LPSURYH PLWLQJ
UHWLUHG VSOLW/ DV 5/ LPSURYH PLWLQ]
ORQVK WR WKH ULJKW LPSURYH PLWLQJ
6XUURJDVWH VSOLW/
87 VSOLW/ DV /5 DJUHH DGM VSOLW
OHLVXUH VSOLW/ DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDWLRQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV  ULJKW VRQ REV
3ULPDU\  VSOLW/
ORQVK VWR VWKH ULJKW LPSURYH PLVWLQ
"D\ WR WKH ULJKW LPSURYH PLWLQ
PDQDJH VSOLW/ DV /5 LPSURYH PLWLQJ
), VSOLW/ DV 5/ / LPSURYH PLWLQ
SURI HYWLRQDO VSOLW/ DV 5/ LPSURYH PLWLQ
6XUURJDVWH VSOLW/
CGRFWRU VSOLW/ DV /5 DJUHH DGM VSOLW
WHFK VSOLW/ DV /5 DJUHH DGM VSOLW
RLO VSOLW/ DV /5 DJUHH DGM VSOLW
ZULW.QJ VSOLW/ DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDWLRQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OH W VRQ REV ULJKW VRQ REV
3ULPDW\  VSOLW/
VPEL] VSOLW/ DV /5 LPSURYH PLVWLQ
), VSOLW/ DV 5 /// LPSURYH PLWLQ
EODQN VSOLW/ DV /5 LPSURYH PLWLQ
7; VSOLW/ DV /5 LPSURYH PLVWLQ
UHWLUHG VSOLW/ DV 5/ LPSURYH PLWLQ
1RGH QXPEHU REVHUYDWLRQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV ULJKW VRQ REV
3ULPDU\  VSOLW/
1< VSOLW/ DV /5 LPSURYH PLWLQJ
"D\ VWR VWKH OHI'W  LPSURYH PLVWLQ
&$ VSOLW/ DV 5/ LPSURYH PLWLQ
UHWLUHG VSOLW/ DV 5/ LPSURYH PLVWLQ
ORQVK WR WKH OHIW  LPSURYH PLWLQ]
6 XUURIDWH VSOLW/
FRPPXQLW VSOLW DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDW. RQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV ULJKW VRQ REV
3ULPDW  VSOLW/
EODQN VSOLW/ DV /5 LPSURYH PLWLQJ
), VSOLW/ DV 5 /// LPSURYH PLVWLQ
'& VSOLW/ DV /5 LPSURYH PLWLQI
UHWLUHG VSOLW/ DV 5/ LPSURYH PLWLQJ
"D\ WR WKH OHIW  LPSURYH PLWLQ]
6 XUURIDWH VSOLW/
'& VSOLW DV /5 DJUHH DGM VSOLW
== VSOLW DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDW. RQV FRPSOH[ LW SDUDP
PHDQ H 06( H
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OHI W VRQ REV  ULJKW VRQ REV
3ULPDU\  VSOLW/
7; VSOLW/ DV /5 LPSURYH PLWLQ
ORQVK WR WKH ULJKW LPSURYH PLWLQ
), VSOLW/ DV 5 /// LPSURYH PLVWLQ
"D\ WR WKH OHI'W  LPSURYH PLWLQ
SURI HYWLRQDO VSOLW/ DV 5/ LPSURYH PLWLQJ
6 XUURJDWH VSOLW/
), VSOLW/ DV / /5/ DJUHH DGM VSOLW
WHDFK VSOLW DV /5 DJUHH DGM VSOLW
RLO VSOLW/ DV /5 DJ UHH DGM VSOLW
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OH W VRQ REV ULJKW VRQ REV
3ULPDU\  VSOLW/
' D\ VWR WKH OHIW  LPSURYH PLWLQJ
ORQVK WR WKH ULJKW LPSURYH PLWLQ
PRQH\ VSOLW/ DV /5 LPSURYH PLWLQ
SURI HYWLRQDO VSOLW/ DV 5/ LPSURYH PLWLQJ
PDQDJH VSOLW/ DV /5 LPSURYH PLWLQ
6 XUURIDWH VSOLW/
WHFK VSOLW/ DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDW.RQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDW. RQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV FRPSOH[ LW SDUDP
PHDQ H 06( H
OHI W VRQ REV  ULJKW VRQ REV
3ULPDU\  VSOLW/
), VSOLW/ DV 5 [/ LPSURYH PLWLQJ
' D\ WR WKH OHIW  LPSURYH PLWLQJ
ORQWK WR WKH ULJKW LPSURYH PLWLQ
PDQDJH VSOLW DV 5/ LPSURYH PLVWLQ
6 XUURIDWH VSOLW/
ORQWK WR WKH ULJKW DJUHH DGM VSOLW
EL] VSOLW/ DV /5 DJUHH DGM VSOLW
1RGH QXPEHU REVHUYDW. RQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
1RGH QXPEHU REVHUYDWLRQV
PHDQ 06( H
1RGH QXPEHU REVHUYDWLRQV
PHDQ H 06( H
I LQDOO.  OHW/ JHW D JUDSKLFDO UHSUHVHQADW.RQ R WKH WUHH DQG VDYH WR D
SQ | LOH
SQ VSDFWJUHH SQJ ZLGWK KHLJ KW
SRVW VSDF WUHH I LOH WL WOH &ODVVLI\LQ 63%$& ' RQDW.RQ 6L] H VSOLW/
ES
GHY RII
I sGl
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How do we run it? The graphical
representation.
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What about exporting the results?

ZLOO XVH D FRPELQDW.RQ RI OLVW HQAWLHV | UDPH VSOLW DQG FVSOLW

VSDF WUHH | UDPH> @

YDU Q ZW GHY \ YDO FRPSOH[ LW QFRPSHWH QVXUURJDWH
19
),
VPEL

EODQN
OHDI !

IITITTITT

IUDPH LV D PDWUL[ ZLWK URZ SHU QRGH Rl WKH WUHH

URZ QDPH FRUUHVSRQGV WR D XQLTXH QRGH LQGH[

YDU QDPH Rl WKH YDULDEOH XVHG LQ WKH VSOLW RU OHDI !
Q XPEHU Rl REVHUYDW.RQV UHDFKLQJ WKH QRGH

\YDO  WKH | LWAHG RXWFRPH YDOXH DW WKH QRGH

VSDF WUHH  VSOLW/> @

FRXQW QFDW LPSURYH LQGH[ DGM
19
)
ORQWK
VPEL]
UHWLUHG

URZ QDPH LV WKH YDULDEOH EHLQJ VSOLW
FRXQW  WKH QXPEHU RI REVHUYDWL.RQV FRPLQJ LQWR WKH VSOLW

QFDW  QXPEHU Rl FDWHJRULHV Rl FDWHJRULFDO YDULDEOH RU LI VWKH
YDULDEOH LV QXPHULF

LPSURYH VWKH LPSURYHPHQW LQ WKH REVHFWLYH XVLQJ WKH VSOLW

LQGH HLVWKHU WKH URZ QXPEHU Rl WKH FVSOLW PDWUL[ | RU FDWHJRULFDO
YDUL DEOHV RU VWKH YDOXH RI WKH RSWL.PDO VSOLW | RU QXPHULF YDULDEOHV

VSDF WUHH FVSOLW» @

> @> @> @> @> @

VVVVYV
SISO

KDV URZ | RU HDFK VSOLW RQ D FDWHJRULFDO YDULDEOH
WKH URZ OQXPEHU FRUUHVSRQGVY WR LQGH[ LQ VSDF WUHH  VSOLW DERYH

HDFK FROXPQ LV DQ RUGHUHG OHYHO RI D FDWHJRULFDO YDULDEOH XS WR WKH PD[
OHYHOV RI DQ FDWHIJRULFDO YDU

DQ HQAW\ RI WKDW OHYHO JRHV OHI W LQ WKH VSOLW

VWKDW OHYHO JRHV ULJKW LQ WKH VSOLW

| VSOLW/ FKDUDFWHUL] HV WKH VSOLW/ PDNLQJ WKH UHJLRQV 5P
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VWKDW OHYHO LV QRW LOQFOXGHG LQ WKH VSOLW
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What about exporting the resuits?

»  To recreate a decision tree, you would at least extract the following columns of
information:

. URZQDPHV VSDF WUHH VSOLW/

. VSDF WUHH VSOLW/> FRXQW @VSDF WUHH VSOLW/> LQGH @BERH
VSDF WUHH VSOLW/> QFDW @

e VSDF WWHH | UDPH> YDU @VSDF WJWHH > Q @BEH
VSDF WUHH | UDPH> \YDO @

. VSDF WUHH FVSOLWGEXWFHROSXI \§ WM RH LQGH [LVY QFDW !
R VSOLW

= The order of splitsin | UDPH are depth first, and left branch first

»  Match between | UDPH and VSOLW/ by variable name and number of
observations

* WRO EZAKHP GRH WIBAQYRIP X1 WHRHIEQI BvS MEFYH WG TI XA BR-HWWEEX VWIBRV
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Automatic Way to Select Tree Size
»  Can calculate contribution of split to decreasing objective F5 by
" N 7T oyw3y L a 4y
= N Hna v s
= If *N(g * DQthen accept the split, otherwise make N a terminal node

e DD ME XRAEK TREQI XV KMACX! | WA V\BAIR +EEHP?

o UGYHP E R XKENWVA GYW XI WP METTRHRIRA W SH VSIH TX

Solves the problem:

NJOF5 D5

o [LIVI5] M RYQRA VSIX\QWMEFRSH WEIXI X!
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Automatic Way to Select Tree Size

» Theentry FSWDEOH gives tree statistics for each LY

" UHO HUURU is the ratio of the objective, F5 , to that of a single root tree

SLMMER E] WH Gf EWAK[ ML

. [ HUURU is the average of 10 fold cross validation error

M PEA SYX X SIXI HEBWX

o train a size n tree on the other 9/10ths,

o and compute F5 on the left out part

XMMQSY YWIYRBVTV HBR ERH RSBEVWWIYPS YWB/H VBIARK E HEEWX

GRA XSYKXSIBAEQI BW SITI VZEWAI Rl W

=  Could consider a criteria that penalizes large trees

o 2XYRIBEEFP/ ° FWESS 5]
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Automatic Way to Select Tree Size

ZKLFK PLQ VSDF WUHH FSWDEOH> @

JLYHV D YDOXH RI PHDQLQJ QRQH RI WKH VSOLW/ DUH SHUYDVL] H
EXW XVLQ) WKH FULWHULD DERYH SHQDOL] LQJ ODUJH WJUHHV
FSVWDW  GLP VSDF GDWD > @ VSDF WUHH FSWDEOH> @ VSDF WUHH FSWDEOH>
@

URXQG VSDF WUHH FSWDEOH>ZKLFK PLQ FSVWDW @

&3 QvSOLW UHO HUURU [ HUURU [ WG

VXIJHVW D WUHH VL] H ZLWK VSOLW/
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Advantages of Trees

Fast computations

2. Invariant under monotone transformations of variables

. 7GEKHE RXQEXV
e -QQYR )SSYHRMNR\

3. Resistence to irrelevant variables, so can throw lots of variables into it
4. One tuning parameter (tree size, or cp)
5. Interpretable model representation

6. Handles missing data by keeping track of surrogate, or highly correlated,
backup splits at every node

7.  Extends to categorical outcomes easily

file:///Users/leopekelis/Desktop/13_datafest_cart/13_datafest_cart_talk.html#(1) 20/27



1/31/13 Classification And Regression Trees : A Practical Guide for Describing a Dataset (1)

Disadvantages of Trees

I. Accuracy

e ' Y QH RSH TVG[ W GRMRX FYXH G RXAA \HPETT\8 IQEXR
e ( BEN\EQIREMR SO NI SYLEA BX\SIHEE
e ' Y QYWARAA LML SH VIRX\EGYRNV

2. Variance

o ) EG WRWUY ROV T RHASRXI TV Z8YWER WS ER | WB/IRE LIMLI VWVRAMINGTSEX H
H R
.« 7QHPGERA RHEBAMXERGEYW FMGERA RXI|

o If you only have a random sample of a population, this can be a problem.

o Not as much of an issue if you're H\@IAAG dataset
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CART libraries outside of R: weka

=  weka 3: Data mining software in JAVA
»  http://www.cs.waikato.ac.nz/ml/weka/

n Relevent class ZHND FCODVVLI LHUV WUHHV -

= Simple command line syntax

MDYD ZHND FODWVLI LHWV WJHHV - W GDWD ZHDVWKHU DUl |

» ARFFis %XIAYX 6l IR *M *SQBE%&nd data format for weka

ZHND FRUH FRQYHUMHUV TEGEK GRERNGRE AWNB/YWHERHEE JRW

= Also call classes directly

LPSRUW ZHND FRUH , QYW\DQFHV
LPSRUW ZHND FODVVLI LHUV ( YDOXDWLRQ
LPSRUW ZHND FODWVLI LHWW WUHHV -
¥
, QYVMDQFHV WUDLQ ¥ | URP VRPHZKHUH
, QVWADQFHV WHVW ¥ | URP VRPHZKHUH
WUDLQ FODWLILHU &DWLILHU FOV ~ QHZ -
FOV EXLOG&ODWVLI LHU WUDLQ
HYDOXDWH FODVWVLI LHU DQG SULQW VRPH VVDW.\VWLFV
( YDOXDW.RQ HYDO  QHZ ( YDOXDW.RQ WUDLQ
HYDO HYDOXDWHORGHO FOV  WHVW
6\ VWHP RXW SULQWOQ HYDO WR6XPPDU\ 6\WULQJ ®& | DOVH

= ZHND JXL WUHHYLVXDOL] HU 7UHHILVXDOL] HUclass to vizualize trees
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CART libraries outside of R: orange

=  orange: Data mining through visual programming programming or Python scripting.

http://orange.biolab.si/

» has proprietary tab-deliminated data format
. " ERIQTSXKAE) G FYXMRSXZ | \E-YWX

. 1SY RE 3\B HEEBRBEXW

Relevant function: 2UDQJH UHJUHWLRQ WJUHH 7UHH HDUQHU

Vizualizing trees: Orange renders trees in dot - plain text graph description
langauge readable by both human and computer

e WUHH GRW | LOHBQDPH GRW  QRGHBVKDSH HOOLSVH
OHDI BVKDSH  ER[
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CART libraries outside of R: opencv

= opencv: (Open Source Computer Vision) is a library of programming functions for
real time computer vision, in C++

»  http://opencv.willowgarage.com/wiki/

= Uses n-dimensional array class ODWo store and operate on data
o B CBRMNYGY WOQP QEX

= &Y' 7UHHclass is an honest representation of CART algorithm

¢ QRHOMROXIVWOQP

. PXVKURRP FSS I\EQTP JR H QRMEXWLY >SYWH QMRXI W
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References

= Elements of Statistical Learning. 2009. New York. Springer. xxii, 745 p. : ill. ; 24 cm.
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Two solutions to Disadvantages (extra
slides)

l. Boosted Trees, aka Forests, MART
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2. Random Forests
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How are Boosted Trees Interpreted? (extra
slides)

= Relative Importance
* Ny, "W, y *NQ*VBSN M
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= Partial Dependence
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