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Missing Data
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On Missing Genotype Data
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Missing Data - Approaches Missing Data - Approaches

e The most common approach for dealing with missing data is to omit the obser- e As an alternative, multiple imputation can be used to draw valid statistical infer-
vations that have missing records in the model’s covariates. This approach can ence from data with missing values when the data are missing at random (Little
have several shortcomings, including: and Rubin 1987, Schafer 1997).

— Loss of power.

— Bias in the parameter estimates. — 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 stan-
dard errors of the parameter estimates as well as the variability between the
e Other, somewhat less common approaches (typically used when the software parameter estimates from the replicate data sets.

necessary to analyze the data relies on complete observations) are:

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

— To impute a value from the marginal distribution of the covariate. — While the hypothesis of missing at random cannot formally be tested, it is

o . i iate is a f a lot less stringent than the requirement of missing completely at random,
— To create an extra level indicating missingness, if the covariate is a factor. which is the underlying assumption made when observations are omitted.

These choices tend to be lousy, too.

Not Missing at Random Multiple Imputation

23TT —----
24AG -
24GG -
26CT — -
31GA — -
316G -
33AG -
33GG

1GC
21GG - --

24
" Overall Hom !
Method | Gonfidence | “cgy call | HetCall |
Rate Rate I
DM 0.26 94.16% | 97.24% | 86.32% |
DM 0.33 95.96% | 98.24% | 90.16% §
BRLMM 0.3 97.40% | 97.40% | 97.75% E ol :
BRLMM 0.4 98.27% | 98.30% | 98.48% § 3 | ;
BRLMM 05 98.79% | 98.82% | 98.93% Pl 3 -
BRLMM 0.6 99.15% | 99.18% | 99.25% R | | .

Snp107CG -

Snp
Snp
Snp
Snp
Snp’
Snp
Snp
Snp
Snp
snp
Snp
Snp
Snp’
Snp
Snp

From the “white paper”, http: //www.affymetrix.com/support/technical/product updates/brlmm.algorithm.affx

Snp



Multiple Imputation
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e The CLUE Il Population: A nested case-control study was conducted using
the population-based CLUE Il cohort, established in 1989. Individuals residing
in Washington County, Maryland, and surrounding regions were invited to do-
nate blood for cancer and heart disease research.

The CLUE Il cohort consists of 32,892 individuals, including approximately 30%
of county residents. Cancers that developed among cohort participants were
ascertained through linkage to the Washington County and, since 1992, the
Maryland State Cancer Registries. In 1996, and about every two years after-
wards, participants were asked to complete a follow-up questionnaire asking
about health events, medication use, and cancer risk factors.

Example 1 - Statistical Inference

Number of Pairs Odds Ratio Confidence Interval

XPD Lys751GIn
original data set 202 1.90

(1.20-3.00)

multiple imputations 321 1.45 (1.00-2.10)

XPD GIn751GIn
original data set 202 2.18 (1.08-4.40)

multiple imputations 321 1.31 (0.74-234)

Positive Family History
(1.43-450)
(1.58-4.03)

original data set 202 2.53
multiple imputations 321 2.53

Multiple Imputation
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e The Study Population: For this study, 321 cases of breast cancer that oc-
curred after blood donation to CLUE Il 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 individually matched to
cases (1:1) by age at blood donation and menopausal status at blood donation.
Selected controls were cancer-free.

o 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 Il breast cancer cases and controls who were part of a case-control
study on organochlorine compounds. In addition, a 1996 follow-up question-
naire that was sent to all CLUE Il participants. The questionnaires contained
detailed information on family history of breast cancer, reproductive history,
medication history, and selective dietary intake.

Example 1 - 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 4.7 285 565 11.7 33

control 327 533 112 28 421 477 103 0.0




Example 1 - Imputation
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The missing data were imputed using decision trees. In a minute . ..

Multiple Imputation

We looked into two approaches:

1. Haplotype-based imputation
— The idea here is to reconstruct the haplotypes (for example via the EM al-
gorithm), and impute the missing values from the estimated haplotype fre-
quencies.
2. Tree-based imputation

— The idea here is to use decision trees to impute the genotype data, borrow-
ing information from neighboring SNPs and other variables.

Both are described in detail in Dai et al (2006). | will mostly talk about the tree
based approach.

Tree-based Imputation

Specifically, we consider iteratively sampling from the following sequence of the full
conditional distributions in the (n + 1)™ iteration:

MY~ Pr(ML| MY, MY, ... MY, C,D)

MY~ Pr(M MY M, M, C, D)
MY~ Pr(M MY, MY, MY, e, D).

where each full conditional distribution is modeled by CART.

— A convenient property of surrogate splits in CART is that we do not have to
guess the initial values of the missing data in M. As a result only a very short
burn-in of the above sampler is required.

Example 2
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Tree-based Imputation

e For each individual ¢, let M; = (M;1, Mo, ..., M,,) be the vector of p variables
consisting of the covariates X; = (z;1,...,x;,) and the unphased SNP data
G, = (gi1; - - -, gix) Which have missing entries (1 < p < r + k).

e Let C; be the vector of the remaining covariates and unphased SNP data for
which all data are available. We assume that the outcome D, is always ob-
served.

e The joint probability distribution of the missing data for individual i given the
observed data, Pr(M;,, M, ..., M;)|C;, D;), is difficult to get. An obvious prob-
lem is that the sets of missing data M; and complete data C;, respectively, are
different for each individual i.

o Instead of modeling the joint distribution, we use the Gibbs sampler, a Markov

chain Monte Carlo technique that uses conditional (low-dimensional) distribu-
tions to draw samples from a high-dimensional distribution.

Simulation 1
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Simulation 2 Simulation 2 - Results

PGR haplotype frequencies (see Kraft et al, 2005) used in the simulation study. Mean imputation errors in the simulated data of four SNPs on the PGR gene for four impu-
Haplotype 1000 is associated with the disease outcome. tation approaches:
m 10% missing data 20% missing data
Approach SNP1 SNP2 SNP3 SNP4 SNP1 SNP2 SNP3 SNP4
0000 0.3265 Pa—”
0001 0.1327 Naive 0.625 0.596 0.568 0.449 0.625 0.595 0.567 0.449
0100 0.0306 EM 0.412 0.390 0.243 0.379 0.427 0.407 0.271 0.385
WEM 0.412 0.390 0.243 0.379 0.427 0.406 0.271 0.385
0101 0.0408 Tree 0.440 0.397 0.260 0.399 0.461 0.411 0.292 0.415
1000 0.1633 =1
1010 0.0408 Naive 0.627 0.589 0.560 0.441 0.627 0.589 0.560 0.441
EM 0.433 0.383 0.245 0.369 0.448 0.399 0.273 0.375
1100 0.0204 WEM 0.415 0.381 0.241 0.369 0.431 0.396 0.269 0.375
1110 0.2449 Tree 0.449 0.389 0.263 0.389 0.471 0.407 0.296 0.403
3=2
Naive 0.628 0.587 0.557 0.438 0.627 0.588 0.557 0.438
We added a signal through a logistic penetrance function: EM 0443 0380 0246 0365 0457 0397 0273 0371
WEM 0.386 0.375 0.233 0.363 0.402 0.391 0.257 0.370
|ogit(Pr(D = 1|H)) =-3+03- (number of copies of hmuo) Tree 0422 0388 0262 0385 0443 0398 0292 0399

Simulation 2 - Results References
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