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Thedelete-1jackknife (Quenouille, Tukey)
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Jackknife variance estimator
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where T _istheestimator based ontheentiredataset of nvalues,and T _, . theestimator based
on the dataset after leaving out the ith observation.
Theith pseudovalueisnT - (n—- 1T
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What doesone get?

e An estimatomwith reducedbias(ML VC analysis)
 An“automatic’nonparametric’estimateof thesamplingvariance
 Cross-alidationtypemodeldiagnosticgpseudo-alues)
 (Samplingdensityestimation)
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Thejackknifefor complex data

Jackknifeestimations usedin arenasvheretraditionalapproachearetoo difficult or
too expensve.

o«  SampleSurwey data

« Time Seriexdata
 Clustereddata(GEE1,GEE2,Ziegler; YanandFine)

e Morecomple dependentlata
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Thegrouped jackknifefor complex data

It is known thatthe standardlelete-Jackknifecanbeinconsistenfor thesetypesof data.
Deletinglargergroupsat a time getsaroundtheseproblems:

e  Groupingcanreflectthesamplingdesign
Groupingcanreflectthenaturalstructureof thedata

 Groupscanbeapproximately.i.d.
 Alsoreducecomputationgalongwith one-stepackknifeetc)
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Genetic applications of leave-one-out diagnostics

Evidence for genetic linkage of a marker locusto a phenotypeisusually derived via
maximum likelihood methods, and the strength of evidence expressed asthe decimal log

likelihood ratio (following Barnard and Morton).
Several examplesare known of marked sensitivity of linkage resultsto alteration of only
one or two datapoints (1-2% of N) eg Egeland et al (Nature 1987; 325:783). Thatis, T isnot

alwaysvery smooth,
Therefore, it isa standard approach to carry out delete-1type calculationsto pinpoint

Influential individuals.
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Genetic applicationsof delete-1 diagnosticsl |

Egeland et al. Nature 1987; 325:783
Kelsoe et al. Nature 1989; 342:238

&1

-

g 1 |15 |18 17 18 1o
v' ®
11
AA CC AC AD
s 10 451 !12 |3% ‘k$s k%
T on 14 33
AC AC cC 14 14 13 CD BB

1 1 Jiz |19 |20I21! 31
&

1 11 3
AD  AAAF CCABA

Q QIMR

" AC

11

cDhCD BC

11
AC

73|74

14 14 14
ADADAD

& BIPOLAR L Y
& UNIPOLAR
& CLINICAL

& OTHER

& UNDIAGNOSED

LIS IR B B }

T T T-T T

Total Pedigree

— - — Right Extension

— — - Updated Core Pedigree
-------- Originat Pedigree

1 1 L 1 i 1 1

~80 60 —40 —20




Variance componentslinkage analysis

A currentapproachor quantitatve trait locus(QTL)

y=a+d+q+e a[N(,Rg)
d ON(0,K¢)
q ON(O,N)
e ON(0,1¢)

whereR is thenumeratorelationshipmatrix for the pedigree,
K containghecoefficientsof fraternity(A.), and

M is thematrix of averagedentity-by-descemitthemaplocationof interest.

LL = - 05[log(det(S)) + (y - )" STy — W]
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Genetic applicationsof grouped jackknife

In experimental crossesor studiesof nuclear families, thereisanatural grouping for deletion.
In comparisons with other methods, the jackknife performswell.

Arvesen and Schmitz (1970), Knapp et al (1989) applied to variance components analysis
(nested ANOVA).

QTL Cartographer (Basten, Weir and Zeng 1994, 2002).

Roff and Preziosi (1994,2002)

Szydaet al (2001) for variance components analysisusing half-sib families (breed
Crossing).

In GEE genetic applicationsof Ziegler er a (2000) and Yan and Fine (2004), the jackknife
variance estimator approaches the sandwich estimator.
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What to do with big pedigrees?
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Thisis apedigred amcurrentlyanalysing.Thereare216individualswith serum
Immunoglolulin E measured.

It is not clearwhich aretheoptimalgroupsor groupsizesfor jackknifing.

However, it is possibleghatthevarianceestimatomaybelessaffectedthanthebiasestimator
by a poorchoice.

A possiblyusefulview of VC analysigs asanonlineamregressiorn(or EE problem) stacking
Sasavector In thiscaseremoving oneindividualremovesa clusterof n variancesand
covariances.Bootstrappindhasbeenappliedhere.
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A littlessmulation

Model (givesfamilial correlationssimilar to those for IgE level):

e« Single QTL with two equifrequent alleles
Nodominance (genotype means4,5,6), so VQ =05
c V=1

* Noresdua familia correlations,soV, = 0

Procedure:

o Genedrop (simulate) genotypeswithin Tristan pedigree
« Generate lgE valuesfor 216 phenotyped individuals

e  Generate marker completely linked to QTL

« Peaform VClinkage analysis (AS319) on complete data
 Andon jackknife samplesfrom pedigree
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Delete-d jackknife with random subsampling

Theusualjackknifevarianceestimatorfor groupeddatawith randomlydefinedgroupsis:

_m-12 il 2
e =Ly (Mg = W2 Ty

wherethen datapointshave beendividedinto m groupsof sizeg.

Thedelete-dackknifevarianceestimatomwith randomsubsamples slightly different:

wheremdrawsof sized frc_)m then datahave beenmade.
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Results
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VC MLE EmpSD JSE Delete-10JSE  Delete-1bias

A 0.079 0.130 0.238 0.204 +0.216
Q 04/8 0.151 0.210 0.199 -0.268
E 0.962 0.140 0.194 0.181 0.017
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Conclusions

« Thedelete-1bias correction tendsto overcompensate
« Thedelete-1variance estimatorsare larger than the empirical variances
« Thedeete-10 variance estimators are a slight improvement

«  For thisparticular pedigree structure, the influence of individualsreflectstheir trait
value, rather than their position in the pedigree

Software used: http://www.qgimr.edu.au/davidD
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