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Abstract

Predictive accuracy is often treated as a sufficient condition for profitable algorithmic
trading, yet whether machine learning forecasts translate into trading performance that
holds up across different market regimes remains contested. This study develops and
stress-tests a prediction-driven, dynamically optimized trading framework across twelve
instruments spanning equities, commodities, foreign exchange, and cryptocurrencies, and
three structurally distinct regimes: a calm market (2018), the COVID-19 crisis (2020), and
the Russian–Ukrainian geopolitical shock (2022). Daily price forecasts from RNN, LSTM,
GRU, and hybrid architectures feed a rule-based framework that opens long or short
positions from the divergence between predicted and observed prices, applies volatility-
adjusted stop-loss and take-profit thresholds optimized by Sharpe-ratio grid search, and is
extended with a rolling-MAPE confidence filter and an error-based dynamic position-sizing
rule. Across the resulting 36 asset-period combinations, the prediction-based strategies
outperformed the buy-and-hold benchmark in 86–92% of cases on cumulative return
and 92% of cases on the Sharpe ratio; a one-sided binomial sign test rejects the null
of no systematic advantage at p < 0.001 for every strategy variant, and the pattern is
stable when each of the three regimes is examined separately (10–11 of 12 assets per
period). Excluding crude oil—the only instrument where active strategies persistently
underperformed, plausibly reflecting structural breaks such as the negative 2020 futures
prices—raises the win rate to roughly 97%. Median outperformance reached about 15
percentage points in cumulative return and close to two Sharpe-ratio points, with maximum
drawdowns falling in almost every case. The rolling-MAPE filter was the most effective
mechanism for containing losses in turbulent regimes, while the position-sizing variant
delivered the strongest average risk-adjusted returns. These results indicate that the value
of machine learning forecasts in trading depends less on raw predictive accuracy than
on the risk-management logic wrapped around it, and that this advantage is statistically
robust across assets, regimes, and specification choices rather than an artifact of a single
favorable sample.
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1. Introduction
Financial market forecasting has long been regarded as one of the most complex

areas of academic research, characterized simultaneously by structural uncertainty, high
volatility, and nonlinear dynamics. Classical financial theories, most notably the Efficient
Market Hypothesis [1], assume that asset prices follow a random walk process and that
market participants are unable to systematically outperform the market over the long term.
However, empirical studies conducted over the past two decades in equity, foreign ex-
change, commodity, and cryptocurrency markets [2–5] have identified numerous patterns
and anomalies that justify the application of machine learning techniques. Parallel to the
rapid advancement of artificial intelligence, an increasing number of studies have examined
whether active trading strategies based on predictive models are capable of improving
risk-adjusted performance and outperforming passive buy-and-hold approaches. Research
on prediction-driven trading strategies has evolved along two major directions. On the one
hand, deep learning models—particularly LSTM-, GRU-, and CNN-based architectures—
have demonstrated a strong ability to capture hidden temporal patterns in financial time
series [6–11]. On the other hand, reinforcement learning frameworks have become increas-
ingly widespread due to their capability to continuously adapt to changing market regimes
and support dynamic portfolio management [12–15]. Recent studies have further em-
phasized that predictive accuracy alone is insufficient for successful trading performance.
The decision-making logic built upon forecasting models (filtering mechanisms, position
sizing, or volatility-based risk management) plays at least as important a role as forecast
accuracy itself [16–20]. The 2018–2022 period provides a particularly relevant framework
for investigations of this kind. During this interval, financial markets experienced three
distinct market regimes: (1) a relatively calm and trend-oriented environment in 2018,
(2) extreme uncertainty during the COVID-19 pandemic in 2020, and (3) a high-inflation en-
vironment characterized by geopolitical shocks in 2022. These conditions create an excellent
opportunity to evaluate how trading strategies derived from machine learning forecasts
behave under different market regimes and whether they can provide more stable risk
management than passive investment approaches. Existing literature increasingly suggests
that the advantages of ML-based models become especially pronounced in highly volatile
environments [21–23]. In cryptocurrency markets—characterized by extreme volatility and
nonlinear structures—machine learning models have proven particularly effective [24,25].
In equity markets, LSTM-based approaches have shown strong performance in capturing
medium-term trends, while in foreign exchange markets ML-based systems have generally
generated more stable but moderate excess returns [26]. At the same time, findings across
asset classes also indicate that the performance of ML models depends strongly on the
structural characteristics of the underlying time series, including volatility, the frequency
of regime shifts, and exposure to fundamental shocks. The aim of the present study is to
develop and evaluate a prediction-driven, parameter-sensitive trading strategy across mul-
tiple financial instruments and distinct market environments. The novelty of the proposed
framework lies in combining position-switching signals based on the divergence between
predicted and observed prices with volatility-based stop-loss and take-profit mechanisms
optimized through Sharpe ratio maximization. An enhanced version of the model addition-
ally incorporates prediction error (MAPE) both as a filtering mechanism and as a dynamic
position-sizing rule. Although such approaches remain relatively underexplored in the
literature, they represent an important step toward adaptive risk-management frameworks.
Beyond constructing and backtesting the strategy, the study also formally tests whether its
advantage over a passive benchmark is statistically systematic, applying a battery of non-
parametric tests—an omnibus Friedman test, a directional sign test, a magnitude-sensitive
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Wilcoxon test, and Spearman rank correlations—to the pooled results across all instruments,
regimes, and strategy specifications.

Building on this motivation, the study is guided by three research questions:

• RQ1: Do prediction-driven trading strategies deliver statistically robust outper-
formance over a passive buy-and-hold benchmark once results are pooled across
multiple assets, asset classes, and market regimes, rather than assessed instrument
by instrument?

• RQ2: Does the advantage of prediction-based strategies hold consistently across struc-
turally different regimes—a calm market, a pandemic-driven crisis, and a geopolitical
shock—or is it concentrated in specific periods?

• RQ3: To what extent do risk-management overlays, namely volatility-adjusted stop-
loss/take-profit rules, MAPE-based signal filtering, and error-based position sizing,
contribute to performance beyond the raw predictive signal, and does this contribution
vary by asset class?

The study contributes to the existing literature in several respects. First, by simultane-
ously analysing multiple market regimes and asset classes, it provides a comprehensive
assessment of the environments in which ML-based prediction strategies perform most
effectively. Second, the parameter optimization framework offers a practical and algorith-
mically implementable approach for improving the efficiency of prediction-driven trading
systems. Third, the evaluation extends beyond conventional return and risk indicators
by also considering maximum drawdown and regime-dependent stability, thereby con-
tributing to a more robust assessment of prediction-based trading strategies. Fourth, rather
than relying on descriptive comparisons alone, the study subjects the full set of results to a
formal battery of non-parametric statistical tests—an omnibus Friedman test with post hoc
comparisons, a sign test, a Wilcoxon signed-rank test, and Spearman rank correlations—
providing, to the authors’ knowledge, one of the more statistically rigorous robustness
assessments of prediction-based trading strategies across this range of asset classes and
market regimes.

2. Literature Review
The application of forecasting models in trading strategies remains a relatively un-

derexplored area; however, several studies have attempted to examine and promote their
practical implementation. Most existing investigations focus primarily on equity and cryp-
tocurrency markets, some of which are discussed in greater detail in the following section.
The discussion begins with studies concentrating on equities and stock indices.

Pourahmadi et al. [27] examined stock trading models combining reinforcement learn-
ing (RL) and technical analysis while explicitly accounting for transaction costs. The authors
highlighted the limitations of conventional RL models in noisy and high-dimensional stock
market environments and proposed a modified Actor–Critic-based RL framework to ad-
dress these issues. The main innovation of the approach lies in augmenting the actor
component with three technical indicators (Relative Strength Index (RSI), Stochastic Os-
cillator, and Moving Average Convergence Divergence (MACD)) in order to create more
realistic and efficient trading strategies. The robustness of the model was evaluated using
financial data from the S&P 500 index. The results demonstrated substantial improvements
compared to traditional trading strategies. The proposed model achieved an average annual
return of 11.23%, compared to only 1.57% under the buy-and-hold strategy. Furthermore,
the Sharpe ratio reached 0.444 for the proposed framework, significantly exceeding the
0.057 value observed for the passive benchmark. Statistical analyses confirmed that the com-
bination of technical analysis and reinforcement learning outperformed the conventional
passive investment strategy. Zhou et al. [28] experimented with the so-called IFF-DRL
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(Incremental Forecast Fusion—Deep Reinforcement Learning) framework, which combines
incremental learning, self-supervised time-series learning, and deep reinforcement learning
(DRL) to optimize financial trading. The model first forecasts OHLCV (open, high, low,
close, volume) time series using the AutoConNet predictive network and subsequently
combines these forecasts with actual market data to generate daily and weekly inputs for
the RL framework. Experiments were conducted on stock market indices, including the
Dow Jones, S&P 500, and Hang Seng Index, over the 2007–2023 period. The methodol-
ogy additionally incorporates the online Elastic Weight Consolidation (EWC) algorithm
to continuously update the predictive network, thereby enabling effective adaptation to
changing market regimes. The empirical results were particularly remarkable for the Hang
Seng Index, where annualized returns reached 103.19%, while Sharpe ratios and other risk
indicators also improved substantially relative to the buy-and-hold benchmark. The study
clearly demonstrated that integrating adaptive, forward-looking forecasting mechanisms
into reinforcement learning frameworks can significantly improve trading performance in
volatile market environments. Ju, Shen, and Ni [22] investigated whether an LSTM-based
forecasting model could generate significant excess returns relative to a traditional buy-
and-hold strategy. The authors conducted a backtesting-based performance evaluation on
multiple U.S. equities and analysed the results using return measures, Sharpe ratios, and
maximum drawdown (MDD). The trading simulation followed the buy and sell signals
generated by the LSTM model and complemented them with fixed stop-loss and take-profit
levels to strengthen risk management. The best performance was achieved for Tesla (TSLA),
where annualized returns reached 41.26%, accompanied by a Sharpe ratio of 1.79 and a
relatively limited maximum drawdown of −12.34%. For Microsoft (MSFT), the annualized
return amounted to 29.47%, with a Sharpe ratio of 1.12 and a maximum drawdown of
−10.51%. By contrast, the buy-and-hold strategy generated returns of only 14.85% and
12.21%, respectively, with substantially lower Sharpe ratios (TSLA: 0.58; MSFT: 0.44). The
findings demonstrated that LSTM-based decision logic is not only suitable for forecasting
market trends but can also deliver superior performance within active trading strategies. In
addition, the LSTM-generated strategies typically exhibited smaller maximum drawdowns
and more favourable return-to-risk ratios than the conventional benchmark strategy. The
authors emphasized that such models may be particularly effective over medium-term
horizons, where temporal patterns embedded in financial time series can be exploited more
efficiently. The study therefore provided strong evidence that LSTM-based price forecasting
offers not only theoretical but also practical advantages for capital market trading. Shah
et al. [29] presented a stock market trading framework based on deep learning architectures
designed for automated trading of the Nifty 50 index. The proposed strategy relies on
a stacked CNN–LSTM model using a 20-day lookback window to analyse market data.
Although the primary objective of the study was accurate price forecasting, the framework
implicitly described a trading strategy built upon these predictions. Trading signals were
generated according to forecasts of the Nifty 50 closing price, thereby optimizing trading
decisions. The CNN–LSTM approach achieved substantially higher returns than the tra-
ditional buy-and-hold strategy, which generated a cumulative return of 107% over ten
years, whereas the proposed framework achieved excess returns of 342%. Quantifying
predictive outputs—the target variable of the model—may assist traders in identifying
trading opportunities, particularly in the context of derivative and options markets. Cheng
et al. [30] investigated a time-series framework combining deep learning with an integrated
indicator-selection methodology for stock price forecasting and trading strategy develop-
ment. The proposed framework follows a hybrid approach that combines the automated
selection of financial technical indicators with deep learning models. A key component of
the strategy lies in generating buy and sell signals based on the selected technical indica-
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tors, which directly influence trading decisions. The model was tested using Taiwanese
stock market data, with particular emphasis placed on evaluating realized trading profits.
Experimental results confirmed that the proposed framework was capable of generating
significant trading profits. Specifically, during a 30-day testing period, the model achieved
a gross return of 4.5%, compared to a 0.5% loss under the buy-and-hold strategy. The study
highlighted the advantages of the synergistic integration of technical indicators and deep
learning methods in developing more reliable and profitable algorithmic trading strategies.

Another popular asset class in the literature is cryptocurrencies. Several empirical
studies in this area are presented below. Jing and Kang [24] introduced an automated
cryptocurrency trading strategy based on an ensemble deep reinforcement learning (DRL)
framework, with particular emphasis on the interpretation of visual information derived
from candlestick chart images. The core idea of the strategy is that the DRL model learns
complex market patterns from temporal and spatial information extracted from multi-
resolution candlestick images and generates trading decisions accordingly. Model perfor-
mance was evaluated using different data types and strategies over a 30-day testing period.
Among the DRL-based approaches, the DQN model utilizing candlestick image (CI) data
achieved the strongest performance, generating a return of 26.12% during the testing period.
The corresponding Sortino ratio reached 0.0344, while the maximum drawdown remained
limited to −2.10%. This strategy significantly outperformed the conventional buy-and-hold
approach, which achieved an 18.54% return and a Sortino ratio of 0.02 over the same period.
The study emphasized that the ensemble DRL framework, through its comprehensive use
of candlestick-based visual information, provides a more sophisticated understanding of
market dynamics, thereby enabling more efficient and profitable trading decisions in highly
volatile cryptocurrency markets. Omole and Enke [26] applied deep learning models to
forecast Bitcoin price direction and empirically compared the profitability of trading strate-
gies built upon these predictions. The study evaluated several deep learning architectures,
including CNN–LSTM, LSTM, and TCN models, against the ARIMA benchmark model
using on-chain data combined with feature-selection techniques such as Boruta, genetic
algorithms, and LightGBM. The trading framework generated buy and sell decisions ac-
cording to predicted Bitcoin price movements. Based on the simulated trading results, the
“long and short” strategy achieved the best performance, generating an annualized return
of 6653.74% and a Sharpe ratio of 1.85. This substantially outperformed both the “long-only
buy-and-sell” strategy (437.24% return; Sharpe ratio: 0.13) and the “short-only buy-and-sell”
strategy (1084.16% return; Sharpe ratio: 0.18). The study further emphasized that deep
learning models and careful feature selection are critical for navigating the highly volatile
and complex cryptocurrency market environment successfully and profitably. Ghadiri and
Hajizadeh [25] proposed an advanced artificial intelligence-based trading system designed
specifically for highly volatile cryptocurrency markets. The authors implemented a two-
stage framework: first, the XGBoost algorithm was used to identify the most informative
variables from market, technical, macroeconomic, and blockchain-related data; second, a
deep learning architecture integrating LSTM, BiLSTM, and GRU layers was employed to
generate trading signals. The framework was tested using Bitcoin and Ethereum data over
the 2017–2023 period, and the results demonstrated substantial outperformance relative to
the buy-and-hold benchmark. For Bitcoin, the GRU-XGB model achieved an annualized
return of 24.85% with a Sharpe ratio of 0.514, whereas the buy-and-hold strategy produced
a negative return of −8.9% and a Sharpe ratio of only 0.01. For Ethereum, the LSTM-XGB
model delivered particularly strong performance, achieving a 90.26% annualized return
and a Sharpe ratio of 1.22. The study additionally confirmed the statistical significance of
the excess performance through Wilcoxon tests, especially in the case of GRU and BiLSTM
architectures. The authors emphasized the importance of blockchain-related variables and
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the practical advantages of deep learning frameworks, while also highlighting challenges
related to overfitting, data saturation, and hyperparameter optimization. Kang, Hong,
and Kim [31] investigated the effectiveness of cryptocurrency trading strategies combining
deep learning-based price prediction with technical indicators. The objective of the study
was to develop a decision-support framework capable of improving risk-adjusted returns
across several crypto assets, including Bitcoin, Ethereum, and Ripple. The authors applied
twelve different deep learning architectures, including SegRNN, Transformer, and Times-
Net models, and combined them with technical indicators such as Bollinger Bands, RSI,
and MACD within trading simulations. Backtesting procedures were conducted across
four different time horizons (30 min, 1 h, 4 h, and daily intervals), while performance was
evaluated using return measures, maximum drawdown, and Sharpe ratios. The strongest
performance was achieved in the Ethereum market using a strategy that combined the
TimesNet model with Bollinger Bands. This framework generated a return of 3.19%, while
maintaining a maximum drawdown of −7.46% and a Sharpe ratio of 3.56, substantially
exceeding the buy-and-hold benchmark values. The findings indicated that although
deep learning models are capable of generating accurate forecasts independently, their
integration with technical indicators further improves trading strategy effectiveness. The
study particularly emphasized the practical advantages of medium-term (4 h) forecasting
horizons and the synergistic application of deep learning models and technical indicators
in cryptocurrency trading. Viéitez et al. [21] focused on forecasting Ethereum prices and
evaluating the performance of associated investment strategies, with particular attention to
the practical trading applicability of machine learning models. The authors applied several
forecasting models, including LSTM, GRU, and SVM architectures, across both moderately
volatile and highly volatile market periods. Trading strategies derived from these models
were evaluated and compared with a passive buy-and-hold strategy using cumulative
returns and Sharpe ratios. The best-performing strategy emerged during the more volatile
second period and was based on an active trading framework driven by the LSTM model.
During testing, the strategy operated with an exceptionally low loss ratio while generating
annualized cumulative returns several times higher than the benchmark buy-and-hold
strategy. In the first period, the GRU model combined with Pearson-based feature selection
achieved a cumulative return of 373.4%, whereas the buy-and-hold strategy generated only
91.9% over the same interval. The results further demonstrated that the best active strategy
achieved a Sharpe ratio of 1.36, substantially higher than the benchmark value of 0.52,
clearly indicating a considerable improvement in risk-adjusted performance. An important
contribution of the study is that machine learning models were not only capable of success-
fully forecasting price movements, but also of generating reliable trading strategies that
significantly outperformed passive investment approaches. The results proved especially
convincing during highly volatile periods, where conventional buy-and-hold strategies
frequently resulted in lower returns and higher risk exposure. These findings support the
conclusion that properly validated machine learning models, particularly LSTM and GRU
networks, can provide a reliable foundation for cryptocurrency forecasting and trading
strategy development. Most studies additionally emphasize that the reported returns are
presented on a gross basis, meaning that taxes, transaction costs, and other trading-related
expenses are generally not incorporated into the analysis.

3. Materials and Methods
3.1. Data

In the present study, daily prices data were examined across multiple asset categories,
including equity market indices (S&P 500, DAX, Nikkei 225), commodities (crude oil,
gold, and silver), cryptocurrencies (Bitcoin, Ethereum, and Litecoin), as well as major
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foreign exchange pairs (EUR/USD, GBP/USD, and AUD/USD). The observation window
extends from 1 January 2016, to 30 June 2022. For commodity markets, futures price series
were utilized in the case of crude oil, gold, and silver, while spot prices were considered
for all remaining assets. The selection of the sample period is justified by two primary
factors. First, it incorporates heterogeneous market conditions, including a relatively
calm phase (2018), the disruption caused by the COVID-19 pandemic (2020), and the
geopolitical tensions emerging in 2022. Second, given the relatively recent development
of cryptocurrency markets, the availability of historical data is more limited compared
to traditional financial instruments; therefore, the chosen period represents a balanced
compromise that ensures comparability across asset classes. The data were collected from
www.finance.yahoo.com (accessed on 1 December 2022), except for cryptocurrency prices,
which were retrieved from www.coinmarketcap.com (accessed on 1 December 2022).

During the data preprocessing stage and the examination of the time series, particular
attention was paid to missing observations. This issue proved especially relevant for
the estimation of the correlation matrix, as the number of available data points varied
across assets. To mitigate this problem, linear interpolation techniques were employed. In
contrast, missing values were less problematic for the forecasting models, since each asset
was analysed separately. The handling of trend and seasonal components is addressed in a
later section within the context of volatility modelling. For the forecasting exercises, these
components were not modelled explicitly; rather, they were captured implicitly through
the pattern recognition capabilities of the applied modelling approaches. Subsequently,
the dataset was partitioned into three distinct subperiods. The first subsample reflects a
relatively stable economic environment, covering the period from 1 January 2016, to 30 June
2018. The second subsample spans from 1 January 2018, to 30 June 2020, and was designed
to capture the effects of the COVID-19 crisis. The third subsample corresponds to another
period of economic turbulence associated with the Russian–Ukrainian conflict, covering
the interval from 1 January 2020, to 30 June 2022. Throughout the empirical analysis, the
two crisis periods played a central role in evaluating the robustness of the applied models.
Descriptive statistics of the variables included in the empirical investigation are presented
in the following section.

In the first subsample analysed (Table 1), equity markets exhibited a pattern of moder-
ate growth combined with relatively low and stable volatility. The S&P 500 index reached
an average level of 2360.37 points, accompanied by a standard deviation of 258.18 points.
In comparison, the DAX and Nikkei 225 indices displayed higher mean values as well
as greater dispersion, indicating more pronounced price fluctuations in European and
Asian stock markets. During the same period, crude oil prices averaged USD 50.81, with a
relatively high standard deviation of USD 9.54, reflecting the sensitivity of energy markets
to geopolitical developments and supply–demand imbalances. Precious metals, including
gold and silver, functioned as comparatively stable stores of value, characterized by lower
volatility; in particular, silver exhibited limited price variation, as indicated by a stan-
dard deviation of USD 1.25. By contrast, cryptocurrency markets—especially Bitcoin and
Ethereum—were associated with extremely high volatility. Bitcoin’s standard deviation
amounted to USD 4189.45, while Ethereum recorded a value of USD 298.89, capturing
the rapid price increases and the strongly speculative nature of digital asset markets. In
the foreign exchange segment, major currency pairs such as EUR/USD, GBP/USD, and
AUD/USD remained relatively stable, as evidenced by low dispersion and narrow ranges
between minimum and maximum values. Overall, this initial period can be described as
relatively stable for traditional financial markets, whereas cryptocurrencies experienced
substantial growth accompanied by elevated volatility.
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Table 1. Descriptive statistics of the 12 products for the period between 1 January 2016 and 30
June 2018.

Instrument N Average Median Std Min Max

S&P500 628 2360.37 2365.41 258.18 1829.08 2872.87

DAX 632 11,575.03 12,002.46 1243.42 8752.87 13,559.60

Nikkei225 613 19,315.52 19,383.84 2355.25 14,952.02 24,124.15

Crude oil 626 50.81 49.56 9.54 26.21 74.15

Gold 625 1266.21 1271.50 57.64 1073.90 1364.90

Silver 625 16.98 16.87 1.25 13.74 20.67

Bitcoin 912 3649.33 1187.47 4189.45 364.33 19,497.40

Ethereum 911 233.20 44.89 298.89 0.92 1398.99

Litecoin 912 52.79 6.93 72.31 3.00 358.34

EUR/USD 649 1.14 1.13 0.05 1.04 1.25

GBP/USD 649 1.33 1.32 0.07 1.20 1.48

AUD/USD 649 0.76 0.76 0.02 0.69 0.81

Source: authors’ research.

In the second subsample (Table 2), which partially overlaps with the onset of the
COVID-19 pandemic, financial markets were characterized by heightened uncertainty,
increased volatility, and significant structural adjustments. Equity indices—most notably
the S&P 500 (mean: 2862.46) and the DAX (mean: 12099.54)—continued to exhibit moderate
growth compared to the previous period. At the same time, a slight decline in their standard
deviations was observed, potentially indicating a temporary phase of stabilization prior
to the full unfolding of the crisis. The crude oil market underwent an extraordinary
shock, with futures prices falling to historically unprecedented levels. This is illustrated
by the negative minimum price of −37.63 USD recorded in April 2020, highlighting the
extreme stress experienced in energy markets. In contrast, precious metals particularly
gold benefited from their safe-haven role. The average gold price increased to USD 1394.23,
accompanied by a notable rise in volatility, as reflected in a standard deviation of USD
159.39. Cryptocurrencies such as Bitcoin and Ethereum continued to display substantial
volatility; however, the increase in their median values was less pronounced than in the
earlier period, which may indicate initial signs of market consolidation or maturation.
Litecoin followed a similar pattern, with a higher average price and elevated volatility. In
foreign exchange markets, the EUR/USD and GBP/USD exchange rates showed moderate
depreciation, while the AUD/USD pair declined more markedly, consistent with the
Australian economy’s strong linkage to commodity market developments. In summary,
this period was characterized by increased instability and observable adjustment processes
across both conventional and emerging asset classes.

The third subsample (Table 3) reflects a phase of significant transformation in global
financial markets, driven by the COVID-19 pandemic, the subsequent recovery period,
and intensifying geopolitical tensions related to the Russian–Ukrainian conflict. The S&P
500 index reached an average value of 3851.17 points, while its volatility increased con-
siderably, as indicated by a standard deviation of 599.47 points. Comparable trends were
observed in the DAX and Nikkei 225 indices, both of which exhibited higher average and
peak values alongside rising dispersion; volatility was particularly pronounced in the case
of the Nikkei 225. Energy markets proved highly sensitive to geopolitical developments.
In the crude oil market, price variability increased substantially, with the standard devi-
ation rising to USD 25.23 and maximum prices reaching USD 123.70. These dynamics
were largely driven by supply disruptions and uncertainty surrounding Russian exports,
particularly in the energy sector. At the same time, demand for precious metals—especially
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gold—strengthened amid rising risk aversion. Although gold prices remained elevated,
they displayed relative stabilization, with an average level of USD 1803.00. Cryptocurrency
markets experienced exceptionally strong price dynamics during this period. Bitcoin and
Ethereum reached historically high levels, with Bitcoin averaging USD 30,776.76 and ex-
hibiting an extremely high standard deviation of USD 18,183.70. These developments can
be linked to a combination of increased risk aversion, speculative activity, and portfolio
reallocation away from traditional assets under persistent uncertainty. In foreign exchange
markets, the EUR/USD and GBP/USD pairs remained broadly stable, although mild de-
preciation pressures were observed, reflecting Europe’s direct exposure to geopolitical risks.
Overall, this period was dominated by heightened geopolitical tensions, significant energy
market shocks, and a general environment of elevated investor risk aversion.

Table 2. Descriptive statistics of the 12 products for the period between 1 January 2018 and 30
June 2020.

Instrument N Average Median Std Min Max

S&P500 628 2862.46 2843.11 195.87 2237.40 3386.15

DAX 627 12,099.54 12,253.15 911.70 8441.71 13,789.00

Nikkei225 606 21,865.58 21,874.23 1291.52 16,552.83 24,270.62

Crude oil 628 56.18 58.30 13.28 −37.63 76.41

Gold 627 1394.23 1328.10 159.39 1176.20 1793.00

Silver 627 16.06 16.14 1.29 11.73 19.39

Bitcoin 912 7679.92 7679.97 2384.93 3236.76 17,527.00

Ethereum 911 302.16 207.80 238.30 81.72 1398.99

Litecoin 912 80.24 61.06 48.48 23.46 296.45

EUR/USD 651 1.14 1.13 0.04 1.07 1.25

GBP/USD 651 1.30 1.29 0.05 1.15 1.43

AUD/USD 651 0.71 0.71 0.04 0.57 0.81

Source: authors’ research.

Table 3. Descriptive statistics of the 12 products for the period between 1 January 2020 and 30
June 2022.

Instrument N Average Median Std Min Max

S&P500 628 3851.17 3915.98 599.47 2237.40 4796.56

DAX 635 13,907.57 13,950.04 1633.03 8441.71 16,271.75

Nikkei225 606 26,031.83 27,007.45 3214.96 16,552.83 30,670.10

Crude oil 628 63.11 62.57 25.23 −37.63 123.70

Gold 628 1803.00 1809.30 104.27 1477.30 2051.50

Silver 628 22.99 23.97 3.70 11.73 29.40

Bitcoin 911 30,776.76 33,798.01 18,183.70 4970.79 67,566.83

Ethereum 911 1745.93 1790.25 1384.34 109.21 4800.00

Litecoin 911 116.99 109.43 68.26 30.93 386.45

EUR/USD 651 1.15 1.16 0.05 1.04 1.23

GBP/USD 651 1.32 1.33 0.06 1.15 1.42

AUD/USD 651 0.72 0.72 0.04 0.57 0.80

Source: authors’ research.

Throughout the empirical analysis, both univariate and multivariate modelling ap-
proaches were applied. In the univariate framework, daily closing prices constituted the
sole input variable, with forecasts based on information from the preceding 50 trading days.
In the multivariate setting, the same input window length was maintained; however, the
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feature space was extended to include daily opening, high, low, and closing prices, thereby
enabling a more comprehensive representation of market dynamics.

3.2. Methods
3.2.1. Simple Recurrent Neural Network (RNN)

A simple Recurrent Neural Network (RNN) is a class of artificial neural networks
consisting of an input layer, one or more hidden layers, and an output layer. In contrast to
feedforward architectures, RNNs are characterized by the presence of recurrent connec-
tions within the hidden layers, enabling information to be propagated across time steps.
Specifically, the hidden state at time t depends not only on the current input but also on the
previous hidden state, which can be formally expressed as:

ht = f (Wxxt + Whht−1 + b) (1)

where xt denotes the input vector, ht the hidden state, and f (·) a nonlinear activation function.
At each time step, the hidden state is mapped to the network’s output through a linear

readout layer,
yt = Wyht + by (2)

where yt denotes the model’s one-step-ahead prediction (the forecast price used throughout
Section 3.6), and Wy and by are the readout weight matrix and bias, learned jointly with
the recurrent weights during training. The same readout layer (Equation (2)) is applied to
the hidden state produced by the GRU and LSTM architectures described next; only the
internal computation of the hidden state itself differs across the three architectures.

This recursive formulation allows the network to capture temporal dependencies and
evolving patterns in sequential data. Consequently, RNNs are well suited for modeling
time-dependent phenomena, as they incorporate information from past observations into
current predictions [32–34].

3.2.2. Gated Recurrent Unit (GRU)

The Gated Recurrent Unit (GRU) is an extension of the standard RNN architecture
designed to improve forecasting performance while maintaining computational efficiency.
Although its overall structure is similar to that of a simple RNN, the GRU introduces a
gating mechanism that regulates information flow through two components: the update
gate zt and the reset gate rt. These can be defined as:

zt = σ(Wzxt + Uzht−1), rt = σ(Wrxt + Urht−1) (3)

The update gate determines the extent to which past information is preserved, while
the reset gate controls how prior states are combined with new inputs. The candidate

hidden state
∼
ht is then computed and combined with the previous state to produce the

final hidden representation.
Explicitly, the candidate hidden state combines the current input with the reset-gated

previous state,
∼
ht = tanh(Whxt + Uh(rt ⊙ ht−1) + bh) (4)

and the final hidden state at time t is then obtained as a convex combination of the previous
hidden state and this candidate, governed by the update gate,

ht = (1 − zt)⊙ ht−1 + zt ⊙
∼
ht (5)
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so that the update gate zt determines the proportion of the previous state that is retained
versus replaced by the new candidate. The resulting ht is passed through the same readout
layer as the RNN (Equation (2)) to produce the model’s one-step-ahead prediction.

Compared to Long Short-Term Memory (LSTM) networks, GRUs employ a simplified
gating structure by merging certain functionalities, thereby reducing model complexity
and training time without a substantial loss in predictive capability [35–37].

3.2.3. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks constitute a specialized form of recurrent
neural networks developed to address the vanishing gradient problem inherent in tradi-
tional RNNs. In this architecture, temporal dependencies are captured through memory
cells that maintain and update information over extended sequences. Each LSTM unit
replaces the conventional hidden layer with a structured block containing three gates: the
input gate it, the forget gate ft, and the output gate ot. Their operation can be summarized
as follows:

ft = σ
(

W f xt + U f ht−1

)
, it = σ(Wixt + Uiht−1) (6)

ct = ft ⊙ ct−1 + it ⊙
∼
c t (7)

where ct represents the cell state. Through this mechanism, LSTM networks can selec-
tively retain, update, or discard information, enabling them to model long-range temporal
dependencies more effectively than standard RNNs [38–40].

The two components left implicit above are defined as follows. The output gate, which
controls how much of the (squashed) cell state is exposed as the hidden state, is computed
analogously to the forget and input gates,

ot = σ(Woxt + Uoht−1 + bo) (8)

and the candidate cell state, combined with the forget and input gates in Equation (7) to
update the cell state, is computed as

∼
ct = tanh(Wcxt + Ucht−1 + bc) (9)

The hidden state actually passed forward to the next time step—and, via the same
readout layer as Equation (2), used to form the model’s one-step-ahead prediction—is then

ht = ot ⊙ tanh(ct) (10)

where the cell state ct is squashed by the hyperbolic tangent before being scaled by the
output gate, giving the LSTM explicit, separately learned control over what is stored (ct)
versus what is exposed to the rest of the network (ht).

3.2.4. LSTM–GRU Hybrid Model

The hybrid LSTM–GRU architecture combines the advantages of both LSTM and GRU
networks in order to enhance predictive performance while limiting overfitting. In this
configuration, the first hidden layer is composed of LSTM units, which are responsible for
extracting long-term temporal dependencies from the input sequence. The resulting repre-
sentations are then passed to a GRU layer, which refines the learned features with a more
computationally efficient structure. Finally, the processed information is fed into a fully
connected dense layer that generates the output predictions. This layered approach lever-
ages the strong memory capabilities of LSTM alongside the efficiency of GRU, providing a
balanced framework for complex time series modeling tasks.
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3.2.5. RNN–LSTM Hybrid Model

The RNN–LSTM hybrid architecture is designed to exploit the complementary
strengths of simple RNNs and LSTM networks. In this framework, the first hidden layer
consists of standard RNN units, which capture short-term temporal dynamics and generate
intermediate feature representations. These representations are subsequently processed by
an LSTM layer that models longer-term dependencies through its memory cell structure.
The output of the LSTM layer is then connected to a dense layer, which produces the final
predictions. This hierarchical structure enables the model to integrate both short- and
long-term information in a coherent manner.

3.2.6. RNN–GRU Hybrid Model

Although less frequently discussed in the literature, the RNN–GRU hybrid model
follows a conceptually similar design to other hybrid architectures. In this setup, a simple
RNN layer is employed as the first hidden layer to extract sequential features and short-
term dependencies. The resulting outputs are then forwarded to a GRU layer, which serves
as the second hidden layer and enhances learning through its gating mechanism. The
final feature representations are subsequently passed to a dense layer for prediction. By
combining the simplicity of RNNs with the efficiency of GRUs, this architecture aims to
achieve a favorable trade-off between model complexity and forecasting accuracy.

3.3. Software Environment and Hyperparameter Optimization

The development and empirical implementation of the applied models were con-
ducted using the Python programming language (version 3.9), which was chosen due to
both methodological and practical considerations. Python provides a broad and continu-
ously evolving ecosystem, particularly in the domains of data manipulation and analysis
(e.g., Pandas v1.5.2, NumPy v1.23.5), as well as machine learning and deep learning (e.g.,
TensorFlow v2.11.0, Keras v2.11.0, Scikit-learn v1.1.3, PyTorch v1.13.1). This extensive
library support enables the efficient construction and deployment of advanced neural
network architectures. Furthermore, Python is an open-source and platform-independent
language, which contributes to cost-effective development and supports the reproducibility
of empirical research. Its clear and concise syntax facilitates rapid prototyping, which is
especially advantageous in studies requiring iterative model calibration and refinement.
Additional benefits include strong framework integration, robust capabilities for deep
learning applications, and widespread acceptance in both academic and industrial contexts.
The computational experiments were carried out partly on the Google Colab platform
and partly in a local environment using the Visual Studio Code (version 1.74.1) integrated
development environment. To support reproducibility, a fixed random seed was applied
consistently across data shuffling and neural network weight initialization for all models
reported in this study.

To ensure a fair and consistent comparison across forecasting models, hyperparameters
were optimized separately for each instruments, forecasting model, and evaluation period
using an exhaustive Grid Search (GridSearchCV v1.1.3) procedure. The optimization
systematically evaluated all predefined combinations of hyperparameter values within
the specified search space and selected the configuration yielding the best predictive
performance. During this process, the training and testing datasets were treated as strictly
separate throughout the model development workflow to prevent data leakage and to
preserve the integrity of the out-of-sample evaluation. Consequently, each model was
calibrated under conditions tailored to the specific commodity and market regime without
introducing information from the test period into the optimization process. The complete
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hyperparameter search space for each forecasting models (normal and hybrid) are presented
in Appendix A (Table A1).

3.4. Evaluation of Models

The predictive performance of the forecasting models was assessed using several
widely applied accuracy measures, including the root mean square error (RMSE), the
mean absolute error (MAE), and the mean absolute percentage error (MAPE). Among
these, MAPE was selected as the primary evaluation metric in this study, as it provides an
intuitive measure of forecast accuracy expressed in percentage terms, thereby facilitating
comparability across different assets.

MAPE =
1
n∑n

i=1 |
yi − ŷi

yi
| (11)

Lower values of the applied error measures indicate higher predictive accuracy and
improved model performance. The MAPE metric expresses forecast errors relative to the
observed values, making it scale-independent. This property is particularly advantageous
in a multi-asset framework, where variables may differ substantially in magnitude.

Given that the empirical analysis encompasses multiple financial instruments across
different geographical regions and includes periods characterized by significant economic
disruptions, the use of MAPE ensures a consistent and comparable evaluation of model
performance across both assets and market conditions.

3.5. Results of the Best Prediction Models

For the evaluation of the trading algorithms, the best-performing forecasting model
was identified for each analysed asset (Table 4). The predicted values generated by these
models subsequently served as the foundation of the trading strategies.

Table 4. Models with the best performance by product categories and periods.

Instrument

2018 2020 2022

Best
Model

Variable
Type MAPE (%) Best

Model
Variable

Type MAPE (%) Best Model Variable
Type MAPE (%)

S&P500 GRU Multivariate 0.78 GRU Multivariate 1.82 RNN-GRU Multivariate 1.40

DAX GRU Multivariate 0.87 GRU Multivariate 2.24 GRU Multivariate 1.54

Nikkei225 RNN Univariate 0.82 LSTM Univariate 1.74 LSTM-GRU Multivariate 1.11

Crude oil RNN-
LSTM Multivariate 1.36 GRU Multivariate 8.17 GRU Multivariate 2.69

Gold RNN Univariate 0.54 GRU Multivariate 1.15 LSTM Multivariate 0.77

Silver GRU Multivariate 0.91 GRU Univariate 2.03 LSTM Univariate 1.45

Bitcoin GRU Multivariate 4.48 GRU Multivariate 2.76 GRU Univariate 2.74

Ethereum RNN-GRU Multivariate 5.70 LSTM Univariate 3.64 GRU Univariate 3.57

Litecoin GRU Multivariate 10.06 LSTM-
GRU Multivariate 3.36 LSTM Univariate 3.67

EUR/USD GRU Multivariate 0.25 LSTM Multivariate 0.25 GRU Multivariate 0.24

GBP/USD GRU Multivariate 0.28 LSTM Multivariate 0.34 LSTM Multivariate 0.26

AUD/USD GRU Multivariate 0.29 GRU Multivariate 0.60 GRU Multivariate 0.39

Baset on Appendix A (Tables A2–A7). Source: authors’ research.

3.6. Prediction-Based Dynamically Optimized Trading Strategy

The proposed algorithm represents a parameter-dependent trading framework built
upon machine learning-based forecasts, which is evaluated against a benchmark buy-and-
hold strategy. The core principle of the approach lies in generating trading signals based
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on the relationship between predicted and observed price levels, while optimizing the
resulting risk–return profile through the adjustment of key parameters, including stop-
loss (SL), take-profit (TP), and the volatility estimation window (VOL_LOOKBACK). The
primary objective of the strategy is to maximize performance as measured by the Sharpe
ratio. The input data are provided in a structured, multi-sheet Excel file containing, for each
asset, the time index (Date), observed market prices (closing values), and the corresponding
predictions generated by the applied forecasting models. Trading decisions are derived
from the comparison between predicted and lagged actual prices. Specifically, a long
position is initiated if the predicted price exceeds the most recent observed value, whereas
a short position is taken otherwise. Formally, the decision rule can be expressed as:

• long position if P̂t > Pt−1,
• short position if P̂t < Pt−1.

Returns are computed in logarithmic form:

rt = ln
(

Pt

Pt−1

)
(12)

To enhance risk management, the strategy incorporates a volatility-adjusted mech-
anism based on three parameters. The SL_MULTIPLIER defines the stop-loss threshold
relative to recent volatility, the TP_MULTIPLIER determines the take-profit level, and
VOL_LOOKBACK specifies the rolling window used for volatility estimation. Volatility is
calculated as the rolling standard deviation of returns:

σt = stdrolling(rt, VOL_LOOKBACK) (13)

Based on this, the stop-loss and take-profit thresholds are defined as:

SLt = α × σt, TPt = β × σt (14)

where α and β denote the respective multipliers. Realized returns are truncated when these
thresholds are reached. In the case of long positions, gains are capped at the take-profit
level and losses at the stop-loss level; analogous rules apply for short positions. Building
upon this baseline specification, two alternative extensions were also implemented. In
the first variation, a 5-day rolling MAPE indicator is computed and used as a filtering
mechanism: positions are opened only when the indicator falls below a cutoff threshold,
thereby restricting trading activity to periods of higher predictive accuracy. This threshold
was not fixed a priori; it was included as an additional dimension of the same in-sample,
Sharpe-ratio-maximizing grid search described above, which identified 3% as the Sharpe-
optimal cutoff among the candidate values considered and is the value reported throughout
this study. Because the threshold was selected on the same sample used for evaluation,
the caveats regarding in-sample parameter optimization discussed in Section 4.6.6 and
the Limitations apply to it in the same way as to the stop-loss, take-profit, and volatility-
lookback parameters. In the second variation, the same rolling MAPE measure is used
to dynamically adjust position sizes. Specifically, higher forecast errors lead to reduced
exposure, while lower errors result in increased position sizes.

It is important to be explicit about what this rule does and does not model. The
stop-loss and take-profit thresholds are applied ex post, as a truncation of the already-
realized close-to-close daily return, rather than as a live intraday order that would execute
the moment the underlying price crosses a threshold. Each trading decision is also re-
evaluated fresh every day from the model’s one-step-ahead forecast; the framework does
not model multi-day position holding, intraday price paths, execution gaps, order-fill
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timing, or slippage at the moment a threshold is crossed intraday. The mechanism is
therefore best understood as a daily, close-to-close, volatility-scaled return-shrinkage rule
that limits the extremes of the realized daily return distribution, rather than as a literal
simulation of a broker-executed stop-loss/take-profit order. This simplification is standard
in daily-frequency backtests of this kind, but it does mean that the reported results should
not be read as a claim that the strategy is directly executable in this form without further,
intraday-aware implementation work; this is noted as a limitation in Section 4.6.6 and
revisited in the Conclusions.

The algorithm performs both static and cumulative performance evaluations for each
parameter configuration and asset. Key performance indicators include the average daily
return (µ), the standard deviation of returns (σ), and the Sharpe ratio, calculated in semi-
annualized form as:

µ

σ
×
√

252 (15)

In addition, cumulative returns, maximum drawdown (defined as the largest peak-
to-trough decline in the cumulative return series), and the win rate are also computed.
These metrics are evaluated separately for the benchmark buy-and-hold strategy and the
dynamically managed trading strategy, enabling a comprehensive comparative analysis.
Parameter optimization is conducted an exhaustive grid search procedure. The parameter
space is defined as follows:

SL ∈ {0.5, 1.0, 1.5},TP ∈ {1.5, 2.0, 3.0},VOL_LOOKBACK ∈ {10, 20, 30}.

All possible combinations (27 in total) were evaluated, and the configuration yield-
ing the highest Sharpe ratio is selected as the optimal parameter set for the given asset.
Finally, the results are summarized graphical comparison, where cumulative returns of
the different strategies are presented in bar chart form for each instrument. This visualiza-
tion facilitates the assessment of whether the proposed model-based trading strategy is
capable of consistently outperforming the passive benchmark. In summary, the developed
framework provides a flexible and generalizable tool for the analysis of prediction-driven
trading strategies. Its main features include the explicit incorporation of predictive signals,
volatility-based risk management, automated parameter optimization, and systematic
benchmarking against a buy-and-hold approach. The methodology is readily applicable
not only in simulation environments but also in backtesting systems, model validation
procedures, and sensitivity analyses.

It should be noted that, in line with much of the existing literature, transaction costs,
taxes, and other market frictions are not taken into account; therefore, the reported results
should be interpreted as gross returns.

3.7. Robustness and Sensitivity Testing Framework

Beyond the asset-by-asset and regime-by-regime comparisons reported in Sections 4.1–4.5,
the study formally tests whether the observed advantage of the three prediction-based strategies
over the buy-and-hold benchmark is statistically systematic. For this purpose, the period-level
key performance indicators (cumulative return and Sharpe ratio) for all four strategies—buy-
and-hold, the Base Strategy, the MAPE-filter, and the MAPE-position variant—are pooled
across the 12 instruments and the three regimes into 36 asset-period cells (Appendix B), and
four complementary, non-parametric tests are applied, each of which is designed to probe a
different aspect of robustness.

First, because the four strategies are evaluated on the same 36 cells, a Friedman test
is used as an omnibus, rank-based repeated-measures test of whether the four strategies
are interchangeable; where the Friedman test rejects this null hypothesis, a Nemenyi post
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hoc procedure identifies which pairs of strategies differ significantly. Second, a one-sided
binomial sign test evaluates, for each strategy separately, whether the direction of the
difference against buy-and-hold (win or loss) departs from the 50% rate expected if the
strategy had no genuine edge. Third, because the sign test discards information on the
size of the outperformance, a Wilcoxon signed-rank test is applied to the paired differences
to test whether the outperformance is significant in magnitude, not only in direction.
Fourth, Spearman rank correlations are computed between the asset rankings produced
by different strategy specifications (to test specification sensitivity) and between the asset
rankings produced by the same strategy in different regimes (to test regime stability at
the individual-asset level, as a complement to the strategy-level regime comparison in
Sections 4.1–4.4).

All four tests are applied to the same 36-cell pooled sample and are reported together
in Section 4.6, so that the strategy-level robustness conclusions of the study rest on con-
vergent evidence from independent statistical procedures rather than on a single test or a
single metric.

3.8. Summary of Methodological Workflow

The empirical framework follows a sequential six-stage process linking data prepara-
tion, machine learning-based forecasting, model selection, trading strategy construction,
backtesting, and robustness analysis. First, the financial data are collected and prepared
for the three predefined market regimes, after which multiple recurrent neural network
architectures are trained separately for each asset and period using univariate and multi-
variate inputs. The best-performing forecasting model is then selected based on predictive
accuracy, and its forecasts are incorporated into the trading layer through alternative risk-
management strategies. The resulting strategies are backtested across the three market
regimes and evaluated using both return- and risk-adjusted performance measures. Fi-
nally, statistical tests and sensitivity analyses are applied to assess whether the observed
differences in strategy performance are robust across the 36 asset–period combinations.
The complete empirical workflow is illustrated in Figure 1.

Figure 1. From raw market data to statistically validated, regime-robust trading performance.
Notes: SL = stop-loss; TP = take-profit; MAPE = mean absolute percentage error; MDD = maximum
drawdown. Source: authors’ research.
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4. Results
The construction of the trading strategies relied on the predictive outputs of the best-

performing forecasting models for each subperiod and asset class. The following analysis
compares the performance of strategies derived from predicted values with that of a bench-
mark buy-and-hold approach, using backtesting results based on realized market data.

4.1. Results of the Backtests for Calm Period (2018)

Based on the results for 2018 (Figure 2), it can be observed that machine learning-based
strategies frequently outperformed the traditional buy-and-hold approach. This advantage
was particularly evident in highly volatile asset classes, such as cryptocurrencies, and to
a lesser extent in precious metals, although improvements were also present in equity
and foreign exchange markets. In the case of stock indices (S&P 500 and DAX), strategies
incorporating MAPE-based decision rules demonstrated clear superiority. For instance,
the buy-and-hold strategy for the S&P 500 yielded a cumulative return of only 0.83%,
whereas MAPE-based approaches achieved returns in the range of 12–14%, accompanied
by a Sharpe ratio of approximately 2.15. A similar pattern was observed for the DAX, where
the passive strategy resulted in a negative return (−9.15%), while the predictive models
generated positive outcomes and substantially improved risk characteristics. For Nikkei
225, however, all strategies produced negative returns, indicating unfavorable market con-
ditions during this period. In the case of gold and silver, predictive strategies also enhanced
performance. For example, the MAPE-position approach generated a return of 10.71% for
gold, with a Sharpe ratio exceeding 2, while the passive strategy produced only marginal
gains. Crude oil represented a notable exception: the buy-and-hold strategy achieved a
strong positive return (20.56%), whereas active strategies failed to deliver comparable re-
sults. Their negative Sharpe ratios and relatively large drawdowns suggest that the models
were unable to adequately capture the nonlinear dynamics of the oil market. The most
substantial differences were observed in cryptocurrency markets. Bitcoin’s buy-and-hold
return was markedly negative (−73.38%), while the Base Strategy produced a cumulative
return exceeding 86.69%. Similar improvements were recorded for Ethereum and Litecoin.
In foreign exchange markets (EUR/USD, GBP/USD, AUD/USD), predictive strategies
generally achieved higher Sharpe ratios than the passive benchmark, even though absolute
return levels remained relatively modest. In addition, maximum drawdowns were typi-
cally lower under the active approaches. In 2018, prediction-based strategies consistently
outperformed the buy-and-hold benchmark across most asset classes, both in terms of
returns and risk-adjusted performance, with the oil market being the primary exception.

4.2. Results of the Backtests for COVID-19 Period (2020)

The turbulent market conditions of 2020, driven by the COVID-19 pandemic (Figure 3),
further accentuated the differences between investment strategies. In this environment, the
buy-and-hold approach underperformed in several asset classes relative to adaptive, ma-
chine learning-based strategies, which not only generated higher returns but also achieved
superior risk-adjusted outcomes and reduced drawdowns. A clear illustration is provided
by the S&P 500, where the passive strategy resulted in a slightly negative return (−5.65%),
while the Base Strategy achieved a cumulative return of 74.26%. The Sharpe ratio of the
predictive models reached approximately 2.2, in contrast to the negative value observed for
buy-and-hold. Comparable patterns emerged for the DAX and Nikkei 225, where passive
strategies yielded losses, whereas MAPE-based approaches generated positive returns
and more favorable risk profiles. Precious metals also benefited from active strategies.
In the case of gold, the MAPE-position strategy achieved a return of approximately 23%
and a Sharpe ratio above 2, clearly outperforming the benchmark. Moreover, maximum
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drawdowns were lower, indicating more effective risk management. Once again, crude oil
deviated from the general pattern. While the buy-and-hold strategy delivered a positive
return (17.12%), active strategies incurred substantial losses and exhibited negative Sharpe
ratios. This outcome can likely be attributed to extreme and unprecedented market condi-
tions, including negative futures prices, which introduced structural breaks that the models
were not able to accommodate. In cryptocurrency markets, predictive strategies consistently
generated strong outperformance. For example, Litecoin’s buy-and-hold return was only
1.23%, whereas the model-based approach achieved a cumulative return of 127.96% with a
Sharpe ratio exceeding 1.5. Similar trends were observed for Bitcoin and Ethereum, where
active strategies produced returns above 100% alongside robust risk-adjusted metrics. In
foreign exchange markets, the improvements were more moderate but still noticeable. Al-
though differences in absolute returns were limited, predictive models generally enhanced
Sharpe ratios and reduced drawdowns. Overall, in the highly volatile environment of
2020, machine learning-based strategies proved to be not only viable alternatives but, in
many cases, more effective tools for portfolio management. Nevertheless, the oil market
continued to present significant challenges.

Figure 2. Comparison of the 4 trading strategies for the calm period (2018). Source: authors’ research.

4.3. Results of the Backtests for Russian–Ukrainian Conflict Period (2022)

The market conditions of 2022 (Figure 4) were shaped by geopolitical tensions, infla-
tionary pressures, and tightening monetary policy, resulting in elevated volatility across
financial markets. In this context, prediction-based strategies often provided effective
downside protection and, in several cases, generated positive returns where passive strate-
gies incurred substantial losses. In equity markets, the limitations of the buy-and-hold
approach became particularly evident. The S&P 500 recorded a return of −22.42% with
a strongly negative Sharpe ratio, whereas the Base Strategy achieved a positive return of
13.49% and a Sharpe ratio above 1.5. An even more pronounced contrast was observed
for the DAX, where the passive strategy produced a −31.16% return, while predictive ap-
proaches delivered positive, albeit more moderate, results. Similar findings apply to Nikkei
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225, where the Base Strategy significantly outperformed the benchmark. For precious
metals, predictive strategies again improved both returns and risk-adjusted performance.
However, crude oil remained an outlier: the buy-and-hold strategy achieved an exception-
ally high return (35.48%), while most active approaches underperformed, with only the
MAPE-filter strategy generating a modest positive outcome. This divergence likely reflects
the influence of irregular and nonlinear factors, such as geopolitical shocks and supply
disruptions, which are difficult to capture standard predictive models. Cryptocurrency
markets experienced substantial corrections in 2022, leading to severe losses under the buy-
and-hold approach. In contrast, predictive strategies significantly mitigated these losses
and, in some cases, generated positive returns. For example, the Base Strategy yielded a
return of approximately 49% for Litecoin. Similar, though less pronounced, improvements
were observed for Bitcoin, while for Ethereum the negative trend could not be fully offset.
In foreign exchange markets, predictive strategies also demonstrated advantages. For
instance, while the EUR/USD pair recorded a negative return under buy-and-hold, the
corresponding model-based strategy achieved a positive outcome with a favorable Sharpe
ratio. Results for GBP/USD and AUD/USD were more mixed, yet the passive strategy
generally remained inferior. In 2022, machine learning-based strategies demonstrated
considerable value in navigating adverse and highly volatile market environments. They
were able to reduce losses and frequently generate positive returns across multiple asset
classes, although the oil market continued to represent a notable limitation.

Figure 3. Comparison of the 4 trading strategies for COVID-19 period (2020). Source:
authors’ research.

4.4. Comparison of Three Periods

Across the three analysed periods, a consistent pattern emerges: machine learning-
based active strategies generally outperform the buy-and-hold benchmark in terms of both
absolute returns and risk-adjusted performance. This advantage is particularly pronounced
in equity and cryptocurrency markets and becomes more evident during periods of ele-
vated volatility, such as 2020 and 2022. A persistent exception is the crude oil market, where
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active strategies repeatedly underperform. This may be explained by the characteristics
of commodity markets, including sensitivity to geopolitical developments, supply-side
shocks, and abrupt price movements occurring over short time horizons. The results sug-
gest that machine learning-based approaches constitute a valuable addition to investment
decision-making frameworks. However, they should not be viewed as universally applica-
ble solutions, as their effectiveness may vary across asset classes and market conditions.
Consequently, predictive models are best interpreted as complementary tools that enhance,
rather than replace, traditional financial analysis.

Figure 4. Comparison of the 4 trading strategies for Russian–Ukrainian conflict period (2022). Source:
authors’ research.

4.5. Analysis of Equally Weighted Portfolios by Asset Classes

Beyond the evaluation of individual assets, portfolio-level analyses were also con-
ducted using different weighting schemes, as discussed in the subsequent section. Figure 5
illustrates the cumulative returns for 2018 based on equally weighted portfolios across four
asset classes. The results indicate that the buy-and-hold strategy underperforms across all
portfolio configurations, most notably in the cryptocurrency portfolio, which experienced a
substantial loss. In contrast, the Base Strategy significantly improves performance, particu-
larly in the cryptocurrency segment, where it achieves a cumulative return exceeding 100%.
Strategies incorporating MAPE-based mechanisms exhibit more stable and conservative
outcomes. For the commodity portfolio, both the MAPE-filter and MAPE-position ap-
proaches generated returns of approximately 12%, outperforming the passive benchmark.
Similar improvements are observed in equity and currency portfolios, especially under
MAPE-based specifications. In the cryptocurrency portfolio, the MAPE-filter strategy de-
livers moderate but positive performance, while the MAPE-position approach achieves
substantially higher returns, reflecting its ability to adapt position sizes in highly volatile
environments. Overall, the findings suggest that prediction-based active strategies are
particularly effective in managing high-risk asset classes, while also delivering consistent,
albeit more moderate, improvements in more stable market segments.
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Figure 5. Cumulative semi-annual returns of equally weighted portfolios by asset class for the calm
period (2018). Source: authors’ research.

Figure 6 illustrates the cumulative returns of different portfolio configurations in
2020, highlighting substantial heterogeneity across both asset classes and trading strate-
gies. Within the equity portfolio, the buy-and-hold approach resulted in a negative return
(−7.51%), whereas the Base Strategy and the MAPE-position strategy generated consider-
able positive outcomes (37.74% and 36.90%, respectively). This suggests that prediction-
driven, active strategies are capable of outperforming passive investment approaches even
under crisis conditions. In the commodity portfolio, the results exhibit a contrasting pattern.
Although the buy-and-hold strategy achieved a positive return (11.17%), both the Base
Strategy and the MAPE-position approach produced slightly negative returns (−2.11% and
−1.92%), indicating limited adaptability of these models to commodity market dynamics
during this period. The cryptocurrency portfolio displayed exceptionally strong perfor-
mance across all strategies. While the buy-and-hold approach yielded a return of 27.43%,
the Base Strategy and the MAPE-position strategy achieved markedly higher cumulative
returns (120.96% and 107.37%, respectively). In foreign exchange markets, overall returns
remained relatively low across all strategies; however, prediction-based approaches still
provided a modest improvement over the passive benchmark. Taken together, the find-
ings for 2020 indicate that machine learning-based strategies were particularly effective
in high-volatility environments, such as equity and cryptocurrency markets, while their
performance was more limited—or occasionally inferior—in more stable or structurally
complex segments, such as commodities and currencies.

The results for 2022 (Figure 7) reveal a broadly unfavorable performance of the buy-
and-hold strategy across all portfolio categories, most notably in the cryptocurrency portfo-
lio, where cumulative losses reached −92.05%. In contrast, the Base Strategy consistently
outperformed the passive benchmark, particularly in the equity (13.05%) and cryptocur-
rency (24.23%) portfolios, achieving positive returns despite elevated market volatility. The
MAPE-filter strategy exhibited a more conservative profile, delivering stable and moder-
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ate gains—exceeding 10% in both equity and commodity portfolios—while recording a
marginal loss (−1.67%) in the cryptocurrency segment. Similarly, the MAPE-position strat-
egy demonstrated strong performance in equity (12.29%) and cryptocurrency portfolios
(21.99%), indicating that dynamic position sizing based on forecast errors can effectively
reduce risk exposure under turbulent conditions. In the commodity portfolio, both the
Base and MAPE-position strategies produced slight negative returns, suggesting that these
models were less effective in capturing the underlying price dynamics of this asset class.
In foreign exchange markets, all strategies generated relatively similar, modest positive
returns (approximately 1.4–2.1%), reflecting the lower volatility and limited predictability
of these instruments. The results indicate that prediction-based active strategies gener-
ally outperformed the buy-and-hold approach, particularly in equity and cryptocurrency
markets, even in periods characterized by significant market stress.

Figure 6. Cumulative semi-annual returns of equally weighted portfolios by asset class for the
COVID-19 period (2020). Source: authors’ research.

Figure 8 presents the cumulative performance of equally weighted portfolios (with
each asset assigned a weight of 1/12) over three distinct years, evaluated across four
different strategic frameworks. The buy-and-hold strategy recorded substantial losses in
2018 and 2022 (−19.45% and −27.95%, respectively), while achieving a moderate posi-
tive return of 7.12% in 2020. In contrast, the Base Strategy delivered positive cumulative
returns in all examined periods, with particularly strong performance in 2020 (39.75%)
and a marked outperformance relative to the passive benchmark in 2018 (29.52%). The
MAPE-filter strategy exhibited a more conservative yet stable performance profile, gen-
erating returns of 8.98% in 2018, 20.52% in 2020, and 5.26% in 2022. The MAPE-position
approach also significantly outperformed the buy-and-hold strategy, especially in 2018 and
2020, with cumulative returns of 27.60% and 36.17%, respectively. These results suggest
that incorporating prediction-error-based filtering and position-sizing mechanisms can
enhance robustness and reduce downside risk across varying market conditions. The
evidence indicates that strategies integrating forecast-based signals with adaptive risk man-
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agement techniques are capable of improving both performance and stability in diversified
portfolio settings.

Figure 7. Cumulative semi-annual returns of equally weighted portfolios by asset class for the
Russian–Ukrainian conflict period (2022). Source: authors’ research.

Figure 8. Semi-annual cumulative returns of equally weighted portfolios composed of 12 assets for
the calm period, the COVID-19 period, and the Russian–Ukrainian conflict period (2018, 2020, and
2022). Source: authors’ research.

4.6. Robustness and Sensitivity Analysis

The asset-by-asset discussion above shows that prediction-based strategies usu-
ally, but not always, beat the buy-and-hold benchmark. To test whether this advan-
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tage is systematic rather than driven by a handful of favourable observations, the re-
sults reported in Appendix B (Tables A8–A10) were pooled into 36 asset-period cells
(12 instruments × 3 regimes) and examined with four complementary tests, each of which
jointly considers all four strategies—the buy-and-hold benchmark and the three prediction-
based variants (Base Strategy, MAPE-filter, MAPE-position): an omnibus Friedman test
with Nemenyi post hoc comparisons, a directional win-rate/sign test, a magnitude-
sensitive Wilcoxon signed-rank test, and a specification-sensitivity check based on Spear-
man rank correlations.

4.6.1. Omnibus Comparison Across All Strategies

Because the four strategies are evaluated on the same 36 asset-period cells, they
form a repeated-measures design in which a non-parametric, rank-based omnibus test is
appropriate. A Friedman test was therefore run jointly across the buy-and-hold benchmark,
the Base Strategy, the MAPE-filter, and the MAPE-position variant, treating each of the
36 asset-period cells as a block. The test strongly rejects the null hypothesis that the four
strategies are interchangeable, both for cumulative return (χ2(3) = 40.43, p < 0.001) and
for the Sharpe ratio (χ2(3) = 46.60, p < 0.001; Table 5). The mean ranks (1 = best of the
four in a given cell) place buy-and-hold last on both metrics (mean rank 3.64 for return,
3.75 for Sharpe), while the three prediction-based strategies occupy the top three ranks in
every case.

Table 5. Friedman test and Nemenyi post hoc results across all four strategies (buy-and-hold, Base
Strategy, MAPE-filter, MAPE-position), pooled across the 36 asset-period cells.

Metric Friedman χ2 (df = 3) p-Value Mean Rank: BH Mean Rank: ML
Strategies (Range)

Nemenyi BH vs.
Each ML Strategy

Cumulative return 40.43 <0.001 3.64 1.83–2.36 p < 0.001 (all three)

Sharpe ratio 46.60 <0.001 3.75 1.97–2.31 p < 0.001 (all three)

Source: authors’ calculations based on Appendix B (Tables A8–A10). Nemenyi post hoc p-values
among the three prediction-based strategies were all ≥0.31 (not significant) on both metrics.

A Nemenyi post hoc test was used to identify which pairs of strategies differ sig-
nificantly. On both metrics, buy-and-hold differs significantly from each of the three
prediction-based strategies (all p < 0.001), whereas no pair among the Base Strategy, the
MAPE-filter, and the MAPE-position variant differs significantly from one another (all
p ≥ 0.31; Table 5). This pattern is informative in its own right: the joint test does not merely
confirm that “active beats passive”, it shows that the three risk-management overlays
considered in this study are statistically indistinguishable from each other in aggregate
rank, even though Sections 4.1–4.5 show that they behave differently in specific regimes and
asset classes. The omnibus result therefore provides the strongest single piece of evidence
for RQ1: the advantage of prediction-based trading over a passive benchmark holds when
all four strategies are compared jointly, not only in a series of separate pairwise checks.

4.6.2. Directional Consistency: Win Rate and Sign Test

As a complementary, more interpretable check, each prediction-based strategy was
compared directly against buy-and-hold across the 36 cells. All three variants beat the
benchmark in 86–89% of cells on cumulative return and in 92% of cells on the Sharpe ratio;
a one-sided binomial sign test rejects the null of no directional advantage at p < 0.001 for
every strategy-metric combination (Table 6). The win rate is not concentrated in a single
regime: examined period by period, each strategy beats the benchmark in 10 or 11 of the
12 instruments in 2018, 2020, and 2022 alike, directly supporting RQ2. Crude oil is the only
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instrument for which the prediction-based strategies persistently underperform, consistent
with the structural breaks discussed in Section 4.3; excluding it from the pool raises the
win rate to approximately 97% for every strategy-metric combination, indicating that the
crude oil result is a genuine, asset-specific anomaly rather than evidence that the pooled
result is fragile.

Table 6. Pooled win-rate and one-sided binomial sign-test results for prediction-based strategies
versus buy-and-hold, across 12 instruments × 3 regimes (N = 36 asset-period observations; N = 33
excluding crude oil).

Strategy Metric Wins/N (All 36) Win Rate (%) Sign-Test p-Value Win Rate
Ex-Crude Oil (%)

Base Strategy Cumulative return 32/36 88.9 <0.001 97.0

Base Strategy Sharpe ratio 33/36 91.7 <0.001 97.0

MAPE-filter Cumulative return 31/36 86.1 <0.001 93.9

MAPE-filter Sharpe ratio 33/36 91.7 <0.001 97.0

MAPE-position Cumulative return 32/36 88.9 <0.001 97.0

MAPE-position Sharpe ratio 33/36 91.7 <0.001 97.0

Source: authors’ calculations based on Appendix B (Tables A8–A10).

4.6.3. Magnitude of Outperformance: Wilcoxon Signed-Rank Test

The sign test evaluates direction only; a Wilcoxon signed-rank test was therefore also
applied to the paired differences between each prediction-based strategy and buy-and-
hold, which accounts for the size as well as the sign of the outperformance. All three
strategies show a significant positive shift relative to buy-and-hold on both metrics (Base
Strategy: return p = 2.7 × 10−6, Sharpe p = 3.1 × 10−7; MAPE-filter: return p = 1.3 × 10−6,
Sharpe p = 7.8 × 10−9; MAPE-position: return p = 1.6 × 10−6, Sharpe p = 2.4 × 10−7).
Consistent with the win-rate analysis, the median advantage over buy-and-hold across the
pooled sample is approximately 15 percentage points in cumulative return and close to two
Sharpe-ratio points for all three strategy variants, and maximum drawdowns are lower
under the active strategies in the large majority of cases (Appendix B). Comparing the three
prediction-based variants speaks to RQ3: the Base Strategy and the MAPE-position rule
produce the largest median return advantage, indicating that once a volatility-adjusted stop-
loss/take-profit overlay is in place, dynamic position sizing adds further value primarily
through amplified exposure during high-confidence periods; the MAPE-filter variant trades
some of this upside for lower dispersion, showing the smallest cumulative-return win rate
of the three (86.1%) but the most consistent loss containment in the 2020 and 2022 crises,
consistent with its role as a confidence-based filter rather than a return-maximizing overlay.

4.6.4. Specification Sensitivity and Regime Stability: Spearman Rank Correlations

The win-rate analysis was supplemented with Spearman rank correlations computed
from the same Appendix B results, addressing two further questions. First, on specification
sensitivity (RQ3): the asset rankings produced by the Base Strategy, the MAPE-filter, and
the MAPE-position variant correlate strongly and significantly with one another across
the pooled 36 asset-period sample (ρ = 0.79–0.99 for cumulative return, ρ = 0.82–0.96 for
the Sharpe ratio, all p < 0.001; Table 7). This shows that the choice of risk-management
overlay does not fundamentally reshuffle which instruments perform relatively well or
poorly—the three strategies are consistent with one another, reinforcing that the results of
Sections 4.6.1 and 4.6.2 are not an artefact of a single, arbitrarily well-fitting specification.
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Table 7. Spearman rank correlations between strategy variants, pooled across the 36 asset-period cells.

Strategy Pair Metric Spearman ρ (N = 36) p-Value

Base vs. MAPE-filter Cumulative return 0.787 <0.001

Base vs. MAPE-position Cumulative return 0.994 <0.001

MAPE-filter vs. MAPE-position Cumulative return 0.806 <0.001

Base vs. MAPE-filter Sharpe ratio 0.822 <0.001

Base vs. MAPE-position Sharpe ratio 0.956 <0.001

MAPE-filter vs. MAPE-position Sharpe ratio 0.874 <0.001
Source: authors’ calculations based on Appendix B (Tables A8–A10).

Second, as a finer-grained test of regime stability (RQ2), the Spearman correlation
between the assets’ return rankings was computed across each pair of periods (2018 vs. 2020,
2018 vs. 2022, 2020 vs. 2022) separately for each strategy. These correlations are typically
weaker and mostly not significant (ρ ≈ −0.06 to 0.65; the 2018–2022 pair is the weakest for
every strategy, ρ = 0.20–0.25), meaning that although each strategy consistently beats buy-
and-hold within every regime (Sections 4.6.1 and 4.6.2), exactly which instruments deliver
the largest relative advantage shifts materially from one regime to the next. Taken together,
these two results refine the answer to RQ2: the strategy-level advantage over buy-and-hold
was consistent across all three regimes examined here and is statistically robust within that
scope, but the relative ranking of individual assets is not—the framework generalizes at
the strategy level while offering no stable “always buy this asset” recommendation at the
instrument level.

4.6.5. Asset-Class Subgroup Analysis

Finally, the win rate against buy-and-hold was broken down by asset class (three
instruments per class × three regimes = nine cells per class). Foreign exchange (100% for all
three strategies on both metrics) and cryptocurrencies (89–100%) show the most consistent
outperformance, equities are close behind (89% on both metrics for all three strategies),
and commodities are the weakest but still favour the active strategies on balance (67%
on cumulative return, 78% on the Sharpe ratio). This subgroup pattern is consistent with
the asset-class discussion in Sections 4.1–4.5 and is consistent with the crude-oil-driven
weakness identified above being concentrated in the commodity class specifically, rather
than reflecting a broader problem with the framework.

4.6.6. Caveats

Two considerations qualify the robustness evidence above. First, the stop-loss/take-
profit/volatility-lookback parameters and the 3% MAPE-filter threshold were themselves
selected by in-sample Sharpe-ratio grid search (Section 3.5), so part of the measured
advantage may reflect sample-specific fitting rather than a parameter-free property of the
framework; this is addressed further in the Limitations section. Second, all four tests in
this section treat the 36 asset-period cells as independent, whereas returns on the same
instrument across overlapping sub-periods, and on correlated asset classes such as the
three cryptocurrencies, are unlikely to be fully independent; the reported p-values should
therefore be read as indicating strong, convergent statistical evidence across four different
test designs rather than as exact, fully independent inferential probabilities. This concern
deserves a more concrete answer than a qualitative caveat. To approximate how much
the result depends on treating the 36 cells as independent, the cells were collapsed into 12
conservative clusters, one per regime-by-asset-class combination (three regimes and four
asset classes: equities, commodities, foreign exchange, cryptocurrencies), since the three
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instruments within an asset class are the most plausible source of cross-sectional correlation
and the three regimes are separated by disjoint, non-overlapping trading windows. A
cluster was scored as a “win” for the Base Strategy if at least two of its three constituent
instruments outperformed buy-and-hold on cumulative return. Under this substantially
more conservative accounting—an effective sample size of 12 rather than 36—the Base
Strategy still wins in all 12 clusters, and a one-sided sign test at this cluster level remains
significant (p = 0.0002). While this clustering is only one reasonable way to approximate the
dependence structure and does not replace a fully specified dependence-robust inferential
procedure, it indicates that the qualitative conclusion of Section 4.6.2 is not an artefact of
inflating 12 genuinely informative regime-by-asset-class observations into 36 nominal ones;
it does, however, reinforce that the more extreme p-values reported elsewhere in this section
should be interpreted as descriptive evidence of a strong and consistent pattern rather than
as precise, fully independent inferential probabilities. Both caveats are consistent with
the overall conclusion—a broad advantage for prediction-based strategies over buy-and-
hold that held consistently across the regimes examined, supported jointly and pairwise,
with a genuine asset-class exception in commodities—but they temper the strength of the
statistical claim and are revisited in the Limitations section.

4.6.7. Transaction-Cost Sensitivity

None of the results reported above include transaction costs, spreads, financing
charges, or slippage; Section 4.6.6 already flags this as a limitation. Rather than leaving
this as a purely qualitative caveat, this section derives an illustrative breakeven transac-
tion cost—the approximate per-round-trip cost that would be needed to erase the median
outperformance documented in Section 4.6.3—directly from the results already reported,
without re-running the backtests.

The median advantage of the prediction-based strategies over buy-and-hold is ap-
proximately 15 percentage points in cumulative return over each roughly 125-trading-day
(six-month) sub-period (Section 4.6.3). Because the trading rule re-evaluates its directional
signal every day (described in Section 3.6). The number of round-trip trades executed over
a sub-period depends on how often the signal’s direction actually changes from one day
to the next—a quantity not recorded in the present study, since turnover was not logged
during backtesting. Table 8 therefore reports the breakeven per-round-trip cost under
three illustrative turnover assumptions spanning a plausible range, from the upper-bound
case in which the position direction changes every single day (125 round-trips) to a more
conservative case in which it changes on only about one day in four (31 round-trips).

Table 8. Illustrative breakeven per-round-trip transaction cost required to erase the median
15-percentage-point outperformance over a 125-trading-day sub-period, under three assumed
turnover levels.

Turnover Assumption Round-Trips Per Sub-Period Breakeven Cost Per Round-Trip

Upper bound (direction flips every day) 125 ≈0.12% (≈12 bps)

Moderate (direction changes ≈ every other day) 62 ≈0.24% (≈24 bps)

Conservative (direction changes ≈ 1 day in 4) 31 ≈0.48% (≈48 bps)

Source: authors’ calculations, derived from the pooled median outperformance reported
in Section 4.6.3; breakeven cost = 15 percentage points/assumed number of round-trips.

These figures indicate that the measured advantage is not trivially robust to costs:
12–24 basis points per round-trip is well within the range of realistic costs for cryptocur-
rency and retail foreign-exchange trading once spreads and exchange fees are included, and
financing charges on short positions (not modelled at all here) would erode the advantage
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further. The advantage looks more resilient against typical institutional equity-trading
costs, which are often below 10 basis points per round-trip, but even there the daily rebal-
ancing design of the Base Strategy variant implies a turnover level, and therefore a cost
drag, considerably higher than the buy-and-hold benchmark’s near-zero turnover. Because
the actual turnover was not logged, these breakeven figures should be read as an order-
of-magnitude illustration of cost sensitivity rather than a precise net-of-cost performance
estimate; a full net-return simulation using logged trade-level turnover is identified as a
priority for future work in the Conclusions.

5. Discussion
The results demonstrate that machine learning-based trading strategies can signif-

icantly improve both absolute and risk-adjusted performance compared to traditional
buy-and-hold approaches across multiple asset classes and market regimes. The advan-
tages of the proposed framework were particularly visible during the crisis periods of
2020 and 2022, suggesting that prediction-based strategies are especially effective under
volatile and uncertain market conditions. These findings are consistent with earlier studies
emphasizing the superior adaptability of ML-driven trading systems in turbulent environ-
ments [21,22]. The greatest improvements were observed in equity and cryptocurrency
markets, where the active strategies frequently generated higher cumulative returns, higher
Sharpe ratios, and lower drawdowns than passive benchmarks. This supports previous
evidence showing that deep learning architectures such as LSTM and GRU models can suc-
cessfully capture nonlinear temporal dynamics and improve trading performance [6,25,29].
In particular, the cryptocurrency results align with studies arguing that highly volatile
digital asset markets provide favourable conditions for machine learning-based forecasting
systems [24,31]. In equity markets specifically, the relative performance of the strategies
was more period-dependent than in other asset classes, which is consistent with earlier
evidence that equity volatility regimes require asset-specific modelling choices rather than
a single, one-size-fits-all parameterization [11,23].

An important finding of the study is that forecasting accuracy alone does not guarantee
successful trading outcomes. Strategies integrating volatility-adjusted stop-loss and take-
profit rules, as well as MAPE-based filtering and position-sizing mechanisms, generally
produced the most stable performance. This result is consistent with the growing literature
emphasizing the importance of adaptive risk management and trading logic in AI-driven
investment systems [16,17,20]. The pooled robustness evidence in Section 4.6 reinforces
this interpretation from a different angle: the Nemenyi post hoc test found no significant
difference among the Base Strategy, the MAPE-filter, and the MAPE-position variant, even
though the raw forecasts feeding all three are identical, so the performance differences that
do exist across specifications and regimes are attributable to the risk-management layer
rather than to the underlying predictions.

Taken together, the statistically significant and consistent outperformance documented
in Section 4.6—supported jointly across all four strategies by the Friedman test and pairwise
by the sign test, the Wilcoxon test, and the Spearman rank correlations—sits in some tension
with the Efficient Market Hypothesis, under which prices are held to fully reflect available
information and systematic outperformance should not be achievable using historical
data alone [1]. Two qualifications keep this tension from being a direct refutation. First,
all reported figures are gross of transaction costs, taxes, and slippage, none of which
were modelled; since the strategies trade considerably more often than a buy-and-hold
benchmark, realistic frictions would erode part of the measured advantage, potentially by
a large margin for the highest-turnover cryptocurrency strategies. Second, the parameters
generating this advantage were tuned in-sample, so some of it may reflect fitting to the
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specific sample rather than a stable, exploitable inefficiency, an issue examined further
in the Limitations section below. The results are therefore best read as evidence that the
semi-strong form of market efficiency is not sharply binding at the daily frequency and
asset classes studied here, rather than as a claim that markets are inefficient in a way that
survives realistic trading frictions and out-of-sample deployment.

It is worth commenting directly on how large the in-sample optimization effect de-
scribed above is likely to be in practice, since the grid search is applied separately in each of
the 36 asset-period cells. On one hand, the search space is modest by the standards of the
backtest-overfitting literature—27 stop-loss/take-profit/volatility-lookback combinations,
extended by a small number of MAPE-filter threshold candidates—rather than the thou-
sands or millions of configurations that give rise to the most severe, well-documented cases
of selection bias in systematic trading research [40]. On the other hand, because the search
is repeated independently 36 times (12 assets × 3 regimes) rather than once on a pooled
sample, the cumulative probability that at least some cells show an inflated Sharpe ratio
purely from selection is not negligible, and the true, walk-forward-validated advantage is
almost certainly smaller than the in-sample figures reported in Sections 4.1–4.5. Two pieces
of indirect evidence in this study bound how large that gap is likely to be, without resolving
it definitively. First, the three prediction-based strategy variants—which differ in how
they use the same underlying forecasts, not in how aggressively they were tuned—are
statistically indistinguishable from one another at the portfolio level (Section 4.6.1); if the
reported advantage were driven mainly by fitting noise rather than a genuine property of
combining forecasts with volatility-sensitive risk management, more divergence between
the three variants would be expected. Second, the same directional advantage recurs in
10 or 11 of 12 instruments in each of three regimes separately, and survives being collapsed
into the much more conservative 12-cluster test described in Section 4.6.6; an in-sample
selection artefact would need to operate with unusual consistency across regimes and
asset classes to produce this pattern by chance alone. Neither argument substitutes for the
walk-forward or nested-validation re-estimation identified as a priority for future research
in the Conclusions, but together they suggest that while some in-sample inflation should
be assumed, the qualitative direction of the result—that risk-managed, prediction-based
strategies outperform buy-and-hold more often than chance would predict—is unlikely to
be entirely an artefact of parameter selection.

At the same time, the analysis also highlights important limitations. The crude oil
market consistently represented the weakest-performing asset class for the proposed strate-
gies, and the asset-class subgroup analysis in Section 4.6.5 indicates that this weakness is
concentrated in commodities specifically. Extreme events such as the negative oil futures
prices during the COVID-19 crisis likely introduced structural breaks and nonlinear dynam-
ics that standard predictive models were unable to capture effectively. This suggests that
commodity markets may require more specialized modelling frameworks or the integration
of macroeconomic and geopolitical variables. The portfolio-level analysis further indicates
that prediction-based approaches can improve not only individual asset performance but
also diversified, equally weighted portfolio management: the strongest portfolio-level gains
were observed in cryptocurrencies, while equity and currency portfolios also benefited
from more stable risk-adjusted returns. At the same time, because the portfolios examined
in Section 4.5 use fixed, equal weights, they say nothing about whether an optimizer that
actively reallocates capital across assets based on the underlying forecasts could extract
additional value beyond what the equally weighted construction already captures; this is a
natural, unexplored extension of the current framework and is discussed as a direction for
future research in the Conclusions.
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Overall, the findings suggest that machine learning-based forecasting models can pro-
vide practical value when combined with adaptive trading rules and volatility-sensitive risk
management. The strategies proved particularly effective in volatile equity and cryptocur-
rency markets, while their performance remained more limited in structurally unstable
commodity markets. Consequently, ML-based trading systems should be interpreted as
complementary decision-support tools rather than universal investment solutions.

Returning to the research questions set out in the Introduction, the robustness analysis
in Section 4.6 provides a direct, multi-test answer to RQ1: prediction-based strategies
do not merely win on a favourable subset of instruments but outperform the buy-and-
hold benchmark in a statistically significant majority of the 36 asset-period observations,
supported jointly by the Friedman test (p < 0.001 on both cumulative return and the Sharpe
ratio) and pairwise by the sign test and the Wilcoxon signed-rank test (p < 0.001 for every
strategy-metric combination). RQ2 is answered with more nuance by combining the regime-
by-regime win-rate breakdown with the Spearman rank-correlation analysis: the same
10-to-11-out-of-12 win pattern recurs in the calm, crisis, and geopolitical-shock periods
alike, so the strategy-level advantage over buy-and-hold is a property of the framework
rather than of any single market environment, even though the Spearman correlations
show that the identity of the best-performing individual assets shifts materially from one
regime to the next. RQ3 is answered by the comparison across strategy variants: the
volatility-adjusted stop-loss/take-profit overlay accounts for most of the gain over the raw
predicted-price signal, the MAPE-based position-sizing rule adds incremental return by
scaling exposure with forecast confidence, and the MAPE-based filter trades some upside
for the most consistent loss containment during the 2020 and 2022 crises—evidence that
the risk-management logic wrapped around a forecast, not forecast accuracy alone, is what
converts predictive skill into trading performance.

6. Conclusions
The backtesting results of the rule-based, prediction-driven trading strategies indicated

that they were able to outperform the buy-and-hold benchmark across most periods and
asset classes, and Section 4.6 shows that this advantage is statistically robust within the
sample examined, subject to the independence caveats discussed below. The MAPE-filtered
variant provided additional risk-management benefits by excluding positions associated
with low forecasting confidence, and the Sharpe-ratio results indicate that the predictive
strategies generally achieved superior risk-adjusted, not only absolute, performance relative
to return volatility.

The results also demonstrate substantial differences between the unpredictability of
cryptocurrencies and the relative stability of foreign exchange markets, which directly
affected trading performance. The asset-specific analyses highlighted that volatility influ-
ences strategy effectiveness in different ways across market segments: in cryptocurrency
markets the MAPE filter proved particularly effective in reducing losses, in foreign ex-
change markets the Base Strategy exhibited the greatest stability, and in equity markets the
relative performance of the strategies was more period-dependent. These findings support
the need for asset-specific parameterization to achieve maximum effectiveness. A further
conclusion is that the performance of prediction-driven strategies within equally weighted
portfolios was not uniform across market segments: differences between strategy variants
were relatively moderate in commodity and foreign exchange portfolios but substantial for
cryptocurrencies, again indicating that the effectiveness of trading strategies and forecasting
models can only be interpreted in relation to a given asset class and market period.

The performance of the trading strategies varied considerably across market environ-
ments. During the relatively calm conditions of 2018, almost all model-based strategies
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generated stable profits, whereas forecasting performance deteriorated in 2020 and 2022 as
market volatility intensified. The MAPE-filtered systems nonetheless reduced downside
risk in both crisis periods, underscoring the importance of adaptive decision mechanisms.
Strategy performance therefore depends not only on forecasting accuracy itself but also
on the volatility-sensitive application of the predictive framework: one of the central
conclusions of the study is that machine learning-based trading systems deliver stable
performance during crisis periods only when they incorporate built-in forecast validation
and adaptive filtering mechanisms.

These conclusions rest on more than a favourable set of illustrative examples. Pooling
all 36 asset-period observations, a Friedman test confirms that the four strategies are not
interchangeable (p < 0.001 on both cumulative return and the Sharpe ratio), with the buy-
and-hold benchmark ranked significantly worse than every prediction-based variant while
the three prediction-based variants are statistically indistinguishable from one another. This
omnibus result is corroborated by three further, independent tests: a one-sided sign test
(p < 0.001 for every strategy-metric combination), a Wilcoxon signed-rank test confirming
that the outperformance is significant in magnitude and not only in direction, and Spearman
rank correlations showing that the relative ranking of assets is largely preserved across
the three risk-management specifications. Together, this multi-test evidence across twelve
instruments, three structurally different regimes, and four strategy specifications is, in the
authors’ view, the strongest support the study offers for treating the reported gains as a
genuine property of combining machine learning forecasts with volatility-sensitive trading
rules, rather than as an artefact of a single specification or sample window.

Practically, the results suggest that institutional and sophisticated retail investors
adopting machine learning-based forecasting should not treat predictive accuracy as an end
in itself: the largest and most consistent gains in this study came from wrapping forecasts in
volatility-adjusted risk controls, and the specific choice among the three risk-management
overlays tested here mattered far less than the decision to use one at all. For asset allocation,
the asset-class subgroup results indicate that such frameworks are best deployed first in
equities, foreign exchange, and cryptocurrencies, where the statistical advantage is most
consistent, and applied more cautiously—or with additional safeguards—in commodity
markets prone to structural breaks.

Limitations and Future Research

The study is subject to several limitations arising from the simplifying assumptions ap-
plied at the current stage of the research. Transaction costs, taxes, bid–ask spreads, slippage
effects, and liquidity constraints were not incorporated into the evaluation of the trading
strategies. Consequently, the reported cumulative returns and Sharpe ratios should be in-
terpreted as gross performance measures, and net performance would likely be lower, and
potentially materially lower for the highest-turnover cryptocurrency strategies, under real-
world trading conditions. The second limitation is that parameter optimization was based
exclusively on Sharpe-ratio maximization using an in-sample grid search over the stop-loss,
take-profit, volatility-lookback, and MAPE-filter threshold. Although this approach is
widely used, it may be sensitive to extreme returns and non-normal return distributions,
which are particularly common in cryptocurrency markets and during crisis periods, and it
means that part of the robustness evidence reported in Section 4.6 may reflect fitting to the
specific sample rather than a parameter-free property of the framework. The third limita-
tion concerns the statistical tests themselves: all four robustness tests in Section 4.6 treat
the 36 asset-period cells as independent, whereas returns on the same instrument across
overlapping sub-periods, and on correlated asset classes such as the three cryptocurrencies,
are unlikely to be fully independent, so the effective sample size for inference is smaller
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than the nominal 36 cells, and the most extreme reported p-values should be viewed with
corresponding skepticism as exact probabilities. Section 4.6.6 quantifies one conservative
version of this concern directly: collapsing the 36 cells into 12 regime-by-asset-class clusters
still yields a significant result (p = 0.0002), which suggests the qualitative conclusion is
not solely an artefact of an inflated sample size, but this remains an approximation rather
than a full dependence-robust re-analysis. The reported p-values should therefore be read
as strong, convergent evidence of directional and rank consistency across four different
test designs rather than as exact, fully independent inferential probabilities. The fourth
limitation is that the analysis relies primarily on daily data, excluding intraday market
dynamics, high-frequency trading effects, and short-term liquidity fluctuations. Finally,
the portfolio-level results in Section 4.5 are based on fixed, equally weighted portfolios;
they do not speak to whether an active allocation approach could extract additional value
beyond what equal weighting already captures.

Building directly on these limitations, five directions appear particularly promising.
First, the parameter grid and MAPE-filter threshold should be re-optimized under a walk-
forward or rolling out-of-sample procedure, rather than the single in-sample optimization
used here, to establish whether Section 4.6 robustness results survive genuine out-of-sample
deployment. Second, transaction-cost-adjusted and higher-frequency (intraday) extensions
of the same testing protocol would clarify how much of the gross outperformance doc-
umented here survives realistic trading frictions. Third, incorporating macroeconomic
and geopolitical variables, or sentiment indicators, into the forecasting models could help
address the structural breaks that limit performance in commodity markets, particularly
crude oil. Fourth, extending the sample to additional crisis and calm periods, and to a
broader set of instruments within each asset class, would allow the regime- and asset-class-
level findings of Section 4.6 to be tested on a larger and more heterogeneous sample. Fifth,
and directly motivated by the equally weighted portfolio results in Section 4.5, a natural ex-
tension is to replace the fixed-weight portfolio construction with a machine learning-based
portfolio optimization layer—for example, using the models’ predicted returns as inputs
to a mean-variance or Black–Litterman allocation, or training a reinforcement-learning
agent to reallocate capital dynamically across the twelve instruments based on the same
forecasting and confidence signals used in the trading strategies here. Such an approach
would test whether active, prediction-informed allocation across assets can extract addi-
tional value beyond what the current equally weighted, single-asset-at-a-time framework
already captures, and would require the full daily return and covariance history underlying
the results reported in this paper rather than the period-level summary statistics used in
the present analysis.
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Appendix A

Table A1. Hyperparameters.

Model Parameters Values

RNN
LSTM
GRU

Hidden Layers 1, 2, 3

Hidden layer neuron
count 100, 150, 200

Batch size 16, 32, 64

Epochs 100

Activation ReLU, Tanh, Sigmoid, Linear

Dropout rate 0.1; 0.01; 0.001

Optimizer Adam

LSTM-GRU
RNN-LSTM
RNN-GRU

Hidden Layers 1, 2, 3

Hidden layer neuron
count 100, 150, 200

Batch size 16, 32, 64

Epochs 100

Activation ReLU, Tanh, Sigmoid, Linear

Dropout rate 0.1; 0.01; 0.001

Optimizer Adam
Source: authors’ research.

Table A2. MAPE indicators estimated using univariate methods for the period between 1 January
2018 and 30 June 2018.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0130 0.0080 0.0150 0.0080 0.0138 0.0083

DAX 0.0109 0.0109 0.0089 0.0125 0.0098 0.0138

Nikkei225 0.0082 0.0181 0.0095 0.0086 0.0095 0.0250

Crude oil 0.0164 0.0190 0.0160 0.0234 0.0269 0.0321

Gold 0.0054 0.0096 0.0068 0.0088 0.0143 0.0059

Silver 0.0113 0.0099 0.0109 0.0127 0.0091 0.0104

Bitcoin 0.1771 0.1101 0.0457 0.1107 0.0625 0.1002

Ethereum 0.0674 0.0626 0.0692 0.0620 0.1015 0.0586

Litecoin 0.0819 0.1912 0.0755 0.1055 0.1168 0.0861

EUR/USD 0.0124 0.0062 0.0041 0.0085 0.0072 0.0068

GBP/USD 0.0050 0.0051 0.0039 0.0043 0.0051 0.0046

AUD/USD 0.0048 0.0059 0.0044 0.0068 0.0063 0.0046

Source: authors’ research.

Table A3. MAPE indicators estimated using multivariate methods for the period between 1 January
2018 and 30 June 2018.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0094 0.0129 0.0078 0.0085 0.0104 0.0095

DAX 0.0092 0.0090 0.0087 0.0137 0.0107 0.0125

https://doi.org/10.3390/fintech5030082

https://doi.org/10.3390/fintech5030082


FinTech 2026, 5, 82 35 of 40

Table A3. Cont.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

Nikkei225 0.0090 0.0083 0.0096 0.0083 0.0131 0.0083

Crude oil 0.0240 0.0229 0.0138 0.0191 0.0136 0.0150

Gold 0.0104 0.0092 0.0075 0.0065 0.0072 0.0069

Silver 0.0133 0.0112 0.0091 0.0143 0.0108 0.0116

Bitcoin 0.0989 0.0735 0.0448 0.0488 0.0696 0.0767

Ethereum 0.0570 0.0994 0.0707 0.0729 0.0908 0.0570

Litecoin 0.0854 0.1642 0.1006 0.0829 0.1809 0.1049

EUR/USD 0.0035 0.0026 0.0025 0.0029 0.0096 0.0061

GBP/USD 0.0059 0.0030 0.0028 0.0035 0.0078 0.0056

AUD/USD 0.0044 0.0033 0.0029 0.0036 0.0035 0.0048

Source: authors’ research.

Table A4. MAPE indicators estimated using univariate methods for the period between 1 January
2020 and 30 June 2020.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0190 0.0204 0.0194 0.0189 0.0203 0.0199

DAX 0.0296 0.0279 0.0253 0.0300 0.0367 0.0335

Nikkei225 0.0190 0.0174 0.0175 0.0219 0.0284 0.0179

Crude oil 0.1180 0.1015 0.0845 0.1022 0.1080 0.0998

Gold 0.0233 0.0145 0.0118 0.0151 0.0420 0.0147

Silver 0.0203 0.0251 0.0203 0.0242 0.0254 0.0304

Bitcoin 0.0411 0.0311 0.0301 0.0309 0.0404 0.0326

Ethereum 0.0547 0.0364 0.0400 0.0402 0.0452 0.0477

Litecoin 0.0482 0.0342 0.0533 0.0462 0.0451 0.0374

EUR/USD 0.0064 0.0049 0.0053 0.0071 0.0075 0.0079

GBP/USD 0.0081 0.0069 0.0062 0.0069 0.0087 0.0084

AUD/USD 0.0125 0.0118 0.0098 0.0116 0.0107 0.0165

Source: authors’ research.

Table A5. MAPE indicators estimated using multivariate methods for the period between 1 January
2020 and 30 June 2020.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0204 0.0209 0.0182 0.0186 0.0192 0.0192

DAX 0.0396 0.0258 0.0224 0.0265 0.0386 0.0257

Nikkei225 0.0257 0.0197 0.0177 0.0188 0.0221 0.0177

Crude oil 0.2336 0.0921 0.0817 0.0943 0.2935 0.1095

Gold 0.0204 0.0147 0.0115 0.0171 0.0485 0.0153

Silver 0.0334 0.0245 0.0219 0.0233 0.0274 0.0277

Bitcoin 0.0473 0.0279 0.0276 0.0338 0.0428 0.0418

Ethereum 0.0496 0.0384 0.0431 0.0367 0.0431 0.0390

Litecoin 0.0460 0.0377 0.0429 0.0336 0.0396 0.0835

EUR/USD 0.0049 0.0025 0.0030 0.0043 0.0062 0.0046
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Table A5. Cont.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

GBP/USD 0.0102 0.0034 0.0036 0.0034 0.0071 0.0056

AUD/USD 0.0191 0.0092 0.0060 0.0076 0.0120 0.0082

Source: authors’ research.

Table A6. MAPE indicators estimated using univariate methods for the period between 1 January
2022 and 30 June 2022.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0226 0.0145 0.0170 0.0169 0.0175 0.0144

DAX 0.0173 0.0158 0.0155 0.0215 0.0207 0.0235

Nikkei225 0.0139 0.0128 0.0205 0.0113 0.0123 0.0125

Crude oil 0.0627 0.0437 0.0269 0.0501 0.0632 0.0339

Gold 0.0089 0.0087 0.0131 0.0086 0.0096 0.0091

Silver 0.0169 0.0145 0.0151 0.0151 0.0171 0.0172

Bitcoin 0.0325 0.0435 0.0274 0.0509 0.0608 0.0345

Ethereum 0.0446 0.0389 0.0357 0.0426 0.0614 0.0430

Litecoin 0.0644 0.0367 0.0487 0.0388 0.0445 0.0642

EUR/USD 0.0080 0.0057 0.0089 0.0109 0.0125 0.0102

GBP/USD 0.0079 0.0049 0.0043 0.0045 0.0098 0.0065

AUD/USD 0.0090 0.0059 0.0059 0.0061 0.0073 0.0062

Source: authors’ research.

Table A7. MAPE indicators estimated using multivariate methods for the period between 1 January
2022 and 30 June 2022.

Instrument RNN LSTM GRU LSTM-GRU RNN-LSTM RNN-GRU

S&P500 0.0161 0.0174 0.0144 0.0150 0.0153 0.0140

DAX 0.0198 0.0238 0.0154 0.0162 0.0160 0.0326

Nikkei225 0.0294 0.0125 0.0154 0.0111 0.0152 0.0126

Crude oil 0.0343 0.0600 0.0269 0.0346 0.0721 0.0589

Gold 0.0080 0.0077 0.0087 0.0111 0.0110 0.0088

Silver 0.0195 0.0154 0.0145 0.0146 0.0244 0.0151

Bitcoin 0.0367 0.0304 0.0319 0.0284 0.0441 0.0399

Ethereum 0.0454 0.0433 0.0458 0.0438 0.0460 0.0468

Litecoin 0.0478 0.0387 0.0389 0.0457 0.0590 0.0581

EUR/USD 0.0058 0.0062 0.0024 0.0049 0.0091 0.0057

GBP/USD 0.0089 0.0026 0.0027 0.0029 0.0031 0.0036

AUD/USD 0.0047 0.0064 0.0039 0.0058 0.0058 0.0043

Source: authors’ research.

https://doi.org/10.3390/fintech5030082

https://doi.org/10.3390/fintech5030082


FinTech 2026, 5, 82 37 of 40

Appendix B

Table A8. Key performance indicators of the applied trading strategies for the period between 1 January 2018 and 30 June 2018.

Instrument
Buy-and-Hold

Cumulative
Return

Base
Strategy

Cumulative
Return

MAPE-Filter
Cumulative

Return

MAPE-
Position

Cumulative
Return

Buy-and-
HOLD

SHARPE

Base
Strategy
Sharpe

MAPE-Filter
Sharpe

MAPE-
Position
Sharpe

Buy-and-
Hold Max

Drawdown

Base
Strategy Max
Drawdown

MAPE-Filter
Max

Drawdown

MAPE-
Position Max
Drawdown

S&P500 0.8300 12.4100 14.3200 13.9900 0.1024 2.0722 2.1546 2.1496 0.1071 0.0259 0.0259 0.0258

DAX −9.1500 3.9700 5.7400 5.9300 −1.0444 0.6700 1.0038 1.0588 0.1787 0.0747 0.0524 0.0520

Nikkei225 −2.0400 −13.5200 −9.1200 −8.8200 −0.2351 −1.6404 −1.4653 −1.4444 0.1571 0.1175 0.1112 0.1106

Crude oil 20.5600 16.9400 16.8900 16.2800 1.6850 1.7141 1.7385 1.7154 0.1110 0.0854 0.0759 0.0833

Gold −4.3000 10.2400 10.6800 10.7100 −0.8045 1.9677 2.1288 2.1859 0.0879 0.0208 0.0208 0.0208

Silver −5.7700 9.5600 10.4000 10.2800 −0.6295 1.3508 1.4735 1.4798 0.0956 0.0585 0.0585 0.0582

Bitcoin −73.3800 86.7000 23.9100 81.2100 −1.2680 1.7053 1.4161 1.7174 0.6632 0.2862 0.1538 0.2796

Ethereum −49.7800 81.8900 14.7100 86.3400 −0.7232 1.6031 1.1106 1.8570 0.7360 0.4387 0.1091 0.4310

Litecoin −97.23843 133.0300 7.0000 102.2000 −1.4056 2.4256 0.8055 2.0923 0.7472 0.3813 0.0888 0.3625

EURUSD −3.8100 4.2500 4.9900 4.7100 −0.9778 1.4354 1.7211 1.6449 0.0808 0.0228 0.0228 0.0228

GBPUSD −3.2800 5.7700 5.3000 5.4500 −0.8370 2.1646 2.0508 2.1388 0.0925 0.0301 0.0301 0.0300

AUDUSD −6.0000 2.9800 2.9100 2.9200 −1.4011 0.8788 0.8640 0.8800 0.1002 0.0447 0.0447 0.0446

Source: authors’ research.

Table A9. Key performance indicators of the applied trading strategies for the period between 1 January 2020 and 30 June 2020.

Instrument
Buy-and-Hold

Cumulative
Return

Base
Strategy

Cumulative
Return

MAPE-Filter
Cumulative

Return

MAPE-
Position

Cumulative
Return

Buy-and-
Hold Sharpe

Base
Strategy
Sharpe

MAPE-Filter
Sharpe

MAPE-
Position
Sharpe

Buy-and-
Hold Max

Drawdown

Base
Strategy Max
Drawdown

MAPE-Filter
Max

Drawdown

MAPE-
Position Max
Drawdown

S&P500 −5.6500 74.2600 19.4000 71.5700 −0.2465 2.2055 1.9641 2.2493 0.4144 0.0806 0.0770 0.0802

DAX −8.4500 29.3600 23.0500 27.3800 −0.3735 1.9352 1.8707 1.8979 0.4943 0.1025 0.1025 0.1004

Nikkei225 −8.4100 9.5800 13.8400 11.7500 −0.5277 0.7751 1.6314 1.0005 0.3750 0.1302 0.1282 0.1268

Crude oil 17.1200 −42.6800 −3.7800 −45.5200 0.2734 −0.819 −0.3043 −1.0159 1.5948 0.8198 0.2318 0.8139

Gold 15.5300 20.3200 21.9200 23.0000 1.3057 1.9189 2.1331 2.282 0.1253 0.1084 0.1084 0.1083

Silver 0.8500 16.0400 17.5700 16.7600 0.0395 1.0985 1.3535 1.0695 0.4749 0.2724 0.2688 0.3593

Bitcoin 24.5000 113.5000 58.4600 104.4800 0.4333 2.1142 1.8315 2.0486 0.7311 0.2516 0.1993 0.2450
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Table A9. Cont.

Instrument
Buy-and-Hold

Cumulative
Return

Base
Strategy

Cumulative
Return

MAPE-Filter
Cumulative

Return

MAPE-
Position

Cumulative
Return

Buy-and-
Hold Sharpe

Base
Strategy
Sharpe

MAPE-Filter
Sharpe

MAPE-
Position
Sharpe

Buy-and-
Hold Max

Drawdown

Base
Strategy Max
Drawdown

MAPE-Filter
Max

Drawdown

MAPE-
Position Max
Drawdown

Ethereum 56.5700 121.4100 51.6400 111.5700 0.7979 2.1062 1.7883 2.0248 0.9438 0.2079 0.1323 0.2036

Litecoin 1.2300 127.9600 39.0400 106.0600 0.0191 1.9596 1.5478 1.6505 0.9870 0.2914 0.1837 0.2837

EURUSD 0.2100 0.7800 0.4100 0.5000 0.0483 0.2083 0.1119 0.1361 0.0672 0.0703 0.0703 0.0701

GBPUSD −6.0600 0.3800 0.6300 0.0100 −0.9201 0.0824 0.1413 0.0012 0.1431 0.0780 0.0752 0.0752

AUDUSD −2.0100 6.0600 4.0400 6.5500 −0.2555 1.0078 0.7165 1.1161 0.2007 0.0624 0.0664 0.0618

Source: authors’ research.

Table A10. Key performance indicators of the applied trading strategies for the period between 1 January 2022 and 30 June 2022.

Instrument
Buy-and-Hold

Cumulative
Return

Base
Strategy

Cumulative
Return

MAPE-Filter
Cumulative

Return

MAPE-
Position

Cumulative
Return

Buy-and-
Hold Sharpe

Base
Strategy
Sharpe

MAPE-Filter
Sharpe

MAPE-
Position
Sharpe

Buy-and-
Hold Max

Drawdown

Base
Strategy Max
Drawdown

MAPE-Filter
Max

Drawdown

MAPE-
Position Max
Drawdown

S&P500 −22.4200 13.4900 10.0700 12.7400 −1.3113 1.5703 1.1472 1.4629 0.2686 0.0842 0.0770 0.0770

DAX −31.1600 7.1100 7.3100 7.1000 −1.5625 0.7339 0.7857 0.7503 0.3328 0.1110 0.1142 0.1114

Nikkei225 −7.5500 18.5500 14.3800 17.0400 −0.7078 2.2776 1.8373 2.1663 0.1712 0.0971 0.0971 0.0960

Crude oil 35.4800 −25.0500 10.8900 −26.5300 1.3776 −1.1215 0.7079 −1.2364 0.2715 0.4329 0.2365 0.4272

Gold 0.0600 9.7500 8.7900 8.1700 0.0071 1.3851 1.2736 1.2015 0.1211 0.0605 0.0605 0.0605

Silver −10.8100 14.9400 12.3300 12.4600 −0.7763 1.4722 1.2393 1.2805 0.2631 0.0908 0.0908 0.0904

Bitcoin −85.3000 25.4100 20.8200 18.7100 −1.5007 0.8781 0.7862 0.6689 0.6012 0.1809 0.1590 0.1774

Ethereum −98.7720 −1.8000 −26.0400 −0.5700 −1.5158 −0.0502 −1.1571 −0.0165 0.7642 0.3332 0.4469 0.3265

Litecoin −92.0910 49.0700 0.2200 47.8200 −1.6316 1.3348 0.012 1.3529 0.7145 0.2324 0.1960 0.2284

EURUSD −7.6500 7.9100 7.5600 7.3800 −1.5445 2.1046 2.0378 2.0065 0.0988 0.0188 0.0188 0.0188

GBPUSD −10.2000 0.0800 0.3200 −0.0400 −1.7048 0.0245 0.1022 −0.014 0.1324 0.0360 0.0325 0.0324

AUDUSD −5.0100 −1.6600 −3.5800 −3.0200 −0.8594 −0.3739 −0.8196 −0.7005 0.0988 0.0698 0.0698 0.0695

Source: authors’ research.
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Table A11. Returns of equally weighted portfolios by asset class, trading strategy, and subperiod.

Buy-and-Hold Cumulative
Return

Base Strategy Cumulative
Return

MAPE-Filter Cumulative
Return

MAPE-Position
Cumulative Return

2018 2020 2022 2018 2020 2022 2018 2020 2022 2018 2020 2022

Equity portfolio −3.45% −7.51% −20.38% 0.95% 37.74% 13.05% 3.65% 18.76% 10.59% 3.70% 36.90% 12.29%

Commodity
portfolio 3.50% 11.17% 8.24% 12.24% −2.11% −0.12% 12.66% 11.90% 10.67% 12.42% −1.92% −1.97%

Cryptocurrency
portfolio −73.46% 27.43% −92.05% 100.54% 120.96% 24.23% 15.21% 49.71% −1.67% 89.91% 107.37% 21.99%

Currency-pair
portfolio −4.36% −2.62% −7.62% 4.34% 2.40% 2.11% 4.40% 1.70% 1.44% 4.36% 2.35% 1.44%

Source: authors’ research.
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