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 A B S T R A C T

The growing demand for fine-scale microdata to support ex-ante and ex-post small area public policy evaluation 
is often hampered by a familiar trade-off: socio-economic surveys offer rich individual and household 
information but only at coarse geographic levels, while administrative sources provide detailed local counts 
with limited variable depth. This paper addresses this challenge by systematically implementing and evaluating 
deterministic (Iterative Proportional Fitting, Generalized Regression) and probabilistic (Simulated Annealing) 
reweighting algorithms to align survey weights with known population benchmarks. As a practical application, 
we construct a spatially disaggregated synthetic population representing the residents of the municipalities in 
the Emilia-Romagna region (NUTS 2 level) from the Italian EU-SILC data. Our comparative analysis highlights 
the trade-offs between the computational efficiency of deterministic methods and the precision of probabilistic 
approaches. By providing a robust foundation for spatial microsimulation models, this work offers practical 
guidance for researchers navigating the constraints of method fidelity, computational resources, and statistical 
accuracy.
1. Introduction

There is a growing demand for microdata at the territorial level, to 
evaluate public policies and monitor economic inequality and poverty 
[1,2]. However, researchers often face a significant lack of information 
at the desired level of aggregation. Subject to disclosure constraints, 
researchers may access individual census or administrative records, 
which provide fine-grained geographic detail but remain limited in 
the set of information available [3,4]. Conversely, survey data are 
rich in variables, e.g. income, consumption, wealth, and household 
characteristics, but typically lack detailed geographic identifiers due to 
confidentiality constraints. Moreover, survey data often suffer from is-
sues such as top-coding [5], potential bottom-coding [6], and selective 
non-response and under-reporting [7–9], which introduce distortions 
into socio-economic estimates.

These issues are acknowledged across diverse research traditions; 
although they may lead to different interpretations, they nonetheless 
converge in identifying systematic biases. For example, with respect 
to the evolution of inequality, Pinkovskiy et al. [10] document de-
clines in both between- and within-country inequality, while showing 
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that survey-based estimates are affected by misreporting, with under-
reporting increasingly concentrated among lower-income groups. In 
contrast, Piketty et al. [11] emphasize that household surveys capture 
the upper tail of the distribution poorly and are not consistent with 
macroeconomic aggregates. Moreover, measurement and classification 
errors can distort the identification of the determinants of inequality, 
and the use of administrative data reveals patterns that differ from 
those suggested by survey data alone [12].

The integration of administrative sources can therefore improve the 
accuracy of estimates, but these sources generally lack many of the 
socioeconomic variables collected in surveys. This data gap gives rise to 
two main problems: policy evaluation below the regional level becomes 
unfeasible and the estimation of local socio-economic indicators suffers 
from inadequate statistical precision [13].

Statistical and economic research has addressed these issues through 
different strands of literature, including small area estimation (SAE) 
and spatial microsimulation (SM). SAE focuses on improving the preci-
sion of aggregated socio-economic indicators estimators at the small 
area level, which typically includes areas with few or no sampled 
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units. SAE models combine survey data with auxiliary information, 
sourced from censuses or administrative records. For detailed reviews, 
see Pfeffermann [14], Rao and Molina [15], Morales et al. [16]. While 
statistically rigorous, SAE models face two fundamental limitations. 
First, they require geographic identifiers in the survey data, which 
are often unavailable. Second, SAE is designed to produce estimates 
of specific indicators (e.g., mean income, poverty rates; see, for in-
stance, Tonutti et al. [17]) rather than generating complete synthetic 
populations. These constraints limit their applicability: they enable 
monitoring of poverty and inequality through aggregate statistics but 
cannot support policy evaluation exercises that require individual-level 
data.

A complementary approach is survey-to-survey imputation, which 
provides an alternative strategy for recovering micro-level welfare 
information or territorial estimates when direct data are incomplete 
or unavailable. Although methodologically different from the synthetic 
reweighting framework, it shares similarities with small area estimation 
in that it uses models to produce disaggregated estimates, but relies 
only on another survey with common auxiliary information rather than 
census data [18–20].

Spatial Microsimulation (SM) offers a valuable alternative, though 
less rooted in the statistical literature, by focusing on the synthetic 
generation of microdata for small areas of interest, with the aim of 
reconstructing the target population while preserving its complexity 
and heterogeneity [21]. Microsimulation refers to the use of microdata 
to assess the effectiveness of a policy or the consequences of a general 
event by simulating its impact on individuals. SM inserts a spatial or 
geographic dimension into the simulation process, enabling evaluations 
at the small area level [22]. The applications of SM models spans a 
wide range of fields, including demography, tax-benefit systems, labour 
markets, urban planning, transport, and health care [23]. As noted by 
Alfons et al. [24] and Gussenbauer et al. [25], the goal is to construct 
a synthetic population that is statistically ‘‘close to reality’’ while 
maintaining the key characteristics of the original survey. To achieve 
this, a variety of algorithms have been developed — see Hermes and 
Poulsen [26], Tanton [27], Templ et al. [28] for a complete literature 
review. The resulting synthetic population at the desired small area 
level is crucial to microsimulate the implementation and impact of local 
policies and social transfers. Moreover, these synthetic populations can 
be used to estimate spatial indicators even in areas where the original 
survey data lack geographic identifiers, thus complementing and in 
some cases encompassing SAE methods.

This work presents a structured experimental exercise that rigor-
ously compares and assesses different SM techniques. A central focus 
of this work is the systematic comparison of deterministic reweighting 
methods, namely Iterative Proportional Fitting (IPF) and the General-
ized Regression Estimator (GREG), and a probabilistic approach based 
on combinatorial optimization, specifically Simulated Annealing (SA).

While the algorithms employed are established in the literature, this 
paper contributes to the spatial microsimulation in several ways. First, 
we provide a systematic and statistically grounded framework for the 
assessment of reweighting methods in a data-scarce context, including 
a reproducible benchmark-selection strategy. Second, we quantify the 
trade-offs between deterministic and probabilistic methods, specifically 
regarding computational efficiency and accuracy (i.e., the role of inte-
gerisation bias and its implications for small-area estimation). Third, we 
demonstrate the feasibility and reliability of the analysed methods on 
a complex real-world case: a territorial disaggregation at the municipal 
level in the complete absence of geographic identifiers in the survey 
data.

To achieve this, we construct a spatially disaggregated synthetic 
population representing the residents in the municipalities of the Italian 
region Emilia-Romagna, based on 2022 EU-Survey on Income and 
Living Conditions (SILC) data and a comprehensive set of municipality-
level socio-demographic constraints derived from administrative data. 
2 
This territorial disaggregation, to our knowledge, has not been previ-
ously addressed with this degree of statistical rigour. By systematically 
documenting the trade-offs of each method across 330 municipalities 
with highly heterogeneous characteristics, ranging from rural areas 
with fewer than 100 inhabitants to the regional capital with nearly 
400,000 residents, our analysis provides practical guidance for re-
searchers and policymakers facing similar data constraints in other 
national or regional context, thus extending beyond the specific case 
study. The entire framework can be implemented with any survey 
microdata and publicly available administrative aggregates, making it 
transferable and replicable in other countries or subnational contexts.

The rest of the paper is organized as follows: Section 2 illustrates the 
reweighting methods that we employ. Section 3 describes the survey 
data and how we have derived the benchmark vector from available 
administrative data. Section 4 provides our main results, a detailed 
comparison of the trade-offs of the methods, and some distributional 
validations. A final Section is devoted to critically evaluate our main 
findings and extract lessons from the many trade-offs we faced to guide 
other researchers for building synthetic populations.

2. Methods for spatial microsimulation

Survey and population data may be used to generate a synthetic 
population through a spatial microsimulation (SM) model, whose qual-
ity depends on its statistical similarity to the target population [28]. 
Define 𝑈 = {1,… , 𝑁} as the finite population of interest, for example a 
country or a region, partitioned into 𝐷 non-overlapping areas (e.g. sin-
gle cities and towns or suburbs), each of size 𝑁𝑑 , where 

∑

𝑑 𝑁𝑑 = 𝑁 . A 
sample 𝑆 ⊂ 𝑈 of size 𝑛 < 𝑁 is drawn from 𝑈 according to a complex 
sampling design (e.g., by National Statistical Institutes).

Our goal is to artificially reconstruct the target population 𝑈 within 
its 𝐷 constituent areas. Each sampled individual 𝑗, 𝑗 ∈ 𝑆, is subjected to 
a survey and associated with a sampling weight 𝑤𝑗 , defined primarily as 
the inverse of the inclusion probability, and may be calibrated to known 
totals or adjusted for non-response. This weight represents the number 
of individuals in the target population represented by the sampled 
individual [29]. We assume that a matrix 𝑋 of dimensions 𝐷 × 𝑃
containing area-specific benchmarks (known totals) is available from 
census or administrative sources. Let 𝑋𝑑 = (𝑋𝑑,1,… , 𝑋𝑑,𝑃 )⊤ denote the 
vector of 𝑃  known totals for area 𝑑 (𝑑 = 1,… , 𝐷). Correspondingly, let 
𝑥𝑗 = (𝑥𝑗,1,… , 𝑥𝑗,𝑃 )⊤ be the vector of variables observed for individual 
𝑗 in the sample, matching the definitions of the benchmarks.

Crucially, the survey often lacks identifiers for the specific small 
area 𝑑 to which individual 𝑗 belongs. Consequently, the entire sample 
𝑆 (or a relevant subset) serves as a donor pool, and the reweighting 
process estimates area-specific weights 𝑤∗

𝑗,𝑑 such that the aggregated 
characteristics match the benchmarks 𝑋𝑑 for each area.

As highlighted by Hermes and Poulsen [26], SM models require 
several a priori choices for the synthetic data generation process: the 
definition of the areas of interest; the choice of the model or algorithm 
to be applied; the identification of appropriate performance measures; 
the selection of the input data 𝑆 and 𝑋.

2.1. On the choice of areas of interest

The definition of an ‘‘area’’ 𝑑 (𝑑 = 1,… , 𝐷) is flexible and can vary 
depending on the application. It may refer to administrative units such 
as municipalities, provinces, or regions, but can also include custom 
aggregations based on policy relevance, functional geography, or socio-
economic groups. Areas in this context are typically small in population 
size and are often poorly or not at all represented in the survey data. 
A strong requirement is the availability of a matrix 𝑋 of known totals 
from administrative or census sources, which are assumed to be free of 
sampling error and cover the entire target population at the area level.
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2.2. On the choice of the model

Spatial microsimulation literature comprises a wide range of meth-
ods, which can be probabilistic – such as synthetic reconstruction and 
combinatorial optimization – or deterministic methods, typically Itera-
tive Proportional Fitting and the Generalized Regression Estimator. The 
latter two, together with combinatorial optimization, more generally 
belong to the class of reweighting approaches. All of them are reviewed 
in this section.

2.2.1. Synthetic reconstruction
When the input data in an SM model consist solely of published 

contingency tables, the synthetic reconstruction (SR) approach can be 
used to randomly generate a synthetic population from a series of 
observed conditional probabilities [30]. SR methods typically rely on 
random sampling or Monte Carlo techniques and often incorporate 
Iterative Proportional Fitting (IPF). IPF – also known as the raking 
method, as fully explained in Tillé [31] – allows the combination 
of partial marginal distributions to estimate a more complete joint 
distribution. A key advantage of this method is that it can be applied 
even when no survey microdata are available. However, there are also 
notable drawbacks. First, the process is entirely random, which means 
that each run may yield a different result. Second, the method can 
be designed to match the joint distribution either at the individual 
level or at the household level, but not both simultaneously [32]. 
Third, IPF matches the constraint variables sequentially rather than 
simultaneously, adjusting one at a time in an iterative loop until 
convergence is reached [27]. The SR method using IPF has been used 
in the SYNTHESIS model, as described by Birkin and Clarke [33].

It is important to note that while IPF is used within SR methods to 
estimate joint distributions from marginal tables, it can also be applied 
directly as a reweighting method when microdata are available, as 
discussed in the following section. Beyond IPF-based approaches, other 
SR methods include the use of Bayesian networks [34] and hidden 
Markov models [35].

2.2.2. Reweighting methods
Reweighting methods make use of all available data sources, as 

they aim to align the sample data 𝑆 with a set of benchmarks (or 
constraints) 𝑋 derived from census or administrative data at the small 
area level. A benchmark 𝑋𝑝 may correspond to a univariate variable 
(e.g. age), or a multivariate combination (e.g. age by sex). Williamson 
et al. [36] highlighted the importance of selecting constraint tables that 
include equally both household-level and individual-level information. 
This selection should strike a balance: on the one hand, increasing the 𝑃
number of constraints improves the similarity between the reweighted 
sample 𝑆∗ and the target population 𝑈 . On the other hand, including 
too many constraints can reduce the likelihood that the reweighting 
algorithm will converge, due to the difficulty of satisfying all the 
marginal totals simultaneously. Moreover, benchmarks should be cho-
sen to ensure strong explanatory power for the target variables that will 
be analysed in subsequent microsimulation-based policy evaluations. 
For example, Chin et al. [22] performed a regression analysis to select 
the variables of interest.

Reweighting methods can be deterministic or probabilistic. Deter-
ministic procedures iteratively adjust the initial sampling weights to 
match known population totals at the small area level. The calibration 
process continues until convergence is achieved, meaning the weighted 
survey totals closely match the administrative benchmarks. Once con-
vergence is reached, the resulting calibrated weights must be rounded 
to integers to enable replication of survey individuals and generation 
of a synthetic population that preserves the full set of survey variables. 
Probabilistic methods, by contrast, produce integer weights by design. 
They randomly draw individuals from the sample to match known 
constraints at the area level, evaluating all constraints simultaneously 
rather than sequentially.
3 
Iterative Proportional Fitting (IPF). Among the deterministic ones, It-
erative Proportional Fitting (IPF) has the longest tradition [37]. IPF 
requires the initial set of weights for each individual 𝑗 ∈ 𝑆 – often set 
equal to 1 – and adjusts them through a generalized raking procedure 
[38,39]. This procedure sequentially updates each weight by iteratively 
adjusting for each constraint 𝑝 = 1,… , 𝑃 , independently to each area 𝑑. 
Specifically, at step 𝑡 for constraint 𝑝 and area 𝑑, the updated weights 
are computed as

𝑤(𝑡,𝑝)
𝑗,𝑑 = 𝑤(𝑡,𝑝−1)

𝑗,𝑑

𝑋𝑑,𝑝

𝑋(𝑡,𝑝−1)
𝑑,𝑝

, ∀𝑗 ∈ 𝑆,

where 𝑋(𝑡,𝑝−1)
𝑑,𝑝 =

∑

𝑗∈𝑆 𝑤(𝑡,𝑝−1)
𝑗,𝑑 𝑥𝑗,𝑝 is the estimated total for constraint 𝑝

in area 𝑑. After cycling through all 𝑃  constraints, the updated weights 
for the next iteration are set as 𝑤(𝑡+1)

𝑗,𝑑 = 𝑤(𝑡,𝑃 )
𝑗,𝑑 . This iterative process 

continues until convergence is achieved, meaning that the maximum 
relative change in weights across two successive iterations falls below 
a predefined threshold, or until a maximum number of iterations is 
reached. Key limitations of IPF include its sequential adjustment of 
constraints, which can lead to slower convergence when constraints are 
highly correlated or numerous. Additionally, IPF may fail to converge 
when constraints are incompatible or when the solution space is empty. 
IPF was, for example, used by Ballas et al. [40] in the development of 
the SimBritain spatial dynamic microsimulation model.
Generalized Regression Estimator (GREG). The Generalized Regression 
Estimator (GREG), originally introduced by Deville and Särndal [41], 
represents a robust deterministic reweighting method grounded in the 
regression relationship between the target variable and the auxiliary 
information. As detailed by Tanton et al. [42], GREG starts from the 
initial survey weights 𝑤𝑗 , 𝑗 ∈ 𝑆, and seeks a new set of area-specific 
weights 𝑤∗

𝑗,𝑑 that are as close as possible to the original ones, while 
ensuring that the calibration constraints are satisfied. The outcome of 
GREG depends on the choice of the distance function 𝐷(𝑤𝑗 , 𝑤∗

𝑗,𝑑 ) used 
during the calibration process and solved by minimizing a Lagrangian 
function [31, Chap. 12]. Among the most common choices are the lin-
ear, truncated chi-squared, and raking ratio distance functions. Creedy 
[43] analysed the performance differences among these alternatives, 
while Pacifico [44] provided a broader review and comparison of 
calibration estimators. It is generally recommended to use distance 
functions that do not produce negative weights. In this work, we focus 
on the truncated chi-squared distance, which constrains the calibrated 
weights 𝑤∗

𝑗,𝑑 to lie within user-defined bounds 𝐿 and 𝐻 . This is defined 
as

𝐷(𝑤𝑗 , 𝑤
∗
𝑗,𝑑 ) =

⎧

⎪

⎨

⎪

⎩

(

𝑤∗
𝑗,𝑑−𝑤𝑗

)2

2𝑤𝑗
𝐿 < 𝑤∗

𝑗,𝑑 < 𝐻

∞ otherwise.

The minimization of the Lagrange function with respect to 𝑤∗
𝑗,𝑑 based 

on this distance function does not have a closed-form solution and 
must be solved iteratively, e.g. by Newton–Raphson method. In our 
implementation, for each area 𝑑, we set 𝐿 = 0 to ensure non-negative 
weights and 𝐻 = 𝑁𝑑 to allow sufficient flexibility in small areas, 
where a single sample unit may need to represent a large portion 
of the local population. While bounding the weights helps prevent 
extreme values, it also makes convergence more challenging. GREG 
has been widely adopted in practice. For example, the Australian mi-
crosimulation model developed at NATSEM uses the GREGWT routine 
implemented in SAS.
Probabilistic reweighting methods. Among probabilistic reweighting
methods, combinatorial optimization (CO), originally proposed by
Williamson et al. [36], is certainly the most well known. As described 
by Tanton et al. [45], CO consists of an iterative process that searches 
for the optimal combination of individuals or households by swapping 
individuals in and out from the survey microdata to represent each 
small area, based on benchmark totals. Conceptually, this is equivalent 
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to initializing all weights to zero and then populating the small area 
of size 𝑁 by selecting 𝑁 units, effectively assigning integer weights 
corresponding to the frequency of selection. To evaluate the quality of 
a specific combination, a goodness-of-fit metric, which we call for now 
generally 𝑓𝑖𝑡, is required. We will give more details below.

Williamson et al. [36] reviewed three CO techniques: hill climbing, 
simulated annealing, and genetic algorithms. Among these, simulated 
annealing (SA) is the most extensively studied and applied. As ex-
plained by Harland et al. [46], SA is inspired by thermodynamics: 
it mimics the physical annealing process, in which a material is first 
heated to a high temperature and then slowly cooled to reach a stable 
structure. In optimization, this analogy translates into a Metropolis 
algorithm that allows both backward and forward steps to be taken 
when searching for an optimal solution. At high temperatures, the 
algorithm is more likely to accept poorer solutions, which helps it 
escape local optima. As the temperature decreases, it becomes more 
selective. This feature enables the algorithm to avoid getting trapped 
in local regions, thereby increasing the chance of converging to a near-
global optimum. Formally, the SA algorithm implemented for each area 
𝑑 proceeds as follows:

1. Set the initial temperature 𝑇0, the cooling factor 𝛼 ∈ (0, 1) and 
the maximum number of iterations 𝑀𝑎𝑥𝑖𝑡𝑒𝑟;

2. Draw an initial sample 𝑠(0) of 𝑁𝑑 individuals with replacement 
from the survey data 𝑆;

3. Compute the initial goodness-of-fit, denoted 𝑓𝑖𝑡0, between the 
marginal totals of the synthetic population and the known 
benchmarks.

4. Repeat the following steps until a stopping condition is met 
(i.e., maximum number of iterations reached, at iteration 𝑘
𝑓𝑖𝑡𝑘 = 0, or the temperature falls below a small threshold 𝜀):

(a) Propose at step 𝑘 a new sample 𝑠(𝑘) by replacing one (or 
more) individual from the current sample with another 
drawn from the survey data;

(b) Compute 𝑓𝑖𝑡𝑘 based on the updated sample;
(c) Calculate the change in error 𝛥𝑘 = 𝑓𝑖𝑡𝑘 − 𝑓𝑖𝑡𝑘−1. Accept 

the new sample if 𝛥𝑘 < 0. Otherwise, draw 𝑢 ∼  (0, 1); if 
𝑢 < 𝑃accept = exp

(

− 𝛥𝑘
𝑇𝑘

)

, accept the new solution;
(d) Update the temperature using the cooling factor as 𝑇𝑘+1 =

𝛼 ⋅ 𝑇𝑘.

SA primary advantages lie in the simultaneous evaluation of con-
straints, which eliminates sensitivity to constraint ordering, and the 
generation of integer weights by design. By directly selecting discrete 
units, SA bypasses the integerisation bias inherent in deterministic 
methods, making it particularly suitable for microsimulation frame-
works such as the Irish SMILE model [47].

2.2.3. Summary of methodological choices
Since this study relies on survey microdata (EU-SILC) alongside 

aggregate marginal totals from census and administrative sources, we 
adopt reweighting approaches rather than synthetic reconstruction (SR) 
methods. As noted by Tanton [27], SR is primarily reserved for scenar-
ios where microdata is unavailable; conversely, reweighting allows us 
to preserve the correlation structure inherent in the sample.

Deterministic reweighting methods, such as IPF and GREG, offer 
significant computational efficiency and fully exploit the information 
contained in the original sampling weights. They can be effectively 
applied for the direct estimation of socio-economic indicators, such 
as mean of the target variable or inequality measures, as in Chin 
et al. [22]. However, a critical limitation arises from the nature of 
the output: these methods generate fractional (non-integer) weights. 
To generate a synthetic population at the area-level suitable for spatial 
4 
microsimulation modelling, these weights must be converted into inte-
gers to replicate survey observations. Defining the rounded calibrated 
weights for area 𝑑 as ⌊𝑤∗

𝑗,𝑑⌉, the approximated benchmark total for 
variable 𝑝 becomes ⌊𝑋∗

𝑑,𝑝⌉ =
∑

𝑗∈𝑆⌊𝑤
∗
𝑗,𝑑⌉𝑥𝑗,𝑝, contrasting with the exact 

benchmark total 𝑋𝑑,𝑝 =
∑

𝑗∈𝑆 𝑤∗
𝑗,𝑑𝑥𝑗,𝑝. When the target population in 

small areas is smaller than the sample size of the survey data set used, 
this process can lead to a serious underestimation of population totals 
and size [23,36]. This limitation is relevant when the synthetic dataset 
needs to be used in microsimulation modules that assume integer 
replication of individuals (e.g., for behavioural or dynamic modelling). 
While specific strategies exist to optimize this integerisation process 
(e.g., the ‘‘truncate, replicate, sample’’ method by [48]), a detailed 
investigation of rounding techniques is beyond the scope of this work; 
therefore, standard rounding is applied.

Simulated annealing, on the other hand, circumvents the prob-
lem of non-integer weights by design, producing integer weights di-
rectly. Nevertheless, SA presents a notable drawbacks: it is extremely 
computationally intensive.

All methods in this study are applied at the individual level, a choice 
that reflects both data constraints and methodological considerations. 
It is worth noting that the literature provides established solutions 
for generating ‘‘two-layered’’ synthetic populations that simultaneously 
control for individual and household constraints [49], such as the Iter-
ative Proportional Updating (IPF extension) proposed by Ye et al. [50], 
and the integrated weighting approach, as discussed in Lemaître and 
Dufour [51], Tanton and Edwards [52, Chap. 9] and Haziza and Beau-
mont [53], to ensure consistency between individual and household 
weights. Similarly, SA can theoretically operate at the household level 
to preserve family structures. However, our choice to focus on individu-
als is driven by two decisive factors. First, the available administrative 
and census data offer a much greater availability of benchmarks for 
individuals compared to households. Second, all reweighting meth-
ods share a fundamental dependency on the representativeness of the 
source data. The ‘‘zero-cell problem’’ – where specific profiles absent 
from the source sample cannot be generated [49] – is severely ex-
acerbated at the household level due to the high dimensionality of 
joint distributions. Our preliminary tests of SA at the household level 
confirmed this, yielding unsatisfactory convergence: given the sample 
size of the survey, the sparsity of specific household profiles prevented 
the algorithm from finding optimal matches. Consequently, we opted 
for an individual-based strategy; although this results in the loss of 
the original household structure, it allows for a significantly richer and 
more robust characterization of the synthetic units given the available 
data. For completeness, Appendix reports our household-level version 
of the SA algorithm.

2.3. On the choice of the performance measures

Another important issue in SM modelling is the definition of appro-
priate fitness measures for model evaluation. This work uses the Total 
Absolute Error (TAE), which is certainly the most widely used metric in 
literature. TAE measures the aggregate absolute difference between the 
known benchmark totals 𝑋𝑑,𝑝 and the estimated marginal totals 𝑋𝑑,𝑝 for 
area 𝑑. It is defined as: 
𝑇𝐴𝐸𝑑 =

∑

𝑝∈𝑃
|𝑋𝑑,𝑝 −𝑋𝑑,𝑝|. (1)

The Percentage Standardized Absolute Error (PSAE) values refines the 
TAE by scaling it to the population size of each area, thus facilitating 
comparisons across areas of different sizes. For the 𝑑th area, it is 
defined as 

𝑃𝑆𝐴𝐸𝑑 =
𝑇𝐴𝐸𝑑
𝑁𝑑

× 100. (2)

The ultimate goal of using these metrics in this work is to identify 
the most suitable algorithm for generating a synthetic population, 
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Fig. 1. Municipalities in Emilia-Romagna classified by total population size 
(left) and by DegUrba category (right).

conditionally on the 𝑃  available constraints. It is important to note 
that this study applies the same vector of benchmarks across all small 
areas. Consequently, normalization by the dimension 𝑃  is not required 
to ensure comparability across the spatial domain.

3. Survey data and benchmarks

To provide a rigorous empirical assessment of the reweighting 
methods discussed above, we apply them to the generation of a spa-
tially disaggregated synthetic population for the 330 municipalities of 
Emilia-Romagna (E-R). The analysis relies on the 2937 observations 
available for this region in the 2022 EU-Statistics on Income and Living 
Conditions (EU-SILC) survey.

EU-SILC aims to produce harmonized statistics on inequality and 
poverty in Europe. The longitudinal data are collected using a ro-
tational design consisting of four rotational panels, with each panel 
remaining in the survey for four consecutive years. Italy’s EU-SILC (IT-
SILC) is conducted annually by the Italian Institute of Statistics (ISTAT). 
It employs a two-stage stratified sampling design: in the first stage, 
municipalities are drawn with probability proportional to size; in the 
second stage, households are randomly selected from the municipal 
registries. The survey does not provide detailed location information 
and is statistically representative at the regional level.

This two-stage stratified sampling design ensures a high represen-
tation of cities and large towns, whereas the smallest municipalities 
are rarely included in the sample. This creates a representativeness 
challenge, as 40% of the municipalities in E-R have a population of 
less than 5000 inhabitants. The average and median municipality sizes 
are 13,515 and 6330, respectively; the largest municipality is Bologna 
(390,554 inhabitants) and the smallest is Zerba (71 inhabitants).

For the purpose of this analysis, E-R municipalities were classified 
according to the Eurostat Degree of Urbanisation (DegUrba), which 
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defines three categories, according to the population density and size: 
cities, towns and suburbs, and rural areas. The distribution of munici-
palities by population size and DegUrba category is displayed in Fig.  1. 
As illustrated, the vast majority of municipalities (approximately 60%) 
are classified as rural areas, while 36% are towns or suburbs, and only 
a small fraction are cities. However, the survey sample distribution is 
starkly different: only around 15% of observations come from rural 
areas, while 36% come from cities, with the largest share from towns 
and suburbs. This imbalance reflects the sampling design’s bias towards 
larger urban centres, necessitating robust reweighting techniques for 
local estimation.

IT-SILC dataset provides cross-sectional sampling weights, which 
are derived via a multi-step procedure. This includes correction for non-
response via logistic models, trimming of extreme weights to reduce 
variance, and two successive calibration steps: first on labour force 
survey totals (e.g., education level, work status by sex and age group), 
and subsequently on demographic totals from administrative sources 
(e.g., population by region, sex, age, and citizenship). These steps 
ensure representativeness at the regional level, though not necessarily 
at the municipal level.

To perform the spatial microsimulation, we utilized ISTAT cen-
sus and administrative data to define the benchmarks (constraints) 
required for the reweighting process at the municipality level. Data pre-
processing was performed on the IT-SILC survey data: variables were 
recoded to strictly match the benchmark definitions, and the micro-
level dataset was transformed such that each categorical variable used 
for reweighting was converted into binary indicators.

To determine the optimal set of constraints from the available 
administrative data, we implemented a stepwise forward selection algo-
rithm. The starting pool consisted of 147 potential attributes, ranging 
from basic demographics (age classes, gender, citizenship, education, 
employment status, household composition) to complex interactions. 
The selection algorithm was designed to navigate the critical trade-
off between distributional accuracy and computational feasibility. On 
one hand, relying solely on univariate constraints (e.g., total males, 
total employed) ensures high convergence rates but fails to capture the 
correlation structure between variables (e.g., the specific relationship 
between age and education), leading to synthetic populations that 
match marginals but misrepresent joint distributions. On the other 
hand, introducing bivariate or multivariate constraints (interactions) 
significantly improves structural realism but exponentially increases 
the sparsity of the contingency tables. This increases the risk of the 
‘‘zero-cell problem’’ [49]. To balance these conflicting objectives, the 
algorithm iteratively tests the inclusion of each candidate constraint. 
At each step, it selects the variable that minimizes the average TAE 
in (1) across all municipalities, conditional on the reweighting al-
gorithm successfully converging for a predefined threshold of areas 
(e.g., allowing at most 1 failure). This procedure ensures a balance 
between maximizing the information content of the benchmarks and 
maintaining computational feasibility.

It is important to clarify that the primary objective of this study 
is to provide a rigorous methodological comparison of reweighting 
algorithms, rather than to tailor a specific policy model for each munic-
ipality. When the goal is instead to optimize the synthetic population 
for a specific outcome variable, we recommend performing correlation 
or regression-based benchmark selection, as in Chin et al. [22] and 
Tanton and Vidyattama [54], to ensure that the auxiliary information 
is relevant to the problem of interest.

To ensure strict comparability of the algorithms’ performance across 
the spatial domains of this study, the identified vector of benchmarks 
is fixed and applied uniformly to all 330 municipalities, avoiding 
local-specific adaptations. Ultimately, we defined 6 constraints, some 
univariate and others based on interactions between variables, for 
a total of 48 attributes: age classes (6), gender (2), gender by age 
classes (8), education by gender and age class (15), work status by 
gender and age class (14), household-size group (3). Note that the 
latter refers to the size of the household to which the individual 
belongs, as household-level benchmarks are typically less available 
than individual-level data.



S. Scarpa et al. Socio-Economic Planning Sciences 106 (2026) 102547 
Fig. 2. Comparison between the inclusion and exclusion of the DegUrba classification in the IPF (left) and GREG (right) methods.
4. Comparing the performance of synthetic population
approaches for emilia-romagna municipalities

This section presents a detailed comparison of the deterministic 
(IPF, GREG) and probabilistic (SA) reweighting algorithms on real data 
to identify the most effective strategy for population reconstruction, 
followed by a rigorous validation of the synthetic microdata against 
administrative benchmarks and external fiscal data.

4.1. Comparison of reweighting algorithms

4.1.1. Optimizing deterministic methods
The calibrated weights 𝑤∗

𝑗,𝑑 using IPF or GREG, computed for each 
area 𝑑 = 1,… , 𝐷 are rounded and applied to replicate each individ-
ual survey observation according to its corresponding value, thereby 
generating a synthetic representation of the target population at the 
micro-level. We use the original design weights 𝑤𝑗 , ∀𝑗 ∈ 𝑆, as starting 
values, as these yields significantly better convergence compared to 
initializing weights to unity.

In line with what reported by Harland et al. [46], restricting the 
survey data to observations from geographically or structurally similar 
areas can significantly improve performance. As shown in Fig.  2, the 
spatial filtering by the municipality Degree of Urbanisation classifi-
cation (DegUrba, as explained in Section 3) leads to a substantial 
reduction in the TAE for both GREG and IPF. Given the limited size 
of our survey dataset, further spatial filtering – such as retaining only 
observations from municipalities of the same or bordering area – is not 
feasible, as it would severely reduce the donor pool, particularly for the 
smallest municipalities, despite the improvement in accuracy that such 
filtering can yield, as shown by Tanton and Vidyattama [54].

Fig.  3 compares the TAE values obtained with GREG and IPF across 
all municipalities. Most points lie above the bisector (red dashed line), 
indicating that GREG consistently outperforms IPF in terms of recon-
struction accuracy. Consequently, GREG is selected as the benchmark 
deterministic method for the subsequent analysis and comparison.

4.1.2. The integerisation problem
While GREG ensures efficient calibration using floating-point

weights, generating a synthetic population requires rounding these 
weights to integers, as ⌊𝑤∗

𝑗,𝑑⌉. This step inevitably breaks the perfect 
matching with benchmarks.

Fig.  4 (left panel) reports the distribution of absolute differences 
between the exact GREG estimates and their integerised counterparts, 
𝑋𝑝−

⌊

𝑋∗
𝑑,𝑝

⌉

, on average over all the 𝐷 municipalities and 𝑃  benchmark 
variables. While discrepancies are generally negligible for the region as 
a whole, with small discrepancies rarely exceeding ±5 units, the right 
panel exposes a scale-dependency: when standardized by municipality 
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Fig. 3. TAE values obtained using GREG (x-axis) and IPF (y-axis) across 
municipalities. Red dashed line indicates the bisector.

size 𝑁𝑑 , relative discrepancies become disproportionately large for the 
smallest municipalities. In these sparse domains, which constitute a 
minority of cases, calibration often yields small fractional weights, 
which, once rounded, result in significant distortions of the marginal 
totals.

These results suggest that while simple rounding is a viable and 
reliable strategy for the vast majority of the region, it introduces 
non-negligible bias in the smallest demographic domains. This limi-
tation explicitly underscores the necessity of alternative approaches, 
such as Simulated Annealing, specifically for these sparse areas where 
preserving integer precision is paramount.

Probabilistic vs. Deterministic methods
To address the integerisation bias in small areas, we implemented 

the Simulated Annealing (SA) algorithm. The optimization process was 
initialized with a temperature 𝑇0 = 2000 and a cooling factor 𝛼 = 0.99. 
The algorithm terminates when one of the following conditions is met: 
a perfect fit is achieved (𝑇𝐴𝐸 = 0), the TAE remains constant for 
500 iterations, the temperature drops below a negligible threshold, 
or a maximum of 500,000 iterations is reached. This upper bound is 
deliberately set high to ensure the system has sufficient time to cool 
down and converge before the limit is exhausted.

Fig.  5 presents the comparative accuracy (PSAE in (2)) of SA and 
GREG, revealing a clear crossover in performance driven by population 
size 𝑁𝑑 . The SA approach proves particularly effective in rural areas, 
where it achieves significantly lower PSAE values compared to GREG. 
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Fig. 4. Impact of rounding the calibrated weights: average differences across all 𝑃  benchmark variables and 𝐷 areas (left), and relative differences by municipality 
ordered by population size (right)
Fig. 5. Comparison of PSAE values between SA and GREG estimates across 
municipalities, ordered by population size.

The median PSAE in rural municipalities drops from 1.06 (GREG) to 
0.22 (SA). Notably, SA achieves a perfect fit (𝑇𝐴𝐸 = 0) in 16 rural 
municipalities. This highlights SA’s strength in handling small, sparsely 
populated areas, where GREG suffers from rounding issues and weight 
instability. Crucially, for these small municipalities, the SA algorithm 
is also computationally efficient. Since the search space is smaller, 
convergence is reached relatively quickly, making it a practical option 
for simulations at the local level.

However, this advantage reverses as population size increases. In 
cities, GREG outperforms SA substantially (Mean PSAE 0.06 vs 4.87). 
In these well-sampled urban contexts, the survey weights 𝑤𝑗 used by 
GREG are robust and informative, whereas the stochastic search of SA 
struggles to converge to a global optimum within a reasonable time 
frame. As population size increases, the combinatorial search space 
expands exponentially. To address the high computational burden of 
SA, the custom R function has been parallelized to take advantage 
of all available CPU cores. Nevertheless, the entire simulation for the 
330 municipalities in Emilia-Romagna required approximately 7 days 
of continuous computation, a burden driven primarily by the larger 
urban centres. Consequently, applying this individual-level swapping 
approach to even larger aggregations, such as regions (NUTS 2) or 
provinces (NUTS 3), would be prohibitively time-consuming.

Given this trade-off, a hybrid strategy that applies SA to small 
municipalities (in our studies, rural areas) and GREG to larger ones 
may offer an optimal balance between flexibility, precision, and com-
putational feasibility.
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4.1.3. Distributional validation
So far, performance has been evaluated using the TAE and PSAE 

metrics, see (1) and (2), which assess aggregate errors across target 
variables. However, since the ultimate goal is to reconstruct micro-level 
data for policy evaluation – beyond merely estimating totals or means 
– further validation is called for to ensure that the synthetic population 
accurately reflects the underlying variables distributions and structural 
relationships of the real data.

As an illustrative case, we consider the variable age, for which age 
classes were included among the benchmark constraints. Fig.  6 com-
pares three density distributions for the municipalities of Bologna and 
Zerba (respectively, the largest and smallest cities in the region): the 
expanded observed ages (grey curve), derived directly from the survey 
data replicated according to the rounded GREG calibrated weights; the 
population register (light-grey curve); the simulated from age classes 
(red curve), obtained by randomly assigning an age within each age-
class interval to individuals in the synthetic population. The age dis-
tribution resulting from the reweighted survey data exhibits significant 
irregularities for Bologna, with exaggerated peaks at specific age val-
ues. This is an artifact of the reweighting process: when a survey 
respondent is assigned a high calibrated weight, they are replicated 
multiple times in the synthetic population, creating a cluster of identi-
cal values. By contrast, the random draw strategy produces a smoother 
distribution that more closely resembles the true population structure. 
This phenomenon is particularly pronounced in such large urban cen-
tres, where the ratio between the population size and the sample size is 
high, resulting in larger weights and thus more massive replication of 
individual records. Conversely, in smaller municipalities, such as Zerba, 
calibrated weights tend to be lower and closer to unity. Consequently, 
the artificial peaks caused by replication are naturally less pronounced, 
and the direct synthetic distribution tends to align more organically 
with the observed one.

4.1.4. External validation: taxable income
Validation can also be performed using variables that were not 

included in the benchmarking constraints. In this section, we explore 
the results in terms of individual overall taxable income. Income is un-
doubtedly one of the most relevant variables for socio-economic policy 
evaluation, as well as for monitoring economic poverty and inequality. 
As a reference population source, we use data provided by the Italian 
Ministry of Economy and Finance (MEF), which include administrative 
records on annual taxable income for individuals under the Italian tax 
system. The MEF data, publicly available in aggregated form at the 
municipality level, include overall taxable income from entrepreneurial 
activity, employment, self-employment, shareholdings, pensions, and 
property.
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Fig. 6. Age distribution in Bologna (population ≈ 400, 000) and Zerba (population ≈ 100 comparing the population register (light-grey), the GREG-weighted survey 
(grey), and simulated ages drawn from class intervals (red)
Fig. 7. Density plot of Emilia-Romagna income with vertical lines for popu-
lation mean, population median, survey mean and survey median.

The overall taxable income variable derived from EU-SILC serves 
as a proxy for the administrative taxable income available in the 
MEF dataset. While conceptually similar, discrepancies are expected 
due to differences in definitions (e.g., tax evasion, non-taxable income 
components included in EU-SILC) and measurement methods (self-
reported vs. administrative records). Consequently, a perfect alignment 
is not theoretically expected; however, the comparison remains valid 
for assessing the distributional consistency of the synthetic population. 
Fig.  7 shows the income distribution derived from EU-SILC data for 
Emilia-Romagna (using sample weights). Vertical lines in the figure 
indicate the weighted median and mean values estimated from the 
survey, as well as those computed on the MEF data for the same region. 
We observe quite good similarity overall.

Next, we compare the estimated mean taxable income on the syn-
thetic populations generated for each municipality with the correspond-
ing values computed from the MEF data. Fig.  8 (left panel) displays 
the results when the GREG is performed with the selected benchmarks 
using the greedy algorithm explained in Section 3 (starting GREG). 
We observe that the estimates under GREG are substantially more 
concentrated than the MEF values, severely underestimating the actual 
variability across municipalities. This shrinkage effect is typical when 
auxiliary variables are not strongly correlated with the target variable.

To address this, we reinforce the role of income information within 
the benchmark variables. In the right plot of Fig.  8, we illustrate an 
example in which the same estimation procedure using GREG based on 
EU-SILC microdata is applied, but the calibration benchmarks are aug-
mented to include the known frequencies across eight income classes 
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derived from MEF data (augmented GREG). In this case, the distributions 
of the estimated means are much closer to those based on the fiscal 
data, highlighting the importance of carefully selecting benchmarks 
when the research focus is on specific indicators.

Similarly to the procedure applied for age, one can calibrate the 
sampling weights to income-related benchmarks and then randomly 
assign continuous income values within each class interval. This helps 
mitigate discretization artefacts (‘‘jumpy’’ distributions) and produces 
smoother, more realistic micro-level estimates, in line with the ap-
proach adopted by Alfons et al. [24], Templ et al. [28].

5. Discussion

The availability of a synthetic population for a target area, whether 
a region composed of multiple local areas or a city and its suburbs, 
provides a valuable foundation for ex ante and ex post small area policy 
evaluation through spatial microsimulation tools. Survey samples are 
inevitably constrained by budget limitations, which allow represen-
tativeness only at broad territorial levels (e.g. regions). By contrast, 
policymakers require disaggregated evaluations at the finest possible 
geographic scale to effectively monitor policy implementation and 
assess socio-economic phenomena.

This work demonstrates that spatial microsimulation, specifically 
through reweighting techniques, provides a robust solution to recon-
structing these local populations even in a data-scarce context. These 
methods leverage survey microdata and known totals from census or 
administrative sources to generate synthetic populations at the desired 
level of aggregation, even in the absence of sample observations. An 
additional advantage is that, since synthetic microdata do not con-
tain private information that leads to identification, they are free of 
confidentiality and disclosure concerns. Nevertheless, it is important 
to acknowledge that the synthetic population is based on specific 
assumptions and depends heavily on the chosen generation model.

Our analysis identifies the Generalized Regression Estimator (GREG) 
as the most balanced approach for real-data applications, striking an 
optimal trade-off between computational efficiency and distributional 
precision. GREG outperforms Iterative Proportional Fitting (IPF) in 
accuracy and ease of implementation. Furthermore, for the direct esti-
mation of indicators (e.g., mean income) without integerisation, GREG 
with continuous weights remains the gold standard.

However, there is a crucial exception. In sparse domains, specifi-
cally very small municipalities, the integerisation bias of deterministic 
methods becomes significant. In this context, Simulated Annealing 
(SA) proves superior, achieving near-perfect reconstruction by design 
(e.g., 𝑇𝐴𝐸 ≈ 0). Despite its computational intensity and its stochas-
tic nature – which introduces variability across runs [55] – SA is 
consistently shown to outperform deterministic reweighting methods 
[30,46]. However, its computational burden makes it impractical for 
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Fig. 8. Comparison of estimates of mean taxable income distributions across municipalities in Emilia-Romagna with starting and augmented GREG.
medium and large municipalities, where GREG is the best viable option. 
Consequently, our application to the Emilia-Romagna municipalities 
advocates for a hybrid strategy: deploying SA for small municipalities 
(rural areas, in our study) to maximize precision, and GREG for medium 
and large areas to ensure computational tractability.

Methodologically, the quality of the synthetic population is strictly 
conditional on the choice of benchmarks. Our stepwise forward selec-
tion algorithm – which at each step selects the benchmark that most 
reduces the average TAE across municipalities, subject to a convergence 
constraint – was designed to ensure global convergence across all the 
studied areas while maximizing the number of utilized benchmarks, 
rather than to optimize for a specific policy outcome. When the re-
search focus is a specific indicator, benchmarks should instead be 
chosen based on their correlation with the target variable. As demon-
strated with the income variable in the augmented GREG example, 
explicitly including relevant benchmarks is essential when the focus 
shifts to specific outcomes. Moreover, when the interest lies in specific 
areas, the trade-off between representativeness and convergence can 
be locally optimize. Although this work did not aim to isolate the 
specific contribution of each benchmark variable or to optimize perfor-
mance for individual municipalities, the proposed method provides a 
general framework for constructing subnational synthetic populations. 
Researchers retain the flexibility to define benchmarks ex ante based on 
the specific indicators they intend to evaluate.

We highlight that people living in non-private dwellings that are 
excluded from the EU-SILC survey, such as individuals residing in 
collective housing or institutions, are not considered in our analysis. 
Nevertheless, we believe that synthetic reconstruction methods may 
assist in creating microdata for these populations, for which survey data 
are lacking, when auxiliary information is available; however, such 
data were not accessible to us.

Finally, the dependency on the input sample remains the ultimate 
constraint. The ‘‘zero-cell problem’’ highlights the importance of sam-
ple size and diversity. In this study, E-R EU-SILC data were filtered 
according to the Degree of Urbanisation (DegUrba) of each target 
municipality. Future research could mitigate this by expanding the 
donor pool (e.g. using the entire EU-SILC data or neighbouring or 
‘‘similar’’ regions to Emilia-Romagna), employing alternative spatial 
filtering strategies, or integrating synthetic reconstruction techniques to 
impute missing profiles. These data constraints also limit the applicabil-
ity of approaches that simultaneously account for both individual- and 
household-level information, such as integrated weighting. While not 
feasible in the present framework, such methods represent a valuable 
extension in contexts where richer household-level auxiliary data are 
available.

This work provides not just a synthetic population of the Emilia-
Romagna region composed of its municipalities, but a scalable, vali-
dated framework for spatial microsimulation. By navigating the trade-
offs between method accuracy and computational cost, the described 
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approach and its multiple trade-offs offer a reproducible instrument 
for generating synthetic data to support evidence-based local policy 
making.
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Appendix. Household-level Simulated Annealing

This appendix provides the household-level specification of the SA 
algorithm discussed in Section 2.

We did not adopt the household-level version of SA because the 
available data are not suitable for a robust implementation at that 
level. In our setting, the EU-SILC sample contains too few households 
observations and only a limited set of household-level benchmarks is 
available from administrative sources. These two factors exacerbate 
the ‘‘zero-cell problem’’ and prevent satisfactory convergence of the 
algorithm.

We outline below the proposed household-level SA version that we 
tested during the methodological assessment. The algorithm proceeds 
as follows:

1. Set the initial temperature 𝑇0, the cooling factor 𝛼 ∈ (0, 1) and 
the maximum number of iterations 𝑀𝑎𝑥𝑖𝑡𝑒𝑟;

2. Draw an initial sample 𝑠(0) of households from the survey data 
𝑆, according to the known distribution of household sizes in 
the target area 𝑑. Specifically, for each household size category, 
select a number of households equal to the known total. Let 
𝑚ℎ denote the number of individuals in household ℎ; the total 
population constraint is then enforced as ∑ℎ∈𝑠 𝑚ℎ = 𝑁𝑑 , where 
𝑁𝑑 is the known population size of area 𝑑;

3. Compute the initial TAE, denoted 𝑇𝐴𝐸0, between the marginal 
totals of the synthetic population and the known benchmarks.

4. Repeat the following steps until a stopping condition is met 
(i.e., maximum number of iterations reached, 𝑇𝐴𝐸𝑘 = 0, or the 
temperature falls below a small threshold 𝜀):

(a) Propose at step 𝑘 a new sample 𝑠(𝑘) by replacing one (or 
more) household from the current sample with another 
drawn from the survey data. The replacement house-
hold(s) is required to have the same size (i.e., number of 
individuals) to preserve the population size constraint;

(b) Compute the new TAE, denoted 𝑇𝐴𝐸𝑘, based on the 
updated sample;

(c) Calculate 𝛥𝑘 = 𝑇𝐴𝐸𝑘 − 𝑇𝐴𝐸𝑘−1. Accept the new sample 
if 𝛥𝑘 < 0. Otherwise, accept the sample with probability 
𝑃accept = exp

(

− 𝛥𝑘
𝑇𝑘

)

. Draw 𝑍 ∼ Bernoulli(𝑃accept), and 
accept the new solution if 𝑍 = 1;

(d) Update the temperature using the cooling factor as 𝑇𝑘+1 =
𝛼 ⋅ 𝑇𝑘.

Data availability

The municipal-level population totals are publicly available. The 
advanced version of the Italian component of the EU-SILC database 
used in this study are not publicly available. These data were provided 
to the authors within the project ‘‘Amartya: Costruzione popolazione 
sintetica e implementazione modello di microsimulazione tax-benefit’’ 
from the Office of Statistics of the Emilia-Romagna Region, as a mem-
ber of the Italian National Statistic System (SISTAN). Access to the 
standard EU-SILC microdata can be requested from Eurostat.
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