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Abstract: The North Atlantic Oscillation (NAO) is the primary atmospheric-oceanic circulation/
teleconnection influencing regional climate in Great Britain. As our ability to predict the NAO several
months in advance increases, it is important that we improve our spatio-temporal understanding of
the rainfall signatures that the circulation produces. We undertake a high resolution spatio-temporal
analysis quantifying variability in rainfall response to the NAO across Great Britain. We analyse
and map monthly NAO-rainfall response variability, revealing the spatial influence of the NAO on
rainfall distributions, and particularly the probability of wet and dry conditions/extremes. During
the winter months, we identify spatial differences in the rainfall response to the NAO between the NW
and SE areas of Britain. The NW area shows a strong and more consistent NAO-rainfall response,
with greater probability of more extreme wet/dry conditions. However, greater NAO-rainfall
variability during winter was found in the SE. The summer months are marked by a more spatially
consistent rainfall response; however, we find that there is variability in both wet/dry magnitude
and directionality. We note the implications of these spatially and temporally variable NAO-rainfall
responses for regional hydrometeorological predictions and highlight the potential explanatory role
of other atmospheric-oceanic circulations.

Keywords: North Atlantic Oscillation; NAO; rainfall signatures; spatio-temporal analysis

1. Introduction

Weather in Great Britain can be highly variable, fluctuating between wet and dry
extremes. The North Atlantic Oscillation (NAO) atmospheric-oceanic circulation has long
been cited as the leading mode of climate variability in the North Atlantic region [1–3]
due to its influence on the location and amplitude of the North Atlantic Jet Stream [4].
The NAO teleconnection is commonly defined by the sea level pressure (SLP) variation
between two meridional dipoles: the Icelandic low-pressure action point and the Azores
anticyclone. Fluctuations in the difference in SLP between Iceland and the Azores leads
to the occurrence of NAO positive (NAO+) phases, representing a greater than normal
difference in SLP between the two dipoles, or NAO negative (NAO−) phases representing a
weaker than normal difference in SLP. The strength and phase of the NAO can be quantified
by the North Atlantic Oscillation Index (NAOI) [3].

Previous work has explored the influence of sub-annual variability and phase of
the NAO on weather and climate in Great Britain. Strong positive correlations are of-
ten reported between the NAOI and winter rainfall in the north-western areas of the
country [5–7], whilst weaker negative winter correlations have been found in the south-
east and central areas [8,9]. Previous work has quantified these opposing regional rainfall
responses to NAO+ and NAO− phases relative to when the NAO is in a weak neutral
state, finding that in winter, average monthly rainfall increases under NAO+ and decreases
under NAO− conditions can be as much as 200–300 mm in the north-west [10]. Negative
correlations between the winter NAOI and modelled snow cover have also been found in
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the north-west of Scotland [11], suggesting that winter NAO− phases are associated with
higher snowfall in these regions.

Whilst the magnitude of the NAOI is weaker in the summer months [12], significant
NAOI-rainfall correlations have been reported [13]. However, the correlation coefficients
are generally weaker in summer than during the winter months [10]. In winter, the
NAO-rainfall response is characterised by a north-west/south-east spatial divide as de-
scribed above, whilst in summer the spatial signature is more homogenous across the
country [12,13]. In summer months, average monthly rainfall increases under NAO− con-
ditions and decreases under NAO+ conditions are approximately 50–100 mm, compared to
NAO neutral conditions [10].

These NAO rainfall signatures propagate through the hydrological cycle, with NAO
responses observed across Great Britain in catchment runoff [14–16], groundwater [17,18]
and fluvial water temperatures [19], although this propagation can be moderated by
catchment characteristics such as topography, landcover and geology [15,16]. Ongoing
research is exploring whether this understanding of NAO-rainfall-flow propagation can be
incorporated into seasonal streamflow modelling and forecasting [20,21].

As discussed above, the NAO has been found to influence hydrometeorology across
the country, and its spatial signature is evident in monthly average rainfall datasets [10].
However, several studies have reported inconsistency in seasonal NAO-rainfall responses
across Great Britain. Hall and Hanna [13] present three winter rainfall anomaly maps
produced by the UK Met Office for 2013/2014, 2014/2015 and 2015/2016 (see their Figure 1).
The reported NAOI values all indicate an NAO+ phase of varying magnitudes. However,
only in the winter of 2014/2015 was the typical north-west/south-east winter NAO-rainfall
response (as described above) observed. This study concluded by foregrounding the role of
other North Atlantic teleconnections as secondary modes of climate variability, such as the
East Atlantic Pattern (EA) and Scandinavian Pattern, in influencing regional rainfall (and
temperatures) in Britain [13]. Variability in winter NAO-rainfall signatures, both in terms
of strength and spatiality, has also been attributed to other atmospheric teleconnections, in
particular positive and negative phases of the EA, in other work [22,23].
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Our ability to predict the NAO, especially during its stronger phases during the
winter months [24,25], has improved. In particular, recent research from the National
Center for Atmospheric Research (NCAR) and the UK Met Office suggests that winter
NAO prediction several months in advance may be increasingly possible [26,27]. As NAO
forecasting skill improves, it is important that we continue to develop our spatial and
temporal understanding of the rainfall signatures associated with the circulation, especially
as evidence of the propagation of NAO rainfall deviations to other hydrometeorological
variables, such as runoff and groundwater, continues to emerge.

Whilst previous studies have explored average monthly and seasonal NAO-rainfall
responses across Great Britain [1,10,13], as far as we are aware, no study has quantified the
spatial influence of the NAO on rainfall distributions, and particularly the probability of
wet and dry conditions/extremes. Understanding NAO-rainfall variability is important
as it underpins the potential application of NAO forecasts in water management decision
making. This study responds to this need through the novel application of spatio-temporal
statistics and high spatial and temporal resolution Standardised Precipitation Index (SPI)
data. Specifically, we aim to:

1. Assess the statistical significance and consistency of NAO-rainfall spatial signatures.
2. Establish the spatial distribution of consistent or variable monthly NAO-rainfall responses.

2. Materials and Methods

Figure 1 summarises the key stages of this analysis to explore space-time variability in
monthly NAO-rainfall response across Great Britain, which are explained in full below.

2.1. Data

A range of indices have been used in previous work to quantify the phase and
strength of the NAO [1,10,12,18], and the choice of NAOI can have a notable influence
on subsequent analyses [28]. As this study focuses on quantifying monthly NAO-rainfall
response variability across a full year, an NAOI calculated using a principal components
(PC) analysis of the leading empirical orthogonal function of sea level pressure anomalies
in the North Atlantic region was used [3]. These NAO indices avoid the limitation of
indices directly derived using station-measured data in the summer months when the
NAO dipoles can move away from the monitoring stations [28]. As a result, the use of
station-based NAO indices in summer months can produce weaker and non-significant
NAOI-rainfall correlation analyses [10]. Monthly PC-based NAOI data were downloaded
for the period January 1900–December 2015 from NCAR [29].

Previous studies have used different approaches to defining NAO+ and NAO− phases
using the NAOI. In this study, the NAO phase was defined as half the standard deviation
plus/minus the long-term mean of the NAOI dataset [30]. By identifying NAO phases in
this way, we could remove months where the NAO signal is weak, allowing only clear
NAO+ and NAO− rainfall responses to be considered. NAO+ phases were defined as
having a NAOI > 0.502 and NAO− < −0.503 (data between this range were classified as
NAO neutral and removed). Table 1 shows the distribution of NAO phase and months for
the period January 1900–December 2015.

We used the 5 km gridded Standardised Precipitation Index (SPI) dataset from the
UK Centre for Ecology and Hydrology (CEH) [31] to represent precipitation. Standardised
indices have been widely used in research exploring the hydrometeorological response to
atmospheric-oceanic teleconnections [10,32,33]. The SPI dataset from CEH was calculated
by fitting a gamma distribution to modelled historical rainfall using a standard period of
1961–2010 [31]. For this study, the SPI calculated with a one-month accumulation period
(SPI-1) was used to give a relative indication of wetness/dryness compared to the standard
period at a monthly scale. The SPI-1 data for the same period as the monthly NAOI from
NCAR (January 1900–December 2015) were downloaded from CEH.
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Table 1. Frequency Distribution of NAO Phases per Month (January 1900–December 2015).

Period NAO+ Frequency NAO− Frequency NAO Neutral Frequency

Dec 47 40 29
Jan 52 36 28
Feb 47 40 29

WINTER 146 116 86
Mar 45 38 33
Apr 29 32 55
May 28 24 64

SPRING 102 94 152
Jun 26 24 66
Jul 16 16 84

Aug 16 19 81
SUMMER 58 59 231

Sep 19 21 76
Oct 31 33 52
Nov 29 31 56

AUTUMN 79 85 184

The SPI-1 values are normally distributed and can range from −5 to 5, although
approximately 95% of values occur within the range of −2 (extremely dry) to 2 (extremely
wet), and 68% within the range of −1 to 1 [31]. We use a qualitative classification of SPI-1
thresholds to indicate the relative degree of wetness/dryness (Table 2) in the interpretation
of our results.

Table 2. Qualitative Descriptors for SPI-1 Values adapted from [34].

Qualitative Descriptor SPI-1 Value Range

Extremely Wet 2.0–5.0
Very Wet 1.5–1.99

Moderately Wet 1.0–1.49
Near Normal −0.99–0.99

Moderately Dry −1.49–−1.0
Severely Dry −1.99–−1.5

Extremely Dry −5.0–−2.0

2.2. Calculation of Monthly Average SPI-1 Values

To provide a point of comparison, before undertaking the NAO-rainfall space-time
variability analysis described below, we mapped the average monthly SPI-1 values under
NAO+ and NAO− phases over the period January 1900–December 2015. The average
monthly SPI-1 value under each phase was calculated for each 5 km pixel. This analysis
provided a dataset of average rainfall conditions (represented by the SPI-1) for each calendar
month under NAO+ and NAO− conditions.

2.3. Space-Time Data Array

To undertake the spatio-temporal analyses, the monthly SPI-1 data were structured
into a series of data arrays (a space-time cube). Each array contained the monthly 5 km
gridded SPI-1 data stacked in time ascending order for each NAO phase. The number of
time steps in each space-time cube equalled the monthly-phase frequency values in Table 1.
A space-time cube was created for each month under NAO+ and NAO− conditions using
Esri ArcGIS Pro software (Version 2.6).

2.4. Space-Time Hot Spot Analysis (Getis Ord Gi* Statistic)

The Getis-Ord Gi* statistic [35] identifies clusters of significantly high and low values
within a spatial dataset—identified as hot or cold spots with varying significance levels
(90, 95 or 99%). The statistic indicates whether the spatial clustering of high/low values is
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more pronounced than would be expected in a random spatial distribution of those same
values [36]. The Getis-Ord Gi* statistic is commonly used in spatial statistical analyses
in health and crime applications [37,38]. This study’s application of it in the field of
hydrometeorology/climatology is novel.

As the Getis-Ord Gi* statistic has a spatial component, its calculation requires consid-
eration of how pixels are spatially related, so that high/low value clusters can be identified
(i.e., a conceptualisation of spatial relationships between the 5 km SPI-1 pixels). Because of
the spatially continuous gridded SPI-1 data, we used the ‘edges and corners’ or ‘queens’
contiguity rule, where each pixel’s statistical neighbourhood included the eight pixels
which share a boundary or point of contact in the four cardinal and diagonal directions.
Hot spots in this context represent clusters of pixels where the SPI-1 values are significantly
high, whilst cold spots represent the inverse (low SPI-1 values). The Getis-Ord Gi* statistic
therefore allows for the identification of statistically significant wet or dry (high SPI-1/low
SPI-1) spatial patterns.

The Getis-Ord Gi* statistic was calculated for each time step (SPI-1 dataset) in the
space–time cubes for NAO+ and NAO− conditions. The output is a multi-variate dataset,
indicating the percentage time each pixel is in either a significant hot (high SPI-1 value—
wet) or cold spot (low SPI-1 value—dry). This enables an evaluation of the statistical
significance and consistency of the spatial rainfall (wet/dry) response to the NAO across
Great Britain and provides an assessment as to the spatial probability of significant wet/dry
conditions under NAO+ and NAO− phases.

2.5. Space-Time Clustering Analysis

The second spatio-temporal analysis was a space-time clustering process [39], which
grouped 5 km pixels with similar SPI-1 values across space, time, and NAO phase for
each month. The clustering used a k-means algorithm with spatially random starting
seeds. During the cluster calculation, SPI-1 time series similarity was assessed using the
Euclidean distance between the SPI-1 time series values (the square root of the sum of
squared differences in SPI-1 values across time) [39]. The algorithm produced 90 space-
time clustering solutions, with potential results between two and ten output clusters. The
optimal clustering solution was identified as that which had the highest pseudo-F statistic.
This statistic describes the within-cluster SPI-1 time series similarity and between-cluster
SPI-1 time series difference—the larger the pseudo-F statistic of the clustering solution, the
greater the distinctiveness of each individual cluster in space and time [39].

The range of the average SPI-1 values within each space-time cluster was investigated
using box plots, frequency histograms and descriptive statistics, quantifying the distribu-
tion of SPI-1 within clusters and providing a measure of the consistency/variability in
space-time rainfall response to the phase of the NAO.

3. Results
3.1. Average Monthly SPI-1 Values

Figures 2 and 3 present the average monthly SPI-1 values under NAO+ and NAO−
conditions. Whilst these are average monthly SPI-1 values and mask extreme values, clear
spatial and temporal signatures of the NAO can be detected. In the winter months, the NAO
rainfall response described in the introduction can be observed [1,7,12,13]. Under NAO+
conditions, the north-west areas have higher/positive average SPI-1 values, indicating
wet conditions, and under NAO− conditions, the region is typically dry (negative SPI-1
values). The inverse average wet/dry response, albeit weaker, is seen in the southern and
eastern areas.
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Moving through to the summer months, the average NAO-rainfall response becomes
more spatially homogeneous (i.e., there is less difference between the different areas of
the country), and the wet/dry response in the north-west during winter is inverted; a
spatio-temporal pattern also noted in other studies [10,12,13].

3.2. Space-Time Hot Spot Results

Figures 4 and 5 show the results of the space-time hot spot analysis. This analysis in-
volved calculating the Getis-Ord Gi* for each time step (SPI-1 dataset) of the month/phase
space–time cubes as described in Section 2.3, allowing us to examine the statistical signifi-
cance and consistency of the patterns discussed in Section 3.1 above. The mapped results
in Figures 4 and 5 below show the percentage of time each 5 km pixel was in a statistically
significant hot spot (i.e., a cluster of pixels with high/wet SPI-1 values) or cold spot (i.e.,
a cluster of pixels low/dry SPI-1 values). These maps indicate the spatial probability of
significant wet/dry conditions under NAO+ and NAO− phases. Averages of these results
for the nine Met Office Climate Districts for Great Britain are shown in Figure 6.
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The space-time hot spot analysis reveals statistically significant spatio-temporal pat-
terns in the NAO-rainfall response across Great Britain. The winter months are marked by
the previously noted north-west/south-east spatial divide of opposing wet/dry responses
to the NAO, as identified in other studies [1,10,18]. In our analysis (Figures 4 and 5), this
pattern is shown by the location of widespread hot and cold spots in the NW and SE
areas, indicating significant clusters of pixels with high/low (wet/dry) SPI-1 values. This
suggests that the wet/dry spatial pattern we detect in winter rainfall associated with the
phase of the NAO is statistically significant.

Looking across the record, this NW/SE opposing response appears to have a relatively
high degree of consistency in some areas, for example, Scotland North and West, and to
a slightly lesser extent England South West and Central South and East Anglia are in a
statistically significant wet/dry cluster (hot/cold spot) for a relatively high proportion
of the analysis period (Figure 6). This suggests that there is a higher probability that the
NAO+ and NAO− phases will result in this statistically significant winter NW/SE spatial
pattern. However, it should be noted that in winter, some areas, for example Scotland
East and England North West and Wales North, show little or no difference between the
occurrence of significant clusters of wet/dry SPI-1 values (hot/cold spots). Therefore,
the effect of the NAO in producing significant wet/dry spatial patterns in these Climate
Districts is more limited.

Figures 2 and 3 show that the spatial rainfall response to the NAO is on average
more homogeneous in the summer months [10,12,13]. As a result, less discernible patterns
are found in the hot spot analysis, and the occurrence of statistically significant hot/cold
spots (i.e., significant clusters of high/low SPI-1 values) is more variable in space and
time (Figures 4 and 5). Most Climate Districts show minor differences in the occurrence
of significant clusters of wet/dry SPI-1 values in summer, except for Scotland North and
West (Figure 6).
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3.3. Space-Time Clustering Results

Figures 7 and 8 present the space-time clustering results. This analysis explored the
variability around the average NAO responses identified in Figures 2 and 3 (discussed in
Section 3.1 above). Each cluster represents spatial groupings of 5 km pixels which have
a similar response to the NAO phase during that month across the temporal record. The
optimal number of clusters based on the pseudo-F statistic was consistently three. In
Figures 7 and 8, the more saturated the blue/red colour, the more distinctive the space-time
cluster wet/dry response to the NAO (i.e., the space-time median value is wetter/drier).
Less saturated clusters indicate a space-time median SPI-1 value closer to 0, suggesting a
less distinctive wet/dry average rainfall response to the NAO across the temporal record.
The distributions of cluster median SPI-1 values per time step are plotted in Figure 9,
and the associated descriptive statistics are shown in Figure 10. Figures 11 and 12 show
frequency histograms of the cluster median SPI-1 values and the percentage of time each
cluster experiences wet/dry conditions.
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3.4. Examples of Consistent Monthly NAO-Rainfall Responses

In the space-time clustering analysis, the NAO-rainfall response observed in the
average monthly SPI-1 analysis (Figures 2 and 3) comes through clearly. For example,
the north-west/south-east spatial divide in winter rainfall response [10] can be seen in
Figures 4 and 5. During the winter months (DJF), the north-western areas experience the
greatest change in rainfall under NAO+ and NAO− phases. In December, for example, the
extremes of this response can be seen in NAO+ Cluster 2, which has a maximum cluster
median SPI-1 value of 2 (extremely wet), and NAO− Cluster 2 which has a minimum
cluster median SPI-1 value of −2.5 (extremely dry) (Figures 9 and 10).

Clusters covering these north-western areas in winter also show a relatively more
consistent NAO-rainfall response compared to other parts of the country. For example, Dec
NAO+ Cluster 2 has a 65% chance of being relatively wetter than drier, whilst the similarly
located Dec NAO− Cluster 2 has a 45% probability of experiencing drier rather than
wetter conditions (Figures 11 and 12). The interquartile range (IQR) of these two clusters
also only include wet/dry cluster median SPI-1 values (Figure 9). Similar results for the
north-western areas can be seen in January, for example the IQR for NAO− Cluster 1 only
includes negative SPI-1 (dry) values (Figure 9).

In spring (MAM), similar spatial patterns to those described above can be seen,
but with a north/south gradient in the clustering. As in winter, the median responses
(Figures 7 and 8) match with the average monthly values mapped in Figures 2 and 3. For
example, March NAO− Cluster 3 in north-western Scotland typically experiences notably
dry conditions (Figure 8), with a 57% probability of experiencing drier rather than wetter
conditions (Figures 11 and 12). This cluster also has a notably low minimum cluster median
value of −2.5 representing extremely dry conditions.

In summer (JJA), the more spatially homogeneous wet/dry NAO−/NAO+ responses
in Figures 2 and 3 can be seen in the cluster median values. Notably, the wet/dry di-
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rectionality is the opposite to the NAO-rainfall response seen in the north-western areas
during winter. For example, in June, NAO+ Clusters 1 and 2 which cover most of Great
Britain (except for a cluster in the far north-west-Figure 7) show a relatively consistent dry
response, with interquartile ranges (IQR) covering negative/dry SPI-1 values (Figure 9)
and a 53% and 46% probability of drier rather than wetter conditions (Figures 11 and 12).

3.5. Examples of Variable Monthly NAO-Rainfall Responses

The space-time clustering analysis also reveals that whilst typical and relatively
consistent NAO response signals can be observed, there is also significant NAO-rainfall
response variability within some of the space-time clusters.

Even in areas that show relative consistency, variability in the cluster median SPI-1
values can still be observed (Figure 9). For example, in December, NAO− Cluster 2 in the
north-western region (Figure 8), the minimum cluster median SPI-1 value is −2.5 which
represents extremely dry conditions; however, the maximum is an SPI-1 value representing
near-normal conditions (0.8). Whilst drier conditions are more likely in this cluster (72.5%),
wet conditions were present for 27.5% of the time period analysed (Figures 11 and 12).
In February, NAO+ Cluster 2, similarly covering the north-western area, the maximum
cluster median SPI-1 value is 1.9 (severely wet) and the IQR covers positive values only.
Whilst wetter than average conditions were found in this cluster for the majority of the
time period (80%), the cluster did experience relatively dry conditions for 20% of the time
period (Figures 11 and 12). These findings suggest that whilst the typical winter NAO
responses can be observed in the north-western area, there is also some variability in both
the magnitude of the NAO-rainfall response and the directionality (i.e., positive/wet, or
negative/dry SPI-1 values).

The rainfall response in clusters covering the central, southern and eastern areas of
Great Britain support the average winter NAO-rainfall response mapped in Figures 2 and 3.
However, in comparison to the north-west, the winter rainfall response to NAO+ and
NAO− phases is much more variable in clusters spanning these areas (Figures 7 and 8).
For example, NAO+ Cluster 1 in December, has a notably large value range, with cluster
median SPI-1 values ranging from a maximum of 2 (extremely wet) to −1.8 (severely
dry) (Figures 9 and 10). The cluster median SPI-1 histograms also show a more normal
distribution with more equal probability of relatively wet and dry conditions in this cluster
(Figure 11). Similar variability in these areas can also be seen in January and February.
Clusters spanning the central and southern areas of Britain (Figures 7 and 8) also show
more variability in comparison to the north-west in spring.

In summer, some of the clusters covering the north-west exhibit more variability than
similarly located clusters during the winter months. For example, June NAO+ Cluster 3 has
a large cluster SPI-1 value range of −1.2 (moderately dry) to 1.7 (severely wet). Compared
to the winter months in clusters covering the north-western area, the difference between
the probability of wet and dry conditions associated with the phase of the NAO is reduced.
In the example of June NAO+ Cluster 3, there is a 23% likelihood of experiencing wetter
rather than drier conditions (Figures 11 and 12). Some clusters during the summer months
have large SPI-1 value ranges (Figure 9), and the likelihood of relative wet/dry conditions
is equally likely (Figure 12), for example July NAO+ Cluster 2 and August NAO+ Cluster 1,
which span the central, southern and eastern areas of Great Britain.

In late summer, the average NAO-rainfall response across Great Britain can be no-
tably strong in comparison to June and July [10]. Whilst this can be observed in the
clustering analysis, there is variability in the magnitude of the NAO-rainfall response. For
example, August NAO− Cluster 3 shows a 45% likelihood of wetter rather than drier
conditions (Figure 12). However, the magnitude of these wet events can vary—the cluster
average SPI-1 range varies from −0.7 (slightly dry, but near-normal) to 2.3 (extremely
wet) (Figure 10), and the frequency histograms show a wider spread across positive SPI-1
values (Figure 11). This demonstrates that even when there are clear average signals,
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as mapped in Figures 2 and 3, there can be significant spatio-temporal variability in the
NAO-rainfall response.

4. Discussion

This study sought to evaluate the variability in NAO-rainfall response across Great
Britain at high spatial and temporal scales. Average 5 km gridded SPI-1 values were
mapped under NAO+ and NAO− conditions for the period January 1900–December
2015 (Figures 2 and 3). This revealed distinctive spatial signatures of the NAO in av-
erage monthly rainfall, such as the winter north-west/south-east spatial divide and
more spatially homogeneous summer rainfall responses also observed in other stud-
ies [1,7,10,12,13]. The key spatio-temporal differences in NAO-rainfall response and relative
consistency/variability between winter and summer revealed by our space-time analyses
are summarised in Figure 13.
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In the winter months, the results of the Getis-Ord Gi* space-time hot spot analysis
confirm that the NW/SE spatial pattern (i.e., the spatial distribution of SPI-1 values) is
statistically significant and consistent over the temporal record analysed (Figures 4 and 5).
The space-time clustering analysis (Figures 7 and 8) also show these clear spatial patterns in
the mean and median cluster average values, with clear differences as well in the frequency
distribution of SPI-1 values related to NAO phase and region (Figures 11 and 12). This
indicates a more spatially reliable estimate of monthly rainfall volume under NAO+ and
NAO− phases may be possible during the winter months.

In the north-western areas of Great Britain, the space-time clustering and hot spot
analyses reveal rainfall is very responsive to the phase of the NAO. There are clear differ-
ences in rainfall response between the two NAO phases, with values markedly fluctuating
between wet (positive SPI- values) and dry (negative SPI-1 values) (Figure 9). Significant
wet conditions occur under NAO+ conditions and dry conditions under NAO−, which
supports the significant NAOI-rainfall correlations found in other studies [1,6,7,10]. Our
space-time analyses show that the NAO-rainfall response in the north-western area during
winter also shows greater consistency in these significant NAO+/NAO− wet/dry rainfall
deviations. In some space-time clusters, the frequency histograms show that the probabil-
ity of relative wetness/dryness differs significantly in the north-west during winter, for
example Jan NAO− Cluster 1 has an 83% likelihood of experiencing dry conditions, whilst
the similarly located NAO+ Clusters 1 and 2 have a 69% and 78% likelihood of wetter than
average conditions (Figures 11 and 12). This indicates that we can have greater confidence
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in how the monthly rainfall volume in the north-western area will change with the phase
of the NAO during the winter months. Improved winter NAO forecasting skill [25–27]
may therefore allow for effective water management decisions to be taken if we are able
utilise this forecasting skill to predict an upcoming period of rainfall surplus (NAO+) or
deficit (NAO−). However, it is important to note that even with these more consistent
NAO-rainfall responses, our analysis shows the wet/dry response magnitude can still vary
in the north-west (Figures 9 and 11).

The southern, eastern and central areas of Great Britain have a consistent opposing
(wet/dry) NAO-rainfall response to the north-west during the winter months (Figures 4 and 5).
However, the relative change in monthly average rainfall under NAO+ and NAO− condi-
tions is notably less (Figures 2 and 3), with median space-time cluster values in these areas
being closer to 0 (Figures 9 and 10). There is also greater variability in the NAO-rainfall
response—the median SPI-1 histograms for clusters in these areas are typically more dis-
tributed across wet/dry values (Figure 11). The differences in the likelihood of relative
wet/dry conditions associated with the phase of the NAO are notably reduced, being
within approximately 20–30% (Figure 12). These findings suggest clear variability in both
wet/dry event magnitude and directionality. As a result, it can be concluded that the NAO
has a weaker and more variable influence on rainfall in the southern, eastern, and central
areas, and as such, NAO forecasts might be of less practical use in water management
decision making in comparison to the north-western area.

Differences in average monthly SPI-1 values during the summer months were found
between the two NAO phases (Figures 2 and 3), and less distinctive spatial differences
between the north-western and southern/central areas of the country were found [10,12,13]
(Figures 4 and 5). The more spatially consistent rainfall patterns during summer may be
associated with greater convective rainfall generation [10], compared to orographic rainfall
during winter [16]. However, an area of future research would be to explore the physical
processes resulting in the difference between NAO winter and summer rainfall patterns.
On average, NAO+ conditions result in drier summer months, and NAO− wetter summer
months (Figures 2 and 3) aligning with negative NAOI-rainfall correlations observed in
other studies [10,12,13]. The median space-time cluster values corroborate this (Figure 10),
and in some cases clusters show more distinctive wet/dry summer responses, with the
differences in the likelihood of relative wetness/dryness being approximately 50% for
some clusters over the time period analysed (Figure 12). However, other clusters across
the country also show notable variability in terms of magnitude and directionality in the
NAO-rainfall response (Figure 9), with the relative probability of relative wetness/dryness
being equal in some clusters (Figure 12). These findings demonstrate that even with clear
average monthly signals (Figures 2 and 3), there can be significant variability in the NAO-
rainfall (wet/dry) response, which may limit the practicality of NAO forecasts for water
management decision making during summer.

In summary, our space-time analyses reveal that whilst typical NAO-rainfall signatures
can be observed across the year, there is also significant NAO-rainfall response variability in
space and time. This variability in both rainfall magnitude and wet/dry directionality may
be a limiting factor in the utility of incorporating NAO forecasts into water management
decision making [40], even though the accuracy of these NAO forecasts has improved in
recent years [25–27]. The exception being in the north-western area during winter, where
significant and more consistent changes in rainfall [10,18], and subsequently catchment
hydrology [16], can be found relatable to the phase and strength of the NAO.

Variability in NAO-rainfall response in space and time across Britain might be ex-
plained by other North Atlantic and European atmospheric-oceanic circulations (telecon-
nections) moderating or enhancing the rainfall effect of the NAO and/or being potentially
more dominant in driving regional rainfall in areas where the NAO’s effect is weaker or
when the NAO is in a neutral phase. As discussed above, in our analysis, the central, south-
ern and eastern regions of Great Britain frequently had relatively variable NAO-rainfall
responses under NAO+ and NAO− phases. The East Atlantic pattern in particular has
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been found to be positively correlated with rainfall these regions [13,41] and depending
on its phase and strength may moderate or enhance the effect of the NAO on rainfall
distribution and magnitude [22,23].

Our research supports the findings of Hall and Hanna [13], who suggest that even
highly accurate NAOI forecasts might not provide enough information on their own to
predict regional rainfall in Britain, and potentially subsequently catchment hydrology,
several months in advance, without also considering the phase and magnitude of other
atmospheric-oceanic circulations and climatic variables. As far as we are aware, no study
has yet mapped at a high spatial and temporal (monthly) resolution the signature of these
other North Atlantic/European circulations in regional rainfall across Great Britain.

In this study, the NAO was quantified using a PC-based NAOI, with phases defined
using an approach adopted in previous work [10,30]. However, it is important to note that
there is no universal approach to defining the NAO [42], and there is an opportunity for
future work to explore the sensitivity of these results to the chosen NAOI and phase defini-
tion method. We have demonstrated the effectiveness of high resolution spatio-temporal
analytical methods in exploring the meteorological impact of atmospheric circulations
and revealing spatio-temporal climatic patterns. For example, the Getis-Ord Gi* statistic
allowed for the identification of statistically significant spatial wet/dry patterns in the SPI-1
data in the winter months, although we acknowledge its limitation in detecting significant
high/low value clusters in summer due to the more spatially consistent rainfall response.
The space-time clustering analysis allowed us to look beyond average conditions and
explore spatial and temporal consistency of the average and well-established NAO rainfall
signatures in Great Britain. However, it is important to note that due to the random nature
of the initial seed locations for the space-time clusters, modestly different results may be
produced with a re-running of the analysis. This may be the case for locations (5 km pixels)
where the spatial differences in the SPI-1 time series values are smaller and so may switch
cluster membership between model runs, for example in the Midlands area between the
more distinctive NW/SE zones during winter.

5. Conclusions

This study presents a novel application of space-time analyses to understand the
variability in NAO-rainfall signatures at a high spatial (5 km) and temporal (monthly)
resolution in Great Britain. Our analyses confirm that statistically significant NAO-rainfall
signatures can be observed, and some regions show relatively high consistency in rainfall
response to the phase of the NAO over time. However, our analyses also reveal that there is
significant spatio-temporal variability in the rainfall response to the NAO, especially in the
central, southern, and eastern areas of Great Britain. This has implications for the practical
application of the NAOI in regional hydrometeorological forecasting as it is important to
consider the variability in regional NAO-rainfall response under positive and negative
phases of the NAO across Great Britain.

We suggest that such spatio-temporal variability might be explained by also con-
sidering the phase and magnitude of other atmospheric-oceanic teleconnections such
as the East Atlantic Pattern. There is a need for high spatial and temporal resolution
exploration of the hydrometeorological impact of these secondary modes of climate vari-
ability/teleconnections on rainfall in Great Britain, and in particular, the extent to which
they might moderate or enhance the regional rainfall response to the NAO.
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