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 a b s t r a c t

This paper develops a granular regime-switching framework to model mortality deviations from seasonal base-
line trends driven by temperature and epidemic shocks. The framework features three states: (1) a baseline state 
that captures observed seasonal mortality patterns, (2) a summer shock state that captures heat waves and other 
high mortality events, and (3) a winter shock state that addresses mortality deviations caused by cold spells and 
strong outbreaks of respiratory diseases due to influenza and COVID-19. Transition probabilities between states 
are modeled using covariate-dependent multinomial logit functions. These functions incorporate, among oth-
ers, lagged temperature and influenza incidence rates as predictors, allowing dynamic adjustments to evolving 
shocks. Calibrated on weekly mortality data across 21 French regions and six age groups, the regime-switching 
framework accounts for spatial and demographic heterogeneity. Under various projection scenarios for tempera-
ture and influenza, we quantify uncertainty in mortality forecasts through prediction intervals constructed using 
an extensive bootstrap approach. These projections can guide insurance companies, healthcare providers, and 
hospitals in managing risks and planning resources for potential future shocks.

1.  Introduction

Mortality rates typically exhibit seasonal variation throughout the 
year, where the highest rates occur during winter (Marti-Soler et al., 
2014; Gemmell et al., 2000; Mackenbach et al., 1992). External events, 
including increased respiratory infections, such as influenza outbreaks, 
and extreme weather conditions, such as heat waves, have historically 
led to substantial deviations from these expected seasonal trends, lead-
ing to what is known as excess mortality (Iuliano et al., 2018; Nielsen 
et al., 2011; Basu and Samet, 2002). A more granular understanding of 
these short-term mortality dynamics is important from an actuarial per-
spective as it supports the accurate pricing and underwriting of life con-
tingent products and the assessment of short-term mortality risk. More-
over, since mortality is an important public health indicator, accurately 
estimating and forecasting mortality rates in the short term is essential 
for effective health care and public health actions (Hajat et al., 2010; 
Kok et al., 2010). In this paper, we analyze and aim to better under-
stand the impact of factors such as increased temperatures or height-
ened respiratory infections on weekly, regional mortality rates using a 
novel regime-switching framework.

∗ Corresponding author.
 E-mail address: j.robben@uva.nl (J. Robben).

The proposed framework consists of two key components. The first 
component captures seasonal, age-specific mortality trends within each 
region, which we call the baseline model. The second component is a 
three-state regime-switching model, where mortality rates in the first 
regime follow the seasonal baseline trend. The second and third regimes 
amplify the baseline based on the current and past week’s temperature 
and respiratory characteristics. This framework is particularly useful, 
as it enables the generation of future mortality scenarios under differ-
ent weather and respiratory conditions. In addition, we provide guid-
ance on the uncertainty surrounding these scenario projections. Such 
insights help to anticipate and respond to potential mortality spikes 
due to extreme weather events or respiratory outbreaks. Importantly, 
this paper focuses on short-term mortality projections. Long-term pro-
jections, which would require accounting for future improvements in 
heat resilience and public health interventions, are beyond the scope of 
this study.

Related work has been done in the EuroMOMO and FluMOMO 
projects, established to operate a coordinated and timely monitoring 
of mortality rates within 28 participating European countries. Similarly 
to our setting, they use the Serfling model as a baseline, incorporating 
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seasonality through Fourier terms (Serfling, 1963). Vestergaard et al. 
(2020) and Nørgaard et al. (2021) use the EuroMOMO framework to es-
timate excess mortality during the first and second waves of the COVID-
19 pandemic. Nielsen et al. (2018) use the FluMoMo model to calculate 
influenza-attributable mortality during the winter seasons 2010/2011 
- 2016/2017 in Denmark, whereas Nielsen et al. (2019) use it to ana-
lyze influenza-attributable mortality in Europe during the winter season 
2017/2018.

The epidemiological and medical literature has extensively inves-
tigated the associations between temperature, epidemic variables, and 
mortality. Gasparrini et al. (2015) conduct a systematic assessment of 
the impact of temperature on mortality across multiple countries world-
wide. Their findings reveal that, on average, 7.71% of the total daily 
death counts could be attributed to cold and heat. Song et al. (2017) 
provide an overview of systematic reviews to summarize evidence re-
garding the impact of ambient temperature on morbidity and mortal-
ity. Iuliano et al. (2018) estimate global influenza-associated respira-
tory deaths for 1999-2015. Their results reveal a higher annual mortal-
ity burden than previously reported and find significant variation across 
regions and age groups. Wang et al. (2022) conduct a systematic analysis 
to estimate COVID-19 excess mortality.

In the actuarial literature, the inclusion of temperature and epidemi-
ological variables in mortality models has only recently received in-
creasing attention. Regarding temperature, Seklecka et al. (2017) in-
troduce a new temperature-related mortality (TRM) model that incor-
porates temperature as an exogenous factor into a stochastic mortal-
ity model. Their model results in improved annual mortality forecasts 
that are used for the pricing of life insurance products. In a subsequent 
study, Seklecka et al. (2019) investigate how the parameters of the TRM 
model influence its performance when projecting mortality rates. In ad-
dition, Li and Tang (2022) investigate the joint extremes of monthly 
temperature and mortality using bivariate extreme value theory, and 
find a strong dependence between extremes of cold weather and old-age 
death counts. Furthermore, Guibert et al. (2025) integrate temperature 
effects into a multi-population mortality model for projecting mortal-
ity rates, while Milhaud and Gouthon (2024) extend longevity models 
to incorporate the impacts of heat waves on mortality and predict fu-
ture excess mortality under various climate change scenarios. Lastly, 
Bégin et al. (2025) propose a seasonal overlay for age-period-cohort 
mortality models, Barigou et al. (2025) incorporate climate informa-
tion from the Actuaries Climate Index (ACI) into mortality models to 
enhance out-of-sample prediction accuracy, and Min et al. (2025) and 
Robben and Barigou (2025) use a combination of a seasonally adjusted 
stochastic mortality model and a distributed lag non-linear model to 
capture the delayed and non-linear effects of extreme temperature on 
mortality. In the context of epidemiological variables, Feng and Gar-
rido (2011) combined epidemiological and actuarial frameworks to de-
sign insurance policies for infectious diseases, using case studies from 
historical epidemics such as the Great Plague and SARS. Additionally, 
Schnürch et al. (2022), Robben et al. (2022), Zhou and Li (2022), Goes 
et al. (2023), Robben and Antonio (2024), and van Berkum et al. (2025) 
propose various approaches to account for the impact of COVID-19 on 
stochastic mortality projection models.

Our paper contributes to the actuarial literature in three ways. First, 
we gather daily gridded temperature data from the Copernicus Climate 
Data Store and outline how to convert these data into weekly, region-
specific population-weighted temperature levels. Furthermore, we use 
epidemic data from the French Sentinelles network and hospital admis-
sion records from Santé Publique France to capture influenza outbreaks 
and COVID-19 excess mortality. Second, we introduce a novel mortality 
modeling framework that integrates a granular age- and region-specific 
baseline with a regime-switching model that captures mortality shocks 
driven by environmental and epidemic factors. Using covariate-driven 
transition probabilities and spatial dependencies, this framework of-
fers a comprehensive and interpretable approach to understanding how 
these shocks impact mortality patterns across various regions and age 

groups. Although previous studies have focused primarily on the effects 
of temperature or epidemic shocks on mortality, this paper is among 
the first to integrate both factors within a unified mortality modeling 
framework. Third, we quantify uncertainty in the model’s estimates 
and forecasts and construct prediction intervals for death counts un-
der various weather and respiratory scenarios. In doing so, we account 
for multiple sources of uncertainty, i.e., parameter, spatial, state, and 
Poisson uncertainty, using an extensive bootstrap approach. This en-
ables us to isolate and compare the contributions of each component 
to overall uncertainty. We find that Poisson noise is the largest source 
of uncertainty when predicting actual death counts, but uncertainty 
about shock states also plays a substantial role, particularly for older
ages.

The paper is organized as follows: Section 2 discusses the notation 
and the sources of mortality, environmental, and epidemic data consid-
ered. Section 3 specifies the model, consisting of the baseline model in 
Section 3.1 and the regime-switching model in Section 3.2. We outline 
the calibration procedure in Section 4, and the uncertainty quantifica-
tion in- and out-of-sample predictions in Section 5. We outline the re-
sults of the practical application to 21 French regions and six older age 
groups in Section 6. Section 7 concludes.

2.  Notations and data

Notations. Let 𝑑(𝑟)𝑥,𝑡 denote the number of deaths in region 𝑟 for age group 
𝑥 in week 𝑡, where 𝑡 represents the number of ISO weeks elapsed since a 
selected start date. We adhere to the ISO 8601 standard, where each ISO 
week is 7 days long, and ISO week 1 starts on the Monday of the week 
that contains the first Thursday of the year. We define the set of regions 
as , the set of age groups as  , and the range of weeks under consider-
ation as  = {1, 2,… , 𝑇 }. Although the methodologies presented in this 
paper apply to both men and women, our analysis uses combined data 
for both sexes. Furthermore, let 𝐸(𝑟)

𝑥,𝑡 be the exposure-to-risk in region 
𝑟 ∈  at age group 𝑥 in week 𝑡. The observed weekly death rate 𝑚(𝑟)

𝑥,𝑡
then equals 𝑑(𝑟)𝑥,𝑡∕𝐸(𝑟)

𝑥,𝑡.

Mortality data. We retrieve weekly death counts in Metropolitan France 
from the first ISO week of 2013 to the 26th ISO week of 2024 (𝑇 = 600) 
from Eurostat. Deaths are categorized by sex, 5-year age groups, and 
NUTS 2 regions (Eurostat, 2024a). NUTS (Nomenclature of Territo-
rial Units for Statistics) classifies European administrative areas into 
hierarchical levels (NUTS 1, 2, 3) for statistical purposes. The NUTS 
2 regions in Metropolitan France correspond to the 22 former re-
gions. We exclude Corsica due to the unavailability of weekly death 
counts. Fig. 1 (left panel) displays the considered French NUTS 2 re-
gions for which Table A.1 in Suppl. Mat. A lists the corresponding
names.

This paper focuses on the elderly population, given their increased 
vulnerability to environmental factors and diseases such as influenza. 
Hereto, we consider 5-year age groups starting from the age of 65, 
i.e.,  = {65–69, 70–74, 75–79, 80–84, 85–89, 90+}. Fig. 1 (right panel) 
presents the weekly death counts from 2013 to 2024 for individu-
als aged 90 and older in Ile-de-France (FR10), Provence-Alpes-Côte 
d’Azur (FRL0), and Bretagne (FRH0). The data reveal a pronounced 
seasonal variation, where death counts increase during winter and de-
crease during summer. We also observe a clear COVID-19 peak in 
Ile-de-France, where the death counts exceeded the usual level by 
more than three times. Furthermore, excess mortality during the win-
ters of 2014/15 and 2016/17 can be largely attributed to severe in-
fluenza outbreaks, occasionally intensified by concurrent cold spells, 
such as the European cold wave of January 2017 (Mølbak et al., 2015; 
Vestergaard et al., 2017). Figures A.1 and A.2 in Suppl. Mat. A pro-
vide a more detailed overview of the structure of the death count 
data. In order to calculate weekly mortality rates, it is necessary to 
construct a weekly exposure measure. Suppl. Mat. A also details this
construction.
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Fig. 1. Left panel: The French NUTS 2 regions. Right panel: Weekly death counts for the 90+ age group in Ile-de-France (FR10), Provence-Alpes-Côte d’Azur (FRL0), 
and Bretagne (FRH0) from 2013-2024.

Fig. 2. Left panel: The average temperature in a spatial grid covering Metropolitan France on August 2, 2022. Right panel: Population count (log-scale) in 2020 on 
a spatial grid covering Metropolitan France. We show the boundaries of the NUTS 2 regions in white.

Temperature data. We use E-OBS gridded meteorological data from the 
Copernicus Climate Data Store (CDS) to extract daily average tem-
perature levels in Metropolitan France at a 0.10◦ resolution (Coper-
nicus Climate Change Service, Climate Data Store, 2020). To align 
with the NUTS 2-level mortality data, we aggregate daily tempera-
tures into population-weighted averages within each NUTS 2 region us-
ing NASA’s gridded population data (CIESIN, 2018), see Robben et al. 
(2024) for further details. This ensures that the temperature averages 
reflect areas where more people reside. Fig. 2 illustrates a snapshot of 
the temperature and population data on a randomly selected date and
year.

For each day, we define region-specific high (95%) and low (5%) 
temperature thresholds based on the considered period 2013-2024. We 
then average daily exceedances above or below these thresholds over 
each week to create an Excess Heat Index (EHI) and an Excess Cold 
Index (ECI), see Armstrong (2006):

EHI(𝑟)𝑡 = 1
7

7
∑

𝑑=1

(

Tavg(𝑟)𝑡,𝑑 − 𝑞(𝑟)0.95,𝑡,𝑑

)

+

ECI(𝑟)𝑡 = 1
7

7
∑

𝑑=1

(

𝑞(𝑟)0.05,𝑡,𝑑 − Tavg(𝑟)𝑡,𝑑
)

+
, (2.1)

for each week 𝑡 ∈  , and 𝑟 ∈ . Here, Tavg(𝑟)𝑡,𝑑 refers to the daily average 
temperature at day 𝑑 of week 𝑡 in region 𝑟, and 𝑞(𝑟)0.95,𝑡,𝑑 and 𝑞

(𝑟)
0.05,𝑡,𝑑 de-

note the 95% and 5% temperature thresholds of daily temperatures in 
the considered period 2013–2024. Fig. 3 shows the EHI and ECI at two 
randomly selected weeks.

Influenza data. We consult the French Sentinelles network, established 
in 1984 by Inserm and Sorbonne University, to collect near real-
time epidemic data from ≈ 1 300 general practitioners across France 
(Valleron et al., 1986). For this study, we extract weekly influenza 
incidence rates per 100 inhabitants at the NUTS 2 level. These inci-
dences are based on patient visits with fever, myalgia, and respiratory 
symptoms. Fig. 4 (left panel) shows influenza trends in Île-de-France 
(FR10), Provence-Alpes-Côte d’Azur (FRL0), and Bretagne (FRH0) from 
2013 to 2024. The figure highlights peaks such as in the 2014/2015 
winter season and a very low influenza activity in 2020/2021 due 
to the imposed COVID-19 lockdown measures. Since we aim to ex-
plain mortality deviations from a seasonal baseline, we work with 
so-called influenza anomalies. These anomalies indicate whether in-
fluenza activity in a given week was higher or lower than its seasonal
average.
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Fig. 3. Left panel: The excess heat index (EHI) at the ISO week starting August 1, 2022. Right panel: The excess cold index (ECI) at the ISO week starting January 
14, 2013. We highlight the boundaries of the French NUTS 2 regions in grey.

Fig. 4. We show the weekly influenza-like incidences per 100 inhabitants (2013–2024, left panel) and the COVID-19 hospitalizations per 1 000 inhabitants 
(2020–2023, right panel) in Ile-de-France (FR10), Provence-Alpes-Côte d’Azur (FRL0), and Bretagne (FRH0).

Table 1 
Variables derived from the temperature, influenza, and COVID-19 hospitalization data.
 Feature  Description
 ECI  Excess Cold Index: weekly average of daily exceedances below a low temperature threshold (5% percentile).
 EHI  Excess Heat Index: weekly average of daily exceedances above a high temperature threshold (95% percentile).
 IA  Influenza activity index: influenza anomalies, deviations from expected seasonal influenza incidences (per 100 inhabitants).
 HA  Hospital admission: weekly count of new hospitalizations for COVID-19 (per 1 000 inhabitants).

COVID-19 hospitalizations. We use daily data on COVID-19 hospitaliza-
tions per 1 000 inhabitants in French NUTS 2 regions, sourced from 
Santé Publique France, to capture the impact of COVID-19 on mortal-
ity. We aggregate this data, available from March 19, 2020, to March 
31, 2023, weekly. Post-March 2023 hospitalization rates are set to zero. 
Fig. 4 shows weekly COVID-19 hospitalizations in Île-de-France (FR10), 
Provence-Alpes-Côte d’Azur (FRL0), and Bretagne (FRH0), and high-
lights clear regional variations in the timing and intensity of COVID-19 
waves.

Feature overview. Table 1 summarizes the variables constructed from 
the environmental, influenza, and COVID-19 hospital admission data, 
as discussed in this section.

3.  Modeling mortality with regime-switching dynamics

Fig. 5 illustrates the proposed model. On the left, the red line visual-
izes the estimation of a robust seasonal baseline mortality trend, tailored 
to each age category and region considered within France. However, the 

observed death counts (in gray) deviate from this baseline due to var-
ious potential factors. Hereto, we introduce a regime-switching model, 
illustrated on the right, which alternates between three states:
1. State 0 (baseline state): applies when the baseline accurately reflects 
the true underlying death counts.

2. State 1 (summer shock state): captures deviations caused by elevated 
summer temperatures, e.g., heat waves.

3. State 2 (winter shock state): addresses deviations driven by a cold 
spell or an increase in respiratory infections, including influenza and 
COVID-19.

The arrows in Fig. 5 represent state transitions and their correspond-
ing probabilities. As described in Section 2, transition probabilities de-
pend on environmental and respiratory-related covariates. Incorporat-
ing such covariates into the transition probabilities helps to determine 
the current state. For example, if very high temperatures are observed 
at the time point 𝑡, the model will facilitate a transition to state 1. As 
such, regime states are not entirely hidden but influenced by observable 
conditions.
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Fig. 5. Schematic representation of the regime-switching mortality model for the French NUTS 2 region Pays de la Loire (FRG0) and age group 90+. The red 
line shows the seasonal baseline trend for each age group and region, alongside observed death counts (grey). The right panel depicts the regime-switching model, 
transitioning between three states: baseline mortality (state 0), excess mortality from heat waves (state 1), and excess mortality due to cold spells and respiratory 
infections (state 2). Arrows indicate state transitions, with probabilities driven by temperature and epidemic covariates. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)

In addition, the model assumes that the system can only be in one 
of the three states at any time, and direct transitions between the sum-
mer shock state (state 1) and the winter shock state (state 2) are not 
allowed. To support this latter assumption, we examined the empiri-
cal dependence between the drivers of these regimes. We find that the 
Pearson correlation between the excess heat and excess cold indices is 
very small (≈ –0.06), with similar values for the correlation between the
excess heat index and the influenza activity index (≈ 0.01) and between 
the excess heat index and the hospital admission index (≈ −0.03). These 
findings indicate that heat-related and winter-related mortality drivers 
are largely non-overlapping and represent distinct phenomena.

3.1.  Weekly baseline mortality model

We design a regional and age-group-specific baseline to capture the 
overall seasonal mortality patterns by following the approach in Serfling 
(1963). Hereto, we incorporate seasonality using Fourier terms and as-
sume that the observed weekly death counts in region 𝑟 and at age group 
𝑥 are realizations from a Poisson-distributed random variable, 𝐷(𝑟)

𝑥,𝑡: 

𝐷(𝑟)
𝑥,𝑡 ∼ Poisson

(

𝐸(𝑟)
𝑥,𝑡 𝜇

(𝑟)
𝑥,𝑡

)

, (3.1)

where the structure of 𝜇(𝑟)
𝑥,𝑡 is given by Serfling (1963):

log𝜇(𝑟)
𝑥,𝑡 =𝛾

(𝑟)
𝑥,0 + 𝛾 (𝑟)𝑥,1𝑡 + 𝛾 (𝑟)𝑥,2 sin

(

2𝜋𝑤(𝑡)
52.18

)

+ 𝛾 (𝑟)𝑥,3 cos
(

2𝜋𝑤(𝑡)
52.18

)

+ 𝛾 (𝑟)𝑥,4 sin
(

2𝜋𝑤(𝑡)
26.09

)

+ 𝛾 (𝑟)𝑥,5 cos
(

2𝜋𝑤(𝑡)
26.09

)

, (3.2)

with 𝑤(𝑡) the ISO-week number in the year 𝑦(𝑡) of week 𝑡, and 52.18
represents the average number of weeks in a year. This baseline struc-
ture is tailored to each region, age, and week. The parameters 𝛾 (𝑟)𝑥,𝑝
(𝑝 = 0, 1,… , 5) are region- and age-group-specific and account for the 
level, trend, and seasonal age-specific variations. We outline the esti-
mation process of this baseline in Section 4.1 and denote the estimated 
expected weekly baseline death counts as: 

𝑏̂(𝑟)𝑥,𝑡 ∶= 𝐸̂
[

𝐷(𝑟)
𝑥,𝑡

]

= 𝐸(𝑟)
𝑥,𝑡 𝜇̂

(𝑟)
𝑥,𝑡, (3.3)

where 𝜇̂(𝑟)
𝑥,𝑡 represents the fitted baseline structure in (3.2).

3.2.  Regime-switching mortality framework

Consider the estimated baseline deaths, ̂𝑏(𝑟)𝑥,𝑡, as fixed. We assume that 
the distribution of 𝐷(𝑟)

𝑥,𝑡 depends on the state of an underlying Markov 
chain 𝑆(𝑟)

𝑡 , which varies by region and time. At each time point 𝑡, 𝑆(𝑟)
𝑡

can be in a baseline (state 0), summer shock (state 1), or winter shock 
(state 2) state. For each state 𝑖, 𝐷(𝑟)

𝑥,𝑡 follows a Poisson distribution: 

𝐷(𝑟)
𝑥,𝑡 ∣ 𝑆

(𝑟)
𝑡 = 𝑖 ∼ POI

(

𝑏̂(𝑟)𝑥,𝑡 ⋅ exp
[

(

𝒛(𝑟)𝑡
)⊤

𝜶𝑖,𝑥

])

, (3.4)

where 𝜶𝑖,𝑥 captures the effects of the covariate vector 𝒛(𝑟)𝑡  (e.g., temper-
ature, influenza, COVID-19) on deviations from baseline mortality for 
the age group 𝑥 in regime state 𝑖. This age dependency allows the model 
to account for how covariates, such as extreme temperatures, influence 
excess mortality differently across the age groups considered.

Each regime state corresponds to a distinct mortality pattern. For 
𝑆(𝑟)
𝑡 = 0, the baseline state, we assume that mortality rates follow the 
seasonal baseline trend 𝑏̂(𝑟)𝑥,𝑡, where no additional covariate effects influ-
ence mortality. We set 𝜶0,𝑥 = 0. For 𝑆(𝑟)

𝑡 = 1, the summer shock state, 
only the excess heat covariate in 𝒛(𝑟)𝑡  plays a role, and we restrict 𝜶1,𝑥 to 
have non-zero values only for this variable. Lastly, for 𝑆(𝑟)

𝑡 = 2, the win-
ter shock state, we assume only the excess cold index and the epidemic 
covariates affect mortality, with non-zero values in 𝜶2,𝑥.

To avoid overcomplicating the model, we assume that the Markov 
chain 𝑆(𝑟)

𝑡  is independent of the age group 𝑥. As a result, state transitions 
affect all ages simultaneously, but through age-dependent parameters 
in (3.4) we can still account for age-specific differences in the impact 
on mortality. The state transition probabilities are described by a time-
varying, region-specific transition matrix 𝑷 (𝑟)

𝑡 :

𝑷 (𝑟)
𝑡 =

⎛

⎜

⎜

⎜

⎜

⎜

⎜

⎝

1 − 𝑝01𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

𝑝01𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

𝑝02𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

− 𝑝02𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

1 − 𝑝11𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

𝑝11𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

0

1 − 𝑝22𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

0 𝑝22𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑈𝑟

)

⎞

⎟

⎟

⎟

⎟

⎟

⎟

⎠

,

with 𝜷 the parameter vector, and 𝑈𝑟 a spatial effect to capture regional 
disparities. This spatial effect ensures that neighboring regions are more 
likely to have similar transition probabilities. In this paper, we apply an 
Intrinsic Conditional Auto-Regressive (ICAR) model to the spatial effect 
vector (Besag and Kooperberg, 1995): 
𝑼 = (𝑈1, 𝑈2,… , 𝑈𝑅) ∼ 

(

𝟎, [𝜏 ⋅ (𝑫 −𝑾 )]−1
)

, (3.5)

where 𝑅 ∶= || is the region count, 𝑫 a diagonal matrix with entries 
equal to the number of neighbors for each region, and 𝑾  the adjacency 
matrix. The entry 𝑊𝑟𝑟′  equals 1 if the regions 𝑟 and 𝑟′ are neighbors and 0
otherwise. The diagonal entries of 𝑾  are zero. The precision parameter 
𝜏 controls the level of spatial autocorrelation among the regions.

We model the probability of transitioning from state 𝑖 to state 𝑗 using 
a multinomial logit specification. We therefore define 𝑖 as the set of 
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possible states, excluding the baseline state, to which the system can 
transition starting from state 𝑖. Specifically, 0 = {1, 2}, 1 = {1}, and 
2 = {2}. For 𝑖𝑗 ∉ {12, 21}, the probability of transitioning from 𝑖 to 𝑗 is:

𝑝𝑖𝑗𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑢𝑟
)

=

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

exp
(

(

𝒛(𝑟)𝑡
)⊤

𝜷 𝑖𝑗 + 𝑈𝑟

)

1 +
∑

𝑗′∈𝑖

exp
(

(

𝒛(𝑟)𝑡
)⊤

𝜷𝑖𝑗′ + 𝑈𝑟

) 𝑗 ≠ 0

1

1 +
∑

𝑗′∈𝑖

exp
(

(

𝒛(𝑟)𝑡
)⊤

𝜷𝑖𝑗′ + 𝑈𝑟

) 𝑗 = 0,

(3.6)

with 𝜷 = (𝜷𝑖𝑗 )𝑖𝑗 . For transitions toward (or persistence in) the summer 
shock state, only the excess heat index is included. For transitions to-
ward (or persistence in) the winter shock state, only the excess cold 
index, the epidemic and COVID-19 hospitalization variables are consid-
ered. Other coefficients are set to zero.

4.  Model calibration

4.1.  Weekly baseline mortality model

We fit the weekly baseline mortality model in Section 3.1 using a 
Poisson generalized linear model (GLM) to capture region- and age-
group-specific seasonal patterns in the death counts. To ensure smooth 
parameter estimates across neighboring regions, see (3.2), we add a 
penalty term to the objective function (Robben et al., 2024; Li et al., 
2024): 

𝜸∗ = argmin
𝜸

(

−𝓁𝑃 (𝜸) +
5
∑

𝑝=0
𝜆𝑝

(

∑

𝑥∈
𝜸⊤𝑥,𝑝(𝑫 −𝑾 )𝜸𝑥,𝑝

))

,

where 𝜸 = (𝜸𝑥,𝑝)𝑥,𝑝, with 𝜸𝑥,𝑝 = (𝛾 (𝑟)𝑥,𝑝)𝑟∈, for each age group 𝑥 ∈  and 
𝑝 = 0, 1,… , 5. Furthermore, 𝓁𝑃 (𝜸) is the Poisson log-likelihood, and the 
matrices 𝑫 and 𝑾  are defined in (3.5). The smoothness parameters 
𝜆𝑝 determine the amount of smoothing applied, with larger values im-
posing similar parameter estimates across regions. We select optimal 
𝜆𝑝-values using Un-Biased Risk Estimation scores (Craven and Wahba, 
1978; Wood, 2004). We calculate the expected baseline death counts 
for region 𝑟, week period 𝑡, and age group 𝑥 in (3.2) using the optimal 
parameter vector 𝜸∗, and denote the result as 𝑏̂(𝑟)𝑥,𝑡.

4.2.  Regime-switching mortality framework

4.2.1.  Notation
Let 𝑇  denote the collection of age-specific death counts observed 

throughout the calibration period  = {1, 2,… , 𝑇 }, i.e., 𝑇 = {𝐷(𝑟)
𝑥,𝑡 ∣ 𝑟 ∈

, 𝑥 ∈  , 𝑡 ∈  }. We introduce a similar notation for the collection of all 
states, 𝑇 , and covariate vectors, 𝑇 . Lastly, we denote the parameter 
vector for the regime-switching process as: 
𝜽 =

{

𝜶1,𝜶2, 𝜷01, 𝜷02, 𝜷11, 𝜷22
}

, (4.1)

where 𝜶𝑖 = (𝜶𝑖,𝑥)𝑥∈  for 𝑖 = 1, 2. The vector 𝜽 consists of the parameters 
in (3.4) and (3.6).

4.2.2.  From the complete-data to the incomplete-data log-likelihood
The complete-data likelihood assumes that the observed death 

counts 𝑇  and latent regime states 𝑇  are fully known. However, this 
likelihood depends on the spatial random effect 𝑼 . To account for this, 
we integrate out 𝑼 :


(

𝜽, 𝜏 ∣ 𝑇 ,𝑇 ,𝑇
)

= ∫𝒖
ℙ
(

𝑇 ,𝑇 , 𝒖 ∣ 𝑇 ;𝜽, 𝜏
)

𝑑𝒖

= ∫𝒖
ℙ
(

𝑇 ,𝑇 ∣ 𝒖,𝑇 ;𝜽
)

𝑓 (𝒖 ; 𝜏)𝑑𝒖, (4.2)

where ℙ(𝑇 ,𝑇 ∣ 𝒖,𝑇 ;𝜽
) is the complete-data likelihood conditionally 

on the spatial effect 𝒖, and 𝑓 (𝒖 ; 𝜏) is the prior distribution of 𝒖, which 

follows a multivariate normal distribution with precision parameter 𝜏, 
see (3.5): 

𝑓 (𝒖 ; 𝜏) = 1
(2𝜋)𝑅∕2(det(𝑸(𝜏)−1))1∕2

𝑒−
1
2 𝒖

⊤𝑸(𝜏)𝒖,

where 𝑸(𝜏) ∶= 𝜏[𝑫 −𝑾 ] is called the precision matrix that governs the 
degree of spatial autocorrelation across the regions.

It is computationally challenging for regime-switching models to 
evaluate the integral in (4.2). To simplify this, we apply Laplace’s ap-
proximation method to avoid a direct calculation of the integral expres-
sion (Laplace, 1774; Tierney and Kadane, 1986):
log(𝜽, 𝜏 ∣ 𝑇 ,𝑇 ,𝑇 )

= logℙ
(

𝑇 ,𝑇 ∣ 𝒖∗,𝑇 ;𝜽
)

+ log 𝑓 (𝒖∗ ; 𝜏) + 𝑅
2
log(2𝜋) − 1

2
log(det(𝑺−1)),

(4.3)

where 𝒖∗ is the mode of the expected log joint probability distribu-
tion, and 𝑺−1 is the matrix of second-order derivatives evaluated at 𝒖∗. 
Suppl. Mat. B.2 and B.3 provide details on the calculation of the Laplace-
approximated log-likelihood and the involved Hessian.

We are not able to directly optimize the complete-data log-likelihood 
in (4.3) because the regime states 𝑆(𝑟)

𝑡  are unobserved. Instead, we fo-
cus on maximizing the incomplete-data log-likelihood, which aggregates 
over all possible regime state configurations: 
log ̃(𝜽, 𝜏 ∣ 𝑇 ,𝑇 ) =

∑

𝑇 ∈{0,1,.,𝑁}𝑅⋅𝑇
log(𝜽, 𝜏 ∣ 𝑇 ,𝑇 ,𝑇 ),

where 𝑁 + 1 ∶= 3 represents the number of regime states. However, it is 
practically impossible to directly evaluate this expression, as it would re-
quire us to sum over a very large number of possible state combinations. 
Therefore, we apply the Expectation-Maximization (EM) algorithm to 
optimize the incomplete-data log-likelihood.

4.2.3.  Optimizing the incomplete-data log-likelihood using the 
EM-algorithm

Since the values of the spatial effect 𝒖∗ depend on the parameter 
vector 𝜽, we incorporate Laplace’s approximation of the complete-data 
log-likelihood into the EM-algorithm to iteratively update both the pa-
rameter vector 𝜽 and the spatial effect 𝒖∗(𝜽). Below is a summary and 
explanation of the key steps of which Suppl. Mat. B.4 provides the de-
tails:

1. Initialization: Start with initial estimates 𝜽∗0 and 𝒖∗0.
2. EM-algorithm (iteration 𝑘 + 1):
(a) E-step: Take the expected value of the complete-data log-

likelihood with respect to the regime state process, given the 
observed data, covariate information, and the current best-
estimates of the parameter vector, 𝜽∗𝑘, and spatial effect, 𝒖∗𝑘.

(b) M-step: Update the parameter vector 𝜽 by maximizing the ex-
pected complete-data log-likelihood and obtain 𝜽∗𝑘+1.

(c) Update spatial effect: Update the spatial effect, 𝒖∗, under the cur-
rent optimal parameter vector, 𝜽∗𝑘+1, and obtain 𝒖∗𝑘+1.

3. Convergence check: Repeat steps (a), (b), and (c) until we reach an 
absolute convergence of 𝜖 (a predefined small threshold) in the ex-
pected complete-data log-likelihood.

The final step is to estimate the precision parameter 𝜏 of the ICAR prior. 
We do this maximizing the profile log-likelihood over a grid of candi-
date values . For each 𝜏 ∈ , we apply the EM algorithm to obtain the 
optimal parameter vector 𝜽∗(𝜏). We then select the optimal 𝜏∗ as the 
value that maximizes the profile log-likelihood, see Suppl. Mat. B.5.

We can then assess the uncertainty in the estimated parameters of the 
regime-switching process by deriving the so-called Fisher-Information 
matrix (FIM). Existing methods, such as the ones proposed by Louis 
(1982), Meng and Rubin (1991) and Oakes (1999), often involve com-
putational challenges. Therefore, we follow the approach of Meng 
and Spall (2017), who propose a Monte Carlo-based method using 
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simultaneous perturbation stochastic approximation to estimate the 
Hessian matrix of the incomplete data log-likelihood (Spall, 2000). 
Suppl. Mat. B.6 outlines the estimation procedure.

5.  Multi-layered uncertainty in mortality predictions

When projecting weekly death counts with the proposed model, we 
account for parameter, spatial, regime-switching state, and Poisson un-
certainty. We account for these uncertainties to improve the reliability 
of the mortality predictions. We do this by generating 𝐵 bootstrap sam-
ples according to the below outlined prediction process. For each sample 
𝜄, we proceed as follows:

1. Parameter uncertainty. We account for parameter uncertainty in 
the model’s predictions by drawing randomly from the following 
multivariate normal distributions: 
𝜸𝜄 ∼ 

(

𝜸∗,𝚺1(𝜸∗)
)

, 𝜽𝜄 ∼ 
(

𝜽∗,𝚺2(𝜽∗)
)

, (5.1)

where 𝜸∗ and 𝜽∗ are the optimal parameter vectors in the base-
line and regime-switching model, respectively. We construct the 
variance-covariance matrices 𝚺1(𝜸∗) and 𝚺2(𝜽∗) from the Fisher in-
formation of their corresponding log-likelihood functions. The con-
struction of 𝚺2(𝜽∗) is more intricate and detailed in Suppl. Mat. B.6.

2. Spatial uncertainty. We account for regional disparities in the tran-
sition probabilities by drawing a random sample from the ICAR 
model, specified in (3.5): 
𝒖𝜄 =

(

𝑢1,𝜄, 𝑢2,𝜄,… , 𝑢𝑅,𝜄
)

∼ 
(

𝟎, [𝜏 ⋅ (𝑫 −𝑾 )]−1
)

.

3. State uncertainty. The state uncertainty reflects the uncertainty 
about the true values of the latent regime states when making predic-
tions. To account for this, we generate regime state trajectories using 
the estimated parameters in the transition probabilities, see (3.6).

We start by selecting an initial state 𝑖. This is either the most 
probable state at the end of the calibration period (for forecasting) 
or the most probable initial state (for in-sample prediction). The 
next state is then generated by sampling from a discrete distribution 
with possible values 𝑗 ∈ {0, 1, 2}, weighted by transition probabilities 
𝑝𝑖𝑗𝑡 (𝒛

(𝑟)
𝑡 ; 𝜷 𝜄, 𝑢𝑟,𝜄), where 𝒛(𝑟)𝑡  is the covariate vector, 𝑢𝑟,𝜄 is the sampled 

spatial effect, and 𝜷 𝜄 is the sampled parameter vector contained in 
𝜽𝜄. We repeat this iterative procedure for all 𝑡 in the prediction pe-
riod pred. We denote the resulting regime state trajectory as 𝑠(𝑟)𝑡,𝜄  for 
𝑡 ∈ pred.

4. Poisson uncertainty. Using the sampled states 𝑠(𝑟)𝑡,𝜄 , we sample death 
counts from the state-dependent Poisson distributions in (3.4) with 
the parameter vector 𝜽𝜄. We calculate the baseline death counts us-
ing (3.1) and (3.2). This corresponds to either the calibrated base-
line (for in-sample prediction) or a forecasted mean from the Poisson 
GLM (for out-of-sample forecasting). In the latter case, we need to 
use scenarios for the covariate vectors 𝒛(𝑟)𝑡 .

Next, we construct confidence intervals for the predicted death 
counts by calculating the 2.5%, 50%, and 97.5% percentiles of the 𝐵 boot-
strap samples. As a result, we obtain a range of outcomes in which the 
predicted death counts may fall with a 95% confidence rather than a 
point estimate. Lastly, note that we can switch any source of uncer-
tainty on or off, independently of each other. This allows us to control 
for the factors contributing to the uncertainty and to detect the sources 
of uncertainty in the predicted death counts.

6.  Case study on 21 French NUTS 2 regions

6.1.  Baseline and regime-switching model: Specification and calibration

6.1.1.  Baseline mortality model
We calibrate the baseline parameters 𝛾 (𝑟)𝑥,𝑝, using the strategy in Sec-

tion 4.1, on the set  of French NUTS 2 regions, age groups  =

{65–69, 70–74, 75–79, 80–84, 85–89, 90+}, and weeks  = {1, 2, ., 600}, 
where 𝑡 = 1 corresponds to the first ISO week in 2013 and 𝑡 = 600 to 
the 26th ISO week in 2024. To limit the impact of extreme mortality 
peaks on the estimation of the baseline model, such as those observed 
during the COVID-19 pandemic, we identify and smooth outliers in each 
age- and region-specific death count series 𝑑(𝑟)𝑥,𝑡 . Hereto, we decompose 
the series 𝑑(𝑟)𝑥,𝑡 into a trend, seasonal, and remainder component based on 
the Seasonal-Trend decomposition using Loess (STL) algorithm (Cleve-
land et al., 1990). Outliers in the remainder series are detected using 
Tukey’s interquartile range criterion and replaced by linearly interpo-
lated values (Tukey, 1977).

Fig. 6 shows the estimated parameters for the age group 90+. The 
top left and middle panels show that Île-de-France had the lowest over-
all death rate in 2013 (𝛾0) and experienced the largest mortality decline. 
The eastern French regions also saw a decline in mortality, while the 
Western regions experienced a slight increase (𝛾1). The seasonal varia-
tion is most prominent in the northern and north-eastern regions. Sec-
tion A of the Online Appendix contains the parameter estimates for the 
five remaining age groups.

6.1.2.  Regime-switching mortality model
Model selection. We first select the variables to be included in the state-
specific specifications of the Poisson model in (3.4) and in the multi-
nomial logistic models describing the transition probabilities in (3.6). 
The variables considered are listed in Table 1: the Excess Cold and Heat 
Index (ECI, EHI), the influenza activity index (IA), and the weekly num-
ber of new hospital admissions due to COVID-19 (HA). In the Poisson 
model of state 1, the summer shock state, we restrict the candidate vari-
ables to the EHI and its lags. The same candidate variables are used for 
modeling the transition probabilities toward or persistence in state 1. 
In the Poisson model of state 2, the winter shock state, we restrict the 
candidate variables to the ECI, IA, and HA, along with their lags. The 
same candidate variables are used for modeling the transition probabil-
ities toward or persistence in state 2. For respiratory-related variables, 
we use exceedances over their 75% quantile since extreme values, rather 
than moderate fluctuations, are more likely to contribute to significant 
mortality shocks.

For each candidate variable, we consider the present-week value (lag 
0) to capture immediate effects, the one-week lag (lag 1) to capture 
short-term effects, and the average of lags 2-3 to represent medium-term 
effects. We do not focus on long-term effects in this paper. Although heat 
effects on mortality are typically immediate and short-lived, cold and 
influenza-related impacts tend to manifest over longer periods, some-
times up to 21 days after exposure (see, e.g., Braga et al., 2001; Patten-
den et al., 2003; Wong et al., 2004; Lytras et al., 2019). Therefore, we 
allow the model to consider lags for up to three weeks, but rely on the 
model-selection procedure to exclude lags that are not relevant in either 
the Poisson or multinomial logistic models.

As discussed in Section 3.2, the parameters in the 
Poisson model specifications vary with age 𝑥 ∈  =
{65–69, 70–74, 75–79, 80–84, 85–89, 90+}, whereas the parameters 
of the transition probability models are assumed to be age-invariant. 
This implies that regime transitions affect all age groups simultane-
ously, while the influence of the explanatory variables on mortality 
may still differ across ages. Furthermore, we only allow transitions 
toward the summer shock state whenever the excess heat index is 
non-zero. Similarly, transitions to the winter shock state are only 
possible whenever the excess cold index, influenza activity index, or 
COVID-19 hospitalizations are non-zero.

We then select the variables using a stepwise evaluation of several 
Poisson model specifications for the summer and winter shock states 
and the multinomial logistic models describing transitions between or 
persistence in these two states. Starting from a baseline specification 
that solely includes lag 0 age-specific effects in the Poisson models and 
intercept-only models for the transition probabilities, additional lagged 
and interaction terms are sequentially tested based on their impact on 
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Fig. 6. The estimated parameters in the baseline mortality model, i.e., 𝛾 (𝑟)𝑥,𝑝, for the age group 90+ in the French NUTS 2 regions.

the Bayesian Information Criterion (BIC). Variables or lags that reduce 
the BIC are added to the model, while those increasing BIC are ex-
cluded. We provide further details of the variable selection process and 
corresponding BIC values for each considered model specification in 
Suppl. Mat. C. In addition, Suppl. Mat. D.1 compares the model fit and 
parameter estimates when using different quantile threshold definitions 
in (2.1), and shows that conclusions remain largely unchanged.

State-specific Poisson model specifications. Based on the BIC-based vari-
able selection procedure from Suppl. Mat. C, we model the expected 
death counts in the summer shock state as:
log𝔼

[

𝐷(𝑟)
𝑥,𝑡 ∣ 𝑆

(𝑟)
𝑡 = 1

]

= log 𝑏̂(𝑟)𝑥,𝑡 + 𝛼1,0 + 𝛼(𝑥)1,1EHI
(𝑟)
𝑡 + 𝛼(𝑥)1,2EHI

(𝑟)
𝑡−1, (6.1)

where 𝛼1,0 refers to an overall intercept, the 𝛼(𝑥)1,𝑗 ’s are age-specific pa-
rameters for 𝑗 = 1, 2, and the offset ̂𝑏(𝑟)𝑥,𝑡 refers to the baseline death count 
estimated as in Section 4.1. Here, EHI(𝑟)𝑡−1 refers to the excess heat index 
in region 𝑟 at week 𝑡 − 1 (lag 1). Note that the medium-term effect (aver-
age over lags 2-3) was not selected, as including it increased the overall 
BIC (see Suppl. Mat. C).

For the winter shock state (state 2), the optimally selected model for 
the expected death counts is:
log𝔼

[

𝐷(𝑟)
𝑥,𝑡 ∣ 𝑆

(𝑟)
𝑡 = 2

]

= log 𝑏̂(𝑟)𝑥,𝑡 + 𝛼2,0 + 𝛼(𝑥)2,1ECI
(𝑟)
𝑡 + 𝛼(𝑥)2,2ECI

(𝑟)
𝑡−1 + 𝛼(𝑥)2,3ECI

(𝑟)
𝑡−2,𝑡−3

+ 𝛼(𝑥)2,4IA
(𝑟)
𝑡 + 𝛼(𝑥)2,5IA

(𝑟)
𝑡−1 + 𝛼(𝑥)2,6IA

(𝑟)
𝑡−2,𝑡−3

+ 𝛼(𝑥)2,7HA
(𝑟)
𝑡 + 𝛼(𝑥)2,8HA

(𝑟)
𝑡−1

+ 𝛼(𝑥)2,9

(

ECI(𝑟)𝑡 ⋅HA(𝑟)
𝑡

)

+ 𝛼(𝑥)2,10

(

ECI(𝑟)𝑡−1 ⋅HA
(𝑟)
𝑡−1

)

, (6.2)

where ECI(𝑟)𝑡−2,𝑡−3 and IA
(𝑟)
𝑡−2,𝑡−3 refer to the excess cold and influenza ac-

tivity indices averaged over lags 2-3, respectively. The selected model 
structure includes immediate, short-, and medium-term effects of excess 
cold and influenza activity on mortality, as well as immediate and short-
term effects for COVID-19 hospital admissions. Interactions between the 
cold index and hospital admissions at lags 0 and 1 were also selected by 
BIC. One plausible interpretation is that COVID-19 transmission tends to 
increase in colder conditions and decrease in warmer ones (Kang et al., 
2021; Notari, 2021).

Modeling regime transition probabilities. We construct multinomial logis-
tic models for the transition probabilities, as defined in (3.6). We select 
the model structures based on BIC, as detailed in Suppl. Mat. C. We 
obtain:

logit 𝑝01𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑢𝑟
)

= 𝛽01,0 + 𝛽01,1EHI
(𝑟)
𝑡 + 𝑈𝑟

logit 𝑝02𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑢𝑟
)

= 𝛽02,0 + 𝛽02,1ECI
(𝑟)
𝑡 + 𝑈𝑟

logit 𝑝11𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑢𝑟
)

= 𝛽11,0 + 𝛽11,1EHI
(𝑟)
𝑡 + 𝑈𝑟

logit 𝑝22𝑡
(

𝒛(𝑟)𝑡 ; 𝜷, 𝑢𝑟
)

= 𝛽22,0 + 𝛽22,1ECI
(𝑟)
𝑡−2,𝑡−3 + 𝑈𝑟, (6.3)

where 𝑈𝑟 represents the spatial effect introduced in (3.5) and (3.6). Fol-
lowing Section 3.2, the parameters governing the transition probabili-
ties are independent of the age group 𝑥. Based on BIC, we select much 
simpler structures compared to the ones in (6.1) and (6.2). Specifically, 
we only retain variables related to the excess cold and heat indices.

Parameter estimates. We follow Section 4.2.3 and apply the EM-
algorithm to estimate the regime-switching parameter vector 𝜽. Fol-
lowing Suppl. Mat. B.5, we apply profile likelihood maximization 
to select the precision parameter 𝜏. We use the grid  = {0.001,
0.01, 0.1, 1, 10, 100, 1000} as candidate values and select 𝜏∗ = 1.

Fig. 7 (top panel) shows the parameter estimates for 𝜶1. Following 
Suppl. Mat. B.6, we construct 95% confidence intervals using the Fisher 
Information matrix based on 25 000 bootstrap samples. Excess heat in 
the current week is strongly associated with excess mortality, with the 
effect increasing with age. At a lag of one week, the effects remain pos-
itive but decrease with age. Notably, when the current week shows no 
excess heat, the overall effect can become positive for large values of last 
week’s excess heat indicator or negative for moderate values. This lat-
ter situation reflects the so-called harvesting or mortality displacement 
effect (Hajat and Kosatky, 2010), which disappears in case of extreme 
heat (Pascal et al., 2018).

The bottom panel of Fig. 7 shows the estimates and 95% confidence 
intervals for the parameter vector 𝜶2, which captures the effects of cold 
spells, increased influenza activity, and COVID-19 hospitalizations on 
mortality. First, we find that cold spells are not associated with excess 
mortality in the current week (lag 0), except for the oldest age group 
(90+). At lags 1 and 2-3, this effect becomes more pronounced and 
also increases with age. This indicates that cold has a more delayed 
and longer-lasting impact on excess mortality, see e.g. (Pascal et al., 
2018). Second, a higher influenza activity index in the current week is 
associated with higher excess mortality. These associations are stronger 
among older age groups. The effect of lag 1 is less pronounced but in-
creases again at lags 2-3. The larger estimated effect at lags 2-3 has also 
been found in Wong et al. (2004). Third, the effect of high COVID-19 
hospital admissions appears to be more short-lived, being strongest in 
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Fig. 7. Parameter estimates for 𝜶1 (state 1, summer shock state) and 𝜶2 (state 2, winter shock state) in the Poisson models of the regime-switching model, along 
with their 95% confidence intervals based on 25 000 bootstrap samples. The label ‘INT’ refers to the intercept.

the current week and only significant at lag 1 among older individuals 
(80+). Fourth, regarding the interaction effect, we find that a simul-
taneous cold spell and high COVID-19 hospitalization rates do not re-
sult in an additional increase in deaths. A possible explanation is that 
deaths attributable to cold spells and those attributable to respiratory 
diseases such as COVID-19 largely involve the same vulnerable popula-
tion (primarily older and frail individuals). As such, these risk factors 
affect overlapping rather than distinct groups, suggesting a competing-
risk dynamic, leading to a negative parameter value for the interaction 
effect (Andersen et al., 2012). Another contributing factor may be that 
during a pandemic outbreak, many vulnerable individuals are hospi-
talized, limiting their exposure to cold spells. Consequently, those re-
maining exposed are generally more resilient, which may lead to lower 
observed mortality during such periods.

Fig. 8 displays the estimates and 95% confidence intervals of the 
parameter vectors 𝜷01, 𝜷02, 𝜷11, and 𝜷22 in the transition probabilities 
of (6.3). The results indicate that transitions from the baseline state to 
the summer shock state become more likely when the current week’s 
excess heat index is high. Similarly, transitions to the winter shock state 
are more probable when the current week’s excess cold index is high. 
Once the system enters the summer shock state, the probability of re-
maining in this state decreases as the current week’s excess heat index 
rises. In the winter shock regime, the probability of state persistence 
decreases with the value of the excess cold index at lags 2-3, although 
this effect is marginally insignificant. These findings suggest that the 
duration of the summer shock state tends to be shorter than that of the 
winter shock state.

Spatial effect. Fig. 9 visualizes the estimated mode of the expected log 
joint density, i.e., the spatial effect 𝒖∗ (see Suppl. Mat. B.4). The mode is 
the largest in North/North-East France, implying that state transitions 
occur more frequently in these regions.

6.2.  Quantifying uncertainty in-sample model predictions

6.2.1.  Best-estimate in-sample fit
We use the estimated baseline mortality model and construct a Best-

Estimate (BE) in-sample fit for the regime-switching framework. We do 
this by using the estimated marginal state probabilities. For any 𝑡 ∈  , 
we define the BE regime-switching trajectory as: 

𝑠(𝑟)BE,𝑡 = argmax
𝑗∈{0,1,2}

𝑃
(

𝑆(𝑟)
𝑡 = 𝑗 ∣ (𝑟)

𝑡 ,(𝑟)
𝑡 ;𝜽∗, 𝒖∗

)

, (6.4)

where 𝜽∗ and 𝒖∗ are the optimal regime-switching parameter vector and 
the mode of the spatial effect. The sets (𝑟)

𝑡  and (𝑟)
𝑡  denote the col-

lection of death counts and covariate vectors up to time 𝑡 in region 𝑟. 
Suppl. Mat. B.4 outlines the calculation of the marginal state probabili-
ties. We define the BE prediction for the weekly death counts, see (3.4), 
as: 
𝑑(𝑟)BE,𝑥,𝑡 = 𝔼̂

[

𝐷(𝑟)
𝑥,𝑡 ∣ 𝑆

(𝑟)
𝑡 = 𝑠(𝑟)BE,𝑡

]

. (6.5)

Fig. 10 presents the BE in-sample predicted weekly death counts in 
Pays de la Loire and Provence-Alpes-Côte d’Azur for the age groups 75-
79 and 90+. Section B of the Online Appendix contains the figures for all 
French NUTS 2 regions and age groups. The colored bars at the bottom 
of each panel indicate the BE regime-switching trajectory. The figure 
shows that our model captures well the observed spikes in the weekly 
mortality patterns. The inclusion of the (lagged) hospital admissions in-
dex is useful to account for the impact of the COVID-19 pandemic on 
mortality. Furthermore, the model successfully captures excess deaths 
linked with cold snaps or increased influenza activity during the winter 
seasons of 2014/2015 and 2016/2017, and those related to heatwaves 
in the summers of 2017 and 2022.

To quantify the model performance, we calculate the Root Mean 
Square Error (RMSE) and Mean Absolute Error (MAE) between the 
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Fig. 8. Estimates of the parameter vectors in the transitional probabilities and their 95% confidence intervals based on 25 000 bootstrap samples: 𝜷01 (top left), 𝜷02
(top right), 𝜷11 (bottom left), and 𝜷22 (bottom right). The label ‘INT’ refers to the intercept.

Fig. 9. The mode of the spatial effect 𝒖∗ in the expected log joint density.

observed and estimated weekly death counts from both the baseline 
mortality model (see (3.3)) and from the BE prediction of the regime-
switching model (see (6.5)). For each age group 𝑥 ∈  , we compute the 
RMSE and MAE as:

RMSE𝑥 =

√

1
𝑛𝑥

∑

𝑟∈

∑

𝑡∈

(

𝑑(𝑟)𝑥,𝑡 − 𝑑(𝑟)𝑥,𝑡

)2
,

MAE𝑥 = 1
𝑛𝑥

∑

𝑟∈

∑

𝑡∈

|

|

|

𝑑(𝑟)𝑥,𝑡 − 𝑑(𝑟)𝑥,𝑡
|

|

|

,

where 𝑛𝑥 denotes the total number of observations for age group 𝑥, and 
𝑑(𝑟)𝑥,𝑡 and 𝑑(𝑟)𝑥,𝑡 denote the observed and estimated death counts, respec-
tively. Similarly, we compute the RMSE and MAE per region (RMSE𝑟
and MAE𝑟) by replacing the summation over regions with a summation 
over the age groups 𝑥 ∈  .

Table 2 presents the results by age group, while Table 3 reports 
the results across the 21 French NUTS 2 regions. Overall, the regime-
switching model achieves clearly lower RMSE and MAE values com-

Table 2 
Model performance evaluated using the root mean square error (RMSE) and 
mean absolute error (MAE) between observed and estimated weekly death 
counts for the baseline and regime-switching model (best-estimate predic-
tion). Metrics are computed across six age groups and overall. Relative im-
provement (Rel. Imp.) reflects the proportional reduction in the error metric 
of the regime-switching model compared with the baseline.

 RMSE  MAE
 Age group  Baseline  Regime Switch  Rel. Imp.  Baseline  Regime Switch  Rel. Imp.
 65–69  6.90  6.32  0.08  4.96  4.77  0.04
 70–74  8.13  6.96  0.14  5.56  5.22  0.06
 75–79  9.34  7.57  0.19  6.33  5.72  0.10
 80–84  12.37  9.32  0.25  7.86  6.98  0.11
 85–89  16.94  11.11  0.34  10.07  8.31  0.18
 90+  27.51  16.22  0.41  15.07  11.55  0.23
 Overall  15.26  10.16  0.33  8.31  7.09  0.15

pared to the weekly baseline mortality model, with the improvement 
being more pronounced in older age groups. At the regional level, 
we observe the largest performance gains in Île-de-France (FR10), fol-
lowed by Rhône-Alpes (FRK2) and Provence-Alpes-Côte d’Azur (FRL0), 
whereas the smallest improvements occur in Limousin (FRI2) and Basse-
Normandie (FRD1). These findings suggest that, in the age groups and 
regions showing the largest improvement, the inclusion of environmen-
tal and respiratory covariates is most beneficial.

6.2.2.  Uncertainty in-sample predictions
We follow the methodology in Section 5 and quantify the uncertainty 

in the in-sample predicted weekly death counts of the regime-switching 
modeling framework. Using a bootstrap sampling approach with 25 000 
samples, we construct 95% prediction intervals. Fig. 11 provides an ex-
ample of how state, parameter, spatial, and Poisson uncertainty con-
tribute to the intervals for weekly death counts in the age groups 75–79 
and 90+ within the Pays de la Loire and Provence-Alpes-Côte d’Azur 
NUTS 2 region. Section C of the Online Appendix contains the in-sample 
prediction intervals for all age groups and NUTS 2 regions considered in 
this paper. First, state uncertainty effectively captures spikes in weekly 
mortality patterns whenever they correspond to external factors such 
as heatwaves, heightened influenza activity, or increases in COVID-
19 hospitalization rates. Second, Poisson uncertainty is especially
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Fig. 10. The grey line represents the observed death counts from the first ISO week of 2013 to the 26th ISO week of 2024. The red line visualizes the estimated baseline 
number of deaths, while the blue line visualizes the best-estimate (BE) prediction of the death counts resulting from the regime-switching model. At the bottom, we 
show the BE regime-switching trajectory. We show the results for the age groups 75–79 (left) and 90+ (right) in Pays de la Loire (top) and Provence–Alpes-Côte 
d’Azur (bottom). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

prominent in the younger old-age groups. The underlying reason is the 
relatively small number of weekly death counts, and, consequently the 
more random fluctuations. In contrast, older age groups report higher 
weekly death counts, leading to substantially less Poisson uncertainty. 
Third, the parameter and spatial uncertainties are relatively minor.

Tables 4 and 5 show the contributions of the different sources of 
uncertainty to the total uncertainty across, respectively, the six con-
sidered age groups and the 21 NUTS 2 regions. We focus on the 
contributions of the state uncertainty, the combined parameter and
spatial uncertainty, and the Poisson uncertainty. For instance, we cal-
culate the contribution of the state uncertainty as the proportion of the 
red area (in Fig. 11) to the total area, corresponding to the 95% un-
certainty bounds. We follow a similar strategy for the parameter and 
spatial, and the Poisson uncertainty. The summary tables indicate that 
the contribution of the state uncertainty increases with age, and the con-
tribution of the Poisson uncertainty declines with age, but remains the 
most important source of uncertainty. The contributions of the parame-
ter and spatial uncertainties remain relatively minor and constant across 
both age groups and regions. By region, state uncertainty is highest in 
the most populated area, Île-de-France (FR10), followed by the South-
Eastern NUTS 2 regions of Rhône-Alpes (FRK2) and Provence-Alpes-
Côte d’Azur (FRL0). This indicates that the summer and winter shocks 
have the most significant impact on older people and in high population
areas.

6.3.  Out-of-sample back-testing

We conduct out-of-sample back-testing to evaluate the model’s per-
formance on unseen data. Specifically, we limit the calibration period 
to the first ISO week of 2013 until the 26th ISO week of 2022, denoted 
as ̃ . The out-of-sample period ranges from the 27th week of 2022 to 
the 26th week of 2024, covering two years, and we refer to it as pred.

We first reconstruct the features using the shorter calibration period 
̃ . For instance, we recompute the excess heat and cold indices based on 
the 5% and 95% temperature quantiles. Second, we recalibrate the base-
line mortality model in Section 4.1, and the three-state regime-switching 
model in Section 3.2, on ̃ . We represent the corresponding parameter 
estimates in Suppl. Mat. D.2. Importantly, these estimates closely align 
with those obtained from the original calibration period (see Figs. 7 
and 8), which highlights the robustness and stability of the parameters 
across a different (shorter) calibration period.

We then generate projections for the death counts in pred while 
accounting for parameter, spatial, state, and Poisson uncertainty, as 
described in Section 5. In the back-testing, we explore a hypothetical 
scenario that uses observed values for the excess heat and cold index,
influenza activity, and COVID-19 hospitalizations for the two-year pre-
diction period. This allows us to gain insights into how well the model 
captures excess deaths conditionally on the observed evolution of these 
covariates.
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Fig. 11. We present 95% confidence intervals for the weekly death counts in Pays de la Loire (top) and Provence-Alpes-Côte d’Azur (bottom) for the age groups 75-79 
(left), and 90+ (right) from the first ISO week of 2013 till the 26th ISO week of 2024. The intervals represent different sources of uncertainty: state uncertainty only 
(red), state, parameter, and spatial uncertainty (green), and state, parameter, spatial, and Poisson uncertainty (blue). (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)

Table 3 
Model performance evaluated using the root mean square error (RMSE) and 
mean absolute error (MAE) between observed and estimated weekly death 
counts for the baseline and regime-switching model (best-estimate predic-
tion). Metrics are computed across the 21 French NUTS 2 regions and overall. 
Relative improvement (Rel. Imp.) reflects the proportional reduction in the 
error metric of the regime-switching model compared with the baseline.

 RMSE  MAE
 Region  Baseline  Regime Switch  Rel. Imp.  Baseline  Regime Switch  Rel. Imp.
 FR10  43.08  19.30  0.55  18.77  13.74  0.27
 FRB0  10.93  9.00  0.18  7.71  6.79  0.12
 FRC1  9.65  7.97  0.17  6.69  5.89  0.12
 FRC2  7.21  5.95  0.17  5.01  4.49  0.10
 FRD1  7.75  6.87  0.11  5.79  5.30  0.08
 FRD2  8.16  7.09  0.13  5.93  5.34  0.10
 FRE1  13.68  11.19  0.18  9.92  8.45  0.15
 FRE2  9.03  7.46  0.17  6.35  5.64  0.11
 FRF1  10.71  7.35  0.31  6.32  5.40  0.15
 FRF2  7.32  6.21  0.15  5.33  4.77  0.10
 FRF3  12.30  9.12  0.26  8.15  6.89  0.15
 FRG0  13.16  10.65  0.19  9.33  8.02  0.14
 FRH0  12.18  10.49  0.14  8.84  7.93  0.10
 FRI1  12.74  11.07  0.13  9.06  8.24  0.09
 FRI2  5.91  5.45  0.08  4.33  4.03  0.07
 FRI3  9.39  8.18  0.13  6.74  6.08  0.10
 FRJ1  11.82  9.73  0.18  8.42  7.30  0.13
 FRJ2  12.03  10.15  0.16  8.39  7.54  0.10
 FRK1  8.62  7.24  0.16  5.92  5.33  0.10
 FRK2  26.55  15.77  0.41  14.23  11.06  0.22
 FRL0  19.65  14.79  0.25  13.25  10.66  0.20
 Overall  15.26  10.16  0.33  8.31  7.09  0.15

Table 4 
Contribution of the state uncertainty (State), 
parameter & spatial uncertainty (Par. & Spat.), 
and Poisson uncertainty (Poisson), to the to-
tal uncertainty, across the six considered age 
groups and based on 95% uncertainty bounds.
 Age group  State  Par. & Spat.  Poisson
 65–69  0.09  0.07  0.84
 70–74  0.12  0.07  0.81
 75–79  0.15  0.06  0.79
 80–84  0.18  0.07  0.75
 85–89  0.23  0.07  0.70
 90+  0.29  0.07  0.64

Table 5 
Contribution of the state uncertainty (State), parameter & spatial un-
certainty (Par. & Spat.), and Poisson uncertainty (Poisson), to the total 
uncertainty, across the 21 French NUTS 2 regions and based on 95%
uncertainty bounds.
 Region  State  Par. & Spat.  Poisson  Region  State  Par. & Spat.  Poisson
 FR10  0.31  0.08  0.61  FRG0  0.19  0.07  0.74
 FRB0  0.19  0.05  0.76  FRH0  0.18  0.09  0.73
 FRC1  0.16  0.06  0.78  FRI1  0.18  0.09  0.73
 FRC2  0.13  0.06  0.81  FRI2  0.12  0.06  0.82
 FRD1  0.14  0.06  0.80  FRI3  0.15  0.06  0.79
 FRD2  0.15  0.06  0.79  FRJ1  0.18  0.06  0.76
 FRE1  0.23  0.08  0.69  FRJ2  0.19  0.07  0.74
 FRE2  0.16  0.06  0.78  FRK1  0.15  0.05  0.80
 FRF1  0.16  0.07  0.77  FRK2  0.27  0.07  0.66
 FRF2  0.14  0.05  0.81  FRL0  0.28  0.07  0.65
 FRF3  0.19  0.06  0.75
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Fig. 12. We present the 95% prediction intervals for the weekly death counts in Pays de la Loire (top) and Provence-Alpes-Côte d’Azur (bottom) for the age groups 
75–79 (left) and 90+ (right), from the 27th ISO week of 2022 to the 26th ISO week of 2024. The intervals are based on 25 000 bootstrap samples and consider 
parameter, spatial, state, and Poisson uncertainty. The blue lines show the 2.5%, 50%, and 97.5% quantile, the red line visualizes the estimated baseline number of 
deaths, and the black line shows the observed death counts. We also consider two other prediction intervals, see Suppl. Mat. E. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 12 illustrates the 95% prediction intervals for the weekly death 
counts in Pays de la Loire and Provence-Alpes-Côte d’Azur for age 
groups 75–79 and 90+. The remaining illustrations can be found in 
Section D of the Online Appendix. These intervals incorporate pa-
rameter, spatial, state, and Poisson uncertainty, as described in Sec-
tion 5. As Fig. 12 indicates, the prediction intervals effectively cap-
ture the uncertainty inherent in the observed death counts. The model 
captures the excess deaths observed in the 2022/2023 winter season 
for the age group 90+. Furthermore, the prediction bounds are nar-
rower for the winter of 2023/2024, aligning with the observed death
rates.

As a quantitative comparison of the prediction performance
between the weekly baseline and regime-switching model on the out-
of-sample period pred, we compute the RMSE and MAE between the 
observed and estimated death counts resulting from both models. Specif-
ically, for the regime-switching model, we take the estimated death 
counts as resulting from the 50% quantile of the simulated regime 
state trajectories (blue line in Fig. 12). Tables 6 and 7 summarize the 
results across age groups and French NUTS 2 regions, respectively. 
The improvement in the predictions of the regime-switching model 
relative to the ones of the baseline model are more pronounced for 
older age groups and in Île-de-France (FR10), and the South-Eastern 
NUTS 2 regions Rhône-Alpes (FRK2) and Provence-Alpes-Côte d’Azur
(FRL0).

Lastly, in Suppl. Mat. E, we perform an expanding-window backtest 
where the model is repeatedly re-estimated with increasing data and 
used to forecast 1-3 years ahead. We show that the prediction intervals 
capture well the observed variability and excess mortality periods. The 
best-estimate projection of the regime-switching model also improves 

Table 6 
Evaluation of the prediction performance on the out-of-sample period using the 
Root mean square error (RMSE) and mean absolute error (MAE) between ob-
served and predicted weekly death counts for the baseline and regime-switching 
model (50% quantile). Metrics are computed across six age groups and overall. 
Relative improvement (Rel. Imp.) reflects the proportional reduction in the error 
metric of the regime-switching model compared with the baseline.

 RMSE  MAE
 Age group  Baseline  Regime Switch  Rel. Imp.  Baseline  Regime Switch  Rel. Imp.
 65–69  6.82  6.64  0.03  5.10  4.96  0.03
 70–74  8.94  8.48  0.05  6.73  6.42  0.05
 75–79  11.04  10.06  0.09  8.17  7.48  0.08
 80–84  10.22  9.52  0.07  7.50  7.08  0.06
 85–89  13.96  12.22  0.12  10.13  9.05  0.11
 90+  24.46  21.46  0.12  17.03  15.18  0.11
 Overall  13.82  12.37  0.11  9.11  8.36  0.08

accuracy by about 8% at the 1-year horizon, while gains at the 3-year 
horizon are a bit less pronounced (≈ 2% improvement).

6.4.  Short-term mortality forecasting with scenario-based approaches

To avoid constructing a point forecast for the exposure-to-risk, we 
focus on forecasting the death rates per 1 000 person-years in the short-
term. Hereto, we use temperature scenarios based on the RCP 4.5, and 
RCP 8.5 pathways from the Copernicus Climate Change Service (Coper-
nicus Climate Change Service, 2021). For influenza, we generate mod-
erate and severe incidence scenarios using a Bayesian stochastic SIRS 
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Fig. 13. Projections for the daily average temperature based on the RCP 4.5, and RCP 8.5 scenarios (left panel), and for the weekly influenza activity per 100 
inhabitants based on the proposed Bayesian stochastic SIRS model (right panel). We provide a moderate and severe incidence scenario for influenza activity using 
the point-wise 50%, and 95% quantiles of the posterior predictive samples, respectively. The top panels show the results for Pays de la Loire, while the bottom panels 
depict the results for Provences-Alpes-Côte d’Azur.

Table 7 
Evaluation of the prediction performance on the out-of-sample period using 
the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) between 
observed and predicted weekly death counts for the baseline and regime-
switching model (50% quantile). Metrics are computed across the 21 French 
NUTS 2 regions and overall. Relative improvement (Rel. Imp.) reflects the pro-
portional reduction in the error metric of the regime-switching model com-
pared with the baseline.

 RMSE  MAE
 Region  Baseline  Regime Switch  Rel. Imp.  Baseline  Regime Switch  Rel. Imp.
 FR10  29.99  26.02  0.13  21.08  18.26  0.13
 FRB0  11.06  9.74  0.12  8.06  7.35  0.09
 FRC1  8.81  8.60  0.02  6.54  6.33  0.03
 FRC2  6.32  6.15  0.03  4.71  4.63  0.02
 FRD1  8.92  8.17  0.08  6.47  6.05  0.06
 FRD2  9.25  8.59  0.07  6.78  6.48  0.04
 FRE1  15.17  13.97  0.08  11.23  10.28  0.08
 FRE2  9.57  8.80  0.08  7.02  6.64  0.06
 FRF1  9.01  8.17  0.09  6.57  6.08  0.07
 FRF2  8.00  7.36  0.08  6.06  5.63  0.07
 FRF3  10.51  9.75  0.07  8.01  7.48  0.07
 FRG0  15.91  13.63  0.14  11.22  10.02  0.11
 FRH0  14.43  12.87  0.11  10.17  9.45  0.07
 FRI1  13.98  13.24  0.05  9.93  9.48  0.05
 FRI2  5.94  5.70  0.04  4.43  4.20  0.05
 FRI3  10.61  9.72  0.08  7.46  7.02  0.06
 FRJ1  12.05  10.62  0.12  8.82  8.09  0.08
 FRJ2  12.50  11.73  0.06  8.96  8.57  0.04
 FRK1  8.02  7.77  0.03  6.05  5.83  0.04
 FRK2  21.11  18.45  0.13  15.40  13.59  0.12
 FRL0  22.68  19.85  0.12  16.35  14.17  0.13
 Overall  13.82  12.37  0.11  9.11  8.36  0.08

model (Bucyibaruta et al., 2023), which is able to generate forecasts 
for weekly new influenza cases based on posterior predictive samples. 
COVID-19 hospitalizations are set to zero, but alternative scenarios 
can be used. We include all technical details in Suppl. Mat. F. Fig. 13 
shows the results of the constructed scenarios for Pays de la Loire and 
Provences-Alpes-Côte d’Azur. Section E of the Online Appendix contains 
the results for the other regions.

We forecast death rates from the 27th ISO-week of 2024 till the 
52nd ISO week of 2029 for all NUTS 2 regions in France. Specifi-
cally, we construct the excess heat and cold index (see (2.1)), and 
the influenza activity index based on these temperature and influenza 
scenarios during the forecasting period. We then apply the forecast-
ing strategy discussed in Section 5 to incorporate parameter, spatial, 
state, and Poisson uncertainty in the predicted mortality outcomes. 
We construct four prediction intervals corresponding to four different
scenarios:

1. moderate influenza and RCP 4.5 scenario,
2. severe influenza and RCP 4.5 scenario,
3. moderate influenza and RCP 8.5 scenario,
4. severe influenza and RCP 8.5 scenario.

Fig. 14 shows the 95% prediction intervals for the death rates at age 
group 90+ in Pays de la Loire and Alpes Côte d’Azur. The left panels 
display the blue and orange intervals associated with scenario 1 (mod-
erate influenza, RCP 4.5) and scenario 2 (severe influenza, RCP 4.5), 
while the right panels show the green and red intervals correspond-
ing to scenario 3 (moderate influenza, RCP 8.5) and scenario 4 (severe 
influenza, RCP 8.5). Prediction intervals for scenarios 1 versus 2 and 
for scenarios 3 versus 4 differ substantially in winter because higher

Insurance Mathematics and Economics 128 (2026) 103250 

14 



J. Robben, K. Barigou and T. Kleinow

Fig. 14. We present 95% prediction intervals for the weekly death rates per 1 000 person-years in Pays de la Loire (top row) and Provence-Alpes-Côte d’Azur (bottom 
row) for the age group 90+, from the 27th ISO week of 2024 to the 52nd ISO week of 2029. The left panels show the results for the moderate (blue) and severe 
(orange) influenza scenario combined with the RCP 4.5 temperature projection, whereas the right panels display the results for the moderate (green) and severe 
(red) influenza scenario combined with the RCP 8.5 temperature projection. The intervals take into account parameter, spatial, state and Poisson uncertainty and 
are based on 25 000 bootstrap samples. The black line depicts the observed death rates per 1 000 person-years, from the first ISO week of 2013 to the 26th ISO week 
of 2024. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 15. We present the relative excess deaths compared to the baseline mortality model for the age group 90+ in the French NUTS 2 regions under scenario 1 
(moderate influenza, RCP 4.5) and scenario 2 (severe influenza, RCP 4.5).

mortality is expected under the severe influenza scenario. For Pays de 
la Loire, the upper bounds of the intervals for scenarios 1 and 2 during 
the winters of 2026/27 and 2027/28 exceed those of scenarios 3 and 
4. This occurs because, under RCP 4.5, the winters are projected to be 
colder than under RCP 8.5 (see Fig. 12). This pattern does not appear 
in Provence-Alpes-Côte d’Azur. Finally, during the summer weeks, the 

prediction intervals under RCP 4.5 differ little from those under RCP 
8.5. As shown in Fig. 12, summer temperatures in both scenarios re-
main relatively moderate and similar, resulting in comparable bounds 
during the weeks. The scenario-based mortality projections can provide 
insurers with valuable insights into how differing climate and influenza 
conditions may shape future mortality risks. Section F of the Online
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Appendix reports the prediction intervals of scenarios 1 and 2 for all 
age groups and NUTS-2 regions considered.

Next, we estimate the excess deaths relative to the baseline mortal-
ity model under the different scenarios. We put focus on scenarios 1 
and 2 because of the minor differences between the RCP 8.5 and RCP 
4.5 scenarios in the short-term. Hereto, we project the baseline mortal-
ity model on the forecasting period, from the 27th ISO week of 2024 
until the 52nd ISO week of 2029, and compute the estimated forecasted 
number of deaths per 1 000 person-years per week. We sum up the re-
sults over the entire forecasting period. Next, we calculated the number 
of deaths (per 1 000 person-years per week) for the median quantile of 
each scenario. We then determine the relative excess deaths by compar-
ing the scenario-based death rates with the baseline setting, expressed 
as a relative increase. We do this analysis for each region and age group. 
Fig. 15 shows the results for the 90+ age group, while Section G of the 
Online Appendix displays the results for the age groups 65–69, 70–74, 
75–79, 80–84, and 85–89. The results highlight clear regional differ-
ences. Scenario 1 leads to moderate increases in deaths compared to the 
baseline, while Scenario 2 shows much sharper rises. Although the sce-
narios for the involved covariates (influenza, temperature) are purely 
hypothetical, they provide useful insights into how different conditions 
can impact regions in France very differently.

While our short-term mortality forecasts from the regime-switching 
model account for parameter, state, spatial, and Poisson uncertainty, the 
considered RCP scenarios provide only deterministic temperature paths 
and ignore climate uncertainty. To capture this, Avanzi et al. (2025) pro-
pose to generate multiple future climate trajectories to account for both 
aleatoric and climate model uncertainties. Specifically, they combine 
ensembles of climate models to capture model uncertainty, then apply 
bias correction against historical data, and, finally, add stochastic resid-
uals to represent aleatoric uncertainty. Translating this to our setting, we 
could generate multiple stochastic temperature trajectories for each RCP 
scenario (RCP 4.5, 8.5) and feed these into the regime-switching mor-
tality model. Each trajectory would produce a corresponding mortality 
projection, thereby incorporating climate projection uncertainty in ad-
dition to the existing parameter, state, spatial, and Poisson uncertainty 
described in Section 5. While this extension would allow for a more 
complete assessment of uncertainty, the scope of the current study puts 
more focus on illustrating how mortality evolves under a given tempera-
ture scenario rather than providing a full probabilistic climate-mortality 
forecast. As such, we leave it as an avenue for future research.

7.  Conclusion

This paper introduces an intuitive framework for incorporating envi-
ronmental and epidemic factors from detailed, open-source data into a 
weekly mortality modeling framework. Specifically, we develop a three-
state regime-switching model, which includes a baseline state reflecting 
seasonal mortality trends, a summer shock state for periods of height-
ened mortality due to heatwaves, and a winter shock state to account 
for cold spells, and increased mortality linked to influenza or COVID-19 
hospitalizations.

Based on a case study on 21 regions and six older age groups in 
France, we detect regime periods of higher mortality associated with 
heat waves and cold spells, increased influenza activity or hospital ad-
missions. In the summer shock state, we estimate that the factor amplify-
ing baseline mortality is highest for the oldest age groups. Furthermore, 
we find evidence of harvesting effects, reducing mortality in the weeks 
following a moderate hot week. In the winter shock state, the amplifi-
cation of baseline mortality is associated with increased influenza activ-
ity, cold temperatures, and COVID-19-related hospitalizations. Through 
a back-test, we show that the model provides reliable short-term predic-
tions of weekly mortality, aligning well with observed data.

We emphasize that the main purpose of this paper is to make short-
term mortality predictions, and that the model in its current form is 
not intended for long-term predictions. To do this we must consider 

future improvements in heat resilience or the mitigating impact of pub-
lic health adjustments such as increased vaccination rates or expanded 
cooling centers (Bobb et al., 2014; Ferguson et al., 2006). These inter-
ventions reduce heat- and respiratory-related mortality (Stone et al., 
2014; Simonsen et al., 2005). The large-scale implementation of such 
measures usually takes several years and is therefore especially relevant 
to consider in long-term projections. However, this is beyond the scope 
of our short-term view in this paper.

While our model currently focuses on temperature, influenza, and 
COVID-19, we acknowledge that other drivers - including short-term air 
pollution spikes (Di et al., 2017), natural disasters such as flash floods 
or wildfires (Vinet et al., 2016; Tarín-Carrasco et al., 2021), economic 
crises (Falagas et al., 2009), and wars or terrorist attacks (Vandentor-
ren et al., 2016) - can also lead to short-term deviations from baseline 
mortality. These additional fluctuations are now absorbed within the 
Poisson uncertainty of the model.
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