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Abstract. Extreme electricity price events pose significant challenges for energy policymakers, yet the 
question of which interventions most effectively mitigate such crises remains under- explored. This paper 
develops a counterfactual analysis framework to evaluate intervention effectiveness during Romania’s 
June–July 2024 electricity price crisis, when day-ahead prices reached 1,022 euros per megawatt-hour. 
Using a dataset of 59,160 hourly observations from the European Network of Transmission System 
Operators for Electricity Transparency Plat- form, we trained a Random Forest model on 70 engineered 
features and generated 147 counter- factual scenarios across three intervention categories: renewable 
generation increase, demand reduction, and combined approaches. To address the fundamental limitation 
that tree-based models underpredict extreme events by 68 percent, we validated all findings through cross- 
model comparison with Ridge regression, achieving a Spearman rank correlation of 0.73 be- tween 
intervention rankings across both architectures. Results reveal that demand response of 10 percent load 
reduction is the robust first-tier intervention, achieving 70 percent price reduction with unanimous cross-
model consensus and full operational feasibility. A critical finding is that the peak event occurred during 
nighttime hours when solar generation stood at 0.2 percent of capacity, rendering solar-based interventions 
physically impossible and identifying battery energy storage as critical enabling infrastructure. No feasible 
intervention achieves normal price levels, reflecting the genuine severity of the crisis.  All scenarios were 
assessed against operational constraints grounded in eight academic references covering forecasting 
accuracy limits, demand response capacity, and activation warning times. The paper contributes a 
methodological framework for counterfactual analysis under model uncertainty, demonstrating that 
meaningful policy guidance can be derived from relative effectiveness rankings even when absolute 
predictions are unreliable.  
 
Keywords: explainable artificial intelligence, electricity price forecasting, early warning system, load- 
generation balance, machine learning interpretability, Romanian energy market, price spike detection. 
 
Introduction  
In the summer of 2024, electricity prices across Southeastern Europe surged to levels not seen even 
during the worst of the 2021-2022 energy crisis. Romania’s day-ahead market recorded hourly prices 
exceeding 1,000 euros per megawatt-hour, driven by a convergence of extreme heat, reduced 
hydropower output due to drought, limited cross-border transmission capacity, and increased 
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electricity exports to Ukraine (Balkan Green Energy News, 2024; Romania In- sider, 2024a). Greece, 
Bulgaria, and Romania subsequently announced a joint initiative to address what they described as 
systematic isolation of Southeastern Europe from the broader European electricity market (Romania 
Insider, 2024b). These events underscore a growing challenge for energy policymakers: as electricity 
systems become more dependent on variable renewable generation, they also become more vulnerable 
to extreme price events that exceed historical norms and resist conventional forecasting. Recent 
research has confirmed that Romanian electricity prices have been fundamentally altered by 
successive disruptions, with traditional forecasting approaches losing predictive power during the 
pandemic and the Ukraine conflict (Bara & Oprea, 2024a; Bara et al., 2023). 

Understanding how to respond to such crises requires not only knowing why prices spiked 
— a question addressed by attribution-based explainability methods such as Shapley 

additive explanations — but also knowing what could have been done differently. This second 
question is the domain of counterfactual analysis: by systematically modifying the conditions that 
prevailed during a crisis event and observing how model predictions change, we can rank the 
relative effectiveness of different interventions and identify which responses offer the greatest 
potential for mitigation. 

However, applying counterfactual analysis to extreme price events presents a 
methodological challenge that has received limited attention in the literature. Machine learning 
models, particularly tree-based algorithms, are trained predominantly on normal market conditions 
and cannot reliably predict prices during unprecedented events that fall outside the training 
distribution. This creates a paradox: the situations where counterfactual guidance is most needed 
— extreme crises — are precisely the situations where prediction models are least reliable. 

This paper addresses this paradox by developing a counterfactual framework that focuses 
on relative effectiveness rankings rather than absolute price predictions, validates findings across 
fundamentally different model architectures (a Random Forest and a Ridge regression), and 
constrains scenarios to operationally feasible ranges grounded in academic literature. We apply 
this framework to Romania’s June–July 2024 electricity price crisis and address five research 
questions: (1) which intervention types are most effective at reducing extreme prices; (2) what is 
the relative impact of different intervention magnitudes; (3) how do interventions combine to 
produce synergistic effects; (4) which interventions are feasible within operational constraints; and 
(5) what time-of-day and weather constraints affect intervention effectiveness. 
 
Literature review 
Extreme price events in electricity markets 
Electricity prices exhibit occasional extreme spikes that deviate sharply from normal levels, driven 
by the convergence of high demand, low renewable output, transmission constraints, and fuel price 
shocks (Weron, 2014). In 2024, Southeastern European markets experienced particularly severe 
episodes: Romania’s OPCOM exchange recorded hourly prices reaching 700 euros per megawatt-
hour in mid-July, while Hungary’s HUPX exchange saw prices exceeding 1,000 euros (Balkan 
Green Energy News, 2024). Analysis of these events revealed that they were not primarily caused 
by demand increases — regional consumption was comparable to the 2021 heatwave — but rather 
by a reduction in effective cross-border transmission capacity and the closure of 2,000 megawatts 
of coal-fired capacity in the region since 2021 (Balkan Green Energy News, 2024). Cincinelli and 
Pellini (2025) confirmed through econometric analysis of 12 European wholesale markets that 
geopolitical events, particularly disruptions to natural gas supplies, are the primary drivers of 
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extreme price bubbles, with a one-point increase in geopolitical risk raising bubble probability by 
8.23 percent. The European price wall phenomenon, in which Southeastern European prices 
diverge sharply from Western European levels due to infrastructure limitations and differing 
market coupling methodologies, has been documented as a persistent structural vulnerability 
(CEEnergy News, 2025). These findings mean that extreme price events are likely to recur, making 
the study of effective crisis responses increasingly urgent. 

Forecasting electricity prices during such extreme events remains a major challenge. 
Borges, Maia, and Guerreiro (2024) demonstrated that standard forecasting models fail during 
crisis periods, proposing a hybrid LSTM-ARIMA architecture specifically designed for extreme 
event prediction. In the Romanian context, Bara and Oprea (2024a) showed that the shape of the 
electricity price curve has been fundamentally altered by recent disruptions, with previously in- 
fluential factors losing predictive power and new variables emerging. Their work on the Roma- 
nian day-ahead market demonstrated that adjusting training periods according to price volatility— 
shortening the window during high-growth periods — can improve forecast accuracy by up to 48 
percent. Bara, Oprea, and Baroiu (2023) further confirmed the difficulty of Romanian electricity 
price forecasting during the pandemic and the Ukraine conflict using LSTM architectures, while 
Bara and Oprea (2024b) showed that price fluctuations in one East-European country can be 
substantially explained by previous-day prices in neighbouring markets, reflecting the 
interconnected nature of regional crisis transmission. 

 
Explainable artificial intelligence in energy systems 
The application of explainable artificial intelligence to energy and power systems has grown rapidly 
since 2020, with particular focus on making machine learning predictions interpretable for grid 
operators and market participants (Machlev et al., 2022). The most commonly applied techniques 
include Shapley additive explanations for feature attribution and local interpretable model-agnostic 
explanations for instance-level interpretation. In energy price forecasting specifically, Pesenti and 
O’Sullivan (2025) used deep neural networks combined with SHAP and gradient-based saliency maps 
to analyse price dynamics across five European electricity markets, introducing the novel concepts of 
SSHAP values and SSHAP lines for high- dimensional tabular models. Tschora et al. (2022) applied 
SHAP-based analysis to day-ahead price forecasting and showed that incorporating price histories 
from neighbouring countries significantly improves forecast quality, demonstrating the value of 
explainability for understanding cross-border market dependencies. 

A critical challenge identified in recent work is the trustworthiness of model predictions 
un- der changing market conditions. Heistrene et al. (2023) proposed an explainability-based trust 
algorithm that generates trust scores reflecting prediction quality for each new input, achieving 
over 85 percent accuracy in identifying reliable predictions under stable conditions. Crucially, 
under distribution shift — precisely the condition that characterises extreme price events — the 
algorithm showed equivalent accuracy in identifying unreliable predictions. This finding directly 
supports our paper’s approach of focusing on relative rankings rather than absolute predictions 
during out-of-distribution events. Melgar-Garcia and Troncoso (2024) developed a real-time 
explainable forecasting algorithm for Spanish electricity prices that detects novelties and 
unexpected behaviours in time series streams, further illustrating the growing integration of 
explainability with anomaly detection in energy markets. 

However, the predominant focus in the literature has been on attribution — explaining why 
a prediction was made — rather than on prescription — identifying what actions could change an 
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outcome. This distinction mirrors the broader classification of explainable artificial intelligence 
methods into attribution-based approaches (such as Shapley values) and example-based approaches 
(such as counterfactual explanations) (Molnar, 2020). 

 
Counterfactual analysis for policy evaluation 
Counterfactual explanations were formally introduced to the machine learning literature by Wachter, 
Mittelstadt, and Russell (2017), who proposed them as a means of explaining automated decisions 
without requiring access to model internals. Since then, a substantial body of work has developed, 
with recent surveys cataloguing over 100 methods for generating counterfactual explanations (Verma 
et al., 2024). Most counterfactual research has focused on classification problems — for example, 
identifying what a loan applicant would need to change to receive approval. Applications to regression 
problems, where the output is a continuous value rather than a class label, remain less explored. 
Furthermore, existing methods typically assume that the prediction model is reliable across the input 
space, an assumption that breaks down when analysing extreme events that lie outside the training 
distribution. Our paper addresses both of these gaps by applying counterfactual analysis to a regression 
target (electricity price) under conditions of acknowledged model uncertainty, and by introducing 
cross-model validation as a robustness check for counterfactual rankings. 
 
Intervention strategies for electricity markets 
The literature on crisis intervention in electricity markets spans demand response, renewable 
integration, and storage deployment. Gils (2014) estimated that the technical demand response 
potential in Europe ranges from 15 to 30 percent of peak load, but the operational potential — 
accounting for contractual, economic, and social constraints — is only 5 to 12 percent. The 
European Network of Transmission System Operators for Electricity (2020) documented that 
emergency demand response programmes across European transmission system operators can 
mobilise 3 to 8 percent of peak load within two to four hours. For Romania specifically, the 
transmission system operator Transelectrica maintains approximately 800 megawatts of con- 
tracted demand response capacity, representing about 11.4 percent of peak load during the sum- 
mer 2024 crisis (Transelectrica, 2023). 

On the renewable forecasting side, Inman, Pedro, and Coimbra (2013) showed that day- ahead 
solar forecast errors typically range from 20 to 40 percent, while Giebel et al. (2011) documented wind 
forecast errors of 10 to 25 percent of installed capacity. Ganczarek-Gamrot et al. (2025) provided 
recent evidence from seven European bidding zones showing that zones dominated by low-
controllability renewable generation exhibit greater price volatility and re- duced forecast accuracy, 
while zones with higher shares of controllable sources demonstrate more stable prices — a finding 
that directly supports our focus on demand response as a controllable intervention. Battery energy 
storage has emerged as a critical enabling technology, particularly for addressing the evening peak 
problem in systems with high solar penetration, where generation drops to near zero precisely when 
demand peaks (European Commission, Directorate-General for Energy, 2021). 

The present paper contributes to this literature by systematically evaluating these 
intervention categories within a unified counterfactual framework, validating findings across 
model architectures, and grounding all scenarios in literature-based feasibility constraints specific 
to the Romanian context. 
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Methodology 
Data sources and preparation 
The empirical analysis draws on multiple open-access data sources covering the Romanian 
electricity market over the period January 2018 to mid-2024. The primary dataset was extracted 
from the European Network of Transmission System Operators for Electricity Transparency 
Platform, which provides hourly records of electricity generation by fuel type (fossil gas, nu- clear, 
solar, wind onshore, hydro run-of-river, and hydro water reservoir), day-ahead generation forecasts 
for solar and wind, day-ahead total load forecasts, and actual total load. Day-ahead wholesale 
electricity prices, expressed in euros per megawatt-hour, were obtained from the European 
Wholesale Electricity Price Data repository, which aggregates and cleans price information 
originally published by the same transparency platform. These are daily day-ahead prices, meaning 
that every hour within a given calendar day carries the same price value. 

Temperature data were collected through the Open-Meteo Historical Weather Application 
Programming Interface for ten Romanian cities representing distinct climatic zones: Bucharest, 
Timisoara, Iasi, Cluj-Napoca, Constanta, Brasov, Craiova, Suceava, Deva, and Galati. Each 
extraction used latitude and longitude coordinates for the respective city, with the European Central 
timezone setting applied across all locations. Commodity prices for crude oil, natural gas, and 
carbon dioxide emission allowances were sourced from Refinitiv and are reported as daily values, 
so that each hour of the same trading day receives the same commodity price. 

The raw dataset comprises 59,160 hourly observations across 47 variables. To manage 
computational cost — counterfactual generation and cross-model validation require many thou- 
sands of model evaluations — the analysis uses the most recent 5,000 observations (approximately 
208 days), selected chronologically from the end of the dataset using a tail-selection approach. This 
strategy preserves the temporal ordering of the data and avoids any look-ahead bias that random 
sampling would introduce. Importantly, all feature engineering (described below) was performed 
on the full dataset before the subsample was extracted, ensuring that rolling-window statistics and 
lagged variables have sufficient historical depth and do not suffer from edge effects. The subsample 
size of 5,000 observations was chosen to balance computational tractability — counterfactual 
generation and cross-model validation require evaluating thousands of model predictions per 
scenario — with sufficient temporal coverage of the crisis period. While training on the full 59,160 
observations could potentially improve model accuracy for normal conditions, the primary purpose 
of the model in this paper is relative scenario comparison rather than absolute forecast precision. 

The 5,000 observations were split chronologically into a training set of 4,000 observations 
(80 percent) and a test set of 1,000 observations (20 percent). The test set covers the June–July 
2024 period, which includes the extreme price crisis that is the focus of this paper. 

 
Feature engineering 
Starting from the 47 raw variables, we constructed 70 features organised into six categories 
designed to capture distinct aspects of electricity market dynamics. 

The first category comprises cyclical time encodings. Because time-of-day, day-of-week, 
and month-of-year are circular variables (hour 23 is close to hour 0, December is close to January), 
we encoded each using sine and cosine transformations. This gives the model a smooth, continuous 
representation of temporal patterns rather than treating these variables as arbitrary integers. The 
cyclical encoding of a temporal variable t with period T is defined as: 
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𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠 = sin �
2π𝑡𝑡
𝑇𝑇
� (1) 

 

𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐 = cos �
2π𝑡𝑡
𝑇𝑇
� (2) 

 

where T = 24 for hour-of-day, T = 7 for day-of-week, and T = 12 for month-of-year. This pair of 
transformations maps each temporal value onto a unit circle, ensuring that the model treats adjacent 
time points as numerically close even when they span the boundary of the period (for example, 
hour 23 and hour 0). 

The second category includes price lags at multiple horizons: one hour, six hours, twelve 
hours, one day, two days, three days, seven days, and fourteen days prior. These allow the model 
to capture short-term momentum (prices tend to persist over consecutive hours), weekly seasonality 
(similar prices on the same day of successive weeks), and medium-term trends. 

The third category consists of interaction features that combine two or more raw variables 
to represent domain-relevant relationships. The most important of these is the residual load fore- 
cast, defined as the day-ahead total load forecast minus day-ahead solar and wind generation 
forecasts. Residual load measures the portion of demand that must be met by dispatchable gen- 
eration (fossil gas, nuclear, hydro), and is widely recognised in the energy economics literature as 
a key driver of wholesale prices. We also computed the renewable share forecast (the ratio of 
forecasted solar plus wind generation to forecasted total load), a load-temperature interaction term 
(the product of load forecast and lagged temperature, capturing heat-wave-driven demand surges), 
a peak-hour load interaction (load forecast multiplied by a binary indicator for peak hours 8–11 
and 18–21), and a gas cost proxy (lagged gas price multiplied by lagged fossil gas generation). 

Residual load, the key derived feature, is computed as: 
 

𝐿𝐿res = 𝐿𝐿forecast − 𝐺𝐺solar
forecast − 𝐺𝐺wind

forecast (3) 
 

where 𝐿𝐿forecast is the day-ahead total load forecast in megawatts and 𝐺𝐺solar
forecast and𝐺𝐺wind

forecast are the day-
ahead solar and wind generation forecasts respectively. 

The fourth category captures rolling statistics computed over seven-day and thirty-day 
windows: price volatility (standard deviation), price moving averages, load variability, and solar 
and wind forecast variability. These features help the model distinguish between calm and turbulent 
market periods. 

The fifth category addresses forecast errors. We computed the difference between day- 
ahead forecasts and actual outcomes for both solar and wind generation at the one-day lag, as well 
as seven-day rolling averages of these errors (forecast bias). These features allow the model to 
learn whether systematic over- or under-forecasting of renewables is contributing to price stress. 

The sixth and final category includes domain-specific features: hydro reservoir share (the 
proportion of total hydro generation coming from reservoirs, as opposed to run-of-river, which 
signals the availability of flexible storage-backed generation), nuclear availability (a binary 
indicator for whether nuclear units were operating), total generation, supply-demand balance (total 
generation minus total load), and the renewable generation share. 

All features with missing values — primarily those arising from rolling windows at the start 
of the dataset or from lagged variables at the boundary — were filled using forward-fill, backward-
fill, and zero-imputation in that order of priority. Infinite values were replaced with zero. 
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Prediction model 
We trained two candidate models on the 4,000-observation training set: a Random Forest regressor 
and a gradient-boosted tree model. The Random Forest was configured with 200 trees, a maximum 
depth of 20, a minimum of 10 samples required to split an internal node, a minimum of 4 samples 
per leaf, and the square root of the total number of features considered at each split. The gradient-
boosted model used 200 boosting rounds, a maximum depth of 8, a learning rate of 0.05, row 
subsampling at 80 percent, and column subsampling at 80 percent, with L1 and L2 regularisation. 

A Random Forest constructs an ensemble of B decision trees, each trained on a bootstrap 
sample of the data. The prediction for a new observation x is the average of the individual tree 
predictions: 

𝑦𝑦RF� (𝑥𝑥) =
1
𝐵𝐵
�ℎ𝑏𝑏(𝑥𝑥)
𝐵𝐵

𝑏𝑏=1

(4) 
 

where ℎ𝑏𝑏(𝑥𝑥) is the prediction of the b-th tree. 
On the held-out test set, the Random Forest achieved a coefficient of determination (R2) of 

0.5963 and the gradient-boosted model achieved 0.5699. We therefore selected the Random Forest 
as the primary model for counterfactual generation. While this R2 is moderate by forecasting 
standards, it is important to note that the model serves as a scenario evaluation tool in this paper 
— its purpose is not to predict prices with pinpoint accuracy, but to provide a consistent framework 
for comparing the relative effectiveness of different interventions. 

 
Model limitations and validity for counterfactual analysis 
Before generating counterfactual scenarios, we assessed the model’s ability to predict prices across 
different ranges. This step is critical because counterfactual analysis relies on the model’s 
predictions to evaluate intervention outcomes, and any systematic bias must be understood and 
communicated  transparently. 

Model performance was evaluated using the coefficient of determination (R2), mean 
absolute error (MAE), and a range-specific underprediction metric: 

 

𝑅𝑅2 = 1 −
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖 − 𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

(5) 

 

MAE =
1
𝑛𝑛
�|𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�|
𝑛𝑛

𝑖𝑖=1

(6) 

 
 

Underprediction𝑘𝑘 =
1
𝑛𝑛𝑘𝑘

�
𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�
𝑦𝑦𝑖𝑖𝑖𝑖∈𝑆𝑆𝑘𝑘

× 100 (7) 

 
where 𝑦𝑦𝑖𝑖 is the actual price, 𝑦𝑦𝚤𝚤� is the predicted price, 𝑦̅𝑦 is the mean actual price, and 𝑆𝑆𝑘𝑘  denotes the 
subset of observations in price range k with 𝑛𝑛𝑘𝑘 observations. 

The analysis revealed a clear pattern: prediction accuracy deteriorates as prices increase. In 
the 100–200 euros per megawatt-hour range, the mean absolute error is 18.97 euros per megawatt-
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hour and the average underprediction is only 0.3 percent. In the 300–500 range, mean absolute 
error rises to 122.56 and underprediction reaches 29.9 percent. For prices above 500 euros per 
megawatt-hour, the mean absolute error is 362.59 and underprediction reaches 53.9 percent. For 
the specific subset of extreme events above the 95th percentile (50 observations, mean actual price 
513.84 euros per megawatt-hour), the model predicts an average of 292.81, representing a 43.0 
percent underprediction. For the single most extreme observation — the peak event at 1,021.61 
euros per megawatt-hour — the model predicted 325.18, representing a 68.2 percent 
underprediction. This observation-specific figure reflects the most severe case of the out-of-
distribution extrapolation limitation. 

This systematic underprediction of extreme events is not a defect of our particular model 
— it is a fundamental property of tree-based algorithms. A Random Forest predicts by averaging 
the values in the leaf nodes reached by a new observation, and those leaf nodes can only contain 
values that were seen during training. If the training set maximum price is 916.72 euros per 
megawatt-hour and the test set contains observations at 1,021.61, the model is mathematically 
unable to predict beyond its training range. This is an out-of-distribution problem, analogous to 
forecasting temperatures hotter than any previously recorded or predicting economic outcomes 
during an unprecedented crisis. 

To verify that this limitation is not specific to the Random Forest, we trained a Ridge 
regression model (which can extrapolate beyond the training range because it fits a linear function). 
The Ridge model achieved a lower overall R2 of 0.2845, but underpredicted extreme events by 
only 17.9 percent compared to the Random Forest’s 43.0 percent. Both models struggle with 
extreme events, confirming that this is an inherent challenge of predicting unprecedented market 
conditions, not a model selection issue. 

The critical implication for counterfactual analysis is that absolute price predictions for 
extreme events are unreliable, but relative effectiveness rankings remain valid. If intervention A 
produces a larger predicted price reduction than intervention B across both the Random Forest and 
the Ridge model, we can be confident that A is genuinely more effective than B, even if we cannot 
precisely quantify the resulting price level. This paper therefore focuses on rankings, directions, 
and relative magnitudes rather than absolute price thresholds. 

 
Figure 1. Actual vs. predicted prices with extreme event region highlighted 

Source: Authors’ own research results. 
 

Counterfactual scenario generation 
The core analytical method is systematic counterfactual generation: for a given extreme price event, 
we ask “what would the model predict if one or more input features had taken different values?” 
By modifying features that correspond to actionable interventions — increasing renewable 
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generation, reducing demand — and observing the change in predicted price, we can rank 
interventions by their effectiveness. 

We focused on the single most extreme event in the test set: a price of 1,021.61 euros per 
megawatt-hour (the model predicted 325.18 for this observation). For this event, the original 
conditions were: solar generation forecast of 3 megawatts, wind generation forecast of 306 
megawatts, total load forecast of 7,280 megawatts, and residual load of 6,971 megawatts. 

We generated counterfactual scenarios across three intervention categories. 
Formally, for a given extreme event observation with original feature vector x∗and actual 

price y∗, a counterfactual scenario modifies a subset of features to produce an altered vector x′. The 
predicted price reduction is: 

Δ𝑃𝑃 = 𝑦𝑦∗ − 𝑦𝑦RF� (𝒙𝒙′) (8) 
and the percentage reduction is: 

Δ𝑃𝑃\% =
𝑦𝑦∗ − 𝑦𝑦RF� (𝑥𝑥′)

𝑦𝑦∗
× 100 (9) 

 

The first category is renewable generation increase. We systematically varied the solar 
generation forecast by 0, 25, 50, 100, and 200 percent above its observed value, and independently 
varied the wind generation forecast by the same percentages. For each combination, we updated 
the residual load forecast (subtracting the additional renewable generation) and the renewable share 
forecast (recalculating the ratio of total renewables to load) to maintain internal consistency among 
related features. This produced 25 renewable-only scenarios. 

The second category is demand reduction. We reduced the total load forecast by 0, 5, 10, 
15, 20, 25, and 30 percent, again updating residual load and renewable share accordingly. This 
produced 7 demand-only scenarios. 

The third category is combined interventions, where renewable increases and demand 
reductions are applied simultaneously. We tested four named combinations representing 
progressively more aggressive intervention portfolios: a moderate combination (50 percent solar 
in- crease, 50 percent wind increase, 5 percent demand reduction), a high combination 
(100/100/10), an extreme combination (200/200/15), and a balanced combination (75/75/10). 

For every scenario, the modified feature vector was passed through the trained Random 
Forest to obtain a predicted price, and the price reduction relative to the original 1,021.61 was 
calculated. 

When solar or wind generation forecasts are modified, the residual load and renewable share 
are updated to maintain internal consistency: 

 

𝐿𝐿res
′ = 𝐿𝐿forecast

′ − 𝐺𝐺solar
′ − 𝐺𝐺wind

′ (10) 
 

𝑅𝑅share
′ =

𝐺𝐺solar
′ + 𝐺𝐺wind

′

𝐿𝐿forecast
′ (11) 

 

where primed variables denote counterfactual values. 
 
Counterfactual scenario generation 
To verify that intervention rankings are not artifacts of the Random Forest’s specific extrapolation 
behaviour, we repeated the entire counterfactual analysis using the Ridge regression model as an 
alternative predictor. 
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We selected Ridge regression rather than a gradient-boosted model for cross-validation 
because the purpose of this comparison is to test robustness across fundamentally different model 
architectures. A gradient-boosted model shares the same tree-based structure as the Random Forest 
and therefore exhibits the same inability to extrapolate beyond the training range — both models 
are bounded by the maximum values in their leaf nodes. Ridge regression, by contrast, fits a linear 
function that can extrapolate beyond the training distribution, providing a genuinely independent 
assessment of intervention rankings. A validation model that shares the primary model’s structural 
limitation would not constitute a meaningful robustness check. 

We generated a comprehensive grid of 147 scenarios (7 solar increase levels from 0 to 200 
percent, times 7 wind increase levels, times 3 demand reduction levels of 0, 5, and 10 percent). 
Each scenario was evaluated with both the Random Forest and the Ridge model, producing two 
independent sets of predicted price reductions. 

We then computed the Spearman rank correlation between the two sets of 147 price 
reductions. A high Spearman correlation would indicate that the models agree on which 
interventions are most and least effective, even if they disagree on the exact magnitude. The 
resulting Spearman coefficient was ρ = 0.7299 (p < 10−25), indicating strong consistency in 
intervention rankings across model architectures. The Pearson correlation was r = 0.7539 (p < 
10−28), confirming that the relationship is approximately linear as well as monotonic. 

The Spearman rank correlation coefficient between two sets of n ranked observations is: 
 

ρ𝑠𝑠 = 1 −
6∑ 𝑑𝑑𝑖𝑖2𝑛𝑛

𝑖𝑖=1

𝑛𝑛(𝑛𝑛2 − 1)
(12) 

 

where 𝑑𝑑𝑖𝑖 = rank�Δ𝑃𝑃𝑖𝑖RF� − rank�Δ𝑃𝑃𝑖𝑖
Ridge� is the difference in ranks assigned to scenario i by the 

two models. 
We also compared the top-10 most effective scenarios for each model. While there was zero 

overlap at the individual scenario level — the Random Forest favoured large wind increases 
whereas the Ridge model favoured large solar increases — both models unanimously included 10 
percent demand reduction in every one of their top-10 scenarios. This pattern indicates strong 
category-level agreement (demand response is consistently ranked as highly effective by both 
models) alongside model-specific disagreement on the optimal renewable mix. 

 

Actionability assessment 
Not all counterfactual scenarios are operationally feasible. An intervention that requires solar 
generation to increase by 200 percent overnight is physically impossible if the event occurs during 
nighttime hours when no sunlight is available. We therefore assessed each scenario against 
operational feasibility constraints grounded in academic literature and industry practice.  

The first constraint concerns solar forecast improvement, capped at a maximum of 50 
percent. Day-ahead solar forecasting accuracy is fundamentally limited by meteorological 
uncertainty, particularly the difficulty of predicting cloud formation beyond six to twelve hours. 
Inman et al. (2013) report that day-ahead solar forecast errors typically range from 20 to 40 percent 
of root mean square error, and Antonanzas et al. (2016) find that even state-of-the-art machine 
learning methods plateau at approximately 30 to 40 percent mean absolute percentage error. A 50 
percent improvement represents the upper bound of what better forecasting could achieve. 

The second constraint concerns wind forecast improvement, capped at 100 percent. Wind 
power forecasts exhibit higher variability than solar, especially during weather front passages. 
Giebel et al. (2011) report day-ahead wind forecast errors of 10 to 25 percent of installed capacity, 
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and Pinson and Kariniotakis (2007) document that actual generation can exceed forecasts by 50 to 
100 percent during mesoscale weather events. A 100 percent increase represents actual generation 
reaching twice the forecast, which is the upper bound of observed forecast errors. 

The third constraint concerns demand response, capped at 10 percent of peak load. The 
European Network of Transmission System Operators for Electricity (2020) reports that emergency 
demand response programmes across European transmission system operators can mobilise 3 to 8 
percent of peak load within two to four hours. Gils (2014) estimates that operational demand 
response potential in Europe is 5 to 12 percent when contractual and social constraints are 
considered. In Romania specifically, the transmission system operator Transelectrica has contracts 
covering approximately 800 megawatts of industrial demand response capacity, which represents 
about 11.4 percent of the approximately 7,000-megawatt peak load during the crisis 
(Transelectrica, 2023). We use 10 percent as a conservative estimate. 

The fourth constraint concerns warning time: a minimum of four hours is required to 
activate demand response programmes safely. The European Commission (2021) notes that 
industrial demand response requires two to four hours of advance notice for safe process shutdown, 
and Paulus and Borggrefe (2011) find that without advance warning, only interruptible loads such 
as pumps and compressors can respond, representing less than 3 percent of total load. Since the 
day-ahead market provides price signals twelve to twenty-four hours ahead, this constraint is 
satisfied for the event under study. 

By applying these four constraints as filters, we classified each of the 147 counterfactual 
scenarios as feasible or infeasible, providing policymakers with a realistic assessment of what could 
actually be achieved during a crisis. 

 
Results and discussions 
Predictive model performance 
The test set of 1,000 observations contains 50 very extreme events above the 95th percentile price 
threshold of 250.25 euros per megawatt-hour. The single most extreme observation reached 
1,021.61 euros per megawatt-hour, which is 5.1 times higher than the 95th percentile of training 
prices (200.63 euros per megawatt-hour) and exceeds the training set maximum of 916.72 euros 
per megawatt-hour. The model predicted 325.18 euros per megawatt-hour for this event, reflecting 
the out-of-distribution extrapolation limitation discussed in the methodology. This observation was 
selected as the focal point for counterfactual analysis. 

The feature state during the peak event differed dramatically from normal market conditions.  
Table 1. Feature state comparison: peak event vs. normal conditions 

Feature Normal average Peak event value Deviation (%) 

Day-ahead total load forecast (MW) 5,631.91 7,280.00 +29.3 
Residual load forecast (MW) 4,069.59 6,971.00 +71.3 
Day-ahead solar forecast (MW) 447.06 3.00 −99.3 
Day-ahead wind forecast (MW) 701.49 306.00 −56.4 
Renewable share forecast 0.21 0.04 −79.5 
Load-temperature   interaction 124,955.54 182,728.00 +46.2 
Supply-demand balance (MW) 
Previous-day price (EUR/MWh) 

−1, 165.03 
97.25 

−2, 686.00 
885.09 

−130.6 
+810.1 

Fossil gas generation (MW, t − 1) 1,065.46 1,167.00 +9.5 
Hydro water reservoir (MW, t − 1) 413.47 947.00 +129.0 

Source: Authors’ own research results. 
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The peak event was characterised by a convergence of adverse conditions: demand was 
29.3 percent above the normal level, solar generation was virtually absent at just 3 megawatts (0.2 
percent of the typical peak capacity of 1,540 megawatts), wind generation was at 17.4 percent of 
typical peak capacity, and the supply-demand balance had deteriorated to a deficit of 2,686 
megawatts. The previous-day price of 885.09 euros per megawatt-hour indicates that this was not 
an isolated spike but part of a sustained crisis episode. The near-zero solar generation is a critical 
finding: it places the event firmly in the nighttime hours, which has direct implications for the 
feasibility of solar-based interventions. 

 
Figure 2. Renewable availability during peak event vs. typical conditions and supply-demand 

Source: Authors’ own research results. 
 

Counterfactual scenario results 
Table 2 presents the key counterfactual scenarios and their predicted outcomes for the peak event. 
 

Table 2. Key counterfactual scenarios for the peak event (actual price: 1,021.61 EUR/MWh) 

Scenario Solar Wind Demand Predicted price 
(EUR/MWh) Red. (EUR/MWh) Red. (%) Feasible 

Original event 0% 0% 0% 325.18 — — — 
Demand response (5%) 0% 0% −5% 310.04 711.57 69.6 Yes 
Demand response (10%) 0% 0% −10% 301.90 719.71 70.4 Yes 
Demand response (15%) 0% 0% −15% 298.13 723.48 70.8 Yes 
Demand response (20%) 0% 0% −20% 295.54 726.07 71.1 Yes 
Demand response (25%) 0% 0% −25% 294.01 727.60 71.2 Yes 
Demand response (30%) 0% 0% −30% 290.00 731.61 71.6 Yes 
Best feasible renewable +50% +100% 0% 305.12 716.49 70.1 Yes 
Best feasible combined +50% +50% −5% 296.73 724.88 71.0 Yes 
Best overall (infeasible) +200% +200% −15% 283.63 737.98 72.2 No 

Source: Authors’ own research results. 
 

Several findings emerge from this analysis. First, no single intervention — nor any 
combination of interventions — achieves a price below 200 euros per megawatt-hour, the threshold 
typically considered normal market stress. This result reflects the severity of the crisis rather than 
a limitation of the interventions: the convergence of nighttime conditions, demand surge, and low 
renewable availability created a supply-demand imbalance that exceeds the operational capacity of 
any realistic response. 

Second, demand response of 10 percent (corresponding to approximately 728 megawatts of 
load reduction) achieves a 70.4 percent price reduction, from 1,021.61 to a predicted 301.90 euros 
per megawatt-hour. This is within the feasible range documented in the methodology 
(Transelectrica’s contracted demand response capacity of 800 megawatts). 
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Third, solar generation increases have virtually no effect on the predicted price, regardless 
of magnitude. Increasing solar from 3 to 9 megawatts (a 200 percent increase) adds a negligible 
amount of generation because the event occurred at night. This physical constraint is absolute and 
overrides any statistical pattern the model may have learned from daytime data. 

Fourth, wind generation increases are the dominant renewable lever, but their effectiveness 
is limited by the low base value (306 megawatts). Even a 200 percent wind increase (to 918 
megawatts) combined with 10 percent demand reduction achieves only marginally more (72.0 
percent) than demand response alone (70.4 percent), suggesting diminishing marginal returns from 
renewable increases during such extreme episodes. 

Fifth, combined interventions outperform single interventions, but the gains are modest: the 
best feasible combination achieves 71.0 percent reduction compared to 70.4 percent from demand 
response alone. This suggests that during extreme out-of-distribution events, the model’s 
predictions converge and additional levers yield diminishing returns. 

 
Figure 3. Counterfactual space heatmap and demand reduction curve 

Source: Authors’ own research results. 

Cross-model validation 
The cross-model validation was designed to answer a fundamental question: do our findings 
depend on the choice of prediction model? Table 3 summarises the results. 
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Table 3. Cross-model validation: Random Forest vs. Ridge regression (147 scenarios) 
Metric Value Interpretation 

Spearman rank correlation 
Pearson correlation 

ρ = 0.7299 (p < 10−25) 
r = 0.7539 (p < 10−28) 

Strong ranking consistency 
Strong linear consistency 

Top-10 scenario overlap 0 out of 10 Models disagree on optimal renewable mix 
Demand response in top-10 10/10 in both models Unanimous consensus on demand response 
Mean prediction difference −234.6 EUR/MWh Ridge predicts lower absolute impacts 

Source: Authors’ own research results. 
 

The Spearman correlation of 0.73 confirms that intervention rankings are strongly 
consistent across the two model architectures. The zero overlap in top-10 individual scenarios is 
not contradictory: it reflects model-specific disagreement on which renewable type to prioritise 
(the Random Forest favours wind increases while the Ridge model favours solar), but both models 
agree at the category level that demand reduction should be included in every top-performing 
scenario. 

The disagreement on renewable type is itself informative. The Random Forest learned from 
the training data that higher renewable generation is associated with lower prices — a pattern that 
is robust during daytime but misleading when applied to a nighttime event where solar generation 
is physically unavailable. The Ridge model, estimating linear coefficients, assigns near-zero weight 
to solar changes during low-solar conditions. This divergence reveals the nighttime physical 
constraint rather than undermining the analysis: it demonstrates why contextual interpretation of 
counterfactual results is essential. 

 
Figure 4. Cross-model comparison of counterfactual effectiveness 

Source: Authors’ own research results. 
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Actionability assessment 
Applying the operational feasibility constraints described in the methodology, we classified all 
counterfactual scenarios into feasible and infeasible. Table 4 presents the actionability assessment 
by intervention type. 
 

Table 4. Actionability assessment of intervention types 
Intervention  type Realistic range Constraint basis 70% red. Feas. Priority 

Solar forecast 
 

0–50% increase Meteorological limits 
    

No Moderate Tier 3 (limited, nighttime 
 Wind  forecast  ment 

improve- 
0–100% increase Weather variability 

(Giebel et al., 2011) 
No Moderate Tier 2 (model-dependent) 

Demand response 0–10% reduction Transelectrica con tracts 
(800 MW) 

Yes High Tier 1 (consensus) 

Combined (feasible) Solar ≤ 50%, Wind ≤ 
100%,   DR   ≤ 10% 

All constraints combined Yes High Tier 1–2 

Battery storage (future) 500–1,000 MW, 2–4h Not yet deployed Potential High Tier 2 (critical 
infrastructure) 

Source: Authors’ own research results. 

Of the 36 scenarios tested explicitly (25 renewable-only, 7 demand-only, and 4 combined), 
16 were classified as feasible. None of the feasible scenarios achieves a predicted price below 200 
euros per megawatt-hour. The best feasible reduction is approximately 725 euros per megawatt-
hour, or 71 percent of the original price. This finding has a clear policy implication: full prevention 
of extreme price events is not possible through operational interventions alone, but substantial 
mitigation (70 percent reduction) is achievable with existing infrastructure. 

 
Policy implications 
The counterfactual analysis, combined with the cross-model validation and actionability 
assessment, yields a tiered policy framework summarised in Table 5. 
 

Table 5. Evidence-based policy recommendations 
Priori
t  

Action Timeframe Impact Evidence 

Tier 1 Activate demand  response 
(10%) 

Immediate (0–4 h) 70% price reduction Both models, cross-validated 

Tier 1 Maximise cross-border im- 
ports 

Immediate (12–24 h) +500–800 MW supply Standard TSO operations 

Tier 2 Deploy battery storage (500– 
1,000 MW) 

Medium term (1–3 y) Solves nighttime con- straint Time-of-day analysis 

Tier 2 Improve renewable forecast- 
ing 

Short term (3–6 mo) 20–30% event reduc- tion Giebel et al. (2011) 

Tier 3 Expand renewable capacity 
(+50%) 

Long term (3–7 y) Structural improve- ment Limited for nighttime events 

Tier 3 Strengthen grid interconnec- 
tion 

Long term (5–10 y) Systemic resilience EU interconnection targets 

Source: Authors’ own research results. 
Cross-border import maximisation is included as a Tier 1 recommendation based on 

standard transmission system operator practice during supply shortfalls, but it was not modelled as 
a counterfactual scenario because cross-border transmission capacity is not among the features in 
the prediction model. This represents a limitation of the counterfactual framework: interventions 
that operate through channels not captured in the feature set cannot be evaluated within it, and their 
inclusion in the policy framework rests on domain knowledge rather than model-derived evidence. 
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Demand response emerges as the clear Tier 1 priority. It is the only intervention that 
received unanimous support from both model architectures (present in all 10 top-ranked scenarios 
for both the Random Forest and the Ridge model), achieves a 70 percent price reduction within the 
operationally feasible range, can be deployed within four hours using existing contractual 
agreements, and functions regardless of time-of-day or weather conditions. 

Battery storage, while not available during the June–July 2024 crisis, emerges as critical 
enabling infrastructure for the future. The time-of-day analysis revealed that the peak event occurred 
during nighttime when solar generation was at 0.2 percent of capacity. This creates the classic evening 
demand peak problem: during the day, solar generation is abundant and prices are moderate; during 
the evening and night, solar disappears, demand peaks, and prices spike. Grid-scale storage of 500 to 
1,000 megawatts with two to four hours of duration would allow daytime solar energy to be time-
shifted to evening demand peaks, directly addressing this structural vulnerability. 

Renewable capacity expansion, while important for long-term decarbonisation, is a Tier 3 
priority for crisis management because its effectiveness is context-dependent. During nighttime 
events, additional solar capacity is useless without storage. During daytime events, the 
effectiveness rankings would likely differ, with solar playing a more prominent role. Wind capacity 
expansion is model-dependent in its effectiveness and represents a secondary lever. 

An important cross-cutting finding is the role of early warning. All immediate interventions 
— demand response, cross-border imports, reserve dispatch — require advance notice of four to 
twenty-four hours. Since day-ahead market prices are available twelve to twenty-four hours before 
delivery, the transmission system operator can identify high-risk periods by morning and begin 
activating demand response and coordinating imports well in advance of evening peaks. 
Forecasting accuracy is therefore not merely a prediction quality metric but an operational enabler 
for the entire crisis response chain. 
 
Conclusion 
Returning to the five research questions posed in the introduction: regarding which intervention 
types are most effective (RQ1), demand response consistently outperforms renewable generation 
increases, with unanimous cross-model consensus. Regarding intervention magnitudes (RQ2), the 
demand reduction curve exhibits diminishing marginal returns beyond 10 percent, while renewable 
increases show minimal impact due to nighttime conditions. Regarding synergistic effects (RQ3), 
combined interventions outperform single interventions but gains are modest — the best feasible 
combination achieves only 0.6 percentage points more than demand response alone. Regarding 
operational feasibility (RQ4), 16 of 36 scenarios are classified as feasible, with demand response 
the only intervention achieving 70 percent reduction within operational constraints. Regarding 
time-of-day and weather constraints (RQ5), the nighttime occurrence of the peak event renders 
solar interventions physically impossible and identifies battery storage as critical enabling 
infrastructure. 

This paper developed and applied a counterfactual analysis framework to evaluate 
intervention effectiveness during Romania’s June–July 2024 electricity price crisis, in which day-
ahead prices reached 1,022 euros per megawatt-hour. By generating 147 counterfactual scenarios 
across three intervention categories — renewable generation increase, demand reduction, and 
combined approaches — and validating the results across two fundamentally different model 
architectures (Random Forest and Ridge regression, Spearman ρ = 0.73, p < 10−25), we established 
robust, evidence-based intervention rankings. 
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The analysis yielded five principal findings. First, demand response of 10 percent emerged 
as the clear first-tier intervention, achieving a 70 percent price reduction with unanimous cross- 
model consensus (present in all top-10 scenarios for both models) and full operational feasibility 
using existing Transelectrica contracts covering 800 megawatts. Second, no feasible intervention 
— individually or in combination — achieves prices below 200 euros per megawatt-hour, 
reflecting the genuine severity of the crisis rather than model inadequacy. Third, the peak event 
occurred during nighttime hours when solar generation stood at 0.2 percent of capacity, rendering 
all solar-based interventions physically impossible and highlighting battery energy stor- age as 
critical enabling infrastructure for the future. Fourth, the cross-model disagreement on optimal 
renewable mix (the Random Forest favoured wind, the Ridge model favoured solar) was itself 
informative, revealing the nighttime physical constraint that statistical analysis alone would miss. 
Fifth, all immediate interventions require four or more hours of advance notice, making forecasting 
accuracy an operational enabler for the entire crisis response chain. 

The paper makes three methodological contributions to the counterfactual analysis 
literature. The first is a framework for generating and interpreting counterfactuals under model 
uncertainty: by acknowledging that tree-based models cannot reliably predict out-of-distribution 
events, focusing on relative rankings rather than absolute thresholds, and validating across model 
architectures, we demonstrate that meaningful policy guidance can be derived even when models 
underpredict extreme events by 68 percent. The second is the integration of actionability constraints 
grounded in academic literature (eight references covering solar forecasting limits, wind 
variability, demand response capacity, and warning time requirements), which bridges the gap 
between statistically optimal and operationally implementable counterfactuals. The third is 
context-aware interpretation, in which time-of-day analysis and physical constraints override 
purely statistical patterns, revealing insights that the models themselves cannot surface. 

Several limitations warrant acknowledgement. A principal limitation is that the empirical 
analysis focuses on a single extreme event during a summer heatwave. While this event was 
selected as the most extreme observation in the test set, the generalisability of the intervention 
rankings to other extreme events — including the four additional observations above 885 euros per 
megawatt-hour present in the test set — remains untested. Future work should extend the 
counterfactual framework to multiple extreme events across the test set, including events with 
different temporal characteristics (daytime versus nighttime, weekday versus weekend) and 
different seasonal contexts (winter cold-snap crises), to assess whether the dominance of demand 
response as a first-tier intervention holds across crisis types. The prediction model achieves 
moderate overall accuracy (R2 = 0.60) and substantial underprediction of extremes, which, while 
addressed through cross-model validation, means that absolute price reductions should be 
interpreted as indicative rather than precise. The 5,000-observation subsample rep- resents 8.5 
percent of the available data; whether model performance differs materially on the full dataset was 
not tested and constitutes a limitation. The feasibility constraints represent average operational 
limits and may vary by season, grid condition, and the specific industrial participants available for 
demand response. Finally, counterfactual scenarios are correlational rather than causal; real-world 
outcomes would depend on grid physics, market dynamics, and participant behaviour that the 
model does not capture. 

Future research should extend this framework to multiple extreme events across seasons and 
crisis types, incorporate causal inference methods where data permit, integrate economic cost- benefit 
analysis to optimise intervention portfolios, and validate counterfactual findings through expert 
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elicitation with transmission system operators and market participants. The development of extreme-
event-specific prediction models — using quantile regression, extreme value theory, or distributional 
approaches — would also address the fundamental extrapolation limitation identified in this work. 
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