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Abstract

This study develops a comparative forecasting framework that integrates daily weather
information with quarterly electricity generation, used here as a proxy for electricity
demand in New Zealand, through mixed-frequency modelling approaches. The anal-
ysis progresses from baseline univariate time-series models to classical mixed data
sampling regressions, advanced regularised and autoregressive mixed-frequency mod-
els, and machine learning-based mixed-frequency methods. The forecasting results
show that mixed-frequency models can improve upon traditional univariate bench-
marks by incorporating higher-frequency weather information. Among the advanced
approaches, autoregressive mixed-frequency models deliver strong forecasting perfor-
mance, particularly over shorter recent evaluation windows, while seasonal time-series
benchmarks such as SARIMA remain highly competitive and achieve the lowest
RMSE in the main eight-quarter evaluation period. Machine learning-based mixed-
frequency models show mixed performance, likely reflecting the challenges posed
by data dimensionality and limited sample size. The proposed framework provides
interpretable forecasts and offers practical insights for electricity system planning in
renewable-dominated energy systems.
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1 Introduction

Accurate electricity demand forecasting is a fundamental component of power system
planning and operation. Reliable forecasts support generation scheduling, network
investment decisions, congestion management, and the secure integration of renew-
able energy resources within smart grid environments. Electricity demand is inherently
influenced by a range of exogenous drivers, among which weather-related factors
such as temperature, seasonal patterns, and climatic variability play a dominant
role. Numerous studies have documented the strong and often nonlinear relationship
between electricity consumption and weather conditions, highlighting the importance
of incorporating meteorological information into demand forecasting models (Bessec
& Fouquau, 2008; Mirasgedis et al., 2006; Pardo et al., 2002).

Beyond electricity demand forecasting, a substantial body of literature has exam-
ined electricity price forecasting across short-, medium-, and long-term horizons,
emphasising the importance of robust and flexible modelling frameworks for energy
system planning and market operations (Ghelasi & Ziel, 2025; Kapoor et al., 2025;
Nowotarski & Weron, 2018; Ziel & Weron, 2018). These studies highlight key char-
acteristics of electricity systems, including strong temporal dependence, nonlinear
dynamics, and sensitivity to exogenous drivers such as weather and market condi-
tions. Although this study focuses on electricity demand rather than prices, insights
from this literature reinforce the need for forecasting models that can effectively inte-
grate higher-frequency information and accommodate complex temporal structures.

Traditional approaches to electricity demand forecasting have largely relied on
classical time-series techniques, including ARIMA and SARIMA models, as well as
exponential smoothing methods (Amjady, 2001; Gardner, 2006; Ho & Xie, 1998; Paul
etal., 2018). These models remain widely adopted in practice due to their interpretabil-
ity, relatively low computational cost, and solid theoretical foundations. Forecast
accuracy is typically assessed using standard error-based measures and formal sta-
tistical comparison procedures, and commonly used accuracy metrics (Hyndman &
Koehler, 2006). While effective as baseline models, traditional time-series approaches
often face limitations when attempting to capture complex demand dynamics driven
by higher frequency weather information, particularly when the target electricity
demand series is observed at a lower temporal resolution, and that results in the mixed-
frequency data for the analysis.

The challenge of incorporating higher-frequency explanatory variables into low-
frequency forecasting models has motivated the development of mixed-frequency
econometric frameworks. Mixed Data Sampling (MIDAS) regression models pro-
vide a flexible and statistically principled approach for exploiting information from
higher-frequency covariates without the need for temporal aggregation (Clements &
Galvao, 2008; Ghysels et al., 2007). By allowing daily or sub-daily weather observa-
tions to directly influence quarterly or monthly electricity demand, MIDAS models can
preserve valuable information that is otherwise lost through averaging. Further exten-
sions, such as unrestricted MIDAS formulations, relax parametric lag constraints and
enhance model flexibility, enabling improved representation of complex lag structures
(Foroni et al., 2015). Mixed-frequency models have demonstrated strong performance
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in a range of macroeconomic, financial, and energy-related forecasting applications
(Andreou et al., 2013; Ghysels et al., 2006).

In parallel with econometric developments, machine learning methods have gained
increasing prominence in electricity demand forecasting. Algorithms such as random
forests, gradient boosting machines, and related tree-based models have shown strong
predictive performance by capturing nonlinear relationships and high-order interac-
tions among explanatory variables (Breiman, 2001; Chen & Guestrin, 2016; Friedman,
2001). These methods have been successfully applied in short-term load forecasting
and smart grid contexts (Ibrahim et al., 2022; Lahouar & Ben Hadj Slama, 2015; Mag-
alhdes, 2024). Despite their empirical success, many machine learning approaches rely
on heuristic feature engineering and temporal aggregation when dealing with mixed-
frequency data, which may reduce interpretability and obscure the underlying temporal
structure of weather effects.

The New Zealand electricity system presents a particularly compelling setting for
demand forecasting research. New Zealand has one of the highest shares of renewable
electricity generation globally and has articulated a national ambition to transition
towards a near 100% renewable electricity system by 2030 (Ministry of Business,
2019, 2023).

Electricity demand and generation in New Zealand are strongly influenced by
weather variability due to the dominance of hydroelectric, wind, and geothermal
resources. Note that, from an industry perspective, the real-time electricity genera-
tion equals demand. As the electricity system becomes increasingly renewable and
weather-dependent, accurate medium-term demand forecasting becomes critical for
system planning, market design, and operational resilience. Publicly available datasets
from the Ministry of Business, Innovation and Employment and the National Institute
of Water and Atmospheric Research provide a rich empirical basis for analysing the
interaction between electricity demand and weather conditions in this context (Min-
istry of Business, 2024; National Institute of Water and Atmospheric Research, 2024).

Motivated by these challenges, this study examines electricity demand forecasting
for New Zealand using a comparative modelling framework that integrates base-
line time-series models, classical and advanced MIDAS regression approaches, and
machine learning-based MIDAS extensions. The proposed framework seeks to lever-
age higher-frequency weather information while maintaining statistical structure and
interpretability. By systematically comparing forecasting performance across model
classes, this study provides empirical insights into the relative strengths of economet-
ric and machine learning approaches for medium-term electricity demand forecasting
in smart grid systems undergoing rapid energy transition.

The remaining structure of this paper is as follows: Sect. 2 describes the data and the
methodology used. Section 3 presents the results. Section4 discusses the implications
and limitations. Section5 concludes.
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2 Data and Methodology
2.1 Data

This study integrates New Zealand electricity demand data from the Ministry of
Business, Innovation and Employment (MBIE) with higher-frequency meteorological
observations from the National Institute of Water and Atmospheric Research (NIWA).
The two datasets differ substantially in temporal resolution, with electricity demand
observed at a quarterly frequency and weather variables recorded daily. Such mixed-
frequency data structures are common in energy and macroeconomic applications and
pose challenges for conventional forecasting methods that rely on temporally aligned
data. This motivates the use of mixed-frequency modelling frameworks, such as Mixed
Data Sampling (MIDAS) regressions, which allow higher-frequency covariates to be
incorporated without temporal aggregation (Clements & Galvao, 2008; Ghysels et al.,
2007).

2.1.1 Electricity Demand

Quarterly electricity demand data were obtained from MBIE and consist of net elec-
tricity generation measured in gigawatt-hours (GWh). The dataset spans the period
from 1990Q1 to 2025Q2, providing a long historical record suitable for medium-term
electricity demand analysis. Net generation represents total electricity produced after
accounting for station use and losses and is commonly used as a system-level proxy for
electricity demand in empirical energy studies (Mirasgedis et al., 2006; Pardo et al.,
2002). Note that, in this context, the net generation is treated as a practical system-level
proxy for realised electricity consumption, which is demand, since publicly available
quarterly load data are limited.

In addition to the aggregate demand series, the MBIE dataset includes electric-
ity generation by major technology types, including hydro, geothermal, wind, solar,
and bioenergy. These series capture important structural features of the New Zealand
electricity system and are retained as potential explanatory variables for multivariable
baseline models and mixed-frequency regressions. All calendar dates were converted
to quarter-end timestamps to ensure consistent temporal alignment across variables.

Exploratory data analysis revealed a small number of missing observations in the
wind generation series, while all other electricity generation variables were complete.
To ensure comparability across modelling approaches and avoid unnecessary loss of
information, the electricity demand series and all selected quarterly covariates were
enforced to contain no missing values. Missing quarterly observations were addressed
using time-based interpolation, followed by forward and backward filling at the sample
boundaries where necessary. This approach is widely used in energy demand studies
when missingness is limited and avoids introducing artificial discontinuities in the
data (Little & Rubin, 2019).

Seasonal analysis of quarterly electricity demand reveals a clear and persistent sea-
sonal pattern, with systematic differences across calendar quarters. Such seasonality
is consistent with previous findings in the electricity demand literature and reflects
the influence of temperature variation, hydrological conditions, and seasonal heating
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demand (Bessec & Fouquau, 2008; Hahn et al., 2009). These features motivate the
inclusion of both seasonal components and weather-related predictors in subsequent
modelling stages.

2.1.2 Weather Data

Daily weather data were sourced from NIWA and include observations from mul-
tiple meteorological stations distributed across New Zealand. The weather variables
considered in this study are maximum temperature, minimum temperature, mean tem-
perature, rainfall, and wind speed. The dataset covers the same calendar period as the
electricity demand data, from January 1990 to June 2025, allowing consistent align-
ment across modelling stages.

Weather variables exhibit strong seasonal patterns, substantial short-term variabil-
ity, and occasional extreme values, particularly for rainfall and wind speed. Such
behaviour is characteristic of New Zealand’s climate and has been documented exten-
sively in the energy-weather literature (Bessec & Fouquau, 2008; Taylor & Buizza,
2003). Rather than removing extreme observations, a conservative winsorisation pro-
cedure was applied to all weather variables at the 0.5th and 99.5th percentiles. This
approach limits the influence of extreme spikes while preserving the underlying dis-
tributional properties of the data and is commonly adopted in empirical forecasting
studies (Box & Cox, 1964).

Missing observations are common in station-level weather datasets due to measure-
ment interruptions and reporting gaps. To minimise distortion of temporal dynamics,
only short missing gaps of up to seven consecutive days were interpolated using time-
based interpolation. Longer gaps were intentionally left unfilled. This strategy balances
data completeness with the need to preserve realistic variability in higher-frequency
weather series and avoids excessive imputation that could bias model estimation (Little
& Rubin, 2019). After this procedure, a non-trivial proportion of missing observations
remained for certain stations, reflecting prolonged data gaps that were deliberately not
imputed.

No scaling, normalisation, or temporal aggregation of weather variables was per-
formed during preprocessing. All transformations related to scaling are conducted
within individual modelling pipelines to prevent information leakage between train-
ing and evaluation samples, in line with best practices in forecasting and machine
learning studies (Bontempi et al., 2013; Hyndman & Koehler, 2006).

2.1.3 Mixed-Frequency Alignment

The final prepared datasets preserve the original temporal resolution of each data
source. Electricity demand remains observed at the quarterly frequency, while weather
variables remain at the daily frequency. No temporal aggregation of weather data was
applied during preprocessing. This design choice allows mixed-frequency models to
exploit the full information content of higher-frequency weather observations without
loss due to averaging, which is a key advantage of MIDAS-type frameworks (Foroni
et al., 2015; Ghysels et al., 2007).
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Two clean and internally consistent datasets were produced as outputs of the pre-
processing stage: a quarterly MBIE dataset containing electricity demand and selected
generation components, and a daily NIWA dataset containing weather variables across
all stations. These datasets form the empirical foundation for all subsequent baseline
time-series models, mixed-frequency MIDAS regressions, and machine learning-
based MIDAS extensions developed in this study.

2.2 Methodology: Model and Methods

This section outlines the forecasting framework used to model quarterly electricity
demand in New Zealand using both time-series and mixed-frequency approaches. The
methodology is structured in a progressive manner, beginning with simple benchmark
models and gradually incorporating higher model complexity and additional informa-
tion. This hierarchical design allows the incremental value of mixed-frequency weather
information and advanced modelling techniques to be assessed in a transparent and
systematic way (Hyndman & Koehler, 2006; Shumway & Stoffer, 2017).

First, a set of baseline time-series forecasting models is employed to establish
reference forecasts based solely on historical electricity demand. These benchmarks
are commonly used in empirical forecasting studies and provide a necessary baseline
against which more complex approaches can be evaluated (Gardner, 2006; Ho & Xie,
1998; Paul et al., 2018). Next, classical mixed data sampling (MIDAS) regression
models are introduced to incorporate higher-frequency weather information through
lag weighting structures without temporal aggregation, which is a key advantage in
mixed-frequency forecasting settings (Clements & Galvao, 2008; Foroni et al., 2015;
Ghysels et al., 2007).

Building on this framework, advanced MIDAS specifications are considered,
including regularised extensions that reduce overfitting in high-dimensional lag set-
tings and autoregressive mixed-frequency formulations that account for persistence in
demand dynamics (Hoerl & Kennard, 1970; Tibshirani, 1996; Zou & Hastie, 2005).
Finally, machine learning-based MIDAS models are implemented to capture non-
linear relationships and complex interactions between demand and higher-frequency
weather predictors, which are frequently observed in smart grid and load forecasting
applications (Bontempi et al., 2013; Breiman, 2001; Chen & Guestrin, 2016; Fried-
man, 2001).

All models are estimated and evaluated using a consistent expanding-window fore-
casting design to reflect realistic real-time forecasting conditions and to ensure fair
model comparison. Forecast accuracy is assessed using established forecast error mea-
sures, i.e., root mean squared errors, mean absolute errors, mean absolute percentage
errors, and mean absolute scaled error (Hyndman & Koehler, 2006).

2.2.1 Baseline Forecasting Models
Baseline forecasting models are employed to establish benchmark performance lev-

els based solely on historical electricity demand. These models do not incorporate
exogenous information and serve as reference points against which more sophisti-

@ Springer



Japanese Journal of Statistics and Data Science

cated mixed-frequency approaches can be evaluated. Benchmark models are widely
recommended in forecasting studies to ensure that gains from increased model com-
plexity are meaningful and robust (Gardner, 2006; Hyndman & Koehler, 2006). The
benchmark models include naive, seasonal naive, ARIMA, seasonal ARIMA, and
exponential smoothing state-space models.

2.2.2 Classical MIDAS Regression Models

In this study, Mixed Data Sampling (MIDAS) regression models are employed to
link daily meteorological variables from NIWA to quarterly electricity demand in
New Zealand. See (Clements & Galvao, 2008; Ghysels et al., 2007) for more details
on MIDAS. This approach allows weather conditions leading up to each quarter to
influence demand forecasts through flexible lag-weighting schemes, while preserving
the original data frequencies. This is particularly suitable for smart grid and energy
system applications, where short-term weather dynamics play a critical role in shaping
electricity demand patterns (Bontempi et al., 2013; Foroni et al., 2015).

Let y; denote quarterly electricity demand observed at quarter 7, and let xt(kj rep-
resent the k-th daily weather variable observed on day d prior to quarter ¢. A general
MIDAS regression model with multiple higher-frequency predictors can be written

as:
H

K
e = PBo+ Z Bk Z w,(lk)(Ok) X,(f)h + &,
k=1 h=1

where S is an intercept term, B are slope coefficients associated with each predic-
tor, w,(lk)(-) are lag weights parameterised by 6, H denotes the maximum number of
daily lags included, and ¢; is an error term with zero mean, o standard deviation, and
normally distributed. The set of higher-frequency predictors includes daily mean tem-
perature, rainfall, and wind speed measured across multiple meteorological stations.
Each weather variable contributes to quarterly demand through a weighted average of
its recent daily observations, allowing the model to capture delayed and distributed
weather effects.

To parsimoniously model the lag structure of higher-frequency predictors, MIDAS
regressions commonly employ parametric lag polynomials. Following Ghysels et al.
(2007), the Beta lag polynomial is adopted in this study due to its flexibility and low
dimensionality.

The Beta weighting function is defined as:

ha—1 h\b—1
h 1=
wp(a,b) = () (1-7) h=1,...,H,

S5 (-4)

where a > 0 and b > 0 are shape parameters controlling the decay and concentration
of lag weights. This formulation allows the influence of past weather observations
to peak early, late, or in the middle of the lag window, depending on the estimated
parameters. Separate Beta lag parameters are estimated for temperature, rainfall, and
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wind speed, enabling each weather variable to exhibit distinct temporal impact patterns
on electricity demand.

The Beta lag weighting function can also be interpreted in terms of the memory
effect of higher-frequency weather variables on the quarterly target. In general, the
estimated shape parameters (a, b) determine whether the implied weighting pattern
places more emphasis on recent observations, more distant lags, or a more distributed
set of lags across the weighting window. Greater weight on recent lags suggests a
shorter memory effect, meaning that more recent weather conditions are more infor-
mative for forecasting. In contrast, a more distributed weighting pattern suggests that
the effect of weather persists over a longer part of the lag window.

The choice of lag length H determines the temporal window over which daily
weather observations influence quarterly electricity demand. Rather than fixing H a
priori, we evaluate multiple lag lengths to assess the sensitivity of MIDAS forecasts
to the assumed memory of weather effects. Specifically, lag lengths of H = 90, 120,
and 150 days are considered. These choices reflect plausible physical relationships
between weather conditions and electricity demand, such as cumulative heating or
cooling effects and hydrological persistence.

For each lag length, the MIDAS model is estimated and evaluated using an identical
expanding-window forecasting scheme. Comparing forecast accuracy across different
values of H allows the most informative lag horizon to be identified empirically,
while maintaining consistency across model specifications (Clements & Galvao, 2008;
Foroni et al., 2015).

The MIDAS regression model is estimated using an expanding-window forecasting
design to replicate real-time prediction conditions. At each forecast origin, all available
historical quarterly demand observations and corresponding daily weather data are
used to estimate model parameters, after which a one-step-ahead forecast is produced
for the next quarter.

To improve numerical stability and mitigate potential multicollinearity arising from
multiple higher-frequency predictors, ridge regression is employed when estimating
the MIDAS regression coefficients. The ridge estimator solves:

T J
ﬁ:argmgn Z(y,—Xtﬂ)2+)»Zﬁj2- s
=1

j=1

where A is a small regularisation parameter and the intercept term is excluded from
penalisation.

All preprocessing steps, including standardisation of daily weather variables, are
performed using training data only at each forecasting step to prevent information
leakage. Forecast accuracy is evaluated over the final eight quarters of the sample.

Classical MIDAS regressions provide a flexible way to incorporate higher-
frequency weather information into low-frequency electricity demand forecasts, but
their performance can deteriorate when many predictors are included or when the tar-
get series exhibits strong persistence. The use of multiple meteorological stations and
weather variables can create high-dimensional regressor spaces, increasing the risks of
multicollinearity and overfitting, while standard MIDAS specifications do not explic-
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itly account for the pronounced temporal dependence in electricity demand. To address
these issues, advanced MIDAS extensions are considered, namely regularised MIDAS
regressions and autoregressive MIDAS models. Regularisation introduces shrinkage to
stabilise estimation in high-dimensional settings (Hoerl & Kennard, 1970; Tibshirani,
1996; Zou & Hastie, 2005), whereas autoregressive MIDAS formulations incorpo-
rate lagged demand to capture persistence alongside higher-frequency weather effects
(Foroni et al., 2015). Together, these approaches enhance model stability, dynamic
structure, and forecasting robustness, which is particularly relevant for New Zealand’s
electricity demand given its strong seasonality and sensitivity to weather-dependent
renewable generation.

2.2.3 Ridge-MIDAS (Regularised MIDAS Regression)

Regularisation is a standard solution in such settings, where a penalty is introduced to
stabilise coefficient estimation and reduce overfitting (Hoerl & Kennard, 1970). In this
study, an advanced MIDAS specification referred to as Ridge-MIDAS is implemented
by combining a beta-weighted MIDAS feature construction with ridge-regularised
regression. For each quarter ¢, the MIDAS transformation builds a weighted summary
of the previous H daily observations using a beta weighting scheme (Ghysels et al.,
2007):

o (H.0p) =Y wi(H.0) %7, . (1)

k=1

where wy (H, ;) are normalised beta weights (reversed so that higher weights can be
assigned to more recent days, depending on the estimated shape). In this work, the
predictors are grouped into three families, mean temperature, rainfall, and wind speed,
and a separate beta shape parameter pair is estimated for each family:

Qtemp = (atempv btemp)v Orain = (Arains Drain),  Owind = (Awind> bwind)- (2)

This design matches the empirical setting where multiple stations contribute daily
observations for each weather variable family.

After the MIDAS features are constructed, quarterly demand is modelled using a
linear regression with ridge regularisation. Let z; € R” be the vector of all MIDAS-
transformed predictors for quarter ¢, where p is the number of MIDAS-transformed
weather features obtained from the selected stations and variable families.

The Ridge-MIDAS regression is:

vi=B0+z B+e, & ~N©O P,

where coefficients are estimated by minimising the penalised sum of squares:

2
min 37 (v~ Fo—2'B) +IBI5. 3

€ Tirain
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The intercept fo is not penalised, consistent with standard ridge regression practice
(Hoerl & Kennard, 1970).

Following the baseline MIDAS results, the horizon was fixed at H = 120 days
because it provided the best performance among the candidate horizons tested. For
each expanding-window fold, the beta-kernel parameters in (1)—(2) are estimated by
numerical optimisation (Nelder-Mead) to minimise the training sum of squared errors,
using a small stabilising ridge penalty during optimisation. Once the MIDAS features
are fixed for that fold, the ridge penalty A in (3) is selected using a simple grid search
over candidate values:

A e{107%,1073,1072, 107", 1.0}.

This procedure keeps the estimation stable while remaining computationally feasible
under a rolling forecasting setup. Then, the Ridge-MIDAS is evaluated using the same
expanding-window forecasting design adopted across all models. For reproducibility,
each fold produces the one-step-ahead forecast y; and stores the selected ridge penalty
A and the estimated beta shape parameters for each weather family. The corresponding
prediction table and the plot comparing Ridge-MIDAS forecasts against actual values
for the last eight quarters are reported in the Results section.

2.2.4 AR-MIDAS (Autoregressive MIDAS Regression)

The autoregressive (AR)-MIDAS model augments the MIDAS regression with an
AR(1) term:

vi=2PH + ¢y—1 + 2B+ &, & ~NO,

where ¢ captures quarterly persistence and z; € R” is the stacked vector of MIDAS-
transformed daily predictors across all selected stations, where p denotes the total
number of MIDAS-transformed weather features. The modelling and estimation pro-
cedures follow as those in the Ridge-MIDAS mentioned above.

2.2.5 Machine learning MIDAS models

In addition to the classical and advanced MIDAS regressions, this study evaluates a set
of machine learning MIDAS (ML-MIDAS) models to capture potentially nonlinear
relationships between daily weather conditions and quarterly net electricity generation.
Mixed-frequency forecasting is well motivated in macroeconomic and energy appli-
cations because higher-frequency information, such as daily weather observations,
can be informative for lower-frequency targets, while conventional single-frequency
models cannot directly exploit this structure (Clements & Galvao, 2008; Ghysels et
al., 2007). Electricity demand and generation are known to respond to weather condi-
tions through seasonality and persistence (Mirasgedis et al., 2006; Pardo et al., 2002),
as well as through nonlinear effects (Bessec & Fouquau, 2008; Hong & Fan, 2016),
motivating the use of flexible forecasting methods.
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The ML-MIDAS framework follows a two-stage approach. First, daily NIWA
weather variables (mean temperature, rainfall, and wind speed) are aggregated into
quarterly MIDAS features using a fixed Beta lag-weighting scheme. Second, machine
learning models are trained on the resulting quarterly feature matrix to predict quarterly
net electricity generation. This design preserves the MIDAS principle of summaris-
ing higher-frequency predictors into low-frequency regressors (Foroni et al., 2015;
Ghysels et al., 2007), while allowing a flexible, potentially nonlinear mapping from
predictors to the target variable via machine learning methods (Bontempi et al., 2013;
Ibrahim et al., 2022).

The ML-MIDAS models used in this study were chosen to provide a broader
comparison within the mixed-frequency forecasting framework. While classical and
advanced MIDAS regressions offer a structured way to link daily weather informa-
tion with quarterly net electricity generation, they are mainly designed around linear
relationships. In practice, the effect of weather on net electricity generation may be
more complex, especially when interactions, threshold effects, or changing seasonal
patterns are present. For this reason, the ML-MIDAS framework is used to examine
whether machine learning models can provide additional forecasting improvements
once the higher-frequency weather variables have been transformed into quarterly
MIDAS features.

The models considered in this study represent two main groups. The first group
includes LASSO-MIDAS and ElasticNet-MIDAS, which are regularised linear mod-
els. These models are useful when there are many correlated predictors because
they can shrink less important coefficients, improve estimation stability, and produce
more interpretable results. The second group includes RF-MIDAS, GBR-MIDAS,
and XGB-MIDAS, which are tree-based models. These models are more flexible
and can capture nonlinear patterns, interactions between predictors, and changes in
behaviour under different weather conditions. By considering both groups, the ML-
MIDAS framework allows a direct comparison between simpler linear models and
more flexible nonlinear models using the same mixed-frequency weather features.

Given the constructed MIDAS feature matrix, the ML-MIDAS forecasting problem
is expressed as:

i = f(z) + &,

where f(-) is a machine learning regression function, which may be either linear
or nonlinear depending on the selected model. For example, in LASSO-MIDAS and
ElasticNet-MIDAS, f(z;) takes a linear form such as

f@) = po+z B.

In contrast, for RF-MIDAS, GBR-MIDAS, and XGB-MIDAS, f(z;) is a nonlinear
function represented by an ensemble of regression trees. This formulation allows
the ML-MIDAS framework to include both simpler linear models and more flexible
nonlinear models within the same forecasting setting.

Five ML-MIDAS models are considered in this study: LASSO-MIDAS and
ElasticNet-MIDAS as regularised linear benchmarks, and RF-MIDAS, GBR-MIDAS,
and XGB-MIDAS as nonlinear tree-based learning models (Breiman, 2001; Chen &
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Guestrin, 2016; Friedman, 2001; Tibshirani, 1996; Zou & Hastie, 2005). Together,
these models allow the forecasting performance of sparse linear methods and more
flexible nonlinear methods to be compared within the same ML-MIDAS setting.

All ML-MIDAS models are evaluated using a rolling-origin forecasting scheme
over the final eight quarters of the sample. Within each fold, all scaling operations are
performed using training data only to avoid information leakage. Daily predictors are
standardised using the training-period mean and standard deviation prior to MIDAS
aggregation, and for linear models (LASSO and Elastic Net), the quarterly MIDAS
feature matrix is additionally standardised using training data only. Hyperparameters
for LASSO and Elastic Net are selected using an inner validation split within each
training window.

LASSO-MIDAS The first machine learning MIDAS specification considered is the
LASSO-MIDAS model, which combines MIDAS-based mixed-frequency aggrega-
tion with £;-penalised linear regression. LASSO-MIDAS is well suited to high-
dimensional MIDAS settings where the number of aggregated predictors may be large
and potentially correlated, as it performs both coefficient shrinkage and automatic
variable selection (Tibshirani, 1996). This property is particularly relevant in elec-
tricity forecasting applications where multiple weather stations and meteorological
variables are incorporated.

Letz, = (zgl), ceey z,(p ))T denote the vector of MIDAS-aggregated weather pre-
dictors at quarter t. The LASSO-MIDAS regression model is defined as:

p
o= b+ Bz +e
=

where y; is quarterly net electricity generation and ¢, is an error term with zero mean,
o standard deviation, and normally distributed. Parameter estimation is obtained by
solving the £-penalised least squares problem:

R 1 I P 0 : P
B = argmin DB R R BB T
j=1

r=1 j=1

where A > 0 controls the degree of shrinkage and sparsity (Tibshirani, 1996). Larger
values of A result in stronger regularisation and more coefficients being shrunk exactly
to zero.

To ensure comparability across predictors and numerical stability, the MIDAS fea-
ture matrix z; is standardised using training-sample means and standard deviations
prior to estimation. This step is essential for ¢;-regularised models, as the penalty
term depends on the scale of the regressors (Zou & Hastie, 2005). The intercept is
not penalised. The regularisation parameter A is selected within each rolling training
window using an inner validation split of the quarterly data. For each candidate value
of X, the model is fitted on the inner training subset and evaluated on the validation
subset using root mean squared error. The value of A minimising validation error is
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retained and used to estimate the final LASSO-MIDAS model for that forecasting
origin.

Within the ML-MIDAS framework, LASSO-MIDAS serves as a parsimonious
linear benchmark that extends classical MIDAS regressions by allowing automatic
predictor selection across a large set of aggregated weather variables. This makes it a
useful reference model for assessing the incremental value of more flexible non-linear
ML-MIDAS approaches introduced in subsequent sections.

ElasticNet-MIDAS The ElasticNet-MIDAS model extends LASSO-MIDAS by com-
bining £1 and ¢ regularisation within the MIDAS-based mixed-frequency framework.
While LASSO-MIDAS performs effective variable selection, it can become unstable
when predictors are highly correlated, a situation that commonly arises when multiple
weather variables and stations are included. Elastic Net regularisation addresses this
limitation by encouraging grouped selection of correlated predictors while retaining
sparsity (Zou & Hastie, 2005).

Following the same setup as LASSO-MIDAS, the ElasticNet-MIDAS regression
model is defined as:

P
yr = Bo+ Z.szz(]) + &,
Jj=1
where y, denotes quarterly net electricity generation and &, is a zero-mean disturbance
term. Parameter estimation is obtained by solving the Elastic Net penalised least
squares problem:

T

2
—~ 1 p . P P
B = argmin TZ(yz—ﬁo—Zﬁ,-zi”) +A{a2|ﬁj|+(1—a>25§} ,
= j=I j=1

t=1

where A > 0 controls the overall strength of regularisation and « € [0, 1] determines
the balance between £ and ¢, penalties (Zou & Hastie, 2005). Setting o = 1 recovers
the LASSO-MIDAS model, while @ = 0 corresponds to ridge-type shrinkage (Hoerl
& Kennard, 1970).

As with LASSO-MIDAS, the MIDAS feature matrix is standardised using training-
sample means and standard deviations prior to estimation to ensure scale invariance of
the penalty terms. The intercept is excluded from penalisation. Daily weather variables
are standardised prior to MIDAS aggregation to avoid information leakage across
forecasting origins. However, the ElasticNet-MIDAS model requires selection of two
hyperparameters, A and «. Within each rolling training window, these parameters are
selected using an inner validation split of the quarterly data. Candidate values of (A, o)
are evaluated based on validation root mean squared error, and the optimal combination
is used to refit the model on the full training sample for out-of-sample forecasting.

ElasticNet-MIDAS provides a compromise between sparsity and stability in high-
dimensional MIDAS regressions. By allowing correlated weather predictors to enter
the model jointly, it offers a more robust linear benchmark than LASSO-MIDAS while
remaining interpretable. This makes ElasticNet-MIDAS a useful reference point for
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evaluating the gains from non-linear tree-based ML-MIDAS models considered in
subsequent sections.

Random Forest-MIDAS (RF-MIDAS) The Random Forest-MIDAS (RF-MIDAS)
model extends the mixed-frequency forecasting framework by allowing for non-linear
and interaction effects between MIDAS-aggregated weather variables. Electricity gen-
eration and demand are known to respond to weather conditions in a complex and
non-linear manner, particularly at seasonal extremes, which can limit the performance
of linear MIDAS regressions (Bessec & Fouquau, 2008; Hong & Fan, 2016; Miras-
gedis et al., 2006). Tree-based ensemble methods provide a flexible alternative that
can automatically capture such effects without explicit model specification.

The RF-MIDAS model assumes the following non-linear regression structure:

v = frRe(Z;) + &,

where frp(-) is an ensemble of regression trees and &; is a zero-mean error term.
Random Forest regression approximates frr(-) by averaging the predictions of B
decision trees:

_ 1 &
fre(z) = E{;Tbm,

where each tree Tj(-) is trained on a bootstrap sample of the training data and con-
structed using recursive binary splits on randomly selected subsets of predictors
(Breiman, 2001). This combination of bootstrap aggregation and random feature selec-
tion reduces variance and improves out-of-sample stability relative to single decision
trees.

Within each rolling training window, RF-MIDAS is estimated using the MIDAS
feature matrix without additional linear scaling, as tree-based models are invariant to
monotonic transformations of the inputs. Key hyperparameters include the number
of trees B, maximum tree depth, and minimum node size, which jointly control the
bias-variance trade-off of the ensemble (Breiman, 2001). These hyperparameters are
selected using an inner validation split within the training sample to minimise vali-
dation root mean squared error. For each forecasting origin, the RF-MIDAS model is
trained on all available historical quarterly observations, and a one-step-ahead fore-
cast is generated for the next quarter. This rolling-origin evaluation reflects real-time
forecasting conditions and ensures a fair comparison with linear MIDAS and baseline
time-series models.

Gradient Boosting Regression MIDAS (GBR-MIDAS) The Gradient Boosting
Regression MIDAS (GBR-MIDAS) model further extends the ML-MIDAS frame-
work by employing boosting-based tree ensembles to model potentially complex and
non-linear relationships between MIDAS-aggregated weather variables and quarterly
net electricity generation. Unlike bagging-based approaches such as Random Forests,
boosting constructs the predictive model sequentially, allowing later learners to focus
on correcting errors made by earlier ones (Friedman, 2001). This property is particu-
larly attractive for electricity generation forecasting, where weather impacts may be
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asymmetric and vary across operating regimes (Hong & Fan, 2016; Mirasgedis et al.,
2006).
The GBR-MIDAS model assumes the additive structure

Y = foBr(Z) + &,

where fggr(+) is an additive ensemble of regression trees and &; is an error term with
Zero mean.
The boosting function fgpr(-) is constructed iteratively as

M
fs@ = Y vy,

m=1

where T, (-) denotes the m-th regression tree, M is the total number of boosting
iterations, and v € (0, 1] is a learning rate controlling the contribution of each tree
(Friedman, 2001). Each tree is fitted to the negative gradient of the loss function with
respect to the current model estimate, thereby sequentially reducing prediction errors.

In this study, squared error loss is used, consistent with standard regression boosting:

L3 = e =302

Ateach boosting iteration, the regression tree is fitted to the residuals from the previous
stage, allowing the model to capture non-linearities and interaction effects between
MIDAS features without explicit specification (Friedman, 2001).

GBR-MIDAS is estimated within each rolling training window using the MIDAS
feature matrix. As with Random Forests, no additional feature scaling is required
due to the tree-based structure. Key hyperparameters include the number of boosting
iterations M, tree depth, and learning rate v, which together govern the bias-variance
trade-off of the ensemble. These parameters are selected using an inner validation split
within the training sample to minimise validation forecast error.

Extreme Gradient Boosting MIDAS (XGB-MIDAS) The Extreme Gradient Boost-
ing MIDAS (XGB-MIDAS) model represents the most flexible machine learning
approach considered in this study. It combines the MIDAS aggregation framework
with extreme gradient boosting, which extends classical gradient boosting by incor-
porating regularisation, shrinkage, and efficient optimisation strategies to improve
predictive performance and generalisation (Chen & Guestrin, 2016). These properties
are particularly relevant for electricity generation forecasting, where predictor dimen-
sionality is high and relationships between weather variables and generation may be
highly non-linear (Bontempi et al., 2013; Hong & Fan, 2016).
The XGB-MIDAS model also assumes the additive structure

v = fxcoB(z) + &,

where fxgp(+) is an ensemble of regression trees learned via extreme gradient boosting
and &; denotes a zero-mean error term.
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The prediction function is expressed as a sum of M regression trees:

M
fxas@ = Y Tu(@),
m=1

where each Ty, (-) belongs to the space of decision trees. Trees are added sequentially,
with each new tree fitted to reduce the residual errors of the existing ensemble (Chen
& Guestrin, 2016).

Unlike standard gradient boosting, XGBoost explicitly regularises model complex-
ity. The optimisation problem at iteration m minimises the regularised objective

L£m = Ze(yt’yt(m_])"'Tm(zt)) + Q(Tn),

t

where £(-) denotes the squared error loss and €2(7,) is a complexity penalty on the
tree structure: N
QT) = yiLrl+3 Y wi,
jeLr

with |L£7| denoting the number of leaves in tree T, w; the prediction weight of leaf
Jj, and y, A > 0 regularisation parameters controlling model complexity (Chen &
Guestrin, 2016).

The regularised boosting framework allows XGB-MIDAS to handle a large num-
ber of MIDAS features while mitigating overfitting. This is particularly important in
mixed-frequency settings, where many daily predictors are aggregated into quarterly
features and interactions between weather variables may be complex and non-linear
(Hong & Fan, 2016; Mirasgedis et al., 2006). In contrast to RE-MIDAS and GBR-
MIDAS, XGB-MIDAS jointly optimises fit and complexity at each boosting step,
leading to more stable forecasts in high-dimensional environments (Bontempi et al.,
2013).

Within the broader ML-MIDAS family, XGB-MIDAS serves as a high-capacity
non-linear benchmark that balances flexibility and regularisation. Its inclusion allows
assessment of whether highly structured boosting models provide additional forecast-
ing gains over classical MIDAS regressions and simpler machine learning extensions
in the context of mixed-frequency electricity generation forecasting (Chen & Guestrin,
2016; Hong & Fan, 2016).

3 Results

This section presents the empirical forecasting results for quarterly net electric-
ity generation in New Zealand. Model performance is evaluated using a consistent
rolling-origin forecasting design over the final eight quarters of the sample, ensuring
comparability across all approaches. The results are organised progressively, beginning
with exploratory analysis and baseline time-series benchmarks, followed by classical
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MIDAS regressions, advanced MIDAS specifications, and finally machine learning-
based MIDAS models.

3.1 Exploratory data analysis and preprocessing results

The results of the exploratory data analysis (EDA) and preprocessing applied to the
MBIE quarterly electricity generation data and the NIWA daily weather dataset are
illustrated to assess data quality, identify key structural patterns, and verify that the
prepared datasets are suitable for subsequent baseline, mixed-frequency, and machine
learning forecasting models.

3.1.1 MBIE electricity generation data

The MBIE dataset contains quarterly observations of net electricity generation and
generation by major technology types over the period 1990Q1-2025Q2. Net electric-
ity generation is used in this study as a system-level measure of realised electricity
consumption. In New Zealand, supply and demand are continuously balanced, so total
generation closely reflects actual electricity use over the same period.

The generation by technology series (hydro, geothermal, wind, solar, etc.) are
included to describe the structure of the electricity system and its strong dependence
on weather conditions. The sum of generation across technologies does not always
exactly equal total net generation due to reporting adjustments, station use, network
losses, and rounding in the official MBIE statistics. These small differences are com-
mon in national energy datasets and do not affect the modelling framework.

Initial inspection confirmed a complete and continuous quarterly time index with
no duplicate observations.

Figure 1 presents boxplots of the raw MBIE variables. Net electricity generation (in
GWh) exhibits a wide interquartile range reflecting long-term growth and variability in
demand, while technology-specific generation series display heterogeneous dispersion
patterns. Wind generation shows mild irregularities relative to other technologies,
motivating closer inspection during preprocessing.

To illustrate recent demand dynamics, Fig.2 plots net electricity generation over
the most recent 10-year period. A clear cyclical pattern is observed, consistent with
seasonal demand fluctuations, alongside moderate year-to-year variation.

Seasonal structure is further confirmed in Fig. 3, which shows the distribution of
quarterly net generation by calendar quarter. The third quarter consistently records
higher median generation levels, while the first quarter exhibits lower values, high-
lighting strong intra-year seasonality.

The missing values in the MBIE variables before and after preprocessing. Minor
missingness was present only in the wind generation series and was fully resolved
using time-based interpolation and boundary filling. All quarterly variables used in
subsequent models are complete after preprocessing.
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Fig. 1 Boxplots of raw MBIE quarterly variables illustrating variability and potential outliers across gen-
eration technologies
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Fig.2 MBIE quarterly net electricity generation over the last ten years

MBIE Net Generation by Quarter — 2016-2025
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Fig.3 Seasonal distribution of MBIE net electricity generation by quarter
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Fig.4 Boxplots of NIWA daily weather variables across all stations (raw data)

3.1.2 NIWA daily weather data

The NIWA dataset comprises daily observations of temperature, rainfall, and wind
speed from multiple meteorological stations across New Zealand over the same cal-
endar period. Given the long temporal span and station-level granularity, missing
observations are expected.

Figure 4 presents combined boxplots for all stations and weather variables. Rainfall
exhibits pronounced right skewness with occasional extreme values, while temperature
and wind speed show comparatively stable distributions. These characteristics are
consistent with known climatic behaviour and motivate the application of conservative
winsorisation rather than aggressive outlier removal.

Figure 5 illustrates daily weather dynamics for selected representative stations over
the last ten years. Strong annual seasonality is evident in temperature series, while
rainfall and wind display higher short-term variability and intermittent spikes.

After preprocessing, which included interpolation of short gaps only and winsorisa-
tion at the distribution tails, residual missingness remains for certain station-variable
combinations. Table 1 reports the ten variables with the highest remaining missing
percentages. This residual missingness reflects prolonged station outages and is inten-
tionally retained to preserve realistic data structure for mixed-frequency modelling.

Overall, the EDA confirms that the MBIE and NIWA datasets exhibit strong sea-
sonality, realistic variability, and manageable data imperfections. The preprocessing
strategy ensures complete quarterly electricity generation series while preserving the
higher-frequency structure of daily weather data, providing a robust empirical foun-
dation for the forecasting models evaluated in subsequent sections.

3.2 Baseline time-series forecasting results

This section reports the empirical performance of baseline univariate time-series fore-
casting models applied to quarterly net electricity generation in New Zealand. These
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Fig.5 Daily weather series for selected NIWA stations over the last ten years

Table 1 Top ten NIWA daily

weather variables by remaining Variable Missing (%)

missing percentage after 11104 tmax 14.39

preprocessing T
11104_tmin 14.39
11104_tmean 14.39
11104 _rain 14.36
11104_wind 14.36
8567_wind 9.15
8567_tmean 9.12
8567_tmin 9.12
8567_tmax 9.12
7339_rain 6.35

baseline models rely solely on historical generation data and exclude weather or other
exogenous information. The primary role is to provide transparent benchmark fore-
casts against which the benefits of mixed-frequency MIDAS models and machine
learning extensions can be systematically evaluated.

Baseline time-series methods remain widely used in electricity forecasting due to
their simplicity, interpretability, and strong performance in settings where demand
exhibits stable seasonal patterns (Hyndman & Athanasopoulos, 2018; Shumway &
Stoffer, 2017). In particular, quarterly electricity generation data are characterised
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Table 2 Forecast accuracy of the baseline models over the last 8 quarters (rolling-origin evaluation)

Model RMSE (GWh) MAE (GWh) MAPE (%) MASE
Naive 768.51 669.10 6.13 293
Seasonal Naive (m = 4) 277.16 228.53 2.13 1.00
ARIMA (AIC-grid) 264.87 223.07 2.05 0.98
SARIMA (AIC-grid) 201.33 173.63 1.58 0.76
ETS (AIC-grid) 203.72 183.79 1.69 0.81

Note: Bold fonts indicate the best accuracy model

by pronounced seasonality and persistence, making classical linear models a natural
starting point (Hahn et al., 2009; Paul et al., 2018).

Five baseline models are examined: the naive, seasonal naive, ARIMA, seasonal
ARIMA (SARIMA), and exponential smoothing (ETS). These models represent
increasing levels of structural complexity, ranging from simple persistence-based fore-
casts to models that explicitly capture trend and seasonal dynamics. All forecasts are
generated using an expanding-window rolling-origin evaluation scheme consistent
with real-time forecasting practice, ensuring that only information available at the
time of forecast generation is used.

Forecast accuracy is assessed using standard error metrics commonly adopted in
the forecasting literature, with comparative results presented later in this section and
summarised across models. While baseline models are expected to capture broad sea-
sonal and temporal patterns in electricity generation, they are inherently limited in
their ability to incorporate higher-frequency weather information or non-linear rela-
tionships. These limitations motivate the transition to mixed-frequency and machine
learning MIDAS models in subsequent sections.

Table 2 presents the forecast errors of the baseline models for the eight-quarter
evaluation window. The SARIMA shows the best performance across accuracy mea-
sures with MASE below one, followed by the ETS. This indicates a substantial gain
of SARIMA over the seasonal naive and demonstrates that combining autoregressive
dynamics with seasonal structure provides a strong univariate baseline. Neverthe-
less, remaining discrepancies suggest that important exogenous drivers, particularly
higher-frequency weather variability, are not fully captured within a purely univariate
framework, motivating the mixed-frequency models examined in the next section. For
an illustrative purpose, Figs. 6, 7, 8, 9 and 10 show the forecasting performance of the
five baseline models, which confirms the results in Table 2.

3.3 Classical MIDAS regression results

The classical MIDAS regression model is used to link the daily weather information
to quarterly net electricity generation. Daily mean temperature, rainfall, and wind
speed from NIWA stations are incorporated as higher-frequency predictors, while
quarterly net generation from MBIE serves as the low-frequency target variable. Fore-
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Fig. 6 Naive one-step-ahead forecasts compared with actual quarterly net generation over the last eight
quarters

Seasonal Naive Forecast vs Actual (Last 8 Quarters)
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Fig. 7 Seasonal naive one-step-ahead forecasts (m = 4) compared with actual quarterly net generation
over the last eight quarters
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Fig.8 One-step-ahead ARIMA forecasts compared with actual quarterly net electricity generation over the
last eight quarters
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Fig. 9 One-step-ahead SARIMA forecasts compared with actual quarterly net electricity generation over
the last eight quarters
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Fig. 10 One-step-ahead ETS forecasts compared with actual quarterly net electricity generation over the
last eight quarters

cast accuracy is evaluated using an expanding-window rolling scheme over the final
eight quarters of the sample.

To examine the sensitivity of the MIDAS model to the aggregation window, three
alternative lag lengths are considered: H = 90, H = 120, and H = 150 days
prior to each quarterly observation. Figure 11 compares the resulting forecasts against
observed quarterly electricity generation, while Table 3 reports the corresponding
out-of-sample accuracy measures.

Across the three configurations, the MIDAS model with a 120-day aggregation
window provides the most accurate and stable forecasts. This specification consistently
achieves lower forecast errors than both shorter (H = 90) and longer (H = 150)
windows, indicating that a moderate aggregation horizon best captures the cumulative
influence of weather conditions on electricity generation. In contrast, the H = 90
model exhibits larger deviations in several quarters, suggesting that shorter windows
may fail to capture persistent weather effects. The H = 150 specification shows signs
of over-smoothing, leading to reduced responsiveness during periods of rapid change.

The performance differences reported in Table 3 confirm the visual evidence from
Fig.11. The H = 120 MIDAS model substantially reduces all error measures rela-
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Fig. 11 Classical MIDAS forecasts versus actual quarterly net electricity generation for alternative aggre-
gation horizons
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Table 3 Forecasting accuracy of classical MIDAS models for alternative aggregation horizons

Model Horizon (H) RMSE (GWh) MAE (GWh) MAPE (%) MASE
MIDAS (tmean + rain + wind) 90 1059.65 866.44 7.81 3.80
MIDAS (tmean + rain + wind) 120 679.02 461.26 4.13 2.02
MIDAS (tmean + rain + wind) 150 1140.20 827.85 7.59 3.63

tive to the alternative specifications, demonstrating improved generalisation across the
evaluation period. However, despite incorporating higher-frequency weather informa-
tion, the classical MIDAS models remain more volatile than the strongest univariate
seasonal benchmarks reported earlier. This suggests that additional regularisation or
nonlinear structure may be required to fully stabilise mixed-frequency forecasts in this
setting.

These findings motivate the extension to advanced and machine-learning-based
MIDAS models, which are examined in the subsequent section.

3.4 Advanced MIDAS results

While the classical MIDAS framework provides a useful baseline for incorporating
higher-frequency weather information into quarterly electricity demand forecasts, its
performance may be affected by multicollinearity, parameter instability, and limited
flexibility when many higher-frequency predictors are included (Foroni et al., 2015;
Ghysels et al., 2007). These issues are particularly relevant in the present study, where
multiple station-level daily weather variables are aggregated into quarterly forecasts.

To address these limitations, this section extends the analysis to advanced MIDAS
specifications that introduce regularisation and dynamic structure. Specifically, two
advanced MIDAS variants are considered. The first is Ridge-MIDAS, which incorpo-
rates £, regularisation into the MIDAS regression to stabilise coefficient estimation
and mitigate the effects of multicollinearity among higher-frequency regressors (Hoerl
& Kennard, 1970; Zou & Hastie, 2005). The second is AR-MIDAS, which augments
the MIDAS regression with autoregressive terms of quarterly electricity generation,
allowing persistent low-frequency dynamics to be captured alongside weather-driven
effects (Andreou et al., 2013).

The forecasting performance of these advanced MIDAS models is evaluated using
the same expanding-window rolling procedure and evaluation period as in the classical
MIDAS analysis. This consistent evaluation framework enables direct comparison
across baseline time-series models, classical MIDAS specifications, and advanced
MIDAS extensions.

Table 4 summarises the out-of-sample forecasting performance of Ridge-MIDAS
and AR-MIDAS over the final eight quarters. AR-MIDAS clearly outperforms Ridge-
MIDAS in all four accuracy measures, with substantially lower RMSE, MAE, MAPE,
and MASE values. This result shows that adding autoregressive structure to the MIDAS
framework provides a major improvement in forecasting performance. It also suggests
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Table 4 Ridge and AR-MIDAS forecasting performance over the last eight quarters (H = 120)

Model RMSE (GWh) MAE (GWh) MAPE (%) MASE
Ridge-MIDAS 679.03 461.26 4.13 2.02
AR-MIDAS 214.42 157.15 1.42 0.69

Note: Bold fonts indicate the best accuracy model

that persistence in quarterly electricity generation is an important source of predictive
information in this setting.

The estimated autoregressive coefficient in the rolling AR-MIDAS forecasts
remained stable across the eight folds, ranging from 0.702 to 0.730, with an average
of approximately 0.712. This indicates that the recent history of quarterly electric-
ity generation contains substantial predictive information beyond that captured by
higher-frequency weather variables alone. From a statistical perspective, AR-MIDAS
combines two useful components: autoregressive dependence in the low-frequency tar-
get and distributed lag effects from higher-frequency weather predictors. The strong
performance of AR-MIDAS relative to Ridge-MIDAS and the ML-MIDAS models
suggests that temporal persistence is an important source of predictive information in
this quarterly forecasting framework.

To provide further insight into the implied lag weighting structure, Table 5 reports
the estimated Beta shape parameters from each of the eight rolling AR-MIDAS forecast
folds. These estimates help explain the memory effect of weather variables on the
quarterly target and show how the implied weighting pattern changes only slightly
across the rolling forecast folds. In particular, the results suggest that rainfall and
especially wind place greater emphasis on more recent observations, while temperature
effects are somewhat more distributed over recent to intermediate lags. This indicates
that the influence of weather variables decays over time, but the rate of decay differs
across weather types.

The results from Classical MIDAS and Ridge-MIDAS are almost identical, which
suggests that in this case the ridge penalty does not provide an additional forecasting
gain beyond the baseline MIDAS structure. By contrast, the much stronger perfor-
mance of AR-MIDAS shows that accounting for persistence in the quarterly target is
more valuable than regularisation alone. Figures 12 and 13 are presented for compar-
ison and completeness.

3.5 Machine learning MIDAS results

While econometric MIDAS specifications provide an interpretable and structured
framework for incorporating mixed-frequency weather information, their linear struc-
ture may limit their ability to capture complex nonlinear relationships between weather
drivers and quarterly electricity generation. To address this limitation, we extend
the analysis to Machine Learning MIDAS (ML-MIDAS) models, which combine
MIDAS-style mixed-frequency feature construction with flexible nonlinear learning
algorithms that can model interactions and nonlinear effects more effectively (Bon-
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Table 5 Estimated Beta shape parameters from the rolling AR-MIDAS forecasts

Fold Test quarter ¢ Atemp biemp Arain brain Awind bwind
1 2023Q3 0.730 3.019 2.468 1.568 2.787 1.490 3.682
2 2023Q4 0.714 2.383 1.793 1.380 2.430 1.489 3.563
3 2024Q1 0.709 2.295 1.712 1.349 2.403 1.474 3.487
4 2024Q2 0.707 2.331 1.731 1.369 2.424 1.474 3.459
5 2024Q3 0.708 2.373 1.766 1.381 2.445 1.481 3.493
6 2024Q4 0.712 2.412 1.811 1.401 2.521 1.479 3.468
7 2025Q1 0.711 2411 1.806 1.401 2.515 1.478 3.457
8 2025Q2 0.702 2.261 1.689 1.345 2.461 1.484 3.347
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Fig. 12 Ridge-MIDAS forecast versus actual quarterly net generation over the last eight quarters (H = 120)
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Fig. 13 AR-MIDAS forecast versus actual quarterly net electricity generation over the last eight quarters
(H = 120)

tempi et al., 2013; Ghysels et al., 2007). This approach is consistent with the broader
forecasting literature that highlights the benefits of machine learning methods for
complex time series prediction problems, including energy applications (Breiman,
2001; Friedman, 2001; Ibrahim et al., 2022). The forecasting performance of the
ML-MIDAS models is evaluated using the same expanding-window rolling proce-

@ Springer



Japanese Journal of Statistics and Data Science

Table 6 Forecast accuracy for the ML-MIDAS models over the last eight quarters (H = 120)

Model RMSE (GWh) MAE (GWh) MAPE (%) MASE
LASSO-MIDAS 592.59 479.82 4.46 2.10
ElasticNet-MIDAS 581.68 462.14 429 2.03
RF-MIDAS 779.89 696.24 6.29 3.05
GBR-MIDAS 748.58 644.71 5.80 2.83
XGB-MIDAS 822.14 697.09 6.26 3.06

Note: Bold fonts indicate the best accuracy model

dure and the same last-eight-quarters test period as the econometric MIDAS models,
ensuring a fair and directly comparable assessment across model classes that include
LASSO-MIDAS, ElasticNet-MIDAS, Random Forest-MIDAS (RF-MIDAS), Gradi-
ent Boosting-MIDAS (GBR-MIDAS), and XGBoost-MIDAS.

Table 6 summarises the out-of-sample forecasting performance of all ML-MIDAS
models used in this study. The results show that the ElasticNet-MIDAS is the best
model in all measures, followed by the LASSO-MIDAS. However, these ML-MIDAS
models are still outperformed by the AR-MIDAS and most of the baseline models,
except the naive model. Note that the graphical results from the ML-MIDAS models
are omitted for conciseness.

One possible reason why the ML-MIDAS models did not outperform AR-MIDAS
is that the higher-frequency weather information was compressed using fixed Beta
weights before the machine learning stage. This choice was made for tractability, as
it keeps the mixed-frequency feature construction simple and computationally feasi-
ble in a rolling forecasting setting. However, it may also reduce flexibility, because
the machine learning models do not learn the lag-weighting structure directly from
the data. Instead, they operate on pre-aggregated MIDAS features whose temporal
structure has already been constrained by the fixed weighting scheme. In contrast,
AR-MIDAS combines an explicit autoregressive component with optimised mixed-
frequency lag effects, which may be better suited to the present quarterly forecasting
problem. This suggests that, in this study, the main forecasting gain comes from captur-
ing persistence and stable lagged weather effects, while the use of fixed Beta weights
may have limited the ability of the ML-MIDAS models to fully exploit more flexible
nonlinear relationships.

Overall, the comparison indicates that modelling temporal persistence explicitly
within the MIDAS framework is important for improved medium-term electricity
generation forecasts. AR-MIDAS performs strongly and clearly outperforms the other
MIDAS variants, while SARIMA remains highly competitive and achieves the lowest
RMSE in the main eight-quarter evaluation period. The ML-MIDAS approaches do
not consistently outperform the strongest advanced MIDAS or seasonal benchmark
models in this setting.
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Table 7 Simulation design and parameter settings

Component Setting

Number of replications 100

Number of quarterly observations 120

Test horizon Last 8 quarters
Seasonal period 4

MIDAS horizon (H) 120

Intercept (o) 50.0
Autoregressive coefficient (¢) 0.60
Temperature coefficient (Bemp) 1.20

Rainfall coefficient (B4in) —0.80

Wind coefficient (Byind) 0.60

Error standard deviation (oy) 1.0

Daily temperature persistence (temp)0.85

Daily rainfall persistence (ppqin) 0.65

Daily wind persistence (pwind) 0.75
Quarterly seasonal effects Q1: —1.0,Q2:0.5,Q3:1.2,Q4: 0.3
Models compared SARIMA, Classical MIDAS, AR-MIDAS, ElasticNet-MIDAS

3.6 Simulation study

To support the empirical findings, a simulation study was conducted in a controlled
mixed-frequency setting. The purpose of this exercise was to examine whether the
estimation and forecasting procedures used in this paper behave sensibly when the
data contain persistence, seasonality, and higher-frequency predictor effects. This
simulation does not replace the real-data analysis. Instead, it provides additional
evidence under a known data-generating process in a setting consistent with the mixed-
frequency MIDAS framework considered in this study (Andreou et al., 2013; Ghysels
et al., 2007).

In each replication, three daily predictor series were generated to represent higher-
frequency weather variables, namely temperature, rainfall, and wind. A quarterly
target series was then generated using an autoregressive term, a seasonal compo-
nent, MIDAS-style weighted higher-frequency predictors, and a random error term.
The simulation design follows the data-generating process

v =« + ¢y;—1 + seasonal effect + ,BtempZtemp,t + ,Braianain,t + ,BwindZwind,t + &,

where Ziemp, ¢, Zrain,r» a0d Zwind,r denote MIDAS-style weighted aggregates of the pre-
vious H = 120 daily observations. The simulation design and parameter settings are
summarised in Table 7.

The simulation was repeated over 100 replications. To assess whether the under-
lying parameter values can be recovered reasonably well, Table 8 reports the true
parameter values together with the mean estimated values, standard deviations, and
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Table 8 Parameter recovery results for the data-generating regression across 100 simulation replications

Parameter True value Mean estimated SD estimated MAD estimated
o 50.0 49.053 2.181 1.292
] 0.6 0.599 0.017 0.011
Btemp 1.2 1.216 0.143 0.093
PBrain —-0.8 —0.791 0.309 0.231
Bwind 0.6 0.565 0.216 0.147
Season Q2 effect 1.5 1.498 0.308 0.204
Season Q3 effect 2.2 2.213 0.352 0.202
Season Q4 effect 1.3 1.322 0.412 0.258

Note: Seasonal effects are reported relative to Q1, which is the base quarter in the estimation

Table 9 Simulation study forecast accuracy based on 100 replications

RMSE MAE MAPE (%) MASE
Model Mean SD Mean SD Mean SD Mean SD
AR-MIDAS (H = 120) 1250 0.287 1.056 0.258 0.842 0207 0416 0.106
SARIMA 1432 0347 1.183 0.298 0943 0.239 0466 0.126

ElasticNet-MIDAS (H = 120) 2.166  0.625 1.834 0.554 1452 0425 0.725 0.238
Classical MIDAS (H = 120) 2.185 0.618 1.849 0553 1465 0425 0.731 0.238

Note: Bold fonts indicate the best mean forecast accuracy

median absolute deviations across replications. The results show that the main parame-
ters are recovered accurately on average. In particular, the autoregressive coefficient is
estimated almost exactly, with a mean estimate of 0.599 compared with the true value
of 0.600. The temperature coefficient is also recovered very closely, with a mean esti-
mate of 1.216 for a true value of 1.200. The rainfall coefficient is estimated at —0.791,
which is very close to the true value of —0.800, while the wind coefficient is slightly
underestimated on average at 0.565 but still remains reasonably close to the true value
of 0.600. The seasonal dummy effects are likewise recovered well, with mean esti-
mated values of 1.498, 2.213, and 1.322 for the Q2, Q3, and Q4 effects, compared
with their true values of 1.5, 2.2, and 1.3, respectively. Overall, these results suggest
that the estimation procedure performs well in repeated samples and is able to recover
the main persistence, seasonal, and mixed-frequency weather effects embedded in the
data-generating process.

Four forecasting models were then compared in the simulation study: SARIMA,
Classical MIDAS (H = 120), AR-MIDAS (H = 120), and ElasticNet-MIDAS (H =
120). The evaluation followed the same expanding-window rolling one-step-ahead
forecasting design used in the empirical analysis, with the last eight quarters treated as
the test period. Forecast accuracy was summarised using RMSE, MAE, MAPE, and
MASE (Hyndman & Koehler, 2006). The results are reported in Table 9. AR-MIDAS
achieved the best overall forecasting performance across all four accuracy measures,
with the lowest mean RMSE (1.250), mean MAE (1.056), mean MAPE (0.842), and
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mean MASE (0.416). SARIMA was the second-best model, while ElasticNet-MIDAS
and Classical MIDAS produced noticeably larger forecast errors and very similar
results to each other.

The results in Table 9 are important because they help explain why AR-MIDAS per-
forms well in this controlled setting. The simulated data-generating process includes
three important features simultaneously: autoregressive persistence in the quarterly
target, seasonal variation across quarters, and mixed-frequency effects coming from
the higher-frequency weather predictors. AR-MIDAS is the only model among the
competing specifications that directly combines autoregressive structure with MIDAS-
type mixed-frequency information. Because of this, it is better aligned with the true
underlying structure of the simulated data. SARIMA can capture persistence and
seasonality, but it does not use the higher-frequency weather information explicitly.
Classical MIDAS and ElasticNet-MIDAS use the mixed-frequency weather predictors,
but they do not include the autoregressive term in the same direct way as AR-MIDAS.
This explains why AR-MIDAS produces the lowest forecast errors on average across
the 100 replications.

Figure 14 presents simulated actual values together with one-step-ahead forecasts
from AR-MIDAS and SARIMA for a representative simulation replication over the
final eight quarters. The figure shows that both models are able to follow the broad
movement of the simulated series, but AR-MIDAS generally remains closer to the
realised values across most of the evaluation period. In particular, its forecasts track the
direction and magnitude of the quarterly changes more consistently, while SARIMA
shows larger deviations in several quarters. This visual evidence is consistent with
the average forecasting results reported in Table 9, where AR-MIDAS outperforms
SARIMA across all four mean accuracy measures. Taken together, the parameter
recovery results, the forecasting summary, and the representative simulation plot
provide further support for the usefulness of AR-MIDAS when the underlying data-
generating process contains persistence, seasonality, and mixed-frequency weather
effects.

3.7 Sensitivity analysis across evaluation periods

To examine whether the main forecasting conclusions depend on the selected evalua-
tion period, a sensitivity analysis was conducted using alternative rolling test windows
of 6, 8, 10, and 12 quarters. Forecast accuracy was assessed using the same error
measures adopted throughout the study, namely RMSE, MAE, MAPE, and MASE
(Hyndman & Koehler, 2006). Table 10 reports the corresponding results for SARIMA,
Ridge-MIDAS, AR-MIDAS, and ElasticNet-MIDAS across these alternative evalua-
tion windows.

The results show that the relative ranking of the leading models varies across evalua-
tion periods. AR-MIDAS performs best over the shorter 6-quarter window and remains
competitive over the 8-quarter period, where it achieves the lowest MAE, MAPE, and
MASE, while SARIMA achieves the lowest RMSE. When the evaluation window
is extended to 10 and 12 quarters, SARIMA becomes the strongest model across all
four accuracy measures. These findings suggest that model conclusions are somewhat
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Representative Simulation Run: Actual vs Forecast
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Fig. 14 Simulated actual values and one-step-ahead forecasts from AR-MIDAS and SARIMA for a repre-
sentative simulation replication over the final eight quarters

sensitive to the chosen evaluation period. This also indicates that forecast rankings
may be affected by period-specific conditions, including unusual weather patterns or
broader structural changes in the electricity system, so the main results should not be
interpreted as fully invariant across all sample periods.

To assess whether the observed differences in forecast accuracy are statistically
significant, the Diebold-Mariano test for equal predictive accuracy was applied using
squared forecast errors (Diebold & Mariano, 1995). Table 11 reports the corresponding
test results. Although AR-MIDAS and SARIMA alternate as the lower-loss model
across different evaluation windows, none of the pairwise differences are statistically
significant at the 5% level. Likewise, the differences between AR-MIDAS and the
other MIDAS variants are not statistically significant. Overall, these results suggest
that while forecast rankings vary across evaluation periods, the observed differences
in predictive accuracy should be interpreted with caution.

4 Discussion

This section provides an interpretative discussion of the findings and places them
within the broader context of electricity demand forecasting and energy system plan-
ning in New Zealand. In particular, the discussion examines why mixed-frequency
models that explicitly account for temporal persistence and higher-frequency weather
information can improve forecasting performance relative to purely statistical base-
lines in some evaluation settings. The implications of incorporating regularisation,
autoregressive structure, and machine learning techniques into the MIDAS frame-
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Table 10 Sensitivity analysis of forecast accuracy across alternative evaluation windows

Test horizon Model RMSE MAE MAPE (%) MASE
6 AR-MIDAS 146.21 118.33 1.10 0.53
6 SARIMA 216.34 195.17 1.79 0.87
6 Ridge-MIDAS 220.09 183.29 1.67 0.81
6 ElasticNet-MIDAS 382.98 322.32 3.02 1.43
8 SARIMA 201.33 173.63 1.58 0.76
8 AR-MIDAS 214.42 157.15 1.42 0.69
8 ElasticNet-MIDAS 581.68 462.14 4.29 2.03
8 Ridge-MIDAS 679.02 461.26 4.13 2.02
10 SARIMA 191.66 167.74 1.53 0.73
10 AR-MIDAS 423.89 257.17 2.34 1.12
10 ElasticNet-MIDAS 543.32 439.40 4.09 1.91
10 Ridge-MIDAS 698.43 520.41 4.73 2.27
12 SARIMA 192.15 165.26 1.50 0.72
12 AR-MIDAS 459.73 314.50 2.84 1.37
12 Ridge-MIDAS 666.26 509.12 4.63 2.21
12 ElasticNet-MIDAS 694.71 555.61 5.08 2.41

Note: Bold fonts indicate the best accuracy model within each evaluation window

Table 11 Diebold-Mariano test results across alternative evaluation windows

Horizon Comparison DM stat p-value Better model Sig. (5%)
6 AR-MIDAS vs SARIMA —0.947 0.344 AR-MIDAS No
6 AR-MIDAS vs Ridge-MIDAS —0.837 0.402 AR-MIDAS No
6 AR-MIDAS vs ElasticNet-MIDAS —1.575 0.115 AR-MIDAS No
8 AR-MIDAS vs SARIMA 0.157 0.875 SARIMA No
8 AR-MIDAS vs Ridge-MIDAS —1.495 0.135 AR-MIDAS No
8 AR-MIDAS vs ElasticNet-MIDAS —1.446 0.148 AR-MIDAS No
10 AR-MIDAS vs SARIMA 0.967 0.333 SARIMA No
10 AR-MIDAS vs Ridge-MIDAS —1.280 0.200 AR-MIDAS No
10 AR-MIDAS vs ElasticNet-MIDAS —0.501 0.616 AR-MIDAS No
12 AR-MIDAS vs SARIMA 1.415 0.157 SARIMA No
12 AR-MIDAS vs Ridge-MIDAS —1.128 0.259 AR-MIDAS No
12 AR-MIDAS vs ElasticNet-MIDAS —1.149 0.250 AR-MIDAS No

work are evaluated, with attention given to model robustness, interpretability, and
practical deployment considerations.

The discussion starts with the implications of the empirical findings for electricity
demand forecasting in New Zealand, particularly in the context of increasing renewable
penetration and weather sensitivity (Ministry of Business, 2019, 2023). Then, we
compare the observed model behaviour with existing literature on mixed-frequency
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forecasting and machine learning-based load prediction (Clements & Galvao, 2008;
Ghysels et al., 2007; Hong & Fan, 2016). After that, we outline key limitations of the
present study and highlight directions for future research.

4.1 Implications for electricity demand forecasting in New Zealand

The findings of this study have important implications for electricity demand fore-
casting in New Zealand, where demand patterns are increasingly shaped by weather
variability and the ongoing transition towards a highly renewable electricity system.
As highlighted in national energy policy documents, accurate demand forecasts are
essential for system planning, operational reliability, and investment decision-making
in a power system dominated by hydro, wind, and other weather-dependent generation
sources (Ministry of Business, 2019, 2023).

The results indicate that incorporating higher-frequency weather information can
improve quarterly electricity demand forecasts relative to traditional univariate time-
series approaches, although the relative gains depend on the selected model and
evaluation period. This result aligns with existing evidence that temperature, rain-
fall, and wind conditions exert a significant influence on electricity demand through
both direct consumption effects and indirect supply-side dynamics (Mirasgedis et al.,
2006; Pardo et al., 2002; Taylor & Buizza, 2003). In the New Zealand context, where
hydro inflows and heating demand are closely linked to climatic conditions, such
mixed-frequency integration is particularly relevant.

Among the models evaluated, the strong performance of AR-MIDAS highlights the
importance of jointly modelling weather effects and temporal persistence in electricity
demand. The inclusion of an autoregressive component allows the model to capture
structural inertia and long-term consumption trends that are not fully explained by
weather variables alone. However, the sensitivity analysis also shows that the relative
ranking of AR-MIDAS and SARIMA depends on the evaluation period, with AR-
MIDAS performing best over the shorter recent window and SARIMA becoming
stronger when the test period is extended. This finding is consistent with prior studies
emphasising the role of dynamic dependence in medium-term electricity forecasting
(Hahn et al., 2009; Shumway & Stoffer, 2017).

The results further suggest that regularisation-based approaches, such as Ridge-
MIDAS and ML-MIDAS variants, offer practical advantages in high-dimensional
forecasting environments. By stabilising coefficient estimates and mitigating mul-
ticollinearity among weather predictors, these models enhance forecast robustness
while retaining flexibility in capturing nonlinear relationships. Such characteristics
are particularly valuable for operational forecasting systems that rely on large-scale
meteorological datasets (Hoerl & Kennard, 1970; Hong & Fan, 2016).

From a policy and operational perspective, these findings support the adoption of
advanced mixed-frequency forecasting frameworks within New Zealand’s electricity
sector. Improved demand forecasts can assist grid operators and policymakers in man-
aging supply adequacy, integrating renewable resources, and assessing climate-related
risks. As the energy transition accelerates, forecasting approaches that explicitly
account for weather-driven uncertainty are likely to play an increasingly central role
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in ensuring system resilience and efficiency (Ministry of Business, 2024; National
Institute of Water and Atmospheric Research, 2024).

4.2 Comparison with existing literature

The results of this study are broadly consistent with the existing literature on elec-
tricity demand forecasting, while also extending prior findings through the explicit
use of mixed-frequency and advanced MIDAS frameworks in a New Zealand con-
text. Traditional studies have long established the importance of weather variables,
particularly temperature, in explaining electricity demand dynamics (Mirasgedis et
al., 2006; Pardo et al., 2002). The improved performance of weather-augmented mod-
els observed in this study reinforces these conclusions and highlights the continued
relevance of meteorological drivers in medium-term forecasting.

Compared to conventional time-series approaches such as ARIMA, SARIMA, and
exponential smoothing, the mixed-frequency models examined here demonstrate clear
advantages. Earlier work has shown that pure time-series models, while effective for
short-term forecasting, often struggle to capture structural changes and exogenous
influences at longer horizons (Gardner, 2006; Ho & Xie, 1998). The findings of this
study support this view, as models that rely solely on historical demand patterns exhibit
inferior predictive accuracy when compared with MIDAS-based specifications that
incorporate daily weather information.

The strong performance of classical MIDAS models aligns with prior macroe-
conomic and energy forecasting studies that emphasise the value of mixed-frequency
data integration (Clements & Galvao, 2008; Ghysels et al., 2007). By allowing higher-
frequency weather variables to inform lower-frequency demand outcomes, MIDAS
provides a flexible and theoretically grounded framework for addressing frequency
mismatches commonly encountered in energy datasets. This study extends these
insights by demonstrating the applicability of MIDAS to electricity demand fore-
casting in a small, renewable-dominated power system.

Beyond classical MIDAS, the results for AR-MIDAS suggest that incorporating
autoregressive dynamics alongside mixed-frequency weather effects can substantially
improve forecast accuracy, particularly over shorter recent evaluation windows. Pre-
vious research has shown that electricity demand exhibits strong temporal persistence
due to behavioural, technological, and structural factors (Hahn et al., 2009; Shumway
& Stoffer, 2017). Incorporating lagged demand alongside weather-driven MIDAS
terms enables the model to capture both short-term climatic effects and longer-term
consumption inertia, leading to improved forecast performance.

The mixed results obtained from machine learning-based MIDAS models are also
in line with earlier findings in the energy forecasting literature. While machine learn-
ing methods such as random forests, gradient boosting, and regularised regression
have shown promise in capturing nonlinear relationships (Breiman, 2001; Friedman,
2001; Hong & Fan, 2016), their performance can be sensitive to sample size, tuning
choices, and forecast horizon. In the present study, linear regularised models such as
LASSO-MIDAS and ElasticNet-MIDAS perform competitively, whereas more com-
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plex tree-based models offer limited gains, reflecting observations reported in previous
comparative studies (Ibrahim et al., 2022; Lahouar & Ben Hadj Slama, 2015).

Overall, this study contributes to the existing body of literature by providing
empirical evidence that advanced MIDAS models, particularly those incorporating
autoregressive structure and regularisation, offer a robust and interpretable alterna-
tive to both traditional time-series models and purely data-driven machine learning
approaches. These findings support recent calls for hybrid modelling strategies that
balance statistical rigour, interpretability, and predictive accuracy in electricity demand
forecasting applications (Bontempi et al., 2013; Weron, 2014).

4.3 Limitations and future research directions

While this study demonstrates the effectiveness of mixed-frequency and advanced
MIDAS models for electricity demand forecasting in New Zealand, several limitations
should be acknowledged, which also point to directions for future research.

First, the evaluation period used for model comparison is limited to the most recent
eight quarters. Although an expanding-window framework was adopted to ensure
robustness and avoid information leakage, the relatively short out-of-sample horizon
may not fully capture performance under extreme events or structural breaks, such
as prolonged droughts, major policy interventions, or sudden changes in generation
mix. Future work could extend the evaluation window or conduct stress-testing under
simulated extreme weather and demand scenarios.

Second, the set of explanatory variables in the MIDAS framework is restricted to
daily weather indicators, namely temperature, rainfall, and wind. While these variables
are well-established drivers of electricity demand, other factors such as electricity
prices, industrial activity, electrification trends, and policy-driven behavioural changes
were not explicitly modelled. Incorporating additional higher-frequency economic or
system-level variables could further enhance forecast accuracy and provide deeper
insights into demand dynamics.

Third, the machine learning-based MIDAS models rely on fixed beta-weight aggre-
gation for computational tractability. Although this approach improves stability and
runtime efficiency, it constrains the flexibility of the lag structure and may limit the
ability of ML models to fully exploit temporal patterns in higher-frequency data.
Future research could explore adaptive or learned aggregation schemes, including
neural network-based MIDAS representations, while carefully managing overfitting
risks.

Fourth, model interpretability remains an important consideration, particularly for
operational and policy-oriented applications. While advanced models such as AR-
MIDAS offer improved accuracy, their increased complexity may reduce transparency
relative to simpler baseline approaches. Future studies could focus on developing
explainability tools for MIDAS and ML-MIDAS models, such as feature attribution
methods or scenario-based sensitivity analysis, to support decision-making by system
operators and policymakers.

Finally, this study focuses on quarterly electricity demand forecasting. Extending
the proposed framework to other temporal resolutions, such as monthly or semi-annual
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horizons, or adapting it for forecasting peak demand and system adequacy metrics,
represents a promising avenue for future research. Such extensions would further
enhance the practical relevance of mixed-frequency modelling approaches in energy
system planning and renewable integration contexts.

Overall, addressing these limitations would contribute to a more comprehensive
and flexible forecasting framework, strengthening the role of mixed-frequency and
hybrid models in supporting the ongoing energy transition in New Zealand.

5 Conclusion

This study develops and evaluates a comparative mixed-frequency forecasting frame-
work for quarterly electricity demand in New Zealand, integrating daily weather
information with advanced econometric and machine learning models. By combining
baseline time-series approaches, classical MIDAS regression, advanced MIDAS vari-
ants, and machine learning-based MIDAS models, the analysis provides a systematic
comparison of forecasting performance across a wide range of modelling strategies.

The results demonstrate that traditional univariate benchmarks such as SARIMA
and ETS offer reasonable baseline performance but are limited in their ability to fully
exploit higher-frequency weather information. Classical MIDAS regression improves
forecast accuracy by explicitly incorporating daily weather drivers; however, its per-
formance is sensitive to lag selection and parameter stability. Among the classical
MIDAS specifications, the horizon length of 120 days provides the most consistent
results, highlighting the importance of capturing medium-term weather effects.

Advanced MIDAS models deliver substantial improvements over classical MIDAS
specifications. In particular, AR-MIDAS provides strong forecasting performance by
combining autoregressive dynamics with mixed-frequency weather information, and
it clearly outperforms the other MIDAS variants considered in this study. However,
the comparison with seasonal benchmark models is more nuanced. In the main eight-
quarter evaluation period, SARIMA achieves the lowest RMSE, while AR-MIDAS
performs better on MAE, MAPE, and MASE. Additional sensitivity analysis further
shows that AR-MIDAS performs best over the shorter recent evaluation window,
whereas SARIMA becomes stronger when the evaluation period is extended. These
findings suggest that the relative ranking of the leading models depends on the chosen
evaluation horizon.

Machine learning-based MIDAS models further demonstrate the potential of flex-
ible, data-driven approaches in mixed-frequency settings. Regularised linear models,
especially ElasticNet-MIDAS and LASSO-MIDAS, perform competitively by effec-
tively handling high-dimensional weather inputs while maintaining generalisation. In
contrast, tree-based models such as Random Forest, Gradient Boosting, and XGBoost
exhibit weaker performance in this application, suggesting that their strengths may be
better suited to larger sample sizes or shorter-term forecasting horizons.

Overall, the findings highlight the value of integrating higher-frequency climate
information with both econometric structure and modern regularisation techniques.
The proposed framework offers a robust and scalable approach for medium-term
electricity demand forecasting, with direct relevance for system planning, renewable
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integration, and policy analysis in New Zealand’s transitioning energy system. The
results also underscore the broader applicability of mixed-frequency modelling tech-
niques for energy forecasting problems where data arrive at heterogeneous temporal
resolutions.
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