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Abstract
Error estimateson partondistribution functionsusingglobal fits to multiple
datasetsarebecomingimportantdueto theimproving precisiondataof hadron
collider experiments.For estimatinga setof reliableparameteruncertainties,
oneneedsto make surethatan uniformly consistentdatasethasbeenestab-
lishedbeforehand.For this reason,amorestringentcriterionfor testinggood-
nessof fit hadbeenproposedandinconsistentdatasetsin theCTEQ5global
fits wereindicated.In this paper, we proposeanideaof examiningtheincon-
sistentexperimentaldatasetusingcorrelationsamongpull quantitiesfor the
purposeof locatinganunknown systematicshift in thedata.

1 INTR ODUCTION

The demandfor PartonDistribution Function(PDF) uncertaintieswasclearly demonstratedin the in-
terpretationof Tevatrondatafor the inclusive jet transverseenergy[1]. PDF uncertaintiescould be the
dominantcomponentof uncertaintyin RunII for the W massmeasurement[2] with which the massof
StandardModel Higgsis constrained.Therefore,errorestimateson PDFsarebecomingvery important
for theupcomingprecisionhadroncollider analyses.

1.1 Global fits and its goodnessof fit

ReliablePDFparameteranduncertaintyestimatesrequirepassinggoodnessof fit criteria. Theconven-
tional way is to usetotal ��� asthe teststatistic. Sincethereareusuallythousandsof datapoints in a
global fit, thevalueof total � � is insensitive to a small datasetwith badfit. Clearly, a morestringent
criterionfor goodnessof fit is neededfor thepurposeof fitting multipledatasets.

1.2 Parameter fitting criterion

With anideamotivatedby L. Lyons’sgoodness-of-fitparadoxatACAT2000, J.C.CollinsandJ.Pumplin
appliedtheparameter-fitting criterion[3] to globalfits. Theauthorsplottedthesubset� � againstthetotal� � andfound inconsistentdatasetsin the CTEQ5global fits. Even thoughthe inconsistentdatasets
could be identifiedthey still couldnot tell which oneis right or wrong. In orderto make anexclusion
decision,we needto look into theidentifieddatasetsin moredetail.

2 DIAGNOSISOF A BAD FIT IN MUL TIPLE DATA SETS

To diagnosethebadfit in detail is very important,sinceit couldprovide hintsleadingto answersof the
following threequestions:(1) Is theinconsistentdatasetfreeof systematiceffects?(2) Is thetheoretical
predictionadequate?(3) Is thereany hint for new physics?Thefirst two areimportantfor selectingthe
right datasetsfor globalfits. Thelastone,needlessto say, is oneof themajorgoalsof our field.

2.1 Main idea: correlation amongpulls suggestsexistenceof unknown systematiceffect

Thepull[4] of eachsubsetof datacouldbeusedto identify inconsistentdatasetswithin theleastsquare
methodframework. The centralquestionof this study, however, is to examinewhetherthe identified
dataset is free of unknown systematiceffects. In the following, we will assumethat the inconsistent
experimenthasbeensingledoutby theparameter-fitting criteria.
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2.11 Pull independence property in the naive case

In thenaive casewherethereareno systematicerrors,thepulls of the individual datapointsshouldbe
independentof oneanother, with a Gaussiandistribution. This statementis valid whenthe statistical
errorsof thedatapointsareindeedGaussian,andwhenthenumberof degreesof freedomis sufficiently
large. With over 1000 datapoints and high precisiondata in the global fits, this pull independence
propertyis applicable.

2.12 Experiment pull distribution

In the global fits, all subsetsof the datashouldhave the samepull distribution. Thereforethe pull
distribution of all datapointsshouldhave thesamedistribution astheindividualpull distribution of each
datapoint. In this paper, we will call thepull distribution of all datapointsin anindividual experiment
astheexperimentpull distribution .

Any unknown systematiceffectscouldintroducevisiblecorrelationsamongpulls,anddistortthis
experimentpull distribution from its expectedGaussianshape.Therefore,any visible distortionof this
experimentpull distribution in aparticulardatasetcouldsuggesttheexistenceof anunknown systematic
effect in thatdataset.This is themainideaof thispaper.

2.2 Testof the pull-corr elation idea

For simplicity, we will constructpull usingthe theoreticaltrue valuesinsteadof the global fit values.
Thereare two reasonsfor this simplification. First, we arenot interestedin investigatingtheoretical
systematiceffects,thereforewecouldignorethedifferencebetweenglobalfit resultsandthetruevalues.
Second,wearenot interestedin thebiasesandfluctuationsintroducedby thefitting procedure,therefore
we couldignorethedifferencebetweentheglobalfit resultsandthetruevalues.

Certainly, in arealcase,weonly havetheglobalfits predictionsof eachdatapointfor constructing
the pull. Theseeffects will comein and make things more complicated. However, sinceglobal fit
predictionsarerelatively insensitive to a singleexperiment,they still provide thebestreferencepoint in
locatingunknown systematiceffects.

2.21 Test method and steps

Thetestmethodis to modelasingleexperimentwhichhassystematicproblems,andto look athow that
might show up in experimentpulls. We first picked a simplequadraticfunctionalform �����	� asa true
theoreticalcurve.

�	������
����������� ��� ��������������������� � (1)

Thenwesupposeanoverallmeasurementin avariable�"! , in whichthereare10bins #$
%�'&(�)� . At each
point in � , we generateda fake data� ! Gaussianlydistributedabout ����� ! � with *+
,�������.- . Theresidual
andpull aredefinedin thefollowing equations:

/.021 !�
3�	���(!4���5��! (2)

6(798�8 !	
 /�0:1 !<; / =>1 ! (3)

where / =>1 ! is the measurementerror for each � ! . It was taken as a Gaussianrandomvariablewith
a meanof �������.- anda sigmaof ���������.- , to simulateimperfectknowledgeof the experiment’s actual
uncertainties.

We assumedthat thereare10 setsof measurementsfrom a singleexperimentwith sharedsys-
tematics,of a similar variable.Therefore,thereare100datapointsin this experiment.Sincewe would
like to studytheasymptoticbehavior of theexperimentpull distribution first, we generated1k pseudo
experimentswith 100 datapointseach.This overall experimentpull distribution has100k pull entries
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Fig. 1: (a)-(c)show simulateddatawith horizontal,vertical,andcombinedshifts. Both solid anddashlinesrepresentthetrue

curve.(d)-(f)show experimentpull distributionwith 100kentries.(g)-(i) show experimentpull distributionwith 100entries.

in total. Second,we simulateda pseudoexperimentwith 100datapoints. This overall experimentpull
distribution has100pull entriesin total.

Next wesupposeall of thoseexperimentsto havesystematics,sothatthey measurewith meansnot
at �	��� ! � , but eitherat �	��� ! +horizontalshift), or ����� ! � +vertical shift, or ����� ! +horizontalshift)+vertical
shift. Experimentpull distributionsarethenconstructedwith constanthorizontal,constantverticalsys-
tematicshifts andthe combinationof both for the simulateddata. The true curvesandsimulateddata
with all 3 shiftsareshown in figure1(a),(b), and(c).

2.3 Discussionof results

Eachexperimentpull distributionwasfittedtoaGaussiandistribution. Thenumberof degreesof freedom
variedfrom caseto casebecausethenumberof binsoverwhicheachexperimentpull distributionextends
is not thesame.With nosystematicshift, themeansof thepull distributionsfor both100kand100cases
areconsistentwith 0. The sigma’s of thepull distributionsarealsoquite closeto 1, asexpected.The
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shapeof pull distribution is alsoconsistentwith Gaussianfor the100k caseaccordingto �?� ;�@(��AB��C9��

���2D�; E�� . It is hardto distinguishthedistribution shapewith only 100entries.

Table1: Distortedpull distribution characteristicsundersystematiceffects

Systematicshift # of entries Pull distribution characteristics
Mean Sigma � � /d.o.f.

no shift 100,000 -0.001 1.02 117/91
100 0.12 1.04 8/10

constanthorizontal 100,000 0.46 1.54 698/110
shift 100 0.67 1.95 13/18

constantvertical 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 characteristicscouldbeclearlyseenwhenaconstanthorizontalshift is appliedto thedata
asshown in figures1(a),(d), and(g). Figure1(a)shows theshifteddataandthetruecurve. Figure1(d)
shows the experimentpull distribution with 100k entries. Figure1(g) shows the experimentpull dis-
tribution with 100 entries.The horizontalshift producesa correspondingvertical deviation of about1
* .

In the100kcase,themeanof thepull distribution is clearly inconsistentwith 0. Thedistribution
width is widenedby 50%. This wideningeffect is understood.Sincethe sign andmagnitudeof the
shift varieswith � , theneteffect is to widenthedistribution. Thedistribution shapealsodeviatesfrom
Gaussiannormal distribution with � � ;�@F��AB��C9�G
IH�E�J.;B���)� . In the 100 entriescase,the meanof pull
distribution is clearlyinconsistentwith 0. Thedistribution width is widenedby a factorof 2. It is hardto
distinguishthedistribution shapewith only 100entries.

2.32 Distorted pull characteristics under a constant vertical shift

Distortedpull characteristicscould be alsoclearly seenunderconstantvertical shift asshown in fig-
ures1(b), (e), and(h). Figure1(b) shows the shifteddataand the true curve. Figure1(e) shows the
experimentpull distribution with 100kentries.Figure1(h) shows theexperimentpull distribution with
100entries.This verticalshift on distribution producesa correspondingverticaldeviation of eachdata
point with aboutthesizeof 1 * statisticaluncertaintyof datapoints.

In the 100k case,the meanof the pull distribution clearly is inconsistentwith 0. The width of
distribution is quitecloseto 1 asexpected.Thedistribution shapeis alsodeviatedfrom Gaussiannormal
distribution accordingto � � ;�@F��AB��C9�K
L�MJ.D�; E � . In the 100 entriescase,the meanof pull distribution
clearly is inconsistentwith 0. The width of distribution is quite closeto 1 asexpected. It is hard to
distinguishthedistribution shapewith only 100entries.

2.33 Distorted pull characteristics under a combined shift

Distortedpull characteristicscouldalsobeseenundercombinedconstanthorizontalandverticalshiftsas
shown in figures1(c),(f), and(i). Figure1(c)showstheshifteddataandthetruecurve. Figure1(f) shows
theexperimentpull distributionwith 100kentries.Figure1(i) showstheexperimentpull distributionwith
100entries.

In the100kcase,themeanof thepull distribution clearly is inconsistentwith 0. Thedistribution
width is widenedby 50%.Thedistributionshapealsodeviatesfrom aGaussiannormaldistribution,with
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�?� ;�@(��AN��C9��
%D O��N;B���M� . In the100entriescase,themeanof pull distribution clearly is inconsistentwith
0. Thedistribution width is widenedby a factorof 2. It is hardto distinguishthedistribution shapewith
only 100entries.

2.4 Newpull definition required for real case

In therealcaseswith known systematiccorrectionsandthereforeuncertainties,correlationamongpulls
have beenintroducedby theexisting systematicuncertainties.To restoreindependenceof thepulls, we
needto subtractout theeffectsof known systematicuncertaintyfor a new definitionof pull. With this
new pull definition,all theabove resultsin thenaivecaseswill beretainedandutilizedasa tool to detect
unknown systematiceffect.

3 SUMMAR Y AND OUTLOOK

We proposean ideaof detectingunknown systematiceffect in thedatausingcorrelationsamongpulls.
This ideawastestedunderconstanthorizontalshift, constantverticalshift andcombinationof them. In
all the 3 cases,the distortedpull distribution characteristicscould be usedto indicatethe existenceof
unknown systematiceffect. Theassumptionadoptedhereis thatthereis noknown systematiccorrections
in this naive case.Testsandapplicationsin realcasesin which thereareknown systematiccorrections
will bepursuednext.

ACKNOWLEDGEMENTS

I would like to thank J. C. Collins for discussionand commentson this paper. I also would like to
thanktheconferencelocalorganizersJamesStirling, MikeWhalley, andLindaWilkinsonfor theirwarm
hospitalityandmanagementefforts to make this conferencesuccessful.Lastbut not the least,I would
like to thankJ.Linnemannfor his industriousefforts in editingthispaperandveryhelpful suggestions.

References

[1] TheCDF collaboration,F. Abe etal., Phys.Rev. Lett. 77(1996)438.

[2] The CDFII collaboration,F. Abe et al., The CDFII detectortechnicaldesignreport, p. 2-27,
FERMILAB-PUB-96/390-E.

[3] J.C. CollinsandJ.Pumplin,hep-ph/0105207(2001).
”Testsof goodnessof fit to multipledatasets”.

[4] W.T.Eadie,D.Drijard,F.E.James,M.Roos,B.Sadoulet
”StatisticalMethodsin ExperimentalPhysics”,p.278.

186


