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1. INTRODUCTION 

The need of new indicators that cover cross-cutting information on households economic 

well-being is among the current priorities of the National Statistical Institutes as well as a 

major goal at European level. The current process of modernization of social surveys is 

going towards a better integration and coordination of surveys also in order to facilitate 

their integration through statistical matching procedures. One of the aim of this work is 

to evaluate the possibility of integrating two different data sources in order to provide 

joint information on household income and consumption expenditures in Italy at the 

micro level. For this goal, we use EU-SILC 2012, with income reference year 2011, and 

the HBS (Household Budget Survey) 2011.  

The paper focuses on the role of the auxiliary information in improving the matching 

outputs and overcoming the underlying assumptions. In fact, most of the statistical 

matching methods proposed in literature assume (i) conditional independence (CI) of the 

target variables given the common variables and, (ii) the observations in the available 

samples are independent and identically distributed (i.i.d.). Conditional independence is a 

very limiting assumption that rarely holds in practice. The only way to overcome the CIA 

is to introduce some auxiliary information in the matching procedures and this work 

highlights the advantages in using a reconstructed HBS household income for this 

purpose. The i.i.d. assumption is also difficult to be maintained when matching data from 

complex sample surveys. In such a case, the Renssen’s approach, based on calibrations of 

the weights [1], seems more flexible and suitable especially when the variables under 

study are categorical. Such approach is also promising in matching HBS with EU-SILC. 

It should be noted that an ex-post integration of existing micro data sets has to face 

several challenges due to the lack of information on wealth/consumption in SILC.  In this 

work we prove that an important source of auxiliary information could come from the 

introduction of a small number of questions on food consumption and transport in SILC. 

Through the identification of those consumption components that are good predictors for 

total consumption in HBS we show how the introduction of few additional consumption 

variables in SILC could add valuable information on total consumption expenditures; this 

information can be used as additional auxiliary information in the matching process. 
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2. METHODS 

It is well known that statistical matching (SM) procedures usually refer to a broad range 

of model-based techniques that generally aim to achieve a micro data file from different 

sources that have a set of variables in common but do not contain the same units or the 

same identifier. In the basic Statistical matching  framework, the surveys to integrate, 

denoted as A and B, share a set of variables X, while the variable Y is observed only in A, 

and the variable Z is observed just in B. The final objective of SM is to explore the 

relationship between Y and Z. Integration at micro level can be obtained by limiting 

attention to a given data set (say A) and imputing in it the missing variables (Z in this 

case). Many of the techniques proposed for SM at micro level are based on methods 

developed for the imputation of missing values: parametric (e.g. regression imputation), 

nonparametric (hot deck imputation) or mixed methods (e.g. methods based on predictive 

mean matching). Hot deck procedures consist in filling in the missing variable in the data 

set chosen as the recipient by using the other data set as the donor. The donation is 

typically based on the variable, X, available in both the data sets. Commonly encountered 

hot deck procedures for SM are: random hot deck, nearest neighbor hot deck and rank 

hot deck [2]. 

In random hot deck, the donors are chosen at random, but this choice is usually carried 

out within opportune subsets of donors: those sharing the same characteristics of the 

recipient records, e.g. in terms of geographical area, gender, typology, etc. This method 

is particularly suited when dealing with categorical X variables; in such case, random hot 

deck consists in estimating the conditional distribution of Z given X and then drawing an 

observation from it. A particular version of random hot deck permits to exploit auxiliary 

information in reducing the subset of the potential donors. 

3.  RESULTS 

In order to obtain a synthetic micro data set, we use HBS as a donor data set and impute 

consumption classes in SILC; a first step in our matching procedure consists in the 

application of random hot deck under CIA using the R package StatMatch [3]. Then the 

exploration of SM uncertainty is also applied by calculating the Fréchet bounds for the 

contingency table between the variables of interest given the two common variables 

being considered. To overcome the CIA we use all available information included in the 

HBS ad hoc section about income and savings. The HBS income variable does not 

clearly have the same quality level of EU-SILC income variable. For this reason, we 

estimate a new income variable in order to reduce the large income discrepancy. The 

reconstructed income variable shows a decrease in the HBS household income 

underestimation, and its marginal distribution is closer to income distribution in EU-

SILC. 

It is worth noting that the auxiliary information concerning the reconstructed income is 

applied in the matching process in further restricting the subset of potential donors of the 

random hot deck procedure. The comparison between the imputed consumption classes 

in SILC using the original HBS income or using the new HBS income variable as 

auxiliary information displays a valuable improvement of the estimates in consumption 

highest classes (Figure 3.1), and, in general, the marginal distribution of the imputed 

consumption is really close to the reference one [4]. Moreover, the unlikely assignments 

between classes of consumption and income are also rather limited. In other words, there 

is a significant decrease of those frequencies corresponding to classes of consumption 

that differ more than three from the respective class of income. 
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Figure 3.1  Comparison of class of consumption imputed with synthetic variable 

and original variable 

 

In order to enhance SM of income and consumption, an ex-ante collection of information 

on wealth/consumption in SILC could provide new shared variables with high predictive 

power useful for matching procedures. Analysing the structure of consumption, we 

identify those components representing good predictors for total consumption. Afterward 

the explanatory power of each amount is investigated using a statistical model. 

Looking at distribution for different income classes (Figure 3.2), we realize that there are 

three components (total housing costs, food, transport) contributing to 63% of total 

consumption.  As expected the share that people reserve to food consumption decreases 

as income increases: from 24% for the first class of income to 14% for the last and 

richest class. A similar trend observable in the total housing expenses is mainly due to 

decreasing amount of rent payment for higher classes of income. 

Figure 3.2 HBS main consumption components by income classes 

 

Some simulations on HBS using different methods of classification, are performed to  

build a rule for identifying different consumption components, in order to allocate 

observations to the estimated classes. Comparing the overall classification error between 

models and covariates, it turns out that all the models identify the same set of variables 
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(food and transport expenditures among the common variables). The best model 

classifies correctly 56.3% of total households in HBS survey. 

4. CONCLUSIONS 

The primary object of our work is to underline the importance of the auxiliary 

information in improving the estimates accuracy in statistical matching procedures. The 

availability of few valuable questions about the use of the household income in HBS (e.g. 

consumption and savings) has allowed us to reconstruct new income variable. The 

inclusion of one or two questions on savings in HBS can then be useful for data 

integration purposes, as well as for improving the quality of information on household 

monthly income. Similarly, another source of auxiliary information could come from the 

introduction of a few set of questions on food consumption and transport in SILC. These 

variables have a great potential and explanatory power so it can be useful to use this 

information for estimating a total expenditures variable in SILC to be used as auxiliary 

information able to improve the quality of final estimates. 
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