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Abstract. The ever-increasing complexity and data volumes of numerical weather prediction demands
::::::
demand innovations in

the analysis and synthesis of operational forecast data. Here we show how dynamical thinking can offer directly applicable

forecast information, taking as a case study the extreme north Italian flooding of May 2023. We compare this event with

::::::::::
long-lasting historical north Italian rainfall events – in order to determine a) why it was so extreme, b) how well it was

predicted, and c) how we may improve our predictions of such extremes. Lagrangian analysis shows, in line with previous5

work, that
::::::::
48-hourly extreme rainfall in Italy can be caused by moist air masses originating from the North Atlantic, North

Africa, and, to a lesser extent, Eastern Europe, with compounding moisture contributions from all three regions driving the

May 2023 event. We identify the large-scale precursors of typical north Italian rainfall extremes based on geopotential height

and integrated vapour transport fields. We show in ECMWF operational forecasts that a precursor perspective was able to

identify the growing possibility of the Emilia-Romagna extreme event eight days beforehand – four days earlier than the direct10

precipitation forecast. Such dynamical precursors prove well-suited for identifying and interpreting predictability barriers, and

can help build forecaster’ s
:::::
could

::::
help

:::::
build

:::::::::
forecasters’

:
understanding of unfolding extreme scenarios in the medium-range.

We close by discussing the broader implications and operational potential of dynamically-rooted metrics for understanding and

predicting extreme events, both in retrospect and in real-time.

1 Introduction15

In Spring 2023, sustained heavy rainfall in northern Italy led to extensive flooding. Following earlier heavy rainfall between the

1st and 3rd of May, a second, 40-hour period of extreme precipitation in the Emiglia-Romagna between the 15th-17th of May

caused more than 65,000 landslides (Brath, 2023) and breached rivers in 23 separate points, flooding 540 sq. km of lowland.

Despite timely meteo-hydrological ’red’ warnings issued 48 hours ahead – which triggered school closures and cancellation
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of transport – 16 casualties were unfortunately reported, as were over 9 billion euros of damages (ARPAE, 2023; AST, 2023).20

The severity of the May 15th-17th rainfall (hereafter the ‘case study event’) was unprecedented in the 102-year instrumental

history of Romagna. While the compound nature of the event – amplified by the pre-saturated soils from the May 1st-3rd

rainfall – complicates assessment of return times, estimates range from 60 years to more than 500 years for individual basins

(Brath, 2023), and 200 years for the 1st-to-18th May period which envelops both events (Barnes et al., 2023).

Current numerical weather predictions are generally able to make deterministic predictions of significant rainfall occur-25

rence 1-3 days ahead, with an accurate prediction of intensity (relative to a model climate) perhaps 24 hours ahead (Haiden

and Janousek, 2023). Probabilistic predictions of increased rainfall probability rarely surpass a week
::::::
Skilful

:::::::::::
probabilistic

:::::::::
predictions

::
of

:::::::
rainfall

:::::::::
occurrence

:::::
rarely

:::::::
exceed

:
a
:::::
week

:::::
ahead

:
(Gascón et al., 2023; Leon, 2023). The case study event was

therefore typical in this respect, despite its extreme nature, with skilful predictions of event occurrence approximately three

days ahead in the ECMWF (European Centre for Medium Range Weather Forecasts) forecast (shown in Section 6). However,30

as early as the 8th May – 8 days before the event – several of the authors of this study received early warning signs that such an

extreme northern Italy rainfall event may occur, when no extreme signal was yet visible in precipitation forecasts. This warning

:::::
signal came from an experimental monitoring of the large-scale circulation patterns that often lead to extreme rainfall events in

different European regions within the ECMWF forecast, following an approach recently described in Dorrington et al. (2023).

In this paper, we will use this recent case study event as a demonstrative example to discuss how and why such early35

warning signs of extreme events can be identified, and use Lagrangian trajectory analysis to delve deeper into the mois-

ture sources and smaller-scale dynamical drivers of north Italian extreme precipitation, with reference to a climatology of

such springtime precipitation extremes. We will also show that precursors can be used to understand predictability barriers

in a simple way, amenable to operational use. In doing so we aim to demonstrate the potential insights and practical predic-

tive value that dynamically-based perspectives can add to the toolbox of forecasters, and to researchers of predictability and40

extreme-events
:::::::
extreme

:::::
events.

The specific lead-times at which European rainfall can be accurately forecast varies between regions, seasons and individual

events, with mesoscale and convectively driven rainfall less predictable than frontal systems (Keil et al., 2014; Grazzini et al.,

2021).
:::
Our

:::::
focus

::::
here

::
is

:::
on

::::::::::
larger-scale

::::::::
organised

::::::
rainfall

::::::
events

::::
with

:::::::::
multi-day

::::::::::
persistence.

:
However, in the mid-latitudes

even mesoscale rainfall events are conditioned on the surrounding larger-scale circulation, with their occurrence encouraged or45

suppressed by Rossby wave activity, blocking events, and jet dynamics on the scale of thousands of kilometers. These large-

scale ‘precursors’ are more predictable than the rainfall itself, and their modulating effect on rainfall is not always well captured

in models due to deficiencies in boundary-layer processes
::::::::::::::::
(Haiden et al., 2018), orographic representation

:::::::::::::::::
(Lavers et al., 2021)

and precipitation parameterizations
::::::::::::::::::
(Hermoso et al., 2021). Dorrington et al. (2023) recently showed in reanalysis data that

national-scale extreme rainfall events , can be predicted to at least some degree across Europe in all seasons, by monitoring50

their typical large-scale flow characteristics , at timescales of 3-6 days ahead. In a numerical forecasting context, this should

be thought of as a possible ’boost’ of skill – if large-scale precursors can be predicted skilfully at day 5, then the resulting

impact on rainfall may be improved out to day 8-11, as has recently been shown in Grazzini et al. (2024). In addition to the

possibility of quantitative skill improvements, there is also narrative value in analysing precursor activity, which can
:::::
could help
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the operational forecaster understand the physical basis of emerging forecast scenarios, and so better leverage their experience55

and intuition.

We briefly summarise the key dynamics of north Italian rainfall in section 2, introduce data and methodology in section 3,

discuss the climatology of springtime northern Italy extreme rainfall in section 4, analyse the dynamics of the case study event

in section 5, and finally discuss forecast early warnings and predictability barriers in section 6. We finalise in section 7 by

summarising our findings and discussing the broader relevance of our results for extreme event prediction, and present ideas60

for how to operationalise dynamical knowledge.

2 Dynamics of North Italian rainfall

On the largest scales a Rossby wave-dominated upper-level flow over the Euro-Atlantic, and eastward propagating Rossby

wave packets originating from North America, increase the probability of extreme rainfall in northern Italy in the following

days (Grazzini et al., 2021). Directly, this is due to the development of an upper-level trough over the western Mediterranean65

favoured by wavy upstream flows, which drive strong southerly flow into northern Italy (e.g. Martius et al., 2008; Massacand

and Wernli, 1998; Raveh-Rubin and Wernli, 2015). Grazzini et al. (2020) established elevated IVTmag (integrated water vapor

transport magnitude) as a further key driver of heavy precipitation in the region.

However, large-scale features only set the stage for an extreme event, and smaller synoptic
:::::::
synoptic-

::::
and

:::::
meso-

:
scale pro-

cesses are responsible for directly causing convection. The presence of an upper-level trough supports the transport of warm,70

southerly airflow across the western Mediterranean basin (Martius et al., 2008; Massacand and Wernli, 1998), fueling the de-

velopment of warm conveyor belts. These ascending airmasses are associated with Mediterranean cyclogenesis (Raveh-Rubin

and Wernli, 2015; Dayan et al., 2015). In springtime the increased meridional temperature gradient along North Africa’s coast

and weak static stability near the Atlas Mountains particularly favor the formation of cyclones over north Africa (Trigo et al.,

2002). Raveh-Rubin and Wernli (2015) also found that in most of the analyzed
::::
These

::::::::
cyclonic

:::::::
systems

::::::
interact

::::
with

:::
the

:::::
steep75

::::::::
orography

::
of

::::::
North

::::
Italy,

::::::
which

:::
can

::::::
induce

::
or

:::::::
intensify

::::::::::
convection

::::
both

::::::
through

:::::
uplift

::::
and

::::::
through

::::::
forced

:::::::::::
convergence

::
of

:::
the

:::::::
low-level

:::::
wind

:::::::::::::::::::
(Khodayar et al., 2021).

::::
The

::::::::::
combination

::
of

:::::::::
orographic

:::::::
forcing

:::
and

:
a
:::::::::
favourable

:::::::::
large-scale

::::
flow

::::
(i.e.

::::::::
providing

:
a
::::::::
persistent

::::::
inflow

::
of

:::::
moist

::::
air)

:::
can

::::
also

::::
lead

:::
to

:::
the

:::::::::::
development

::
of

::::::::::::::
quasi-stationary

::::::::
mesoscale

::::::::::
convective

:::::::
systems,

::::::
which

:::
can

::::
lead

::
to

:::::::
extreme

:::
and

::::::
highly

::::::::
localised

::::::::::
precipitation

:::::::::::::::::::::::::
(Miglietta and Davolio, 2022).

::::
The

:::::::::::
predictability

:::
of,

:::
and

::::::::::::
observational

:::::::::
constraints

:::
on,

::::
these

::::::::::
small-scale

::::::::
dynamics

:::
are

::::::::
generally

:::::
poor,

:::
and

::::
are

:::
the

:::::
reason

:::
for

:::
the

::::::::::::
fundamentally

:::::::::::
probabilistic

:::::::
relation80

:::::::
between

:::
the

:::::::::
large-scale

::::
flow

:::
and

:::
the

:::::::::
occurrence

:::
of

:::::::::::
precipitation.

::
In

::::
most

:
cases, heavy precipitation events in the western, central, and eastern Mediterranean regions are often

::::::::::::
Mediterranean

::
are

:
preceded by high local moisture anomalies over the Mediterranean Sea

::::::::::::::::::::::::::
(Raveh-Rubin and Wernli, 2015). Moisture up-

take
:
,typically occurs within two days before a precipitation event, but in some cases , it can extend beyond five to ten days,

particularly when remote moisture sources
::
can

:::::::
involve

::::::
remote (e.g. North Atlantic) are involved.85

The Mediterranean sea is a critical source of moisture for south-west European precipitation as revealed by Lagrangian

moisture source diagnostics targeted on Italy (Drumond et al., 2011) and France (Duffourg and Ducrocq, 2011), but often

3



requiresadditionalmoisturesourcesto intensifyrainfall toextremelevels(Winschall et al., 2014).Duffourg and Ducrocq (2011)

notesa�ow-dependence,with localMediterraneanmoisturesourcesthepredominantdriverof extremerainfall duringupstream

anticyclonicconditions.90

:::::::
moisture

:::::::
sources

::
at

:::::::::
timescales

::
of

:::
�ve

::
to

::::
ten

::::
days.Studies using Lagrangian moisture diagnostics reveal the Mediterranean

Seaasa critical moisturecontributor
::::::
surface

:::
and

::::::
region

:::
as

::::::
critical

::::::::
moisture

::::::::::
contributors

:
for the extreme rainfall events in

the western part of the basin
:::::::::::::::::::::::::::::::::::
(Flaounas et al., 2019; Gangoiti et al., 2011). Drumond et al. (2011) in a comprehensive �ve-year

study, identi�ed the Mediterranean Basin as the central moisture region in�uencing extreme rainfall on the Italian Peninsula.

Winschall et al. (2014) further expanded on this, �nding that the Mediterranean Sea's surface is one of several important95

moisture sources for extreme rainfall events in the northwestern Mediterranean basin and additional sources are frequently

required to intensify these events to extreme levels.

Thoseconclusionsarefurtherreinforcedby theanalysisof asevererainfall eventin SoutheastFrance(Duffourg and Ducrocq, 2011)

. Their �ndings align with thoseof Winschall et al. (2014), indicating that moisturefor intenserainfall is sourcedfrom the

MediterraneanSea'sevaporationshortly beforethe eventand from distantsourcesover an extendedperiod.Notably, they100

determinethattheMediterraneanSea'sevaporationbecomesthepredominantmoisturesourceduringanticyclonicconditions

in the daysprecedingthe rainfall
:::::
Those

:::::::::
additional

::::::::
moisture

:::::::
sources,

::
as

:::::::::
described

::
in

::::::
studies

:::::
such

::
as

:::::::::::::::::::
Flaounas et al. (2019)

:::
and

::::::::::::::::::
Gangoiti et al. (2011),

::::::
appear

:::
to

::
be

::
of

::::::::
regional,

::::::
mostly

:::::::::::::
Mediterranean

::::
basin

::::::
origin.

::::::::::::::::::::::::::
Duffourg and Ducrocq (2011)

::::
notes

:
a

:::::::::::::::
�ow-dependence,

::::
with

:::::
local

::::::::::::
Mediterranean

::::::::
moisture

::::::
sources

::::
the

::::::::::
predominant

::::::
driver

::
of

:::::::
extreme

:::::::
rainfall

::::::
during

::::::::
upstream

::::::::::
anticyclonic

:::::::::
conditions.105

In order to study both the large-scale and synoptic factors that led to the case study event, we useboth�ow precursor
::::
�ow

::::::::
precursors

:
and Lagrangian trajectory diagnostics. We identify the sources of the moisture that contributed to the rainfall and

why case-study precipitation totals were so high, the role the large-scale �ow played in supporting and conditioning for the

event, and the added-value provided by large-scale precursors over the direct precipitation forecast.

3 Data and Methods110

3.1 Data

The ERA5 reanalysis (Hersbach et al., 2020) is used over the period 1979-2021 (for climatological calculations)+ May 2023

(for case study analysis) to study the large-scale �ow associated with Italian extreme rainfall events. For precursor analysis,

geopotential height at 500hPa (Z500), surface pressure (SP), zonal and meridional 850hPa wind (U/V850) and the magnitude of

vertically integrated water vapour transport (IVTmag) were all used at 12-hourly, 1 degree resolution. ERA5 total precipitation115

was downloaded at 0.25 degrees. When anomalies are plotted, the �elds have been deseasonalised using a day-of-year seasonal

cycle smoothed with a 30-day running mean. For the calculation of Lagrangian trajectories (Section 3.3) we use the full 3D

�elds of ERA5 on model levels interpolated on a horizontal latitutude-longitude grid with 0.5� x0.5� resolution and at 3 hourly

temporal resolution (also in the period 1979-2021 for climatological calculations and May 2023 for the case study). In order

to more con�dently identify the exact times and locations of most intense rainfall during the May 2023 Emilia-Romagna case,120
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we use half-hourly IMERG data, an integration of multi-satellite rainfall observations, at 0.1 degree resolution (Huffman et al.,

2019) and the ARCIS gridded high-resolution rain gauge data (Pavan et al., 2019). To study predictability, we analyse the

evolution of the May 2023 case study in 100-member ECMWF extended range forecasts from the model cycle 48r1 (Haiden

and Janousek, 2023), which was running daily in pre-operational mode at the time. We consider starting dates between the

5th May and the 16th May, and download total precipitation, Z500 and IVTmag �elds at 0.5 degrees, sampled down from125

the native horizontal resolution of� 36km. In order to compute precursor indices in forecast data (see below) we compute

deseasonalised Z500 and IVTmag anomalies by removing a centred 3-week leadtime-dependent climatology, computed using

11-member hindcasts covering the period 2003-2022 from the same model cycle.

3.2 Rainfall Precursor Indices

Precursors of North Italian heavy rainfall events are identi�ed following exactly the method recently presented in Dorrington130

et al. (2023) Section 3.3, which we now summarise. We begin by de�ning a Boolean time series of heavy rainfall events. This

is done by spatially averaging MAM 48 hourly total precipitation from ERA5 over the domain of northern Italy (mask shown

in SupplementaryFigure1
:::::
Figure

::
S1), and de�ning an event as a day with rainfall exceeding the 90th percentile of thisindex

::::::
domain

:::::::
average (� 8.5mm/day). We then compute lagged anomaly composites of deseasonalised large-scale �eld anomalies in

the days preceding these heavy rainfall events. These composites are masked to focus on the regions of key activity: gridpoint135

anomalies that are statistically insigni�cant (p>0.05) or haveanamplitude
:
a

:::::::::
magnitude

:
< 0:25� the gridpoint climatological

standard deviation are masked. Groups of unmasked gridpoints that comprise a connected area of less than 250,000 km2 (i.e.

equivalent to 20 1x1 deg equatorial gridpoints) were also masked. Finally, all unmasked gridpoints were convolved with a 5-

point lat-lon square: all gridpoints within 2 degrees of an unmasked gridpoint were unmasked. This process produces smooth,

large-scale, statistically robust patterns that are associated with increasing the likelihood of extreme rainfall. Finally, these140

patterns are used to produce precursor indices: each pattern is projected onto the corresponding large-scale deseasonalised-

anomaly �eld to produce a scalar index, which is standardised, by subtracting the mean and dividing by the standard deviation,

both estimated based on a 1979-2021 MAM ERA5 climatology. Positive index values indicate increased likelihood of an

extreme, while negative values indicate decreased likelihood. To produce IFS forecasts of precursor activity, the deseasonalised

forecast �elds are projected on the corresponding ERA5 precursor patterns, and approximately standardised using the ERA5145

index mean and standard deviation.

3.3 Lagrangian analysis

We use the LAGRANTO (Sprenger and Wernli, 2015) analysis tool to derive kinematic Lagrangian trajectories based on three-

dimensional winds from the ERA5 dataset (Hersbach et al., 2020) of higher temporal and horizontal resolution. The positions

of these trajectories are updated every 3 hours, and along these trajectories, we trace parameters such as: pressure height (p),150

temperature (T), speci�c humidity (Q), relative humidity (RH ), potential temperature (� ), surface latent heat �ux (SLHF ),

surface sensible heat �ux (SSHF ), 2m air temperature (T2M ), and underlying sea surface temperature (SST) and boundary

layer height (BLH ).
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For our designated study region in northern Italy, the starting points of trajectories are identi�ed using the methodology of

Sodemann et al. (2008). We establish an equidistant grid of 50x50km, framed by latitudes 42 to 47� N and longitudes 7 to 15� E155

(c.f. SupplementaryFigure1
::::::
Figure

::
S1). On the vertical scale, these points range from 1000 to 480 hPa, with intervals set by

� p=25 hPa, considering only starting points that have a relative humidity exceeding 80% and that are over land. Trajectories

are initiated every 3 hours, starting from a speci�ed time of extreme rainfall event and extending 48 hours backward. Each

trajectory is run for a duration of 240 hours backward and 12 hours forward from its starting point, de�ned as time 0.

Based on the characteristics and directions of the trajectories, they are classi�ed into the following distinct categories:160

– North African `Low' Trajectories (NAlow): These trajectories travel south of latitude 36� N within 168 hours (7 days)

before their initiation and, when positioned there they consistently register a pressure exceeding 800 hPa.

– North African `Up' Trajectories (NAup): Similar to NAlow, these are located south of latitude 36� N within the -168

hours (7 days) preceding their initiation. Upon reaching this latitude, they register a pressuresmaller
:::::
lower than 800 hPa.

Considering that those trajectories represent only a small fraction of all started trajectories (� 5.4%) and do not contribute165

signi�cantly to precipitation in any of the analyzed events, they have been excluded from further analysis.

– East Trajectories (EAST): This group includes trajectories that, -120 hours (-5 days) before arrival into the starting region

are located east of longitude 15� E. It excludes trajectories classi�ed as NAlowof
::
or NAup.

– West Trajectories (WEST): This category encompasses all trajectories, that -120 hours (-5 days) before arrival into the

starting region are located west of longitude 15� E and are not classi�ed as EAST, NAlow, or NAup.170

On average 0.13% of trajectories do not �t into any of the categories described above. We consider data from 5 and 7 days

prior for the identi�cation ofNA and EAST/WEST
:::
and

::::
NA

:
trajectories, respectively. This approach is taken because NA

trajectories typically remain in the Mediterranean region for up to5
:
7 days after leaving North Africa and before contributing

to rainfall.
:
A

::::::
shorter

:::::
5-day

::::::
period

::::
was

:::::::
selected

::
for

:::::::::
analyzing

:::::
EAST

::::
and

::::::
WEST

:::::::::
trajectories

:::::::
because

:::
our

:::::::
analysis

:::::::
revealed

::::
that

:
a

:::::
7-day

::::::::
threshold

::::::
results

::
in

::::
the

::::::
mixing

::
of

::::::
EAST

::::
and

::::::
WEST

::::::::::
trajectories.

::::
This

::::::
longer

::::::
period

::
is

::::::::
suf�cient

:::
for

:::::::::
trajectories

:::
to175

::::::::::::
circumnavigate

:::
the

::::::
globe,

::::::
leading

::
to

::::::::
potential

::::::
overlap

:::::::
between

:::
the

::::::::::::
EAST/WEST

:::::::::
categories.

3.3.1 Identi�cation of Moisture Origins and Loss

The origins of moisture are identi�ed following Sodemann et al. (2008), which has been widely adopted (e.g. Papritz et al.,

2021; Xin et al., 2022; Jullien et al., 2020; Aemisegger and Papritz, 2018; Winschall et al., 2014). In this technique, moisture

uptakes (i.e. speci�c humidity gains) along a given trajectory are de�ned as any 3-hourly speci�c humidity increment exceeding180

0.02 g/kg (qt +3 � qt > 0:02
:::::::::::::
qt +3 � qt > 0:02). Each such uptake is allocated a relative weight based on the subsequent humidity

shifts within that trajectory. Thus, the overall in�uence of each uptake is re-calibrated by taking into account any precipitation

events and subsequent uptakes it encounters.
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::::::
Overall,

::::
our

:::::::
analysis

::::::::
indicates

:::
that

:::
the

:::::::
method

::::
used

:::
for

::::::::::
identifying

:::::::
moisture

:::::::
uptakes

:::::::
explains

:::::
about

:::::
80%

::
of

:::
the

::::::::
moisture

::::::
content

:::::
within

:::
the

:::::::
studied

::::::::::
trajectories.

:::
The

:::::::::
remaining

::::
20%

::::
may

::
be

::::::::
attributed

::
to

::::::::
processes

:::::::::
occurring

:::::
above

:::
the

::::::::
boundary

:::::
layer,185

::::
such

::
as

:::::::::
advection,

::::::::
horizontal

::::::::
turbulent

:::::::
mixing,

::
or

:::
the

:::::::::
evaporation

:::
of

:::::::::::
precipitation.

Similarly, moisture losses (i.e. speci�c humidity losses) along a trajectory are de�ned as negative 3-hourly speci�c humidity

tendencies (qt � qt +3 h > 0). Following the approach of Sodemann et al. (2008) we determine that negative speci�c humidity

tendency indicates precipitation. We consider only those losses of moisture that occurred within the North Italian starting

region of trajectories (42� to 47� N and 7� to 15� E) and within the preceding 48h from trajectory start.190

4 Climatological perspectives on extreme rainfall in northern Italy

4.1 Moisture sources of extreme rainfall

We begin by characterising the dynamics of MAM North Italian rainfall extremes from a Lagrangian perspective, identifying

the sources of moisture and the properties of the contributing moist air masses in the preceding 10 days. We consider the 100

MAM events with the highest 48h rainfall accumulations over northern Italy as identi�ed in ERA5 between 1979-2021. We195

then discard 34 events that occur within 24 hours of another, stronger, event, leaving 66 independent 2-day rainfall extremes.

These are then a subset of the upper decile rainfall events used for de�ning precursor patterns, which bene�ts from a larger

number of samples.

Considering the trajectories of precipitating airmasses over our climatology, we identify three distinct pathways, shown in

Fig. 1a). De�ned quantitatively in Section 3.3, these pathways include trajectories passing over North Africa in the lower200

troposphere (NAlow), those originating east of the starting region (EAST), and those coming directly from the North Atlantic

(WEST). Each pathway is unique, ensuring that trajectories classi�ed in one category are not found in the others.

The sources of moisture uptakes for all the identi�ed airmass pathways include both land and marine regions, and are

all relatively local, in agreement with Winschall et al. (2014). Individual moisture uptake locations are weighted by their

contribution to total moisture content prior to precipitation (f ), ensuring that uptake density remains unaffected by the density205

of trajectories (Fig. 1). NALow trajectories primarily source moisture from the coastal areas of North Africa and the central

Mediterranean, with additional, smaller, moisture contributions from the Iberian Peninsula and Italy (Fig. 1b). The moisture

uptake region for these trajectories is widespread, with the densest uptakes occurring along the Tunisian coast and Tyrrhenian

Sea. WEST trajectories also gather a signi�cant amount of moisture from the Mediterranean Sea's surface. However, northern

Italy itself proves to be the most signi�cant uptake region, highlighting the signi�cance of local moisture recirculation in210

contributing to extreme rainfall events along this pathway. Additional non-local land sources of lower signi�cance for WEST

trajectories include the Iberian Peninsula and southwestern France (Fig. 1c). EAST trajectories (Fig.1d) have comparatively

low moisture uptakes, as they overall contribute less rainfall to the analysed events. The majority of moisture carried by those

air masses is sourced from the Adriatic Sea and the coasts of eastern Italy and Croatia.

Since the Mediterranean sea has experienced an exceptionally long marine heatwave event starting in 2022 and lasting215

throughout 2023 (Marullo et al., 2023), coinciding with our case study, we considered whether SST anomalies systematically
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increase moisture uptake intensity. While the majority of moisture uptakes do occur over the ocean, the correlation between

low-level moisture uptakes and underlying SST anomalies in MAM is in fact fairly weak (c.f.SupplementaryFigure2
:::::
Figure

::
S2), suggesting SSTs are not necessarily a source of predictive skill for rainfall. What can be inferred from these results is that

the most intensive uptakes for all identi�ed pathways occur over warmer waters (290-295 K), indicating that SSTs set an upper220

bound on uptake strength, but do not guarantee strong uptake in isolation. Of course it is likely that SST anomalies may be

more predictive during the warmer ocean periods JJA and SON (Sanchez et al., 2023).

NAlow trajectories contribute the greatest fraction of precipitation, followed by WEST trajectories (Fig. 2). As we will

see, these pathways can be broadly linked to cyclogenesis in the lee of the Atlas mountains or Alps respectively. In contrast,

and as mentioned, the EAST trajectories generally play a minor role in northern Italy's extreme rainfall events but contribute225

substantially in a few cases – including the case study event. The rainfall totals assigned to each pathway for each event

are essentially uncorrelated (corr<0.1 in all cases), indicating that these spatially separated trajectories are also dynamically

independent: the presence of moist air masses from one source does not support or suppress moisture in�ux from another

source.

Each trajectory pathway also has distinctdynamicalproperties, which modulate their ability to hold or precipitate moisture.230

Within the analyzed trajectory subsets, NAlow trajectories are warmest (Fig. 3b), as they spend several days in the lower

latitudes (<30� ), particularly over North Africa (c.f. Fig 1a). They also display the highest potential and equivalent potential

temperatures (Fig. 3e,f). Their high thermal energy allows them to hold large volumes of moisture (Fig. 3c) and decreases their

stability allowing them to rapidly ascend (Fig. 3a). They therefore exhibit the largest negative speci�c humidity tendencies

(i.e. produce the most rainfall) compared to WEST and EAST trajectories. Furthermore, these air masses may play a role in235

intensifying convective updrafts. An indicative sign of this is a slight drop in potential temperature prior to ascent (Fig.3f, time

-20 to -10 h), suggesting unstable atmospheric conditions. While they have lower speci�c humidity than EAST trajectories (Fig.

3c), NAlow trajectories show a rapid increase in relative humidity as precipitation begins, aligning with their major role in the

analyzed events. In comparison, the WEST and EAST trajectories, in terms of potential and equivalent potential temperatures

(Fig. 3e,f), are similar but do not exhibit the same buoyancy and tendency for convection as seen in NAlow trajectories. Overall,240

EAST trajectories, are slightly warmer (Fig. 3b), more humid (Fig. 3c), and generally occur in lower layers of the atmosphere

than WEST trajectories.

4.2 Dynamical precursors of extreme rainfall

The coherent Lagrangian pathways we have just identi�ed are connected to robust dynamical �ow precursors prior to north

Italian extreme rainfall on large scales. Documented extensively in recent years (Dorrington et al., 2023; Grazzini et al.,245

2021) these precursors isolate con�gurations of the large-scale �ow which favour the occurrence of a localised extreme in

the following days. The details of the precursor circulations undergo seasonal �uctuations as the large-scale background state

evolves, and while they are more clearly visible at long lead times during SON and DJF, they are also relevant in MAM and

still robust at time lags of 0-2 days (Dorrington et al., 2023). Figure 4 shows lagged composite anomalies of large-scale �elds

in the days preceding MAM 90th percentile 48 hourly North Italian rainfall events, taken between 1979-2021, as described in250
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Figure 1. (a) Location and altitude of Lagrangian trajectories that contribute to MAM north Italian rainfall between 1979-2021, averaged

over each pathway. Time prior to rainfall is indicated in days. The number of uptakes per 2500 km2 (� q(qt +3 h � qt ) > 0) weighted by

the contribution of uptake to total moisture content before precipitation (f ) is shown for (b) NAlow trajectories, (c) WEST trajectories, (d)

EAST trajectories.

Section 3. An Atlantic Rossby wave packet is visible in Z500, SP and V850 anomaly composites at a two-day lag prior to the

events, with a strengthening western European trough leading to strong southerlies into Italy. Negative SP anomalies are shifted

slightly east compared to Z500 anomalies, indicating baroclinic tilt with height, and extend notably further south, coinciding

with Westerly anomalies over the Atlas mountains, visible in U850, which drive lee cyclogenesis. Positive IVTmag anomalies

over the Mediterranean jump sharply inamplitude
:
m

:
on the day of the events, which is consistent with the localised moisture255

sources shown in �gure 1b-d.

In Dorrington et al. (2023) it was proposed that lagged composites of typical �ow precursors could be used to produce corre-

sponding precursor activity indices: measures of the projection of an instantaneous anomaly �eld onto the expected precursor

�ow �eld for a particular extreme event class. These standardised activity indices can then be used as scalar summaries of the

circulation, with positive values indicating an increased event likelihood. The black contours in �gure 4 indicate the regions of260

the composites used to compute such indices, following the �ltering procedure described in section 3. Other regions of each

composite are masked, and precursor activity indices are computed by projecting only onto the unmasked regions. Due to the

high correlation (>0.8) between many of these precursor activity indices, and for simplicity, we will here consider only the

Z500 lag 0 and IVTmag lag 0 indices, which capture projection onto a zonally-oriented ridge-trough dipole over Italy, and a

strong positive Mediterranean moisture transport anomaly with suppressed transport over the UK, respectively.Supplementary265

Figure4
::::::
Figure

::
S4

:
shows example daily �elds corresponding to positive and negative precursor activity in both cases, while

SupplementaryFigure5
:::::
Figure

::
S5

:
con�rms that these scalar indices are well-correlated with actual rainfall totals over northern

Italy. We will explore the use of these indices in forecasting the May 2023 event in section 6.
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Figure 2. Histograms oftotal
::::::
negative

::::::
speci�c

::::::
humidity

:::::::
tendency

::::
(i.e. precipitation

:
) attributable to the (a) NAlow, (b) WEST, and (c) EAST

pathways during 66 48 hour extreme rainfall events in northern Italy
:
,

:::::::
computed

::::
using

:::::::::
Lagrangian

::::::
analysis. The case study event, from 15th-

17th May 2023 is shown with a red dashed line. (d) shows a scatter plot of WEST+EAST vs NALow rainfall totals, indicating their low

correlation and that the case study featuredhigh rainfall
::::
strong

::::::::::
contributions from all pathways.

10



Figure 3. Properties of trajectories averaged over the pathways, showing pressure in hPa (a), temperature in Kelvin (b) speci�c humidity in

grams/kilogram (c) relative humidity (d), equivalent potential temperature (e) and potential temperature (f) both in Kelvin. The solid lines

represent the climatology of 66 extreme rainfall events, while the dashed lines denote the case study event of May 2023. The time on the

x-axis indicates the trajectory duration, with 0 marking the start and -240 representing ten days prior.
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Figure 4. Filled contours show lagged anomaly composites of upper decile MAM northern Italy rainfall events, 2, 1, and 0 days before

precipitation. Black contours bound regions used to de�ne precursor patterns: these regions have statistically signi�cant anomalies relative

to climatology,anamplitude
:
a

::::::::
magnitude >0.25 times the climatological standard deviation of the variable at each grid point, and represent

coherent areas of >20 square degrees. See methods for a more detailed explanation.
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