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Abstract

Error estimateson partondistribution functionsusing global fits to multiple
datasetsarebecomingmportantdueto theimproving precisiondataof hadron
collider experiments.For estimatinga setof reliableparameteuncertainties,
oneneedso make surethatan uniformly consistentdatasethasbeenestab-
lishedbeforehandFor this reasonamorestringentcriterionfor testinggood-
nessof fit hadbeenproposedandinconsistendatasetsin the CTEQ5global
fits wereindicated.In this paper we proposeanideaof examiningtheincon-
sistentexperimentaldatasetusing correlationsamongpull quantitiesfor the
purposeof locatinganunknavn systematicshift in the data.

1 INTRODUCTION

The demandfor Parton Distribution Function(PDF) uncertaintiesvas clearly demonstratedh the in-
terpretationof Tevatrondatafor the inclusive jet transerseenegy[l]. PDF uncertaintiecould be the
dominantcomponenbf uncertaintyin Runll for the W massmeasurement[2with which the massof
StandardModel Higgsis constrainedTherefore errorestimaten PDFsarebecomingvery important
for theupcomingprecisionhadroncollider analyses.

1.1 Global fits and its goodnesf fit

ReliablePDF parameteanduncertaintyestimatesequirepassinggoodnes®f fit criteria. The corven-
tional way is to usetotal x? asthe teststatistic. Sincethereare usuallythousandof datapointsin a
globalfit, the valueof total x? is insensitve to a small datasetwith badfit. Clearly a morestringent
criterionfor goodnes®f fit is neededor the purposeof fitting multiple datasets.

1.2 Parameterfitting criterion

With anideamotivatedby L. Lyonss goodness-of-fiparadoxat ACAT2000, J.C.CollinsandJ. Pumplin
appliedtheparametefitting criterion[3 to globalfits. Theauthorsplottedthe subsety? againsthetotal
x? andfound inconsistendatasetsin the CTEQ5global fits. Even thoughthe inconsistendatasets
could be identifiedthey still could not tell which oneis right or wrong. In orderto make an exclusion
decisionwe needto look into theidentifieddatasetsin moredetail.

2 DIAGNOSISOF A BAD FIT IN MULTIPLE DATA SETS

To diagnosahebadfit in detailis very important,sinceit could provide hintsleadingto answersof the
following threequestions(1) Is theinconsistentatasetfree of systematieffects?(2) Is thetheoretical
predictionadequate?3) Is thereary hint for new physics?Thefirst two areimportantfor selectingthe
right datasetsfor globalfits. Thelastone,needlesso say is oneof the majorgoalsof our field.

2.1 Main idea: correlation amongpulls suggestsxistenceof unknown systematiceffect

The pull[4] of eachsubsebf datacould be usedto identify inconsistentiatasetswithin the leastsquare
methodframevork. The centralquestionof this study however, is to examinewhetherthe identified
datasetis free of unknavn systematiceffects. In the following, we will assumehat the inconsistent
experimenthasbeensingledout by the parametefitting criteria.
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211 Pull independence property in the naive case

In the naive casewherethereareno systematicerrors,the pulls of the individual datapointsshouldbe
independenbf one another with a Gaussiardistribution. This statementis valid whenthe statistical
errorsof thedatapointsareindeedGaussianandwhenthe numberof degreesof freedomis sufiiciently
large. With over 1000 datapoints and high precisiondatain the global fits, this pull independence
propertyis applicable.

2.12 Experiment pull distribution

In the global fits, all subsetsof the datashould have the samepull distribution. Thereforethe pull
distribution of all datapointsshouldhave the samedistribution astheindividual pull distribution of each
datapoint. In this paperwe will call the pull distribution of all datapointsin anindividual experiment
astheexperimentpull distribution .

Any unknavn systematieffectscouldintroducevisible correlationsamongpulls, anddistortthis
experimentpull distribution from its expectedGaussiarshape.Therefore ary visible distortionof this
experimentpull distribution in aparticulardatasetcouldsuggestheexistenceof anunknavn systematic
effectin thatdataset. Thisis the mainideaof this paper

2.2 Testof the pull-corr elation idea

For simplicity, we will constructpull usingthe theoreticaltrue valuesinsteadof the global fit values.
Thereare two reasondor this simplification. First, we are not interestedn investigatingtheoretical
systematieffects,thereforewe couldignorethedifferencebetweerglobalfit resultsandthetruevalues.
Secondwe arenotinterestedn thebiasesandfluctuationsntroducedby thefitting proceduretherefore
we couldignorethedifferencebetweerthe globalfit resultsandthetruevalues.

Certainly in arealcasewe only have theglobalfits predictionsof eachdatapointfor constructing
the pull. Theseeffects will comein and make things more complicated. However, since global fit
predictionsarerelatively insensitve to a singleexperiment,they still provide the bestreferencegpointin
locatingunknawvn systematieffects.

2.21 Test method and steps

Thetestmethodis to modela singleexperimentwhich hassystematigroblemsandto look at how that
might shav up in experimentpulls. We first picked a simple quadraticfunctionalform y(z) asatrue
theoreticakune.

y(z) = —0.1 % 2% + 0.24 x z — 0.004 1)

Thenwe supposanoverallmeasuremerih avariablez;, in whichthereare1lObins: = 1 : 10. At each
pointin z, we generated fake datay; Gaussianhdistributedabouty(z;) with o = 0.005. Theresidual
andpull aredefinedin thefollowing equations:

res; = y(z;) — yi 2)
pull; = res;/rms; (©))

whererms; is the measuremengrror for eachz;. It wastaken asa Gaussiarrandomvariablewith
a meanof 0.005 anda sigmaof 0.0005, to simulateimperfectknovledge of the experiment$ actual
uncertainties.

We assumedhat thereare 10 setsof measurementBom a single experimentwith sharedsys-
tematics,of a similar variable. Therefore thereare 100 datapointsin this experiment.Sincewe would
like to studythe asymptoticbehaior of the experimentpull distribution first, we generatedlk pseudo
experimentswith 100 datapointseach. This overall experimentpull distribution has100k pull entries
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Fig. 1: (a)-(c)shav simulateddatawith horizontal,vertical,andcombinedshifts. Both solid anddashlinesrepresenthetrue
cune.(d)-(f) shav experimentpull distribution with 100kentries.(g)-(i) shav experimentpull distribution with 100entries.

in total. Secondwe simulateda pseudoexperimentwith 100 datapoints. This overall experimentpull
distribution has100 pull entriesin total.

Next we supposell of thoseexperimentgo have systematicssothatthey measuravith meanshot
aty(x;), but eitherat y(x;+horizontalshift), or y(x;)+vertical shift, or y(z;+horizontalshift)+wertical
shift. Experimentpull distributionsarethenconstructedvith constanthorizontal,constantvertical sys-
tematicshifts andthe combinationof both for the simulateddata. The true curves and simulateddata
with all 3 shiftsareshavn in figure1(a),(b), and(c).

2.3 Discussionof results

Eachexperimentpull distribution wasfitted to aGaussiamlistribution. Thenumberof degreesof freedom
variedfrom caseo casebecaus¢henumberof binsoverwhich eachexperimentpull distribution extends
is notthe same With no systematichift, the meansof the pull distributionsfor both100kand100cases
areconsistenwith 0. The sigmas of the pull distributions arealsoquite closeto 1, asexpected. The

184



shapeof pull distribution is alsoconsistentwith Gaussiarfor the 100k caseaccordingto x2/d.o.f. =
117/91. It is hardto distinguishthe distribution shapewith only 100entries.

Tablel: Distortedpull distribution characteristicsindersystematieffects

Systematicshift | # of entries| Pull distribution characteristics
Mean | Sigma| x?/d.o.f.
no shift 100,000| -0.001| 1.02 117/91
100| 0.12 | 1.04 8/10
constanhorizontal 100,000| 0.46 1.54 698/110
shift 100| 0.67 | 1.95 13/18
constanvwertical 100,000| -1.01 | 1.02 187/90
shift 100| -0.85 | 1.07 17/10
combination 100,000| -0.56 | 1.54 734/112
of both 100| -0.77 | 2.00 21/18

2.31 Distorted pull characteristics under a constant horizontal shift

Distortedpull characteristicsouldbe clearly seerwhena constantorizontalshift is appliedto thedata
asshawn in figuresl(a),(d), and(g). Figurel(a)shavs the shifteddataandthetrue curve. Figure1(d)
shaws the experimentpull distribution with 100k entries. Figure 1(g) shawvs the experimentpull dis-
tribution with 100 entries. The horizontalshift producesa correspondingertical deviation of aboutl
ag.

In the 100k case the meanof the pull distribution is clearlyinconsistentvith 0. Thedistribution
width is widenedby 50%. This wideningeffect is understood.Sincethe sign and magnitudeof the
shift varieswith z, the neteffect is to widenthe distribution. The distribution shapealsodeviatesfrom
Gaussiamormal distribution with x2/d.o.f. = 698/110. In the 100 entriescase,the meanof pull
distribution is clearlyinconsistentvith 0. Thedistribution width is widenedby afactorof 2. It is hardto
distinguishthe distribution shapewith only 100entries.

2.32 Distorted pull characteristics under a constant vertical shift

Distortedpull characteristicgould be also clearly seenunderconstantvertical shift as shavn in fig-

ures1(b), (e), and(h). Figure 1(b) shavs the shifted dataandthe true curve. Figure 1(e) shavs the
experimentpull distribution with 100k entries. Figure 1(h) shawvs the experimentpull distribution with

100 entries. This vertical shift on distribution producesa correspondingertical deviation of eachdata
pointwith aboutthesizeof 1 ¢ statisticaluncertaintyof datapoints.

In the 100k case,the meanof the pull distribution clearly is inconsistenwith 0. The width of
distribution is quitecloseto 1 asexpected.Thedistribution shapds alsodeviatedfrom Gaussiamormal
distribution accordingto x2/d.o.f. = 187/90. In the 100 entriescase,the meanof pull distribution
clearly is inconsistentwith 0. The width of distribution is quite closeto 1 asexpected. It is hardto
distinguishthe distribution shapewith only 100entries.

2.33 Distorted pull characteristics under a combined shift

Distortedpull characteristicsouldalsobeseernundercombinedconstantiorizontalandverticalshiftsas
shawvnin figuresl(c), (f), and(i). Figurel(c)shavstheshifteddataandthetruecurve. Figurel(f) shavs
theexperimentpull distribution with 100kentries.Figurel(i) shavstheexperimentpull distribution with
100entries.

In the 100k case the meanof the pull distribution clearlyis inconsistentvith 0. Thedistribution
width is widenedby 50%. Thedistribution shapealsodeviatesfrom a Gaussiamormaldistribution, with
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x?%/d.o.f. = 734/112. In the 100 entriescase the meanof pull distribution clearlyis inconsistentvith
0. Thedistribution width is widenedby a factorof 2. It is hardto distinguishthe distribution shapewith
only 100entries.

2.4 Newpull definition requiredfor real case

In therealcaseswith known systematicorrectionsandthereforeuncertaintiesgcorrelationamongpulls
have beenintroducedby the existing systematiaincertainties.To restoreindependencef the pulls, we
needto subtractout the effectsof known systematiauncertaintyfor a new definition of pull. With this
new pull definition,all theabore resultsin thenaive casewill beretainedandutilized asatool to detect
unknawvn systematieffect.

3 SUMMARY AND OUTLOOK

We proposeanideaof detectingunknavn systematiceffectin the datausingcorrelationsamongpulls.
This ideawastestedunderconstanhorizontalshift, constantertical shift andcombinationof them. In
all the 3 casesthe distortedpull distribution characteristiceould be usedto indicatethe existenceof
unknawvn systemati@ffect. Theassumptiormdoptedereis thatthereis noknown systematicorrections
in this naive case.Testsandapplicationdn real casesn which thereareknown systematiaorrections
will bepursuechext.
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