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Abstract 

In this work, we introduce ShinyDataMatcher, a user-friendly R Shiny application 

designed to support the integration of survey data through statistical matching. The 

tool enables practitioners to import, explore and process survey data, harmonize 

variables, select appropriate matching variables, and apply a wide range of macro- 

and micro-level matching methods without writing any code. The application guides 

the user through the full workflow of a matching exercise, from data preparation to 

the creation of a synthetic matched dataset, and includes diagnostic tools for assess-

ing matching quality. To illustrate its capabilities, we present an application based on 

the Italian Household Budget Survey (HBS) and the Survey on Household Income 

and Wealth (SHIW), where the goal is to fuse income and expenditure information 

and to construct a Social Accounting Matrix (SAM). The example also highlights how 

repeated random hot-deck imputations can be used to account for the additional 

uncertainty induced by statistical matching. Overall, ShinyDataMatcher provides a 

transparent and accessible environment for exploring, prototyping, and implementing 

statistical matching procedures, lowering the technical barriers that often limit their 

use in applied and official-statistics contexts.

Introduction

Statistical matching is a set of techniques used to integrate information from surveys 
that refer to different statistical units, in which a subset of variables is jointly observed 
while other variables are observed separately [1–3]. The need to combine information 
from different surveys arises because official statistical studies often focus on specific 
aspects of households or individuals. However, many research questions require 
the joint analysis of variables that are not collected within a single data source. For 
instance, the study of economic well-being typically relies on information on income, 
wealth, and consumption [4]; however, in many countries these three dimensions 
are not jointly measured in a single survey. Statistical matching makes it possible 
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to integrate multiple surveys to obtain complete datasets for such analyses (see for 
example [5–9]). A classic further example is the construction of Social Accounting 
Matrices (SAM), which require linking information from different sources to provide a 
coherent representation of economic and social flows [3,10].

Typically, statistical matching involves two data sources, and the matching relies 
on variables observed in both surveys [11,12]. Depending on the purpose of the 
study, matching can be conducted at either the macro or micro level. The macro 
approach aims to estimate features of the joint distribution of variables that are not 
jointly observed, whereas the micro approach aims to create a synthetic file in which 
each statistical unit is equipped with all relevant variables, even if they originate from 
separate data sources.

A standard assumption ensuring model identifiability in both macro and micro 
approaches is the Conditional Independence Assumption (CIA), which states that 
variables observed separately are conditionally independent given the common 
variables [2,13,14]. Under the CIA, both parametric and non-parametric statistical 
matching methods can be implemented effectively.

Among parametric macro methods, classical approaches rely on maximum like-
lihood (ML) estimation under the assumption of multivariate normality [15]. Other 
procedures include least squares estimators for regression parameters [16] and esti-
mators based on observed sample counterparts [17]. For categorical variables, ML 
estimation of multinomial parameters is typically employed. Non-parametric macro 
methods include the estimation of empirical cumulative distribution functions and 
kernel density estimators.

For micro-level matching under the CIA, parametric approaches include condi-
tional mean matching and its stochastic variants, which reduce to regression impu-
tation under multivariate normality [18]. Non-parametric micro methods consist of 
hot-deck procedures [19–22], such as random, rank, or distance-based matching. 
Mixed approaches combine parametric estimation with hot-deck assignment, such as 
predictive mean matching [23,24]. More recent methods relax the CIA by leveraging 
auxiliary information [22,25]. Comprehensive reviews of approaches with and without 
auxiliary information can be found in [26].

Although several of these methods have been implemented in STATA [27] and 
R (via the StatMatch package; [28]), their practical application remains chal-
lenging. Before matching can be carried out, users must perform multiple prepro-
cessing steps: importing data, aligning statistical units, harmonizing variables, 
and selecting appropriate matching variables [29]. The harmonization of common 
variables may require recoding categories, creating new comparable variables, 
and ensuring high data quality [30]. The selection of matching variables is 
crucial, particularly under CIA, and variables should be strong predictors of the 
target variables [5].

Depending on the nature of the variables involved, an appropriate matching 
method should then be selected, and the quality of the resulting matched data must 
be evaluated. These operations require programming skills and a detailed knowledge 
of statistical software, which may be a barrier for many practitioners.
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To address these challenges, we developed ShinyDataMatcher, an R Shiny application that supports all phases 
of statistical matching, from data import and harmonization to the selection of matching variables, the implementation of 
various macro and micro methods, and the download of the matched dataset, without requiring users to write code. The 
application is provided through the ShinyStatMatcher R package, available on GitHub. The package can be installed 
in R using: remotes::install_github(“fedele-greco/ShinyStatMatcher”). The package exposes a single 
function, run_ShinyStatMatcher(), which launches the application.

Interactive tools such as ShinyDataMatcher can play a key role in making complex statistical methods accessible 
to a broader community of practitioners. To show the use of ShinyDataMatcher, we also present an example of how to 
create a matched dataset through the application based on two surveys: the Household Budget Survey (HBS; [31]) and 
the Survey on Household Income and Wealth (SHIW; [32]). Using the matched dataset, we construct a module of the 
Social Accounting Matrix (SAM) related to households and assess the additional variability introduced by the matching 
procedure.

This article is organized as follows: the section Statistical Framework and Methods provides a description of statistical 
matching techniques at both the macro and micro levels under the CIA. The section Statistical Matching through Shiny-
DataMatcher presents the application features used to perform all steps of statistical matching. The section Real Data 
Application illustrates a real data application using ShinyDataMatcher, concerning the construction of the SAM matrix. 
Finally, the section Conclusions offers concluding remarks and discussion.

Statistical framework and methods

Let Y = (Y1, · · · ,YM)⊤ , Z = (Z1, · · · ,ZP)⊤  and X = (X1, · · · ,XL)⊤  be vectors of random variables (r.v.s) of dimension M, 
P and L, respectively. Consider two datasets A and B referring to nA  and nB  statistical units, respectively. For each unit, 
independent and identically distributed (i.i.d.) observations generated from the joint distribution f(x, y, z) are available. The 
units in A have Z missing, hence the data matrix gathered from A can be denoted as [XA YA], where XA ∈ RnA×L  and 
YA ∈ RnA×M , respectively. Conversely, the units in B have Y missing and the data matrix is [XB ZB], where XB ∈ RnB×L  
and ZB ∈ RnB×P , respectively. Fig 1 displays the overlapping and non-overlapping information gathered by the two 
surveys:

Fig 1.  Survey information.

https://doi.org/10.1371/journal.pone.0353530.g001
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The macro approach aims to estimate some summary feature of the joint distribution f(x, y, z), while the micro approach 
aims to construct a new synthetic dataset in which the missing variables in the recipient survey are imputed. In a sta-
tistical matching framework, samples A and B are assumed to be drawn from the same target population. Moreover, it 
is assumed that A ∪ B can be considered as a unique sample of size nA + nB  and that, from such a sample, a synthetic 
dataset can be derived in which the missing data mechanism is either missing completely at random (MCAR) or missing 
at random (MAR), see [3,12,15,26].

A common assumption that guarantees model identifiability is the Conditional Independence Assumption (CIA) between 
Y and Z given X, that is [3]:

	 f(x, y, z) = fY|X(y|x) · fZ|X(z|x) · fX(x).	 (1)

The CIA cannot be tested from the data; this has generated several concerns and discussion on the implications of its 
violation. Nonetheless, matching methods under the CIA are very popular and statistical software for their implementa-
tion is available, a prominent example being the R package StatMatch [28]. In what follows, we sketch the main idea 
of these methods, both at the macro and micro levels, as they are implemented in the ShinyDataMatcher application. 
Technical details about the methods are provided in S1 Appendix. In particular, we consider M = P = 1, which is the case 
implemented in the application: hence, y and z are scalar variables, while x denotes an L-dimensional random vector.

Parametric methods‌‌

Parametric methods assume a parametric form for the joint distribution in (1), that is

	 f(x, y, z;θ) = fY|X(y|x;θy|x) · fZ|X(z|x;θz|x) · fX(x;θx),	 (2)

where θy|x ∈ Θy|x , θz|x ∈ Θz|x , θx ∈ Θx . The macro approach include the estimation of the parameter in Θy|x,Θz|x  and Θx , 
that depends on the nature of X, Y and Z. Details on the macro methods for both continuous and categorical variables are 
reported in S1 Appendix, section S1.1.

For the micro methods, in the case Y and Z are continuous, a complete synthetic dataset can be obtained by estimat-
ing the regression model of Y on X from dataset A and the regression model of Z on X from dataset B. We consider the 
imputation of the missing variable Z in dataset A; however, the same theory can also be applied to the imputation of the 
missing variables Y in dataset B. The imputation can then be performed using two parametric methods: conditional mean 
matching, where each missing value is replaced with the expected value of the missing variable, and stochastic regres-
sion imputation, where random values are added to the prediction to account for the variability of the imputed values 
around their conditional mean. Details on the two methods are provided in S1 Appendix, section S1.2.

Non-parametric methods

To avoid misleading results due to incorrect parametric assumptions, several non-parametric methods have been pro-
posed for statistical matching at both the micro and macro levels, although the latter has received less attention. The main 
methods implemented in ShinyDataMatcher for micro-level matching applications are listed below. Non-parametric 
methods at the micro level are referred to as hot-deck methods [22]. In general, for all micro-level methods, dataset A 
serves as the recipient file, while dataset B is the donor file. Missing values for the variable Z in the recipient dataset are 
filled with observed values from the donor dataset, rather than with predicted values as in parametric micro methods. Typ-
ically, nB ≥ nA . The final matched synthetic dataset consists of nA  units and includes the values x, y, and z̃, where z̃ has 
been imputed. The main techniques applied under the CIA are listed below. First, there is the random hot-deck method, 
which randomly selects a donor record from the donor file for each record in the recipient file. Another method is the rank 
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hot-deck method [21], where an ordinal matching variable X is used to select donors for assignment to records in dataset 
A. [19] proposed the distance hot-deck method, in which each unit in the recipient dataset is matched with the closest 
donor in terms of a chosen distance metric. Distance-based hot-deck techniques are flexible, as they can accommodate 
various distance measures. Further details on the above methods are provided in S1 Appendix, section S2.

Statistical matching through ShinyDataMatcher

The methods described in the Statistical Framework and Methods section assume that datasets A and B are integrable, 
meaning they use consistent units, time periods, and variable definitions. In practice, however, this assumption rarely 
holds. Recorded variables often differ, for example in how categories are defined and coded for categorical variables or in 
the choice of measurement units for quantitative variables. As a result, users often need to devote considerable effort to 
harmonizing the datasets. This process can be time consuming, depending on the analyst’s expertise, and is susceptible 
to multiple sources of error. Once data harmonization has been completed, the next step is the careful selection of match-
ing variables, which requires the application of appropriate selection techniques. The matching method should then be 
chosen according to the specific characteristics of each variable involved. This entire process calls for programming skills 
and familiarity with statistical software such as R: this is an expertise that many practitioners may lack. In this section, we 
sketch the phases of the statistical matching process, by highlighting the role of ShinyDataMatcher and its potential in 
practical work settings. To this aim, we consider applications where dataset A plays the role of the recipient, while B is the 
donor. In Fig 2 the workflow of statistical matching is displayed, which can be performed using ShinyDataMatcher.

Each phase of the statistical matching workflow is structured into distinct tabs within the application ShinyDataMa-
tcher, developed using R Shiny. The current version supports statistical matching with univariate Y and Z variables. 
Each tab’s content is discussed in detail in the following subsections.

Data import/selection of dataset A and B

The goal of the initial phase of statistical matching is to work with two datasets, A and B, ideally aligned in terms of refer-
ence periods and unit definitions [33]. Achieving these two objectives is challenging in practice, as for example harmoniz-
ing the reference periods, and users often make assumptions to apply statistical matching methods [3].

The application allows users to perform the steps illustrated in Fig 3.
More specifically, the first tab of the application provides the following features:

•	 Data Import: The app allows to import rectangular data files, where rows correspond to observational units (e.g., individ-
uals, households, firms), while columns correspond to variables or attributes describing each unit. Data import is per-
formed leveraging the rio::import function of the rio R package [34], which supports several formats such as  
.csv, .txt, .xlsx, among others. Once a file is uploaded, data are added to the following list of available surveys.

•	 List of Available Surveys: This list contains all the datasets that can be managed in the app. By default, this list contains 
a subset of the HBS and SHIW data corresponding to the year 2020, that are used for illustrative purposes in the Real 
Data Application Section.

Fig 2.  Workflow of statistical matching.

https://doi.org/10.1371/journal.pone.0353530.g002
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•	 Dataset A/B Selection: Users can choose Dataset A (recipient) and Dataset B (donor) from the list of available surveys. 
If a ID variable containing unit identifiers is included in the dataset, it can be selected in this tab. If no ID variable is 
selected, the app automatically generates one for subsequent analyses.

Select relevant information from A and B

Survey datasets typically contain a large number of raw variables that are not necessarily relevant for the matching appli-
cation at hand. Since both datasets may contain numerous variables, users are allowed to select only the raw variables 
needed for matching, which we refer to as information. The resulting reduced datasets are denoted as IA  and IB . In this 
tab, users can perform the steps reported in Fig 4.

Variables harmonization

This phase requires appropriate transformations of raw variables selected at the former step (IA  and IB) in order to create 
harmonized datasets that we denote as XA  and XB . Such datasets include candidate matching variables that have been 
harmonized and the target variables. The aim is to address any inconsistencies among similar variables so they can be 
used in the statistical matching procedure. In the app, the variable harmonization consists of two tabs where donor and 
recipient are managed separately. They both include the same features, described below. The tool currently allows one 
transformation at a time. From the dataset IA  (or IB), each variable can be selected. Transformations can be applied 
either to multiple selected raw variables or to a single variable. If only one variable is selected, the following transforma-
tions can be applied:

•	 Rename a variable: This makes it possible to assign a more informative name to a variable and, more importantly, 
to harmonize variable names between the two datasets for subsequent use as a matching variable in the matching 
algorithm.

•	 Quantitative to Categorical: This allows to transform a quantitative variable into a categorical one. Users can select the 
number of categories and define the cut-off points for grouping as well as labels assigned to each category.

Fig 3.  Data import and dataset selection.

https://doi.org/10.1371/journal.pone.0353530.g003

Fig 4.  Select information for matching.

https://doi.org/10.1371/journal.pone.0353530.g004
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•	 Recode a Factor: This allows to recode the categories of a categorical variable.

•	 Add as it is: This allows the user to simply add a variable to the dataset XA  (or XB) without applying any transformation.

It could also be useful to create new variables that summarize information from a set of variables in the two datasets. 
When multiple variables are selected in IA  (or in IB), they can be transformed by means of row-wise operations:

•	 Count the Number of Occurrences: Given a set of variables, it is possible to create a new variable that counts how many 
times a specific category (or categories) appears within those variables.

•	 Check for Occurrences of Categories Row-Wise: When multiple variables are selected, another option is to create a 
binary variable that indicates whether a specific category appears in a series of variables.

•	 Sum Row-Wise: for numerical variables, this allows to compute row-wise sums.

These variables can be stored either as numeric or as factors. Fig 5 summarizes the above transformations:
At the end of this phase, the user has selected non-overlapping variables Y and Z along with candidate matching 

variables, creating two datasets XA  and XB . The user has the possibility to check if the harmonization process has been 
accomplished by employing the Check harmonization tool which allows to check if variables share the same name, if 
they are of the same type and if they share the same categories in the case of categorical variables.

Choice of the matching variables

Variables in XA  and XB  are only candidates to be used as matching variables. In this phase, one aims to identify variables 
that are statistically related to either Y or Z [22,35]. To this aim, ShinyDataMatcher includes a tab for analyzing both the 
donor and recipient data. Focusing on the donor, just as an example, consider variables Z and XB . If Z is continuous, two 
methods can be used to select the matching variables: the linear regression model or the regression tree. Matching vari-
ables are identified as those that have a significant effect on Z in the regression model and those utilized in the regression 
tree algorithm. Additionally, a plot of the regression tree is provided for better visualization. If Z is categorical, classification 
trees can be used to identify matching variables. The tab’s features are summarized in Fig 6.

Statistical matching

Depending on the objective of the study, macro or micro methods can be applied to perform statistical matching, accord-
ing to the methods described in section Statistical Framework and Methods.

The last two tabs of the application allow users to perform statistical matching at the macro or micro level respectively. 
When the objective is macro-level matching, first, the user selects the variable Y from dataset A, the variable Z from 
dataset B, and the matching variables X. The macro parametric methods are made available in the application through a 
selection menu. Depending on the nature of Z and Y, and in some cases X, specific macro methods can be selected, as 
shown in Fig 7.

When the objective is micro-level matching, all the possible choices, which depend on the nature of Y, Z, and X, as well 
as on the selected methods, are summarized in Fig 8.

When using a random method, the user can choose to generate more than one matched variable. This is particularly 
useful when one wants to evaluate uncertainty due to matching in the application at hand: this idea is developed in the 
Real Data Application section. Once the chosen algorithm has been run, the variable Z is imputed to each statistical unit in 
dataset A. Some evaluation methods for the matching process have been developed and made available in the Summa-
ries tab, which displays basic summary statistics and plots for the matched variables. Users can download the matched 
dataset in the Storage and download tab. To demonstrate the functionality of the app, a real-data example illustrat-
ing the use of each tab is presented in the following section.
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Fig 5.  Variable harmonization.

https://doi.org/10.1371/journal.pone.0353530.g005

Fig 6.  Selection of matching variables.

https://doi.org/10.1371/journal.pone.0353530.g006
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Real data application

This section illustrates the use of the app in a real case study.
We consider a subset of the Households Budget Survey [31] and Survey on Household Income and Wealth [32] data-

sets. The application aims: (i) to replicate the application presented in [3] through ShinyDataMatcher, and (ii) to con-
struct a module of the Social Accounting Matrix (SAM) related to households using matched data, while also accounting 
for the additional variance of the estimates due to the matching procedure. [3] considered the construction of the Social 
Accounting Matrix using the SHIW and HBS datasets for the year 2000. We consider more recent data, namely those 
for the year 2020. A Social Accounting Matrix (SAM) is a structured data system that records economic and social flows 
in a matrix layout. It incorporates indicators such as per-capita income, growth, and the income and spending patterns 

Fig 7.  Statistical macro matching methods.

https://doi.org/10.1371/journal.pone.0353530.g007

Fig 8.  Statistical micro matching methods.

https://doi.org/10.1371/journal.pone.0353530.g008
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of various economic actors, classified by key characteristics. Its main roles are to summarize a country’s economic and 
social structure for a given year and to supply the data foundation for models that describe the economy at a point in time 
and evaluate the effects of policy changes [3]. Specifically, the SAM module related to households arranges household 
categories in the rows, while income and expenditure variables are represented in the columns. Detailed income vari-
ables are available in SHIW, whereas expenditure categories are available in HBS. To this aim, we start by developing a 
micro-matching application with the aim to impute the total households expenditure variable (Z) in the SHIW file, which 
provides only information concerning household income (Y). Hence in the application SHIW plays the role of the recipient, 
while HBS is the donor.

The analysis, performed with the application, is summarized in the following steps:

Data import/delection of dataset A and B

In the tab Available Surveys, we select SHIW as the recipient and HBS as the donor from the list of pre-loaded data-
sets available in ShinyDataMatcher. The rationale is that the HBS includes more units than the SHIW and is therefore 
typically selected as the donor.

To proceed, in the field Choose dataset A (the recipient) we select SHIW-2020 and set the ID variable to 
NQUEST, which identifies the statistical units. In the field Choose dataset B (the donor) we select HBS-2020. Since 
no ID variable is contained in the survey, the ID variable is left empty and is automatically generated by the application. 
Users can explore the dataset, including the number of units and available variables, and visualize summary statistics and 
univariate plots. S1 and S2 Figs report screenshots of this tab, displaying some content for both the considered datasets.

Select relevant information for matching

In general, users should select raw variables that carry the same information across the two datasets, such as demo-
graphic variables (e.g., household size, age, sex, education, occupation) and wealth indicators (e.g., home ownership, 
dwelling surface area, second home ownership). We retained only a subset of the raw variables that share common char-
acteristics in SHIW and HBS, reported in [36], in order to simplify the application, since the main objective of this section is 
to illustrate the app’s functionality.

The raw variables to be selected for matching in SHIW are reported in Table 1.
A more detailed description of these variables is given in S1 Table. In practice, this selection is carried out through the 

Select Info for Matching – Recipient Data tab. In the Select information from the recipient 
survey section, the user should click on the variables listed in Table 1. If the variables are selected correctly, they will 
appear under Selected information from the recipient survey (IA).

The raw variables to be selected for matching in HBS are reported in the Table 2.

Table 1.  Raw variables for matching dataset A.

Variable Description

Y Net disposable income

STUDIO_1_Fact to STUDIO_9_Fact Educational qualification of each member

B01_1_Fact to B01_9_Fact Employed

APQUAL2_1_Fact to APQUAL2_9_Fact Professional position of each member

AREA5_1_Fact Geographic area of residence

SUPAB What is the surface area (in square meters) of this 
dwelling/apartment?

NCOMP Number of people living in this household, 0 years 
or older, as of 31-12-2020

https://doi.org/10.1371/journal.pone.0353530.t001
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A more detailed description of these variables is given in S2 Table. The same process outlined for SHIW should be 
followed for HBS by using the Select Info for Matching – Donor Data tab, in order to create the dataset IB . 
The selection process is depicted in S3 and S4 Figs, which show screenshots of the Select info for matching tab: 
on the left, the selectable information is displayed, while on the right, the selected information is shown. The output of this 
phase is then used in the subsequent phase devoted to variable harmonization.

Variables harmonization

For Datasets A and B, a series of transformations is carried out to construct two datasets, XA  and XB , each comprising a 
set of harmonized variables, along with the target variable Y in Dataset A and Z in Dataset B. In all subsequent phases, 
users should note that the app is case-sensitive (e.g., Area ≠ AREA).

First, we summarize the transformations required for Dataset A, performed through the tab Data wrangling – 
Recipient Data. The variable Y is simply added to the dataset XA  through the transformation Add as it is. To save 
the variable into XA , the user has to click the Click when done button (this final step must be performed for all trans-
formed variables described in this section). AREA5_1_Fact is transformed using the Recode a Factor function. The 
categories are recoded as follows: North-East as NE, North-West as NW, Centre as C, South as S, and Islands 
as I. Through the New variable name field, the variable is renamed Area. This harmonization process is illustrated in 
S5 Fig. The set of variables STUDIO_1_Fact–STUDIO_9_Fact contributes to the creation of several derived variables. 
First, all variables in this set are selected, and the transformation Count the number of occurrences is applied. 
The first variable created is named through the New variable name field No_tit, indicating the number of members 
with no school qualifications in the household. In the field used to select the modality (Select categories), the value 
none is specified. The resulting variable must be saved as numeric. Then, STUDIO_1_Fact–STUDIO_9_Fact are 
selected again and, following the same procedure outlined above, the variable Comp, representing members with up to 
8 years of schooling, is created. In this case, in the field used to select the modality, the values elementary school 
certificate and lower middle school certificate are specified. Similarly, the variable Diploma, correspond-
ing to individuals with 9–13 years of education, is created. In the field used to select the modality, the values  
professional diploma (3 years) and high school diploma are specified. Finally, the variable Degree, indi-
cating members holding a university degree, is created. In the field used to select the modality, the values university 
diploma/bachelor’s degree, master’s degree, and postgraduate specialization are specified. All these 
variables should be saved as Numeric.

Labour market status is similarly constructed. The variables B01_1_Fact–B01_9_Fact are selected and the transfor-
mation Count the number of occurrences is applied. Through the New variable name field, the new variable 
is named Job, indicating the number of household members with a job. In the field used to select the modality, the value 
Yes is specified. The resulting variable must be saved as numeric. This process is illustrated in S9 Fig. To compute the 
variable representing the number of retired members, the variables APQUAL2_1_Fact–APQUAL2_9_Fact are selected 

Table 2.  Raw variables for matching dataset B.

Variable Description

sp_tot_str_aggr_1 Total Household Expenditure

c_titstu_1_Fact to c_titstu_12_Fact Education level of each component

cond_1_Fact to cond_12_Fact Condition of each component

rip_Fact Geographical region (5 level)

c_superf Area of the dwelling

c_ncmp_fatto Total number of members in the cohabiting family

https://doi.org/10.1371/journal.pone.0353530.t002



PLOS One | https://doi.org/10.1371/journal.pone.0353530  July 14, 2026 12 / 19

and the transformation Count the number of occurrences is applied. The new variable is named Ret through 
the appropriate field. In the field used to select the modality, the values Retired (work-related pension) and 
Retired (non-work-related: disability/survivor/social pension) are specified. Also in this case the 
variable is saved as numeric.

The variable SUPAB is renamed Housesup through the Rename a variable transformation.
Finally, the variable NCOMP is transformed through the Quantitative to Categorical transformation, to create 

a variable representing household size. In the New variable name field, the name NCOMP is specified. In the field 
Select the number of categories, the value 5 is entered. Then, the cut points are defined as follows: Cut 1 = 1, 
Cut 2 = 2, Cut 3 = 3, Cut 4 = 4. In the field Insert categories labels, the following labels are specified: Label 
for category 1 = 1, Label for category 2 = 2, Label for category 3 = 3, Label for category 4 = 4, and 
Label for category 5 = >=5. This harmonization process is illustrated in S7 Fig.

The harmonization process for Dataset B follows a similar strategy and is performed through the tab Data wrangling 
– Donor Data.

The variable sp_tot_str_aggr_1 is renamed as Z through the Rename a variable transformation.
The variable rip_Fact is transformed through the Recode a Factor function. The categories are recoded as 

follows: Nord-ovest as NW, Nord-est as NE, Centro as C, Sud as S, and Isole as I. Through the New vari-
able name field, the variable is renamed Area. This process is illustrated in S6 Fig. The set of variables c_tit-
stu_1_Fact–c_titstu_12_Fact contributes to the creation of several derived variables, all of which must be saved as 
numeric. First, all variables in this set are selected, and the transformation Count the number of occurrences is 
applied.

The first variable is created by specifying the name No_tit in the New variable name field. In the field used to 
select the modality, the value nessun titolo is specified. Then, with the same variables selected again and following 
the same procedure outlined above, the variable Comp is created. In the field used to select the modality, the values Ele-
mentari and Medie are specified. Similarly, the variable Diploma is created. In the field used to select the modality, the 
value superiori is specified. Finally, the variable Degree is created. In the field used to select the modality, the value 
Laurea e post-laurea is specified.

Labour market status is constructed from the variables cond_1_Fact–cond_12_Fact. These variables are selected 
and the transformation Count the number of occurrences is applied. Through the New variable name field, the 
new variable is named Job. In the field used to select the modality, the value Occupato/a is specified. The resulting vari-
able must be saved as numeric. This process is illustrated in S10 Fig. To compute the variable representing the number 
of retired members, the same variables are selected and the transformation Count the number of occurrences is 
applied and the new variable is named Ret through the appropriate field. In the field used to select the modality, the value 
Persona ritirata dal lavoro is specified. Also in this case the variable is saved as numeric.

The variable c_superf is renamed Housesup through the Rename variable transformation.
Finally, the variable c_ncmp_fatto is transformed through the Quantitative to Categorical transformation. 

In the New variable name field, the name NCOMP is specified. In the field Select the number of categories, 
the value 5 is entered. Then, the cut points are defined as follows: Cut 1 = 1, Cut 2 = 2, Cut 3 = 3, Cut 4 = 4. Finally, in 
the field Insert categories labels, the following labels are specified: Label for category 1 = 1, Label for 
category 2 = 2, Label for category 3 = 3, Label for category 4 = 4, and Label for category 5 = >=5. 
This harmonization process is illustrated in S8 Fig. The transformations explained above required for Dataset A and B in 
the example at hand are summarized in S3 and S4 Tables, respectively.

The harmonization process presented above has been carried out following the approach presented in [3]. In general, 
for variables that are very similar, such as geographic area, harmonization is straightforward and can be achieved simply 
by renaming categories and variable names. For example, in the case of house area, the only discrepancy between the 
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two datasets is the variable name. More challenging are variables that retain information at the individual level (e.g., edu-
cational attainment variables such as STUDIO_1-STUDIO_9 in SHIW and c_titstu_1_Fact-c_titstu_12_Fact in 
HBS). In these cases, to avoid losing information, it is important to construct new variables that summarize individual-level 
information and make it comparable at the household level. For this reason, the transformation Counting the number 
of occurrences has been chosen. Harmonizing the number of components variables by creating a categorical variable 
is also necessary in order to use them later as stratification variables in the analysis.

At the end of the harmonization phase, it is possible to check if the harmonization process has been accomplished by 
employing the Check harmonization tool which allows to check if variables share the same name, if they are of the 
same type and if they share the same categories in the case of categorical variables. S11 Fig reports the screenshot of 
such check after the harmonization performed for the application at hand.

Choice of the matching variables

To choose the matching variables, we first analyze the results of a regression model on Dataset A using the tab Selec-
tion of matching variable – Recipient Data. The following options are selected: Select Response Vari-
able = Y, Select Predictors = Area, No_tit, Comp, Diploma, Degree, Job, Ret, Housesup, NCOMP, 
and Select the method = Multivariate Regression. As shown in S12 Fig, the regression analysis on the SHIW 
dataset indicates that the variables with a significant effect on Y are Degree, Job, Area, and Housesup.

A similar analysis is performed for the variables in the Donor dataset using the tab Selection of matching 
variable – Donor Data. The following options are selected: Select Response Variable = Z, Select Pre-
dictors = Area, No_tit, Comp, Diploma, Degree, Job, Ret, Housesup, NCOMP, and Select the 
method = Multivariate Regression. The results, shown in S13 Fig, indicate that the variables with a statistically 
significant effect on Z are Diploma, Degree, Ret, Job, Area, and Housesup. At the end of the selection process, 
we chose to adopt as matching variables the number of household members with a degree (Degree), with a diploma 
(Diploma), with a job (Job), and those retired (Ret). Moreover, we considered the house surface area (Housesup). 
Following the approach and guidelines in [3], to define the donation classes, we use the geographic area (Area) and the 
number of household members grouped into five categories (NCOMP).

Statistical matching

To import expenditure data from HBS into SHIW at the household level, we adopt the Random Distance Hot Deck method. 
The choice of this method is motivated by the fact that, by using a random approach, the user can generate more than 
one matched variable. This is important for evaluating uncertainty, as will be clarified in the next subsection.

Between the Random Hot Deck and the Random Distance Hot Deck methods, we choose the latter because it pro-
duces more accurate results. In particular, it does not assign donors completely at random to recipient units, as the match-
ing is based on a distance metric. In detail, we use the tab Micro Matching and the section Matching. The following 
options are selected: Select Z from the donor = Z, Select matching variables = Degree, Diploma, Job, 
Ret, Housesup, Methods = Non-parametric: Random Distance Hot Deck, Donor classes = YES, Select 
donor classes = NCOMP, Area, and Select a distance = Manhattan. The use of the app’s interface for the 
effective implementation of matching methods is shown in S14 Fig. Since the method involves randomization, we assess 
the sensitivity of the final output, the SAM, to the specific random vector of imputed values by generating multiple replica-
tions of the algorithm, which lead to multiple generations of the matching variable Z. To do so, we set the option Number 
of matched variables to generate to 500 replications of Z, which in turn produce 500 SAMs. This computation 
requires several minutes. To reduce computational time, for the purpose of replicating the application, we recommend set-
ting this number to a lower value (e.g., 10). Once the algorithm has been run, the evaluation of matching quality for each 
generated dataset can be inspected via the Evaluation of Matching menu. Finally, the Storage and Download 
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menu allows exporting the matched data. In detail, users must first click on the Store Matched Variables button to 
save the matched variables, and then on the Download data button to download the original dataset (see S15 Fig), 
which consists of the SHIW dataset augmented with 500 vectors of Z expenditure data. Such an exported dataset will 
constitute the input for the construction of the SAMs.

Building the SAM matrix

To illustrate a possible use of the matched data generated through the application, we construct a SAM module related 
to households. The household SAM module is a matrix that reports, for each household type, expenditures (broken down 
into a large number of categories) and incomes (employee income, self-employed income, interest, dividends, rents, 
social security transfers). Households can be classified in different ways, for example by area (region) of residence.

We consider a very small portion of the SAM matrix to highlight the drawbacks of statistical matching procedures. We 
report the average income and the average expenditure for Italian households classified by geographical area. To show 
the increase in variability introduced by the matching procedures, we split the SAM matrix into two smaller tables: the first 
refers to income, observed in SHIW, and the second to total expenditure, imputed in SHIW through the app as described 
in the previous section.

Income estimates are obtained using the sampling weights available in the SHIW database, which also includes jack-
knife replicate weights that account for the complexity of the sampling design and allow for consistent variance estimation 
through the jackknife method. The results for average income by geographical area are shown in Table 3.

As expected, the coefficients of variation are small, consistent with the fact that the parameters refer to estimation 
domains with large sample sizes. On the other hand, when estimating average expenditure, it should be noted that the 
estimates are obtained from matched data, and therefore the variance of the estimators should be inflated to account for 
the additional uncertainty. As shown in the previous section, users can generate, through the app, more than one replica-
tion of Z, following the multiple imputation method [37].

We adopt K = 500 expenditure vectors, denoted by Z(k), k = 1, . . . ,K, to obtain, for each imputed vector, the estimate of 
the average expenditure Z̄(k)  and its variance estimate V̂(Z̄(k)). The multiple-imputation (MI) estimate is obtained by aver-
aging the imputed values of Z over the replications [38] as

	
Z̄ =

1
K

K∑
k=1

Z̄(k).
	 (3)

The associated variance is given by [38]

	
V̂(Z̄) =W +

(
K + 1
K

)
B,

	 (4)

Table 3.  Average Income estimate (Ȳ), Variance of the estimate (V(Ȳ)), coefficient of variation of the estimates (cv(Ȳ)).

Area Ȳ V(Ȳ) cv(Ȳ)

Center 39503 185612 0.011

Islands 28783 6347 0.003

North-East 45977 234472 0.011

North-West 49490 173524 0.008

South 26774 5369 0.003

https://doi.org/10.1371/journal.pone.0353530.t003
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where W is the within-imputation variability

	
W =

1
K

K∑
k=1

V̂
(
Z̄(k)

)
,
	 (5)

and B is the between-imputation variability, which captures the heterogeneity of the estimates derived from the matching 
procedure

	
B =

1
K – 1

K∑
k=1

(
Z̄(k) – Z̄

)2
.
	 (6)

Results concerning the average expenditure estimates are reported in Table 4, where it can be seen that the most rel-
evant source of uncertainty is associated with the matching procedure. This leads to a considerable inflation of the coef-
ficient of variation compared with what one would obtain using a single vector of matched data, as commonly happens in 
practical applications where the additional variability due to the matching procedure is ignored.

The method described above to compute the variance of an estimate based on matched data has some limitations. 
Indeed, as observed by [38] and [39], when the hot-deck procedure is used to generate MI datasets and the same donor 
pool is employed for all K datasets, the method fails to adequately propagate the uncertainty from the predictive distribu-
tion. As a result, the variance tends to be underestimated, even when the number of imputations approaches infinity. This 
underestimation becomes particularly pronounced when a large amount of information is being imputed.

While we are aware of this limitation, we believe that a procedure based on MI method still provides a simple and 
accessible way to account for matching uncertainty when estimating target parameters. Methods such as the Approximate 
Bayesian Bootstrap have been proposed to overcome the limitations of the MI method; however, their use by practitioners 
and in the context of complex sample weights remains largely unexplored.

Conclusions

In this paper, we have presented ShinyDataMatcher, an interactive R Shiny application designed to support practi-
tioners in implementing statistical matching procedures at both the macro and micro level under the Conditional Indepen-
dence Assumption (CIA). The app guides the user through the entire workflow of a matching exercise: from data import 
and initial exploration, through the selection and harmonisation of common variables, to the choice of matching variables, 
the implementation of a wide range of parametric and non-parametric macro and micro methods, and the evaluation and 
export of the matched dataset. By integrating these steps into a user-friendly interface and removing the need to write 
code, ShinyDataMatcher lowers the entry barrier to statistical matching techniques and facilitates their use in applied 
work.

Table 4.  MI Expenditure estimate (Z̄), Within-imputation variance (W), Between-imputation variance (B),coefficient of variation of the estimates 
(cv(Z̄)).

Area Z̄ W B V̂(Z̄) cv(Z̄)

Center 2624 34 2870 2910 0.021

Islands 2034 56 3907 3971 0.031

North-East 2854 105 3544 3656 0.021

North-West 2713 167 2752 2924 0.020

South 1873 64 1478 1545 0.021

https://doi.org/10.1371/journal.pone.0353530.t004
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Although the current version of the application does not yet generate reproducible code, we recognize the importance 
of transparency and reproducibility in data processing workflows. Code generation is therefore an active component of our 
ongoing development. In its present form, however, the tool already offers a valuable environment for exploring, prototyp-
ing, and testing statistical matching strategies before formal implementation.

The empirical application based on the Italian Household Budget Survey (HBS) and the Survey on Household Income 
and Wealth (SHIW) illustrates how the proposed tool can be used in realistic settings. We show how the application can 
be used to harmonise variables from two complex household surveys, select matching variables that are relevant for both 
income and expenditure, and implement a micro-matching procedure based on random distance hot deck. The resulting 
matched data were then used to construct a module of the Social Accounting Matrix (SAM) of households by geographical 
area, with income coming from SHIW and expenditures imputed from HBS, and to quantify the contribution of matching 
uncertainty through repeated random imputations.

The analysis of the SAM highlights that, for the application considered, matching uncertainty can represent a substan-
tial component of the overall variability of the estimates. Accounting for this additional source of variability leads to wider 
margins of uncertainty than those obtained when treating the matched dataset as if it were fully observed. Although the 
approach adopted here is relatively simple, relying on repeated random hot-deck imputations, it provides an accessible 
way to reflect matching uncertainty in downstream analyses based on fused data.

The current version of ShinyDataMatcher focuses on the case of univariate Y and Z and on methods that rely on the 
CIA. Several extensions are possible and left for future work. First, the application could be extended to handle multiple 
variables of interest in each file and to incorporate methods that explicitly exploit auxiliary information to relax the CIA. 
Second, additional diagnostic tools and graphical summaries could be incorporated to help users assess the plausibility of 
modelling assumptions and to compare alternative matching strategies. Finally, from a computational perspective, further 
developments may include more efficient algorithms for large-scale applications and tighter integration with the workflows 
of National Statistical Institutes and other producers of official statistics.

Overall, ShinyDataMatcher contributes to bridging the gap between methodological developments in statistical match-
ing and their practical implementation, offering a flexible and transparent environment for integrating survey data and for 
propagating matching uncertainty to policy-relevant indicators.

Supporting information

S1 Appendix. Technical details on the statistical matching methods. 
(PDF)

S1 Table. Info for matching dataset A. 
(PDF)

S2 Table. Info for matching dataset B. 
(PDF)

S3 Table. Harmonized variables description (Dataset A). 
(PDF)

S4 Table. Harmonized variables description (Dataset B). 
(PDF)

S1 Fig. Some details about the SHIW dataset. In this example, the user is working within the Basic Info tab and is 
visualizing descriptive statistics for the variable Y.
(TIF)

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s003
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s005
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s006
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S2 Fig. Some details about the HBS dataset. In this example, the user is working within the Variables tab and is 
visualizing variables name and type.
(TIF)

S3 Fig. Selection of relevant information from dataset A (SHIW). In this example, the user selects variables by clicking 
on the rows of the left-hand table, which lists all available variables, and visualizes the selected information in the right-
hand table.
(TIF)

S4 Fig. Selection of relevant information from dataset B (HBS). In this example, the user selects variables by clicking 
on the rows of the left-hand table, which lists all available variables, and visualizes the selected information in the right-
hand table.
(TIF)

S5 Fig. Recoding of the variable defining geographic areas in dataset A (SHIW). Categories of the original variable 
are North West, North Est, Central, South and Islands. The user is recoding these categories as NW, NE, C, S, 
and I, respectively. A view of the original and recoded values is shown in the right-hand table. Note that the variable is 
renamed as Area in the upper left text input New variable name.
(TIF)

S6 Fig. Recoding of the variable defining geographic areas in dataset B (HBS). Categories of the original variable 
are Nord-ovest, Nord-est, Centro, Sud, and Isole. The user is recoding these categories as NW, NE, C, S, and I, 
respectively. A view of the original and recoded values is shown in the right-hand table. Note that the variable is renamed 
as Area in the upper-left text input New variable name. The variable Area is now harmonized.
(TIF)

S7 Fig. Recoding of the number of household components variable (NCOMP in Dataset A (SHIW)). The user is 
grouping the values of the number of household components into the intervals 1, 2, 3, 4, and ≥5. To this aim, the number 
of categories is set to 5, and the corresponding category labels are entered. As before, the output of the transformation is 
displayed in the right-hand table.
(TIF)

S8 Fig. Recoding of the number of household components variable (c_ncmp_fatto in dataset B (HBS)). The user 
is making the same transformation as in Figure S7, and is assigning to the transformed variable the same name NCOMP.
(TIF)

S9 Fig. Counting the number of employed members of an household (from variables B01_1_Fact to B01_9_Fact 
in SHIW). The user counts the number of times the category Yes appears for each household and assigns the resulting vari-
able the name Job. Note that the variable can be saved either as a factor or as a numeric variable for subsequent analyses.
(TIF)

S10 Fig. Counting the number of employed members of an household (from variables cond_1_Fact to cond_9_
Fact in HBS). The user counts the number of times the category Occupato/a appears for each household and assigns 
the resulting variable the name Job. Note that the variable can be saved either as a factor or as a numeric variable for 
subsequent analyses.
(TIF)

S11 Fig. Users can check the harmonization of the variables. On the left side of the tab, it is possible to see which 
variables are present in both the donor and the recipient (for example, Area), as well as variables that are present only in 

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s007
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s008
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s009
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s010
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s011
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s012
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s013
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s014
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s015
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s016
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one of the two datasets (for example, Y, which is only in the recipient, and Z, which is only in the donor). On the right side, 
it is possible to verify whether the harmonization of the common variables has been performed correctly, as shown for the 
variable NCOMP.
(TIF)

S12 Fig. Users can see which variables have a significant effect through the output of a regression model on the 
Y variable in dataset A (SHIW), in order to identify variables to be used as matching and/or stratification variables. 
(TIF)

S13 Fig. Users can see which variables have a significant effect through the output of a regression model on the 
Z variable in dataset B (HBS), in order to identify variables to be used as matching and/or stratification variables. 
(TIF)

S14 Fig. On the left side of the tab, users can select the options to be used for micro-matching. In this case, the 
variable to be imputed is Z, and the selected matching variables are Degree, Diploma, Job, and Ret. Users can also 
specify whether donation classes should be used and select the corresponding variables, in this case Area and NCOMP. 
The distance measure can be specified (e.g., Manhattan), together with the number of matching variables to be gener-
ated. On the right side, dataset A with the generated imputed variable is reported.
(TIF)

S15 Fig. Users can store the generated matching variables, which will be linked to the original SHIW dataset. 
Once the imputed variables have been stored, users can download the original SHIW dataset, which also includes the 
newly imputed variables.
(TIF)

Author contributions

Conceptualization: Lucia Guastadisegni, Fedele Greco, Carlo Trivisano.

Software: Lucia Guastadisegni, Fedele Greco, Carlo Trivisano.

Writing – original draft: Lucia Guastadisegni, Fedele Greco, Carlo Trivisano.

Writing – review & editing: Lucia Guastadisegni, Fedele Greco, Carlo Trivisano.

References
	1.	 Kamakura WA, Wedel M. Statistical Data Fusion for Cross-Tabulation. Journal of Marketing Research. 1997;34(4):485. https://doi.

org/10.2307/3151966 

	2.	 Gilula Z, McCulloch RE, Rossi PE. A Direct Approach to Data Fusion. Journal of Marketing Research. 2006;43(1):73–83. https://doi.org/10.1509/
jmkr.43.1.73 

	3.	 D’Orazio M, Di Zio M, Scanu M. Statistical matching: Theory and practice. John Wiley & Sons. 2006. 

	4.	 Stiglitz JE, Sen A, Fitoussi JP. Report by the commission on the measurement of economic performance and social progress. Paris: The Commis-
sion. 2009. 

	5.	 Donatiello G, D’Orazio M, Frattarola D, Rizzi A, Scanu M, Spaziani M. Statistical matching of income and consumption expenditures. International 
Journal of Economic Sciences. 2014;3(3):50. 

	6.	 Uçar B, Betti G. Longitudinal statistical matching: transferring consumption expenditure from hbs to silc panel survey. Department of Economics, 
University of Siena. 2016. 

	7.	 Albayrak O, Masterson T. Quality of statistical match of household budget survey and SILC for Turkey. In: Levy Economics Institute, Working Paper, 
2017. 

	8.	 Chiara ED, Menon M, Perali F. An integrated database to measure living standards. Journal of Official Statistics. 2019;35(3):531–76. 

	9.	 Meinfelder F, Schaller J. Data Fusion for Joining Income and Consumtion Information using Different Donor-Recipient Distance Metrics. Journal of 
Official Statistics. 2022;38(2):509–32. https://doi.org/10.2478/jos-2022-0024 

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s017
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s018
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s019
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0353530.s020
https://doi.org/10.2307/3151966
https://doi.org/10.2307/3151966
https://doi.org/10.1509/jmkr.43.1.73
https://doi.org/10.1509/jmkr.43.1.73
https://doi.org/10.2478/jos-2022-0024


PLOS One | https://doi.org/10.1371/journal.pone.0353530  July 14, 2026 19 / 19

	10.	 Coli A, Tartamella F. The link between national accounts and households micro data. In: Meeting of the Siena group on social statistics. Maastricht, 
2000. 

	11.	 Rodgers WL. An Evaluation of Statistical Matching. Journal of Business & Economic Statistics. 1984;2(1):91–102. https://doi.org/10.1080/0735001
5.1984.10509373 

	12.	 Rässler S. Data fusion: identification problems, validity, and multiple imputation. Austrian Journal of Statistics. 2004;33(1 & 2):153–71. 

	13.	 Sims C. Comments on Okner (1972). Annals of Economic and Social Measurement. 1972;1(3):343–5.

	14.	 Kiesl H, Rässler S. How valid can data fusion be?. Institut für Arbeitsmarkt- und Berufsforschung (IAB). 2006. https://hdl.handle.net/10419/31896 

	15.	 Rubin DB. Characterizing the estimation of parameters in incomplete-data problems. Journal of the American Statistical Association. 
1974;69(346):467–74. 

	16.	 Rässler S. Statistical matching: A frequentist theory, practical applications, and alternative Bayesian approaches. Springer Science & Business 
Media. 2012. 

	17.	 Moriarity C, Scheuren F. Statistical matching: a paradigm for assessing the uncertainty in the procedure. Journal of Official Statistics. 
2001;17(3):407. 

	18.	 Little RJ, Rubin DB. Statistical analysis with missing data. John Wiley & Sons. 2019. 

	19.	 Okner B. Constructing a new data base from existing microdata sets: the 1966 merge file. Annals of Economic and Social Measurement. NBER. 
1972. 325–62. 

	20.	 Ruggles N, Ruggles R. Annals of Economic and Social Measurement. NBER. 1974. 353–71. 

	21.	 Singh A, Mantel H, Kinack M, Rowe G. On methods of statistical matching with and without auxiliary information. Methodology Branch: Statistics 
Canada. 1990. http://publications.gc.ca/collections/collection_2017/statcan/11-613/CS11-613-90-16-eng.pdf 

	22.	 Singh A, Mantel H, Kinack M, Rowe G. Statistical matching: use of auxiliary information as an alternative to the conditional independence assump-
tion. Survey Methodology. 1993;19(1):59–79. 

	23.	 Little RJA. [Missing-Data Adjustments in Large Surveys]: Reply. Journal of Business & Economic Statistics. 1988;6(3):300. https://doi.
org/10.2307/1391881 

	24.	 Rubin DB. Multiple imputation for nonresponse in surveys. John Wiley & Sons. 2004. 

	25.	 Moretti A, Shlomo N. Improving statistical matching when auxiliary information is available. Journal of Survey Statistics and Methodology. 
2023;11(3):619–42. 

	26.	 D’Alberto R, Raggi M. Integrating rather than collecting: statistical matching in the data flood era. Statistical Papers. 2023;:1–29. 

	27.	 Alpman A. Implementing Rubin’s alternative multiple-imputation method for statistical matching in Stata. Stata Journal. 2016;16(3):717–39. 

	28.	 D’Orazio M. StatMatch: Statistical matching or data fusion. 2022. 

	29.	 Adamek JC. Fusion: combining data from separate sources. Marketing Research. 1994;6(3):48. 

	30.	 Scanu M. Recommendations on statistical matching. Statistical Methodology Project on Integration of Surveys and Administrative Data. 2010. 

	31.	 Eurostat. Household Budget Surveys. 2020. https://ec.europa.eu/eurostat/web/household-budget-surveys/methodology

	32.	 Banca d’Italia. Survey on Household Income and Wealth (SHIW). Banca d’Italia. 2020. https://www.bancaditalia.it/statistiche/tematiche/
indagini-famiglie-imprese/bilanci-famiglie 

	33.	 Van der Laan P. Integrating administrative registers and household surveys. Netherlands Official Statistics. 2000;15(2):7–15. 

	34.	 Chan C, Leeper TJ, Becker J, Schoch D. rio: A Swiss‐army knife for data file I/O. 2023. https://cran.r-project.org/package=rio

	35.	 Cohen ML. Statistical matching and microsimulation models. Improving information for social policy decisions: The uses of microsimulation model-
ing. 1991. 62–88. 

	36.	 D’Orazio M. Statistical matching and imputation of survey data with StatMatch. Rome, Italy: Italian National Institute of Statistics. 2017. 

	37.	 Rubin DB. Multiple imputation after 18 years. Journal of the American Statistical Association. 1996;91(434):473–89. 

	38.	 Rubin DB. Multiple imputations in sample surveys-a phenomenological Bayesian approach to nonresponse. In: Proceedings of the survey research 
methods section of the American Statistical Association, 1978. 20–34. 

	39.	 Andridge RR, Little RJA. A Review of Hot Deck Imputation for Survey Non-response. Int Stat Rev. 2010;78(1):40–64. https://doi.org/10.1111/j.1751-
5823.2010.00103.x PMID: 21743766

https://doi.org/10.1080/07350015.1984.10509373
https://doi.org/10.1080/07350015.1984.10509373
https://hdl.handle.net/10419/31896
http://publications.gc.ca/collections/collection_2017/statcan/11-613/CS11-613-90-16-eng.pdf
https://doi.org/10.2307/1391881
https://doi.org/10.2307/1391881
https://ec.europa.eu/eurostat/web/household-budget-surveys/methodology
https://www.bancaditalia.it/statistiche/tematiche/indagini-famiglie-imprese/bilanci-famiglie
https://www.bancaditalia.it/statistiche/tematiche/indagini-famiglie-imprese/bilanci-famiglie
https://cran.r-project.org/package=rio
https://doi.org/10.1111/j.1751-5823.2010.00103.x
https://doi.org/10.1111/j.1751-5823.2010.00103.x
http://www.ncbi.nlm.nih.gov/pubmed/21743766

	ShinyDataMatcher: A user-friendly application for integrating survey data
	Introduction
	Statistical framework and methods
	Parametric methods‌‌
	Non-parametric methods

	Statistical matching through ShinyDataMatcher
	Data import/selection of dataset A and B
	Select relevant information from A and B
	Variables harmonization
	Choice of the matching variables
	Statistical matching

	Real data application
	Data import/delection of dataset A and B
	Select relevant information for matching
	Variables harmonization
	Choice of the matching variables
	Statistical matching
	Building the SAM matrix

	Conclusions
	Supporting information
	References


