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 a b s t r a c t

Accurate probabilistic forecasting of intraday electricity prices is critical for market participants to inform trading 
decisions. Existing studies rely on specific domain features, such as Volume-Weighted Average Price (VWAP) and 
the last price. However, the rich information in the orderbook remains underexplored. Furthermore, these ap-
proaches are often developed within a single country and product type, making it unclear whether the approaches 
are generalizable. In this paper, we extract 384 features from the orderbook and identify a set of powerful fea-
tures via feature selection. Based on selected features, we present a comprehensive benchmark using classical 
statistical models, tree-based ensembles, and deep learning models across two countries (Germany and Austria) 
and two product types (60-min and 15-min). We further perform a systematic generalization study across coun-
tries and product types, from which we reveal an asymmetric generalization phenomenon: models trained on 
more liquid markets or products transfer well to less liquid ones, whereas the reverse transfer leads to substantial 
performance degradation. The project page is at https://runyao-yu.github.io/AsymGen/.

1.  Introduction

Accurate probabilistic forecasting of intraday electricity price plays 
a vital role in enhancing decision-making for market participants under 
uncertainties [1]. In continuous intraday (CID) markets, several stud-
ies have identified the volume-weighted average price (VWAP) from 
the most recent 15 min as a strong predictor of the future price index 
(ID3), an exchange-defined reference price computed as the VWAP of 
all matched trades in the final three hours before delivery [2–4]. Previ-
ous works even argue that the last price already reflects past informa-
tion, assuming weak-form efficiency [5], and report that incorporating 
fundamental features, such as day-ahead forecasts of renewable gener-
ation and load, offers no or very limited improvement [6–11], thereby 
motivating that using only the last price as input may yield similar per-
formance to using it together with additional exogenous features. How-
ever, this assumption does not consider the rich information available 
in the orderbook. A wide range of orderbook features, such as price per-
centiles, price momentum, and traded volumes, are not explored and 
could potentially enhance forecasting performance.

In the context of intraday electricity price forecasting, prior works 
primarily rely on classical statistical methods, such as linear regres-
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sion and its variants [3,4,7,9], while more recent studies explore deep 
learning approaches, such as Multi-Layer Perceptron (MLP), Long Short-
Term Memory (LSTM), and Transformer variants [8,12–16], to bet-
ter capture non-linear patterns in electricity prices. Most of these 
works have primarily focused on the German market, motivated by 
its high liquidity and large market size [4,11]. Concurrently, there 
has been a notable shift in research focus from hourly (60-min) 
products to quarter-hourly (15-min) products [7,10–12], which pro-
vide finer temporal resolution. However, existing studies typically fo-
cus on a single type of model, country, and product type, result-
ing in a fragmented view of model performance. This highlights 
the need for a unified benchmarking study that systematically com-
pares various machine learning models across countries and product
types.

As most prior studies focus on a single country and product type, it 
remains unclear whether the selected features and trained models gener-
alize well across different settings. For example, a feature set optimized 
for the Austrian market may not perform equally well in Germany, and 
a model trained on 15-min products may fail to capture the dynamics of 
60-min prices. This raises important questions about cross-country and 
cross-product-type generalization. Thus, a systematic investigation into 
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Fig. 1. (a) Overview of the workflow: extracting 384 orderbook features, performing sparse feature selection, benchmarking classical, tree-based, and deep models, 
producing probabilistic forecasts of the ID3 index, and assessing cross-market and cross-product generalization. (b)-(e) Histograms of 60-min and 15-min ID3 from 
Germany and Austria. The price indices exhibit high skewness and dispersion during the energy crisis in 2022, gradually reverting to a more stable distribution in 
2023 and 2024. (f)-(g) ID3 trajectories in 2024 (range limited to [–500, 1000] €/MWh for better visual comparison). Volatility increases in the order: AT, 60-min <
DE, 60-min < AT, 15-min < DE, 15-min. (h)-(j) Distribution of absolute feature importance by feature type, look-back window size, and market side, respectively.
(k) Testing loss (AQL) for different feature sets across countries and resolutions.

such generalizability is necessary to understand the robustness of de-
rived features, support the transferable development of trained models, 
and offer actionable insights to stakeholders operating across multiple 
European markets.

In this paper, we extract 384 features from the orderbook and se-
lect the optimal features (Section 3). Then, we provide a compre-
hensive benchmarking study using classical statistical models, tree-
based ensembles, and deep learning models (Section 4). Lastly, we
assess the cross-country and cross-product-type generalization of the 
derived optimal features and trained models (Section 5). We reveal 
an asymmetric phenomenon: while the optimal feature set and trained 
model derived from a more liquid market transfer well to a less liq-
uid one, the reverse does not hold. An overview of the workflow is 

illustrated in Fig. 1(a). Our main contributions are summarized as
follows:

• We extract an exhaustive set of 384 statistical features from the or-
derbook, including price percentiles, extreme prices, and VWAPs, 
and reveal a set of powerful features.

• We present a comprehensive benchmark of probabilistic forecast-
ing performance using multiple machine learning models across two 
countries (Germany and Austria) and two product types (60-min and 
15-min).

• We systematically assess the generalizability across countries and 
product types. Our analysis reveals an asymmetric generalization 
phenomenon.
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2.  Preliminary

The forecasting target is the widely used ID3, as visualized in 
Fig. 1(b)-(g). The ID3 is defined as the VWAP of trades executed within 
a specific time window before delivery:

ID3 =

∑

𝑠∈𝑆

∑

𝑡∈𝑓
𝑃 𝑠
𝑡 𝑉

𝑠
𝑡

∑

𝑠∈𝑆

∑

𝑡∈𝑓
𝑉 𝑠
𝑡

, (1)

where the market side 𝑠 ∈ 𝑆 = {+,−} corresponds to buy and sell or-
ders, respectively. The forecasting time is defined as 𝑡𝑓 = 𝑡𝑑 − Δ, with 𝑡𝑑
denoting the delivery time and Δ = 180min representing the lead time 
specific to ID3. The transaction time is defined as 𝑡 ∈ 𝑓 = [𝑡𝑓 , 𝑡𝑑 − 𝛿𝑚], 
where 𝑓  is the forecasting (trading) window. 𝛿𝑚 denotes the market-
area–specific cutoff (minutes) set by EPEX that defines the end of the ID3
trading window; equivalently, trades after 𝑡𝑑 − 𝛿𝑚 are excluded from the 
index (e.g., 𝛿𝑚 = 0 for AT, 30 for DE, and 60 for DK)1 Here, 𝑃 𝑠

𝑡  and 𝑉 𝑠
𝑡

denote the price and traded volume, respectively.

3.  Feature extraction and selection

3.1.  Feature extraction

We extract an exhaustive set of features from both the buy (+) 
and sell (−) sides across multiple look-back windows 𝑤 = [𝑡𝑓 − 𝛿𝑤, 𝑡𝑓 ], 
where 𝛿𝑤 ∈ {1, 5, 15, 60, 180,∞} (in minutes), and ∞ denotes the full 
available trading history. The full list of extracted features is summa-
rized in Table 1. If no trades are recorded within a given window (e.g., 
𝛿𝑤 = 1), we fall back to the next longer window (e.g., 𝛿𝑤 = 5) to ex-
tract features. If no trades are observed within the full history window 
(𝛿𝑤 = ∞), the corresponding sample is discarded. Feature types include 
price and volume statistics (e.g., min, max, mean, percentiles), with per-
centile levels 𝑝 ∈  = {10%, 25%, 45%, 50%, 55%, 75%, 90%}. For example, 
Price Percentile ||

|

+

[𝑡𝑓−15min, 𝑡𝑓 ], 50%
 denotes the median (50% quantile) of 

prices on the buy side (+ ) within the 15-min look-back window. 

3.2.  Feature selection

The extracted feature set may contain redundant or noisy fea-
tures that harm generalization. Following prior works in utilizing 𝓁1-
penalized linear regression, also known as Least Absolute Shrinkage and 
Selection Operator (LASSO), to encourage sparse feature sets for point-
wise prediction [9], we extend this idea to the probabilistic forecasting 
setting by applying 𝓁1-penalized Linear Quantile Regression (LQR) to 
provide a transparent and interpretable baseline for identifying infor-
mative orderbook-derived features.

Given an input feature matrix 𝑋𝑖 ∈ ℝ𝑁×𝐷 and target quantile vec-
tor 𝑦𝑖,𝜏 ∈ ℝ𝑁 , we estimate the coefficient vector 𝜷 ∈ ℝ𝐷 by solving the 
following optimization problem:
𝜷̂ = argmin

𝜷
𝐿𝜏 (𝑦𝑖,𝜏 , 𝑋𝑖𝜷) + 𝛼‖𝜷‖1 (2)

where 𝐿𝜏 (⋅) denotes the quantile loss:

𝐿𝜏 (𝑦𝑖,𝜏 , 𝑋𝑖𝜷) =
𝑁
∑

𝑛=1

(

𝑦(𝑛)𝑖,𝜏 −𝑋(𝑛)
𝑖 𝜷

)

⋅
(

𝜏 − 𝕀{𝑦(𝑛)𝑖,𝜏 < 𝑋(𝑛)
𝑖 𝜷}

)

(3)

The hyperparameter 𝛼 > 0 controls the degree of sparsity by penalizing 
the absolute magnitudes of the coefficients and is optimized based on 
validation (quantile) loss. After optimization, only features with non-
zero coefficient magnitudes are retained, yielding a reduced sparse fea-
ture matrix 𝑋(𝓁1)

𝑖 ∈ ℝ𝑁×𝐷(𝓁1) , where 𝐷(𝓁1) ≪ 𝐷, that serves as the input 
to downstream quantile forecasting models.

1 𝛿𝑚 can be retrieved from EPEX Spot download center.

Table 1 
Extracted features and definitions. 

 Feature  Mathematical Definition
 Price Percentile ||

|

𝑠

𝑤 , 𝑝
percentile

𝑡∈𝑤 ,𝑝
𝑃 𝑠
𝑡

 Min Price ||
|

𝑠

𝑤
min
𝑡∈𝑤

𝑃 𝑠
𝑡

 Max Price ||
|

𝑠

𝑤
max
𝑡∈𝑤

𝑃 𝑠
𝑡

 First Price ||
|

𝑠

𝑤
f irst
𝑡∈𝑤

𝑃 𝑠
𝑡

 Last Price ||
|

𝑠

𝑤
last
𝑡∈𝑤

𝑃 𝑠
𝑡

 Mean Price ||
|

𝑠

𝑤
𝑃 𝑠
𝑤

 Price Volatility |

|

|

𝑠

𝑤

√

1
𝑛𝑠𝑤

∑

𝑡∈𝑤

(

𝑃 𝑠
𝑡 − 𝑃 𝑠

𝑤

)2

 Delta Price ||
|

𝑠

𝑤
last
𝑡∈𝑤

𝑃 𝑠
𝑡 − first

𝑡∈𝑤
𝑃 𝑠
𝑡

 Volume Percentile ||
|

𝑠

𝑤 , 𝑝
percentile

𝑡∈𝑤 ,𝑝
𝑉 𝑠
𝑡

 Min Volume ||
|

𝑠

𝑤
min
𝑡∈𝑤

𝑉 𝑠
𝑡

 Max Volume ||
|

𝑠

𝑤
max
𝑡∈𝑤

𝑉 𝑠
𝑡

 First Volume ||
|

𝑠

𝑤
f irst
𝑡∈𝑤

𝑉 𝑠
𝑡

 Last Volume ||
|

𝑠

𝑤
last
𝑡∈𝑤

𝑉 𝑠
𝑡

 Mean Volume ||
|

𝑠

𝑤
𝑉 𝑠
𝑤

 Volume Volatility |

|

|

𝑠

𝑤

√

1
𝑛𝑠𝑤

∑

𝑡∈𝑤

(

𝑉 𝑠
𝑡 − 𝑉 𝑠

𝑤

)2

 Delta Volume ||
|

𝑠

𝑤
last
𝑡∈𝑤

𝑉 𝑠
𝑡 − first

𝑡∈𝑤
𝑉 𝑠
𝑡

 Sum Volume ||
|

𝑠

𝑤

∑

𝑡∈𝑤
𝑉 𝑠
𝑡

 Trade Count ||
|

𝑠

𝑤
𝑛𝑠𝑤

 VWAP |

|

|

𝑠

𝑤

∑

𝑡∈𝑤
𝑃 𝑠
𝑡 𝑉

𝑠
𝑡

∑

𝑡∈𝑤
𝑉 𝑠
𝑡

 Momentum |

|

|

𝑠

𝑤

last
𝑡∈𝑤

𝑃 𝑠
𝑡 − VWAP𝑠

VWAP𝑠

4.  Model comparison

Based on the optimal feature set identified in the previous step, we 
compare several machine learning models, spanning classical statistical 
models, tree-based ensembles, and deep learning models.

4.1.  Classical statistical models

• Linear Quantile Regression (LQR). LQR models conditional quan-
tiles as linear functions of the input variables. It is highly inter-
pretable and computationally efficient, making it well-suited for 
high-frequency forecasting tasks [17]. LQR has been widely adopted 
in the context of intraday electricity price forecasting due to its sim-
plicity and fast training time.

• Quantile K-Nearest Neighbors (QKNN). QKNN performs non-
parametric quantile regression by computing empirical quantiles 
from the nearest neighbors in feature space. It makes no assump-
tions about the underlying data distribution and is capable of cap-
turing strong local nonlinearities, which can be useful in modeling 
complex market dynamics [18].

4.2.  Tree-based ensemble learning models

• Quantile LightGBM (QLGBM). QLGBM extends LightGBM to sup-
port quantile regression via gradient boosting and histogram-based 
tree construction. It efficiently handles large-scale data and captures 
complex feature interactions [19]. QLGBM is a widely used model 
for day-ahead electricity price forecasting due to its speed and ro-
bustness across diverse feature sets.

• Quantile XGBoost (QXGB). QXGB adapts XGBoost for quantile ob-
jectives using regularized decision tree ensembles. It is highly effec-
tive at modeling non-linear relationships and capturing long-range 
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Table 2 
Hyperparameter search range. 

 Model  Search Range
 LQR 𝓁1 regularization: [1e-8, 1]
 QKNN  n_neighbors: [5, 100]

 distance_metric: {euclidean, manhattan}
 weights: {uniform, distance}

 QLGBM  n_estimators: [50, 500]
 max_depth: [3, 12]
 learning_rate: [1e-3, 1e-1]
 subsample: [0.5, 1.0]
 colsample_by_tree: [0.5, 1.0]
 reg_lambda: [0.0, 10.0]

 QXGB  n_estimators: [50, 500]
 max_depth: [3, 12]
 learning_rate: [1e-3, 1e-1]
 reg_alpha: [0.0, 5.0]
 reg_lambda: [0.0, 10.0]

 QMLP  hidden_size: [32, 1024]
 n_layers: [2, 6]
 dropout_rate: [0.0, 0.5]
 learning_rate: [1e-5, 1e-1]
 batch_size: [64, 1024]

 QKAN  kan_units: [32, 1024]
 n_layers: [2, 6]
 grid_intervals: [5, 16]
 spline_order: [2, 4]
 learning_rate: [1e-5, 1e-1]
 batch_size: [64, 1024]

dependencies [20]. XGBoost is also a commonly used model for day-
ahead electricity price forecasting.

4.3.  Deep learning models

• Quantile Multi–layer Perceptron (QMLP). QMLP applies feedfor-
ward neural networks to directly estimate conditional quantiles. 
It learns complex non-linear mappings and scales well with high-
dimensional inputs [21]. QMLP has become a common deep learning 
baseline for intraday electricity price forecasting.

• Quantile Kolmogorov–Arnold Networks (QKAN). QKAN is a re-
cent neural architecture based on the Kolmogorov–Arnold repre-
sentation theorem, which approximates multivariate functions using 
compositions of univariate functions. It is designed to learn highly 
expressive, structured representations [22]. To the best of our knowl-
edge, this work represents the first application of QKAN in intraday 
electricity price forecasting.

4.4.  Evaluation metrics

Model performance is evaluated using probabilistic and pointwise 
metrics. For probabilistic forecasting, we employ the Average Quantile 
Loss (AQL) and the Average Quantile Crossing Rate (AQCR). For point-
wise forecasting, we report the Root Mean Squared Error (RMSE), Mean 
Absolute Error (MAE), and the Coefficient of Determination (R2).

• Average Quantile Loss (AQL). AQL is employed to jointly evaluate 
the accuracy of multiple quantiles [15]. It aggregates the quantile 
loss over all quantile levels:

AQL = 1
𝑁||

𝑁
∑

𝑖=1

∑

𝜏∈
𝐿𝜏 (𝑦𝑖, 𝑦̂𝑖,𝜏 ), (4)

where 𝑦𝑖 is the true price, 𝑦̂𝑖,𝜏 denotes the predicted quantile, and the 
pinball loss 𝐿𝜏 is defined as:

𝐿𝜏 (𝑦𝑖, 𝑦̂𝑖,𝜏 ) =

{

𝜏 ⋅ (𝑦𝑖 − 𝑦̂𝑖,𝜏 ), if 𝑦𝑖 ≥ 𝑦̂𝑖,𝜏 ,
(1 − 𝜏) ⋅ (𝑦̂𝑖,𝜏 − 𝑦𝑖), otherwise.

(5)

The quantile loss penalizes underestimation more heavily at higher 
quantiles and overestimation more heavily at lower quantiles.

• Average Quantile Crossing Rate (AQCR). AQCR quantifies the fre-
quency of quantile crossing violations [23], i.e., instances where a 
lower quantile prediction exceeds a higher quantile prediction. For 
each sample 𝑖, and any quantile pair (𝜏𝑙 , 𝜏𝑢) with 𝜏𝑙 < 𝜏𝑢, the crossing 
indicator is defined as:
𝐶𝜏𝑙 ,𝜏𝑢 (𝑦̂𝑙,𝑖, 𝑦̂𝑢,𝑖) = 𝕀(𝑦̂𝑙,𝑖 > 𝑦̂𝑢,𝑖), (6)

where 𝕀(⋅) is the indicator function. The overall AQCR is then com-
puted as:

AQCR = 1
𝑁

𝑁
∑

𝑖=1
𝐶𝜏𝑙 ,𝜏𝑢 (𝑦̂𝑙,𝑖, 𝑦̂𝑢,𝑖). (7)

A lower AQCR indicates better consistency of quantile predictions, 
with fewer violations across quantile levels.

• Root Mean Squared Error (RMSE). RMSE evaluates the overall pre-
dictive quality and is sensitive to outliers:

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2. (8)

• Mean Absolute Error (MAE). MAE measures the average magnitude 
of the prediction errors:

MAE = 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖|. (9)

• Coefficient of determination (R2). The R2 score quantifies the pro-
portion of variance in the target variable explained by the model:

R2 = 1 −
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̄)2
, (10)

where 𝑦̄ is the mean of the true values.

5.  Generalization assessment

To assess the model’s generalizability across countries and product 
types, we conduct two sets of experiments: (1) cross-country generaliza-
tion, where the model is transferred between DE and AT; and (2) cross-
product-type generalization, where the model is transferred between 60-
min and 15-min products. For both experiments, the following three 
transfer strategies are applied:

• A → A: Use the optimal feature set derived from domain A; train and 
optimize the model on data from domain A; test it on domain A.

• B → A: Use the optimal feature set derived from domain B; train and 
optimize the model on data from domain B; test on domain A.

• A + B → A: Use the union of optimal feature sets from both domains 
A and B; train and optimize the model on combined data from A and 
B; test on domain A.

Furthermore, we introduce two measures to quantify the phe-
nomenon of asymmetric generalization: the loss ratio  and the trade-count 
ratio , defined as follows:

 =
AQL(B→A)
AQL(A→A)

, (11)

where AQL(B→A) and AQL(A→A) are testing loss and can be retrieved 
from Table 5. A higher value of  indicates that a model transferred from 
domain B performs worse on domain A than a model trained directly on 
domain A;

 =
𝑁B
𝑁A

, (12)

where 𝑁A and 𝑁B represent the average count of matched trades across 
testing samples for domains A and B, respectively. These values reflect 
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Table 3 
Top 5 features per market, product type, and quantile. 
 Market  Product Type  Quantile  Top 5 features
 DE  60-min  0.1  Min P. ||

|

+

15
 Min P. ||

|

+

60
 Min P. ||

|

+

∞
 Max P. ||

|

−

∞
 First P. ||

|

−

1

 0.5  P. Pctl. ||
|

−

5 , 90%
 P. Pctl. ||

|

+

15 , 10%
 P. Pctl. ||

|

−

15 , 75%
 Min P. ||

|

+

15
 P. Pctl. ||

|

+

5 , 10%

 0.9  Max P. ||
|

−

15
 P. Pctl. ||

|

+

∞ , 10%
 P. Pctl. ||

|

+

5 , 10%
 Max P. ||

|

−

60
 Max P. ||

|

−

180

 15-min  0.1  Min P. ||
|

+

60
 Min P. ||

|

+

180
 Max P. ||

|

−

1
 Mean P. ||

|

−

5
 Min P. ||

|

+

15

 0.5  P. Pctl. ||
|

+

60 , 10%
 P. Pctl. ||

|

−

15 , 90%
 Min P. ||

|

+

15
 P. Pctl. ||

|

−

60 , 45%
 P. Pctl. ||

|

+

60 , 25%

 0.9  Max P. ||
|

−

60
 P. Pctl. ||

|

−

60 , 90%
 Min P. ||

|

+

1
 Max P. ||

|

−

15
 Max P. ||

|

−

180

 AT  60-min  0.1  Min P. ||
|

+

15
 Min P. ||

|

+

∞
 P. Pctl. ||

|

−

5 , 45%
 Min P. ||

|

−

5
 First P. ||

|

−

5

 0.5  Last P. ||
|

−

∞
 Min P. ||

|

+

5
 P. Pctl. ||

|

−

5 , 45%
 Last P. ||

|

+

∞
 Max P. ||

|

−

1

 0.9  Max P. ||
|

−

180
 P. Pctl. ||

|

+

60 , 75%
 Max P. ||

|

−

1
 First P. ||

|

+

15
 P. Pctl. ||

|

−

1 , 10%

 15-min  0.1  Min P. ||
|

−

1
 P. Pctl. ||

|

+

180 , 10%
 Min P. ||

|

+

15
 P. Pctl. ||

|

+

∞ , 10%
 Min P. ||

|

+

180

 0.5  Mean P. ||
|

+

∞
 Last P. ||

|

−

∞
 VWAP |

|

|

+

1
 VWAP |

|

|

−

180
 Mean P. ||

|

+

15

 0.9  Max P. ||
|

+

1
 Max P. ||

|

+

180
 Max P. ||

|

−

180
 Max P. ||

|

−

1
 Max P. ||

|

+

∞

Table 4 
Performance comparison of machine learning models. 
 Market  Product Type  Model  AQL ↓  AQCR ↓  RMSE ↓  MAE ↓  R2 ↑
 DE  60-min  LQR†  3.42±0.00  0.05±0.00  27.94±0.00  10.05±0.00  0.87±0.00

 QKNN†  3.51±0.00  0.06±0.00  28.41±0.00  10.33±0.00  0.86±0.00
 QLGBM  3.62±0.00  0.14±0.03  29.88±0.14  11.45±0.29  0.85±0.01
 QXGB  3.59±0.00  0.08±0.03  28.75±0.36  10.95±0.10  0.86±0.01
 QMLP  3.30±0.01  0.01±0.00  27.67±0.24  10.02±0.02 0.87±0.00
 QKAN 3.32±0.02 0.01±0.00 27.69±0.17 10.06±0.05  0.87±0.00

 15-min  LQR†  6.79±0.00  0.09±0.00  52.68±0.00  18.41±0.00  0.69±0.00
 QKNN†  6.80±0.00  0.10±0.00  52.78±0.00  18.56±0.00  0.69±0.00
 QLGBM  6.82±0.05  0.19±0.09  52.93±0.37  18.37±0.20  0.69±0.01
 QXGB  6.75±0.04  0.14±0.05  52.40±0.41  17.97±0.33  0.70±0.01
 QMLP 6.56±0.03  0.01±0.00  50.40±0.32  17.84±0.28  0.72±0.00
 QKAN  6.56±0.02 0.01±0.00 50.42±0.27 17.88±0.09 0.72±0.00

 AT  60-min  LQR†  4.33±0.00  0.05±0.00  28.61±0.00  11.91±0.00  0.80±0.00
 QKNN†  4.46±0.00  0.04±0.00  29.29±0.00  12.23±0.00  0.79±0.00
 QLGBM  4.49±0.05  0.10±0.04  29.41±0.42  12.14±0.17  0.78±0.01
 QXGB  4.45±0.03  0.04±0.01  28.90±0.38  11.97±0.10  0.79±0.01
 QMLP 4.20±0.01  0.01±0.00 28.33±0.23  11.69±0.06  0.80±0.00
 QKAN  4.19±0.01 0.01±0.00  28.27±0.14 11.75±0.10 0.80±0.00

 15-min  LQR†  6.44±0.00  0.04±0.00  52.99±0.00  17.82±0.00  0.57±0.00
 QKNN†  6.44±0.00  0.09±0.00  52.02±0.00  17.84±0.00  0.57±0.00
 QLGBM  6.38±0.11  0.05±0.01  51.97±0.24  17.42±0.18  0.57±0.01
 QXGB  6.47±0.08  0.07±0.02  51.67±0.18  17.32±0.15  0.58±0.01
 QMLP  6.22±0.06  0.01±0.00 51.24±0.22 17.18±0.21  0.58±0.00
 QKAN 6.22±0.08 0.01±0.00  51.15±0.11  17.09±0.14 0.58±0.00

the market liquidity and are illustrated in Fig. 2(a), where DE 60-min 
exhibits the highest trade count (most liquid), and AT 15-min the low-
est (least liquid). A higher value of  indicates that transfer learning is 
performed from a more liquid domain to a less liquid one.

5.1.  Cross-country generalization

In this setting, domains A and B refer to countries. Specifically, A can 
be either DE or AT, and B is the other. We evaluate model generalization 
across countries for the 60-min and 15-min product types, respectively.

5.2.  Cross-product-type generalization

In this setting, domains A and B refer to product types. Specifically, 
A can be either the 60-min or 15-min product, and B is the other. We 
evaluate model generalization across product types for the DE and AT 
markets, respectively.

6.  Experiment

The orderbook is split into training (2022-01-01 to 2024-01-01), val-
idation (2024-01-01 to 2024-07-01), and testing (2024-07-01 to 2025-
01-01) periods. The testing window is chosen to examine the model’s 
performance on more recent, up-to-date data. For the 60-min and 15-
min products, a prediction is generated every 60 min and 15 min, re-
spectively. Each model is optimized with 100 trials using Optuna, which 
applies Bayesian optimization for efficient hyperparameter tuning [24]. 
The corresponding hyperparameter search ranges are summarized in
Table 2. 

6.1.  Feature extraction and selection

We retain features with non-zero coefficients and analyze their im-
portance by summing the absolute coefficient magnitudes across feature 
type, look-back window size, and market side, respectively. As shown in 
Fig. 1(h), the most important feature types are price percentiles (29.9%), 
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Table 5 
Cross-domain generalization performance. 
 Cross-Country Generalization
 Product Type  Trans. Strategy  AQL ↓  AQCR ↓  RMSE ↓  MAE ↓  R2 ↑
 60-min  DE → DE  3.30±0.01  0.01±0.00  27.67±0.24  10.02±0.01  0.87±0.00

 AT → DE  23.84±13.34  0.41±0.10  35.60±9.64  11.60±1.61  0.78±0.12
 DE+AT → DE  3.47±0.02  0.01±0.00  27.91±0.09  10.12±0.04  0.86±0.01
 AT → AT  4.20±0.01  0.01±0.00  28.33±0.23  11.69±0.06  0.80±0.00
 DE → AT  4.20±0.01  0.02±0.00  28.85±0.06  11.98±0.04  0.80±0.00
 DE+AT → AT  4.15±0.01  0.01±0.00  28.23±0.05  11.55±0.07  0.80±0.00

 15-min  DE → DE  6.56±0.03  0.01±0.00  50.40±0.32  17.84±0.28  0.72±0.00
 AT → DE  80.15±11.23  0.08±0.01  88.99±8.16  39.48±2.84  0.12±0.16
 DE+AT → DE  8.89±0.41  0.06±0.04  55.29±2.08  21.94±1.33  0.66±0.03
 AT → AT  6.22±0.06  0.01±0.00  51.24±0.22  17.18±0.21  0.58±0.00
 DE → AT  6.27±0.12  0.02±0.04  52.89±0.13  17.79±0.19  0.58±0.00
 DE+AT → AT  6.20±0.03  0.00±0.00  51.00±0.04  17.04±0.09  0.58±0.00

 Cross-Product-Type Generalization
 Market  Trans. Strategy  AQL ↓  AQCR ↓  RMSE ↓  MAE ↓  R2 ↑
 DE  60-min → 60-min  3.30±0.01  0.01±0.00  27.67±0.24  10.02±0.01  0.87±0.00

 15-min → 60-min  4.45±0.42  0.04±0.03  28.90±0.07  10.34±0.11  0.86±0.00
 60-min+15-min → 60-min  3.57±0.01  0.02±0.00  27.98±0.12  10.13±0.06  0.87±0.00
 15-min → 15-min  6.56±0.03  0.01±0.00  50.40±0.32  17.84±0.28  0.72±0.00
 60-min → 15-min  6.59±0.28  0.02±0.00  50.83±2.39  17.89±0.35  0.72±0.00
 60-min+15-min → 15-min  6.33±0.02  0.01±0.00  50.10±0.36  17.63±0.07  0.72±0.00

 AT  60-min → 60-min  4.20±0.01  0.01±0.00  28.33±0.23  11.69±0.06  0.80±0.00
 15-min → 60-min  8.17±3.90  0.13±0.23  29.99±0.24  12.41±0.10  0.78±0.00
 60-min+15-min → 60-min  4.46±0.04  0.02±0.00  29.47±0.03  12.16±0.04  0.79±0.00
 15-min → 15-min  6.22±0.06  0.01±0.00  51.24±0.22  17.18±0.21  0.58±0.00
 60-min → 15-min  6.22±0.09  0.01±0.00  52.18±0.25  17.59±0.11  0.58±0.00
 60-min+15-min → 15-min  6.21±0.05  0.00±0.00  51.15±0.05  17.05±0.05  0.58±0.00

minimum prices (26.3%), and maximum prices (21.9%), while the volume-
based features do not contribute much in terms of coefficient magnitude. 
In Fig. 1(i), features extracted from the last 15 and 60 min contribute 
the most (23.4% and 20.6%). Surprisingly, the last 1-min window con-
tributes only 11.3% of total importance. This may be due to the volatility 
and noise in short-term trading activity. Fig. 1 (j) shows that buy-side 
features slightly dominate sell-side features, although the difference is 
marginal. We note that this feature-importance analysis reflects only 
linear associations between features and price labels, non-linear models 
may exploit complex interactions and non-linear transformations, which 
can shift the relative importance across feature groups. 

To evaluate the impact of feature selection on performance, we rank 
all features by their absolute coefficient values per market, product type, 
and quantile. The LQR models are retrained using: only the top 1 fea-
ture; the top 5 features; and all the selected features. Additionally, we in-
clude two previously reported strong predictors as benchmarks: VWAP 
over the last 15 min (Naive1) and the last price (Naive2). As shown 
in Fig. 1(k), the selected full feature set significantly outperforms both 
naive baselines, achieving on average 10.53% and 11.87% lower testing 
loss compared to Naive1 and Naive2, respectively. Moreover, the top 5 
features are often sufficient to match the performance of the full set, 
indicating redundancy among weaker features. While the top 1 feature 
yields comparable performance to the top 5 in the 15-min product in 
DE, it performs worse in other settings. Therefore, we proceed by using 
the top 5 features, revealed in Table 3, for the downstream forecasting 
task.

6.2.  Model comparison

The results of the model comparison are illustrated in Table 4, where 
all metrics are reported as mean±standard deviation over 5 independent 
runs. The best results are in bold. Models marked with † lack random-
seed control; thus, the standard deviation is zero. The units of AQL, 

RMSE, and MAE are expressed in e/MWh, and AQCR in %. We observe 
substantial variation in AQL across probabilistic forecasting scenarios. 
Specifically, the difficulty in probabilistic forecasting is in the order: DE, 
60-min < AT, 60-min < AT, 15-min < DE, 15-min, as indicated by the 
average AQL across models. This order contradicts the volatility order: 
AT, 60-min < DE, 60-min < AT, 15-min < DE, 15-min, as observed from 
Fig. 1(f)-(g). One possible explanation is that the higher liquidity in the 
DE market provides richer and more stable predictive features for 60-
min products, partially offsetting the impact of volatility. In contrast, 
the AT 60-min product combines lower volatility with lower liquidity 
compared to the DE 60-min product, and the lower liquidity increases 
the difficulty of probabilistic forecasting.

Among the six models compared, the deep learning approaches con-
sistently outperform classical statistical models and tree-based ensem-
bles. In particular, QMLP achieves on average 3.45% and 4.59% lower 
AQL than LQR and QKNN, respectively, when averaged across markets 
and product types. Furthermore, QLGBM and QXGB result in 5.08% and 
4.83% higher AQL on average compared to QMLP. In addition, the clas-
sical statistical methods and tree-based ensembles exhibit higher AQCR 
values, ranging from 0.04% to 0.19%, indicating more unreliable prob-
abilistic forecasting. This issue is expected to be further magnified when 
predicting additional quantiles. We also note that QMLP and QKAN per-
form nearly identically across all metrics. However, QKAN requires ap-
proximately 9.7 times longer training time per epoch due to its neural 
decomposition and multivariate integration structure. Therefore, QMLP 
offers the best trade-off between computational efficiency and predictive 
performance and is selected for the downstream generalization assess-
ment.

6.3.  Generalization assessment

In the cross-country experiments, models trained on the DE market 
generalize well to the AT market, while the reverse direction results in 
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Fig. 2. Analysis of model performance against market liquidity. (a) Comparison 
of market liquidity. (b) Loss ratio versus trade-count ratio.

substantial degradation of performance, as observed from Table 5. In 
both 60-min and 15-min settings, separate training achieves the best 
performance across all metrics when predicting DE prices, while joint 
training leads to the best or equivalent performance when predicting 
AT prices. Notably, when directly transferring a model trained on AT
orderbook data, the AQL increases drastically from 3.30 to 23.84 for the 
60-min product and from 6.56 to 80.15 for the 15-min product (high-
lighted in orange in the table). In contrast, DE-trained models main-
tain similar performance when applied directly to the AT market (high-
lighted in gray in the table). These results highlight a clear asymmetric 
phenomenon, consistent with the higher liquidity of the DE market be-
ing associated with better transfer toward the less liquid AT market.

In the cross-product-type experiments, models trained on the 60-min 
product generalize well to the 15-min product, while the reverse di-
rection again leads to inferior performance, as observed from Table 5. 
In both DE and AT markets, separate training yields the best results 
across all metrics when predicting 60-min prices, whereas joint train-
ing improves or maintains performance when predicting 15-min prices. 
Notably, directly transferring a model trained on 15-min data results 
in AQL increases from 3.30 to 4.45 in DE and from 4.20 to 8.17 in AT 
(highlighted in orange in the table). Meanwhile, transferring from 60-
min to 15-min retains similar performance compared to separate train-
ing (highlighted in gray in the table). These results again suggest that 
the asymmetric phenomenon is associated with liquidity differences, 
as 60-min products contain more trades. In contrast, 15-min products 
are sparser and more volatile, limiting their generalizability to coarser
timescales.

Fig. 2(b) shows the scatter of (,) and its empirical fitting curve. 
For  ≥ 1, where transfer learning is performed from a more liquid do-
main to a less liquid one, the loss ratio remains at  = 1, indicating per-
formance equivalent to training directly on the target domain. In con-
trast, for  < 1, where transfer occurs from a less liquid domain to a more 
liquid one, a clear exponential trend is observed: as  decreases, the 
loss ratio  increases sharply, indicating worse performance compared 
to target-only training. These observations confirm the role of liquidity 
in transfer performance and support the emergence of the asymmetric 
generalization phenomenon.

7.  Conclusion

In this paper, we developed a comprehensive feature set consisting 
of 384 orderbook features and revealed that price percentiles and ex-
treme prices outperform the previously reported powerful features such 
as VWAP and last price. Moreover, through model comparison, we find 
that deep learning models consistently outperform classical statistical 
models and tree-based ensembles. In particular, QMLPs emerge as a 
strong baseline for probabilistic forecasting when using domain features. 
Finally, our generalization assessment uncovers a pronounced asymme-
try in transferability: models trained on more liquid markets or products 
generalize well to less liquid domains, while the reverse transfer leads to 
substantial performance degradation. These findings underscore the im-
portance of market liquidity in designing better models for probabilistic 
intraday electricity price forecasting.

8.  Limitation and future work

First, the extracted features in this study are empirical and may ben-
efit from exploring a broader feature set in future work. Second, as mar-
kets become more efficient, simpler indicators such as the last price may 
become sufficient. We will monitor such developments, particularly as 
electricity markets transition to full quarter-hourly resolution. Third, the 
hyperparameters are tuned empirically. Additional hyperparameter tun-
ing and a larger number of trials may further improve performance, po-
tentially enabling tree-based models to match the performance of deep 
learning models. Fourth, we use trade-count as a simple liquidity proxy; 
examining additional liquidity measures (e.g., bid-ask spread and or-
derbook depth) and their relationship to asymmetric generalization is 
an interesting direction for future work. Fifth, the features are selected 
via LQR, which capture only linear effects; extending feature selection 
to non-linear models is left for future work. Lastly, this work focuses on 
the central regions in Europe; extending the analysis to Nordic markets 
is worth exploring.
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