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Abstract

This study presents a methodology for evaluating the impact of the pandemic on mortality
rates in Italy. The primary objectives are to define criteria for identifying a ‘rise in mortality’,
establish a robust evaluation approach, and assess pandemic repercussions using the
proposed framework. To conduct a comparative analysis of mortality estimates, two
classical models were employed: the Lee–Carter and the Renshaw–Haberman models. The
analysis involved utilising actuarial tables and mortality models to quantify pandemic-
induced excess deaths by calculating the disparity between these estimates. The proposed
method aims to provide a comprehensive and clear understanding of the impact of the
pandemic on mortality in Italy.
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1. Introduction
The central research question of this study is straightforward: how did the COVID-19

pandemic alter total mortality in Italy, as captured by official actuarial data?
The World Health Organization (WHO) declared the COVID-19 outbreak a Public

Health Emergency of International Concern (PHEIC) on 30 January 2020. Although this
designation was lifted on 5 May 2023, the disease itself remains a global presence. Among
its most severe outcomes is increased mortality.

Mortality in a population is influenced by a wide array of factors. It is well docu-
mented that COVID-19-related deaths have disproportionately affected individuals with
pre-existing health conditions, particularly the elderly [1].

In addition to its direct health impacts, the pandemic also generated several indirect
effects, including the following:

• An increase in suicides during lockdown periods [2–4];
• Higher levels of drug use and related fatalities [5,6].

Before presenting the empirical findings, it is essential to clarify the definition of
mortality adopted in this study, which requires the following:

• Selecting a reliable and appropriate dataset;
• Adopting a suitable analytical framework;
• Ensuring the clarity and robustness of the results.
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Each study on the topic adopts different definitions and methodologies to measure
the pandemic’s impact on mortality [7]. Consequently, papers rely on distinct data sources
and modelling strategies tailored to their specific research objectives [8,9].

A widely used and informative approach to assessing mortality impact is the estima-
tion of excess deaths [10]. This involves comparing observed mortality during a given
period to expected mortality, typically derived from pre-pandemic trends.

One influential example is the study conducted by the COVID-19 Excess Mortality
Collaborators (CEMC) [11]. The authors used raw COVID-19 death counts from multiple
countries and applied six distinct models—including spline-based techniques and Poisson
processes—to estimate excess mortality. These estimates were then aggregated using a
weighted average, with weights inversely proportional to each model’s standard error.

In their analysis of Italy, the authors estimated 259,000 excess deaths in 2020 and 2021.
The study offers a broad global perspective on the pandemic’s mortality burden.

However, several limitations should be considered:

• The reliance on raw COVID-19 death data may overlook indirect mortality effects,
such as deaths resulting from overwhelmed healthcare systems.

• Averaging estimates across heterogeneous models can introduce bias and reduce the
overall reliability of the results.

Mortality is inherently complex, driven by multiple interacting causes with vary-
ing intensities. Accurately capturing its dynamics during the pandemic requires careful
methodological choices.

In this paper, we adopt a different perspective. Mortality is defined as the observed
death rates across the total population, disaggregated only by age. This approach avoids
complications associated with attributing deaths to specific causes.

To operationalise this definition, we employ official actuarial life tables, which provide
consistent and reliable annual mortality data for Italy. We then apply two widely recognised
models in actuarial science:

• The Lee–Carter model [12];
• the Renshaw–Haberman model [13], used as a robustness check.

These models are employed to generate counterfactual mortality patterns, i.e., esti-
mates of what mortality would have looked like in 2020 and 2021 in the absence of the
pandemic. By comparing actual and expected deaths, we can estimate excess mortality in a
more comprehensive and data-driven manner.

This approach encompasses all causes of death—both directly and indirectly re-
lated to COVID-19—and thus offers a more accurate picture of the pandemic’s overall
mortality impact.

The structure of the paper is as follows:

• Framework Section: introduces the dataset and modelling strategy;
• Results Section: compares observed and expected mortality through graphical and

tabular analysis;
• Discussion Section: interprets the results and considers their implications for under-

standing mortality dynamics.

2. Framework
The present study applies two well-established models from actuarial science: the

Lee–Carter and Renshaw–Haberman models. These models were selected because they
decompose mortality trends by age, time, and cohort, thereby offering interpretable demo-
graphic insights not attainable through spline- or Poisson-based methods.
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The data were provided by the National Statistics Institute (Istituto Nazionale di
Statistica—ISTAT). The dataset is publicly available at http://dati.istat.it/, (accessed on
20 November 2022).

All estimations were carried out using R Software (version 4.4.3). Both the dataset and
the R scripts used in this study are available in our OSF.io repository at https://osf.io/
9cqbm/, (accessed on 20 November 2022).

2.1. Data

We structured the dataset along two key dimensions: year and age. It includes
information on the resident Italian population, as of January 1st, for each year from 2011
to 2021.

Population data are disaggregated by single-year ages, ranging from 0 to 100+. The
“100+” category encompasses all individuals aged 100 years and above.

To complement this, we extracted death probabilities (qx) from actuarial life tables for
each year and each age, covering ages 0 to 119. This provides a detailed and continuous
representation of mortality patterns across the age spectrum over the decade.

For the sake of transparency and reproducibility, both the dataset and the R Soft-
ware scripts used in the analysis are available at https://osf.io/9cqbm/, (accessed on
20 November 2022).

2.2. Model

We began the modelling process by converting death probabilities (qx) into death rates
(mx) for each year. The transformation from qx to mx follows Greville’s formula, commonly
used in demography to approximate central death rates from one-year probabilities [14].
This conversion is carried out through Equation (1).

To apply the Lee–Carter and Renshaw–Haberman models, which require central death
rates mx,t, we transformed one-year death probabilities qx using the uniform distribution
approximation [14–16]:

qx =
2mx

2 + mx
⇒ mx =

2qx

2 − qx
(1)

This assumes a uniform distribution of deaths within the age interval. Under
the assumption of uniformly distributed deaths over the interval [x, x + 1], we approxi-
mate Lx ≈ lx − 1

2 dx = lx

(
1 − 1

2 qx

)
. By definition, the central death rate is mx = dx

Lx
=

qx lx
lx(1− 1

2 qx)
= qx

1− 1
2 qx

, which simplifies algebraically as follows:

mx =
qx

1 − 1
2 qx

=
2qx

2 − qx

The reverse transformation is:
qx =

2mx

2 + mx

This relation is a standard demographic approximation under the uniform distribution of
deaths (UDD) assumption.

Once the central death rates were obtained, they were incorporated into both the
Lee–Carter (LC) model, defined in Equation (2), and the Renshaw–Haberman (RH) model,
shown in Equation (3), along with the corresponding population data. Model selection
metrics such as AIC or BIC were not applied, as the goal was not predictive accuracy but de-
mographic consistency in the counterfactual baseline. The modelling framework follows the
LC2 extension, as described in [13], with central death rates mx,t as the dependent variable.

Importantly, this framework was applied separately for each model, thereby enabling
a comprehensive and comparative analysis of mortality dynamics.

http://dati.istat.it/
https://osf.io/9cqbm/
https://osf.io/9cqbm/
https://osf.io/9cqbm/
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LC Model: log(mx) = ax + bxκt + ϵx,t (2)

The Renshaw–Haberman model (commonly referred to as LC2) extends the Lee–Carter
model by incorporating a cohort effect, and is expressed as:

RH Model: log(mx,t) = ax + bxκt + cxγt−x + εx,t (3)

as originally proposed in [17].
These equations form the foundation of our analytical framework. They describe the

relationship among mortality rates, age-specific effects, and temporal trends, as captured
by the Lee–Carter and Renshaw–Haberman models.

Here, x denotes age, t represents the year, and m refers to the death rate. For complete
model specifications, the reader is referred to the original publications.

Using these models, we derive fitted death rates across both key dimensions: age and
calendar year.

Next, our analysis moves to forecasting. We apply two distinct approaches:

• We first simulate future death rates for the years 2020 and 2021 using data up to 2019.
• Then, we estimate the rates directly for 2020 and 2021.

These forecasts serve as counterfactuals, which we compare to the actual death rates
obtained from actuarial life tables. The results are presented in Figures 1 and 2, which
highlight the discrepancies between projected and observed values.

Figure 1. Lee-Carter mortality rates discrepancy to the observed ones in mortality tables. (The
subfigure on the left shows the 2020 gap based on the 2019 projection. The central subfigure shows
the 2021 gap based on the 2019 projection. The subfigure on the right shows the 2021 gap based on
the 2020 projection).

Figure 2. Renshaw–Haberman mortality rates discrepancy to the observed ones in mortality tables.
(The subfigure on the left shows the 2020 gap based on the 2019 projection. The central subfigure
shows the 2021 gap based on the 2019 projection. The subfigure on the right shows the 2021 gap
based on the 2020 projection).
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To quantify these differences, we compute the gap by subtracting the counterfactual
rates from the observed actuarial rates. This procedure allows us to visualise the impact of
the pandemic on mortality for the selected years.

Regarding the simulations, we generated 100,000 mortality surfaces under the no-
COVID-19 counterfactual using a Monte Carlo approach. Specifically, we projected the
latent time components of each model (e.g., κt, γt−x) forward beyond 2019, simulating their
trajectories according to the stochastic dynamics implied by the fitted model (typically,
random walk with drift). At each projection step, we added noise sampled from the
empirical distribution of residuals obtained during model calibration. This procedure
yields a probabilistic distribution of future age-specific death rates, from which we derive
expected death counts and confidence intervals under the counterfactual scenario.

We then estimate the expected number of deaths by applying the following equations:

m̂2020/2021,x · P2020/2021,x = D̂2020/2021,x (4)

m2020/2021,x · P2020/2021,x = D2020/2021,x (5)

In these equations:

• mx denotes the death rate;
• Px is the resident population in Italy as of January 1st (for 2020 and 2021);
• Dx represents the number of deaths.

All quantities are indexed by age x. Variables with a hat refer to model-based estimates,
while those without correspond to observed actuarial data.

After computing these expectations, we compare the number of deaths predicted
by the actuarial tables with those projected under the counterfactual scenarios. This
comparison is illustrated in Figures 3 and 4.

Figure 3. Lee–Carter expected death excess. (The subfigure on the left shows the 2020 gap based
on the 2019 projection. The central subfigure shows the 2021 gap based on the 2019 projection. The
subfigure on the right shows the 2021 gap based on the 2020 projection).

Figure 4. Renshaw–Haberman expected death excess. (The subfigure on the left shows the 2020 gap
based on the 2019 projection. The central subfigure shows the 2021 gap based on the 2019 projection.
The subfigure on the right shows the 2021 gap based on the 2020 projection).
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The difference is referred to as the “Excess of Deaths” and is calculated as:

EDt,x = D2020/2021,x − D̂2020/2021,x (6)

Finally, summing across all ages yields the total excess deaths:

EDtot
t =

100+

∑
x=0

EDx,t (7)

This comparison is reported in Table 1, which displays total excess deaths for each
year, along with the corresponding 95% confidence intervals in Table 2.

Table 1. Observed and model-predicted deaths by year.

Year Observed Deaths LC Forecast RH Forecast

2020 745,856 643,328 643,556
2021 712,527 637,963 639,137

Sum 2020–2021 1,458,383 1,281,291 1,282,693
2021 (from 2019 only) 712,527 795,983 795,451

Sum 2020–2021B 1,458,383 1,439,311 1,439,007

Table 2. Simulated excess deaths: mean and 95% confidence interval.

Model Min Mean Max

Lee–Carter 141,844 142,193 142,542
Renshaw–Haberman 139,578 139,994 140,410

As a final robustness check, we compare the 2021 model forecasts based on 2019 data
with those obtained using 2020 data. For each scenario, we ran 100,000 simulations to
estimate the difference in total deaths, and we report the associated 95% confidence interval
in Table 3.

Table 3. The 2021 excess mortality forecasted in 2020: difference vs. actual.

Model Min Mean Max

Lee–Carter −88,874 −88,336 −87,798
Renshaw–Haberman −88,379 −87,833 −87,287

For an in-depth interpretation of these results, the reader is referred to the
Results Section.

The time-varying index κt is modelled as a random walk with drift, following Lee
and Carter (1992). For the RH model, the cohort component λt also evolves stochasti-
cally. Identification is achieved through the standard constraints: ∑x βx = 1, ∑t κt = 0,
and ∑c γc = 0.

In this study, we do not aim to estimate the overall impact of COVID-19 per se. Rather,
we use the pandemic as an empirical stress test to evaluate how well-established mortality
models, such as Lee–Carter and Renshaw–Haberman, behave when subjected to a sudden
and extreme mortality shock. By estimating models both with and without pandemic data,
we quantify the divergence from expected mortality patterns and assess the structural
response of these models under real-world discontinuities.



Mathematics 2025, 13, 2368 7 of 12

3. Results
This section provides a concise overview of the figures and tables generated through

our analytical framework.
Figure 1 illustrates the discrepancy between death rates from actuarial tables (solid

line) and the counterfactual predictions obtained from the Lee–Carter (LC) model (dashed
line). The dotted line, plotted on the secondary y-axis, represents the magnitude of the gap
between the two.

The figure is divided into three panels:

• Left: 2020 gap based on the 2019 projection.
• Centre: 2021 gap based on the 2019 projection.
• Right: 2021 gap based on the 2020 projection.

A pronounced divergence emerges after age 45. In the right panel, the gap turns nega-
tive beyond this age, indicating that the 2019 model—unaware of the pandemic—predicted
a mortality pattern inconsistent with the observed reality. Once the 2020 data were incorpo-
rated, which include the initial pandemic shock, the model adjusted to a more pessimistic
trajectory. Nevertheless, actual outcomes in 2021 proved less severe than this updated
forecast suggested.

Figure 2 presents the same analysis using the Renshaw–Haberman (RH) model, which
accounts for cohort effects. The findings reinforce the observation that mortality in 2020
significantly exceeded expectations based on pre-pandemic trends.

We now turn to the expected number of deaths. Figures 3 and 4 display results for
both models, using the same panel structure as before.

Each figure compares:

• Solid line: observed deaths from actuarial tables;
• Dashed line: counterfactual estimates;
• Dotted line: the gap between observed and expected values.

Figure 3 (Lee–Carter) shows a gap pattern consistent with the differences in death rates.
After age 45, the number of expected deaths rises, in line with the excess mortality observed
in 2020. This pattern reflects the model’s transition from a pre-pandemic projection (based
on 2019 data) to a more pessimistic estimate incorporating 2020 data.

For 2021, the model’s expectations were more severe than those formed in 2019. How-
ever, actual mortality in 2021 was lower than forecasted, resulting in negative excess deaths.

A similar pattern appears in Figure 4, based on the Renshaw–Haberman model,
confirming the robustness of these findings. The consistency across both models highlights
the value of employing different methodological perspectives to assess the pandemic’s
age-specific and temporal impact on mortality.

Turning to total deaths, Table 1 summarises the key figures. The “Table” column
reports the total number of deaths in 2020–2021 based on actuarial data, while the “Model”
column presents estimates from our counterfactual simulations.

According to actuarial tables, total deaths amount to approximately 1.458 million,
whereas our 2019-based models project around 1.282 million. This gap suggests that
models that do not account for the pandemic considerably underestimate mortality during
those years.

The last two rows show the totals from forecasts made using data up to 2020: the 2020
estimate (based on 2019 data) and the 2021 estimate (based on 2020 data), which together
yield about 1.439 million deaths. Although this is still below the observed actuarial figure,
it is significantly closer than the estimate based solely on 2019 data. This highlights the
adaptive nature of mortality forecasting in the context of a prolonged health crisis.
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Table 2 reports the 95% confidence intervals for excess deaths derived from both
models. The difference between the two models is minimal—approximately 2000 deaths.

Quantification of Excess Mortality and Model Uncertainty

We quantify COVID-19 excess mortality through counterfactual simulations based
on stochastic forecasts of age-specific mortality rates mx,t, using the Lee–Carter and Ren-
shaw–Haberman models. The transformation mx,t → qx,t allows for conversion into total
expected deaths using age-specific population exposure. Total estimated excess deaths
for 2020–2021:

• Lee–Carter: approximately 142,000;
• Renshaw–Haberman: nearly 140,000.

These values represent the cumulative difference between observed and model-
expected deaths under a no-COVID-19 scenario, i.e., when models are trained on pre-2020
data only.

Table 1 presents observed deaths from actuarial records, and counterfactual estimates
from the two models. The row 2021 (from 2019 only) reports forecasts using models cali-
brated only on pre-pandemic data. To quantify uncertainty, we simulate 100,000 stochastic
realisations per model and compute the resulting distribution of total deaths. The 95%
confidence intervals are summarised in Table 2.

Table 2 summarises model uncertainty over 100,000 Monte Carlo simulations. These
estimates describe the expected impact of COVID-19 on total deaths. For 2021 forecasts
generated from models fitted up to 2020, the results show negative excess mortality, i.e.,
fewer deaths were observed than anticipated.

Table 3 shows that models forecasted higher 2021 mortality than was actually ob-
served. This suggests that mortality expectations worsened in 2020, but actual deaths in
2021 reverted closer to historical patterns. To assess model variability, we compute the
interquartile range (IQR) of simulated death totals, reported below.

Table 4 shows increasing uncertainty over time. The 2021B forecasts—trained up to
2019—exhibit the widest IQRs, highlighting the unpredictable nature of pandemic mortality
evolution. Having reviewed the numerical results, we next turn to their interpretation and
broader implications.

Table 4. Forecast uncertainty: IQR of total deaths by year.

Year LC IQR RH IQR

2020 291 345
2021 408 486

2021B (from 2019) 1076 1091

4. Discussion
Our choice of the Lee–Carter (LC) and Renshaw–Haberman (RH) models is rooted in

their ability to capture key explanatory dimensions—age, time, and cohort effects. Unlike
spline-based or Poisson-process models, which primarily emphasise time or event intensity,
the LC and RH frameworks incorporate structural components essential to mortality
modelling. Both models were applied to the complete observed dataset and to a truncated
version ending in 2019. The former reflects actual mortality trends, while the latter serves
to construct a counterfactual. The gap between the two reflects the impact of the COVID-19
pandemic on overall mortality levels.
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This modelling strategy not only addresses important methodological concerns but
also yields robust and interpretable results. A useful benchmark is the study conducted
by the COVID-19 Excess Mortality Collaborators (CEMC) [11], whose estimated excess
deaths are substantially higher than those produced by our approach. The excess mortality
estimates represent expected mortality under the assumption that pre-pandemic patterns
continued without interruption from COVID-19.

Whereas the CEMC estimate suggests approximately 259,000 excess deaths, our mod-
els indicate a considerably lower figure—around 140,000–142,000. This discrepancy raises
important methodological issues.

We are particularly concerned about the weighting scheme used in the CEMC model
ensemble, which is based on the inverse of standard errors. Such weighting may introduce
bias by disproportionately favouring models with artificially low variability, rather than
those with stronger structural justification.

We also question the use of spline-based interpolation, which may obscure key features
of the data through smoothing. Furthermore, combining outputs from six heterogeneous
models—some of which exhibit considerable volatility—can compromise the reliability of
the final estimate.

More generally, averaging model outcomes without regard for their internal structure
or assumptions risks masking important differences. A single model with a low stan-
dard error may dominate the average, not because it is the most accurate, but because it
contributes the least variance.

Moreover, mixing spline-based and Poisson process models introduces methodolog-
ical heterogeneity that is difficult to reconcile. The structural disparities between these
approaches may distort the resulting aggregate.

While the CEMC estimate reflects a broader ensemble of models, our more constrained,
demographically structured approach yields lower—but arguably more stable—figures:
140,000 for LC and 142,000 for RH. This divergence underscores the importance of method-
ological rigour and transparency in modelling a complex phenomenon such as pandemic-
related mortality. Accurate estimation of excess deaths is not only essential for historical
analysis but also critical for informing public health policy and resource allocation.

While the CEMC estimate offers a broader perspective based on multiple models, our
approach provides a lower-bound, demographically structured benchmark that avoids
aggregation biases.

An additional insight from our analysis is the distinct mortality impact observed
among individuals aged 45 and older. The observed excess mortality in this group aligns
with existing epidemiological evidence on increased vulnerability to COVID-19. This
finding reinforces the importance of incorporating age-specific structures when modelling
pandemic-related mortality shocks.

Further evidence of the pandemic’s impact emerges when comparing forecasts gen-
erated using data up to 2019 with those based on 2020 data. Since actuarial tables are
constructed annually and incorporate only available data up to that point, estimates based
on the 2020 table reflect the pandemic’s onset. This leads to a noticeable increase in projected
mortality, particularly for 2021.

By observing how model projections evolve with the introduction of new data, we are
able to track mortality dynamics over time. Initially, an increase in mortality is observed.
However, the 2021 actuarial table shows a return to pre-pandemic levels, resulting in
negative excess deaths relative to 2020-based forecasts. Capturing this dynamic is essential
for effective public health surveillance and communication.
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Nonetheless, even if mortality appears to revert, long-term trends will continue to be
shaped by demographic change, medical advances, and the emergence of future health
threats. Continued monitoring remains essential.

While our analysis focuses on COVID-19’s mortality impact in Italy, we acknowledge
that other factors may have influenced the deviation between observed and expected mor-
tality. Still, the patterns identified here provide specific insight into the role of the pandemic.
Future work could expand this analysis to incorporate additional explanatory variables.

Another potential confounding factor is the indirect effect of the pandemic on mortality
risks prior to 2019. For example, COVID-19 may have exacerbated pre-existing conditions
or led to broader health system disruptions, increasing susceptibility to death in subsequent
periods. Disentangling such effects remains a complex but important challenge.

Despite these complexities, COVID-19 remains the dominant driver of mortality
variation in recent years. To account for this, we distinguish the following:

• Direct effects: deaths directly caused by COVID-19;
• Indirect effects: changes in mortality risk resulting from the pandemic’s interaction

with other health or social processes.

Our methodology was designed to capture both types of effects. Rather than relying
on potentially incomplete or misclassified cause-of-death data, we compare aggregate
mortality tables published by ISTAT before and after the outbreak. This approach allows
for an unbiased estimate of how the pandemic affected overall mortality levels.

By contrasting observed mortality with counterfactuals, we are able to detect persistent
deviations that inform both actuarial modelling and policy decisions. This also facilitates a
longer-term assessment of the pandemic’s demographic consequences.

Although some may prefer using official COVID-19 death counts—such as those
provided by Protezione Civile —this approach has limitations. Cause-of-death attribution
is not always reliable, particularly when COVID-19 coexists with other chronic conditions.
In contexts of high disease prevalence, such misclassification is likely.

The information from COVID-19-attributed deaths is a strict subset of the information
contained in total mortality data. Therefore, relying solely on official COVID-19 counts
may significantly underestimate the pandemic’s overall impact.

Our approach is grounded in the need to assess the full mortality burden associated
with COVID-19. Excess deaths, calculated from actuarial data, provide a comprehensive
measure that captures both direct and indirect effects. The estimates reported earlier thus
represent a conservative lower bound of the pandemic’s demographic footprint.

It is also worth noting that in many cases, COVID-19 may have accelerated death rather
than being the sole cause. Mortality tables, by contrast, capture all deaths—regardless
of attribution—making them a more stable and comprehensive data source for demo-
graphic analysis.

We frame our analysis within a probability space Ω = {ω ∈ Ω : P(ω) ∈ [0, 1]}, where
Ω includes all death-causing events, and σ(D) denotes the sigma-algebra generated by
them. Within this framework, COVID-19 is represented as an event C ∈ σ(D), where σ(D)

is the sigma-algebra of all measurable death-related events.
This probabilistic formulation positions COVID-19 within the broader landscape of

mortality risks and supports a robust interpretation of our empirical findings.
Every individual in the reference population—here, the Italian population—is repre-

sented within the actuarial tables, which account for the full spectrum of mortality causes.
Therefore, when estimating total mortality, it is crucial to consider the complete set of
death-related events.
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In comparing our estimates to those of the CEMC study published in The Lancet, it
becomes evident that their figures may exceed plausible mortality bounds based on the
totality of death-causing events. In contrast, our estimates can be reasonably interpreted as
a high-confidence upper boundary of observed mortality over the period.

Finally, it is important to stress that the LC model generates mortality probabilities
that represent an upper bound in terms of estimation. Therefore, the excess deaths we
report may also be interpreted as a **minimum bound**, suggesting that actual excess
mortality could plausibly be higher.

To explicitly account for this uncertainty, we conducted 100,000 simulations of mortal-
ity rate forecasts for 2020 and 2021 using 2019 data as a baseline. This approach ensures
that stochastic variability and uncertainty are formally integrated into our analysis.

Our findings indicate that the impact of COVID-19 was most pronounced among
individuals aged 45 to 90, as evidenced by substantial gaps in death rates and expected
deaths within this age range. When cohort effects are incorporated through the Ren-
shaw–Haberman model, the pandemic’s influence extends to individuals as young as 25.

Across both models, mortality rates and excess death estimates suggest a trend-
reverting dynamic, particularly for those aged 45 to 90. In contrast, the effect on younger
cohorts is markedly weaker.

Irrespective of the model employed, COVID-19 displays notable year-to-year vari-
ability, deviating from prior mortality expectations. This variability reflects not only the
biological and demographic dimensions of the pandemic, but also the impact of public
health interventions and medical innovations—such as lockdowns, vaccination campaigns,
and advances in clinical treatment—which have significantly reduced the probability of
infection and fatal outcomes.

Our findings contribute a transparent, lower-bound estimate of excess mortality
using well-established actuarial models. This conservative benchmark complements other
approaches and strengthens evidence-based public health evaluation.

Beyond the technical considerations addressed throughout this study, it is now clear
that COVID-19 has had a substantial and disruptive effect on mortality. However, emerging
trends suggest that the initial shock is gradually being absorbed, with mortality trajectories
beginning to revert toward pre-pandemic patterns.

To draw definitive and meaningful conclusions about the long-term consequences of
the pandemic on mortality, it is essential to adopt a perspective grounded in both time and
empirical evidence. Only through sustained observation of mortality trends over multiple
years—coupled with methodologically rigorous analysis—can we fully grasp the scope
and persistence of this unprecedented event.

In this context, time is not merely a parameter—it is the lens through which the full
impact of the pandemic will ultimately be revealed. Patience, data transparency, and
analytical rigour will remain critical in interpreting and navigating the lasting effects of
COVID-19 on human longevity.
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