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Abstract. Accurate electricity price forecasting is essential for participants in liberalized electricity
markets, yet the black-box nature of machine learning models limits their practical adoption. While
explainable artificial intelligence methods such as SHAP (SHapley Additive exPlanations) address
interpretability concerns, existing applications present global feature importance rankings that ignore how
price drivers vary across forecast horizons and market conditions. This study introduces two novel
contributions: a multi-horizon explainability framework analyzing feature importance across immediate
(06 hours), short-term (6—24 hours), medium- term (1-7 days), and long-term (7—14+ days) horizons, and
a market regime analysis examining how explanations shift across low-price, normal, and high-price
conditions. We apply Random Forest and XGBoost models to hourly Romanian electricity market data
spanning January 2018 to September 2024 (59,160 observations), with features engineered from data
encompassing the 2022-2023 energy crisis and summer 2024 heat wave. The selected Random Forest model
achieves an R2 of 0.60 with a mean absolute error of 31.04 EUR/MWh on the test set. SHAP analysis reveals
that short-term features contribute 41 percent of horizon-attributed predictive contribution, substantially
exceeding other horizons. Market regime analysis demonstrates that price momentum becomes 4.25 times
more important during high-price events compared to nor- mal conditions (p < 0.001), validated through
Mann-Whitney U tests. These findings provide targeted guidance for market participants and offer
guantitative signals for identifying market stress periods requiring enhanced risk management.

Keywords: electricity price forecasting, explainable artificial intelligence, SHAP, multi-horizon analysis,
market regime analysis, renewable energy integration, machine learning.

Introduction

Electricity price forecasting has become increasingly critical as liberalized markets replace
traditional regulated structures across Europe. In these competitive markets, accurate price
predictions enable generators to optimize bidding strategies, allow retailers to manage procurement
costs, and support traders in developing arbitrage strategies. The Romanian electricity market, fully
liberalized in January 2021, exemplifies both the opportunities and challenges of competitive
electricity trading. With substantial and growing renewable energy penetration, the market exhibits
price volatility characteristic of systems balancing intermittent renewable generation with
inflexible baseload nuclear and hydro resources. Day-ahead electricity prices in Romania have
ranged from negative values during periods of renewable abundance to over 1,000 EUR/MWh
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during scarcity events, creating significant financial risks for all market participants. This price
volatility has driven extensive research into forecasting methods, with machine learning models
such as Random Forest, XGBoost, and neural networks demonstrating superior accuracy compared
to traditional statistical approaches (Lago et al., 2021; El-Azab et al., 2024). However, these
sophisticated models operate as black boxes, providing predictions without explaining which
factors drove each forecast. This opacity limits practical adoption, as traders hesitate to act on
predictions they cannot understand and risk managers cannot validate that models capture genuine
market relationships rather than spurious correlations. The recent push toward explainable artificial
intelligence (XAI) addresses this challenge, with SHAP (SHapley Additive exPlanations) emerging
as the leading approach for quantifying feature contributions (Lundberg and Lee, 2017).

Despite growing interest in explainable electricity price forecasting, existing studies exhibit
two significant limitations. First, they typically present global feature importance rankings that
treat all predictions identically, implicitly assuming that the same factors drive prices across all
time horizons. This assumption contradicts practical experience: intraday traders monitoring real-
time conditions focus on fundamentally different information than long-term planners developing
hedging strategies. Second, most explainability analyses ignore market regimes, ap- plying the
same interpretation framework during both normal operations and crisis periods, even though
electricity markets behave fundamentally differently during scarcity events compared to typical
conditions (Heistrene et al., 2023; Pesenti and O’Sullivan, 2025).

This study addresses these gaps by introducing two novel contributions. First, we develop
a multi-horizon explainability framework that systematically analyzes how feature importance
varies across immediate (0-6 hours), short-term (6—24 hours), medium-term (1-7 days), and long-
term (7-14+ days) forecast horizons. Second, we implement a market regime analysis that
examines how feature importance shifts across low-price, normal, and high-price conditions, with
statistical validation using Mann—Whitney U tests. We apply these frameworks to the Romanian
electricity market using six years and nine months of hourly data (January 2018 to September 2024,
comprising 59,160 observations), including the 20222023 energy crisis and the summer 2024 heat
wave. Our analysis employs Random Forest and XGBoost models combined with SHAP
explainability, using a comprehensive dataset covering actual generation by source, load forecasts,
temperature data, and commodity prices.

The paper is structured as follows. The next section reviews the literature on electricity price
forecasting and explainable Al applications in energy markets. The methodology section describes
data sources, feature engineering, model development, and the explainability frameworks. Results and
discussions present the empirical findings, including model performance, global feature importance,
multi-horizon analysis, and market regime comparisons. The conclusion synthesizes contributions and
acknowledges limitations. Our findings demonstrate that short-term features (624 hours) contribute
41 percent of horizon-attributed predictive contribution and that price momentum becomes 4.25 times
more important during high-price events, advancing both theoretical understanding of electricity price
dynamics and practical tools for context-specific forecasting.

Literature review

Electricity price forecasting methods

Electricity price forecasting (EPF) has evolved substantially over the past two decades. Weron
(2014) provided a foundational review classifying approaches into statistical, computational
intelligence, and fundamental models, while Lago et al. (2021) established benchmarking best
practices and demonstrated that regularized regression and deep neural networks consistently
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outperformed naive baselines across multiple European markets. These reviews established that no
single method dominates universally, and that performance depends critically on market
characteristics, input features, and evaluation methodology.

Recent studies confirm the superiority of machine learning approaches for day-ahead
forecasting. El-Azab et al. (2024) demonstrated that ensemble tree-based methods and deep
learning architectures achieve state-of-the-art accuracy on real datasets. Ganczarek-Gamrot et al.
(2025) examined seven European bidding zones and found that Random Forest consistently
achieved the highest predictive accuracy, while also revealing that markets dominated by low-
controllability renewable generation exhibit greater price volatility and reduced forecast accuracy.
This finding is particularly relevant for Romania, where growing wind and solar penetration
increases price variability. Nitsch et al. (2024) showed that machine learning models remain robust
even under widely varying renewable energy penetration levels, with mean ab- solute errors below
1.40 EUR/MWh when forward-looking covariates such as residual load forecasts are incorporated.

The importance of feature engineering and training strategy has received growing attention.
Bara and Oprea (2024) examined Romanian day-ahead prices specifically, demonstrating that
adjusting training periods according to price volatility and incorporating macroeconomic factors
improved forecast performance by 48 percent in MAE during both stable and crisis periods.
Michalakopoulos et al. (2026) proposed extremely short training windows of 45 to 60 days for day-
ahead forecasting, finding that LightGBM outperformed deep learning models including LSTM in
this data-scarce setting across Greek, Belgian, and Irish markets. Tschora et al. (2022) extended
forecasting models by incorporating price histories from neighboring countries and used SHAP
values to analyze feature contributions, showing that cross-border features significantly improve
forecast quality. O’Connor et al. (2025) provided a comprehensive re- view across day-ahead,
intraday, and balancing markets, concluding that hybrid and ensemble models perform best in day-
ahead settings, while simpler statistical models remain competitive for balancing markets where
data sparsity is more pronounced.

Explainable artificial intelligence in energy forecasting

Despite superior predictive accuracy, machine learning models’ black-box nature presents barriers
to practical adoption in electricity markets. The emergence of explainable artificial intelligence
(XAI) addresses this gap, with SHAP (SHapley Additive exPlanations) becoming the dominant
method due to its game-theoretic foundation and ability to provide both global and local
explanations (Lundberg and Lee, 2017).

Heistrene et al. (2023) proposed a trust algorithm for EPF users based on XAl techniques,
generating trust scores that reflect prediction quality for each new input. Their SHAP-based
approach achieved over 85 percent accuracy in identifying reliable predictions under stable
conditions and showed similar accuracy in flagging unreliable predictions during distribution
shifts, validating the practical value of explainability for market participants. Pesenti and
O’Sullivan (2025) applied SHAP and gradient-based explanations to deep neural network models
across five electricity markets, introducing the novel concepts of SSHAP values and SSHAP lines
to enhance the analysis of high-dimensional tabular models. Cramer et al. (2023) combined
normalizing flows with XAl for German intraday price forecasting, finding that immediate price
history and day-ahead price increments had the most substantial impact on price differences.
Melgar-Garcia and Troncoso (2024) developed a real-time explainable ensemble learning
algorithm for the Spanish market that combines long and short-term behavior patterns through
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incremental online learning, demonstrating that explainability and real-time prediction can coexist
without sacrificing accuracy.

These studies demonstrate SHAP’s versatility across different markets and model
architectures. However, they share a common limitation: they present global feature importance
rankings that aggregate explanations across all predictions, implicitly assuming that the same
factors drive prices regardless of the forecast horizon or prevailing market conditions.

Research gap and contribution

The literature review reveals two specific gaps. First, while Heistrene et al. (2023), Pesenti and
O’Sullivan (2025), and Cramer et al. (2023) provide valuable SHAP analyses, all three present
global feature importance rankings without differentiating across forecast horizons. Second,
although Borges et al. (2024) acknowledge that electricity markets behave differently during crises,
none of the reviewed studies systematically compare SHAP-based feature importance across
distinct price regimes with statistical validation. The Romanian electricity market, with its recent
full liberalization in 2021, growing renewable integration, and exposure to the 2022— 2023 energy
crisis, provides an ideal setting for investigating these context-dependent dynamics. Our study fills
these gaps by introducing a multi-horizon explainability framework and a statistically validated
market regime analysis, advancing both theoretical understanding and practical tools for context-
specific forecasting.

Methodology

This section presents the data, feature engineering, model development, and explainability
frameworks used in this study. This study shares its dataset and preprocessing pipeline with a
companion paper (Andrei et al., 2026) that applies counterfactual explanations to the same
Romanian electricity market data. The two studies address complementary aspects of
explainability: the present paper examines feature attribution across horizons and regimes via
SHAP, while the companion paper explores individual prediction explanations through
counterfactual analysis.

Data description
Our analysis uses electricity market data from Romania spanning January 1, 2018 to September
30, 2024, providing six years and nine months of hourly observations (59,160 data points). Data
were collected from four sources: (i) the ENTSO-E Transparency Platform, which provided actual
generation by source (gas, hydro run-of-river, hydro reservoir, nuclear, solar, wind), actual total
load, and official day-ahead forecasts for load and renewable generation; (ii) the European
Wholesale Electricity Price Data repository for cleaned day-ahead prices; (iii) the Open-Meteo API
for temperature measurements averaged across multiple Romanian locations; and (iv) Refinitiv for
daily commaodity prices (Brent crude oil, TTF natural gas, EU ETS CO2 emission allowances).
The target variable is the day-ahead electricity price in EUR/MWh. Over the full study
period, prices averaged 101.76 EUR/MWh with a standard deviation of 103.01 EUR/MWh,
ranging from —106.36 to 1,021.61 EUR/MWh. For computational efficiency in our SHAP
explainability analysis, we focused on the most recent 5,000 observations (March 6 to September
30, 2024), capturing diverse conditions across spring, summer, and early autumn. Table 1 presents
descriptive statistics for the target variable across dataset configurations.
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Table 1. Descriptive statistics for day-ahead electricity price (EUR/MWh)

Dataset Obs. Mean Std Min P25 Median P75 Max

Full dataset 59,160 101.76 103.01 -106.36 41.30 66.37 120.58 1,021.61
Analysis subset 5,000 11245 9852 —106.36 52.89 82.13 136.62 1,021.61
Training set (80%) 4,000 107.18 85.34 —106.36 51.82 79.35 131.71 916.72
Testset (20%) 1,000 118.63 128.46 -3.95 57.68 89.40 145.21 1,021.61

Notes: Full dataset: Jan 2018—Sep 2024. Analysis subset: Mar 6—-Sep 30, 2024. Training: Mar 6—Aug 20, 2024.
Test: Aug 20-Sep 30, 2024. Negative prices occur when renewable supply exceeds demand.
Source: Authors’ owncalculationsbased ondatafrom ENTSO-E, Open-Meteo, and Refinitiv.

Feature engineering

Raw variables rarely capture the full complexity of electricity price dynamics. We engineered 70
features from the original variables, organized into eleven categories: price history (14 features,
including lagged prices att — 1, t — 7, t — 14, moving averages, volatility measures, and price
deviations), forecast features (10 features, including day-ahead load, solar, and wind forecasts, plus
derived indicators such as residual load and renewable share), lagged forecasts (6 features),
generation history (7 features capturing yesterday’s actual output by source), commodity prices (3
features), time features (18 features with both categorical and cyclical sine/cosine encodings of
hour, day, week, month, and season), interaction features (7 features such as load- temperature and
peak-load interactions), balance and tension features (3 features including load capacity ratio and
reserve margin), forecast error features (4 features measuring yesterday’s forecast accuracy for
solar and wind), rolling statistics (5 features capturing 7-day trends in forecast errors), and domain-
specific features (6 features such as hydro reservoir share and renewable change rates). All features
were engineered on the complete 59,160-observation dataset before subsetting, ensuring lagged
and rolling calculations used the full historical context. Critically, only information available at
forecast time was used, avoiding data leakage.

Model development

Model selection and training

We compared two ensemble tree-based models. Random Forest constructs B independent decision
trees, each trained on a bootstrapped sample with a random feature subset, and averages their
predictions. For a new observation x, the Random Forest prediction is:

B
1
V) =2 ) Ty, (1)
b=1

where Tp(x) is the prediction of the b-th tree and B is the total number of trees

XGBoost (eXtreme Gradient Boosting) builds trees sequentially, with each new tree correcting
errors from previous iterations. The model minimizes an objective function combining a loss term
and a regularization term:

K

L= 100+ ) 006, @

n
i=1 k=1

where I(y;,yi) is the loss function measuring prediction error for observation i, f is the k-th tree,
and (f,) =T + %}\||w||2 is the regularization term penalizing tree complexity through the number of
leaves T and leaf weight magnitude w, with y and A as regularization parameters.
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For Random Forest, we used B = 100 trees with maximum depth of 10 levels. For XGBoost,
we used 100 boosting rounds with maximum depth of 6, learning rate of 0.1, and L2 regularization.
The 5,000-observation analysis subset was split chronologically (no shuffling) into a training set
of 4,000 observations (March 6 to August 20, 2024) and a test set of 1,000 observations (August
20 to September 30, 2024). Additionally, five-fold time-series cross-validation with a growing
window approach was used for robust performance estimation.

Chronological Train-Test Split and Time-Series Cross-Validation

A. Chronological Train-Test Split (No Shuffling)

March 6, 2024 August 20, 2024

TRAINING SET TEST SET
4,000 observations (80%) 1,000 observations (20%)
March 6 - August 20, 2024 August 20 - September 30, 2024

TIME —

B. Five-Fold Time-Series Cross-Validation (Growing Window)

Legend: [T aining [ alidation

Fold 1

Fold 2

Fold 4

Fold5

[
[
Fold3 | [ ]
[
[

TIME - (Always train on past, validate on Tutare)

Figure 1. Chronological train-test split and five-fold time-series cross-validation
Source: Authors’ own visualization.

Performance metrics
Model accuracy was evaluated using three standard metrics:

n
1
MAE=7—IZ|yi—y:I. 3)
i=1

n
1
RMSE = |~ (i = 57, )
i=1

Y i — )2
S0 =) ®
where y; is the actual price, y; is the predicted price, y is the mean actual price, and n is the number
of observations. R? ranges from 0 (no explanatory power) to 1 (perfect predictions). MAE measures
the average absolute deviation in EUR/MWh. RMSE penalizes large errors more heavily. MAPE
was not computed due to the presence of zero and negative prices in the test set.

R?=1-
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SHAP explainability framework

SHAP (SHapley Additive exPlanations) decomposes each prediction into additive feature
contributions based on Shapley values from cooperative game theory (Lundberg and Lee, 2017).
For a prediction f (x), SHAP expresses:

M
) = o+ ) b, ©
=1

where ¢, is the base value (mean prediction across the training set), ¢, is the SHAP value for feature
J representing its contribution to this specific prediction, and M is the total number of features. Each
¢; quantifies how much feature j pushes the prediction above or below the average. We used
TreeExplainer for exact SHAP value computation on tree-based models, calculated on the 1,000-
observation test set.

Multi-horizon explainability

Our first contribution analyzes how feature importance varies across forecast horizons. We grouped
the 70 features into four categories based on temporal distance: immediate (0—6 hours, including
very recent prices and time-of-day indicators), short-term (6-24 hours, including day-ahead
forecasts and today’s prices), medium-term (17 days, including weekly lags, forecast errors, and
7-day rolling statistics), and long-term (7—14+ days, including commaodity prices, seasonal patterns,
and 30-day rolling statistics). We assigned 34 features with unambiguous temporal attribution to
the four horizon categories, noting that price t—1 appears in both the immediate and short-term
horizons due to its dual role. The remaining 36 features—including interaction terms (e.g., load—
temperature interaction), composite indicators (e.g., gas cost proxy), generation history variables,
and balance metrics—span multiple temporal scales and resist clean single-horizon classification.
Rather than imposing arbitrary assignments that could distort the analysis, we restrict the horizon
decomposition to features with clear temporal semantics. The percentages reported in Table 4
therefore represent the contribution shares within the horizon-assigned subset. A complete
mapping of all 70 features is available in the replication repository. For each test set observation,
we summed the absolute SHAP values within each horizon group, revealing each horizon’s total
contribution to predictive power.

Market regime analysis

Our second contribution examines how feature importance shifts across market conditions. We
defined three regimes based on test set price percentiles. The low-price regime is < P25 =76.66
EUR/MWh (250 observations). The normal regime spans P25-P75 (500 observations). The high-
price regime is > P75 = 130.68 EUR/MWh (250 observations). Regime thresholds are defined ex
post using test set percentiles, making this analysis descriptive rather than operational. In a real-
time deployment, practitioners would use rolling training-set quantiles to define regimes
prospectively. For each regime, we computed mean absolute SHAP values per feature. To validate
that importance differences are statistically significant, we applied Mann—-Whitney U tests
comparing SHAP value distributions between high-price and normal-price observations, using a
significance threshold of p < 0.001.

Results and discussions
This section presents the empirical findings, organized into model performance evaluation, global
feature importance, multi-horizon explainability, and market regime analysis.
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Model performance

Five-fold time-series cross-validation revealed variable but consistent performance across market
conditions. The average R? across folds was 0.51 (std = 0.18) with average MAE of 34.44
EUR/MWh (std = 24.28). Performance ranged from R? = 0.28 during a volatile period (Fold 2) to
R? = 0.75 during post-crisis stabilization (Fold 5). The poorest performance occurred in Fold 4 (R?
=0.41, MAE = 77.67 EUR/MWh), which captured the summer 2024 heat wave with prices peaking
at 916.72 EUR/MWh, confirming that sudden volatility spikes substantially increase forecast
difficulty. Table 2 presents the final model comparison on the held-out test set. Both models
showed strong training performance, with XGBoost achieving near-perfect fit (R> = 0.998).
However, on unseen data, Random Forest slightly outperformed XGBoost (R? = 0.60 vs. 0.57) with
a smaller train-test gap (0.35 vs. 0.43), indicating better generalization. We selected Random Forest
as our final model based on these generalization characteristics. The test MAE of 31.04 EUR/MWh
represents approximately 26 percent of the test set mean price (118.63 EUR/MWHh), a reasonable
level given the extreme volatility in the test period (std = 128.46 EUR/MWh).

Table 2. Final model performance comparison

Model Dataset RZ  MAE(EUR/MWh)  RMSE (EURIMWh)  Tpain TestR2 Gap
Random Forest ~ Training 0.954,6 9.13 17.25 0.3539

Random Forest ~ Test 0.600,7 31.04 71.23 —

XGBoost Training  0.997,9 2.78 3.73 0.4284

XGBoost Test 0.569,5 31.57 73.96 —

Notes: Training set: 4,000 observations (Mar 6-Aug 20, 2024). Test set: 1,000 observations (Aug 20-Sep 30, 2024).
MAPE not reported due to zero and negative prices. Random Forest selected as final model due to better generalization.
Source: Authors’ own research results.

SHAP analysis was conducted exclusively on the Random Forest model, as it demonstrated
better generalization. Computing SHAP values for both models would double computational cost
without substantially altering explainability insights, given that tree-based ensemble models with
similar accuracy tend to identify comparable feature importance hierarchies (Lundberg and Lee,
2017). We acknowledge that XGBoost’s sequential boosting structure could potentially yield
different SHAP decompositions, which represents a direction for future investigation.

Table 3. Top 10 features ranked by global SHAP importance

Rank Feature Category Mean |SHAP|
1 price_t-1 Pricelags 7.81
2 price_t—7 Pricelags 6.56
3 price_t-14 Pricelags 6.52
4 residual load forecast Forecasts 5.41
5  price_t-2 Pricelags 4.66
6 price_deviation 7d Pricelags 3.93
7 renewable_share_forecast Forecasts 3.71
8  price t-3 Pricelags 3.69
9 day of year Time features 2.68

10 hour_sin Time features 243

Notes: Importance measured as mean absolute SHAP value across 1,000 test set observations. Higher
values indicate greater contribution to predictions.
Source: Authors’ ownSHAP analysis.
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Global feature importance
Table 3 presents the top ten features ranked by mean absolute SHAP value across all test set pre-

dictions. Price history features dominate, with yesterday’s price (price t—1, importance 7.81)
showing the strongest influence, followed by weekly lags price t—7 (6.56) and price t—14 (6.52).
This confirms substantial price persistence in the Romanian market, with weekly patterns reflecting
recurring industrial demand cycles. The fourth-ranked feature, residual load forecast (5.41),
validates economic theory: prices rise when the electricity that must come from controllable
generation increases. Temporal features (day_of year, hour_sin) capture seasonal and daily
demand cycles, while renewable share forecast (3.71) reflects the fundamental supply-demand
balance. Notably absent from the top ten are commodity prices (oil, gas, CO2), suggesting that
short-term electricity prices respond more to immediate supply-demand conditions than to fuel

SHAP Feature Importance: Mean [SHAP Value| (Random Forest)

price_t-14 [
residual_load_forecast _
price_t-2 [
price_deviation_7d _
renewahle_share_forecast _
price_t-3 [
aay_of_year [N
hour_sin _
Day_ahead_total_load_forecast_Mw [ I
load_capacity_ratio _
load_change_24h -
Day_ahead_solar_generation_forecast_ MW -
week_of_year -
load_temp_interaction -
nour_of_day [N
price_volatility_30d -
Day_ahead_solar_generation_forecast MW_t-1 -

peak_load_interaction -

2 4 6

0
mean(|SHAP value|) (average impact on model output magnitude)

Figure 2. Global feature importance: top features ranked by mean absolute SHAP value

Source: Authors’ own SHAP analysis.

Multi-horizon explainability analysis

Table 4 presents the aggregate contribution of each forecast horizon to overall predictive power.
Short-term features (6-24 hours) dominate with 41 percent of horizon-attributed predictive
contribution, followed by immediate features (23 percent), while medium-term and long-term
features each contribute 18 percent. The short-term horizon’s dominance makes economic sense
for day-ahead forecasting: tomorrow’s price depends primarily on today’s conditions and official
forecasts. The high per-feature contribution of immediate features (mean |[SHAP| = 2.10 with only

7 features) reflects the strong influence of very recent prices and time-of-day patterns.
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Table 4. Feature importance by forecast horizon (selected horizon-diagnostic features)

Horizon No.offeatures ~ Mean [SHAP|  Total contribution % oftotal
Immediate (0-6h) 7 2.10 14,729 23%
Short-term (6-24h) 8 3.30 26,412 41%
Medium-term (1-7 days) 9 1.24 11,136 18%
Long-term (7-14+ days) 10 1.16 11,587 18%
Total 34 1.88 63,864 100%

Notes: Total contribution summed across 1,000 test observations. 34 of 70 features are included; 36 features
with ambiguous temporal attribution are excluded (see text). Percentages represent shares within the 34 assigned
features, not total model output.

Source: Authors” own multi-horizon analysis.

Within each horizon, different features dominate. Immediate predictions rely on yesterday’s
price (7.81) and hour-of-day indicators. Short-term predictions increasingly weight residual load
forecast (5.41) and recent price lags (t — 2, t — 3). Medium-term predictions shift toward the weekly
cycle through price t—7 (6.56) and forecast error patterns. Long-term predictions incorporate
price_t—14 (6.52), 30-day volatility measures, and seasonal indicators. This hierarchy provides
actionable guidance: day-ahead traders should prioritize monitoring today’s prices and load
forecasts, which drive 41 percent of horizon-attributed predictive contribution, while long-term
planners should focus on commodity trends and seasonal patterns.

Market regime analysis

Table 5 presents the top five features in each price regime, revealing striking differences in what
drives prices under different market conditions. During low-price periods, residual load forecast
(7.96) emerges as the most important feature, as the supply-demand balance directly determines
marginal generation costs when renewables are abundant. During normal conditions, multiple
factors contribute relatively equally, with no single dominant driver. During high-price periods,
yesterday’s price (price_t—1) explodes to an importance of 16.86, more than three times its normal-
period value (4.41), indicating that price momentum dominates during scarcity conditions. We note
that the test set spans 41 days (August 20—September 30, 2024), capturing summer and early
autumn conditions. The regime-specific findings therefore reflect this particular seasonal context,
and the high-price regime (250 observations) is characterized by summer heat-driven demand
rather than winter scarcity or energy crisis dynamics.

Table 5. Top 5 features by market regime

Rank  Low price (<76.66) Imp.  Normal (76.66-130.68) Imp.  High price (>130.68) Imp.
1 residual_load forecast 7.96 price_t-14 5.06 price_t-1 16.86
2 price_t—1 555 price_t-1 441 price_t—7 14.24
3 renewable_share_forecast 5.12 price_t-7 4,19 price_t-14 11.73
4 price_t-14 4.24  residual_load_forecast 4,07 price_t-2 11.55
5 price_t—7 3.65 renewable_share_forecast 3.17 price_deviation 7d 8.96

Notes: Lowprice: <P25,2500bs. Normal: P25-P75,5000bs. Highprice: >P75,250 obs. Importance = mean|SHAP| within
each regime. Price thresholds in EUR/MWHh.
Source: Authors’ own regime analysis.
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Figure 3. Market regime analysis: feature importance shifts across low, normal,
and high price conditions
Source: Authors’ own regime analysis.

To statistically validate that feature importance shifts across market conditions, we applied
Mann-Whitney U tests to the SHAP value distributions from the cross-validation fold capturing
the most extreme price behavior (Fold 4, which includes the summer 2024 heat wave with prices
reaching 916.72 EUR/MWh). This fold provides the clearest separation between extreme and
normal observations within a single training context. The ten features tested correspond to those
with the highest absolute SHAP values within this fold’s extreme-price subsample, which partially
overlap with but are not identical to the global top ten features from Table 3. Extending statistical
validation to the full test set SHAP decomposition across all globally important

features represent a natural direction for future work.

Mann-Whitney U tests confirmed that these regime differences are statistically significant.
Eight of the ten most important features exhibit highly significant differences between high-price
and normal-price observations (p < 0.001). Yesterday’s price shows the most dramatic shift, with
a 4.25-fold increase in importance during extreme prices (p < 0.0001). Similarly significant
increases were found for price t—14 (2.84x), day of year (2.51x%), residual load forecast (2.21x),
and price_t—7 (2.17x). Notably, price_t—2 showed no significant regime difference (ratio 1.06, p =
0.53), suggesting that the two-day lag lacks the economic salience of either immediate persistence
(t — 1) or weekly structural cycles (t — 7).

These patterns have clear economic interpretations. During oversupply, the marginal cost
of generation sets the price, making the supply-demand balance the dominant driver. During
normal operations, the market efficiently aggregates diverse information sources. During scarcity,
capacity constraints bind and recent price levels become the primary signal of ongoing system
stress, creating strong momentum effects. This finding implies that risk managers should trigger
enhanced monitoring protocols when price persistence patterns intensify, as this signals a shift from
normal to crisis market dynamics. The 4.25-fold increase in price t—1 importance provides a
quantitative benchmark for detecting such regime transitions.

Conclusion

This study developed an explainable electricity price forecasting model for the Romanian market
and introduced two novel contributions: a multi-horizon explainability framework and a
statistically validated market regime analysis. Using Random Forest and XGBoost models applied
to 59,160 hourly observations (January 2018 to September 2024) with 70 engineered features, the
selected Random Forest model achieved R2 = 0.60 with MAE of 31.04 EUR/MWh on the test set.
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The multi-horizon analysis revealed that short-term features (6—24 hours) contribute 41 per-
cent of predictive power, nearly double the contribution of any other horizon. This finding provides
actionable guidance for market stakeholders: day-ahead traders should prioritize monitoring
today’s prices, load forecasts, and renewable generation forecasts, while grid operators seeking to
improve forecast accuracy should focus enhancement efforts on day-ahead load and renewable
predictions, where marginal improvements yield maximum gains.

The market regime analysis demonstrated that feature importance shifts dramatically across
price conditions. During high-price scarcity periods, price momentum (price t—1) becomes

4.25 times more important than during normal conditions (p < 0.0001), while during low-
price oversupply, the residual load forecast dominates. These statistically validated regime
differences (eight of ten features significant at p < 0.001) imply that risk managers should
implement regime-conditional monitoring protocols, intensifying attention to price persistence
signals when markets enter crisis dynamics. A practical implementation could compute the rolling
7-day ratio of mean absolute SHAP values for price t—1 relative to its long-run average. When this
ratio exceeds a threshold—for instance, 2.0x based on the midpoint between normal (1.0x) and
crisis (4.25x) levels observed in our data—it would signal a transition toward crisis dynamics
warranting enhanced risk management. The precise threshold should be calibrated through
backtesting on market-specific historical data, which we leave to future applied work.

Several limitations should be acknowledged. The 5,000-observation analysis window
(March— September 2024) was selected for computational tractability of SHAP calculations. While
the full 59,160-observation dataset spanning the 2022—2023 energy crisis was used for feature
engineering—ensuring that all lagged and rolling calculations incorporate crisis-period
dynamics—the model training and evaluation are limited to 2024 conditions. The energy crisis is
referenced as contextual motivation for studying regime-dependent behavior, not as a directly
modeled period. Consequently, the regime analysis reflects post-crisis market conditions, and
direct transferability of the specific SHAP magnitudes to crisis-period dynamics requires separate
validation. The findings are specific to the Romanian market during 2024, and direct transferability
to markets with different generation mixes requires validation. The model showed moderate
overfitting (train-test R? gap of 0.35), and performance degraded substantially during the summer
2024 heat wave (R? = 0.41), reflecting genuine uncertainty during extreme conditions rather than
model failure.

Future research directions include extending the framework to other European markets for
cross-market comparison, integrating deep learning architectures (LSTM, Transformers) while
maintaining explainability, developing probabilistic forecasting with regime-dependent prediction
intervals, and incorporating causal inference techniques to distinguish genuine causal effects from
correlations. As electricity markets integrate increasing shares of variable renewable energy,
understanding how price drivers shift across horizons and market regimes becomes ever more
critical for the energy transition.
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