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Forecasting commodity prices remains a challenging task due to market
volatility, structural breaks, and changing economic conditions. This study
evaluates the forecasting performance of classical econometric, deep learning,
convolutional, and Transformer-based models for aluminum futures prices.
Daily aluminum futures data are analysed using 11 forecasting approaches.
Forecasting experiments are conducted for two distinct evaluation periods
representing the years 2022 and 2025 to assess the robustness of model
performance under different market environments. The empirical results
reveal substantial differences in forecasting performance across model
families. Recurrent neural network architectures, particularly GRU and RNN,
consistently achieve the lowest forecasting errors across most horizons. The
classical ARIMA model remains highly competitive despite its relative
simplicity. In contrast, Transformer-based models generally fail to
outperform simpler alternatives and frequently produce higher forecast
errors. Statistical comparisons based on Diebold-Mariano tests and Model
Confidence Set procedures indicate that performance differences among the
best-performing models are often limited, suggesting that increased model
complexity does not necessarily translate into superior predictive accuracy.
Overall, the findings highlight the importance of empirical model evaluation
and demonstrate that parsimonious forecasting approaches can remain
effective competitors to substantially more complex machine learning
architectures in aluminum futures price forecasting.

1. Introduction

The decarbonization of the global economy, the rapid expansion of electromobility, and the
advancement of industrial digitalization are fundamentally transforming the demand structure for
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strategic raw materials. Aluminum plays a distinguished role in this transition, simultaneously serving
the objectives of lightweight vehicle manufacturing, improved energy efficiency, and the circular
economy. Due to its low density, favorable strength-to-weight ratio, corrosion resistance, and
recyclability, aluminum is a key material for automotive innovation [1-3]. With the proliferation of
electric vehicles (EVs), the importance of lightweight solutions continues to grow, as reducing vehicle
mass directly contributes to extending driving range and moderating energy consumption.
Projections suggest that automotive aluminum consumption could expand significantly by 2030 [4],
forecasting a structural growth in demand for the metal. However, the strategic importance of
aluminum is not solely defined by the demand side. Production is highly energy-intensive; thus,
aluminum prices are closely linked to developments in global energy markets. Energy price shocks,
geopolitical conflicts, and regional supply concentration collectively exacerbate market vulnerability.
While London Metal Exchange (LME) reference prices function as global benchmarks, the extreme
volatility experienced in recent years has highlighted that pricing mechanisms are increasingly driven
by external, structural factors [5-9]. The energy crisis following 2022, supply chain disruptions, and
geopolitical fragmentation have created an environment of uncertainty where price movements
reflect systemic rather than merely cyclical instability. Trends in industrial metal prices have a direct
impact on manufacturing cost structures, investment decisions, and national industrial policies. In
the case of aluminum, fluctuations in procurement costs influence the competitiveness of
automotive and electronics manufacturers, the terms of long-term supplier contracts, and the return
on capacity expansion investments. The literature indicates that price movements of industrial
metals move in close tandem with industrial cycles and generate significant macroeconomic
feedback effects [10]. At the same time, recent results from machine learning and econometric
models suggest that the predictability of metal prices is limited, particularly during turbulent periods
[11]. In this context, the reliability of price forecasts carries resource-policy significance. Government
programs concerning strategic raw materials, critical raw materials lists, subsidy schemes, and
industrial resilience strategies are all, implicitly or explicitly, based on assumptions regarding future
price trajectories. If these forecasts become unstable during regime shifts, or if model performance
deteriorates significantly due to structural breaks, it may result in a distorted information base for
public policy decision-making. Consequently, the reliability of model-based expectations is directly
linked to the risk profile of fiscal planning, industrial support policies, and supply security strategies
[12-14].

This study is predicated on the recognition that the structural instability observed during and
after 2022 is not merely a transient episode of volatility, but rather signifies a transformation in
market operational mechanisms. In such an environment, ranking forecasting models solely based
on aggregated accuracy metrics is insufficient. It is necessary to examine the extent to which model
performance is regime-robust, how stable the dominance hierarchy remains across different market
conditions, and whether the increase in forecasting errors stems from methodological limitations or
the inherent unpredictability of the market. The central problem of this research is thus to determine
whether advanced, high-capacity forecasting architectures, including recurrent neural networks and
Transformer-based models, can provide an economically meaningful and structurally robust
advantage in forecasting aluminum prices, or if their performance is primarily confined to stable
market environments. If model dominance is regime-dependent and unstable, it suggests that model
selection itself becomes a risk factor in industrial policy and corporate decision-making [15].

The objective of this study is to compare the forecasting performance of a broad set of
econometric, recurrent neural network, convolutional, and Transformer-based architectures for
aluminum futures prices. Particular attention is given to the stability of model rankings across
different forecasting horizons and market environments. Rather than proposing a new forecasting
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methodology, the study provides a systematic benchmark comparison of widely used forecasting
approaches under conditions characterized by structural breaks and changing market dynamics.

2. Literature Review

Global demand for mineral raw materials has increased significantly over recent decades, driven
by economic expansion, structural industrial transformation, and the proliferation of material-
intensive technologies [16-19]. According to the USGS [20], this growth is not merely a cyclical
phenomenon but is structural in nature, closely linked to the expanding demand for conductive,
lightweight, and high-performance metals. Population growth, urbanization, and infrastructure
development exert further pressure on primary raw material reserves, while the issues of long-term
supply security and sustainability become increasingly prominent. In this context, price volatility is
not simply a market phenomenon but a macroeconomic and resource-policy risk factor. For
developing economies, where a significant portion of export revenues is derived from mineral
resources, fluctuations in metal prices have a direct impact on fiscal balance, foreign exchange
reserves, and growth trajectories [21-24]. The cyclicity of commodity prices can thus result in
structural vulnerabilities that necessitate industrial policy and fiscal adjustment. Consequently, the
evolution of global metal prices is a decisive factor not only at the corporate level but also within a
national economic dimension. The question of substitutability is a central element of resource
economics and critical raw materials discourse. Although many metals can be replaced to some
extent, substitution typically involves trade-offs in technology, efficiency, or cost. For instance,
aluminum serves as an alternative to copper in several electrical applications due to its lower density
and cost advantages [25-27]. However, substitution is not solely a consequence of physical scarcity;
sustained price increases can incentivize material innovation, technological adaptation, and the
expansion of recycling [28-30]. While these processes may reduce dependence on primary
extraction, they can also generate new types of supply chain exposures and secondary price
pressures.

Iron, aluminum, and copper, as the most widely used industrial metals globally, play a pivotal role
in industrial production and international trade. Their prices and liquidity are significantly influenced
by international commodity exchanges and futures markets [31-33], indicating a strong link between
financial markets and the real economy. Price movements in industrial metals directly affect the
profitability of metal-intensive sectors, investment decisions, and corporate risk management
strategies. Market analyses of aluminum have demonstrated that price developments are
substantially influenced not only by fundamental supply-demand factors but also by global business
cycles, the US dollar exchange rate, and geopolitical uncertainty [34-36]. This complex interplay
suggests that metal price forecasting cannot be reduced solely to market fundamentals. Reliable
price forecasts are therefore of strategic importance in both corporate and public policy decision-
making. More accurate predictions of supply and demand shocks can contribute to the design of
more effective regulatory instruments, the mitigation of investment risks, and long-term industrial
policy planning [37]. From a resource-policy perspective, predictive capability is a fundamental
prerequisite for supply security strategies, stockpiling decisions, and the strengthening of industrial
resilience. In the early stages of metal price forecasting, classical statistical and econometric models
dominated. Research findings indicate that the classical ARIMA model frequently underperforms
compared to neural network approaches, particularly in the case of non-linear time series [38-40].
Machine learning and deep learning methods, especially LSTM and GRU architectures, are playing an
increasingly decisive role in commodity market forecasting. Empirical studies suggest that these
models are capable of capturing long-term dependencies and complex dynamics, often yielding lower
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error metrics than linear benchmark models [41,42]. However, performance is heterogeneous and
regime-dependent, suggesting that there is no universally dominant model [43]. Hybrid approaches
- integrating linear and non-linear components - often exhibit more stable out-of-sample results.
Decomposition-based and optimized frameworks, such as CEEMDAN-VMD-LSTM or optimized
XGBoost models, can further enhance forecasting performance by isolating the structural
components of price movements [12,44,45]. The quantification of uncertainty has also come to the
fore: probabilistic forecasts allow for more informative risk assessments [46], while incorporating
cross-market information, such as mining company stock prices, can improve aluminum price
forecasting across certain horizons [11]. Nevertheless, the literature emphasizes that commodity
markets are characterized by structural instability. Storage dynamics and speculative mechanisms
can result in non-linear price movements [47], while structural breaks and regime shifts - such as
those during crises or geopolitical shocks - can lead to parameter instability [48-50]. The literature
suggests that metal price forecasting is a structurally constrained task: model performance is a
function of not only methodological factors but also systemic uncertainty [51-55]. This realization is
particularly relevant for resource-policy strategies concerning critical raw materials, where decisions
are often implicitly built upon future price trajectories. Beyond predictive accuracy, robustness,
regime sensitivity, and the explicit treatment of uncertainty thus become crucial evaluative
dimensions for strengthening industrial resilience and supply security.

The post-2022 period highlights the structural vulnerability of metal markets with particular
intensity. Energy market shocks, geopolitical fragmentation, and disruptions in global supply chains
have created an environment in which pricing mechanisms previously considered stable have
partially transformed. The structural breaks and regime shifts documented in the literature can be
interpreted in the post-2022 period not merely as theoretical possibilities but as empirically relevant
phenomena [56-60]. Rising energy costs, especially for aluminum, which is characterized by a highly
energy-intensive production structure, have resulted in direct supply-side pressure, while
uncertainty in global demand and heightened volatility in financial markets have opened new
transmission channels [61-64]. In this environment, the performance of forecasting models cannot
be evaluated solely based on static accuracy metrics. If parameters are unstable, the model
superiority demonstrated on historical samples may easily lose its validity in a new regime.
Furthermore, increasing financial integration and the interconnectedness of commodity markets
raise the probability that price dynamics become more sensitive to external shocks, leading to a
deterioration in predictive performance [21,65]. These literature-based insights justify the empirical
design of this study. The investigation covers several partially distinct market regimes, allowing for
an analysis of how stable the relative performance of models remains amidst structural changes. The
application of multiple forecasting horizons is not merely a technical choice but an approach aligned
with industrial and resource-policy decision-making, as short-term procurement decisions and long-
term investment or capacity planning strategies have distinct information requirements [66-68].
Furthermore, the study does not rely exclusively on traditional error metrics but also interprets
predictive performance within the dimension of structural predictability. This is consistent with
findings in the literature suggesting that the predictability of commodity markets can itself be regime-
dependent and structurally constrained during certain periods [69-71]. Thus, the empirical
framework does not merely conduct a model comparison; it investigates the extent to which
predictive dominance can be considered stable in an environment characterized by heightened
uncertainty. This approach is particularly relevant for resource-policy decision-making. If forecasting
performance is regime-sensitive, it is insufficient for decision-makers to rely on the historical
superiority of a given model; instead, an explicit evaluation of robustness and structural adaptability
becomes necessary. The turbulent post-2022 period, therefore, serves not only as an empirical
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sample but as a stress-test environment in which the economic policy relevance of the models can
be meaningfully assessed.

A critical synthesis of the forecasting literature reveals three unresolved issues. First, most
comparative studies report average out-of-sample errors for a single test period, which makes it
difficult to determine whether the apparent superiority of a model persists when the underlying
market regime changes. Second, although structural breaks are widely acknowledged as a defining
characteristic of commodity prices, they are often treated as a diagnostic property of the data rather
than as a central dimension of model evaluation. Consequently, limited evidence is available on how
the relative ranking of classical, recurrent, convolutional, and Transformer-based models changes
across periods containing multiple breaks. Third, the literature frequently equates methodological
sophistication with predictive progress, while giving less attention to whether any accuracy
advantage is statistically distinguishable, economically meaningful, and sufficiently stable to justify
the additional computational and implementation burden. These limitations are particularly
important for aluminum futures, where energy intensity, global supply-chain exposure, and
geopolitical sensitivity can cause rapid changes in the data-generating process.

The research gap addressed by this study therefore concerns the regime robustness of model
dominance in aluminum futures forecasting. Existing studies provide valuable evidence on individual
algorithms and hybrid frameworks, but they do not offer a sufficiently broad, internally consistent
comparison of classical econometric, recurrent neural, convolutional, decomposition-based, and
Transformer architectures across multiple forecasting horizons and distinct structurally unstable
evaluation periods. Nor do they consistently combine conventional forecast-error measures with
formal tests of predictive differences and model-set membership. By benchmarking eleven models
on a common univariate information set for 2022 and 2025, and by interpreting the results alongside
structural-break evidence, this study separates architecture-related performance from changes
attributable to the market regime. In this way, the analysis extends the literature from a static
accuracy contest towards a decision-oriented assessment of accuracy, robustness, parsimony, and
stability.

Accordingly, the study addresses the following research questions:

i.  (RQ1) How does the relative forecasting performance of classical econometric, recurrent,
convolutional, and Transformer-based models differ across two structurally distinct
market regimes (2022 and 2025) and across multiple forecasting horizons?

ii. (RQ2) Are the observed differences in forecasting accuracy between competing models
statistically significant, or do the best-performing models form a set of comparable
predictive quality?

iii. (RQ3) Does increasing architectural complexity, as embodied by Transformer-based
architectures, translate into a measurable and stable forecasting advantage once
structural breaks and multiple market regimes are explicitly taken into account, or does
model dominance instead prove regime-dependent?

3. Methodology
3.1 Data

The analysis focuses on two distinct periods of aluminum prices. The first interval covers the
period from June 1, 2014, to December 31, 2022, representing the market environment before and
during the pandemic. The second interval spans from June 1, 2017, to December 31, 2025, capturing
the post-pandemic aluminum market characterized by heightened volatility and structural changes.
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These two samples enable a comparison of model performance across different market regimes, with
a particular focus on the temporal evolution of exchange rate dynamics.

Daily frequency aluminum futures price data were sourced from the Yahoo Finance database. As
the study was conducted within a sequential forecasting framework, the time series were utilized in
their natural chronological order, and no data imputation or synthetic oversampling was applied. This
approach ensured that the models relied exclusively on actually observed historical information, in
alignment with the methodological requirements of time-series forecasting. When interpreting the
samples, it is crucial to distinguish between the full, descriptive, and forecasting subsets. Table 1
summarizes the stationarity and structural break tests performed on the full available time series (1
June 2014 to 31 December 2025), while Table 3 presents a comparison of two partially overlapping
descriptive intervals (2014-2022 and 2017-2025).

Table 1
Results of unit root, structural break and stationarity tests for
aluminum (1 June 2014 to 31 December 2025)

Variable Values
ADF stat -1.6992
ADF p-value 0.4315
KPSS stat 2.8841
KPSS p-value 0.0100 *
PP stat -1.7355
PP p-value 0.4129
DFGLS stat -1.6847
DFGLS p-value 0.0904 *

08.02.2022; 28.04.2022; 10.06.
31.03.2025; 11.06.2025; 06.10
08.02.2022; 28.04.2022; 10.06.
31.03.2025; 11.06.2025; 06.10

Structural breaks (Bai-Perron)

Structural breaks (PELT)

*¥**p<=0.01; **p <= 0.05; *p<=0.1

In contrast, the training and test sets for the models were constructed using time-based
separation: training was conducted on the periods 01.06.2014-31.12.2021 and 01.06.2017-
31.12.2024, while testing was based on the years 2022 and 2025, respectively. Table 1 presents the
results of the unit root, structural break, and stationarity tests conducted for each category.
Specifically, the Augmented Dickey—Fuller (ADF), Phillips—Perron (PP), Kwiatkowski—Phillips—
Schmidt—=Shin (KPSS), and Elliott—Rothenberg—Stock Dickey—Fuller Generalized Least Squares (DF—
GLS) tests were applied to assess the presence of unit roots and mean reversion, while the Pelt and
Bai-Perron tests were employed to detect structural breaks in the series. The results of the
stationarity tests consistently indicate non-stationary price series. Neither the ADF nor the PP tests
reject the null hypothesis of a unit root, which is clearly confirmed by high p-values (0.41-0.43). In
the case of the DF—GLS test, a marginal result is observed for aluminum (p = 0.09); however, this is
insufficient to accept stationarity. Accordingly, the KPSS test rejects the null hypothesis of stationarity
at the 1% significance level, further supporting non-stationarity. The presence of structural instability
is corroborated by the breakpoints identified by the PELT and Bai-Perron methods, discussed in detail
in Section 4.3. For aluminum, a particularly dense distribution of breakpoints is observed, suggesting
frequent market regime shifts and strong external shocks. Regarding the two study intervals (Period
1 and Period 2), we examined the breakpoints detected jointly by these two methods. These results
justify the rejection of classical stationarity assumptions and the application of models capable of
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handling flexible, non-stationary processes. Methodologically, the test results further support the
relevance of advanced time-series and machine learning models in forecasting industrial metal
prices.

3.2 Applied Methods

Although the inclusion of exogenous variables may improve forecasting performance in certain
settings, the present study adopts a univariate forecasting framework for methodological reasons.
The primary objective is not to identify the economic determinants of aluminum price movements
but to compare the predictive performance of alternative forecasting architectures under a common
information set. Using only historical aluminum futures prices ensures that all models are evaluated
on identical inputs, thereby facilitating a transparent and consistent benchmark comparison across
classical econometric methods, recurrent neural networks, convolutional architectures, and
Transformer-based models. Furthermore, a univariate framework reduces the influence of model-
specific variable selection procedures and data availability constraints, allowing the analysis to focus
on differences arising from the forecasting architectures themselves. While previous research has
demonstrated the potential predictive value of macroeconomic, financial, and commodity-market
variables, incorporating such information would introduce additional sources of heterogeneity across
model specifications. Therefore, the present study intentionally concentrates on the information
contained in the historical futures price series to provide a comparable assessment of forecasting
performance across different forecasting horizons and market environments.

3.2.1 Autoregressive integrated moving average

The ARIMA model represents the classical econometric approach, widely utilized in commodity
and metal market analyses due to its robustness and mathematical transparency. The fundamental
assumption of the model is that the future values of a time series (y:) can be described as a linear
combination of past observations and past forecasting errors, provided the series can be rendered
stationary. The model is composed of three components: the autoregressive (AR) part, which
measures the impact of past values; the integrated (l) part, responsible for handling non-stationary
trends through differencing; and the moving average (MA) component, which models the decay of
short-term shocks. In the context of industrial metals, such as aluminum, ARIMA is highly effective at
capturing inertia effects and mean-reversion tendencies resulting from adjustments in inventory
levels or market expectations. Mathematically, the ARIMA(p,d,q) process can be formalized using the
lag operator (L) as follows:

o)1 - L)y, =c+0(L)e; (1)

where the autoregressive polynomialis @(L) =1 — le @;L* and the moving average polynomial is
(L) =1- ?:1 @9]-Lj. In this expression, (1 — L)? denotes the d-th order differencing responsible
for removing stochastic trends, while €, represents the white noise process, where €, ~ WN(0, 5?).
In the present study, ARIMA serves not only as a predictive tool but also as a benchmark, allowing
for the exact measurement of the added value provided by subsequent complex, non-linear deep
learning models. Due to its low computational requirements and transparent parameterization, it
remains a reference model in production planning and procurement management to this day [72].
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3.2.2 Simple Recurrent Neural Network

The Vanilla or simple Recurrent Neural Network (RNN) represents the most fundamental neural
architecture capable of modeling sequential dependencies in time-series analysis. The distinguishing
feature of RNNs is the hidden state (ht), which functions as a form of internal memory, updating itself
recursively at each time step. This theoretically enables the identification of temporal correlations
beyond fixed lag structures [73]. In the context of commodity price forecasting, this mechanism
empowers the model to dynamically map momentum effects and short-term market reactions. The
mathematical transition of the network can be described as follows:

hy = c(Wpphi—q + Wypxe + bp) (2)
Ve = Whyht + by (3)

where x:is the current input vector, Wx» and Wiy, are the weight matrices, b represents the bias terms,
and o denotes a non-linear activation function. Although RNNs are theoretically capable of processing
sequences of arbitrary length, in practice, they are severely affected by the vanishing and exploding
gradient problems during backpropagation through time (BPTT). This limitation is particularly
relevant for industrial metals, where pricing often depends on long-term cycles, such as production
capacity expansions or macroeconomic trends. In this study, the simple RNN serves as a conceptual
bridge between linear statistical models and more sophisticated gated architectures. Its
straightforward structure allows for a clearer interpretation of performance differentials within the
recurrent model family. The primary objective of including the RNN is to evaluate the extent to which
a basic neural network structure provides incremental information over ARIMA before introducing
the more complex solutions of LSTM and GRU.

3.2.3 Long Short-Term Memory

The Long Short-Term Memory (LSTM) network is an extension of the simple RNN architecture,
specifically designed to handle long-term temporal dependencies and to mitigate the vanishing
gradient problem [74]. The distinguishing feature of the LSTM is the cell state (C:), which allows
information to be preserved or discarded over long periods through specialized gating mechanisms.
In the case of aluminum futures prices, such dependencies arise from multi-year production cycles,
strategic investment decisions, and sustained macroeconomic trends. The model regulates the flow
of information using three primary gates: the forget gate (f;) determines which past information
should be discarded; the input gate (i;) selects new relevant data; and the output gate (o:) controls
the amount of information passed to the hidden state. Mathematically, the process can be described
by the following system of equations:

fo = a(Ws X [he_q, %] + by) (4)
i = o(W; X [he_y, x,] + by) (5)
C, = tanh(We X [he_q, X¢] + b) (6)
C:=fi OC1+i; OC, (7)
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o = (W, X [he—q, %] + bo) (8)
h; = o © tanh(C,) (9)

where o denotes the sigmoid activation function, and © represents element-wise multiplication.
From a production economics perspective, the LSTM'’s ability to capture persistent effects enables
more reliable medium-term forecasts for procurement and cost management. Although the
computational requirements of LSTM are significantly higher than those of linear models, its
robustness and adaptability to volatile commodity market environments justify its application. In the
present research, the role of the LSTM is to verify whether the introduction of memory cells indeed
yields quantifiable improvements in forecasting complex industrial raw material prices compared to
standard neural networks [75].

3.2.4 Gated recurrent unit

The Gated Recurrent Unit (GRU) is a streamlined alternative to the LSTM architecture, merging
memory and gating mechanisms into a more compact structure. The GRU utilizes two primary gates:
the update gate (z:) and the reset gate (r:), which collectively regulate the modifications of the hidden
state (h:). By reducing the number of parameters, the GRU often achieves predictive performance
comparable to the LSTM, yet with lower computational costs and faster convergence. This is
particularly advantageous for large-scale forecasting tasks or real-time industrial decision support
systems. In commodity markets, the GRU is capable of modeling non-linear price dynamics while
remaining more stable during training. Due to its simpler architecture, it mitigates the risk of
overfitting in cases of limited datasets [76]. The mathematical foundation of the model is formed by
the following equations:

ze = (W, X [he_1, %] + by) (10)
e = 0(W, X [he_q, %] + by) (11)
hy = tanh(W x [r, © hy_1, %] + b) (12)
he=(1-2)Ohiy+2 Ohy) (13)

From a management perspective, the GRU offers a practical balance between model complexity
and accuracy. Its inclusion in this study allows for a direct comparison between various gated
recurrent architectures, helping to determine whether the more complex structure of the LSTM is
justified within the context of industrial metal prices.

3.2.5 Temporal convolutional network

The Temporal Convolutional Network (TCN) offers a modern alternative to recurrent
architectures, modeling sequential data by leveraging causal and dilated convolutions. One of the
primary advantages of TCNs over RNN-based models is that they process the entire input window in
parallel, resulting in more stable gradients and significantly faster training. The application of dilated
convolutions enables the capture of long-term temporal dependencies without requiring excessively
deep networks, thereby avoiding the vanishing gradient problem [77]. In the case of aluminum prices,
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this structure is capable of simultaneously handling short-term volatility and longer-term
fundamental cyclical effects. The TCN equation can be defined as follows:

- 1
Ye = X¢ + 2%:1 Ik{z(} W/E )xt—dlxk (14)

where x: is the value of the input time series, y: is the TCN output, L represents the number of TCN
layers (blocks), / is the layer index, K denotes the length of the convolutional kernel, k is the kernel
index, w represents the weight, and d is the dilation factor. The network also employs residual blocks,
which facilitate the effective training of deeper structures and prevent model degradation. From an
operational perspective, TCNs are excellently suited for the rolling-window forecasting frameworks
used in production planning, as they utilize a fixed-length historical context to estimate future values.
Their deterministic receptive field and the parallelization of sequential data processing enhance the
reproducibility of results and increase robustness against noise in industrial data.

3.2.6 Neural basis expansion analysis

Neural Basis Expansion Analysis (N-BEATS) is a deep learning architecture specifically designed
for univariate time-series forecasting, which relies not on recursion or convolution, but on a deep
hierarchy of fully connected layers. A key characteristic of the model is the sequential decomposition
of the forecast, implemented through a series of stacked residual blocks. This structure allows the
model to iteratively remove explained patterns from the data and focus on the remaining residual
errors in subsequent blocks [78]. In commodity market time series, this decomposition is implicitly
capable of separating trend-like processes from periodic seasonality. The model expresses the
forecast as follows:

90 = gO(x®) (15)
20 = pO W) (16)
O = FO 90 (17)
xUHD = O _ O (18)
EDYEELE (19)

where x represents the historical time series, X is the explanation of the past (backcast), is ¥ the
future prediction, L is the number of blocks, & denotes the learned parameter vector, g represents
the Multi-Layer Perceptron (MLP), B and F are the linear mappings. From a production economics
perspective, this additive structure harmonizes well with the theory that price movements emerge
as the resultant of multiple economic forces acting over different time horizons (macroeconomic
trends, seasonality, market shocks). The flexibility of N-BEATS and its architecture - free from domain-
specific assumptions - allow it to capture the complex pricing dynamics of industrial raw materials
with high precision [79].
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3.2.7 Informer

The Informer is a Transformer-based architecture specifically developed for the efficient and
accurate handling of Long Sequence Time-Series Forecasting (LSTF). The primary limitation of
traditional Transformers is the quadratic computational complexity of the attention mechanism,
which the Informer addresses by replacing it with the ProbSparse Self-attention mechanism. This
solution exploits the sparsity of the relationships between Queries (Q) and Keys (K), computing
interactions only between the most informative elements, thereby reducing complexity to O(L log L)
[80]. In the aluminum futures market, this empowers the model to incorporate several months of
historical data when determining future trends. The attention mechanism is formalized as:

AT
Attention(Q,K,V) = Softmax(%)V (20)
k

where V represents the value and d denotes the embedding dimension. Furthermore, the model
applies a "distilling" operation between layers, which further compresses temporal information and
reduces redundancy. The Informer's generative-style decoding enables the production of the entire
forecasting range in a single step, thereby avoiding cumulative errors stemming from
autocorrelation. This attribute becomes particularly critical during the planning of long-term strategic
raw material procurement, where accuracy across multiple horizons is indispensable.

3.2.8 Autoformer

The Autoformer radically reimagines the Transformer architecture by embedding time-series
decomposition into the deep layers of the network. Instead of seeking point-wise attention
relationships, the Autoformer relies on an Auto-Correlation mechanism, which leverages the
periodicity and similarity of signals by analyzing time delays [81]. This approach aligns directly with
the nature of commodity market prices, where cyclic seasonality and recurring market patterns
dominate price movements. The model’s internal series-decomposition block continuously separates
the trend and the seasonal component within each layer:

Auto — Correlation(Q,K,V) = Y er Softmax(Rq x(t))Roll(V, 1) (21)

where R denotes the autocorrelation coefficients, t represents the time delay, and T signifies the
selected lags. The Autoformer is more robust against noise than its counterparts employing point-
wise attention, as it relies on aggregated temporal information. From a production economics
perspective, this stability and the enhanced interpretability provided by decomposition assist
managers in distinguishing sustained price changes from short-term market noise, thereby enabling
more informed inventory management decisions.

3.2.9 Patch time series transformer

Patch Time Series Transformer (PatchTST) belongs to the latest generation of Transformer
models, treating time series not as point-wise data streams but as fixed-length "patches".
Semantically, this shift is significant because individual data points often carry little meaning within
commodity market noise, whereas a patch (e.g., a week’s price movement) encapsulates local trends
and momentum. By utilizing patches, the sequence length is significantly shortened, enabling the
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model to process a much longer historical context using the same computational capacity [82]. The
mathematical foundation of the model is based on channel-independent processing:

x, € RN*P (22)

where P is the patch length and N is the number of generated patches. This structure implicitly
reduces the risk of overfitting and enhances the model's generalization capability in volatile markets.
PatchTST is particularly effective in forecasting aluminum prices, where market information is often
integrated into prices intermittently, in blocks. From a management perspective, this model
represents stability and high-level pattern recognition, which are essential for robust production
scheduling.

3.2.10 DLinear

The DLinear model challenges the complexity of Transformer architectures by returning to the
power of linear models, augmented with a modern decomposition framework. The model’s
fundamental premise is that, in many cases, complex attention mechanisms only add noise to the
time series, whereas a well-structured linear layer can capture trends more accurately. DLinear
decomposes the time series into trend and seasonal components using a moving average, then
applies separate weighted linear transformations to each [83]:

y = WiXtrena + WsXseason + b (23)

where W: is the trend weight matrix and Ws is the seasonal weight matrix. This simplicity results in
extraordinary robustness and interpretability, which are often more important in production
economics decisions than a fractional percentage advantage in accuracy. Due to its low
computational requirements, it is excellently suited for running large-scale scenario analyses and
sensitivity tests. The inclusion of DLinear in this research serves as an "Occam’s Razor" principle,
helping to determine whether nonlinear complexity is truly necessary for reliable results in the case
of aluminum prices.

3.2.11 Temporal Fusion Transformer

The Temporal Fusion Transformer (TFT) is the most holistic model in this study, specifically
designed to handle heterogeneous data sources (historical prices, known future events, and static
metadata) within a single framework. The TFT combines the sequential power of LSTMs with the
attention-based capabilities of Transformers, while utilizing Gated Residual Networks (GRN) to select
the importance of input variables. This mechanism allows the model to ignore momentarily irrelevant
factors and focus only on the most critical market drivers [84]:

Ve = Z£=1 Bix GRN(LSTM(ZIL'VL1 At,iX7;)) (24)

where M is the number of input variables, T is the number of time steps considered, 8: represents
temporal attention weights, and a:; denotes the variable-selection weight. A distinguishing feature
of the TFT is its multi-horizon attention mechanism, which highlights which past time points were
most significant for a specific future estimate. This "glass-box" transparency is extremely valuable for
decision-makers, as it not only estimates the price but also provides an explanation for why the model
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predicted that specific value. In modeling the regime shifts and cyclicality of the aluminum markets,
the TFT currently appears to be one of the most sophisticated and comprehensive solutions.

3.3 Performance Evaluation

The most commonly used metrics in the literature for evaluating the predictive models and
assessing their accuracy are root mean square error (RMSE), mean absolute error (MAE), mean
absolute percentage error (MAPE) [85].

i.  Root mean squared error (RMSE) — This performance indicator shows an estimation of the
residuals between actual and predicted values.

RMSE = \/%z;-zl i — 9 (25)

where ¥; is the estimated value produced by the model, y; is the actual value and n is the
number of observations.

ii.  Mean Absolute Error (MAE) — This indicator measures the average magnitude of the error
in a set of predictions.

1 .
MAE = —¥iLaly: = 3il (26)

iii. Mean Absolute Percentage Error (MAPE) — This indicator measures the average
magnitude of the error in a set of predictions and shows the deviations in percentage.

MAPE = - {;1|ny| (27)

The forecasts are more reliable and accurate if these indicators have lower values. It is important
to note that RMSE penalises larger deviations more due to squaring, so this metric can give more
extreme values than MAE. The former should be interpreted as a value, while the MAPE should be
interpreted as a percentage (deviations expressed as a percentage of the original value). For this
reason, the MAPE can be used to compare different instruments because it does not depend on the
nominal size of the price. As our study examined indices from around the world and the effects of
two different negative economic events, we used the MAPE indicator for comparability in the overall
assessment of the models.

3.3 Hyperparameters

Table 2 summarizes the hyperparameter configurations employed for the models. For the
investigated periods (2022 and 2025), each model was optimized separately using the full time series
of the given regime. During forecasting, a 50-day rolling window procedure was applied, which not
only allowed for the continuous integration of the latest historical information but also served as a
time-series cross-validation method. This approach contributed to mitigating the risk of overfitting
while ensuring the temporal robustness of the models. The training and testing sets were partitioned
using time-based separation: the training sets covered the periods from 01.06.2014 to 31.12.2021
and 01.06.2017 to 31.12.2024, while the test periods fell within the intervals of 01.01.2022 to
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31.12.2022 and 01.01.2025 to 31.12.2025, respectively. Random sampling was intentionally avoided
to maintain the integrity of the temporal structure of the time series. Hyperparameter tuning was
conducted via grid search, where each validation split was based exclusively on past observations,
thereby completely eliminating the possibility of information leakage between the training and

testing phases.

Table 2
Hyperparemeters
Model Parameters Value
ARIMA p,d, g 1,1,1
Hidden Layers 2
Hidden layer neuron count 100, 150
RNN Batch size 16, 32
LSTM Epochs 100
GRU Activation RelLU, Tanh, Sigmoid, Linear
Dropout rate 0.1; 0.01; 0.001
Optimizer Adam
Number of layers 2
Number of filters 16, 32, 64
Kernel size 3
TCN Dilation factors 1,2,3,4
Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam
Hidden layer size 2
Hidden units 100, 150
Number of stacks 2
Number of blocks per stack 2,3
N-BEATS Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam
Embedding dimension (d_model) 32,64
Number of encoder/decoder layers 2
ProbSparse attention factor 1,3,5
Informer Number of attention heads 3,4
Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam
Embedding dimension (d_model) 32,64
Number of encoder/decoder layers 2
Series decomposition kernel size 25
Number of attention heads 3,4
Autoformer
Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam
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Table 2 (continued)

Model Parameters Value

ARIMA p,d,q 1,1,1
Embedding dimension (d_model) 32,64
Patch length 5, 10, 20
Number of transformer layers 2
Number of attention heads 3,4

PatchTST Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam
Kernel size (multi-scale temporal kernels) 5, 10, 25, 50
Dropout rate 0.1; 0.01; 0.001

DLinear Batch size 16, 32
Activation Linear
Optimizer Adam
Embedding dimension (d_model) 32,64
Number of LSTM layers 2
Number of LSTM units 100, 150

TET Number of attention heads 3,4
Dropout rate 0.1; 0.01; 0.001
Batch size 16, 32
Activation RelLU, Tanh, Sigmoid, Linear
Optimizer Adam

Wherever applicable, particularly for deep learning models and their integrated variants, early
stopping was implemented based on the validation loss (MAE). The training process was terminated
when no further improvement was observed, and in all cases, the model parameters from the epoch
yielding the best performance were retained. This procedure enhanced the stability and
generalization of the forecasts. The models were re-optimized for each investigated period and
aluminum-related category to ensure that hyperparameters adequately adapted to varying market
and macroeconomic environments.

Prior to modeling, the time series were normalized using Min-Max scaling, transforming the data
into a fixed [0, 1] interval. This preserves the shape of the original distribution and the relative
differences within the time series, thereby facilitating learning stability and model convergence,
especially for deep learning architectures.

Analyses were conducted in a Python 3.13 environment. For model implementation, the
TensorFlow and Scikit-learn libraries were utilized, including modules necessary for hyperparameter
tuning and time-series validation.

4. Results

Table 3 presents the descriptive statistics for aluminum across two partially overlapping time
intervals: 2014—-2022 (Period 1) and 2017-2025 (Period 2). The high sample size (N > 2100) provides
a robust foundation for descriptive comparison; however, the partial overlap necessitates caution in
interpreting the results. The mean value increased in the second period (from 2127.70 to 2295.67),
which is consistent with the elevated price levels during the investigated interval. The rise of the
median to the 2300 level also indicates an upward shift in the central tendency. The moderate

168



Decision Making Advances
Volume 4, Issue 1 (2026) 154-190

difference in standard deviation values suggests a change in the dispersion of price levels, though
this does not inherently imply a clear moderation of volatility. The identical minimum and maximum
values indicate that the same extreme values occurred across the full samples. The shift in quartiles
(Q1 and Q3) is compatible with the general appreciation of price levels, while the decrease in the
skewness coefficient in the second period suggests a more symmetrical distribution. Based on the
kurtosis values, the distribution remained leptokurtic. Overall, the descriptive statistics show that the
post-2017, partially overlapping period is characterized by higher price levels and slightly different
distributional characteristics.

Table 3
Descriptive statistics for period 1 (1 June 2014 to 31 December 2022)
and period 2 (1 June 2017 to 31 December 2025)

Statistic Period 1 (2014-2022) Period 2 (2017-2025)
N 2125 2155
Mean 2127.7048 2295.6713
Median 2189.7500 2300.0000
Standard Deviation 403.6736 364.6779
Min 1452.0000 1452.0000
Max 3873.0000 3873.0000
25th Percentile (Q1) 1786.5000 2155.2500
75th Percentile (Q3) 2328.2500 2494.5000
Skewness 0.8486 0.3730
Kurtosis 1.1217 1.2184

4.1 Forecasting Results for Aluminum in 2022 and 2025

Based on the results of the forecasting experiments for Period 1 (2022), model performance
exhibits significant variations across different forecasting horizons (Figure 1).
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Fig. 1. MAPE indicators for the period 1 January 2022 to 31 December 2022
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In interpreting the MAPE metrics, it must be emphasized that lower values indicate superior
forecasting accuracy. In the short term (H3), the ARIMA (1.72%), DLinear (1.75%), LSTM (1.74%), and
RNN (1.65%) models achieve the lowest errors. In contrast, for the Autoformer and Informer, the
MAPE exceeds 19%, while the N-BEATS shows an error of 21.7%. The weaker performance of complex
models likely stems from the tension between sample size and the extreme noise inherent in
commodity market data, underscoring the importance of "Data Efficiency" in predicting critical raw
materials. In the medium term (H6), the GRU (1.60%) and DLinear (1.63%) continue to perform
exceptionally well, while the errors for the Autoformer (16.97%) and Informer (14.18%) remain
orders of magnitude higher. Over the longer forecasting horizon (H9), the error metrics for ARIMA
and GRU hover around 1.52%, indicating sustained predictive stability. A similar pattern is observed
for H12, where the GRU (1.53%) and ARIMA (1.55%) maintain low error levels. Although Transformer-
based models show improvement as the horizon increases (e.g., TFT: from 11.03% to 5.05%), their
performance still lags behind classical and RNN-based approaches. The N-BEATS consistently
produces high errors across all timeframes (H12: 14.56%), which may suggest a poorer fit to the time-
series structure. Overall, the results indicate that simpler linear or recurrent neural models are more
robust in forecasting aluminum prices.

The results of the forecasting experiments conducted on data for Period 2 (2025) indicate that
model performance continues to exhibit significant disparities across the various forecasting horizons
(Figure 2).
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Fig. 2. MAPE indicators for the period 1 January 2025 to 31 December 2025

In the short term (H3), the GRU (0.89%), RNN (0.90%), LSTM (0.92%), and ARIMA (0.92%) achieve
the lowest error rates. In contrast, the Autoformer (2.32%) and N-BEATS (5.43%) demonstrate
substantially weaker performance, even over short forecasting horizons. A similar pattern is observed
in the medium term (H6), where the GRU (0.96%), RNN (0.96%), and ARIMA (0.98%) maintain a
consistently low error level. In this case, the MAPE for the Autoformer is 4.27%, while the N-BEATS
exceeds 5.8%. Over longer horizons (H9), the GRU and RNN produce MAPE values around 0.89%,
signaling exceptionally stable performance. This tendency persists for H12 forecasts, where the GRU

170



Decision Making Advances
Volume 4, Issue 1 (2026) 154-190

(0.92%), RNN (0.92%), and ARIMA (0.93%) vield the best results. Although the performance of
Transformer-based models improves as the horizon extends, they still significantly lag behind the
accuracy of recurrent neural models, even at H12. Across all examined timeframes, the N-BEATS
consistently shows high MAPE values (H12: 7.02%), indicating weaker empirical performance within
the current data environment and configuration. Overall, the results suggest that the dominance of
simpler and more robust models in forecasting aluminum prices remains sustained in 2025. This is
particularly relevant for decision support systems, where stable, low-error forecasts hold paramount
economic significance. The methodological takeaway of the investigation is that increasing model
complexity does not inherently result in superior forecasting performance. Consequently, parsimony
remains a key design principle in predicting industrial metal prices. Compared to 2022, the 2025
period exhibited more moderate error reactions; however, based on the presence of structural
breaks, it cannot be considered a completely tranquil phase.

The comparison of forecasting results between 2022 and 2025 clearly illustrates the temporal
stability and robustness of the models' performance. In the short term (H3), the MAPE values of the
top-performing models typically ranged between 1.6% and 1.8% in 2022, whereas by 2025, this range
decreased to 0.89-0.92%, indicating a significant improvement in accuracy. A similar trend is
observable in the medium term (H6), where the error of leading models was still around 1.6% in 2022
but fell between 0.96% and 0.98% in 2025. Over longer horizons (H9—H12), the GRU, RNN, and ARIMA
models exhibit stable performance in both years; however, in 2025, their MAPE values consistently
hover around 0.9-0.94%, compared to the 1.5-1.6% levels seen in 2022. Transformer-based models
underperform in both years, although a moderate reduction in error is also observable for them in
2025. The N-BEATS model produces exceptionally high MAPE values in both periods, suggesting
persistently weaker performance under the examined configurations. Overall, the results show that
the relative ranking among models remains largely intact, though its stability cannot be considered
absolute across all market conditions. This observation is particularly valuable for decision-support
applications. The investigation confirms that simpler, parsimonious models remain competitive in
the long run for forecasting aluminum prices.

4.2 Statistical Comparison of Model Performances

Based on the results of the Diebold-Mariano (DM) test conducted on the 2022 aluminum dataset
(Table 4), model pairs can be clearly categorized into those where predictive differences are
statistically verifiable and those where no significant deviation can be detected. During the pairwise
comparison of ARIMA, DLinear, GRU, LSTM, and RNN models, the DM statistics are typically low and
show no significant difference, suggesting that the error performance of these models is closely
aligned across the investigated horizon. In contrast, the N-BEATS, PatchTST, and TFT models exhibit
significant differences at the 1% level compared to several of the aforementioned models, indicating
that their error structures differ substantially from the more parsimonious approaches. In the case
of the TCN model, a significant difference at the 1% level is also observed relative to ARIMA (2.93). It
is observable that the DM values between fundamental types of neural networks (RNN, LSTM, GRU)
consistently remain below critical thresholds, suggesting similar predictive characteristics despite
their methodological diversity. The data suggest that, within the investigated horizon, the complexity
of the model architecture does not always lead to significantly different results. According to Table
4, Transformer-based models, such as Informer and Autoformer, show a significant difference even
when compared to each other at the 1% level (-5.68), indicating that divergent error dynamics can
prevail even within the same model family. The N-BEATS model showed strongly significant
deviations in several examined relations, pointing to its unique statistical position within the sample.
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Table 4

Results of DM tests for Period 1 (Year 2022, 12-month horizon)
ARIMA Autoformer Dlinear GRU Informer LSTM  NBEATS PatchTST RNN TCN TFT
ARIMA -
Autoformer 9.87*** -
Dlinear 0.42 -9.85*** -

GRU -0.42 -9.86*** -1.40 -
Informer 9.77***  -5,68*** Qg 75%** g 77%*x* -
LSTM 0.15 -9.86*** -0.30 1.01  -9.77*** -

NBEATS 12.43*%*  5,9Q9%** 12 43*** 12 44*** 12 A7*** 12 44*** -

PatchTST  9.47***  .9.66*** 9.43*** g 4Q9*** .9 33%%* Q5] *** _1332%** -
RNN 1.12 -9.83*** 1.57 2.12**  9.72%** 117  -12.41%%* .9 37*** -
TCN 2,93**% g gG¥** 3 52%*x 3 g3¥kk Qg TFL¥AkK 3 39%** _12.44%** 9 40%*** 2.80*** -
TFT 7.11***%  -10.01***  7.08*** 7.12*** -11.55%** 7.14%** _14.11*** -5.04*** 7.03*** 7.01***

***p<=0.01; **p <= 0.05; *p<=0.1

The investigation concerning the 2025 horizon (Table 5) shows a partial realignment of significant
differences, reflecting the divergent dynamics of the later stages of the time series. While ARIMA
continues to show no significant deviation compared to the DLinear, GRU, LSTM, and RNN models,
previous differences - such as those between TCN and DLinear (1.51), or PatchTST and Informer (-
1.36) - become statistically negligible over this timeframe. The N-BEATS model remains an exception,
as it exhibits significant differences at the 1% level compared to several examined architectures,
pointing to a consistently distinct predictive characteristic. An interesting observation is the DM
statistic of 2.96 between the TFT and the Informer, which indicates significance at the 1% level,
signaling a detectable difference even between these two Transformer-based solutions. Within the
relationship between the DLinear model and recurrent neural networks (RNN, LSTM), significant
differences emerge at the 5% and 10% levels, suggesting a more differentiated error structure. The
significance pattern among Transformer-based models partially persists, implying that the handling
of long-term dependencies differs in a statistically measurable way across various algorithms. Based
on the aggregated data, the absence of significant differences becomes dominant for a substantial
portion of the models over the 2025 horizon.

Table 5

Results of DM tests for Period 2 (Year 2025, 12-month horizon)
ARIMA Autoformer Dlinear GRU Informer LSTM  NBEATS PatchTST RNN TCN TFT
ARIMA -
Autoformer 7.63*** -
Dlinear 1.44 -7.62%** -

GRU -0.25 -7.68%** .1 .91* -
Informer 4.14%** 7 55%** 3 43%** A 30%** -
LSTM -0.12 -7.68%** 2 04** 0.28  -4.33*** -

NBEATS 10.91*** 8.85*** 10.91*** 10.92*** 10.80*** 10.92*** -

PatchTST 4.31%***  _7.25%** A 55%** 437***  .136 4.70%** -10.83*** -
RNN -0.24 -7.67%*%*  -1.73* 0.00 -4.24*** -0.13 -10.92%** -4.22%** -
TCN 3.02***  .7.58%** 1.51  3.54*** .3,09%** 3.80*** -10.85*** -1.94* 3.43*** -
TFT 7.08*** -6 74*¥** 7 pAX*R*  FAQR** ) QpF** 7 T72*** _10.65%** 6.14%** 7.16*** 6.25***

*¥**p<=0.01; **p <= 0.05; *p<=0.1

4.2.1 MCS tests in 2022

The summary evaluation of the relative efficiency of forecasting models for the 2022 period is
provided by the p-values of the Model Confidence Set (MCS) procedure (Table 6). A higher value for
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these indicators denotes stronger empirical support for a given model to remain within the set of
superior models, although it should not be interpreted as a direct probability. Based on the data, the
GRU model achieves the highest p-value (p = 1.0), clearly placing it within the superior set for the
examined sample. This is followed by simpler neural networks and benchmarks, such as ARIMA and
LSTM (p = 0.689), as well as DLinear (p = 0.68), all of which receive relatively strong empirical support
in this study. At the other end of the spectrum are the more complex Transformer-based and
decomposition models. The extremely low values for N-BEATS (p = 0.001) and PatchTST (p = 0.024)
suggest that these architectures receive significantly weaker support for remaining in the superior
set. The indicators for Informer, Autoformer (p = 0.025), and TFT (p = 0.032) confirm that these
models are less competitive in this empirical environment. The TCN (p = 0.063) and RNN (p = 0.076)
show slightly more favorable, yet still moderate support. Overall, the MCS test results highlight that
for the examined data, simpler models, particularly GRU, ARIMA, and LSTM, provide more consistent
forecasting performance than several of the more complex architectures.

4.2.2 MCS tests in 2025

Based on the MCS procedure for the 2025 period, the GRU model again yields the highest p-value
(p = 1.0), indicating that this architecture clearly remains within the set of superior models for the
examined sample (Table 6). This is closely followed by the RNN (p = 0.999), as well as the ARIMA and
LSTM (p =0.953) group, which also receive strong empirical support. The value for DLinear (p =0.131)
is perceptibly lower but still indicates a more favorable position than the more complex architectures.
At the opposite end of the scale are the complex decomposition and Transformer-based models. The
extremely low p-value for N-BEATS (p = 0.003) suggests that this architecture is not among the most
strongly supported models in the sample. The Autoformer, TFT, PatchTST, and Informer models
consistently produced values of p = 0.028, also indicating weaker empirical support. These results
highlight an important methodological lesson: in modeling aluminum exchange rates, recurrent and
traditional models (GRU, RNN, ARIMA) performed more stably in this empirical environment than
more intricate algorithms built on attention mechanisms. The MCS test confirms the findings of the
previous DM tests, showing that the lack of significant differences among simpler models is
consistent with their collective inclusion in the superior set.

Table 6
Results of MCS tests for Periods 1 and 2 for
12-month horizon

Models p-value (2022) p-value (2025)

NBEATS 0.001 0.003
PatchTST 0.024 0.028
Informer 0.025 0.028
Autoformer 0.025 0.028
TFT 0.032 0.028
TCN 0.063 0.131
RNN 0.076 0.999
Dlinear 0.68 0.131
LSTM 0.689 0.953
ARIMA 0.689 0.953
GRU 1 1
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4.3 Structural Breaks in 2022

Using the PELT and Bai-Perron methods, we examined only those breakpoints identified by both
tests to ensure the robustness of the detected regime shifts. We present a detailed analysis of the
three identified breakpoints. Based on the results (Figure 3), a positive AMAPE is observed for nearly
all models following the break on February 8, 2022, suggesting that the initial shock significantly
degraded forecasting accuracy. The most substantial error anomalies occurred in the complex,
Transformer-based models (Autoformer, Informer, N-BEATS, TFT), whereas ARIMA and the simpler
recurrent and convolutional architectures (GRU, RNN, TCN, DLinear) exhibited substantially lower
sensitivity. This indicates that higher model complexity is initially more vulnerable to abrupt regime
shifts. However, a marked turnaround is observable at the April 28, 2022 break; several deep learning
models show a negative AMAPE, indicating that forecasting performance in the new post-shock
regime surpassed pre-shock levels. Significant improvements are particularly evident for the
Autoformer, Informer, and N-BEATS, suggesting an adaptive learning capability. Regarding the June
10, 2022 break, a mixed pattern emerges: some complex models continue to show improvement,
while recurrent models exhibit a slight decline in performance. The ARIMA model shows relatively
moderate shifts across all three breakpoints, pointing to a more stable but less dynamic adaptation
pattern.
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Fig. 3. Shock sensitivity analysis. Delta MAPE for each model around detected structural breaks in
Period 1 (2022)

The heatmap (Figure 4) reveals clearly regime-dependent error dynamics, transcending simple
differences in average performance. Following the structural break on February 8, 2022, a
pronounced error clustering is observed, particularly for high-capacity Transformer-based
architectures (Autoformer, Informer, N-BEATS, TFT). The abrupt surge in MAPE suggests that the
representation space of these models is heavily calibrated to pre-shock patterns; consequently, the
regime shift initially triggers generalization instability. This phenomenon can be interpreted as
learning over-specialization within a quasi-stationary environment, which rapidly loses validity upon
the impact of an exogenous shock. However, after the second breakpoint (28 April 2022), a visible
error convergence occurs across several complex models, indicating adaptive restructuring. The
gradual decline in error levels shows that these models are capable of internalizing the new volatility
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and trend structures, suggesting a regime-dependent learning capacity. Nevertheless, the speed of
adaptation is architecture-dependent. While the Autoformer and Informer exhibit faster error
reduction, the high error level for N-BEATS persists longer, pointing to divergent inductive biases. In
contrast, classical and lower-complexity models (ARIMA, DLinear, GRU, RNN, TCN) show less extreme
error swings, indicating greater short-term robustness, though the magnitude of their error reduction
is also more moderate. This pattern supports a dynamic interpretation of the bias—variance trade-
off: high-capacity models respond with higher variance during a shock, yet they may achieve lower
regime-specific bias after successful adaptation. Following the third breakpoint, the error structure
becomes more balanced, suggesting that the market is converging toward a new equilibrium and the
models' predictive spaces are stabilizing. The heatmap empirically confirms that structural breaks do
not merely cause temporary performance degradation but generate architecture-specific adaptation
trajectories. The brightening of colors after the shock is not just a reduction in error, but visual
evidence of the architecture's recalibration capability. This supports the recommendation that
shifting toward more complex models is advisable during the post-shock consolidation phase. Model
complexity, therefore, is not an inherent advantage or disadvantage but a regime-dependent
performance factor, interpretable through the interaction between learning dynamics and the
market's structural instability.
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Fig. 4. Model-level errors over time (2022) with structural breaks

The average MAPE values for the one-month intervals before and after the breakpoints (Figure
5) reveal pronounced regime effects, which exhibit an architecture-dependent pattern. In the case
of the February 8, 2022 break, a clear increase in error levels is observable across all models in the
post-shock period, particularly for high-capacity models. For the Autoformer, Informer, and N-BEATS,
the MAPE increases drastically (rising from 15.86% to 26.20% for N-BEATS), indicating significant
generalization instability in the new market environment. In contrast, for ARIMA, DLinear, and the
recurrent models, the increase in error levels is more moderate, suggesting a higher degree of short-
term robustness.
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In the case of the second break (28 April 2022), however, an inverse trend is observable (Figure
6). Several complex models - specifically the Autoformer, Informer, N-BEATS, PatchTST, and
particularly the TFT - exhibit a significant reduction in MAPE during the post-shock period (e.g., from
10.46% to 3.20% for the TFT). This suggests that following the initial turbulent phase, these models
are more effective at internalizing the new trend and volatility structures. This phenomenon points
to a regime-adaptive learning mechanism, where high model complexity becomes an advantage in a
stabilizing yet structurally distinct environment.
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Fig. 6. Pre- and post-break average MAPE performance in Period 1 (1-month before and after
28.04.2022 break)

The pattern is further reinforced following the break on 10 June 2022 (Figure 7). An extreme
reduction in error is observed for the Autoformer (dropping from 10.16% to 2.52%), while for the N-
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BEATS, the MAPE is reduced by more than half (from 15.23% to 6.44%). The PatchTST and TFT models
also exhibit substantial improvements. In contrast, classical and lower-complexity models (ARIMA,
DLinear, GRU, TCN) show only moderate changes, pointing to a stable but less adaptive error profile.
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Fig. 7. Pre- and post-break average MAPE performance in Period 1 (1-month before and after
10.06.2022 break)

4.3.1 Theoretical integration and interpretation for the 2022 period

The error dynamics observed along the structural breaks are consistent in several aspects with
the literature on non-stationary time series and concept drift; however, the correlations presented
here serve primarily as an interpretative framework. The abrupt surge in MAPE following the
February 8, 2022 break suggests that the models were calibrated to the statistical structure of the
pre-shock regime, and adaptation to the new environment temporarily increased forecasting error.
This phenomenon was more pronounced in complex architectures, which may indicate a higher
degree of regime sensitivity within the examined sample. Conversely, the reduction in error following
the April and June breaks is compatible with the possibility that certain models were partially able to
adapt to the new distributional structure. This dynamics suggests a time-varying learning trajectory
rather than static performance differences. The results can be plausibly linked to the Adaptive
Markets Hypothesis: shocks may temporarily increase uncertainty and degrade predictability, while
subsequent consolidation may lead to a partial reduction in error. However, it must be emphasized
that due to the univariate design of this analysis, the direct identification of energy market,
geopolitical, or other external mechanisms is not performed. Accordingly, the theoretical
connections presented should be read not as direct proof, but as interpretative possibilities
consistent with the empirical patterns. The results of Period 1 thus suggest that the relationship
between model complexity and structural instability is non-linear, highlighting the significance of
regime-dependent model selection and adaptive retraining in the forecasting of financial time series.

4.4 Structural Breaks in 2025

Based on our investigations, we conducted a detailed analysis of three specific breakpoints during
this period. According to the results (Figure 8), a positive AMAPE is observable for nearly all models
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following the breakpoint on March 31, 2025, indicating that the initial shock significantly impaired
forecasting accuracy. The most substantial error anomalies occurred in complex, Transformer-based,
and deep neural models - particularly Autoformer, N-BEATS, and TFT - where the AMAPE exceeded
the values of classical and simpler architectures by orders of magnitude. In contrast, ARIMA and the
simpler recurrent and convolutional models (GRU, LSTM, RNN, TCN, DLinear, PatchTST) exhibited
substantially lower sensitivity. This suggests that higher model complexity entails increased
vulnerability during the initial phase of a regime shift. A marked turnaround was observed at the June
11, 2025 breakpoint, as a negative AMAPE appeared across all models. This indicates that, in the new
regime, overall forecasting performance improved compared to the pre-shock state. The most
significant improvements were again seen in complex deep learning models, especially Autoformer,
Informer, TCN, and RNN. This pattern points to an adaptive learning and structural adjustment
capability, meaning that after an initial performance degradation, these models effectively
internalize the new dynamics. For ARIMA and more linear architectures, the improvement was more
moderate, suggesting a stable but less aggressive adaptation mechanism. At the October 6, 2025
break, a mixed pattern emerged once again. Most models showed a positive AMAPE, indicating that
this break posed a renewed challenge to forecasting accuracy. A significant decline in performance
was observed particularly for N-BEATS and Autoformer, suggesting that complex models are more
sensitive to multiple or recurring regime shifts in the context of univariate forecasting. Meanwhile,
simpler recurrent and convolutional models (GRU, RNN, TCN, DLinear) continued to show relatively
moderate shifts, signaling more robust but less flexible behavior. The results demonstrate that the
shock sensitivity and adaptation dynamics of the models are heavily architecture-dependent. While
complex deep learning models react with larger errors during initial regime shifts, they are capable
of significant performance gains following stabilization. Conversely, classical and simpler neural
models exhibit more balanced and stable behavior, but their adaptation potential is more limited,
especially in the face of repeated shocks.
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Fig. 8. Shock sensitivity analysis; Delta MAPE for each model around detected structural breaks in
Period 2 (Year 2025)

The heatmap (Figure 9) reveals a markedly regime-dependent error dynamics that extends far
beyond the differences suggested by aggregated MAPE metrics.
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Fig. 9. Model-level errors over time (2025) with structural breaks

Following the structural break on March 31, 2025, a well-defined error clustering emerges for
several models, particularly among high-capacity, deep learning architectures. For the Autoformer
and N-BEATS models, an intense and prolonged surge in MAPE is observable after the breakpoint,
indicating a highly unstable initial reaction to the regime shift. This suggests that the representation
space of these models was closely fitted to the pre-break patterns; thus, the sudden structural
change induced a generalization problem. This phenomenon can be interpreted as local overfitting
within a quasi-stationary environment, where the learned temporal structures rapidly lose their
validity due to the impact of an exogenous shock. In contrast, the error fluctuations for the Informer
and TFT are less extreme and of shorter duration, which may point to divergent attention
mechanisms and inductive biases, particularly in handling long-term dependencies. Following the
second breakpoint on June 11, 2025, a clear error convergence is observable in several complex
models. The heatmap visually confirms that for the Autoformer and Informer, MAPE levels gradually
lighten, indicating an adaptive representation restructuring. In this case, the models are capable of
internalizing the volatility and trend dynamics of the new regime; thus, adaptation is realized not
merely through parameter fine-tuning, but through the rearrangement of internal temporal
mappings. However, for the N-BEATS model, the higher error level persists longer, suggesting slower
adaptation stemming from the model’s highly deterministic, block-based structure. Conversely,
classical and lower-complexity models, specifically ARIMA, DLinear, GRU, RNN, and TCN, do not
exhibit pronounced error clustering around any of the breakpoints. The temporal progression of their
errors is more homogeneous, and the color scale moves within a narrower range, indicating greater
short-term robustness. At the same time, the heatmap shows that these models do not achieve the
same degree of post-shock error reduction as the more complex architectures, supporting a dynamic
interpretation of the bias—variance trade-off. Following the third breakpoint on October 6, 2025, the
error structure overall becomes more balanced. Although higher error levels reappear for certain
models - particularly N-BEATS - most architectures do not develop such a marked or persistent error
cluster as seen after the first break. This suggests that the market, and in parallel, the models'
predictive space, is converging toward a new, more stable equilibrium, in which the learned
representations are already less vulnerable to further structural shifts. The heatmap thus empirically
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confirms that structural breaks do not merely cause temporary performance degradation but
generate architecture-specific adaptation trajectories. Consequently, model complexity is not an
inherent advantage or disadvantage, but a specifically regime-dependent performance factor
interpretable through the interaction between learning dynamics and market structural instability.

The average MAPE values for the one-month intervals before and after the breakpoints (Figure
10) reveal pronounced regime effects in 2025 as well, exhibiting a clearly architecture-dependent
pattern. Following the March 31, 2025 breakpoint, a distinct increase in error levels is observable
across all models in the post-shock period, signaling the initial destabilizing effect of the regime shift.
The most dramatic degradation again appears in the high-capacity models: for the Autoformer, the
MAPE increases more than fourfold (from 2.49% to 10.16%), while the N-BEATS model also
experiences a significant surge in error (from 4.28% to 8.15%). This points to a pronounced
generalization instability, reflecting a lack of initial adaptation to the new market environment. In
contrast, for ARIMA, DLinear, and the recurrent architectures (GRU, LSTM, RNN), the increase in
MAPE is much more moderate. This pattern suggests short-term robustness, while also indicating
that these models are less sensitive to the finer structural elements of regime shifts.
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Fig. 10. Pre- and post-break average MAPE performance in Period 2 (1-month before and after
31.03.2025 break)

In the case of the second breakpoint on June 11, 2025 (Figure 11), an inverse trend is observable
for most models. During the post-shock period, average MAPE values decreased for nearly all
architectures, particularly among complex deep learning models. The error level for the Autoformer
moderated significantly (from 3.91% to 2.58%), while for the Informer, GRU, LSTM, and RNN, the
MAPE dropped below pre-break levels. This suggests that following the initial turbulent phase, the
models, especially those with higher capacity, effectively internalize the trend and volatility
structures of the new regime. However, for the N-BEATS model, the improvement was more
moderate (from 4.02% to 3.76%), pointing to slower adaptation dynamics resulting from the model’s
highly structured, deterministic architecture. In the case of more classical models, the reduction in
error was stable but limited in magnitude, indicating a balanced but less regime-sensitive behavior.
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Fig. 11. Pre- and post-break average MAPE performance in Period 2 (1-month before and after
11.06.2025 break)

The third break on October 6, 2025 (Figure 12) again presents a heterogeneous picture. For
several models - including ARIMA, DLinear, and the recurrent architectures - the post-break MAPE
increases, pointing to forecasting difficulties caused by the renewed structural shift. However, the
most pronounced degradation is once again observed in the case of N-BEATS, where the MAPE nearly
doubles (rising from 5.41% to 10.66%). This suggests that the model is particularly sensitive to
repeated or cumulative regime shifts, and its adaptive capacity is highly context-dependent. In
contrast, for the Informer and partially the TFT, the increase in error levels is more moderate,
suggesting that the representation mechanisms of these architectures are capable, to some extent,
of buffering the impact of subsequent shocks.

12

10

Average MAPE (%)
(o))

ARIMA
Dlinear

Informer =

Autoformer
NBEATS

B Pre-Break mPost-Break

Fig. 12. Pre- and post-break average MAPE performance in Period 2 (1-month before and after
06.10.2025 break)
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The 2025 results are consistent in several aspects with the literature on non-stationary time series
and concept drift; however, the interpretations formulated here serve primarily as a plausible
explanatory framework. The abrupt surge in MAPE following the March break suggests that the
models were calibrated to the statistical structure of the pre-break regime, which the break modified
discontinuously. This effect was more pronounced in complex architectures, which is compatible with
the possibility of higher regime sensitivity within the examined sample. Conversely, the reduction in
error following the June break may indicate that certain models were partially able to adapt to the
new distributional structure. This dynamics suggests a time-varying learning trajectory rather than
static performance differences. However, the univariate framework does not allow for the direct
identification of individual external mechanisms. Accordingly, the theoretical connections presented
should be treated not as direct proof, but as interpretations consistent with the empirical patterns.
The 2025 results also confirm that the relationship between model complexity and structural
instability is non-linear, emphasizing the importance of regime-dependent model selection and
adaptive retraining.

4.5 Comparative Synthesis of Aluminum: 2022 vs. 2025

In the case of the aluminum time series, the 2022 and 2025 results exhibit qualitatively similar
but quantitatively different regime dynamics. In 2022, the AMAPE analysis associated with the
February break indicates a clear, widespread error shock, particularly among high-capacity deep
learning models. On the heatmaps, this shock appears as a spatially and temporally concentrated
pattern that gradually dissolves. The pre-post MAPE comparison confirms this: following the first
break, the generalization instability of complex models dominates, while in the April and June breaks,
error reduction is observed in several cases. In 2025, a similar mechanism emerges but with a
moderate amplitude. The absolute magnitude of AMAPE values is lower, error peaks on the
heatmaps are shorter-lived, and the pre-post average MAPE differences are more subdued. This
suggests that the predictive instability associated with shocks was more moderate in 2025, rather
than indicating that the market had reached a completely stable or "learned" state. The comparison
between the two years shows that architecture-dependent shock-adaptation dynamics is a recurring
phenomenon, while the magnitude and persistence of errors remain time-varying, market-state-
dependent characteristics. This supports the conclusion that the 2022 analysis carries broader
methodological lessons rather than being an isolated case.

5. Discussion

The findings of this study contribute to the resource policy discourse on critical raw materials and
industrial metals in several ways. A decisive argument in favor of utilizing univariate models is
operational responsiveness. While fundamental macroeconomic indicators are often available only
with significant latency, aluminum futures prices can be processed immediately as high-frequency
data. This enables real-time strategic adaptation, minimizing informational asymmetry arising from
data reporting delays. This interpretation is consistent with the literature emphasizing that
forecasting capability itself constitutes a strategic resource in industrial and resource-policy decision-
making, particularly under conditions of elevated uncertainty and supply-chain vulnerability [12-14].
Reliable and rapidly updateable forecasts may therefore support more resilient procurement
strategies, inventory management, and industrial planning.

One of the most significant findings is that predictive performance is regime-dependent, and
model hierarchies may become unstable during structural breaks. The identification of breakpoints
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based on PELT and Bai-Perron tests empirically supports the view that the price dynamics of the
aluminum market can be decomposed into several distinct structural phases. This observation is
closely aligned with previous literature emphasizing that commodity markets are characterized by
parameter instability, non-linear adjustment mechanisms, and regime-sensitive predictability
[48,49,51,52]. Moreover, the post-2022 environment can be interpreted as a practical manifestation
of the structural vulnerability discussed in recent resource-economics studies, where energy shocks,
geopolitical fragmentation, and financial uncertainty fundamentally altered commodity market
dynamics [56-59]. Our results (see Figure 1 and Figure 2) demonstrate that during turbulent periods,
parsimonious models such as ARIMA or GRU provide a more stable forecasting foundation for
strategic inventory decisions than more complex architectures. This result is broadly consistent with
empirical findings suggesting that simpler or hybrid approaches may outperform highly
parameterized deep learning architectures in noisy and structurally unstable environments [43-45].
Although recurrent neural architectures are capable of capturing non-linear dependencies, the
present results indicate that excessive model complexity may amplify sensitivity to abrupt structural
changes. The relatively stable performance of ARIMA, GRU, and LSTM across multiple horizons
further supports the argument that robustness and generalization capacity may be more valuable
than marginal improvements in in-sample optimization. This result transcends purely methodological
guestions; however, identifying deeper economic mechanisms within the current univariate
empirical framework is inherently limited. Due to its energy-intensive production structure,
aluminum prices may be particularly sensitive to energy market volatility and input-cost shocks, but
the direct testing of these channels is outside the scope of this study. Nevertheless, the findings
remain compatible with previous studies emphasizing the strong interdependence between
industrial metals, energy markets, and macroeconomic cycles [10,25,34]. The structural breaks
identified around 2022 and 2025 also coincide with the broader global environment characterized by
energy crises, supply-chain disruptions, and heightened geopolitical uncertainty discussed
extensively in the literature [61-63]. The results indicate that increasing model complexity did not
yield a systematic advantage. In several cases, Transformer-based architectures underperformed
relative to parsimonious benchmark models. Within the current data environment and configuration,
this suggests that the structural uncertainty of commodity markets may limit the benefits of complex
architectures. Similar conclusions appear in recent forecasting literature, where the predictive
superiority of high-capacity models is found to be highly regime-sensitive and dependent on the
stability of the underlying distribution [11,69,70]. In structurally unstable environments, the flexibility
of attention-based architectures may come at the cost of increased variance and reduced short-term
robustness. The strong performance of recurrent models in the Model Confidence Set analysis
suggests that architectures balancing adaptability and parsimony may be particularly advantageous
for industrial commodity forecasting. Consequently, the interpretation of predictive performance
gains a resource-policy dimension. Supply security and industrial policy decisions, such as strategic
stockpiling, long-term procurement contracts, or capacity expansion investments, are implicitly built
upon future exchange rate trajectories. If model superiority is regime-sensitive, robustness and
stability of dominance may be more important for decision-makers than marginal differences in
accuracy. This interpretation aligns with the broader resource-policy literature emphasizing that
predictive uncertainty itself should be treated as a strategic risk factor in industrial resilience planning
[5,18,37]. The findings therefore support the argument that forecasting models should not be
evaluated exclusively through conventional statistical metrics, but also through their capacity to
maintain stable performance under structurally changing market conditions. Based on the results,
simpler ARIMA-based models and recurrent neural networks (GRU, LSTM) were more stable
members of the Model Confidence Set, indicating lower forecasting risk. This observation is
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compatible with the literature suggesting that recurrent architectures are particularly effective in
capturing temporal dependencies and medium-term cyclical dynamics in commodity markets
[41,42]. At the same time, the weaker relative performance of certain Transformer-based
architectures indicates that the advantages of attention mechanisms may not automatically
materialize in financial environments characterized by abrupt breaks, high noise levels, and limited
sample sizes. The results therefore reinforce the importance of architecture-specific evaluation
rather than assuming universal superiority of newer deep learning frameworks. The study’s findings
suggest that commodity market forecasting is not merely an algorithmic optimization problem but a
task constrained by structural uncertainty. Integrating methodological discipline, model parsimony,
and robustness testing is therefore crucial to ensuring resource-policy relevance. In this sense, the
turbulent post-2022 period may be interpreted as a stress-test environment demonstrating that
predictive performance itself becomes endogenous to the prevailing market regime. Consequently,
future forecasting frameworks for industrial metals may benefit from adaptive retraining procedures,
regime-sensitive model selection, and explicit treatment of uncertainty, particularly in the context of
critical raw materials and industrial resilience strategies.

5.1 Theoretical Implications

The findings advance the theoretical understanding of regime dependence in forecasting
performance. By showing that predictive dominance is not fixed but shifts with structural breaks, the
results lend empirical support to the Adaptive Markets Hypothesis and to the concept-drift literature,
and they suggest that model complexity should be theorized as a source of variance under
distributional change rather than as a uniform predictor of accuracy.

5.2 Practical Implications

For practitioners engaged in inventory planning, procurement, and short-term hedging, the
results recommend prioritizing robust, parsimonious models - ARIMA, GRU, and RNN - over more
complex Transformer-based architectures, particularly when forecasts must remain reliable through
periods of structural change rather than only under stable conditions.

5.3 Managerial Implications

Decisions on strategic stockpiles, long-term supply contracts, and capacity investments should
incorporate an explicit assessment of model instability, not average accuracy alone. In this sense,
choosing a forecasting model under regime uncertainty is itself a multi-criteria decision problem, in
which accuracy must be weighed against stability, complexity, and interpretability rather than
optimized in isolation; this framing is consistent with the broader body of work that pairs machine-
learning-based predictive tools with structured multi-criteria decision-making frameworks to support
transparent, data-driven choices in other applied decision domains [86]. Embedding this trade-off
explicitly into procurement and risk-management practice can reduce the exposure of industrial
decision-makers to the instability documented in this study.

6. Conclusion

This study compared the forecasting performance of eleven widely used time-series forecasting
models for aluminum futures prices, including classical econometric approaches, recurrent neural
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networks, convolutional architectures, and recent Transformer-based models. The analysis was
conducted using daily aluminum futures data and multiple forecasting horizons, allowing the
evaluation of model behavior under different market conditions represented by the 2022 and 2025
forecasting periods. The empirical results reveal substantial heterogeneity in forecasting
performance across model families. Recurrent neural network architectures, particularly GRU and
RNN, consistently achieved the lowest forecasting errors across most horizons, while the classical
ARIMA model remained highly competitive despite its relatively simple structure. In contrast,
Transformer-based architectures such as Informer, Autoformer, and TFT generally failed to
outperform simpler alternatives. Similarly, N-BEATS exhibited comparatively weak forecasting
performance in both evaluation periods. These findings indicate that increasing model complexity
does not automatically lead to improved forecasting accuracy in aluminum futures markets. The
statistical comparisons based on Diebold—Mariano tests and Model Confidence Set procedures
further support this conclusion. Although differences between the best-performing models were
often limited, the results suggest that forecasting superiority is not determined solely by architectural
sophistication. In several cases, relatively simple approaches produced forecasting accuracy
comparable to, or better than, substantially more complex deep learning models. An important
finding of the study is the relative stability of model rankings across the two evaluation periods. While
forecasting errors differed between 2022 and 2025, the strongest-performing models remained
largely unchanged. This suggests that recurrent neural network architectures and ARIMA-based
approaches provide robust forecasting performance under a range of market conditions. At the same
time, the results also demonstrate that no single model can be considered universally optimal across
all forecasting horizons and environments. From a methodological perspective, the findings
contribute to the growing literature questioning whether increasingly complex forecasting
architectures necessarily provide superior predictive performance in financial and commodity
markets. The results support previous evidence suggesting that simpler and more parsimonious
models can remain highly competitive when forecasting noisy and structurally unstable time series.

The study is subject to several limitations. First, the analysis employs a univariate forecasting
framework based exclusively on aluminum futures prices. Consequently, potentially informative
exogenous variables such as energy prices, exchange rates, industrial production indicators,
inventories, or measures of geopolitical uncertainty were not incorporated. Second, the evaluation
focuses on a single commodity market, which may limit the generalizability of the findings to other
raw materials. Third, although the selected periods capture different market environments, future
research could employ rolling-window or regime-switching frameworks to examine forecasting
performance under a broader range of market conditions.

Future research may extend the analysis by incorporating multivariate forecasting frameworks,
probabilistic forecasting methods, ensemble approaches, and adaptive model-selection procedures.
Such developments may provide further insights into the conditions under which advanced machine
learning architectures can generate meaningful forecasting improvements in commodity markets.
Overall, the results demonstrate that model complexity alone is not a sufficient predictor of
forecasting success. For aluminum futures forecasting, parsimonious econometric and recurrent
neural network approaches remain strong benchmarks and, in many cases, outperform considerably
more sophisticated forecasting architectures.
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