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Abstract

Electricity demand forecasts are crucial for power system operations. Market participants fre-
quently rely on day-ahead predictions provided by Transmission System Operators (TSOs), but
these can be systematically biased and — as recent studies report — may be improved using parsi-
monious autoregressive models. Despite the fact that many operational and economic decisions
require well-calibrated uncertainty estimates, previous work has focused on point forecasts. The
key question is how to derive accurate quantile and density predictions. Here we show that pro-
cessing TSO forecasts with the Least Absolute Shrinkage and Selection Operator (LASSO) brings
further accuracy gains and provides strong inputs for probabilistic forecasts. Drawing on ten years
of data (2016-2025) from three European and North American power markets, we find that Gen-
eralized Additive Models for Location, Scale, and Shape (GAMLSS) deliver consistently better
probabilistic performance than commonly used econometric and machine learning approaches.
Together, these findings highlight how regularization and flexible distributional modeling can im-
prove uncertainty quantification of electricity demand.

Keywords: Electricity demand, Day-ahead market, LASSO, Probabilistic forecasting, GAMLSS

1. Introduction

Electricity demand (or load) forecasting remains a key part of power system management and
has supported operational and strategic decisions for many decades. Market participants rely on
demand predictions in their daily decision-making processes, including system planning, schedul-
ing generation units, trading activities, or revenue prediction (Kirschen and Strbac, 2019). His-
torically, research on load forecasting has focused primarily on point forecasts, which summarize
future demand with a single number — typically the expected value (Hong and Fan, 2016). How-
ever, probabilistic forecasts in the form of quantiles or predictive distributions are crucial for op-
erational planning and risk management, as they alone provide a comprehensive view of potential
future outcomes (Winkler et al.l 2019; Petropoulos et al., [2022). Ultimately, they enable more
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informed decision-making across the energy sector (Hong et al., [2020; Uniejewski and Weron,
2021} |Gneiting et al.,|2023a; Nawaz et al., [2023; Maciejowska and Nitka, [2026)).

In practice, market participants often rely on the freely available electricity demand forecasts
provided by Transmission System Operators (TSOs). However, these official forecasts can be
of limited accuracy and in many markets exhibit a systematic bias. Maciejowska et al.| (2021)
showed that even relatively simple autoregressive (AR) models could significantly improve TSO
forecasts, lowering the MAE by as much as 37%. The analysis, however, was restricted to one
market (Germany, 10.2015-09.2019) and focused solely on point forecasts, leaving the probabilis-
tic perspective unexplored. This raises two questions. First, whether more advanced modeling
techniques than simple linear regression can yield additional accuracy gains. Second, whether
similar improvements can be achieved within a probabilistic forecasting framework.

In our study, we improve the approach of Maciejowska et al. (2021)) by considering a much
richer pool of potential regressors and use the Least Absolute Shrinkage and Selection Operator
(LASSO) to identify the relevant ones, instead of using a parsimonious regression model based
on expert knowledge. Secondly, we use both the TSO and the LASSO-based point forecasts
as inputs to probabilistic models for quantile and density forecasting. We focus in particular on
Generalized Additive Models for Location, Scale and Shape (GAMLSS; Rigby and Stasinopoulos,
20035)), which have seen only limited application in electricity demand forecasting.

The GAMLSS framework allows each parameter of the chosen distribution to be modeled as
a function of explanatory variables, with potentially different covariate sets. It also enables non-
linearity to be included in the estimation process, making it a highly flexible tool for forecasting
applications (Ziel, [2022). Despite these advantages, the literature on electricity demand forecast-
ing with GAMLSS is sparse.

The study most closely related to our work is Browell and Fasiolo|(2021), who improve proba-
bilistic forecasts of regional net load in Great Britain by modeling the distribution’s tails more ac-
curately. The authors generate point forecasts using Generalized Additive Models (GAMs; Hastie
and Tibshirani, [ 1990) and utilize quantile regression (QR; Koenker, 20035)) to estimate the central
quantiles. To better approximate extreme quantiles, they use the Generalized Pareto Distribution
(GPD), either in a static variant with constant parameters or a conditional one with parameters
estimated by GAMLSS. They conclude that the latter approach yields sharper prediction intervals
(PIs) than static GPDs while retaining calibration, and enable more efficient reserve setting.

Other related electricity demand forecasting papers include Beykirch et al. (2021)), who applied
GAMLSS-based predictions for anomaly detection in building heat load time series, and |Gilbert
et al. (2023), who employed GAMLSS to predict the timing and level of daily peak demand at
low voltage levels. In a wider energy forecasting context, GAMLSS has seen limited application
in short-term electricity price forecasting (Serinaldi, [2011; Hirsch et al., 2024)), solar irradiance
forecasting (Brabec et al., 2015; |Bakker et al., 2019; |Yagli et al., [2020; |Yang and van der Meer,
2021)), and wind forecasting (Gilbert et al.,2021; Dong et al.,|[2024).

Although the above papers tackle important problems in energy forecasting, they do not ex-
plicitly consider GAMLSS-based models to predict day-ahead electricity demand. In our study,
we consider GAMLSS with three parametric distributions: Normal, Student’s 7 and Johnson’s SU
(JSU), and benchmark them against well and less known nonparametric (historical simulation —
HS, conformal prediction — CP, isotonic distributional regression — IDR, and quantile regression
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Figure 1: Electricity demand (1op) and percentage errors £,3C = (L13° = Lyp)/Lan of the TSO’s day-ahead forecasts
relative to realized demand (bottom) in the German electricity market (EPEX-DE). Vertical dashed lines indicate the
end dates of the initial calibration (training) windows for the point and probabilistic forecasts. Each day, forecasts for
the 24 hours of the following day are computed, and the windows are then rolled forward by one day.

— QR), as well as parametric (GARCH and Natural Gradient Boosting — NGBoost) probabilistic
forecasting methods. To evaluate the performance of these approaches, we analyze ten years of
historical data (2016-2025) from two European (EPEX-DE, Germany and POLEX, Poland) and
one North American electricity market (ISO-NE, New England). Predictive accuracy is assessed
via the pinball score (Nowotarski and Weron, [2018;; (Gneiting et al.,[2023b)), and statistical signif-
icance is tested with the multivariate version of the Diebold-Mariano (DM) test (Ziel and Weron,
2018; [Lago et al., 2021).

The remainder of the paper is structured as follows. In Section [2] we introduce the datasets.
In Sections [3]and [ we describe the point and probabilistic forecasting methods. Then, is Section
[5] we discuss the results in terms of prediction accuracy and statistical significance. Finally, in
Section [6l we wrap up the findings and conclude.

2. Markets and data

The German market (EPEX-DE; see Figure [I) is one of the most extensively studied in the
literature (Berk et al., 2018 Maciejowska et al., 2021}, Berrisch and Ziel, 2024 Chec et al., 2025},
Maciejowska and Nitkal, [2026), largely due to its central position in Europe and high liquidity
across various market segments. Over the last decade, the proportion of electricity generated
from renewable energy sources (mainly solar and wind) has grown significantly in this market,
reaching over 60% in 2024. In contrast, the Polish market (POLEX; see Figure|2[) has received less

attention (Dudek, 2016} [Uniejewski and Weron|, [2021; Janczura and W¢jcik, [2022; Maciejowskal
I 3 |
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Figure 2: Electricity demand (fop) and percentage errors of the TSO’s day-ahead forecasts relative to realized demand
(bottom) in the Polish electricity market (POLEX). Compare with Fig. m
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Figure 3: Electricity demand (fop) and percentage errors of the TSO’s day-ahead forecasts relative to realized demand
(bottom) in the New England electricity market (ISO-NE). Compare with Figs. [T|and[2]




Table 1: Six representative cities for each market. The system-wide temperature forecast is the arithmetic mean of the
forecasts for these six cities.

Market Cities
Germany (EPEX-DE) Berlin, Cologne, Frankfurt am Main, Hamburg, Leipzig, Munich
Poland (POLEX) Gdansk, Katowice, Lublin, Poznan, Warsaw, Wroctaw

New England (ISO-NE) Bangor, Boston, Burlington, Concord, Hartford, Providence

et al., 2024)), despite also being centrally located within Europe. Its generation has traditionally
relied on fossil fuels, but it has been gradually shifting towards a more diverse energy mix. In
2016, almost 90% of its generation came from fossil fuels, but by 2025, this figure had dropped to
71%. Poland shares similar economic and geographic contexts with Germany, which often results
in comparable market responses to regional developments. Including the New England (ISO-NE;
see Figure |3|) market provides an important extension of the analysis, as it operates under different
market structure, regulatory rules, climate and consumer behavior. Unlike the other two markets,
it remains strongly dependent on natural gas-fired generation and also draws heavily on nuclear
energy.

European electricity data are sourced from ENTSO-E (transparency.entsoe.eu) and data
for the New England market from the official website of the Independent System Operator (ISO;
iso-ne.com). The day-ahead temperature forecasts are obtained from Open-Meteo (open-meteo.
com; specifically, we use the JMA Seamless model). All three data sources are open access. To
approximate system-wide weather conditions for a given hour, we average temperature forecasts
from six representative cities in each market, see Table m

All datasets are downloaded in hourly resolution and cover the period from 3.01.2016 to
31.12.2025. Both point and probabilistic forecasts are generated using a rolling-window approach.
Each day, forecasts for the 24 hours of the following day are computed, and the windows are then
rolled forward by one day. The initial training window for the point-forecasting models (see Sec-
tion[3)) spans the first 52 weeks of the dataset (3.01.2016-31.12.2016). The initial training window
for the post-processing methods used to produce probabilistic forecasts (see Section H)) covers the
subsequent 208 weeks (1.01.2017-26.12.2020); this long training period is essential to ensure sta-
ble and reliable estimation. The out-of-sample test period, spanning roughly four years, begins
on 27.12.2020 and ends on 31.12.2025. The datasets were pre-processed to address missing and
duplicate values arising from transitions to and from daylight saving time: missing observations
were replaced by the mean of the two adjacent values, and duplicate observations by their mean.

3. Improving TSO point forecasts

The electricity demand point forecasts publicly disclosed by the Transmission System Oper-
ators (TSOs) are consistently inaccurate and systematically biased. This is evident in the lower
panels of Figures in which we plot the percentage errors &30 = 12}310 —Ly;)/ Ly, of the TSOS’
day-ahead forecasts relative to realized demand. As shown by Maciejowska et al. (2021), these
forecasts can be substantially improved using simple regression models. Building on this insight,

we first generate refined point predictions and then use them as inputs to probabilistic forecasting
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models. As is common in energy forecasting (Ziel and Weron, 2018)), both point and probabilistic
forecasts are generated independently for each hour of the target day.

3.1. The LASSO-estimated AutoRegressive (LEAR) model

To obtain more accurate point forecasts of electricity demand, we use a parameter-rich LASSO-
Estimated AutoRegressive (LEAR) model, introduced to the load forecasting literature by |Dudek
(2016) and [Ziel and Liu| (2016)). Inspired by the variant proposed for price forecasting by |[Lago
et al.| (2021)), who coined the acronym LEAR, we adopt the following model structure which is
able to capture cross-hour interactions:

2%
_ ATSO ATSO ATSO ATSO
Lip = ¢o + E o (¢iLd,,- + Givoaly 1 + GivasLy s + ¢i+72Ld_7,,-)

electricity demand forecasts

24 24 N 7 (D
+ Zi_l (PivosLa-2i + Pis120La-7,) + ZH Praa+Tai + Zj_l P168+;D; + €ap
~———— ——
autoregressive effects temperature forecasts daily dummies
where the initial 96 regressors with coeflicients ¢y, ..., ¢9¢ are the day-ahead TSO forecasts of

electricity demand L0 for daysd,d—1,d—2andd -7, and hours i = 1, ..., 24, while the next 48
regressors with coefficients ¢, ..., #144 represent the autoregressive effects and capture the impact
of the realized demand from days d—2 and d—7. Note that at the time the predictions are computed,
i.e., 9am on day d — 1, yesterday’s realized demand L, ;; is not known for all hours i. The
subsequent 24 inputs with coefficients ¢ys, ..., 163 correspond to day-ahead temperature forecasts
Td’,- for day d. The final 7 features with coefficients ¢yq9, ..., #175 are day-of-the-week dummies;
alternatively we could use an intercept and 6 dummies. All regressors, except the dummies, are
standardized before estimating the coefficients.

The LEAR model is estimated in Python using a combination of the LassoLarsIC() and
Lasso() functions, where the former is used to select the regularization parameter based on the
Bayesian Information Criterion (BIC), and the latter to fit the linear model with the Least Absolute
Shrinkage and Selection Operator (LASSO) of [Tibshirani (1996)); the intercept is not regularized
in this setting. See [Lago et al. (2021) and the associated epftoolbox package for reference.
Note that LASSO is only one of many regularization schemes. Still, despite its simplicity, it is
an all-round performer. For a recent comparison in an energy forecasting context and possible
alternatives, see |Uniejewski| (2024)).

3.2. The benchmark ARX model

We benchmark point predictions from the LEAR model against a parsimonious autoregressive
model with exogenous variables (ARX):

£TSO ATSO ATSO ATSO
Lop=¢o+ &1Ly + $2L21, + d3L,25, + daly’7,

electricity demand forecasts

R 6
+¢sLaop+ dsLlyapn+  Plqp  + § ~ GiDi + g4 (2)
~—— i=1
. &=
autoregresswe Cﬂ:CCtS temperature fOreCaSt

daily dummies
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The ARX model follows a similar specification to Eq. (I)), but instead of taking into account all
24 hourly values from day d, it uses only the value corresponding to hour 4. The ARX model is
estimated in Python via ordinary least squares (OLS). Note that compared to the LEAR model, we
drop one dummy variable to avoid collinearity.

4. Probabilistic forecasting

Our objective is to estimate 99 predictive quantiles of electricity demand for each of the 24
hours of day d, using information available at 9am on day d—1. To this end, we consider both para-
metric (GAMLSS, GARCH, NGBoost) and nonparametric (HS, CP, IDR, QR) methods. Quantile
forecasting (HS, CP, QR) allow us to obtain the 99 percentiles directly, whereas density forecast-
ing (GAMLSS, GARCH, NGBoost) yields parameter estimates of a chosen distribution, which
can then be used to compute the desired percentiles. The remaining approach (IDR) yields values
of the cumulative distribution function (CDF) at a finite set of response points observed in the
calibration window; quantiles at other probability levels are then obtained via interpolation.

4.1. Parametric methods

4.1.1. GAMLSS

The Generalized Additive Model for Location, Scale and Shape (GAMLSS) was introduced
by Rigby and Stasinopoulos| (2005) as a novel approach to distributional forecasting. The central
idea of this framework is that each parameter of a chosen distribution — such as location, scale,
and shape — can be modeled as a function of explanatory variables.

Building on the foundations of Generalized Additive Models (GAM), GAMLSS allows for
a wide variety of distributions to be modeled. It can be applied in both linear and nonlinear
settings, with the latter supporting smooth functions of continuous predictors. The key strength
of GAMLSS lies in its adaptability: each distributional parameter can be modeled using different
sets of covariates and functional forms, offering tailored specifications for different parameters of
the distribution. Despite this flexibility, GAMLSS remains computationally efficient, making it
well-suited for estimating predictive distributions (Ziel, 2022).

GAMLSS assumes that observations of the response variable, i.e., electricity demand L =
{L4}, are independent and D(u, o, v, T)-distributed for all days d and hours h, where p = {uy,}
and o = {04} are respectively the location and scale parameters, and v = {v;;} and 7 = {74}
are shape parameters related to the skewness and kurtosis. We work with three distributions D of
varying flexibility: normal with the location and scale parameters (N), Student’s ¢ with the location,
scale and shape (kurtosis) parameter (T), and Johnson’s SU with the location, scale, skewness and
shape parameters (JSU). We estimate the models using the gamlss package in R and adopt the
default link functions g,(-) for the distributions considered (see Table 6.1 in Stasinopoulos et al.,
2017): the identity link for the location and the skewness parameter (JSU), and the logarithmic
link for the scale and the kurtosis parameter (T, JSU).

For each distribution, we have two scenarios. In the first, only u is modeled as a function of
explanatory variables:

g1(w) = XB1 + s:1(T), 3)



where g;(u) = p is the identity link function, s;(-) is a nonparametric smoothing function based
on convex splines (or C-splines; Meyer, 2008ﬂ and

XBi = Pro +BriLan + BraLa-1n + BrsLa-an + BraLa-rn + BrsLa-on + BroLa—n + Z?:] Brj+6Dj .
TSO or LEAR-corrected demand forecasts autoregressive effects daily dummies

“4)
The remaining parameters (when applicable) are modeled as constants: g>(0) = B2, g3(V) = B30,
and g4(t) = Bso. Regressors Ly, € {ﬁgﬁlo,l:]L;EAR} are either TSO or LEAR-corrected demand
forecasts, see Eq. (I). Note the similarity of Eq. () to Eq. (I). In other words, we assume that
the expected value of electricity demand can be explained using the same variables as the location
parameter — or the location and scale parameters — of its distribution. The main difference is that
we now let the data determine the relationship between the response and the explanatory variables,
rather than imposing a linear form.

In the second scenario, both u and o are expressed as functions of covariates:

g1(w) = XB1 + s:1(T),
(o) = XBs + s:(T),

where g;(u) = g and g,(0) = log o are respectively the identity and the logarithmic link functions,
and s,(-) and s,(-) are nonparametric smoothing functions based on convex splines. Any remaining
parameters are modeled as constants. We also experimented with scenarios in which all three (T)
or all four (JSU) parameters were modeled as functions of explanatory variables. However, this
did not improve predictive performance. Nor did using P-splines, as in Zimmermann and Ziel
(2025) for mid-term forecasting of hourly electricity load using GAMs.

In addition, for the normal distribution we consider a simplified scenario, called GAMLSS,,
which uses a single input variable — the TSO or LEAR-corrected demand forecasts — instead of
Eq. B): g1(u) = u = Bo + B1Lay. The scale parameter is modeled with a constant, i.e., g,(0) =

log o = 3.

4.1.2. GARCH

The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model has become
a standard tool for describing time-varying volatility in financial econometrics (Andersen et al.,
2006)). Among its many specifications, GARCH(1,1) is widely regarded as the workhorse model
because it strikes a balance between realism and parsimony. In out-of-sample forecasting, it often
performs better than more complex variants (Hansen and Lunde, [2005)).

In the GARCH(1,1) model, the conditional variance of the response variable on day d and hour
h is defined as:

&)

Ton = @ + Q1€ + Q204 (6)
where @y > 0, aj,a,; > 0, and ¢,_;, denotes the prediction error for day d — 1 and hour 4. The
parameters admit an intuitive interpretation: a; controls how strongly volatility responds to new
shocks, while @, governs the persistence of volatility over time. To obtain the full predictive distri-

bution, we assume that electricity demand L, for day d and hour £ is distributed as N(Zd,h, Tan)s

where Ly, € (LS9, LLEAR} and 6, is obtained from Eq. (6).

"We use the function cSpline in R with default options.
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4.1.3. NGBoost

Following a recent trend in the forecasting literature (Brusaferri et al., 2022; Marcjasz et al.,
2023}, Morier and Valls Pereira, [2025), we adopt a distributional machine learning approach that
directly estimates the parameters of a chosen predictive distribution. Specifically, we use Natural
Gradient Boosting (NGBoost) of |Duan et al.| (2020), a probabilistic regression framework that
extends gradient boosting. The algorithm proceeds iteratively by sequentially adding decision
trees, referred to as base learners, with each new learner trained to correct the errors of the current
ensemble. In this way, predictive performance is gradually improved through boosting.

When training probabilistic models, different distribution parameters can affect the predictive
distribution on different scales, which can make standard gradient-based optimization unstable.
NGBoost addresses this issue by using the so-called natural gradient, which modifies the usual
gradient so that updates are measured in terms of changes to the predicted probability distribution
rather than changes to the raw model parameters.

In our setup, NGBoost outputs the location and scale parameters of a normal distribution.
These parameters are learned jointly by maximizing the likelihood and are allowed to depend on
the input features. We use the open-source ngboost package in Python with default hyperparam-
eters, in order to focus on the model’s probabilistic forecasting capabilities rather than the effects
of hyperparameter optimization.

4.2. Nonparametric methods
4.2.1. Historical simulation and conformal prediction

Historical simulation (HS) and conformal prediction (CP) are very simple, model-independent
approaches in which the predicted @-quantile is obtained by adding a point forecast to the empirical
a-quantile of the forecast errors (HS) or of the absolute forecast errors (CP). Although similar in
concept, the methods originated in two different communities. HS can be traced back at least to the
early 1990s and the beginnings of Value-at-Risk (VaR) in risk management practice (Hendricks,
1996)), while CP originated in the machine learning literature (Vovk et al.,|2005) and consequently
uses different terminology.

Specifically, the HS-derived conditional @-quantile is given by:

QAGlid,h = z\‘d,h + szp(g)’ (7)

where ﬁd,h is the point forecast of electricity demand and Q},"(¢) represents the sample a-quantile
of the prediction errors €, = Lyy — Lyj-
In contrast, conformal prediction works with so-called non-conformity scores A,;’s. In its

basic form, Ay, = |egnl = |Lan — lid,hl; see Kato et al.| (2023) for alternative choices of non-
conformity measures. The CP-derived conditional @-quantile is defined by:
Quityy = Lan = Taz05050" (D) + Laz0505 o) (), (8)

where Q5™ (1) is the sample a-quantile of the A,;’s. Note that [L;, — O5™(1), Ly + 02 (A)]
is a valid (1 — a)-prediction interval (PI), i.e., the non-conformity score defines the width of the
interval. Consequently, unlike in historical simulation, the PIs are centered on the point forecasts.
To compute the HS and CP forecasts for the 99 percentiles, we use the point2quant () function
in the PostForecasts.jl package in Julia (Lipiecki and Weron, 2025).

9



4.2.2. IDR

Isotonic Distributional Regression (IDR) was introduced by |Henzi et al.| (2021]) as a method
for estimating the conditional cumulative distribution function (CDF) under an isotonicity con-
straint. This constraint implies that the quantiles of the conditional distribution are non-decreasing
with respect to the regressor; see Lipiecki et al. (2024) for a detailed description and a schematic
representation of the algorithm in an energy forecasting context.

The IDR provides estimated CDF values at a finite set of response points observed in the
calibration window. Quantiles at other probability levels, e.g., the 99 percentiles, are obtained via
interpolation. As for historical simulation and conformal prediction, we compute the IDR forecasts
for the 99 percentiles using the point2quant () function from the PostForecasts.jl package in Julia
(Lipiecki and Weron, [2025).

4.2.3. Quantile regression

The quantile regression (QR; Koenker, 2005) approach models conditional quantiles of the
dependent variable given a set of explanatory variables. For a given quantile level a € (0, 1), the
conditional quantile of electricity load is assumed to be linear in the covariates:

Ouixsy = XaiBa- 9

The estimation procedure involves minimizing an asymmetric loss function tailored to a specific
quantile level a, i.e., the so-called pinball score (also known as the quantile loss; |[Nowotarski and
Weron, 2018; |Gneiting et al., 2023b):

min| > (0= Leyyoxp,) (Lar = XasBs) | (10)

d.h

pinball score

where X, = [1, I:d,h, Zd_l,h, I:d—Z,h, I:d_7,h, Lyons Li—7p, Td,h, Dy, ..., Dg] denotes the vector of ex-
planatory variables for day d and hour 4, B, 1s the vector of regression coeflicients, and L, is the
observed electricity demand for day d and hour 4. Notably, to construct a full picture of the target
distribution, this minimization must be carried out separately for each desired quantile level. We
use the QuantileRegressor () function from the scikit-learn package in Python to compute
the quantile forecasts.

Similarly to GAMLSS, see Section4.1.1, we also consider a variant of QR that uses a single
vector of point predictions as the only input variable, i.e., L. This special case goes in line with
the Quantile Regression Averaging (QRA) method of [Nowotarski and Weron (2015)), who were
the first to propose using point predictions as inputs to quantile regression. We refer to this special
case as QRy. Note that as for the other non-parametric methods, see Sections [4.2.1] and 4.2.2]
the QR forecasts can be computed using the point2quant () function from the PostForecasts.jl
package in Julia (Lipiecki and Weron, 2025).

10



Table 2: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) for TSO, ARX-based, and LEAR-
based point forecasts over the test period 27.12.2020-31.12.2025, with cell coloring applied independently for each
column and each market (red — high, green — low). Columns labeled "%chng." show the percentage difference
(improvement) with respect to the corresponding error metric of the TSO forecasts.

MAE  %chng. RMSE  %chng.
EPEX-DE

TSO [ 2006.98 2568.72

ARX  1489.86 -25.77% 1966.93 -23.43%

LEAR | 1385.72 | -30.96% | 1836.64  -28.50%
POLEX

TSO 505.35 657.35

ARX 35277 -30.19% 469.60 -28.56%

LEAR | 343.87 -31.95% | 45791 | -30.34%
ISO-NE

TSO 477.48 714.55

ARX 20250 -57.59% 295.69 -58.62%

LEAR | 151.22  -68.33% | 218.99 | -69.35%

5. Results

5.1. Point forecasts

The prediction accuracy of point forecasts is measured by the Mean Absolute Error (MAE)
and the Root Mean Square Error (RMSE):

MAE = gl 307 302 1Lan = Laal, (11)

RMSE = /5t S 52 (Lag — Las)™ (12)

where N, = 1831 stands for the number of days in the test period (i.e., 27.12.2020-31.12.2025; see
Figures , while L, and L, respectively denote the actual and predicted electricity demand
for day d and hour A.

Table @ reports the point forecast accuracy of the TSO, ARX, and LEAR models. Even the
parsimonious ARX model substantially improves over the TSO benchmark. In terms of MAE, it
reduces forecast errors by approximately 26% for Germany, 30% for Poland, and 58% for New
England; reductions is RMSE are of a similar magnitude. Compared to ARX, LEAR achieves
additional reductions in all markets — the largest in New England and the smallest in Poland.
Compared to the TSO benchmark, LEAR reduces MAE by 31% for Germany, 32% for Poland,
and 68% for New England; again reductions is RMSE are of a similar magnitude.

Overall, these results indicate that allowing the model to select relevant predictors from a large
information set leads to substantial accuracy gains over both TSO and ARX forecasts. Because
LEAR consistently outperforms ARX, we excluded ARX from the subsequent probabilistic fore-
casting analysis.

5.2. Probabilistic forecasts

Probabilistic forecast performance is usually assessed based on sharpness, reflecting the con-
centration or spread of the predictive distribution (Nowotarski and Weron, [2018; (Gneiting et al.,
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Table 3: The aggregate pinball score (APS), i.e., the pinball score defined by Eq. (I0) averaged for the entire test period
and across all 99 percentiles, for the German (EPEX-DE), Polish (POLEX) and New England (ISO-NE) markets. Cell
coloring is applied independently for each market (red — high, green — low).

Non-parametric forecasting Parametric forecasting
N T ISU
HS Cp IDR QR, QR  GARCH GAMLSS, GAMLSS GAMLSS GAMLSS NGBoost
- . - . 5 5 H oo M Mo H M, o
Ly Ly Ly Ly Xan Ly Ly Xan Xan Xan Xan Xan Xin Xin
EPEX-DE

TSO | 72121 722.09 72843 721.67 537.26 @ 705.92 720.03 527.68 525.76 528.65 526.54 529.61 528.00 571.07

LEAR 505.52 504.86 51541 50543 497.69 499.29 505.55  488.20 484.58 487.88 484.69 488.66 485.88 506.35
POLEX

TSO 15329 181.51 151.71 147.86 128.70 | 184.63 147.59 12540 12545 125.62 12559 126.00 125.71 137.76

LEAR 12447 12444 12939 12457 122.09 123.35 124.43 118.70 119.08 11893 119.17 119.34 11939  126.60
ISO-NE

TSO 9393 162.51 83.00 86.17 74.10 | 178.10 87.45 6229 6096 61.62 60.60 61.66 60.71 66.59

LEAR @ 55.69 55.69 5827 5528 54.33 55.33 56.11 5442 5370 5394 5342 5400 5347 57.99

2023b)). For a single quantile @, we can measure sharpness using the pinball score defined in Eq.
(T0). To evaluate the full predictive distribution, pinball scores can be averaged across different
a’s; for an equidistant dense grid of quantiles the latter leads to the continuous ranked probability
score (CRPS; see Nitka and Weron, 2023; Berrisch and Ziel, 2024). Further, pinball scores can be
averaged across a certain time period, e.g., all hours in the test period. In this study, we report the
results of the so-called aggregate pinball score (APS; Uniejewski and Weron, 2021)) for the entire
test period and all 99 percentiles (— APS), or the extreme 20 percentiles, i.e., 0.01,0.02,...,0.10
and 0.90,0.91....,0.99 (— APS20).

Tables [3] and [ report aggregate pinball scores for the German (EPEX-DE), Polish (POLEX),
and New England (ISO-NE) electricity markets, using either TSO or LEAR point forecasts as in-
puts to the probabilistic models. Table [3|summarizes results across all 99 quantiles, while Table [4]
focuses on the 20 most extreme quantiles. Each table is divided into two sections. The left panel
presents results for the non-parametric methods: historical simulation (HS), conformal prediction
(CP), Isotonic Distributional Regression (IDR), and quantile regression (QR, and QR). The right
panel reports results for the parametric approaches: GARCH(1,1), several GAMLSS specifica-
tions, and NGBoost. Finally, the symbols L, and X, indicate the input sets used by each method.
Models based on L, only use the point demand forecast for day d and hour 4. Models based on
Xd,h use a larger information set: Xd,h = [1, Z‘d,/’l’ Z‘d—l,ha Z‘d—Z,h’ Z‘d—7,h’ Ld—2,h’ Ld—7,h, Td,ha Dy, ..., D6]

Based on the results presented in Tables [3] and 4] we can observe that replacing TSO forecasts
with LEAR-based predictions consistently reduces the APS, both for the full set of 99 quantiles
and for the 20 extreme quantiles. This holds for both non-parametric and parametric approaches.
The results indicate that the improvements in point load predictions directly translate into more
accurate probabilistic predictions. The effect is particularly pronounced for methods that rely
solely on L, ;. This pattern suggests that bias in TSO forecasts propagates into probabilistic models
when no additional variables are available to correct for it.

The results show that among all specifications, the GAMLSS models with normal (GAMLSSY),
Student’s t (GAMLSS?), and Johnson’s SU (GAMLSS”5Y) distributions generally deliver the most
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Table 4: The aggregate pinball score (APS20), i.e., the pinball score defined by Eq. (I0) averaged for the entire test
period and across extreme 20 percentiles (0.01,0.02,...,0.10 and 0.90,0.91,...,0.99), for the German (EPEX-DE), Polish
(POLEX), and New England (ISO-NE) markets. Cell coloring is applied independently for each market (red — high,
green — low).

Non-parametric forecasting Parametric forecasting
N T su
HS CP IDR QR QR GARCH GAMLSS, GAMLSS GAMLSS GAMLSS NGBoost
. . - . ~ 5 H o H MO H M, o
Ly Ly Ly Ly Xan Ly Ly Xan Xan Xan Xan Xan Xan Xan
EPEX-DE

TSO | 281.96 281.52 292.96 280.26 217.23 263.29 28492  216.26 21234 217.66 212.77 217.64 212.80 246.14

LEAR 205.81 205.99 218.79 205.63 201.80 194.78 205.58 199.97 195.23 200.92 19536 201.09 19546 220.65
POLEX

TSO 59.45 69.18 63.55 57.72 5141 75.63 57.67 4971 4925 4990 4932 49.82 49.17 59.59

LEAR 4926 4921 5505 49.33 4893 47.40 49.11 47.06 46.86 4722 4692 4721 46.87 55.05
ISO-NE

TSO 3592 5648 3642 33.09 29.75 79.62 34.70 26.17 2486 26.13 2481 26.18 24.88 29.42

LEAR = 2351 2347 2611 @ 2279 22.50 22.69 23.67 2316 22,00 23.06 2194 23.10 21.98 25.31

accurate forecasts across all markets and input scenarios. The only exception occurs for the 20 ex-
treme quantiles in the EPEX-DE market, where GARCH(1,1) slightly outperforms the GAMLSS
variants. Although differences between distributional assumptions within GAMLSS are relatively
small, the results indicate that modeling both the location and scale parameters with a full set of
variables improves predictive accuracy compared to specifications in which the shape parameter
depends on intercept only.

Finally, we can conclude that models based solely on the point forecast input (L;) systemat-
ically underperform specifications that use the richer covariate set (X,;,). Although GARCH(1,1)
is typically the strongest among single-input parametric models — especially with LEAR inputs —
it remains clearly inferior to the best GAMLSS variants and is getting markedly worse when TSO
forecasts are used. Comparisons of QR versus QR and GAMLSS, versus full GAMLSS show
that incorporating additional covariates consistently improves predictive accuracy across markets
and quantile sets. Among the parametric approaches, NGBoost performs rather weakly. In most
cases, it is dominated by the GAMLSS variants and often fails to outperform simpler specifica-
tions. While its performance improves when LEAR inputs are used, it does not close the gap
relative to the best probabilistic models.

5.3. Statistical significance

To assess whether the observed improvement is statistically significant, we use the Diebold-
Mariano test (DM; [Diebold, |2015) — a well-established method in both point and probabilistic
forecasting contexts. In line with |Ziel and Weron| (2018]) and Lago et al.| (2021)), the test is carried
out in a multivariate setting, where the forecasts for all 24 hours in a day are evaluated together. Let
= (71"3’ 12 e 71’3’2 ) and 7 = (775,1’ . ﬂi ,,) represent the daily vectors of pinball scores for models
A and B, respectively. The multivariate loss differential series is calculated in the ||.||;-norm, and
thus given by:

AP =il = 172l (13)
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Figure 4: Results of the Diebold-Mariano (DM) test with the multivariate loss differential series given by Eq. (13)),
separately for all 99 percentiles (top) and for 20 extreme percentiles (bottom), for the three datasets: EPEX-DE,
POLEX and ISO-NE. The results refer to the LEAR scenario, i.e., with the usage of improved point predictions as
inputs. The outcomes of the test are presented using heat maps to indicate the range of the p-values. The closer they
are to zero (— dark green) the more significant is the difference between the forecasts of a model on the X-axis (better)
and the forecasts of a model on the Y-axis (worse); p-values > 0.10 are marked in black.

where ||7r‘3||1 = Ziil |rr‘37h|. The procedure assumes that the loss differential series is covariance
stationary.

Figure [4] shows the results of the DM test for the LEAR-based models, separately for all 99
percentiles and 20 extreme percentiles. Following Ziel and Weron| (2018). The DM tests largely
confirm the ranking implied by Tables[3|and[4} In particular, the GAMLSS,, - specifications are not
significantly outperformed by any competing method, for either the full set of 99 quantiles or the
20 extreme percentiles. Consequently, the advantage of GARCH(1,1) in the EPEX-DE market for
extreme quantiles is not statistically significant. Both GAMLSS,, and GAMLSS,, , significantly
outperform the benchmark methods when all 99 quantiles are considered, reinforcing their strong
performance in modeling the entire conditional distribution. For extreme quantiles, GAMLSS,,
generally improves over GAMLSS,,.

Differences between the normal, Student’s t, and JSU variants are generally small and market-
dependent, with no single distribution uniformly dominating across datasets. For extreme quan-
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tiles, some distributional differences become statistically significant, but superiority remains context-
specific. Consistent with earlier findings, NGBoost does not statistically dominate the GAMLSS
approaches and is frequently outperformed by them.

6. Conclusions

This paper examined how improvements in point electricity demand forecasts translate into
gains in probabilistic forecasting performance. We focused in particular on the Generalized Ad-
ditive Models for Location, Scale and Shape (GAMLSS), a flexible framework that has received
limited attention in day-ahead load forecasting. To generate enhanced point forecasts, we ex-
tended the approach of Maciejowska et al. (2021)) by combining transmission system operator
(TSO) forecasts, historical load realizations, and weather predictions within a high-dimensional
regression setting. The Least Absolute Shrinkage and Selection Operator (LASSO) was used to
select relevant predictors. Both TSO and LASSO-based forecasts were then used as inputs to a
range of non-parametric and parametric probabilistic forecasting methods.

The empirical results lead to three main conclusions. First, improving point forecasts signifi-
cantly increases probabilistic forecast accuracy. Using LEAR-based inputs reduces the aggregate
pinball score more than TSO-based inputs do, especially for models that rely solely on point fore-
casts and cannot correct for bias in TSO predictions.

Second, directly modeling the conditional distribution — especially when allowing the location
and scale to depend on explanatory variables — yields systematic improvements. GAMLSS spec-
ifications that incorporate covariates in both parameters rarely perform significantly worse than
benchmark approaches, and they outperform the benchmarks when considering the full distribu-
tion (99 percentiles). Differences across specific distributional assumptions (normal, Student’s
t, and JSU) tend to be smaller and market-dependent. These results suggest that the key gains
stem from flexible modeling of the conditional mean and variance rather than from a particular
parametric choice.

Third, although GARCH(1,1) can perform competitively for extreme quantiles in certain mar-
kets, this advantage is not statistically significant. Likewise, a more flexible machine learning
approach (NGBoost) did not systematically outperform GAMLSS models.

From an economic perspective, these findings underline the importance of accurate probabilis-
tic load forecasts for electricity market participants. Improved modeling of conditional uncertainty
supports better risk assessment and operational decision-making. The results also suggest that
further applications of distributional regression frameworks — such as GAMLSS - to other TSO
forecasts, including renewable generation, constitute a promising direction for future research.
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