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Abstract. Floods are a major source of losses from natural hazards, yet modelling their occurrence and severity is challenging

due to complex spatial dependencies and non-stationary behaviour over time, both of which are increasingly affected by

climate change. In this study, we characterise spatial and temporal non-stationarity in flood risk and quantify the dependence

of flood occurrences under minimal modelling assumptions. We analyse a unique dataset of flood records from 27 Alpine5

lakes spanning 1,450 years, applying penalised additive mixed models to capture the empirical spatio-temporal dependence

structure of flood events. Our results reveal pronounced regional and temporal variations in flood risk and highlight periods of

elevated susceptibility. The model further allows extrapolation of flood occurrence probabilities to unobserved locations across

the European Alps, providing a robust tool for hazard assessment under changing climatic conditions.

1 Introduction10

Floods are a major source of economic losses due to natural catastrophes. In 2021 alone, they caused USD 80 billion in dam-

ages, of which USD 20 billion were insured, and globally, insured losses due to floods over the last 20 years have accumulated

to USD 140 billion (Bevere and Remondi, 2022). Given the magnitude of catastrophic flood events, understanding their un-

derlying mechanisms and occurrence patterns is crucial both for enhancing the resilience of affected communities and for

(re)insurance companies in order to provide appropriate coverage.15

Despite the increasing frequency of extreme weather events, the long-term variability of flood occurrences in the European

Alps remains only partially understood. Most studies rely on short-term hydrometric records, which often fail to capture

variability over centuries or millennia. Due to the complex interplay between climatic and geomorphological factors, statistical

methods that can analyse flood patterns across space and long temporal scales are powerful tools to better understand past flood

regimes and to inform future hazard assessments.20
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Several approaches have been used to investigate flood occurrence patterns. Using hydrometric records, Merz et al. (2016)

analysed 80 years of flood data across Germany to determine whether significant changes of flood occurrence patterns through-

out time are present. Their results suggest that temporal clustering depends on the considered flood severity and time scale.

In a pan-European database covering more than 4000 hydrometric stations over the last five decades, Blöschl et al. (2017)

detected significant changes in the timing of floods within a year, which can be interpreted as a climate signal at the continental25

scale. Expanding the scope further, Blöschl et al. (2019) observed considerable regional differences in whether climate change

increases or decreases river flood frequency, highlighting the heterogeneous nature of flood responses to climate forcing.

An alternative approach relies on lake sediment data, which provide long-term flood reconstructions beyond the limits of

hydrometric records. During floods, soil erosion in the lake’s watershed transports sediments to the lake through runoff and

river flow. The deposition of these sediments forms distinct flood layers within the lake sediments, which can be attributed to30

specific years, allowing the reconstruction of flood histories spanning up to 10,000 years (Wilhelm et al., 2019, Sec.2.4). For

example, Swierczynski et al. (2013) investigated the variation of flood frequency around Lake Mondsee (Austria) over the last

7,100 years, analysing regional and seasonal features of flood occurrence under changing climate conditions. Similar studies

have been conducted for lakes in England (Chiverrell et al., 2019) and Norway (Engeland et al., 2020). Building on these

efforts, Wilhelm et al. (2022) compiled the largest currently available paleo-flood dataset, comprising 27 lakes in the European35

Alps with records ranging from 150 to 10,000 years, and applied a statistical study of marginal flood frequency to each site.

In this paper, we extend the analysis presented in Wilhelm et al. (2022) by employing Generalised Additive Models (GAMs),

a flexible statistical framework that allows data-driven non-linear relationships between predictors and response variables

without enforcing their shape (Hastie and Tibshirani, 1986; Wood, 2017). GAMs provide a balance between interpretability

and predictive accuracy, making them particularly useful for paleoflood records where abrupt shifts in flood frequency may40

occur over different climatic regions or periods. Furthermore, GAMs can be extended to Generalised Additive Mixed Models

(GAMMs), which can be used to incorporate spatially and temporally structured dependencies. This is crucial for paleo-

sediment data, as flood records are often irregularly distributed in space and time. Spatial smoothing and hierarchical modelling

within GAMMs help interpolate missing data and provide robust estimates of flood probability, even in locations with limited

direct observations. This methodology allows for a detailed reconstruction of past flood regimes and lays the groundwork for45

more reliable predictions under future climate scenarios.

Various fields have benefitted from the application of GAMs, including hydrology and flood risk. Chebana et al. (2014)

introduced GAMs in regional flood frequency analysis (RFFA) for 151 hydrometric stations in Québec, Canada, highlighting

the limitations of traditional log-linear regression models in capturing non-linear relationships between flood quantiles and

basin characteristics. Similarly, Rahman et al. (2018); Rima et al. (2025) applied GAMs for RFFA in Australia, demonstrating50

that GAMs provide more accurate and reliable estimates of flood quantiles compared to less flexible methods. In the context

of Alpine hydrology, Brunner and Naveau (2023) used GAMs to reconstruct reservoir operation signals for 74 central Alpine

catchments, predicting natural streamflow conditional on covariates such as temperature, precipitation, day of the year, and

glacier mass balance changes, and identifying distinct reservoir management strategies, including pronounced seasonal water

redistribution in high-elevation catchments.55
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Our dataset consists of flood records from 27 Alpine lakes, dating back up to 9,050 years. For each lake, we know whether

a flood occurred in any given year and we have spatial information, including latitude, longitude, altitude, and catchment area.

Our objective is to analyse the evolution of yearly flood probabilities over time while considering the spatial characteristics of

each location. GAMs and GAMMs are particularly suited to this task: they allow modelling of flood occurrence likelihood as

a smooth function of space and time, include random effects to capture spatial correlation, and can accommodate hierarchical60

structures inherent in repeated or grouped observations (Wood, 2006, 2017). The inclusion of covariates allows flexible assess-

ment of non-linear effects, confirming or refuting their relevance for lake sediment flood data. Additive models also naturally

handle missing observations due to the continuous nature of the estimated effects, enabling robust reconstruction across irregu-

lar temporal records. The resulting model can therefore be interpreted as a continuous-time and continuous-space interpolation

of discrete flood events, providing a comprehensive estimate of flood probability over the Alpine region.65

The remainder of this paper is organised as follows. Section 2 provides the theoretical foundations of the Generalised

Additive Mixed Model framework, detailing the mathematical advantages of penalised splines and random effects for hazard

modelling. In Section 3, we describe the study area and the paleoflood dataset from the 27 Alpine lakes. Section 4 presents the

spatio-temporal model specification, where we justify the treatment of flood occurrences as increments of a counting process

to ensure statistical robustness. The empirical results, including the reconstruction of flood probabilities over the last 1,45070

years and the identification of significant spatial and temporal predictors, are presented in Section 5. These findings are further

interpreted and contextualised in the conclusion, where we discuss the physical implications of the identified trends in relation

to climatic variability and conclude with an outlook on the potential applications of this framework for quantitative flood risk

assessment and (re)insurance strategies.

2 The Generalised Additive Mixed Model framework75

We slightly adapt the notation from Wood (2006, 2017). Let {Ys(t) : t ∈ T ,s ∈ S} denote a (for our purposes one-dimensional)

stochastic process defined on the compact spatial set S ⊂ R+,2 and a compact temporal domain T ⊂ R+. It is assumed that the

random variable Ys(t), conditionally on the covariate vector Xs,t and for fixed s ∈ S and t ∈ T , follows an exponential family

distribution. That is, in a GAMM we have

Ys(t) |Xs,t ∼ EF(µs(Xs,t),ϕ) , s ∈ S, t ∈ T , (1)80

where ϕ is the scale parameter and the conditional expectation of the distribution takes the form

µs(Xs,t) = E(Ys(t) |Xs,t) = g−1

(
Ws,tβ +Zsu+

∑

i∈I
fi(Xi

s,t)

)
= g−1(ηs(t)). (2)

Here, g(·) is a known continuous monotone link function. For each observation (s, t), Ws,t ∈ R1×p denotes a row vector of

covariates entering the model linearly with corresponding coefficient vector β ∈ Rp. The term Zs ∈ R1×q is a design vector

for random effects, and u ∈ Rq is a vector of random effect coefficients with distribution u∼N(0,Ψ), where Ψ ∈ Rq×q is an85

unknown covariance matrix.

3

https://doi.org/10.5194/egusphere-2026-1016
Preprint. Discussion started: 19 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Finally, for a finite set of indices I, {fi(·)}i∈I are unknown smooth functions that introduce non-linear effects of covariates

on the distribution (1). Each function depends on the i-th component Xi
s,t of the covariate vector Xs,t. The cardinality of I is

not fixed a priori, as it depends on the number of smooth terms included in the model.

2.1 Smooth function representation90

We now go into the details of the additive part of model (2). In order to carry out the estimation for the unknown smooth

functions {fi(·)}i∈I , we represent them as a linear combination of known basis functions {aj(·)}j=1,...,J with unknown

coefficients {αij}i∈I,j=1,...,J . Let A(x) = (a1(x), . . . ,aJ(x))′. Thus, for each non-linear term, we have

fi(x) =
J∑

j=1

αijaj(x) = A(x)′αi, i ∈ I. (3)

When fi(·) is evaluated over a finite set of observations {xk}n
k=1, the vector of evaluations (fi(x1), . . . ,fi(xn))′ can be written95

in matrix form as Aαi, where A ∈ Rn×J is the corresponding model matrix with rows A(xk)′, and α′i = (αi1, · · · ,αiJ) are the

corresponding coefficients. By exploiting (3), smooth predictors of multiple covariates can be constructed as tensor products of

marginal smooth basis functions (see Wood (2006)). For example, consider a smooth function f(·) of three covariates x,y,z.

Given the sets of marginal basis functions {a(·)}J
j=1,{b(·)}K

k=1,{c(·)}L
l=1 chosen for x,y,z, the three-dimensional function

can be expressed as100

f(x,y,z) =
J∑

j=1

K∑

k=1

L∑

l=1

αjklaj(x)bk(y)cl(z). (4)

Naturally, formulation (4) can be adapted to deal with any number of covariates. That is, a larger number of covariates can be

considered either as additional marginal bases or as multivariate basis functions. For any set of covariate observations, a model

matrix Axyz can be produced from the marginal model matrices Ax,By and Cz . Given the row-wise Kronecker product ⊙,

we have105

Axyz = Ax⊙By ⊙Cz, (5)

if the ordering of marginal basis function evaluations is respected. Note that Wood (2017) contains extensive material about

the possible basis functions generally used in GAMs.

Having established a finite representation of the non-linear terms {fi(·)}i∈I using known basis functions, the next step is

to prevent overfitting during estimation. Including too many basis functions can result in an overly “wiggly” fit that introduces110

artifacts, whereas using too few fails to capture the underlying structure of the data. Consequently, it is crucial to find a trade-off,

which is achieved by employing a sufficiently large number of basis functions while penalizing their coefficients appropriately.

In particular, a quadratic penalty term

Ji(fi) = α′iPiαi (6)

is included when performing estimation. In the present application, the quadratic term is based on the integrated squared115

curvature, namely the second derivative, of the smooth function. Concretely, Pi is obtained from integrated squared derivatives
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of the basis functions, as in standard spline-based smoothers (see Wood (2017)). There are multiple ways to determine penalties

of the form (6), but for the sake of conciseness, we refer readers to Wood (2017) for more details on how such terms are obtained

in practice. Moreover, we note penalty terms for multidimensional predictors similarly to (6).

With a slight modification to (6), it is possible to embed in the penalty term a way to shrink the whole function fi(·) in case it120

is found to be negligible in the data description. In particular, it suffices to consider

Ji(fi) = α′i (Pi + ϵiI)αi, (7)

with I the identity matrix of appropriate dimension and ϵi > 0 a small constant.

2.2 Random effects representation

Random effects in GAMMs allow for the inclusion of hierarchical structures, group-level variations, and dependency structures125

in the model. Such effects are incorporated through the term Zsu in (2), where Zs is a design vector mapping observations to

random effect levels, and u∼N(0,Ψ) is a vector of random effect coefficients with an unknown positive definite covariance

matrix Ψ.

A simple case is when each spatial location s ∈ S belongs to a discrete group (e.g., a region, a station, or a time-based cluster),

and the effect of each group is modelled as a random intercept. This assumes that observations within the same group share a130

common deviation from the overall mean. Concretely, the random intercept model corresponds to

Zsu = us, (8)

where us ∼N(0,σ2
s) represents the random effect for group s (location in our case). If the {us}s are independent across groups,

this formulation introduces intra-group correlation only, meaning that observations from the same location are expected to be

more similar than those from different groups.

In the additive models’ framework, including GAMM, random effects are estimated with a penalty term, much alike what we

described for non-linear terms in the previous section. Specifically, we consider random intercepts (8) with penalty

Ju = u′Ψ−1u,

where random effects coefficients are penalized based on their empirical covariance structure Ψ. In spatial applications it is

common to allow the random intercepts to be correlated as a function of distance, so that observations from nearby locations

are also dependent. In that case, given two observations Ys,t and Ys′,t′ , their covariance can be expressed as135

Cov(Ys,t,Ys′,t′) =





σ2, if s = s′,

σ2− γ(h) if s and s′ are h-distant.
(9)

By h-distant we mean that the two spatial locations s and s′ have a spatial distance equivalent to h units. Hence, smaller

h implies stronger dependence, and the case s = s′ is recovered by h = 0. In spatial statistics, it is common to assume that

the second order properties of a process solely depend on the distance between locations, and not locations themselves. This

5

https://doi.org/10.5194/egusphere-2026-1016
Preprint. Discussion started: 19 March 2026
c© Author(s) 2026. CC BY 4.0 License.



framework is referred to as spatial stationarity. This distance-based covariance will be made explicit in Section 4.2 (see (18)).140

If additional hierarchical levels or structured random effects (e.g., spatiotemporal random effects) are included, the covariance

structure generalizes to account for more complex dependencies. For a more detailed discussion of random effects in GAMMs,

including estimation and penalization techniques, we refer the reader to Wood (2017).

2.3 Estimation procedure

Let Ai and Pi denote the basis expansion model and penalty matrix for predictor fi, i ∈ I. To express (2) fully in linear terms,145

Ws,t, Zs and Ai’s can be combined (column-wise) such that

X s =
(

Ws,t Zs A1 · · · Ad

)
(10)

becomes the global model matrix of model (2). Note that we assume that the cardinality of I is d in the sequel. Moreover, the

global penalty term can be expressed as
∑

i′ λi′θ
′Pi′θ, where λi′ are positive smoothing parameters and θ is a concatenation

of coefficients β, u and αi’s. Here, we use i′ ̸= i to denote the number of terms that are penalised. The matrix Pi′ is a150

block diagonal matrix such that θ′Pi′θ = α′iPiαi. Additionally, blocks should be such that unpenalised terms lead to a null

summand in the sum. Indeed, i′ differs from i as coefficients associated with β do not require penalisation.

Therefore, the GAMM can be expressed as the over-parametrised GLM

g (µs(Xs,t)) = X sθ, Ys(t)∼ EF(µs(Xs,t),ϕ), (11)

where the optimisation problem155

θ∗ = argmin
θ

[
D(θ)+

d∑

i=1

λiθ
′Piθ

]
(12)

is our main focus. Here, D(θ) is the model deviance, defined as twice the saturated log-likelihood minus the log-likelihood.

Usually, it is not possible to write (12) as a tractable expression. To remedy this issue, Wood (2010) introduces an iterative

procedure to find optimal θ and λ using a Laplace approximate marginal likelihood estimation. For the sake of readability, we

do not summarise the estimation algorithm but simply refer to Wood (2010).160

2.4 Regression diagnostics

In addition to the standard regression diagnostic tools for GAMs, we employ the DHARMa package introduced by Hartig (2024)

to assess the adequacy of the fitted GAMM. For more traditional approaches see Wood (2017) and the mgcv package Wood and

Wood (2015) in the R programming language. DHARMa provides diagnostics for hierarchical regression models (DHARMa),

building upon the residual simulation framework described in Dunn and Smyth (1996); Gelman and Hill (2007). Traditional165

residuals in models with non-Gaussian responses can be difficult to interpret due to their dependence on the mean-variance

relationship and non-linear link functions. DHARMa overcomes these limitations by generating standardized residuals through

a simulation-based approach, ensuring uniformity under the correct model specification. The main idea behind DHARMa is the
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following. Given the fitted GAMM, DHARMa generates multiple simulated datasets by drawing new response values from the

conditional distribution of the fitted model. Then, the observed response values are ranked relative to the simulated distributions170

at each data point. The residuals are then computed as empirical cumulative distribution function values, ensuring they follow

a uniform distribution, in the absence of model misspecification. This transformation makes it easier to identify systematic

deviations from model assumptions, such as misspecified variance structures, zero inflation, or residual autocorrelation. A

variety of statistical tests are provided in DHARMa, offering a more robust evaluation of model performance, particularly when

working with complex data structures and mixed models.175

3 Data and Study Area

Traditional paleoflood hydrology reconstructs the frequency and magnitude of past floods using geological evidence, such

as flood deposits or geomorphological features in the river system (see Kochel and Baker (1982)). Over the past 30 years,

paleoflood markers have raised further attention in modelling individual extreme floods. Another technique to obtain a complete

flood series is to use lake sediment cores. There, abundant flood layers can be dated according to their position in the sediment180

core. The temporal resolution depends on the dating techniques. In annually laminated lake sediments, each year can be

assigned to a particular layer providing a precise time (e.g. Swierczynski et al. (2013)). The most comprehensive dataset of

long-term, continuous geology-based flood records from the European Alpine region was recently analysed in Wilhelm et al.

(2022) . They studied how temperature changes affect flood hazards for different periods of history. Inspired by the latter work

and by Albrecher et al. (2019), we aim to use these flood records to infer a spatial and temporal model for the number of floods185

in a given time period, focusing on the empirical dependence structure of flood risk over time and space. Given the yearly

temporal resolution of the data, it would be possible to study a GAMM which focuses on yearly flood probabilities. However,

for reasons that are showcased later, we have decided against this approach.

The dataset from Wilhelm et al. (2022) collects paleoflood data of n = 27 lakes in the European Alps (see Figure 1 for

their locations). That is, the dataset contains the number of floods that occurred in each year. The available time span of the190

record varies across different lakes and ranges from the last 150 to the last 9,050 years (starting from 2000 CE; note that the

common era (CE) time scale is generally used in flood risk analysis). Additionally, the dataset includes detailed information

on each lake’s location and physical characteristics. Specifically, we know geographic characteristics such as longitude and

latitude (expressed in decimal degrees (DD)), altitude (expressed in meters above sea level), size of its catchment area (in

squared kilometres) and the maximal elevation point of that area (also in meters above sea level). Furthermore, in Wilhelm195

et al. (2022, Extended Data Table 1) we find a variable that provides information about the timing of floods during a given year.

This variable, named “flood season", indicates whether floods are more likely to happen in spring, summer, autumn, winter or

any combination of these. For example, some lakes are reported to have spring and/or summer as their flood season. Lakes for

which the flood season is unknown have been grouped together.

200
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Figure 1. Locations of alpine lakes associated with sediment records. Unique colors identify individual lakes. The plot was created in R with

packages geodata (Hijmans, 2025), terra (Hijmans et al., 2026), and rnaturalearth (Massicotte and South, 2026).

The dataset for our study exhibits varying availability of flood data across different lakes, with complete records spanning

9,050 years for only eight lakes (cf. Figure 2). Due to this inconsistency and the potential numerical instability of estimating

regression predictors over the entire period with such a small sample, we consider a single GAMM that employs the longest

time resolution for which most information is available, namely the last 1,450 years.

4 Spatio-temporal Model Specification205

In this section, we implement the techniques described above to develop a spatial and temporal model that studies flood risk in

the European Alpine region.
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Figure 2. Temporal resolution of sediments records in Wilhelm et al. (2022). For each lake, we observe how far back into the past a

sediment record spans. Blue-coloured dots correspond to years with observed values. Only seven records are complete, while others reach

approximately 450 CE. Also, three of them have missing values in more recent years. The time scale employed is time Before Present (B.P.),

where 1,950 CE is chosen as the reference point.

4.1 Increment of a counting process

As discussed previously, it would have been possible to model yearly flood probabilities directly using a GAMM. We explored

this approach, but found that no specification could avoid assumption violations: residuals from candidate models exhibited210

strong patterns and systematic dependence on covariates, and overall predictive performance, for instance measured by de-

viance explained, was unsatisfactory.

Motivated by the theory of doubly stochastic Poisson processes driven by Lévy subordinators (Selch et al., 2018), we

therefore focus instead on increments of the flood counting process. Specifically, let Ns(t) denote the number of floods at time

t and location s, and define the increment over a time interval (t, t + τ ] as215

Ys(t,τ) := Ns(t + τ)−Ns(t). (13)

The increment Ys(t,τ) is assumed to follow a Negative Binomial distribution, with conditional expectation given by the

GAMM specification in (2) and variance

Var(Ys(t,τ)) = g−1 (ηs(t,τ))
(

1 +
g−1 (ηs(t,τ))

γ

)
, (14)

where γ is a dispersion parameter, and the expectation also depends on the length of the increment τ . Alternatively, the220

increments can be represented in a Cox process framework as

Ys(t,τ)∼ Poisson(Ms(t,τ)), (15)
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with Ms(t,τ) following a Gamma distribution,

Ms(t,τ)∼ Γ
(

γ,
γ

g−1(ηs(t,τ))

)
. (16)

It is important to note that, due to the GAMM formulation, our model does not fully recover a doubly stochastic Poisson225

process with a Gamma (Lévy) subordinator. Incorporating the starting time t into the moments of the distribution leads to non-

stationary increments, and the shape parameter of the Gamma distribution is independent of the increment length τ . While it

would be possible to parametrise the model such that increments correspond to those from a stationary Cox process (Albrecher

et al., 2017, Ch.5.2.4), we do not pursue this approach here. In practice, assuming stationary increments is too restrictive

for natural processes like floods, where time itself influences the distribution estimated by (2). Nonetheless, the connection230

to stationary Cox processes provides a useful conceptual link and offers a natural interpretation of the model in terms of

increments of a counting process.

4.2 Spatio-temporal model

In the subsequent analysis, we describe the GAMM model used to study the increments (13).

The conditional expectation is assumed to originate from235

ηs(t,τ) = log(µs(Xs,t.τ )) =log(τ) + β + us + bseason(s)+

ftime(t) + fspace(s) + fspace-time(s, t)+

falt(alts) + fca(cas) + fcaalt(caalts). (17)

The time interval of the increment is used as an offset, such that the remaining terms of exp(ηs(t,τ)) can be understood as the

probability to have a “flood year". Indeed, the conditional expectation becomes the product of the number of years considered

and the remaining exponential term, which can be regarded as a probability whenever ηs(t,τ)≤ 0. Moreover, using τ as an

offset separates the effect of predictors from the size of the time interval considered. The coefficient β is a simple regression240

coefficient, which is complemented by ftime(t) to model a baseline conditional expectation across time. Deviations from the

shared mean function are explained by the remaining feature-dependent predictors.

We introduce two separate random effects vectors u∼N(0,Σs) and b∼N(0,Σseason) to introduce correlation between in-

crement realisations observed at the same location s and, through Σs, between nearby locations, as well as for lakes that have

the same flood season. Here, Σ denotes a general covariance matrix which we compute empirically. These random effects can245

be interpreted as adjusting coefficients that lead to a more precise estimation of conditional means, while accounting for corre-

lation within and between nearby locations. They can also be considered as variables that capture the effect of non-measured

features that might play a role in describing the distribution of data. In our particular case, we do not have many sampling

locations or many covariates to determine the distribution under study. Therefore, the use of random effects is justified.

Regarding u, a distance-based dependence notion is considered for Σs, such that lakes close to each other have stronger250

correlation than lakes that are further away. We briefly describe how to introduce this type of dependence in random intercepts.
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We adopt the methodology given in Pebesma (2004). First, a distance matrix dij = ∥si− sj∥2 is obtained, where dij = dji,

dii = 0 and i, j = 1, . . . ,27. Then, the omnidirectional empirical semivariogram

γ̂(h) = 1
2 Var

(
Ysi(t,τ)−Ysj (t,τ)

∣∣ dij ≈ h
)

(18)

is computed. The empirical semivariogram (18) is then used to fit the following parametric model255

γ(h) = c0 + c1

(
1− e−h/ρ

)
, (19)

by solving the optimisation problem (c∗0, c
∗
1,ρ

∗) = argminc0,c1,ρ

∑
h (γ(h)− γ̂(h))2 for some distances h. The fitted parame-

ters are then translated into the covariance function

{Σs}ij = c∗0 + c∗1 e−dij/ρ∗ , i, j = 1, . . . ,27, (20)

which emulates an isotropic Gaussian random field, namely a continuous spatial Gaussian process whose covariance only260

depends on the magnitude of the distances between locations, with exponential correlation. Finally, the resulting matrix Σs

is inverted to give the penalty matrix P = Σ−1
s used for the spatial random intercepts in (17). Note that there exist many

alternatives to the exponential model (19), but this discussion is outside the scope of our analysis. We instead refer the interested

reader to Cressie (1993); Hristopulos (2020) for more details on the subject.

Besides longitude and latitude, catchment characteristics are assumed to have a non-linear effect on the additive score.265

These (possibly) non-linear functions aim at reflecting the complexity of weather patterns in alpine areas. They acknowledge

the multi-faceted nature of flood occurrences, which are influenced by factors such as altitude, precipitation, soil moisture, and

snowmelt.

A two-dimensional smooth function captures the effect of locations s (longitude and latitude) on flood occurrences, while

a three-dimensional predictor captures the interaction between location s and time t. The function fspace aims at explaining270

the variability over the bounded spatial extent of the Alps considered (see Figure 1). A smoother soap film (see Wood et al.

(2008)) is used for the spatial marginal basis in fspace to avoid artificial boundary effects. We use the same marginal bases

for the interaction term fspace-time, and thin-plate splines are used as temporal basis functions. We let spatial predictors vary

non-linearly, as the European Alpine region is affected by different climatic effects over time and space. For example, small

catchment areas are affected by local short-duration convective storms with high intensities more than long-duration synoptic275

storms (see Blöschl et al. (2019)). Note that we employ (7) as penalty terms, to identify if smooth functions in (17) are

necessary.

In principle, the model in (17) could be more complex. It would be possible to incorporate more interaction terms or to

assume a varying coefficient model where all predictors are free to vary across the spatial region or temporally. Given the

small number of observations at our disposal, a more complex additive score does not necessarily lead to a better performance.280

Moreover, a complex model is more likely to suffer from over-fitting. Increasing the number of basis functions used in expan-

sion (3) can also increase model complexity. One of the drawbacks of GAMs is that the number of basis functions needs to be

pre-specified. One needs enough basis functions to not under-smooth the data, and at the same time, only a few to not run into

over-fitting problems. In the following application, we keep the mgcv default number of basis functions.
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5 Results285

5.1 Flood risk during the last 1,450 years

Our application focuses on the time period for which the most observations are available, spanning 1,450 years from 550 CE to

2,000 CE. We model increments of length τ = 20 years, so that the response variable in the GAMM represents the number of

floods occurring within each 20-year interval. This choice of τ balances the need for sufficient data within each increment while

ensuring that the model assumptions are respected and that residual patterns remain consistent with the theoretical specification.290

The estimation results of (17) are summarised in Table 1. Significant predictors identified by the GAMM include the fixed

effects β̂, random intercepts ûs, and smooth functions representing temporal, spatial, and space-time interactions (f̂time, f̂space,

f̂space-time). In contrast, smooth terms corresponding to flood seasonality, altitude, and catchment characteristics are penalised

to zero, indicating that these factors do not contribute additional explanatory power once the other smooth terms are included.

Model fit metrics further confirm satisfactory performance: the coefficient of determination is R2 = 0.624, and the proportion295

of deviance residuals explained is 0.551, showing that the model captures a substantial fraction of the variability in the observed

increments over the last 1,450 years.

Parametric terms Estimate Std. Error z value Pr(>|z|)
β̂ -2.418 0.257 -9.412 0.000

Smooth terms edf Ref.df Chi.sq p-value

ûs 18.355 26 193.433 0.000

b̂season(s) 2.731 8 26.600 0.201

f̂time(t) 9.920 29 32.422 0.000

f̂space(s) 4.146 26 3160.734 0.005

f̂space-time(s, t) 26.170 100 115.402 0.000

f̂ca(cas) 0.000 19 0.000 0.869

f̂caalt(caalts) 0.000 19 0.000 0.999

f̂alt(alts) 0.002 19 0.001 0.494

Model fit -REML R2 Deviance exp.

-2639.400 0.624 0.551
Table 1. Summary statistics for the GAMM terms.

Note that the overall expectation for all locations in the Alps is τ exp
(
β̂
)

= 1.782 floods per 20-year period, which serves

as the baseline estimate. The effect of any estimated predictor on this baseline is expressed through the multiplicative term

exp
(
f̂(·)

)
, capturing deviations from the overall expectation in a flexible, interpretable manner.300

Random intercept estimates are shown in Figure 3 and represent lake-specific deviations from the baseline τ exp
(
β̂
)

, acting

as shifts on the common functional intercept. Positive values of ûs indicate that a lake is more likely to experience floods than

the overall average, while negative values indicate a lower likelihood. For most lakes, the 90% confidence intervals of these
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estimates are wide, yet several lakes exhibit significant deviations. Notable examples include Mondesee, du Bourget, Glattalp,

Anterne, and Allos in the left panel, and Trueb, Thun, Garlate, Faelen, Cadagno, and Baldegg in the right panel. In particular,305

Lakes Inferiore di Laures, Ledro, and Oeschinen show approximately double the baseline probability of flood events, whereas

Lakes Iffig, Saviese, and Grimsel display roughly half the baseline probability.
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Figure 3. Error bar plot of estimated random intercepts exp(ûs) for each lake, along with its 90% point-wise confidence interval.

We proceed by examining the smooth functional terms identified as significant (note that the season effect b̂season(s), as well

as f̂alt, f̂ca, and f̂caalt, are not significant).

Figure 4 displays the estimated functional predictor exp
(
f̂time(t)

)
with its point-wise 90% confidence interval, revealing the310

non-stationary nature of flood occurrences over time. Rather than following a uniform monotone trend, the time effect exhibits

periods of increasing and decreasing flood activity. For example, flood risk is about 20% lower in 555 CE, gradually intensifies

until around 710 CE, and then declines again. The lowest values occur prior to the Oort Solar Minimum (1010–1140 CE).

After 876 CE, a sharp rise is observed, peaking around 1340 CE, followed by a gradual decrease until 1670 CE. A modest

increase occurs between 1670 and 1840 CE, after which the time effect slightly declines, before trending upward again in the315

most recent years. This temporal pattern highlights the complex, non-linear evolution of flood occurrences across the last 1,450

years.

Overall, we observe a clear increase in the expected number of floods over 20-year periods since 550 CE. This aggregate pat-

tern is consistent with the findings of Schmocker-Fackel and Naef (2010), who reported that flood activity in Swiss catchments

alternated between periods of higher and lower frequency, independent of catchment size. They also noted a recent increase in320
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Figure 4. Smooth functional intercept exp
(
f̂time(t)

)
, describing the effect of time on the additive score. The grey ribbon depicts the 90%

point-wise confidence interval.

flood activity starting in the 1970s, which is only partially captured in Figure 4. Similarly, Ruiz-Villanueva and Molnar (2020,

Sec. 3.3) found that European flood frequencies over the last 500 years exhibit variations on timescales of 30 to 100 years.

The fluctuations observed in Figure 4 suggest that flood frequencies are influenced by long-term climatic and environmental

factors that are not directly observed in our model. This aligns with previous studies indicating alternating flood-rich and flood-

poor periods, reinforcing the view that historical flood occurrences follow cyclic, non-stationary patterns rather than a constant325

trend. For comparison and as a consistency check, Figure 5 shows the total number of floods across all lakes aggregated in

20-year windows, together with a moving average with a bandwidth of 20 years. As expected, this aggregation smoothes out

short-term variations, resulting in less pronounced fluctuations than those depicted in Figure 4. The two figures would only

coincide closely if the lake sites were relatively uniformly distributed across space.

Figure 6 shows the estimated spatial predictor exp
(
f̂space(s)

)
, highlighting clear regional differences in flood risk across the330

European Alps. This surface represents the broad-scale spatial trend after accounting for lake-specific random intercepts; the

distribution of ûs (with covariance Σs) captures additional location-level deviations not explained by the smooth spatial term.

Averaged over time, the central Alpine region (blue-colored area) is less prone to floods, whereas the South-Western region

exhibits the highest values, with a factor of 1.2 corresponding approximately to a 20% increase in flood risk conditional on

all other predictors. Extending this analysis in both space and time, Figure 7 presents the space-time predictor f̂space-time(s, t),335

which captures how regional flood risk evolves over the last 1,450 years. The soap smoother used in the estimation assigns null

values to coordinates at the Alpine boundaries, preventing boundary artifacts and ensuring smooth estimates across the domain.

At the beginning of the period (t = 550 CE), most of the Alps show relatively low flood risk, except for elevated risk in the

South-Western-most and North-Eastern-most areas. By t = 734 CE, the Eastern Alps display heightened risk, which reverses

around t = 1420 CE with increased flood probability in the Western region, a pattern consistent with historical observations of340
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Figure 5. Moving average (bandwidth 20 years) of total number of floods across the 27 lakes (blue) versus actual batch counts across

consecutive 20 year periods (grey).

reduced flood activity in Central-Eastern Europe (Brázdil et al., 2005; Mudelsee et al., 2003). Differences are less pronounced

by t = 1645 CE, but the following two centuries show amplified regional variability, with increased flood frequency in the

central Alps. In the most recent period (t = 2000 CE), the central region exhibits relatively lower flood risk compared to

surrounding areas, aligning with instrumental records (Blöschl et al., 2015). Collectively, these spatio-temporal variations

reveal distinct hydroclimatic sectors within the European Alps and illustrate the strong sensitivity of regional flood patterns to345

both natural variability and climate change (Blöschl et al., 2019).
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)
. Black dots indicate the lakes’ locations.
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)
for selected time points. All the plots use the same colour grading. Black dots

indicate the lakes’ locations.

5.2 Model diagnostics

We now assess model adequacy through a detailed analysis of residuals. As discussed in Section 2.4, we follow the simulation-

based diagnostic approach proposed by Hartig (2024), where residuals generated under a correctly specified model are expected

to follow a uniform distribution. Figure 8 summarises the main diagnostic checks, displaying a QQ-plot of simulated residuals350

in the left panel and a residual-versus-fitted plot in the right panel. The QQ-plot shows close agreement between observed

and expected uniform quantiles, with points following the main diagonal. This visual assessment is supported by a two-sided

Kolmogorov–Smirnov test (Schröer and Trenkler, 1995), reported in the top left of the panel, which does not reject the null

hypothesis of uniformity. In addition, simulation-based dispersion and outlier tests are performed, with both resulting p-values

being non-significant, further indicating no major departures from the assumed model structure.355
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The residual-versus-fitted plot in the right panel of Figure 8 shows no systematic patterns, as would be expected under a well-

specified model. The residuals form an approximately random cloud, and quantile regression curves fitted to the 25%, 50%,

and 75% residual quantiles closely track the expected quantile locations of a uniform distribution (in particular the median at

0.5). While minor deviations are present, they remain small and do not suggest model misspecification. Further details on the

interpretation of these diagnostic tests can be found in Hartig (2024) and the vignette accompanying the DHARMa package.
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Figure 8. Standard diagnostic plots for simulated residuals in DHARMa. The left panel is a uniform QQ plot, and the right panel shows

residuals against predicted values with outliers highlighted in red. P-values of KS, dispersion and outlier statistical tests are produced in the

left panel. A quantile regression is performed on the residuals in the right panel for the 25%,50% and 75% quantiles.

360

Beyond global diagnostics, we also investigate whether residual structure remains with respect to individual covariates

included in (17). Figure 9 presents box plots of residuals grouped by lake, together with tests for within-group uniformity and

between-group homogeneity of variances. None of the lakes yields significant p-values in either test, although some locations,

such as Lake Allos, exhibit slightly increased residual variability and come close to being flagged. A similar analysis grouped

by flood seasonality is shown in Figure 10, where the Levene test indicates homogeneous variances across groups. Finally,365

residuals plotted against the remaining covariates (time, longitude, latitude, altitude, catchment area, and maximum catchment

altitude) are displayed in Figure 11. No systematic patterns are apparent, aside from the discretisation effects induced by the

limited number of spatial locations (27 values) and catchment characteristics available. In summary, these diagnostics suggest

that the estimated model provides an adequate description of the data, particularly in view of the relatively small sample size.
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hypothesis.

6 Discussion and Conclusion370

The use of GAMMs in this study provides a flexible framework to analyse flood occurrences by incorporating non-linear

temporal and spatial dependencies, allowing us to account for long-term flood variations while accommodating regional het-

erogeneity. A key advantage of this approach lies in its ability to interpolate missing data and to capture non-stationary flood
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Figure 11. Residual plots for t, longitude (long), latitude (lat), altitude (alt), catchment area (ca) and maximum altitude of the catchment

(caalt).
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behaviour, which is essential for understanding historical flood patterns and their potential climatic drivers. The hierarchical

structure of GAMMs further enables a principled representation of uncertainty associated with sediment-based flood records.375

The validation results presented in the previous section, together with the simulation analysis provided in the Appendix, are

reassuring and indicate that the model captures many important features of the underlying flood dynamics. This is particularly

noteworthy given that the analysis relies primarily on the sediment records and spatial coordinates of the 27 lakes, supplemented

by features of their catchment areas. Interestingly, the latter did not provide additional predictive power, as the statistical pro-

cedure identified them as not contributing significant additional information to the explanation of joint flood occurrence. This380

suggests that much of the relevant signal is already contained in the spatio-temporal structure of the flood records themselves.

One of the main purposes of this paper is therefore to illustrate the potential of additive methods for the analysis of flood risk

over long historical periods and to advocate GAMMs as a useful and versatile tool for this research community. With increas-

ing data resolution and availability, this approach is expected to become even more powerful and to help mitigate gaps and

uncertainties that are inherent in long historical data series. In the present application, GAMMs were used to improve marginal385

flood occurrence estimates based on individual flood histories over the past 1,450 years by augmenting and stabilising them

with information shared across locations.

A principal feature of the proposed methodology is the explicit incorporation of dependence structures in the modelling

of flood occurrences, reflecting its inherently multivariate nature. Dependence is often overlooked in the existing literature,

largely due to the additional complexity it introduces, and many previous studies rely on statistical methods that assume390

independence between flood records, either treating flood events as isolated occurrences or imposing stationarity on their

temporal evolution. In contrast, the present approach allows for the inclusion of both fixed and random effects to capture

correlations across time and space, acknowledging that flood occurrences are not independent but may exhibit clustering,

periodicity, and regional variation driven by unobserved climatic and geomorphological factors. This dependence is introduced

through several components of the model: smooth temporal trends capture non-stationary flood behaviour across different395

climatic periods, spatially structured random effects account for location-specific variation reflecting unobserved hydrological

and topographical features, and the hierarchical structure of the model propagates dependencies between different lakes and

catchment areas through the estimation process. Together, these components provide a more realistic representation of flood

risk dynamics across time and space.

Despite these advantages, several limitations and scope restrictions of the present study must be acknowledged. The mod-400

elling framework depends on the availability of sediment records which, although extensive, are here confined to 27 lake sites

in the Alps, implying a limited spatial resolution; a finer grid of observed locations would be expected to further sharpen

the results. Moreover, while the model captures broad spatial patterns in flood occurrence, it does not explicitly incorpo-

rate hydrological processes such as catchment-specific runoff generation mechanisms, which could further enhance predictive

performance. Potential extensions of the framework include the incorporation of additional covariates, both scalar and time-405

varying, provided that sufficiently long and spatially resolved data become available. One candidate is temperature, for which

long records exist at selected locations based on speleothems and isotopic signatures (see, e.g., Waltgenbach et al. (2020));

however, such data were not available on a sufficiently fine spatial grid for inclusion here, and it remains unclear whether local
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temperature alone constitutes a sufficiently strong driver of flood occurrence to improve the model beyond the information al-

ready contained in the flood records themselves. Other climate-related covariates, such as timberline reconstructions Tinner and410

Ammann (2001) or landslide records Borgatti and Soldati (2010), represent further promising directions, but their availability

was likewise insufficient for inclusion in the present study. Finally, while the modelling approach enhances the understanding

of both temporal and spatial dimensions of flood risk, the resulting flood occurrence curves cannot yet be directly used for the

simulation of annual flood occurrences at the regional scale, as joint flood occurrence in neighbouring areas would need to be

modelled explicitly (see Albrecher et al. (2020)). In addition, the curves cannot be directly assigned to locations between or415

beyond the 27 lakes considered, as this would implicitly assume that each such location represents a catchment sink. With ap-

propriate adaptations incorporating detailed topographical information, the framework could nevertheless be extended towards

a more continuous spatio-temporal risk assessment, potentially enabling refined risk maps with location-specific return periods

at a much finer resolution than those currently in use.

In summary, the fitted GAMM suggests an overall increase in expected flood counts over the last 1,450 years, with pro-420

nounced regional differences captured by the spatial and space-time smooths, while catchment characteristics (altitude, catch-

ment area, maximum catchment elevation) do not add explanatory power once spatio-temporal effects are included. Lake-

specific deviations from the regional mean are absorbed by random intercepts that shift the baseline where supported by data.

These findings highlight the value of additive modelling for long historical flood records, and suggest that denser spatial cov-

erage and a clearer seasonal separation of flood types would further improve inference (Glur et al., 2013). Looking ahead,425

alternative approaches such as embedding flood likelihood curves in space using time-varying kriging (Giraldo et al., 2010;

Mateu and Giraldo, 2021) could complement the present framework and help build finer-resolution risk maps. This ambition

aligns with current paleoflood initiatives, including the Floods Working Group 2024–2026, which aims to integrate extreme-

flood reconstructions into modern risk assessment workflows (PAGES – Past Global Changes, 2025).

Code and data availability. The lake sediment data used in this study is publicly available at https://www.ncei.noaa.gov/access/paleo-sea430

rch/study/34712 (Wilhelm et al., 2022). The R code developed for the statistical analysis and modeling is available from the corresponding

author upon request.

Appendix A: Simulation of counting processes

The GAMM considered in our application can be used to simulate sample paths of the stochastic counting processes underlying

flood occurrences. Recall that, conditional on covariate information, the increments are independent. For a given location, we435

can therefore simulate one realization per time interval, and by summing these increments, we obtain a sample path of the

originating counting process. Figures A1 to A3 show the results of such simulations for each Alpine lake included in our study.

Each panel presents 1000 simulated sample paths, with the average path compared to the observed counting process. For almost
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all lakes, the expected simulation closely follows the observed realizations, indicating that the model successfully captures the

temporal dynamics of flood occurrences.440

For lakes with restricted temporal resolution, the observed increments are aligned with the expected simulation path. That

is, it is assumed that the unobserved increments prior to the first observation correspond to the expected simulation, allowing

us to evaluate whether the trend of the counting process is correctly captured by the model, independently of the total number

of floods that may have occurred before observations begin. For example, in Figure A1, Lakes Blanc de Belledone (BLB)

and Inferiore di Laures (INF) have data only for the most recent 200 years. By initializing the observed increments from the445

expected simulation path, the predicted number of floods aligns well with the trend observed in the available data.

An additional benefit of these plots is that they provide a visual check on whether a homogeneous Poisson process would

be a reasonable modeling choice. Such a process would correspond to a linear, steadily increasing sample path. However, in

most cases, the observed curvature in the simulated paths indicates that more flexible models, such as Cox processes, are better

suited to describe the observed count data.450
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Figure A1. Comparison between in-sample simulated count processes and observed counts (1 of 3).
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Figure A2. Comparison between in-sample simulated count processes and observed counts (2 of 3).
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Figure A3. Comparison between in-sample simulated count processes and observed counts (3 of 3).
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