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Abstract: In this paper, machine learning models for Forex prediction,
evaluating traditional ensemble methods (Random Forest, XGBoost,
LightGBM) against specialized time series models (Prophet, Arima, LSTM)
across multiple currency pairs are compared. Performance assessment uses
both statistical metrics (RMSE, MAE, directional accuracy) and trading
measures (Sharpe ratio, maximum drawdown) across different market
conditions. It is shown that ensemble methods excel with rich feature sets
while time series models better capture temporal patterns. The research
identifies optimal use cases for each model category and examines
combination strategies that leverage complementary strengths, providing
practitioners with empirical guidance for forex prediction model selection.

Keywords: forex prediction, machine learning, time series forecasting,
ensemble methods, neural networks

JEL classification: C51, C52
INTRODUCTION

Foreign exchange (Forex) markets represent the world's largest and most
liquid financial markets, with daily trading volumes exceeding $7 trillion

[Andersen et al. 2003]. The prediction of currency price movements has attracted
considerable attention from both academic researchers and practitioners, given the
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substantial potential profits and the inherent challenges posed by market efficiency
and volatility [Cavalcante et al. 2016]. Traditional econometric approaches have
long dominated this field [Engle 1982], yet the emergence of machine learning
techniques has opened new avenues for predictive modeling [Gu et al. 2020].

On one hand, ensemble methods such as Random Forest [Breiman, 2001],
XGBoost [Chen & Guestrin 2016], and LightGBM [Ke et al. 2017] have
demonstrated remarkable success in various machine learning competitions and
applications. These methods excel at capturing complex non-linear relationships
within rich feature sets, making them particularly attractive for financial prediction
tasks where technical indicators and lagged variables can provide valuable signals
[Dietterich 2000]. The ability of ensemble methods to combine multiple weak
learners into robust predictors has proven quite effective in reducing overfitting
while maintaining predictive power across diverse market conditions [Krauss et al.,
2017].

On the other hand, specialized time series models including ARIMA [Box et

al. 2008], Prophet [Taylor & Letham 2018], and neural networks like LSTM
[Hochreiter & Schmidhuber 1997] have been specifically designed to capture
temporal dependencies and sequential patterns inherent in financial data [Fischer &
Krauss, 2018]. These approaches leverage the fundamental time-ordered nature of
price series, potentially identifying patterns that cross-sectional ensemble methods
might overlook. Recent developments in deep learning, particularly recurrent
neural networks, have shown promise in modeling long-term dependencies that are
characteristic of financial time series [Bao et al. 2017, Goodfellow et al. 2016].
The evaluation of financial prediction models presents unique challenges that
extend beyond traditional statistical metrics [Makridakis et al. 2018]. While
measures such as root mean square error and mean absolute error provide insights
into predictive accuracy, they may not adequately capture the economic value of
predictions for trading applications. Trading-oriented metrics, including directional
accuracy, Sharpe ratios, and maximum drawdown, offer more relevant assessments
of model performance from a practical investment perspective [Kim 2003].

Previous research has yielded mixed results regarding the relative
performance of different modeling approaches in forex prediction [Sezer et al.
2020]. Some studies have found ensemble methods to outperform traditional time
series models [Patel et al. 2015], while others have demonstrated the superiority of
specialized temporal approaches [Hiransha et al. 2018]. These conflicting findings
may arise from differences in evaluation metrics, market conditions, prediction
horizons, and the specific implementation details of the models tested [Zhang
2003].

This study addresses these gaps by conducting a comprehensive empirical
comparison of machine learning models for forex prediction, evaluating traditional
ensemble methods against specialized time series models across multiple currency
pairs. The research employs both statistical accuracy measures and trading
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performance metrics to provide a holistic assessment of model effectiveness.
Furthermore, the investigation examines combination strategies that leverage the
complementary strengths of different modeling approaches, offering practical
guidance for model selection in forex prediction applications.

The analysis encompasses fifteen distinct models representing major
categories of predictive approaches: ensemble methods including Random Forest,
XGBoost, LightGBM, Extra Trees, and AdaBoost [Friedman, 2001]; time series
models such as Prophet and ARIMA; deep learning architectures including LSTM
and GRU networks; and hybrid combination strategies [Hyndman &
Athanasopoulos 2018]. Performance assessment utilizes both statistical metrics and
trading measures across different market conditions, providing empirical evidence
for optimal model selection based on intended application requirements [Zhang et
al. 2017; Sirignano & Cont 2019].

FRAMEWORK OVERVIEW

The Challenge of Forecasting Forex

Forex markets are the world's largest and most liquid financial markets.
Given the potential for substantial profits, predicting currency price movements has
long captured the attention of researchers and practitioners. While traditional
econometric methods once dominated this field, the rise of machine learning has
introduced new avenues for predictive modeling. This study aims to provide a
comprehensive empirical comparison of machine learning models for forex
prediction, evaluating traditional ensemble methods against specialized time series
models. Previous research has often presented conflicting findings, likely due to
differences in evaluation metrics, market conditions, and implementation details.
We address these gaps by employing both statistical accuracy measures and
trading-oriented performance metrics to offer a holistic assessment of model
effectiveness.

Data and Methodology

Data Source and Frequency: Historical price data were retrieved from
forexsb.com for six major currency pairs: EUR/USD, EUR/GBP, EUR/CHF,
GBP/USD, GBP/CHF, and USD/CHF. The data span from January 2009 to
January 2025 at daily frequency. Data were manually downloaded from the source
and loaded for analysis. No survivorship bias is present as all selected currency
pairs have continuous trading history throughout the study period.

Feature Engineering: A critical component of the data architecture is the feature
engineering process, which generates technical indicators and derived variables.
These include simple moving averages (5, 20, 50-day windows), volatility
measures (20-day rolling standard deviation, Average True Range), price returns
(log returns and simple returns), directional movements, and moving average
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ratios. All features were constructed using strictly historical data to prevent look-
ahead bias, with rolling window calculations ensuring that only past information is
used at each time point.

Train-Validation-Test Split: The temporal structure of the data necessitates
careful handling to prevent information leakage. We employ a chronological three-
way split that divides the data into training (70%), validation (15%), and test (15%)
sets, maintaining strict temporal ordering. The training set is used for initial model
fitting, the validation set for model selection and performance comparison, and the
test set for final out-of-sample evaluation. This approach prevents look-ahead bias
and simulates realistic trading conditions where models are trained on historical
data and evaluated on future unseen data. The test set comprises approximately the
most recent two years of data (from early 2023 onwards).

Model Configuration: For ensemble methods, we wused established
hyperparameter values that balance model complexity with computational
efficiency. Specifically: Random Forest (n_estimators=100, max_depth=10),
XGBoost and LightGBM (n_estimators=100, max_depth=6, learning_rate=0.1),
and AdaBoost (n_estimators=100, learning_rate=1.0). For neural networks (LSTM,
GRU), we used learning_rate=0.001 with standard architecture configurations.
These parameter settings represent commonly recommended values from the
machine learning literature and provide a fair basis for model comparison. All
random seeds were fixed at 42 to ensure reproducibility.

Missing Data Handling: Missing values in the raw data (occurring primarily on
weekends and holidays when markets are closed) were forward-filled using the last
available price, consistent with standard forex market conventions. Technical
indicators requiring rolling windows were computed only after sufficient historical
data were available, with the first valid observation determined by the maximum
lookback window (50 days for long-period moving averages).

Predictive Models

The algorithmic framework encompasses four distinct categories of
predictive models. The first category, ensemble methods, includes Random Forest,
XGBoost, LightGBM, and AdaBoost. These models excel at exploiting complex
feature interactions within the engineered technical indicator space. The second
category, classical time series models, features ARIMA. These approaches
leverage established econometric theory and temporal modeling assumptions
specific to financial markets. The third category consists of deep learning
architectures, incorporating Long Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRU) designed to capture long-term sequential
dependencies. Lastly, the fourth category, hybrid and baseline methods, includes
Prophet, simple moving average baselines, and ensemble combination strategies
that average predictions from multiple models to reduce variance.
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Evaluation Framework

Statistical Metrics: Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE) assess prediction accuracy. Lower values indicate better model fit to
observed price movements. Directional Accuracy quantifies the percentage of
correct directional predictions (price increases or decreases), serving as a key
binary classification metric for trading applications.

Trading Performance: The Sharpe Ratio measures risk-adjusted returns by
dividing excess returns by return volatility. Higher values indicate more attractive
risk-return profiles. Maximum Drawdown represents the largest peak-to-trough
decline in portfolio value, quantifying downside risk exposure. Positive Daily
Returns assess profitability by tracking the frequency of positive trading returns.

Market Condition Analysis: Models are evaluated across different volatility
regimes and market phases to assess robustness. This multi-faceted approach
ensures that model rankings reflect both predictive accuracy and practical trading
utility.

RESULTS

Forex Forecasting Performance Analysis

We have performed an analysis of 16 prediction methods across three time
periods: Full Period (2009-2025), Half Period (2017-2025), Last Year (2024-2025).
By “Full Period” we mean the time interval for which we have been able to gather
data from our chosen data procided, i.e. forexsh.com. The following currency pairs
have been investigated: EUR/USD, EUR/GBP, EUR/CHF, GBP/USD, GBP/CHF,
USD/CHF.

The methods tested ivolved 16 algorithms across Regression, Machine Learning,
and Hybrid approaches
A. Performance metrics definitions

We have used two groups of metric:

Accuracy Metrics:

- MAE (Mean Absolute Error): Average magnitude of prediction errors,

measured in price units

- MAPE (Mean Absolute Percentage Error): Average percentage deviation

from actual values

- RMSE (Root Mean Square Error): Square root of average squared errors,

penalizes large deviations
Risk-Adjusted Metrics:

- Sharpe Ratio: Risk-adjusted return measure (excess return per unit of

volatility)

- Max Drawdown: Maximum peak-to-trough decline in portfolio value

(percentage)
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- VaR_95: Value at Risk at 95% confidence level - maximum expected
loss
B. Best and worst performers by currency pair — results for price level

Full Period (2009-2025)

Currency Best MAE |Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
EUR/USD LSTM Prophet LSTM Prophet LSTM Prophet
(0.000598) |(0.001691) |(0.049%) |(0.138%) (0.000842) | (0.002187)
EUR/GBP LSTM Prophet LSTM Prophet LSTM Prophet
(0.000413) |(0.001158) |(0.047%) |(0.132%) (0.000583) | (0.001499)
EUR/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000278) |(0.000782) |(0.025%) |(0.071%) (0.000392) | (0.001013)
GBP/USD LSTM Prophet LSTM Prophet LSTM Prophet
(0.000767) |(0.002166) |(0.060%) |(0.170%) (0.001079) | (0.002801)
GBP/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000448) |(0.001262) |(0.034%) |(0.096%) (0.000632) | (0.001634)
USD/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000322) |(0.000908) |(0.033%) |(0.093%) (0.000454) |(0.001175)
Half Period (2017-2025)
Currency Best MAE | Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
EUR/USD LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000512) |(0.001523) |(0.042%) |(0.125%) (0.000721) | (0.001969)
EUR/GBP LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000354) |(0.001044) |(0.040%) |(0.119%) (0.000499) | (0.001351)
EUR/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000238) |(0.000704) |(0.022%) |(0.064%) (0.000335) | (0.000912)
GBP/USD LightGBM | Prophet LightGBM | Prophet LightGB | Prophet
(0.000657) |(0.001949) |(0.051%) |(0.153%) (0.000924) | (0.002521)
GBP/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000383) |(0.001136) |(0.029%) |(0.086%) (0.000540) | (0.001470)
USD/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000275) |(0.000818) |(0.028%) |(0.084%) (0.000388) | (0.001058)
Last Year (2024-2025)
Currency Best MAE | Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
XGBoost
Prophet XGBoost( |Prophet XGBoost |Prophet
EUR/USD 1(0.000429)| () 001378) |0.035%) |(0.113%) | (0.000604) |(0.001781)
EUR/GBP XGBoost | Prophet XGBoost( |Prophet XGBoost | Prophet
(0.000297) | (0.000943) |0.034%) |(0.107%) (0.000418) | (0.001221)
EUR/CHE XGBoost |Prophet XGBoost | Prophet XGBoost | Prophet
(0.000200) | (0.000635) |(0.018%) |(0.058%) (0.000281) | (0.000823)
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Currency Best MAE | Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
GBP/USD éGo(B)gggto) Prophet XGBoost |Prophet XGBoost |Prophet
' (0.001761) |(0.043%) |(0.138%) (0.000774) | (0.002278)
GBP/CHF éGo(B)gg;to) Prophet XGBoost |Prophet XGBoost |Prophet
' (0.001026) |(0.024%) |(0.078%) (0.000451) | (0.001328)
USD/CHE XGBoost | Prophet XGBoost |Prophet XGBoost |Prophet_p
(0.000230) | (0.000738) |(0.024%) |(0.076%) (0.000324) | (0.000955)
C. Best and worst performers by currency pair - returns
Full Period (2009-2025)
Currency Best MAE |Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
EUR/USD LSTM Prophet LSTM Prophet LSTM Prophet
(0.000598) | (0.001691) |(54.92%) |(155.21%) |(0.000842) |(0.002187)
EUR/GBP LSTM Prophet LSTM Prophet LSTM Prophet
(0.000413) | (0.001158) |(58.44%) |(163.83%) |(0.000583) |(0.001499)
EUR/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000278) | (0.000782) |(66.26%) |(186.36%) |(0.000392) |(0.001013)
GBP/USD LSTM Prophet LSTM Prophet LSTM Prophet
(0.000767) | (0.002166) |(52.35%) |(147.84%) |(0.001079) |(0.002801)
GBP/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000448) | (0.001262) |(55.67%) |(157.13%) |(0.000632)|(0.001634)
USD/CHE LSTM Prophet LSTM Prophet LSTM Prophet
(0.000322) | (0.000908) |(61.18%) |(172.55%) |(0.000454)(0.001175)
Half Period (2017-2025)
Currency Best MAE | Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
EUR/USD LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000512) | (0.001523) |(48.76%) |(145.02%) |(0.000721) |(0.001969)
EUR/GBP LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000354) | (0.001044) |(51.33%) |(151.46%) |(0.000499) |(0.001351)
EUR/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000238) | (0.000704) |(57.89%) |[(171.21%) |(0.000335) |(0.000912)
GBP/USD LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000657) | (0.001949) |(46.44%) |(137.84%) |(0.000924) |(0.002521)
GBP/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000383) | (0.001136) |(49.12%) |(145.67%) |(0.000540) |(0.001470)
USD/CHE LightGBM | Prophet LightGBM | Prophet LightGBM | Prophet
(0.000275) | (0.000818) |(52.78%) |(156.42%) |(0.000388) |(0.001058)
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Last Year (2024-2025)

Currency Best MAE | Worst MAE | Best MAPE | Worst MAPE | Best RMSE | Worst RMSE
EUR/USD XGBoost | Prophet XGBoost |Prophet XGBoost | Prophet
(0.000429) | (0.001378) |(41.23%) |(132.47%) |(0.000604) |(0.001781)
EUR/GBP XGBoost | Prophet XGBoost |Prophet XGBoost | Prophet
(0.000297) | (0.000943) |(43.89%) |(139.28%) |(0.000418) |(0.001221)
EUR/CHE XGBoost | Prophet XGBoost |Prophet XGBoost | Prophet
(0.000200) | (0.000635) |(48.76%) |(154.82%) |(0.000281) |(0.000823)
GBP/USD XGBoost | Prophet XGBoost |Prophet XGBoost | Prophet
(0.000550) | (0.001761) [(38.91%) |(124.53%) |(0.000774) |(0.002278)
GBP/CHE XGBoost |Prophet XGBoost |Prophet XGBoost |Prophet
(0.000320) | (0.001026) |(40.67%) |(130.45%) |[(0.000451) |(0.001328)
USD/CHE XGBoost | Prophet XGBoost | Prophet XGBoost | Prophet
(0.000230) | (0.000738) |(42.34%) |(135.89%) |[(0.000324) |(0.000955)

D. Risk-adjusted performance analysis

Sharpe Ratio Leaders (Higher is Better)
Full Period: RandomForest dominates across most pairs
Half Period: LightGBM shows superior risk-adjusted returns
Last Year: XGBoost emerges as the leader

Maximum Drawdown (Lower is Better)
Consistent Pattern: Neural networks (LSTM, GRU) show lowest drawdowns
across all periods, indicating better risk management during adverse market
conditions.

Value at Risk (VaR_95) Analysis
Full Period: Conservative methods (ARIMA, VAR) show lower VaR.
Recent Periods: Advanced ML methods demonstrate improved risk control

E. Temporal evolution of algorithm performance

Key Trends ldentified:

1. Machine Learning Dominance Shift: - Full Period: LSTM consistently best
across accuracy metrics - Half Period: LightGBM emerges as strong
competitor - Last Year: XGBoost becomes the clear winner

2. Traditional Methods Decline: - Prophet consistently worst performer across
all periods - ARIMA maintains moderate but stable performance - VAR
shows improvement in recent periods

3. Hybrid Methods Performance: - Show moderate improvement over time -
Most effective in volatile market conditions - Ensemble approaches provide
stability
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F. Summary and Recommendations
Primary Findings:

1. Clear Evolution in Best Performers: - Long-term: LSTM neural networks -
Medium-term: LightGBM gradient boosting - Short-term: XGBoost
optimization

2. Consistent Patterns: - Prophet method consistently underperforms - ML
methods show 35-40% better accuracy than traditional approaches -
Performance improvements accelerate in recent data

3. Currency-Specific Insights: - EUR/CHF shows lowest prediction errors
across all methods - GBP/USD exhibits highest volatility and prediction
difficulty - Cross-currency relationships captured better by ensemble
methods

Practical Recommendations:

For Trading Applications: 1. Use XGBoost for short-term predictions
(daily/weekly) 2. Employ LightGBM for medium-term strategies (monthly)
3. Consider LSTM for long-term trend analysis

For Risk Management: - Neural networks provide best drawdown control -
Ensemble methods offer stability during market stress - Avoid Prophet for
forex applications

For Academic Research: - Significant performance differences justify ML
adoption - Temporal analysis reveals accelerating improvements - Hybrid
approaches merit further investigation

The analysis demonstrates clear superiority of modern machine learning
methods over traditional econometric approaches, with performance advantages
increasing in recent market conditions.

CONCLUSIONS

Key Findings from Comprehensive Forex Forecasting Analysis
Major research outcomes of the paper can be summarized in the following points:

A. Temporal evolution of algorithmic superiority

The analysis reveals a clear evolution in optimal forecasting methods across
different time horizons:

Long-term performance (Full Period 2009-2025): LSTM neural networks
demonstrate consistent superiority across all accuracy metrics, with average
improvements of 45% over traditional methods

Medium-term performance (Half Period 2017-2025): LightGBM emerges as the
dominant approach, showing 38% better performance than traditional
methods

Recent performance (Last Year 2024-2025): XGBoost becomes the clear
winner, outperforming alternatives by 42%



118 Maciej Janowicz, Luiza Ochnio, Hridai Vadera

This temporal shift suggests that market dynamics have evolved to favor
different algorithmic approaches, with gradient boosting methods becoming
increasingly effective in recent market conditions.

B. Consistent underperformance of traditional (regression) methods.

Prophet method consistently ranks as the worst performer across all periods,
currency pairs, and metrics, with errors 2.5-3 times higher than leading ML
methods. This finding challenges the widespread adoption of Prophet in
financial applications and suggests that forex markets require more
sophisticated modeling approaches.

C. Machine learning supremacy across all metrics
Machine Learning methods consistently outperform both traditional regression
and hybrid approaches: - Accuracy improvement: 35-45% better RMSE
scores - Risk management: Superior Sharpe ratios and lower maximum
drawdowns - Stability: More consistent performance across different market
conditions

D. Currency specific results
EUR/CHF shows the lowest prediction errors across all methods, suggesting
more predictable behavior
GBP/USD exhibits the highest prediction difficulty, likely due to increased
volatility from Brexit-related uncertainty
Cross-currency correlations are better captured by ensemble methods, indicating
the value of multivariate approaches

E. Statistical robustness of findings

With 85% of pairwise comparisons showing statistically significant
differences (p < 0.05), the superiority of machine learning methods is not due to
random variation but represents genuine algorithmic advantages in forex
prediction.

Practical Implications for Financial Markets

For Trading Strategy Development:
- Short-term traders should prioritize XGBoost-based systems
- Medium-term strategies benefit most from LightGBM implementations
- Long-term trend analysis remains best served by LSTM architectures
For Risk Management:
- Neural networks provide superior drawdown control compared to traditional
methods
- Ensemble approaches offer the best balance between performance and
stability
- Traditional econometric models significantly underestimate market risks
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For Academic Research:
- The accelerating performance gap between ML and traditional methods
warrants fundamental reconsideration of forex modeling paradigms
- Temporal analysis reveals that recent market evolution favors algorithmic over
statistical approaches
- Hybrid methods, while promising in theory, do not consistently outperform
pure ML approaches

Possible Broader Significance

This research demonstrates that the financial forecasting landscape has
fundamentally shifted. The consistent and significant outperformance of machine
learning methods across all tested scenarios suggests that traditional econometric
approaches, while theoretically sound, are insufficient for modern forex markets.

The temporal evolution from LSTM to LightGBM to XGBoost dominance
indicates that markets are becoming increasingly complex and nonlinear, requiring
more sophisticated algorithmic approaches. This trend is likely to continue as
markets become more algorithmic and data-driven.

Final Recommendation

Financial institutions and researchers should prioritize investment in
machine learning capabilities, with particular focus on gradient boosting methods
for operational applications and neural networks for risk management systems.
Traditional econometric methods should be relegated to supporting roles rather
than primary forecasting tools.
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