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Reliable evaluation of time series forecasting models remains challenging because
conventional error metrics primarily quantify numerical deviations while overlooking the
preservation of temporal dynamics. Metrics such as Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Scaled Error (MASE) may therefore
produce incomplete or conflicting assessments when forecasting models achieve different
levels of magnitude accuracy and trajectory consistency. This study introduces a Hybrid
Evaluation Metric (HEM), a unified and interpretable framework that integrates normalized
magnitude error and temporal trajectory disagreement through a controllable trade-off
parameter. Unlike single-objective metrics, HEM enables evaluation preferences to be
explicitly adjusted according to operational requirements. The proposed metric is evaluated
across three heterogeneous forecasting scenarios: household electricity consumption,
financial stock prices, and meteorological temperature. Five representative forecasting
models, including statistical, machine learning, and deep learning approaches, are compared
using rolling-window evaluation, sensitivity analysis, statistical validation, and controlled
perturbation experiments. The results demonstrate that model rankings vary with both the
dataset characteristics and the relative importance assigned to numerical accuracy or
temporal fidelity. No single forecasting model consistently dominates across all domains,
highlighting the importance of objective-aware evaluation. HEM provides a transparent and
flexible approach for comparing forecasting models when forecast quality cannot be
adequately characterized by pointwise errors alone. The proposed framework offers a
practical tool for multi-domain forecasting evaluation and supports more informed model
selection in real-world applications.

1. INTRODUCTION

produce biased values. In energy demand forecasting, for
example, the shape of the consumption profile can be

Time series forecasting plays a central role in modern
decision-making systems, with applications in energy demand
management, financial risk analysis, supply chain planning,
transportation, weather prediction, and healthcare resource
allocation. In these domains, forecasting models are often
compared using standard error metrics such as Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), symmetric MAPE
(SMAPE), or Mean Absolute Scaled Error (MASE) [1-3].
These metrics are useful because they quantify the numerical
distance between observed and predicted values. However,
they mainly evaluate pointwise deviations and do not fully
describe whether a forecast preserves the temporal dynamics
of the observed series.

This limitation is important in many real forecasting
problems. A model may achieve a low RMSE while failing to
reproduce the shape of the observed signal. Conversely,
another model may follow the trend and peaks of the series but
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operationally important because it reflects demand dynamics,
peak periods, and load variations. In financial forecasting,
short-term trajectories are noisy and difficult to predict, so
evaluating both magnitude error and directional behavior
becomes important. In weather forecasting, models must
reproduce both the level and the temporal evolution of
variables such as temperature.

In this work, we propose a hybrid error metric (HEM) for
time series forecast evaluation. HEM combines normalized
RMSE, which measures magnitude accuracy, with a
correlation-based disagreement term, which measures
temporal trajectory fidelity. The two components are
combined through a trade-off parameter a. Low values of «
give more importance to trajectory preservation, while high
values give more importance to numerical accuracy.
Therefore, HEM does not impose a single universal notion of
forecasting quality. Instead, it makes the evaluation preference
explicit and adaptable to the operational objective.
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The motivation for using a hybrid metric is that forecasting
performance is often multi-dimensional. Classical metrics
may lead to conflicting conclusions when one model is better
in magnitude accuracy, and another model is better in
trajectory alignment. HEM provides a wunified and
interpretable framework for analyzing this trade-off. The
metric is especially useful when the preferred model depends
on whether the user prioritizes accurate values, temporal shape
preservation, or a compromise between both.

We evaluate HEM across three forecasting domains with
different temporal characteristics. The first dataset is the UCI
Household Power Consumption dataset, used for short-term
energy demand forecasting. The second dataset contains
Netflix stock closing prices, used as a financial forecasting
case study. The third dataset is the Jena Climate dataset, used
for weather temperature forecasting. These datasets allow us
to analyze HEM under different conditions: daily energy
consumption cycles, noisy financial dynamics, and smoother
meteorological seasonality.

We compare five forecasting models: Seasonal
Autoregressive Integrated Moving Average (SARIMA) [4],
Prophet [5], XGBoost [6], PatchTST [7], and TimesNet [8].
SARIMA and Prophet represent classical statistical and
additive forecasting approaches. XGBoost represents a
machine learning model based on lagged, rolling, and calendar
features. PatchTST and TimesNet are included as recent deep
learning architectures for time series forecasting. This model
set allows HEM to be evaluated across traditional, machine
learning, and modern deep learning paradigms.

The experimental protocol uses rolling forecasting windows
to obtain repeated evaluations over time. We compute
traditional error metrics, Pearson correlation, and HEM over
the full grid @ € {0.0,0.1, ...,1.0}. We also perform bootstrap
confidence interval estimation, Wilcoxon signed-rank tests,
ranking stability analysis, and controlled perturbation
experiments. These analyses are designed to evaluate not only
average performance but also statistical reliability, «
sensitivity, and the behavior of HEM under known forecast
distortions such as bias, scaling, smoothing, temporal shifts,
outliers, noise, and trajectory inversion.

The main contribution of this work is an interpretable
evaluation framework that links magnitude accuracy and
temporal trajectory fidelity within a single metric. We also
provide a systematic interpretation of a, showing how it can
be used as a decision parameter rather than as an arbitrary
weight. By applying HEM across energy, finance, and weather
forecasting, we show that the preferred model depends on both
the dataset and the evaluation objective. This makes HEM
useful as a decision-oriented metric for comparing forecasting
models in contexts where forecast quality cannot be reduced
to pointwise error alone.

2. MATERIALS AND METHODS
2.1 Forecast evaluation metrics

Forecast evaluation relies on metrics that quantify different
aspects of the discrepancy between observed and predicted
values. Let y = (31, 2, ..., Vu) denote the observed time series

and y = (1, 2, ..., V») the corresponding forecast.

2.1.1 Root Mean Squared Error
The RMSE measures the quadratic average deviation

2242

between observed and predicted values:

RMSEQ,9) = [((/m57170n - 997} (1)

RMSE is widely used because it is expressed in the same
unit as the target variable and strongly penalizes large errors.
However, this sensitivity to large deviations also makes RMSE
vulnerable to outliers and does not indicate whether the
forecast preserves the temporal shape of the series [1, 2].

2.1.2 Mean Absolute Error
The MAE computes the average absolute deviation:
MAE(y,§) = (1/n) x =" y; = §il 2)
MAE is easier to interpret than RMSE because it treats all
errors linearly. It is less sensitive to extreme values, but like

RMSE, it remains a pointwise error metric and does not
capture temporal alignment or trajectory similarity [2].

2.1.3 Mean Absolute Percentage Error
The MAPE expresses the error as a percentage of the
observed value:

100
MAPE(y,9) = —

n Z
i=1

MAPE is useful when relative errors are required, but it
becomes unstable when observed values are close to zero. This
limitation is particularly important in domains where the target
variable may contain small or near-zero values [2, 3].

)’i—f’\z|
3
v (3)

2.1.4 Symmetric Mean Absolute Percentage Error

The sMAPE reduces some of the asymmetry of MAPE by
normalizing the absolute error using both observed and
predicted values:

n -~
100 ly: = 3l

SMAPE (y, ) = —
7T L+ D2

“4)

SMAPE is often used in forecasting competitions and
comparative studies because it provides a bounded relative
error formulation. Nevertheless, it can still be difficult to
interpret when both observed and predicted values are small
[3,9].

2.1.5 Mean Absolute Scaled Error
The MASE compares the model error with the error of a
naive seasonal benchmark:

MAE

MASE =

1 (%)

mZimﬂlyt — Ye-ml
where, m is the seasonal period, and T is the length of the in-
sample training series.

MASE is scale-independent and allows comparisons across
series with different units. A MASE value below one indicates
that the model outperforms the seasonal naive benchmark.
However, MASE remains primarily an error-magnitude metric
and does not directly evaluate whether the temporal trajectory
is preserved [3, 10].



2.1.6 Pearson correlation coefficient
The Pearson correlation coefficient measures the linear
association between the observed and predicted series:

p(.9) = Cov(y,9)/(0y X ) (6)

Unlike error-based metrics, correlation focuses on co-
movement and temporal shape similarity. A high correlation
indicates that the forecast follows the direction and dynamics
of the observed series. However, correlation alone does not
penalize amplitude bias: a forecast may have high correlation
while systematically overestimating or underestimating the
true values.

Overall, these metrics provide complementary but partial
views of forecasting performance. RMSE, MAE, MAPE,
sMAPE, and MASE evaluate magnitude errors from different
perspectives, while correlation evaluates trajectory similarity.
In practice, these metrics may lead to conflicting conclusions.
A model may achieve low error but fail to reproduce the
temporal shape, while another model may preserve the
trajectory but produce biased magnitudes. This motivates the
use of a hybrid evaluation metric that explicitly combines
magnitude accuracy and temporal trajectory fidelity.

2.2 Composite,
evaluation

multi-objective, and shape-aware

Forecast evaluation is not limited to pointwise error metrics
[11, 12]. Several studies have shown that model rankings can
change substantially depending on the metric used for
evaluation, especially in large forecasting benchmarks and
competitions [3, 9]. This has motivated the use of composite
metrics, multi-objective ranking, and shape-aware similarity
measures.

Composite metrics combine several performance indicators
into a single score. Their advantage is that they can summarize
multiple aspects of model quality. However, they often lack a
clear interpretation of how each component contributes to the
final ranking. Multi-objective ranking avoids reducing
performance to one criterion, but it may be difficult to use
when a practical decision requires selecting a single model
[13].

Shape-aware metrics, such as correlation-based measures
and dynamic time warping (DTW), focus on the similarity
between temporal patterns [11, 14-17]. These approaches are
useful when the evolution of the signal is important.
Nevertheless, they may not sufficiently penalize magnitude
errors. DTW, for example, can tolerate temporal distortions by
elastically aligning two sequences, whereas in many
forecasting applications the timing of peaks remains

operationally important.

HEM is positioned between classical error metrics and
shape-aware evaluation. It does not aim to replace all existing
metrics. Instead, it provides a simple and interpretable score
that explicitly combines normalized magnitude error and
synchronous trajectory fidelity. Its main advantage is that the
trade-off between these two objectives is controlled by a,
making the evaluation preference transparent.

2.3 Hybrid and composite metrics

Recent research has explored composite and multi-objective
approaches to forecast evaluation. Pinson and Tastu [12]
emphasized that probabilistic forecast evaluation should
consider more than average error magnitude, including aspects
such as calibration and sharpness. Makridakis et al. [4, 10] also
showed through large-scale forecasting competitions that
model rankings can change substantially depending on the
selected metric. Similar observations have been reported in
load forecasting and renewable energy forecasting, where
different metrics may favor different models depending on
whether the evaluation prioritizes magnitude accuracy, peak
prediction, or temporal dynamics [18].

Composite metrics aggregate several evaluation criteria into
a single score. Their advantage is that they provide a compact
summary of model performance. However, the interpretation
of the final score can become unclear when the components
measure different aspects of forecast quality. Multi-objective
ranking approaches preserve several evaluation criteria
separately, but they may not provide a direct decision rule
when a single model must be selected.

Shape-aware metrics, such as correlation-based measures
and DTW, focus on the similarity between temporal patterns.
These approaches are useful when the evolution of the signal
is important. However, they may either ignore magnitude bias
or tolerate temporal distortions. For example, DTW can align
shifted sequences, whereas in many forecasting applications,
especially short-term energy forecasting, the timing of peaks
remains operationally important.

HEM is positioned between classical error metrics,
composite metrics, and shape-aware evaluation. It does not
aim to replace all existing metrics. Instead, it provides a simple
and interpretable score that explicitly combines normalized
magnitude error and synchronous trajectory fidelity. Its main
contribution is to make the trade-off between these two
objectives transparent through the parameter a. Table 1
summarizes the main characteristics of HEM compared with
commonly used forecast evaluation approaches, highlighting
its differences in terms of evaluation focus, interpretation, and
decision-making capability.

Table 1. Comparison between hybrid error metric (HEM) and existing evaluation approaches

Approach Main Focus Strength Limitation Difference from HEM
. Simple and . . HEM adds temporal trajectory
RMSE / MAE Magnitude error . Ignore trajectory fidelity .
interpretable evaluation

Pearson correlation Shape similarity

Captures co-movement

Ignores magnitude bias HEM adds normalized error penalty

DTW Shape alignment ~ Handles shifted patterns May tolerate timing errors HEM keeps synchronous evaluation
Multi-objective . I . Harder to obtain one HEM provides one a-controlled
; Multiple criteria Flexible ..
ranking decision score score
Composite metrics Aggregated Compact summary Component interpretation HEM uses two interpretable
performance may be unclear components

. . - i . ' ' . L
HEM Magpltude Explicit trade-off Requires o interpretation Designed for decmon. oriented

trajectory through « forecast evaluation

Note: RMSE = Root Mean Squared Error, MAE = Mean Absolute Error, DTW = dynamic time warping, HEM = hybrid error metric.



3. HYBRID ERROR METRIC
3.1 Definition of the hybrid error metric

The objective of the HEM is to evaluate forecasting
performance by considering both magnitude accuracy and
temporal trajectory fidelity. Let y = (31, y2, ..., yu) be the
observed time series and y = (31, J», ..., V) be the corresponding
predicted series.

1. The proposed HEM is defined as:

RMSE (y,y
HEM,(y,9) = a x TMSEC.9)

y (7
+(1-a)x(1-p».9)
where, @ € [0,1] controls the relative importance assigned to
magnitude accuracy and trajectory fidelity, oy is the standard
deviation of the observed series, and p(y, y) is the Pearson
correlation coefficient between the observed and predicted
series.
The term RMSE(y, y) / 6, corresponds to the normalized
RMSE, denoted as Normalized Root Mean Square Error
(NRMSE). Therefore, HEM can also be written as:

HEM,(y,y) = a X NRMSE(y,§)
5 ®)
+(1-a)x(1-p1,9)

The first component, NRMSE(y, ), measures normalized
magnitude error. The second component, 1—p(y, ), measures
trajectory disagreement. A lower HEM value indicates better
forecasting performance.

3.2 Magnitude accuracy component
The magnitude component of HEM is based on the RMSE

normalized by the standard deviation of the observed series.
The normalized error component is defined as:

RMSE(y,y
NRMSE(y,§) = e 029) ©)
y
where RMSE is defined as:
RMSE(y,9) = (10)
and o, is the standard deviation of the observed series:
n
1 —
oy, = ;Z(yi—y)z (11)
i=1
where,
n
5= Z 12
y=_)Yi (12)

i=1

The normalization by o, makes the magnitude component
dimensionless. This is important because HEM is evaluated
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across datasets with different units and scales, such as
electricity consumption, stock prices, and temperature. Using
raw RMSE alone would make the magnitude component
dependent on the unit of the target variable, while NRMSE
allows a more comparable interpretation across domains.

3.3 Temporal trajectory fidelity component
The trajectory component of HEM is based on the Pearson

correlation coefficient between the observed and predicted
series. It is defined as:

L0 =-PG-79)

P, 9) =
(13)
n =\2 n (o5 _5 2
i =2 2. (3 - 9)
where,
1 n
5=->% (14)
i=1
The Pearson correlation coefficient satisfies:
~1<p@P <1 (15)
Therefore, the trajectory disagreement term satisfies:
1-p@,9) =0 (16)

When p(y, y) = 1, the predicted series perfectly follows the
temporal evolution of the observed series, and the trajectory
disagreement term becomes zero. When p(y, y) is low or
negative, the forecast does not correctly reproduce the
observed temporal dynamics, and the disagreement term
increases.

3.4 Interpretation of hybrid error metric

HEM can be interpreted as a weighted combination of two
complementary forecasting objectives: normalized magnitude
accuracy and temporal trajectory fidelity. The first term
penalizes numerical deviations between observed and
predicted values, while the second term penalizes forecasts
that fail to reproduce the temporal evolution of the observed
series.

The parameter o controls the trade-off between these two
objectives. When « is high, HEM gives more importance to
magnitude accuracy. When a is low, HEM gives more
importance to temporal trajectory fidelity.

When o = 1, HEM becomes:

_ RMSE(y,9)

HEM;(y,y) = = NRMSE(y,y)

(17

y

In this case, HEM behaves as a purely magnitude-oriented
metric.
When o = 0, HEM becomes:
HEM,(y,9) =1-p»,9) (18)
In this case, HEM behaves as a purely trajectory-oriented
metric. For intermediate values of a, HEM provides a



compromise between magnitude accuracy and trajectory
fidelity. Low values of o give more importance to temporal
shape preservation, while high values of a give more
importance to numerical accuracy.

3.5 Theoretical properties

HEM satisfies several useful properties for forecast
evaluation.

Non-negativity: Since RMSE is non-negative and o, > 0 for
a non-constant observed series, the normalized error
component is non-negative:

RMSE(y,§)/oy, =2 0 (19)

Since —1 < p(y, ¥) < 1, the trajectory disagreement term is

also non-negative:

1-p(»9) 20 (20)

Therefore:
HEM,(y,y) =2 0,Va € [0,1] (21)

Lower-bound behavior: For a perfect forecast:
yvi=y,Vi=1.,n (22)
we have:

RMSE(y,9) = 0,NRMSE(y,9) = 0,p(y,9) =1  (23)

Therefore:
HEM,(y,9) = 0 (24)

This confirms that the minimum value of HEM is obtained
when the forecast is both numerically exact and perfectly
aligned with the observed trajectory.

Scale normalization: The use of RMSE(y, y) / g, ensures
that the magnitude component is scale-independent. This
makes HEM suitable for cross-domain evaluation, where the
target variables may have different units and ranges.

Sensitivity to outliers: HEM inherits part of the sensitivity
of RMSE to large errors through the normalized magnitude
component. As a increases, large numerical deviations have a
stronger influence on the final HEM score. Conversely, when
o is low, the metric becomes less dominated by isolated
amplitude errors and gives more importance to trajectory
preservation.

Sensitivity to shape distortion. The correlation
disagreement component makes HEM sensitive to temporal
shape distortion. Forecasts that are shifted, smoothed,
inverted, or unable to reproduce peaks and troughs receive a
higher trajectory penalty. This property is useful when the
temporal dynamics of the forecast are important for decision-
making.

3.6 Selection strategy for a

The parameter a should not be interpreted as an arbitrary
constant. It represents the evaluation preference between
magnitude accuracy and trajectory fidelity.

In this study, HEM was computed over the discrete grid a
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€ {0.0,0.1,0.2, ..., 1.0}. For clarity and compactness, the main
tables report representative o values: a =0.3, 0.5, 0.7, and 1.0.
These wvalues correspond to shape-oriented, balanced,
magnitude-oriented, and pure magnitude-error configurations,
respectively.

The value a = 0.5 is used as a balanced reference because it
assigns equal importance to normalized magnitude error and
trajectory disagreement. However, the full a-sensitivity
analysis is reported to examine whether model rankings
remain stable or depend on the evaluation preference.

For profile-oriented forecasting tasks, such as reproducing
the shape of electricity consumption, low o values may be
appropriate because trajectory fidelity is prioritized. For
quantity-oriented tasks, such as numerical demand estimation,
procurement, or capacity planning, higher a values may be
more appropriate because magnitude accuracy becomes more
important.

A data-driven strategy can also be used by analyzing
ranking stability across a values. Let Rank,,(a) denote the rank
of model m under HEM for a given value of a. The average
rank of model m over the o grid is defined as:

Ry = (1/]A]) X Za € ARanky(a) (25)

A model with a consistently low average rank across a
values can be considered robust to the choice of evaluation
preference. If the best model changes across a values, this
indicates that the preferred model depends on the operational
objective.

When an explicit downstream cost or utility function is
available, a can also be calibrated by selecting the value that
maximizes the agreement between HEM-based rankings and
application-specific rankings:

a* = arg max_A greement
a€lo,1]

(26)

(Rankygy (@), Rankyiry)

In the absence of such an external utility function, reporting

a = 0.5 together with the full a-sensitivity analysis provides a
transparent and reproducible selection strategy.

4. EXPERIMENTAL DESIGN

We evaluate the behavior of HEM across three forecasting
domains with different temporal characteristics: household
electricity consumption, financial stock prices, and
meteorological temperature. The purpose of this multi-domain
design is to assess whether HEM provides meaningful
interpretations beyond a single benchmark dataset.

The three datasets differ in their temporal structure.
Household energy consumption contains strong daily cycles
and operationally important load profiles. Netflix stock prices
represent a noisy financial series with weak short-term
predictability. Jena Climate temperature data provide
smoother meteorological dynamics with daily and seasonal
patterns. These differences allow HEM to be evaluated under
distinct forecasting conditions.

4.1 Dataset description
The first dataset is the UCI Household Power Consumption

dataset [4]. The target variable is global active power,
resampled at hourly frequency. The forecasting horizon is set



to 24 hours, corresponding to short-term day-ahead energy
demand forecasting.

The second dataset consists of Netflix stock closing prices.
The target variable is the daily closing price, evaluated at
business-day frequency [5]. The forecasting horizon is set to
five business days. This dataset is used to represent noisy
financial forecasting, where short-term trajectory alignment is
difficult.

The third dataset is the Jena Climate dataset. The target
variable is air temperature, 7 (degC), resampled at hourly
frequency [6]. The forecasting horizon is set to 24 hours. This
dataset is used to evaluate HEM in a smoother weather
forecasting setting with daily and seasonal structure.

4.2 Data preprocessing

We preprocessed each dataset according to its temporal
resolution and forecasting objective. For the household energy
dataset, the original measurements were aggregated to hourly
frequency using the mean value, and missing values were
handled by time-based interpolation. The target variable was
global active power, and the forecasting horizon was set to 24
hours.

For the Netflix stock dataset, the date column was converted
to a business-day time index. The closing price was used as the
target variable. Missing business days were forward-filled in
order to preserve a regular time index required by the
forecasting models. The forecasting horizon was set to five
business days.

For the Jena Climate dataset, the original high-frequency
observations were resampled to hourly frequency using the
mean value. Temperature, 7 (degC), was used as the target
variable, and missing values were interpolated. The
forecasting horizon was set to 24 hours.

For all datasets, the same general evaluation logic was used.
Each series was sorted chronologically, transformed into a
regular time index, and evaluated using rolling forecasting
windows. No information from the test horizon was used
during training, ensuring a temporally consistent evaluation
protocol.

4.3 Forecasting models

Five forecasting models are evaluated: SARIMA, Prophet,
XGBoost, PatchTST, and TimesNet.

SARIMA is used as a classical statistical model capable of
capturing autoregressive and seasonal dependencies [6].
Prophet is used as an additive model that captures trend and
seasonality [19]. XGBoost is used as a machine learning
model based on lagged values, rolling statistics, and calendar-
derived features [20]. PatchTST and TimesNet are included as
recent deep learning architectures for time series forecasting.
PatchTST relies on a patch-based Transformer design, while
TimesNet models temporal variations through multi-period
representations [7, 21].

This set of models allows HEM to be assessed across
statistical, additive, machine learning, and deep learning
forecasting paradigms. Recent studies have shown that
Transformer-based  architectures such as Informer,
Autoformer, PatchTST, and TimesNet have become important
benchmarks for time series forecasting. Recent foundation
models and surveys also illustrate the growing interest in
general-purpose time-series models and cross-domain
forecasting [18, 22-28].
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4.4 Rolling-window evaluation protocol

All experiments use a rolling-window evaluation protocol.
For each rolling window, the model is trained on historical
observations and evaluated on the following forecast horizon.
This avoids relying on a single train-test split and provides
repeated paired observations for statistical testing.

For the household energy dataset, the training window is
180 days, the forecast horizon is 24 hours, and the rolling step
is 7 days. For the Netflix dataset, the training window is
approximately two years, the forecast horizon is five business
days, and the rolling step is one month. For the Jena Climate
dataset, the training window is one year, the forecast horizon
is 24 hours, and the rolling step is two weeks.

4.5 Evaluation metrics metric
configuration

and hybrid error

Each model is evaluated using RMSE, NRMSE, MAE,
MAPE, sMAPE, MASE, Pearson correlation, and HEM [1-3].
HEM is computed for a € {0.0, 0.1, ..., 1.0}. The value 2 =0.5
is reported as the balanced reference configuration, while the
full a-sensitivity analysis is used to examine whether model
rankings are stable or dependent on the evaluation preference.

Low a values emphasize trajectory fidelity, while high o
values emphasize magnitude accuracy. This interpretation is
important because the appropriate evaluation preference may
vary by domain. For example, a profile-oriented energy
forecasting task may favor lower a values, whereas numerical
demand estimation may require higher a values.

4.6 Statistical validation

Two statistical validation procedures are used. First,
bootstrap confidence intervals are computed for the mean
HEM score of each model. These intervals quantify
uncertainty across rolling windows. Second, Wilcoxon signed-
rank tests are used for paired model comparisons. For each pair
of models, the test compares HEM values window by window
under a = 0.5. This determines whether observed performance
differences are statistically significant. The Wilcoxon signed-
rank test is appropriate because it does not require assuming
normality of the paired differences.

4.7 Controlled perturbation experiments

Controlled perturbation experiments are used to analyze the
behavior of HEM under known types of forecast degradation.
Artificial forecasts are generated from the observed test series
using amplitude scaling, additive bias, noise, outlier
contamination, smoothing, temporal shifts, and trajectory
inversion. These experiments test whether HEM behaves
consistently in interpretable cases. A perfect forecast should
obtain HEM = 0. A forecast with preserved shape but biased
amplitude should be penalized through the NRMSE
component. A temporally shifted forecast should be penalized
because it affects both magnitude error and trajectory
agreement. An inverted trajectory should receive a strong
penalty due to negative correlation.

5. RESULTS AND DISCUSSION

This section presents the empirical results obtained on the



three forecasting domains: household electricity consumption,
Netflix stock prices, and Jena Climate temperature. The results
are analyzed using both classical forecasting metrics and the
proposed HEM. Particular attention is given to the role of a,
since this parameter determines whether the evaluation favors
magnitude accuracy or temporal trajectory fidelity.

The results show that HEM does not systematically favor a
single forecasting model across all datasets. Instead, the
preferred model depends on the domain and on the evaluation
preference represented by a. This behavior is important
because it confirms the role of HEM as a decision-oriented
metric rather than a fixed ranking rule.

Figure 1 compares the mean HEM values under the
balanced configuration a = 0.5. Lower values indicate a better
compromise between normalized magnitude error and
temporal trajectory fidelity. The figure shows that the best-
performing model changes across datasets: XGBoost performs
best on the energy dataset, PatchTST performs best on the
Netflix dataset, and SARIMA performs best on the Jena
Climate dataset.

5.1 Household energy forecasting results

The household energy dataset provides a particularly
relevant case for analyzing the behavior of HEM because
energy demand forecasting can be interpreted from two
complementary perspectives. In some applications, the
objective is to reproduce the global consumption profile and
follow the temporal dynamics of demand. In other
applications, the objective is to estimate the numerical level of
electricity consumption as accurately as possible. HEM allows
these two objectives to be explicitly controlled through the
parameter a.

Under the balanced configuration a = 0.5, XGBoost obtains
the lowest mean HEM, with a score of 0.5929. SARIMA ranks
second with a mean HEM of 0.6141, followed by Prophet,
PatchTST, and TimesNet. XGBoost also achieves the lowest
RMSE and NRMSE, which indicates better magnitude
accuracy. However, SARIMA obtains the highest Pearson
correlation, which indicates better preservation of the temporal
consumption profile.

This result illustrates the main purpose of HEM. A purely
magnitude-based evaluation would favor XGBoost, whereas a
purely trajectory-based evaluation would favor SARIMA.
HEM makes this trade-off explicit. Under a = 0.5, XGBoost is
preferred because its lower normalized magnitude error
compensates for its slightly lower correlation. However, when
a is reduced and trajectory fidelity becomes more important,
SARIMA becomes the preferred model.

This behavior is confirmed by the a-sensitivity analysis. For
o= 0.0 and a = 0.1, SARIMA obtains the best HEM score,
because the evaluation gives dominant importance to
trajectory fidelity. From a = 0.2 to a = 1.0, XGBoost becomes
the best model, because the normalized magnitude error
receives increasing weight. Therefore, the energy dataset
clearly shows that the preferred model depends on the
operational objective: SARIMA is more appropriate for
profile-oriented forecasting, while XGBoost is more
appropriate for quantity-oriented forecasting.

The bootstrap confidence intervals of XGBoost and
SARIMA overlap, and the Wilcoxon signed-rank test indicates
that their difference is not statistically significant at the 5%
level. Therefore, these two models should be interpreted as the
strongest group on the energy dataset. The final preference
between them depends on whether the application prioritizes
temporal trajectory fidelity or numerical demand accuracy.

Table 2 shows that XGBoost achieves the best HEM score
under the balanced configuration a = 0.5. This is mainly due
to its lower RMSE and NRMSE. However, SARIMA achieves
the highest correlation, which means that it better follows the
temporal evolution of the electricity consumption profile. This
contrast motivates a deeper analysis of a.

Table 3 reports the HEM values obtained for all models
across the o grid on the household energy dataset. The results
show that SARIMA obtains the best HEM score when o = 0.0
and a = 0.1, meaning that it is preferred when the evaluation
strongly prioritizes trajectory fidelity. From a = 0.2 to a = 1.0,
XGBoost becomes the best model, showing that it is preferred
as soon as normalized magnitude accuracy receives moderate
or high importance. This transition illustrates the practical role
of a as an interpretable decision parameter.
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Figure 1. Mean hybrid error metric (HEM) at o = 0.5 across datasets and forecasting models
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HEM sensitivity to a on the household energy dataset
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Figure 2. Hybrid error metric (HEM) sensitivity to o on the household energy dataset
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Figure 3. Decomposition of hybrid error metric (HEM) into Normalized Root Mean Square Error (NRMSE) and trajectory
disagreement on the household energy dataset

Table 2. Average forecasting performance on the household energy dataset

Rank Model RMSE NRMSE MAE P HEM a =0.5
1 XGBoost 0.7135 0.8192 0.5332 0.6335 0.5929
2 SARIMA 0.7719 0.8685 0.5466 0.6403 0.6141
3 Prophet 0.7933 0.9100 0.6081 0.5902 0.6599
4 PatchTST 0.8866 0.9822 0.6612 0.3949 0.7936
5 TimesNet 1.0326 1.1532 0.7535 0.1106 1.0213

Note: RMSE = Root Mean Squared Error, MAE = Mean Absolute Error, HEM = hybrid error metric, NRMSE = Normalized Root Mean Square Error, SARIMA
= Seasonal Autoregressive Integrated Moving Average.

Table 3. Hybrid error metric (HEM) sensitivity to o on the household energy dataset

a Sarima Prophet XGBoost PatchTST TimesNet Best Model
0.0 0.3597 0.4098 0.3665 0.6051 0.8894 SARIMA
0.1 0.4106 0.4598 0.4118 0.6428 0.9158 SARIMA
0.2 0.4615 0.5099 0.4570 0.6805 0.9422 XGBoost
0.3 0.5123 0.5599 0.5023 0.7182 0.9686 XGBoost
0.4 0.5632 0.6099 0.5476 0.7559 0.9950 XGBoost
0.5 0.6141 0.6599 0.5929 0.7936 1.0213 XGBoost
0.6 0.6650 0.7099 0.6381 0.8313 1.0477 XGBoost
0.7 0.7159 0.7600 0.6834 0.8690 1.0741 XGBoost
0.8 0.7668 0.8100 0.7287 0.9067 1.1005 XGBoost
0.9 0.8177 0.8600 0.7739 0.9445 1.1269 XGBoost
1.0 0.8685 0.9100 0.8192 0.9822 1.1532 XGBoost

Note: SARIMA = Seasonal Autoregressive Integrated Moving Average.
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Figure 2 shows the sensitivity of HEM to a on the household
energy dataset. SARIMA obtains the lowest HEM for a = 0.0
and a = 0.1, which corresponds to trajectory-oriented
evaluation. XGBoost becomes the best model from a = 0.2 to
o = 1.0, showing that it is preferred as soon as magnitude
accuracy receives moderate or high importance. This figure
illustrates how HEM makes the model selection process
dependent on the forecasting objective.

Figure 3 decomposes HEM into its two components:
NRMSE and trajectory disagreement, represented by 1 — p.
XGBoost has the lowest NRMSE, which explains why it is
favored when a increases. SARIMA has the lowest trajectory
disagreement because it achieves the highest correlation,
which explains why it is favored when « is close to zero. This
decomposition confirms that HEM provides an interpretable
compromise between magnitude accuracy and temporal
trajectory fidelity.

5.2 Netflix stock forecasting results

The Netflix stock forecasting experiment represents a noisy
financial setting. Under a = 0.5, PatchTST obtains the lowest
mean HEM, followed by SARIMA and XGBoost. Prophet and
TimesNet obtain higher HEM values.

The correlation values are generally weak across the
models, which reflects the difficulty of short-term financial
forecasting. In this context, HEM shows that the ranking is
mainly driven by the ability to control normalized magnitude
error rather than by strong trajectory alignment.

The Wilcoxon signed-rank test indicates that the difference
between PatchTST and SARIMA is not statistically
significant. Therefore, their performance should be interpreted
as comparable under the balanced HEM configuration.
PatchTST is significantly better than Prophet and TimesNet,
while its difference with XGBoost is not statistically
significant.

The a-sensitivity analysis shows that TimesNet ranks first
only when a = 0.0, corresponding to a purely correlation-
oriented evaluation. Once magnitude accuracy is included,
PatchTST becomes the most stable model across most a
values. This suggests that PatchTST provides the best
compromise for the Netflix forecasting task.

Table 4 shows that the Netflix dataset is more difficult to

forecast than the energy and weather datasets. This is reflected
by weak or negative correlation values for several models.
PatchTST obtains the best HEM score under a = 0.5 because
it provides the best compromise between normalized error and
trajectory disagreement in this noisy financial setting.

5.3 Jena Climate forecasting results

The Jena Climate dataset provides a smoother weather
forecasting setting. Under o = 0.5, SARIMA obtains the lowest
mean HEM, followed closely by XGBoost. PatchTST ranks
third, while Prophet and TimesNet obtain higher HEM values.

The comparison between SARIMA and XGBoost again
illustrates the usefulness of HEM. XGBoost achieves the
highest average correlation, meaning that it follows the
temperature trajectory slightly better. However, SARIMA
achieves lower RMSE and NRMSE. Under the balanced HEM
setting, SARIMA is preferred because its magnitude
advantage compensates for its slightly lower correlation.

The Wilcoxon signed-rank test shows that the difference
between SARIMA and XGBoost is not statistically significant.
Therefore, both models should be considered competitive on
the Jena Climate dataset. SARIMA significantly outperforms
Prophet and TimesNet under o = 0.5.

The a-sensitivity analysis shows that XGBoost ranks first
for low a values, where trajectory fidelity dominates, while
SARIMA becomes first when a increases. This confirms that
HEM provides an interpretable way to understand why the
preferred model changes when the evaluation objective
changes.

Table 5 shows that SARIMA and XGBoost are the two most
competitive models on the weather dataset. XGBoost follows
the trajectory slightly better, as indicated by its higher
correlation, but SARIMA has lower magnitude error. Under a
= 0.5, HEM ranks SARIMA first because the reduction in
normalized error compensates for the slightly lower
correlation.

5.4 Cross-domain comparison

The three datasets show that HEM does not systematically
favor a single model family.

Table 4. Average forecasting performance on the Netflix stock dataset

Rank Model RMSE NRMSE MAE p HEM a =0.5
1 PatchTST 1.8967 2.4674 1.7334 0.0679 1.6997
2 SARIMA 1.9023 2.4905 1.7416 -0.0769 1.7837
3 XGBoost 2.1404 2.9094 1.9574 -0.0310 1.9702
4 Prophet 2.7304 4.7428 2.5853 -0.0280 2.8854
5 TimesNet 3.2302 6.1511 3.0887 0.1001 3.5255

Note: RMSE = Root Mean Squared Error, MAE = Mean Absolute Error, HEM = hybrid error metric, NRMSE = Normalized Root Mean Square Error, SARIMA
= Seasonal Autoregressive Integrated Moving Average.

Table 5. Average forecasting performance on the Jena Climate dataset

Rank Model RMSE NRMSE MAE p HEM a = 0.5
1 SARIMA 2.3913 1.2582 2.0573 0.7825 0.7379
2 XGBoost 2.5271 1.3550 2.1617 0.8121 0.7714
3 PatchTST 2.7051 1.5362 2.2813 0.5536 0.9913
4 Prophet 3.5533 2.5967 3.2240 0.7818 1.4075
5 TimesNet 4.0584 2.4461 3.4610 0.1486 1.6488

Note: RMSE = Root Mean Squared Error, MAE = Mean Absolute Error, HEM = hybrid error metric, NRMSE = Normalized Root Mean Square Error, SARIMA
= Seasonal Autoregressive Integrated Moving Average.
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Table 6. Best model by dataset under the balanced hybrid error metric (HEM) Etting o = 0.5

Dataset Best Model HEM a = 0.5 Main Interpretation

Energy XGBoost 0.5929 Best balanced score due to lower normalized error

Netflix PatchTST 1.6997 Best compromise in a noisy financial setting
Jena Climate SARIMA 0.7379 Best balanced score due to lower magnitude error

Note: HEM = hybrid error metric, SARIMA = Seasonal Autoregressive Integrated Moving Average.

Table 6 shows that in the energy dataset, XGBoost and
SARIMA form the strongest group, with the preferred model
depending on whether magnitude accuracy or trajectory
fidelity is prioritized. In the Netflix dataset, PatchTST
provides the best average compromise under most o values. In
the Jena Climate dataset, SARIMA and XGBoost are again the
strongest models, but their ranking changes with a.

This cross-domain behavior is important because it shows
that HEM is not merely a score that always selects the same
type of model. Instead, HEM reveals how model preference
depends on the forecasting objective. The metric is therefore
useful for interpreting model performance rather than only
ranking models mechanically.

Across the three domains, the strongest models are not
always the most recent deep learning architectures. PatchTST
performs well on the Netflix dataset, while SARIMA and
XGBoost remain highly competitive in energy and weather
forecasting. This indicates that model selection should remain
data-dependent and that evaluation metrics should be able to
compare different model families transparently.

5.5 a-sensitivity and ranking stability

The a-sensitivity analysis is central to the interpretation of
HEM. It shows how the ranking of forecasting models changes
when the evaluation preference moves from trajectory fidelity
to magnitude accuracy.

HEM was computed over the discrete grid a € {0.0, 0.1,
0.2, ..., 1.0}. For compactness, the main tables emphasize
representative values a = 0.3, a = 0.5, a = 0.7, and a = 1.0,
corresponding respectively to shape-oriented, balanced,
magnitude-oriented, and pure normalized-error
configurations. The complete grid is used to analyze ranking
stability.

Table 7 shows that: in the energy dataset, SARIMA ranks
first for & = 0.0 and a = 0.1, while XGBoost ranks first from o

=0.2 to a = 1.0. This means that SARIMA is preferable for
profile-oriented energy forecasting, where preserving the
consumption trajectory is the main goal, while XGBoost is
preferable when numerical accuracy becomes more important.

In the Netflix dataset, TimesNet ranks first only when a =
0.0, whereas PatchTST ranks first from o =0.1 to o = 1.0. This
suggests that PatchTST is the most stable model once
magnitude accuracy is included in the evaluation.

In the Jena Climate dataset, XGBoost is preferred for a =
0.0, a = 0.1, and o = 0.2, whereas SARIMA becomes
preferable from a = 0.3 to a = 1.0. This shows that, in weather
forecasting, the preferred model also depends on whether
trajectory agreement or magnitude accuracy is emphasized.

Overall, the a-sensitivity analysis demonstrates that «
should not be treated as a fixed universal value. Instead, «
should be selected according to the forecasting objective. The
balanced value o = 0.5 provides a useful reference, but the full
o grid is necessary to understand the robustness of the model
ranking.

5.6 Statistical validation

Statistical validation is used to avoid overinterpreting small
differences in average HEM values. Bootstrap confidence
intervals provide uncertainty estimates for the mean HEM
score, while Wilcoxon signed-rank tests compare models
window by window.

The bootstrap confidence intervals in Figures 4, 5 and 6
show that the best and second-best models often have
overlapping uncertainty ranges. This is the case for XGBoost
and SARIMA in the energy dataset, PatchTST and SARIMA
in the Netflix dataset, and SARIMA and XGBoost in the Jena
Climate dataset. Therefore, even when one model has the best
average HEM, the difference must be interpreted cautiously if
the confidence intervals overlap.

Table 7. Best model across a ranges

Dataset a Range Best Model Interpretation
Energy 0.0-0.1 SARIMA Best when trajectory fidelity dominates
Energy 0.2-1.0 XGBoost Best when magnitude accuracy receives moderate/high importance
Netflix 0.0 TimesNet Best only in pure correlation-oriented setting
Netflix 0.1-1.0 PatchTST Most stable model once magnitude is included
Jena Climate 0.0-0.2 XGBoost Best when trajectory fidelity dominates
Jena Climate 0.3-1.0 SARIMA Best when magnitude accuracy receives moderate/high importance

Note: SARIMA = Seasonal Autoregressive Integrated Moving Average.

Table 8. Summary of Wilcoxon signed-rank tests for hybrid error metric (HEM) at o = 0.5

Dataset Main Comparison p-Value Interpretation
Energy XGBoost vs SARIMA 0.2286 Not significant
Energy XGBoost vs Prophet 0.0384 Significant
Netflix PatchTST vs SARIMA 0.6102 Not significant
Netflix PatchTST vs Prophet 0.0141 Significant
Jena Climate SARIMA vs XGBoost 0.7611 Not significant
Jena Climate SARIMA vs Prophet 0.0005 Significant

Note: SARIMA = Seasonal Autoregressive Integrated Moving Average.
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Figure 4. Bootstrap confidence intervals for mean hybrid error metric (HEM) at o = 0.5 (Energy)
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Table 8 shows that the Wilcoxon signed-rank tests confirm
this interpretation. On the energy dataset, XGBoost and
SARIMA are not significantly different at the 5% level. On the
Netflix dataset, PatchTST and SARIMA are also not
significantly different. On the Jena Climate dataset, SARIMA
and XGBoost are not significantly different. These results
show that HEM should be interpreted together with statistical
validation, especially when model scores are close.

5.7 Controlled perturbation analysis

The controlled perturbation experiments provide insight
into the behavior of HEM under known forecast distortions.
The perfect forecast obtains HEM = 0, confirming the lower-
bound property of the metric.

Additive bias and amplitude scaling preserve the shape of
the series and therefore maintain high correlation. However,
HEM remains positive because the NRMSE component
penalizes the magnitude distortion. This confirms that HEM

does not confuse shape preservation with full forecasting
accuracy.

Noise and outlier contamination lead to intermediate HEM
values. These perturbations preserve part of the temporal
structure but introduce local deviations. Smoothing also
increases HEM because it reduces local variability and
weakens the reproduction of peaks and troughs.

Temporal shifts are strongly penalized. A one-step shift
already increases HEM, while a larger shift produces a
stronger penalty. This demonstrates that HEM is sensitive to
temporal misalignment. Finally, the inverted trajectory
receives the strongest penalty because the correlation becomes
negative. These results confirm that HEM reacts coherently to
different types of forecast degradation.

Figures 7-9 show that HEM behaves coherently under
controlled distortions. It remains zero for a perfect forecast,
increases under amplitude bias and noise, strongly penalizes
temporal shifts, and reaches its highest values for inverted
trajectories.

Controlled perturbation behavior — Energy
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Figure 7. Controlled perturbation behavior of hybrid error metric (HEM) (Energy)
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6. CONCLUSION AND FUTURE WORK

This paper presented the HEM, an interpretable evaluation
metric for time series forecasting that combines normalized
magnitude error and temporal trajectory fidelity. HEM is
based on two complementary components: a normalized
RMSE term, which evaluates numerical accuracy, and a
correlation-based disagreement term, which evaluates whether
the forecast preserves the temporal evolution of the observed
series. The parameter o controls the relative importance
assigned to these two components.

The results show that HEM is useful when classical metrics
lead to different interpretations. In the household energy
dataset, SARIMA achieves stronger trajectory fidelity, while
XGBoost achieves lower normalized magnitude error. HEM
makes this distinction explicit: SARIMA is preferred when a
is low and the evaluation prioritizes the consumption profile,
whereas XGBoost is preferred when a increases and
magnitude accuracy receives more importance. This
demonstrates that o can be interpreted as a decision parameter
rather than as an arbitrary weight.

The multi-domain evaluation also shows that the preferred
forecasting model depends on the dataset. XGBoost obtains
the best balanced HEM score on the household energy dataset,
PatchTST performs best on the Netflix stock dataset, and
SARIMA obtains the best balanced HEM score on the Jena
Climate dataset. These results suggest that HEM does not
systematically favor a specific model family. Instead, it
provides a common framework for comparing statistical,
machine learning, and deep learning models under different
evaluation preferences.

The statistical validation provides a more cautious
interpretation of the results. Bootstrap confidence intervals
show that the best and second-best models often have
overlapping uncertainty ranges. Wilcoxon signed-rank tests
also indicate that some differences in average HEM are not
statistically significant, such as XGBoost versus SARIMA on
the energy dataset and SARIMA versus XGBoost on the Jena
Climate dataset. Therefore, HEM should be interpreted
together with uncertainty estimates and paired statistical tests,
especially when model scores are close.
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The controlled perturbation experiments further clarify the
behavior of HEM. The metric reaches zero for a perfect
forecast, increases under amplitude bias and noise, penalizes
temporal shifts, and assigns strong penalties to inverted
trajectories. These results support the theoretical interpretation
of HEM as a metric that reacts to both magnitude errors and
trajectory distortions.

Overall, HEM should be viewed as a decision-oriented
metric rather than a universal replacement for existing
forecasting metrics. Its main contribution is to make explicit
the trade-off between predicting the correct numerical values
and preserving the temporal trajectory of the series. This is
useful in applications where the preferred forecasting model
depends on the operational objective, such as profile-oriented
energy forecasting, quantity-oriented demand estimation,
financial trend analysis, or weather prediction.

Several limitations remain. First, HEM depends on the
selection of a, and this parameter should be interpreted
according to the application context. Although this study
reports a full a-sensitivity analysis, future work could
investigate automatic « calibration using explicit operational
cost functions. Second, HEM currently uses Pearson
correlation to measure trajectory fidelity. Other shape-aware
similarity measures, such as DTW or differentiable alignment-
based distances, could be explored in future extensions. Third,
the deep learning models used in this study were evaluated
under a lightweight configuration. Further tuning or larger-
scale experiments may improve their performance.

Future work may extend HEM to probabilistic forecasting,
multivariate forecasting, and anomaly-sensitive forecasting
tasks. Another direction is to evaluate HEM on additional
domains such as traffic, renewable energy generation,
industrial sensor data, and healthcare time series. These
extensions would help determine how the balance between
magnitude accuracy and trajectory fidelity should be adapted
to different operational settings.
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