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Abstract

Gold price forecasting has long been a significant atea of empirical and academic research, given gold's role as a safe-
haven asset and a hedge against market instability for investors and central banks worldwide. This paper predicts today’s
gold closing price based on the previous ten-day Open, High, Low, and Closing (OHLC) prices. The Gated Recurrent
Unit (GRU) was utilized for this prediction. However, GRU, like many other deep learning models, has numerous
hyperparameters, the tuning of which directly impacts its performance. To address this, two common hyperparameter
tuning methods, namely Random Search (RS) and Bayesian Optimization (BO), were employed. To determine the superior
tuning method, Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and R?, as well as tuning time, were compared using the non-parametric Mann-Whitney U test. Statistical analysis
indicates that with 95% confidence, there is no statistically significant difference in any of the evaluated metrics between
the two tuning methods. Only with approximately 90% confidence can it be stated that BO tunes the GRU more rapidly.
In terms of performance metrics, the best parameter setting was achieved through RS, resulting in MAPE = 1.79% and
R? = 99.07%. To the best of my knowledge, no comprehensive study to date has compared RS and BO tuning strategies
in GRU-based gold price forecasting using multi-day OHLC data and a statistical method, highlighting the novelty of this
research.
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1| Introduction

Gold price forecasting has long been a subject of empirical and academic research interest due to gold's role
as a safe-haven asset and a hedge against market volatility [1]. Accurate gold price prediction supports

informed investment and risk management decisions, especially in volatile financial markets [2]. Forecasting
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gold price fluctuation is essential for financial investors and central banks to make informed investment

choices and effectively manage risk [3], [4].

The application of deep learning models, particularly Gated Recurrent Units (GRUSs), has gained prominence
for gold price forecasting because of their ability to capture long-term dependencies and reduce computational

complexity compared to traditional recurrent architectures.

Sudiatmika et al. [5] utilized a GRU model to predict gold prices, demonstrating the model's effectiveness for
this task. The research examined historical gold price data from Yahoo Finance and evaluated the model's
performance using Mean Squared Error (MSE) and Mean Absolute Error (MAE). The findings of [6] reveal
that GRU surpasses Long Short-Term Memory (LSTM) in gold price prediction. Sentiko and Zakiyyah [7]
compared GRU, LSTM, and Linear Regression models for forecasting gold prices in Indonesia. The results
indicated that GRU was the most accurate model, outperforming both LSTM and Linear Regression. The
GRU model achieved an R? of 96%, exceeding LSTM's 93% and Linear Regression's 86%. A study by
Yurtsever [8] utilized GRU, LSTM, and Bi-directional LSTM (Bi-LSTM) models to forecast monthly gold
prices. The research investigated the influence of several macroeconomic factors, including crude oil prices,
exchange rates, stock market indices, and interest rates, on gold prices from 2001 to 2021. In [9], several
models were evaluated for monthly gold price prediction. It has been claimed that Simple Linear Regression
proved to be the most accurate, achieving a MAPE of 2.22%.

However, both GRU and LSTM models successfully identified nonlinear patterns, which is a key strength for
complex, volatile datasets. The GRU model was marginally more effective than the LSTM model, with a
MAPE of 2.83% compated to the LSTM's 2.96%, while the LSTM model showed slightly better performance
when evaluated by Root Mean Squared Error (RMSE). Putri et al. [4] implemented and compared four neural
architectures: 1) GRU, 2) Bidirectional GRU (Bi-GRU), 3) LSTM, and 4) Bi-LSTM to model global gold
prices. The study investigates multiple hyperparameter configurations, including optimizers, batch sizes, and
time-step settings, across the different algorithms, without delineating a specific hyperparameter tuning

methodology

Hyperparameter tuning is a crucial step in optimizing the predictive performance of deep learning models,
including GRU [10]. Traditional tuning strategies like Grid Search (GS) systematically explore predefined
parameter spaces. However, executing this can be quite costly if the number of hyperparameters and their
possible values are substantial. In contrast, Random Search (RS) samples parameters stochastically, often
vielding good results with fewer evaluations [11]. Recently, Bayesian Optimization (BO) has emerged as a
more sample-efficient approach that leverages probabilistic models to balance exploration and exploitation
when searching for optimal hyperparameters [12], [13]. In financial time series forecasting, BO has been used
frequently for competitive accuracy and reduced computational cost [14-16].

In many published studies, statistical comparisons between applied methods have not been conducted, and
the selection of the best method has been based on examining only one implementation of the methods.
Given the random behavior of Machine Learning (ML) algorithms at various stages of their operation, this
approach cannot be deemed correct, and statistical comparison methods should be employed,

This study aims to compare the performance of RS and BO in tuning GRU-based models for gold price
forecasting using the previous ten-day Open, High, Low, and Closing (OHLC) data to predict today's closing
price. This work offers practical insights into the most effective tuning strategies for financial deep learning
applications using a statistical method, namely the Mann-Whitney U test. The following sections present the
methodology, results, and conclusions.

2| Methodology

This study aims to assess the effectiveness of two hyperparameter tuning techniques (RS and BO) in
predicting gold closing prices using GRU-based models. The overall workflow encompasses data acquisition,
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preprocessing, model design, hyperparameter tuning, performance evaluation, and a statistical comparison of

performance metrics.
2.1| Data Acquisition

Daily gold prices were sourced from the Stooq financial data service!. Each record includes daily OHLC price
information. The raw data utilized in this research encompassed all prices from 1/2/2020 to 6/30/2025. For
predictive modeling, all OHLC prices were used for input features; however, only the closing price was treated
as the output, as it most accurately represents market consensus at the end of a trading day.

2.2| Data Preprocessing

To construct a time series for predictive modeling, the raw OHLC data were transformed into a ten-day
rolling input window, where the OHLC values from the preceding ten days served as features to predict the
next day's closing price. All numerical features were normalized to the [0,1] range using Eq. (7) to enhance
model convergence [17]. Normalization is particularly important in recurrent networks, as large-scale
differences in features can slow convergence and bias gradient updates.

X — min(x)

X = )

max(x) — min(x)’

Additionally, the data was split into 80% training and 20% testing sets, with temporal order maintained to
prevent leakage of future information.

2.3 | Model Architecture

The forecasting model utilizes GRU architecture because of its efficiency in capturing sequential dependencies
in time series data while lowering computational costs compared to standard Recurrent Neural Networks
(RNNSs) and LSTM networks. As illustrated in Fig. 7, GRUs employ a streamlined gating mechanism with
only two gates, the update and reset gates, unlike the three gates found in LSTMs. This simplification reduces
the number of parameters, allowing for quicker training and inference without significantly sacrificing
performance [18].

The network consisted of one or more GRU layers, followed by dropout layers after each recurrent layer to
reduce overfitting. Finally, a fully connected dense layer with a linear activation function maps the latent
representation to the predicted closing price.

reset update
~ -~

h_,

Fig. 1. GRU architecture.

! https://stooq.com/q/d/?s=xauusd
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2.4| Hyperparameter Tuning

We systematically compared two widely adopted hyperparameter optimization strategies: RS and BO. Both
methods were implemented under controlled conditions to enable a fair and statistically sound comparison.

RS served as a strong baseline due to its simplicity and proven effectiveness in high-dimensional search spaces
[11]. Hyperparameter values were sampled independently from predefined uniform (or log-uniform, where
appropriate) distributions without adaptive guidance. This stochastic sampling provides good coverage of the

search space but does not exploit information from previous evaluations [12].

BO employs a Gaussian Process (GP) surrogate model to approximate the unknown objective function. This
surrogate captures uncertainty in unexplored areas of the hyperparameter space, facilitating a more efficient
search strategy. The optimization begins with a set of randomly selected configurations, after which the GP
is iteratively updated using the results of evaluations. In each subsequent iteration, the Expected Improvement
(EI) acquisition function is maximized to identify the most promising candidate configuration. BO thus
integrates exploration of uncertain areas with exploitation of regions predicted to deliver high performance,

thereby reducing the number of evaluations required to achieve optimal performance [13].
The following hyperparameter space was searched to tune GRU:
I. Number of GRU layers: {1, 2}.
II. Units per GRU layer: {50, 75, 100, 125, 150}
III. Dropout rate: {0.0, 0.05, 0.10, 0.15, 0.20}
IV. Learning rate: Ten points of LU ~ (1073,1072)
V. Optimizer: {Adam, SGD, RMSprop}.
VI. Batch size: {32, 64, 128}

This search space was designed to balance computational efficiency and model expressiveness, following best
practices for neural architecture hyperparameter optimization.

2.5 | Cross-Validation Strategy

A time split cross-validation approach was used [19] to respect the temporal order of the data. This strategy
ensured that at no point did the model train on data from the future relative to the validation set. This process
mimics real-world forecasting tasks where future values must be predicted based only on historical data. Fig.
2 depicts a 3-fold time split cross-validation.

fold 3 Train3 Validation3
fold 2 Train2 Validation3
fold 1 Trainl | Validationl

Fig. 2. 3-fold time split cross-validation.
2.6 | Final Training and Evaluation

Following the tuning process, the optimal hyperparameters (for each method) were retrained on the complete
training set using the eatly-stopping strategy. The independent test set was set aside solely for the final
evaluation. The performance evaluation metrics included:

I. RMSE.
II. MAE.
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III. MAPE.
IV. Coefficient of determination (R?).

V. Tuning time.
2.7 | Statistical Comparison

To rigorously evaluate whether BO outperforms RS, the Mann—Whitney U test (also called the Wilcoxon
Rank-Sum test) is employed across the 11 independent repetitions. The Mann—Whitney U test is a non-
parametric statistical method used to determine if two independent samples originate from the same
distribution. Unlike the t-test, it does not assume normality, which is crucial in optimization benchmarking
where metric distributions may be skewed or multi-modal [20]. Given two independent samples, i.c., X =
{X1, X2, o) Xpy } from RS results, and Y = {yy, y5, ..., Yny} from the BO results, the test statistic is calculated as

nx
Ry = Z rank(x;), )
i=1
ny(ny +1
UX = Nhxhy + % - Rx, (3)
Uy = ngny — Ux. )

Ry is the sum of ranks assigned to sample X when both samples are combined and ranked.

In this study, one-sided statistical tests are employed to evaluate whether BO outperforms RS. Specifically,
the alternative hypothesis (H1) states that the coefficient of determination (R* of BO is greater than that of
RS, while the remaining performance metrics for BO are lower than those of RS. In all cases, the null
hypothesis (HO) assumes no difference between the two methods, i.c., the metrics of BO and RS are equal.
The significance level was set at 5%, meaning that the conclusions can be made with 95% confidence. For
each metric, the U statistic and corresponding p-value are reported.

2.8 | Experimental Setting

In an experimental setting to ensure methodological rigor and comparability between the two tuning methods,

a specific experimental protocol was implemented.

Each candidate configuration was assessed using a time split cross-validation scheme with a 3-fold using the
time series split function, which maintained the temporal ordering of observations and eliminated look-ahead
bias.

To account for the inherent randomness in both search methods and their initialization, each optimizer was
executed over 11 independent runs. This repetition produced empirical distributions of performance, allowing
for robust statistical comparisons. To ensure an equivalent computational budget between the two methods,
both RS and BO were limited to 30 evaluations per run. Specifically, RS was restricted to 30 evaluations, while
BO initially conducted five random evaluations to initialize its surrogate model, followed by 25 guided
iterations using the bayes_opt package.

The MSE was utilized as the loss function, consistent with its common application in regression tasks.
Training continued for up to 200 epochs, but an early stopping criterion (patience = 25) was applied to
mitigate overfitting by halting training when the validation loss failed to improve.

3| Results

To predict the closing price of gold for the next day using today’s and the previous nine days” OHLC daily
prices, the described methodology was implemented in Python/Keras within Jupyter Lab IDE. For this
purpose, several libraries were utilized, including Pandas, NumPy, and bayes_opt. Hyperparameter tuning
was performed using two search strategies, BO and RS, each executed independently 11 times. Model
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performance was evaluated using RMSE, MAE, MAPE, R?, and tuning time. The results of these runs are
presented in Table 1.

It seems that BO demonstrated marginally superior average predictive accuracy, with lower RMSE (0.01781
vs. 0.01807), MAE (0.01314 vs. 0.01335), and MAPE (1.93% vs. 1.95%) compared to RS. BO also achieved
a slightly higher mean R? value (98.89% vs. 98.84%), indicating a marginally better fit to the data.
Computational efficiency favored BO, which required an average tuning time of 4,737 seconds, 632 seconds
less than RS (5,369 seconds). Consistency metrics further highlighted BO’s stability: lower standard deviations
for RMSE (0.00151 vs. 0.00272), MAE (0.00092 vs. 0.00189), and MAPE (0.11% vs. 0.22%) underscored
reduced variability across runs. However, the observed differences in performance metrics were small in

magnitude, prompting further statistical validation, which is often overlooked in most ML research.

In this study, a one-sided Mann-Whitney U test was employed to compare the distributions of performance
metrics between BO and RS, and Table 2 presents the results. For all metrics (Tuning time, RMSE, MAE,
MAPE, and R?), the p-values (ranging from 0.106 to 0.744) exceeded the 0.050 significance threshold.
Consequently, the null hypothesis (no difference between methods) could not be rejected for any metric,
indicating that the observed differences in Table 1 lacked statistical significance. However, only at
approximately a 90% confidence level, BO was significantly faster at tuning the GRU model's parameters
compared to RS.

The combined results reveal a nuanced relationship between performance and statistical validity. While BO
exhibited marginally superior average metrics and faster tuning times (Table 7), the absence of statistically
significant differences (Table 2) suggests that these improvements may stem from random variability rather
than inherent superiority. This discrepancy highlights the importance of complementing descriptive
performance comparisons with inferential statistical analysis to avoid overinterpreting minor numerical
advantages.

Additionally, the hyperparameter tuning process yielded valuable insights into the model's optimized
architecture. The search concluded with a slightly balanced distribution of network depth, selecting a two-
layer stacked GRU in 12 instances and a single-layer architecture in the remaining 10. Notably, the RS method
was primarily responsible for identifying the two-layer configurations. Across all 22 tuning trials, the Adam
optimizer was exclusively chosen, showcasing its robust and consistent performance. The selection of
activation functions demonstrated a strong preference for tanh, which was selected in 14 of the 22 runs, while
Scaled Exponential Linear Unit (SELU) was chosen 8 times, and Rectified Linear Unit (ReLU) was never
selected. Dropout regularization was most frequently set at a rate of 0.05, occurring in 6 iterations, with two
additional instances opting for a value close to 0.05. The number of neurons per layer varied considerably,
although 100 units emerged as the most common choice, selected five times. Similarly, batch size values were

diverse; however, 32 and 128 were the most frequent selections, chosen seven and four times, respectively.

Table 1. Summary of performance results and tuning times of tuned GRUs using BO and RS.
Method Run RMSE MAE MAPE (%) R2(%) Tuning Time(s)

BO 1 0.01703  0.01259 1.87 98.99 4,265
2 0.01671 0.01259 1.87 99.03 4,757
3 0.01680 0.01256 1.86 99.02 4,320
4 0.01968 0.01435 2.08 98.65 5,734
5 0.01670  0.01246 1.85 99.03 6,177
6 0.02017 0.01468 2.10 98.58 3,499
7 0.01657 0.01227 1.82 99.04 5,289
8 0.01840 0.01364 2.01 98.82 3,484
9 0.02023  0.01438 2.06 98.58 4,180
10 0.01659 0.01243 1.85 99.04 4,251
11 0.01708 0.01263 1.87 98.98 6,145
Average 0.01781 0.01314 1.93 98.89 4,737

SD 0.00151 0.00092 0.11 0.19 970
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Table 1. Continued.

Method Run RMSE MAE _ MAPE (%) R2(%) _ Tuning Time(s)

RS 1 0.01649 0.01232 1.83 99.05 5032
2 0.02081 0.01540 2.21 98.49 5229
3 0.01717 0.01274 1.88 98.97 5413
4 0.02519 0.01819 2,51 97.79 7036
5 0.01636  0.01197 1.79 99.07 7815
6 0.01756  0.01303 1.93 98.93 4603
7 0.01663 0.01243 1.85 99.04 6492
8 0.01643 0.01206 1.79 99.06 4295
9 0.01884 0.01384 2.02 98.76 4471
10 0.01649 0.01234 1.84 99.05 4498
11 0.01680 0.01248 1.85 99.02 4174
Average 0.01807 0.01335 1.95 98.84 5,369
SD 0.00272  0.00189 0.22 0.39 1,220

Table 2. Summary of the Mann—Whitney U test.

Item U Statistic p-value  Reject Hy
Tuning time  41.0 0.106082 No
RMSE 70 0.744297 No
MAE 70 0.744297 No
MAPE 69 0.722735 No
R? 51 0.744297 No

4| Conclusion

This study forecasts today's gold closing price using daily OHLC data from the past 10 days. The dataset
covers January 2, 2020, to June 30, 2025, from the Stooq financial data service. A GRU model was used for
this task. To tune the model, RS and BO were compared. The effectiveness of these methods was evaluated
over 11 repetitions using metrics like RMSE, MAE, MAPE, and R2, along with the total tuning time. This
study examined the effects of hyperparameter tuning on a GRU model, concentrating on the number of

layers, units per layer, learning rate, dropout rate, optimizer, and batch size.

While superficial evaluations indicated the superiority of BO over RS, the statistical analysis at a 95%
confidence level showed no significant difference between the two methods across all performance metrics.
A significant difference was noted at approximately the 90% confidence level, where BO was observed to
tune the GRU parameters more swiftly. In terms of performance, the most effective parameter tuning was
achieved using RS, which resulted in a MAPE of 1.79% and an R? value of 99.07%. Conversely, the least
favorable results also came from RS, with a MAPE of 2.51% and an R? of 97.79%. Regarding computational
efficiency, BO achieved the quickest tuning times, at 3484 seconds, while RS recorded the slowest tuning
times, at 7815 seconds.

An analysis of 22 tuned GRU models revealed that a two-layer stacked GRU was chosen in 12 of the cases,
with the remaining models using a single-layer architecture. The Adam optimizer was consistently used across
all models. For activation functions, tanh was the preferred choice, utilized in 14 models, followed by SELU
in 8, while ReLU (which is the primary choice for the activation function in most research) was not selected
at all.

Future work could investigate whether larger sample sizes or alternative evaluation frameworks might reveal
more definitive distinctions between BO and RS. Also, investigating alternative deep learning architectures
such as BiLSTM, BiGRU, 1D-CNN, or Transformers for forecasting gold prices is recommended. A
statistical comparison of these models with the GRU-based approach presented in this study would be
advantageous. The scope of future studies could also be broadened to assess the effects of using different
time series lengths, as this research employed a 10-day time window. Additionally, sentiment analysis could
be utilized to analyze news and events, evaluating their impact on gold price fluctuations.
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   x ′ =     x   −    min ⁡   ( x )   max ⁡   ( x ) −    min ⁡   ( x ) .


  ℒ 𝒰 ∼  (  10  − 3 ,  10  − 2 )


  X = {  x 1 ,  x 2 , … ,  x   n X }


  Y = {  y 1 ,  y 2 , … ,  y   n Y }


   R X =   ∑  i = 1   n X  rank  (  x i ) ,


   U X =  n X  n Y +    n X  (  n X + 1 ) 2 −  R X ,


   U Y =  n X  n Y −  U X .


   R X

