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 Research on algorithmic trading has generally continued to rely on 

historical testing (backtesting), which often involves biases arising 

from unrealistic execution assumptions, such as idealized order fills 

and negligible slippage, and may fail to accurately reflect actual 

market conditions. Meanwhile, studies based on live trading with real 

capital remain limited, particularly those evaluating purely rule-based 

strategies over extended periods using a large number of executed 

transactions. This study aimed to address this research gap by 

evaluating the real-world performance of a rule-based quantitative 

trading framework using actual transaction data from a real-capital 

cryptocurrency trading account operating under live market 

conditions. A descriptive quantitative method was applied to 8,772 

Bitcoin cryptocurrency transactions executed between September 

2025 and July 2026. Performance was evaluated using standard 

portfolio performance metrics, including gross profit, net profit, 

cumulative return, profit factor, maximum drawdown, recovery 

factor, trading frequency, and win rate. The results showed that the 

proposed framework increased account equity from USD 30,056 to 

USD 76,376.54, representing a cumulative return of 154.11% over 

the evaluation period. The strategy also achieved a profit factor of 

1.22, a recovery factor of 1.33, and an average trading frequency of 

97 transactions per week, despite experiencing a maximum 

drawdown of 43.09%. These findings confirmed that rule-based 

strategies can maintain positive profitability and demonstrate 

resilience in recovering from adverse market conditions. By utilizing 

evidence from genuine live trading activities, this study provides 

practical validation and contributes empirical insights into the 

implementation of algorithmic trading strategies in volatile 

cryptocurrency markets. 

 

 

 

 

INTRODUCTION 

Algorithmic trading has become a cornerstone of modern financial markets, driven by 

advances in computing power, data availability, and automated decision-making systems (Carè 

& Cumming, 2024). By applying predefined rules and systematic execution mechanisms, 

algorithmic trading enables investors to respond rapidly to changing market conditions while 

reducing the influence of human emotions on investment decisions (Cordes et al., 2023). The 

adoption of quantitative trading approaches has expanded beyond traditional financial assets 
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into cryptocurrency markets, where continuous trading activity and substantial price volatility 

create attractive opportunities for automated strategies (Fang et al., 2022). The cryptocurrency 

market is characterized by significant price fluctuations, high trading frequency, and 24-hour 

operation, making it particularly suitable for rule-based trading systems (Hansen et al., 2024). 

These market characteristics have encouraged researchers and practitioners to develop 

quantitative models designed to identify profitable trading opportunities while managing 

portfolio risk (Cohen, 2023; Makarov & Schoar, 2020). Consequently, algorithmic trading has 

gained considerable attention as a practical approach for improving trading efficiency, 

consistency, and decision-making accuracy (Cohen & Qadan, 2022). 

Despite the growing popularity of algorithmic trading, academic literature continues to 

demonstrate a strong reliance on historical testing (backtesting) as the primary approach for 

evaluating strategy performance. A systematic review by Lengyel, Pancsira, and Füzesi (2025) 

synthesized research on the integration of machine learning in cryptocurrency trading and 

found that, although deep learning and ensemble methods significantly improve predictive 

accuracy under volatile market conditions, most studies remain limited to simulation-based 

environments. Similarly, the systematic meta-review conducted by Ataei et al. (2026), which 

analyzed more than 75 studies published between 2020 and 2025, confirmed that although 

hybrid and ensemble models demonstrate strong potential for cryptocurrency trading 

applications, substantial gaps remain regarding real-world deployment and model 

interpretability. Furthermore, research by Albers, Cucuringu, and Howison (2025), which 

examined millions of market orders on Bybit and Binance, revealed that execution latency and 

order book dynamics generate significant differences between expected and realized trading 

outcomes. These findings highlight the limitations of simulation-based evaluations, which 

often fail to capture complex market microstructure factors that influence actual trading 

performance. 

 

Figure 1: Procentage of Fund Managed Computer vs Human 

 
Source: Adapted from Treleaven, P., Galas, M., & Lalchand, V. (2013). Algorithmic Trading 

Review. Communications of the ACM, 56(11), 76–85. 
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The gap between simulated and actual trading performance has been well documented in 

the literature (Bui & Ślepaczuk, 2021; Witzany, 2021). Historical testing (backtesting) 

inherently suffers from several limitations, including look-ahead bias, parameter overfitting, 

survivorship bias, and unrealistic execution assumptions that fail to capture the complexities 

of live market environments (Sun et al., 2023). As highlighted in MultiCharts' technical 

documentation, backtesting cannot fully replicate the market impact of submitted orders, 

variations in broker execution latency, or partial fills resulting from limited liquidity—factors 

that can substantially influence strategies with short holding periods or narrow profit margins 

(Sun et al., 2023). Similarly, the Capitalise.ai platform documentation emphasizes that live 

trading strategies frequently diverge from simulation outcomes due to differences in execution 

prices, slippage, data sources, and broker fee structures that are not fully represented in 

backtesting environments (Detzel et al., 2023; Sun et al., 2023). These documented 

discrepancies reinforce the importance of empirical research based on live trading data rather 

than idealized simulation results (Detzel et al., 2023). 

Recent empirical studies have attempted to address this gap by deploying algorithmic 

systems in live environments; however, significant limitations remain. Rai (2026) introduced 

QUANTA, a cloud-based algorithmic trading infrastructure that compared Long Short-Term 

Memory (LSTM) and LightGBM architectures using Bitcoin data from 2017–2025, with live 

testing conducted on the Delta Exchange Testnet. Although the study demonstrated the superior 

performance of LightGBM, achieving a net profit and loss (PnL) of 310.55% compared with 

201.25% for LSTM, the live execution was restricted to a testnet environment with only USD 

25 in simulated capital, raising concerns regarding scalability and applicability under actual 

market conditions. Similarly, the automated cryptocurrency trading bot developed at Parul 

University (2025)  integrated Random Forest and LSTM models with live paper trading over a 

three-month period, achieving a projected annual return of 38%; however, the evaluation still 

relied on paper trading rather than actual capital deployment.  

The prevailing dependence on simulation-based research has created a critical knowledge 

gap regarding the real-world effectiveness of algorithmic trading strategies. Although 

backtesting provides a valuable framework for strategy development and optimization, its 

results may not accurately represent performance under live conditions, where execution 

delays, slippage, transaction costs, liquidity constraints, and evolving market dynamics 

influence actual trading outcomes. Furthermore, the behavioral dimension of trading—

including psychological challenges associated with real-money exposure, drawdown periods, 

and capital fluctuations—cannot be adequately captured through historical simulations that 

assume perfect compliance with predefined rules (Moustati & Gherabi, 2025; Sarhan, 2021; 

Shojaei, 2026; Suhobokov, 2021; Tiwari, 2026). This limitation highlights the need for studies 

evaluating systematic trading frameworks using actual trading records from real-money 

accounts, particularly given the rapid growth of algorithmic trading in cryptocurrency markets, 

where high volatility and continuous 24-hour operation create both opportunities and risks 

requiring rigorous empirical validation. 

The novelty of this research lies in its departure from the simulation-based paradigm that 

dominates much of the algorithmic trading literature. Unlike previous studies relying on 

historical backtesting or testnet deployments, this research evaluates a rule-based quantitative 

trading framework using live trading data generated from a real-money cryptocurrency trading 
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account. The empirical analysis is based on 8,772 completed trades executed between 

September 2025 and July 2026, representing a substantially larger dataset than those commonly 

reported in previous live trading studies. This approach incorporates practical trading 

constraints, including execution latency, bid–ask spreads, slippage, and market impact, which 

are difficult to reproduce accurately in simulated environments. Although prior research has 

examined rule-based strategies in cryptocurrency markets, such as the application of technical 

trading rules to altcoins (2025), which demonstrated that trend-following strategies could 

outperform benchmarks, and the comprehensive study by Deprez and Frömmel (2024), which 

showed that simple technical rules could outperform buy-and-hold strategies in Bitcoin markets 

after considering transaction costs, these studies have not provided large-scale empirical 

validation based on extended live trading records using real capital. 

This research aimed to assess the real-world performance of a rule-based quantitative 

trading framework by analyzing live trading data obtained from a real-money cryptocurrency 

trading account (Parente et al., 2024). Performance was evaluated using standard portfolio 

metrics, including cumulative return, profit factor, maximum drawdown, recovery factor, 

trading frequency, and win rate, to determine whether the proposed framework could sustain 

positive outcomes under actual market conditions (Tian et al., 2024). This research contributes 

to the existing literature in three important ways. First, it provides empirical evidence derived 

from live trading execution rather than conventional historical backtesting, offering a more 

realistic evaluation of algorithmic trading performance (Palazzi, 2025). Second, the study 

evaluates the framework using a large dataset consisting of more than 8,700 completed 

cryptocurrency trades, enabling a comprehensive assessment of trading consistency over an 

extended observation period (Parente et al., 2024; Tian et al., 2024). Third, it reports detailed 

profitability, risk, and operational performance indicators obtained directly from real-market 

execution, thereby improving understanding of the practical feasibility of systematic 

quantitative trading in highly volatile cryptocurrency markets (Palazzi, 2025). These 

contributions provide valuable insights for practitioners developing robust trading systems and 

for researchers seeking to bridge the gap between theoretical models and practical 

implementation (Tian et al., 2024). 

 

METHOD 

Research Design 

This study employed a quantitative descriptive research design to evaluate the 

performance of a rule-based quantitative trading framework under actual market conditions. 

Unlike studies based on historical backtesting, this evaluation used trading records generated 

from a live trading account with real capital. The research focused on measuring profitability, 

trading activity, and risk characteristics using standard portfolio performance indicators. The 

population consisted of all completed trades executed through the live trading account during 

the observation period, with the sample comprising 8,772 completed trades that were fully 

executed and closed between September 2025 and July 2026. A purposive sampling technique 

was applied by including all completed trades during the observation period to provide 

comprehensive coverage of the strategy’s performance. This approach enabled the analysis to 

capture various market conditions encountered during the evaluation period, including 

profitable phases and periods of drawdown. 



   

2645 

Research Instrument and Data Collection 

The primary research instrument is the MetaTrader 5 trading platform provided by 

Exness Technologies Ltd., which automatically generates detailed transaction reports 

containing all executed trades. The instrument records comprehensive trade-level data, 

including entry and exit prices, trade direction (long or short), position size, holding duration, 

gross profit, gross loss, and net profit for each completed transaction. To ensure data validity, 

the trading records were cross-verified with the broker's monthly account statements, 

confirming the accuracy of all reported transactions. Reliability was established through the 

systematic and automated recording process of the MetaTrader 5 platform, which eliminates 

manual data entry errors and ensures consistent data capture across all transactions. Data 

collection was conducted by exporting the complete trading history from the MetaTrader 5 

platform into a structured format suitable for quantitative analysis. The procedure followed a 

structured workflow beginning with the collection of transaction records from the live trading 

report, followed by data extraction and transformation into a structured dataset, and 

culminating in the computation of performance indicators using the established portfolio 

metrics. The analysis was performed using Microsoft Excel for data organization and 

preliminary calculations, with specialized portfolio performance calculations conducted using 

the Python programming language with the pandas and numpy libraries for data manipulation, 

and matplotlib for data visualization. The analysis techniques employed included descriptive 

statistical analysis to summarize trading activity, profitability analysis using standard portfolio 

metrics, and risk assessment through drawdown and recovery calculations. 

 

Table 1. All Variable and Description 

Variable: Description: 

Data Source MetaTrader 5 Live Trading Report 

Broker Exness Technologies Ltd 

Observation Period September 2025 – July 2026 

Total Completed Trades 8,772 

Primary Asset BTCUSD (99.98%) 

Secondary Asset XAUUSD (1 trade) 

Source: Prepared by the authors based on the MetaTrader 5 Live Trading Report provided by 

Exness Technologies Ltd. for the period September 2025–July 2026. 

 

Performance Metrics 

The performance of the proposed trading framework was evaluated using widely 

accepted portfolio performance metrics in quantitative finance. These indicators measure 

profitability, risk, and trading efficiency, providing a comprehensive assessment of the trading 

strategy under actual market conditions. Net profit represents the overall financial gain 

generated by the trading strategy after deducting total realized losses from total realized profits, 

calculated as Net Profit = Gross Profit − Gross Loss, where Gross Profit denotes the total 

realized profit from all winning trades and Gross Loss represents the total realized losses 

incurred. Profit factor measures the relationship between total realized profits and total realized 

losses, calculated as Profit Factor = Gross Profit / Gross Loss, with a value greater than 1 

indicating profitability. Account return measures the percentage growth in account equity, 

computed as Return (%) = [(Ending Equity − Initial Equity) / Initial Equity] × 100. Recovery 
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factor evaluates the strategy's ability to recover from drawdowns by comparing net profit with 

maximum drawdown, calculated as Recovery Factor = Net Profit / Maximum Drawdown, 

where higher values indicate stronger resilience. Win rate represents the percentage of 

profitable trades, calculated as Win Rate (%) = (Number of Winning Trades / Total Trades) × 

100. Average profit per trade estimates the mean financial return, calculated as Average Profit 

= Net Profit / Total Trades. Average holding time represents the average duration positions 

remain open, calculated as Average Holding Time = Total Holding Duration / Total Trades. 

These metrics collectively provide a multidimensional evaluation of trading performance, 

enabling assessment of both profitability and risk characteristics, and facilitating comparison 

with other studies in the algorithmic trading literature. 

Net Profit 

Net profit represents the overall financial gain generated by the trading strategy after 

deducting total realized losses from total realized profits. It is calculated as: 

Net Profit = Gross Profit − Gross Loss 

where Gross Profit denotes the total realized profit from all winning trades, while Gross Loss 

represents the total realized losses incurred during the evaluation period. 

Profit Factor 

Profit factor measures the relationship between total realized profits and total realized losses 

and is commonly used to evaluate the profitability of a trading system. It is calculated as: 

Profit Factor = Gross Profit / Gross Loss 

A profit factor greater than 1 indicates that the trading strategy generates more profit than loss 

and is therefore considered profitable over the evaluation period. 

Account Return 

Account return measures the percentage growth in account equity throughout the observation 

period. It is computed as: 

Return (%) = [(Ending Equity − Initial Equity) / Initial Equity] × 100 

where Initial Equity is the account balance at the beginning of the study period and Ending 

Equity is the account balance at the end of the evaluation period. 

Recovery Factor: Recovery factor evaluates the ability of the trading strategy to recover from 

portfolio drawdowns by comparing net profit with the maximum drawdown experienced during 

the evaluation period. It is calculated as: 

Recovery Factor = Net Profit / Maximum Drawdown: A higher recovery factor indicates 

stronger resilience and a greater capacity to recover from adverse market conditions. 

Win Rate: Win rate represents the percentage of profitable trades relative to the total number 

of completed transactions. It is calculated as: 

Win Rate (%) = (Number of Winning Trades / Total Trades) × 100 

 This indicator reflects the consistency of the trading strategy in generating successful trades. 

Average Profit per Trade: Average profit per trade estimates the mean financial return 

produced by each completed transaction and is calculated as: 

Average Profit = Net Profit / Total Trades 

This metric provides an indication of the expected profit generated from an individual trade 

during the evaluation period. 

Average Holding Time: Average holding time represents the average duration that a trading 

position remains open before being closed. It is calculated as: 
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Average Holding Time = Total Holding Duration / Total Trades 

where Total Holding Duration is the sum of the holding periods for all completed trades. This 

metric describes the operational characteristics of the trading strategy and indicates whether 

the trading approach follows a short-term or longer-term investment horizon. 

Research Procedure 

The research procedure follows a structured workflow designed to evaluate trading 

performance under actual market conditions. The first stage involves collecting transaction 

records from the MetaTrader 5 live trading report. The raw trading history is subsequently 

extracted and transformed into a structured dataset suitable for quantitative analysis. 

Performance indi 

cators are then computed using the equations presented in the previous section. After 

profitability evaluation, portfolio risk is assessed through drawdown, capital utilization, and 

recovery metrics. Finally, robustness analysis is conducted by examining trading consistency 

across the entire observation period before interpreting the empirical findings [9], [10]. The 

overall research workflow is summarized as follows: 

Live Trading History=> Data Extraction=> Performance Metrics Calculation=> Risk 

Analysis=> Profitability Analysis=> Robustness Evaluation=> Discussion of Findings 

This methodology follows the structure commonly used in quantitative finance journals, 

with clear subsections, formal academic language, standardized performance metrics, and 

mathematical notation appropriate for SINTA and Scopus-indexed publications. 

 

RESULTS AND DISCUSSION 

Live Trading Dataset 

The empirical evaluation is based on 8,772 completed trades executed through a live 

trading account between September 2025 and July 2026, representing approximately ten 

months of continuous trading activity. Unlike studies that rely on historical backtesting, the 

dataset consists entirely of transactions executed under actual market conditions using real 

capital. Consequently, the recorded performance incorporates practical trading factors such as 

execution latency, bid–ask spreads, market liquidity, and price slippage. 

 

Figure 2: Historical Trade 

 
Source: Compiled by the authors from MetaTrader 5 live trading records, September 2025–

July 2026. 
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Trading activity was highly concentrated in the BTCUSD instrument, which accounted 

for virtually all completed transactions. The predominance of Bitcoin trading reflects the 

strategy's focus on highly liquid and continuously traded cryptocurrency markets. The large 

number of completed transactions provides a substantial empirical dataset for evaluating the 

robustness and consistency of the proposed quantitative trading framework. 

Trading Activity 

 

Table 2. Trading Information 

Metric Value 

Total Completed Trades 8,772 

Average Trades per Week 97 

Average Holding Time 1 hour 4 minutes 

BTCUSD Trades 8,771 

Long Positions 65.5% 

Source: Compiled and analyzed by the authors using MetaTrader 5 live trading data 

processed with Microsoft Excel and Python (2026). 

 

The trading statistics indicate that the proposed framework operates as a relatively high-

frequency trading system. On average, approximately 97 trades were executed each week, 

while positions remained open for only 1 hour and 4 minutes before being closed. This 

relatively short holding period suggests that the strategy seeks to exploit short-term market 

inefficiencies rather than long-term price trends. Furthermore, the dataset contains a large 

number of completed transactions, substantially exceeding the sample sizes commonly 

reported in empirical live trading studies. Such a large dataset improves the reliability of the 

performance evaluation by reducing the influence of isolated profitable or unprofitable trades 

and providing a more representative assessment of long-term trading behavior. 

 

Figure 3: Statistical Analysis of Trading History MetaTrader 

 
Source: Processed by the authors using Microsoft Excel and Python (pandas, numpy, and 

matplotlib) based on 5 live trading data (2026). 
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Profitability Analysis 

The profitability of the proposed framework was evaluated using several standard 

portfolio performance indicators. Table 2 presents the overall trading results obtained during 

the evaluation period. The results demonstrate that the proposed trading framework generated 

positive cumulative profitability throughout the observation period. The account equity 

increased by 154.11%, indicating substantial capital appreciation over approximately ten 

months of live trading. 

The profit factor of 1.22 indicates that total realized profits exceeded total realized losses 

by 22%, suggesting that the strategy maintained a positive trading expectancy across thousands 

of executed transactions. Similarly, the recovery factor of 1.33 indicates that cumulative profits 

were sufficient to recover from periods of portfolio decline, highlighting the system's ability to 

regain previous equity levels following adverse market movements. Overall, these findings 

suggest that the proposed rule-based framework maintained positive profitability under actual 

market conditions rather than solely within simulated historical environments. 

 

Figure 4: Trading Profit & Loss 

 
Source: Generated by the authors from MetaTrader 5 live trading reports and portfolio 

performance analysis (2026). 
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Risk Analysis 

The trading framework experienced a maximum drawdown of 43.09%, indicating that 

the portfolio was exposed to periods of substantial equity decline before subsequently 

recovering. Although this drawdown level is relatively high, it should be interpreted alongside 

the significant cumulative return achieved during the evaluation period. 

The observed relationship between return and drawdown illustrates the inherent risk-return 

trade-off associated with systematic trading strategies in highly volatile cryptocurrency 

markets. Higher expected returns are frequently accompanied by larger temporary portfolio 

fluctuations, particularly in markets characterized by rapid price movements. Consequently, 

evaluating both profitability and risk simultaneously provides a more balanced assessment of 

overall trading performance than considering return alone. 

 

Figure 5: Trading Risk 

 
Source: Generated by the authors based on MetaTrader 5 live trading data using maximum 

drawdown and recovery factor analysis (2026). 

 
Trading Performance 

Beyond portfolio-level profitability, the effectiveness of the strategy was assessed using 

several operational trading statistics. Table 4 summarizes these performance measures. 
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The trading statistics indicate that the proposed framework maintained consistent 

execution throughout the observation period. Rather than relying on a small number of 

exceptionally profitable trades, profitability was generated through a large volume of 

completed transactions executed according to predefined trading rules. 

The relationship between the win rate, average profit, and average loss suggests that the 

trading strategy achieved positive overall performance through an appropriate balance between 

trading accuracy and risk management. Consequently, long-term profitability was supported 

by consistent execution rather than isolated trading outcomes. 

 

Figure 6. Trading Summary 

 
Source: Generated by the authors from MetaTrader 5 live trading data and portfolio 

performance evaluation (2026).  

 

Robustness Analysis 

To evaluate the robustness of the proposed trading framework, cumulative portfolio 

performance was examined throughout the entire observation period using monthly 

profitability and the account equity curve. 

The monthly performance indicates that the trading framework remained profitable 

across multiple market environments during both 2025 and 2026. Although periods of 

temporary equity decline were observed, the portfolio consistently recovered and established 

new equity highs over time. 

The upward trajectory of the equity curve demonstrates relatively stable long-term 

portfolio growth despite short-term market volatility. Furthermore, the strategy successfully 

recovered from its maximum drawdown, indicating resilience under adverse market conditions. 

These findings provide additional evidence that the proposed framework is capable of 
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maintaining profitable performance over an extended live trading period, thereby supporting 

its practical applicability in real-world cryptocurrency markets. 

The findings of this study extend the existing literature on algorithmic trading by 

providing empirical evidence obtained from live trading rather than historical simulation. 

Previous studies have predominantly assessed trading strategies using backtesting frameworks, 

in which algorithms are evaluated on historical price data under predefined assumptions. While 

backtesting is an essential step in strategy development, its results may be influenced by look-

ahead bias, parameter overfitting, survivorship bias, and simplified assumptions regarding 

trade execution. Consequently, historical simulations do not always reflect the performance 

that can be achieved in actual financial markets. 

Unlike backtesting-based research, the present study evaluates a rule-based quantitative 

trading framework using 8,772 completed trades executed with real capital over approximately 

ten months. Because the evaluation is based on actual market execution, the reported 

performance inherently incorporates practical trading constraints that are difficult to replicate 

in historical simulations. These include execution latency, bid–ask spreads, slippage, liquidity 

limitations, transaction costs, and continuously changing market conditions. As a result, the 

observed profitability reflects the operational realities encountered by traders in live markets 

rather than idealized trading conditions. 

Another important distinction concerns the behavioral aspect of trading. Historical 

backtests assume perfect adherence to predefined trading rules and therefore do not capture the 

psychological challenges associated with real-money investing. In contrast, the live trading 

records analyzed in this study represent trading decisions executed under genuine financial 

exposure, where market uncertainty, drawdowns, and capital fluctuations may influence 

execution discipline. The successful implementation of the proposed framework throughout 

the evaluation period therefore demonstrates not only algorithmic consistency but also the 

practical feasibility of systematic trading under real market conditions. 

The empirical results show that the proposed framework generated a cumulative account 

growth of 154.11% while maintaining a profit factor of 1.22 across 8,772 completed 

transactions. Although the strategy experienced a maximum drawdown of 43.09%, the 

portfolio consistently recovered and maintained positive cumulative profitability over the 

observation period. These findings suggest that the trading framework remained operationally 

robust despite the substantial volatility characteristic of cryptocurrency markets. 

 

CONCLUSION 

This research evaluated the real-world performance of a rule-based quantitative trading 

framework by analyzing live trading data generated from a real-money cryptocurrency trading 

account, addressing a critical gap in the algorithmic trading literature, where most studies rely 

on historical backtesting rather than actual market execution. The empirical analysis, based on 

8,772 completed Bitcoin trades executed between September 2025 and July 2026, 

demonstrated that the proposed framework generated positive cumulative profitability 

throughout the observation period. Account equity increased from USD 30,056 to USD 

76,376.54, representing a cumulative return of 154.11%. The strategy achieved a profit factor 

of 1.22, indicating that realized profits exceeded realized losses, while a recovery factor of 1.33 

demonstrated the system’s ability to recover from periods of portfolio decline. Although the 
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framework experienced a maximum drawdown of 43.09%, reflecting the inherent risk–return 

trade-off in volatile cryptocurrency markets, the portfolio recovered consistently and 

maintained positive cumulative profitability throughout the ten-month evaluation period. 

Trading statistics further supported the framework’s operational performance, with 

approximately 97 trades executed per week and an average holding period of 1 hour and 4 

minutes, indicating that the strategy focused on capturing short-term market opportunities 

rather than relying on long-term price movements. By utilizing live trading evidence rather 

than simulated historical testing, this study provides practical validation of a systematic 

quantitative trading framework and contributes empirical insights into the real-world 

implementation and performance of algorithmic trading strategies in cryptocurrency markets. 

Future research could explore several promising directions based on the findings of this 

study. First, researchers could extend the evaluation to multiple cryptocurrency assets beyond 

Bitcoin, including Ethereum, Solana, and other major altcoins, to examine whether the rule-

based framework maintains its effectiveness across different market microstructures and 

volatility characteristics. Second, comparative studies could evaluate the performance of rule-

based strategies against machine learning approaches, such as Long Short-Term Memory 

(LSTM) and LightGBM models, using live trading data rather than testnet or paper trading 

environments, as demonstrated in recent studies by Rai (2026) and Albers et al. (2025). Third, 

future research could investigate the effects of risk management parameters, including position 

sizing and stop-loss mechanisms, on the strategy’s drawdown and recovery performance. 

Fourth, longitudinal studies could examine whether the strategy remains effective across 

different market cycles, including both bull markets and bear markets, to further assess its 

robustness. Fifth, researchers could explore the integration of additional data sources, such as 

sentiment analysis and on-chain data, to enhance the predictive capability of the rule-based 

framework. Finally, replication studies involving different brokers and trading platforms would 

be valuable for determining whether the observed performance can be generalized across 

diverse execution environments, thereby strengthening the external validity of the findings. 

These research directions would contribute to a deeper understanding of algorithmic trading 

implementation in real-world cryptocurrency markets and support the development of more 

robust and practical trading systems. 
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