CDF/PUB/EX OTIC/PUBLIC/9166

Neural Network Search for Standard Mo del Higgs Boson in E;Plus
Jets Channel with 1.7 fb 1!

The CDF Collaboration
URL http://mww-c df.fnal.gov
(Dated: January 17, 2008)

This analysis focuseson a low massHiggs boson searc with 1.7 fb ! of data. We look for Higgs
events in which it is produced in assaiation with a W or Z boson for either a Z! decay or a
leptonic W decay in which the lepton goesundetected. Such events are expected to leave a distinct
signature of large missing transverse energy, as well as jets with taggable secondary vertices from
the H! bb decay. Utilizing a new track based technique for removing QCD multijet processesin
addition to a neural network discriminant, we calculate an expected limit of 8.3 times the Standard
Model prediction at the 95% CL for a Higgs boson massof 115 GeV=¢?, with an observed limit of
8.0*SM.
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I. INTR ODUCTION

The Higgs bosonis the sole remaining undiscovered piece of the Standard Model of particle physics. While the
Higgs medhanism is a fundamenrtal componert of Electroweak uni cation, the obsenable Higgs bosonhas eluded all
experimental measuremets. The massof this particle is not predicted by theory, but experimental studies performed
at LEP have constrained the massrange. Analysis of data from ALEPH, DELPHI, L3, and OPAL set a lower mass
limit of 114.4 GeV/c?. In addition, increasingly accurate measuremets of the top quark as well as electroweak
obsenables constrain the upper masslimit on the Standard Model Higgs bosonto 144 GeV at the 95% con dence
level [1, 2]. This analysiswill focuson a Higgs bosonseard in this massregion of 110-150GeV/c 2.

In proton-antiproton collisions at the Tevatron, a standard model Higgs boson may be produced in asscaiation
with a Z or W vector boson[3]. Events in which the Z decays to undetectable neutrinos, leave a distinct signature
of missing energyin the transversedirection(E+ ). This particular channel also expects a signi cant amount of signal
yield from WH everts in which the W decays leptonically, but the high Pt lepton is not identied by the orthogonal
WH seard. Theseeverts often have large £ aswell. Models of the signal aswell as most badkgrounds are developed
using Monte Carlo. However, the largest badkground cortribution in this analysisinvolvesthe QCD production jets,
and this badkground is modeled directly from the data.

Il. DATA SAMPLE & EVENT SELECTION

The data sample utilized in this analysiswas collected on a missing transverseenergy plus two jets trigger, and is
comprised of a total integrated luminosity of 1.7 f b 1. A E;threshold of 50 GeV is applied to the data sampleto
accourt for trigger ine ciencies and rising badkground rates at low E; . Additional evert selectionis madeto accourt
for other trigger ine ciencies or background rejection.

A leading jet requiremert of j j < 2.0and E+ > 45 GeV and secondjet requiremert of j j < 2.0and E1 > 25
GeV is placed on all events.

Either the lead or secondjet must be certral(j j < 0.9) due to trigger requiremerts.
Events are vetoed if a third jet existswith j j < 2.4and Er > 20 GeV.

) . P————
Lead and secondjet are required to be separatedby 2+  2>1.0.

Exclude regionwhere  (E;-Lead Jet) < 0.8. This cut is highly e cien t for signal, and removesa small amount
of badkground.

Everts with identi ed high-energy electronsand muons are not accepted,as these are potential candidates for
orthogonal WH seardes.

The data sampleis divided into a signal samplewhere  (E;-2"¢ Jet) > 0.8 and a QCD cortrol samplewhere
the missing E1 is aligned with the secondjet(  (E;-2"¢ Jet) < 0.4).

A. Tagging Algorithms

To isolate a data sample that is enriched with physics involving b quarks, algorithms are implemented to locate
secondaryvertices consistert with the long lifetime of b-hadrons. This method hasbeenusedin other Higgs seardhes
and top analyses[4]. An additional jet probability algorithm is implemented by requiring a low probability that all
tracks in a jet are consistert with originating from the primary vertex [5]. The data sampleis therefore split into
everts in which both jets satisfy the secondaryvertex tagging algorithm, and everts in which one jet is secondary
vertex tagged, while the other satis es the jet probability requiremert.

1. SIGNAL AND BA CK GROUND PREDICTION
A, ZH! bband WH! (I ) bb

Signal Monte Carlo sampleswere generated with the PYTHIA program [8] for Higgs massesbetween 110-150
GeV/c2. The expected event yield of the signal is predicted according to its e ciency for passingevent selection,



b-tagging requiremerts and trigger parameterization. This overall e ciency is then usedto calculate the total signal
prediction resulting from the sbandard model theoretical crosssection times braching ratios for 1.7 fo ! of data in

proton-antiproton collisionsat = s=1.96 TeV.
ZH ! bb WH ! | bb
Mass|Vertex + Probabilit y Tag|Double Vertex Tag|Vertex + Probabilit y Tag|Double Vertex Tag
110 0.63 0.78 0.46 0.57
115 0.54 0.68 0.41 0.49
120 0.46 0.59 0.32 0.39
130 0.30 0.38 0.21 0.25
140 0.17 0.20 0.10 0.14
150 0.07 0.08 0.04 0.05

TABLE |: Mean signal event expectations in 1.7 f b ! after event seletion and b-tagging

B. Background Mo deling

Most badkgrounds to the physics of interest in this analysis are modeled with Monte Carlo. The W/Z + heavy
avor(bg ct;c) badkgrounds were generatedby the ALPGEN program interfaced with PYTHIA which provides the
parton showering [7, 8]. These badkground predictions are scaledrelative to other CDF measuremets utilizing the
method outlined in Ref. [4]. Diboson, tt and single top badkground expectations are calculated according to their
theoretical or measuredcrosssections.

The falsely taggedlight a vor (mistag) badckground is predicted from the data by utilizing negatively-taggedeverts,
everts in which the measureddisplacemen of the secondaryvertex is opposite the b jet direction. Thesetags are
due to limitations in resolution, as are everts in which light avor jets are assaiated with a secondaryvertex. The
negative tag prediction is scaledby an asymmetry factor to predict the amourt of light avor for a particular set of
evert cuts and tagging algorithms.

Validation of electroweak and top badkgrounds are performed in events with oneisolated high Pt muon. The E;is
not corrected for the presenceof the muon to simulate the e ect of an additional neutrino. A requiremert of at least
one secondaryvertex tag is made, as well as the sameevent selectionrequired for the signal region other than the
muon veto. The badkground model reproducesthe data well, as seenif Figure 1.

1. Heavy Flavor QCD

The singlelargestbadkground to the Higgs signalin the E; + jets channelinvolvesheavy avor QCD jet production.
This badkground is typically the result of E; being generatedby calorimeter mismeasuremety although £ canalsobe
generatedby semi-leptonic decay in heavy avor jets. The majority of this badkground is removed by requiring that
the £ not be aligned with the lower transverseenergyjet, which we refer to asthe secondjet. However, the regionin
which the E is aligned with the secondjet is usedasa cortrol regionto test the kinematic shapesof the heavy a vor
QCD model. The QCD model is taken directly from the data in events with one and only one secondaryvertex tag.
The single mistagged light a vor badkground shape is subtracted out of the data, and biasesintro duced by tagging
are applied to the untaggedjet. The resulting shape contains almost ertirely heavy a vor physicsprocessegroducing
bottom and charm quarks, with relevant instrumental e ects and biasesapplied. Good agreemett is shovn between
the data and QCD model for the many kinematic and topological distributions studied in the QCD dominated region
wherethe E+ is aligned with the secondjet, asseenin Figure 2. After validating the method in this region, a similar
procedureis applied to the signal region by subtracting mistag, electroweak and top quark processe®ut of the single
tag data. The resulting shape is usedto model the QCD badkground in validation plots or for the discriminant used
in limit calculations. This procedure producesthe shape of the QCD, but the normalization is allowed to oat.

IV. ARTIFICIAL NEURAL NETW ORKS

Two separate neural networks have been deweloped for this analysis. The rst neural network is focused on
separating a ZH signal from the QCD mutli-jet badkground. While the large E+in a ZH evert is driven by the
Z! decay, the E;in a QCD evert is typically generatedby mismeasuremen of jets in the calorimeters. While
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FIG. 1: Figures for at least one secondary vertex tagged jet with an identied high Pt muon. Upper left: Dijet Mass; upper
right: Missing Et; lower left: Met Dot Product; lower right: R Jets.

Vertex + Probabilit y Tag|Double Vertex Tag

tt 81 15 82 13

single top 45 0.8 47 0.8

WZ/WW 14 03 12 0.2

ZZ 20 04 23 04

W+h.f. 88 3.8 6.9 29

Z+h.f/z | 8.2 36 80 34

Mistags 83 24 15 03

Total non-QCD h.f. 41.3 6.0 329 48

QCD h.f. (Fit) 16.5 10.7 16.4+- 8.6

Total Background 57.8 123 49.3+- 9.8
Data 62 48

TABLE |I: Event expectations for background processesafter signal region event selection. QCD normalization is estimated by
tting the nal neural network QCD shae to the data.

such mismeasuremets typically fall into the QCD control regionswhere the E is aligned with the secondjet, they
can also mimic a signal-like topology, with the E; pointing away from both identied jets. However, any missing
energy that is the result of calorimeter mismeasuremen is uncorrelated to the Pt of charged particles as measured
in the tracking chamber. Conversely the E;in events with high energy neutrinos will be correlated with missing Pt

from tracking information. Using a neural network, seweral track-basedquartities are usedto discern £ causedby a
high-energy neutrino from that resulting from calorimeter mismeasuremeh This track-baseddiscriminant is highly

e cien t at separating thesetwo processessolely using tracking information as shown in Figure 3.

A secondneural network hasbeentrained asa nal discriminant which is usedfor limit calculations. The network
hasbeentrained to seperate ZH and WH signal from QCD and tt badkgrounds. Using the previously described track-
baseddiscriminant as an input, aswell as four additional inputs, network training was performed by the JETNET
padage[6], for the following quartities:

Track-based Discriminan t: Neural Network trained with tracking information to separatefake from real £+ .
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FIG. 2: Figures for 1 secondaryvertex + jet probabilit y tag in region where Missing E 1 is aligned with secondjet. Upper left:
Dijet Mass; upper right: Missing E+; lower left: Met Dot Product; lower right: R Jets.
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FIG. 3: Track-based Neural Network output for both double tag samples.

Dijet Mass: The invariant massof the reconstructed dijet system.

Met Dot Pro duct: The dot product of the calorimeter-basedtransverse missing energy direction combined with
the track-basedtransversemissing energy direction.

Missing Et: The E;calculated from calorimeter information, taking into accourt corrections applied to jets in an
evert.

R(Lead-2 ™ Jet): Seperationin and of the lead and secondijet.

Neural network shapesfor various badkgrounds are determined by running Monte Carlo through the neural network



Combined Double Tag Limits

Higgs Mass a priori limits
(Gev/ic®) 2 1 median+1 +2 |Obs
110 37 52 74 107 15.1|9.6
115 43 58 83 1211 17.0|8.0
120 51 70 9.9 144 20695
130 7.8 10.7 15.3 21.9 30.6(12.8
140 13.0 17.8 25.1 35.9 49.9|20.0
150 328 445 63.3 91.3129.2/44.3

TABLE 11I: The 95% CL limits as ratio over standard model expectation. Systematic errors are included in the calculation.
The righthand column givesthe obsered limit with CDF's 1.7 pb ! data sample.

after event selection. The QCD shape is taken directly from the data as previously described. While the network has
beenoptimized to reduce QCD and tt badkgrounds, it also provides good separation of the other backgrounds from
Higgs signal. Individual neural networks were trained for 115 GeV/ ¢? Higgs massand masspoints between 110-150
GeV/ ¢ at intervals of 10 GeV/ ¢? to optimize the sensitivity over a range of possibleHiggs masses.Validation of the
neural networks was performed in cortrol region studies, as seenin Figures 9 and 8

V. SYSTEMA TIC UNCER TAINTIES

Seweral sourcesof systematic uncertainty have beenidentied in this analysis. The largest uncertainty on the
signal comesfrom the uncertainty on the scalefactor assignedto b-tagging. This scalefactor accourts for data-
Monte Carlo di erences. This scalefactor is applied to all Monte Carlo badkgrounds containing bottom or charm
quarks. This uncertainty is 8.6%for the double vertex tag caseand 9.1%for vertex plus probabilit y tag normalizations.
Uncertainties oninitial and nal state radiation vary between1% and 5% for the signal. Additional uncertainties on all
Monte Carlo backgroundsand signalinclude PDF (2.0%), lepton veto (2.0%) and luminosity (6.0%). Somesystematics
e ect both the shape of distributions as well as normalization, such as jet energy scale, trigger parameterization
uncertainty and uncertainties on the shape of data-driven QCD and mistag models.

VI. RESUL TS

We perform a direct seah for a signi cant deviation in data shape from the background hypothesis. A binned
maximum likelihood technique is usedto calculate expected 95% con dence level limits. Individually trained neural
network shapesare usedin ead limit calcuation for a particular Higgs bosonmass. The output of the backgounds,
signal and data are displayed in Figure 4. To extract the 95% con dence level limits, badgrounds are constrained
within their uncertainties in pseudo-exgriment studies. The two tagging classesare treated asindependert samples,
however, they have correlated systematic errors. The uncertainties for both normalization and shape systematicsare
consideredin limit calculations. We set 95% con dence level limits in the massrange from 110-150GeV=c. Table 1l
shows the combined a priori 95% CL limits for both tagging categories,alongwith the 1 and 2 range of limits.
Theseare presened asa ratio of the limit divided by the Standard Model crosssection. The obsened limit with the
CDF data sampleis shown in the nal column of the table. Theselimits are plotted in Figure 5.

VI I.  CONCLUSIONS

This analysis searhesfor a standard model Higgs boson produced in assaiation with Z and W bosons. Higgs is
assumedto decay to bb quarks, and the Z to neutrinos, accourting for branching ratios. The acceptancefrom WH
events comesfrom W ! | ewerts, where the lepton is unidentied. The analysis introducesthe use of a neural
network asthe primary discriminant, aswell as a track-basedneural network to discern fake from real B, . Utilizing
two separatedouble tag categories,we calculate an expected limit of 8.3 times the Standard Model prediction at the
95% CL, for a Higgs massof 115 GeV=¢, with an obsened limit of 8.0*SM.
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FIG. 4: Neural network output usedto setlimits on SM Higgs production. Left: Events with one secondary vertex tagged jet
and one jet probabilit y tagged jet; Right: Events with two secondary vertex tagged jets;
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FIG. 5: 95% con dence level limits as a ratio over standard model VH expectation. Limits are are plotted as a function of
Higgs boson mass.
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FIG. 6: Additional gures for 1 secondary vertex + jet probability tag in the signal region. Upper left: Dijet Mass; upper
right: Missing Ev; lower left: Met dot product; lower right: R(Lead-2 " Jet).
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FIG. 7: Additional gures for 2 secondary vertex tags in the signal region. Upper left: Dijet Mass; upper right: Missing Er;
lower left: Met dot product; lower right: R(Lead-2 ™ Jet).
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FIG. 8: Figures for at least one secondary vertex tagged jet with an identied high Py muon. Left: Track-based Neural
Network; Right: Neural Network Discriminant.
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FIG. 9: Validation of multiv ariate techniques for 1 secondaryvertex + jet probabilit y tag in region where Missing E 1 is aligned
with secondjet. Left: Track-based Neural Network; Right: Neural Network Discriminant.
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FIG. 10: Figures for 2 secondary vertex tags in region where Missing E is aligned with secondjet. Upper left: Dijet Mass;
upper right: Missing E~; lower left: Met Dot Product; lower right: R Jets.
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