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Boosted Decision Trees

How to build a decision tree ?
For each node, try to find the best variable and splitting
point which gives the best separation based on Gini index.
Gini_node = Weight_total*P*(1-P), P is weighted purity
Criterion = Gini_father — Gini_left_son — Gini_right_son
Variable is selected as splitter by maximizing the criterion.

Io——— > B

> How to boost the decision trees?

Weights of misclassified events in current tree are increased, the
next tree is built using the same events but with new weights.

Typically, one may build few hundred to thousand trees.

—> How to calculate the event score ?

For a given event, if it lands on the signal leaf in one tree, it is
given a score of 1, otherwise, -1. The sum (probably weighted)

of scores from all trees is the final score of the event.
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Ref: B.P. Roe, H.J. Yang, J. Zhu, Y. Liu, I. Stancu, G. McGregor, "Boosted decision trees as an alternative to
artificial neural networks for particle identification”, physics/0408124, NIM A543 (2005) 577-584.
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Weak = Powerful Classifier
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=» Boosted decision trees focus on the
misclassified events which usually have high
weights after hundreds of tree iterations. An
individual tree has a very weak discriminating
power; the weighted misclassified event rate
err,, is about 0.4-0.45.

=>» The advantage of using boosted decision
trees is that it combines many decision trees,
“‘weak” classifiers, to make a powerful classifier.
The performance of boosted decision trees is
stable after a few hundred tree iterations.
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Refl: H.J.Yang, B.P. Roe, J. Zhu, “Studies of Boosted Decision Trees for MiniBooNE Particle Identification”,
physics/0508045, Nucl. Instum. & Meth. A 555(2005) 370-385.

Ref2: H.J. Yang, B. P. Roe, J. Zhu, " Studies of Stability and Robustness for Artificial Neural Networks
and Boosted Decision Trees ", physics/0610276, Nucl. Instrum. & Meth. A574 (2007) 342-349.
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Diboson analysis - Physics Motivation

Decay modes
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WW Analysis
* W*W- > eu X, pte X (CSC 11 Dataset)

WW > ‘
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Contains additional jets.
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Jet must fake a lepton. Jet must fake a lepton. \q'
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ww analysus - datasets after precuts

MC Process

T t—fﬂj)

4‘“\ T

pr ecut

Weight

WW_elx 1 A1 —+06 A O 0120 47000 2 D27 U2t
WOW _TNe 1 0.1132E4+06 | 1.0 | 0.0120 48000 18813 532.9 0.0283
tthar 2 0.7500E+06 | 1.0 | 0.5550 688400 22849 | 13981.7 0.6119
ZGamma.ll 3 0.8910E4+06 | 1.5 | 0.0672 149742 52 31.2 0.59958
W_enu 4 0.1580E+09 | 1.3 | 0.1072 | 2494958 274 2418.1 R.8254
W _munu 5 0.1580E+09 | 1.3 | 0.1072 | 1998396 204 33496 | 11.0183
W _taunu G 0.1580E+09 | 1.3 | 0.1072 | 2493808 53 468.0 2.8204
WJIETO010020lepnu T 0.4350E4+08 | 1.3 | 0.3216 400000 34 1545.9 | 454662
WJIET020040_lepnu 2 0.2680E4+08 | 1.3 | 0.3216 303000 T2 2662.5 | 36.97T87
WIET040080_lepnu O 0.1180E4+08 | 1.3 | 0.3216 300000 123 2022.7 | 16.4445
WJIET080120 lepnu 10 | 0.2160E4+07 | 1.3 | 0.3216 299000 113 341.3 3.0202
WJIET120 lepnu 11 | 0.9080E+06 | 1.3 | 0.3216 296000 25 109.0 1.2825
ZIJET010020_ 2e 12 | 0.1360E+08 | 1.3 | 0.0336 hOT281 123 122.3 0.9946
ZIJET020040_2e 13 | 0.86T0E+07 | 1.3 | 0.0336 398697 221 209.9 0.9499
ZIJET040080_ 2e 14 | 0.4120E+07 | 1.3 | 0.0336 397524 468 211.9 0.4527
ZIJETOS80120 2e 15 | 0.8270E+06 | 1.3 | 0.0336 397009 408 371 0.0910
ZIJET120 2e 16 | 0.3830E+06 | 1.3 | 0.0336 198652 157 13.2 0.0842
ZIJET010020_2mu 17 | 0.1360E+08 | 1.3 | 0.0336 597413 491 488.2 0.9944
ZIJET020040_2mu 18 | 0.86T0E+07T | 1.3 | 0.0336 396793 489 466.7 0.9544
ZIJET0400802mu 19 | 0.4120E+07 | 1.3 | 0.0336 TT6TO3 1365 316.2 0.2317
ZJETOS80120_2mu 20 | 0.82TOE4+06 | 1.3 | 0.0336 396856 813 T4.0 0.0910
ZIJET120 2mu 21 | 0.3830E4+06 | 1.3 | 0.0336 194832 638 4. 8 0.0859
ZIJET010020 2tanu 22 | 0.1360E4+08 | 1.3 | 0.0336 KhOBTE3 1883 18681 0.9921
ZIJETO020040_2tan 23 | 0.86TOE4+0OT | 1.3 | 0.0336 399076 1688 1601.8 0.9490
ZIJET040080_2tanu 24 | 0.4120E407 | 1.3 | 0.0336 398072 2487 1121.8 0.4511
ZJETO0801202tau 25 | 0.832TOE4+06 | 1.3 | 0.0336 296671 3582 326.2 0.0911
ZIJET120 2tan 26 | 0.3830E4+06 | 1.3 | 0.0336 199046 2084 250.8 0.0840
ZoG030081_2lep 27 | 0.4220E4+07 | 1.3 | 0.1010 599000 160 148.0 0.9250
ZoG081100_2lep 258 | 0.4610E4+08 | 1.3 | 0.1010 499000 649 TET2.4 | 12.1301
ZoG100_ 2lep 20 | 0O1750E4+07T | 1.3 | 0.1010 493000 1145 5337 0.4661
WGamma Inua 30 1 0.1420E4+07 | 1.0 | 0.2144 | 1996438 462 70.5 0.1525
WGammataunu 31 | 0.1420E407 | 1.0 | O.1072 GXTO99 30 G.6 0.2213
WpZ_ 1lnull.v11004206 32 | 0.36T3E4+05 | 1.0 | 0.0144 27000 4815 94.3 0.0196
WmZ Inull.v11004206 | 33 | 0.2099E4+05 | 1.0 | 0.0144 17700 3537 60.4 0.0171
ZZ1111.+11004206 34 | 0.1886E4+05 | 1.0 | 0.0045 36400 5341 12.5 0.0023




Breakdown of MC samples for WW analysis after precuts

MC Process 1D Tmelth) K Br Nme | Nprecut Niest | Weight
WW_emsx 1 | 0.1133E+06 | 1.0 ] 0.0120 47000 18233 527.0 | 0.0289
WW_Iex 1 | 0.1133E+06 | 1.0 | 0.0120 48000 18813 532.9 | 0.0283
tthar 2 TH90E+06 | 1.0 [ 0.5550 | 688400 | 22849 | 13981.7 | 0.6119
ZGammadl 3 | 0.8910E406 | 1.5 | 0.0672 | 149742 52 31.2 | 0.5998
W_enu 4 | 0.1580E409 | 1.3 | 0.1072 | 2494958 274 | 2418.1 | 8.8254
W _nunu 5 | 0.1580E409 | 1.2 | 0.1072 | 1998396 304 | 3349.6 | 11.0183
W _taunu 6 | 0.1580E4+09 | 1.3 | 0.1072 | 2493808 53 468.0 | 8.82904

______________________

Nic
# events in 1 fb-! 1 fb-! Welght _ Y test

11 beam-days @ 1033 preselect



Event Selection for WW-> euX
Event Pre-selection

- At least one electron + one muon with P+>10 GeV
* Missing Et > 15 GeV
» Signal efficiency is 39%

Final Selection

- Simple cuts based on Rome sample studies
- Boosted Decision Trees with 15 input variables
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Select of WW -> eu/pe + Missing E;

Simple cuts used in Rome studies

* Two Isolated di-lepton P; > 20 GeV;
at least one P> 25 GeV

 Missing E;>30 GeV

e Meu>30 GeV;»Veto M., (e_e», L)

e E;(had)=|Sum (¢)+ missing E{| < 60 GeV,
Sum Et(jet) < 120 GeV;

 Number of jets < 2

o P(c¢) > 20 GeV

e Vertex between two leptons: AZ < 1Imm, AA<0.1 mm

For 1 fb-!, 189 signal and 168 background

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 10



BDT Training Procedure

+ 15t step: use all 48 variables for BDT training,
rank variables based on their gini index
contributions or how often they were used as
tree splitters.

+ 2nd step: select 15 powerful variables

+ 3rd step: re-train BDT based on 15 selected
good variables

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 11



Variables after pre-selection used in BDT

June 4-7, 2007

Sum P; in cone=0.4{u)
E(e)/P(e)

scalar sum F;(1)+Jets

Total reco1l E%

Vector sum E¢(1)+MET
MET /sqrt(Vect sum(],Jets))

Nlets( E; =30 GeV)

Ad(e, p)

o Pie+ p)

o Inv.mass(e,u)

e Trans.mass{ WW)
o Aplep, MET

o AZ(e. )

o AAle, )
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Variable distributions after pre-selection

10000
25000 —
5000 — '
{] | | | | | | | | | | ID FI-* | | | | | |
0 1000 2000 3000 0 2000 4000
Pt(mu) x 10 Sum Pt in cone=0.4(mu)
s000 | signal
10000 —
| J background
{] | | L | ID | | | | |
0.5 1 15 2 25 3 0 2500 5000 7500 10000
E(e)/P(e) scalar sum Et(1)+Jetsl0
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Variable distributions after pre-selection

4000 10000

{] | | ID |
0 500 1000 15003 0 2000 4000 _
Total recoil Et x 10 Vector sum Et(1)+MET
0000 — 20000 —
{] | | | ID | | | | I II-|I |“ | I | | I I
0 500 1000 1500 2000 0 2.5 5 7.5 10
MET/sqrt(Vect sum(l.Jets)) Nlets(Et30 GEV)
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Variable distributions after pre-selection

2000 5000

1000 —M 2500 —
{] L | L | L | ID | |
0 1 2 3 0 1000 2000 3000
Aphi(e.mu) Pt(e+mu) x 10
5000 10000
background
2500 - 5000 —
signal -
{] L | L | | ID - | | | | | |
0 1000 2000 3000 4000 0 2500 5000 7500 10000,
Inv.mass(e.mu) x 10 Trans.mass(WW) x 10
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Variable distributions after pre-selection

5000
. 10000 —
signal
2500 — N |
-background
7
D IIII|IIII|IIII| ID I|IIIIII|II III|I
0 1 2 3 04 02 0 02 04
Aphi(emu.MET) AZ(e.mu)
5000 —
D_ | L | L |
-1 0.5 0 0.5 1
AA(e.mu)
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BDT Training Tips

» Epsilon-Boost (epsilon=0.01)
i —ay X expl2el(1; 5= Tl ), 1=1, 24,0

- exp(2*0.01) = 1.0207, I =1 if training events are
misclassified, otherwise I =0

- 1000 tree iterations, 20 leaves/tree

* The MC samples are split into two halves, one for
training, the other for test; then reverse the training
and testing samples. The average of testing results
are regarded as the final results.

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 17



Boosted Decision Trees output

WW(red) vs. Allbkgd(blue)
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Boosted Decision Trees output
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BDT Output (normalized to 1 fb ')

H.J. Yang - BDT for WW/WZ

600

19



Signal (WW) and Backgrounds for 1 fb-!

Simple Cuts | Ef fww (%) Nww Nekap | Nww /Nekap | No
17.49 1889 £+ 2.5 | 1680 + 32.1 1.1 14.6

BDT Cut [ Effww(%) |  Nww Nekep | Nww /Nekap | N;
= 220 AR5 4058 £ 3.4 | 103.24 22.7 3.9 39.9
= 230 A25.6 AT 7T+ 3.3 | 887 £ 224 4.9 39.9
= 240 32.8 5.6 £ 3.1 795 £ 22.3 4.4 8.8
= 250 0.1 7.3+ 3.0 622 4193 5.1 40.2
= 260 27.3 28704+ 29 56.8 £ 19.3 5.1 38.2
= 270 24.5 2584+ 27 426 £ 158 6.1 39.6
= 2RI 21.6 2T.7T 4+ 2.6 6.6+ 15.7 (.2 37.6
= 200 19.0 20005 4+ 2.4 330 £ 15.7 5.9 34.4
= 00 16.2 1702 £ 221 203 £11.1 8.4 37.8
= 310 13.6 1438 + 2.0 7.2 4+ 1.5 19.9 h3.4
= 320 11.2 117.9 4+ 1.8 45+ 1.1 26,2 55.6
June 4-7, 2007 H.J. Yang - BDT for WW/WZ 20




MC breakdown with all cuts for 1 fb-1

WW_eImX ID [ Simple Cuts | BDT =220 230 240 250 260 270 220 200 300 310 320
WW_mex 1 1880 405.8 | 375.7 | 3456 | 317.3 | 287.0 [ 258.4 | 227.7 [ 2005 | 170.2 | 143.8 | 117.0
[Ttthar 2 27.5 51.4 | 159 | 12.9 0.5 B.0 7.3 5.5 13 3.7 3.1 1.5
ZCammall 3 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
W _enu 4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
| | W_omnunu 5 771 441 | 441 | 441 ] 331 231 | 220 220 220 11.0 0.0 0.0
W _taunu 6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WJIET010020_lepnu 7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WJIET020040_lepnu 8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
W IET040080_lepnu g 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WIET080120lepnu 10 0.0 3.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WIET120lepnu 11 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET010020_2e 12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET020040_2e 13 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET040080_2e 14 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET0801202e 15 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET120_2e 16 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
[ ZJ5 L 0I00 2021 T7 4.1 L.u L.t 1.0 1.t (IR0 U L) [UAE o ot (WA
ZJET020040_2mu 18 76 1.0 1.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0
ZJET040080_2mu 19 7.9 23 1.6 1.2 1.2 0.7 0.5 0.2 0.2 0.0 0.0 0.0
ZJET080120_2mu 20 2.2 0.5 0.5 0.4 0.3 0.3 0.2 0.1 0.1 0.0 0.0 0.0
ZJET120_2mu 21 0.5 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET010020_2tau 292 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZIE 020040 _2tan o3 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET0400802tau 34 3.6 1.4 0.9 0.5 0.5 0.5 0.5 0.0 0.0 0.0 0.0 0.0
ZJET080120_2tau 95 3.3 1.1 1.1 0.8 0.7 0.7 0.6 0.5 0.3 0.2 0.1 0.1
| [ ZJET120 2tau o6 0.3 0.7 0.3 0.2 0.3 0.2 0.1 0.1 0.1 0.1 0.1 0.1
ZoG030081 2lep 27 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZoGOR1100_2lep 98 121 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Zo(G100_2lep 29 0.9 4.2 3.3 1.9 1.4 0.9 0.9 0.5 0.5 0.5 0.5 0.0
WGamma_lnu 30 1.7 1.7 1.4 1.4 1.1 0.6 0.6 0.5 0.5 0.3 0.2 0.2
| WGamma_taunu [ 31 0.0 | 001 00] 00 o00] 00] 00] 00] 00 001 001 0.01
WpZ Inull.v11004206 |[ 32 9.2 10.1 2.8 T 6.7 5.8 5.0 4.0 33 2.6 1.9 1.4
WmZ _null.v+11004206 |[ 33 5.8 8.1 7.1 6.2 5.3 4.5 3.8 3.3 2.6 1.9 1.5 1.0
| ZZJI~11004206 | 34 0.6 | 03] o02] 02| 01| o01] 01] 01| 00 00| 00| 00|
June 4-7, 2007 H.J. Yang - BDT for WW/WZ 21




Summary for WW Analysis

=>Background event sample compared to Rome sample
increased by a factor of ~10; compared to post Rome
sample increased by a factor of ~2.

> Simple Cuts: S/B ~ 1.1

=>Boosted Decision Trees with 15 variables: S/B = 5.9

=> The major backgrounds are W-> uv(~50%), ttbar, WZ

2>W-> uv (event weight = 11.02) needs more statistics(xb)
if possible.

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 22



WZ->Ivll analyis

* Physics Goals
- Test of SM couplings

- Search for anomalous triple gauge boson couplings
(TGCs) that could indicate new physics

- WZ final state would be a background to SUSY and
technicolor signals.

+ WZ event selection by two methods
- Simple cuts
- Boosted Decision Trees

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 23



WZ selection - Major backgrounds

* Major backgrounds
- pp 2 T thar 7 N
* Pair of leptons fall in Z mass window
- Jet produces lepton signal | ——— A
- pp 2 Z+jets
* Fake missing E O :
- Jet producegs TThird lepton signal N
- pp > Z/y 2> ee, mm 2o

- Fake missing E+ and third lepton N 2z

- pp > ZZ~-> 4 leptons : N\

* Lose a lepton
June 4-7, 2007 H.J. Yang - BDT for WW/WZ 24




Pre-selection for WZ analysis

* Pre-selection
- Identify leptons and require
pr> DGeV, one with p+> 206eV
- Require missing E;> 15GeV
- Find e*e” or m*m- pair with inv. mass closest to Z
peak

- must be within 91.18 + 20 GeV.
- Third lepton with p+> 15G6eV and 10 < M < 400GeV

» Eff(W*Z) = 25.8%, Eff(W-Z) = 29.3%

» Compute additional variables(invariant masses,
sums or jets, track isolations ...), 67 variables
In Tota

June 4-7, 2007 H.J. Yang - BDT for WW/WZ 25



WZ analysis - datasets after precuts

MO Process I Faree (£ I Br None Nprecut MNiest Weizght
WpZ 5941 0 0.36T3E4+05 1.0 | 0.0144 26550 G348 136.<4 0.0199
WmZ_5971 1 0.2099E+405 1.0 0.0144 511= BER.T 00173
Z_2mu_ 0001 2 0. 4610E+408 1.3 0. 03306 0 0.0 1.74G3
ZCGamma ll_4190 3 0. 29010E+06 1.5 00672 111 10.0 0.0295
ZIJETO10020 2e_wv10_4270 4 0.1360E+4+-08 1.3 00336 £ o 0.0 0.994G6
ZJETO20040 2e v10_427T1 5 0.286TOE4+07 1.3 | 0.0336 : 0 0.0 0.9499
ZIETO400R80 2e_wv10_4272 G 0. 4120E+07 1.3 00336 < o 0.0 0. 4527
ZIJETO030120_2e_wv10_4273 T 0. 8270E+40G 1.3 0.03306 397 0 0.0 0.0910
ZIET1I20 2e_v10_4274 = 0. 3830E+06 1.3 0.0336 19 ] 0.0 0.0542
ZIETOLO0020 2tau w10 4275 o9 0. 1360E+4+08 1.3 0.0336 59 o 0.0 0. 9927
ZJETO20040 2tan_wv10_427T6 10 0.286TOE4+07 1.3 | 0.0336 39 0 0.0 0.9490
ZIJETO40080 2tau _v10_4277T 11 0.4120E+07 1.3 00336 39 o 0.0 0.4511
ZIETO20120 2tau_v10_ 4278 12 0. 8270E+40G 1.3 0.0336 39 0 0.0 0.0911
ZIET120 2tan_wv10_4279 13 0. 3830E+4006 1.3 00336 19 ] 0.0 0.0540
ZIETOLO0Z20 anumu_4290 14 0. 1360E+08 1.3 0.0336 299 492 a97.5 0. 1953
ZJET020040 _mumu_4291 15 0.86TOE4+-07 1.3 | 0.0336 199! (=3 149.7 0.1298
ZIJET 0040080 mumu_4292 16 0. 4120E+07 1.3 00336 11= 1516 229.3 0.1513
ZJETO0830120 anumu—4293 17 0.82T0E+-06 1.3 | 0.0336 397 1105 100.3 0.09058
ZIJET1200mmmii_4294 1= 0. 3830E+406 1.3 0.0336 19 1133 949 D.0837T
ZoG030081 _2lep 4295 19 0. 4220E+07 1.3 0.1010 1000000 16 .9 0.5541
ZoG0831100_2lep 4296 20 0. 4610E408 1.3 ] 0.1010 3284999 406 TA48.1 .B3426
ZoGE 100 2lep 4297 21 0. 1750E+07 1.3 0.1010 QT L1000 271 G4l 0. 2366
JimmyZmumub150_5115 22 0. 1750E+07 0.= 0. 03306 43000 33 S36.1 1.0940
Zmumu_5145 23 0. 1497TE+0O7T 1.0 1. 0000 42000 ] 0.0 311875
PythiaZmumuJet _5181 24 0. 8S2T0EA+06 a.s 0.0336 35000 20 127 06351
PythiaZee_pt100_5185 25 1LE2TOEA+06 0.8 | 0.0336 46000 11 5.3 0.4833
PythiaZmumu pt 1005186 26 0. 827T0E+40G6 .8 00336 33000 42 28.3 06736
PythiaZtautau_ptlO0_5187 27 0. 8270E+40G 0.= 0.0003 32000 41 0.3 0. 0069
T1 AMeAtNlo_Jimmy_H200 28 0. THOOEA4+06 1.0 0.5550 GO4TEO 1071 T46 .0 0.69646
PythiaZPhoton25_5900 29 0. 4510E4+05 1.0 00672 46500 43 2.8 0.0645
WpepWmoenuenu 5921 30 0.1133E+06 1.0 | 0.0120 41950 9 0.3 0.0324
WpWm _enumunu_5922 31 0.1133E+4+-06 1.0 0.0120 45900 22 0.7 0.0296
WpWin_enutaunu 5923 32 0.1133E+4006 1.0 0.0120 TLO0D0D T 0.1 0.0191
WpWIm _omanuenn _5925 33 0. 1133E+046 1.0 0.0120 4T000 1= 0.5 0.0229
Wep W im omunmunmunu 5924 34 0.1133E+406 1.0 0.0120 4=950 30 .= 0.0278
WpepWm_munutaunu 5926 35 0.1133E+4006 1.0 0.0120 44000 = 0.2 0.0309
WeWm_taunuenu 5928 36 0.1133E+06 1.0 0.0120 47700 2 0.1 00285
WpepWim _taunmmunu 5929 a7 0.1133E+406 1.0 0.0120 D& = 0.2 D.oz2a7
WepWmtannutannu 5927 38 0. 1133E+4006 1.0 0.0120 0 0.0 0.0390
ZZ 1111 5931 39 0. 1886E4+05 1.0 0.0045 8597 20.4 0.0024
Pythiagamgam 5960 <0 0. 7T100E4+05 1.0 1.0000 45300 0 0.0 1.5673
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Final selection - simple cuts

Based on pre-selected events, make further cuts

- LepTon selection
Isolation: leptons have tracks totaling < 8 GeV within DR<0.4
Z leptons have p > 6 GeV
W lepton p; > 25 GeV
E ~ p for electrons: 0.7 < E/p < 1.3

Eoll%wlcone around leptons has little energy: [E+(DR<0.4) - E{(DR<0.2)] /
T <

- Leptons separated by DR > 0.2

- Exactly 3 leptons

- Missing E; > 25 GeV

- Few jets
No more than one jet with E+> 30 GeV in |h| < 3
Scalar sum of jet E; < 200 GeV

- Leptonic energy balance
| Vector sum of leptons and missing E; | < 100 GeV

- Z mass window: 19 GeV for electrons and +12 GeV for muons
- W mass window: 40 GeV < M(W) < 120 GeV
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Simple cuts - results (Alan)

Pre-selection Simple Cuts

Dataset nevents % in 1fb-1{nevents % infb-1 eee eem mme mmm

5971 WmZ 5118 29.3295 88.6| 1587 9.09456 275 204 462 7.39 13.41
5941 WpZ 6848 25.7928 136.4| 1964 7.39736 2.99 6.02 11.22 18.91
TOTAL 11966 27.1955 225| 3551 8.07045@ 5.03 10.64 18.61 32.32

signal
4190 ZGamma_ll 111 0.0111 10 3 0.0003 0.3 0.09 0 0.18 0
4270 ZJET010020_2e_v10 100 0.01674 99.5 0 0 0 0 0 0 0
4271 ZJET020040_2e_v10 128 0.0321 1217 0 0 0 0 0 0 0
4272 ZJET040080_2e v10 330 0.08301 159.4 1 0.00025 0.5 0.48 0 0 0
4273 ZJET080120_2e_v10 702 0.17682 63.8 0 0 0 0 0 0 0
4274 ZJET120_2e_v10 631 0.31764 53 0 0 0 0 0 0 0
4290 ZJET010020_mumu 492 0.01642 97.5 7 0.00023 1.4 0 0 059 0.79
4291 ZJET020040_mumu 789 0.03953  149.8 16 0.0008 3 0 0 076 228
4292 ZJET040080_mumu 1516 0.12742  244.6 11 0.00092 1.8 0 0 065 1.13
4293 ZJET080120_mumu 1105 0.27774  100.3 7 0.00176 0.6 0 0 0 0.64
4294 ZJET120_mumu 1133 0.56698 94.7 0 0 0 0 0 0 0
4295 ZoG030081_2lep 16 0.0016 8.9 0 0 0 0 0 0 0
4296 ZoG081100_2lep 406 0.01236  748.1 6 0.00018 11.1 0 553 0 553
4297 ZoG100_2lep 271 0.02791 64.2 3 0.00031 0.7 0 0 0 0.71
5200 T1_McAtNio_Jimmy 1071 0.1771  816.4 5 0.00083 3.8 0 0 0 3.81
5931 ZzZ il 8597 24.0812 20.5| 1394 3.90476 33. 001 079 011 241
TOTAL 17420 0.09865  2856| 1453 0.00823 265] 01 6.8 229 17.3
background
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June 4-7, 2007

WZ - Boosted Decision Trees

Name of Variable

Rank (tree splitters)

Rank (gini index)

Select 22 powerful

variables out of 67 total

available variables for

BDT training. <

Rank 22 variables based

on the gini index

contributions and the

humber of times used as

tree splitters.

W lepton track isolation,

M(Z) and M (W) are

ranked highest.

ZM .LVec.Pt 12 14
ZM. TrkIsol40Count 14 6
ZP.LVec.Pt 16 17
ZP. Trklsol40Count 11 4
W.LVec.Pt 10 8
~W. TrkIso40 2 2
| W.TrkIso40Count__~ 5 1
W.Jetlsodl) 15 15
W .Frac4020 17 16
DiffLepZPLepW.DAO 6 11
DiffLepZPLepW.DR 3 13
DiffLepZMLepW.DAO 4 T
DiffLepZMLepW.DR 9 12
MET.Mod 13 9
WZ.Mod 18 18
gAY — 1 3
| WMt / 3 5
SSumJetLepMETE® 21 20
VSumJetLepMET. Mod 20 21
VSumLepMET . Mod 22 22
METoverSqrtJetLep 19 19
MET_EtSumFinal 7 10
29
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Input Variables(1-16)

2000 10000
1000 — 5000 —
D T | T | I | D T !:l T F T F T | T I 1T
0 500 1000 1500 2000 2 4 3 8 10
ZM.LVec.Pt x107 ZM.TrkIsol40Count
2000 10000
1000 — & 5000 -
0 0 T !:l T | T F - r T T
0 lDDD EDDD 3 8 10
ZP.LVec.Pt x10 : ZP Trkleol4OCounl
4000
2000 —| ]
2000 —
D I D LI T TT T 1T
0 lDDD EDDDq 2%00 ﬁDDD ?<DD 10000
W.LVec.Pt x10° W.TrkIso40 x 10
1000
5000 —
0 |H!:|!:IP!]!]!]PFPPF|||||| 0 Lié\
0 5 10 15 20 QDDD '%DDDq
W.TrkIso40Count W,JerIso40 x10°

June 4-7, 2007

10000 — 2000 —
0 T | T T | 1T 0 T I)J-:JJJ:;-LLLL:\ T
0 0.05
W.Frac4020 2000 DiffLepZPLepW.DAO
1000 —
1000 —
Dl II|III|II D IIII|IIIIIIII|IIII
0 2 4 -0.2 0.2
DiffLepZPLepW.DR D1rrLepZMLepW.DAO
2000
2000 —
1000 — | LI
D | T T | T T | D T | T |
0 2 4 500 1000 1500
DiffLepZMLepW.DR MET.Mod x10°
2000
2000 —
1000 —
D ‘|-|-LL\I T | T T | D T ﬁ/I_ITrH-r'TLLIKI T T 1T
0 2000 4000 7 t)DD 1000 1100
WZMod x10° ZM x10°
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Input Variables(17-22)

1000
0 L L L L
0 1000 2000 _
WMt x10°
2000
1000 — (\\
[} % 1 | [ LI
0 1000 2000 3000 4000
VSumJetLepMET.Mod x10°
2000
1000
[} T T T T T T T T 1 T I 1
0 100 200 300
METoverSqrtJetLep

June 4-7, 2007

1000 —
0 500 1000 1500 .
SSumletLepMETEt  x10°
2000
1000 —
[} T T T | T T I | I I I
0 1000 2000 3000
VSumLepMET.Mod  x10°
1000 —
[} T | T | 1 |
0 2500 5000 7500 10000,
MET_EtSumFinal x10°
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BDT Training Tips

* In the original BDT training program, all training events
are set to have same weights in the beginning (the first
tree). It works fine if all MC processes are produced
based on their production rates.

* Our MCs are produced separately, the event weights
vary from various backgrounds. e.g. assuming 1 fb-!
wt (ZZ_Illl) = 0.0024, wt (ttbar) = 0.7, w(DY) = 1.8

* We made two BDT trainings. One based on equal event
weights for all training MC; the other based on their
correct event weights for the 15" tree training.

+ BDT performance with correct event weights for
training works better than that with equal weights.
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BDT Tuning

= BDT with 22 and 67 variables have comparable performance
= ANN and BDT training with correct event weights works
significantly better than that with equal event weights

BDT with 22 Var(black) vs 67 Var(red)
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ANN/BDT Tuning

— Signal
Background

........

00 -800  -600 -400 -200 O 200 400
BDT Output (event weight for training)

60

— Signal
Background

oI

Jun

"‘\E"'\“'I“‘I"‘\"
-1000 -800 -600 -400 -200 0

200 400
BDT Output (equal weight for training)
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600

10

— Signal
Background

0 01 02 03 04 05 06 07 08 09
A ANN Output (event weight for training)
— Signal

Background

0

0.0 02 03 04 05 06 07 08 09
ANN Output (equal weight for training)
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ANN/BDT Comparison

> Event weight training technique works better than equal
weight training for both ANN(x5-7) and BDT(x6-10)

>BDT is better than ANN by reducing more background(x1.5-2)

= A note to describe the event weight training technique in

detail will be available shortly.

Neignal G0 &0 | 100 120 140 160
Npg1 for ANN-equal-weight 05 1519 724 1047 | 133.3 | 177.6
Nipgo for ANN-event-weight SRl 7T 98| 147 259 349
Ratio = Npg1 /Nago for ANN 53 67T T4 7.1 5.1 5.1
Niga for BDT-equal-weight 15 1304 1607 | 69.1 | 8290|1101
Nige for BDT-event-weight 3.1 4.0 6.3 8.4 13.2 19.3
Ratio = Npga,/Nigs for BDT GO 991 9.6 8.2 6.7 5.7
Ratio = Npgo/Npgs for ANN/BDT | 1.90 | 1.93 | L.56 | 1.75| 1.96 | L1.81

June 4-7, 2007
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Eff_bkgd/RMS vs Training Events

=>BDT is not well trained with few =>»RMS errors tend to be larger with fewer
training events, it will result in large | | events for testing. For a limited MC, it’s
Eff bkgd for a set of given Eff_sig better to balance training & testing events.

Events selected randomly, train BDT 50 times Events selected randomly, train BDT 50 times
] TT TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTT I_ 0 = _1 TT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT | TTTT
1 * _
2 -
] 0.275 eff=30%
175 4 eff=80% i
e 0.25 eff=40% —
o 1.5 -
E 0.225 —

eff=60%

RMS / Eff background
|

.__'._
=
17 .
=11}
E 0.175 —
& 07957 |
= It
. — 609 0.15 —
> + + + + * et eff=80%
025 01257 —
i + + i $ - 4 eff=40% T~/
. —
1 ¢ ‘ + + LI
1 eff=30%
0 LA DAL L L DL B L L L L L L 01 LA DL DL LR L DL L B LA L LB DL L
20 30 40 50 60 70 80 90 100 110 20 30 40 50 60 70 80 90 100 110
Percentage of events for training(%o) Percentage of events for training(%o)
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WZ - Boosted Decision Trees

For 1 fbl, BDT Results

+ Niignas = 150 to 60

. Significance (Nsignal/\/kag)
~ 40

- BDT, S/BG ~ 10 to 24

- Simple cuts
S/BG ~2-25

June 4-7, 2007

Events

ZW(red) vs. Allbkgd(blue)

200
175
150 -
125 4
100 -
75
50 3

25 4

0 Frm e =
1000 -800 -600 -400 -200 O

200

400

600

BDT Output (normalized to 1 ﬂ)'l)
Simple Cuts | E f fzw (%) Nzw Nprap Nzw /Npkap | Ne
Alan 28.4 66.6 27.0 2.5 12.8
Bing/Haljun al.9 74.8 36.6 2.0 12.4
Zhengguo 22.2 52.0 46.3 1.1 7.6
BDT Cut Ef fzw (%) Nzw Npxap | Nzw /Npxaep | No
= 200 65.1 152.6 = 1.7 | 16.1 &+ 2.5 9.5 38.1
= 210 62.2 145.7 £ 1.7 | 146 &+ 2.4 10.0 381
= 220 59.0 1383 £ 1.6 1126 +£ 2.3 11.0 39.0
> 230 55.5 1301 £ 1.6 1 10.7 £ 2.2 12.1 39.7
= 240 51.8 1214 +£15| 7.7+ 1.1 15.7 43.7
> 250 47.7 1119 +£15| 66 £ 1.1 17.0 43.6
= 260 43.5 1020 +£14 ] 55+ 1.0 18.5 43.5
= 270 a8.T 906 £ 1.3 | 41+ 08 221 44.8
> 280 a3.7 M.0+£1.2 1 35+07 22.6 42.2
> 290 29.4 68.8 £+ 1.1 | 3.0 +£0.7 23.1 39.9
= 300 24.8 58.0+ 1.0 | 24 £ 0.7 24.1 374
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LW - eee, eey, pue, pup

Simple Cuts

eee

Nzw /Npc

el

Nzw /Npc

LLpLe

Nzw /Npc

I
Nzw /Npc

All 4 Channels

Nzw /Npc

Alan

5.03/ 0.58

10.6/ 6.8

18.6/ 2.29

32.3/ 17.3

66.6/ 27.0

Zhengguo

11.7/ 4.07

3.4/ 5.16

13.6/ 23.5

3.3/ 10.7

£2.0/ 16.3

BDT Cut

ece

Nzw /Npa

eel

Nzw /Npa

pLpLe
Nzw /NBa

HH
Nzw /Npc

All 4 Channels
Nzw /Npa

= 200

31.7/ 4.0

310/ 2.7

30.5/ 3.0

16.6/

[l |

152.6/ 16.1

> 210

30.5/ 3.9

332/

5| e

37.0/ 3.5

141/

145.7/ 14.6

=~ 220

20.4/ 3.1

31.6/

36.0/ 3.0

112/

1383/ 12.6

=~ 230

8
—

31/ 3.0

20.7/

343/ 1.0

2] =I| b2 =1

37.0/

130.1/10.7

= 240

/0.6

27.8/

32.8/ 1.8

1214/ 7.7

= 250

/0.5

30.6/ 1.5

30.6/

111.9/ 6.6

= 260

/0.2

| =g

| o>

28.3/ 1.2

fl I

= 270

/0.2

o D=0 S0 R ) N
] =

L
._m ._Hl _I'Q ._Hl .

o Bl Bl Bl L0 S W S
[l ol ]

o bt B
Rep R R

25.7/ 1.1

[ulhy |

102.0/ 5.5
00.6/ 4.1

=~ 280

[a—
1] [
w

/0.2

=]
] |
'_'
-

23.0/ 1.0

)

79.0/ 3.5

=~ 200

/0.2

o Bl 0 QLSS N

20.6/ 1.0

o b U B D e e P B
o] G2

=

68.8/ 3.0

= 300

[y
=] o0
_"I_L ._I' \'.:l - -

/0.1

—
S

—
R Kol R
]
=]

18.1/ 1.0

—
[E—
=
=1

F8.0/ 2.4
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MC breakdown with all cuts for 1 fb-1

MC Process 1D Simple Cuts | BD'T'= 200 210 220 230 2410) 250 2610 270 280 290 300
WpZ_5941 0 33.5 91.3 | 87.2 B25 | T7.8 | 72.6 66.9 | 60.7 | 54.0 | 47.1 41.0 | 34.8
WmZ 5071 1 41.3 61.3 | GR.5 K58 | 52.3 | 48.7 | 45.0 | 41.23 | 36.5 | 31.9 27.8 | 23.2
7 _2mu_0001 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
7CGamma 11 4190 3 0.4 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.0
ZIET010020_2e_v10_4270 4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET020040_2e_v10_4271 5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET040080_2e_v10_4272 [§ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZIET080120 2ev10_4273 T 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZIJET120 2e_v10_42741 = 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZIET010020 2tau_v10_4275 9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZIET020040 2tau_v10.4276 10 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET040080 2tau_v10_4277 11 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJETO080120 2tau_v10_4278 12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET1202tauv104279 13 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZJET010020_mumu_4290 14 2.6 0.6 0.6 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
ZJET020040_mumu_4291 15 3.8 0.4 0.2 0.2 0.2 0.2 0.0 0.0 0.0 0.0 0.0 0.0
ZJET040080_mumu_4292 16 3.3 0.8 0.5 0.5 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
ZJET080120_mumu_4293 17 0.9 0.6 0.5 0.4 0.2 0.2 0.0 0.0 0.0 0.0 0.0 0.0
ZJET120 mumu_4294 1= 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.0
ZoG030081 2lep_4295 19 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
> ZoG081100_2lep_4296 20 16.6 1.8 1.8 1.8 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ZoG100_2lep_4297 21 0.7 0.2 0.2 0.2 0.2 0.2 0.2 0.0 0.0 0.0 0.0 0.0
JimmyZmumuM150_.5115 22 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Zmumu_5145 23 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
PythiaZmumuJet 5181 24 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
PythiaZee_pt100_5185 25 0.0 0.5 0.5 0.5 0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0
PythiaZmumu_pt100_5186 26 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
PythiaZtautau_pt100_5187 27 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
—p | T1 McAtNloJimmy_ 5200 28 4.2 2.8 2.8 2.1 1.4 1.4 1.4 1.4 0.7 0.7 0.7 0.7
PythiaZPhoton25_5900 20 0.2 0.5 0.3 0.3 0.3 0.3 0.2 0.1 0.0 0.0 0.0 0.0
WpWm_enuenu 5921 30 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_enumunu5922 31 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_enutaunu_5923 32 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_munuenu_5925 33 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWmomunumunu-5924 34 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_munutaunu_5926 35 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_taunuenu 5928 36 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_taunumunu_5929 a7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
WpWm_taunutaunu_5927 38 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
—p | ZZ 11115931 39 3.7 7.7 6.9 6.2 5.6 4.9 4.3 3.6 3.0 2.4 1.8 1.4
Pythiagamgam 5960 40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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Summary for WZ Analysis

= Simple Cuts
S/B6=2~25

=>Boosted Decision Trees with 22 variables
S/BG = 10 ~ 24

= The major backgrounds are (BDT>=200):
ZZ -> 4 | (47.8%)
ZJet -> 2u X (15.5%)
ttbar (17.4%)
Drell-Yan -> 2 | (12.4%)
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Applications of BDT in HEP

 Boosted Decision Trees (BDT) has been applied for some major
HEP experiments in the past few years.

MiniBooNE data analysis (BDT reject 20-80% more background than ANN)
- physics/0408124 (NIM A543, p577), physics/0508045 (NIM A555, p370),
* physics/0610276(NIM A574, p342), physics/0611267

+ " A search for electron neutrino appearance at dm”2 ~ 1 eV”"2 Scale”, hep-
ex/0704150 (submitted to PRL)

- ATLAS Di-Boson analysis, ww, wz, wy, zy
- ATLAS SUSY analysis - hep-ph/0605106 (JHEP060740)

- LHC B-tagging, physics/0702041, for 60% b-tagging eff, BDT has 35% more
light jet rejection than that of ANN.
- BaBar data analysis

* "Measurement of CP-violating asymmeftries in the BO->K+K-KO dalitz plot”, hep-
ex/0607112

physics/0507143, physics/0507157

- DO data analysis
hep-ph/0606257, Fermilab-thesis-2006-15,

* “Evidence of single top quarks and first direct measurement of [Vtb|", hep-
ex/0612052 (to appear in PRL), BDT better than ANN, matrix-element likelihood

- More are underway ...
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BDT Free Softwares

* http://qallatin.physics.lsa.umich.edu/~hyang
/boosting.tar.gz

- TMVA toolkit, CERN Root V5.14/00
http://tmva.sourceforge.net/

http://root.cern.ch/root/html/src/ TMVA__
MethodBDT.cxx.html
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Summary and Future Plan

2> WW and WZ analysis results with
Simple cuts and BDT are presented

> BDT works better than ANN, it is a very
powerful and promising data analysis tool

2>Redo WW/WZ analysis with CSC12 MC
=2>BDT will be applied for WW -> 2uX,
H->7ZZ WW and tautau etc.
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Decision Trees & Boosting Algorithms

=» Decision Trees have been available about two decades, they are
known to be powerful but unstable, i.e., a small change in the
training sample can give a large change in the tree and the results.

Ref: L. Breiman, J.H. Friedman, R.A. Olshen, C.J.Stone, “Classification and Regression Trees”,

Wadsworth, 1984.

=» The boosting algorithm (AdaBoost) is a procedure that combines
many “weak” classifiers to achieve a final powerful classifier.

Ref: Y. Freund, R.E. Schapire, “Experiments with a new boosting algorithm”, Proceedings of
COLT, ACM Press, New York, 1996, pp. 209-217.

=» Boosting algorithms can be applied to any classification method.
Here, it is applied to decision trees, so called “Boosted Decision
Trees”, for the MiniBooNE particle identification.

* Hai-Jun Yang, Byron P. Roe, Ji Zhu, " Studies of boosted decision trees for MiniBooNE particle

identification", physics/0508045, NIM A 555:370,2005

* Byron P. Roe, Hai-Jun Yang, Ji Zhu, Yong Liu, lon Stancu, Gordon McGregor," Boosted
decision trees as an alternative to artificial neural networks for particle identification", NIM A
543:577,2005

* Hai-Jun Yang, Byron P. Roe, Ji Zhu, “Studies of Stability and Robustness of Artificial Neural
Networks and Boosted Decision Trees”, NIM A574:342,2007
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How to Build A Decision Tree ?

1. Put all training events in root node,
then try to select the splitting variable
and splitting value which gives the

best signal/background separation.

2. Training events are split into two parts,
left and right, depending on the value

of the splitting variable.

3. For each sub node, try to find the best
variable and splitting point which gives
the best separation.

4. If there are more than 1 sub node, pick
one node with the best signal/background
separation for next tree splitter.

5. Keep splitting until a given number of
terminal nodes (leaves) are obtained, or
until each leaf is pure signal/background,
or has too few events to continue.

Radius?

/1 by

* If signal events are dominant in one
leaf, then this leaf is signal leaf (+1);
otherwise, backgroud leaf (score=-1).
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Criterion for “Best” Tree Split

* Purity, P, is the fraction of the weight of a
node (leaf) due to signal events.

e Gini Index: Note that Gini index is O for all
signal or all background.

Gini = () W,)P(1-P)
1=1

e The criterion is to minimize
Gini_left_node+ Gini_right node
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Criterion for Next Node to Spilit

* Pick the node to maximize the change in
Gini index. Criterion =

Giniparent_node - Giniright_child_node - Ginileft_child_node
e \We can use Gini index contribution of tree

split variables to sort the importance of
iInput variables.

* We can also sort the importance of input
variables based on how often they are
used as tree splitters.
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Signal and Background Leaves

 Assume an equal weight of signal and
background training events.

 If event weight of signal is larger than 2 of
the total weight of a leaf, it is a signal leaf;
otherwise it is a background leaf.

e Signal events on a background leaf or
background events on a signal leaf are
misclassified events.
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How to Boost Decision Trees ?

=>» For each tree iteration, same set of training events are
used but the weights of misclassified events in previous
Iteration are increased (boosted). Events with higher
weights have larger impact on Gini index values and
Criterion values. The use of boosted weights for
misclassified events makes them possible to be correctly
classified in succeeding trees.

=» Typically, one generates several hundred to thousand
trees until the performance is optimal.

=>» The score of a testing event is assigned as follows: If it
lands on a signal leaf, it is given a score of 1; otherwise -1.
The sum of scores (weighted) from all trees is the final

score of the event.
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Weak =2 Powerful Classifier

1 1 e un-weighted misclassified event rate
1 a weighted misclassified event rate, err_
. = [§* - 3=0.5

* o =PB*In((1-err_)err ). _|5_':'-.
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=» Boosted decision trees focus on the
misclassified events which usually have

high weights after hundreds of tree

iterations. An individual tree has a very

weak discriminating power; the

weighted misclassified event rate err,, Is

about 0.4-0.45.

June 4-7, 2007

Background Efficiency(%)

=>» The advantage of using boosted

decision trees is that it combines
many decision trees, “weak”
classifiers, to make a powerful

classifier. The performance of BDT

IS stable after few hundred tree
iterations.
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Two Boosting Algorithms

e AdaBoost Algorithm:
1. Initialize the observation weights w; = 1/n,i=1, 2...., n

2. Form =1 to M:
2.a Fit a classifier 1}, (x) to the training data using weights w;

2.b Compute

S wil(y; # To(x;))— | 1 = 1, if atraining
ETTm — i ) ~ -
Yo q 8 event is misclassified;

Otherwise, | =0

2.c Compute oy, = 8 x log((1 — erry,) /errm)
2.d Set w; «— w; X explaml(y; # Tm(z;))), i=1, 2,...,n
2.e Re-normalize u; = w;/ Y i W

3. Output T(x) = Zm_l o ml)

e c—boosting Algorithm:
1. Initialize the observation weights w; = 1/n, i = 1,

2. Form = 1 to M:
2.a Fit a classifier T}, (x) to the training data using weights w;

2.b Set w; «— w; X exp(2el (y; # Twlx:))), i=1, 2,...,n
2.c Re-normalize ug = wi/ > o 1 W
3. Output T(x) = 2 M_ €Ty (z)

2 ey T
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Example

e AdaBoost: the weight of misclassified events is increased by
— errorrate=0.1and B = 0.5, o, = 1.1, exp(1.1) = 3
— error rate=0.4 and 3 = 0.5, a,,, = 0.203, exp(0.203) = 1.225

— Weight of a misclassified event is multiplied by a large factor
which depends on the error rate.

* e-boost: the weight of misclassified events is increased by
— If £=0.01, exp(2*0.01) =1.02
— If £=0.04, exp(2*0.04) = 1.083
— It changes event weight a little at a time.

=>» AdaBoost converges faster than ¢-boost. However, the
performance of AdaBoost and e-boost are comparable with
sufficient tree iterations.
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