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Tog Oueric

QL Spint /2 fermmion;  change +2/3

@ Weak=isospin partnerofithe bottom
Gguank

QE=A(xsheavierthanhts pantner:
@ Heaviest known fundamental particle

Q' Produced mostiy in it pairs at the
lievatron

o 85% . 16% gg QUARK MASSES

Mtop =171.4 £ 2.1 GeV

antiproton
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Trig D2 =xoerimeni

HIOPIqUEArKSIONSEVEC Y/
DZrandiCDENRMOSSWiIth
=50 pl "ol data




Trig D2 =Eoeripnani

HIOPIqUEArKSIONSEVEC Y/
Drand CENRAN 995t
=50 pl "ol data




Tre D2 Exoerirnar

QHop quarks observediby.
DYand CHENRM995With
=50 pbr' of'data
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Dataset

3/13/2007

9" D@ has morethan 2 b onftape; Many thanks teithe
Eermilabyacceleratordivision

@ Thisranalysisiuses 0.9 ofidatarcollected firom 2002 to

74007
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gyg = g == Ul 9o GNBO=S PO G025 e = U2 99

(Too skl o sga i ifg Tavzlifor))

Expernmentaliresults (957 C:Lt%)

@ DO i1, <i5:0/pb; (370 phr?) 9 DG o =22ph (@70 ph)
O CDF  th <3.2pb (700 pbi) @ CDE tahi<3.1'pb (700ipb:)
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Qoo

S

POQ

¢
i

Vieasure| Vi directlyA (imereaier)
JiESt Unianty e CRIVINmaiink
AnemaleushViiceuplines

SEChannelfresenances (neavy\Waheson, chareed Higgssesen; Kaltlza-Kielmrexcied
Wi LECHRIPION EICY)

EChianneliaver-chanaing netal cuirentsii="ZJ/ 7//g = ¢/ ufcouplngs)
EoUIithgEnEralenICigUarks

PojalZEed iep guaiks = Spin colelauensiImeastlcis ENntdECaPIeE UEES
Vieasurenep guarkipaalifdecaywidisranciiieume
CRVielauenNSameNnaieNopiopranc antiiep?)

Backgrounds tiersame = mustihera e termeeelthemisuceessiully,
JIEST GIRtEChnIGUEST e ExtractiersimallisignaiNiremialargesackaioune
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proton

antiproton

T Q)pe Iseleiiael dlaeiion of sl
@ Electron pr>151GeV; | <.1
@ Muon pr > 181GeV i <20

QEVIISSING traNSVENSE ENEra)
@ F:. > 15 GeV

QR @neNEiaggederancraieasioReNoE N et
@ 2=4jets with pr > 151GeV, " |n|'< 3.4
@ Feading|jet py = 25 GeV, 1ii<2.5
@ Secondieadingijet py = 20/GeV.
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t-channel tgb

«= |epton
== b fromt
== other b

20 40 60 80 100 120 140 160 180 200
Transverse Momentum pr [GeV]

~= |lepton
== bfromt
== other b

== light g

%8 4 =3 2 A

Pseudorapidity x Lepton Charge nx Q
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QEByVioscow StaterUniversity theorists;based onCONMPHER
QrReproducesiNEOrkinematic distributions
QEPYAHIANorpantonthadronization

QEPYAHIANorpartonthadronization

@ Parton=et matchingfalgorithmpuseditoravoid double=countingfinal
Stales

O'Normalized torNNLLO cross section
@85 uncertaintylincludes component for topimass

@'Normalized tordatarberorev=taggingtogetherwith\\ajets
background)




O ©C © 0 ©

Q ©

YA HIAS o partonthadronization
Rarton=jet matchinglalgonthmiused torayvoeid doublescountingffinal states
WhissandhWVeerractionsifrom data tor better representihigher-order effects

305 uncertainty for differencesiinievent kinematics and assuming equalfor\Wisls
and\VGCE

VEFjetstnormalizeditordatatbetore srtaggingi(wWithrmuitijet background)
zxjets; dibosonibackgroundsiveryssmallincludedinViEetsiviatnormalization

Wbb+Wc¢ scale factor W+jets normalization factors
1.50 + 0.45 Normalize to data before b-tagging

Fit to data with no b-tagged jets




=vert (lelds Bafore o-Tejgine

W Transverse Mass

@ Signal aceeptancess: il =151, taler= 4555
Electrons Muons
1SR relilo) fororie|o) = (LEl0) - -

@ Need tolimprove S:B torhave a hope of;
seeing arsignal=>select only’eventsiwithilo=
jetsiinithem

Event Yields in 0.9 fb-! Data

Electron+muon combined, before b-tagging

tt— Il
tt — I+jets 2
180 wn‘w

0 fun B Pratiminary 0.9 B
ot

W+bb
W+cc
WH+jj
Multijets

Total background 14,654 5,667
Data 14,652 5,665




@ Separate b-jets from light-quark and
gluon jets to reject most W+jets
background

@ D@ uses a neural network algorithm

@ 7 input variables based on impact
parameter and reconstructed vertex

b Jets
(Real b-tags)

=
=~

@ Operating point:
@ b-jet efficiency ~ 50%
Q c-jet efficiency ~ 10% , R
@ light-jet effic. =~ 0.5% £ e

20 30 40 S0 60 70 80 90 100
-----|||

NN Tagger Efficiency
$§ 8 &

=
(]

c Jels
(Fake b-tags)

4

NN Tagger Efficiency

*  Tagger appled o MG
= TRF apphed 1o MC
= TRF afer scaling io maich 1agger on data

20 30 40 50 B0 TO  BO SO 100
Transverse Momentum [GeV]

Transverse Momentum [GeV]

MN Tagger Efficiency

NN Tagger Efficiency

(Real b-tags)

*  Tagger applied to MG
= TRF applied 1o MG
= TRF after scaling 1o maich tagges on data

0 02 04 06 08 1 12 14 16 18 2 22 24

Detector Pseudorapidity Inl

cJets
(Fake b-tags)

= TRF applied io MC
= TRF afer scaling io maich 1gges on data

o 02

04 06 08 1 1.2 14 16 18 2 22 24
Detector Pseudorapidity Il




=vert (lelds after o-Taclc)iric

Event Yields in 0.9 fb-1 Data
Electron+muon, 1tag+2tags combined
2 jets 3 jets 4 jets
20+ 4 12+3

tt— Il 39+ 9 32+7
tt — l+jets 20+ 5 103 + 25
W+bb 261 + 55 120 + 24

W+cc 151 + 31 85+ 17
W+jj 119 + 25 43+ 9

Multijets 95+19 = 77:15

Total background 686 + 41 460 + 39 253 + 38
Data 697 455 246

|

@ Signal:background ratios for tb+tgb are 1:10 to 1:50
Q

@ Single top signal is smaller than total background uncertainty
@ counting events is not a sensitive enough method

@ use a multivariate discriminant to separate signal from
3/13/2007 background Shabnam Jabeen (BU)
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Seeirer Sireiac)y SuUrnrrery

W Pariciel Drdelinions SEl asorSE Percentage of single top tb+tqb selected events
2SSk ENIRE HIgHEST and S:B ratio (e sauares = no pans o anayee
ENICIENECY, SEpaalersIgnalNiem
PECKEIEURESWItINEKENEPLORS
|eiief)

WNensSVerSENnomeEntim
IreEsheldsIseiov;:
PSEUEBEPIdINES WICE

QEASTIIaNY decay chiannels Used as ﬂ
pPoOSSIkle=thisianalysisishiewnin
felel 9o n

QI Channelstanalyzed separaiely,
SiHcerSiBraneiackaiound
COMPOSIENS AIfier
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12 Analysls Criaringls :

Yisld [countsHDGEV]

Yiald [counta10GeV]

3/13/2007

DI Run |l Preliminary 0.9 f8

a+jets
==11ag

==2 jets

Faun Il Preliminary 0.9 ft’
a+ets

==1tag
==3 jeta

Fiald [counts 10GeV]

D [Aun 1 Preliminary 0.8 fb'

tt

Multijets

:  +10 uncertainty
on background

W Transverse Mass

O Run 1l Preliminary 0.9 f' Aun 1t Prediminary 0.9 16"
utets wtjels

==1tag ==2 1ags

==2 jata =2 |els

RAun I Preliminary 0.9 b’
e+els

==2 tags

=2 jels

Yiald [EoUntar 0GEY]

100 150

100 150
M (W} [GeV] ML{W) [GeV]

B8 Feun 1l Praliminary 0.9 1 DA AR Il Preliminary 0.9 16’
e+jals u+ets.

==Z lags ==1 tag

=3 |ets ==3 |eis

1 150
ML {W) [GeV]

Fun 1l Preliminary 0.9 ft

Shabnam Jabeen (BU) 16



Svysiarratlc Uricarialrrijes

Q@ Uncertainties arerassignedifor eachisignal andbackground component
i allfanalysis .channels

WEViest systematiciuncertaintiesiapply only tornormalization

QI EISOUICES O URNCE NN 2lSEraiECIHESHAPES G GISUTIUGRS

Wjetenergy scale
@ tagrrate functionsiorsctagging MG events

@ Correlations between channels andisources are taken'intoraccount

SourceoffUncertainty, Size
Too ozlrs norzlizztior)

Werlzts & muliljgis

norzlizzition)

Iritggratzel urninosity 5%

Triggzr moczlirg 5—5%

Lagton 1D corracilons 7Y%
I—1%

Faw Y

1=20%
2= 5% 17
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Data =
tb+tgb ™
tt
W+jets
Multijets ™

d=S+B=0cAL+B=0ca+ > 18",

Event Yield

Predicted number of data events

Predicted number of signal events

Predicted number of background events
Cross section

Signal acceptance

Integrated luminosity

Effective luminosity

No. of events in each background component

E kYA

0.4 0.6 0.8 1
Discriminant

-

=
.

Position of peak
= oitb+tqb)

Prob(D|d) = Prob(D|o,a,b) = HNbinS Prob(D;|d;)

1=

=
[*

Observed number of data events

68.27% of area
Vector of background components

=t Ay

=
=

Posterior Probability Density(o|D)
[, |, Prob(D|o,a,b) Prior(a,b) Prior(c) da db

Posterior Probability Density [pb™]
=
ha

=

[
Single Top Cross Section [pb]

Nbkgdst=i6r (ttlls oSkl We e Wi multijets);  Nbins'=H2 chans x: 100 binsi= 1,200
Crossisectionobtained from peak position o Bayesian posteriorprobability density,
Shapeandnoermalization systematiciuncertainties treated asinuisance parameters

@ Correlations between uncertainties;are; properly accounted for

3/1%/2%';9"3' Cross section prioris norgHae(g%%vJea erétrzl] fL

© QO
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Wehave selected i2independent'sets ofidataforfinalianalysis

Backgroundimodel givesigoodirepresentation ofidatafini~90
vamablesinieveny channel

EalculaierdisSchmnEnLSitalSEpaalersIgalNemNackgieune
O BoostedldeECISIONItIEES
@ Matrixtelements
O Bayesianneural networks

Checkidischiminant perormance using datarcontrol’'samples
Useensembles ofipseudordatarto testvalidity orimethods

(C2ICUIaIEICIESSISECENS USIENITREANKEINICEENILS O]
(lleaung)rsignaiEinred) e ckeoune o 6 i

Shabnam Jabeen (BU)
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@ ljovernty that the'calculationimethods workiasiexpected; we test themusing
several'sets (“ensembles )lof pseudo=data

O Wonderfulftool tortest theranalyses!s Bikerunning DY imany 15000/'s of'times
B SEIECH SUSEISIOieVentsHireni ielal el o VICTEVERS
0 Randomly samplerarPoissonidistribution to simulate statistical fiuctuations

9 Backgroundyields fluctuated aceording toruncertainties to reproduce
correlations between components fromnoermalization

D Ensemblesiwe usedk
O Zerorsighallensemble; ol ig )= 0ph
O SVifensemb] ey (s ig o) =2:9ph
Q= ysteny - ensembles) c(ilFigla) = 2pl
G \VMeasurediXsec ensemble; c{ihFigle) = cimeas

5

SM input cross section = 2.86 pb

1,000 pseudo-datasets
in ensemble

8

g

Measured cross section
= distribution mean
=292 pb

@ Eachipseudo=datasetisiikerone’Doiexperimentwith 0
Q Up e 685000 pseudo=datasetsiperensemble

2
[
@
L]
]
¥
=]
°
3
@
@
=3
s
13
]
E=]
E
E]
=

o B8 & 38 8

0 2 4 6 8 10 12 14
Measured tb+tqb cross section [pb]
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Q- Machine-leamingrtechniqueswidelyrusedinisociallSCIENCES;
someuseinHEPR

@ ldeasrecover events thatifail crternaiinicut=based analyses
QE Startiatifirst™ noder S with  training sample - offl/srofiall
signallandbackgroundievents

@ Eor eachivariable; find splitting value:withibest'separation
betweentwo childreny(mostiy signaliinfone; mostly background
intherother)

W Selectivariablerand splitting value with best separation to
produce two - branches “ with corresponding events; (E)ailedand
(P)assed cutRepeaiecursively onieachinode

@ SIOPWHERNPIOVEMERT SIOPS CIWHENCONEW EVEn S areN el
(100)

ezl medeNsicalled as ezl i
pUtyA=INSIgRal/(INSIeRalENRackgreund)

@ RURrEmaningr2/stevenisianeidaiartnreuahitreerierdenveesulis
QN DECISION rEE BUlpUerEachreVen=NeaifpuiLy
(Cleserie bNerhackareunedineareriNersianal)

3/13/2007 Shabnam Jabeen (BU) 21



@ Boosting is a recently developed technique that improves any weak
classifier (decision tree, neural network, etc)

@ Boosting averages the results of many trees, dilutes the discrete
nature of the output, improves the performance

@ This analysis:

@ Uses the “adaptive boosting algorithm”:
@ Train a tree Tk
@ Check which events are misclassified by Tk
@ Derive tree weight wk
@ Increase weight of misclassified events

@ Train again to build Tk+1 e
@ Boosted result of event i : Before boosting After boosting

62 04 06 0B 1
fqb-Whb DT output

@ 20 boosting cycles

@ Trained 36 sets of trees: (tb-+iok, th, tgk) x (e,u) x (2,3,4 jets) x (1,2 b-tags)

@ Separate analyses for tb and tqb allow access to different types of
new physics

@ Search for tb+tgb has best sensitivity to see a signal

3/13/2007 Shabnam Jabeen (BU) 22



Object Kinematics
pr (jetl)
pr(jet2)

P (jet3)

P (jet4)
pr(bestl)

pt (notbestl)
p1(notbest2)
pr (tagl)
pr(untagl)
pr(untag2)

Angular Correlations
AR(jetl jet2)
cos(bestl,lepton)pesttop

cos(best1,notbestl ) esttop
cos(tagl,alljets)a)jjets

cos(tagl lepton),eaggedtop
cos(jet1,alljets) alljets
cos(jetl,lepton)praggedtop
cos(jet2,alljets) a11jets
cos(jet2,lepton)ptaggedtop
cos(lepton, Q(lepton) X z)hesttop
cos(lepton,besttopframe)y, esttop G
cos(lepton,btaggedtopframe)y, o0
cos(notbest,alljets) 4)jets
cos(notbest, lepton)pesttop
cos(untagl,alljets)alljets
cos{untagl,lepton)praggedtop

Event Kinematics

Aplanarity(alljets, W)
M(W bestl) (“best” top mass)
M{W . tagl) (“b-tagged” top mass)
Hr (alljets)
Hy(alljets—best1)
Hr(alljets—tagl)

Hy (alljets, W)

H (jetl jet2)
Hr(jetl,jet2, W)
Mialljets)
M(alljets—best1)
M(alljets—tagl)
M(jetl,jet2)
M(jetl,jet2, W)

Mo (jetl,jet2)

My (W)

Missing Ey
pr(alljets—bestl)

pr (alljets—tagl)
pr(jetl,jet2)
Q(lepton) x 7 (untagl)
V3

Sphericity(alljets, W)

@ 49 input variables - Same list of variables used for all analysis channels
@ Adding more variables does not degrade the performance
@ Reducing the number of variables always reduces sensitivity of the analysis

3/13/2007 Shabnam Jabeen (BU)



@ Select two background-dominated samples:
= 2 jets, HT(lepton, ET, alljets) < 175 GeV, =1 tag

@ Observe good data-background agreement

3/13/2007

@ “W+jets”:

@ “tt”: =4 jets, HT (lepton, ET, alljets) > 300 GeV , =1 tag

Event Yield

Event Yield

“® Data D@ Run Il Preliminary Sllil;:lli1
= s+t-channel
M s+t-channel

0.2 0.4
tbtgb-combined DT autput (tulm-ee)

- Data D@ Run Il Preliminary sfﬂplj‘
- s+t-channel p+jets
==1 tag

0.2 0.4
tbtgb-combined DT autput (fulm-ea)

D@ Run Il Preliminary 910pb’
e+jets

==1 tag

==4 jets

300.0<HT

0.4 0.6 0.8
tbtgb-combined DT output (tulltres}

D@ Run Il Preliminary 870pb’
p+jets

==1 tag

==4 jets

300.0<HT

04 0.6 0.8 1
tbtqb-combined DT output (fulltree)
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@ Use “mystery” ensembles with many different signal
assumptions

@ Measure signal cross section using decision tree outputs
@ Compare measured cross sections to input ones

@ Observe linear relation close to unit slope

e+p-channel
Full systematics

Decision Trees

[ a8 10 12 [ B 10 12 14
Observed tbigb cross section [pb] Observed tbtgb cross section [pb]

x2Indof = 4.89/4
Slope =1.07 £ 0.03
Intercept =-0.12 £ 0.10

e+u-channel
Full systematics

Measured tb+tqb Xsec [pb]
O a N W A 1O N WO

0o 1 2 3 4 5 6 7 8 9
Input tb+tgqb cross section [pb]

& 8 10 12 14
Observed tbtgb cross section [pb]
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Slgrial-Bacicrolric Sgoaratiorn
Lsirie) Mleirie Elarneriis

Q9
Q

o ©

Use the 4-vectors of all reconstructed leptons and jets

Use matrix elements of main signal and background Feynman diagrams
to compute an event probability density for signal and background
hypotheses

Goal: calculate a discriminant:

P Signal()_(’ )
P Signal ()_(’) +P Background ()_(’ )

Ds(x) = P(S[X) =

Define PSignal as a normalized differential cross section:

Performed in 2-jets and 3-jets channels only

No matrix element for tt so no discrimination between signal and top
pairs yet

Matrix element verification with ensembles shows good linearity, unit
slope, near-zero intercept

3/13/2007 Shabnam Jabeen (BU) 26



@ Select two background-dominated samples:
@ “Soft Wtjets”: =2 jets, HT(lepton, ET, alljets) < 175 GeV, =1 tag
@ “Hard W+jets”: = 2 jets, HT(lepton, E7/, alljets) > 300 GeV, =1 tag
@ Observe good data-background agreement

“Soft W+jets” “Hard W+jets”

KS: 0.718

L g :: IL]ats

0.8 0.9 B 2 ¥ 0.9 1
tb Discriminant tb Discriminant tb Discriminant
__tq Discriminant - Ht < 175: e+ w/ =2 Jets and Tags Combine tq Discriminant - Ht < 175: o4 w/ =2 Jets and Tags Combined q - Ht=300: e age tq Discriminant - Ht > 300: e+y w/ =2 Jots and Tags Combined

2 ¥ L 0.9
tq Discriminant tq Discriminant tq Discriminant tq Discriminant

3/13/2007 Shabnam Jabeen (BU) 27




@

Neural networks use many input variables, train on
signal and background samples, produce one output
discriminant

Bayesian neural networks improve on this technique:

@ Average over many networks weighted by the
probability of each network given the training
samples

@ Less prone to over-training

@ Network structure is less important — can use larger
numbers of variables and hidden nodes

For this analysis:

@ 24 input variables (subset of 49 used by decision
trees)

@ 40 hidden nodes, 800 training iterations
@ Each iteration is the average of 20 training cycles

@ One network for each signal (tb+tgb, tb, tgb) in each
of the 12 analysis channels

Bayesian neural network verification with ensembles
shows good linearity, unit slope, near-zero intercept

3/13/2007 Shabnam Jabeen (BU)

[} ="
0 010.20.30.40.5060.70.809 1
Network output

0 1y
0 0102030405060.70809 1
Network output
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@ By how much can we expect to rule out a background-only hypothesis?

@ Find what fraction of the ensemble of zero-signal pseudo-datasets give a cross section
at least as large as the SM value, the

@ For a Gaussian distribution, convert p-value to give

@ What precision should we expect for a measurement?

@ Set value for “data” = SM signal + background in each discriminant bin (non-integer)
and measure central value and uncertainty on the

@ How well do we rule out the background-only hypothesis?

@ Use the ensemble of zero-signal pseudo-datasets and find what fraction give a cross
section at least as large as the measured value, the

@ Convert p-value to give

@ What cross section do we measure?
@ Use (integer) number of data events in each bin to obtain

@ How consistent is the measured cross section with the SM value?

@ Find what fraction of the ensemble of SM-signal pseudo-datasets give a cross section
at least as large as the measured value to get

3/13/2007 Shabnam Jabeen (BU) A



Pseudo-datasets / 0.4 pb

Posterior

Probability Density [pb™]
=
o

Decision Trees

2.7

Expected cross section

Decision Trees

Probability to rule out

Zero-signal ensemble

2 3 4 56 7 8 9
tb+tqgb Cross Section [pb]

=
a
w»

o
e

S e
o =

th+tgb Cross Section [pb]

3/13/2007

1.6
1.4

] o]

Pseudo-datasets / 0.2 pb

Probability Density [pb™]

Matrix Elements

3.0 %5 pb

Zero-signal
ensemble

0 1 2 3 4 5 6 7
tb+tgbh Cross Section [pb]

6 g 10
th+tgb Cross Section [pb]

Shabnam Jabeen (BU)

:
3
g

Pseudo-datasets / 0.2 pb

g
g
&
2
z
&

=

o=
=
L*]

Bayesian NNs

3.27%3pb

Bayesian
Neural
Networks

Zero-signal
ensemble

01 2 3 45 6 7 8 910
tb+tqb Cross Section [pb]

-
s

-

2 4 ] B 10 12 1;!
th+tqb Cross Section [pb]




Bavyaslar) NN Rasufis

: Bayesian
: Neural
: Networks

(=1
L]

(=]
.

=
[=1]

Measured

P
=
4]

Measured p-value = 0.89 %
Measured significance =2.4 ¢
Compatibility with SM = 18%

Probability Density [pb™"]
=]
P
.

Posterior

=

6 8 10 12 14
tb+tqb Cross Section [pb]

&
=)

N
8

5.0 pb

2

—
(=]
-
& 8

o

o
.
=
——
[,
el
@
»
{1
el
©
-
[]
o
o
=)
o
w
o

Pseudo-datasets / 0.5 pb

=]

01 2 3 456 7 8 910 0 5 10
tb+tgb Cross Section [pb] tb+tgb Cross Section [pb]
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Matrix Element Results

D@ Run Il preliminary

Matrix
Elements

Measured

resul Measured p-value = 0.21 %

Measured significance =29 c
Compatibility with SM = 21%

Probability Density [pb™"]

Posterior

4 6 8 10
tb+tgb Cross Section [pb]

h
3]
o

Matrix
4.6 pb Elements

SM-signal
ensemble

Compatibility
With SM

—
o
=1

Pseudo-datasets / 0.33 pb

L
o
N
o
—
[7)]
]
@
W
(1]
—
1)
Q
o]
o
3
L1F]
W
o

(=

0 1 2 3 4 5 6 7 0 5 1_0
tb+tgb Cross Section [pb] tb+tgb Cross Section [pb]

3/13/2007 Shabnam Jabeen (BU)
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D@ Run Il Preliminary

e /2jets / 1tag
e/ 2jets [ 2tags
e/ 3jets / 1tag

e / 3jets / 2tags
mu / 2jets / 1tag
mu / 2jets / 2tags
mu/ 3jets / 1tag
mu / 3jets / 2tags

Combined |
(Matrix elementsb

I N. Kiddnakis,

3/13/2007

RO 70, 114012 (2004), m, = 175 GeV

D@ Run Il preliminary

0.85 0.9 0.95 1
tb+tqb ME Discriminant

Discriminant output without
and with signal component
(all channels combined to
“visualize” excess)

D@ Run Il preliminary

D 74, 114012 (2006), m, = 175 GeV

10 15
6(pp — th+tqb) [pb]

0.85 0.9

0.95 1
tb+tgb ME Discriminant

Shabnam Jabeen (BU)



Decision Tree Results

D@ Run Il preliminary

Decision
Trees

Measured
result

Measured p-value = 0.035 %
Measured significance =3.4 ¢
Compatibility with SM = 11%

Probability Density [pb™"]

Posterior

4 6 g 10 12
tb+tgb Cross Section [pb]

Trees
Zero-

signal
ensemble

50

Pseudo-datasets / 0.5

—

a
o
<
o
—
7]
el
©
I
s
©
T
°)
°
=
o
0
o

0 1 2 3 4 5 6 7 8 9 %1 2 3 4 56 7 8 9

tb+tqb Cross Section [pb] tb+tqb Cross Section [pb]
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3/13/2007

D@ Run Il Preliminary
&/ 2jets [ 1tag

e/ 2jets / 2tags

e/ 3jets [ 1tag

e/ 3jets / 2tags

e/ djets / 1tag

e/ djets / 2tags
mu / Zjets / 1tag
mu / 2jets / 2tags
mu / 3jets / 1tag |
mu / 3jets / 2tags |
mu / djets / 1tag

mu / 4jets / 2tags

Combined |
(Decision trees) ,
i

g , BRI 74, 11401 . my =
Bl N Kidchakis, REID 74, 114012 (2006), m, = 175 GeV
[0z sullivan PREEFO, 114012 (2004), m, = 175 GeV

10 15 20
o(pp — tb+tqb) [pb]

Shabnam Jabeen (BU)

Event Yield

D@ Run Il preliminary

0.9fb™" »
tb+tgb ™
ttl
Wijets
Multijets

1o unoerlailﬂ NN

on backgrou

0.2 0.4 0.6 0.8 1
tb+tqb Decision Tree Output

Discriminant output (all channels
combined) over the full range and a
close-up on the high end

Event Yield

D@ Run Il preliminary

09fb™" o
tb+tgb ™
ttm
Wijets
Multijets

+10 uncertainty -
on backgroum T

0.7 0.8 0.9 1
tb+tqb Decision Tree Output
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ME Discriminant < 0.4 ME Discriminant > 0.7

Mass (lepton,#-,btagged-jet) [GeV] WERS (Iepton,E_{ ,btagged-jet) [GeV]

Obs: 433
Bkg: 436

Q(lepton) x n(untagged-jet) Q(lepton) x n(untagged-jet)
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DT Discriminant < 0.3 DT Discriminant > 0.65

D@ Run Il Preliminary 0.9 fi'

D@ Run Il Preliminary 0.9 fl5'
e+u channel

e+u channel
1-2 tags
2-4 jets

DT<0.3

Mass (lepton,H;,btagged-jet) [GeV]

DO Run Il Preliminary 0.9 fi5' : Rup Il Preliminary 0.9 fi5'
es+u channel e+u channel

1-2 tags

2-4 jets

W Transverse Mass [GeV] W Transverse Mass [GeV]
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CheESE the'SOMIgHESE EVENTS
1) ezien) cliSerlelarEi lael
CEUREGVENZRPING EVERLS

D@ Run Il preliminary

DT ME BNN

Decision trees 4.9 +:: pb DT
. ME

Matrix elements i 4.6 +:g pb BNN
' DT

Bayesian NNs E 5.0 +:g pb ME
BNN

, 114012 (2006), m; = 175 GeV
4012 (2004), m, = 175 GeV

Measure cross section in 400 pseudo-
_ 10 15 datasets of SM-signal ensemble and
6 (PP — th+X, tqb+X) [pb] calculate linear correlation between

each pair of results

Results from the three methods are
consistent with each other
DT ME BNN
DT
ME

BNN
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@ Weak interaction eigenstates and mass eigenstates are not the
same: there is mixing between quarks, described by CKM matrix

@ In the SM, top must decay to W and d, s, or b quark
Q

@ Constraints on Vtd and Vts give

@ If there is new physics, then
Q

@ No constraint on Vtb
@ Interactions between top quark and gauge bosons are very interesting

3/13/2007 Shabnam Jabeen (BU) 39



@ Use the measurement of the single top cross section
to make the first direct measurement of |Vtb|

@ Calculate a posterior in |[Vtb|2 (o(tb, tgb) oc |Vtb]|2)
@ General form of Wtb vertex:

Q@ Assume
e SM top quark decay V3 +V;2 « V2
e Pure V-A: fi =
e CP conservation :ff f& =0

@ No need to assume only three quark
families or CKM matrix unitarity

(unlike for previous measurements th tqb
using tt decays)

Top mass 13 % 8.5 %
Measure the strength of the V-A Scale 5.4 % 4.0 %
coupling, |V, f{|, which can be > 1 PDF 4.3 % 10 %
Ols 1.4 % 0.01 %
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D@ Run Il preliminary

 [Viof1[2

=17

IVipfit] = 1.3 £ 0.2

0.9 fb™ D@ Run Il preliminary 0.9 fb™"

@ A A
wm o v

+0.6
-0.5

«
=}

Posterior Probability Density
NN
o «

O = -
o o o W

0.68 < |Vi,| =1 at 95% C.L.
(assuming f;-=1)

Shabnam Jabeen (BU)
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@ Challenging measurement — small signal hidden in
huge complex background
Much time spent on tool development (b-tagging) and
background modeling

@ Three multivariate techniques applied to separate
signal from background

D@ Run Il preliminary
I 0.9 fb™' Data &
tb+tgb W

Background

b=
g
=
-
e
o
=
w

Q
t;flqb De‘:.:IBsion Tr'::e Outpu:
Q
D@ Run Il preliminary
@ Result submitted to Physical Review Letters
@ Door is now open for studies of Wtb coupling and

searches for new physics

a
2
@
=
a
£
3
2
£
o

Posterior

tb+tgb Cross Section [pb]
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D@ Run Il preliminary

Decision
Trees

+1.8
Measured o(tgb) =4.2 27, pb
result for
t-channel tgb

o(tb) = 1.0 £ 0.9 pb

Probability Density [pb~"]

Posterior

6 8 10 12
tqb Cross Section [pb]

Decision
Trees

PRD, 054024 (2002)
e sl

'

=
»

A 9y

& 4th family {V'=0.5)

% Toppion (m=250 GeV)
PRD63, 014018 (2001)

Measured
result for
s-channel tb

Probability Density [pb™"]

Posterior

=
=
c
o
2
7]
@
w
®
]
o
1=
(&]
Q
g
o
=
c
]
<
(8]
-

6 8 10 12 2 3
tb Cross Section [pb] s-Channel tb Cross Section [pb]
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3/13/2007

06 08 1.0 . . . 08 1.0
tb Discriminant tb Discriminant tq Discriminant

06 08 1.0 . . 06 08 1.0
tb Discriminant tq Discriminant

b
ti— l+jets -

0.6 08 1.0 . X 0.6 0.8 1.0 00 0.2 0.4 0.6 0.8 1.0
tb Discriminant tb Discriminant tq Discriminant

Shabnam Jabeen (BU)

tq Discriminant

06 08 1.0
tg Discriminant

06 08 1.0
tq Discriminant
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