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Abstract Accurate long-term flood predictions are increasingly needed for flood risk management in a
changing climate, but are hindered by the underestimation of climate variability by climate models. Here, we
drive a statistical flood model with a large ensemble of dynamical CMIP5-6 predictions of precipitation and
temperature. Predictions of UK winter flooding (95th streamflow percentile) have low skill when using the

raw 676-member ensemble averaged over lead times of 2-5 years from the initialization date. Sub-selecting 20
ensemble members that adequately represent the multiyear temporal variability in the North Atlantic Oscillation
(NAO) significantly improves the flood predictions. Applying this method we show positive skill in 46% of
stations compared to 26% using the raw ensemble, primarily in regions most strongly influenced by the NAO.
Our findings reveal the potential of decadal predictions to inform flood risk management at long lead times.

Plain Language Summary Reliable predictions of flooding can help society to manage the
associated risk to lives and property. Seasonal predictions of flooding over the coming months already form the
basis of many operational services around the world. In contrast, decadal predictions with lead times of up to
10 years are more challenging, due to the difficulty of simulating dynamic changes in atmospheric circulation
at these timescales. Here, we show that a large ensemble of climate models can predict average winter flood
conditions over the UK in the next decade. The climate models underestimate the magnitude of atmospheric
variability in the north Atlantic and identifying a subset of skillful climate model simulations improves the
ability to predict floods. Our results suggest that decadal climate predictions may be useful in the context of
flood risk management. However, the use of multiyear averages for flood prediction is still poorly studied, and
therefore further work should help determine how such predictions can be used in an operational setting.

1. Introduction

Timely and accurate predictions of flooding are crucial to flood risk management and efforts to adapt to our
rapidly changing climate. Research to improve the accuracy of flood predictions has focused on short to medium
lead times of up to 12 months in advance (Emerton et al., 2016). In contrast, decadal climate predictions, which
forecast the climate system up to 10 years ahead (Done et al., 2021), remain underexplored for flood prediction
(Neri et al., 2019). However, predictions of hydrological extremes at annual to decadal lead times are important
for near-term climate planning (e.g., adequate flood protection systems), and may therefore offer significant
benefits to society (Meehl et al., 2009). We address this research gap by exploring the predictability of UK winter
flooding at decadal timescales.

Decadal climate predictions specify changes in radiative forcing and initialize slowly varying sources of climate
variability (Dunstone et al., 2020; Kushnir et al., 2019). Prediction skill is typically clearest at multiyear fore-
cast periods (e.g., years 2-9 from the initialization date) (Dunstone et al., 2020), and depends on the ability of
climate models to simulate the evolution of the climate system in response to internal and external sources of
variability. Hence, the objective of decadal flood predictions is to forecast the occurrence and magnitude of multi-
year flood-rich and flood-poor periods, which vary over multidecadal timescales (Bloschl et al., 2019; Wilby &
Quinn, 2013). Although the current generation of decadal predictions shows high skill for surface temperature
(Smith et al., 2019), their ability to simulate dynamical changes in atmospheric circulation and precipitation is
less clear (Knutti & Sedlacek, 2012; Shepherd, 2014), presenting a barrier to reliable flood predictions (Neri
et al., 2019).

The North Atlantic Oscillation (NAO) is the principal mode of variability in atmospheric circulation in the north
Atlantic and the main driver of flood predictability over the British Isles (Biggs & Atkinson, 2011; Hannaford
& Marsh, 2008). The current generation of climate models skilfully predict the phase of observed NAO varia-
bility but severely underestimate its amplitude at decadal timescales (Smith et al., 2020—henceforth S20). This
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occurs because the signal-to-noise ratio of decadal forecasts is too low (Dunstone et al., 2016; Eade et al., 2014;
Scaife & Smith, 2018; Smith et al., 2019). With a sufficiently large climate ensemble the noise can be reduced
to produce a skillful representation of decadal NAO variability (Smith et al., 2019; S20). However, the weak
NAO signal in models implies that the magnitude of teleconnections between the NAO and northern European
weather is underestimated relative to other factors driving climate variability. S20 proposed that this weakness
could be overcome by selecting members for which the simulated NAO index, and hence related teleconnec-
tions, are as close as possible to the forecast magnitude after scaling to account for the signal underestimation.
Applying this “NAO-matching” technique, S20 showed significant improvements in multiyear forecasts of mean
north Atlantic climate. Here, we test whether this improvement in NAO predictability enhances flood prediction
skill.

Most operational flood forecasts are produced by forcing a conceptual or physics-based hydrological model with
dynamical daily or sub-daily climate inputs (Emerton et al., 2016). Statistical-dynamical, or hybrid, methods
present an attractive alternative approach to produce streamflow forecasts, as they avoid the need to run an offline
land model and benefit from advances in statistical modeling (AghaKouchak et al., 2022; Slater et al., 2022).
Streamflow quantiles are predicted using statistical or machine-learning models driven by dynamical weather or
climate predictions. For example, Slater and Villarini (2018) used monthly mean temperature and precipitation
from the North American Multi-Model Ensemble to make skillfull streamflow forecasts for the Midwestern
United States at seasonal lead times. Hybrid methods have several advantages compared to dynamical methods.
They are computationally efficient, and can integrate a wide variety of nonstationary predictor variables, includ-
ing climate forecasts, large-scale climate indices, and teleconnections (Slater et al., 2022).

We develop a statistical-dynamical framework to assess the predictability of boreal winter (December-March;
DJFM) high streamflows in the United Kingdom. We focus on DJFM as it represents the major UK flood season
(Huntingford et al., 2014; Robson, 2002). Moreover, previous work has shown that positive NAO (NAO+) phases
are strongly correlated with higher rainfall in northwest UK, making DJFM an appropriate season for assessing
the potential of NAO-matching to improve decadal flood predictions (Simpson & Jones, 2014; West et al., 2019).
We use a distributional regression approach where the distribution parameters depend on time-varying predictor
variables derived from retrospective decadal forecasts (i.e., hindcasts) from the Coupled Model Intercomparison
Project (CMIP), initialized each year between 1960 and 2005. We first quantify the baseline hindcast flood skill
over multiyear timescales using the mean forecast of precipitation and temperature from a large climate multi-
model ensemble. We then assess the extent to which NAO-matching can improve decadal flood forecasts by
better representing the teleconnection between the NAO and northern European precipitation and temperature.

2. Materials and Methods
2.1. Flood Prediction

We used a statistical-dynamical framework (Slater et al., 2022) to predict multiyear average winter (DJFM) high
flows in the UK using precipitation and temperature. Decadal climate predictions are currently only publicly
available as monthly aggregates. At this level of temporal aggregation the prediction of daily streamflow quan-
tiles is not possible using either a conceptual or physics-based hydrological model. We focused on the 95th
percentile of daily winter streamflow (Q95—the daily streamflow equaled or exceeded 5% of the time during
each winter season), which we took as broadly representative of flood conditions across the UK. We evaluated
prediction skill for year 2—-5 multiyear averages (Figure 1a). This period is amongst those recommended for the
verification of decadal predictions (Goddard et al., 2013), and provides a reasonable number of data points for
fitting the statistical models. We modeled DJFM Q95 streamflow using a Gamma distribution, which has been
shown to work well in this context as it models continuous positive variables and is flexible enough to describe
data that is symmetrical through to highly positively skewed (Villarini et al., 2009; Villarini & Strong, 2014). The
distribution has location and shape parameters (¢ and o, respectively) that depend linearly on the predictor varia-
bles through a logarithmic link function. The location parameter y is allowed to vary over time as a linear function
of predictor variables. We kept ¢ constant, as previous work has shown that using variable ¢ does not improve
model fit for streamflow (Villarini & Strong, 2014). We used the Generalized Additive Models for Location,
Scale and Shape implementation using the gamlss R package (Rigby & Stasinopoulos, 2005). We verified the
independence and normality of the residuals by computing their mean, variance, kurtosis, and skewness (Figure
S1 in Supporting Information S1).
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To obtain the decadal flood hindcasts we fitted two separate statistical models to each Q95 time series (Table
S1 in Supporting Information S1). The simplest model (P in Table S1 in Supporting Information S1) has mean
DJFM northern European precipitation (x,) as the only predictor, while the second model (PT) includes precip-
itation and mean DJFM temperature (x,). We used precipitation and temperature averaged over northern Europe
(Figure 1) instead of the UK because our focus is on large-scale drivers of streamflow variability. We found the
Pearson's correlation coefficient between the observed 8-year DJFM mean NAO and northern European precip-
itation is stronger than the correlation coefficient with UK precipitation (0.85 vs 0.66). This indicates that the
teleconnection between the NAO and north Atlantic climate is stronger over the larger region, suggesting that
the larger region has less unpredictable noise. One alternative to using spatially averaged values would be to take
precipitation/temperature values from the nearest climate grid cell to a given river catchment. However, selecting
climate inputs in this way could potentially introduce greater noise to the statistical models which would other-
wise be smoothed by averaging over a larger spatial domain (Guemas et al., 2015).

To fit the models we used a cross-validation approach where each year in the time series was excluded once and
the model trained on the remaining years. As the multiyear averages overlap (e.g., the year 2—5 forecast initialized
in 1980 shares 3 years with the forecasts initialized in 1979 and 1981; Figure 1b), it was necessary to additionally
leave out 3 years either side of the year in question to prevent training data contamination. In each case the fitted
model was used to predict the Q95 streamflow for the excluded data point until a prediction was available for
each year in the study period. We used this cross-validation approach because the hindcast period (1960-2005)
is too short to separate into strictly sequential training and testing periods. We evaluated predictive skill using
the Continuous Ranked Probability Score (CRPS) and associated skill score (Continuous ranked probability skill
score (CRPSS)). The CRPSS evaluates probabilistic forecasts with respect to a reference forecast over the whole
probability distribution, penalizing forecasts with large biases or low sharpness. As the reference forecast we used
a probabilistic climatology that consisted of the observations from all years included in the training data set. We
compute the CRPS of the forecast and reference for each test year and then take the mean across all test years
(see Methods in Supporting Information S1). At each gauging station we selected the best performing model out
of P and PT as the one with the lowest CRPS value. Lastly, we calculated the coefficient of determination (R?)
between the observed multiyear DJFM Q95 streamflow and the observed NAO to quantify the influence of NAO
on streamflow variability at each gauging station.

2.2. Streamflow Observations

We used daily streamflow data from the UK Benchmark Network (UKBN2) (Harrigan et al., 2018). This network
is a subset of the UK national hydrometric network, which comprises “near-natural” catchments with good qual-
ity streamflow records of long duration (Harrigan et al., 2018). In total UKBN2 has 146 stations, which are
classified according to their suitability for assessments of low, medium and high flows. We selected stations that
were (a) suitable for the analysis of high flows (Harrigan et al., 2018); (b) had streamflow records between 1975
and 2005; and (c) were missing no more than 20% of daily values in any given DJFM season. This resulted in a
total of 98 stations. We calculated the DJFM Q95 streamflow for each year on record.

2.3. Observed and Modeled Climate Variables

Observations of monthly mean sea-level pressure were retrieved from HadSLP2 (Allan & Ansell, 2006).
Observed near-surface temperature was taken as the average of HadCRUT4 (Morice et al., 2012), NASA-GISS
(Hansen et al., 2010), and NCDC (Karl et al., 2015). Observed precipitation was retrieved from GPCC (Schneider
et al., 2014) (Table S2 in Supporting Information S1). These datasets correspond with the observational data-
sets used by S20. We used a large multi-model ensemble of decadal hindcasts from the CMIP phases 5 (Taylor
etal., 2012) and 6 (Boer et al., 2016), consisting of 169 members from 13 climate models (Table S3 in Supporting
Information S1). The models differ both in structure and initialization. We used hindcasts initialized each year
between 1960 and 2005, from which we extracted monthly sea-level pressure, surface temperature, and precipita-
tion fields. We chose this time period because the number of members in the multimodel ensemble is consistent
throughout. Observations and models were resampled to a common 5° by 5° latitude/longitude grid prior to the
analysis.

From the observed and modeled climate data we computed the mean winter (DJFM) NAO index and northern
European precipitation and temperature (Figure 1e; see Methods in Supporting Information S1).
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2.4. Lagged Ensemble

Although consecutive year 2-5 forecasts share three identical years (overlap of a 4-year moving window;
Figure 1b), there are large interannual variations in the hindcast time series data. These occur because of the
insufficient signal-to-noise ratio in the current generation of climate models, combined with the fact that model
simulations initialized at different times contain different samples of the noise. We reduced the interannual varia-
bility by combining the required forecast with the preceding three forecasts (e.g., the year 2-5 hindcast starting in
1970 includes year 2-5 forecasts initialized in 1970, 1969, 1968, and 1967—Figure 1b). In effect, this quadrupled
the ensemble size to 676 members, albeit at the cost of some additional temporal smoothing (S20).

2.5. NAO-Matching

The use of a large multimodel ensemble provides skillful NAO predictions in the sense that the ensemble mean
is highly correlated with the observations. However, because the predictable signal is underestimated in the
CMIP5-6 outputs, the magnitude of the ensemble-mean NAO predictions is too small. This means that the tele-
connections associated with NAO variability are similarly misrepresented by the raw ensemble mean model
outputs (S20). The NAO-matching technique developed by S20 overcomes this problem by selecting from the raw
ensemble (676 members) a subset of 20 members at each time point in which the NAO and related teleconnec-
tions have more realistic magnitudes (see Methods in Supporting Information S1). The need for NAO-matching
fundamentally arises because predictable atmospheric circulation changes are too weak in models. Consequently,
regions impacted by the NAO, including UK precipitation, have low skill in the ensemble mean (Figure 2e in
S20 and Figure S3e in Supporting Information S1). Ensemble selection relies on there being skill in the ensemble
mean, and therefore could not be applied to precipitation and temperature directly. We applied the NAO-matching
technique and tested whether climate inputs from the NAO-matched ensemble improved the skill of decadal flood
forecasts.

3. Results

We present results for the year 2—5 multiyear mean DJFM Q95 streamflow predictions. These are skillful (posi-
tive CRPSS) at 25 out of 98 stations in the UK using the raw ensemble of 676 members (Figure 1c; see Figure
S2 in Supporting Information S1 e.g., time series predictions). The median CRPSS across all stations is —0.105,
taking the best performing model out of P and PT. We contrast this result with the case where the statistical
models are fitted against perfect climate predictions (i.e., predictors derived from observed north Atlantic climate
variables) for the same time period (1960-2005; Figure 1d). Here, 53 out of 98 stations have positive skill taking
the best performing model. Across all stations the median CRPSS is 0.006, whereas if only stations with positive
skill are considered the median is 0.146 (Figure 1d).

The inclusion of temperature in model PT increases model skill relative to model P in 28 stations using the
raw ensemble mean (Figure 1a), and 18 stations using observed predictors (Figure 1b). In some places (e.g.,
Scotland, north England) this could be related to snowmelt-dominated flood generation (Berghuijs et al., 2019),
as the decadal forecasts pick up a monotonic trend of increasing temperature from around 1970 (Figure S3 in
Supporting Information S1). However, it is also possible that streamflow is responding to a concurrent trend such
as urbanization (Han et al., 2022). Although the UKBN?2 streamflow data set controls for non-climatic drivers
of streamflow to a reasonable extent, few UK catchments are unaffected by anthropogenic activity (Harrigan
et al., 2018).

Applying NAO-matching increases the predictive skill of models P and PT in the majority of catchments
(Figure 2b) relative to predictions which use precipitation and temperature from the raw decadal hindcast ensem-
ble (Figure 1c; Figure 3). On average, the predictive skill of models P and PT is significantly higher (p < 0.05;
one-sided Wilcoxon signed rank test; Figure 2¢) using the NAO-matched ensemble (Figure 2a) compared to the
raw ensemble (Figure 1c) across all gauging stations. As mentioned previously, using observed predictors we find
skill in 53 out of 98 stations (Figure 1b). Using predictors from the NAO-matched ensemble we find skill in 74%
of these stations, compared to only 32% using the raw ensemble. The increase in skill arises from improvements
in predictions of both temperature and precipitation (Figure S3 in Supporting Information S1; S20). We also
considered the ability of statistical models to reproduce the Q95 DJFM streamflow anomaly during the extreme
NAO+-period (1985-1989). We find that models forced with predictor variables taken from the NAO-matched
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Figure 1. Overview of multiyear prediction scheme where the predictand is the Q95 DJFM streamflow averaged across each boreal winter season in the multiyear
period (a). Small color circles indicate daily Q95 streamflow in each winter season; those which contribute to the displayed multiyear period are shown in orange.
The horizontal orange line indicates the multiyear forecast, with start and end years as large orange and blue circles, respectively. The forecasting systems are
initialized once per year, with start times between 1 November and 1 January. The raw ensemble is quadrupled in size from 169 to 676 members by combining the
required forecast with the previous three (b). During NAO-matching we consider each of 676 members for inclusion in the NAO-matched ensemble. We compare the
predictability of winter high flow (DJFM Q95) using precipitation and temperature averaged across the raw ensemble (676 members) (c) with the best possible skill
obtained using precipitation and temperature from observations (d) for the period 1960-2005. At each station the model shown is the one with the lowest Continuous
Ranked Probability Score, indicated with a circle (P) or triangle (PT). Climate input variables are averaged over the North Atlantic region (e).
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Figure 2. Effect of NAO-matching on predictive skill. Model skill for the best performing model (out of P and PT) using predictors from the NAO-matched ensemble
20 members; (a). The best performing model (P or PT) using predictor variables from the NAO-matched ensemble increases model skill at 74 out of 98 stations
compared to the equivalent model using predictors from the raw ensemble (b). We used a one-sided Wilcoxon signed rank test to test whether the skill scores for models
using predictor variables from the NAO-matched ensemble were significantly higher (p < 0.01, indicated by ***) than those using predictor variables from the raw
ensemble (c). The median increase in Continuous ranked probability skill score as a result of NAO-matching was positive for both models P and PT (d). The sample
size is 98 NRFA gauging stations in each map and boxplot.

ensemble better reproduce the observed magnitude of the anomaly compared to those which use predictor varia-
bles from the raw ensemble (Figure S4 in Supporting Information S1).

The improvement in CRPSS is largest amongst stations where decadal DJFM streamflow variability is influenced by
the NAO (Figure 4). We find that the higher the sensitivity of streamflow to the NAO at a given gauge (i.e., the more
variance in observed streamflow i.e., explained by the observed NAO), the greater the benefit of the NAO-matching
technique for decadal flood prediction. Stations where the NAO is a poor explanatory variable tend to have either a
small positive or negative change in skill as a result of applying the NAO-matching technique (Figure 4).
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Figure 3. Examples of forecasts of DIFM Q95 streamflow in catchments where year 2-5 predictability improves as a result of using predictor variables from the
NAO-matched ensemble (20 members, Figure 2a) compared to predictor variables from the raw ensemble (676 members; Figure 1c). In each case we show the
timeseries for the streamflow model (P or PT, shown in the top right corner of each panel) showing the largest increase in Continuous ranked probability skill score.
The black line in the time series plots is the observed multiyear streamflow. Solid color lines are the median forecasts (i.e., 50th percentile), with confidence bands
representing 25th—75th percentiles of the raw Coupled Model Intercomparison Project ensemble and NAO-matched ensemble.

Decadal climate variability in northern Europe is strongly linked to the NAO, and NAO-matching improves the
skill of precipitation and temperature predictions for this region. The NAO mainly influences UK winter stream-
flow in the north and northwest UK, and has less influence in east and south UK where antecedent conditions
are a better predictor of winter streamflow (Svensson et al., 2015; West et al., 2019). Other climate modes may
therefore have greater value for enhancing flood prediction in different regions of the UK and globally, but further
work would be required to assess the extent to which they improve the predictability of climate variables.

4. Conclusions

We developed a framework for UK flood prediction at decadal time scales using a large ensemble of CMIP
decadal predictions (676 members). We found that multiyear predictions of DJFM high flows exhibit some skill
using a statistical-dynamical framework driven by the raw predictions from the large ensemble. Flood predictabil-
ity varies across the UK, with the highest skill observed in northwest UK, where the NAO is known to influence
winter streamflow. Our results suggest that skillful decadal flood prediction is dependent on understanding the
dominant large-scale drivers of climate variability in specific catchments. There is low skill in parts of the UK
where the NAO does not drive streamflow variability. This is the case both for observed and modeled covariates,
suggesting that in these locations north Atlantic precipitation and temperature do not explain streamflow variabil-
ity at the 2-5 multiyear timescales we considered here. We find a strong positive association between the increase
in the decadal prediction skill obtained as a result of applying NAO-matching, and the strength of the association
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ool between observed NAO and the year 2-5 DJFM Q95 variability. In other
- words, the benefits of the NAO-matching approach for flood predictability
. are greatest in locations where the NAO exerts control on the magnitude and
° S n 2 frequency of flooding. It would be beneficial to trial the same approach in
04 o® . g "o other regions of the world where alternative modes of variability are known
- % o o ® 9,0 ¢ 8 o to control the occurrence of flood-rich and flood-poor periods.
g " 3080(1300? E@ O,‘n%)"o o9 o° 8 ° Our results show that decadal flood predictions can be skillful when aver-
& oo n%«; 000 o bt @ Q aged over multiyear periods. Earlier work, in contrast, found little skill in
é’ @oéb §6) %Ooo 8¢ predicting individual years (rather than multiyear periods) using CMIP5
§ 54 cC’b 8 ) decadal climate predictions (Neri et al., 2019). Most of the previous research
o on decadal climate prediction has concentrated on the predictability of
04 o large-scale climate variability. The decadal timescale is a key planning hori-
°© zon for many flood risk managers (Done et al., 2021). However, they typi-
08 cally require more fine-grained information to inform decisions (Dunstone
et al., 2022). Our work demonstrates that a dynamical-statistical approach
0 ' ' ' ' can bridge these spatial scales to provide skillful predictions of high stream-
0.0 0.2 0.4 0.6

R? (Observations)

Model

Figure 4. The higher the sensitivity of streamflow to the North Atlantic
Oscillation (NAO) at a given gauge, the greater the benefit of NAO-matching
for decadal flood prediction. Change in skill of statistical flood models (P

and PT) obtained as a result of NAO-matching (y) against the coefficient of
determination (R?) between the observed multiyear DJFM Q95 streamflow and
the observed NAO (x). Each circle indicates one site, with every site shown for

each model.
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flow at the catchment scale. It therefore represents an important step toward
useable decadal climate services.

P =@= PT

Although multiyear predictions of high streamflow exhibit skill, operation-
alizing such information would require a shift in the way that stakeholders
understand and act upon flood predictions. A key priority is to identify ways
to communicate this skill and its associated uncertainty such that multiyear
decadal predictions deliver social and economic value (Meehl et al., 2009).
Multiyear predictions could be used to provide information on flood risk
at the annual scale (Ward & Conway, 2020). For example, given skillfull
predictions of year 2-5 DJFM high flows, it should be possible to esti-
mate the increased risk of flooding in each year of the forecast period. As
decadal predictions start to be made on annual basis for operational purposes
(Hermanson et al., 2022; Smith et al., 2013), more research is needed to
understand how their utility can be maximized for the benefit of society.
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