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Abstract

Family history is an important cancer risk factor to consider in association studies of putative

cancer risk alleles. If an allele is associated with risk, it should also account for some

proportion of familial clustering of cancer. A major obstacle to evaluating genetic variants in

the context of family history is often the lack of complete family history data.

The most common approach for dealing with missing data is to omit the observations that

have missing records in the model’s covariates. However, this approach has several short-

comings, including the loss of power, and the potential introduction of biases in the param-

eter estimates. As an alternative, multiple imputation can be used to draw valid statistical

inference from data with missing values when the data are missing at random.

We used a decision tree based multiple imputation strategy in a case-control study of a

breast cancer nested within a cohort of women in Washington County, Maryland (CLUE

II Cohort). The risk associated with the polymorphisms in XPD (Lys751Gln) and XRCC1

(Arg399Gln and Arg194Trp) DNA repair genes, accounting for breast cancer family history,

critically depended on the statistical handling of the missing data. We believe that this effect

may account for some of the conflicting results of association studies between genetic poly-

morphisms and cancer risk, and stresses the importance of proper statistical approaches

for handling missing data.

The Study

CLUE II Population: A nested case-control study was
conducted using the population-based CLUE II cohort,
established in 1989. Individuals residing in Washing-
ton County, Maryland, and surrounding regions were
invited to donate blood for cancer and heart disease
research. The CLUE II cohort consists of 32,892 in-
dividuals, including approximately 30% of county resi-
dents. Cancers that developed among cohort partici-
pants were ascertained through linkage to the Washing-
ton County and, since 1992, the Maryland State Cancer
Registries. In 1996, and about every two years afterwards, participants were asked to complete
a follow-up questionnaire asking about health events, medication use, and cancer risk factors.

Study Population: For this study, 321 cases of breast cancer that occurred after blood donation
to CLUE II in 1989 were identified. Cases were excluded if they had a diagnosis of any other
cancer except for non-melanoma skin cancer and cervical cancer in situ. Controls were individu-
ally matched to cases (1:1) by age at blood donation and menopausal status at blood donation.
Selected controls were cancer-free.

Family History: Information on breast cancer risk factors was obtained from several sources,
including a questionnaire that was sent in 1995 to a portion of the CLUE II breast cancer cases
and controls who were part of a case-control study on organochlorine compounds. In addition,
a 1996 follow-up questionnaire that was sent to all CLUE II participants. The questionnaires
contained detailed information on family history of breast cancer, reproductive history, medication
history, and selective dietary intake.

Throwing out Data

The most common approach for dealing with missing data is to omit the observa-

tions that have missing records in the model’s covariates. This approach can have

several shortcomings, including:

−→ Loss of power.

−→ Bias in the parameter estimates.

A good reference on this is Greenland S and Finkle WD (1995).

As an alternative, multiple imputation can be used to draw valid statistical inference

from data with missing values when the data are missing at random (Little RJ and

Rubin DB 1987, Schafer JL 1997).

In essence, multiple imputation acknowledges the uncertainty due to missing data, instead of simply ignoring it: several complete data sets are generated, and the

uncertainty in the model parameter estimates incorporates the standard errors of the parameter estimates as well as the variability between the parameter estimates

from the replicate data sets.

Note: While the hypothesis of missing at random cannot formally be tested, it is a

lot less stringent than the requirement of missing completely at random, which is

the underlying assumption made when observations are omitted.

Statistical Inference (1)

Number of Pairs Odds Ratio Confidence Interval

XPD Lys751Gln

original data set 202 1.90 ( 1.20 – 3.00 )

multiple imputations 321 1.45 ( 1.00 – 2.10 )

XPD Gln751Gln

original data set 202 2.18 ( 1.08 – 4.40 )

multiple imputations 321 1.31 ( 0.74 – 2.34 )

Positive Family History

original data set 202 2.53 ( 1.43 – 4.50 )

multiple imputations 321 2.53 ( 1.58 – 4.03 )

Missing Data Patterns

The polymorphisms of the DNA repair gene XPD (751) for case/control pairs and

family history reporting status, in the breast cancer study. This highlights the fact

that missing data can not simply be ignored.

Family History not complete Family History complete

AA AC CC na AA AC CC na

raw numbers

case 43 54 5 5 61 121 25 7

control 35 57 12 3 90 102 22 0

percentages

case 40.2 50.5 4.7 4.7 28.5 56.5 11.7 3.3

control 32.7 53.3 11.2 2.8 42.1 47.7 10.3 0.0
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The missing data were imputed using decision trees. See Dai et. al. (2006) for details.

Statistical Inference (2)

Number of Pairs Odds Ratio Confidence Interval

XRCC1 Arg399Gln

original data set 199 1.91 ( 1.05 – 3.46 )

multiple imputations 321 1.64 ( 1.00 – 2.69 )

XRCC1 Gln399Gln

original data set 199 1.33 ( 0.69 – 2.57 )

multiple imputations 321 1.22 ( 0.73 – 2.06 )

XRCC1 Arg/Trp194Trp

original data set 204 1.40 ( 0.70 – 2.80 )

multiple imputations 321 1.20 ( 0.72 – 2.00 )
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