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Abstract

The accurate forecasting of surface air temperature (T2M) is crucial for climate analysis, agri-
cultural planning, and energy management. This study proposes a novel forecasting frame-
work grounded in structured temporal decomposition. Using the Kolmogorov—Zurbenko
(KZ) filter, all predictor variables are decomposed into three physically interpretable com-
ponents: long-term, seasonal, and short-term variations, forming an expanded multi-scale
feature space. A central innovation of this framework lies in training a single unified model
on the decomposed feature set to predict the original target variable, thereby enabling the
direct learning of scale-specific driver-response relationships. We present the first compre-
hensive benchmarking of this architecture, demonstrating that it consistently enhances the
performance of both regularized linear models (Ridge and Lasso) and tree-based ensemble
methods (Random Forest and XGBoost). Under rigorous walk-forward validation, the
framework substantially outperforms conventional, non-decomposed approaches—for
example, XGBoost improves the coefficient of determination (R?) from 0.80 to 0.91. Fur-
thermore, temporal decomposition enhances interpretability by enabling Ridge and Lasso
models to achieve performance levels comparable to complex ensembles. Despite these
promising results, we acknowledge several limitations: the analysis is restricted to a single
geographic location and time span, and short-term components remain challenging to
predict due to their stochastic nature and the weaker relevance of predictors. Additionally,
the framework’s effectiveness may depend on the optimal selection of KZ parameters and
the availability of sufficiently long historical datasets for stable walk-forward validation.
Future research could extend this approach to multiple geographic regions, longer time
series, adaptive KZ tuning, and specialized short-term modeling strategies. Overall, the
proposed framework demonstrates that temporal decomposition of predictors offers a
powerful inductive bias, establishing a robust and interpretable paradigm for surface air
temperature forecasting.

Keywords: time series forecasting; Kolmogorov-Zurbenko filter; multi-scale decomposition;
Ridge regression; Lasso regression; Random Forest; XGBoost; environmental data
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1. Introduction

The accurate modeling of surface air temperature (T2M) is essential for climate analy-
sis, water resource planning, and the development of reliable early warning systems. As
a fundamental state variable of the climate system, T2M reflects the combined influence
of multiple physical processes operating across diverse temporal scales. Its variability is
driven by long-term forcings (e.g., trends in greenhouse gases), intense seasonal cycles
(e.g., solar insolation), and short-term fluctuations (e.g., synoptic weather systems and
diurnal variations). This multiscale nature makes T2M an essential yet challenging tar-
get for predictive modeling. When forecasting is conducted directly on the composite
signal, statistical and machine learning models often struggle, as a single model must
simultaneously capture distinct temporal dynamics governed by different physical drivers.

Time series decomposition—where a complex signal is separated into interpretable
temporal components—provides an effective strategy for addressing this challenge. The
Kolmogorov-Zurbenko (KZ) filter, a widely adopted iterative moving average technique,
has demonstrated strong capability in isolating long-term, seasonal, and short-term varia-
tions. While the KZ filter has been extensively utilized in air quality and meteorological anal-
yses, its systematic integration into a forecasting architecture has not been fully explored.

Existing studies have reported that decomposition-based forecasting can enhance
predictive accuracy [1-3]. However, three key gaps remain concerning T2M prediction.
First, the effectiveness of regularized linear models (e.g., Ridge and Lasso regression) within
a decomposition-based framework has not been thoroughly evaluated, despite their known
advantage in mitigating multicollinearity among decomposed components. Second, there
is a lack of comprehensive benchmarking of both classical regularized models and modern
ensemble-based methods within a unified KZ-driven architecture. Third, forecasting
frameworks for T2M rarely incorporate robust temporal validation techniques, such as
walk-forward evaluation, which are essential for demonstrating real-world applicability.

To address these gaps, we propose a forecasting framework based on structured
temporal decomposition. In the first stage of analysis, separate models are individually
trained for each temporal component (long-term, seasonal, and short-term) to evaluate
their intrinsic predictability and investigate model behavior across different scales. In the
second stage, an additive unified model is constructed, where the decomposed components
of all predictors are aggregated into an expanded multi-scale feature space to forecast the
original T2M signal directly. A consistent set of modeling algorithms, including Linear
Regression, Ridge, Lasso, Random Forest, and XGBoost, are implemented across both
stages, enabling a systematic comparison between component-wise and additive modeling
strategies. Recent advances in artificial intelligence (AI) have demonstrated that machine
learning regression techniques, such as Random Forest and XGBoost, are capable of captur-
ing complex, nonlinear dependencies and enhancing the generalizability of environmental
forecasts. Embedding such Al-driven models within a structured temporal decomposition
framework strengthens both predictive accuracy and interpretability by combining physi-
cally meaningful scaling with data-driven learning. This aligns with the emerging literature
emphasizing the increasing role of Al in advancing forecasting methodologies [4,5]. Model
performance is assessed using a rigorous walk-forward validation scheme, ensuring a
realistic temporal evaluation. The results confirm that temporal decomposition of pre-
dictors provides a strong inductive bias, establishing a new paradigm for accurate and
interpretable predictive modeling.

This study is organized as follows. Section 2 provides a comprehensive review of
related work, including applications of the KZ filter in temperature and climate studies
(Section 2.1) and Al-based approaches to temperature forecasting (Section 2.2). Section 3
presents the methodological framework, beginning with data collection and integration
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(Section 3.1), followed by the KZ filter methodology (Section 3.2), and an analysis of
multicollinearity within the decomposed feature space (Section 3.3). As a baseline com-
parison, Section 4.1 applies standard forecasting models to non-decomposed data. The
decomposition-based analyses are then addressed separately in Section 4.2 (long-term
trends), Section 4.3 (seasonal patterns), and Section 4.4 (short-term fluctuations). Section 4.5
synthesizes these findings through additive unified modeling, demonstrating the enhanced
predictive capability of the decomposition framework. Section 5 presents diagnostic eval-
uations and forecasting analysis, with detailed assessments of Model 2 (raw data) in
Section 5.1 and Model 6 (decomposed data) in Section 5.2. Finally, Section 6 provides the
Discussion and Conclusion, highlighting broader implications for climate research and
environmental forecasting.

2. Literature Review
2.1. KZ Filter in Temperature and Climate Studies

Kolmogorov-Zurbenko (KZ) filters have been widely applied to temperature data
analysis, emphasizing temporal decomposition and spatiotemporal pattern recognition
rather than prediction. Iterative KZ filters have been shown to isolate different temporal
components in daily temperature series [6]. KZ spline filters were used to identify multi-
year climate fluctuations, including 2-5 year El Nifio-like patterns and long-term trends [7],
and later extended to decompose global temperature records (1893-2008) into seasonal,
interannual, and long-term trends, accounting for spatial variations [8]. More recently, KZ
filters were advanced for multidimensional spatiotemporal analysis across Europe [9].

KZ decomposition has also proven valuable when integrated with machine learning
approaches for temperature-related applications. For example, the minimum redundancy—
maximum relevance (nRMR) method was used to select features after separating the
baseline and short-term components of Shanghai’s ozone data, highlighting the role of
temperature as a key predictor of ozone levels. The chosen parameters were modeled using
support vector regression (SVR) and long short-term memory (LSTM) neural networks,
achieving R? values ranging from 0.83 to 0.86 across several stations [1]. Pre-processing
temperature time series with signal decomposition techniques such as KZ filtering fre-
quently improves predictive performance, particularly when combined with tree-based
or deep learning models. KZ filtering has also been integrated with machine learning
models to study ozone pollution in China, where temperature was identified as a dominant
meteorological driver, illustrating the method’s utility in capturing temperature influences
in complex environmental datasets [10,11].

In contrast to the direct modeling of the original series, KZ decomposition has been
applied in studies that include temperature as a predictor, thereby improving water dis-
charge forecasting by modeling each component separately and producing more accurate
and interpretable predictions [12].

While KZ filters are highly effective for decomposing and analyzing temperature
patterns, their use in predictive temperature modeling remains less explored. Machine
learning-enhanced approaches offer promising opportunities to leverage these filtered
components for forecasting.

2.2. Temperature Forecasting with Al and Hybrid Models

Recent advances in temperature forecasting have increasingly leveraged deep learning
and hybrid architectures to enhance prediction accuracy and effectively capture complex
temporal dependencies. Transformer-based models combined with recurrent networks
such as LSTM, as well as statistical methods like SARIMAX, have been shown to out-
perform conventional LSTM approaches [13]. Architectures such as TemproNet employ
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self-attention mechanisms to model long-range dependencies in temperature series, im-
proving both short- and long-term forecasting performance [14].

Hybrid approaches integrating ARIMA, LSTM, XGBoost, and linear regression
through stacking techniques have demonstrated improved robustness in industrial and
environmental applications, including transformer oil and sea surface temperature pre-
diction [15,16]. Attention-based frameworks further enhance performance by learning
nonlinear temporal and spatial interactions [17,18]. Similarly, dedicated deep learning
architectures have proven effective for long-term temperature prediction in atmospheric
and oceanic contexts [14,19].

Further evidence supports the superiority of deep learning in complex forecasting
environments. Combined LSTM-Transformer architectures have been successfully ap-
plied to weather temperature forecasting, exploiting LSTM for temporal sequencing and
Transformer attention for feature relevance weighting [20]. Comparative studies confirm
that deep learning generally outperforms conventional approaches in highly dynamic
forecasting scenarios [21]. Specialized models have also been developed for transformer
top oil temperature [22] and indoor temperature forecasting [23]. Broader reviews highlight
the expanding role of Al-based forecasting techniques in climate change mitigation and
adaptation strategies [24]. In addition, RF-LSTM hybrids have shown strong generalization
capabilities across diverse temperature-related datasets [25].

Several review studies have systematically categorized Al-based temperature predic-
tion methods [26]. Empirical benchmarks demonstrate the effectiveness of hybrid statistical
and deep learning models, such as in daily temperature forecasting for Nairobi County [27],
as well as in broader cross-method comparative analyses [28]. Transformer-based hybrid
architectures continue to show strong promise for climate data forecasting, especially where
long-range dependencies are critical [29]. In marine studies, LSTM-Transformer models
have achieved significant improvements in ocean temperature prediction [30]. The latest
advancements include multimodal transformer architectures such as MTTF, which integrate
heterogeneous data sources to provide comprehensive forecasting capabilities [18].

3. Materials and Methods

This section outlines the comprehensive methodological framework employed in this
study, detailing the data sources, decomposition techniques, and analytical approaches
used to evaluate multi-scale temperature forecasting.

3.1. Study Data

The analysis in this study is based on data collected from a single geographic location
over a fixed time span. While this dataset provides sufficient temporal coverage for training
and validating the forecasting models, it may limit the generalizability of the findings to
other regions or time periods. To enhance robustness and assess broader applicability,
future research could extend the proposed framework to datasets encompassing multiple
geographic locations and longer time horizons. Daily data were sourced from two primary
repositories: NASA’s Prediction of Worldwide Energy Resources (POWER) and the United
States Geological Survey (USGS), covering the period from 1 January 2009 to 31 December
2020. The meteorological variables extracted from NASA /POWER include soil moisture,
wind speed, relative humidity, air temperature, precipitation, and solar radiation. A
complete list of variables, along with their descriptions and units, is presented in Table 1.
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Table 1. Meteorological and environmental variables used in this study.

Variable (Abbreviation) NASA/Source Name Description Unit
CERES SYNldeg All Sky Incoming solar radiation at the
ALLSKY SFC SW DWN Surface Shortwave Downward & o W/m?
. surface under all-sky conditions
Irradiance
GWETROOT MERRA-2 Root Zone Soil Soil mo1sture. content in the Fraction (0-1)
Wetness top 1 m of soil
WSOM NASA /POWER Wind Speed at Horizontal wind speed at 2 m m/s
2 Meters above ground
NASA /POWER Relative . .1 . o
RH2M Humidity at 2 Meters Relative humidity at 2 m height %
NASA /POWER Temperature at ~ Air temperature at 2 m above o
2M C
2 Meters surface
Hydrological data were obtained from the USGS, including daily streamflow at the
Des Moines River gauge near Keosauqua (log-transformed) and groundwater levels from a
monitoring well in Jefferson County, as summarized in Table 2. The NASA/POWER grid
point and the USGS streamflow gauge are located within 400 m of each other, whereas
the groundwater well is approximately 24 km away. Given the relatively homogeneous
regional climate, these datasets can be used jointly for regional analyses. The relative
locations of the data sources are illustrated in Figure 1.
Table 2. Hydrological variables obtained from USGS.
Variable (Abbreviation) USGS Source Description Unit
Des Moines River gauge near Daily streamflow at the river gauge, 3
Logflow Keosauqua (Site No. 05490500) log-transformed m*/s (log)
Monitoring well in Jefferson County = Daily groundwater level in the
Groundwater Level (Site No. 405451091483301) monitoring well m

Geographic Locations of Data Sources

Distances from NASA/POWER:
* Streamflow: 0.4 km USG5 Groundwater
+ Groundwater: 24.1 km N (a05451001483301)
v
40.90
40.85
-
L]
b
=
=
=}
8 080
40.75
hUSGS Streamflow
5490500
@ o ! 10 km
40.70

—91‘.975 —91‘.95& —91?925 —91?900 —91?375 —91?350 —91?325 —QITBOG
Longitude (°)
Figure 1. Geographic locations of the data sources used in the study: NASA/POWER grid point,
USGS streamflow gauge at Keosauqua (Site 05490500), and USGS groundwater well in Jefferson
County (Site 405451091483301).
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3.2. The Kolmogorov—Zurbenko (KZ) Filter

The Kolmogorov-Zurbenko (KZ) filter is a smoothing technique used to decompose
time series data into distinct components. It separates short-term noise from longer-term
patterns, highlighting underlying trends by repeatedly applying a simple moving average.
The filter is defined by two main parameters: the window size, m, which determines the
number of neighboring points included in the average, and the number of iterations, k,
which specifies how many times the averaging is applied. By adjusting these parameters,
one can reduce the influence of short-term fluctuations while isolating specific components
of interest, such as seasonal cycles or long-term trends. This capability is instrumental in
environmental time series, where multiple sources of variation often overlap, making it
crucial for accurate analysis.

Formally, a time series X; is smoothed by applying a moving average of width m for
k iterations:

KZ(X¢, m, k) = MA,(MA, (... MA,(X¢)...))

k times

where MA,, denotes the moving average operator with window size m. Figure 2 shows
the decomposition of the T2M time series using the KZ filter with a window size of
m = 365 and k = 3 iterations. The choice of m captures the full annual cycle in daily data,
while k = 3 provides sufficient smoothing without overfitting short-term fluctuations. This
configuration removes seasonal cycles and transient variations, facilitating the identification
of key long-term temperature patterns.

In Figure 2, the top-left plot shows the long-term trend, which smooths short-term
fluctuations to highlight slow climatic changes. The top-right plot displays the seasonal
component, representing the recurring annual cycle, with regular summer and winter peaks
and troughs. The bottom-left plot illustrates the short-term component, capturing high-
frequency variations and noise, likely due to weather disturbances or local variability. Fi-
nally, the bottom-right plot presents the original T2M time series, where long-term patterns
are more complex to discern due to the combination of seasonal and short-term variations.

By separating the time series into these components, the KZ filter provides a clearer
understanding of temperature dynamics across multiple time scales.

Long-term Component Seasonal Component

Temperature (3C)
Temperature (°C)

0 1000 2000 3000 2000 0 1000 2000 3000 2000
Time Time

Short-term Component Original T2M

Temperature (°C)
Temperature (°C)

0 1000 2000 3000 4000 0 1000 2000 3000 4000
Time Time

Figure 2. KZ decomposition of the T2M time series using parameters m = 365 and k = 3, separating
the data into long-term, seasonal, and short-term components.
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Through the application of this filter, time series data undergoes decomposition
as follows:
Y; = LO¢ + SE¢ + SH;. (1)

In this context, Y; denotes the raw (original) time series, LO; denotes the long-term compo-
nent, SE; denotes the seasonal-term component, and SH; denotes the short-term component.

3.3. Multicollinearity in Decomposed Feature Spaces

While temporal decomposition enhances feature representation by isolating scale-
specific patterns, it can introduce multicollinearity. Decomposing multiple predictor vari-
ables using the same filter parameters generates components (long-term, seasonal, and
short-term) that often exhibit strong correlations within each timescale. For example, the
long-term components of different climate variables may share trends driven by overarch-
ing climate modes, while seasonal components reflect synchronized annual cycles.

This issue has been observed in other decomposition-based forecasting frameworks.
For instance, multivariate variational mode decomposition (MVMD) applied to river water
level forecasting revealed that intrinsic mode functions (IMFs) from different hydrological
variables exhibit substantial collinearity, requiring additional feature selection to reduce
redundancy [31]. Similarly, studies addressing the “curse of dimensionality and multi-
collinearity” in decomposition-based models have employed specialized regularization
techniques to stabilize predictions [32]. Across hybrid models combining signal decom-
position with machine learning, correlated components can destabilize linear models and
complicate interpretability [33].

In our framework, although the KZ filter effectively isolates physically meaningful
components, the resulting feature space still contains inherent correlations. This explains
why Ridge and Lasso regression—with their built-in collinearity mitigation—performed
exceptionally well in the decomposed feature space, often rivaling more complex
tree-based ensembles.

Table 3 summarizes the most significant correlations among the meteorological and
hydrological variables. Several strong relationships are evident, particularly between
precipitation (PRECTOTCORR) and soil moisture (GWETROQOT) in the long-term compo-
nent (r = 0.95), reflecting their close hydrological coupling. Relative humidity (RH2M)
also shows high positive correlations with both soil moisture (r = 0.94) and precipitation
(r = 0.92), indicating consistent moisture interactions within the system. Temperature
(T2M) exhibits strong positive correlations with solar radiation across both seasonal and
long-term components, while its negative correlation with wind speed (r = —0.86) re-
flects typical thermodynamic dynamics. Notably, groundwater levels are inversely cor-
related with soil moisture (r = —0.83), highlighting the subsurface recharge-discharge
relationships. Overall, these high correlations underscore the interconnected nature of
surface—atmosphere processes in the study region.

Table 3. High correlation pairs shown in the heatmap.

No. Variable1 Variable 2 Correlation (r)
1 PRECTOTCORR _long_term GWETROOT_long_term 0.95
2 RH2M_long_term GWETROOT _long_term 0.94
3  RH2M_long_term PRECTOTCORR_long_term 0.92
4 T2M_seasonal ALLSKY_SFC_SW_DWN_seasonal 0.91
5 T2M_seasonal WS2M_seasonal —0.86
6  Groundwater_long_term GWETROOT _long_term —0.83
7 T2M_long_term ALLSKY_SFC_SW_DWN_long_term 0.74
8  RH2ML_long_term Logflow_long_term 0.71
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Figure 3 visually represents these relationships through a correlation heatmap, where
darker shades indicate stronger positive or negative associations among the variables.

High Correlations Between Climate and Hydrological Variables
(i >0.7)

ALLSKY_SFC_SW_DWN_long_term 074

1.00
ALLSKY_SFC_SW_DWN_seasonal H
075
GWETROOT long_term —0.83 Eﬂ
Grounwater_long_term H
—025
PRECTOTCORR long_term E E
=000
BB
T2M _long_term  [ECKZS

- -050
T2M_seasonal H —0.86
-0.75
Ws2M_seasonal E

-1.00

—-0.50

RH2M_long_term

1
L
)
N
&
Correlation Coefficient

ogflow_long_term 071

& & ¢
& f ,\\"‘% \\D“W Q@“ﬁ \\n“b' & Ed
&7 VAR N oF
ERC - M A A
@ Y & & <O & &
3 s ¢ & O
L7 g7 & &
& < &
£ F ¢
N ‘gt’
©

Figure 3. High correlations between climate and hydrological variables.

4. Results

This section presents a comprehensive analysis of model performance across different
temporal scales, starting with the raw data as a baseline and progressing to component-
specific and integrated modeling approaches.

4.1. Analysis of Raw Data

All variables were standardized to have a mean of zero and a standard deviation
of one, ensuring comparability across different scales. We first applied a multiple linear
regression model, allowing the influence of each independent variable on the dependent
variable to be quantified through the regression coefficients, as shown in Equation (2).

Yy = B1Xur + BoXop + ..+ B Xyt + €1, )

This interpretable and straightforward framework allows for the assessment of each pre-
dictor’s contribution; however, it may be too restrictive for complex real-world data. To
address this, we extend the analysis using advanced methods. Ridge and Lasso regres-
sion enhance linear models by mitigating multicollinearity and selecting the most critical
variables. Random Forest captures nonlinear relationships and interactions through an
ensemble of decision trees. At the same time, XGBoost builds sequential trees to reduce
errors and uncover subtle patterns, making it particularly effective for modeling the behav-
ior of raw data. Model performance was evaluated using walk-forward validation, which
trains on past observations and tests on future data to simulate real-world forecasting. The
results (Figure 4) indicate that Random Forest and XGBoost outperform the linear models,
achieving lower errors and higher predictive accuracy.
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Walk-Forward Validation Results for Raw Data

0.80

Metric Value
= e S 2 e e
] & in @ p} @

S
¥}

e
-

oo

Linear Regression Ridge Lasso Random Forest XGBoost

Figure 4. Walk-forward validation results for raw data.

Moreover, as shown in Figure 5, solar radiation (ALLSKY_SFC_SW_DWN) consis-
tently emerged as the most influential predictor across all models, while GWETROOT
exhibited the most substantial adverse effect. Precipitation (PRECTOTCORR) and soil
moisture gained higher importance in XGBoost, suggesting potential nonlinear effects,
whereas WS2M consistently had minimal influence.

Dominant Positive

ug/ = |inear/Ridge/Lasso
= Random Forest Models
s ¥GBoost

0.6

0.4

02 018 Minimal Impact

0.00 0.00

0.05 006 0.05

0.0

Coefficient / Importance

Features

Figure 5. Feature (Predictor) importance across models, highlighting solar radiation as dominant,
GWETROOT as most negative, and the minimal impact of WS2M.

Figure 6 compares the actual time series with predictions from five models: Linear,
Ridge, Lasso, Random Forest, and XGBoost. The linear, Ridge, and Lasso models each
achieved a correlation coefficient of 0.78, capturing the general pattern but struggling to
capture finer fluctuations. In contrast, Random Forest and XGBoost performed better,
each reaching a correlation of nearly 0.90, closely following the actual values, particularly
around peaks and troughs. These results suggest that ensemble methods are better suited
for capturing complex or highly variable patterns in the data.
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Model Performance: Actual vs Predicted Values
Predicted-linear Predicted-Ridge Predicted-lasso
R = 0,600 R —0.610

MAE = 0.490 MAE = 0.490 2
p=0781

Emperature (°C)
Emperature (°C)
Emperature (°C)

3 so 1000 1500 2000 ) so 1000 1500 2000 [ 00 1000 1500 2000
Time Index. Time Index Time Index
Predicted-RF Predicted-XGBoost
2
R? =0803 2
MAE = 0.330

“uss
HE ¥
oM !
\ 4 a [I‘_I i
_ 0 | FEe _
e J | oo
TR
3 -1 : LA
E " E
& 'f &
. | .
-3 |[— Actual -3
Pedicted
0 500 1000 1500 2000 0 500 1000 1500 2000

Time Index Time Index

Figure 6. Time series of actual values versus model predictions with Pearson correlation coefficients
(p) for the raw data.

4.2. Long-Term Component Analysis

This section focuses on the long-term component of the target variable, ana-
lyzed using regression and ensemble models to capture underlying trends over time.
Equation (3) presents the mathematical formulation of the linear regression model for the
long-term component.

Jros = Broixrois + Pro2Xrozs + -+ + BrorXLort- 3)

The long-term equation above uses the same notation as the raw data equation, with terms
applied exclusively to the long-term component.

As can be seen in Figure 7, Tree-based models (RF, XGBoost) outperformed linear ones,
achieving the lowest errors and highest R? (0.91).

‘Walk-Forward Validation Results for Long-Term Component

- 091 091

Metric Value

Linear Ridge Lasso Random Forest XGBoost

Figure 7. Walk-forward validation results for long-term data.

Figure 8 shows ALLSKY_SFC_SW_DWN and GWETROQOT as the strongest long-term
drivers, while PRECTOTCORR and RH2M exert negative effects; tree-based models reduce
coefficient magnitudes but confirm solar radiation as dominant and highlight RH2M’s
nonlinear role.
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Figure 8. Bar chart of long-term feature contributions across models, indicating ALL-
SKY_SFC_SW_DWN and GWETROOT as the strongest positive drivers, while PRECTOTCORR
and RH2M show negative effects.

Figure 9 compares the actual long-term values with predictions from five models.
Random Forest and XGBoost provide the closest match to the observed data, each achieving
a correlation of 0.96, with their curves closely aligned across the time range. Linear
and Ridge models also track the overall pattern well, each reaching a correlation of 0.94.
Lasso performs slightly worse, with more noticeable deviations around turning points, at
0.93. Nevertheless, all models capture the main shape of the data, indicating reasonable

predictive performance.

Model Performance: Actual vs Predicted Values

Predicted_Linear Predicted_Ridge Predicted_Lasso
20 20 A -oem2
MAE = 0250 20
RMSE = 0.320
p=0930
15 15
15
10
10 10
F F y
3 05 s 0 2 o
E E E
00 oo 00
05 05 s
10 — ctual 10 [— ctual ) \ [ petual
Predicted Predicted ~ = Predicted
3 5o 1000 1500 2000 o 50 1000 1500 2000 [ 50 1500 2000
Time Index Time Index Time Index
Predicted RF Predicted_XGhoost
20 R =0mr ; 20
MEE = 0.002 /
RMSE = 0,230 /
963 /
15 ~ 15
AN /
/ \ /
10 / ! 10
/ /
/ /
3 / / 3
3 05 / { 3 0
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Time Index Time Index

Figure 9. Time series of actual values versus model predictions with Pearson correlation coefficients

(p) for the long-term.
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4.3. Seasonal-Term Component Analysis

This section focuses on evaluating model performance in capturing the seasonal
variation of the target variable. Equation (4) presents the mathematical formulation of the
linear regression model for the seasonal component.

Uset = Bse1Xse1t + PseaXseas + + -+ + BSEsXSEs b 4)

The seasonal-term equation uses the same notation as the raw data equation, with all terms
applied specifically to the seasonal component.

Figure 10 presents walk-forward cross-validation results for T2M_seasonal_term.
Linear and Ridge models perform similarly (MAE = 0.14, RMSE = 0.19, R? ~ 0.97), while
Lasso performs slightly worse. Random Forest and XGBoost achieve the lowest errors and
R? = 0.99, closely tracking the observed seasonal patterns.

‘Walk-Forward Validation Results for Seasonal Data
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Figure 10. Walk-forward validation results for seasonal data.

As shown in Figure 11, in the linear models, ALLSKY_SFC_SW_DWN_seasonal
exhibits the most potent positive effect, WS2M_seasonal is moderately negative, and
other predictors have a minor influence. In Random Forest and XGBoost, ALL-
SKY_SFC_SW_DWN_seasonal remains the most important predictor, WS2M_seasonal
becomes positive, and the remaining variables contribute little, indicating that seasonal
variation is primarily driven by solar radiation and wind speed.
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Figure 11. Walk-forward cross-validation results for T2M_seasonal_term.
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Figure 12 compares the actual seasonal values with predictions from five models.
The linear models (Linear, Ridge, Lasso) show strong alignment with the observed data
(o ~ 0.98), whereas Random Forest and XGBoost achieve nearly perfect fits (0 = 1.00).
The combined plot confirms that the tree-based models track the seasonal pattern most
accurately, while the linear models still perform well, exhibiting only slight deviations.

Seasonal Analysis: Model Performance vs Actual Values
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Figure 12. Time series of actual values versus model predictions with Pearson correlation coefficients

(o) for seasonal variations.

4.4. Short-Term Component Analysis

Given the relatively weaker performance of conventional models on short-term com-
ponents, this section is divided into two parts: the first applies the same models used for
the long-term and seasonal components, while the second explores alternative modeling
strategies aimed at improving predictive accuracy.

4.4.1. Baseline Modeling Using Regression and ML

In this subsection, we apply the same set of standard regression and machine learning
models previously used for the long-term and seasonal components to the short-term data,
establishing a baseline for comparison. Equation (5) presents the mathematical formulation
of the linear regression model for the short-term component.

UsHt = BsH1XsH1,t + BsH2XsH2¢ + « +* + BsHIXSHI - 5)

The short-term equation above uses the same notation as the raw data equation, with terms
applied exclusively to the short-term component.

Figure 13 shows that all models performed similarly on the short-term component.
The linear models exhibited identical MAE (0.69) and R? (0.21), with Lasso showing a
slightly higher RMSE. Random Forest achieved the best performance, with the lowest
errors and highest R? (0.23), while XGBoost performed the worst, with the highest errors
and lowest R? (0.19). Overall, Random Forest provided only a modest improvement over
the linear models.
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Figure 13. Walk-forward validation results for short-term data.

Linear models generally assign positive coefficients to most predictors (Figure 14), with
RH2M_short_term exhibiting the strongest effect (=0.50). In contrast, tree-based models
assign lower importance to this variable while highlighting nonlinear roles for Groundwater
and GWETROOT, which have negative linear coefficients but positive importance in
Random Forest and XGBoost. Overall, most predictors contribute modestly and consistently
across models, with notable differences in how linear and tree-based methods capture

their effects.
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Figure 14. Walk-forward cross-validation results for T2M short-term.

Figure 15 illustrates how the models capture the short-term component of the data.
The linear models (Linear, Ridge, and Lasso) exhibit similar performance, each achieving a
correlation of approximately 0.46 with the actual values, indicating only a modest ability
to explain short-term fluctuations. Random Forest shows a slightly higher correlation of
0.48, but the improvement is minimal, while XGBoost performs similarly to the linear
models. Overall, the combined plot demonstrates that none of the models fully capture
the irregular short-term variations, as all predictions remain close to the mean relative to
the more volatile actual series. These results suggest that short-term dynamics are more
challenging to model with these methods and may require more advanced approaches or
additional features.
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Short-Term Analysis: Model Performance vs Actual Values
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Figure 15. Time series of actual values versus model predictions for the short term.

4.4.2. Modeling Using Specialized Techniques

To improve upon the baseline results, this subsection explores a range of specialized
modeling techniques designed to better capture the dynamics of short-term components,
with the goal of enhancing predictive accuracy.

The short-term component captures high-frequency, irregular fluctuations, which
are more volatile and less predictable than trend or seasonal patterns [34-36]. Figure 16
shows that the Univariate LSTM and AutoReg models performed best (R? = 0.43), with
low errors, effectively capturing short-term dependencies. Moderate performance was
observed for the Ensemble Voting Regressor and Exponential Smoothing (R? = 0.26),
while SVR and PLS Regression exhibited limited predictive power. Harmonic Regression
performed poorly (R?> = 0.15), and the Multivariate LSTM underperformed (R?> = —0.01),
suggesting overfitting or difficulty in handling multivariate inputs. Default Python 3.10
(64 bit) settings were used for consistency, although further hyperparameter tuning could
improve performance. These results indicate that the external explanatory variables in the
multivariate models may have limited relevance for short-term fluctuations, which appear
to be better captured through temporal dependencies within the target variable itself.

Performance Comparison of Madels on Short-Term T2M Prediction
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Figure 16. Performance evaluation of specialized models for short-term data.

4.5. Additive Model Analysis

In this section, we present an additive framework for representing the surface air
temperature series by integrating its short-term variations, seasonal pattern, and long-term
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trend. Equation (6) provides the mathematical formulation for linear regression; a similar
approach can be applied to Ridge and Lasso regression, with their respective regularization
constraints taken into account. Unlike Ridge and Lasso, which extend linear regression
through explicit regularization terms, Random Forest and XGBoost do not rely on a single
analytical equation. Instead, they generate predictions through ensembles of decision trees,
governed by algorithmic rules and hyperparameter settings.

Y: = Bro1Xro1t + Bro2Xrozs + -+ - + BrorXiort
+ Bse1Xse1t + BseaXseas + + -+ + Bses XsEs
+ Bsu1XsH1,t + BsH2Xshot + -+ - + BsHi XsHi e + €t (6)

Here, Y; represents the raw dependent variable; (X o1, ..., Xor) are the long-term compo-
nent variables with corresponding coefficients (B101, - .-, Bror); (XsE1, - .., Xsgs) represent
the seasonal-term component with coefficients (Bsg1, - .., Bses); and (Xsyy, - - ., Xspy) rep-
resent the short-term component variables with coefficients (Bsya, - - ., Bshi). The term ¢;
denotes the error at time ¢.

Tree-based ensembles clearly outperform linear methods. XGBoost shows the best
performance (MAE = 0.22, RMSE = 0.29, R? = 0.91), closely followed by Random Forest
(MAE = 0.23, RMSE = 0.30, R? = 0.91) (Figure 17), highlighting the effectiveness of ensem-
ble models in capturing complex nonlinear relationships. Among linear models, Ridge
Regression performs best, slightly outperforming Lasso and matching the accuracy of
Linear Regression, while Random Forest and XGBoost achieve the highest overall accuracy.
In summary, tree-based ensembles excel at modeling complex, nonlinear dependencies,
whereas Ridge offers a more straightforward and more interpretable alternative.

Walk-Forward Validation Results for Additive Model
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Figure 17. Walk-forward validation results for additive model.

The feature importance analysis (Figure 18) provides key insights into how different
predictors contribute to model performance across temporal scales, physical categories,
and learning algorithms. At the individual-feature level (top-left panel), solar radiation-
related variables, particularly the seasonal component of ALLSKY_SFCS_DWN, consis-
tently emerge as the most influential across all models. This dominance reflects the primary
role of radiative forcing in driving temperature variability, especially at seasonal frequen-
cies. Wind speed and groundwater-related predictors also show moderate contributions,
whereas short-term flow-related variables display relatively minor influence.
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Figure 18. Walk-forward cross-validation results for additive model.

When aggregated by physical category (top-right panel), solar radiation exhibits the
highest mean importance, followed by wind speed and groundwater indices, reaffirming
their strong explanatory power in the additive framework. Precipitation and humidity
yield lower contributions, suggesting that their effects on temperature may be more indirect
or scale-dependent.

The bottom-left panel compares overall feature importance across model families.
Ridge and Linear Regression demonstrate the highest average importance, indicating a
strong reliance on key predictors and suggesting that regularization enhances the interpre-
tive stability of linear models. Tree-based models (Random Forest and XGBoost), while
effective in performance, distribute importance more diffusely due to their ability to model
interactions and nonlinearities.

Finally, the time-scale analysis (bottom-right panel) reveals that seasonal components
contribute substantially more than long-term and short-term features, highlighting the
comparatively high predictability and signal strength at seasonal scales. Long-term predic-
tors retain a moderate influence, likely reflecting broad climatic trends, whereas short-term
components show the lowest importance, consistent with their lower predictability and
higher stochasticity observed in model evaluation.

Overall, these findings validate the decomposition-based approach by demonstrat-
ing that model learning is strongly weighted toward physically interpretable seasonal
drivers and that regularized linear models effectively capture dominant relationships while
retaining parsimony.

Figure 19 summarizes the numerical results, illustrating how each component con-
tributes to the model’s output across different methods. In the top row, the three linear
models—Linear Regression, Ridge, and Lasso—exhibit very similar behaviors, each achiev-
ing a correlation coefficient of 0.93 with the observed values. All three models capture
the overall wave-like pattern of the data well, but tend to miss sharper turning points,
particularly during steep rises and drops, where predictions either lag slightly or fail to
reach the full peaks and troughs of the actual series.
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Model Performance: Actual vs Predicted Values
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Figure 19. Time series of actual values versus model predictions for additive models.

In the lower row, Random Forest and XGBoost provide a noticeably closer fit to the
observed data, with correlation coefficients of 0.95 and 0.96, respectively. Their prediction
lines nearly overlap the actual series throughout the entire period. XGBoost, in particular,
captures the full amplitude and direction of variation, even at the extremes, demonstrating
a superior ability to learn the underlying structure, especially in regions where the signal
exhibits rapid shifts or nonlinear changes.

5. Residuals and Prediction Analysis

This section provides a comprehensive diagnostic evaluation of model residuals for
all methods, along with an analysis of prediction uncertainty specifically for linear models.
Detailed assessments are presented for Models 2 and 6. A comprehensive residual analysis
and prediction interval analysis were performed to evaluate key statistical assumptions
and to quantify and compare the predictive uncertainty for Models 2 and 6. Graphical di-
agnostics illustrate the residual patterns using a linear regression model as a representative
case. The results for the residual and prediction interval analyses of Model 2 are presented
in Tables 4 and 5. The same analyses were performed for Model 6, and the corresponding
results are shown in Tables 6 and 7.

While this study provides comprehensive uncertainty quantification for linear models,
the computational demands of our walk-forward validation scheme made extensive un-
certainty analysis for machine learning models prohibitive. Methods such as conformal
prediction or Bayesian deep learning would require substantial additional computation
time. Future work could focus on developing efficient uncertainty quantification methods
designed explicitly for component-wise forecasting frameworks with complex machine
learning models.

5.1. Residual Diagnostics and Prediction Analysis for Model 2 (Raw Data)

This subsection presents the residual analysis and confidence interval evaluation for
Model 2, assessing both statistical assumptions and prediction uncertainty calibration.

5.1.1. Residual Diagnostics for Model 2

The residual diagnostics presented in Figure 20a—d provide insights into the adequacy
of the linear regression model. Panel (a) shows the residuals versus fitted values, where
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the residuals are centered around zero, indicating that the model is generally unbiased.
However, the uneven spread of points suggests the presence of heteroscedasticity, implying
non-constant variance across fitted values. Panel (b) displays the histogram of residuals,
which approximately follows a bell-shaped distribution, supporting the assumption of
normality, although slight deviations from perfect symmetry can be observed. Panel (c), the
Q-Q plot, further confirms this pattern, as the residual points closely follow the reference
line, indicating that the residuals are approximately normally distributed, with minor devia-
tions at the tails. Finally, panel (d) plots the residuals over index/time, revealing noticeable
patterns and clustering around zero, which indicates the presence of autocorrelation and
suggests that the residuals are not entirely independent.

Residual Diagnostics: Predicted-linear

Residuals vs Fitted Histogram of Residuals
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Figure 20. Residual diagnostics for the Linear Regression model for the Raw Data. Diagnostic plots
for the regression model: (a) Residuals versus fitted values; (b) Histogram of residuals; (c) Q-Q plot
showing approximate normality; (d) Residuals versus index/time.

Table 4 presents the diagnostic statistics for all tested models for the raw data. The
Residual Mean indicates that the Random Forest and XGBoost models achieved the smallest
average residuals, suggesting superior predictive accuracy compared to the Linear, Ridge,
and Lasso models. The Durbin-Watson statistic values below 2 for the linear-based models
indicate positive autocorrelation in residuals, whereas values closer to 2 for Random Forest
and slightly above 1 for XGBoost suggest reduced autocorrelation. The Breusch-Pagan LM
test p-values are extremely small across all models, indicating significant heteroscedasticity
in residuals. Similarly, the Shapiro-Wilk test p-values are far below the typical significance
threshold, implying that residuals deviate from normality for all models. Overall, while
Random Forest and XGBoost demonstrate lower residuals and improved autocorrelation
behavior, none of the models fully satisfy the assumptions of homoscedasticity and normal-
ity. As can be seen, traditional residual diagnostics are reported for all models, enabling
direct comparison. It should be noted that while violations of normality, independence,
and homoscedasticity compromise the statistical inference capabilities of linear models, ma-
chine learning methods are primarily evaluated on predictive accuracy. These diagnostics
nonetheless reveal systematic patterns in model errors across different approaches.
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Table 4. Comparative diagnostics of different regression and machine learning models for the

raw data.
Model Residual Mean Durbin-Watson Statistic Breusch-Pagan LM (p-Value) Shapiro-Wilk (p-Value)
Linear —3.56 x 1072 0.583 2.19 x 1073 458 x 10710
Ridge —3.57 x 1072 0.584 213 x 1073 441 x 10710
Lasso —3.16 x 1072 0.589 1.97 x 1074 1.62 x 10710
Random Forest  —8.30 x 1073 0.961 401 x 10716 241 x 10718
XGBoost —2.40 x 1072 1.152 7.11 x 10715 6.67 x 10716

5.1.2. Prediction Interval and Uncertainty Analysis for Model 2

The model comparison metrics in Table 5 indicate that all three models—Linear
Regression, Ridge, and Lasso—demonstrate similar predictive performance in terms of
uncertainty quantification. The coverage values are consistently around 0.93, suggesting
that approximately 93% of the actual observations fall within the estimated prediction
intervals. This indicates that the models provide reliable probabilistic forecasts, which are
slightly conservative compared to the standard 95% nominal confidence level commonly
used in predictive modeling. The average confidence interval (CI) width ranges from 2.25
to 2.26, representing the typical span within which predictions are expected to fall at the
stated confidence level. This relatively narrow range indicates that the models yield precise
estimates with moderate uncertainty. The practical uncertainty, defined as the ratio of the
average CI width to the standard deviation of the target variable, remains consistently at
1.13. This suggests that predictive uncertainty slightly exceeds the inherent variability of
the data, reflecting a moderate yet stable level of predictive precision across models.

Table 5. Coverage, average confidence interval width, and practical uncertainty for model 2.

Model Coverage Avg CI Width Practical Uncertainty
Linear Regression 0.93 2.25 1.13
Ridge 0.93 2.25 1.13
Lasso 0.93 2.26 1.13

5.2. Residual Diagnostics and Prediction Analysis for Model 6 (Decomposed Data)

The residual diagnostics and confidence interval evaluation for Model 6 are examined.

5.2.1. Residual Diagnostics for Model 6

The residual diagnostics for the combined model constructed using decomposed data
are presented in Figure 21a—d. Panel (a) displays the residuals versus fitted values, where
the residuals are well-centered around zero with no clear systematic pattern, indicating that
the model is generally unbiased and the variance appears more homogeneous compared
to the linear model. Panel (b) shows the histogram of residuals, which closely resembles
a normal distribution, supporting the assumption of normality with minimal skewness.
Panel (c), the Q-Q plot, further reinforces this observation as the residual points closely
follow the reference line across most quantiles, with only slight deviations at the extreme
tails, indicating that the residuals are approximately normally distributed. Finally, panel
(d) illustrates the residuals over index/time, showing that the residuals fluctuate randomly
around zero without distinct patterns or strong clustering, suggesting a reduction in auto-
correlation compared to the non-decomposed model. Overall, these diagnostics indicate
that the combined model provides a better fit, with improved adherence to the assumptions
of linear regression.
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Residual Diagnostics: Predicted_linear
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Figure 21. Residual diagnostics for the linear regression model for the decomposed data. Diagnostic
plots for the regression model: (a) Residuals versus fitted values; (b) Histogram of residuals; (c¢) Q-Q
plot showing approximate normality; (d) Residuals versus index/time.

Table 6 presents the diagnostic statistics for all tested models for the decomposed
data. The Residual Mean indicates that the Random Forest and XGBoost models achieved
the smallest average residuals, suggesting superior predictive accuracy compared to the
linear, Ridge, and Lasso models. The Durbin—-Watson statistic values below 2 for the
linear-based models indicate positive autocorrelation in residuals, whereas values closer
to 2 for Random Forest and slightly above 1 for XGBoost suggest reduced autocorrelation.
The Breusch-Pagan LM test p-values are extremely small across all models, indicating
significant heteroscedasticity in residuals. Similarly, the Shapiro-Wilk test p-values are far
below the typical significance threshold, implying that residuals deviate from normality
for all models. Overall, while Random Forest and XGBoost demonstrate lower residuals
and improved autocorrelation behavior, none of the models fully satisfy the assumptions
of homoscedasticity and normality.

Table 6. Comparative diagnostics of different regression and machine learning models for the
decomposed data.

Model Residual Mean Durbin-Watson Statistic Breusch-Pagan LM (p-Value) Shapiro-Wilk (p-Value)
Linear 0.01 0.51 3.02x10°28 6.48 x 10713
Ridge 0.01 0.51 461 x 10728 7.54 x 10713
Lasso 0.02 0.47 243 x 1030 476 x 10713
Random Forest 0.00 0.92 2.61 x 10736 3.83 x 10712
XGBoost 0.00 1.19 1.94 x 10~% 1.91 x 10715

5.2.2. Prediction Interval and Uncertainty Analysis for Model 6

To complement the residual diagnostics, a prediction interval and uncertainty analysis
were conducted for the linear methods. Table 7 reports the empirical coverage, average
confidence interval (CI) width, and practical uncertainty. All three linear models achieved
coverage rates close to the nominal 95% level, indicating well-calibrated prediction intervals.
Ridge regression exhibited the highest coverage (0.9498) with an interval width comparable
to Linear Regression, while Lasso produced slightly wider intervals and marginally lower
coverage. These results suggest that the predictive uncertainty of the linear methods is



Mathematics 2025, 13, 3410

22 of 25

relatively narrow and consistent, with Ridge offering the most favorable balance between
calibration and interval sharpness. This analysis is presented here for linear models to
illustrate the procedure; in future work, similar uncertainty evaluations will be extended to
machine learning methods for a more comprehensive comparison.

Table 7. Coverage, average confidence interval (CI) width, and practical uncertainty for model 6.

Model Coverage Avg_CI_Width Practical Uncertainty
Linear Regression 0.9489 1.4673 +0.734
Ridge 0.9498 1.4673 +0.734
Lasso 0.9466 1.4928 +0.747

6. Discussion and Conclusions

The walk-forward validation results across the three temporal components—long-term,
seasonal, and short-term—reveal fundamental differences in model behavior and predictive
skill, providing new insights into the structure of temperature variability. These findings
highlight the central contribution of this study: the development and benchmarking of
a dual forecasting architecture that combines component-wise and additive multi-scale
modeling within a unified KZ-decomposition framework. By systematically evaluating
both independent component models and a unified additive model, we demonstrate how
temporal decomposition can expose scale-dependent predictability while simultaneously
enhancing overall forecasting accuracy.

By decomposing the original series using the Kolmogorov—Zurbenko (KZ) filter and
modeling each component independently, our approach isolates scale-specific dynamics
that are typically obscured when modeling the raw signal. A comparative analysis across
components confirms that optimal forecasting strategies vary by temporal scale, thereby
validating the rationale for decomposition-based modeling. The unified additive model,
which integrates all decomposed predictors to forecast the original T2M, further demon-
strates that learning directly from multi-scale features enables the discovery of interactions
across temporal domains—a key advantage over strictly separate component modeling.

6.1. Performance Across Temporal Components

For the long-term component, tree-based ensemble models (Random Forest and XG-
Boost) achieved the highest accuracy (R?> = 0.91), indicating their practical ability to
capture complex, nonlinear patterns. Ridge regression, however, delivered highly com-
petitive results, substantially outperforming ordinary linear regression. This underscores
the effectiveness of regularization in handling multicollinearity inherent in decomposed
environmental predictors—a novel and practically relevant finding.

The seasonal component exhibited the strongest predictability across all algorithms.
Tree-based ensembles achieved near-perfect accuracy (R?> = 0.99), while Linear and
Ridge regression also performed exceptionally well (R? = 0.97). These results confirm
that seasonal temperature variability is dominated by stable, quasi-linear relationships
with its predictors, indicating that regularized linear models can serve as both accurate
and interpretable alternatives to complex ensembles for seasonal forecasting within the
KZ framework.

In contrast, the short-term component remained challenging for all models (R* < 0.25),
suggesting that this scale is strongly influenced by stochastic atmospheric processes
or unresolved local variability. Specialized time-series models, such as univariate
LSTM and AutoReg, yielded moderate improvements (R*> = 0.43), suggesting that
high-frequency dynamics may necessitate explicitly temporal architectures rather than
regression-based approaches.
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6.2. Framework Comparison and Model Insights

The comparison between the raw (non-decomposed) and the component-wise additive
unified frameworks demonstrates that temporal decomposition fundamentally enhances
both model performance and interpretability. Modeling the original series directly forced
algorithms to approximate multiple physical processes operating on different time scales
within a single functional relationship, limiting accuracy and generalizability. In contrast,
the component-wise additive framework—where each predictor was first decomposed into
long-term, seasonal, and short-term components before unified model training—enabled
models to learn scale-specific relationships while maintaining a single, interpretable predic-
tion structure.

Across all model classes, the additive KZ-based framework yielded substantial im-
provements. Ridge regression benefited most, with R? increasing from 0.61 (raw) to 0.86
(additive) and MAE decreasing from 0.49 to 0.29. This confirms that combining regular-
ization with decomposition effectively mitigates multicollinearity and enhances stability.
Lasso regression exhibited similar trends, highlighting the robustness of regularized linear
models in decomposed feature spaces. Tree-based ensembles, particularly XGBoost, also
achieved higher accuracy within the additive framework (R? up to 0.91), demonstrating
that even nonlinear learners benefit from structured decomposition.

Residual and uncertainty analyses further supported these gains: models trained
on additive decomposed features exhibited narrower confidence intervals and improved
coverage, indicating more accurate and better-calibrated predictions. The unified additive
approach thus preserves physical interpretability—each feature corresponds to a known
temporal process—while delivering accuracy comparable to, or exceeding, more complex
nonlinear alternatives.

6.3. Limitations and Future Research

This study is limited to a single geographic location and time span, and the short-term
component remains challenging to predict. Future research should extend the framework to
multiple locations and investigate more specialized models for capturing short-term dynam-
ics. The promising performance of regularized linear models, particularly Ridge regression,
suggests their inclusion as benchmark methods in future multi-scale forecasting studies,
offering a practical compromise between complex ensembles and simple linear models.
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