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Understanding the European energy crisis
through structural causal models

Sarah Schreyer 1,2,6, Anton Tausendfreund 1,2,6, Florian Immig 3,6,
Ulrich Oberhofer 3,6, Julius Trebbien 1,2, Aaron Praktiknjo 4,5,
Benjamin Schäfer 3 & Dirk Witthaut 1,2,5

Natural gas supplies in Europe were disrupted and energy prices soared in the
context of Russia’s invasionofUkraine. Electricity prices in France experienced
the largest relative increase among European countries, even though the share
of natural gas in the electricity mix is small compared to its neighbours. In this
article, we demonstrate the importance of causal statistical methods and
propose causal graphs to investigate the French and Spanish electricity mar-
kets and pinpoint key influencing factors on electricity prices and net exports.
We demonstrate that a causal approach resolves paradoxical results of simple
correlation studies and enables a quantitative analysis of indirect causal effects
and what-if scenarios. We introduce a linear structural causal model as well as
non-linear tree-based machine learning combined with Shapley Flow values.
The models elucidate the interplay of gas prices and the unavailability of
nuclear power plants during the energy crisis as the high unavailability made
France dependent on imports.

The European energy system is dependent on imports of natural gas
and other fossil fuels1,2. Natural gas supplies were disrupted in the
context of the Russian invasion of Ukraine, as major pipelines pass
through Ukraine, and Russia shut down the Nord Stream1 pipeline in
July 20223. Market prices for natural gas and electricity spiked across
Europe, with gas prices peaking at 330 EUR/MWh (Fig. 1a). As a result,
energy prices and energy security have becomedominant issues in the
political debate across Europe4. Many countries have lowered energy
taxes5 and increased efforts to reduce consumption6. The European
Union adopted measures to reduce import dependency from Russia
and promote the security of supply7,8.

Notably, electricitymarkets were affected quite differently during
the crisis9: The relative price increase was lowest in Poland and the
northern parts of Norway, while a strong relative increase in prices was
observed in Norway’s southernmost bidding zone NO2 and in France.
In both regions, electricity market prices increased by almost a factor
of four (Fig. 1b). This is very surprising as natural gas plays only a

limited role in electricity generation in both countries. In France,
baseload generation relies primarily on nuclear power, while in Nor-
way, it is mainly covered by hydroelectric power10. So what caused the
drastic increase in electricity prices? Why were France and Norway
affected so strongly, despite comparatively low natural gas use in their
electricity systems?

In general, debates about the future energy system remain highly
controversial, in particular with regard to the role of nuclear power
plants11,12 and renewable energy sources13,14. At their core, these
debates concern the consequences of concrete interventions, such as
capacity expansion, plant closures, or market regulation. Assessing
such consequences requires empirical evidence on how structural
changes propagate through electricity systems and affect market
outcomes. The increasing availability of detailed operational and
market data10 enables systematic analysis of such complex
interactions15,16. However, while predictive models and correlation
analyses can describe patterns, they do not by themselves identify the
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effects of interventions. To inform system design and policy choices,
causal explanations are required17.

In this article, we show the importance of a causal analysis of
electricitymarket data in the context of the European energy crisis.We
present two approaches based on causal graphs: linear structural
causal models18 and non-linear tree-basedmachine learning combined
with Shapley Flow values19. We focus primarily on the French day-
ahead (DA) electricity spot market and disentangle the role of rising
natural gas prices and problems with the nuclear fleet20, which
occurred coincidentally. Given France’s interconnection with the
Iberian Peninsula, we additionally examine cross-border effects on
prices in the Spanish day-ahead (DA) electricity spot market. Further-
more, we analyse indirect causal effects and quantify how weather
effects, such as river flow and temperature, affected load and nuclear
availability and therebyprices andexport capacities in France. Building
upon this analysis,weuse ourmodel to examine selectedwhat-if cases.
Although the onset of the energy crisis spans a period of time, we fix
October 1, 2021, as a reference date and compare the periods before
and after (see Methods).

Results
Correlation and causality in electricity markets
The French electricity system ismainly based on nuclear power, with a
share of more than 65% in the yearly electricity mix before the energy
crisis10. In 2022 and 2023, several plants were out of operation due to
delayed maintenance, corrosion problems or lack of cooling water20.
As a result, nuclear availability reached historically low levels during
the energy crisis. Approximately half of the nuclear power plants were
not available in summer 2022, and the availability occasionally drop-
ped below 30GW (Fig. 1a). It is therefore plausible that problems with
the nuclear fleet were a major contributor to rising electricity prices.
These problemswere specific to the French electricity system andmay
explain why France was more affected than neighbouring countries.

However, empirical validation of this hypothesis is not straight-
forward. A naive data analysis shows that the correlation between

electricity market prices and nuclear availability is positive (Fig. 2b).
That is, the price appears to increase with the availability of nuclear
power and thus with higher supply, counterintuitive to economic laws.
To resolve this paradox, we need to distinguish causal effects from
mere correlations. The French electricity system is subject to strong
seasonal effects that lead to confounding: The load, and thus the
demand, is significantly higher in the winter than in the summer, and
high electricity prices typically occur in winter (see Supplementary
Fig. 1 and Supplementary Note 1). Hence, revisions take placemostly in
the summer where both demand and electricity prices are lowest, and
thus the opportunity costs for unavailability are lowest. Therefore, the
observed positive correlation between electricity price and nuclear
availability does not necessarily indicate a causal effect.

This situation is illustrated in Fig. 2a, b, where arrows represent
hypothesised causal effects. The relationship between nuclear avail-
ability and electricity market prices is governed by two paths: (i) a
direct causal effect of availability on prices, consistent with the law
of supply, whereby higher available capacity tends to reduce prices,
and (ii) an indirect path via expected and realised load. Expected
load influences planned outages, as maintenance is typically
scheduled during periods of forecasted low demand and low prices.
At the same time, expected load strongly predicts the realised
day-ahead load, which in turn affects prices. Expected load, therefore,
acts as a confounder: periods of high expected load are associatedwith
both higher nuclear availability and higher prices. This induces a
positive correlation between availability and price, even though the
direct causal effect of additional nuclear supply would reduce
prices (Fig. 2c).

To estimate the causal effect of nuclear availability on the elec-
tricity market prices, the spurious path through load needs to be
accounted for. One transparent way to do so is to divide the data into
groups with similar realised load L. Within each group, we observe a
negative relationship between electricity market price and nuclear
availability (Fig. 2d). Once the confounding effect of load is controlled
for, the relationship aligns with the law of supply and demand.

Fig. 1 | The European energy crisis. a Energy prices soared in connection to the
Russian invasion of Ukraine. Here, we show gas prices from the Dutch TTF daily
future market as well as capped gas prices under the Iberian exception and elec-
tricity prices from the day-ahead spot markets in the bidding zones France (FR),
Germany-Luxembourg (DE-LU), Spain (ES) and Italy North (IT-North) averaged
weekly on a logarithmic scale. In France, the available nuclear power dropped to
very low values during the crisis due to urgent revisions. Prices increased well
before the invasion; here we define October 1 (dashed line) as the beginning of the

energy crisis. b The share of natural gas in the electricity mix differs strongly
between European countries. Data were taken from before the crisis (year 2020).
c Relative increase of electricitymarket prices in the different bidding zones. Prices
in France and Southern Norway increased by a factor of approximately four,
although the contribution of natural gas is negligible in these countries. Raw data
has been obtained from LSEG43, ENTSO-E10 and Eurostat42 (seeMethods for details).
ENTSO-E bidding zone geometries were accessed using the entsoe-py package35.
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A similar pattern is observed for French net exports, defined as
the difference between exports and imports. The raw data shows a
negative correlation to the available nuclear capacity. After accounting
for the confounding factor, we observe a positive correlation as
expected (Fig. 2e, f).

The above example shows that advanced statistical methods are
needed in the empirical analysis of electricitymarkets. Inparticular, we
need methods of causal inference to deal with confounders and to
distinguish correlations from causal effects. In what follows, we turn to
structural causal models for quantitative analysis.

A structural causal model for electricity market prices and
exports
We propose a structural causal model (SCM) to analyse influences
on the electricity market prices in France and Spain and net
exports of France during the energy crisis (Fig. 3). The starting
point is the formulation of a causal graph, where each variable of
interest Xi is described by a node18. A potential causal interaction of
two variables is described by a directed edge. We construct this
graph for prices and net exports based on domain knowledge in
the following.

The electricity market price and net exports are mainly affected
by load, renewable generation, availability of other plants or
filling rate of hydro storage, as well as prices for natural gas and
carbon emissions21,22. To capture cross-border effects, we also
include the residual load and nuclear availability of neighbouring
countries; this will be discussed in detail below. The feature vari-
ables themselves depend on calendrical and meteorological
variables.

In an SCM, each variable Xi is described by a structural equation
Xi ≔ fi(PAi, Ui), where PAi is the set of parents of Xi in the causal graph
and Ui describes unobserved variables. Restricting ourselves to linear
equations enables a straightforward interpretation of the results. The

structural equations simplify to

Xi : =
X

j2parentsðiÞ
cijX j +Ui, ð1Þ

where the structural coefficient cij describes the direct causal effect of
the variable Xj on the variable Xi. We emphasise that although we use
regression to infer structural coefficients, these coefficients are not
identical to ordinary regression coefficients. Structural coefficients
assume causation, regression coefficients do not18. The linear formula-
tion enables a transparent and interpretable quantification of direct
causal effects. To assess potential non-linearities and indirect effects, we
complement this analysis with a Shapley Flow approach below.

We fit the proposed linear SCM to French and Spanish data cov-
ering the period 2018–2023. For electricity market prices, the models
achieve R2 scores of 0.92 and 0.91, respectively (Supplementary
Tab. 1), indicating strong explanatory power. In contrast, the R2 values
for intermediate variables vary substantially (Supplementary Fig. 3).
Lower values suggest either limitations of the linear approximation or
the presence of relevant exogenous drivers not included in themodel.
For example, wind power generation is largely determined by synoptic
meteorological conditions that are not explicitly modelled.

The resulting structural coefficients are shown in Fig. 4, scaled by
the respective standard deviations; unscaled coefficients are provided
in Supplementary Fig. 2. To capture the roleof eachvariableduring the
energy crisis, we also plot the quantity

cijΔXj = cij X j

D E
during

� Xj

D E
before

� �
, ð2Þ

where Xj

D E
before=during

denotes the average of the respective variable

before and during the crisis. This variable quantifies how a change in

Fig. 2 | Simpson’s paradox in the French electricity market. a Graphical repre-
sentation of the relation of the available nuclear capacity and the electricity market
price, where causal effects are representedby arrows.Here, we ignore confounding
effects. b In a modifiedmodel, we include confounding via the expected load, that
affects both the actual day-ahead load and the nuclear availability via outage
planning. c Relation of the available nuclear capacity and the electricity market
price. The price seemingly increases with the capacity, counterintuitive to eco-
nomic laws. The Pearson correlation is positive (see legend), a linear fit (solid line) is
shown to facilitate interpretation. d The paradox is resolved if we adjust for

confounding by splitting the time series into four groups according to the load L.
The correlationcoefficient is negative for all groups (see legend). eAsimilar pattern
is observed for the net exports, i.e., the difference of electricity exports and
imports. For the entire dataset, the correlation is negative (see legend), contrary to
expectations. f Splitting the data to four groups according to the load L yields a
positive correlation as expected (see legend).Here,weuse data from 1April 2018 to
1 April 2020 only to exclude the impacts of the energy crisis. Every data point
corresponds to one hour.
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the variable Xj during the energy crisis causally affected the variable Xi
on average.

We find that the natural gas price is the most important variable
affecting electricity market prices in both France and Spain. In the
following, we focus on France and return to the Spanish market when
discussing cross-border effects.

In the model for French electricity prices, nuclear availability
ranks second in importance, albeit at amuch smaller scale than the gas
price. While its direct effect on prices is limited, it plays an important
structural role by shaping France’s position in cross-border trade, as
discussed below.

The importance of the gas price is not generally unexpected: In
many electricity markets, gas-fired power plants are the last to enter
the market according to the merit order principle23. Their bids,
therefore, determine the clearing price of the electricity spot market.
However, the result is surprising in this context as natural gas plays a
limited role in the French electricity market (Fig. 1b). In particular, it
does not explain why Francewas affected stronger than its neighbours
during the energy crisis.

France has been a net exporter of electricity for decades. With
large parts of its nuclear fleet under revision, France could no longer
maintain these exports and became a net importer in 20229. In the
same year, the share of natural gas in the electricity mix increased
strongly (Supplementary Fig. 5). The crucial role of nuclear availability
for cross-border trading is confirmed by our structural causal model
(Fig. 4d). We find that the difference in nuclear availability before and
during the crisis essentially determines the sharp fall in France’s net
exports. In periods of high nuclear availability, domestic generation
typically exceeds demand, and France exports electricity. When
nuclear availability is low, imports and gas-fired power plants are often
needed to meet demand and therefore play a decisive role in setting
the market-clearing price.

Cross-border trade is closely linked to differences in electricity
market prices. The European market coupling algorithm EUPHEMIA
generally increases exports to neighbouring countries when prices are
lower and transmission capacity is available9,24. The sharp fall in French
net exports is thus associated with a reversal of price differences with
respect to Germany, Belgium and Spain (Supplementary Fig. 6).
Reduced nuclear availability strengthened price alignment with

neighbouring markets and increased the relevance of gas-based price
formation for the French market.

The sharp rise in French electricity market prices can thus be
understood as the interaction of two factors20. Reduced nuclear
availability increased France’s reliance on imports and gas-fired gen-
eration, while rising gas prices elevated themarginal cost of electricity
across interconnected European markets. It must be emphasised that
the situation in the French electricity system could have been much
more severe without the option to compensate lacking domestic
generation by imports. European cooperation contributed to France’s
security of supply.

Cross-border effects
We now turn to cross-border effects and examine how developments
in one national electricity system influence electricity market prices in
the other. In the SCMs for France and Spain, we therefore include the
nuclear availability of the respective neighbouring country. Further-
more, we include the residual load, i.e., the difference between load
and renewable generation, for all neighbouring bidding zones that are
part of the single day-ahead market coupling25.

For the Spanish electricity market price, the most important dri-
ver during the energy crisis is again the natural gas price, as discussed
above. The second most important factor is the nuclear availability of
France (Fig. 4c). This highlights how relevant cross-border effects can
be for electricity price formation.

In contrast, the effect of Spanish nuclear availability on French
electricity market prices and net exports is negligible in aggregate
terms. Although the estimated cross-border structural coefficients are
of similar magnitude (Supplementary Fig. 2), the aggregate impact
differs substantially. Spain’s nuclear generation capacity is con-
siderably smaller and did not experience a comparable reduction
during the crisis. Consequently, variations in Spanish nuclear avail-
ability were too limited to generate a sizable effect on the French
market.

Cross-border influences are also reflected in residual load vari-
ables. In the model for Spanish electricity market prices, the residual
load of France ranks sixth in terms of the scaled structural coefficient
cXσX (Fig. 4c). Notably, its contribution exceeds that of Spanish run-of-
river generation and the carbon price. In contrast, Spanish residual

Fig. 3 | Structural causal model (SCM) for the French and Spanish electricity
market.We propose a causal graph for the analysis of electricity prices and net
exports. Boxes represent calendrical, meteorological and energy system variables
included in our analysis (see main text for details). Variables with the same neigh-
bours in the causal graph are grouped for the sake of clarity. Arrows indicate

potential causal interactions between two variables. Most variables depend on the
year; these are marked by a blue background for clarity. We use the abbrevia-
tions SSRD for surface solar radiationdownwards, ROR for run-of-river hydropower
and RL for the residual load, i.e., load minus non-dispatchable generation.
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load plays only a minor role in the French model. This asymmetry
mirrors the relative size of the two systems and France’s traditional
role as a major exporter of electricity.

Overall, the results show that shocks to the French nuclear gen-
eration fleet propagated to Spain, demonstrating how interconnected
electricity markets transmit price effects across borders.

Quantifying non-linear and indirect effects via Shapley Flow
Linear SCMs are inherently transparent, but they cannot account for
non-linear relationships in the data. Therefore, we complement our
analysis with a Gradient Boosted Tree (GBT)model, which can account
for arbitrary, potentially complex relationships. For several inter-
mediate variables, this results in a marked improvement in predictive
performance compared to the linear SCM, indicatingpronouncednon-
linear behaviour (Supplementary Fig. 4).While GBTs are not inherently
transparent, we obtain efficient ex-post explanations of the model
using SHapley Additive exPlanations (SHAP)26. Since standard SHAP
values do not include causal knowledge, we utilise the Shapley Flow
extension19, which explains the model in terms of a causal graph (see
Methods).

Combining a causal graph with a GBT model provides further
insights into the causal flow (Fig. 5). We focus again on France, while
results for Spain are provided in Supplementary Fig. 7. Shapley Flow
values are interpreted from right (target and leaf of the causal graph)
to left (roots of the causal graph). For the electricity market price, we
observe that the gas price has the strongest direct effect, with load and
nuclear availability ranking second and third. For the net exports, day-
ahead load and nuclear availability have the largest direct effect on the
target. This is consistentwith our domain understanding and the linear
SCMs (Fig. 4a, b).

Moving to the left, and thereby closer to the root nodes, we note
how the load itself is influenced by calendrical features and the air

temperature feature in both the price and the export models. Electric
heating plays a major role in France, contributing to a temperature-
dependence of the load27. The othermain directly relevant feature, the
nuclear availability, is mostly affected by calendrical features and the
river temperature, again in both models. The dependence on calend-
rical features accounts for seasonal effects and the decreaseduring the
energy crisis. The dependence on river temperature is consistent with
our domain understanding: High river temperatures limit the cap-
ability of thermal power plants to cool and hence generate electricity.
This consistency with physical and operational knowledge provides
additional confidence in themodel and supports its use for the what-if
analyses presented in the next section.

Indirect causal effects of temperature and river flow
Shapley Flow values explain the non-linear dependencies learned by
the model and allow us to disentangle direct and indirect effects,
as shown in Fig. 6. Based on the insights of the flows through the
causal graph (Fig. 5), we specifically follow the flows from air tem-
perature via the load, and the flows from river flow rate via run-of-
river hydro generation and nuclear availability. We emphasize tha-
t, in Shapley Flow values, indirect effects propagated through
intermediate nodes are still attributed with respect to the
target value.

The direct effect of load on both targets is approximately linear,
whereas the indirect effect of air temperature via load is strongly non-
linear (Fig. 6d, j). At low temperatures, electricity market prices
decrease, and exports increase as air temperature rises. This reflects
the role of electric heating in France, where electricity demand
declines with increasing temperature. The dependence saturates for
temperatures above 10∘C, when heating demand becomes negligible.
For temperatures exceeding 20∘C, the relationship reverses, likely due
to additional electricity demand from air conditioning.

Fig. 4 | Results of the SCMs for the French and Spanish electricity market.
Results are shown for (a, d) the electricity market prices of France, (b, e) the net
exports of France and (c, f) the electricity market prices of Spain. a–c Structural
coefficients cij of the SCM normalised by the standard deviation σj of the predictor
variable to enable comparability. d–f Structural coefficients cij multiplied by the
averagedifferenceof the variablebefore andduring the energy crisisΔXj asdefined

in Eq. (2). This quantitymeasures the impact of changes in the predictor variable on
the respective target. For the electricity market prices of France and Spain, the
increase of the gas price has the strongest impact, with more than + 110 EUR/MWh
and + 65 EUR/MWh, respectively. For the net exports of France, the decrease of the
nuclear availability had the strongest impact with − 5.6 GW.

Article https://doi.org/10.1038/s41467-026-75433-7

Nature Communications |         (2026) 17:6539 5

www.nature.com/naturecommunications


River flow affects electricity markets through multiple channels,
most prominently ROR hydropower generation and the availability of
cooling water for nuclear plants. In recent years, French power plants
have repeatedly faced operating restrictions during hot and dry sum-
mers due to insufficient cooling water28. Climate projections suggest
that precipitation and river flows in France may decline under con-
tinued high greenhouse gas emissions29. Model-based studies have
quantified the potential impact on thermoelectric and hydropower
generation30,31. Here, we provide an empirical analysis of the impact of
river flows on electricity market prices.

The direct effects of ROR generation and nuclear availability on
electricity market prices and net exports are weakly non-linear. In
contrast, the indirect effects of river flow exhibit pronounced non-
linearities. Along the pathway via ROR generation, prices increase, and
exports decrease as river flow falls, particularly below 500m3/s
(Fig. 6e, k). This reflects a regime of water scarcity, where hydropower
output is constrained by limited water availability. The effect saturates
once river flow becomes abundant.

Non-linear effects are even more pronounced along the pathway
via nuclear availability, but are concentrated at very low river flow
levels (Fig. 6f, l). In these rare situations, nuclear generation is curtailed

due to insufficient cooling water, leading to substantial effects on
electricity market prices and net exports. Overall, the nuclear pathway
is less frequent and largely confined to exceptional conditions,
whereas the RORpathwayoperates over a broader range of flow levels.
Nevertheless, both mechanisms are of comparable magnitude and
should both be considered when assessing the impact of climatic
conditions on electricitymarkets. We present a sub-graph of the entire
causal graph, providing additional details on the effects of the
meteorological variables in Supplementary Fig. 9.

Summarising, GBT models with Shapley Flow provide additional
insights and consistency checks.Wefind that the relations of the target
and its parents in the causal graph are mostly linear, confirming the
insights from the linear SCM. In contrast, Shapley Flow values reveal
strongly non-linear indirect effects, as demonstrated for the tem-
perature and the river flow rate. Notably, this analysis is not possible
with linear SCMs or ordinary SHAP values19.

What-if scenarios
Next, we turn from the ex-post analysis of data and models to pre-
dictions. Our previous analysis of the GBT models with Shapley Flow
values confirmed that they not only display good model accuracy but

Fig. 5 | Tracking feature impact through the causal graph with Shapley Flow.
Mean absolute Shapley Flow values explain the non-linear GBTmodels for electricity
market prices (a) and net exports (b) of France. In contrast to the causal graph shown
inFig. 3, only the25most important edgesare shown forclarity. Theedgeattributions

quantify howagiven featuredirectlyor indirectly influences the targetprediction and
is given in EUR/MWh for theprice and inMWfor the net exports. The colour indicates
apositive (grey) or negative (red) correlationcoefficient betweenShapley Flowvalues
on the respective edge and the feature value of the starting node.
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also learned relationships that are consistent with our domain under-
standing. We use these validated models to consider hypothetical
interventions during the energy crisis. Two historic facts inspire our
research: First, the Spanish government introduced a gas price cap in
June 2022 to limit the burden of high energy costs. Second, the avail-
ability of French nuclear reactors was at historically low values in 2022,
as discussed in detail above.

What would have happened if the Spanish government had not
enacted a gas price cap, as they did from June 2022 to February
202332,33? To address this question, we let the GBT model predict the
electricity market price in Spain while assuming that there was no gas
price cap. That is, we replace the actual Spanish gas prices by uncapped
market prices in the model input for the period from 15 June, 2022, to
28 February, 2023. In this hypothetical scenario, we observe a strong
increase in the electricity market price prediction in comparison to the
actual price (Fig. 7a).We further comparemodel predictionswith actual
gas prices and hypothetical uncapped gas prices in the input in Fig. 7b.
For the time period of approximately eightmonths, we observe that the
electricity market price predictions average to 123.94 EUR/MWh and
195.08 EUR/MWh, respectively. That is, the gas price cap corresponds
to a reduction of average electricity market prices of 71.14 EUR/MWh or
approximately 36.5%. These values closely match estimates from a

mechanistic market model, where the hypothetical scenario was
included by distorting the actual supply curves, yielding a reduction by
67.61 EUR/MWh 32. Finally, we compare the differences in model pre-
diction to the differences in the model input in Fig. 7b. We observe a
very strong agreement until December 2022, and a clear but weaker
correlation afterwards. The decrease in correlations in the second
periodmay be attributed to increased nuclear generation in France and
unusually warm weather32. We conclude that the Spanish government’s
intervention was successful in limiting electricity market price peaks.

What would have happened if the French nuclear fleet had not
suffered exceptionally low availability in 2022? To address this ques-
tion, we consider a hypothetical scenario where nuclear availability
washigher by 10GW, inspired by 10 reactors undergoingmaintenance.
That is, we increase the actual nuclear unavailability by 10GW in the
model input for the period from 1 January, 2022, to 31December, 2022.
In this hypothetical scenario, we observe consistently lower electricity
market price predictions in comparison to the actual price (Fig. 7c), but
extreme price peaks persist. We further compare model predictions
with actual nuclear availability and hypothetical increased nuclear
availability as inputs in Fig. 7d. The electricitymarket price predictions
average to 278.28 EUR/MWhand247.10 EUR/MWh, respectively, with a
difference of 31.18 EUR/MWh. The difference peaks between July and

Fig. 6 | Shapley Flow analysis reveals direct and indirect non-linear depen-
dencies. a–c Shapley Flow dependencies plots for direct effects in the model for
the French electricity market price. d–f Shapley Flow dependencies plots for
indirect effects on the electricity market price. Air temperature via load, river flow
rate via ROR generation and river flow rate via nuclear availability. The value of the

intermediate variable is colour-coded. g–i Shapley Flow dependencies plots for
direct effect in the model for the French net exports. j–l Shapley Flow dependen-
cies plots for indirect effects on the net exports. Indirect effects are strongly non-
linear.
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September, when the nuclear availability was temporarily below 30
GW, see Fig. 7d. In thisperiod, differences reachmaximumvalues up to
278.13 EUR/MWh for a single hour and up to 167.27 EUR/MWh for the
daily average.

We conclude that the impact of additional nuclear availability
would have varied substantially over the course of 2022. The effect
would have been strongest during the summer, when the French
nuclear fleet reached historically low availability levels. This finding is
consistent with our earlier analysis. In our dependency analysis, we
record the largest Shapley flow values when nuclear availability drops
below 35GW, see Fig. 6. Hence, an increase in nuclear availability
would have had the largest impact during periods when it would have
been sufficient to fully replace gas-fired generation and imports.
However, during many hours of operation, gas-fired plants and
imports continued to play a decisive role even if additional nuclear
generation would have been available. Consequently, averaged over
the year 2022, an additional 10GW of nuclear availability would have
reduced electricity prices by approximately 31.18 EUR/MWh, or 11.2%,
reflecting a limited aggregated effect.

Finally, we note that we used the GBTmodels to consider certain
non-observed feature combinations, such as a high nuclear availability
in summer. Such a procedure risks that themodels have to extrapolate
and hence display increased prediction errors. However, we have
sufficient training data with similar values in nuclear availability and
gas price, respectively, see Supplementary Fig. 10. Hence, our vali-
datedGBTmodels can be used to consider hypothetical interventional
scenarios to obtain quantitative insights.

Discussion
To inform political decisions, transparency and empirical verification
are essential in energy systems research34. In this article, we have
demonstrated the importance and perspectives of causal statistical
models in energy systems analysis. Simpson’s Paradox (Fig. 2) shows
that simple correlation studies can be highly misleading and thus
inadequate for empirical studies. Causal graphs resolve this paradox
and pave theway for causalmachine learningmodels.We have applied
suchmodels to the French and Spanish electricitymarkets, whichwere
severely affected during the European energy crisis.

We emphasise that the models of French and Spanish electricity
market prices and French net exports show good predictive perfor-
mance for their respective final targets, while the performance for
intermediate nodes varies between variables. We remark that this is

not crucial in the current setting because we mainly focus on the
results for the electricity market price and net exports.

We identify two main factors underlying the sharp rise in French
electricity market prices: reduced nuclear availability and the surge in
natural gas prices. With up to half of the nuclear fleet unavailable, elec-
tricity imports increased substantially and gas-fired generation played a
larger role in meeting domestic demand. As a consequence, electricity
market prices in France and its neighbouring countries often synchro-
nised, and gas-fired plants played a decisive role in setting the market-
clearing price. French electricity market prices were therefore highly
exposed to elevated gas prices, similar to its neighbours. Both the SCM
and the GBT analysis consistently identify thesemechanisms and enable
a quantitative assessment of their respective contributions.

Our analysis further highlights the importance of cross-border
interactions in interconnected electricity markets. We show that devel-
opments in the French nuclear fleet propagated to Spain and that cross-
border residual load effects contribute measurably to price formation.

Finally, the causal framework allows us to explore selectedwhat-if
scenarios in a structured manner. By modifying selected inputs in the
validated GBT model, we examined how electricity market prices
would have evolved in the absence of the Spanish gas price cap and
under higher nuclear availability in France. In thisway,weestimate that
the Spanish gas price cap reduced electricity market prices by an
average of 71.14 EUR/MWh, in close agreement with estimates from
mechanistic market models reported in the literature. The effect of
increased nuclear availability in France would have varied markedly
over time. During certain periods in the summer of 2022, an additional
10 GW would have been sufficient to replace gas-fired generation and
imports, leading to pronounced price reductions. However, overmost
of 2022, the impact would have remained limited.

Beyond our contributions to understanding the effects of the
energy crisis, we further advocate the usage of structural causal
models and causal explanations of machine learning models. These
tools provide causal insights into complex problems, as we often
encounter them in the energy system. Moving forward, our methods,
both linear SCMs and non-linear GBTs, could be applied to other
countries, assuming sufficient data is available.

Methods
Data sources and pre-processing
Time series data on day-ahead wind generation, day-ahead solar gen-
eration, day-ahead load, actual run-of-river and poundage (ROR)

Fig. 7 | What-if Scenarios for day-ahead (DA) electricity market prices during
the European energy crisis. a Actual electricity market prices in Spain are com-
pared to model predictions for a hypothetical scenario where Spain did not
establish a gas price cap. b Difference in model predictions of the Spanish elec-
tricity market price (black line) using either the actual capped gas prices or the
hypothetical uncapped gas price. This is compared to the difference of

the uncapped and capped gas price (blue line). cActual electricitymarket prices in
France are compared to model predictions for a hypothetical scenario where
nuclear availability was 10 GW higher. d Difference in model predictions of the
French electricity market price (black line) using either the actual nuclear avail-
ability or the hypotheticalhigher availability. This is compared to the actual nuclear
availability. In all panels, we plot daily averages for the sake of clarity.
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generation, installed nuclear capacity, filling rate of hydro storage,
scheduled commercial exchange and day-ahead electricity prices were
obtained from the ENTSO-E transparency platform10. The data was
retrieved using the ENTSO-E restful API using the open source Python
package entsoe-py35 as well as partly manually downloaded. We
included the residual load of neighbouring countries who participate
in the Single Day-Ahead Coupling (SDAC) of electricity markets
throughout the period of our study25. Multiple bidding zone changes
occurred in Italy, and concerning the bidding zones DE-AT-LU and DE-
LU, which were considered as described in the Supplementary Meth-
ods. The aggregated net exports were calculated using the total
scheduled exchange considering all neighbours. In addition, Spain has
the neighboursMorocco and Andorra. Data of these exchanges can be
found using the API of Red Électrica36. RTE37 provides data on nuclear
unavailability in the case of France andwas pre-processed as described
in the Supplement. The nuclear availability is obtained by subtracting
the unavailable nuclear capacity from the total installed nuclear
capacity provided by ENTSO-E. In the case of Spain, ESIOS of Red
Électrica38 provides data on nuclear availability directly.

In this work, the European Union emission trading system allow-
ance price (EU ETS)39 is referred to as the carbon price. The World
BankGroup40 provides the EUETSallowanceprice inUS$/tCO2e,which
was converted to EUR/tCO2e at a fixed exchange rate of 0.93 EUR/US$
on 7 May 202441.

Data on the share of natural gas in the electricity mix and the
dependencyon Russian gas imports are available at Eurostat42. The gas
price data for France was obtained from the TTF daily futures43.
Missing daily gas prices were interpolated. Raw data was converted
from US$ to EUR using the aforementioned exchange rate. The gas
price of Spain was calculated using the MIBGAS gas prices44 and cap-
ping them according to the Iberian exception as described by the
European Commission45.

Weather data, including surface solar radiation downwards, wind
speed at 100 m and air temperature at 2m is provided by ERA546,47,
mean values were calculated by averaging over larger areas, including
France and Spain, respectively (Supplementary Fig. 11). The API
Hub’Eau48 provides hourly data of river temperatures and daily data of
river flow rates in France. Mean river flow and river temperature were
averaged, while only considering rivers near nuclear power plants
(see SupplementaryMethods for details). In the case of Spain, the river
flow and temperatures of the river Ebro were gathered from SAIH
Ebro49.

The binary variable “Is working day?”of the linear causalmodels is
True for working days. Data on French public holidays was gathered
from ref. 50, and Spanish data from ref.51. The cyclical variables “day of
year” and “hour of day” are parameterised by sinus and cosine func-
tions. To be able to compare the periods before and during the Eur-
opean energy crisis, we must set a reference date for the beginning.
Here we choose October 2021, the first month in which the average
price in France was significantly higher (> 170 EUR/MWh) than the
average price of the previous year (64 EUR/MWh).

Implementation of SCMs
We use the DoWhy Python package52,53 to perform the causal analysis.
First, a causal model is created based on the causal graph shown in
Fig. 3. The corresponding graph is implemented with the Networkx
Python package54.

Then, a structural causal model is created by assigning a causal
mechanism to every node. Within the model, root nodes are assumed
not to be caused by anything. They are thus assigned an empirical
distribution sampled from the normalised data. To non-root nodes, a
linear regression model with additive noise is assigned, where the
noise accounts for unobserved variables. The model is fitted to the
normalised data. Model evaluation results are discussed in Supple-
mentary Note 2.

The data is normalised by subtracting the mean and dividing by
the standard deviation of each variable to ensure numerical stability
during fitting. The normalised data is thus given by

Xj, norm = Xj � Xj

D E� ��
σXj

: ð3Þ

The structural coefficients resulting from the fitting are then denor-
malised after fitting. This is achieved by multiplying by the standard
deviation

cij = cij, norm � σXi

σXj

: ð4Þ

GBT models
For the GBT models, we use the XGBoost Python package55. For each
intermediate node as well as for the target nodes of the causal graph, a
GBTmodel is trained,whichuses theparent node features as inputs. The
GBTmodels for the targets are further used for the what-if scenarios. In
order to find the best hyperparameters for training the gradient boost-
ing trees, we carry out a random search. Further, themodels are trained
on 80 percent of the data while the remaining 20 percent is used for
testing. To prevent overfitting and data leakage, the time series data is
split in the following way into test and train sets: all data points are
grouped into one-day intervals, and each interval is randomly assigned
to the test or train set according to the 80 percent split percentage.

Shapley Flow
SHapley Additive exPlanations (SHAP)26 is one of themost widely used
approaches for explaining machine learning models and is based on
Shapley values from cooperative game theory56, which distribute the
total gain of a game fairly among players according to their individual
contributions. SHAP values attribute a model prediction to the input
features by quantifying theirmarginal contributions across all possible
feature coalitions. These attributions satisfy several desirable axio-
matic properties, including efficiency, linearity, and the null-player
property. However, standard SHAP treats features as independent
players and therefore does not explicitly account for causal depen-
dencies between variables.

SHAP values ϕi(x) of the feature i are calculated as follows:

ϕiðxÞ=
X

S�Vnfig

jSj! ðjV j � jSj � 1Þ!
jV j! f xS∪ fig

� �� f ðxSÞ
	 


where f denotes the model output function, V the set of all input
features, and x an input instance. Furthermore, f(xS) represents the
expected model output conditioned on the features contained in
subset S.

Shapley Flow extends the SHAP framework to settings where
dependencies between features are explicitly modelled via a directed
causal graph19. Instead of attributing the prediction directly to fea-
tures, Shapley Flowassigns attribution values to the edges of the causal
graph, thus quantifying how predictive information propagates
through causal pathways. This allows the explanation to distinguish
between direct and indirect contributions and provides a more causal
interpretation of the model output.

A key concept of Shapley Flow is the explanation boundary, which
partitions the causal graph into an upstream and adownstreamregion.
For a given boundary, the model output is evaluated under a partial
activation of edges, where upstream variables take foreground values
and downstream variables take background values. The resulting
change in output quantifies the contribution associated with that
boundary. By averaging these contributions over all possible boundary
configurations according to the Shapley principle, attribution values
are obtained for individual edges in the graph.
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Shapley Flow assigns an attribution ϕe to each edge e ∈ E of the
causal graph G = (V, E) by estimating its expected marginal contribu-
tion over both graph traversal configurations and background sam-
ples. Given a foreground input x and a set of nb background samples
fxðjÞ

0 gnb

j = 1, the attribution is computed as a nested expectation,where the
inner expectation averages the marginal contribution Δeðπ, xðjÞ

0 Þ over
nruns randomly sampled graph traversal configurations π, and the
outer expectation averages over the background samples. In practice,
this is approximated via Monte Carlo sampling as

ϕe =
1

nbnruns

Xnb

j = 1

Xnruns

i = 1

Δeðπi, x
ðjÞ
0 Þ, ð5Þ

where Δe(π, x0) denotes the difference in themodel output when edge
e is added to the set of preceding edges in configuration π, evaluated
with respect to foreground input x and background input x0. In our
experiments, we use 1000 foreground samples, nb = 96 background
samples, and nruns = 750 graph configuration samples.

A graph configuration is an ordering of each node’s outgoing
edges for depth-first search (DFS). For each ordering, DFS runs from
the source and processes edges in that order, updating target nodes
with values from their sources.When the sink is reached, the change in
its output is attributed to all edges along the path. Thefinal result is the
average of these attributions over all configurations.

Shapley Flow preserves fundamental axiomatic properties of
Shapley values, such as efficiency, linearity, and the null-player prop-
erty. In addition, it satisfies a boundary consistency property, which
ensures that edge attributions remain consistent across different
boundary configurations. As a result, the model prediction can be
decomposed into a set of causal information flows that reveal the
relative importance of different pathways in the underlying causal
graph. We implement Shapley Flow following Wang et al.19. Further
implementation details are provided in our code repository57.

AI declaration
Generative AI tools, specifically ChatGPT and GitHub Copilot, were
used to assist with language editing and portions of the code devel-
opment. All outputs were reviewed and validated by the authors, who
take full responsibility for the content.

Data availability
Natural gas prices with daily resolution were obtained from ref. 43 and
are subject to copyright. All other data used in this study are publicly
available from the respective sources as described in the Methods
section. Detailed scripts to gather relevant data are also available on
Zenodo57.

Code availability
Computer code is available on Zenodo57.
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