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Abstract.

Purpose: There are several forecasting methods, including SARIMA, LSTM, and GRU, which are often claimed to exhibit strong
performance in capturing patterns in time series data. However, few studies have conducted direct comparisons among these methods.
Therefore, it is necessary to conduct a performance evaluation using empirical data, particularly nickel prices data. This study also
aims to improve forecasting performance by combining prediction outputs from deep learning-based models.

Methods: This study utilized data on monthly global nickel prices from January 1990 to May 2025. The models developed include
SARIMA, LSTM, GRU, and two ensemble approaches: Weighted Averaging and Bayesian Model Averaging (BMA). Model
validation was conducted using walk-forward validation with a sliding window approach to evaluate each model’s generalization
performance on out-of-sample validation data. The performance was evaluated using MAPE, RMSE, and MAE.

Result: The BMA Ensemble approach shows the best performance in forecasting nickel prices, with a MAPE value of 5.39%, RMSE
of 1897.84, and MAE of 1133.96. Prediction validation produces MAPE values below 10%, which indicates that the forecasting
results are accurate. The ensemble BMA approach is able to produce more accurate and stable predictions compared to other models.
Novelty: This study offers a novel approach combining LSTM and GRU through ensemble methods to forecast global nickel prices
using monthly historical data from 1990 to 2025. In contrast to previous studies that relied on single models, the proposed method
with the ensemble BMA approach demonstrates improved forecasting accuracy and stability.
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INTRODUCTION

In recent development, the use of a seasonal model has been developed rapidly. One of the seasonal models
is Seasonal Autoregressive Integrated Moving Average (SARIMA). SARIMA is a development of the
ARIMA model designed to handle seasonal components in time series data by adding seasonal parameters
to the ARIMA model. This method often assumes a linear relationship between variables, which may not
be appropriate in complex systems. This limitation makes it difficult for the method to capture nonlinear
patterns that are often found in time series data [1].

Along with the development of information technology, deep learning-based methods such as Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) are currently being developed to analyze time
series data more adaptively in capturing complex and nonlinear patterns in the data. Both methods were
used to overcome the weakness of Recurrent Neural Network (RNN) in handling long-term dependency
due to the vanishing gradient problem [2]. Study [3] compared the RNN, LSTM, and GRU methods for
economic and financial data. The results show that GRU consistently provides the best performance.
Although both methods have proven effective in modeling complex time series, each model’s performance
may differ according to the characteristics of the data. Therefore, a combination of these methods can be
an alternative solution to improve prediction accuracy and precision. Combining forecasting results from
different methods is often more effective than choosing the best one from a single model [4]. [5]
Demonstrated that ensembles can reduce the variance and bias of individual models, thereby improving the
robustness of predictions.

Forecast combination can be carried out using the ensemble weighted averaging approach, in which each
model is assigned a weight based on its performance. Models with lower error rates are given higher
weights. Referring to [6], there is another approach, namely Bayesian Model Averaging (BMA), which
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combines prediction results by considering the probability distribution of each model. The weights are
based on the posterior probabilities, resulting in a more accurate and precise prediction combination. A
study by [7] shows that ensemble BMA can improve prediction accuracy. This study tells that ensemble
BMA is significantly more accurate in out-of-sample predictions compared to the individual models that
comprise it.

Forecasting of time series data has been extensively conducted for various commodities, one of which is
nickel prices. Nickel prices data is selected in this research due to its strong relevance to the Sustainable
Development Goals (SDGs), particularly Goal 8: Decent Work and Economic Growth. Nickel is one of the
world’s most important metal commodities, widely used across various industries. It is chiefly employed
in the manufacture of stainless steel and other high-temperature and corrosion-resistant alloys. As a
strategic industrial metal, nickel also plays a vital role in the energy sector, electric vehicle (EV) battery
production, power generation, coin manufacturing, acrospace, and military fields. Its broad range of uses
highlights nickel’s critical contribution to modern technology and industrial development [8], [9], [10].
Nickel prices tend to fluctuate sharply due to various influencing factors. Therefore, accurate forecasting
of nickel prices is crucial to support sound decision-making by governments, industry players, investors,
and market analysts.

Several previous studies have been conducted for nickel price forecasting. A study by [11] utilized an
LSTM model optimized with the Improved Particle Swarm Optimization (PSO) algorithm. The results
showed that the PSO-LSTM method achieved good performance, with an MAPE of 4.11%. Another study
by [12] also, compared the performance of LSTM and GRU models for nickel price forecasting. The results
indicated that both LSTM and GRU effectively predicted nickel price fluctuations, with MAPE values of
7.060% and 6.986%, respectively. Additionally, GRU is 33% more computationally efficient than LSTM.
Beyond these single-model approaches, ensemble methods have also been applied in other commodities,
such as crude oil, where [13] demonstrated that combining multiple models improved forecasting accuracy.

Previous studies mainly focused on comparing individual models. They have not examined the comparison
among statistical, deep learning, and ensemble models for forecasting nickel prices. This study aims to fill
that gap by comparing the performance of SARIMA, LSTM, GRU models, as well as the ensemble
approaches of weighted averaging and BMA to combine LSTM and GRU forecasts, to identify the most
accurate approach for forecasting nickel prices. The use of BMA in this context is a relatively unexplored
approach, making it a novel contribution of this study. [14] showed that BMA can enhance forecast
accuracy in exchange rate prediction. This method is expected to provide more accurate forecasts for nickel
prices. The best-performing model based on the evaluation results will then be used to forecast nickel prices
for the next 12 months, which can support stakeholders in anticipating market fluctuations and making
better investment and policy decisions.

METHODS

Data Description

Global nickel prices on a monthly basis ($/mt) are used in this study, starting from January 1990 to May
2025, with a total of 425 observations. The data were obtained from the World Bank and sourced from the
London Metal Exchange (LME), representing nickel prices in the global market.

Flowchart

In general, the workflow of this study includes data exploration, splitting the data into training data (January
1990 - December 2019) and testing data (January 2020 - May 2025). Modeling is carried out using
SARIMA, LSTM, GRU, and ensemble methods. The best model is determined based on the smallest error
values, namely Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE). Finally, the best-performing model is subsequently used to produce a 12-month
forecast for June 2025-May 2026, which extends beyond the available dataset. The research workflow is
illustrated in Figure 1.
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Figure 1. Research Flowchart

Seasonal Autoregressive Integrated Moving Average (SARIMA)
SARIMA is denoted as ARIMA (p, d, q)(P, D, Q)°. The general form of the SARIMA model is expressed
in Equation 1.

¢p(B)Pp(B*)(1 — B)*(1 — B)PY, = 6,(B)0y(B¥)e, e

where (p,d, q) represent the orders of the non-seasonal Autoregressive (AR), non-seasonal differencing,
and non-seasonal Moving Average (MA) components, respectively. (P,D, Q) denote the seasonal
components of the model, with S as the number of seasonal periods and B as the backshift operator [15].

The SARIMA modelling procedure consists of the following steps:

1) Checking the stationarity of variance and mean. If the data are not stationary in variance and mean, a
Box-Cox transformation and differencing are applied.

2) Identifying the model by examining the plots of the Autocorrelation Function (ACF), Partial
Autocorrelation Function (PACF), and Extended Autocorrelation Function (EACF).

3) Estimating parameters and testing the significance of the estimated parameters from the tentative model.

4) Conducting a series of model diagnostic tests to assess the model's adequacy for the data. Diagnostic
tests include testing the independence of residuals, the homogeneity of residual variance, and the
normality of residuals.

5) Performing overfitting by increasing the orders of p,q, P, and Q from the tentative model while still
ensuring that the model meets parameter significance and residual assumptions.

6) Using the lowest Akaike’s Information Criterion (AIC) value to determine which SARIMA model is
the best.

Long Short-Term Memory (LSTM)

LSTM was first introduced by Hochreiter and Schmidhuber in 1997 as an improvement to the RNN
architecture [16]. It replaces the update mechanism in the hidden layer of a standard RNN with a specialized
structure known as the memory cell or cell state. This component can store and retain information over
extended time periods [17]. Furthermore, the three gates of the LSTM, the forget, input, and output gates,
control the information flow in the network. LSTM architecture is illustrated in Figure 2.
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Figure 2. LSTM Architecture [18]
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The LSTM architecture processes sequential information through several key components. The forget gate
(Equation 2) determines which information from the previous cell state (cy_;) should be retained or
discarded. The input gate (Equation 3), together with the candidate memory vector g, (Equation 4),
regulates the new information to be stored. The cell state (cy) is updated by combining the information
from the forget gate and the input gate, as shown in Equation 5. The output gate (Equation 6) is computed
using a sigmoid activation function and determines the proportion of the cell state to be realesed at the
current time step. The hidden state (h;) in Equation 7 is then obtained by multiplying the output gate value
(0x) by the cell state (c;) after it has been activated with the tanh function. The value of ¢, and h; become
the outputs of the LSTM model to be used in the next step. In practice, the gate mechanisms allow the
model to balance long-term patterns with short-term fluctuations when applied to nickel price data. The
input and output gates make sure that recent market signals are included in the prediction process, while
the forget gate lessens the effect of transient shocks. This allows the LSTM to capture both overall trends
and sudden changes, which are common in commodity prices such as nickel.

Gated Recurrent Unit (GRU)

GRU was first introduced by Kyunghyun Cho in 2014 [19]. GRU has two main gates: the reset gate and
the update gate. In the GRU architecture, the update gate combines the functions of the input gate and forget
gate found in LSTM. Meanwhile, the reset gate replaces the role of the output gate in LSTM. GRU
architecture is illustrated in Figure 3.
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Figure 3. GRU Architecture [18]
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The information update process in GRU begins with the reset gate (r), which determines the extent to
which information from the previous (hy_;) is retained (Equation 8). The update gate (z;) controls the
extent to which the previous hidden state (hj_,) is retained (Equation 9). Subsequently, the candidate
hidden state (g; ) is computed using Equation 10. The updated hidden state (hy,) is then obtained based on
Equation 11. Finally, the model output (y) is determined by multiplying the hidden state by the
corresponding weights, as described in Equation 12. In practice, GRU can balance long-term patterns with
short-term fluctuations. The reset gate reduces the impact of historical data during abrupt market
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movements, and the update gate takes into account recent price changes, so that GRU is effective for
capturing both long-term patterns and sudden changes in erratic commodity markets.

Ensemble Forecast

The ensemble forecasting approach is applied to combine the prediction results from the developed models.
Two ensemble methods utilized in this study are weighted averaging and BMA. Weighted averaging
produces a combined output by calculating the mean of the individual model outputs using assigned
weights, where each model is given a weight that reflects its level of importance or contribution. This
importance indicates the extent to which a model’s predictions are trusted or influential in generating the
final forecast. More accurate models are assigned larger weights, thereby exerting a greater influence on
the overall result. In this study, the weights were determined based on the RMSE calculated on data
validation, with lower RMSE values corresponding to higher weights. Specifically, the combined prediction
H(x) using weighted averaging is given in Equation 13 [20].

T
V()= ) () (13)

where Y (x) represents the combined prediction of all models, y; (x) denotes the prediction of the i-th
individual model, T is the total number of models used, and w; is the weight assigned to the i-th model.
The weights w; are subject to the following constraints: w, = 0 and XN_, w,, = 1.

BMA was originally developed as a method to combine predictions and inferences from multiple statistical
models. [21] extended the application of BMA to post-analysis statistical processing for forecast ensembles.
BMA integrates various forecasting results by accounting for prior uncertainty regarding the best model.

Let y* denote the quantity to be predicted at time t* € T*. The previous predictions for y* at periodt € T
are generated by K models: M, M5, ..., M. Each model My is assumed to follow a prior probability
distribution My ~ w(M,) and the Probability Density Function (PDF) for y* is p(y*|M,). By applying
Bayes’ rule, the posterior probability p(M,|y™*) is calculated as shown in Equation 14.

p M) (M)

My ly™) = . (14)
R STICRITAL )
The marginal predictive PDF is expressed in Equation 15.
K
PO = ) pG 1M p(Myly?) (s)
k=1

The BMA PDF can be interpreted as a weighted average of the component PDFs, where the weights are
determined by the performance of each model during the previously observed period T. In a dynamic
setting, the data are partitioned into three periods: training, validation, and testing. The combined forecast
is then computed as shown in Equation 16.

K
£ 1) = Z wegic (v
k=1

where wy, € [0,1] represents the weight of model k and satisfies Y,X_, wy, = 1. In simple terms, these
weights are associated with the predictive performance of each component model during the validation
period, while also considering the extent to which each model provides distinct or unique information (e.g.,
predictions from one model differ from those of others) [7].

s|t*

p(y £ (16)

Walk Forward Validation (WFYV)

Model validation was conducted using the Walk Forward Validation (WFV) approach, which evaluates the
model's ability to generalize previously unseen data by using sequential training and validation windows.
This method employs a fixed-length sliding window strategy, in which both the training and test sets
maintain a constant size while moving forward in time [22]. In this study, a 24-month shift was applied at
each iteration to simulate periodic model re-training and evaluation. The training data were divided into six
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subsets (windows), each consisting of sequentially organized training and validation sets that followed the
temporal structure of the dataset. There were 24 months (2 years) of validation data and 216 months (18
years) of training data in each window. To make sure that the validation periods in each window did not
overlap, a 24-month shift was selected. The details of the data split for each window are presented in Table
1. Meanwhile, data from January to May 2025 were kept separate as the final testing set for out-of-sample
prediction.

Table 1. Splitting data for walk forward validation

Window Training Data Validation Data
(January — December) (January — December)
1 1990 — 2007 2008 — 2009
2 1992 — 2009 2010-2011
3 1994 — 2011 2012 -2013
4 1996 — 2013 2014 - 2015
5 1998 — 2015 2016 —2017
6 2000 — 2017 2018 —2019

Model Evaluation

Model evaluation is a critical stage for assessing the performance of the forecasting models. Forecasting
accuracy serves as a key measure to determine how well the methods perform in predicting data. One
common approach to evaluate models is by calculating error metrics such as MAPE, RMSE, and MAE.
MAPE measures the average prediction error as a percentage. RMSE focuses on the square root of the mean
squared differences between actual and predicted values, assigning greater weight to larger errors. MAE
calculates the average error based on the absolute differences between actual and predicted values [23]. The
formulas for MAPE, RMSE, and MAE are presented in Equation 17.

[o, (-7’ Sl 7|
X 100% ; RMSE = |==r—— MAE = =210 (17)
n n

where Y, denotes the actual nickel price at period t, ¥, is the predicted value of nickel price at period t,
and n is the number of predicted observations [24].

_lyn | fo
MAPE = >3, | -

RESULT AND DISCUSSION

Data Exploration

The global nickel prices from January 1990 to May 2025 exhibit a fluctuating pattern with several periods
of sharp spikes and declines, as illustrated in Figure 4(a). The most significant surge occurred in May 2007,
when prices reached over USD 50,000 per ton. This extreme increase was driven by massive demand from
China, fueled by the rapid growth of its stainless-steel industry [25], [26]. In 2008, nickel prices experienced
a steep decline due to the global financial crisis. Between 2009 and 2012, the global economy began to
recover, industrial capacity increased, and nickel prices rose again [27]. Indonesia’s ban on nickel ore
exports in 2014 further contributed to rising global nickel prices by reducing supply for the world’s nickel
processing industries [28]. Prices climbed again in 2021, driven by a significant surge in nickel demand,
which was also supported by increased stainless steel production and soaring demand for electric vehicle
batteries [29], [30]. Russia’s invasion of Ukraine triggered concerns over global supply, leading to a sharp
price spike in early 2022 [31].

—— All Data
500001 ____ Train-Test Split ﬂ

—— Original i
Trend

Seasonal “

\

50000
40000

30000

|
|
h
|

0000 rr m

kel Price (USD/ton)
o

|
J \'\ ’Mi f u \. 20000
20000 [

ic

N

10000

N Py
RN i

1950 1992 1994 1995 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2024 2026 [ 100 200 300 400
Period

(a) (®)

616 | Scientific Journal of Informatics, Vol. 12, No. 4, Nov 2025



Figure 4. (a) Plot of nickel prices data from January 1990 to May 2025; (b) Decomposition result of
nickel prices

The decomposition of nickel prices data using Seasonal-Trend decomposition based on Loess (STL) is
presented in Figure 4(b). This method separates a time series into three main components: trend, seasonal,
and residual. In the displayed graph, only trend and seasonal components are presented to visualize the
underlying tendencies and seasonal fluctuations in the data. The decomposition results indicate that the
trend component exerts a dominant influence on the dynamics of nickel prices, while the seasonal
component appears relatively small but still reveals a consistent seasonal pattern within the data.

SARIMA Model

An essential step before building the SARIMA model is to check data stationarity. This model assumes that
the data are stationary, that is, they have constant mean and variance over time. The initial check can be
done visually through the rolling mean and standard deviation plots shown in Figure 5. The data can be
regarded as stationary if the rolling mean and rolling standard deviation plots show little variation over time
or appear to be flat. On the other hand, the data is probably non-stationary if the graphs exhibit significant
fluctuations. The visualization result shows a change in the mean and standard deviation over time, which
indicates that the data is not yet stationary. This result is validated through statistical testing, namely the
ADF test (p-value > 0.05) and the Bartlett test (p-value < 0.05), which means that the data is not stationary
in mean and variance.
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Figure 5. Plot of the rolling mean and rolling standard deviation of nickel prices

Transformation is applied to make the data stationary in variance, and differencing is used to make the data
stationary in mean. The visualization of the data after transformation and first-order differencing is
presented in Figure 6. Following these steps, the data pattern appears more stable, indicating that the
stationarity assumption has been satisfied.
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Figure 6. Log-transformed (a) and differenced (b) plots of nickel prices
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Identification of order p, q, and P, Q The SARIMA model was carried out using ACF, PACF, and EACF
plots applied to the first differenced series. Based on the identification results from the stationary data, the
tentative SARIMA model is presented in Table 2.

Table 2. Parameter estimates of the tentative SARIMA model

Model Parameter Coefficient p-value AIC Model Parameter Coefficient p-value AIC
ARIMA(1,1,0)(1,1,0)" (Z’l 0322 0.000% (. 8 ARIMA(0,1,1)(0,1,1)"2 ?1 0-270 - 0.000% -753.89
A d, 0483  0.000% : A 8, -0.989  0.001* :
&, 0.270 0.000* é, 0.699 0.000*
ARIMA(1,1,0)(3,1,0)2 1 07600007 o6 ARIMA(1,1,2)(1,1,0)"2 2 0399 00T st
A o, -0.536  0.000% : AL o, -0.086 0.319 :
o, <0205 0.000% o, 0485  0.000%
&, 0.271 0.000* o, 0.307 0.000*
ARIMA(1,1,0)(2,1,0)" o, -0.675 0.000* 633,68 ARIMA(0,1,2)(0,1,1)"> 6, 0.109 0.036* _755.82
o <0392 0.000% ' ® -0.991 0.010%

2

[y

*Parameter estimates are significant at 5% significance level

The ARIMA(0,1,2)(0,1,1)!> model is identified as the optimal model based on having the lowest AIC value
compared to other models. Each parameter estimate in the model is significant as indicated by a p-value
that is smaller than the 5% significance level. The model diagnostic tests, including tests for residual
independence, homoscedasticity, and normality, show p-values greater than the 5% significance level,
indicating no assumption violations. Thus, the model can be considered valid for forecasting. The
ARIMA(0,1,2)(0,1,1)!>2 model was further overfitted by alternately increasing the orders of p, g, P, and Q
from the initial model to explore the possibility of a better-fitting model. The results of overfitting model
are presented in Table 3.

Table 3. Parameter estimates of the overfitting model

Model Parameter  Coefficient z p-value AIC
o, 0.3027 5.679 0.000*
a9, 0.0981 1.865 0.062
ARIMA(0,1,3)(0,1,1)"? 9, -0.0511 -1.044 0.296 -754.781
0, -0.9910 2.618 0.009*
o, 0.3054 5.647 0.000*
0, 0.1135 2.194 0.028
ARIMA(0,1,2)(0,1,2)" 0, -1.0757 -4.091 0.000* -755.755
0, 0.0869 1.631 0.103

*Parameter estimates are significant at 5% significance level

Based on the results of the model overfitting, it can be observed that both models have parameter estimates
that are not significant at the 5% significance level. This indicates that, the most appropriate SARIMA
model is ARIMA(0,1,2)(0,1,1)!2. The final form of this model, including the estimated coefficients, is
presented in Equation 18.

(1 —B)(1 - B12)Y, = (1 + 0.307B + 0.109B2)(1 — 0.991B2)¢, (18)

LSTM and GRU Models

To make sure compatibility with the network architecture, LSTM and GRU modeling started with a data
preparation step. This step involved normalizing the data, changing the input dimensions, and converting
the time series into a supervised learning format. Both models employed a similar architecture, consisting
of a primary layer (either LSTM or GRU) followed by a dropout layer to mitigate the risk of overfitting,
and a dense layer serving as the final output.

The number of neurons, learning rate, number of epochs, and optimizer were among the parameter
combinations that were tested in order to find the best hyperparameters. The number of neurons refers to
the number of hidden units in the LSTM and GRU layers. The more neurons used, the higher the model
representation capacity, although this may also increase the risk of overfitting. Learning rate is a parameter

618 | Scientific Journal of Informatics, Vol. 12, No. 4, Nov 2025



that sets the step size in the weight update process during training. Epoch is the number of full iterations
when all the training data is used to update the network weights. Batch size refers to the number of data
samples used for one model parameter update. The hyperparameters were tuned using the following value
ranges: neurons (32, 64, 100, 150, and 200), learning rates (0.01, 0.001, and 0.0001), epochs (50 and 100),
batch size (32), and optimizers (Adam and RMSprop). The best hyperparameter combination is determined
based on the smallest validation loss or error value during the model training process. The tuning process
is performed through a grid search approach combined with a walk-forward validation scheme through a
sliding window technique. At this stage, the training data is divided into six subsets, each consisting of
training and validation data, as shown in Table 1. An early stopping mechanism was employed during
training, in which the process was halted once the validation performance ceased to improve. This approach
helps reduce the risk of overfitting while preserving the model’s ability to generalize. The best
hyperparameter combination for both LSTM and GRU models consists of 200 neurons, a learning rate of
0.001, batch size of 32, and the Adam optimizer. The only difference lies in the number of epochs 100 for
LSTM and 50 for GRU.

Model Evaluation

The performance of all models was evaluated using MAPE, RMSE, and MAE. The evaluation was
conducted on the testing data covering the period from January 2020 to May 2025. The evaluation results
are presented in Table 4. Lower values for each metric indicate better predictive performance of the model.

Table 4. Model evaluation

Model MAPE RMSE MAE

ARIMA(0,1,2)(0,1,1)!*  20.7%  6275.23  4545.33
Single Model LST™M 5.93%  1977.11 1238.61

GRU 5.45%  1891.80 1150.82
Ensemble Model Weighted Averaging 5.63% 192434 1186.49
(LSTM-GRU) BMA 539%  1897.84 1133.96

Based on the evaluation results, the SARIMA model as a baseline shows the lowest prediction performance,
with a MAPE value of 20.7%, RMSE of 6275.23, and MAE of 4545.33. The LSTM and GRU models
significantly improve performance compared to SARIMA. Among the two, the GRU model provides better
results with a MAPE of 5.45%, RMSE of 1891.80, and MAE of 1150.82. The ensemble method is applied
by combining predictions from LSTM and GRU through two approaches, namely weighted averaging and
BMA. The evaluation results show that the single GRU model performs better than weighted averaging.
The BMA method produces the lowest prediction error value (MAPE 5.39%, RMSE 1897.84, MAE
1133.96), with posterior weights of 0.49 for LSTM and 0.51 for GRU, although the difference is relatively
small compared to the GRU single model. The visual results of predictions using single models, ensemble
models, and the best-performing models for forecasting are presented in Figure 7.
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Figure 7. Prediction plots on test data using (a) single models; (b) ensemble models; (c) both single and
ensemble models; (d) a 12-month ahead forecast of monthly nickel prices

Figure 7(a) shows that GRU and LSTM models can follow the data patterns well. The GRU model is a
slightly better fit to the actual data than the LSTM model, although the difference in performance is
relatively small. In contrast, the SARIMA model struggles to capture the data patterns, particularly during
significant spikes. Meanwhile, Figure 7(b) shows that the two ensemble methods weighted averaging and
BMA also produce smoother predictions that are closer to the actual data. Among all the methods, BMA
demonstrates higher accuracy in capturing nickel price fluctuations, as shown visually in Figure 7(c) and
based on evaluation metrics in Table 4. Based on these evaluation results, nickel price forecasting for the
next 12 months (June 2025-May 2026) was conducted using the two best-performing models, namely GRU
and BMA, as illustrated in Figure 7(d). The forecasting period extends beyond the available historical
dataset, meaning that the models generate future values based solely on the learned patterns and
dependencies from past data, without having access to actual observations for that period. In the BMA
method, the forecasts are generated through a weighted combination of predictions from the LSTM and
GRU models, with the weights determined by the posterior probabilities of each model. The forecasting
results indicate that both the GRU and BMA models forecast a consistent decrease in nickel prices
throughout the forecasting period.

CONCLUSION

The performance of SARIMA, LSTM, GRU, and ensemble methods for nickel price forecasting was
compared in this study. Two ensemble methods were used: weighted averaging and BMA. These ensemble
approaches were applied to combine the predictive outputs of the LSTM and GRU models. The results
showed that GRU was the best-performing single model compared to SARIMA and LSTM. Meanwhile,
the ensemble BMA produced the most accurate and stable predictions, although its performance margin
over GRU was relatively small. A Diebold—Mariano test indicated that the difference in forecast accuracy
was not statistically significant (p-value > 0.05). Despite these findings, the study has some constraints.
The forecasting models were built only on past price data and did not include other economic indicators
such as global steel production, EV sales, or exchange rates, which might improve accuracy. In addition,
applying deep learning and BMA requires considerably more computational effort than SARIMA. With
these points in mind, future research could test the inclusion of exogenous variables in LSTM and GRU,
and examine other ensemble frameworks like stacking.
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