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The foreign exchange market is highly volatile and complex, making accurate price prediction chal-
lenging. This study aims to develop an optimized deep learning framework for predicting daily closing
prices of seven major currency pairs (AUDUSD, EURUSD, GBPUSD, USDCAD, USDCHF, USD-
CNY, and USDJPY) by integrating Bidirectional Long Short-Term Memory (BiLSTM) and Gated
Recurrent Unit (GRU) models with optimization strategies. Historical data from the Federal Reserve
Economic Data were evaluated using Fixed Date Split and Walk Forward Validation (WFV), where
WFV consistently achieved better performance than the fixed date. To enhance model performance,
hyperparameter optimization was conducted using the Queen Honey Bee Migration (QHBM) algo-
rithm, a metaheuristic approach inspired by the migration behavior of queen bees, divided into two
characteristics: high learning rate and low learning rate. The optimized models achieved performance
improvements of approximately 10-70% in MAPE and RMSE compared to the baseline models, while
maintaining high R? values. The results indicate that optimal configurations are pair-specific, where
most currency pairs perform best with a high learning rate and high unit settings, while AUDUSD
achieves superior performance with a low learning rate and low unit configuration. This study con-
tributes a novel integration of WFV and QHBM-based optimization. Adaptive deep learning models
with proper validation significantly improve forecasting accuracy, robustness, and generalization for
financial decision-making and algorithmic trading applications.
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1. INTRODUCTION

The foreign exchange (forex) market is the largest and most liquid financial market in the world, with daily transaction vol-
umes exceeding USD 7.5 trillion as reported by the Bank for International Settlements (BIS) in its 2025 Triennial Survey [1-3].
Throughout the 21st century, the forex market has experienced extreme volatility driven by major global economic events, including
the 2007-2011 Subprime Mortgage Crisis, the 2011-2014 European Debt Crisis, monetary policy normalization during 2014-2020,
and the severe market disruptions caused by the COVID-19 pandemic and the Russia-Ukraine war [4]. These crises have reinforced
the fragility of global financial systems, as reflected in volatility spikes in the U.S. Dollar Index (DXY) of up to 300%. High liquidity,
narrow spreads, and strong macroeconomic sensitivity make forex trading attractive for both individual traders and large institutions
such as central banks, hedge funds, and multinational corporations. Among the most actively traded forex pairs are AUD/USD,
EUR/USD, GBP/USD, USD/CAD, USD/CHF, USD/CNY, and USD/JPY, which together represent over 80% of global trading vol-
ume and exhibit strong correlation with the DXY [5-7]. The highly dynamic, nonlinear, and non-stationary nature of forex price
movements poses significant challenges for accurate prediction [8]. Approaches to predicting forex prices have evolved from conven-
tional methods [9]. Previous studies have also used various models such as ARIMA, machine learning methods, and LSTM-based
architectures to predict forex movements. While these models show potential, their performance is often inconsistent across different
market conditions and currency pairs. Most prior research also relies on default or manually selected hyperparameters, limiting model
adaptability for highly volatile forex data. Therefore, further studies are needed to explore alternative deep learning models and apply
systematic hyperparameter optimization to achieve more accurate and robust predictions [10, 11].

In recent years, deep learning has emerged as a superior alternative due to its ability to extract hierarchical temporal patterns
from complex financial data autonomously [12]. Among these, particularly Long Short-Term Memory (LSTM), its bidirectional
extension (BiLSTM), and Gated Recurrent Unit (GRU) have demonstrated strong performance in modeling nonlinear sequential
dependencies [13, 14]. The complex temporal relationships in forex time series data are often difficult to capture. In contrast, deep
learning approaches such as Long Short-Term Memory (LSTM) have demonstrated superiority in handling fluctuating and non-linear
time series data. A bidirectional LSTM (BiLSTM) model was developed that is capable of reading sequential data in two directions,
namely forward and backward, in order to understand the temporal context more comprehensively [15]. BILSTM has been proven to
be superior to basic deep learning [16] and excels in capturing bidirectional temporal context, making it suitable for high-complexity
markets. LSTM was also developed under the name Gated Recurrent Unit (GRU), which has faster capabilities with a higher level of
accuracy [17]. GRU offers computational efficiency with comparable accuracy in certain conditions.

Despite their strong predictive capability, deep learning models such as BiILSTM and GRU are highly sensitive to hyperpa-
rameters, including learning rate, batch size, number of neurons, dropout rate, and sequence length [18]. An improper configuration
may cause the model to overfit, underfit, or require excessively long training time, leading to unstable or suboptimal forecasting
results. The challenge becomes even more critical because each forex currency pair exhibits unique market behavior [19] for ex-
ample, USD/JPY is highly reactive to Bank of Japan’s monetary intervention, while USD/CAD is strongly influenced by oil price
fluctuations, and EUR/USD tends to display longer consolidation phases [20]. These distinct market characteristics require tailored
algorithmic treatment, rather than a one-size-fits-all model. Therefore, systematic hyperparameter optimization is essential not only
to enhance predictive accuracy but also to ensure model adaptiveness, robustness, and computational efficiency in real-world financial
environments.

Previous studies highlight that hyperparameter optimization is essential for improving time series prediction models. How-
ever, most research focuses on modifying LSTM architectures or applying specific optimization techniques rather than conducting
systematic tuning [21]. For example, derivative-free optimization combined with parallel LSTM has been used to improve efficiency
and accuracy, but lacks comprehensive comparison and scalability analysis [22]. Other approaches, such as Genetic Algorithm and
Heap-Based Optimizer, demonstrate improvements in prediction accuracy and error reduction, yet are often limited in generalizabil-
ity across datasets and model configurations [23]. This indicates a clear research gap in the development of adaptive, efficient, and
scalable hyperparameter optimization frameworks for diverse time-series applications.

To address this gap, this study employs the Queen Honey Bee Migration (QHBM) algorithm, a nature-inspired metaheuristic,
to optimize hyperparameters within a deep learning framework integrating BILSTM and GRU models [24]. QHBM is a metaheuris-
tic algorithm that mimics the natural behavior of honey bee colonies in identifying the most optimal queen candidate to lead the
swarm. When applied to deep learning models, QHBM systematically explores the hyperparameter search space to identify the best
configuration that yields the highest model accuracy and stability [25]. This approach is particularly effective for complex prediction
tasks in which manual tuning or grid search becomes inefficient due to high computation cost and the risk of falling into a local
optimum. In this research, QHBM is utilized to systematically explore the hyperparameter space and determine configurations that
maximize accuracy, stability, and generalization. Compared to conventional approaches such as grid search or manual tuning, this
method provides a more adaptive and computationally efficient optimization strategy for complex financial time-series prediction.
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This study focuses on developing an optimized deep learning framework that integrates BILSTM and GRU models with
hyperparameter optimization to improve predicting accuracy and robustness. This is expected to improve the accuracy of daily price
predictions (daily close price) for the seven most active forex currency pairs in the 21st century. The research dataset uses historical
data from Federal Reserve Economic Data (FRED) for the period between January 1999 and June 2025. This study will compare the
performance of BILSTM and GRU, optimize their hyperparameters, and evaluate the results using metrics such as Mean Absolute
Percentage Error (MAPE), Root Mean Square Error (RMSE), and R-squared (R2?) [26]. Accurate forex price prediction offers
substantial benefits across multiple financial domains [27]. For traders and financial institutions, it enables more precise entry-exit
timing, risk mitigation, and portfolio optimization, thereby minimizing potential losses caused by sudden market volatility.

2. RESEARCH METHOD

This study proposes a deep learning framework to predict the daily closing prices of seven major forex currency pairs,
AUD/USD, EUR/USD, GBP/USD, USD/CAD, USD/CHF, USD/CNY, and USD/JPY, covering the period from January 1999 to June
2025. The proposed framework consists of five main stages: data collection, preprocessing, modeling, hyperparameter optimization,
and performance evaluation. The research flow is shown in Figure 1.
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Figure 1. Research Flow

2.1. Data Collection

The data used in this study consist of historical daily foreign exchange prices from seven major currency pairs that represent
the most actively traded instruments in the 21st century: AUD/USD (Australian Dollar-US Dollar), EUR/USD (Euro-US Dollar),
GBP/USD (British Pound-US Dollar), USD/CAD (US Dollar—Canadian Dollar), USD/CHF (US Dollar—Swiss Franc), USD/CNY
(US Dollar—Chinese Yuan), and USD/JPY (US Dollar—Japanese Yen). These seven pairs were selected because they account for
the largest share of global forex trading volume and collectively reflect the economic interactions among the world’s dominant
financial regions: North America, Europe, and Asia-Pacific. The dataset was obtained from the Federal Reserve Economic Data
(FRED) repository, managed by the Federal Reserve Bank of St. Louis. The dataset spans from January 1999 to June 2025, ensuring
comprehensive coverage of multiple economic cycles, including periods of global stability, financial crises, and post-crisis recoveries.
This study adopts a univariate approach, focusing solely on the closing price as the primary variable. This choice is well-suited for
deep learning models and is widely used in prior research, as it effectively captures overall price dynamics. Technical indicators
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are not included because they require parameter tuning for each currency pair and may not generalize well, particularly in markets
with frequent sideways movements, and because they increase computational complexity. Similarly, macroeconomic variables are
excluded due to potential data revisions, delays, and external interventions. Therefore, using the closing price alone provides a
consistent and reliable representation of market behavior, including trends, volatility, and extreme events [28, 29]. The raw data and
the atrribute of this study can be seen in Table 1.

Table 1. The Sample of the Dataset

Pairs (String)  Date (Date)  Close (Float)

AUDUSD 04/01/1999 0.6182
EURUSD 04/01/1999 11.812
GBPUSD 04/01/1999 16.581
USDCAD 04/01/1999 15.268
USDCHF 04/01/1999 13.666
USDCNY 04/01/1999 82.793
USDJPY 04/01/1999 112.15

For model development, the closing price was selected as the main predictive feature. The daily closing price represents the
final recorded price of a currency pair at the end of a trading day. In the forex market, which operates 24 hours a day across different
global sessions (Asia, Europe, and North America), the closing price is typically defined at the end of the New York trading session,
marking the completion of a 24 hour trading cycle. It reflects the last transaction price before market rollover and is considered the
most stable and reliable indicator of market sentiment for that day. For time series modeling, using the closing price as the target
variable enables algorithms to identify meaningful temporal dependencies and long-term patterns. Consequently, in this study, the
daily closing price serves as the key predictive feature for each currency pair, forming the foundation for evaluating the performance
of BiLSTM and GRU models in forecasting forex market trends. The dataset descriotion can be seen in Table 2.

Table 2. Dataset Description

Pairs Amount of Data Min Max Mean Skew Kurt SD CV (%)
AUDUSD 6520 0.48 110.260 0.7580 0.4603 -0.2984  0.1382 182.267
EURUSD 6520 0.83 160.100 11.847 0.0706  -0.3737  0.1559 131.565
GBPUSD 6520 10.703 211.040 15.308 0.4465 -0.5458  0.2200 143.705
USDCAD 6520 0.92 161.280 12.580 0.0027 -0.8994  0.1717 136.460
USDCHF 6520 0.73 182.500 11.195 11.394  0.1825 0.2498 223.111
USDCNY 6521 60.402 828.000 71.796 0.3505 -14.027  0.7762 108.119
USDJPY 6520 757.200  16.173.000 1.109.733  0.3069  0.6440  164.891  148.587

After data collection, to ensure data quality, normality testing is conducted using the Shapiro-Wilk and Jarque-Bera tests. These
tests assess whether the data follow a normal distribution and provide information on skewness and kurtosis, which are important
for understanding the dataset’s statistical properties. Outlier handling in this study is performed using a missing value approach
by excluding non-trading days from the dataset. Since the foreign exchange market operates only on active trading days, Monday
to Friday, weekend data are not considered missing but are removed entirely. The dataset is then arranged sequentially based on
trading days only, ensuring that the time series reflects actual market activity and preserves temporal consistency without artificial
data imputation. For model evaluation, statistical methods are applied to compare forecasting performance. Confidence intervals are
used to measure the uncertainty of predictions. The Diebold Mariano test is employed to assess the significance of differences in
predictive accuracy between models, while the Model Confidence Set method is used to identify a group of models with statistically
equivalent performance.

2.2. Pre-processing Data

The data preprocessing phase is a crucial step that ensures the forex time series data are properly formatted and optimized for
deep learning model training [30]. After collecting daily closing price data for seven major currency pairs from FRED, the dataset
undergoes a series of preprocessing steps.

1. First, the data are cleaned to handle missing or inconsistent records using interpolation and forward-fill methods, ensuring that
each time series remains continuous across the entire observation period. The dataset contained a total of 1,916 missing values
across all currency pairs. These missing entries were identified during preprocessing and subsequently removed.

Optimized BiLSTM and . . . (Febrianto Algodri)
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2. Next, the cleaned dataset is normalized using the Min-Max scaling technique, which rescales all price values to a range between
0 and 1. This step is essential because BILSTM and GRU models are sensitive to data magnitude; normalization helps stabilize
the learning process and accelerates convergence. The data are then structured into supervised learning format, where a specific
number of previous time steps (n) are used as input features to predict the next closing price, effectively converting sequential
data into model readable input-output pairs. The formula for min max normalization can be seen in equation 1 [31].

X — Xmin

X =—"
Xmax — Xmin

)]

3. Finally, the processed data are split for validation according to two static segments training data from January 1999 to December
2019 and testing data from January 2020 to December 2024. To prevent data leakage, this study applies a strict time based train
test split to preserve temporal order. A sliding window approach is used to construct sequential inputs, while feature scaling is
performed using only training data parameters and then applied to validation and testing sets. Additionally, a short warm-up
phase in the initial iterations is introduced to stabilize training and avoid early prediction spikes, ensuring a robust and unbiased
forecasting process.

2.3. Modelling

In this stage, deep learning models were constructed to predict forex price movements. BILSTM and GRU architectures were
employed due to their proven ability to capture complex non-linear patterns in sequential financial data. The architecture of BiLSTM
and GRU used in this study shown in Table 3.

Table 3. BiILSTM adn GRU Architecture

Parameter BiLSTM Architecture GRU Architecture
Input Shape (batch_size, 1, 1) (1, 1)
Layer Bidirectional LSTM (activation=None, return_sequences=False) ~ GRU (int(units), activation=None, return_sequences=False)
Learning Rate 0.001 0.001
Unit 50 (X2 direction) 50
Dropout 0.2 0.2
Dense Layer Dense(1) units=1
Activation Function  tanh or ReLU tanh or ReLU
Batch_size 32 32
Optimizer Adam Optimizer Adam Optimizer
Number of Epoch 50 50
Loss Function MAE MAE

The selection of activation functions in this study is based on the characteristics of sequential financial data and the architecture
of recurrent networks. The tanh activation function is primarily used within the BiILSTM and GRU layers because it provides bounded
outputs in the range of [-1, 1], which helps stabilize gradients and is well-suited for capturing both positive and negative temporal
dependencies in normalized time-series data. This is particularly important for forex data, which exhibits fluctuating patterns around
a central tendency. In contrast, ReLU is used in dense (fully connected) layers due to its computational efficiency and ability to
accelerate convergence by mitigating vanishing-gradient issues. The combination of tanh in recurrent layers and ReLU in dense
layers enables the model to learn temporal dynamics while maintaining efficient training effectively.

The model training strategy incorporates several regularization techniques to ensure optimal performance and prevent overfit-
ting. Specifically, Dropout is applied to the network structure to reduce model complexity and improve generalization by randomly
deactivating neurons during training. Early Stopping is used to control training duration by halting training when no further improve-
ment is observed on the validation set, thereby avoiding overfitting. In addition, statistical evaluation methods, MCS, and DM test
are employed as a final validation step.

2.4. Split Data Validation

In this research, two types of data-split validation techniques are applied to ensure comprehensive model evaluation and assess
the robustness of predictive performance: Fix Date Validation and Walk Forward Validation (WFV). The Fix Date Validation method
divides the dataset into two fixed periods: training and testing data. This approach provides a clear and consistent boundary between
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training and testing phases, allowing for straightforward comparison of model performance. The justification for using the Fixed
Date split based on the COVID-19 period is supported by observable structural changes in market behavior. Prior to COVID-19,
forex markets exhibited relatively stable movements with less significant fluctuations. However, during the pandemic, the shift
toward remote work and increased financial activity led to a substantial rise in trading demand and volume. This change is reflected
in several currency pairs. For example, the average value of USDJPY increased from approximately 106.93 before COVID-19 to
128.02 during the pandemic period. Similarly, USDCAD rose from around 1.24 to 1.32, while EURUSD increased from a minimum
value of 0.48 to 0.57, indicating higher trading activity. Additionally, USDCHF experienced an increase of about 5% in its minimum
trading value [32]. The split of training and testing data for the fixed date can be seen in Table 4.

Table 4. Fix Date Split

Pairs Training Data Period Testing Data Period
AUDUSD  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
EURUSD  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
GBPUSD  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
USDCAD  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
USDCHF  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
USDCNY  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024
USDJPY  01-01-1999 untill 31-12-2019  01-01-2020 untill 31-12-2024

Meanwhile, the Walk Forward Validation (WFV) technique introduces a dynamic evaluation process through the expanding
window approach. In this method, the training window starts with an initial subset of data, and as the process continues, the window
expands by adding more recent observations before predicting the next period. After each iteration, the model is retrained using all
available past data and tested on the subsequent unseen segment. The split data validation, using both Fix Date and Walk Forward
Validation, is applied only to the best-performing model to ensure its predictive capability is thoroughly evaluated under different
market conditions.

The Walk Forward Validation (WFV) process is implemented using an expanding-window approach with a window size of
120 days and 10 iterations. The initial training set begins with a fixed amount of training data, and in each subsequent iteration, the
training window is expanded by an additional 120 days until all testing data is exhausted. At each step, the model is trained on the
expanded dataset and evaluated on the next unseen segment while preserving temporal order.

2.5. Hyperparameter Optimization

The hyperparameter optimization stage is a crucial process in this research, aimed at improving the predictive performance
and computational efficiency of the BILSTM and GRU models. Hyperparameters such as the number of units, learning rate, dropout
rate, batch size, and number of epochs significantly influence how well the model learns from data, converges during training, and
generalizes to unseen market conditions. Instead of relying on manual or trial-and-error methods, this study employs the Queen
Honey Bee Migration (QHBM) to search for the most effective hyperparameter combinations automatically. QHBM mimics the
intelligent migration and selection behavior of queen bees, balancing exploration and exploitation to efficiently identify optimal
configurations. The mathematical formulation and the QHBM optimization process can be shown in Table 5.

Optimization process focuses on identifying the most effective hyperparameter configuration by comparing combinations of
learning rate, unit size, and dropout rate. The study evaluates two main configurations, low learning rate low unit and high learning
rate high unit, to determine which setting better captures the temporal dynamics of each currency pair while maintaining model
stability. Low learning rate low unit configuration represents parameter values that are intentionally reduced below the baseline to
encourage more gradual weight updates and lower model complexity, which can enhance stability and generalization. In contrast, the
high learning rate high unit configuration uses parameter values increased above the baseline, enabling faster adaptation and greater
representational capacity to capture more complex temporal patterns. Thus, the optimization process evaluates whether decreasing or
increasing parameter magnitudes relative to the baseline leads to improved forecasting accuracy and stability, allowing the model to
adapt more effectively to the unique characteristics of each currency pair. The pseudo code of the hyperparameter optimization and
hyperparameter search space can bee seen in and Table 6, 7, and 8.
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Table 5. QHBM Optimization Process

QHBM Optimization Pseudocode
Initialization : Set all variables
Decision: Pole Selection
Calculate the excitement of scout bee in sector.
¢ =z Li—1a0)
Calculate probability (weigh of information)

c

P = J
8 .
J Zj:l €j

Move to the selected pole
Calculate Migration Length
k+1 k
T'Sn+ ) = (1 - g'gn)) *Ts
Update Natural Factor
Update Queen Position
k+1 k
g =gl -rand(1)
aFHD = () (B D cog pk+1)
y(k+l) = ygk) + D gin g(k+1)

s

z§k+1> = zgk> + r7(71f+1) cos O(k+1)

If current fitness improves the best fitness then
Update best solution

End if

Return best solution

Table 6. Optimization Pseudocode

Optimization Pseudocode
Initialize position, radius, g, and k
Scan nodes into 8 sectors
Compute energy and probability for each sector
Select the target sector with the highest probability (p)
Update distance traveled and position using the formula:
XE = x84 p D cosokD)
YS(kJrl) = ygk> + r£,’f+1).sin0<k+1)
Update the number of iterations
Repeat until completion or until the stopping condition based on iterations is met

Table 7. Hyperparameter Search Space

Parameter Low LR and Unit High LR and Unit
Hyperparameter Search Space
Learning Rate 0.000010 - 0.001000  0.000010 - 0.001000
Units 50 - 250 250 - 500
Dropout Rate 0.2-0.5 0.2-0.5
Epoch Oct-50 Oct-50
Stability Test 10 10
QHBM Search Space
Radius 5
Epoch 10
Scout Count 100
Patience Level 250

2.6. Evaluation

To ensure a rigorous and reliable evaluation, this study employs three statistical tests. The Model Confidence Set (MCS)
is used to identify a subset of models that are statistically equivalent in predictive performance, based on their average loss. The
procedure begins by computing the loss series for each model, followed by iteratively eliminating inferior models using hypothesis

Matrik: Jurnal Manajemen, Teknik Informatika, dan Rekayasa Komputer,
Vol. 25, No. 3, July 2026: 509 — 522



Matrik: Jurnal Manajemen, Teknik Informatika, dan Rekayasa Komputer g 515

testing until only the best-performing set remains. A model ranked first in MCS indicates it has the lowest average loss and is among
the statistically superior models. In addition, this study MAE is also used as an amplifier, because the model confidence set (MCS)
will assess how small the average loss that occurs.

To further validate pairwise differences, the Diebold-Mariano (DM) test is applied to compare forecast errors between compet-
ing models. The DM statistic is calculated from the difference in performance between two models and evaluates whether the mean
difference is significantly different from zero. A higher number of DM wins indicates that a model consistently outperforms others
with statistical significance. Additionally, confidence intervals (CI) are used to assess prediction stability by measuring the variabil-
ity of model errors across testing periods. The CI is computed from the distribution of prediction errors, with narrower intervals
indicating more consistent and reliable performance.

3.  RESULT AND ANALYSIS

The Results and Discussion section systematically presents the findings of this research, beginning with the performance
evaluation of the BILSTM and GRU models under both baseline and QHBM-optimized settings. Using daily closing prices for seven
forex currency pairs. The results are analyzed using multiple accuracy metrics, including MAPE, RMSE, and R?.

3.1. Modeling (BiLSTM and GRU)

In this section, the BILSTM and GRU models are evaluated to determine which architecture provides the highest predictive
capability. To identify the best configuration among the experiments, this study adopted a Multi-Criteria Decision Making (MCDM)
method using Simple Additive Weighting (SAW). SAW was selected because it effectively merges several performance indicators
that may conflict in financial prediction tasks, producing a more balanced and unbiased assessment [33]. The results for the best
model with the activation function are shown in Table 8.

Table 8. BilSTM and GRU Evaluation

Pairs Model Activation MAPE 35%) RMSE 35%) RZ2(30%) Final Score

AUD/USD BiLSTM_tanh 0.007516 0.006691 0.975233 0.867339
EUR/USD BiLSTM_relu 0.008353 0.011083 0.963488 0.875558
GBP/USD GRU_tanh 0.00563 0.009067 0.980721 0.876332
USD/CAD BiLSTM_relu 0.003728 0.006427 0.984056 0.881828
USD/CHF BiLSTM_tanh 0.014409 0.014285 0.836299 0.840828
USD/CNY BiLSTM_relu 0.004593 0.038307 0.985259 0.871531
USD/JPY GRU_relu 0.012241 2.088.819 0.986513 0.652144

The modelling results reveal several notable patterns related to model performance, activation functions, and the intrinsic
characteristics of each currency pair. Overall, BILSTM consistently outperforms GRU across most major currency pairs, particularly
in terms of MAPE, RMSE, and R?. This aligns with the theoretical understanding that BiLSTM captures both forward and backward
temporal dependencies, making it more suitable for markets with highly complex and nonlinear price movements [34]. Across
the seven major pairs, AUD/USD, EUR/USD, USD/CAD, and USD/CNY show exceptionally strong performance, with BILSTM
achieving MAPE values near or below 0.005 and R? values consistently above 0.90. These pairs are known for high liquidity and
relatively stable macroeconomic drivers, enabling the models to learn clearer temporal patterns. Conversely, USD/JPY and USD/CHF
exhibit significantly lower accuracy, reflected in higher MAPE and RMSE values and noticeably reduced R? scores. An interesting
finding is that the choice of activation function influences performance differently across pairs. ReLU generally performs better
for highly liquid, trending pairs (EUR/USD, USD/CAD, USD/CNY, USD/JPY), while TanH provides more stability for pairs with
mixed volatility patterns (AUD/USD, GBP/USD, USD/CHF). This distinction reflects the sensitivity of activation functions to the
distribution and scale of financial time series data.

The distinct statistical characteristics of each market can explain the variation in model performance across currency pairs.
Currency pairs such as GBPUSD, USDCAD, USDCHF, USDCNY, and USDJPY exhibit relatively dynamic price movements, higher
variability, or larger-scale values, which require models with higher learning rates and greater representational capacity (more units)
to capture complex and nonlinear patterns effectively. In contrast, AUDUSD exhibits a more moderate, smoother trend, where a
lower learning rate and fewer units yield more stable learning and prevent over-adjustment to noise. This confirms that the model’s
effectiveness is strongly dependent on the underlying data distribution and the temporal dynamics of each currency pair.
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In addition, the role of activation functions contributes to these performance differences. The use of tanh in recurrent layers
helps stabilize learning by constraining outputs within a bounded range, which is particularly beneficial for capturing oscillatory
patterns in normalized forex data. Meanwhile, ReLU in dense layers accelerates convergence and enhances the model’s ability to learn
complex nonlinear relationships, especially for pairs with higher volatility and larger fluctuations. The interaction between activation
functions and hyperparameter configurations (learning rate and units) enables the model to adapt to different market behaviors,
thereby influencing overall predictive performance across currency pairs.

3.2. Train Split Validation

After selecting the best model and confirming the most suitable activation function based on the evaluation, these findings are
carried forward to the split-data validation stage to further examine the model’s reliability across varying temporal data partitions. The
results of the train-split validation are shown in Table 9. After selecting the best model and confirming the most suitable activation
function based on the evaluation, these findings are carried forward to the split-data validation stage to further examine the model’s
reliability across varying temporal data partitions. The results of the train-split validation are shown in Table 9.

Table 9. Split Validation Result

. L MAPE RMSE
Pairs Model Activation — e i ——WFV — FixSphit  WFV
AUDUSD _ BiLSTM tanh 0.00752  0.0090 _0.00669 _ 0.0074
EURUSD  BiLSTM relu 0.00835  0.0063 001108  0.0082
GBPUSD  GRU tanh 0.00563  0.0093 0.00907  0.0135
USDCAD  BIiLSTM relu 0.00373  0.0045 0.00643  0.0074
USDCHF  BiLSTM tanh 001441 00061 001429  0.0067
USDCNY  BIiLSTM relu 0.00459  0.0042 0.03831  0.0330
USDJPY  GRU relu 001224 00062 2.08882  0.9909

The comparison between Fix Date and WFV shows that WFV consistently outperforms Fix Date across almost all currency
pairs and MAPE evaluation metrics. For pairs such as AUDUSD, GBPUSD, USDCAD, USDCHF, USDCNY, and USDJPY, WFV
yields significantly lower error values, indicating better predictive accuracy and higher model stability. This improvement is especially
clear in the MAPE and RMSE columns, where the WFV scores are notably lower than those for Fix Date. The expanding window
mechanism of WFV allows the model to continuously retrain using cumulative historical information, making it more responsive to
structural changes and long-term dependencies present in real exchange rate movements.

WEFYV is a more reliable method because it mimics real forecasting conditions: the model is updated sequentially using only
past data before predicting the next step. This rolling-window mechanism prevents information leakage and provides a realistic
representation of how models behave in live environments. As reflected in the results, WFV captures temporal dynamics more
effectively than a fixed train—test split, leading to more robust generalization. This is in line with several studies that state WFV is the
most appropriate approach for time-series modeling because it maintains chronological consistency and avoids data leakage, which is
common in traditional K-Fold validation [35, 36]. The results confirm that WFV is the superior validation approach, offering better
accuracy and more realistic performance for time-series prediction, making it the preferred method for subsequent modeling and
optimization steps.

3.3. Hyperparameter Optimization

After obtaining the best split validation results, which are WFV, hyperparameter optimization is conducted further to enhance
the model’s predictive accuracy and computational efficiency. In this study, hyperparameter optimization used a sweat spot approach,
where each parameter was evaluated not only at its baseline value but also across systematically higher and lower ranges around that
baseline. To provide a more comprehensive evaluation, this study also presents a model comparison matrix incorporating several
statistical criteria. The result of the hyperparameter optimization (WFV-HPO) can be seen in Table 7 and the best parameter from
HPO WFV is shown in Table 10.

The results indicate that the optimal hyperparameter configuration is closely related to the statistical characteristics of each
currency pair. Currency pairs with high volatility (CV > 18%) and high skewness tend to perform better under the HPO-WFV-
HighLRUnit configuration, as higher learning rates and larger model capacity enable faster adaptation to strong fluctuations and
asymmetric patterns. In contrast, pairs with high volatility but moderate skewness are better modeled with HPO-WFV-LowLRUnit,
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where lower learning rates yield more stable convergence and reduce the risk of overshooting. Additionally, datasets with highly
negative kurtosis (<-0.8), indicating flatter distributions, benefit from HPO-WFV-Highl RUnit, which allows more efficient learning
despite the lack of extreme variations. The best parameter is shown in Table 11.

Table 10. HPO WFV Result

Pairs Code Mode MAPE  RMSE R2 cI MCS DM MAPE
Improvement
Baseline 0.007516 0.006691  0.975233  0.062811 2 1
AUDUSD  High LR and Unit  0.007895 0.007047  0.970844  0.065247 3 0  29.19%
Low LR and Unit  0.005322 0.004779  0.987367  0.050434 1 2
Baseline 0.008353 0.011083  0.963488 0.0712 3 0
EURUSD  High LR and Unit  0.003717 0.005388  0.991385 0.03683 1 2 55.50%
Low LR and Unit ~ 0.003987 0.005703  0.990339  0.037306 2 1
Baseline 0.00563 0.009067  0.980721  0.047575 3 0
GBPUSD  High LR and Unit  0.004322 0.007346  0.987378  0.044724 1 2 23.23%
Low LR and Unit  0.004436 0.007511  0.986803  0.045681 2 1
Baseline 0.003728 0.006427  0.984056  0.032182 2 0
USDCAD High LR and Unit  0.003347 0.005909  0.986644  0.032115 1 2 10.22%
Low LR and Unit 0.00346 0.006096  0.985773  0.032912 3 0
Baseline 0.014409 0.014285  0.836299  0.075597 3 0
USDCHF  High LR and Unit  0.003911 0.004758  0.981865  0.037561 1 2 72.86%
Low LR and Unit ~ 0.004477  0.005231  0.978078  0.039721 2 1
Baseline 0.004593 0.038307  0.985259  0.037961 3 0
USDCNY  High LR and Unit 0.00203 0.020093  0.996079  0.023146 1 2 55.80%
Low LR and Unit  0.003552 0.030428  0.990988  0.027553 2 1
Baseline 0.012241  2.088.819  0.986513  0.092053 3 0
USDJPY High LR and Unit  0.004661 0.892123  0.997642  0.050104 1 2 61.92%
Low LR and Unit ~ 0.007258  1.248.165  0.99515  0.057222 2 1
Table 11. HPO WFV Best Parameter
Pairs Code Mode Learning Rate  Units Dropout Rate  Epoch
AUDUSD  Low LR and Unit 0.000082 217 0.387535 41
EURUSD  High LR and Unit 0.000223 437 0.347868 43
GBPUSD  High LR and Unit 0.000405 439 0.308281 18
USDCAD  High LR and Unit 0.000899 425 0.293775 14
USDCHF  High LR and Unit 0.000224 372 0.301103 32
USDCNY  High LR and Unit 0.000454 438 0.324223 26
USDJPY  High LR and Unit 0.000493 434 0.343516 17
SR Bl aitbis - AR Fragreutian - URDCNY HAFE Froprasiess - FLIPFT
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Figure 2. Sample of MAPE Improvement Chart

Figure 2 provides a visual representation of the MAPE improvement achieved by the optimized models across different cur-
rency pairs. As shown in Figure 2, the results demonstrate that optimal hyperparameter configurations vary across currency pairs,
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confirming that each market exhibits distinct temporal dynamics and volatility characteristics. This variation is consistently reflected
in forecasting accuracy metrics (MAPE, RMSE, and R?), statistical comparison through the Diebold-Mariano (DM) test, and the
Model Confidence Set (MCS) selection procedure. For most currency pairs, namely EURUSD, GBPUSD, USDCAD, USDCHF,
USDCNY, and USDIJPY, the strongest performance is achieved using the High Learning Rate and High Units configuration. These
pairs exhibit comparatively more dynamic price movements requiring faster adaptation and higher representational capacity. The
increased learning speed and larger network structure allow the model to better capture nonlinear fluctuations that cannot be ade-
quately modeled using conservative parameter settings. This is evidenced by higher MAPE and RMSE values and high R? scores,
indicating stable and reliable predictive behavior. AUDUSD represents the only exception, where the Low Learning Rate and Low
Units configuration yields the best overall performance. This suggests that AUDUSD generally presents smoother trend evolution
where gradual weight updates help the model capture temporal dependencies without overreacting to short-term noise [37]. The
reduced number of hidden units also limits model complexity, preventing overfitting and supporting better generalization.

The Confidence Interval (CI) values in Table 6 reflect prediction stability across testing windows. Models with narrower CI
widths indicate more consistent forecasting behavior and lower uncertainty. In this study, most of the optimized configurations exhibit
lower CI values than the baseline, indicating improved stability after hyperparameter adjustment. For instance, the optimized models
for EUR/USD, USD/CAD, USD/CHF, and USD/CNY show notably tight CI ranges, confirming that their predictive performance
remains stable across different temporal segments. Conversely, slightly wider CI values in some baseline models suggest greater
variability and less reliable consistency in forecasting. The Model Confidence Set (MCS) column ranks models by average loss, with
1 indicating the best-ranked model for each currency pair. The results show that optimized configurations frequently achieve MCS
rank 1, highlighting their superiority in overall predictive accuracy. Specifically, the High LR-High Unit configuration attains the top
MCS rank for EURUSD, GBPUSD, USDCAD, USDCHF, USDCNY, and USDJPY. At the same time, AUDUSD reach MCS rank 1
under the Low LR-Low Unit. This pattern confirms that hyperparameter tuning successfully identifies the most reliable configuration
for each pair by minimizing average forecasting loss. The Diebold Mariano (DM) test results further validate these findings by
measuring pairwise predictive superiority among competing models. A DM value of 1 indicates one significant win, while 2 denotes
two significant wins against alternative configurations. Across experiments, optimized models consistently achieve higher DM win
counts than the baseline, indicating statistically significant improvements in forecast accuracy. All optimized configurations with
High LR-High Unit or Low LR-Low Unit, record two DM wins, reinforcing their dominance over competing settings.

The impact of the learning rate is related to gradient descent behavior: smaller values enable more stable, precise conver-
gence, while larger values allow faster adaptation to rapidly changing patterns. The number of units determines the representational
capacity of the model, where larger architectures can capture complex nonlinear relationships but increase the risk of overfitting,
whereas smaller architectures promote better generalization. This behavior is consistent with the bias variance trade off, where model
performance depends on balancing underfitting and overfitting based on data characteristics. Therefore, the variation in optimal hy-
perparameters across currency pairs can be attributed to differences in volatility, noise level, and temporal complexity, which require
different learning dynamics and model capacities. Overall, optimized configurations consistently outperform the baseline models in
terms of accuracy, stability, and statistical significance. Models ranked first in the MCS, supported by stronger DM wins and narrower
CI widths, demonstrate superior robustness across evaluation windows. These findings confirm that although the Low LR Low Unit
configuration dominates across most pairs, optimal forecasting performance remains pair specific, highlighting the importance of
adaptive hyperparameter tuning aligned with each currency pair’s market behavior.

4. CONCLUSION

This study set out to optimize deep learning models, BILSTM and GRU, for predicting the daily closing prices of seven major
forex currency pairs throughout the 21st century. Rather than comparing model performance alone, this study demonstrates that
predicting accuracy in forex is fundamentally dependent on the alignment among model configuration, validation strategy, and the
underlying characteristics of each currency pair. The findings confirm that BILSTM generally achieves higher predictive accuracy
than GRU because it captures bidirectional temporal dependencies, while Walk-Forward Validation (WFV) consistently yields more
reliable results than the Fix Date approach. More importantly, the study highlights that temporally consistent validation is critical in
time-series forecasting. Building upon the WFV results, hyperparameter optimization using the QHBM algorithm further enhances
model performance. The key insight is that optimal configurations are not universal but pair-specific: most currency pairs benefit from
high learning rates and high unit settings, whereas more dynamic pairs, such as AUD/USD, require lower learning rates and smaller
model capacities. This finding emphasizes that model adaptability is more important than model complexity alone in achieving robust
forecasting performance.
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Despite these contributions, several limitations should be acknowledged. This study relies solely on historical price data and
does not incorporate macroeconomic variables such as interest rates, inflation, or geopolitical indicators, which may further improve
predictive capability. Although regularization techniques were applied, the risk of overfitting remains inherent in deep learning
models, especially when dealing with highly volatile financial data. The use of metaheuristic optimization such as QHBM introduces
additional computational complexity, which may limit scalability in real-time or large-scale applications. Future research can address
these limitations by integrating macroeconomic and sentiment-based features, exploring hybrid or ensemble models, and investigating
more efficient optimization techniques to reduce computational cost. Additionally, extending the framework to high-frequency data
and real-time forecasting environments would further enhance its practical applicability.
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