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Abstract. Assessing future changes in extreme precipitation remains a critical challenge for climate adaptation and flood risk
mitigation. While growing observational evidence indicates an intensification of short-duration extreme precipitation, robust
quantification of these changes and how it will change in the future remains uncertain. Using one of the longest continuous
daily precipitation records available, dating back to 1 January 1813 in Bologna, we evaluate the ability of 22 bias-corrected
CMIP6 climate models to reproduce historical extreme precipitation characteristics based on four standardized extreme
precipitation indices. Building on this evaluation, we develop a comprehensive assessment framework that combines bias
correction, independent validation and multi-model ensemble (MME) schemes. We present a comparison of Bayesian Model
Averaging (BMA) with Simple Model Averaging (SMA) and individual model simulations, and apply both MME schemes to
project 21st-century changes in extreme precipitation under different emission scenarios. The results show that MME schemes
provide a more stable and robust representation of extreme precipitation than most individual models. Among the projected
changes, the intensity indices show robust increasing signals across most scenarios and periods, with more pronounced
enhancement under high-emission conditions in the far future. By contrast, the frequency-related indices show more complex
responses: the annual count of days where precipitation is greater than or equal to 20mm and 10mm (R20mm and R10mm)
exhibits a weak increasing tendency and no sustained increasing signal, respectively, with R10mm projected to decline under
SSP5-8.5. This study provides a robust framework for assessing future changes in station-scale extreme precipitation and for

better characterizing the associated projection uncertainties.

1 Introduction

Global warming is likely to accelerate the global hydrological cycle, with observed increasing in global and regional extreme
rainfall over recent decades (Fowler et al., 2021; IPCC, 2021; Papalexiou and Montanari, 2019). According to the Clausius—
Clapeyron relationship, the water-holding capacity of the atmosphere increases by approximately 7% per degree warming (K-
1, providing a thermodynamic basis for the intensification of extreme precipitation under global warming (Pall et al., 2017;
Risser and Wehner, 2017; Wang et al., 2018). In fact, many regions worldwide are increasingly exposed to rare but high-

impact precipitation events, typically associated with return periods of a decade or longer (IPCC, 2021). Over the past five
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years, a series of extreme precipitation events occurred worldwide has provided compelling observational evidence for both
the intensification and increased occurrence of such events. From the record-breaking rainfall in Vietnam in 2025 (World
Meteorological Organization, 2025), the “Daniel” storm with exceptional four-day accumulation of 1235 mm in eastern
Thessaly, Greece, in 2023 (Argiieso et al., 2024; Qiu et al., 2023), the more than 800mm precipitation within three days during
the 2021 Henan event in China (Qin et al., 2022; Xiao et al., 2023), to several similar extreme rainfall events in Spain (Huang
et al., 2025) and Italy (Iacomino et al., 2025), these events illustrate an increasing departure of extreme precipitation from their
historical variability. Extreme precipitation and the associated flooding not only disrupt ecosystems but also impose substantial
socioeconomic losses (Li et al., 2019; Varghese et al., 2025). As the frequency and intensity of these "black swan" events are
projected to escalate (IPCC, 2021), quantifying the future changes in the characteristics of extreme precipitation is crucial for
robust climate adaptation and flood risk management.

General Circulation Models (GCMs) are widely used to simulate the dynamics and state of the climate system (Chae et al.,
2024; Guo and Montanari, 2023; Orlowsky and Seneviratne, 2012; Wang et al., 2017). The Coupled Model Intercomparison
Project (CMIP) has progressed through successive phases, with CMIP6 further refining forcing datasets, experimental design,
and multi-model evaluation (Chae et al., 2024). The introduction of the Shared Socioeconomic Pathway (SSP) framework
further enables climate projections to consistently link socioeconomic development with emission trajectories, strengthening
scenario-based impact assessments (Eyring et al., 2016). To facilitate systematic detection and comparison of climate extremes,
the Expert Team on Climate Change Detection and Indices (ETCCDI) has developed a standardized suite of precipitation
indices, now widely adopted for assessing extreme precipitation across regions and scales (ETCCDI, 2020). Within this
framework, GCMs are extensively used to quantify projected changes in extreme precipitation indices (Chae et al., 2024).
However, GCM-based simulations continue to exhibit substantial uncertainty arising from systematic model biases, internal
climate variability, and structural differences among models, even with ongoing improvements in forcing data and model
resolution (Abdelmoaty et al., 2021; Eden et al., 2012; Pathak et al., 2023; Song et al., 2024). To reduce these uncertainties, a
range of statistical bias correction methods, including quantile mapping, quantile delta mapping, and cumulative distribution
function transformation, has been widely applied to improve the representation of the precipitation extremes (Allard et al.,
2024; Padulano et al., 2025; Tong et al., 2021). Nevertheless, substantial inter-model spread persists even after bias correction,
underscoring the inherent challenges in robustly qualifying future projections of extreme precipitation (Song et al., 2022).

To narrow the uncertainty range of GCM simulations and enhance the robustness of future projections, the multi-model
ensemble (MME) method has been widely adopted (Pavan and Doblas-Reyes, 2000). MME combines simulations from
multiple GCMs to mitigate individual model structural limitations (Jiang et al., 2016). The Simple Model Averaging (SMA)
is the simplest and most commonly applied method of handling multi-model ensembles (Zhu et al., 2020). Previous studies
have shown that SMA can, to some extent, reduce systematic biases and internal variability relative to single-model simulations
(Dong et al., 2015; Lei et al., 2023; Raghavan et al., 2018; Yang et al., 2020). However, the inclusion of poorly performing or
structurally inconsistent models can undermine the credibility and overall performance of the multi-model ensemble, thereby

limiting its effectiveness (Zhu et al., 2023). Consequently, various performance-based ensemble weighting strategies have
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been developed to address the limitations of SMA, including rank-based weighting, reliability ensemble averaging, weighting
schemes that account for both model independence and performance, and Bayesian model averaging (Chen et al., 2011; Knutti
et al., 2017; Li et al., 2021; Zhu et al., 2021). These methods typically assign model weights according to their ability to
reproduce observed climate characteristics, under the assumption that superior historical performance implies greater
credibility for future projections.

Despite these methodological advances, the majority of existing studies on both bias correction and ensemble weighting
share a common limitation: the statistical relationships and model weights are estimated over the historical period and evaluated
over that same period (Abramowitz et al., 2019; Brunner et al., 2020; Faghih et al., 2022; Tan et al., 2020). When a method is
both developed and assessed on the same historical period, apparent performance may simply reflect adaptation to that
particular dataset rather than a reliable skill that holds when applied to a different period. The problem is particularly
consequential for future climate projections, which cannot be verified against observations, the credibility of such projections
therefore depends critically on whether these methods perform reliably when applied to periods outside their training window.
Whether bias correction relationships derived from one historical sub-period can be stably transferred to another, and whether
ensemble weights estimated over a given period retain their validity for projections beyond the training period, are questions
that the existing literature has not systematically addressed.

To mitigate this limitation, this study develops a comprehensive framework for extreme precipitation projection centred on
independent validation. Using long-term daily precipitation records as the observational baseline, the historical period is
partitioned into distinct training and validation periods: QDM bias correction relationships and MME weights are estimated
strictly from the training period and then evaluated on an independent validation period, providing a direct measure of their
temporal transferability across historical sub-periods. A sensitivity analysis further examines whether these results depend on
the specific choice of training-validation split. Building on this validated framework, the bias correction relationships and
ensemble weights derived from the training period are carried forward to project future changes in extreme precipitation under
multiple SSP emission scenarios, with the robustness of the projected changes assessed through the directional consistency of
individual model simulations.

Accordingly, this study aims to (1) evaluate the ability of the latest-generation of GCMs to reproduce the statistical
characteristics of historical extreme precipitation; (2) develop a comprehensive evaluation framework for extreme precipitation
based on independent validation and evaluate the temporal transferability of the QDM and MME methods; and (3) assess

future changes in extreme precipitation under different emission scenarios and evaluate the robustness of the projected changes.

2 Data
2.1 Rainfall observations

Daily observed precipitation data in Bologna were obtained from the European Climate Assessment & Dataset (ECA&D).

ECA&D is a climate observation database jointly established by meteorological and research institutions in multiple European

3
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countries, compiling daily observation data from a large number of surface meteorological stations in Europe and the
Mediterranean region. The dataset has undergone systematic quality control and comprehensive metadata management,
including documentation of station location (latitude, longitude, elevation), instrumentation changes, and station relocations,
to support long-term monitoring and analysis of regional climate variability and extremes (https://www.ecad.eu) (Klein Tank
et al., 2002). The daily precipitation data provided by ECA&D are based on actual observations, exhibiting good temporal
consistency and scientific reproducibility (Klein Tank et al., 2002).

The continuous daily precipitation record at the Bologna meteorological station in Italy dates back to 1813 and extends to
the present, representing one of the longest uninterrupted daily rainfall observations in Italy and worldwide. This record
provides a unique data basis for examining the long-term evolution of extreme precipitation from the pre-industrial period to
modern times. The Bologna daily precipitation series provided in the ECA&D database is compiled from the original manual
records, preserving the original daily observations without additional diurnal-scale adjustments. This data has undergone
multiple quality checks, with an extremely low missing data rate (less than 1%), and can be considered a nearly homogeneous
sequence, suitable for long-term trend analysis and extreme precipitation research.

Figure 1 shows the daily time series and 10-year moving average of Bologna rainfall from 1813 to 2024. The mean fluctuates
between a minimum of 1.2 mm and a maximum of 2.5 mm. After reaching a peak around 1902, it began to decline and then
slowly increased from 1920 to the present. The black horizontal line in the figure represents the 99th percentile (52.31 mm)
based on the historical period (1813-2024). Daily precipitation exceeding this threshold is defined as an extreme rainfall event.
The record indicates that extreme rainfall days occurred frequently during the 1830s to 1890s, and have again been prevalent

since the 1960s, highlighting distinct periods of elevated extreme-precipitation activity.



115

120

125

https://doi.org/10.5194/egusphere-2026-5518
Preprint. Discussion started: 22 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

—_

[ye]

=]
L

—_

o

=]
L

Daily precipitation (mm)
8

(=)}
Average daily precipitation (mm)

F I | | 4 | Iw W IV s

. | | - 0.4

- 0.0

1800 1840 1880 1920 1960 2000 2040

Year

Figure 1: Daily rainfall records for Bologna during 1813-2024, with 10-year moving average (orange line) and 99th percentile based
on historical period (black line).

2.2 Global climate models simulation

Global climate simulation data from the Coupled Model Intercomparison Project Phase 6 (CMIP6) are publicly available from
the Earth System Grid Federation (ESGF) data portal (https://esgf-node.llnl.gov). The dataset used in this study includes
historical simulations (1850-2014) and future projections (2015-2100). The future projections were produced under the
emission scenarios “Shared Socioeconomic Pathway” (SSP) SSP1-2.6, SSP2-4.5, and SSP5-8.5.

In this study, only the first realization of each ensemble member, denoted as rlilplfl, is analysed. Here, “r,” “i,” “p,” and
“f” represent the model run initialization, initialization method, physical parameterization version, and forcing dataset,
respectively. We consider all models providing future simulations under three emission scenarios. Table 1 shows details of the
22 GCMs selected in this study.

Table 1. Description of the 22 CMIP6 models used in this study.

NO. Model Institution Realization Resolution

1 ACCESS-CM2 CSIRO-ARCCSS/Australia rlilplfl 1.875°x1.250°
2 ACCESS-ESM1-5  CSIRO/Australia rlilplfl 1.875°x1.241°
3 BCC-CSM2-MR BCC/China rlilplfl 1.125°%1.125°
4 CMCC-CM2-SR5 CMCC/Italy rlilplfl 1.250°x0.938°
5 CMCC-ESM2 CMCC/Italy rlilplfl 1.250°x0.938°




130

135

140

https://doi.org/10.5194/egusphere-2026-5518
Preprint. Discussion started: 22 September 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

6 CanESM5 CCCma/Canada rlilplfl 2.813°%2.813°
7 EC-Earth3-Veg-LR  EC-Earth-Consortium/EU rlilplfl 1.125°%x1.125°
8 FGOALS-g3 LASG-IAP/China rlilplfl 2.000°%2.250°
9 GFDL-ESM4 NOAA-GFDL/USA rlilplfl 1.250°%1.000°
10 I[ITM-ESM CCCR-IITM/India rlilplfl 1.875°x1.915°
11 INM-CM4-8 INM/Russia rlilplfl 2.000°x1.500°
12 INM-CMS5-0 INM/Russia rlilplfl 2.000°x1.500°
13 IPSL-CM6A-LR IPSL/France rlilplfl 2.500°x1.259°
14 KACE-1-0-G NIMS-KMA/Korea rlilplfl 1.875°x1.250°
15 KIOST-ESM KIOST/Korea rlilplfl 1.875°x1.875°
16 MIROC6 MIROC/Japan rlilplfl 1.406°%1.406°
17 MPI-ESM1-2-LR MPI/Germany rlilplfl 1.875°%1.875°
18 MRI-ESM2-0 MRI/Japan rlilplfl 1.125°%1.125°
19 NESM3 NUIST/China rlilplfl 1.875°%1.875°
20 NorESM2-LM NCC/Norway rlilplfl 2.500°%1.875°
21 NorESM2-MM NCC/Norway rlilplfl 1.250°%0.938°
22 TaiESM1 RCEC/Taiwan rlilplfl 1.250°x0.938°

3 Methodology
3.1 Framework

In this study, we adopted two distinct temporal definitions for different analytical objectives. The first refers to the training
period and independent validation period dedicated to model performance evaluation. The second is a unified climatological
baseline period (1985-2014), serving two key purposes: firstly, calculating the percentile thresholds for indicators such as
cumulative precipitation during an extremely wet period; secondly, acting as a consistent reference climatology to quantify
relative changes in projected future extreme precipitation indices.

The overall methodological framework of this study is illustrated in Figure 2. The central component of the framework is
an independent validation strategy: statistical relationships are first estimated over the training period (1850-1949), then
evaluated over the independent validation period (1950-2014), and finally transferred directly to future projections (2015-
2100). The year 1949 was chosen as the split point because it approximately coincides with the onset of the Great Acceleration,
which refers to the rapid intensification of anthropogenic forcing beginning around 1950 (Steffen et al., 2015). This ensures
that the validation period operates under a forcing regime distinct from the training period, making it a more demanding test

of whether the statistical relationships established during training hold beyond their original conditions. In addition, sensitivity
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analyses based on alternative training-validation splits were conducted to examine the influence of period selection on the
results.

Daily precipitation simulations from 22 CMIP6 models were bilinearly interpolated to Bologna station. The QDM was then
trained using observed and simulated daily precipitation data from the training period. The resulting transfer functions were
subsequently applied to the independent validation period and future simulations without further modification.

Four extreme precipitation indices, namely Rxlday, R99p, R10mm and R20mm, were then calculated from the bias-
corrected daily precipitation series. Rx1day and R99p are maximum daily precipitation and cumulative precipitation during
an extremely wet period (see Table 2) while R10mm and R20mm are the annual count of days with rainfall greater than 10
mm and 20 mm, respectively. The 99" percentile thresholds required for R99p calculation were computed once and exclusively
within the 1985-2014 climatological baseline period. Separate thresholds were calculated for observational datasets and each
individual climate model. These fixed thresholds were consistently applied across all analytical stages without recalculation
or revision. Based on these indices, two MME schemes, Simple Model Averaging (SMA) and Bayesian Model Averaging
(BMA), were constructed. Both MMEs were evaluated within the independent validation framework, where BMA model
weights were estimated during the training period and SMA assigned equal weights to all models. During the validation period,
the 22 individual models, SMA and BMA were compared to assess their relative performance. The BMA and SMA model
weights were subsequently transferred directly to future projections. Finally, future trends, relative changes, and the robustness
of projected changes in extreme precipitation indices were assessed based on the resulting ensemble projections. All relative

changes in the indices were quantified relative to the climatological conditions of the 1985-2014 baseline period.
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Figure 2: Overall methodological framework of this study.
3.2 Extreme precipitation indices

The four extreme precipitation indices used in this study follow the definitions of the Expert Team on Climate Change
Detection and Indices (ETCCDI), with minor adaptations based on the approaches of Tang (Tang et al., 2021) and Kim (Kim
165 et al., 2020) and related studies (Table 2). The selection of indices, encompassing both intensity and frequency, effectively
reflects the mean characteristics of precipitation and its extremes and has been widely applied in previous studies (Alexander
and Arblaster, 2009; Chen et al., 2025; Marengo et al., 2020; Pellicone and Caloiero, 2025; Thomas et al., 2023). The 99th
percentile thresholds for R99p and all relative change calculations were computed using the unified climatological baseline

period defined in Section 3.1.
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170  Table 2. Definitions of extreme precipitation indices used in this study.

175

Index Description Definition Units

Let RR;; be the daily precipitation amount on day i in period j.
Rx1day Maximum 1-day precipitation The maximum 1-day value for period j are: mm
Rx1lday; = max (RR;;)
Total precipitation when daily precipitation exceeds the
extreme 99th percentile threshold.
Given a study period j. RR,,; is the daily precipitation amount
R99p Extremely wet precipitation on a wet day w (RR>1.0mm) in period j and w; is the total mm
wet days in period j. RR,,,99 is the 99th percentile of
precipitation on wet days in the 1985-2014 period.
R99p; = Yl RR,,;, where RR,y; > RR,,,99
Annual count of days when daily precipitation greater than or
equal to 10mm
R10mm Wet days Let RR;; be the daily precipitation amount on day i in period j.  d
Count the number of days where:
RR;; > 10mm
Annual count of days when daily precipitation greater than or
equal to 20mm
R20mm Very wet days Let RR;jbe the daily precipitation amount on day i in periodj.  d
Count the number of days where:

3.3 Bias correction using quantile delta mapping (QDM)

Precipitation outputs from grid-based GCM simulations represent grid-average values at the grid scale, whereas observational
data consist of in situ measurements taken at the point (or station) scale. Discrepancies between the two may arise from sub-
grid spatial variability that cannot be fully resolved by the models. This mismatch is particularly pronounced at the daily time
scale because precipitation processes inherently exhibit strong spatial heterogeneity. At short temporal scales (e.g., daily), such
spatial differences cannot be smoothed by temporal averaging, leading to more pronounced contrasts between grid-averaged
precipitation estimates and station observations.

To minimize this bias, we first applied bilinear spatial interpolation to estimate model precipitation at the station location

using the four grid points closest to the Bologna station. Subsequently, the daily precipitation simulations were bias-corrected
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using the quantile delta mapping (QDM) method, which has been widely applied in climate data bias correction (Guo and
Montanari, 2023; Jahanshabhi et al., 2024). Compared with traditional quantile mapping, QDM corrects systematic model biases
while preserving the simulated climate change signal. In addition, the method avoids extrapolation of the historical cumulative
distribution function when future simulated values exceed the historical range, thereby improving the stability of bias
correction (Cannon et al., 2015).

The primary procedure of the QDM method involves determining the relative change between the historical reference period
and the projected period. Let Py, Prp, and Pp,r denote the daily precipitation series for the observed historical period, the
model-simulated historical period, and the model-simulated future period, respectively. For each quantile level p, the
corresponding precipitation amounts are represented as Pop (p), Pmp (0), and Py, (p). The relative change factor between the
model’s future and historical distributions is computed as (Qin and Dai, 2022; Tong et al., 2021):

Pmr(p)
A(p) = 2LP

Pmn(p) ’

(M

The bias-corrected future quantile precipitation is then obtained by applying this change factor to the observed historical

quantile:

P (p) = A(p) X Py (p) = L2

Pty < Fon®) - @)
To generate the bias-corrected daily precipitation series for the future period, each model future daily value P, (t) is first

mapped to its quantile in the model future distribution:

P(t) = Fup(Prg (0)) A3)

where Fp,,¢(+) is the empirical CDF of P,,s. The corrected daily value is then obtained by evaluating the corrected quantile

function at this probability level:
Pe(t) = Pf(P(t)) . (4)
3.4 Multi-model ensemble methods

We compared the performance of MMEs constructed using two different weighting approaches with that of individual models.
The two schemes include the widely used SMA method and the BMA method. In this study, all MME schemes estimate model

weights based on annual extreme precipitation index derived from CMIP6 daily precipitation simulations.

3.4.1 Simple model averaging (SMA)

The SMA is one of the widely used ensemble methods in climate simulation studies. In this method, no individual weighting
is applied to the outputs of multiple climate models. Instead, the ensemble mean is obtained by taking the arithmetic average

of all model simulations, as follows:

10
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p = p1t+pn ) (5)

n

where p; denotes the output of each model, and n represents the total number of models included in the study. Under this

weighting scheme, all models are assigned equal weight 1/n.

3.4.2 Bayesian model averaging (BMA)

BMA is a statistical ensemble model based on Bayesian theory. It integrates inference and prediction by combining the prior
probabilities and likelihood functions of the ensemble members to obtain a more robust posterior predictive distribution (Duan
et al., 2007). In this study, BMA is used to construct a CMIP6 MME of extreme precipitation indices. The procedure for
estimating the optimal BMA weights is described below (Duan et al., 2007; Wei et al., 2023).

During the training period, the predictive probability density function p(y,|f.) of the MME constructed using BMA can be

expressed as:
Pelfe) = ey Wi X G (Vel fins 6) - ©)

here,y; denotes the observed extreme precipitation index for year t, and f, = ( fiefoer s fue ) represents the ensemble of
simulated values from all models in year t, where f,, , is the simulated value from the m™ model, M is the total number of
models, and w,, is the BMA weight for the m®™ model, g,, (ytl fer 9) denotes the conditional probability density (or mass)
function given the simulated value of the m™ model, and 6 denotes the corresponding distribution parameter.

The BMA weights represent the relative posterior contributions of individual models to the ensemble prediction distribution.
The weights are constrained to be non-negative and sum to one:

Wy =034 _w,=1. @)
The posterior mean of the BMA predictive distribution was used as the deterministic ensemble estimate and is given by:
JEM4 = E(Ylf ) = Zn=1 WinEm (Y2) . ®)
where E,, (Y;)is the conditional expectation of the m-th model component. For most conditional distributions used in this study,
the model simulation f;, ,represents the component mean, and Eq. (8) reduces to the weighted average of the model simulations.

The BMA weights and distribution parameters are estimated by maximizing the log-likelihood function over the training
period:

t(w,0) = {:1109[2%:1 Wmn gm(yt |fm,t'9)] . ©)

where w = (W, w,, -+, wy,) denotes the set of BMA weights, and Tis the number of years in the training period. The
maximization was performed using the expectation-maximization (EM) algorithm (Jiang et al., 2012; Raftery et al., 2005).
The weights were initialized with equal values for all models, w,,, = 1/M. The EM algorithm alternates between an expectation
step and a maximization step to update the posterior contributions of the individual models and the distribution parameters

estimates. The iteration was stopped when the change in log-likelihood fell below the prescribed convergence tolerance or

11
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when the maximum number of iterations was reached. More detailed formulations of the EM algorithm can be found in (Fraley
et al., 2010; McLachlan and Krishnan, 2007).

To account for the different statistical characteristics of the four extreme precipitation indices, index-specific formulation
for the distribution g,, (yt | fer 9) were used. Rx1day represents the annual maximum daily precipitation and was modelled
using a generalized extreme value (GEV) distribution, as justified by extreme value theory (Coles, 2001). R99p was
represented using a Hurdle-Gamma distribution, following the discrete-continuous mixture framework established for
precipitation by Sloughter et al. (2007). R10mm and R20mm are annual counts of threshold-exceedance days and were
modelled using Negative Binomial distributions.

The estimated BMA weights were then applied to the independent validation period (1950-2014) to evaluate model
performance on data not used in calibration. After validation, the BMA weights derived from the training period were applied

to project future changes under different emission scenarios.

3.5 Independent validation and performance evaluation

All model and ensemble performance evaluations were conducted over the independent validation period (1950-2014).

3.5.1 Evaluation metrics

The performance of QDM bias correction, two MME schemes, and the individual models was independently validated and
compared using three statistical metrics. These metrics include bias, mean absolute error (MAE), and root mean square error
(RMSE). Specifically, bias is used to measure systematic deviation, MAE and RMSE are used to quantify mean error between

the simulated and observed distribution. Details of these metrics are provided in Table 3.

Table 3. The information of the evaluation metrics used in this study.

Evaluation metrics Equation Value range Ideal value
Bias Bias =~ %1, (9. — ye) (<00, +o0) 0

1 -
MAE MAE = ;Z?:ﬂ}’t = Vil [0, +o0) 0

RMSE RMSE = /% T (e — yo)? [0, +o0) 0

Note: y; and y, denote the observed and simulated (or ensemble-estimated) values of a given annual extreme precipitation
index in year t, respectively. T is the number of years in the evaluation period. y and y represent the corresponding observed
and simulated (or ensemble-estimated) annual index series. Bias retains its sign, while |Bias| was used for ranking-based

analyses.
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3.5.2 Independent validation of the QDM method

To evaluate the effectiveness of QDM, the transfer function was established using observed and simulated daily precipitation
from the training period and then applied to correct the raw model simulations over the independent validation period.
During the validation period, annual extreme precipitation indices were calculated separately from the raw simulations,
QDM-corrected simulations and observations. Their distributions were compared using cumulative distribution functions
(CDFs) to assess whether QDM improved the representation of extreme precipitation index distributions. In addition, the
correction performance of QDM for each index was quantitatively evaluated using the improvement rate (IR) of three

evaluation metrics: Bias, MAE, and RMSE. The improvement rate was defined as:

IR(%) = Eraw=Eadml o 4450 (10)

|Eraw!
here, Eyq, and Eggy, denote the evaluation metric values (any of the three metrics: Bias, MAE and RMSE) discrepancy
measures between the observed annual extreme precipitation index series and the corresponding series derived from the raw
and QDM-corrected simulations, respectively. Positive IR values indicate that QDM-corrected simulations reduced the
simulation discrepancy relative to the raw models and improved model performance, whereas negative values indicate that the

discrepancy increased after correction.

3.5.3 Independent validation of individual models and MME schemes

To evaluate the performance of individual models and MME schemes, a comprehensive comparison was conducted during the
independent validation period based on the three evaluation metrics (Table 3). For each index-metric combination, the raw
error values derived from the 22 individual models and MME schemes were normalized utilizing their corresponding min-
max error range observed within the validation period:

_ dj,max_dij (11)

Zij = djmax—9djmin

where d;; denotes the raw error value of model or ensemble scheme i for the j-th index-metric combination. d; i, and d; ;45
are the minimum and maximum error values for the j-th index-metric combination, respectively, which are determined
collectively across all 22 individual models and the two MME schemes within the validation period. Through this formulation,
the raw cost-type errors are linearly mapped onto a [0, 1] scale, where a larger z;; indicates better performance.

For each model or ensemble scheme, the composite performance score was then calculated as the arithmetic mean of the

normalized utility values across all extreme precipitation index-metric combinations:
1

— J
S _7Zj:1zij . (12)

where §; is the composite performance score for model or ensemble scheme i, z;; is the normalized utility of the i-th model or

ensemble scheme for the j-th index-metric combination, and J is the total number of index-metric combinations.
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3.6 Future climate change assessment of extreme precipitation

To assess the future trends in extreme precipitation in Bologna and their statistical significance, Sen’s slope was used to
estimate the trend magnitude, and the Mann—Kendall test was applied to evaluate significance. Trend was estimated for both
training and validation periods. In addition, relative changes in future extreme precipitation indices were further calculated
with respect to the baseline period. 1985-2014 that represents the current climatic state. The future period was divided into
three stages: near future (NF, 2015-2040), mid-future (MF, 2041-2070), and far future (FF, 2071-2100). This division was
used to evaluate relative changes in extreme precipitation indices across different future stages. For each extreme precipitation
index, future emission scenario, future period and ensemble method, the mean value during the future period was compared
with the corresponding mean value during the baseline period. This allowed the direction and magnitude of changes in extreme
precipitation characteristics to be quantified relative to the baseline climate. Finally, to assess the robustness of the projected
relative changes, the BMA and SMA results were compared with the spread of the 22 individual CMIP6 models. Model sign
agreement was used to evaluate whether most models supported the same direction of change, while inter-model spread was
used to represent uncertainty in the magnitude of change. The difference between BMA and SMA was further examined to

assess whether the projected relative changes were sensitive to the choice of ensemble method.

4 Results
4.1 Reliability of historical simulation for the Bologna time series

Figure 3 shows the empirical CDFs of Rx1day from the 22 models during the independent validation period (1950-2014),
comparing observations with raw and QDM-corrected model simulations. Before bias correction, except for ACCESS-CM2,
the raw simulation curves of most models are shifted to the left of the observed curve, indicating that the uncorrected models
generally underestimate the intensity of Rx1day. This underestimation is particularly evident in the upper tail of the distribution,
where many raw simulations reach high cumulative probabilities at relatively low Rx1day values. This suggests that the raw
simulations have limited ability to represent high-intensity extreme precipitation events. After QDM correction, the
distributions of most models move closer to the observations, indicating an improved representation of the Rx1day distribution
and a reduction in the systematic underestimation present in the raw simulations. Although some models, including EC-Earth3-
Veg-LR and TaiESM1, still exhibit discrepancies from the observations in the upper tail, the QDM-corrected simulations
generally outperform the raw simulations.
Figures S1-S3 in the supplementary material further present the empirical CDFs of R99p, R10mm and R20mm during the

independent validation period. Compared with the raw simulations, the QDM-corrected distributions are generally closer to
the observations, indicating that QDM also improves the distributional representation of other extreme precipitation indices.

For R99p, some CDFs reach relatively high cumulative probabilities at x = 0. This occurs because, in some years, no daily
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precipitation exceeds the 99" percentile threshold of the reference period, resulting in an annual R99p value of zero. Therefore,
the cumulative probability at this point can be interpreted as the proportion of years with R99p equal to zero.

Figure 4 presents the improvement rates of the QDM-corrected simulations relative to the raw simulations across multiple
evaluation metrics. The median line in each boxplot represents the typical correction effect across the 22 models, while the
box spans the interquartile range (25" - 75" percentile). The scatter points show the performance of individual models, and
the half-violin plots illustrate the distributional shape of improvement rates. Therefore, the interpretation mainly focuses on
the median improvement rate and the position of the box. For most metrics, the median improvement rates are greater than
zero, and the boxes are mainly located in the positive range, indicating that QDM generally reduces the discrepancies between
the raw simulations and observations during the independent validation period. The four extreme precipitation indices show
clear improvements in Bias, with most median improvement rates close to or greater than 50%. These results suggest that
QDM performs well in correcting systematic bias. In contrast, the improvements in MAE and RMSE are relatively weaker.
For R99p, the median improvement rates are below zero and the corresponding boxes are mainly located in the negative range,
indicating that QDM does not consistently improve the year-to-year error magnitude for this index. For Rx1day, R10mm and
R20mm, the median improvement rates for MAE and RMSE are positive but generally below 50%.

Overall, the independent validation results indicate that QDM improves the ability of CMIP6 models to reproduce the
statistical and distributional characteristics of extreme precipitation indices. Although the improvements are not uniform across
all indices and metrics, particularly for the year-to-year error magnitude of R99p, QDM substantially reduces systematic bias
for most models. Therefore, QDM was deemed appropriate for generating the final bias-corrected historical and future daily

precipitation series used in the subsequent MME construction and future projections.
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Figure 3: Empirical cumulative distribution functions of observed Rxlday and raw and QDM-corrected Rx1day from 22 CMIP6
models during the validation period.
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Figure 4: Improvement rates of QDM bias correction for extreme precipitation indices based on three evaluation metrics. Circles

345  represent individual CMIP6 models. Box plots show the median and interquartile range, calculated using all improvement rates
including values outside the displayed range. Half-violin plots show kernel density estimates of model improvement rates within the
displayed range (-100% to 100%) to avoid distortion by extreme outliers. Downward triangles indicate values below the lower bound
of the displayed range (-100%), with n denoting the number of clipped model values.
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4.2 Independent validation of individual models and MME schemes

350 Figure 5 presents the comprehensive performance evaluation of the 22 bias-corrected individual CMIP6 models and the two
MME schemes (SMA and BMA) over the independent validation period (1950-2014) across the four extreme precipitation
indices. In terms of composite performance score, SMA and BMA rank among the best-performing methods, indicating that
the MME schemes provide more stable overall performance than most individual models. However, certain individual models
outperform the ensemble schemes for specific metrics or indices. For example, CanESM5 exceeds both the MME schemes in

355 |Bias| for most indices, and INM-CM5-0 achieves the best |Bias| performance for Rx1day. These results are consistent with
those of Hagedorn et al. (2005), who found that single models can occasionally outperform MMEs for particular variables.

Nevertheless, when evaluated across multiple indices and metrics, the ensemble schemes generally hold an advantage.
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Figure 5: Comprehensive performance evaluation of 22 models and multi-model ensembles in Bologna during independent
validation period (1950-2014). The metrics are |Bias| (left-hand columns), mean absolute error (center columns) and the root-mean-
square error (right-hand columns). Each cell shows the metric-specific rank, with lower ranks indicating better performance.

Table 4 presents |Bias|, MAE and RMSE for SMA and BMA during the independent validation period, where smaller values
indicate better performance. SMA outperforms BMA for Rx1day, R10mm and R20mm across all three metrics. For R99p,
BMA achieves lower |Bias| and MAE, though SMA retains a marginal advantage in RMSE. Overall, SMA shows more
consistent performance across most indices and metrics, while BMA’s relative advantage is confined to mean bias and absolute
error for the most extreme precipitation index (R99p). Given these complementary performance characteristics, both MME
schemes are carried forward into the projection analysis, with the spread between them serving as one source of ensemble
uncertainty.

Table 4. Performance comparison between SMA and BMA during independent validation period (1950-2014).

Index MME |Bias| MAE RMSE
Rx1day BMA 5.707 14.962 18.623
SMA 1.368 13.688 17.515
R99p BMA 0.505 47.327 56.263
SMA 0.593 49.897 55.389
R10mm BMA 4.259 6.944 8.840
SMA 3.293 6.202 7.690
R20mm BMA 2.095 3.461 4.291
SMA 2.089 3.303 4.190

To further examine whether the relative performance of SMA and BMA is sensitive to the choice of training-validation split,
sensitivity analyses were conducted using different temporal partitioning schemes (Table S1 in the supplementary material).
The overall performance patterns remain broadly consistent across splits: SMA outperforms BMA for Rx1day, R10mm and
R20mm across all metrics and all split years. For R99p, BMA shows a consistent advantage in MAE across all splits. However,
BMA’s |Bias| advantage for R99p diminishes with later split years and reverse under the 1959 and 1969 splits, suggesting
some dependence on training period length. Overall, the complementary performance characteristics between the two ensemble

schemes are largely robust to the choice of split year, with the exception of BMA’s |Bias| performance for R99p.

4.3 Future changes
4.3.1 Future extreme precipitation projections

Figure 6 shows the BMA and SMA time series of the four extreme precipitation indices for the historical simulations and
future projections under SSP1-2.6, SSP2-4.5 and SSP5-8.5. Corresponding Sen’s slope estimates and Mann-Kendall trend test

results for the observations and both ensemble schemes are summarized in Table 5.
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Over the entire historical period (1850-2014), observed trends in all four extreme precipitation indices are weak and
statistically insignificant, suggesting that long-term linear changes in historical extreme precipitation in Bologna were limited.
In contrast, both ensemble schemes produce statistically significant trends for R99p, with BMA showing a significant negative
trend and SMA a significant positive trend. BMA further departs from the observations by producing a statistically significant
negative trend in R10mm. When the historical period is divided into sub-periods, the observations reveal significant decreasing
trends in R10mm and R20mm during the early industrialization period (EI), whereas neither BMA nor SMA reproduces
significant trends for these indices. During the RI, both ensemble schemes show closer overall agreement with the observations
in terms of trend direction for most indices. The discrepancies between the ensemble results and the observations across these
periods are not unexpected. Multi-model ensemble averaging suppresses the contribution of internal climate variability, such
that the ensemble mean primarily reflects the externally forced response, while the observed record represents a single
realization of the climate system in which internal variability remains fully expressed (Deser, 2020). Since the effect of internal
climate variability on precipitation intensifies at finer spatial scales (Donat et al., 2016; Rampal et al., 2025), discrepancies of
this kind are to be expected at the station level.

Projected trends during the future period (2015-2100) differ clearly across emission scenarios. Under SSP1-2.6, all four
indices remain statistically insignificant in both BMA and SMA, consistent with the limited forced response expected under a
low-emission pathway (IPCC, 2021). Under SSP2-4.5, Rx1day, R99p and R20mm trend positively in both ensemble schemes.
In SMA, all three reach statistical significance, whereas the corresponding BMA trends, though positive, do not. The signal
strengthens under SSP5-8.5, particularly for intensity-related indices: R99p is significant in both BMA and SMA, and Rx1day
reaches high significance in SMA. R10mm, by contrast, trends negatively under this scenario, with SMA reaching statistical
significance and BMA showing the same direction but falling short. This suggests a potential, if not yet robust, divergence
between intensifying extreme precipitation and the frequency of days exceeding the moderate 10mm threshold.

Across scenarios, BMA and SMA show broadly consistent directional responses. Rx1day and R99p both trend positively
under SSP2-4.5 and SSP5-8.5 in either scheme. Differences between the two methods lie mainly in magnitude and statistical
significance. SMA tends to produce equal or larger trend magnitudes in most cases and more frequently achieves statistical
significance, particularly under the medium-emission and high-emission scenarios. The intensification signal is most robust
for R99p under SSP5-8.5, where statistically significant positive trends emerge in both BMA and SMA. Frequency-related
indices, by contrast, show weaker and less coherent signals. R10mm trends negatively under SSP5-8.5, reaching statistical
significance in SMA but not in BMA, while R20mm shows positive directional agreement between the two schemes, though
only SMA reaches significance under SSP2-4.5.

Overall, future changes in extreme precipitation at Bologna are clearly scenario-dependent, with the intensification signal
strengthening progressively from SSP1-2.6 to SSP5-8.5. Frequency-related indices, however, respond less coherently across
scenarios and ensemble schemes. These results suggest that projected increases in extreme precipitation risk at this station are

more likely to manifest through greater event intensity than through a broad rise in the number of precipitation days.
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Figure 6: Time series of extreme precipitation indices derived from BMA and SMA for the historical simulation and future
projections under SSP1-2.6, SSP2-4.5 and SSP5-8.5 after QDM bias correction. The shaded areas indicate the interquartile range
(25t — 75t percentiles) associated with BMA for each period and scenario, representing the uncertainty range. The black vertical
line marks 2014, separating the historical and future periods.

420 Table 5. Historical and future trends of extreme precipitation indices.

Scenario Period Scheme

Rx1day

R99p

R10mm R20mm
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Historical Overall OBS -0.024 0.000 0.013 0.010
BMA -0.007 -0.084* -0.014** 0.000
SMA 0.010 0.046* -0.003 0.000
EI OBS -0.117 0.000 -0.047* -0.027*
BMA -0.017 -0.090 0.001 0.002
SMA 0.014 0.046 -0.003 0.000
RI OBS 0.091 0.000 0.100 0.047
BMA 0.012 -0.002 -0.019 0.007
SMA 0.025 0.152* 0.013 0.008
SSP1-2.6 Overall BMA -0.028 0.169 -0.020 -0.005
SMA -0.003 0.099 -0.008 -0.001
SSP2-4.5 Overall BMA 0.036 0.223 0.002 0.002
SMA 0.049** 0.181** -0.005 0.010%**
SSP5-8.5 Overall BMA 0.051 0.358** -0.020 0.001
SMA 0.093*** 0.423%** -0.031%** 0.006

Note: OBS represents observation data, EI denotes the early industrialization period (1850-1949), and RI denotes the rapid
industrialization period (1950-2014). Trend significance was tested using the Mann—Kendall test. *, **, and *** denote

significance at the 0.05, 0.01, and 0.001 levels, respectively.

4.3.2 Relative changes and robustness of projected signals

Figure 7 shows the projected relative changes in the four extreme precipitation indices across different future periods and
emission scenarios, relative to the historical baseline (1985-2014). To assess the robustness of these projections, we analyse
the individual-model changes across all 22 models, by considering sign consistency, inter-model spread, and ensemble-method
sensitivity (Table 6).

Based on BMA and SMA projections, the four extreme precipitation indices show markedly different future responses. The
intensity-related indices, Rx1day and R99p, show more consistent projected increases across scenarios and periods. Rx1day is
projected to increase across all period-scenario combinations, with changes generally remaining below 10%. The most
pronounced increase occurs in the FF period under SSP5-8.5. R99p also shows positive changes throughout, with its largest
projected increase likewise in the FF period under SSP5-8.5. By contrast, the frequency-related indices display more complex
responses. R20mm increase in most periods-scenarios combinations, though the magnitudes are generally small and remain
below 10% in most cases. R10mm shows a clear dependence on both period and emission scenario. Changes are mostly small
and positive under SSP1-2.6 and SSP2-4.5, but the signal weakens under SSP5-8.5 and turns negatively by the FF period.
Overall, the intensification signal is more consistent and pronounced for the intensity-related indices than for the frequency-

related ones, with the strongest projected changes occurring in the FF period under the high-emission scenario.

22



440

445

450

455

460

465

470

https://doi.org/10.5194/egusphere-2026-5518
Preprint. Discussion started: 22 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

BMA and SMA generally project relative changes in the same direction across most indices, scenarios, and periods,
particularly for Rx1day, R99p and R20mm, where both schemes consistently indicate positive changes. Differences arise,
however, in the magnitude of those changes. For Rx1day, SMA tends to project somewhat larger increases in a number of
period-scenario combinations, while for R99p, BMA yields notably higher estimates than SMA across all combinations.
Overall, while the two schemes agree well on the direction of change, the projected magnitudes remain uncertain.

The direction of projected change is generally robust for both intensity-related indices. For Rx1day, the large majority of
individual models project increases across all future periods and scenarios, with model agreement reaching +21/22 in the FF
period under both SSP2-4.5 and SSP5-8.5. Both BMA and SMA project positive changes across all period-scenario
combinations. Together, the high model agreement and the consistent sign of both ensemble projections indicate that the
direction of Rx1day change is robust. Furthermore, since the difference in projected magnitude between the two schemes falls
within the IQR of the individual model ensemble (Table 6), the magnitude estimates are also relatively insensitive to the choice
of ensemble scheme. R99p similarly shows consistent positive projections from both BMA and SMA. Model agreement ranges
from +16/22 to +17/22 in the NF period and reaches +18/22 to +20/22 in the MF and FF periods, supporting a robust increasing
direction overall. However, ensemble-method sensitivity is relatively high for some NF combinations, particularly under SSP2-
4.5 and SSP5-8.5, suggesting that while the direction of change is clear, the specific magnitude of R99p increase in the NF
remains more sensitive to the choice of ensemble scheme.

The frequency-related indices display more complex and comparatively weaker responses. R20mm shows positive changes
under both MMEs across all period-scenario combinations, though the magnitudes are generally small. In several period-
scenario combinations, the IQR of the individual model projections is comparable to or exceeds the median projected change,
suggesting that while a weak increasing tendency in R20mm cannot be ruled out, the projected magnitude carries considerable
uncertainty. R10mm shows more pronounced dependence on both emission scenario and future period. Under SSP1-2.6,
relative changes by both MMEs are small and consistently positive. Under SSP2-4.5, BMA also yields positive values, but
SMA gives near-zero or slightly negative estimates, and model agreement is mixed, reaching -14/22 in the NF period, reflecting
limited consensus on the direction of change. Under SSP5-8.5, the response evolves markedly across periods: BMA and SMA
give opposite signs in the MF period, indicating sensitivity to the choice of ensemble scheme; by the FF period, both schemes
project negative changes and model agreement reaches -17/22, pointing to a more consistent decreasing signal under the high-
emission scenario. Overall, R10mm shows no sustained increasing signal across future scenarios and periods.

Overall, Figure 7 and Table 6 indicate that intensification of extreme precipitation at Bologna is a relatively robust projected
signal, primarily reflected in increases in Rx1day and R99p. By contrast, the frequency-related indices show weaker responses
with stronger dependence on emission scenario and future period. R20mm may exhibit a weak increasing tendency, though its
projected magnitude remains uncertain, whereas R10mm shows no sustained increasing signal and is projected to decrease in
the FF periods under the high-emission scenario. Taken together, future changes in extreme precipitation at Bologna appear
more likely to manifest as greater precipitation intensity than as a consistent increase in the frequency of moderate-to-heavy

precipitation days.
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Figure 7: Relative changes in extreme precipitation indices during the NF, MF and FF periods relative to the historical baseline
under the three emission scenarios: SSP1-2.6, SSP2-4.5 and SSP5-8.5. Dots and triangles indicate the relative changes estimates from
the BMA and SMA schemes, respectively. The boxplots show the distribution of relative changes across the 22 individual models,
with boxes representing the 25" to 75 percentile range and the horizontal line indicating the median value. Scatter points denote
the relative change values of individual models. The labels above each group indicate the direction consistency across individual
models, where ‘+n/22° and ‘-n/22’ denote the number of models projecting positive and negative changes, respectively.
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480 Table 6. Projected relative changes, inter-model spread, and ensemble-method sensitivity across future periods and emission
scenarios.

Index Period Scenario BMA (%) SMA (%) Median (%) IQR (%) Ensemble-
method
sensitivity

Rxlday NF SSP1-2.6 6.39 7.30 7.30 10.55 0.09

SSP2-4.5 5.57 3.83 2.85 10.81 0.16

SSP5-8.5 5.99 4.88 2.82 12.76 0.09

MF SSP1-2.6 4.20 6.38 6.42 13.44 0.16

SSP2-4.5 6.46 6.00 6.58 11.22 0.04

SSP5-8.5 10.21 8.31 8.07 5.87 0.32

FF SSP1-2.6 3.94 6.08 5.17 10.74 0.20

SSP2-4.5 8.27 9.62 7.82 10.81 0.12

SSP5-8.5 10.60 15.13 13.89 15.82 0.29

R99p NF SSP1-2.6 55.11 27.82 20.33 45.66 0.60
SSP2-4.5 54.12 20.02 18.64 43.54 0.78

SSP5-8.5 65.01 22.05 16.43 37.21 1.15

MF SSP1-2.6 51.03 32.34 27.19 66.37 0.28

SSP2-4.5 46.34 28.26 26.14 37.46 0.48

SSP5-8.5 78.73 39.46 40.04 43.00 0.91

FF SSP1-2.6 68.32 33.04 22.70 55.60 0.63

SSP2-4.5 91.83 54.18 51.09 64.36 0.58

SSP5-8.5 105.58 77.60 72.64 68.00 0.41

R10mm NF SSP1-2.6 9.25 3.24 2.36 8.71 0.69
SSP2-4.5 2.27 -0.03 -1.61 9.36 0.25

SSP5-8.5 2.26 0.75 2.19 9.92 0.15

MF SSP1-2.6 7.72 -0.85 -1.55 9.72 0.88

SSP2-4.5 6.69 -0.15 1.11 11.22 0.61

SSP5-8.5 3.86 -3.14 -5.36 12.98 0.54

FF SSP1-2.6 5.62 1.00 0.13 12.41 0.37

SSP2-4.5 4.61 0.21 2.64 13.27 0.33

SSP5-8.5 -2.07 -7.75 -5.82 15.18 0.37

R20mm NF SSP1-2.6 8.93 12.54 14.34 9.97 0.36
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SSP2-4.5 3.87 3.02 3.18 10.92 0.08
SSP5-8.5 4.64 5.70 4.76 17.15 0.06
MF SSP1-2.6 2.19 7.77 8.72 15.69 0.36
SSP2-4.5 4.19 8.25 8.91 17.41 0.23
SSP5-8.5 2.78 7.93 9.17 14.18 0.36
FF SSP1-2.6 4.98 10.35 11.62 11.86 0.45
SSP2-4.5 5.51 12.65 14.24 24.02 0.30
SSP5-8.5 5.70 9.97 9.13 15.59 0.27

Note: BMA and SMA denote the relative changes projected by the two MME schemes, respectively. Median (%) and IQR (%)
are calculated from the relative changes of the 22 individual models, while IQR denotes the interquartile range and is calculated
as Q5 — Q,5. Ensemble-method sensitivity is defined as [BMA — SMA|/IQR, where lower values indicate weaker sensitivity

of the projected magnitude to the choice of ensemble method.

5 Conclusions

This study evaluated the ability of 22 CMIP6 global climate models and two MME schemes, Bayesian Model Averaging
(BMA) and Simple Model Averaging (SMA), to simulate and project extreme precipitation at Bologna station. First, the
effectiveness of Quantile Delta Mapping (QDM) bias correction in improving station-scale daily precipitation simulations was
evaluated against an independent validation period. The ability of the bias-corrected models to reproduce historical extreme
precipitation indices was then assessed. On this basis, BMA weights were estimated over the training period, and the
performance of the 22 individual models, BMA, and SMA was compared over the independent validation period. For the
projection stage, the QDM transferred functions and BMA weights estimated during the training period were transferred
directly to future simulations, and both MME schemes were applied under SSP1-2.6, SSP2-4.5, and SSP5-8.5 to assess future
changes in extreme precipitation indices and the robustness of the projected signals.

The results show that QDM substantially improves the ability of CMIP6 models to reproduce the distributional
characteristics of historical extreme precipitation, with the bias-corrected simulations generally showing closer agreement with
observations. Both BMA and SMA outperform most individual models in independent validation period, suggesting that
ensemble approaches help mitigate the influence of individual model biases and yield more stable results. The two schemes
agree well on the direction of projected future changes, though discrepancies in projected magnitudes remain, indicating that
the direction of change is relatively robust while specific magnitudes carry greater uncertainty.

Future projections indicate that changes in extreme precipitation at Bologna are more robustly characterized by an
intensification of precipitation intensity than by a consistent increase in frequency. Rx1day and R99p increase across most
future periods and emission scenarios, with more pronounced signals in the far future period under high-emission conditions,

pointing to a potential increase in the risk of intense extreme precipitation events. By contrast, the frequency-related indices
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show more complex responses. R20mm exhibits a weak increasing tendency, whereas R10mm shows no sustained increasing
signal and is projected to decline in the mid-future and far future periods under SSP5-8.5. These results suggest that future
intensification of extreme precipitation at Bologna is more likely to manifest as stronger individual heavy rainfall events than
as a broadening in the frequency of moderate-to-heavy precipitation days.

This study demonstrates that combining QDM bias correction, MME methods, and robustness assessment provides a more
robust framework for interpreting future changes in station-scale extreme precipitation. Nevertheless, inter-model spread,
differences between ensemble methods, and the complex responses of frequency-related indices indicate that considerable
uncertainty remains in local extreme precipitation projections. Future research could extend this approach to additional stations
and regional scales, and incorporate process-based diagnostics to deepen understanding of the mechanisms driving extreme

precipitation changes.

Code and data availability

The historical rainfall series observed in Bologna can be obtained from https://climexp.knmi.nl/ (KNMI and WMO, 2022). All
the CMIP6 GCM outputs used in this study are publicly available through the Earth System Grid Federation (ESGF,
https://esgf-node.llnl.gov/projects/cmip6/).
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