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Abstract

Understanding the role of large-scale teleconnections in driving extreme weather is essential
for improving the prediction and projection of climate extremes. Diagnosing the strength of
teleconnection pathways, including their combined and modulated effects, is often based on
composite or correlation analysis. However, such approaches become difficult to interpret in
the presence of nonlinear relationships and when studying interactions across timescales.
Here, we introduce (conditional) mutual information as a diagnostic tool to quantify
teleconnection pathways in a systematic and unified framework. Embedded within a causal
network describing the assumed relationships, this non-parametric measure of statistical
dependence allows multivariate interactions to be summarized in a single metric. It can be
used to compare the influence of different drivers across regions or to assess the temporal
evolution of teleconnection strength for specific types of extreme events. The framework is
illustrated by applying it to winter cold and wet extremes in Europe and North Africa, focusing
on subseasonal drivers—the Madden—Julian Oscillation (MJO) and the stratospheric polar
vortex (SPV)—and their modulation by seasonal drivers, namely El Nifio Southern Oscillation
(ENSO) and the Quasi-Biennial Oscillation (QBO). The results show that seasonal drivers
influence both the occurrence of subseasonal drivers and their impact on surface extremes.
These modulating effects persist across subseasonal timescales, suggesting periods of
enhanced predictability. The proposed approach provides a diagnostic for identifying windows
of forecast opportunity and offers a basis for evaluating the representation of teleconnections
in climate models.
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Introduction

European winter weather extremes, such as cold spells and heavy precipitation,
represent major hazards with often severe societal and economic impacts. Cold
extremes, for instance, have been associated with increased mortality (Charlton-Perez
et al. 2021) and heightened risks of energy shortfalls during peak demand periods
(Rouges et al. 2025). Similarly, wet extremes can lead to extensive winter flooding,
resulting in widespread infrastructure damage, economic losses, and disruptions to
communities (Chaqdid et al. 2023). Given these consequences, reliable forecasts for
such extreme events are essential for effective decision-making and risk management
across sectors including public health, energy supply, and disaster response.

However, the predictions of these extremes—particularly on subseasonal to seasonal
(S2S) timescales—remain highly uncertain due to the inherently chaotic nature of the
atmosphere (Vitart and Robertson 2018). While short-range weather forecasts can
provide skillful guidance up to about two weeks, predictive skill typically declines
sharply beyond this range, often dropping below that of a simple climatological
baseline. Seasonal outlooks that aim to anticipate the overall severity or character of
an upcoming winter season are likewise characterized by large uncertainties
(Weisheimer et al. 2019). In contrast to traditional weather forecasting, S2S prediction
research is further challenged by the limited availability of verification data, making it
crucial to understand why a model exhibits or lacks predictive skill. Consequently,
elucidating the physical drivers and mechanisms underlying extreme weather
variability is a central step toward improving forecast reliability.

Large-scale atmospheric teleconnections are known to modulate regional weather and
can create favorable conditions for the occurrence of extremes. These teleconnections
can occasionally lead to periods when forecast skill is enhanced, a concept described
as a “window of opportunity” (Mariotti et al. 2020). Recognizing and quantifying these
windows is valuable for early warning systems and enhances the interpretability of
model predictions. Accordingly, identifying the links between teleconnection patterns
and European winter extremes is an active area of research (Spuler et al. 2024;
Bommer et al. 2025).

For Europe and North Africa, the stratospheric polar vortex (SPV) and the Madden—
Julian Oscillation (MJO) are among the most influential subseasonal drivers of extreme
winter weather (Cassou 2008; Baldwin and Dunkerton 2001). Weak states of the SPV
are typically followed by a southward shift of the North Atlantic jet stream, leading to
below-average temperatures and more frequent cold extremes over Northern and
Central Europe (Kretschmer et al. 2018), as well as enhanced precipitation in the
Mediterranean region, particularly over the Iberian Peninsula (Spuler et al. 2025;
Ayarzagiena et al. 2018). Conversely, strong vortex states tend to be associated with
opposite-signed surface impacts. The MJO, in turn, modulates North Atlantic
circulation by influencing Rossby wave propagation, with specific MJO phases linked
to anomalous temperature and precipitation patterns across Europe (Lee et al. 2019).
Although extreme SPV states such as sudden stratospheric warmings (SSWs) and
active MJO phases persist only for a few days, their surface impacts can remain
predictable for up to several weeks due to the oscillatory and quasi-periodic nature of
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these systems (Hitchcock and Simpson, 2014). This property makes both the SPV and
MJO key sources of predictability—and thus important windows of opportunity—for
S2S winter weather forecasting.

While the roles of the SPV and MJO in shaping European weather and extremes are
well documented, their variability and surface impacts are modulated by seasonally
dependent background conditions such as the Quasi-Biennial Oscillation (QBO) and
El Nino—Southern Oscillation (ENSO) (Lee et al. 2019; Ma et al. 2023; Elsbury et al.
2024). For example, winters characterized by an easterly QBO tend to exhibit a weaker
SPV (Holton and Tan 1980), and also more active phases of the MJO (Son et al. 2017;
Zhang and Zhang 2018). It has further been demonstrated that MJO and SPV
teleconnections to Europe differ depending on the concurrent ENSO phase, implying
that these large-scale modes not only favour certain MJO or SPV states but may also
modulate their surface responses through additional, possibly nonlinear, processes
(Lee et al. 2019; Kumar et al. 2022). However, such modulating effects and potential
non-linearities are not yet fully quantified or well understood, underscoring the need
for a more systematic assessment of state-dependent teleconnection behavior (Wang
et al. 2025).

Understanding teleconnections and their role in driving extreme events, thus, remains
difficult. In the context of S2S predictions, existing approaches to diagnosing windows
of opportunity often rely on model-based skill assessments, which can conflate the
physical teleconnection mechanisms with the validity and performance of the model
(Albers and Newman 2019; Specq and Batté 2022). For instance, while most
dynamical forecast systems are capable of representing the MJO itself, their simulated
teleconnections to Europe are underestimated. Consequently, the predictive potential
of the MJO as observed in reanalysis data is likely not fully exploited in operational
forecasts (Specq and Batté 2022; Roberts et al. 2023). Evaluating how well a
teleconnection signal is captured in models is further complicated by the fact that
discrepancies between models and observations may arise from model biases, non-
stationary relationships, or a combination of both.

Quantifying teleconnection signals is methodologically challenging because results are
sensitive to the choice of statistical metrics and the representation of underlying
variables. Correlation is commonly used to measure co-variability, but is suboptimal
when common drivers or nonlinear interactions are present (Kretschmer et al. 2021).
In studies focusing on extremes—often represented as binary, threshold-based
events—computation of odds ratios or composites given different phases of remote
drivers are often employed, thereby also allowing non-linear measures of association
(Kumar et al. 2022). However, such approaches become cumbersome and data-
intensive when multiple drivers or categorical states are considered (Jenney et al.
2019). For example, when analyzing MJO impacts across its nine canonical phases
(eight active and one inactive), and further conditioning on three ENSO backgrounds
(La NiAa, El Nifio, neutral), a total of 27 composites would be required, making rapid
interpretation challenging.

Diagnosing teleconnection influences is further complicated given limited
observational records and can result in under-sampled categories. Additionally,
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methodological choices such as the representation of teleconnection driver (e.g., the
ENSO index used, the metric and pressure level to define SPV states) or the
partitioning of data (e.g., QBO defined by zonal-mean wind direction or via empirical
orthogonal functions) are often context-dependent and can substantially influence the
inferred relationships.

In summary, quantifying teleconnection signals and their relevance for extreme events
is inherently a multivariate problem, as several interacting climate drivers can jointly
influence regional weather on different timescales. These interactions can be nonlinear
and state-dependent, making it difficult to separate individual effects. Moreover, since
extremes and teleconnection drivers are commonly represented as binary or stratified
data, such analyses typically require categorical data approaches rather than linear
correlations. Together, this complicates the identification of windows of opportunity and
the comparison of results across models and observations.

To better isolate the causal effects of teleconnections on regional weather, recent
studies have adopted causal inference frameworks that incorporate physical
knowledge into statistical analysis. Kretschmer et al. (2021) argued that, by starting
from physically motivated causal networks, it is possible to control for confounding
influences and isolate specific cause—effect relationships in teleconnections. Such
approaches, rooted in the explicit formulation of physical assumptions as directed
acyclic graphs (Pearl 2009), have since been applied more broadly in the study of
teleconnections (Hamed et al. 2023; Carvalho-Oliveira et al. 2024; Di Capua et al.
2024; Kretschmer et al. 2020). However, most existing applications have relied on
linear methods only (Cosford et al. 2025; Mindlin et al. 2025). To account for slowly
varying background states, Shen et al. (2025) proposed a pre-conditioning of the data
before estimating regression coefficients, with similar strategies also adopted by Di
Capua et al. (2019) in the context of causal discovery. Thus, while causal inference
has proven useful for quantifying teleconnection pathways, its use remains largely
confined to linear relationships with a few examples of expressing causal
dependencies among categorical data using conditional probability tables (Barnes et
al. 2019; Kretschmer et al. 2021; Saggioro et al. 2024)1).

A different line of research has drawn on information theory, to detect and quantify
nonlinear causal interactions. Originating from the seminal work of Shannon (1948),
information theory provides a general, non-parametric framework to quantify statistical
dependence. Within this framework, mutual information (M) measures the total shared
information between two variables, which is formulated as the reduction in uncertainty
of one variable given knowledge of another. Runge et al. (2012) showed that
conditional mutual information, that is, the extension to the multivariate case, serves
as a robust measure of causal effect strength in time-series that can be applied to both
categorical and continuous data (Kraskov et al. 2004). This work was built upon Ebert-
Uphoff (2007) who applied it to quantify link strength in Bayesian networks, following
earlier introductions in the context of probabilistic reasoning (Lauritzen and
Spiegelhalter 1988; Pearl 1988).

More recent studies have employed information-theoretic tools in the context of S2S
predictions. For example, Saggioro et al. (2024) used mutual information-based
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methods to quantify the predictability of the southern hemisphere jet in response to
large-scale winter/spring drivers based on a causal network. Furthermore, Spuler et al.
(2025) applied mutual information and entropy to assess the predictability of North
Atlantic weather regimes given knowledge of states such as the SPV and MJO. The
application of entropy-based metrics in this context follows a long-standing tradition in
meteorology and climate science of using information theory to assess predictability
(e.g. DelSole and Tippett 2007; DelSole 2004; Leung and North 1990). Collectively,
these studies demonstrate that information theory is well established in meteorology
and climate science as a framework for quantifying predictability, while it also has a
proven role in the study of causal effect estimation, including for teleconnections.

Motivated by the challenges of S2S predictions, this study combines information theory
with causal reasoning to quantify how much information teleconnections provide about
extreme winter weather in Europe and the Mediterranean under varying background
states. Specifically, we compute the conditional mutual information between key
subseasonal drivers—the SPV and the MJO—and the occurrence of cold and wet
extremes, while conditioning on the seasonal driver states of the QBO and ENSO. This
allows us to assess how the informational influence of the SPV and MJO on surface
extremes is modulated by slower-varying climate modes.

Data

We use daily ERAS5 reanalysis data for the period 1950-2020. The selected indices
follow a causal network framework, with the considered pathways illustrated in the
schematic network shown in Fig. 1a including both subseasonal (SPV, MJO) and
seasonal (QBO, ENSO) drivers.

We consider two types of extreme events: cold extremes, defined as periods when the
7-day averaged linearly detrended surface air temperature falls below the 10th
percentile, and wet extremes, defined as periods when the 7-day averaged detrended
total precipitation exceeds the 90th percentile. The detrending and the calculation of
percentile thresholds are performed over the full winter time series at each grid point
independently. Extremes are identified at each grid point, with the first day of the 7-
day averaging window used as the event label. Our analysis is restricted to winter
events (December—March) and leap days have been excluded. Note that, by
construction, an extreme event starting on 31 March includes data from the first six
days of April.

To assess the state of the SPV preceding the extreme events, we construct a
categorical SPV time-series based on daily 100 hPa zonal-mean zonal winds averaged
over 60-75°N. We use 100 hPa instead of the commonly used 10 hPa, as this lower
stratospheric level was shown to better capture the downward influence of the SPV
(Karpechko et al. 2017) and is also more closely linked to polar night jet events (see
e.g. supplementary information in Kretschmer et al. 2018). From the daily SPV data,
we then form the 7-days running mean and remove the smoothed daily climatology to
obtain anomalies. To make sure that for a given winter day the driver state only
contains information preceding in time, the data is shifted back by 6 days compared to
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the extreme event data. For example, the SPV value on March 31 consists of the March
25-31 average. This time-shift between driver and extreme event is also schematically
indicated in Figure 1b. To obtain categorical data, we compute the terciles of the SPV
timeseries, resulting in low, neutral and strong SPV days.
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Figure 1: a) Causal network showing the considered seasonal (QBO and ENSO) and
subseasonal (SPV and MJQ) drivers of extreme events, with the arrows indicating
assumed causal pathways. b) Schematic overview of included time-shifts and scale
of the data (see text for details). The vertical line marks a winter day for which the
states of the extremes and drivers are evaluated.

To assess the MJO state, we use the daily real-time multivariate (RMM) index
(Wheeler and Hendon 2004). The MJO is considered active when the amplitude
exceeds 1 standard deviation, with the phase of the MJO ranging from 1 to 8 and
reflecting different locations of increased convection in the tropical Pacific.

For the seasonal drivers, we diagnose their phase based on average winter conditions.
ENSO is defined using daily sea-surface temperatures in the Nifio 3.4 region (5°S—
5°N, 170°W-120°W), averaged over December—February (DJF). A winter is classified
as El Nifio when the DJF mean exceeds +0.4 K, as La Nifia when it falls below —0.4 K,
and as neutral otherwise.

The QBO phase is determined from zonal-mean zonal wind at 50 hPa averaged over
the Tropics (10°S—10°N). Following Yamazaki et al. (2020), winters with positive DJF-
mean winds are classified as westerly QBO (WQBO), those with negative zonal winds
as easterly QBO (EQBO). This approach, while not explicitly capturing the vertical
structure or descent of the shear zones, is appropriate here given the relatively small
sample size.

To further showcase our framework for assessing teleconnection information on S2S
timescales, we additionally consider two regional extreme events. We focus on wet
extremes in Morocco and cold extremes in the UK, two hazards linked to high impacts
(Charlton-Perez et al. 2021; Mastere et al. 2025) and further known to be affected by
SPV and MJO variability (Spuler et al. 2025; Monnin et al. 2022). These regional
indices are constructed by first computing area-averaged temperature over the UK
(6°W-1.5°E, 50-59°N) and precipitation over Morocco (11-0°W, 30-36°N). We then
proceed as described above to identify extreme events. To evaluate the predictive
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information content of the drivers at different lead times, we analyse their relationship
with extreme events occurring in subsequent weeks, considering lead times from 1 to
6 weeks.

In total, this yields 8501 winter days, with 10% of these considered as extreme events.
The SPV and ENSO states are each divided into three categories, while the QBO is
treated as a binary variable. The corresponding sample sizes for the seasonal-
subseasonal drivers combinations are provided in Table S1 and S2 in the
Supplementary Information.

Methods

We apply measures from information theory, namely mutual information and
conditional mutual information, to quantify causal effects of teleconnection drivers on
extreme events. As stated in the introduction, this choice of statistical measure follows
earlier work (Ebert-Uphoff 2007; Pearl 1988; Lauritzen and Spiegelhalter 1988; Runge
et al. 2012). While the focus in Runge et al. (2012) was on causal discovery (that is,
on identifying causal links from data and then quantifying their strength), we here
constrain the problem to only quantifying the link strength and assume a causal
structure of the considered variables (Saggioro et al. 2024).

Our assumptions are expressed in the form of a causal network (see Fig. 1a). More
precisely, we assume that both SPV and MJO affect the frequency of cold and wet
extreme events across Europe and North Africa. We further postulate that the seasonal
drivers ENSO and QBO are independent and can both affect the subseasonal drivers,
while also modulating extreme event occurrence directly, represented as a common
driver of the subseasonal drivers and extremes. We here ignore potential causal
dependencies between the two subseasonal drivers (Barnes et al. 2019).

We aim to quantify how strongly teleconnection drivers (MJO, SPV, ENSO, QBO) are
associated with the occurrence of cold and wet extremes. Because the climate system
is inherently stochastic, the occurrence of an extreme event remains uncertain even
when the state of these drivers is known. We therefore require a measure of
association—analogous to correlation—that quantifies how knowledge of a driver
reduces this uncertainty.

In information theory, the uncertainty of the outcome of a random process Y (here a
categorical variable) is expressed by its entropy H, and is definedas H(Y) = — X;p; -
In(p;) , where p; denotes the probability of the ith outcome of Y. For example, for Y
representing a coin flip with probability p = 0.5 for each side, the entropy of Y is given

by:
H(“fair coin”) = —(0.5 -In(0.5) + 0.5 - In(0.5)) = —In(0.5) = 0.693.

In contrast, the entropy of a loaded coin flip, with probability p = 0.9 for landing on
one side (thus, serving as the coin analogue of our percentile-based extreme event
definition), is

H(“loaded coin”) = —(0.9 -In(0.9) + 0.1 -In(0.1)) = 0.325.
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In other words, the outcome of the fair coin is more uncertain than that of the loaded
one.

The strength of association of two (categorical) variables X and Y is then measured by
their mutual information, 1(X; Y) (see also Fig. 2). This quantifies the reduction in
uncertainty of Y, given knowledge of X:

I(X; Y)= H(Y) — HY|X)

Itis zero if and only if X and Y are independent, and positive otherwise. The larger the
mutual information, the more the uncertainty about Y is reduced by knowing X, and the
more information X provides about Y (see also Fig. 2 for an example for a binary
variable X). Mutual information is a nonparametric and symmetric measure of
association, meaning that I1(X; Y) = I(Y; X), analogous to correlation but capable of
capturing nonlinear relationships.

To illustrate this concept, consider the mutual information of a driver X with two equally
likely states and a skewed binary variable Y with probabilities p, = 0.9 and p; = 0.1
(grey bars in Fig. 2). If the conditional distributions p(Y|X) are similar to the marginal
distribution, for example p(Y =01X=0)=0.88 and p(Y =01X =1) =0.91 (blue
bars in Fig. 2), this yields conditional entropies similarto H(Y) = 0.325, here H(Y | X =
0) = 0.346 and H(Y | X = 1) = 0.303. The conditional entropy H(Y | X) then is their
weighted mean (weighted by probability of outcome X, i.e. p; = 0.5), leading to a
mutual information of X and Y close to zero. In other words, observing X provides little
additional information about Y. In contrast, if the conditional distributions differ more
strongly from the marginal (e.g., p(Y =0 X =0)=0.81and p(Y =01X =1) =0.99
(purple bars in Fig. 2), this leads to markedly different conditional entropies (H(Y | X =
0) ~ 0.486, H(Y | X =1) = 0.056) and a substantially smaller weighted conditional
entropy H(Y | X). This larger reduction in uncertainty corresponds to a larger mutual
information.

Marginal Y Small Mutual Information Large Mutual Information
(MI=0.001) (MI=0.054)

H(Y)=0.325 H(Y|X=0)=0.347 H(Y|X=1)=0.303 H(Y|X=0)=0.486 H(Y[X=1)=0.056

Probability
°

027 y=o | ]
- =1

0.0

p(Y) p(Y|X=0) pIY|X=1) pYIX=0) p(YIX=1)

Figure 2: Illustration of mutual information for a skewed binary variable Y and a binary
driver X with two equally likely states. The left panel shows the marginal distribution of
Y as a stacked bar (gray) with probabilities [0.9,0.1]. The middle and right panels show
the conditional distributions p(Y/X=0) and p(Y/X=1) as stacked bars for the small (blue)
and large (purple) mutual information examples. The conditional entropies H(Y [X=x)
are  annotated above each  bar. See text for more  details.
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Conditional _mutual _information 1(X; Y| Z) then measures the reduction in the
uncertainty of Y given Z when X is also known. It thus quantifies the amount of
additional information that X provides about Y beyond what is already known from Z:

IX;Y1Z) = HY 1Z) — HY | X, 2).

The conditional mutual information is zero if and only if X and Y are independent given
Z.

These properties illustrate why information theory serves as an intuitive non-parametric
framework for causal effect estimation: If X is a causal driver of Y but its effect is fully
mediated via Z, then we want their statistical association to be zero, which is the case
for their conditional mutual information. Similarly, the conditional mutual information is
zero if Z is a common driver of X and Y. In both cases, the (unconditional) mutual
information between X and Y would nevertheless be non-zero. This is fully analogous
to using well-established correlation for the linear case, where, for instance, a common
driver Z leads to a non-zero correlation of two variables, which drops to zero when
computing the partial correlation conditional on Z (see also Kretschmer et al 2021
Figure 3, for real-world teleconnection examples).

Finally, the difference between the mutual information I(X; Y) and the conditional
mutual information I(X; Y| Z) (also referred to as interaction information) quantifies
how much information is shared jointly, including redundancy and synergy effects. If
the mutual information exceeds the conditional mutual information, this indicates that
X and Z provide overlapping information about Y. This is the case when Z is a mediator
between X and Y, or when Z is a common driver of both variables. In contrast, when
the conditional mutual information I(X;Y|Z) exceeds the mutual information I(X;Y), then
conditioning on Z reveals additional dependence between X and Y, that is not apparent
from their marginal association 1(X;Y) alone. This situation arises when X and Z jointly
influence Y. In the linear analogue, this corresponds to obtaining more precise
estimates of causal effects when jointly regressing on X and Z rather than considering
each predictor separately (see, e.g., Cinelli et al. 2020). This phenomenon is
conceptually related to Simpson’s paradox, where aggregating over a third variable
can obscure or even reverse statistical relationships (Pearl 2013).

In the present work, we use (conditional) mutual information to quantify the information
that a teleconnection driver provides about a given type of extreme event, including
modulation arising from synergistic effects. Because mutual information values are
relative and lack an intrinsic scale, in some parts we normalize them by the
climatological entropy of the corresponding extreme threshold, which is 0.325 for both
the 10th percentile (cold extremes) and the 90th percentile (wet extremes). This
normalization expresses mutual information as the percentage reduction in total
uncertainty.

Furthermore, given the low number of samples in each of the categories, we apply a
block bootstrapping approach to assess the uncertainty of the estimates throughout
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the different analyses. We hereby sample entire seasons from the data rather than
individual datapoints, to account for the autocorrelation of the data, and assess the
distribution of estimates on 100 different subsamples of seasons. This provides an
assessment of potential intermittency and non-stationarity of the effects identified.

Results and Discussion
Diagnosing teleconnection strengths with mutual information

To illustrate the use of mutual information as a teleconnection diagnostic, we begin on
the left side of the causal network (Fig. 1a) and quantify the information that seasonal
drivers (QBO, ENSO) provide about the subseasonal drivers (SPV, MJO). Specifically,
we compute the mutual information I(X;Y) between each seasonal driver X and each
subseasonal driver Y. Mutual information is formally symmetric, but given the temporal
structure of the system—where ENSO and QBO states are defined once per winter,
while MJO and SPV vary on subseasonal timescales—we interpret this quantity as the
information that knowledge of the seasonal drivers provides about the subseasonal
state.

The results are shown in Fig. 3 (gray bars) as box-and-whisker plots based on
bootstrapped subsamples (see Methods). As an illustrative example, consider first the
QBO-SPV pair (Fig. 3a), an established linkage that reflects the well-known Holton-
Tan effect (Anstey et al. 2022). Albeit having a large spread, we find a comparatively
strong mutual information signal (mean value of 0.019). This quantifies the association
between QBO and SPV, summarizing underlying conditional probability distributions
(see also Table 1 in Sl): during easterly QBO, the distribution of SPV states shifts away
from climatological frequencies toward more weak (40%) and fewer strong (25%)
vortex states, while during westerly QBO the distribution shifts opposite accordingly
(27% weak, 32% neutral, 41% strong). In other words, knowledge of the QBO provides
information about the likely SPV state, and mutual information quantifies this shift as a
reduction in uncertainty. Although the mean absolute value of (QBO;SPV) is modest—
corresponding to a reduction of approximately 2% of the SPV entropy—this magnitude
is expected, as the winter QBO index represents only one of several drivers of
subseasonal SPV variability.

Having established this interpretation, we move to the other seasonal-subseasonal
driver pairs. In contrast to the QBO-SPV association, the mean and spread of the
mutual information between ENSO and the SPV (Fig. 3a) is substantially smaller,
reflecting a weaker coupling. For the MJO, we find that QBO and ENSO provide
comparable levels of information (Fig. 3b), suggesting a similar influence of both
seasonal drivers on subseasonal tropical variability.

We next repeat these computations, but now condition on the state of the other
seasonal driver; that is, we compute the conditional mutual information I(X;Y|Z=z). This
follows the rationale of the causal network, in which both QBO and ENSO are assumed
to contribute to modulating SPV and MJO variability. Including both seasonal drivers

11
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in the conditioning set therefore provides a more precise estimate of the causal effect
by controlling for shared influences (Cinelli et al. 2020). From a mechanistic
perspective, this can be interpreted as quantifying the influence of one driver under a
fixed background state of the other, thereby revealing how their effects combine,
interfere, or depend on each other across different climate states (Elsbury et al. 2026).

When computing these conditional mutual information values we find elevated values
for most seasonal-to-subseasonal linkages (coloured box plots in Fig. 3). For example,
the information of ENSO about the SPV when conditioning on an easterly QBO state
(I(IENSO;SPVIQBOE) roughly triples, and a similar increase occurs when conditioning
on QBOW (Fig. 3a). This result is consistent with recent findings using linear
regression and toy-model experiments (Shen et al. 2026, under review), which suggest
that the ENSO-SPV linkage should not be studied in isolation

Interestingly, the high mutual information between QBO and SPV conditional on ENSO
is primarily driven by large values during La Nifa winters (Fig. 3a). This is in agreement
with Kumar et al. (2022) who reported an enhancement of the QBO on SPV effect
during La Nifia, which was absent during El Nifio. In contrast, the ENSO-SPV linkage
remains similarly strong across both QBO phases. For the MJO, EI Nifio conditions are
associated with lower mutual information between QBO and MJO than La Nina or
neutral conditions, while the easterly QBO phase leads to less information from ENSO
compared to the westerly QBO phase (Fig. 3b). This is consistent with previous
findings that the easterly QBO is associated with more active MJO phases (Zhang and
Zhang 2018), but potentially in conflict with recent model comparisons reporting a
lacking QBO-MJO coupling when controlling for ENSO (Elsbury et al. 2026). Overall,
the spread of conditional effects on the MJO is smaller than that for the SPV, indicating
that the latter exhibits a stronger dependence on the seasonally varying background
state.
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Figure 3: Mutual information (in grey) and conditional mutual information (in blue and
turquoise) of the seasonal drivers and subseasonal drivers. a) for the SPV, and b) for
the MJO. The box and whiskers plots show the uncertainty based on a bootstrap
approach (see Methods). The specific condition used to compute mutual information
is indicated on the y-axis.

Teleconnection drivers of cold and wet extremes

Moving along in the causal network (Fig. 1a), we next assess the information content
of the considered subseasonal (SPV, MJO) and seasonal (QBO, ENSO) drivers for the
occurrence of cold and wet extremes in the following week, by computing the
(unconditional) mutual information, that is, |(X=driver;Y=extreme). The results are
shown in Figure 4. To aid interpretation, we here express mutual information as a
percentage of the climatological uncertainty of cold and wet extremes (see Methods).

For the SPV, the mutual information with cold extremes shows expected regions of
influence. Elevated values are found across Northern Europe and parts of Northern
Africa, consistent with known surface impacts of stratospheric variability on
temperature extremes (e.g., Domeisen and Butler 2020; Monnin et al. 2022). In
contrast, mutual information is lower over Southern Europe, where the SPV exerts a
weaker influence on near-surface temperatures. For wet extremes, the SPV shows
enhanced information in the Mediterranean region, as well as over Scotland and
Norway (Fig. 1b). These patterns are consistent with the well-documented impacts of
the SPV strength on the position and intensity of the North Atlantic jet and storm tracks,
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which modulate the transport of moisture toward Europe (Afargan-Gerstman et al.
2024).
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Figure 4: Mutual information (expressed as a percentage of the climatological entropy
of the extreme event) of different drivers (SPV, MJO, ENSO, QBO) and extreme events
(cold and wet). Note the smaller colourbar range for ENSO and QBO.

Note that while the mutual information is rather small, the drivers are informative in
specific states. For example, in Northern Europe, knowledge of the SPV state, on
average, only leads to a reduction of about 5% of the climatological uncertainty of a
cold extreme (Fig. 4a), but the probability of an extreme given a weak polar vortex
state approximately doubles (see also Fig. S1), as is also well known (Monnin et al.
2022; Domeisen and Butler 2020). The mutual information can be sensitive to the
threshold used to compute extremes. However, here the aim is not to maximise the
mutual information by using different percentiles to define extreme events, or by
choosing different thresholds to stratify the drivers (e.g. using the lower quartile instead
of the lower tercile to categorize weak SPV states), but rather to introduce it as a
diagnostic metric and compare the modulation of drivers by seasonal driver states (as
shown later), thus justifying our choice of simple and widely used driver and extreme
event categories.

For the MJO, we find generally lower mutual information values compared to the SPV,
but the spatial distribution is more homogeneous across Europe and North Africa. This
reflects the diversity of teleconnection pathways associated with different MJO phases.
For example, MJO phase 1 is associated with an increased likelihood of cold extremes
in the southern Mediterranean, while phase 7 tends to enhance cold risk in Central
Europe (see Fig. S2). Because mutual information summarizes the dependence
across all nine MJO states, it naturally dilutes the signal of individual phases that may
dominate in specific regions. In contrast, weak, neutral, and strong SPV states each
affect the same regions across the continent with odds ratios similarly high as for
individual MJO phases. As a result, aggregating over SPV states does not blur away
the signal. Thus, it should be noted that the overall lower mutual information associated
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with the MJO must be interpreted in light of the chosen representation of the MJO
state. Alternative indices to the real-time multivariate MJO (RMM) index used here
(Wheeler and Hendon 2004) may better capture the physically relevant component of
MJO variability for European teleconnections. As noted before, sensitivity to such
representational choices is not explored in this study.

Turning to the seasonal drivers, both QBO and ENSO exhibit lower mutual information
values compared to the subseasonal drivers (note the different colour scales in Fig. 4),
as expected given their more indirect and slowly varying influence. For the QBO,
enhanced signals emerge over southwestern and northeastern Europe, whereas
ENSO exhibits stronger associations along a northwest—southeast axis. These spatial
patterns are broadly consistent with the known modulation of North Atlantic and
Mediterranean variability by these seasonal modes (Brénnimann 2007; Anstey et al.
2022).

Overall, these mutual information maps condense the insights typically obtained from
multiple conditional probability or composite analyses for a given extreme type into a
single intuitive diagnostic. For comparison, a traditional conditional-probability analysis
would require separate panels for each driver state (17 per extreme: 3 SPV + 9 MJO
+ 3 ENSO + 2 QBO). The mutual information approach instead summarizes this
information in a single panel per driver—extreme pair (see Figs. S1 and S2 for the
individual conditional probability plots). This compact assessment efficiently
summarizes the association between teleconnection states and extreme-event
occurrence and provides a useful first step toward identifying regions where
teleconnections offer predictive information.

Driver dependencies and modulating effects

We next assess how seasonal driver states modulate the impact of subseasonal
drivers on extreme events. Specifically, we measure how the information a
subseasonal driver (SPV, MJO) provides about extremes changes when conditioned
on a seasonal driver (ENSO, QBO). Unlike the previous analysis, where both seasonal
drivers influenced subseasonal drivers directly (see Fig. 1a), here their effect on
extremes is at least partly mediated through the subseasonal drivers. For example, the
predictive value of the QBO for cold extremes might arise primarily from its modulation
of SPV and MJO states (Zhang and Zhang 2018; Anstey et al. 2022). For the ENSO,
both direct and indirect pathways have been reported (Domeisen et al. 2019). One
question here is whether knowledge of the seasonal driver adds information beyond
the subseasonal driver, as represented by the direct seasonal-to-extreme links in our
causal network (Fig. 1a), consistent with reported state-dependent teleconnection
effects (Kumar et al. 2022; Wang et al. 2025).

To quantify these modulation effects, we compute the conditional mutual information
I(X;Y|Z=z) between each subseasonal driver X and extreme events Y, given the
seasonal driver Z, and subtract the unconditional mutual information I(X;Y) calculated
over all winter days (as shown in Fig. 4). The difference reflects the synergistic effect
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of the considered drivers and is again expressed as a percentage of the climatological
uncertainty of an extreme to facilitate interpretation. The resulting difference fields are
shown in Figure 5, highlighting regions where conditioning on seasonal drivers
provides additional information beyond that contained in the subseasonal driver alone.
Values close to zero therefore suggest weak or negligible modulation of the
subseasonal effect by the seasonal background state.

For SPV-cold extreme linkages (Fig. 5a), conditioning on either the QBO or ENSO
moderately enhances the information content in some regions, for example over the
Baltic region. However, differences relative to the unconditional case remain small,
suggesting generally limited modulation by seasonal drivers. The most striking
exception is found for SPV influences on cold extremes in North Africa and
Scandinavia during El Nifio conditions, where the added information reaches up to 8%
of the total climatological uncertainty. Over Scandinavia, this corresponds to nearly
three times the information content of the unconditional mutual information (note the
different colour-bar range used in Fig. 4). In contrast, the MJO exhibits different
patterns in information gain for cold extremes when seasonal drivers are considered
(Fig. 5b), with largest values for ENSO conditioning. During La Nifia phases, enhanced
information is found over Iberia, whereas during El Nifio phases, increased information
emerges over the UK, France, and the western Mediterranean. The added values,
which are on the order of 5% of the total uncertainty, exceed the unconditional MJO-
related mutual information shown in Fig. 4.

a) SPV — cold | seasonal driver state

SPV - cold | WQBO SPV - cold | EQBO SPV - cold | Nina SPV - cold | Nino SPV - cold | neut

= 5 a0 e 8
S e 2 P T e T 7
G C-L - - » Y
Ko NS 8
b ot s
2 &
2= o2
e
— ~ N \‘\ & “f‘ 3Q
) e B e
WS 2
P “— ,,:_” 1
0

b) MJO — cold | seasonal driver state

MJO - cold | WQBO MJO - cold | EQBO MJO - cold | Nina MJO - cold | Nino MJO - cold | neut

- 8

> ;j?::, ox vy . E‘J?‘WKE} B . ;;;F;—(; B > 7

= T g 2 DI 2 N g i
ey e i, ® e, e g
< = 4z
) . P - ; P 3= " = 32

AN &K 5 ] gL
bawe 8 SN b SN L FERE 2
’ : 2 % o/ 1

Figure 5: Seasonal modulation of subseasonal driver impacts on extreme events.
Additional reduction in uncertainty of cold and wet extremes due to conditioning on
seasonal driver states (WQBO, EQBO, La Nifa, El Nifio, ENSO-neutral), calculated as
the difference between conditional mutual information and unconditional mutual
information I(X, cold/Z=z) - I(X,cold) for a) SPV, and b) MJO. Note the larger colourbar
range compared to Fig. 3.

For the SPV, conditioning on a seasonal driver state adds very little information for wet
extremes (Fig. 6a), indicating that most of the seasonal influence is mediated through
SPV, with some regional enhancements, for example during ENSO-neutral winters.
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For the MJO, the magnitude of additional information for wet extremes is similar to that
for cold extremes, although spatial patterns are more fragmented (Fig. 6b).
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Figure 6: Same as Fig. 5 but for wet extremes.

Overall, while the unconditional mutual information between the SPV and extremes is
larger than that between the MJO and extremes (Fig. 4), the conditional mutual
information for the SPV appears mostly smaller (Fig. 5,6). This indicates that the effect
of the SPV is less strongly modulated by the seasonal drivers compared to the MJO,
which provides more distinct information on extremes when the seasonal drivers are
included as conditioning variables.

In summary, these results demonstrate that ENSO and QBO modulate the SPV- and
MJO-extreme weather relationships, supporting the hypothesis that slowly varying
drivers shape the effectiveness and predictability of subseasonal teleconnections over
Europe and the Mediterranean. More generally, such conditional analysis serves as a
diagnostic framework to identify periods of enhanced information transfer, thereby
highlighting windows of opportunity when and where predictive skill for extreme events
may be increased, as we further explore in the following.

Regional analysis on subseasonal-to-seasonal (S2S) timescales

Thus far, our analysis has focused on extreme events occurring in the following week
and conditioned on individual seasonal and subseasonal drivers. However, longer-
lived influences are particularly relevant, especially given the limited skill of operational
forecast models at S2S forecast times. We therefore extend the analysis to quantify
the information content of large-scale drivers on extremes up to six weeks ahead.

For clarity, we focus on the influence of the SPV and MJO on cold extremes over the
UK. This choice is broadly guided by earlier results (Figs. 4, 5) and motivated by
examining both a well-established relationship (SPV-UK cold) and a less-studied one
(MJO-UK cold), thereby providing new insights. The results are shown in Figure 7 as
a heat map of mutual information between subseasonal drivers and regional extremes
across lead times (x-axis) and conditioning levels (y-axis). To emphasize temporal
evolution, we show mean values based on bootstrapped samples. To account for
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uncertainty, we highlight cases where 75% of conditional mutual information values
exceed the mean unconditional mutual information (indicated by the black contoured
boxes).

For the SPV-UK cold relationship (Fig. 7a), we find non-zero mutual information across
lead times (see also Fig. 4 for the first seven days), gradually decreasing with
increasing lead time. Conditioning on seasonal states reveals periods of enhanced
information at S2S timescales, particularly during the first three weeks under La Nina
conditions and at longer leads during neutral ENSO. Conditioning on the easterly QBO
phase also adds information, consistent with earlier results (Fig. 5a). When
conditioning jointly on ENSO and QBO, elevated values emerge across most
combinations and lead times, indicating synergistic effects. The highest mutual
information occurs during easterly QBO and neutral ENSO conditions, substantially
exceeding the unconditional case.

For the MJO-UK cold relationship (Fig. 7b), unconditional mutual information is lower
than for the SPV, but conditioning on seasonal drivers leads to a consistent increase
across lead times. Conditioning on ENSO generally provides more information than
conditioning on the QBO alone, while the highest values arise when both are
considered jointly. This pattern persists across lead times. The strongest MJO-related
signal occurs during El Nifio combined with westerly QBO, although similarly elevated
values are found for easterly QBO and neutral ENSO. Overall, these results indicate
that MJO influences on European weather for up to six weeks ahead are strongly
modulated by the seasonal background state.

Repeating the analysis for Moroccan wet extremes yields qualitatively similar results
(Fig. S3); Conditioning on both ENSO and QBO enhances information relative to the
unconditional case, particularly for the MJO, where the signal remains strong across
lead times. In contrast, SPV variability shares more intrinsic information with extremes,
suggesting a more direct influence that is less dependent on seasonal modulation.
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Figure 7: Lead-time-dependent information content of subseasonal drivers for regional
extremes. Mutual information between (a) the SPV and UK cold extremes and (b) the

645 MJO and UK cold extremes for lead times up to 39 days, shown for different levels of
conditioning as indicated along the y-axis. Values represent bootstrapped mean
estimates (see Methods). Contours indicate that 75% of bootstrapped conditional
mutual information values exceed the mean unconditional mutual information (labeled
“None” in the first row in each panel) for the respective lead-time.
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From an S28S prediction perspective, periods of elevated mutual information highlight

potential windows of enhanced forecast skill. ENSO and QBO states are typically
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known or predictable at the start of the season, while subseasonal drivers can be
monitored and forecast throughout winter. Identifying conditions under which seasonal
drivers amplify subseasonal influences may therefore provide valuable guidance for
S28 forecasting.

We further argue that such periods of elevated mutual information provide a starting
point for more detailed dynamical investigation of associated large-scale circulation
structures, hence the mediating processes. As an illustrative example, we composite
mid-tropospheric circulation patterns, expressed as 500-hPa geopotential height
anomalies, averaged over the ten days after strong and weak SPV phases and
conditional on combinations of seasonal drivers, analogous to the analysis shown in
Figures 5 and 6 and similar to what was done in Osman et al. (2022). These
composites reveal distinct circulation responses across different background states.
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Figure 8: Composites of z600 anomalies (in metres) averaged over the 10 days after
a) strong SPV states and b) weak SPV states, for different combinations of ENSO and
QBO phases. The respective QBO and ENSO phases are indicated on the left and top
of the panels. The contours indicate the average z500 anomalies during strong SPV
(in a) and weak SPV (in b) without any seasonal conditioning. The sample sizes of
each combination is shown in Table 1 in the SI.
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For strong SPV states (Fig. 8a), the expected positive NAO-like pattern (see also
contours) emerges across almost all seasonal driver phases and is particularly
pronounced during neutral ENSO combined with an easterly QBO, consistent with the
high SPV-cold mutual information for this phase combination (Fig. 7a). However, under
El Nifio conditions together with a westerly QBO, the circulation response exhibits a
partly opposite-sign pattern, characterized by positive 500-hPa height anomalies south
of Greenland and negative pressure anomalies over the subtropical North Atlantic. This
pattern strongly projects onto the combined responses to El Nifio and westerly QBO
mean states (see Fig. S4), which appears sufficiently strong to suppress the canonical
circulation response typically associated with strong SPV events. Note that this
appears partly in contrast to the hypothesis that the prevailing synoptic-type weather
regimes control the downward propagation of stratospheric anomalies (e.g., Domeisen
et al. 2020). For weak SPV phases, the different configurations project onto a negative
NAO-like pattern, consistent with expectations, albeit with variations in amplitude and
spatial structure. In particular, a diluted signal given La Nifa and westerly QBO is
present, which explains the higher mutual information for this combination (Fig. 7a).
Together, these analyses show that the enhanced mutual information of SPV and MJO
for UK cold extremes given seasonal driver states (Fig. 7) can be explained through
modulations of the North Atlantic atmospheric circulation, making the former a useful
diagnostic to analyse pattern modifications. A comprehensive investigation of these
pathways and modulation processes is beyond the scope of the present study but
represents an important avenue for future research.

Summary and Conclusions

In this work, we apply (conditional) mutual information, a well-established non-
parametric measure of statistical dependence, to quantify the influence of subseasonal
and seasonal teleconnection drivers on cold and wet winter extremes across Europe
and North Africa (Fig. 4). We show that the seasonal drivers El Nino—Southern
Oscillation (ENSO) and Quasi-Biennial Oscillation (QBO) not only modulate the
frequency of the subseasonal drivers Madden—Julian Oscillation (MJO) and
Stratospheric Polar Vortex (SPV) (Fig. 3), but also alter their impact on surface weather
extremes (Figs. 56). These modulating effects can persist across S2S timescales (Fig.
7), revealing periods of enhanced predictability of extremes arising from
teleconnections. This, in turn, highlights potential windows of opportunity for prediction
and provides a basis for investigating the underlying dynamical pathways (Fig. 8).

Our analysis is grounded in a causal network framework (Fig. 1a), which summarizes
the assumed causal relationships and guides the statistical analysis (Kretschmer et
al., 2021). Although mutual information is inherently symmetric, we argue that the
chosen temporal resolution and the inclusion of time lags (Fig. 1b) support a causal
interpretation. Due to limited sample sizes, we neglect potential linkages between the
MJO and the SPV (Barnes et al. 2019). For the seasonal drivers, we adopt a
classification based on the winter-mean state, which introduces some information
leakage. However, we consider this choice justified in a predictive context, as ENSO
and QBO phases are typically well predictable at the beginning of winter. From an
operational prediction perspective it is further interesting to consider how the effect of
a seasonal driver (which can be seen as a prior for the season) is changed when
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knowledge becomes available of a subseasonal driver. This is relevant for emerging
seamless prediction systems in which longer-term forecasts are updated with shorter-
term ones to address a range of climate-sensitive decisions (Goddard et al. 2014).

Here, we restrict our analysis to commonly used definitions of teleconnection states
and extreme events to balance robustness and sample size. We note that our effect
estimates will be sensitive to how teleconnection drivers are defined, including the
choice of spatial domains and categorical thresholds, as is the case for all measures
of association. For example, representing the QBO with only two phases (westerly and
easterly) ensures sufficiently large sample sizes but neglects its vertical structure and
associated dynamical differences (Shen et al. 2025). Optimizing such choices to
maximize signal strength constitutes a separate line of research (DelSole and Tippett
2007). In addition, we acknowledge the growing body of work on learning (causal)
representations of teleconnection drivers directly from data as an important research
direction, which may yield more tailored and informative driver definitions for specific
target variables (Bommer et al. 2025; Kretschmer et al. 2017; Spuler et al. 2025).

Our analysis focuses on the observational record, using ERA5 reanalysis data. Future
work should extend this framework to assess the representation of teleconnections in
S2S prediction systems and climate models, both as a diagnostic and as a tool to
identify windows of opportunity for enhanced predictability. The proposed diagnostics
are particularly well suited to this purpose, as they enable rapid and flexible
comparisons of teleconnection strength across multiple dimensions. Depending on the
application, different aspects can be emphasized, such as the overall teleconnection
strength (Fig. 3), the spatial relevance of teleconnections for specific extremes (Figs.
4-6), or variability across timescales (Fig. 7).

The framework thus complements approaches such as the “Sensitivities To the
Remote Influence of Periodic Event (STRIPES)” method (Jenney et al. 2019), which
relies on periodic behaviour in the variables considered. It can also be combined with
“forensic” frameworks to assess teleconnection representations in climate models,
providing a nonlinear estimate of causal effects (Shen et al. 2024).

Overall, we argue that combining information theory with causal reasoning provides a
powerful and generalizable framework to quantify the strength of teleconnection
signals. This approach condenses the multivariate information content of categorical
variables in a single interpretable metric, while allowing decomposition into individual
contributions and user-defined sets of predictors and target variables. By bridging
physics-guided causal inference and data-driven information theory, our study
advances a more systematic quantification of teleconnection influences and their
relevance for extreme-event predictability on subseasonal to seasonal timescales.
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