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Executive summary

The COMPASS project aims to develop a harmonized but flexible methodological framework for climate and
impact attribution of various hazard types, going beyond existing frameworks by moving from attribution of
singledriver extremes to the attribution of wre complex extremes (i.e. compound, sequences and cascading
hazard events). The project also aims to enable a shift from hazard centered analysis to arcenpered
perspective.The goal of Work Package 2 of the COMPASS project is to develop alpmgscstanding of the
drivers of compound extremes using weather type analysis and subsequently apply a variety of event attribution

methods to consider relevant impacts of compound events.

This report deliverable D2.2, presents @ovel framework (outlined in Figure 1)o identify, assess and
understand largescale drivers which give rise to compound extremes, utilising weather patterns to bhielge
gap.Improving understanding of the largeale drivers of compound events is cruciabperationalising the
climate and impacattribution of these eventsHowever, it is challenging to directly link laugmale drivers of
climate variability tacompound eventsWeather patternsa set of atmopheric circulation typesver a defined
geographical region on a given daye an established methlibused to assess the conditions that give rise to
weather extremesA significant amount research on weather patterns exists that links meteorological hazard to
their associated impacts. Here, we propose a framework to extend this research to understand theckdege

drivers of compound events and pave the way for futciiate and impact attribution studies.

1. Select 2. Explore 4. Explore 6. Fit a causal

relevant relationships 3. Assess the relationships network ?;nQ:iniy
largescale between étationarit between 5. Identify between lar pe scale
drivers and largescale of defineg defined focus largescale drig\J/ers on
& LINERA uu | drivers and weather weather drivers and P
o ) weather likelihood of
Y2YyUuKaé defined atterns patterns and patterns focus compound
weather p compound weather ev%nt
patterns events patterns

Figurel: Schematic of th€ OMPASS framewoihowing thestepsrequiredto understand and quantify the influence of largeale
drivers ¢ a compound event.

Thisreport presents a demonstration of hCOMPASS framework for a case study of the 2013/2014 UK winter
storms a discussiomf the findings andecommendations for future workin addition, ve have conducted
research whictbeginsto explorewhether weather patterns remairconsistentover long time periods to be
reliably used in climate attribution studies. It aims to clarify what is meant bystetionarity and identify the

main challenges and uncertainties in assessing it.

Keyfindings¢ case study demonstration

1 There arestatistically significant associations betweem set of largescale drivers of winter North
Atlantic atmosphericcirculation anda previously defined, wellised set of daily weather patterns for

circulation over the UlNeal et al., 2016)
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1 A review of the literature shows that weather patterns @9clonic soutlqgsouth-westerlywith a deep
low centre of pressure west of Irelandhd 30(cyclonic westnorth-westerlywith deep low pressure
southeast of Icelandyom Neal et al. (201&re linked to the 2013/2014 winter storms in the UK.

1 Whilst the performance of the larggcale drivers in predicting the frequency of weather patterns 29
and 30 in January and February through an initial causal network is poor, a number of areas for further

research and improvements have been identified.

Key findingsc assessing the stationarity of weather patterns

1 We usea machine learning clustering algorithm to create historical weather patterthe UKbased
on mean sea levgbressure data. These patterns are compared across different time windows to a set
of reference patterns to assess how thaijfer. Ourfindings suggest that sonw the spatialpatterns
of generated clustershow changes across time windows over the last 40 years. Howeigayitently
not possible to determine whether these changes reflect real shifts, natural variability, or limitations of
the method itself.

9 This researchhighlights the complexity and uncertainty involved in assessimgther pattern
stationarity and suggests that using weather patterns as constraisusl the assumption of stationarity

¢ in climate attribution should be done with caution and warrants further research.

Thisreport is closely linked to deliverable D235 I G aSG 2y 6SFGKSN) GeLlsSa |y
which facilitates the analysis of relationships between UK weather types anddeatgdrivers relevant to

GAYUGSNI b2NIK !GfFyiAO OANDdZ I GA2yd . 20K 5H®H Y
SO2.24122N)] G261 NRa RS@GSt2LIVSyid 2F F FTNIYS@g2N] G2 A
YSOKI yAdaYad gKAOK IAPBS.NRAS (2 O02YLRdzyR SEGNBYS&cs
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Glossary

AleutLow Aleutian Low, a largecale driver
ASO AugustSeptemberOctober

Association A statistical relationship between two variables, which can either be positive or negative

AtIDip Atlantic Dipole, a largscale driver

AtlJet Atlantic Jet, a largscale driver

BKSIC BarentsKara Sea Ice Concentration, a lasgale driver

Causal An area oftatisticswhich develops methods to determine whether changes in one variak

inference  directly result in changes to another

Causal Adescription of the causal links betwearset ofvariables usingne-way arrows
network

Climate Alargescale, longi SNY &aKATFTO Ay GKS LXFySaiQa ¢St
change

Climate Periodic wariations in climate omnnual to multidecadal timescales, but shortégrm than
variability  climate change timescales. This could be due to natural variations, or other factors such
volcanic eruptions.

Correlation A statistical measuref the relationship multiple variables, which can either be positive or
negativeand linearornof Ay S NX» C2NJ SEF YLX S t SI NAZ2Y
{LISENXYIFYQa NIyl O2NNBtlFGA2Yy O2STFFAOASYI

DAG Directed Acyclic Graph, a way of graphically representing a causal network

Decider A mediumto longrangeensembleforecasting toolin use at the Met Office, based on the
MO30(Neal et al., 2016)

Distance Ametric forcomparingweather patterns the area weighted grighoint average surof-
squares differencéNeal et al., 2016)

DJF DecemberJanuaryFebruary

EMSLP European and North Atlantic Daily to Muitecadal Climate Variability (EMULATE) MSLP
(EMSLP) dataséfnsell et al., 2006)

ENSO El Nifio Southern Oscillatipa largescale driver
ERA5 The European Centre for MediuRange Weather ForecagsCMWIFReanalysis v5
(Hersbach et al., 2020)
IOD Indian Ocean DipoJe largescale driver
JF JanuaryFebruary
Largescale Aspects othe global weather and climate system than are predictailgh different
driver influences on the UK and global weather
CMPASS 8
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LSAP Linear Sum Assignment Problem

MO8 The set of 8 canonical weather patterns in use at the Met Qfftseevaluating longange
and seasonal forecasts

MO30 The set of 30 canonical weather patterns in use at the Met Office, primarily for evaluatin
mediumrangeforecasts

MSLP Mean Sea Level Pressure

NAO North Atlantic Oscillation, a larggcale driver or mode of variability

OND OctoberNovemberDecember

PCA Principal Component Analysis

QBO Quasibiennial Oscillation, a largecale driver

S Structured Causal Model, a set of equations used to specify a causal network

SON SeptemberOctoberNovember

SPV Stratospheric Polar Vortex, a largeale driver

Stationarity Where thecharacteristics of a phenomenon are constant in time.

Satistical Results are referred to as statistically significant if hypothesis testing has showdihtiiags

significance are sufficiently unlikely to have been found wotlt true differences or relationships existing

UralsMSLP Urals Mean Sea Level Pressure, a lagpde driver

WP Weather Pattern

CMPASS 9
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1. Introduction

Extreme weather events are often linked to largmale atmospheric flow or a specific "weather type". A

weather pattern(referred to as WP throughout this repoi$) one of many synoptiscaleatmospheric
circulationtypes over a defined geographical regmma given dayNeal et al., 2016 Because eacthaily WP

has its own associated climatological characteristics (e.g. temperature and precipitation), a given pattern can
be translated into expected weather impacts for a particular re@iRope et al., 2022More generallyeach
weather pattern will be associatealith a distribution of meteorological characteristiééeal et al. (2016)sed

an objectiveapproach tocreate a set of 30 frequently occurriMgPs covering the UK and surrounding

European area; the patterns have been dibg the Met Office for several years as part of the Decider

forecasting tooland are referred to as the MO30

There is a significant amount of research assessing the conditiangive rise toweatherextremes andtheir
relationshipswith WPs (in particular the MO3) These are used wperational forecastsand research
applications for various hazards (e.g. storm surges, landslides, offshore waves and heat related mortality;
Huang et al., 2020; Neal et al., 2018; Steele et al., 2008 are also used to understaatinospheric

variability on climate change time scalexluding frequency and seasonality of periods of elevated flood risk,
as a result of changiregmosphericcirculation patternsand changing frequency of specific circulation patterns
(Cotterill et al., 2023; Perks et al., 202ZB) a lesser extent, Wisive also been used internationglfpr

example WPs have been created to resedrehtrelated impactsn South Africdlreland et al., 20243nd

precipitation in IndigNeal et al., 2020)

One ofthe goak of the COMPASS projeistto develop a physical understanding of the drivers of compound
extremes usingveather type analysis and subsequently apply a variety of event attribution methods to
consider relevanimpacts of compound event3here areseveralways in which climate attribution studies of

compound events could benefit from a greater understanding of laagde drivers. These include selecting

1 Decider is a probabilistic weather pattern forecasting tool that can be used for applications where a
relationship can be established betweesmather conditions or impactandhistoricalweather patterndata. It
helps to predict futuraveather conditions or impactsy assisting with the interpretation of the large amounts
of probabilistic data provided by ensemble forecasting systems

2 MO30or the Met Office 30 Weather Patterns, is a set of 30 patterns derived througbdns clustering of
daily mean sea level pressure (MSLP) data (¢8308) and ordered by frequencyWP1 being most frequent
and WP30 least. These patterns have been desigmeithé purpose of posprocessing forecast output from
ensemble prediction systems and understanding how forecast models perform under different circulation
types.The MO30 can also be categorised into eightgatierns, referred to as the MO&he 30 weather
patterns are designed for use in the mediwramge and the eight weather patterns are designed for use in the
monthly and seasonal timescales, or when there is low forecast confidence in the mestige(Neal et al.,
2016)

CLMPASS 10

OFFICI£



OFFICI#

Deliverable2.2 Report on understanding of weather typesl largescale climate drivers

analogue for conditional attribution studiesupporting the validation of an attribution study bwilding
confidence in the mechanisms behind observational events and the fidelity of their modelled counterparts
and understanding the relative contribution of thermodynamic and lesgale dynamic changes to overall
changes irthe probability of an eventHowever, it is challenging to directly link larggale drivers to

compound eventsMeanwhile, the wealth of research into hazards and impacts assocwthdegionalWPs
provides an opportunity to better understand the drivers of compound everits link carbe established
between largescale drivers and regional WH#isreportZ D2¢2 ¢ Report on understanding of weather types
and largescale climate drivegspresentsthe novel COMPASBamework to identify, assess and understand
large-scale drivers which give rise to compound extremes, utilising WPs to bridge th&dghponally, itaims

to extend the weather typeapproach toconsider compound events for specific geographies and to understand
associated driverg such as meridional temperature gradients, patterns of heat and moisture storage, and
polar vortex strengttg with potential to develop a conditional approach to the attribution of compound

events.To our knowledge, this is ¢hfirst research to link largscale drivers to compound events in this way.

Stationarity of WPs i.e. consistency in their spatial structure and frequency over tilse key assumption
behind their use in many studies, including the potential use in conditional attribution studies, where they
could serve as reliable constrainislikelihood calculationsThisreport begins to exploréhe assumption of
WP stationarity for the past four decades. These insights aineljoclarify the suitability of WPs as a tool for

connecting largescale drivers and compound events.

Box 1.Why do wewant to ink large-scale drivers, weather patterns and compound evefts

1. Largescale drivers set the stage
a. Modes of variability like th&orth Atlantic OscillationNAQ, the EI Nifio Southern
Oscillation (ENSO), or thedian Ocean Dipole (I0D¥luence the overall atmospheric
circulation across regions and seasons.
b. These drivers daot cause a flood or heatwave directly, but they tilt the odds towards
stormier, wetter, hotter, or drier conditions.
2. Weather patterns translate drivers into local impacts
a. Weather patterns (like the MO30 set for the UK) describe the syngptée configurations
of pressure systems (e.g. a deep low west of Ireland, a blocking high over Scandinavia
b. ¢KSaS LI GGSNya | NB (KS -gcalddier3 Ranifest in & &
atmosphere above a specific region.
c. Because each pattern is associated with typical weather outcomes (wet, dry, stormy, ¢
they provide a practical link between gloksdale variability and regional hazards.
3. Compound events are the end result
a. Many damaging events (e.g. coastal flooding, heatwave + drought, snow + cold extren
arise from the cenccurrence of multiple hazards.
b. . & fAYl1AYy3 RNAGDSNE b ¢ Suldbetd taritidy o I&elfrese
compound events are under certain climate states.

Why does this matterfor attribution and risk managemer®

CLMPASS 11
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2 A0K2dzi GKS GoNAR3ISE 2F 6SI GKSNI Lstale glisatd/varmbility to
local compound impact&Veather patternscouldallow us to:

Condition attribution studiesn the circulation states most relevant to an event.

Improve early warningdecause if a largsecale driver is known to favour certain patterns,
forecasters can anticipate clusters of hazardous days.

I Assess climate change impadty testing whether the frequency or structure of patterns
themselves are shifting, and what that implies for risks.

1
1

The COMPAS®&amework could be applied to any region where a sédMfs have been or could be produced
however, in this work we demonstrate its application to the UK using the MO30. In particular, we focus on
winter compoundflooding due to rainfall and storm surgesith the Somerset Levels flooding of 2013/2014
givenas an example of how largeeale drivers can be used to estimate the probability of impatitfied

occurring(aligning withD4.1 Hazard and Impact Synthesis and Attribution for Phaded Case Ja

The structure of the report is as followSection2 introduces the framework for identifying, assessing and
understanding largescale drivers and mechanisms which give risgpitially or temporally compounding or
multivariatecompound extremed-ere we demonstrate the methoidr each step of the process, drawing
insights fromcausalinference arapidly growingarea of statisticsSectior3 describeghe datasetfor
deliverableD3.3, including the data it is constructed from and the methods used. The dataset linkstaige
drivers of winter North Atlantiatmosphericcirculation withWPs relevant foweatherconditions in the UK.
Sectiord presentsan analysis of the relationships between the laigmale drivers anthe WPs included in the
dataset. Sectio® presents annitial exploration of theassessment of the stationarity of thW¥Ps included in
the dataset. Sectiof reviews existing studies on the links betweaais in the UK and winter hazards,
including compound events. Secti@Gmlemonstrates the penultimate stage of the proposed framework,
developing a causal networvihich links the largscale drivers t&WPs which are identified as related the
UK winter storms of 2013/2014efer to the case study 2a of the COMPASS report DBet}ion8 discusses
the results of thigeport, the limitations of the work, angbrovidesrecommendations for future research.

Finally Section9 providesconcluding remarks

This report is closely linked to the COMPA&3setdD2.3- Dataseton weather types and largescale climate

driverg = 6 KA OK O2 Y ordleyaBtaVPSiith largssalé AriversYor North Atlantic circulation. The
OdZNNBy i NBLERNI yR RIFEGFasSia 020K O2yiwkowaidS (2 2y
development of a framework to identify, assess and understand large scale drivers and mechanisms which give
NAaS G2 O02YLRdzyR SEGNBYSAQ
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2. The COMPAS&mework for linking largescale drivers to compound events

Linking largescale drivers, weather patterns and compound evérasthe potential to provide amore robust
chain of understanding from global climate variability to local hazardlasyescale driversepresentyearto-
yearvariabilitywhich affect regional circulation through teleconnectiongather patterns representifferent
types ofregional circulatiorassociatedvith distinct hazardsand compound events are the realised impacts of
these hazardsZscheischler et al. (2026fine four main types of compound events (preconditioned,
multivariate, spatially compounding and temporally compoimggiibased on spatial and temporal
characteristics. However, some compound evegptgh as tropical and extratropical cyclonea full under
multiple types(Aleksandrova et al., 2024hesuggested COMPA88mework can be used texplore the
conditional dependence of selectéygpes ofcompound events on larggcale driversThis igestricted to
compound events where each of tleentributinghazards, following the terminology @kcheischler et al.
(2020) have a common largscale driveror modulator These compound events could fall under the
multivariate, spatially compounding or temporally compounding tyfde suggestedramework could be
used to identify largescale drivers to be incorporated into conditional attribution studiesaf@ertaintype of
compound event, or to providstandalonestatementsabout thechangindikelihood ofan observed
compound event due to the state of largeale drivers in the preceding montA$e steps othe COMPASS

framework are outlined ifrigure2 anddemonstratedin Section to 7.

1. Select 2. Explore 4. Explore 6. Fit a causal

relevant relationships 3. Assess the relationships network zm%:i?g?
large-scale between étationarit between 5. Identify between largescale
drivers and largescale of defineg defined focus largescale drig\]/ers on
G LINBRA wd| drivers and weather weather weather drivers and likelihood of
Y2y UuKaé defined atterns patterns and patterns focus compound
weather p compound weather P nt
patterns events patterns eve

Figure2: Schematic of th€ OMPASS framewasteps to understand and quantify the influence of lasgale drivers on a compound
event.

The following suksections describevhat is meant by each step of the framework and why they are required.
They also provide a summarypmdssible approaches which could be applied to address each stage of the

framework.
2.1 Selection of largscale drivers

The first stepwhen applying the COMPASS framework to a chosen compound event of intetesselect

the relevant largescale drivers(e.g.the El Niio Southern Oscillation, Indian Ocean DipdfaddenrJulian

3 For a description of climate drivers and their influence on UK and global weatethis Met Office explainer
https://www.metoffice.gov.uk/services/government/contingenglanners/seasonalorecastsand-climate-drivers
resources Last accessed: 26/08/2025.

CLMPASS 13
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Oscillation, QuadBiennial Oscillation, Stratospheric Polar Vorggtk.), including the months of the year over

which the drivers are expected to have the largest effédinter coastal floodingn the UKis driven by heavy

rainfall and storm surgg using this examplene would need to select the largeale driversvhich are

thought tolead to these conditionsAs there can be a lag between a laiggmle driver and its impact on UK
atmosphericcirculatiors G KS NBf SOy i GLINSRAOG2NE Y2y dfa 2F (KS
exampleAugustSeptemberOctober could be the months that the teleconnection from ENSO has the most

influence on winter North Atlantic circulation.

Many studies asses$ise relationships betweedifferent pairs of variables in the climate system, but it can be
challenging tdlistil the key drivers fromtte researchlin fact,teleconnections are often discovered by
assessing the correlation between two variables, not accounting for other variabjgsviding a causal
mechanism. This means thadnfounder bias may bereatingspurious correlations between variables
According tocausalinference, the process of determining the independent, actual effect of a particular
phenomenorthat is a component of a larger systeancausahypothesisshould be represented by a Directed
Acyclic Graph (DA®) order to define appropriate regression models which ensure that estincitdse

causal effect of one variable upon another are unbiagedntroduction to causalinferenceis provided by
Pearl et al. (2016)

Recent research has used causal networks (graphs which describe the casual links between variables) to
combine information about multiple relevant drivers of variabi(i§retschmer et al., 2016; Maher &
Sherwood, 20149r estimate teleconnectionfKretschmer et al., 2021)ost relevant for tle examplegiven
above Sexton et al. (202%)ave constructed a causal network which represents the relationships between
large-scale drivers which are related to winter North Atlantic circulationluding the size of the causal

effects However, this networkloes not extend beyond larggcale variability to specific weather types or

compound events.

Developinga causal network is an iterative proceafiere implied conditional independencies between
variables are testedndif necessary additional causal links are addealsal independence means that two
variables are independent, given that the value of a third variable is fikéqdd, anddare random variables
with joint probability densityfunctionr) ahuhd , thend®anddare conditionally independent givehif the

following equation holds
f agaf N wsq
Methods which can be used to test for conditional independence indindar conditional independence,

conditional independence using loess regression, esghared conditional independence in the case of

categorical datdTextor et al., 2017)

CLMPASS 14
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Once potential confounding or mediating variables are adjusted fory#ihges of causal effects can be
estimated using standard statistical modelling techniques (e.qg. linear regression). The initial causal network
can be specified either througéxpert knowledge of known causal mechanisms (e.g. through expert elicitation
or literature review) omautomated Causal Discovery methods such as PQRUGYe et al., 2019l is currently
unclear how robust automated Causal Discovery methods are for weather and climate apalysig|arly

where the relationships are seasonallgrying or norstationary; so in this context expert elicitation is the

preferred approach.

2.2 Exploration of relationships between largeale drivers andeather patterrs
WPclassifications can be used to characterize the brseale atmospheric circulation for a given region and
timescale(Richardson et al., 201.8pifferentWPs can be associated wiltatistical distribution®f weather
variables, such as temperature, precipitation and wind speed. In fact, c&ktBincan be closely linked to
hazards such as fluvial or coastal flooding, with forecasting {eaisNeal et al., 2018; Richardson et al., 2020)
developed to exploit these relationshipEhis suggests that, dssociations and causal relationships can be
found between largescale drivers antV/Ps, theWPs ®uld be usedas an explanatoryink between largescale

drivers and compound events.

Having identified a set of relevant largeale drivers, the next stegf the COMPASS framewadskto explore

the relationships between these drivers atie different WPs which characterize atmospheric circulation for
the regionof interest.For the example of compound flooding in the UK, the set VB8 defined byNeal et

al. (2016)could be usedStatistical testingf correlation or associatiocoefficients(e.g. point biserial
correlation)can beused to identify any statistically significant relationshipse data and analysis used for this
step of the framework could be applicable to other compound events affecting the UK in ygatdr as

compound wind and rain extremés.g. Manning et al., 2024)

2.3Assessment of stationarity of weather patterns

The stationarity of WPs isk&yassumption in many studietn the past and present climate, stationarity of
WPs(i.e. in terms of their spatial characteristiasdifferenttimes) is assumedor the development of
forecasting tools and identifying high risk WPs for particular impacts. Looking to future ¢lshatees
includingthose byPope et al. (2022ndPerks et al. (2023)avelinked changes in frequency of impactful
weather patterns tachanges in hazards in a future climdfehe characteristics of a canonical WP are
expected to change in a future climate, then thisuld imply differences in the impacts associated with them.
The same principles would apply when considering impacts linked to WPs in the context of attr{bation
steps 45 of Figure2). The stationarity of WPs (or lack of it) is also importahen linking largescale drivers to
WPs with any longterm changes or higher frequency variability in the spatial characteristics oE¥yested

to have implicationson the interpretation of resultsTherefore, the next step of the frameworktsdevelop
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an understanding of any temporal change in WP characteristics within the broader context of a changing

climate or climate variability.

Temporal changes in characteristics of WPs can be assessed using a range of mathqaisssible method is
frequency analysis, for example by assessing changes in the annual occurrence of eaeh tittie.
Alternatively, clustering based analysis could be usdnbreby WPs are rgenerated for different time
periods and compared to the canonical WPs using a goodness of fit metric to assess spatial Eimatiges.
time series analysis could be applieddi&@ily goodness of fit metrics measuring how welitorical daily

patterns match to the canonical WPs

2 4 Exploration of relationships betwewreather patternsand compound events
Tocontinue linking largescale drivers to compound events, the next stdphe COMPASS framewadskto

explore the relationship betweeWwPs and compound event®epending on the compound event of interest,
there may already be research linking the compoemdnt(or one or more of the constituent single hazards)
to certainWPs. For the UK, for examplsgeveral studies havexplored the relationship between the 30Ps of
Neal et al. (2016and a range of univariate hazards and compound events. litalsis it is possible toreview
the literature andcombine information from various sources, to identify a set of R8s which are related to
the compound event of interesthis is the approach demonstratéater in this report, as the hazards related

to the case study (Sectiaf) have previously been studied for the UK.

For other compound eventsuch as those which have not been studied to the same extent or require greater
specificity, or those affecting regions outside of the tbi§ step would require additional analysis. Following
similar methods to those in the literatui@.g.Neal et al., 2018; Richardson et al., 2)20nditional

distributions of the hazard(s) or representative metric(s) of interest could be derived, given the occurrence of
each of a set dVPs. If there are known impactful thresholds of the hazards, the probability of exceeding them

given the occurrence of WPcould also be calculated.

For example, a compound flooding eveould bedefined as a period of-dlay where both the rainfall in a
catchment and the skew surge at the nearby coast exceed th#ipBfcentiles at that time of yegnoting as
per Hendry et al. (2021) that not all contributing hazards necessarily need to exceed a threshold for a
multivariate compound flooding event to occufjje exceedance probability for each of tés could then
be calculated. This would facilitate the identificatiorlMdPs where there is an ineased probability of
exceedance, and #refore an increased likelihood afcompoundlooding event occurringl' hismethod could

be used toselectone or more focu8VPs which can be taken forwards to the next step.
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2.5 Identification offocus weather patterns

In addition togeneral analysis of relationships between a set of WPsartdin types otompound event (as
described in SectioB.4), the next step of the COMPASS framework is to identify WPs to focus on for further
analysis. Thesi®cus WPs are small number of WPs (e.g:3ldifferent patterns) which aréound to show
particularly strong links to the compound event of interast can be incorporated inta case study as

outlined in Section 2.6.

The method used to identify focus WPs for a compound event will depend on the event characteristics. If the
compound event is a multivariate event, with all contributing hazards occuoring single daythen the most
logical WP to focus on is simply the WP which was assigned to that day. Holwegeme multivariateor

spatially compoundingvents,or by definition temporally compounding or peonditioned events the

regional atmospheric circulation patterns leading to the compound eventhledgss clar. In this scenario,
bespoke analysiwould be requiredo identify the WPs which best capture the circulation patterns leading to
the event. For examplehe most frequent WPs occurring over the time period of interest (e.g. a season) could
be identified Alternatively the mostfrequent WPs occurringn the days whictcontribute the most to he

hazards (i.e. the hottest/wettest/driest days) could be identifieiilar to the method implemented for case
studies by(Richardson et al., 2020)

2.65 Estimating causal effects of largeale drivers on focl&/Ps

After identifyingthe WPs which are linked to the compound event of interédtscribed irSection 2.5, or step
5 of the frameworknd conductinginitial analysis of their relationship with largeale drivers iidescribed in
Section 2.2, ostep 2 of the frameworh, the causality of these relationships should now be asseasdtie

next step of the frameworkBy extending the causal network between the lasgale drivers to th&VPs of
interest, it is possible tassess whether there is a cauak between them. For example, within a season the
frequency of occurrence of a spec¥Pmight be linked tahe largescale driverssuch as the frequecy of

WP 29(deep lowpressure system located west of Ireldmd the MO30 occurringnore frequently undera
winter with astrongly negative North Atlantic Oscillatiddnce the causal effect of any largeale drivers
which are founchot to be conditionally independent from the frequencya¥VPhas been isolated, it is
possible to predict the number of days which are expected to be asstgreedpecifioVP, given the values of
the largescale drivers for that yealf a particularly strong causal relatishipis found, it may be possibl®
compare a countefactual scenarigwhere the largescale drivers took different values) to the factual scenario

(the one which was observed)

2.76 Quantifying the impact of lareggcale drivers on compound events

Depending on theausalktrength of the relationship between largeale drivers and thé/Ps, and theNPs

and the occurrence of compound events, it may be possible to make statements about the impact of the large
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scale drivers on the compound event itsglfoceeding tdahe final step of the COMPASS framewdikere are
number of ways that an understanding of largeale drivers and WPs linked to compound events can benefit
climate change attribution studieélthough this stage of the framework has not been applied in this report, in

this section we describe the possible applications.

Attribution of compound events often requiseery large ensembles from climate modédishich are
expensive to produce and analysbgrefore conditional attribution methods (such as analogue approaches)
can be advantageous such scenariog£onditional attribution requires an understanding of the lagpale
drivers of the compound eventvith the possibility of selecting analoguésvents withsimilar synoptic
circulation patterngut takenfrom counterfactualclimate datasetsas demonstrated biloyelle et al. (202%)

based on WPer largescale drivershat aredemonstrated to increase the chanceadmpound impacts.

Furthermore, attribution studies have shown different strengths in results based on the level of conditionality
(whether statistics are conditioed on the dynamical state of the climate system in additioritie climate

change scenario, e.§uschow et al. (202¥jneaning that it is important to consider both conditional and
unconditional methods. Whether conditional or not, a strong understanding of the-ksegke drivers of an

event provides helpful context to the attribution results. It can aapport the model validation stage of an
attribution study, to assess whether the largeale drivers most relevant to the event are well represented in

the climate model data being use.

Finally, understanding how the largscale drivers of a compound event are changing can be key to
understanding the relative contributions of thermodynamic dadjescale dynamic changes to the overall

change in probability of the event.

To operationalise the COMPASS framework described above, we require a dataset that linksdrgieivers

with weather patterns. Such a dataset allows us to test whether certain drivers are associated with particular
circulation regimes, whether theselationships are stable over time, and ultimately whether they can be used
to explain the likelihood of compound events. Cha@éntroduces the dataset that underpins the remainder

of this report, providing the foundation for the analyses in Chapfesand the case study in Chaptér
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3. Applying the COMPASS Framewoibkatasetfor linking largescale drivers

andweather patterns in the UK

This chapter presents the dataset foundation for the framewdVk. have produced a dataset linking large
scale driversvith daily classifications of UK weather patterns (MO30) into a single resowmittea particular
focus on UK winters. This dataset represestiepsl and 2of the COMPASBamework andfacilitatesthe
remaining stepsit is designed to enable the COMPASS framework to be applied in practice: in Ghayer
use it to explore relationships between drivers and weather patterns; in Ch&pteexploreassessgthe
stationarity of these patterns; in Chaptéyto examine how weather patterns link to hazards; and in Chapter
7, to demonstrate the framework in a realorld case study. While the dataset is described in detail here, its

primary role is to provide the backbone for the analyses that follow.

The dataset is used for analysis in this report, to apply the framework for a particular case study, but is also

made available for other WPs of the COMPASS project and the wider research community.

3.1.Data

This dataset combines two existing datasets, the first of which represent a set obtalgedrivergSexton,

2024)and the second of which represents WK (Neal et al., 2016)

3.1.1.Large scale drivers

Torepresentthe historical values of largscale drivers which research has previously identified as being
relevant for UK circulation, we use a set of variables provide8gxyon (2024)following the definitions given
in Tablel. AlthoughSexton (2024provide these driver variables for a set of climate model simulations, here
we only use thenonthly datacalculated from the ERA®analysigHersbach et al., 202@etween 195%nd

2021asthisreport is focused orunderstanding historical relationships.

Pre-processing

Sexton et al. (2025)alculated monthly driver values for each variable, before aggregating over seasons (e.g.
calculating a time series of Janudfgbruary average NAO valudesm monthlyaverageNAOvalueg. Each
variable wadirst standardsed using its mean and standard deviation from the ERAS reanalysitheand
detrended The detrending is to remove lostgrm trends which can cause spurious correlations due to issues
with collinearity.Sexton et al. (2025pund that in practice, this only made a difference for Bardfésa Sea

Ice Concentration (BKSkflie to more sea ice melt under climate chahgend a very small difference for NAO

(where there is a small positive trepd
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In this work, we use both monthly and annual (seasonally aggregated) driver time betlesf whichare

standardise dza A y 3 a0l yRINR RSGALFGAZ2

GdKS

ASNASEQ YSIyYy |yR

detrended, except for BKSIC where we instead applyyea0 high pass filtaio retain interannual variability

Tablel: Summary of climate drivers calculatedSsxton et al(2025)Sexton et al. (2025)Sexton et al. (2025)Sexton et al. (ZRBp
data covers Jan 1959ec 2021Throughout the report, drivers are referred to using the driver nacnenymsrom the first column.

Driver name | Season Definition Description
North Atlantic | January Difference of ManSzalevelPressure (MSLP)| Late winterNAO index
Oscillation February Azores region 28-:20° W, 3640° N minus
(NAO (JF) Iceland region 286.5 W, 63.570° N.
El Nifio August Nifio 3.4 index. Average of sea surface Early seasoBENSO
Southern September | temperature over 17aL20°W, S5°N.
Oscillation October
(ENSQ (ASQ
Indian Ocean | October Difference of surface temperature: average ¢ 10D
Dipole (DD November | 50-7C° E, 10 S10° N minus average of 901C°
December | E, 10 SO°N.
(OND
Barents Kara | OND Average of sea ice fraction over-10C°E, 65 | Sea ice fraction across
Sea lce 85°N. Barents and Kara seas
Concentration
(BKSIC)
Quasi December | Zonal average of eastward wind speed at 30 QBO
biennial January hPa between 5S5° N.
oscillation February
(QBO) (DJF
Stratospheric | DJF Zonal average of eastward wind speed at 10 SPV
Polar Vortex hPa between 60N and 75 N.
(SPV)
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Atlantic Jet DJF Average of eastward wind speed at 850 hPa| Part of southwest North
(AtlJet) over 100 70° W, 2035° N. Atlantic jet that is affected by
Pacific Jet
Aleutian Low | DJF Average of MSLP over 1180° W, 3555° N. Region with greatest
(AleutLow varianceof MSLRn the
Aleutian Low.
Atlantic DJF Difference in sea surface temperatuf®ST.) Strength of SST dipole that
Dipole Average of 710° W, 2235° N minus average | linearly affects NAO
(AtIDip) of 60-5°W, 10 S1(° N.
UralsMSLP | September | Average of MSLP over-88° E, 4570° N. MSLPover the Urals
(UralsMSLP) | October
November
(ON

3.1.2.WeatherPatterns
Torepresent weather types relevam the UK, we utilise the welistablished MO3OVPs (Neal et al., 2016)

The set of 3WPs were derived objectively throughrkeans clustering of daily mean sea level pressure data

(18562003) fromEuropean and North Atlantic Daily to Multecadal Climate Variability (EMULATE) MSLP
(EMSLPdata(Ansell et al., 2006)This provides an assignment of one of thé/@Bs to each day from 1850

onwards, withWPs from 2004 onwards assigned by applying the clustering definitions to mean sea level

pressure data from ERABersbach et al., 2020 he definitions for the 30 WPs are showrfFigure3.
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Mean Sea Level Pressure (MSLP) anomalies (hPa)

Figure3: Definitions for the set of 30 weather patterns. Mean sea level pressure (MSLP) anomalies plotted as filled contours (hPa) and
MSLRAnean values plotted in foreground (2 hPa intervals). Figure takenNeahet al. (2016)

The final set of 30 weather patterns were derived following an iterative proegdseachset of patterns
evaluated by operational meteorologisis ensure that the full range @tmospheric circulation types
affecting the UK and surrounding European area were adequately represggediet al., 2016)The 30
patterns are primarily intended for use in meditnange forecasting (out to 15 days)here each day in the
forecast could be assigned to one of the 30 patteiieal et al., 2016)These can be used to examine
variations of a broadscale pattern, such as variations within a cyclonic we@sylyistinguishing between

WP 10c a calm westerly circulation pattemand WP 2@ a stormy westerly circulation patterh)

4 https://www.metoffice.gov.uk/research/news/2016/neweatherpatternsfor-uk-and-europe Last accessed:
28/08/2025.
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At the seasonal timescalee. more than one month aheadpnly a broad indication of atmospheric circulation

is possibldrom a forecastso a smaller set of WPs were derived from the original set ©@fi8ihg the same
EMSLRNd ERAS data to be used fotongrange and seasonal forecagtdeal et al., 2016)To enable

seamless comparisons with the original set of patterns at intermediate timescales, the reduced set of patterns
was producedbjectivelyby mergingpatterns with the highest spatially correlated pattern centroicsm the

original set of 3@ntil a final reduced set of eight WPs was seleclidee definitions for theeightWPs are

shown inFigure4.

Pattern 1 of 8 Pattern 2 of 8
,8,20,23,26 and 30

Pattern 3 of 8

Pattern 4 of 8
(2,12,15 and 21)

(6,9,11,19,25,27 and

Pattern 6 of 8
(3 and 18)

Mean Sea Level Pressure (MSLP) anomalies (hPa)

Figure4: Canposites for the eight weather patterns. Numbers in brackets show theaitdrns from the set of 30 used to form the
new composites. Mean sea level pressure (MSLP) anomalies plotted as filled contours (hPa) and MSLP mean values plotted in
foreground (2 Pa intervals). Figure taken froNeal et al. (2016)

Both thesets of 30 and eight WRse numberedaccording to their annual historic occurrences between 1850
and 2003the period used to generate the patterniseal et al., 2016 For the set of 30, WP occurs most

often annually (around 6.5% of the time) awtP 30occurs least often annually (around 1.5% of the time)
Qustering MSLP anomalies tends to group days with strong anomalies as well as days with weak anomalies,
resulting in some interesting seasonalityr the set of 30 WPdower numbered patterns have weaker MSLP
anomalies and tend to occur more in summehilsthigher numbered patterns have stronger MSLP anomalies
and tend to occur more in wintdiNeal et al., 2016)Jnderstanding this climatological variability in WP
occurrence throughout the year helps identify more unusual patterns at certain times of year, which can

sometimes be an indication of severe weather (e.g. the occurren?¢RH80 in summerNeal et al., 2016)

Seasonalitys less evident with the eight pattert@causeheir derivationcombines patterns from theriginal
setwhich havevarying MSLBnomaly intensitieshoweverthe anomaly features in supatterns are generally
in the same placéNeal et al., 2016)able2 describesB WPs and their percentage occurrence in the EMSL
data (18562003).
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Table2: Descriptions of the eighWPs and percentage occurrences from the EMSL data {P853) taken fromNeal et al. (2016)Neal
et al. (2016)Neal et al. (2016)Neal et al. (2048) Neal et al. (2024Rattern names and descriptions are relevant to the UK.

WP

Description

Subpatterns

Percentage
occurrence

(1dp)

1. NAQ

All subpatterns going into this type in general have positive MSLP
anomalies to the north of the UK and negative MSLP anomalies tq
south of the UK, resulting in a negative NAO pattern.

6,9, 11, 19, 25, 27,
28

21.2

2. NAO+

All subpatterns going into this type in general have negative MSLH
anomalies to the north of the UK and positive MSLP anomalies to
south of the UK, resulting in a zonal (positive NAO) pattern.

4, 8, 20, 23, 26, 30

17.8

3. Northwesterly

All subpatterns going into this type in general have negative MSLH
anomalies to the northeast of the UK and positive MSLP anomalie
the southwest of the UK, resulting in a nontresterly flow. Sub
patterns going into this type vary between being cyatosnd
anticyclonic, but the direction of flow is the same.

1,13,14, 24

15.0

4. Southwesterly|

All subpatterns going into this type in general have negative MSLF
anomalies to the northwest of the UK and positive MSLP anomali
the southeast of the UK, resulting in a southwesterly flow.-Sub
patterns going into this type vary between being cyotosud
anticyclonic but the direction of flow is the same.

2,12,15,21

14.8

5. Scandinavian
high

All subpatterns going into this type in general have negative MSLF
anomalies to the west of the UK and positive MSLP anomalies to
east of the UK, resulting in a south to south easterly flow. Most su
patterns in this type are anticyclonic.

5,16, 17, 22

12.4

6. High pressure
centred over
UK.

Both subpatterns going into this type have positive MSLP anomali
over the UK and to the south of the UK, with weak negative MSLH
anomalies to the north of the UK. This results in an anticyclonic
westerly or southwesterly flow.

3,18

7.9

7. Low close to
UK

Both subpatterns going into this type extend a trough over the UK
Negative MSLP anomalies are centred just to the west of the UK
resulting in a cyclonic southwesterly flow.

7,29

6.5

8. Azores high

Only one pattern goes into this type which shows an anticyclonic
westerly flow over the UK, with an Azores high extension.

10

4.3

3.2.Method

There are several possgmethodsfor temporallylinking the largescale driver datset to theWPs. Consider a

hypothetical largescale driver which has an almost immediate effect on circulation patterns in thev&JK

would want to link the values of a largeale driver on a given day to the assigned M@&%n that same

day.In practiceJarge-scaledrivers are not expected to vary greadlya daily frequencyand they tend to be

guantified by monthly or seasonal aggregations (a8dxrton et al. (202%)As suchye link the values of a

large-scale driver on a given month to the assigned M@&®& for each day within that month (thus repeating

the largescale driver values 281 times depending on the number of days in the month).
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It isalsopossiblethat there is a greater time lag between a larggale driver value and iffect on circulation
in the UKTo assess this, a dataset would need to liakues of the largecale driver in the relevant months
(i.e. a seasofaggregated value) to the assigned MQ8Bsin the target month(s)Taking a naive approach,
there would bean overwhelming numbeof possible combinations of months of which to aggregatet of
large-scale drivers over to explore their relationship wiPs Howeve, Sexton et al. (2025how how expert
elicitation can be used teeduce the number of possible combinations anmhstruct a causal network
betweenlarge-scale drivers which are relevant for UK winter circulatior. ourdataset, we are therefore
able to incorporate the insights fro@exton et al. (20284 OF dza I f lini tBelUKNERSt thel sgt Bf
seasoraggregated largscale driverdisted inTablel. If constructinga similar causal network relevant for
circulation in a different regiowhere expert knowledge exist® similar approach could be takdhexpert

knowledge does not already exisiten further exploration would be required.

Whether linking monthly or seaseaggregated valuesf largescale drivers to MO3WPs we end up with a
one-to-many relationship where each largeale driver value is repeated for eaafthe associatedMO30
assigned days. Whilst this data structure is helpflaén considering a specific historical day, when one might
wish to look ugboth the MO3OWPand largescale driver valugest complicatespredictive or causal analysis,
where each MO3OWPG 2 0 A SN A2y € GAGKAY | Y2y (QKkaSlkazy Aa
independenceTherefore, we tirther aggregate the data by calculatimgpnthly/seasonal frequenciesd
proportions ofeach MO30NP, thus retaining a on¢o-one relationship between largscale driver values and
MO30WPassignmentsThisenablesthe exploration of relationships betweemlargescale driver in a

particular month or year, and the number of days in the tamgeinth/seasorwhich are assigned to a specific

WP.

The dataset D3%ontainsmultiple CSV files, each linking the same set of laagde drivers taVPs (from
both the 30 and 8 classifications$ing a different combination dhe pre-processing, tempordinkingand
aggregation methods described abov@ble3 provides a summary of the methods applied to each of the CSV

files.

Table3: Information about themethods applied to each of the files comprising D3.3.

File Name Detrended Temporal Aggregated
frequency of large | weather types
scale driver

monthly_era5_driver_wp.csv No Monthly No

monthly_era5_driver_wp_detrend.csv | Yes Monthly No
annual_era5_driver_wp.csv No Annual/seasonal No
annual_era5_driver_ wp_detrend.csv | Yes Annual/seasonal No
proportion_era5_driver_wp.csv No Annual/seasonal | Yes

5 Dataset on weather types and largescale climate drivEds5281/zenodo.16984885
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| proportion_era5_driver_wp_detrend.cy Yes | Annual/seasonal | Yes

For more information about the dataset, see D3.3

4. Largescale drivers anaveather patterns

This section presenthe resultsobtained byapplyingstep 2 from the COMPASfsameworkin Figure2 to the
dataset described in Sectid to explore relationships between the MOB0Ps andlarge-scale drivers

relevant for UK winter circulation.

Figureb showsa time series of standarsiéd JANAObetween 198 and 2021 both before and after applying
the detrending step. It alsshowshorizontalboxand whiskeplots displayinghe distribution of JNAO

values whiclcoincide with the assignment of each of the MO&®s. Figure6 shows the equivalent for the
ONDBKSIQwith the equivalent plots for the other drivers in the dataset shown in AméRectiorll). These
figures show that, similar to the findings $éxton et al. (2025getrending has little effect on the larggecale
driver values with the exception of ONBKXSI@vhich is heavily impacted by climate change. For consistency
with Sexton et al (2024), wesethe detrended version ofhe largescale drivers in the remainder of our
analysis, noting that this should have negligibdactson the results for most of the drivers except OND
BKSIC

Visually examining the box and whisker pjdtere doesnot appear to bea strongassociation between the

driver values occurring with each of the MO30 WRghe case of DJBBO(shown inFiguré, for example, it

appears thatany of theWPs can occur witllmost any driver value, with thehiskers on the boxplot

extending across nearly the full range of QBOvalues.There are small shifts in the median and interquartile
range of the QBO values depending on the; WRvever, we cannot say at this stage whether teisowsa

significant association. FGF NAO, meanwhilan Figure xhere is an indication o& relationship with the WPs

¢ there are WPs (e.g. 7, 27, and 29) which have never occurdahirary or February when the standardised,
de-trended JF NAO value has been above 1. Further analysis is required, however, to assess the significance o

this possible association.

To explorehe statistical association between the largeale drivers and the 3WPs, measures of both global
and local association are assesssihg the R packagelescripti¢(Robette, 2024)Global association
measures the strength of the relationship betweatargescale driver and the set of WPs as a whidle use
the square of the correlation ratio (eta squargtie weighted variance of the larggeale driver mean valuer
each WP, divided by the varianceatiflargescale driver valugsThisis a measure intended for relationships
between categorical and numerical variablesthis case itexpresses the proportion of the variance of the
larged Ol £ S RNA GSNJI G f dzfheVWPrssignkhens, and itivaried betlveken/0SHkEhe 6

significance of eta squared is assessed using a permutatioratéstn of combinatorial inference. If the p
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value of this permutation test is less than a selected significance level @5y, then the null hypothesis (of
no relationship between the two variables) can be rejegt@tbwing us to draw conclusions about the

statistical significancef relationshipsetweena largescale driveiand the set of 30 WPs.

In this work, it is more useful to consider the local association (the association between-adalgelriver

and a specific WP) as this would allow usageess the statistical significance of relationships betweecus

WP and a largscale drivelthus identifying largescale drivers to potentially incorporate into our causal
network).For local associatigthe point biserial correlatiorandtest statisticfrom Lebart et al. (1984are

used.The point biserial correlation measures the magnitude of the difference between the means of the large
scale driver dpending on whethethe observatioris assigned to eadWPor not. The correlation varies
between-1and 1 with an absolute value of 0 indicating no association and an absolute value of 1 indicating a
perfect association. A positive value indicating a positive association and a negative value indicating a negative
associationThe significance of thiecal association is assessed using the test statistic [frelmart et al. (1984)

¢ the null hypothesis of there being no association between the driver an\tRean be rejected at a

selected significance level (e.g. 0.(3he test statisti® &valué is less than this level.

Figure7 shows thepoint biserial correlatiorfor the local association betwedghe DJF AtlJet anehch of the 30
WPs (xaxis) with thesignificance level diebart et al. (1984) gvalue for the test statistic showly the

different shades of blue. Rejection at a smaller significance level is shown in a darker shade of blue. The p
value for the global association test, based on eta squared, is shown above theigloe8-Figurel2 show

the equivalent for the othelarge-scale drivers in the dataset

At the alpha=0.05 significance level, we find that there is a significant global association betw&eérstaad
all the largescale drivers which were tested. Additionally, we find a significant local assodietiween some
(differing) WPs and each of the largscale drivers. For the JF NAO for examgdlapst all theWPs show a
significant local association. For some other drivers, such as the OND BKSIC, there are mwkSeuaerh
are significantly associated with the driver, with only WPs 6, 722028, and 29 being highlighted. These
figures also provide information about the direction of the local associatidssimmary of these results is

given inTable4.
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(a) Time series
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Figure5: Plots showingimne series of standardised NRObefore &) and after (b) derending, and boxand whisker plotef
standardisedJFNAOcorresponding to days assigned to each of the M@88 (c)The lower, middle, and upper hinges of the boxplots
show the25M, 50 (median), and 78 percentiles obachdistribution respectively, with the whiskers extending to the largesallest

value no @irther than 1.8imes the InterQuartileRange (IQR) from the hinged data beyond the end of the whiskers plotted
individually
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(a) Time series
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Figure6: Plots showing time series of standardised OND Barents Kara Sea Ice Concentration before (a) and dftemdimgdend
boxand whiskelplots of standardised OND Barents Kara Sea Ice Concentration corresponding to days assigned to each of the MO30
WHPs (c).The lower, middle, and upper hinges of the boxplots show the3® (median), and 75 percentiles of each distribution
respectively, with the whiskers extending to the largest/smallest value no further than 1.5 times the IQR from the hilzge and
beyond the end of the whiskers plotted individually.
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Association test between MO30 and DJF Atlantic Jet
Eta-Squared p-value: 0
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Figure7: Bar plotshowing the test statistigaluesfor association between DJF Atlantic Jet and the assignment of the M@3th JF
with the significance level of these statistics shown in shades of blue.

Association test between MO30 and DJF Aleutian Low
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Figure8: Bar plot showing the test statistic values for association betweeABUEan Lowand the assignment of the MO3WUPs in JF,
with the significance level of these statistics shown in shades of blue.

Association test between MO30 and DJF Atlantic Dipole
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Figure9: Bar plot showing the test statistic values for association between DJF Abgrdieand the assignment of the MO3WUFs in
JF, with the significance level of these statistics shown in shades of blue.
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Association test between MO30 and OND Barents Kara Sea Ice Concentration
Eta-Squared p-value: 0
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FigurelO: Bar plot showing the test statistic values for association between OND Barents Kara Sea Ice Concentration and the
assignment of the MO3@/Ps in JF, with the significance level of these statistics shown in shades of blue.

Association test between MO30 and ASO El Nific Southern Oscillation
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Figurell: Bar plot showing the test statistic values for association between ASi©@dSouthern Oscillation and the assignment of the
MO30WHFs in JF, with the significance level of these statistics shown in shades of blue.

Association test between MO30 and OND Indian Ocean Dipole
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Figurel2: Bar plot showing the test statistic values for association between OND Indian Ocean Dipole and the assignment of the MO30
WHPs in JF, with the significance level of these statistics shown in shades of blue.
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Association test between MO30 and JF North Atlantic Oscillation
Eta-Squared p-value: 0
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Figurel3: Bar plot showing the test statistic values for association betwedlA@rand the assignment of the MO3WUPRs in JF, with the
significance level of these statistics shown in shades of blue.

Association test between MO30 and DJF Quasi-Biennial Oscillation
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Figurel4: Bar plot showing the test statistic values for association between DIFRBjeiasial Oscillation and the assignment of the
MO30WHFs in JF, with the significance level of these statistics shown in shades of blue.

Association test between MO30 and DJF Stratospheric Polar Vortex
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Figurel5: Bar plot showing the test statistic values for association between DJF Stratospheric Polar Vortex and the assignment of the
MO30WHFs in JF, with the significance level of these statistics shown in shades of blue.
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Association test between MO30 and SON Urals Mean Sea Level Pressure
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Figurel6: Bar plot showing the test statistic values for association between SON Urals Mean Sea Level Pressure and the assignment of
the MO30WPFs in JF, with the significance level of these statistics shown in shades of blue.

Table4: Summary of the WPs found to have signifiqanthe level p < 0.05)ositive or negative local association witach largescale

driver.
Largescale driver WPs with significarpositive WPs with significant negative
association association
DJF AtlJet 7,9,11, 24 27, 28, 29 15,18, 20, 23, 2630
DJF AtleutLow 2,16, 30 11, 14, 19, 27
DJF AtIDip 10, 11,24, 30 22,25, 27,28
OND BKSIC 6,9, 29 16, 20, 27, 28
ASO ENSO 9, 19,24, 29 20,21
OND IOD 4, 23,28, 29, 30 12,17, 27
JF NAO 10,13,15, 18, 2021,23, 26, 30 | 7,9, 1116, 19, 22, 24, 25, 27, 28, 2
DJF QBO 4,13, 25, 30 11,17, 27, 28, 29
DJF SPV 15, 20, 2325, 26, 30 7,9,11, 14, 16, 17, 24, 27, 28, 29
SON UralsMSLP 7,11, 16, 19, 28 20, 23, 26, 29

In addition to exploring the relationships betwe®¥Passignments on individual days and the lasgale
drivers, we also explore the relationship with the frequencyMassignments across a whole seadéor.
each of the largescale drivers, we look at the frequency of seledféBs being assigned agairtee value of
the largescale driverFigurel7 shows scatterplots of the frequency of eadlP(one per facet) against the

values of the JF NA@he equivalent plots for the othéairge-scaledrivers are shown in Annex (Sectiorll).
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First noting thatsome of the 30NPs rarely occur in winter (e.g. WP 1 has never occurred more than 10 times
within one JF seasomising JF as this these are the target months used by Sexton et al)(202d)plore

whether there appears to be a link between the number of tim&¥Roccursin a season and the value of a
large-scale drivenccurring before or during that season. For some of the lagde drivers, including BKSIC
and UralsMSLP, there does not seem to be an obvious relationshipse@siors of more frequent

occurrences of certai/Ps not being linked to years of particularly high or low lasgele driver valued$n

other cases, for example JF NAO &R/ it appears there may be a link vétme of the years with higher

counts of WPs like 27 and 30 occurring with higher or lower values of the drivers.

The findings from this section indicate that therersassociatiometweenthe largescale driversdNAQ and

North AtlanticWPRsin January and Februar@pecifically, there & significant association between largeale
drivers(NAQ ENSO, 10D, BKSIC, QBO, SPV, AtlJet, AleutDipyaAt UralsMSLPandseveral of theNPs

from Neal et al (2016). There are ajsmssible links between the frequency of occurrence of celdis and

the largescale drivers, indicating potential to assess the significahteese links for specifid/Ps of interest
which are linked to compound eventswill be important toassess the interactions and potential confounding
effects between these drivers and the occurrenc&\s, with causal inference offeringnaethod for

accounting for these and estimating the strength of causal relationships between the network eétatge

drivers as a whole

The methods applied in this section can be used for any s#isbinctWPs and largescale driver values,
representing a statistically justified method to assess the association betweategorical and continuous

variable.
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Figurel7: Scatterplots showing the frequency of a given MO30 WP in January and February of each year, agaiNgt@oé thie
same year, with each WP shown by a different plot facet.
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5. Stationarity ofweather patterns
5.1 Stationarity
WPs characterising atmospheric circulation are a key part of the proposed framework for understanding and
guantifying the influence of largscale drivers on compound events. WPs are being used to bridge the gap
between largescale drivers and compound ews, as they can be linked to both. Therefore, it is important to
test the assumption that these WPs are stationgwryheir spdial variability {(.e. not changing their spatial
structure) and temporal variabilityi.e. not changing theipccurrencedrequency) so thatthey can serve as
reliableconditionalconstraintsin likelihood calculationsThere isalreadyevidenceof changesn WPfrequency
over time(Richardson et al., 201,8nd schere we ardookingto understandhow the spatial patterns may

havechangeal over time

This workbegins toexploreWPstationarityby using a clusterinfgpased pattern comparison methdd see
how patternsdiffer between different time windowsThe problem of assessing spatial stationarity is a
complex oneand, while this methodmakes progressin addressing the problenit is important to state that it
is currently not possibleto distinguish between true nostationarity, and differences in weather pattern
morphologydueto artefacts ofmethodologicakonstraints(e.g.changing frequency of weather patterts,

means decision boundateing unstableetc).

For the purposes of this repqiit is not yet clear how to define statistically significant changes in WP
morpholagy. For that reasorthis work aims to identifiany persistent or notableechangesin the spatial
structureor intensity of atmospheric circulation patterns from the canonical atmospheric circulation patterns
(or other representative setwhich inforns our understanding of what noatationarity could look likeThis

work helpsto understandwhat is conglereda notable changdrom typicalmorphologicaWP rangeswhat

time scalsthesechanges may be occurrirag, andthe key challenges and uncertaintiiseed when looking to

assess stationarity.

5.2. Methodology

A brief overview of the methodnd the main challenge it preserftdlows, with a more comprehensive
descriptionof the methodin section5.3. Configuration The established methofibr assessingpatial WP
changes between timeindowsuses kmeans clusteringPhilipp et al., 2007n dimensionally reduced daily
mean MSLP ERADS reanédydata(Hersbach et al., 2020 cross multiple time windows, where tlseasonal
cyclehas been removedrheresultantweather patterngthe cluster centroidsdre assignedb patterns in a
chosen reference window using th@ecidefdlistance measuréNeal et al., 2016)NVhere he distance
measureprovidesa common basis for comparimtpanges acrosdifferent windows The statistics across time
windows are then visualised to assegmtial\WWPchangesver the historical periodn theory, this approach

can be applied t&0WPsfor any domain, but here we focus on thi and surrounding European ard&e main

CLMPASS 36

OFFICI£



OFFICI#

Deliverable2.2 Report on understanding of weather typesl largescale climate drivers

challenge with this approach has been reducing the inherent variability in the clustering method due to the
stochastic nature of the-kneans algorithm, which makes assessment extremely difficult. Whilst a robust
process appears to have been establish@dting ata degree ohon-stationarity, the methodhas been

refined to reduce variability.

Dimensionality reductionf the MSLP dathighlightsthe difficultiesin reducingthe variability in the clustering
method. Here we examindimensionality reduction for the dalgnean MSLERASlata for years 1979994

(which will be thefirst window in our series dime windows) Principal Component Analysis (P(9arson,
1901)has been used to reduce the dimensionality of the dadan over 28,000MSLRyrid pointsto 2 principal
componentgdimension3 prior to clustering to improve the efficiency and consistencygs generated with
k-means Figurel8, left). Alternativedimensionality reduction techniques have been exploredémonstrate

the difficulty in generating consistent cluster definiticmsdto try andproduce more distinct patterns whilst
preserving local and global structure, e.g. preserving the relative distances of neighbouring points and points
that are further awayWang et al., 2021)The dimensionality reduction techniques considered are UMAP, T
SNE, TriMap, and PacM@mid & Warmuth, 2022; Garry & Palmer, 2025; Mclnnes et al., 2020; van der
Maaten & Hinton, 2008; Wang et al., 202%hen reducing to 2 dimensions, almaditthese methods

improve cluster definition and separation, with reduced similarity between clustdren compared to PCA
PacMapshowedthe best improvement on PCAn example ofhe output for PacMap is shown next to the

output for PCA ifrigurel8. However, unlike PCA, these methods are-deterministic which adds to the
variability in the clusters produced. To assess stationarity the method needs to be as deterministic as possible

to reduce uncertaintyand he consistency of patterns was not found to be sufficient using these techniques.

Silhouette score: 0.3248, DB score: 0.8432 Silhouette score: 0.3636, DB score: 0.7934
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Figurel8 Two-dimensionabutput of PCA (left) and PacMap (rigfdf ERASaily-meanMSLP datd 9791994 The kmeans asigned
clustesarelabelled and coloucoded.

Revisiting PGAs the onlydeterministictechnique tested so fait was found that using 2 components only
explains ~60% of the variance in the data. To explain at least 90% of the variance, 6 or more components are

required Figurel9). However, for this dataset, using more components worsens cluster separation and makes
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clusters more similar. This was determined from calculating Silhouette scores, where a higher score indicates
well defined and well separaterdustersand from DaviegBouldin scores, where a lower score indicates less
similarity between clusterdlhe optimal choice is 6 components, which should produce more representative

WPsand should not add to the variability when clustering.
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Figurel9: The amulative explained variana# the daily-mean MSLP dattor the first 30principal componentghe 90% variance

threshold is indicated by the dotted line

5.3. Configuration
The final setup uses the establishethkans clustering configuration withrkeans++ initialisation, 12000

maximum iterations, and 20 random-maitialisations. The dataset used is the daiigan MSLP ERAS dataset
19792025(Hersbach et al., 2020The domain used is that of tidO30canonicaDecider patterns, covering
the UK and surrounding European a(®geal et al., 2016)rom this data, for each time window, tdaily
climatology (calculated from 1972010 day of year averages) is subtracted to obtain anomalies, which are
then weighted by grid cell area, and normalised to the rande DheMSLRlataare then reshapedrom a3D
array of shape (days x latitudes x longitudes) into a 2D afralgape(days x grid pointsandits spatial
dimensionalityisthen reduced to 6componentausing PCA. Sets of 8 and\8®s are generated in this way for
32 moving windows of 1gear duration, incremented by-jtear through the period 1972010, e.g. the first
window spans the range 1971993 inclusive, the second window 198994 and so oriThe 15yearwindow
duration was choseto capture natural variability in the climatand minimisingthe overlap betweertime
windows Thisclusteringprocess is performed in parallel, utilising multiprocessing. The generated patterns for
each window are then aggned ongo-one to a chosen reference window. Theset canonical Decider
patterns(Figure3 and Figure4) and the first window of generated patterns are both used as reference

windows to aid analysihe canonicapatterns are regriddedfrom the lower resolutiorEMSLP datasefid
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(Ansell et al., 2008p the higher resolution ERAS grid to allow assignme&he pattern assignment calculates
the Decider distancghe area weighted grighoint average surof-squares differencéNeal et al., 2016)
between each pattern in a time window and each pattern in the reference win&owpressure data in hPa,
the units of the distancarethushP&. A smaller distance corresponds to a better fit to the reference pattern
features in terms of intensitythoughthere is unlikely to be a perfect match due to variasamside each
pattern. Theassignment process thesolves the linear sum assignment problem (LSAP) asimgfified
JonkerVolgenant algorithnfCrouse, 2016; Virtanen et al., 2020)optimally assign the patternéinding the
bestcombination ofone-to-one matcheswith the reference patternandminimising thetotal distancemetric

for a window.The assigned patterns are then plotted a heatmap tassess whether the frequency of
occurrence of the reference patterns has changed over tiamel theassociatedlistances are plotted on a
stacked area plofThe distances for eadWP are plottedseparatdy as line plots for evaluatg individual WP
trends. To aid in analysis, additionadttern statistics folPearsorcorrelationcoefficients(with assigned
reference patterns), frequency of occurrence (in the time window), and persistence (the average span of days

with this pattern in the time windowhavealsobeenproduced.

5.4. Sources of uncertainty

There are several expected sources of uncertainty and increased distance (regar@egaaf-stationarity)
when assigning patterns which prevent any perfect matches and generally distort assedsratiypitthe
difference in grid resolutionilhe lowspatialresolution of the canonical pattermaeansthat, despite re
gridding,the fine detail in some of the pressure patterns is not captured as well as the patterns generated
from ERA5Scondy, there is uncertainty ithe fact that comparin@VPs is compeng kmeans cluster
centroids. The centroid is an average of the members of the cluster and so obtaining the exact same centroid
when using data from different time windows is unlikely. The high density of the daily MSLP data, with
ambiguous local and dbal structures, makeselectingwell-definedclusters and centroids objectively difficult.
Finally, a source of increased distandg@en comparing tahe 8 canonicabatterns comes from the method of
generation, where from thé10O30 canonical patternshe 2closest patterns were mergethis was repeated

until only 8 remainedNeal et al., 2016}his produces, for example, a rather generitphttern.

To attempt to account for these sources of uncertainty in subsequent analyses, the patterns in each window
are compared to reference patterns from the first window as well as to the set of canonical patterns.
Additionally, the pattern generation was repeal for 8 and 30 clusters, and for different numbers of clusters

in the rangeb to 10. These uncertainties could potentially be reduced in future by:

W Regridding from ERAS5 tBMSLRrids when comparing patterns, rather than the other way
around, though this would remove some fine structure from the patterns.

w Cluster orthe extended ERAS dataset 192025(Bell et al., 2021)
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w Generat a new set of canonic&V/Ps to compare to usinthe extendedERA5 datset (Bell et al.,
2021) covering 195€2003to cover as much of the same period as the original patterns.

() Further explore dimensionality reduction techniques to find cleatesterstructures in the MSLP
data, with improved cluster definition and separation

W Add ancillary meteorological fields when finding clusters such as therdady 2m temperature.

w Explore andihe tune deterministic clustering methodsich as ¥medoids DBSCAN,
agglomerative, an®®CAPart(Boykin, 2023; Celebi & Kingravi, 2012; Pedregosa et al., 011)

replace kmeans.

5.5. Results
Generating 8 patterns using tligst window as the reference window

Figure20 shows the pattern evolution across time windows when generating 8 patterns and using the first
window as the reference window. There ifaggeincrease in distance and a reduction in correlation from the
reference patterns, marking a disruptive shift in evolution from the 12861 window onward. The shift is
most prominent in the first few windows following the 192601 window but continues uihthe final 2010
2025 window. The same trend is seen when using the correlatefficientfor pattern assignment instead of

the distance (not shown).
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Figure20: Plots assessingpatial changes imweather patterrs over timefor a movingl5-yearwindow, within the 1979-2025period
Using the first window (labelled window 0) as the reference winéatternsassignedisingthe Decider distance arldSAPPattern

evolution heatmap (top)stacked area plot dDecider distances across windows (middle), and correlation coefficients across windows

(bottom).
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Figure21: Assigned pattern distances acrdgse windowsfor each referencpattern, corresponding t&igure20. The distance ithe
area weightedgrid point averagesumof-squares differerefrom the reference pattersin window OA smallerdistance corresponds to
a better fit to the reference patterfeaturesin terms of intensityHere he patterns matched to reference pattern 3 show the worst fit
overalland contribute the most to the overall trend in distance.

The distance stacked area plot and the correlatioefficientheatmap inFigure20 show the overall trend is
predominantly due tgatterns assigned teeferencewindow pattern 3. This is clear when looking at trends
for individual patterns irFigure21. The initial rise in distance asovisible for every pattern. Ikigure22, the
pressure patterns reveal a shiftieferencepattern 3 from a cyclonic westerly with a deep low south of
Iceland (effectively canonical pattern 20 of 30, or 2 of 8), to a neutral neetsterly with a low northeast of
the UK and high pressure over the Azores. Which could equally be assigned tocefpattern 2 (resembling
canonical pattern 3 of 8). This suggests $patialcharacteristics of reference patterntavechangd across

time windows andchave become less common since the 1980s but start to return in the final window.

Repeating the pattern generation and assignment process for 8 patterns against the first window produces
very similar results (not shown), except for a variation in noise in the distances, which lends credence to the

reliability of this pseudaleterministc method.
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Figure22: Thechangesacross time windows for th& weather patterngcluster centroidsshowing theMean Sea Level Pressuk&SLP
valuesat 2 hPa intervalsThe reference windowatterns areshownin the leftmost columnyith patterns fora subset oSuccessivertie
windows(windows 8, 16, 24, and 3ih the following columnkeft to right ®rresponding td-igure20.

Generating 8 patterns using the canonical patterns as the reference window

Figure23 showsWPchangesacross time windows when generating 8 patterns and using the 8 canonical
patterns as the reference window. There is a considydnigh distancébetweenthe canonicabatternsand
the assigned patternthroughout. The same trendhat isvisible inFigure20is visible here buto a lesser

extent, with an increase in distance and a reduction in correlation front#m®nicapatterns from the 1986
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2001 window onwardCanonicapatterns 2 and 4 dominate the overall trend in distanE&(re24) despite
remaining spatially similar across windows with correlatioefficientsabove 0.&hroughout While this is

partly due to the difference in grid resolution, it could suggest there is a change in intensity over time.
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Figure23: Plots assessingpatial changes iweather patterrsfor a moving 15year window, within the 1972025 period Usingthe 8
canonical Decider patterras the reference window. Patterns assigned using the Decider distance and LSAP. Pattern evolution heatmap
(top), stacked area plot of Decider distances across windows (middle), and correlation coefficients across windows (bottom).
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Figure24: Assigned pattern distances across time windows for eanlonicareference pattern, corresponding Eagure23. The

distance is the area weighted grid point average safrsquares difference from thenonical patternsA smaller distance corresponds
to a better fit to thecanonicalpattern features in terms of intensitfPatterns 2 and 4 show the worstifitterms of intensity.
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Reference Pattern 1 Pattern 6 Pattern 2 Pattern 6 Pattern 7
=" T

024

o

= wms s T

— = g >

e =

= e A
Pattern 6

Pattern 8

—— 5 o
P o ] o Tl

008
ot o0 - A 2
( %; 1 =7 o

e

\:f
g g

i

s

Pattern 4

Figure25: Thechanges across time windows the 8 canonicaweather patterns (cluster centroids), showing the Mean Sea Level
Pressure (MSLP) values at 2 hPa intervals. The reference window pdkter®sanonical Decider patterreme shown in the leftmost
column, with patterns for a subset of successive time windows (win@o#s 20, and 31) in the following columns, left to right.
Corresponding t&igure23.

In Figure25the pressure pattern fovWPsassigned to canonicghkttern 4 starts to resembleanonicabpattern
2 more closely as the distance increaggsarly shown for window 20yvhich would mark a shift from a
south-westerly to a positive NAO pattern. To some extent this agrees withethidtswhen using the first

window as the reference; the westerlies and positive NAO patternasseciated withhe increase in
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distance. Focanonicapattern 2 the assigned pattermdlistances arefairly consistent throughout except for a
drop near the end, whered#/Ps assigned toanonicabattern 4 follow the trend of increased distance for
windows starting in the lat&980s seen ifrigure20. WPs assigned to canonigaltterns 1 and 5 are the least
well-correlated and least spatially similar between windotugt the associated distances are quitav. This is
partly expected given thdifferent method used to generate thessompositecanonical patternsas discussed
in section3.1.2.WeatherPatterns, they are generatedby combining the MO30 patterns and not directly from
clustering However, as they capture tlwverallbroadscale flowtype and are few in numbethey are still
useful for exploringpatial changes over timendare a usefupoint of comparison fothe results using 30

patterns.
Generating 30 patterns

When finding 30 patterns, the distances between neighbouring cluster centroids in the same window are
smallerand so here is a higher degree of similarity between patterns in any given window. Any variability is
attenuated because it is more difficult to find and produce consistent patterns and has adnettect when
attempting to compare patterns across windows. Wkénthis pattern generationmethod is reasonably robust
for 8 patterns, it isnore complicated using0 patterns. Any trends in the totalsance aranore difficult to

distinguish.

Figure26 shows a increase in distance over time from the initial windgweaking in thel996-2011 window,
andthen decreamg toward the final windowFigure29 showsa slight reduction in distance over tinfimm
the canonical patternsbutwith some variability makinthis less clearTogether these trendsuggest the
initial time windowstarts in a period of elevatedistancefrom the canonical patternandthe WPshavebeen

changingacrosgime windows

Figure27, Figure28, Figure30, andFigure31show there are clear trends among individual patterns, if
disregarding the noise and spikes in the dathjch are more commowhengenerating 30 patterns than 8
due to theincreasedvariability in the methodThe source of thé&rend in totaldistance can bénked to
specific WP<-or instance, WP 36 aclearcontributor to the total distance and theverall trendin both
figures Pattern30 shows astepup in Figure27 and a corresponding step downkigure30. Most of the WPs
show fairly stable distancesd correlationswith small contributions to the overall trendhe WPs with the
largest contributiongo the distanceoften correspond towesterly variantswith cyclonicdeep lowpressure
systemsFigure27 WPs21, 27,and 30, andFigure30 canonicaWPs24, 26,and 30. Theevolution ofa subset
of canonicaWPs areshown assynoptic chartsn Figure32. These do not correspond to thé/Pswith the
largest reductions in correlation over tim€he largest tbps in correlatiormainly correspond to neutral and
anticyclonic WRshowing clearspatial displacementsor exampleWPs 1, 4, 5, 6, 9, and 14Rigure28, and
canonicaWPs 1, 3, 5, andifi Figure31.
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Figure26: Stacked area plot afssignedlistance metric, ssessingpatial changes iweather patterrs over timefor 30 patterns across
a movingl5-yearwindow, within the19792025period Using thdirst windowas the reference window. Patterns assigned using the
Decider distance and LSARe distance ishe area weighted grid point average stofisquares difference from thegindow Opatterns.
A smaller distance corresponds to a better fit to the pattern features in terms of intensity
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Figure27: Assigned pattern distances across time windows for each reference piatt@indow Q corresponding té-igure26. The

distance is the area weighted grid point average safraquares difference from the window 0 patterns. A smaller distance corresponds
to a better fit to the pattern features in terms of intensity.
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Figure28: Assigned patterrorrelationcoefficientsacross time windows for each reference patterawvindow Q corresponding to
Figure26. A highercorrelationcoefficientcorresponds to a better fit to thgosition of features in theeferencepattern.
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Figure29: Stacked area plot afssignedlistance metric, assessisgatial changes iweather patterrs over timefor 30 patterns across
amoving15yearwindow, within the19792025period Using the 30 canonical Decider patterns as the reference window. Patterns
assigned using the Decider distance and LEA€distance is the area weighted grid point average-stisguares difference from the
canonicapatterns. A smaller distance corresponds to a better fit tocdm@onicapattern features in terms of intensity.
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Figure30: Assigned pattern distances across time windows for eadnicakeference pattern, corresponding Eagure29. The

distance is the area weighted grid point average safraquares difference from the canonical patterns. A smaller distance corresponds
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Figure31: Assigned patterrorrelationcoefficientsacross time windows for eadanonicakeference pattern, corresponding igure
29. A higher correlatioroefficientcorresponds to a better fit to the position of features in ¢h@onicapattern.
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Figure32: Thechanges across time windows B subset otanonicalweather pattern24-30, showing thesynopticMean Sea Level
Pressure (MSLP) values at 2 hPa interVdis.reference window patterns (the canonical Decider patterns) are shown in the leftmost
column with patterns for a subset of successive time windows (windpd® 20, and 31) in the following columns, left to right.
Corresponding téigure29.

5.6. Discussion
Theresultsfor both 8 and 30 patternshowsthat some of theclusterspatial patternsappear differentacross

time windowssince the initial 1979994 window.lt is currently uncleato what extentthese differenceare
evidence for systematic change on WP morphology compared to represening uncertainties in the
methodology (e.gthe k-means decision boundaig not stable across different window®r sampling effects,

(e.g.influenced by individual events within a windpwFor the 8pattern case, there is an increase in the
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statistical distance measure from both sets of reference patterns, beginning in the2D@86window, peaking
and continuing onward before a reduction in the final 2025 window. Similarly, the 3@attern assessment
shows increasing distances acrossSm ¥ NB Y GKS AYyAGALFf 6 AY R22010 &indody, (i G S1
followed by a gradual decline. However, when compared to the canonical patterns, {h&tt8dn assessment

shows a gradual reduction in distance over time, with some variability, fhenfirtst to last window.

Across all assessments, the most significant contributors to changes in distanuattares characterised by
deep cyclonic activity, typically westerly variants with intense-fgassure systems. Conversely, reductions in

correlation are more closely associated witiore frequently occurringieutral or anticyclonipatterns
For the 8 pattern assessments:

1 Relative to thefirst window, patterns assigned to reference pattern 3 are the primary drivers of
increased distance. These patterns intensify and undergo large spatial changes before reverting to a
pattern resembling the initial state.

1 Relative to the canonical patterngatternsassigned tacanonicalpatterns 2 and 4 show the greatest
divergence. Pattern 2 deepens and shifts westward, while pattern 4 undergoes a marked intensification

of both the Icelandic low and the Azores high before reverting to resemble the initial canonical pattern.
For the 30 pattern assessments:

1 Relative to thdfirst window, patterns assigned toVPs 21, 27, and 30, each associated with deep low
pressure systems, are the primary drivers of increased distance and exhibit intensification with minimal
spatial displacement.

1 Relative to the canonical patterngatterns assigned t9WPs 24, 26, and 30, each associated with- low
pressure westerlies, appear to drive the overall trend in distance. These patterns show some reductions

in low-pressure intensity, with only WP 24 showing notadpatial displacement.

While theresultsconsistently indicateénterannual variability and lortgerm trends across time windowsthe
direction and magnitude opattern changes differ depending on the referenceindow and the number of
clustess. This divergencand the exhibited trendsouldbe attributed to several sources of uncertainty and bias,

building on those already discussed:

9 Structural uncertainty: The lack of clearly defined and persistent structures in the pressure data
introduces ambiguity in cluster selection. This is a form of systematic uncertainty, where the model
structure (e.g. number of clusters, distance metriwsndow duratior) influences the outcome.

1 Methodological bias: Forcing a fixed number of clusters and enforcingoeore pattern assignment
across time windows may introduce bias, artificially inflating distance measures due to the rigid

constraints.
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1 Sensitivity bias: Cyclonic WPs with deep low pressure exhibit steep pressure gradients that make them
highly sensitive to small spatial or intensity changes. This can disproportionately increase the distance
measure, contributing to apparent nestationarty.

1 Representative and scale mismatch bias: The lower resolution of the canonical patterns can miss and
underrepresent fine detail pressure features. This can lead to inflated distance metrics when assigning
the higher resolution ERAS based patterns. The mismia spatial scale introduces systematic bias that
may exaggerate perceived changes in patseoner time

9 Sampling uncertainty: The d®ar time windows may not fully capture lefirequency variability,
leading to sampling bias and potential misinterpretation of features.

1 Internal variability: The observed changes may reflect natural climate variability (e.g. NAO, SPV) rather

than externally forced trends, complicating netationarity attribution.

These initialassessment&xploring WP stationaritgollectively suggest thatome ofthe generatedcluster
spatial patternshownon-linear andpattern dependent changeacrossl5-yeartime windowswithin the period
19792025. Thechangesassociated withcyclonic low pressure westerlyatterns (which are less frequently
occurringland anticyclonic higipressurepatterns(more frequently occurringdppears to be independent, with
periods of divergence and realignment dependingtua pattern Thesplitin behaviour between less and more
frequently occurringpatternsbears some resemblanceith the frequencybasedanalysis irRichardson et al.,
2018 where2 @S NJ G KS f | & dataseindays ShatiniBy WPHR-30(bkene more frequent at the
expense of daygeaturingWPs 1-11. Exploring linls betweenthe distancemetric used hereandthe annual WP

occurrencsmay provide complementary insights into the origins of pogential non-stationarity.

Due to the complexity of assessingy/P stationarity and thelarge amount ofuncertaintyin this method it is
currently notpossible todetermineif the resultsare genuine signs abngterm spatial norstationarity, or if
they arecaused by other factors such aatural atmospheriovariability or artefacts ofthe methodological
constraints.While the use of multiple referencevindows and numbers of clustergrovides a more nuanced
understanding of theesults it hasintroduced complexitywhen interpreting then. This exploratorywork has
provided a better understanding of tHeey challenges andources of uncertaintin assessing WP stationarity
To betterassess andnderstand nomstationarity with this methodn future, it would be beneficial t@xplore
and quantifythe sensitivity of the reultsto different length time windowsassignmenimetrics, and cluster
numbers Additionally, he influence oflargescale driverson the exhibitedtrends across time windowss
unclear and merits investigatiomto any relationshipswith inter-annual variability and loreg-term trends.
Despite the uncertaintieghere is some evidencthat WP stationarityshouldnot be assumed bushouldbe

carefully considereavhere WPs arébeingused in climate attribution studis.
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6. Weather patternsto hazards

This section connects the earlier steps of the COMPASS framework-teorddiimpacts by examining how
specific weather patterns (WPs) translate into hazard relevance. Having established in previous chapters the
relationships between largscale drivers iad WPs, we now focus on the next link in the chain: how these WPs
are associated with hazardous outcomes such as flooding, storm surges, oela¢adl extremes. In doing so,

we illustrate the role of WPs as the critical bridge between lagme climatevariability and the occurrence of

compound events.

As outlined in Sectio&rror! Reference source not foundhe MO30WPRs (Neal et al., 201&)ave been linked t
0 a range of weather hazards and impaet#h many of these occurring in the winter months in the B&me
of this research focuses on a single hazard, for example rainfall which can cause fluvial {Radiagison et
al., 2020) or multiple hazards separatefpr examplesurge or wavesrhich can cause coastal floodi(ideal et
al., 2018) From this we can infer some information about the likelihood ebcourring hazards otherwise
referred to as multivariate compound events. Howewahers have gone further in assessing compound

events, exploring the relationship betwe®Ps and ceoccurring hazards or impacts.

In this section, wexplore and summariste literature on identifyingV/Ps which are linked to winter hazards
and impacts for the UKncluding research whidlecuseson both single hazard and compound evemi# also
presentTable5 whichcondenses this information, providing a resource which can be used to quickly identify
WPs which have been highlightedliterature as being associated with specific hazards or impacts, including

those of a compound nature.

Richardson et al. (2018howed that conditional distributions @faily, regionalUK precipitatiorgiven each WP
were distinct enough from each other to be suitable for further analysiss was extended further by
Richardson et al. (2020)ho researched thénk between the WPs and extreme regional precipitation in the
UK, as part of their development thfe Fluvial Decideforecast guidance tooAssessingxceedances of the
90", 95", 99" and 99.7" percentiles of seasonal precipitatioRjchardson et al. (202@jentifiedthe WPs
associated witlextreme precipitation for each HadUK regidrhe results shown focus @outheast England
southwest England and southern Wales, and northwest England and northern. Wée<20, 21, 29 and 30
are highlightedas being related to extreme precipitation in these regiofisere are differences in the
probabilities of threshold exceedance for each region, wittreme rainfall withWP20being particularly likely
in the northwest England and northern Wales regamd WP2Jproviding a particularly high probability of
extreme rainfall fothe southwest England and southern Wales regitdme southeast England region

meanwhile is more likely than the other two regions to experience exceedances with WP29 and WP30.

Neal et al. (2018)rovidea list of WPs which areelevant to coastal flooding in the UK. Theyamined the

distribution of observed daily maximum skew surges abslerved daily maximum wave heights for each WP.
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Defining a coastalisk WPfor a particular site as one where at least 1% of event samples (in terms of skew
surge or wave heightgxceed the warning threshold (the 99.Bercentile skew surge or wave height
climatology at each sitejhey highlighiWPs 13, 14, 20, 21, 23, 24, 26, 28, 29, and 30 for skew surge and WPs
11, 13, 14, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30 for wave height. There is some overlap between the
WPs highlighted for different sitesvhich can be categorised as East, West, or South;duasever, several of

the WPs are only noted as higisk fora handful otthe 20 sitesTable5 summarises the WPs which are

highlighted as highisk for the East, West or South coast.

Combining analysis of daily maximum skew surge kigh river flowHendry et al. (20199ssess the potential

for compound flooding due to eoccurrence otoastal and fluvial drivers. They identify WPa3Meing

particularly relevant for compound flooding events on the sewistern and western UK coastith WP 20

also driving events for the central western coast and Scotland. WP 21 is also identified for Scotland. On the
eastern coastHendry et al. (2019jnd that high skew surge and river discharge events tend to occur under
different WPs, with WP 11 beinglentified for surge and WPs 11, 24, and 30 being relevant for river discharge.

In order to characteriseompoundcoldeventswhich @uld havedifferingimpactson energy, agriculture,
transport, and health in the UKjattu et al. (2025gxplore the relationship betweewPs andevents which
are either colddry orcoldwet. Considering a set of regiomatepresentative cities across the UK (Glasgow,
Belfast, Newcastle, London, and Plymoutattu et al. (2025efine cold, dry, and wet events by their
regional 1% percentile minimum temperature, ¥5percentile precipitation, and 85percentile precipitation
respectively with colddry and coldwet events being combinations of these thresholds be&irgeededThere
is a spatial influence on the relationship betweaats and compoundold-wet events; WP 28 is linked to the
highestfrequencyof coldwet eventsin London, Newcastle and Plymowth20%, 18% and 16% respectively,
whereas WB 21 and22 arelinked tothe highest frequency of these events in Belfast &vids 2 and 12 in
GlasgowMattu et al. (2025)find that colddry events occur under a smaller range/ds than coldwet
eventsc for cities in the west of the UK the key patterns are Wkaril 27 with theremainder of theset of
NAO negative patternandWPs12 and 17 also highlighted. Broadly speaking, gwggest that coldiry

events are linked to cyclonic patterns and culdt events are linked to antiyclonic patterns.

Bloomfield et al. (2024 nalysemetrics of losassociatedvith wind gusts andiver flow, to identify WPsthat

are related to compound winflood events in the UKLhey calculate the storm severity index (SSI) from
reference and flood severity index (F®fference and consider three types of compound evedss/s in which
SSl and FSI both exceed 0, SSI and FSI both exceed their histneac@atile, and SSI and FSI both exceed
their historical 99 percentile.Bloomfield et al. (2024)nd thatthe most common WPs for SSI, FSI, and
compound events are WPs 26, 29, and 30 whicexdlibit cyclones over the UK.
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Focusing on the impacts of adverse weather conditions on power outages in ti8oulig,et al. (2024)

identify the WPs and transitions which are likely to cause power system failures ddi&féoent hazardsThey
investigate the top three causes of power system failures in winter: wind and gales, lightning strikes, and snow
and ice National Fault Interruption Reporting Scheme (NaFtRR&) regarding weather hazards responsible for
poweroutageswere used to compute the frequency of weatherduced outages by weather phenomenon,

WPor WPtransition, and seasorSouto et al. (2024fpund thatin winter over 50% of outages induced by wind

and gale relate to WPs 26 and 30, over 50% of outages caused by lightning strikes occurred during or the day
after WPs 20, 2326, and 30, and nearly a third ofitages induced by snow and ice occurred a few days after
WP 27.When assessingelationships for specific regions of the (Northeast of England and Southern
Scotland)Souto et al. (2024fjnd that WPs 19 and 27are also relevant fopower outages induced by snow

and ice They also highlight a set of transitions betwais (including persistence of certaiiPs for more

than one day) which are important for weather induced power outages, which indlilRRe 28 and 29 in

addition to various combinations of thareviously notecpatterns.

Table5 shows that a subset of the MOJWUPs have been linked to the following hazards affecting the UK in
winter: high rainfall events (fluvial flooding), storm surge or high wave events (coastal flooding), compound
storm surge and high river discharge events (flooding), compounevestiér colddry events, compound

wind and rain events, and wind and gale, snow or ice, or lightning events (power outagedjPI he
highlighted are: 2, 11, 12, 13, 14, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, Hedl3t.al. (2016)rdered

the WPs by their historical frequers; with WP1 occurring the most often and WP30 occurring the least often
Richardson et al. (202@)so show that WPs 120 occur more often in winte)JF than in summer (Jurduly
August(JJA) Therefore, it is unsurprising that all but two of the patterns highlighteBaible5 are numbers

greater than or equal to 12, with the majority being in the latter half of {iEnumbering.

Of theWPs highlighted, none have been linked to all the hazards, with some (e.g. 2, 11, 12, 13) only linked to
one or two of the hazards. However, somM#s (e.g. 21, 28, 29, 30) were highlighted in five or six of the
papers. Considering the grouping of 8 sditerns, all but groups 6 and 8 (high pressceatredover the UK

and Azores high, respectively) have been highlightadtiple of thesestudiesnote differences between the

WPs which are impactful for different regions of the UK, even when asggdsnsame hazard.
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Table5: Summary ofJK winter hazards found in the literature to be related to each of the M0

coast(Neal et al.,
2018)(Neal et al.,
2018)

(Neal et al.,
2018)(Neal et al.,
2018)

coast and
Scotlandg Surge,
high riverflow,
and joint events
(Hendry et al.,

WP Subtype Rainfall Surge Wave Surge and river Coldwet Colddry Wind and rain Power outages
flow
1 3
2 4 Glasgow(Mattu
etal,
2025)(Mattu et
al., 2025)
3 6
4 2
5 5
6 1
7 7
8 2
9 1
10 8
11 1 East coasfNeal et East coasthigh
al., 2018)(Neal et river flow (Hendry
al., 2018) etal.,
2019)(Hendry et
al., 2019)
12 4 Glasgow Nattu
et al., 2025)Mattu
et al., 2025)
13 3 East coasfNeal et | East and west coast
al., 2018)(Neal et | (Neal et al.,
al., 2018) 2018)(Neal et al.,
2018)
14 3 East and south East and west coast| East coast surge
coast(Neal etal., | (Nealetal., (Hendry et al.,
2018)(Neal et al., | 2018)(Neal et al., 2019)(Hendry et
2018) 2018) al., 2019)
15 4
16 5
17 5
18 6
19 1 East and west coast Glasgow(Mattu et Snow and ice Northeast
(Neal et al., al., 2025)(Mattu et of England. Lightning
2018)(Neal et al., al., 2025) Northeast of England
2018) (Souto et al., 2024)(Souto
et al., 2024)
20 2 East and west East and west coast| Central western Wind and gale Northeast

of England, Southern
Scotland. Lightning GB,
Northeast of England
(Souto et al., 2024)(Souto
et al., 2024)
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al., 2020)(Doug Richardso
et al., 2020)

coast(Neal et al.,
2018)(Neal et al.,
2018)

south coas(Neal et
al., 2018)(Neal et
al., 2018)

(Bloomfield et
al.,

2019)(Hendry et
al., 2019)

21 SWE and NW®oug West coas{Neal East and west coast| Scotland; Surge, | Belfast(Mattu et
Richardson et al., etal., 2018)(Neal | (Neal et al., high riverflow, al., 2025)(Mattu
2020)(Doug Richardson et| et al., 2018) 2018)(Neal et al., and joint events et al., 2025)
al., 2020) 2018) (Hendry et al.,

2019)(Hendry et
al., 2019)
22 East and west coast Belfast(Mattu et
(Neal et al., al., 2025)(Mattu
2018)(Neal et al., et al., 2025)
2018)

23 NWE(Doug Richardson et | East coasfNeal et | West coas{Neal et Wind and gale Northeast
al., 2020)(Doug Richardsor al., 2018)(Neal et | al., 2018)(Neal et of England. LightningGB,
et al., 2020) al., 2018) al., 2018) Northeast of England

(Souto et al., 2024)(Souto
et al., 2024)

24 West coas{Neal East coasfNeal et
et al., 2018)(Neal | al., 2018)(Neal et
et al., 2018) al., 2018)

25 East coasfNeal et Plymouth(Mattu et

al., 2018)(Neal et al., 2025)(Mattu et
al., 2018) al., 2025)

26 East, west, and East, west, and SSl and FSI Wind and gale GB,
south coas{Neal | south coas(Neal et (Bloomfield et Northeast of England,
et al., 2018)(Neal | al., 2018)(Neal et al., Southern Scotland. Snow
etal., 2018) al., 2018) 2024)(Bloomfiel | and iceq Southern

d et al., 2024) Scotland. Lightning GB,
Northeast of England,
Southern ScotlandSouto
et al., 2024)(Souto et al.,
2024)
27 East coasfNeal et Belfast, Glasgow, Snow and ice GB,
al., 2018)(Neal et London, and Southern Scotlan@Souto
al., 2018) Plymouth(Mattu et et al., 2024)(Souto et al.,
al., 2025)(Mattu et 2024)
al., 2025)

28 West coas{Neal East coasfNeal et London, Belfast, Glasgow, Snow and ice Northeast
etal., 2018)(Neal | al., 2018)(Neal et Newcastle, and and Newcastle of England. Transitions for
et al., 2018) al., 2018) Plymouth(Mattu (noting Newcastle is snow and ice GB(Souto

etal, also highlighted for et al., 2024)(Souto et al.,
2025)(Mattu et cold-wet events). 2024)
al., 2025) (Mattu et al.,
2025)(Mattu et al.,
2025)
29 SWHDoug Richardson et | West and south East, west, and SSl and FSI Transitions for snow and

ice¢ GB(Souto et al.,
2024)(Souto et al., 2024)
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2024)(Bloomfiel
d et al., 2024)

30 2

SWHDoug Richardson et
al., 2020)(Doug Richardso
et al., 2020)

East, west, and
south coas(Neal
et al., 2018)(Neal
etal., 2018)

East, west, and
south coas(Neal et
al., 2018)(Neal et
al., 2018)

Southwestern
and western UK
coastq Surge,
high riverflow,
and joint events
East coast, high
river flow (Hendry
etal.,
2019)(Hendry et
al., 2019)

SSland FSI
(Bloomfield et
al.,
2024)(Bloomfiel
detal., 2024)

Wind and gale GB,
Northeast of England,
Southern Scotland.
Lightningg UK, Northeast
of EnglandSouto et al.,
2024)(Souto et al., 2024)
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Table5is by no means exhaustive for winter compound events; there are hazards which have not yet (to our
knowledge) been linked to the MO3WPs and there are additional combinations of compound events which
have not been explicitly assessed. For examplendry et al. (2019 sses8VPs linked to compound flooding
when two hazards are extreme but also note that they can occur when just one flood source is extreme or
when two moderate flooding sources combine to create a flood evEmtyrecommend that thesadditional

categories okvents should be recognized in future studies into flood risk.

Furthermore, the studies summarizedTable5 assess relationships betwe&Ps and hazards or impacts for
either the UK as a whole or for broad regions; if applying the framework figore2 we recommend
applying specific analysis for the region of interest. However, the methods described in this section should

provide a starting point for linking the MO30 to hazards and impacts.

In order to apply the framework presented in this report more broadly, for example to summer hazards in the
UK, or to a different region entirely, an equivalent tablerable5 could be produced. For example,

Richardson et al. (2018@nalyseboth summer and wintetJK monthly precipitation climatology in relation to

the MO30,Huang et al. (202@lentify WPs associated with excess mortality in the UK in summer and winter,
andWhitford et al. (2024)dentify the WPs associated with summer swlaily rainfall extremes in western

Europe including the UK.

Beyond the North Atlantic region, a similar methodology to thatle&l et al. (2016hasbeen applied to
create a set oWWFs for IndiaNeal et al. (2020 South Africdreland et al. (2024pndthe Gulf of Mexicteele
et al. (2023)
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7. Case study

This chapter demonstrates the COMPASS framework in practice through a case study of the 2013/14 Somerse
flooding(Use Case 2a from deliverable D4.1, the UK winter storms of 2013/28di4bing on the earlier

analyses of largscale drivers (Chapter 4), weather pattern stationarity (Chapter 5), anghs¢Brd linkages

(Chapter 6), we bring these elements together to examine how lacgée drivers influenced the occurrence of
hazardoudNPs during this extreme winter. The case study illustrates how the framecan move from

conceptual steps to a concrete application, providing insight into both the scientific process and the practical
Gl fdzS 2F GKAA I LILINRI OK®dé

The selectedJK winter storms of 2013/2014dre of note because aeries of storms affected the UK over a
three-month period. These led to widpsead impacts over the UK, mainly in the form of flooding and coastal
damage leading to extensive power outagdsombination of gstained heavy raiall (with successive storms
bringing record levels of rainfall onto already saturated grouh@h spring tides and strong wind exacerbated
the impacts fuellingconditions for multiple flood types. Use Case 2a fosusethe floods of the Somerset

Levels and Moors, which accounted for around 30% of flooded agricultural land nationwide.

Table5 identifies thatWPs 20, 2123,24, 26, 28, 29, and 3@rerelated to heavyprecipitation and storm

surge, the combination of hazardslevant for this case studin particular,Richardson et al. (202@jghlight

that around75% of rainfall in the 3nonth periodoccurred undePs 30,29, and21 (in descending order)

This is especially interesting given teenporally compounding nature of this evein. addition,all three WPs
were highlighted byNeal et al. (20183s being linked to storm surge on the west coast. If the frequency of
days in 2013/2014 assignedWdPs 21,29 and 30 was unusually high compared to other winters, and this
higher frequency can be related to the largeale climate drivers preceding or encompassing this period, then

this information could be incorporated into a conditional climate change attidim study.

7.1.Methods

Todemonstratestep 6 of the proposed frameworkywe apply Causal Inference theory to assess and better
understand the relationship between largeale drivers and thievo WPFslinked to the highest rainfall during
the case study period, WR8 and 30.

UsingdatasetD3.3, he relationship betweemach of the largescale drivers listed iable5 and the frequency
of WPs 29 and 30 in the corresponding January and February season is explogdeearson correlation
coefficient is calculated for each combination of lasgale driver andVPfrequency. Thenagnitude of large

scale drivers and the frequency\WPs is highlighted for year of interest for the case study, 2014.

Causal relationships between each of the lasgale drivers and the frequency WPs 29 and 30 are assessed.

An initial causal network is defined using a DAG based on that presenteekinn et al. (2025Where the
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drivers of winter North Atlantic circulation are also linked to the frequendy/B$ 29 and 30 in the
corresponding Januaifyebruaryvia a single arrow frorthe Atlantic Jet to the frequency &¥Poccurrence.

The R packagéslagity¢ (Textor et al., 2017and dggdag Barrett (n.d.)are used to check for any missing
conditional dependencies between variablesing a linear conditional independence tdéany missing links
are found then these are added to the DABoreach ofthe direct neighbours ahe frequency of WPs in the
DAG the adjustment set is identified. This is the set of additional variables which must be accounted for in

order to calculate an unbiased estimate of the causal effect of a variable.

Assuming linear relationships between the variabdesultiple linear regression is useiihplemented in Rto
estimate the causal effect$he estimated causal network is referred to as a Structural Causal Model (SCM
Pearl et al., 2006which is a set of linear equations, with one equation for eauiogenousode (the

variables which have an arrow comingpinthem) of the DAGEachendogenousrariablecan be expressed as a
linear sum of its parent raees multiplied by the relevant causal effect, plus a noise tdrne noise terms

should be independent of each other and uncorrelated with the exogenous variables (those without an arrow
coming into them). If this assumption holdsd the causal network also assumes linearity between variables,
then theequations of the SCM can be applied sequentially in order to predict the endogenous variables as a
function of endogenous variables and noise teli@exton et al., 2025The frequency of th&/Ps must be
standardizedas the largescale driver values already have bebgjore the multiple linear regression models

are fitted, otherwise thenoise term will not have a mean of zero.

The SCM is used to reconstruct the expected frequendyPs 29 and 3for each yeaby substituting the

values of themmediate causal driverd he utility of thecausal networko predict the frequency of both WPs

is assessed lyomparing the predicted frequency of tWPs for each year to the observed frequency. The
coefficient of determination (R is calculated for the causal networks,dalculate the proportion of the

variation in thefrequency of WPs which is explained by our causal netvikrusiig on theyear of the event
(2014)the possibility of the largescale drivers having a causal effect on the observed frequency of WP29 and

30 is assessed.

7.2.Results

7.2.1.Correlation
First exploring the individual relationships between the lasgale drivers and the frequency Whsin a

season
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Figure33 shows scatterplots of the frequency of WP 29 in Jarwkatyruary of each year against each of the
large-scale drivers (one per facetyith the{ LIS I NJ | gofelatioNEogffcient and yvalue for each

combination labelled on the plofhe point corresponding to the year of the event (2014) is shown in orange.
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