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Abstract

The long-run sustainability of pay-as-you-go pension systems crucially depends on the
dynamic balance between social-security contributions paid by the working population
and benefits paid to retirees. In Italy, the National Social Security Institute (INPS) manages
the core of the public system, whose financial equilibrium is increasingly challenged by
demographic aging, labor market fragility, and macroeconomic shocks. In this paper,
in line with the aims of the Special Issue “Signal Processing and Machine Learning in
Real-Life Processes”, we reinterpret the Italian pension system as a complex stochastic
signal-processing problem. Using the most recent data published in the Annuario Statistico
Italiano 2024 highlighting by ISTAT—with a focus on Protection and Social Security—we
construct a set of time series describing contributions, benefits, coverage ratios and pension
amounts, both at the national and territorial level. On this basis, we compare classical
time-series models and a recurrent neural network with Long Short-Term Memory (LSTM)
architecture for multi-step forecasting of the main aggregates. The signal-processing
perspective allows us to disentangle trend, cyclical and shock components, while machine
learning provides flexible nonlinear forecasting tools capable of capturing structural breaks
such as the COVID-19 crisis. Our empirical results suggest that (i) pension expenditure
remains high and persistent as a share of GDP; (ii) the contribution coverage ratio improved
in 2022 but remains below the pre-pandemic level; and (iii) regional heterogeneity in the
per-capita pension deficit is substantial and stable over time, with persistent imbalances in
Southern regions and Islands. Finally, we perform a scenario analysis combining LSTM-
based forecasts with demographic and labor market hypotheses, and we quantify the
impact of alternative policy measures on the future pension deficit signal. The proposed
framework, which integrates permutation-based inference, signal decomposition and
deep learning, provides a reproducible template for the real-time monitoring of pension
sustainability using official open data.
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1. Introduction
Population aging, low fertility rates, and labor market instability jointly threaten the

long-run sustainability of public pension systems in many advanced economies [1]. Italy
represents a paradigmatic case: the proportion of people aged 65 and over exceeds 24%
of the resident population, the fertility rate is well below the replacement level, and the
labour market is characterized by relatively low participation rates and a pronounced
North–South divide [2]. These structural factors place increasing pressure on the main
public pension institution, the National Social Security Institute (INPS), whose pay-as-you-
go system relies heavily on contemporaneous contributions from the working population.
Traditional actuarial and macroeconomic analyses of pension systems are typically based
on parametric models that rely on strong assumptions regarding the underlying stochastic
processes and functional forms. In parallel, recent advances in non-parametric statis-
tics, signal processing [3,4]. Specifically, our approach integrates three complementary
components:

(i) A signal-processing perspective on pension system dynamics, in which contributions,
benefits, and deficits are conceptualized as stochastic signals observed over time and
across regions;

(ii) A non-parametric inferential framework, with particular emphasis on permutation
and combined permutation tests, designed to rigorously compare trajectories across
different geographical and temporal contexts;

(iii) A machine learning forecasting module employing LSTM recurrent neural networks to
produce multi-step forecasts under alternative demographic and policy scenarios.

The analysis is based onfficial statistics published by ISTAT in the Annuario Statistico Italiano
2024 [2], with a particular focus on Chapter 5, “Protezione sociale”, which provides de-
tailed information on social-security contributions, benefits, coverage indices, and pension
amounts by region and institutional sector (basic and complementary entities).

To ensure transparency and reproducibility, we rely exclusively on publicly available
aggregate data [5,6]. Methodologically, our contribution is twofold. First, we show how
relatively standard signal-processing tools—such as trend extraction, smoothing, and
decomposition—can be combined with permutation-based inference within a high-level
yet accessible framework suitable for applied policy analysis. Second, we demonstrate
that LSTM models, when appropriately tuned and benchmarked against classical ARIMA-
type models, can provide informative multi-step forecasts of pension expenditures and
contribution revenues, even in the presence of structural breaks such as the COVID-19
pandemic and the subsequent energy-price shock. The remainder of the paper is organized
as follows. Section 3 reviews the institutional background and describes the data. Section 4
introduces the methodological framework, focusing on signal processing, permutation
tests, and LSTM models. Section 5 presents descriptive evidence, estimation results, and
forecasting scenarios. Section 6 discusses policy implications, and Section 7 concludes.

2. Literature Review
2.1. Why Signal Processing and Machine Learning for Real-Life Socio-Economic Processes

Over the past two decades, signal processing and machine learning have increasingly
been adopted as general-purpose methodological paradigms for studying real-life pro-
cesses, that is, complex systems whose dynamics arise from the interaction of multiple
components, are observed through noisy measurements, and are subject to structural
changes. While signal processing originated in electrical engineering and communications,
its conceptual toolkit—filtering, decomposition, spectral methods, and time–frequency
representations—has proven remarkably effective whenever the object of interest can be
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viewed as an evolving signal generated by a latent mechanism plus disturbances [3,7,8].
In parallel, machine learning has developed as a data-driven framework for prediction,
pattern recognition, and representation learning in high-dimensional settings, often under
limited assumptions about the data-generating process [9–13]. The convergence of these
approaches is now evident in many applied domains—finance, energy, climate, health,
and industrial monitoring—where hybrid pipelines combine signal extraction and feature
engineering with flexible learning algorithms, particularly for time series analysis. These
methods enable the modeling of complex, dynamic phenomena in ways that traditional
statistical tools cannot easily achieve. Among traditional models, ARIMA [14] has long
been considered effective for forecasting; however, it requires stationary time series or
appropriate transformations to render them stationary, and predictions of future values
are constrained to linear functions of past observations [15,16]. To overcome these limita-
tions, several nonlinear models have been proposed in the literature, including the bilinear
model [17,18], the threshold autoregressive (TAR) model, and the autoregressive condi-
tional heteroskedastic (ARCH) model [19,20]. While these approaches improve over simple
linear models, their applicability remains limited, as they are designed for specific types of
nonlinearity. Among the various proposed approaches, LSTM models have demonstrated
a remarkable ability to capture both linear and nonlinear patterns in complex time series,
overcoming some of the limitations of traditional methods.LSTM networks have gained im-
portance due to their effectiveness in handling sequences and time-dependent data. LSTM
models have been applied in multiple domains, such as Natural Language Processing
(NLP), financial forecasting, weather prediction, and anomaly detection [21–26]. However,
their application to complex socio-economic systems, such as public pension systems,
remains extremely limited [27]. Socio-economic and institutional systems represent a par-
ticularly challenging class of real-life processes. Their signals are shaped by demographic
trends, macroeconomic shocks, policy reforms, behavioral responses, and administrative
constraints, producing time series that are non-stationary, heterogeneous across territories,
and exposed to structural breaks. In this setting, the classical purely structural approach
(e.g., calibrated general equilibrium models) provides interpretability but can be fragile
under misspecification, while purely descriptive statistics can underutilize the information
content of data-rich environments. Consequently, an expanding literature advocates the
integration of statistical learning with time-series and signal-processing perspectives to
enhance monitoring, forecasting, and scenario analysis in public policy contexts [28]. This
methodological motivation is especially relevant for social security systems, where sus-
tainability is inherently dynamic and depends on long-run signals (aging and labor force
participation) superimposed with short-run shocks (crises and reforms). Public pension
systems can be naturally interpreted as real-life signal generators: contribution flows,
benefit expenditures, coverage ratios, and per-capita deficits form a multivariate signal
observed annually (and, in administrative sources, often monthly) whose evolution reflects
both structural forces and temporary disturbances. The central question of sustainability
thus becomes how to extract robust latent components (trend, cycle, and breaks) and how
to learn predictive mappings from past signals and covariates to future trajectories under
uncertainty [29]. Although signal processing and machine learning have been widely
applied in finance, energy, and mobility forecasting, their integration into public pension
systems remains extremely limited. The present work addresses this gap by combining
signal decomposition techniques, LSTM-based predictive models, and robust nonpara-
metric inference to capture long-term structural trends, short-term shocks, and nonlinear
interactions within multivariate pension data. This integrative approach enables more
accurate and interpretable forecasting of key sustainability indicators—such as contribution
flows, benefit expenditures, coverage ratios, and deficits—while accounting for territorial
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heterogeneity and structural breaks, providing insights beyond those achievable with
standard time-series or ML-only methods [30].

2.2. Foundations of Pension Sustainability: Intergenerational Transfers and Reform Logic

The theoretical foundations of pay-as-you-go pensions were established in the classic
contributions that framed social security as an intergenerational contract. Samuelson [31]
formalized the logic of consumption loans across generations, while Aaron [32] clarified the
conditions under which pay-as-you-go schemes can deliver implicit rates of return linked
to population and productivity growth [33]. These contributions remain central because
they show that sustainability is not a static accounting identity but a dynamic balance
driven by demography and economic growth. Later work expanded the analysis to politi-
cal economy and reform feasibility, emphasizing how pension rules evolve as a result of
distributional conflict, expectations, and credibility constraints (e.g., contributions to the
political economy of pension reforms surveyed in the comparative literature). In Europe,
pension reforms since the 1990s have been influenced by both demographic pressure and
fiscal consolidation goals [34]. A major conceptual shift occurred with the adoption of
notional defined contribution (NDC) logic in several countries, aiming to link benefits
more transparently to lifetime contributions while preserving a pay-as-you-go financing
structure. Comparative analyses highlighted how NDC schemes internalize demographic
and labor market changes through adjustment mechanisms but also noted that adequacy
and redistribution goals may require complementary policies [35,36]. In the Italian context,
reform waves introduced tighter eligibility, altered indexation rules, and gradually ex-
panded contribution-based computation, yet the system remains deeply intertwined with
labor market fragmentation and territorial disparities, which complicate both forecasting
and policy design. A key theme in the sustainability literature is that aggregate equilibrium
masks important heterogeneity: regions and cohorts can face radically different trajectories
depending on employment, wages, and demographic structure. This motivates empirical
approaches that treat the system as a collection of coupled signals, rather than a single
national aggregate. The presence of persistent spatial gradients in participation rates and
income levels implies that sustainability should be monitored not only nationally but also
across macro-areas, where different regimes may coexist within the same institutional
framework.

2.3. Demographic and Actuarial Modeling: Longevity Risk, Stochastic Mortality, and Uncertainty

A second foundational strand concerns demographic forecasting and longevity risk,
which directly determine the size and duration of benefit obligations. The influential
Lee–Carter model introduced a parsimonious statistical representation for mortality trends
and uncertainty [37], inspiring a vast literature on stochastic mortality models and prob-
abilistic projections. Extensions included cohort effects, multi-population formulations,
and Bayesian methods to quantify uncertainty and improve stability across time horizons.
These developments were crucial for pension analysis because deterministic projections
can severely underestimate the tail risk associated with longevity improvements. In ac-
tuarial science and pension risk management, the modeling of longevity dynamics is
complemented by the study of annuity pricing, hedging, and the interaction between
mortality and macroeconomic risk. Research on longevity modeling emphasized that
pension sustainability is exposed to structural changes in mortality trends, whose detec-
tion and incorporation require both robust statistical methods and careful interpretation.
Moreover, demographic uncertainty interacts with labor market uncertainty: dependency
ratios respond not only to survival but also to employment, migration, and participation
patterns. Hence, empirical sustainability monitoring benefits from multivariate approaches
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that integrate demographic signals with macro-fiscal variables. For the empirical objectives
of this paper, the key implication of the demographic-actuarial literature is methodological:
pension systems evolve under slow-moving structural forces (aging) combined with regime
changes (reforms) and shocks (crises). This combination is precisely the environment in
which signal decomposition, break detection, and robust forecasting methods can add
value beyond standard linear models.

2.4. Time-Series Econometrics and Signal Processing in Macro-Fiscal and Social Expenditure Data

A third strand concerns the evolution of time-series methods applied to macroeco-
nomic and fiscal aggregates. Classical time-series analysis provides tools for modeling
persistence, trend behavior, and cyclical co-movement [38]. However, macro-fiscal signals
are often non-stationary and subject to structural breaks, motivating decomposition ap-
proaches and state-space representations. In macroeconomics, filters and decomposition
methods were used to extract business-cycle components, with debates about the properties
and interpretability of trends and cycles (e.g., the extensive use of smoothing and filtering
approaches in applied macro analysis). Signal processing adds an alternative perspective:
instead of treating economic time series purely as realizations of stochastic processes, it
emphasizes the representation of observed signals as mixtures of latent components with
distinct frequency properties. Spectral analysis and time–frequency methods were devel-
oped to characterize periodicities and transient dynamics. In applied contexts, these tools
support three tasks that are central for pension sustainability: (i) separating slow-moving
demographic trends from medium-term cyclical variation, (ii) identifying structural breaks
associated with reforms or crises, and (iii) extracting robust features for forecasting models.
The relevance for pension data is evident: expenditures and contributions exhibit high
inertia, while shocks such as the COVID-19 crisis can introduce abrupt discontinuities in
revenues, coverage ratios, and deficit measures. In public finance, researchers also studied
long-memory behavior and persistence in expenditure and revenue series, suggesting that
standard short-memory models may understate persistence and forecast uncertainty in
fiscal signals [39]. This resonates with pension dynamics, where institutional rules and
demographic structures generate persistence, and where policy changes can alter the data-
generating mechanism. Therefore, the literature motivates the use of flexible, data-driven
frameworks that can accommodate both smooth trends and abrupt changes.

2.5. Machine Learning for Forecasting, Heterogeneity, and Structural Change in
Socio-Economic Data

A fourth strand concerns machine learning applications to socio-economic data,
particularly for forecasting under nonlinearity, structural breaks, and regime changes.
Traditional econometric approaches—such as ARIMA, VAR, and state-space models—offer
interpretability and theoretical grounding, but they often struggle to capture nonlinear
interactions, long-range dependencies, and multivariate dynamics [14]. These limita-
tions are especially relevant for analyzing the sustainability of the Italian Social Security
System, where demographic trends, contribution patterns, and macroeconomic shocks
interact in complex ways. Machine learning models, particularly recurrent neural net-
works and LSTM architectures, provide flexible tools to model sequential dependencies
and nonlinear effects [40]. LSTM networks can ingest multiple signals simultaneously,
including benefits, contributions, demographic proxies, and macroeconomic variables,
learning predictive relationships that would be difficult to specify parametrically. More-
over, ML methods allow for clustering and segmentation, which is important for regional
heterogeneity, as macro-areas may follow different employment, wage, and demographic
trajectories [41]. Recently, Transformer-based architectures have shown superior perfor-
mance in high-dimensional or multivariate time-series contexts by leveraging attention
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mechanisms to capture long-range interactions efficiently [42,43]. Despite their potential,
Transformers require large datasets and substantial computational resources, and their
application to pension systems and socio-economic forecasting remains limited. Hybrid ap-
proaches, such as CNN-LSTM or signal-informed LSTM models [44,45], attempt to combine
feature extraction with sequential learning, but challenges remain in interpretability and
parameter tuning. In contrast, the methodology proposed in this work explicitly integrates
signal-processing techniques—such as STL decomposition and Hodrick–Prescott filtering—
with LSTM-based forecasting, and complements them with nonparametric permutation
testing for robust inference [46,47]. This framework allows us to decompose pension finance
signals into trend, cyclical, and idiosyncratic components, capture nonlinear dependen-
cies and shocks, and provide interpretable outputs suitable for policy-oriented scenario
analysis. By doing so, our approach offers a transparent, reproducible, and interpretable al-
ternative to both traditional econometric models and standard deep learning architectures,
addressing key limitations in forecasting the sustainability of the Italian Social Security
System [48].

3. Institutional Background and Data
3.1. The Italian Pension System and the Role of INPS

The Italian public pension system is predominantly a pay-as-you-go system, financed
by compulsory social-security contributions paid by employers and employees and by
general taxation. Over the last decades, several reforms introduced a gradual transition
from earnings-related defined-benefit schemes to Notional Defined-Contribution (NDC)
schemes, tightened eligibility conditions, and changed indexation rules. Nonetheless,
pension expenditure as a share of GDP remains among the highest in the OECD area, and
the system is sensitive to demographic shocks and labor-market downturns. INPS ad-
ministers the majority of public pensions and other social-security benefits, including
old-age, survivors, disability, unemployment and family allowances. Its budget consol-
idates contribution revenues, benefit expenditures and transfers from the State. From a
signal-processing perspective, the INPS budget generates a vector signal

Xt =
(
Ct, Bt, Dt

)
,

where Ct denotes contribution revenues, Bt is benefit expenditures and Dt = Bt − Ct

is the pension deficit (or surplus) for year t. These aggregates are jointly influenced by
demographic dynamics, macroeconomic conditions and institutional rules.

3.2. ISTAT Sources and Variables

The empirical analysis is based on data extracted from the Annuario Statistico Italiano 2024,
related to national accounts and population. The analysis relies on the following key tables:

• Table 5.5 [2]: “Expenditures on social benefits and revenues from social contributions,
pension coverage index, and per-capita pension deficit of social security institutions
by type of institution and region” (year 2022, with a time series for 2017–2022 at the
national level).

• Table 5.7 [2]: “Pensions and their annual amounts by type and region” (year 2022,
with historical totals).

• Table 5.8 [2]: “Private-sector pensions and their annual amounts by type and region”
(year 2022).

From these sources, we construct the following main variables:

• Bt: total social-security benefit expenditures of pension entities (“prestazioni”), in
billions of euros;
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• Ct: total social-security contribution revenues (“contributi”), in billions of euros;
• covt = Ct/Bt: coverage ratio, in percent;
• dt: pension deficit per capita, in euros;
• Pt: total number of pensions in payment and corresponding amounts, by sector

(private) and macro-area (North-West, North-East, Center, South, and Islands).

For some parts of the analysis, we also use:

• Population by macro-region to compute per-capita indicators;
• GDP and macroeconomic aggregates to relate pension expenditure to overall

economic activity.

3.3. Descriptive Evidence: National Trends

Table 1 summarizes the pension benefits, contributions, coverage ratio and deficit
per capita for 2017–2022 at the national level, using ISTAT Table 5.5. (Values in billions of
euros are obtained by dividing the original values (in thousands of euros) by 106; deficit
per capita is reported directly as in ISTAT.)

Table 1. Social-security benefits, contributions, coverage and per-capita deficit, Italy 2017–2022.

Year Benefits Bt Contributions Ct Coverage covt Deficit per Capita dt
(Billion Euro) (Billion Euro) (%) (Euro)

2017 322.48 243.63 75.6 −1304
2018 329.84 251.30 76.2 −1313
2019 342.88 256.02 74.7 −1456
2020 372.56 245.86 66.0 −2139
2021 372.71 257.38 69.1 −1954
2022 372.71 a 263.90 a 70.8 −1946

a For 2022, ISTAT provides detailed breakdowns by region and type of entity; the national coverage ratio (70.8%)
and deficit per capita (−1946 euro) are reported in the commentary and meta-data.

The coverage ratio exhibits a clear deterioration in 2020, during the COVID-19 crisis,
followed by a partial recovery in 2021–2022. However, it remains below the pre-pandemic peak
and the per-capita pension deficit remains significantly negative, around 2000 euro per resident
in 2022. This aggregate signal provides a first quantitative measure of the stress on the system.

3.4. Regional Heterogeneity

ISTAT Table 5.5 also provides, for 2022, the coverage ratio and deficit per capita by region
and by macro-area. The commentary stresses that the highest deficits per capita are observed in
the South and Islands, with Calabria, Liguria, Sardinia and Molise recording the most negative
values. Table 2 reports the coverage ratio and deficit per capita by macro-area.

Table 2. Coverage ratio and pension deficit per capita by macro-area, 2022.

Macro-Area Coverage (%) Deficit per Capita (Euro)

North-West 35.1 −838
North-East 34.2 −1069

Center 33.0 −1626
South 27.8 −3337

Islands 26.5 −3579
Italy 30.8 −1946

The strong geographical gradient is structurally linked to demographic and labor-
market differences: the North combines higher employment rates and higher average

https://doi.org/10.3390/math14040690

https://doi.org/10.3390/math14040690


Mathematics 2026, 14, 690 8 of 16

wages with a relatively younger population, while the South and Islands face higher
unemployment, lower participation and more intense aging dynamics.

3.5. Private-Sector Pensions

Table 3 summarizes private-sector pensions (IVS and indemnity pensions) in 2022,
using ISTAT Table 5.8.

Table 3. Private-sector pensions by macro-area, 2022.

Macro-Area Number of Pensions Amount Average Amount
(Thousands) (Billion Euro) (Euro)

North-West 6133.1 95.75 15,612
North-East 4478.0 67.33 15,036

Center 4545.5 67.34 14,816
South 4919.6 60.44 12,286

Islands 2289.1 29.25 12,777
Italy 22,365.3 320.12 14,313

Notes: values are reconstructed from ISTAT Table 5.8 (numbers in thousands, amounts in billions of euro).

These aggregates will be used to construct the forecasting targets in Section 5.

4. Methodology
The analysis relies on Italian pension system data, including national and regional

time series of benefits (Bt), contributions (Ct), coverage ratio (covt), and per-capita deficit
(dt), together with macroeconomic covariates (real GDP and unemployment rate) and
demographic variables (population by age group). All series are aligned by year and
macro-area and standardized using z-scores for model input.

From a signal-processing perspective, each annual observation vector Xt is decomposed

into trend (Tt), cyclical C(cyc)
t , and idiosyncratic components (εt). Standard tools—STL

decomposition, Hodrick–Prescott filtering, and moving averages—are applied to isolate
long-term structural trends from transitory fluctuations caused by shocks, such as the
COVID-19 pandemic.

For forecasting, we employ two complementary approaches: classical time-series
models (ARIMA, SARIMA, and ETS) and LSTM neural networks. The LSTM architec-
ture includes:

• An input layer with sequences of length L = 5 years;
• A single LSTM layer with 32 units and tanh activation;
• A dense output layer with linear activation producing forecasts for Bt+1 and Ct+1;
• Dropout at 20.

Training uses the Adam optimizer (learning rate 0.001), batch size 8, and early stopping with
30-epoch patience. Hyperparameters were selected via cross-validation. Input sequences
include lagged benefits and contributions along with macroeconomic and demographic
covariates. One-step-ahead predictions use a many-to-one configuration, extended to
multi-step forecasting (horizon H = 5 years) with a many-to-many setup. Model evalu-
ation employs standard metrics (MAE, RMSE, and MAPE) and rolling-origin validation
with residual bootstrapping. Scenario analysis combines LSTM forecasts with alternative
demographic and policy assumptions, enabling the construction of coverage ratios and
per-capita deficits under baseline, favorable, and adverse scenarios.

4.1. A Signal-Processing View of Pension Finances

We regard the pension system as a multi-output signal-processing system in discrete
time. Each year t, we observe a vector of signals:
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Xt =
(

Bt, Ct, covt, dt, P(NW)
t , P(NE)

t , P(C)
t , P(S)

t , P(I)
t

)
,

where the superscripts denote the five macro-areas. From a deterministic point of view,
each component can be decomposed as

Xt = Tt + C(c)
t + εt,

where Tt represents a smooth trend (driven by demography and long-run institutional
changes), C(c)

t cyclical components (linked to the business cycle and shocks), and εt idiosyn-
cratic noise. We apply standard signal-processing tools (moving averages, Hodrick–Prescott
filtering, and STL decomposition) to extract trend and cyclicality. This is particularly useful
to separate the structural aging signal from transitory fluctuations induced by the pandemic
and subsequent macroeconomic shocks.

4.2. Permutation and Combined Permutation Tests

To formally assess differences across macro-areas and across pre- and post-shock
periods, we rely on non-parametric permutation tests and combined permutation tests
(CPTs) [49]. Permutation tests [50]provide exact or asymptotically exact inference under
minimal distributional assumptions, and are well-suited for relatively short time series and
unbalanced designs [51,52]. Let Ygj denote an observed outcome (e.g., regional deficit per
capita) for group g (macro-area) and unit j. We consider a generic linear model

Ygj = µ + αg + εgj, g = 1, . . . , G,

and test H0 : α1 = · · · = αG = 0 using a permutation ANOVA. Reasonable test statistics are
based on sums of squares or on regression coefficients; we follow the regression-based CPT
approach developed in recent works on non-parametric two-way ANOVA and combined
inference [53,54]. In particular, for each partial hypothesis (e.g., a given macro-area effect),
we compute a test statistic Tg and a corresponding permutation p-value λg. The overall
closed-testing problem is solved via Fisher’s combination function,

Tcomb = −2
G

∑
g=1

ln(λg),

whose null distribution is obtained by permuting the data in a way that is consistent with
the design. Multiple-testing correction is handled via the Bonferroni–Holm procedure,
which controls the family-wise error rate [55].

4.3. Time-Series Forecasting Models

To generate multi-step forecasts of pension benefits and contributions, we consider
two classes of models:

(a) Classical univariate and multivariate time-series models (ARIMA, seasonal ARIMA
and exponential smoothing);

(b) Recurrent neural networks with LSTM units.

Classical models provide a transparent baseline and are particularly useful when the series is
relatively short and well-behaved. We use automatic selection procedures based on informa-
tion criteria and diagnostic checks, following standard practice in the forecasting literature [56].
LSTM networks, on the other hand, are capable of capturing complex nonlinear dynamics
and long-range dependencies in the data. They consist of repeated cells containing input,
output and forget gates, which regulate the flow of information through the network. In our
application, we feed the LSTM with:

• The historical path of Bt and Ct;
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• Auxiliary macroeconomic variables (GDP and unemployment rate) and demographic
signals (population by age group) as exogenous regressors.

We adopt a many-to-one architecture for one-step-ahead forecasts and then extend it to
many-to-many for direct multi-step forecasting on a prediction horizon of H = 5 years.
Hyperparameters (number of layers, hidden units, learning rate, and regularization terms)
are selected via cross-validation.

4.4. Model Evaluation and Scenario Analysis

Forecast accuracy is evaluated using standard metrics such as Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE).
To account for the relatively small sample size, we combine rolling-origin evaluation with
the bootstrapping of residuals. The scenario analysis combines:

• LSTM forecasts for (Bt, Ct) under different paths of exogenous variables (employment
rate, wage growth, and GDP);

• Demographic scenarios for the working-age and retired populations;
• Simple policy rules affecting contribution rates and retirement age.

This allows us to construct alternative trajectories for the coverage ratio covt and the deficit
per capita dt over a medium-term horizon, and to interpret them as transformed output
signals of the pension system.

5. Empirical Results
This section presents the empirical results of the proposed signal-processing and

machine learning framework, focusing on both inferential analysis and forecasting within
a broader monitoring perspective. Specifically, we:

1. Assess the statistical significance of regional heterogeneity in pension indicators using
permutation-based inference;

2. Evaluate the predictive performance of the LSTM-based model relative to classical
time-series benchmarks, highlighting its ability to capture nonlinear dynamics and
structural breaks.

Overall, the framework is intended as a monitoring tool rather than a purely predictive
exercise, capable of capturing structural changes and nonlinear dynamics in pension
sustainability indicators.

5.1. Visualizing the National Signal

Figure 1 displays the time series of pension benefits and contributions for 2017–2022,
with values derived from ISTAT Table 5.5.

The benefits signal Bt shows a sustained increase over the period, with a marked jump
in 2020 due to pandemic-related measures, while contributions Ct dropped in 2020 and
recovered only partially afterwards. The gap Dt = Bt − Ct is thus structurally positive and
widens in crisis periods. Figure 2 jointly reports the coverage ratio and deficit per capita.

The joint plot reveals the asymmetric impact of the pandemic shock: the coverage ratio
falls abruptly in 2020, while the deficit per capita increases and remains around −2000 euros,
highlighting the persistent stress on the system. Rather than repeating descriptive evidence,
the results reported in this subsection motivate the subsequent inferential and forecasting
analysis. The observed persistence of pension benefits and the higher volatility of contribution
revenues, together with the presence of a structural break in 2020, suggest that purely linear
short-memory models may be insufficient to fully capture pension-finance dynamics during
crisis periods.
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Figure 1. Pension benefits and contributions, Italy 2017–2022 (billions of euro).

Figure 2. Coverage ratio and pension deficit per capita, Italy 2017–2022.

5.2. Regional Comparison and Permutation Tests

We now focus on regional heterogeneity. For each macro-area, we compute the average
deficit per capita in 2022 (Table 2) and test the null hypothesis of equal mean deficits across
macro-areas using a permutation ANOVA based on the regional observations underlying
the macro aggregates. Let drg denote the deficit per capita in region r belonging to macro-
area g. We specify the model

drg = µ + αg + εrg,

and test H0 : αNW = αNE = αC = αS = αI = 0. Using a regression-based CPT procedure
with B = 10000 random permutations of the regional labels, we obtain an overall p-value
below 0.001, indicating strong evidence against the equality of mean deficits. Post hoc
pairwise permutation tests, adjusted via the Bonferroni–Holm method, show that:

• The South and Islands differ significantly from the North-West and North-East;
• The Center occupies an intermediate position, significantly different from the South

but less clearly distinguishable from the North-East.

These results confirm the qualitative picture derived from Table 2 and provide a rigorous
non-parametric underpinning. Figure 3 visualizes the macro-area pattern.

Figure 3. Pension deficit per capita by macro-area, 2022.
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5.3. Baseline Time-Series Forecasting Models

As a benchmark, we estimate classical time-series forecasting models widely used in the
empirical literature. In particular, we consider ARIMA and exponential smoothing (ETS) specifi-
cations for pension benefits (Bt) and contributions (Ct), with model orders and smoothing pa-
rameters selected via information criteria and validated through standard residual diagnostics.

Forecast accuracy is evaluated using a rolling-origin out-of-sample procedure over
the last three years of the sample. Overall, baseline models provide reasonable short-term
forecasts, especially for pension benefits, which follow relatively smooth and persistent
trajectories. However, their performance deteriorates in periods characterized by abrupt
shocks and nonlinear adjustments, such as those observed during the COVID-19 crisis,
particularly for contribution revenues.

5.4. Scenario Analysis

We consider three illustrative scenarios:

• Baseline: Macroeconomic and demographic variables follow their central projections
(moderate GDP growth, stabilizing unemployment, and continuation of current de-
mographic trends). We confirm that the bold formatting is not necessary and can be
removed. The same applies to the other highlighted cases

• Favorable: Stronger growth and employment, with improved participation of younger
cohorts and women, leading to higher contribution revenues.

• Adverse: Low growth and stagnating employment, coupled with accelerated aging
(higher old-age dependency ratio).

For each scenario, we feed the corresponding covariate paths into the trained LSTM and
obtain trajectories for Bt and Ct, from which we compute the coverage and deficit per-capita.
The qualitative picture is as follows:

• In the baseline, the coverage ratio gradually moves towards 72–73% but does not return
to the pre-pandemic peak; the per-capita deficit remains around −1800 to −2000 euro;

• In the favorable scenario, the coverage ratio can exceed 75% after 2025, with a substan-
tial reduction in the deficit;

• In the adverse scenario, coverage falls below 68%, and the deficit per capita deteri-
orates further, especially in the South and Islands where demographic pressure is
stronger.

These projections are, of course, conditional on the adopted model and scenario assump-
tions, but they illustrate how machine learning can be embedded in a transparent policy-
analysis framework. To explicitly assess the sensitivity of scenario outcomes to the assumed
paths of exogenous variables, we perform a structured perturbation exercise around the
baseline scenario. Specifically, GDP growth and employment rates are varied by ±1 percent-
age point, while the old-age dependency ratio is varied by ±0.5 percentage points, ceteris
paribus, holding the remaining drivers constant. Variations in macroeconomic assumptions
primarily affect contribution revenues and, consequently, the coverage ratio, whereas demo-
graphic assumptions exert a more gradual but persistent influence on benefit expenditures.
Table 4 reports the resulting ranges for coverage ratios and per-capita pension deficits at
the end of the forecast horizon.
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Table 4. Sensitivity of scenario outcomes to alternative exogenous assumptions (2027).

Perturbation Coverage Ratio (%) Deficit per Capita (Euro) Main Transmission Channel

GDP growth (±1 pp) ±1 pp ±150–300 Contributions
Employment rate (±1 pp) ±1 pp ±120–250 Contributions
Old-age dependency ratio (±0.5 pp) ±0.5 pp ±200–400 Benefits
Joint adverse shock −4 to −6 pp +400–700 Benefits and contributions
Joint favorable shock +3 to +5 pp −300–600 Benefits and contributions

Figure 4 visually confirms that while alternative assumptions affect the magnitude of
projected coverage ratios, the qualitative ranking of scenarios remains robust.

Figure 4. Coverage ratio trajectories under alternative scenarios (2023–2027).

6. Discussion
The integration of signal-processing tools, permutation-based inference, and LSTM

forecasting provides a flexible and robust framework to study the sustainability of the Ital-
ian pension system using official data. Non-parametric methods ensure valid inference even
when classical assumptions (normality, homoscedasticity, and linearity) are violated, which
is common in macro-fiscal time series and cross-regional aggregates. Meanwhile, LSTM
networks capture nonlinear interactions among pension finances, macroeconomic condi-
tions, and demographic trends, producing forecasts tailored to specific policy scenarios.
The proposed framework is not intended to replace standard time-series econometric or
forecasting tools but to complement them in applied settings where interpretation, sta-
tistical validation, and forecasting must be addressed jointly. Off-the-shelf libraries often
focus solely on predictive performance and do not explicitly provide inferential insights or
interpretable signal decomposition. In contrast, our approach integrates these components
within a coherent empirical design tailored to sustainability monitoring.

A key advantage of this framework is its ability to decompose pension-finance vari-
ables into trend, cyclical, and shock-related components, enhancing interpretability in the
presence of demographic dynamics and crisis-driven disruptions. The non-parametric infer-
ence layer provides statistically robust evidence on regional heterogeneity under minimal
assumptions, which is particularly valuable given the short time span of available data.

Nevertheless, the framework has limitations. Forecasting accuracy depends on the
availability and quality of macroeconomic and demographic covariates, while the limited
length of annual time series constrains model complexity. Machine learning models also
require careful tuning and validation to mitigate overfitting, particularly in small samples.

From a policy perspective, our results confirm that:

(a) The Italian pension system remains structurally underfunded, with contributions
covering around 70% of expenditures and a sizeable per-capita deficit;

(b) Regional imbalances are persistent, with the South and Islands displaying the highest
deficits and lowest coverage;
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(c) Policies supporting employment, especially in Southern regions and among younger
cohorts, have a direct and measurable effect on the pension-finance signal.

Complementary pillars, such as occupational and individual pension schemes, can
help diversify retirement income, though their development in Italy is uneven across sec-
tors and regions. The methodology is conceptually generalizable and can be adapted to
other countries or social security systems, given similar data on contributions, benefits,
coverage, and macro-demographic indicators. Adaptations may include the recalibration of
covariates, adjustment of signal-processing parameters, and optimization of LSTM hyper-
parameters to local conditions. This flexibility allows the framework to study sustainability
and simulate policy scenarios in diverse institutional contexts.

Finally, the sensitivity analysis demonstrates that while scenario outcomes depend
quantitatively on exogenous assumptions, the qualitative ranking of scenarios remains
robust. This supports interpreting the exercise as a conditional stress-testing tool rather
than as a source of point forecasts, consistent with its role in sustainability monitoring and
policy-oriented analysis.

7. Conclusions
This paper proposed an integrated signal-processing and machine learning frame-

work for analyzing pension sustainability. Classical time-series models remain useful
benchmarks, but their limitations become evident under structural breaks and nonlinear
dynamics. The necessity of our approach lies not in marginal gains in forecast accuracy,
but in its ability to jointly support signal interpretation, statistical validation, and scenario-
based reasoning for policy applications. Specifically, the study:

• Modeled pension finances as a multidimensional signal, decomposed into trend, cycle,
and noise components;

• Applied permutation and combined permutation tests to assess regional differences
in per-capita pension deficits;

• Implemented an LSTM-based forecasting model to project benefits and contributions
under alternative macro-demographic scenarios;

• Quantified the potential effects of favorable and adverse scenarios on coverage ratios
and per-capita deficits.

The framework is fully reproducible and can be updated with new data. Future work could
incorporate more detailed information (e.g., by pension type), employ Explainable AI tools
to enhance interpretability, and extend the analysis to international comparisons within
the EU.
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