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Abstract In the colorectal cancer database, a small but

Local-area characteristics from the census are often Stbstantial percentage of records (about 4.1%, or 2084
useful supplement to variables in databases create&fses) were not geocodable due to insufficient address
from administrative records, when geographical links tgnformation, and hence no values could be obtained for
census block groups can be established. In largéese cases through linkage to their corresponding
databases, some records might not have adequa&€nsus block groups. As suggested by Zana®8g),
address information to permit geocoding beyond Ziﬁhe avallablllty of information from both administrative
code; hence, no links could be made to census blodiecords and the census for geocodable cases
groups. Treating these ungeocodable cases as uffiespondents) makes it possible to fit a model to
nonrespondentsy we propose a new method that us@§timate the relationShip between the information in the
matched substitutes and regression modeling to creat&o sources. This model can then be used to impute

multiple imputations for such missing values. data for the ungeocodable cases (nonrespondents) based
on their administrative records. We propose a similar
1. Motivation strategy for using matched substitutes to impute data

that are missing for ungeocodable cases in
In a study of treatment patterns for colorectal cance ographically linked databases. The matched
patlenti, .c.haracterlstlcsfl slucr; as hage: Ig?.?der A bstitutes allow us to incorporate small area effects
race/ethnicity were available from hospital files andjyy, the imputations without having to explicitly model
insurance records. In this study, investigators alsQgnarate effects for each small area. This work is the

believed that variables such as income and educatiqﬂst real-data application of the methodolo roposed
level could be useful in model building and prediction.by Rubin and Zglgutto (2001). 9y prop

Unfortunately, no individual measurements for these
covariates were available from the adm_|n|strat|ve2. Imputation Methodology
records. Instead, mean values of these variables were

obtained from U.S. Census Bureau records for smaffubin and Zanutto (2001) proposed a method called
geographical areas (census block groups or tractsjnatching, modeling, and multiply imputing” (MMM)
inc|uding the Subject‘s residence were used a at uses matched substitutes to help Impute for missing
regressors to estimate income and education effectdata due to nonresponse in sample surveys. In this
Use of such "contextual variables" is a common@pproach, substitutes are selected for nonrespondents
procedure in epidemiological and health serviced!Sing background covariates, which are available prior
research (Krieger et al, 1997). Such analyses oftef? the survey and are con\(enlent for matching, tq o_btaln
produce broadly similar results to those based ofesponses from survey units that appear to be similar to
individual variables. If both individual and contextual the nonrespondents.  Hence, they referred to their
variables were a\/ai|ab|e, it m|ght be possib|e toSUbStltUteS as “matched” substitutes. Rather than the
separate the effects of individual characteristics andisual approach of using the substitutes directly to
context; in a purely contextual analysis, these effect§eplace nonrespondent data, the method uses the
are confounded. Nonetheless, associations betwedhatched substitutes along with respondent information
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contract with the National Opinion Research Center and Datametrics,
Inc., and by a grant from the Agency for Healthcare Research and
Quality (AHRQ) and the National Cancer Institute (HS09869).



and the background covariates of the nonrespondents 2 Modeling and Multiply Imputing

build a mpdel to muIt|pIy_ impute the missing data. TOSuppose our model is

help fit this model, substitutes are also chosen for some _

respondents. Once the missing responses have been Yy =B tx;B+d +g,

multiply imputed, the substlltutes (for both respondent$ynerei indexes small area (e.g., zip cod¢)jndexes

and nonrespondents) are discarded. L .

, ) __unit within area, andx; and B are covariate and

The methodology is designed to work well in . X ) ,

realistically complex _situations. In particular, it coefficient vectors. This model includes a regression

accommodates  systematic  differences  betweeRrediction B, +x,B, a small-area effeot, , and a unit-
respondents and nonrespondents as well as betwegpecific residual, . We assume thad, follows some
nonrespondents and their substitutes. In addition to the. . . . _
fact that substitutes are, by definition, respondents an§IStrIbUtlon F, with E(d) =0, and ¢, follows some
therefore may be systematically different from theirdistribution F, with mean zero and variance?
matching non-respondents, it is impractical to matchassuming for the moment thay is univariate, an
substitutes to nonrespondents on all relevant covarlate§ sumption which we will relax shortly)
For example, suppose that age and address are availa i . ) . y) o
for all units in the population prior to sampling. It may If we are given pairs of unity, and y,, within
be feasible to choose substitutes for nonrespondents ltlye same small area, i.e.,

matching on address (e.g., choosing a _neighbor to be a y, =B, +x p+d +e,,

substitute), but it may not be easy to include address ' ‘ b
information in a statistical model. Covariates like Y, =B, +Xx,p+d +¢&,,
address are referred to as matching covariates, Whereﬁ%
covariates that can be included in statistical models are
called modeling covariates (Rubin and Zanutto, 200;). (Yy = Y) =Xy = X,) B+ (e, —€)

Though age can be . poth a r_natchlng .and mOde“n%here the constant term and the small area effect drop
covariate, it may be difficult to find substitutes that are it The residuals from this regression have a
similar to the nonrespondents on both address and age:™ trical distributi ith i 2 2 A
Therefore, one may choose not to match on age, anymmetrical distribution with varianceo™.  Assume
match only on address. If both the probability offor the moment that we have a way of drawing from the
response and the value of the survey outcome arosterior distribution o and S3,, and we carry out all

related to age, then the outcomes for nonrespondentise rest of this analysis conditional on that draw.
and their substitutes will be systematically different due Now suppose that we are interested in imputing

to differences in age. In that case, age is treated asgg g third unit in the same small area. Assuming a flat
modeling covariate and will be included in the mult|plepriOr for d,, the posterior distribution for

imputation model to adjust for the observed differences. '

n we estimat@ from the within-area regression

d\ | yil’y\Z’Xil’XiZ’Bo’ﬁ has mean

2.1 Matching _ o+, 5 Xt
Matches for ungeocodable cases can be obtained by 2 °g 2 o
making random selections from a pool of all
geocodable cases in the same zip code; when tiand varianceo’/2. Hence the predictive distribution
dt_asilred number of_ matches could not be achieveﬁ)r yi3| VoY XXX ,,p has mean
within the same zip area, the selection process is
expanded to the nearest zip areas until all matches have Vot Y, B( X, X,
H . AT AV —
been found. In our analysis, we used two substitutes 2 0e 2 ’
per nonrespondents, but theoretically one could use any _ , S ,
number of substitutes. As suggested by Rubin an@nd variance3c?/2 which is the sum ofc?, the

Zanutto (2001), substitutes are also chosen, in similgoredictive variance under the model conditional on all
fashion, for some randomly selected geocodable cas@sarameters, andr’/2, the posterior variance ofl, .

In this study, all matches were obtained from.the SaMB e also could use predictors that only utilize part of
colorectal cancer database. In general, substitutes neﬁ]de data (i.e. onlyy. or only y,). Since the estimator
et il i27"

not be necessarily drawn from the same population
where the nonrespondents and respondents originatefeésented above uses data from bgthand y,,, it is

For example, one can select substitutes for colorectaherefore more efficient than an estimator that uses only
cases from a general population of cancer patients, anshe of y, andy,. Note that use of a flat prior leads to

then fit a model to correct for differences. overdispersed draws relative to what would be obtained




with a proper prior from a hierarchical model, but iswhere links to census block groups could be
much simpler (especially in the multivariate-outcomeestablished, the following census measurements were
case). available:

There are several approaches to draw residuals. Y, = Median Household Income,
For single dimension, one could estimate the residual B
variance and make independent draws under univariate Y, =
normality. To generalize to multiple dimensions, the vy = percent in Poverty;
corresponding approach would estimate the residual . ,
covariance matrix and then draw under multivariate€@ch of which had values for each of six race groups
normality. To save investigators from having to model(Asian/Pacific - Islanders, Blacks, Hispanics, Native
a covariance matrix and to relax the norma|ityAmer|can/Esk|mo/AIeut|an Islanders, Wh|tes., and
assumption, we propose sampling the residjmtgly Others). No contextual values could be obtained for

from the within-area regressions and multiply them bwngeocodablg cases .beca.use their addres; information
were not sufficient to identify the corresponding census

V34 to adjust residuals with varianc@s® so that ek groups. We applied the methodology described
they have varianc&o’/2 as desired. This may be a in Section 2 to create multiple imputations for these

little overdispersed if the residuals are long-tailed sinc&nobserved values.
e.—(e,+€.)/2 may be closer to normality than .
o (€t 0]/ y y 3.1 Transformations

£,—&,. On the other hand, the former is asymmetrical _ , _
To better fit the regression model, a scaled logit

and the latter is symmetngal. Smulafuon r,eSUItStransformation (see “transforming variables” in help
suggest that the above simple rescaling gives fbpics for the imputation software NORM: Schafer,

reasonably good approximation for our data. If We1999) was appli ¢ ch of the tw reent
believe the model might.be he_terpsk(_adastic (in th%zrgial):ﬂesa; arr)lr:j eyd. oTheea trar?sforrr?ed \?aIS(Sscsve?ege
general sense that the residual distribution is related to~ 2 8
x, not necessarily just a change of scale as i@btained by

univariate normal models), we could draw residuals 0 (v,—a)/(b-a) )
within classes of observations believed to be “similar” |09Eh_(y ~a)/(b-a) Efor i1=23,

with respect to residual variation.

To create multiple imputations for missing valuesWith @a=-0.5 and b=100 5 Upon completion of
of a unit in the same small area, we first fit a within-imputations, applying the inverse transformation and
area regression for each dimension and save th@unding to the nearest integer ensured that all imputed
residuals. Then we repeat the following two steps/alues were integers between 0 and 100 inclusively.
several times: For the race-specific median income variables,
1. Draw B, and B under the model. For example, We observed from the main database that they were
n o~ truncated (bottom- and top-coded) at $2,500 to
(BosB)" ~ N((B,,B)",(X"X)"0%) if & are iid $100,000. Thogh in some blocks certain race groups
N(0,0?) . were shown as having zero representation and hence
o .. were coded as having $0 median household income, it
2. For each missing case, calculate the predictivglig not necessarily mean that there were actually no
mean under the model and then add a randomlymempers observed for these groups. Rather it is very
sampled residual timega’:%/_4 . likely that the observed counts were so small that they
were rounded down to zero for confidentiality reasons;
s and as a result these groups were labeled as having $0
3. Application: Colorectal Cancer Study median household income. In fact, in the main
The main colorectal cancer database has a total @fatabase, many of the blocks showing zero
50,740 patient records.  Approximately 96% arerepresentation in certain race groups had the bottom-
geocodable and 4% are ungeocodable. Among theéoded median income for other races at the same block.
ungeocodable, about 50% have P.O. box address@ecause of this and the fact that less than 1% of our
(often in a rural area); the rest have mistyped addressagata have zero median incomes, for simplicity, these
or addresses that lie in a new housing development angros were replaced with the bottom-coded value
therefore is not in the address databases. $2,500; then a log-transformation was applied to these

Researchers were interested in obtaining localobserved median household incoryg i.e. logy,. To

area characteristics from the census as contextugloid clumsy notation, hereaftey,, y, and vy,
predictors of treatment processes. For geocodable Cast%?)resent their transformed versions

Percent with no High School Diploma,

i2°




3.2 Matching, Modeling & Multiply Imputing seven modeling covariates presented in Table 1. These

Preliminary analyses reported about 91% (1,888 out dfovariates are believed to be somewhat correlated with

2,084) of the ungeocodable cases have zip coddhe three dependent variablgs Y, andY, .

informa_tion. Flo_r.simplicity., we used zip code as a Each pair of matches correspondsytp and y,,

convenient definition for neighborhoods, our matching, , .. . . . .
. o . defined in Section 2.2) with observed modeling

covariate. In some situations, the numerical sequen ) .

of zip codes does not correspond to the implieOcovarlatesx‘1 and x,, respectively. All matches are

neighborhood relationships. For example, locally weace-specific to allow for projection to the race of an

have a 02138 post office that also uses the 02238 zighgeocoded person at the Imputation stage. Followmg

code for mailboxes; there is also a 02215 zip code thdhe steps described in Section 2.2, separate regression

was carved out by splitting the 02115 area. To capturgiodels were fitted for each race. For a particular race,

more realistically the distances between neighborhoodsye regressed(y, —y,, Jon (x,—X,) separately for

we used the latitude and longitude of the post office thagéach of the three dimensions: median household income

goes with each zip code in our neighborhood definition.y | percent with no high school diploma,, and

Fortunately, all the 1,888 cases have such latitude an . . -
longitude information. To help fit the model, some percent in povertyy,. The residuals from these within-

geocodable cases (1,882 in total) were randomijfe€@ regressions were then saved. Each imputed value
selected from the main database. was the sum of the predictive mean for 8re vettor
According to the procedure described in Section(Y,,Y,,Y;)" and,/3/4 of a randomly-sampled triple of

2.1, two matches (first match, second match) wergesiduals. Five sets of imputations were created. In
selected for each of the 1,888geocodable cases and short, each block group had six sets of the three

each of the 1,882 geocodable cases. Figure 1 displayariables, one for each race; we fitted models separately

the structure of the data after matching. for each of these and then imputed whichever one was
_ needed.
Figure 1: Data Structure
Administrative Census Contextua| Table 1:  Seven modeling covariates extracted from the main
Data Information variables colorectal cancer database
AGE ... ACOS99 | Yy, Y, VA Variable Type | Range/Possible values
v v v v v Patient’s Age at c 11-104
Geo. . - . . . . diagnosis
1,882 cases \/ : ‘/ / / ‘/ Patient’'s Gender N 1,2
Patient’s Marital
First v v v v v Status at diagnosig N 1,2.3,4,59
Matchesfor : : : : : Type of Cancer C = Colon,
and Radiotherapy N RR = Rectum with Radiotherapy,
Geo. v v v v v
" " 7 7 " Treatment R = Rectum without Radiotherap
Second Cancer Stage [®) 00, 10, 20, 25, 30, 40
Matchesfor : - : : : : Chemotherapy _ _
Geo. v v v v v Treatment N 0=No,1=Yes
v . v ) ) ) ACOS category of
UnGeo. . . . . . . approval, 1999 N 1.2,3,4,59
1,888 cases| - i : : : : C = Continuous, N = Nominal, O = Ordinal
v v ? ? 2
First v v v v v
Matchesfor | : . : : : : ; i
UnGeo. | . ¥ RV 3.3 Multiple-Imputation Inference
Second v v v v v To illustrate and evaluate the multiple-imputation
Matchesfor | : : : : : inference, we treated the data used in these analyses as
UnGeo. v v v vV if they were the entire dataset and performed inferences
v = Observed, ? = Missing for means of each of the three contextual variaMes

. Y, andY,. Based on the rules for combining complete-

.C-Iensus contextual variables refer to the raC€yata inferences, we present in Table 2 a summary of the
specific census measuremenis Y, and Y, defined multiple-imputation(m =5 )inferences, where
earlier. The values for these three variables are
observed for geocodable cases, but are missing for the
ungeocodable records. Administrative information is a Q =the average of the complete-data point
collection of patient characteristics in the main
colorectal cancer database. To avoid complexity,
subsequence analysis will be carried out using only the U = the within-imputation variance estimate,

Q = the complete-data point estimate,

estimates over the five imputed datasets,



B = the between-imputation variance estimate,

geocoded to the level at which the linkage is being

- de.
h made

an estimate of the fraction of missing
information aboutQ.

Detailed expressions for the above quantities can bReferences
found in Rubin (1987, Chap. 3) or Schafer (1997, pkrieger N., Williams D., Moss N. (1997)Measuring

109-110).

We can see from Table 2 that the estimates of the
fraction of missing information about th€’s are

significantly less than the fraction of missing data,Rubin,

which is 1888/(3x1888+3x1882=0.17.  This

implies that, compared to complete data estimates fdRubin, D.B., and Zanutto, E. (2001).

eachY , we have achieved more efficient estimates for
the Q’s using the sets of imputed data generated from

our methodology described in Section 2.

Table 2: Multiple-Imputation Inference

All A <0.17= Fraction of Missing Data

Zanutto, E. (1998).

4. Summary

Motivated by Rubin and Zanutto (2001), we propose a
similar strategy that uses matched substitutes to
improve imputations. The methodology is practical,
flexible, and easy to be implemented under multiple
dimensions. It has been successfully implemented for
the colorectal cancer database. Five sets of imputed
data were created from the procedures described in
Section 2. Based on these imputed data, we estimated
the fraction of missing information about the mean for
each of the three contextual predictors. Each of which
was substantially less than the fraction of missing data.
This suggests that the imputed datasets generated by
our model produce more efficient estimates than the
corresponding complete-data version. The imputed
data have been used in our analyses of distribution of
services for colorectal cancer patients.

In future work, we might attempt to fit more
sophisticated models using more covariates from the
main colorectal cancer database, and quantify the gains
relative to the main effects model fitted in Section 3.
Methods and quantitative measures should be
developed to assess the properties and to evaluate the
“goodness” of the imputed values generated by the
presented methodology. In conclusion, we have
demonstrated that imputation methodology can be
useful for researchers working with geographically
linked databases when some cases cannot be fully
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