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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
single-driver extremes to the attribution of more complex extremes (i.e. compound, sequences and cascading
hazard events). The project also aims to enable a shift from hazard centered analysis to an impact-centered
perspective. The goal of Work Package 2 of the COMPASS project is to develop a physical understanding 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 describes the dataset “D2.3 - Dataset on weather types and largescale climate drivers”, which
facilitates the analysis of relationships between UK weather types and large-scale drivers relevant to winter
North Atlantic circulation. This dataset is closely linked to the report “D2.2 - Report on understanding of weather
types and largescale climate drivers” which aims to extend the weather type approach to consider compound
events for specific geographies and develop a framework to understand associated drivers. D2.2 provides further
details on the methods used to produce D2.3 and presents analysis of relationships between weather types and
largescale climate drivers in the dataset. Both D2.2 and D2.3 contribute to one of COMPASS’s specific objective
“S02.2 - Work towards development of a framework to identify, assess and understand large scale drivers and

mechanisms which give rise to compound extremes”.

The dataset (currently v1.0) is available on the COMPASS research repository Zenodo at the following DOI:
10.5281/zenodo.16984885.
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1. Dataset on weather types and largescale climate drivers

This dataset links large-scale drivers and weather types relevant for UK weather, with a particular focus on UK
winters. This dataset represents stages 1 and 2 of the proposed COMPASS framework presented in D2.2 (i.e.
Figure 1 of the report) for understanding and quantifying the influence of large-scale drivers on the likelihood
of a selected type of compound event. It also facilitates the remaining steps of the framework. This dataset
combines two existing datasets, the first of which represent a set of large-scale drivers (Sexton, 2024) and the
second of which represents UK weather patterns (WPs) (Neal et al., 2016). While this report provides an
overview of the data and methods used to produce dataset D2.3, further details of the data, methods, and

possible applications of the dataset are provided in D2.2.

1.1. Large scale drivers

To represent the historical values of large-scale drivers, which research has previously identified as being
relevant for UK circulation, we use a set of variables provided by Sexton (2024), following the definitions given
in Table 1. Although Sexton (2024) provide these driver variables for a set of climate model simulations, here
we only use the variables calculated from the ERA5 Reanalysis (Hersbach et al., 2020) as this dataset is focused

on understanding historical relationships.

Table 1: Summary of climate drivers calculated by Sexton et al. (2025). ERA5 data covers Jan 1959-Dec 2021.

Driver name Season Definition Description
North Atlantic | January- Difference of Mean Sea Level Pressure (MSLP): | Late winter NAO index
Oscillation February Azores region 28.5-20° W, 36-40° N minus
(NAO) (JF) Iceland region 25-16.5°W, 63.5-70° N.
El Nifio August- Nifio 3.4 index. Average of sea surface Early season ENSO
Southern September- | temperature over 170-120°W, 5°S-5°N.
Oscillation October
(ENSO) (ASO)
Indian Ocean | October- Difference of surface temperature: average of | IOD
Dipole (I0D) November- | 50-70° E, 10° S-10° N minus average of 90-110°
December E, 10° S-0° N.
(OND)
Barents Kara OND Average of sea ice fraction over 19-100°E, 65- Sea ice fraction across
Sea Ice 85°N. Barents and Kara seas
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Concentration
(BKSIC)
Quasi- December- | Zonal average of eastward wind speed at 30 QBO
biennial January- hPa between 5° S-5° N.
oscillation February
(QBO) (DJF)
Stratospheric | DJF Zonal average of eastward wind speed at 10 SPV
Polar Vortex hPa between 60° N and 75° N.
(SPV)
Atlantic Jet DJF Average of eastward wind speed at 850 hPa Part of southwest North
(Atllet) over 100- 70° W, 20-35° N. Atlantic jet that is affected by
Pacific Jet
Aleutian Low | DJF Average of MSLP over 175-140° W, 35-55° N. Region with greatest
(AleutLow) variance of MSLP in the
Aleutian Low.
Atlantic DJF Difference in sea surface temperature (SST): Strength of SST dipole that
Dipole Average of 70-40° W, 22-35° N minus average | linearly affects NAO
(AtIDip) of 60-5° W, 10° S-10° N.
Urals MSLP September | Average of MSLP over 40-85° E, 45-70° N. MSLP over the Urals
(UralsMSLP) October
November
(SON)
1.2. Weather patterns

To represent weather types relevant to the UK, we utilise the well-established MO30! weather patterns

(referred to as WP throughout this report) (Neal et al., 2016). The set of 30 WPs were derived objectively

1 MO30 or the Met Office 30 Weather Patterns, is a set of 30 patterns derived through k-means clustering of
daily mean sea level pressure (MSLP) data (1850-2003) and ordered by frequency—WP1 being most frequent
and WP30 least. These patterns have been designed for the purpose of post-processing forecast output from
ensemble prediction systems and understanding how forecast models perform under different circulation
types. The MO30 can also be categorised into eight sub-patterns, referred to as the MOS8. The 30 weather
patterns are designed for use in the medium-range and the eight weather patterns are designed for use in the
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through k-means clustering of daily mean sea level pressure data (1850-2003) from European and North
Atlantic Daily to Multi-decadal Climate Variability (EMULATE) MSLP (EMSLP) data (Ansell et al., 2006). This
provides an assignment of one of the 30 WPs to each day from 1850 onwards, with WPs from 2004 onwards
assigned by applying the clustering definitions to mean sea level pressure data from ERAS (Hersbach et al.,

2020). The definitions for the 30 WPs are shown in Figure 1.

A smaller set of 8 WPs were derived from the original set of 30 for use in evaluating long-range and seasonal
forecasts. At the seasonal timescale, only a broad indication of atmospheric circulation is possible, so fewer
clusters are needed. To enable seamless comparisons with the original set of patterns at intermediate
timescales, the reduced set of patterns was produced by combining highly correlating combinations from the

original set of 30, using the MSLP anomalies. The definitions for the 8 WPs are shown in Figure 2.

monthly and seasonal timescales, or when there is low forecast confidence in the medium-range (Neal et al.,
2016).
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Pattern 1 of 30 Pattern 2 of 30

Pattern

N

Pattern 22 of 30 Pattern

A PN il Al

Mean Sea Level Pressure (MSLP) anomalies (hPa)

Figure 1: Definitions for the set of 30 weather patterns. Mean sea level pressure (MSLP) anomalies plotted as filled contours (hPa) and
MSLP mean values plotted in foreground (2 hPa intervals). Figure taken from (Neal et al., 2016).

Pattern 1 of 8 Pattern 2 of 8 Pattern 3 of 8 Pattern 4 of 8
(6,9,11,19,25,27 and 28) (4,8,20,23,26 and 30) (1,13,14 and 24) (2,12,15 and 21)
N S ! f/

Pattern 6 of ] 2 Pattern 8 of
(3 and 18) (10 only)

Mean Sea Level Pressure (MSLP) anomalies (hPa)

Figure 2: Composites for the eight weather patterns. Numbers in brackets show the sub-patterns 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 hPa intervals). Figure taken from (Neal et al., 2016).
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1.3. Method

Pre-processing is applied to the monthly large-scale driver values provided by Sexton (2024), in the form of
standardisation and de-trending (to remove long-term trends which can cause spurious correlations between
drivers due to issues with collinearity). Dataset D2.3 uses both monthly and annual (seasonally aggregated)
large-scale driver time series, both of which are standardized using the series’ mean and standard deviation.
The season aggregations are those provided in Table 1 and align with the months of the year included for each
variable in the causal network of Sexton et al. (2025). The dataset includes versions of the time series which
both have and have not been de-trended (linearly de-trended, except for BKSIC where instead a 30-year high

pass filter is applied).

Two different methods for temporally linking the large-scale driver and WP data are applied; either the values
of a large-scale driver on a given month are linked to the assigned WPs for each day within that month, or
season-aggregated values of the large-scale driver for a year are linked to the assigned WPs for each day

within the late-winter period (i.e. January and February, the target period used by Sexton et al. (2025)).

There is also the option to further aggregate the data by calculating monthly/seasonal frequencies and
proportions of each MO30 WP, thus retaining a one-to-one relationship between large-scale driver values and

MO30 WP assignments.

1.4. Contents
The dataset consists of 6 Comma Separated Value (CSV) files, each linking the same set of large-scale drivers to
WPs (from both the 30 and 8 classifications) using a different combination of the pre-processing, temporal-
linking and aggregation methods described above. Table 2 provides a summary of the methods applied to each

of the CSV files. A brief description of the contents of each column is given in Table 3.

Table 2: Information about the methods applied to each of the files comprising D3.3.

File Name De-trended 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
proportion_era5_driver_wp_detrend.csv | Yes Annual/seasonal Yes
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Table 3: Information about the data in each column of the files in D3.3.

CSV column name

Definition

date

Date that WP assignment refers to

year (if frequency is
monthly)

Year that WP assignment and large-scale driver value refers to

Year (if frequency is
annual/seasonal)

Year that WP assignment refers to (summer/autumn/early winter large-scale
driver may refer to previous calendar year)

Month (if frequency is
monthly)

Month that WP assignment and large-scale driver value refers to

Month (if frequency is
annual/seasonal)

Month that WP assignment refers to (large-scale driver refers to months as per
Table 1)

regime.8

WP assignment out of the 8 groupings

distance.8

Distance metric from assigned WP out of the 8 (as defined by Neal et al. (2016))

correlation.8

Correlation metric from assigned WP out of the 8 (as defined by Neal et al.
(2016))

regime.30 WP assignment out of the 30 patterns

distance.30 Distance metric from assigned WP out of the 30 (as defined by Neal et al.
(2016))

correlation.30 Correlation metric from assigned WP out of the 30 (as defined by Neal et al.
(2016))

nao NAO, either monthly average or seasonal aggregation as per Table 1

atlantic_dipole AtIDip, either monthly average or seasonal aggregation as per Table 1

bksic BKSIC, either monthly average or seasonal aggregation as per Table 1

Spv SPV, either monthly average or seasonal aggregation as per Table 1

ajet Atllet, either monthly average or seasonal aggregation as per Table 1

enso ENSO, either monthly average or seasonal aggregation as per Table 1

aleutian AleutLow, either monthly average or seasonal aggregation as per Table 1

urals UralsMSLP, either monthly average or seasonal aggregation as per Table 1

iod IOD, either monthly average or seasonal aggregation as per Table 1

gbo QBO, either monthly average or seasonal aggregation as per Table 1

regime (if aggregated
weather types)

WP assignment out of the 30 patterns

count

The frequency of occurrence of the corresponding WP (i.e. from regime column)
within JF of the year
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