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Abstract

We examinewhatblind analysiss andwhatmotivatesits usein particlephysics
experiments.We explore the methodsof blind analysisandgive examplesof
its applicationin real experiments.

1 WHAT IS A BLIND ANALYSIS?

A blind analysisis ananalysisn which thefinal result,andtheindividual dataon which it is basedare
kept hiddenfrom the analystuntil the analysisis essentiallycomplete. The principal motivation is to
avoid experimenters (subconcioushias. It is obvious, but perhapsvorth emphasisingthatthe valueof
ameasuremertdoesnotcontainary informationaboutits correctnessSoknowledgeof its valueis of no
usein performingtheanalysigtself. Thetechniquehasbeenusedin thepastby anumberof experiments
including:

e Marny raredecaysearchestBNL [1]

e E791[2]

e KTeV[3]

e BABAR[4]

e BELLE [5]
Thereareseveral differentapproacheto blind analysis the methodof choicedependingon the type of
analysis.

Typically, one hasa Monte Carlo or a control sampletaken from datato simulatethe signal,
and signal sidebandsn dataor a Monte Carlo sampleto characteriséhe backgroundo an analysis.
Blind analysisin a countinganalysismeansoptimisingall the cutsusing suchsamplestestingfitting
proceduresandevaluatingthe systematierrorsbeforelooking atthe signaldata.

In maximumlik elihoodfitting, testsmayevenbemadeon thesignaldata,but thefitted values(and
ary plots which may reveal their approximatevalues)remainhiddenuntil all checkshave beenmade.
Only theerrorsareoutput. Someexamplesof the detailedimplementatiorof blind analysisaregivenin
thelatersectionof thistalk.

2 MOTIVATION FOR BLIND ANALYSIS
The principal motivationis to avoid experimenters (subconciouspias. Eventhe mostwell-intentioned
scientistis susceptiblgo this! Thereis a surprisingamountof scopefor suchbias,e.qg.
e Looking for bugswhenaresultdoesnot conformto expectation(andnot looking for themwhen
it does).
¢ Lookingfor additionalsourcef systematiancertaintywhenaresultdoesnot conform
¢ Decidingwhetherto publish,or to wait for moredata
e Choosingto dropaneventwhichis in thesignalregionin araremode(e.g.becausatrackis 2 o
away from the particlelD expectatiorfor its type)
Theresultingbiasrepresentanunquantifiablesystematiaincertainty

Thereis evidencein a numberof differentplacesin particle physicsfor such,bias,in additionto
well-documentecerrorsin the subjects history Somepossibleexamplesmay be foundin plots of the
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Fig. 1. Somemeasuremen{$§] asafunctionof time

neutronand K ? lifetimes andof the w width asa function of time, asshavn in Fig. 1 [6]. Theseshav
periodsof surprisinglysmallvariation,followedby jumpsof seseralstandardieviations(careshouldbe
takenin interpretingthefigures,asthey actuallyshav therunningaverage andnotjusttheresultsof the
latestexperimentsasa functionof time).

2.1 Dothe LEP Experiments AgreeToo Well?

Fig. 2 shaws the value of R, asobtainedby several of the different LEP experiments. The x? per
degree-of-freedoms 0.92/7,shaving clearly that thereis significantly lessvariation betweenthe dif-

ferentmeasurementthan one would expectfor independenmeasurementsOne possiblereasonfor

this could be that perhapghe systematicerrorsare overestimatedalthoughthe original authorswould

doubtlessreject this unlikely interpretation. In orderto checkthis possibility we also calculatedthe
x? perdegreeof freedomignoring the systematicerrorsandfoundthatit is still only 2.1/7,still rather
too small, expecially consideringthat theremustbe somereal systematicerrors,which areignoredin

this calculation.Anotherpossiblereasorfor thesmallnes®f thevariationbetweerthemeasurements;

comparisorwith thequotederrors,is thatthemeasurementresubconciouslypiasedowardseachother
and/ortowardsthe standardnodelprediction,perhapgor oneor several of thereasonsuggestedbore.

We alsonotethatthe meanvalue of all the measurementis surprisinglycloseto the Standardviodel

value. Onelast possiblereasonfor theseeffectsis that we have simply chosena particularly striking

examplefrom an ensembleof ensemble®f LEP measurementsf differentquantitieswhich together
displayareasonablelistribution of x? values.A completestudyof suchmeasurementsould surelybe
aninterestingexercisein its own right but is beyondthe scopeof this talk.

1E-mail:p.f.harrison@gmul.ac.uk
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Fig. 2: An ensembl®f LEP measurementsf thequantity R., their average andthe StandardModel predictionfor thequantity

2.2 An Example of Experimenters’ Bias: the “Split A2”
At CERNIin themid 1960s,a groupusinga missingmassspectrometeobsenred severalnev mesonsn
the missingmassspectrunfrom the process

T +p—=>p+ MM . (1)

The A, (now known asthel=1 memberof the2t nonet)wasapparentlysplit, asshavn in Fig. 3, andit
wasfitted with a dipole form. The split A, wasdiscussedor seseralyears,andgenerateaonsiderable
speculatiorby theorists.Similar experimentgerformedaterfoundno evidenceat all for a split. Other
experimentggatheredlataon A, via decayso K K~ andalsofoundno evidencefor a split.

At the WashingtonAPS meetingof 1971, the spolesmanof the original CERN experiment,re-
vealedthatseveral cutswhich hadbeenmadeon the datawereunneccessaryOneof the cutswasbased
on “running conditions”: the group discardedwvhole runsin which the split did not shav up! This is
widely regardedasanexampleof “innocentbias”.

2.3 Another Example of Experimenters’ Bias: the ¢
In 1984the CrystalBall collaborationreportedthe discovery of a stateknown asthe (. It wasidentified
by apeakat E, ~ 1.07 GeVin the photonspectrunof eventsreconstructeas:

T(1S) - v+ X 2
in which X wasmadeup of mary hadrons.The*“discovery” is shawvn in Fig. 4.

The ¢ would correspondo a particleof mass8.322GeV/c?, width correspondingo the Crystal
Ball resolution,and decayingpreferentiallyto multiple hadrons. This would have beenan important
discovery!

Thepeakin v enegy wasenhancedby thefollowing setof cuts:
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Fig. 3: The“discovery” of thesplit A in themissingmassspectrunof theprocesst™ +p - p+ MM .
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Fig. 4: The“discovery” of the( in the photonspectrunmof the proces"(1S) — v + X.
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~ “overlap” (the anglebetweerphotonandary hadron)> 30°
9 < Total Multiplicity < 20

Chagedmultiplicity > 2

Neutralmultiplicity < 12

Total enegy depositedn calorimeter< 8 GeV

Sphericityof event> 0.16

An additionalsetof “tuning” cuts!

The mosteffective of thesecutswasthefirst.

However, on removing they overlapcut, the photonspectrumchangedo thatshavn in Fig. 5,
in which the signalis absent.The problemherewasthatthe cutswerechosenwhile looking at the data.
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Fig. 5: ThesameasFig. 4, but withoutthe~y overlapcut.

Later, the CrystalBall did a blind analysison a secondbatchof dataandfoundthatthe ¢ signalwasnot
real.

As ahint atidentifying the kinds of thingswhich maypointto a biasedanalysiswe maynotethe
very arbitrarylooking multiplicity cuts,andthe“tuning” cutswhich seemedo beneeded.

3 METHODS AND EXAMPLES OF BLIND ANALYSIS

Blind analysigechniquexanbeappliedto almostary analysis.A few concreteexamplesinclude:
¢ Raredecaysearches
e Precisionrmeasurements
e (P (rateor time-dependendisymmetries

We will seehow thesehave beenimplementedn realcases.

3.1 Blinding in Rare DecayAnalyses

By “Rare decays”here,we meanthatthe branchingfraction is not yet measuredor is poorly known.
In suchcasesthe backgrounds probablylarge, a priori, andthe analysismustprovide a significant
backgroundeductionfactor Underthesecircumstancesa blind analysiss highly desirable!
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If theanalysigs of the“cut & count”kind, thehhiddensignalbox methodis recommendedn this
approachasignal“blinding” box is pre-definedy somecuts,which maybe determinedusinga Monte
Carlosignalsample Blinding meansxcludingeventsin the signalblinding box from theanalysisAND
plots. In practicethis canbeachiered by implementinga cutwhichremovesthedatain thesignalregion,
and(temporarily)filtering the analysisdatasetwith this cut beforesubsequerdnalysissteps.The cuts
which definethe signalblinding box shouldbe slighty looserthanthosewhich optimisethe analysis,n
orderto preventsignalin thetailsleakingout of thesignalregion dueto poorresolution or to thefactthat
the optimal cutsmay be quitetight. Sidebandsreusedto characteris¢he backgroundn eachvariable,
andthe analysiscanbe optimisedusingthis backgroundharacterisatiorandsignalMonte Carlo. This
methodassumethatthevariablesareuncorrelatedsothatsideband# onevariableaccuratelyrepresent
thedatain the signalregion in othervariables anassumptiorwhich maybe checled with Monte Carlo.

3.2 Exampleof Rare DecayBlind Analysis: B® — pFTrx* Search at BABAR

An examplefrom BABAR [7] is shawn in Fig. 6, in which the yellow box indicatesthe signalblinding
region. Therectagulambox insidethis representshe optimisedsignalbox. The shadedegionsabove,
belowv andto theleft of the signalregion indicatethe varioussidebandsin which the shapeandnormal-
isationof thebackgroundn thetwo variablescanbe determined.
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Fig. 6: Scattemlot of thetwo kinematicvariables:mgs = \/(%s + po - pB)?/E2 — p%, wherethe subscripts) and B refer
to thee™e™ systemandthe B candidaterespectiely; andAE = E} — +/s/2, where E} is the B candidateenegy in the
centerof-massframe. For signalevents,the former hasa value closeto the B mesonmassandthe latter shouldbe closeto
zero.

Figures7 and 8 shav respectrely the mgs and AFE distributions for background determined
usingon-resonancdatain the sidebandsf Fig. 6, aswell asoff-resonancelataandMonte Carlo.

3.21 Blind Cut Optimisation with (1/2 of) the Data

Thefinal sampleis definedby cutsin mary discriminatingvariables,ncludingmgs andAE. Thecuts
areoptimisedwith respecto someobjectve figure of merit e.g.the statisticalsignificance(numberof
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standardleviations):
S

(S+ B) ®)
whereS and B arethe (expected)numbersof signalandbackgroundeventsin the final cut-optimised
samples. S and B are obtained(as functionsof the cut values)from signal Monte Carlo or control
sampledor signal(efficiengy) andfrom sideband$or backgroundwhile theactualsignalregionremains
blind. It is importantto avoid overtuning cutsinto statisticalfluctuationsin thesesampleshut large
samplesizeshelp (the sidebandsanbe someavhatlarger thanthe eventualsignalregion, which helpsto
increasehe statisticsavailablefor this optimisation).

In orderto avoid biasingthe efficiengy, only e.g.1/2 of the data(sidebandand Monte Carlo) are
usedin the cut-optimisation. Oncethe cutshave beendefined the otherhalf of the dataandMonte Carlo
samplesareusedto obtainthe backgroundhormalisatiorandthe signalefficiency.

3.22 Unblinding

In BABAR an analysiswill normally have beenpresentedo an AnalysisWorking Group (AWG) before
unblinding. The presentatiomill include:
¢ A descriptionof the cut optimisationandbackgroundtharacterisatioprocedures.
e The expectednumberof backgroundeventsin the signal box (as a function of the branching
fraction,if thisis completelyunknavn)
¢ Thesignalefficiengy from Monte Carloor controlsamples
e Theexpectedstatisticalsensitvity
e An estimationof systematierrors
After discussionpermissionis soughtfrom the AWG to unblind the signal. For a raredecaycut and
countanalysis,unblindingis essentiallyjust a countingexercise:how mary eventsareinsidethe signal
box?
After unblinding,plots shawing the signalregion canbe made. Dependingon the importanceof
the analysis,the dateandtime of unblindingmay be publicisedwidely within the collaboration.For a
particularly high profile analysis theremay even be an “unblinding party” in a pubicterminalarea,at
which the crucialpieceof codeis runto “openthebox”, ie. to revealthedatain thesignalregion.
Finally, the appropriateplots shaving the unblindedsignalregion canbe made. Figure9 shavs
thesignalfoundin the BABAR B® — pTx* branchingractionanalysis asanexcessof eventsabove the
background.

3.3 Blinding in PrecisionMeasurements

PrecisionmeasurementsuchasAmg, or B and D lifetimesaregoodcandidategor blind analysesin
suchcasesaccurateorior measurementgenerallyexist anduseof a blind analysisremaovesthe possi-
bility of abiastowardsthe PDGvalues.Theanalysiss probablysystematics-limitedandblind analysis
ensureghatthechoicesnvolvedin estimatinghe systematiaincertaintiearenot biasedy thevalueof
theresult.

In suchcasesthe methodoften involves a maximum likelihood fit. Then, systematicchecks
necessarilyinvolve re-fitting on the data. In orderto blind the measuremenivhile performingsuch
checkspnecanusethe hiddenoffsetmethod.

3.31 The Hidden Offset Method

In this approachthefitting codeaddsa fixed,unknavn pseudo-randomumber(or numbers)R, to the
fitted valueof the measuregbarameter(s):

¥ =z+7R. 4)
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Fig.9: The B® — p:Fﬂ'i signalregion projectedontomgs andA E axesrespectiely. The signalcanbe seenasan excessof
eventsabove the backgroundevel whichis indicatedby the curve shavn.

z* is returned(alongwith thetrue errorandlikelihoodvalue)insteadof x.

R is sampledrom aGaussiamistribution with mean0 andstandardieviation equalto afew times
the experimentalstandarddeviation. Any plot of the likelihoodfunction shouldalso have the random
offset appliedto the valuesof the fitted variable,so that the fitted value cannotbe read-of from the
minimum. Relative changesn theresult,aschangesremadein the analysis(nev decaymodesadded
to thesample for example)canbehiddenusinga secondbffset:

¥ =2zppe —z+R. (5)

Oneof thethetwo methodds chosematrandomaftereachchangen theanalysis.

3.4 Blinding €'/e at KTeV

KTeV [3] is aprecisioncountingexperiment €’ /e depend®nthenumbersof K2 andK? decaysachto
ata~ and7%7°. The experimentersvantedto useall the eventsto make systematichecks(measuring
KO and Amg) andto checktheir methodof extractionof ¢’/e, without biasingthemseles. In other
words,they wantedto look at their datawithout beingbiased.Theblinding stratgy which wasadopted
allowedthis. They performedtheanalysigustasary otherexperimentexceptthatthevalueof ¢ /e was
kept hiddenfrom the experimenterauntil the analysiswas complete. They fitted the dataand hid the
valueof ¢’ /e asfollows:

erar={ 1} xererr ©)

The {1 or-1} andR werechoserat randombut keptfixed, oncechosen.The signflip wasto male it
uncertainwhetherthevalueof €' /e wasgoingup or down with analysischanges.
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Toy Monte Carlofits weredonewith no blinding to verify theirfitting proceduresTwo analyses
wereperformedin parallel,with differentrandomchoiceso avoid biasingeachother Oncebothwere
completedtherandomchoiceswveremadethe same:ablind comparisorcouldbe made! Theresultwas
finally unblindedandannouncedo the public oneweeklater. No analysischangesvere madeduring
thisweek.

3.5 Blinding Time-dependentC'P Asymmetries

Thetime-dependent’ P asymmetryin neutral B mesondecaygo C P-eigenstates manifestedn the
shapef the time- (~ Az-)distributions of suchdecaysfor both B® or B® mesons.lt is fit by the
maximumlikelihoodmethodusingthe hiddenoffsetmethod.However, the asymmetnyis readilyvisible
by eye, evenwith smallstatisticsjn bothdistributionsseparatelyaswell asby comparingthem,ascan
beseenn Fig. 10. Thisvisualcluealsoneeddo beblinded.

T00 Entries 4958

a) 1| Mean 95.75
600 BO RMS 657.2
=00 BObar
400
300
200
100
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4000 3000 2000 1000 0 1000 2000 3000 4000

AL (Umy)
b Entries 116
20 ) Mean 64.83
17.5 RMS 715.2

125
10 BO
5 BObar
5
15

D H
4000 3000 2000 1000 0 1000 2000 3000 4000
AE (Um)

Fig. 10: Time-dependenC P asymmetriesn the goldenmode B® — J/4 K3, for a) high statisticsand b) low statistics
samples.
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This canbeachiered by plotting only
[StagAZ]" = S4agAZz + R @)

wheres;, is thesignof thetag. No informationis lost, excepttheasymmetrybetweenB® and B, and
themagnitudeof theasymmetrybetweerpositve andnegatve Az. Exampleplotsareshavnin Fig. 11,
in which the histogramsfor B® and B are approximatelycongruent,and the magnitudeand sign of
the asymmetryhasbeenhiddenby the unknavn randomvariableR. Hiding the fitted asymmetryis a
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Fig. 11: Time-dependen€ P asymmetriesn the goldenmode B® — J/¢ K2 with the tag informationhidden. In a), the
relative signbetweenB® and B® hasbeenremaved by multiplicationby thefactorsq,. In b) therandomoffset (with random
sign)hasalsobeenadded.

separat®perationgexactly analogougo hiding €’ /e.

4 CLOSING COMMENTS

Blind analysisbrings particle physicsinto line with bestpracticefrom otherbrancheof science.lt is
morea formalisationof goodexperimentalpracticethana radicalnew idea. It is certainlyno panacea,
andis not a substitutefor careful, thoughtful analysis,but it is an additionalsafeguard. An analysis
whichis notblind is not necessarilyawronganalysisandananalysiswhichis blind is not necessarilya
right analysis.However, thefield hashadits fair shareof embarrassingvrongresultsandthetechnique
canonly helpin reducingthesein the future. Evenwhenan unblind analysishasbeenperformedin an
unbiasedwvay, just the possibility of experimentersbiasreducesour own andothers’confidencen our
results.If we canreducetherisk of bias,why notdo so?
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