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1. INTRODUCTION 

Record linkage is the process of identifying and matching individual records from 

different databases that refer to the same entities. Statistical matching, on the other hand, 

aims at matching different databases not including the same populations. This can be 

done either on the micro level by producing a new micro dataset, or on the macro level 

where a summary statistic based on the different databases is estimated. We refer to all of 

such methods as data integration methods.  

Our work is motivated by recent developments in German official statistics, where a new 

integrated household sample design will be implemented [1]. Within this setting, core 

variables are collected for all sampled households. In a second stage, some households 

are selected from the initial sample to participate in other surveys where more variables 

are collected. The application of data integration methods to raise estimation accuracy 

while simultaneously keeping response burden and costs low has become an increasingly 

popular area of research. Thus, through statistical matching, variables which initially 

were not jointly observed can now be analysed together. Consequently, under certain 

circumstances, these methods contribute to the reduction of response burden and costs by 

augmenting the scope of analysis and the number of observations needed for accurate 

estimates [2] [3] [4]. 

Since we lack access to German official statistics data, we use the AMELIA dataset 

which is a synthetic dataset based on the European SILC (Statistics on Income and 

Living Conditions) data [5]. We are interested in inference about the relationship of 

employment status and total disposable household income. From the AMELIA database 

we will draw two surveys, one similar to the SILC and the other similar to the LFS 

(Labour Force Survey), where income is collected in SILC but not in LFS and 

employment status is collected in LFS but not in SILC. Since the LFS is a much larger 

survey than the SILC, we want to impute household income from SILC to LFS. We use 

the approach of [6] to handle imputation and model estimation of employment status and 

household income.  

2.  METHODS 

Zhang et al considered in [6] the problem of inference about the relationship of two 

variables reported in two different databases. Specifically, they considered inference on 

how some variable Z is affected by another variable Y when there exists no such 

database that collects Z and Y simultaneously. That is, Z is only reported in the first 

database, while Y is only reported in the second database. The data integration and 

regression problem was approached by spatially borrowing information from one 

database to supplement information that is missing in another database. This has been 

shown to be useful in medical studies (e.g. [7]) as well as census data [6]. Their approach 
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was a spatially-adjusted Bayesian additive regression trees (SBART) model, which 

imputes the missing variable in the first database based on individual-level covariates as 

well as geographic information. BART models an unknown function as a mixture of tree 

models, where each tree is a priori constrained to have a simple structure, where it only 

contributes to a small extent to the overall model [8]. SBART is an extension of BART 

since it additionally incorporates spatial random effects. Within this setting, correlation 

between neighboring areas is used to improve estimates. Imputation of the missing 

variable Y and inference about the relationship of Z and Y are obtained simultaneously 

using the posterior distribution. This is done by implementing a Markov Chain Monte 

Carlo simulation which also automatically accounts for imputation uncertainty. 

2.1. Notation 

Suppose we have I spatial units for the micro-data. In database D1 let mi denote the 

number of subjects from area i and so, the sample size of D1 is m = ∑i mi . For the j-th 

person in area i, we are interested in the relationship between zij,1 and yij,1 where zij,1 (but 

not yij,1) is recorded in D1. Let xij,1 denote the vector of other individual-level covariates 

in D1. In our application, D1 corresponds to the LFS data, zij,1 is the employment status 

and yij,1 is total household income which is missing in LFS. The variable that is missing 

in D1 is recorded on a different set of individuals in dataset D2 (corresponding to SILC in 

our application). Let yij,2 denote the variable yij recorded in D2 rather than D1. Also, xij,2 

denotes a vector of other individual-level covariates in D2 (assume that common 

variables to both datasets have been harmonised). Suppose ni is the number of individuals 

from area i, hence, n = ∑i ni is the sample size of D2. Let Z1 = { zij,1 , i = 1,…, I , j = 1,…, 

mi}. Define Y1, X1, Y2, X2 to denote the corresponding vectors of yij,1, xij,1, yij,2, xij,2 

respectively.  

2.2. Sampling Model 

We take the same model based approach as in [6], where we construct the model 

assuming sampling models for zij,1  and yij,1. Assume a sampling model p(zij,1 | yij,1, xij,1, 

Φ) is known for zij,1. If zij,1 is continuous, we can assume a linear regression model with 

zij,1 being the dependent variable, yij,1 and xij,1 defining the design matrix, and Φ, a 

parameter-vector including the regression coefficients and variance parameter. On the 

other hand, if yij,1  is ordinal, a probit model can be used. We refer to [6] for examples. 

We provide illustrations of our own in this work. The model p(yij,1 | xij,1, f, θ, σ
2
) 

describes the relationship between xij,1  and yij,1. Specifically, we assume 

yij,1 | xij,1, f, θ, σ
2
 ~ N( f(xij,1) + θi , σ

2
) . (1) 

Here, N denotes the normal distribution with mean f(xij,1) + θi and variance σ
2
. θ = (θ1,…, 

θI)
T
 is a vector of random spatial effects, f(xij,1) is an unknown function associating Y1 

with X1, and σ
2
 is the residual variance. Note that we assume the same model holds for 

Y2 and X2 in D2. We represent the mean function f(xij,1) as a BART model. The extra 

random effects θ introduce spatial correlation among neighboring areas. Thus, we refer to 

(1) as the spatially-adjusted Bayesian additive regression trees model.  

2.3. The SBART Model 

Recall, we wish to learn about the relationship between Z1 and Y1, where Y1 is missing. 

Assume that (Y1, X1) and (Y2, X2) arise from some model M. Using the posterior from 

the parameters in M, we can obtain the conditional distribution of Y2 | X2 to impute the 

missing values of Y1 | X1. Then the regression of Z1 on the imputed Y1 approximates the 
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relationship between Z1 and Y1. The marginal posterior of the regression parameter β 

accounts for the variability induced by the imputation, which can be found by integrating 

out Y1. For the learning process to work, we make the key assumption that Y1 and Y2 are 

independent samples from the same model. The described learning process is 

complicated by the need to specify a joint probability for (Z1, Y1, Y2 | X1, X2). For a 

review of BART, we refer to [8]. The prior models on the parameters are found in 

Section 2.2 of [6] and the Gibbs sampler is given in the Appendix of [6]. 

3. RESULTS 

Our goal is to perform a thorough evaluation of the SBART and compare it to 

alternatives. First of all, we want to investigate the advantage of using SBART instead of 

BART and second, we want to compare it to a state of the art method in standard 

statistical matching. Furthermore, the impact of different sampling strategies, different 

overlap scenarios, and the consideration of different types of variables available within 

the matching process will be assessed. To do so, the AMELIA dataset represents the total 

population from which surveys will be sampled. This setting is very promising to explore 

the performance of new methods and to identify circumstances under which they perform 

well or weakly. The described evaluation is computationally very demanding and 

programs have still to be improved with respect to efficiency. Unfortunately, it was not 

possible to finish the simulations at this point in time. Nonetheless, current test runs show 

promising and interesting results. 

4. CONCLUSIONS 

Conclusions will be drawn as soon as results are available. The performance of SBART 

and BART and their favourable scenarios will be discussed and the added value of the 

implemented methodology will be presented. The assessment of the methodology under 

different circumstances serves as a basis to apply it in a real world setting. Furthermore, 

we want to apply it in future research to the estimation of poverty measures. 
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