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We consider two different scenarios of combining data from two independent surveys to
make inferences on parameters of interest. In scenario 1, a large sample from survey 1
observes only auxiliary variables related to a variable of interest and a much smaller
sample from survey 2 observes both the variable of interest and the auxiliary variables.
We generate synthetic values of the variable of interest by fitting a working model to
survey 2 data and then predicting the variable of interest associated with the auxiliary
variables observed in survey 1. A projection estimator of a total or a domain total is
simply obtained from survey 1 weights and associated synthetic values reported in survey
1 data file. Replication variance estimators are obtained by augmenting the synthetic data
file for survey 1. In scenario 2, regression analysis is studied when some of the predictor
variables of interest are observed in a different survey. Instrumental variables and
fractional imputation are used to implement statistical matching or data fusion and make
inference on the regression parameters from the completed data file.
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I. Introduction

We consider two different scenarios of combining data from two independent surveys
from the same target population consisting of N elements to make inferences on
parameters of interest. In scenario 1, a large sample A, from survey 1 collects information

on a variable xand a much smaller sample A,from survey 2 collects information on both
x and a variable of interest y which is more expensive to observe than x. Our primary
interest under scenario 1 is to create a single synthetic dataset of proxy variables Yy, for
the unobserved vy, associated with x;in survey 1 by fitting a working model to survey 2
data. The proxy data together with the associated survey weights, w,, , of survey 1 are then
used to produce projection estimators of the population total of y and domain totals of y .

In one application of the synthetic data approach, survey 2 observed both self-reported
health measurements, x;, and clinical measurements from physical examinations, y,, for

a small sample A, of individuals, while the much larger survey 1 observed only x;. Only



the imputed, or synthetic, data and associated survey 1 weights are released to the public
(Reiter, 2008). We use a model-assisted approach, based on a working model relating
y to x, to generate the synthetic values, and our approach is robust against failure of the

working model.

In scenario 2, we have two independent samples A and B . Sample Aobserves xand vy,
while sample B measures x and another variabley,. The variables of interest y, and y,
are not jointly observed. Our interest is to create a synthetic value Y, associated with the
unobserved y, for each element in sample B by finding a statistical match from
sample A on the basis of the variable x common to samples AandB. Completed data
file with x,y, and y, is used to estimate the parameters of linear regression of y,on y,
and other parameters of interest.

A popular method of statistical matching assumes that the variablesy, and y, not jointly

observed are conditionally independent given the common variable x . For example,
nearest neighbor (NN) matching assumes conditional independence (CI). The
conditional association between y, and vy, given x cannot be estimated from the

observed data. However, Rassler (2004) proposed a multiple imputation (MI) method
based on explicit models to impute the unobservedy, in survey B for different values
describing the conditional association. Imputed data sets are then used to estimate the
unconditional association between y, and y, . Simulation results indicated that the

proposed method performs well in terms of confidence interval coverage unlike NN. In
section 4 we propose an alternative method based on an instrumental variable (1V) for the
unobserved y, in sampleB .

2. Scenario 1

2.1 Total and domain totals

Suppose that the total Y = Z.N: , Vi is the parameter of interest and that the working model
for y, is E(y, | ;) =m(x,,f)=m., var (y, | x;) =o’a(m,) for some known function
a(m;) and cov (y;,y; [ x%,x;)=0for i=j. Based on {(y;,x),i € A} we obtain an
estimator /3 as the solution of estimating equationsZwiz(yi —m,)h, =0, where w,,are
the survey 2 weights, h, =(om./0f)/a(m.) and the summation is over ie A,. We
assume that the first element of the vector h. is equal to 1. For a continuous variable
y and linear regression with m, = g, + £,x; and a(m;)=1, we have h, =(1x,)" .
Similarly, for a binary variable yand logistic regression with logit(m,) = 5, + £,X;and
a(m;)=m,(L-m,) we have h, =(Lx;)". In those cases, the first estimating equation

reduces to > wi, (y; - ;) =0 where f, = m(x;, 5).



In the case of a continuous variable y we compute the imputed or synthetic values
y, = m(xi,,bA’):nﬁi for each x, € A and report them in the survey 1 data file, using

,éobtained from survey 2 data. In the case of a binary variable y the survey 1 data file
will report binary synthetic values y, =1and 0 with associated fractions m,and 1—m, for
each i € A, . The projection estimator of the total Y based on the reported synthetic values
in the survey 1 data file is given by

YAp = Zwilyi (1)

where the summation is over i € A and w,, is the survey weight associated with i€ A, .

Kim and Rao (2012) showed that the projection estimator (1) is asymptotically design
unbiased if the first estimating equation above holds or the first element of
h. isequaltolforie A, . Note that the projection estimator (1) is derived from the

working model but our results do not depend on the validity of the working model,
although efficiency of estimators may be affected.

For the estimation of a domain total Y, = ZL@ (d)y;, the projection estimator is given

by Y’\d,p =Zwi15i (d)y, where §,(d) is the indicator variable for domain d taking the
value 1 if unit i € A belongs to the domain and O otherwise. For domains specified in

advance or planned, the working model can be augmented by including the domain
indicator and the resulting synthetic values are reported in the survey 1 data file. This

ensures asymptotic design unbiasedness of the domain projection estimator \?d]p in the
case of a linear regression or a logistic regression working model (Kim and Rao 2012).
Alternatively if the domain is not planned then the asymptic bias of the domain projection
estimator relative to the domain total is negligible if the domain indicator ¢, (d) is
approximately unrelated to the residual r; =y, —m;,. This will be the case if the working
model is correctly specified.

For estimating the variance of the projection estimators, Kim and Rao (2012) proposed a
pseudo-replication method that requires the generation of synthetic data

{y™,i e A}corresponding to each set of replicate weights {w{,i e A }associated with
survey 1 only. This method enables the user to correctly estimate the variance of the
projection estimator without access to the data from survey 2. The data file will contain
additional columns {y,i e A} associated with the columns of replicate weights

{wl,ie A}, k=1..,L, where L, is the number of replicates created from survey 1.

Hence the price one pays to use only survey 1 synthetic data is to increase the number of
columns in the data file by L, for each variable y for which synthetic values are generated.
Typically, the number of such variables may be small. The replicate projection estimator



is computed from the additional columns §* and w{ as Y => w{P§® and the
resulting replicate variance estimator is of the form

Vi (V,) = D € (Y -Y,)? @)

where the factor c, depends on the replication method used. Kim and Rao (2012)

established the design consistency of the variance estimator (2). Replication variance
estimator for the domain projection estimator is similarly obtained.

2.2 Distribution function

Suppose we wish to estimate the distribution function F(t) =N Ll(yi <t) of a

continuous variable y for a givent, where I(.) is the indicator function. If y, for
i€ A were observed then a design-consistent estimator of F,(t) is given by

F(t)=> W,I(y, <t), where W, =w, /> w, are the normalized survey 1 weights. In
the case only x; is observed for i € A, the projection estimator pr(t) = ZVT/ilI (M. <t)
based on the deterministic imputed values y, = m,will not be design consistent unlike

the projection estimator \fp of the total Y . Hence, we cannot make design-based
inferences on the distribution function using a working model.

It will be necessary to use a design-model approach assuming that an imputation model
holds. In particular, we assume the linear regression model y, = S, + B,X; + o¢;, where

the & are independent and identically distributed with mean 0 and variance o> . We
obtain design-weighted estimators Bo,ﬁl and o from survey 2 data {(y;,x;),i € A,}and
calculate the standardized residuals e; = &‘1(yj —,éo —,élxj) . We then select n, residuals
e, with probabilities proportional to w;, and with replacement from the set of
standardized residuals e;, where n, is the number of units in A,. The imputed values of
y, for survey 1 are then given by y =, + B,x +de, =, + e for ie A and the
resulting projection estimator of F (t)is given by IEp t) = ZVT/HI (y; <t). In the context

of missing data, Chauvet, Deville and Haziza (2013) proposed a similar method for
estimating the distribution function and established its design-model consistency. We are

presently studying the properties of the proposed projection estimator F_(t).

The projection estimator of the total Y IS given by
Yo=Y ey =D wad +6> weel =Y, +6 wye) . If the residuals e are selected by
balanced sampling to satisfy Zwilei* =0, then \7p :\fp and, as noted earlier, \?p is
asymptotically design unbiased regardless of the validity of the model because



ZWiz(yi—rﬁi)zO. Thus a balanced sampling approach would give a projection

estimator of total asymptotically design unbiased and at the same time provide a design-
model consistent estimator of the distribution function. Properties of such a balanced
sampling approach will be studied. Chauvet, Deville and Haziza (2013) proposed
balanced sampling to eliminate the imputation variance in the context of missing data.

3. Scenario 2

In scenario 2, we have two independent samples A and B and sample A observes
xand y, while sample B measures xand another variable y,. The variables of interest

y,and Yy, are not jointly observed. We are interested in the parameters S, and g, of the
linear regression model y,, = B, + By, +¢ with ¢, ~(0,57) by creating a synthetic
value y, associated with the unobserved y, for each element in sample B on the basis of
the common variable x observed in both samples A and B . If y, associated with
y,; were observed in the sample B, then the least squares estimators are denoted by

By and B; .

We now consider a two-step procedure to generate synthetic values Yy, for i € B. Step 1:
Estimate the conditional distribution f(y, | x,77) from sample A by fa(y1 | X,17), where
nis the design -weighted estimator of the parameter 7 of the normal conditional density.
Step 2: For each element i in sample B use the x;value to generate imputed value y,, of
y,; from fa(y1|xi,ﬁ). We then perform linear regression of y, ony, for ieB to
obtain least squares estimators ,50 and ,51 as proxies to the unknown Ssand 3, . The

estimators EO and ,51 will be consistent under the CI assumption but biased if the CI
assumption is not satisfied. In the case of linear regression models for y, on xand y, on
y,, it is not necessary to make distributional assumptions and one can use stochastic
regression imputation from sample A to generate y,; for the elements iin sample B.

We now turn to the two-stage least squares (2SLS) approach by assuming that xis an
instrumental variable for y, in the sense that the conditional distribution of y, given y,

and x does not depend on x: f(y, |y,,X)= f(y,|y,). Thatis, y,and xare conditionally
independent given vy, .We replace the unobserved vy, for i B by the least squares
predictor y,, = &, +a,X; obtained from the sample A data {(y,;,X;), j € A} under the
working linear regression model y,; = &, + a,x; +u;with u; ~ (0,02) and then perform
linear regression of y, on y,. to obtain the 2SLS least squares estimators ,30 and ,5’1.
Under the IV assumption it can be shows that the 2SLS estimators are unbiased with

respect to the assumed linear regression model vy, = B, + B,y +€ with e, ~ (0,52) .
The 2SLS method is very simple to implement. We have also evaluated the variance of



the 2SLS estimator ,31 which shows that the variance of the estimator can be large if the
correlation between xand y, is small.

The 2SLS method is designed to estimate only the regression parameters and also it is not
directly applicable if the regression model is not linear. For general models, we have
developed a parametric fractional imputation method, making distributional assumptions,
but it is not discussed in this short paper.

4. Simulation study

We have conducted simulation study by generating samples under the IV assumption. As
expected, the CLT-based estimators led to large biases and mean squared errors unlike
the 2SLS estimators. Results are not reported in the paper.
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