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Abstract. We address the problem of understanding precip-
itation in climate models. Using a novel decomposition ap-
plied to two large ensemble simulations, we disaggregate bi-
ases and forced changes in European heavy precipitation oc-
currence into contributions from different weather conditions
and decompose synoptic-scale dynamical contributions from
the local-scale conversion of synoptic forcing into precipi-
tation. We characterise weather conditions in terms of mul-
tivariate, regionally-specific “synoptic precursors” that co-
occur with and drive observed heavy precipitation. This ap-
proach reveals a larger role for dynamics in explaining model
biases and projected changes than previously suggested. We
demonstrate that biases in heavy precipitation across mod-
els and regions can emerge from errors on very different
scales, with compensating biases between scales being com-
mon. This has important implications for model selection, for
example for downscaling or storyline applications. In terms
of forced changes in heavy precipitation, we show that ap-
parent model agreement can arise from markedly different
future scenarios with different levels of implied risk.

Our results demonstrate the utility of flow-dependent di-
agnostics for exposing the origins of climate model biases,
which can distort a model’s precipitation response in future
projections. With an eye to informing researchers in model
development and validation, we demonstrate which combi-
nations of dynamical versus conversion biases lead to spe-
cific types of distortion, and emphasise that these cannot
be corrected for without a flow-dependent perspective. This
framework allows us to introduce an intuitive heuristic for
guiding model selection and interpretation, and to extract us-
able climate information from imperfect models.

1 Introduction

Precipitation is one of the most important processes in the
Earth system. Dynamically, it is a major source of diabatic
heating; societally, it shapes global ecology and agriculture
and, in its extreme form, is responsible for some of the most
deadly and damaging weather events (EEA, 2022). Under-
standing how precipitation will change in a warmer world is
therefore a question of key importance. Yet simulating pre-
cipitation remains a major challenge. While the spatial distri-
bution and temporal variability of mid-latitude precipitation
in global climate models has steadily improved (Du et al.,
2022), deficiencies remain (Abdelmoaty et al., 2021), con-
tributing to large uncertainties in future projections.

These persistent model deficiencies highlight a need for
methods that can identify where errors arise within the di-
versity and complexity of precipitation processes. There are
many kinds of precipitation (broadly categorisable as strati-
form, convective or orographic), each the result of non-linear
interactions between processes across scales. In the mid-
latitudes, synoptic-scale variability — the passage of weather
systems — sets the potential for precipitation by modulat-
ing the availability of moisture and steering low-level winds.
Converting this potential for precipitation into precipitation
itself involves finer scale processes: mesoscale organisation
of convection, boundary layer, coastal and orographic inter-
actions, sub-diurnal heating and cloud microphysics. Many
of these conversion processes must be parameterised as they
simply cannot be resolved on the O(100 km) grids of climate
models. Purely statistical correction of the resulting net rain-
fall bias is insufficient to credibly inform downstream cli-
mate applications (Addor et al., 2016; Maraun et al., 2017).
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Rather, the sources of biases should be first understood be-
fore calibration is considered (Maraun, 2012). However, pro-
cess understanding in climate simulations can be challenging
to obtain especially when, as for rainfall, the processes vary
significantly across time and space.

One approach to building better understanding of model
behaviour has been to decompose climate signals nto dy-
namical and thermodynamic contributions. The various de-
composition frameworks, which target different goals, have
produced seemingly different answers about the importance
of dynamical drivers, largely because the choice of which dy-
namics to focus on strongly shapes the conclusions. For ex-
ample, the dynamical adjustment approach uses circulation
analogues to isolate (circulation-induced) internal variabil-
ity from forced thermodynamic signals (Deser et al., 2016;
Sippel et al., 2019), thereby reducing uncertainty in the lat-
ter Shepherd (2014). It reveals substantial dynamical contri-
butions to trends in regional mean and extreme temperature
(Deser et al., 2016; Terray, 2021; Vautard et al., 2023) and
in monthly precipitation (Guo et al., 2019; Doane-Solomon
et al., 2025), but may be unreliable for understanding daily
extreme rainfall (Thompson, 2025).

Regime-based decomposition approaches target these
shorter timescales explicitly, defining dynamics in terms of
dominant modes of synoptic variability in a region, e.g. Cas-
sano et al. (2007), Cattiaux et al. (2013). However, several
regime-based decompositions found that forced dynamical
changes in regime frequency are far less important for under-
standing climate model precipitation trends than the changes
in precipitation intensity within regimes (Driouech et al.,
2010; Fischer et al., 2025) possibly due to the strong inter-
nal variability of daily rainfall within regimes (Gerighausen
et al., 2025). Finally, decompositions based on local pre-
cipitation dynamics have been applied on the global (Held
and Soden, 2006; O’Gorman and Schneider, 2009), monthly
(Respati et al., 2024) and daily (Pfahl et al., 2017) scale,
typically defining dynamics at the gridpoint level in terms
of vertical velocity. These approaches connect model be-
haviour directly to moist dynamical theory, but can obscure
the synoptically-modulated relationship between humidity
and ascent, and the role of dynamics in setting local ther-
modynamic properties through e.g. airmass advection.

Our work extends this growing literature on decomposi-
tion approaches by characterising dynamics in terms of flow
precursors: multivariate characterisations of the weather pat-
terns most relevant for heavy precipitation, specific to a par-
ticular region and season (Dorrington et al., 2024a). As high-
impact heavy precipitation is often driven by relatively un-
common and spatially localised weather patterns, this “bot-
tom up” approach can identify a stronger dynamical condi-
tioning of the events than traditional regime or area-analogue
methods. Here, we consider synoptic patterns that co-occur
with heavy precipitation. As such, they are not precursors in
time, but due to their large scale they are the causal drivers
of local rainfall. As noted in Dorrington et al. (2024a), true
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day-ahead synoptic precursor patterns are very similar to co-
ocurring precursors. Once defined in observations, precur-
sors are used to decompose both historical biases and fu-
ture changes into contributions from synoptic-scale dynam-
ics and from the fine-scale conversion of dynamical forcing
into precipitation. This decomposition framework allows us
to explicitly account for the flow- and scale-dependent nature
of model biases and their interaction with forced changes,
and therefore assess not only whether a model reproduces
heavy precipitation realistically, but whether it does so for
the right reasons. The approach scales efficiently to large
datasets such as large, multi-model ensembles, distilling the
rainfall-relevant dynamics to a small number of scalar in-
dices. The resulting diagnostics are thus not only tools for
model development, but also offer a practical framework for
visualising and interpreting projections and for extracting us-
able climate information from imperfect models — a contri-
bution we aim explicitly at the downscaling and climate ser-
vices communities.

Section 2 introduces the datasets used, our region defini-
tions, and a summary of the flow-precursor approach. Sec-
tion 3 summarises known results on the bulk representa-
tion of precipitation in our two large ensembles and on the
ERAS climatology of heavy precipitation, providing context
for later sections. The formalism for the precipitation decom-
position is introduced gradually, alongside demonstrative ex-
amples: the decomposition of biases is introduced in Sect. 4,
the decomposition of forced changes in Sect. 5, and the in-
teractions between biases and forced changes in Sect. 6. A
self-contained theoretical discussion of the precipitation de-
composition is given in Appendix A. Section 7 synthesises
and discusses our key results while Sect. 8 provides a sum-
mary and forward perspective.

2 Data and Methods
2.1 Data

As our observational reference for large-scale dynamics, we
use three variables from the ERAS reanalysis (Hersbach
et al., 2020) at 1° resolution: 500 hPa geopotential height
(Z500) and 850 hPa zonal (U850) and meridional (V850)
wind aggregated to daily means from 6 hourly instantaneous
fields. Precursor patterns (see Sect. 2.3) are computed us-
ing data over the period 1979-2024. While ERAS5 has now
been extended back to 1940, we limit ourselves to the satel-
lite era where daily synoptic variability is more reliable. Pre-
cipitation data is taken from ERAS5-land (Mufioz-Sabater et
al., 2021), at a spatial resolution of 0.25°. While precipita-
tion in reanalyses is not as reliable as that from satellite- and
gauge-derived products, reanalysis data has the advantage of
being temporally and spatially homogeneous and is suitable
for our focus on large-scale spatially-aggregated daily pre-
cipitation. As a check, we have made a qualitative compari-
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son with 0.1°, 3 hourly precipitation data from MSWEPv3,
which blends reanalysis with gauge and satellite data (Beck
et al., 2019), and find consistent results.

We analyse two large-ensemble simulations, CESM?2
LENS2 (Danabasoglu et al., 2020b) and MPI-GE (Olon-
scheck et al., 2023), using 50 members from each of their his-
torical and SSP3-7.0 scenario runs. While CESM2 has 100
members available, 50 are sufficient to constrain European
precipitation statistics (Donat et al., 2023). For the histori-
cal runs we use the 1979-2014 period shared with ERAS,
and for forced changes we use a “future” period covering
2060-2100. SSP3-7.0 represents the severe but increasingly
plausible “rocky road” emissions pathway (O’Neill et al.,
2016, 2017), characterised by global end-of-century warm-
ing of 2.8-4.6 °C. The precipitation response in both models
is nearly linear across scenarios (Danabasoglu et al., 2020b;
Meehl et al., 2020), so we expect our findings for SSP3-7.0
to be generally relevant to any SSP scenario. With only two
models, our results will not span the full range of model
uncertainty, but CESM2 and MPI-GE come from indepen-
dent model families (Kuma et al., 2023) and have differ-
ent bias patterns (Brands, 2022). The models have compa-
rable transient climate responses, within the middle of the
CMIP6 spread: 1.8 °C in MPI-GE (Scafetta, 2023) and 2.0 °C
in CESM2 (Meehl et al., 2020). CESM2 has a higher hori-
zontal resolution than MPI-GE, 1° vs. 1.8°, and a more re-
alistic wintertime jet (Simpson et al., 2020), but both mod-
els been found to reproduce observed mid-latitude mean and
heavy precipitation with reasonable accuracy (Donat et al.,
2023).

2.2 Region definition

Precipitation regions are defined algorithmically based on
shared precipitation variability. ERAS5-land daily precipita-
tion over 1979-2024 is taken over all land gridpoints within
the domain [30-72° N 12° W-30° E], and subsampled by lati-
tude to maintain a similar spacing between points. The Pear-
son correlation is computed between each pair of retained
gridpoints, producing a correlation matrix, C, which was
converted into a distance matrix D =+/1 — C. D is then used
to cluster gridpoints agglomeratively using Scipy’s linkage
function, with method="complete” (Virtanen et al., 2020).
The clustering algorithm initially assigns each gridpoint as
its own region, then iteratively reduces the number of regions
by merging the two regions with the lowest maximum dis-
tance between the gridpoints they contain. Pragmatically, we
choose the region number to be as small as possible while
still ensuring that the average correlation between gridpoint
precipitation within each region is at least 0.45. This gives
the 38 regions shown in Fig. 1. Figure S1 in the Supplement
shows the dependence of mean and minimum intra-regional
correlation on region number. Precipitation from ERAS5-land
and from CESM2 and MPI-GE (bilinearly interpolated to
the ERAS5-land grid) were averaged over these regions us-
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Figure 1. The 38 precipitation regions over which we aggregate
precipitation, shown here with arbitrary colouring. Regions were
defined through a clustering of 0.25° ERAS5-1and daily precipitation,
as described in Sect. 2.2.

ing cosine-latitude weighting to obtain 38 scalar precipita-
tion indices for each data set. We focus on categorical “heavy
precipitation” events, defined separately for each season and
regional precipitation index based on exceedance of the 95th
ERAS5-land percentile (given explicitly in Table 1 in the Sup-
plement). We use this same ERAS-land threshold for model
precipitation, a choice we justify in Sect. 3. For the two mod-
els we consider, biases and changes in heavy precipitation
occurrence are closely related to intensity (cf. Fig. S3).

2.3 Precipitation decomposition and flow precursors

To analyse heavy precipitation occurrence we decompose it
into dynamical contributions and conversion contributions.
The dynamical contribution accounts for the occurrence of
different synoptic flow conditions associated with heavy pre-
cipitation, based on precursor indices as described below.
The conversion contribution accounts for the fine-scale pro-
cesses that produce precipitation under a given synoptic con-
dition, including microphysics, thermodynamics, boundary
layer interactions, the land surface and mesoscale dynamics.

The mathematical formalism behind the decomposition is
presented in full in Appendix A. In the main text, each equa-
tion is introduced as it becomes relevant alongside a corre-
sponding concrete example so that each term can be linked
directly to a meteorological reference. As a matter of nota-
tion, probabilities are always marked with a tilde if they cor-
respond to a potentially biased quantity, and with an asterisk
if they correspond to a future climate state.

Weather Clim. Dynam., 7, 633-657, 2026
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The flow precursor framework developed in Dorrington et
al. (2024a), is the basis of our decomposition. On a high
level, the approach identifies the synoptic conditions corre-
sponding to past heavy precipitation events using compos-
ite analysis, and defines time-evolving “precursor activity in-
dices” based on those composites. While the flow precur-
sor framework can be used for time-lagged dynamical fields,
here we only use fields co-occurring with precipitation to
form “lag-0 precursors”, but retain the terminology for con-
sistency with (Dorrington et al., 2024a, b). Our method for
this paper is as follows:

1. For each region and season, composites of deseason-
alised ERAS 7500, U850 and V850 anomalies are com-
puted for heavy precipitation days. Seasonal cycles are
computed with a day-of-year climatology, smoothed
with a 31 d Gaussian filter.

2. Composites of each variable are partially masked, re-
taining only gridpoints where anomalies are (i) statisti-
cally significant (p < 0.05), (ii) high amplitude (> 0.25
gridpoint standard deviation), and (iii) spatially coher-
ent (significant, high amplitude anomalies form a con-
nected area of > 5 x 10° km?). These masked compos-
ites are termed precursor patterns. This masking is in-
tended to algorithmically imitate the approach a re-
searcher might use to hand-define a variability mode
such as the box-based North Atlantic Oscillation (NAO)
or El Nifio—Southern Oscillation. We maintain the same
masking parameters as Dorrington et al. (2024a, b) as
they have been shown to produce precursors that can be
used to predict daily precipitation in a weather forecast
context, which we take as a strong test of their dynami-
cal relevance.

3. Daily ERAS fields are projected onto these masked pre-
cursor patterns and the resulting time series are stan-
dardised, producing scalar precursor activity indices.
By construction, strong positive projection onto these
indices is related to increased occurrence of heavy pre-
cipitation.

4. Anomaly fields of Z500, U850 and V850 are computed
from climate models using the ERAS seasonal cycle and
mean state, thereby preserving all model bias. Model
data was not detrended, with the exception of Z500
data for the SSP3-7.0 runs, where we remove a global
thickening trend that is dynamically irrelevant as it has
no impact on the geostrophic wind. This was done by
computing the ensemble- and area-mean Z500 anomaly
over the Euro-Atlantic region [80° W-60° E, 30-90° N],
smoothing it with a 21-year time-mean Gaussian filter,
and subtracting it from each member.

5. Daily anomaly fields for each ensemble member are
projected onto the ERAS precursor patterns, and scaled
with ERAS standardisation parameters.
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In combination with the regional precipitation aggregation
described in Sect. 2.2, this process represents the interac-
tions between synoptic dynamics and precipitation in each
region as a functional relationship between 4 scalar indices:
three precursor indices and one precipitation index. The time
evolution of each precursor index is directly interpretable
in terms of the evolution of its precursor pattern, just as,
for example, the dipole variability of the NAO can be cap-
tured neatly within an NAO index. However, in contrast to
the NAO, which represents the dominant variability mode
of Atlantic geopotential height, the flow precursor frame-
work identifies targeted patterns for each region-season com-
bination that explain heavy precipitation variability. Thus,
the framework captures stronger dynamical modulation of
precipitation than traditional regime or analogue-based ap-
proaches. Figure S2 shows an exemplary comparison for
DIJF. We discuss only a small number of these precursor pat-
terns explicitly in this paper, but the full set of 3 x 4 x 38
patterns is included in the Supplement and can be visualised
at https://uib-precursors-cmip6-interactive.hf.space/app (last
access: 15 April 2026) so that specific regional cases can be
examined by the interested reader.

2.4 Uncertainty and variability

We quantify both the statistical sampling uncertainty and in-
ternal variability of our results. Bias terms for each model are
computed using daily output of all ensemble members con-
catenated. Change terms are computed similarly by compar-
ing the full future and historical ensembles. For both bias and
change, sampling uncertainty is computed using 400 boot-
strapped resamples of the daily ensemble data with replace-
ment. Internal variability is quantified using the full ensem-
ble spread, with all terms computed for each member sepa-
rately.

3 Heavy Precipitation in CESM2 and MPI-GE

We first summarise model performance from the bulk per-
spective with reference to the ERAS-land climatology of
95th percentile regional precipitation (Fig. 2a—d). We term
precipitation over this 95th percentile threshold as heavy
precipitation, but this should always be understood in local
terms. The 95th percentile is highly variable across seasons
and regions, ranging from less than 2.5mmd~! to as much
as 25mmd~" (cf. Table S1). Both CESM2 and MPI-GE gen-
erally underestimate the intensity of the 95th percentile of
precipitation (Fig. 2e-1), especially in summer. Biases are
typically largest in mountainous regions, but this is not uni-
versally the case: MPI-GE performs well over the Iberian
mountains for example, while CESM2 performs well over
the Scandinavian mountains. Pronounced wet biases are rare,
but can be seen in DJF in some western European regions in
both models.

https://doi.org/10.5194/wcd-7-633-2026
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Figure 2. (a—-d) 95th percentile area-averaged daily precipitation thresholds from ERAS5-land used to define heavy precipitation days. (e—
1) Mean biases in 95th percentile precipitation in the two large ensembles.

We focus on the occurrence probability of heavy precip-
itation (Fig. 3a-h), but there is a strong monotonic relation
between deviations in extreme precipitation intensity and oc-
currence (cf. Fig. S3). Even in regions with the largest mag-
nitude dry biases, such as the Alps or northern Scandinavia
(cf. Fig. 2), both models can produce heavy precipitation
events of real-world intensity. Nevertheless, occurrence bi-
ases worse than —80 % — visible for both models in JJA and
for MPI-GE in mountainous domains throughout the year —
indicate cases where 95th percentile real-world events are
akin to 99th percentile or greater events in the model. Pos-
itive occurrence biases are also seen in many regions: the At-
lantic coast of Europe in SON and DJF receives 30 %—-110 %
more heavy precipitation events in the two models than in re-
ality. This motivates our choice to define heavy precipitation
events with reference to reanalysis precipitation thresholds,
as a pan-European analysis using model-derived thresholds
would mix events of differing magnitudes.
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Throughout the paper we will characterise forced climate
signals as changes in heavy precipitation occurrence between
the end-of-century period 2060-2100 under the SSP3-7.0
climate scenario and the historical period 1979-2014. Fig-
ure 3i—p shows that these changes are more spatially coher-
ent than the biases, and in general of smaller amplitude. The
models show a qualitative consistency in their continental-
scale forced response: more heavy precipitation events pole-
ward of 40°N in autumn through spring, fewer events in
summer (excluding Fennoscandia) and fewer events in south-
ern Iberia and North Africa throughout the year. This is gen-
erally consistent with the “wet gets wetter” heuristic (Held
and Soden, 2006). On a region-by-region level, however, and
with an eye to the actual amplitude of projected changes, the
story is richer and more uncertain. We identify a few spe-
cific cases that we will discuss in detail later. CESM2 and
MPI-GE have pronounced differences in biases and changes
in southwestern Iberia during DJF, which notably is a region
where climate models have struggled to reproduce recent
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a) CESM2 DJF bias b)CESM2 MAM bias

c) CESM2 JJA bias d) CESM2 SON bias

h)MPI-GE SON bias
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Figure 3. (a-h) Multiplicative biases in the occurrence of heavy precipitation days for each season and model over the historical period
(1979-2014), with respect to ERA5-1land. (i-p) Ensemble mean multiplicative changes in heavy precipitation occurrence between the future
period (2060-2100, SSP3-7.0 scenario) and the historical period. A bias of —100 % would indicate no heavy precipitation occurrence,
+100 % would indicate a doubling in occurrence probability with respect to ERA5-1and.

observational precipitation trends (Donat et al., 2023). The
northern Adriatic region features some of the highest precip-
itation values in Europe (Fig. 2a—d) and experiences some
of the most pronounced societal impacts from flash flooding
(e.g. Dorrington et al., 2024b), yet is unfortunately one of the
regions where the models we consider show consistent heavy
precipitation biases of —60 % to —90 % (Fig. 3a—h). Finally,
we note a decrease in JJA heavy precipitation over the central
UK and Ireland, which is seemingly consistent across the two

Weather Clim. Dynam., 7, 633-657, 2026

models but is shown in Sect. 5 to be a case of considerable
model disagreement.

4 Biases

Heavy precipitation occurs when (a) the synoptic environ-
ment is favourable and (b) the interactions of sub-synoptic
processes serve to convert the large-scale forcing into pre-
cipitation. Formalising this observation, we can decompose
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the daily probability of heavy precipitation, Py, into the
probability of a particular synoptic driver occurring, Pgs, and
the conditional probability of heavy precipitation under that
synoptic driver, Py s, summed over a comprehensive set of
drivers (indexed by k):

Py = ZPH‘Sk - Pg, ZPSk =1
k k

The stronger the conditioning of heavy precipitation occur-
rence on this synoptic categorisation, the more useful this de-
composition. Throughout, potentially biased quantities are
denoted with a tilde, while future quantities are denoted with
an asterisk.

We define our set of synoptic drivers {Si} using the flow
precursor indices introduced in Sect. 2.3. For each region-
season combination, precursor patterns are defined using
7500, U850, and V850 anomaly fields (examples for three
region-seasons are shown in Fig. 4]-11I). Each pattern is used
to define a standardised precursor index describing the daily
variability of projections onto the pattern. Taking the first
principal component of the three ERAS precursor indices for
each region-season produces a single scalar index, S, that
captures the variability of multivariate precipitation-causing
dynamics. Reducing three precursors to a single index re-
moves information, and principal component analysis can-
not account for any nonlinearity in the covariance between
precursors. Nevertheless, we use this simplification here to
maintain a manageable analytic scope. We next discretise the
index S into N bins, {S7, ...Sk, ...Sn}, representing different
synoptic states. In ERAS, each bin is equally likely to occur
by construction, and bins labelled with larger k indicate states
with a higher conditional probability of heavy precipitation.
Using a coarser discretisation can slightly reduce sampling
uncertainty (see discussion in the Supplement) while a finer
discretisation will more accurately estimate dynamical im-
pacts. We use N = 10, discretising S into deciles.

Using southwestern Iberia during DJF as an example,
Fig. 41 shows the identified precursor patterns; the low-
level jet is shifted equatorward, and an omega-type block is
present over the Atlantic. This pattern favours the conver-
gence of moist Atlantic airmasses from the north and west
into the region (as also documented in Dorrington et al.,
2024a). Figure S4 shows the precursor patterns for each vari-
able in more detail. The Z500, V850 and U850 precursor
indices that summarise the variability of this flow pattern
are combined into the multivariate index S, and Fig. 4la—
d shows ERAS circulation composites for different deciles
of S. High decile composites (k =9, 10) closely match the
precursor pattern, while low deciles (k =1, 2) show an ap-
proximately inverse flow with anticylonic ridging to the
west of Iberia and weakened regional westerlies. Figure 4Ie—
h confirms that strong precursors correspond to elevated
heavy precipitation probability, validated here with a differ-
ent precipitation dataset than that used to define the patterns

https://doi.org/10.5194/wcd-7-633-2026

— gridpoint-wise heavy precipitation occurrence computed
from MSWEP data.

In a historical model simulation with heavy precipitation
probability Py, we decompose biases into additive bias in
the occurrence frequency of different synoptic conditions,
8 Ps,, and multiplicative biases in the probability of heavy
precipitation conversion for each synoptic condition, & . For-
mulating the conversion bias as multiplicative follows stan-
dard precipitation calibration methods (Hewson and Pillosu,
2021). Our decomposition of model heavy precipitation oc-
currence is then:

Py = (Puis [1+&]) - (Ps, +8Ps,) ()
k

Instead of having a single bulk metric of precipitation bias for
each region and season, we now have 20 metrics (8 Ps, and
& for ten values of k), representing biases on different scales
and in different flow states. As a note, previous literature (e.g.
Deser et al., 2016; Pfahl et al., 2017; Doane-Solomon et al.,
2025; Fischer et al., 2025) has often labelled similar quanti-
ties to our conversion term as an “intensity” or “thermody-
namic” term. The former is a better descriptor for continuous
precipitation than for our categorical perspective, while we
avoid the latter due to the many non-thermodynamic factors
it can include, as noted in Sect. 2.3.

4.1 Wintertime biases in southwestern Iberia

Figure 5 visualises the decomposed terms of Eq. (1) for
DJF southwestern Iberia in CESM2 and MPI-GE. In this
case, both models have large and opposite dynamical biases
(Fig. 5a): CESM2 generates too few days with strong pre-
cursors (i.e. 8 Psg 4 1o, <0) while MPI-GE generates far too
many, producing flows like Fig. 4Id almost a third of the
time. The conversion terms from ERAS clearly show that
strong synoptic precursors (k= 10) are almost a prerequi-
site for heavy precipitation (Fig. 5b). CESM2 simulates the
occurrence of heavy precipitation relatively well for moder-
ately strong precursors (6 < k <9), with some underestima-
tion for the strongest 10 % of flows, whereas MPI-GE ex-
hibits markedly low heavy precipitation conversion for all of
the strongest 40 % of precursor flows.

These flow-dependent biases can be aggregated into a
three-term bias budget:

model bias = FH — Py

= Puys,
k

§Ps, + OPg
—— ~——
dynamical bias

+ &8P, ()
——

conversion bias non-linear bias

These terms are shown in Fig. 5c, with the amplitudes of
each term directly interpretable in units of altered heavy pre-
cipitation occurrence. CESM2 both undersamples strong pre-
cursor circulations (negative dynamical bias) and underesti-
mates the conversion of strong precursors into heavy precip-
itation (negative conversion bias). The resulting dynamical
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Figure 4. Precursor patterns (I)—(III) and circulation composites on bins of the synoptic index Sy (a—d) for three example region-seasons. In
all panels, blue-red shading shows standardised anomalies of ERAS 500 hPa geopotential height, and black arrows indicate ERAS 850 hPa
wind. Grey contours on the left panels (I)-(III) show full geopotential height contours associated with the precursor patterns. Strong pre-
cursors lead to increased heavy precipitation probability (e—h), where white-to-green shading shows gridpoint 95th percentile precipitation
probability from MSWEP data. Red contours, show the domains over which precipitation is spatially aggregated.

and conversion biases compound, leading to a net bias of
—2 %; heavy precipitation in the region only occurs 3 % of
the time in CESM2 versus 5 % in ERAS5. MPI-GE appears to
perform better with a net bias of 1 %, but this is a misleading
result that occurs due to compensation between dynamical
and conversion biases. The positive dynamical bias of MPI-
GE would imply a heavy precipitation occurrence of 8.5 %,
but the model’s severe under-conversion of dynamical forc-
ing into heavy precipitation reduces this substantially. The
two models’ biases in this case are then not only of opposing
sign, but of opposing type — compensating in MPI-GE and
compounding in CESM2.

Different types of bias have different implications for
model usability and interpretation. We propose five concep-
tual categories of bias which we discuss in detail in Sect. 7.
To do this, we define a 2D bias space consisting of the
conversion term, bgony, and the sum of the dynamical and

Weather Clim. Dynam., 7, 633-657, 2026

non-linear terms’ bayn+NL, With an L1-norm b = |beony| +
|bayn+NL| Where b is the absolute bias. Figure 5d shows the
southwestern Iberia biases within this space and visualises
internal variability within the ensembles. Within this space
we define five categories of bias, where we introduce two pa-
rameters, bp,x (a2 maximum “acceptable” bias level) and R
(a relative importance threshold for different terms):

1. Minimal bias: b < byax

.. b
2. Conversion bias: l‘dby"—““l < Rand b > by

conv I

Ibaynsni|

|bC0nV|

3. Dynamical bias: > % and b > byax

4. Compounding bias: sign(beony) = sign(biherm) and bias
not Minimal/Conversion/Dynamical

The non-linear term could also be grouped with the conversion
term. However, as the most extreme conversion biases are much
larger than the most extreme dynamical biases, a conversion+non-
linear grouping can give bias terms with values lower than —100 %,
which hurts interpretability.
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Figure 5. Flow-dependent precipitation bias for southwestern Iberia during DJF. (a) Occurrence of different bins of the synoptic index over
the historical period. Differences between model (red,blue) and ERAS reference values (black) determine the dynamical bias. (b) Heavy pre-
cipitation occurrence conditional on synoptic index bin. Dashed black line shows the 5 % climatological heavy precipitation rate Differences
between model (red,blue) and ERAS reference values (black) determine the conversion bias. (¢) Decomposition of net heavy precipitation
biases into contributions from dynamical and conversion terms and their non-linear interaction. (d) A visualisation of model bias in the
2-dimensional (2D) space of conversion bias and summed dynamical and non-linear bias. Individual ensemble members are shown with
black outlines, ensemble mean values with white outlines. The dashed negative diagonal marks the line of zero net bias. Grey diamonds
mark contours of constant absolute bias. The significance of the shaded regions is explained in the main text. The 95th percentile sampling
uncertainty estimate is shown with shading in panels (a) and (b), grey bars in panel (¢) and is smaller than the ensemble mean dot in panel (d).
The full spread of internal variability is shown in bars in panels (a) and (b), black bars in panel (¢) and visualised directly in panel (d).

5. Compensating bias: sign(beony) 7 sign(biherm) and bias bias is predominately conversion-related, highlighting the
not Minimal/Conversion/Dynamical importance of large ensembles to understand model bias in
detail.

We set bpax =20% and R=0.2 to provide a proof-of-
concept, but we stress that these should be tuned for user 4.2 Autumn biases in the northern Adriatic
needs. For MPI-GE, variability in b¢oqy is small and in-

dependent from the bias in bgyn+NL, Which ranges from The northern Adriatic in SON provides a second example
20 %—-80 %. Notably, several ensemble members lie close with very different bias features. In this case heavy precipita-
to the line of zero net bias (marked by the dashed diago- tion is not predominately driven by large-scale blocks or jet
nal) while lying on the »=80% contour. In contrast, the anomalies but by Rossby wave packets of zonal wavenum-
CESM2 ensemble members are closely clustered around bers 6—7 (Grazzini et al., 2021), visible in the precursor pat-
the »=40% contour, all with similar net bias and show- terns and synoptic composites of Fig. 4IIla-h. Figure 6a re-
ing strong intra-ensemble correlation between bcony and veals moderate dynamical biases: MPI-GE favours strong
baynyNL. The CESM2 spread contains both members for wave-trains in phases that both favour (k = 10) and suppress
which bias is almost entirely dynamical and those for which (k =1) precipitation, while CESM2’s bias towards negative
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precursors indicates a persistent Autumn ridge over central
Europe (cf. Fig. 4111a). However these dynamical biases are
minor overall in comparison to the conversion biases shown
in Fig. 6b. Both models have severe challenges converting
dynamical drivers into precipitation, a conversion which in
the real world relies on factors these models cannot resolve:
convection, diabatic processes over the warm, shallow Adri-
atic, and uplift and blocking from the Apennines and the
Alps. As a result, conversion dominates the bias budget for
both models and non-linear terms almost completely can-
cel the dynamical bias (Fig. 6¢c—d), representing that biases
in rainfall-favouring dynamics are of little importance if a
model would very rarely produce heavy rain anyway. In
Sect. 6 we will discuss how usable information about fu-
ture heavy precipitation can be obtained from models even
in such cases of severe historical bias.

4.3 Biases across Europe

We now take a holistic view of model biases, considering
each season and region, excepting extremely dry cases where
the ERAS heavy precipitation threshold is less than 2.5 mm.
Figure 7 shows the impact of conversion biases to heavy pre-
cipitation, as given by Eq. (2). The most coherent feature is
the systematic under-estimation of JJA heavy precipitation
conversion in both models, with occurrence biases of —60 %
to —80 %. Similar, although typically weaker, conversion bi-
ases are seen in MAM and SON for central and southern Eu-
rope. Many of these cases correspond to wave-driven flows
similar to the SON North Adriatic case or Mediterranean cut-
off lows (see supplementary material), and it is plausible this
low conversion captures poorly represented diabatic, convec-
tive and orographic processes.

In contrast, conversion biases in Northern Europe during
MAM and SON can be positive, primarily in cases where
large-scale zonal flows with fast eastward-extended jets form
the main rainfall precursor. Conversion biases are most spa-
tially diverse in DJF, perhaps surprisingly given the larger
scale synoptic organisation. MPI-GE in particular struggles
to convert dynamical precursors to heavy precipitation in the
most mountainous domains. Regional downscaling over Nor-
way increases DJF precipitation from convective sources and
localises it on the coast (Iversen et al., 2023), suggesting that
resolution (possibly compounded by snow parameterisation
errors) is likely the cause of these conversion biases.

Dynamical contributions to heavy precipitation bias are in
general more spatially coherent than the conversion biases
but are very different between the two models (Fig. 8), and
are partly linked to jet stream biases. CESM2 has positive dy-
namical biases in wintertime heavy precipitation over north-
ern Europe (Fig. 8a) due to an overly strong and eastward
extended jet (Simpson et al., 2020), with negative dynami-
cal biases over southern Europe due to a corresponding lack
of wave-driven and negative NAO-like flows. Through the
rest of the year, CESM2 shows dry biases in western Europe
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(Fig. 8b—d) due to a mispositioned jet and a persistent At-
lantic ridge anomaly. MPI-GE has a very different dynamical
bias pattern, with precipitation-causing weather patterns oc-
curring excessively throughout SON, DJF and MAM. This is
a signature of excessive wave activity and wintertime cutoff-
lows in the East Atlantic, the latter of which may be related
to MPI-ESM-LE’s overly southward and zonal jet stream
(Simpson et al., 2020). This wet dynamical bias in MPI-
GE is consistent with the “overshooting” precipitation found
in higher resolution MPI-ESM models (Olonscheck et al.,
2023), since resolution increases may disproportionately re-
duce the model’s negative conversion biases while leaving
the positive dynamical bias relatively unchanged.

Figure 9 synthesises these biases using the 5-category bias
categorisation introduced in Sect. 4.1. Results for all seasons
and regions are also visualised in bias-space in Fig. S5, of-
fering an alternate perspective. Firstly, we note that achiev-
ing minimal bias is possible for both models in some re-
gions, even if fairly uncommon — the daily, regional, and
near-extreme scales we are interested in are not inherently
beyond the capabilities of CMIP6-class models. Secondly,
we see that conversion biases are common, especially in JJA,
as expected due to the relevance of summertime convection,
and yet dominant dynamical biases can occur in any sea-
sons. Perhaps most importantly, we emphasise that compen-
sating biases — as we identified for MPI-GE during DJF over
South West Iberia — are common, occurring in both models
throughout the year. The two models tend to favour compen-
sating biases of particular sign: CESM?2 features excessive
conversion for too-rare synoptic conditions, while MPI-GE
counterbalances too-common synoptic conditions with weak
conversion (cf. Fig. S5).

5 Forced Changes

We now turn to future projections, considering the change
in heavy precipitation occurrence between 2060-2100 un-
der the SSP3-7.0 scenario and the historical period 1979-
2015. We focus on the change, rather than a trend with re-
spect to global temperature, to avoid conflating global and
local changes. In Sect. 4 we demonstrated that both mod-
els contain pronounced heavy precipitation biases for cer-
tain regions, coming from errors in both the driving synop-
tic dynamics and the regional processes that convert those
dynamics into heavy precipitation. When considering forced
changes can these biases be ignored, or do they distort the
projected forced response or even completely undermine the
model’s utility?

We first consider an estimate where we assume biases have
no impact on forced changes. This is the perspective used,
often implicitly, when directly computing the bulk relative
change in model precipitation, which we denote j, from the

model’s heavy precipitation occurrence in the future, P,
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Figure 6. As in Fig. 5 but for the northern Adriatic region in SON.
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Figure 7. Ensemble mean biases in heavy precipitation occurrence attributable to conversion biases (errors in the conversion of synoptic
forcing into heavy precipitation). Results are not shown for region-seasons where the heavy precipitation threshold < 2.5 mm d-L.
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Figure 8. Ensemble mean biases in heavy precipitation occurrence attributable to dynamical biases (errors in the distribution of synoptic
weather patterns). Results are not shown for region-seasons where the heavy precipitation threshold <2.5 mm d-1.
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and in the historical period, Py: Extending Eq. (1) to include forced changes reveals that

- - . the bulk estimate of change f can in principle be distorted
% .

Py =Pp-(1+p) (3) by flow-dependent model biases. In the same way that we

decomposed biases in Sect. 4, we consider the dynamical

s
B=Py/Pu—1 change in the occurrence of each synoptic category, A Pg,,
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and the change in heavy precipitation conversion, oy, within
each synoptic category, which gives:

Py =" (Puis, [1+ &1 +exl) - (Ps, +8Ps, + APs,)  (4)
k

Within Eq. (4) are products between flow-dependent
forced changes and flow-dependent biases, which can be
thought of as either non-stationary biases or spurious forced
signals. As Eq. (4) is the numerator of 8, these distortions
also impact the bulk estimate of forced precipitation changes.
We quantify the impact of this distortion in Sect. 6. However,
if we accept the flow-dependent forced changes as credible
estimates of true climate response and if we have no prior
reason to expect a model’s flow dependent biases to be non-
stationary, then as part of our decomposition we can drop
these bias-change cross terms. We then obtain a calibrated
estimate of the overall heavy precipitation change, B:

Forced change = Py - (1 + ) (®)]
1
B= E;Pmsk ar-Ps,  +  APs,

N —
conversion change  dynamical change

+ ag-APs,
—— —
non-linear change,

When analysing forced changes below, we use this calibrated
estimate, but the effect of this calibration should not be over-
stated. The models’ estimates of the flow-dependent forced
changes o and A Ps, may still ultimately be incorrect — and
indeed given disagreements between models, most must be.
However these corrected forced changes are at least physi-
cally consistent with synoptic dynamics and their link to pre-
cipitation in the current observed climate. As a note, a di-

P*
rect computation of ay = =% — 1 can provide unphysical

Ppys,
changes if the historical ﬁow‘—fiependent precipitation prob-
ability, ﬁH|Sk is very close to zero (see Sect. A4). In these
cases, we can reformulgte theN conversion change as addi-
P :usk_P H|Sy
PH|s;
cases will mostly be excluded from discussion unless explic-
itly indicated.

tive by redefining oy = , but such strongly biased

5.1 Summertime forced changes in the central UK and
Ireland

Decomposed precipitation changes can offer new insights
into future scenarios, reveal sources of model disagreement,
and uncover cases where model disagreement is greater than
it initially appears. A good example of hidden model dis-
agreement is given by JJA forced changes over Central UK
and Ireland (Fig. 10). Current large-scale summertime heavy
precipitation in this region is driven by strong, localised cy-
clones (cf. Fig. 4II), and is dynamically suppressed by anti-
cyclonic ridges over the east Atlantic (Fig. 41Ia, b, e, f).
Both climate models project a similar net decrease in
heavy precipitation: a shift from 5% to 4 % occurrence

https://doi.org/10.5194/wcd-7-633-2026

probability in CESM2, and to 4.5% in MPI-GE. How-
ever, Fig. 10c shows that the decomposed budget of these
forced changes is very different. MPI-GE’s forced change is
dominated by a negative dynamical contribution (Fig. 10a).
CESM2’s forced change by contrast is dominated by a nega-
tive conversion contribution (Fig. 10b). These are very differ-
ent scenarios with differing implications: CESM2 describes a
world with a similar number of strong summertime cyclones
to today, but each less likely to cause heavy precipitation.
MPI-GE describes a world with far fewer cyclonic anoma-
lies but each more likely to produce heavy precipitation than
those of today. Arguably the smaller net change in MPI-GE
corresponds to the more volatile and impactful case.

Just as for biases in Sect. 4.1, we can construct a 2D
space of conversion changes and summed dynamical and
non-linear changes to define heuristic categories of forced
changes. Figure 10d shows this change space, and highlights
how ensemble mean signals from both models lie close to the
same line of —20 % relative net change (dashed black line),
therefore appearing in agreement on a statistically robust de-
crease in heavy precipitation events from a bulk perspective.
However, Fig. 10c—d also demonstrates large internal vari-
ability in regional heavy precipitation changes: for any sin-
gle 40-year period it is not a given that a decrease in heavy
precipitation will be observed. The actual real-world impli-
cations of this are unclear as climate models have both in-
sufficient low-frequency variability (Mann et al., 2020), in-
cluding in European circulation features (Dorrington et al.,
2022), and also suffer from a signal-to-noise problem which
may lead to an overly-weak forced responses (Scaife and
Smith, 2018). Regardless, this example also demonstrates
how decomposition of changes can help identify signals on
which models are confident: while the MPI-GE absolute net
change in individual members spans from —1.7 % to 1.5 %,
the dynamical change is confidently negative for each mem-
ber, —1.5 % to —0.3 %.

5.2 Forced changes across Europe

Figures 11 and 12 show the model conversion, and dynam-
ical changes, respectively. Non-linear changes are small, as
shown in Fig. S6. As our decomposition is based on the dom-
inant precipitation driver in observations, it is conceivable
that dynamical changes could be misattributed to the con-
version term if new dynamics become important drivers of
heavy precipitation in the future. Figures S7 and S8 indicate
little evidence for this, with future conversion changes driven
almost exclusively by changes in conversion during strong
precursor situations (k =[8, 9, 10]).

Bulk forced changes, shown in Fig. 3, indicate a quali-
tative agreement between CESM2 and MPI-GE on future
heavy precipitation occurrence. Broadly speaking, both mod-
els project a near zonally symmetric pattern of changes, with
an increase in heavy precipitation in northern regions and a
decrease in southern regions. The latitude at which the forced
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Figure 10. Flow-dependent forced changes in precipitation for the central UK and Ireland during JJA. (a) Changes in occurrence of differ-
ent bins of the synoptic index, determining the dynamical change. (b) Changes in heavy precipitation occurrence conditional on synoptic
index bin, determining the conversion change. (¢) Decomposition of net heavy precipitation changes into contributions from dynamical and
conversion terms and their non-linear interaction. (d) A visualisation of model forced change in the 2D space of conversion changes and
summed dynamical and non-linear changes. Individual ensemble members are shown with black outlines, ensemble mean values with white
outlines. Ellipses show the 2-standard deviation confidence interval around ensemble mean changes. Dashed lines mark contours of constant
net change, with the —20 % net change shown in bold. The 95th percentile sampling uncertainty estimate is shown with shading in panels (a)
and (b) and with grey bars in panel (c). The full spread of internal variability is shown with bars in panels (a) and (b), black bars in panel (c)

and visualised directly in panel (d).

change reverses varies between seasons: decreased heavy
precipitation below ~ 55° N in JJA and 40° N in DJF for ex-
ample. However, decomposing the sources of those changes
reveals greater spatial asymmetry and considerable differ-
ences between the models.

In wintertime, conversion-driven increases in heavy pre-
cipitation occurrence of approx. 40 % occur in both models
across all regions outside southwestern Europe (Fig. 11a, e).
Notably, this includes the southeastern regions, where strong,
negative dynamical changes drive decreased heavy precipi-
tation overall (Fig. 12a, e). This implies a decline of east-
ern Mediterranean winter cyclones, each individually more
likely to cause heavy precipitation but leading to a net neg-
ative change overall. This is consistent with CMIP6 results
from a cyclone-focused analysis (Chericoni et al., 2025), al-
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though they found the forced signal changed dramatic dra-
matically in higher resolution simulations.

In northern Europe, the models disagree on sign and am-
plitude of dynamically-driven changes, with little signal in
MPI-GE and 50 %-90 % increases in heavy precipitation in
CESM2, caused by more frequent and stronger eastward jet
extensions. CESM2’s negative dynamical changes along the
north Norwegian coast may be linked to the model’s pro-
nounced North Atlantic warming hole (Iversen et al., 2023)
and the decline of cold-air outbreaks into the Greenland
Sea (Konstali et al., 2024). In MAM and SON, MPI-GE
predicts a decline in heavy precipitation over southwest-
ern regions due to compounding conversion and dynamical
changes (Figs. 12 and 11f, h). In JJA, MPI-GE shows neg-
ative conversion changes in much of west and south-east
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Figure 11. Ensemble mean relative changes (2060-2100, SSP3-7.0) in heavy precipitation occurrence attributable to changes in precipitation
conversion. Results are not shown for region-seasons where the historical heavy precipitation threshold <2.5mmd™ 1
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Figure 12. Ensemble mean relative changes (2060-2100, SSP3-7.0) in p95 heavy precipitation occurrence attributable to changes in synoptic
dynamics. Results are not shown for region-seasons where the historical heavy precipitation threshold <2.5 mmd™ L

Europe (Fig. 11e). CESM2 has similar conversion changes
to MPI-GE (Fig. 11b—d), but different dynamical changes.
CESM2 shows positive dynamical changes in MAM and
SON in Northern Europe (Fig. 12b—d) again related to a
projected eastward jet extension, while negative dynamical
changes in JJA relate to a projected less wavy summertime-
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flow (the reliability of which remains contentious; Stendel et
al., 2021). It has recently been suggested that JJA extreme
precipitation may be “shifting” to MAM and SON (Zhu et
al., 2025), as summer rainfall decreases and shoulder season
rainfall increases, consistent with Fig. 3. We see here that
this is not a coherent phenomena, but rather is dynamically
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driven in some regions and seasons, and driven by local-scale
conversion changes in others.

The differences across space and between the two models
are highlighted through the categorisation of heavy precipi-
tation changes shown in Fig. 13 (and also in a 2D-space in
Fig. S8). Predominately dynamical changes are rare, while
changes in the relationship between synoptic dynamics and
the surface (that is, a change in conversion) are nearly ubig-
uitous. However, dynamical changes cannot be neglected, as
the majority of cases feature compensating and compound-
ing changes where dynamical and conversion contributions
are of similar magnitude.

6 Bias-Change Interactions

In the previous section, we showed that the calibrated heavy
precipitation changes computed from Eq. (5) are not equiv-
alent to the bulk change that would be given by Eq. (3): we
neglected terms that represent the interactions of flow depen-
dent biases with flow dependent forced changes. How im-
portant is this difference in practice? Because Egs. (4) and
(3) have different denominators, the cross-terms alone do
not explain the difference between bulk and flow-corrected
changes. Instead the difference between bulk (/5) and flow-
corrected () multiplicative changes is given by (see Ap-
pendix A for derivation):

B_ﬁ=2<ak'[Fk_Fk]+(l +01k)'APSk'[6k—Gk]>s (6)
k

where:

Puis, - Ps,  ~

Py\s, - Ps, ~
=0 = Ps,n

=Psn Fr=

Fr
PH PH

Gy = Phis,  PsyH ék _ Puis,  Psu
Py PSk Py Psk

Fy is the fraction of a dataset’s heavy precipitation events (ei-
ther ERAS or historical model) that occur during a given syn-
optic condition, which we term the flow relevance. G is the
relative odds of heavy precipitation under a given synoptic
condition within a dataset, or equivalently, the relative odds
of a synoptic condition when heavy precipitation occurs. We
term Gy the flow impact.

Equation (6) shows that only model biases in Fj and
G will distort forced changes. Biases in Fj will distort
conversion changes whereas biases in Gy will distort dy-
namical and non-linear changes. As a concrete example:
for the central UK and Ireland in JJA, heavy precipita-
tion probability during strong precursors (k =10) is 0.25 in
ERAS and 0.12 in CESM2, while the unconditional proba-
bility of heavy precipitation is 0.05 and 0.034, respectively.
’l;herefore, for ERAS G19=0.25/0.05 =5, while for CESM2
G10=0.12/0.034 =3.5. This means thatihe flow impact of
strong precursors in CESM2 is too small (G19—G19 < 0) and
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so dynamical changes in heavy precipitation due to changes
in the occurrence of strong precursors, A Pg,,,, will be under-
estimated.

For the two models considered here, the relative ampli-
tude of errors in F' and G is mostly <20 % (that is; a £0.01
change in heavy precipitation probability) and so provide
only a minor refinement to the bulk change, as shown in
Figs. S9-S11. The standout exception is for CESM2 DJF
in northern Europe, where the flow-dependent decomposi-
tion reveals that changes are underestimated by as much
as 50 % due to errors in the flow impact, G. Figure 14a—c
shows G =", [Gr — Gk ] summed over the lowest 4 syn-
optic bins (a), the middle 4 bins (b) and the top 2 bins (c).
In northern Europe, CESM2 systematically underestimates
the flow impact of the strongest precursors, which capture
strong eastward jet anomalies, while mildly overestimating
the impact of weak-to-moderate jet anomalies. Figure 14d
shows the spread of Gy over these regions and highlights a
systematically low sensitivity in the heavy precipitation re-
sponse: changes in synoptic conditions have too little impact
on heavy precipitation probability. This lack of sensitivity
means that CESM2’s projected increase in strong, eastward
jet days in a warmer climate (cf. Fig. 12a) does not increase
the model’s precipitation as much as that same dynamical
change would in the real world. As we live in the real world,
it is the corrected precipitation change we are interested in.

Autumn forced changes in the northern Adriatic

If a model is very severely biased in a particular region we
may not trust even a corrected estimate of the model’s future
forced changes as discussed above. However, flow decompo-
sition can allow usable information to be extracted even in
such cases. Considering again the northern Adriatic in SON,
where both models showed severe conversion biases (cf.
Sect. 4.2) we find that both models project future increases
in heavy precipitation probability (positive net change in
Fig. 15c). We can use the additive reformulation of ¢y intro-
duced in Sect. 5 to compute conversion changes of ~ 42 %,
but it is debatable whether this information should be used:
the magnitude of the conversion biases indicates that the
underlying real-world processes that will drive future con-
version changes are simply not accounted for. The dynami-
cal changes however can be considered quite independently.
CESM2 projects negligible changes in the wave-driven dy-
namics that drive North Adriatic precipitation (Fig. 15a).
MPI-GE shows signs of fewer mid-Mediterranean troughs
and more ridges, resulting in a negative (—1 %) dynamical
contribution to changes in heavy precipitation, and a nega-
tive dynamical change in every ensemble member (Fig. 15¢).
These dynamical changes are based on the model’s dynam-
ics and real-world precipitation conversion, and so can be
considered a valid projection despite the model’s conversion
errors. Decomposing the overall change into these contribu-
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Heavy precipitation occurrence changes Change Category
CESM2 DJF CESM2 MAM CESM2 JJA CESM2 SON
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Compensating

r Compounding
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 Dynamical

Figure 13. Categorisation of ensemble mean model changes based on the relative amplitude of their conversion and dynamical changes. See
main text for details.

a) CESM2 DJF 6G from Dry Bins (K=[1-4]) b) CESM2 Flow 6G from Neutral Bins (K=[5-8]) c) CESM2 Flow 6G from Wet Bins (K=[9-10])
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Figure 14. DJF biases in the flow impact, Gy, aggregated for the 40 % of synoptic conditions least favouring heavy precipitation (a), the
middle 40 % of conditions (b) and for the 20 % of conditions that most favour heavy precipitation (c). Negative/positive biases indicate a
given synoptic condition is less/more likely to cause heavy precipitation in a model than in observations, after accounting for the model’s
bulk bias in heavy precipitation occurrence. The black contour outlines 15 regions with large under-sensitivity to strong synoptic precursors.
(d) Gy, averaged over the 15 outlined regions for ERAS and for CESM2, with the spread in values between regions indicated by shading.
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tions allows each to be assessed and acted upon on its own
merits, increasing the usability of the simulations overall.

7 Discussion

Our investigation of European heavy precipitation in CESM2
and MPI-GE yields several lessons that carry broader impli-
cations.

Model biases cannot be simply subtracted or divided out

As we have shown in Sects. 5 and 6, flow-dependent biases
— especially compensating biases — can distort changes. In
the worst case, these distortions can be of the same magni-
tude as the true change. This was the case for CESM2’s pro-
jections of wintertime heavy precipitation: the model’s pro-
jected strengthening of the wintertime jet would imply an in-
crease in northern European heavy precipitation probability
30 %—60 % larger than direct model output indicates, given
the observed synoptic-to-precipitation relationship.

Compensating biases are widespread

Errors in a model’s synoptic circulation often partially can-
cel out deficiencies in the conversion of dynamical forcing
into heavy precipitation by mesoscale, boundary layer, land
surface, thermodynamic and/or microphysical processes (cf.
Fig. 9). In these cases, models are less trustworthy than they
initially appear, and improvements of model processes may
worsen their bulk performance. This could explain the unex-
pectedly poor results from increasing model resolution with-
out retuning, and warns that expensive regional downscaling
efforts may prove disappointing when driven by models with
compensating errors. While regional modellers select global
models with an eye to dynamical biases (Sobolowski et al.,
2025), this focus is mostly limited to mean biases and domi-
nant variability modes, which can hide compensating errors.
With a flow-dependent decomposition of precipitation, we
can identify, explain and quantify these and other cases, vi-
sualising them either in a 2D space (e.g. Fig. 5d) or on a map
(e.g. Fig. 9).

Flow-dependent model biases can be categorised to
inform the downscaling and climate services
communities

While the exact thresholds used to define categories should
be tuned to different use cases, the practical interpretation of
these conceptual categories remains the same:

1. Minimal bias. With both realistic dynamics and conver-
sion processes, regional precipitation from the model
can be used at face-value.

2. Conversion bias. Deficiencies in conversion processes
but accurate large-scale dynamics make this model an
excellent candidate for regional downscaling.
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3. Dynamical bias. Accurate conversion of dynamical
forcing into precipitation but a skewed distribution of
synoptic circulations mean the model could be useful
for storyline analysis, but should not be used to derive
bulk probabilities or drive regional simulations unless
nudging or bias correction techniques are employed.

4. Compounding bias. The physical realism of this model
for the region is better than it appears, and could
be somewhat improved by downscaling or improving
model processes.

5. compensating bias. The model should be used with
caution in this region and can be expected to actively
worsen locally when improvements are made to either
the large-scale circulation or the conversion processes
alone.

Apparent agreement on bulk statistics between models
can be misleading

As demonstrated (cf. Fig. 10), models may produce the same
net change while representing very different futures, with dif-
ferent narratives for how weather and climate evolve. Dif-
ferent future scenarios can be efficiently distinguished with
flow-dependent metrics and quickly visualised with a cate-
gorisation of forced changes, just as for biases:

1. Minimal change. Future heavy precipitation will resem-
ble the present.

2. Conversion change. Individual synoptic conditions can
be expected to become more/less reliably extreme, al-
tering precipitation volatility.

3. Dynamical change. Heavy precipitation will be caused
by a change in the frequency of synoptic conditions,
each behaving the same as today.

4. Compounding change. Heavy precipitation will in-
crease due to a greater number of more extreme syn-
optic conditions, or decrease due to fewer, less extreme
conditions.

5. Compensating change. Fewer, stronger synoptic condi-
tions or (rarely) more frequent but weaker conditions.
The former case poses the greater risk for historically
unseen precipitation extremes.

Flow-dependent approaches can make biased models
more useful

Decomposing model behaviour is not simply a way to cri-
tique existing climate simulations, but offers opportunities
to improve their value. For moderate biases, we have shown
how flow-dependent decomposition provides a flow-aware
bias correction and recalibration of forced changes. Even
when models arguably cannot represent regional conversion
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a) SON North Adriatic Dynamical Tendency

651

b) SON North Adriatic Conversion Tendency

0.45
0.43 ]
0.0adF —4— CESM2: APs, 041 1 —4$— CESM2: ax Prys
. 0.39 1 +
2z —+— MPI-GE: APs, 037 —4+— MPI-GE: Ak Pyys,

5 o 035
Q 2 0334
g 0.02 4 9 0314
@ 3 0294
S —_— S 027
[ - 4

£ & 025
g o000 - S g;i ]
<) :I: S s 1
l = 5 o)
g Q0174
] o 015
2 -0.02 T4\ 4 = o134
£ I g o
5 % 0.09 1
g < 007
F 0,051
?, —0.04 0051
= 0.014
~0.01 4

—0.03 4 .
-0.06 ~0.05
2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

Synoptic Bin, S¢

6 c) SON North Adriatic Tendency Decomposition
g s
Q
2
2
2
Qo 44
A
o
g
g 3
=
9]
o]
© 2
o
C
o
1
n
o
[=3
£
> 07
9
<
@
2
@
-2 T — r v
Net Dynamical Conversion Nonlinear
tendency tendency tendency tendency

Figure 15. As for Fig. 10 but for the northern Adriatic region in SON.

processes well enough to simulate their future change, as we
suggest for the North Adriatic region (cf. Figs. 6 and 15), the
dynamical component of heavy precipitation change can still
be isolated and understood.

8 Conclusions and outlook

How can we understand the enormous complexity and spa-
tiotemporal heterogeneity of precipitation in climate mod-
els? This study has tackled this question with an eye to both
informing model development and ensuring existing projec-
tions can be well used, focusing on biases and changes in
European daily heavy precipitation in large-ensemble exper-
iments from two leading climate models.

We introduced a multi-scale, flow-dependent decomposi-
tion, analysing separately biases and forced changes in the
synoptic dynamics that cause precipitation and in the of con-
version of those dynamics into heavy precipitation. Dynam-
ics are represented by flow-precursors that efficiently encode
the most important local precipitation-causing processes, en-
abling us to provide a comprehensive 4-season analysis cov-
ering 38 regions. Our precursor-based decomposition identi-
fies a more central role for synoptic dynamics in explaining
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biases and changes in heavy precipitation than previous de-
composition methods based on regimes or flow analogues, al-
though differences in the decomposition formula, event defi-
nition and specific climate models used may also play a role.

We show that compensating biases and changes between
scales are common, that these have serious implications
for model assessment and interpretation, and that our flow-
dependent approach is well suited to understanding these. We
also demonstrate that apparent agreement on future precipi-
tation changes between models can arise from very different
sources, indicating a lack of a coherent, trustworthy storyline
of future change which may not be evident when aggregat-
ing changes across different weather patterns and scales. We
propose a categorisation of model biases and changes that
supports quick identification of such “hidden” biases and
model disagreements. To make the details of this analysis
as accessible and interpretable as possible, we have devel-
oped an interactive interface to visualise our results: https:
/luib-precursors-cmip6-interactive.hf.space/app (last access:
17 April 2026).

A natural next step is to extend this two-model analysis
to the full range of CMIP6 and soon-to-come CMIP7 sim-
ulations, providing a breakdown of structural uncertainties
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in precipitation projections that can support the next IPCC
assessment. Our results showed high variability in future
changes across ensemble members, emphasising the impor-
tance of ensemble projections. For single member or small-
ensemble simulations, limiting the flow decomposition to a
smaller number of synoptic bins (e.g. k=15) can decrease
sampling error by ~ 20 % but at the cost of decreasing the
accuracy of the decomposition. Indeed, for large ensembles
a larger number of synoptic bins may be justifiable, as sup-
plementary analysis has revealed small but systematic refine-
ments in the decomposition when using k =20, for JJA in
particular.

The general framework of our approach could be easily ex-
tended beyond Europe to other mid-latitude regions, to other
precipitation metrics, and beyond precipitation to any sur-
face hazard strongly conditioned on synoptic dynamics, such
as wind gusts or wildfires. While we consider only the occur-
rence of heavy rainfall rather than rainfall intensity, the two
quantities are closely related in models. Our results there-
fore also expose where the quantity of heavy precipitation
may change. In subtropical regions, and to some extent the
midlatitude summer, heavy precipitation is less organised by
synoptic dynamics and has stronger upscale feedbacks. In
these contexts the use of time-lagged precursors as in Dor-
rington et al. (2024a) may prove important to clearly estab-
lish causality. Extending the precursor approach down to the
hourly timescale and to include 3-dimensional mesoscale dy-
namics is another area that could yield insights, given the
episodic nature of heavy precipitation.

A final exciting prospect is to apply our analysis to the
increasing volume of convection permitting regional simula-
tions over Europe, which inherit much of their large scale dy-
namics from the driving global climate models, but promise
to resolve the local conversion processes more faithfully.
The forced change budget we derived can combine infor-
mation from a variety of sources, allowing one to compute
dynamical precipitation changes from large ensemble output
and conversion changes from convection-permitting regional
models, for example. Such a quantitative synthesis of the in-
creasingly diverse climate modelling landscape is currently
lacking.

Appendix A: Extended derivation of precipitation
decomposition

In this appendix we expand upon and consolidate the deriva-
tion of the bias and change decomposition introduced in the
main text, and discuss a small number of special cases which
ultimately had a negligible role in our analysis of CESM2
and MPI-GE, but may have more relevance in other contexts.
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Al Decomposition

We represent the observed probability of a particular hazard
H, as conditional on some parameterisation of the large-scale
flow S:

Py = / P(H|S)- P(S)ds. (AD)

—0o0

To allow empirical estimation of both P(H|S) and P(S)
we discretise into N bins, indexed k, where the equality with
Py 1is still exact but where the decomposition into Pg and
Pp|s is now approximate:

by = ZPH|sk - P,
k
1= ZPSk
k

This formulation is now mathematically equivalent to e.g.
a decomposition into N categorical flow regimes, although
of course the exact choice of S will significantly impact the
results. We define S by discretising the first principal com-
ponent of Z500, U850 and V850 precursor indices into N
evenly spaced quantiles. This decomposition is then specific
to a given season and region.

Throughout we will denote biased model quantities us-
ing tildes, and future quantities (whether model or best real-
world estimate) with asterisks. We denote Pg, as the dynam-
ical term and Pps, as the conversion term. For an imperfect
model with hazard probability Py we represent errors in the
occurrence frequency of the synoptic states {Si} as additive
errors & Ps, . We represent errors in the conditional conversion
term as multiplicative errors &, which is a choice informed
by the known dynamics of precipitation. As such:

Py = (Puis, 11 +&1)- (Ps, +5Ps,). (A2)
k

To consider forced changes, we denote the future hazard
probability of the model as Pj;, and again formulate dynam-
ical changes, A Ps,, as additive and conversion changes, ay,
as multiplicative. Rewriting Pj; in terms of deviations from
the observed Py caused by both biases and forced changes
we obtain:

Py =" (Puis 1+ &1+ ail) - (P, +8Ps, + APs,). (A3)
k

Why replace the concise left hand side of this equation
with a lengthy decomposition? Ultimately, we wish to know
the future real-world hazard probability P;;, but this is in-
accessible to us—we only have estimates from imperfect
models. While there are surely errors in the model changes
APg, and oy, we have no way to identify these a priori.
Ultimately we must trust some aspect of the model output
or else we cannot proceed. Our contention is that errors in
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the decomposed, synoptically-conditioned changes {ay} and
{A P} will be smaller, in aggregate, than the change error
coming from a direct bulk computation Pj;/Py. As the bulk
change is simply the aggregate of changes under different
conditions, then errors in the bulk change error can only be
smaller if the flow-dependent errors cancel each other out.
This would be a shaky scenario to rely upon. In Sect. A2 we
consider the possibility of time-varying biases model bias.
However if we accept the above hypothesis that flow depen-
dent changes provide a more trustworthy assessment of fu-
ture change, and consider the flow-dependent model biases
to be stationary, it is useful to rewrite Eq. (A3) as:

Py =Xk:[

Py, - Ps,
—/_—1
Observed reference
+Pyys, [8 Ps, + & (Ps, + 8Py ) |+

Historical model bias

+Pys; [OlkPSk + APg (1 +Olk)]

Adjusted model change

+AP Hy,, spurious :| (A4)

Where the last term is the spurious model change:

APHk, spurious =PH\Sk|:

+ o -8Ps,
—_——
Dynamical error

+& [k - Ps, + (1 +ag) - APs, |

Thermodynamic error

+ &k - § P, ] (AS)
| ——

non-linear error

We see that the observed conversion rate for a given synoptic
state, Pps,, factors out completely from all terms, mean-
ing that changes and biases in states where Pp\s, is large
will have greater importance. We now have 4 groupings of
terms. The first is simply the observational reference. The
three terms in the second grouping contain the dynamical,
conversion and non-linear contributions to model bias re-
spectively. The third grouping contains all terms which con-
tain a change in hazard, but with no contribution from model
bias. They therefore tell us what the model implies about
real-world hazard changes. Finally, the fourth grouping of
terms contains products of changes and model bias. We con-
sider these last terms to be spurious changes as they repre-
sent changes in future hazard probability that are not consis-
tent with our current observed reality. If hazard changes are
considered as additive then the differences between the bulk
change, P}, — Py, and the flow-dependent change is simply
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this fourth group of terms. However, precipitation changes
are typically considered as multiplicative:

f=don, (A6)
H

where B is the bulk multiplicative change. The flow-
dependent multiplicative change is simply:

_ ZkPH|Sk [akPSk + APs, (1 +ak)]
= P

B (A7)

but now computing B — B is complicated by the different de-
nominators in Egs. (A6) and (A7), which mean the spurious
terms cannot be directly disentangled into conversion and dy-
namical contributions. However we can proceed as follows:

= YuPuis (Ps +APs) - (1+e)

B—8 B
P (Pg, +APg, ) - (1 +«
_ 2iPHis (Ps, ;) - ( k) (A8)
Py
1?’H|s,c PHs,
— AP, - (14+ap) | 1% _ ZHI5
Puis, - Ps, Py, - P
ta H\.Sli Sk _ H|Sy Sk (A9)
Py Py

= Z[Apsk (1 +0lk)[5k — G+ o [Fk - F]] (A10)
%

Where in Eq. (17) we have newly defined F; and Gy,
which we term the flow relevance and flow impact respec-
tively. Both new terms can be written in alternate forms,
which aids with their interpretation:

Gy = Pys, _ Ps,1H

Py PSk

Pps, - Ps
sz—‘ L = Pgu
Py

The same alternate forms hold for Fk and 51« with tildes
on all quantities. The flow relevance is therefore the fraction
of hazard events that occur within a particular synoptic bin,
while the flow impact is the conditional odds ratio of a haz-
ard.

Additive errors in Gy and Fy weighted by the flow-
dependent forced changes explain the differences between
the net bulk and flow dependent multiplicative changes. If
a model has constant conversion bias (that is § = § V k) then
G = Gy and dynamical changes are not distorted. However
even under these conditions, nonzero dynamical bias will still
result in distortions in conversion changes.

A2 Time evolving biases

Equation (A3) is based on the assumption that model biases
in the occurrence of synoptic weather patterns, § Ps,, and in
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the occurrence of heavy precipitation under a weather pat-
tern, &, are stationary in time. Section 5 discusses how bias-
change cross terms can be thought of as time-evolving biases
due to changing occurrences of synoptic states. However as
pointed out in e.g. Maraun (2012), a new climate state might
result in models being biased in new ways if, for example,
there is a forced change in the ratio of cloud types a model
has biases in those cloud processes. To address this, we can
extend Eq. (A3) to include a further set of changes in conver-
sion and dynamics, A&, and Aé Pg, respectively:

Py =) (Pajs, 1+ &1+ A& 1+ )
k

- (Ps, +8Ps, + ASPs, + APs,) (A1)

These new terms can be interpreted in two ways: we could
consider 6 Ps, + Ad Ps, as representing a time evolving bias
superimposed on the true climate response APg,, or we
could consider a modelled climate response A Ps, + Ad Ps,
with true and spurious components, superimposed on a sta-
tionary bias § Ps,. The same consideration can be given to
the conversion terms. As such, non-stationary bias and spu-
rious climate trends are mathematically equivalent and can
be viewed as interchangeable ideas in the absence of any
concrete physical hypothesis for a particular model and re-
gion/season.

If we view A&, and AdPs, as spurious changes, but ac-
knowledge that in general we have no way to disentangle
them from the true forced changes, oy and A Ps,, then we
can set them to 0, and return to Eq. (A3). However, if through
prior analysis we have obtained some emergent constraint
or isolated a known process-dependent bias then this can be
used to specify any or all of the terms A&, and A§Ps, as a
known quantity. These known non-stationary biases/spurious
trends can then be grouped with the historical bias terms, and
Eq. (A4) can be applied as written.

A3 Novel synoptic conditions

In principle it is possible for a model to produce a novel syn-
optic state entirely outside the observed distribution, which
we can assign to a new bin n. The frequency of occurrence
of these conditions is § Ps , and where for lack of more in-
formation we assume &, = 0:

F}f]ﬂ = FH\S,,‘SPS,, —+ ﬁHIS,,APSn [14+ eyl +anFH\Sn8PSn (A12)

which gives us the bias, the adjusted trend, and the spurious
trend respectively. If novel synoptic states occur in the future
simulations only, then we can estimate none of the biases or
the trends, and so we can only include the contribution of
the bin as a whole: P}, =3 ", P;_‘Ik = P;}n. In fact, novel states
have no impact in the two models we consider in this paper,
and so they are not included in our main analysis. However
we cannot rule out their relevance for more severely biased
models or in more extreme climate scenarios.
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A4 Conversion changes under severe bias

oy 1s formulated astultiplicative, but this can cause issues
if Phs, P;;l 5 > Pyjs,, that is, if the historical simulation
shows near-zero conversion for a particular weather pattern
but does exhibit conversion in a future climate. As a con-
crete example, consider Pys, =0.04, Pys, =0.002 and
P["f“ 5 = 0.02. A direct reading of this would give o = 10
and an estimate of real-world future hazard probability ris-
ing from 4 % to 40 %. This is clearly unrealistic, and in most
cases conversion changes under such conditions should be
disregarded as uninformative. However for completeness and
to handle border-line cases, we model conversion changes as
additive when 1 + & is close to zero:

PSkP;}\Sk ZPSkPH‘Sk (1+(¥k)=

Ps, P Fins,
S U H|Sk PH\Sk )

s —Prisy
PSkPH\Sk <1+Tsk , foré~—1
To avoid a sharp switch in the algorithm which might be
sensitive to resampling or parameter values and can distort
ensemble spread, we compute o with a blending function:

for& > —1

(A13)

P* P*
ar = (1 —wE)) - —% 4 w(&) - ( S _ 1) . (Al4)
Prys, Phis,
where
1 4
w(g) = — 18 (AL5)

(484401

For small or positive conversion biases w = 1 with a devi-

4
ation of only (%) , while for strong negative bias, w =0

146\

with an deviation of only (W) . Testing has showed this

reduces sensitivity of the decomposition results to the num-
ber of bins chosen and gives more “sensible” results for these
special cases.

Code and data availability. ERAS reanalysis data (Hersbach et
al., 2020) are available at https://doi.org/10.24381/cds.adbb2d47
(Copernicus Climate Change Service, 2023). MSWEPv3 precipita-
tion data (Beck et al., 2019) are available at https://www.gloh2o0.org/
(last access: 16 April 2026). Fields from MPI-GE simulations can
be downloaded from the ESGF https://esgf-metagrid.cloud.dkrz.de/
(last access: 16 April 2026). Fields from CESM2-LENS2 simu-
lations can be downloaded from https://doi.org/10.26024/KGMP-
C556 (Danabasoglu et al., 2020a).

Precursor patterns and indices were computed using the domino-
composite Python package (https://github.com/joshdorrington/
domino) introduced in Dorrington et al. (2024a).

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/wcd-7-633-2026-supplement.
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