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Abstract

This study presents an expert system designed to generate Bitcoin investment strategies
based on cryptocurrency market indicators. Historical BTC daily closing prices from 2015
to 2021 were processed to build the system’s predictive foundation. Multilayer perceptron
(MLP) neural networks with various configurations were then employed to forecast both
price levels and directional movements in Bitcoin’s value. These networks were trained
using supervised learning techniques and assessed through multiple evaluation metrics.
The configuration achieving the lowest RMSE and highest trend prediction accuracy was
subsequently used to implement a capital management system capable of executing long,
short, and combined trading positions in the Bitcoin market. An all-or-nothing investment
scheme was applied and benchmarked against a traditional Buy & Hold (B&H) strategy.
The proposed system achieved up to +68% profitability in the combined long/short config-
uration while reducing maximum drawdown by more than 40%. In addition, an expert
supervisory layer was integrated, incorporating market indicators such as stop-loss, take-
profit, and market withdrawal rules based on maximum adverse excursion (MAE) and
maximum favorable excursion (MFE). Although this supervisory layer slightly reduced
profitability in some scenarios, it enhanced risk control and capital protection during highly
volatile periods. Overall, the proposed framework demonstrates that neural network-
driven trading strategies, when combined with supervisory expert rules, can significantly
outperform a passive Buy & Hold approach, offering a reproducible and fully automated
solution for Bitcoin capital management.

Keywords: expert system; cryptocurrencies market; trading; capital management; neural
networks; Bitcoin

1. Introduction

The cryptocurrency market has experienced remarkable growth in recent years, in-
troducing a disruptive alternative to traditional financial transaction systems through
blockchain technology [1]. Numerous cryptocurrencies exist today, including Bitcoin,
Ethereum, and Solana, with Bitcoin (BTC) remaining the most widely adopted and serving
as a benchmark for the entire sector [2]. As the first decentralized cryptocurrency, Bitcoin is
the natural focus of this work.

A substantial body of literature investigates the use of neural networks for stock
and cryptocurrency price prediction [3,4], as well as for time series forecasting more
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broadly [5]. Hybrid methods combining technical and fundamental indicators [6], and
architectures such as Convolutional Neural Networks (CNNs) [7] and multilayer percep-
trons (MLPs) [8,9], have been extensively explored. Recent studies have also evaluated
Bayesian neural networks (BNNs) [6], long short-term memory (LSTM) models [10-13],
and deep learning approaches trained on blockchain data [8] for Bitcoin price forecasting.
Furthermore, several works [14,15] analyze the feasibility of applying different machine
learning techniques to datasets with varying structures and dimensionalities to predict
Bitcoin prices at different frequencies. These studies confirm that machine learning models
can capture nonlinear dynamics; however, they also highlight that prediction accuracy
remains limited, often near the 50% mark [16-18].

Data preprocessing is a crucial component of time series forecasting, particularly given
the computational demands associated with cryptocurrencies. Rajabi et al. [15] examined
the relationship between sample size and model performance, showing that reducing
input dimensionality does not necessarily increase prediction error. The work presented
in [19] discusses various normalization techniques designed to improve neural network
performance. Similarly, refs. [20-22] study Bitcoin price prediction using extensive sets of
financial indicators.

While price forecasting has received considerable attention [23], fewer studies have
focused on integrating these predictions into capital management systems capable of
real-time trading. Fuzzy logic-based systems, though less common, have been used to im-
plement intelligent trading frameworks. Examples include rule-based fuzzy expert systems
designed for traditional markets to determine trading signals and capital allocation [24-26],
as well as fuzzy recommendation systems incorporating candlestick analysis and currency
devaluation effects [27].

Moreover, neural network models are typically evaluated only using statistical accu-
racy metrics (RMSE, MAE), rather than performance indicators directly relevant to financial
decision-making, such as profitability, drawdown reduction, and risk-adjusted returns.
Additionally, supervisory mechanisms capable of adapting to market shocks—crucial in
the highly volatile cryptocurrency landscape—are often missing [5].

In light of these limitations, this work addresses three primary research gaps:

e Integration gap: Most studies focus solely on price or trend prediction and do not
develop end-to-end automated capital management systems.

e  Performance gap: Evaluation criteria typically emphasize statistical accuracy instead of
profitability metrics compared with benchmark strategies such as Buy & Hold (B&H).

e  Risk management gap: Few approaches combine machine learning models with
expert supervisory rules (e.g., stop-loss, take-profit, market withdrawal) to handle
volatility and manage risk.

This paper addresses these gaps by proposing an integrated framework for Bitcoin
capital management that combines supervised MLP-based price and trend forecasting with
a rule-based supervisory expert layer. MLPs were selected for their simplicity and ability
to capture nonlinear patterns while avoiding the greater complexity and computational
overhead associated with sequential architectures. This shallow network structure facil-
itates testing various configurations with manageable computational cost. Importantly,
the proposed strategy is generalizable and may incorporate predictions from other neural
architectures or forecasting methods.

The originality of this work lies not only in predicting price movements but also in
embedding these predictions within an automated trading system capable of executing
long, short, and combined strategies. Unlike previous studies that report only prediction
accuracy, this work evaluates realistic performance metrics—such as profitability, draw-
down reduction, and capital preservation—offering insights more relevant to real-world
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investors. This combination of predictive modeling, executable trading logic, and risk-
aware supervision provides a practical and robust alternative to methods that focus solely
on statistical accuracy or passive investment strategies.

In this sense, the proposed approach differs from existing alternatives by going beyond
isolated prediction tasks and delivering a complete, automated trading framework. While
many studies emphasize accuracy metrics, this work prioritizes the key objectives in finance:
profitability and risk management. By integrating neural network forecasts with a flexible
capital management structure, the system achieves up to 68% higher returns than a Buy &
Hold strategy, demonstrating its practical utility.

Furthermore, the system addresses a critical weakness of automated trading—its vul-
nerability to extreme market volatility—through an expert supervisory layer that employs
professional risk measures (MAE/MFE) to dynamically manage trades, mitigate losses,
and preserve capital during adverse conditions.

The main contributions of this work are as follows:

- Development of a neural network-based system for Bitcoin price and trend prediction
using daily closing data and supervised learning with MLP architectures.

- Design of a capital management framework capable of long, short, and combined po-
sitions, outperforming the Buy & Hold strategy by achieving up to +68% profitability
while reducing drawdown.

- Implementation of an expert supervisory layer based on MAE/MFE metrics to im-
prove risk control and enhance robustness during adverse market events.

By combining predictive modeling, capital allocation, and expert supervision, this
work demonstrates that neural network-based trading systems can substantially out-
perform passive strategies such as Buy & Hold, offering a reproducible and risk-aware
approach to cryptocurrency capital management.

The remainder of this paper is structured as follows. Section 2 describes the dataset
and methodology, including neural network configurations and performance metrics.
Section 3 presents the results of price and trend prediction. Section 4 introduces the capital
management strategies and compares them with Buy & Hold. Section 5 discusses the
supervisory expert system and its impact on performance. Finally, Section 6 provides
conclusions and future research directions.

2. Dataset and Metrics Used

The dataset employed in this study consists of daily Bitcoin closing prices obtained
from the AlphaVantage repository [28], covering the period from 1 February 2015 to
14 April 2021. Preprocessing involved removing non-trading days and filling missing values
through shifting, since these gaps typically correspond to weekends or periods of platform
downtime. Outliers resulting from extreme volatility were retained to preserve market
realism but normalized using z-score standardization to stabilize neural network training.

The z-score is computed by subtracting the mean from each observation and dividing
by the standard deviation, as defined in Equation (1):

Z:(x_y)/ar )

where x is the data point, # the mean and ¢ the standard deviation.

The dataset was divided into two subsets: approximately 80% for training (1 February
2015 to 13 April 2020; 1356 samples) and 20% for validation/testing (14 April 2020 to
14 April 2021; 262 samples). This split provides a sufficiently long historical window for
training while ensuring a representative testing period under realistic market conditions.
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2.1. Prediction Metrics

To evaluate the prediction performance of the neural network configurations, several
error metrics were used: root mean square error (RMSE), mean absolute error (MAE), mean
relative error (MRE), hit rate, and success rate. These metrics are defined as follows:

- The RMSE quantifies how closely the predictions match the true values (2):

where 7 is the number of samples, y; the predicted data value and 7J; the actual value.
- The MAE measures the average magnitude of prediction errors. In the mean absolute
error, the individual differences are weighted equally in the average (3):

1
MAE = ) [yi = §i )
j=1

- The mean relative error (MRE) is used to assess errors proportionally, which is particu-
larly relevant in Bitcoin price series where large absolute values may mask prediction
quality (4):

1M |y — 1
n j=1 Yi
Trend prediction quality was evaluated using the hit rate, where a hit denotes a correct
prediction of next-day direction (5):

number of correct predictions hits

Hlt mte = — = =
total number of predictions failures + hits

x 100. (5)

Additionally, confusion matrices were computed to derive the success rate, which
evaluates the proportion of correct directional predictions (TP) across all outcomes, with
true positive (TP), false positive (FP), true negative (TN) and false negative (FN) (6).

o  True positive (TP): The network predicts that Bitcoin’s price will rise, and the price
indeed increases.

o  True negative (TN): The network predicts that Bitcoin’s price will fall, and the price
indeed decreases.

o  False positive (FP): The network predicts that Bitcoin’s price will rise, but the price
actually falls.

o  False negative (FN): The network predicts that Bitcoin’s price will fall, but the price

actually rises.

Success rate = TP+ TN (6)
 TP+TN+FP+FN

A higher success rate means better forecast performance in the test period.

2.2. Capital Management Metrics

To evaluate the capital management system, several performance indicators were
computed: profitability, maximum drawdown, profit factor, average profit, average loss,
and number of trades.

- Profitability is defined as (7), that is, benefit obtained with respect to the initial investment:

Final money — Initial money 100

Profitability (%) = Tnitial money

(7)
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- Maximum drawdown (MDD) provides an estimate of the risk assumed by the system,
indicating the largest peak-to-trough loss of the equity curve.
- The profit factor evaluates the ratio between total profits and total losses (8):

. rofits
Profit fuctor = Ziplos]s(es '

(®)
A value greater than 1 indicates profitability. The higher the profit factor, the more
likely the system is to be able to make higher profits while assuming lower risk.

- The number of trades is also essential to assess the statistical reliability of results:
systems with very few trades may yield unstable or non-generalizable metrics.
- Average profit (9) and average loss (10) are defined as

L Y profits
Average gain = number of trades with profit’ ®)
Y losses
A = . 1
verage loss number of trades with losses (10)
- Finally, the mathematical expectation of the system is given by (11):
E = %hits- Average gain — %mistakes- Average loss. (11)

A positive expectation implies that the system is profitable on average.

3. Methodology

The proposed capital management system follows a layered architecture that inte-
grates predictive modeling with expert supervisory rules. At its core, the system employs
multilayer perceptron (MLP) neural networks configured for time-series prediction. Each
MLP includes an input layer that receives between 10 and 200 historical closing prices, one
or two hidden layers with up to 20 neurons in the first and up to 5 in the second, and an
output layer that provides either the next-day price estimate or a binary trend prediction
(bullish /bearish).

On top of this predictive layer, an expert supervision module manages trading deci-
sions and risk exposure. This module combines neural network outputs with rule-based
strategies, applying stop-loss, take-profit, and market exit or withdrawal rules based on
maximum adverse excursion (MAE) and maximum favorable excursion (MFE). The archi-
tecture therefore couples predictive intelligence with deterministic safeguards, enabling
more robust capital management in highly volatile cryptocurrency markets.

Figure 1 presents an overview of the proposed architecture.

(Predictive Layer (MLP\
Neural Network)

Expert
trading
supervisory
system

Decision

- J

Figure 1. Overview of the proposed architecture for neural network-driven Bitcoin capital
management.
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3.1. BTC Price and Trend Prediction with Neural Networks

Neural networks have been widely used for time-series prediction across multiple
disciplines, including financial forecasting. In this work, MLP networks are configured to
predict the evolution of Bitcoin’s value, both the next-day closing price and the expected
direction of movement. The training period spans 1 February 2015 to 13 April 2020, and
the testing period covers 14 April 2020 to 14 April 2021.

In addition to forecasting BTC'’s next-day closing price, the networks identify whether
the following day’s price will be higher or lower than the current value, thus estimating
the price trend. Two cases are analyzed: when the absolute variation exceeds 1% and when
it exceeds 2%.

The trend prediction process is summarized in the following pseudocode (Algorithm 1).

Algorithm 1 Predict BTC Trend

Input:

P [1.. .n]—series of daily closing prices

w—window size (e.g., 50 days)

0—threshold for trend definition (e.g., 0.01 or 0.02)

Output:

Trend prediction for day t + 1: “UP”, “DOWN”, or “” (no significant change)
Procedure:

Extract price window:

X+ Pn—-—w+1...n]

Compute historical label:

label < { +1 if BTC price increases, —1 if decreases, 0 if no change | threshold 6}
Feed input into neural network:

p < NN(X) / /output from trained neural network model
Decision rule:

if p > 0.5 then

return “UP” / /predict upward trend
else if p < —0.5 then

return “DOWN” / /predict downward trend
else

return “” / /predict no significant change

To predict the BTC price and trend, multiple MLP configurations were tested (varying
number of layers and neurons), selecting those that minimized RMSE or maximized trend
success rate. Hidden layers used tansig activations, while output layers used purelin or
logsig. Networks were trained with the Levenberg-Marquardt or scaled conjugate gradient
algorithms, using up to 1000 epochs and early stopping. All other hyperparameters and
random seeds were fixed.

3.2. BCT Trading Strategy Based on Neural Network Prediction

The trading strategy directly relies on the trend predictions generated by the neural
networks. Using historical windows of 10 to 200 days, the networks classify the next-day
movement as upward or downward. If an upward movement is predicted, the system
opens a long position with all available capital; if a downward movement is predicted, it
opens a short position. Positions are closed at the beginning of the next trading session
when the forecast changes, following an all-or-nothing rule. In cryptocurrency markets, a
“session” corresponds to a continuous 24 h period, since trading is uninterrupted.
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Three configurations were evaluated: long-only, short-only, and long—short. This
allows the system to adapt to both bullish and bearish phases. Subsequent sections
assess profitability, drawdown, and risk-adjusted performance against a Buy & Hold
(B&H) benchmark.

The networks that achieved the best trend prediction performance were selected
for integration into the investment system. The test period for the capital management
evaluation spans 15 April 2021 to 15 April 2022, with an initial capital of USD 1000.

The investment system operates as follows:

- Trades use full available capital (all-or-nothing strategy).

- Based on the predicted trend, the system takes a long or short position.

- Ifalready in a position and the prediction changes, the system exits at the next session’s
opening price and takes the corresponding new action.

Although networks with higher success rates are expected to perform better, this
cannot be guaranteed: frequent small gains combined with occasional large losses may
still lead to negative returns. Moreover, past behavior does not necessarily repeat in
future markets.

Performance is evaluated by comparison with a Buy & Hold strategy, the standard
benchmark in financial analysis. Risk assessment is based on Drawdown, a widely used and
intuitive metric that measures historical peak-to-trough loss and is considered a relevant
indicator of capital preservation.

3.3. Expert Trading Supervisory System

The capital management system based solely on neural network predictions can be
improved by incorporating additional supervisory layers. For this purpose, an expert
system was developed to supervise and adjust trading decisions using market-based
rules such as stop-loss, take-profit, and market withdrawal. Since neural networks may
underperform during unexpected events or regime shifts, the expert system provides
additional risk control and adaptability.

Below, the market indicators used by the expert system are summarized.

e  Astop-lossis a conditional order that triggers the sale of an asset if its price falls below
a predefined limit, representing the maximum acceptable loss. Although stop-losses
protect against severe downturns, they may also trigger too frequently, especially
with small thresholds in volatile markets such as Bitcoin, generating “snowball”
liquidation effects.

o  Take-profit (T/P) orders automatically close trades once a predefined profit level is
reached. While they secure gains, they may also prevent capturing larger potential
increases. Stop-loss and take-profit rules together provide structured short-term
risk management.

e  Market withdrawal. If losses exceed 30% of initial capital, the system exits the market
entirely. This reflects a realistic constraint, as no broker or investor would typically
remain in the market under such adverse conditions.

Several combinations of stop-loss and take-profit rules were analyzed (see below). In
every case, the 30% market withdrawal rule remained active.

3.3.1. Fixed Stop-Loss and Take-Profit

The first strategy sets stop-loss (12) and take-profit (13) as fixed percentages of the
entry price:
stop-loss = OPEN (1 —x), (12)
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takep-rofit = OPEN (1 + x), (13)

where x is the fixed percentage.

This strategy performed poorly: due to Bitcoin’s high volatility, stop-losses were
frequently triggered even when network predictions were correct. Therefore, this configu-
ration was discarded for the final expert system.

3.3.2. ATR Based Stop-Loss and Take-Profit

Average True Range (ATR) provides a measure of recent volatility (14):

HIGH — LOW
ATR = —OPEN " (14)
Thus, it is possible calculate the ATR of n previous sessions (typically one or two
weeks, that is, 7 or 14 sessions) and based on this, to calculate the stop-loss and take-profit
with k times the ATR according to Equation (15) and Equation (16), respectively.
ATR values over the previous 7 sessions (typically 7 or 14) are used to set stop-loss (15)
and take-profit (16) at k times the ATR:

stop-loss = OPEN (1 — k ATR), (15)

take-profit = OPEN (1+ k ATR). (16)

This approach also yielded unsatisfactory results, as profitable parameter ranges could
not be reliably identified. Additional adjustments to both thresholds appear necessary.

3.3.3. MAE- and MFE Based Stop-Loss and Take-Profit

Maximum adverse excursion (MAE) quantifies the maximum unrealized loss during
a trade.
For long positions (17):

OPEN — LOW
MAE=""GpEN a7
For short positions (18):
HIGH — OPEN
- = 1
MAE OPEN (18)

MAE provides a quantitative basis for determining stop-loss placement.

Maximum favorable excursion (MFE) measures the maximum unrealized gain during
a trade.

For long positions (19):

HIGH — OPEN
=22 1
MFE SPEN (19)
For short positions (20):
OPEN — LOW
MEE=""0pEN @)

MEE can therefore be used to determine appropriate take-profit thresholds.
MAE and MFE values may be computed using dynamic variables such as ATR or by
analyzing historical distributions.
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4. Results of Neural Network Forecasting

To provide a clear overview of the computational requirements and to facilitate re-
producibility, the training time of each neural network configuration was recorded during
the experiments. All models were trained on a workstation equipped with an Intel Core
i7-8550U processor, 32 GB of RAM, and MATLAB 2021b, specifically using the Deep Learn-
ing Toolbox. The finet function was used to create the MLP neural networks, which were
then trained with the Levenberg-Marquardt algorithm using default learning-rate and
momentum parameters.

Training times varied depending on the size of the input window and the network
depth. For configurations with input windows between 10 and 50 days and one hid-
den layer, training required approximately 15-30 s per epoch, whereas networks with
two hidden layers increased this time to 40-60 s per epoch. For larger input windows
(100-200 days), training times ranged between 2 and 5 min per epoch, mainly due to the
higher dimensionality and larger number of neurons involved.

All reported metrics correspond to the average of 10 independent runs using different
random seeds to reduce initialization variability. As mentioned earlier, data were normal-
ized using z-score scaling without temporal shuffling, and randomness was controlled
using rng (42, ‘twister”).

4.1. Bitcoin Price Prediction

Table 1 summarizes the results obtained for the different MLP configurations. The
second and third columns indicate the number of hidden layers and the number of neurons
per layer, respectively. The input data correspond to the number of past closing-price
samples used as predictors.

Table 1. Results of BTC price prediction.

N° Input N° Hidden N°

Data Layers Neurons RMSE MAE MRE
10 1 6 1186.97 678.17 0.026
30 1 8 1192.40 689.82 0.027
50 1 12 1151.30 678.08 0.028
100 1 12 1182.10 700.49 0.029
150 1 13 1203.53 716.43 0.030
200 1 7 1237.20 745.32 0.032
10 2 [1,10] 1165.93 659.14 0.025
30 2 [3,4] 1145.10 655.74 0.026
50 2 [3,14] 1122.70 664.84 0.027
100 2 [2,12] 1164.00 696.04 0.028
150 2 [4,13] 1196.67 747.08 0.031
200 2 [3,7] 1189.77 719.15 0.030

Regarding the MAE, Table 1 shows that for input windows up to 50 days, the absolute
errors remain relatively stable. Beyond this point, increasing the number of input data
leads to higher MAE. It can also be observed that deeper networks tend to reduce MAE
(with the exception of the 150-day input window). This confirms that increasing network
depth can help decrease prediction error.

All networks yield mean relative errors (MREs) between 2.5% and 3.5%. However,
MRE is not a reliable metric in this context, since daily price fluctuations usually fall between
1% and 2%. Consequently, small absolute prediction errors can appear disproportionately
large when expressed as relative values.
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Figure 2 shows the RMSE values for the different network configurations. Two main
observations can be made: (i) increasing the number of hidden layers generally reduces
RMSE, and (ii) a larger number of input data does not necessarily yield better performance.
In fact, the lowest RMSE is obtained when using the previous 50 closing prices as input.

1240

B 1 hidden layer

M 2 hidden layers
1200
1160
1120
1080 |
1040

10 30 50 100 150 200

Number of input data

RMSE ($)

Figure 2. RMSE in price prediction.

4.2. BTC Price Change Prediction

Table 2 presents the results for BTC price-trend prediction (first column indicates
the 1% or 2% change thresholds). Higher change thresholds were not explored, as such
variations are relatively rare in cryptocurrency markets.

Table 2. Results of BTC price change prediction.

Range (%) N DI:t];ut N L?;Sien Neltjrons Hit Rate  Success Rate
1 10 1 2 0.37 0.417
1 30 1 8 0.37 0.468
1 50 1 17 0.38 0.47
1 100 1 9 0.40 0.506
1 150 1 13 0.38 0.540
1 200 1 12 0.39 0.535
1 10 2 [1,1] 0.36 0.402
1 30 2 [5,5] 0.38 0.469
1 50 2 [4,13] 0.39 0.514
1 100 2 [3,8] 0.43 0.596
1 150 2 [4,5] 0.41 0.573
1 200 2 [3,8] 0.39 0.537
2 10 1 8 0.55 0.605
2 30 1 6 0.55 0.531
2 50 1 3 0.54 0.562
2 100 1 2 0.55 0.550
2 150 1 6 0.54 0.587
2 200 1 1 0.53 0.400
2 10 2 [4,8] 0.55 0.462
2 30 2 [2,7] 0.57 0.643
2 50 2 [3,5] 0.56 0.590
2 100 2 [1,13] 0.57 0.545
2 150 2 [1,14] 0.56 0
2 200 2 [14] 0.56 0
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The success rate is a useful measure of the ability to correctly predict BIC price
movements. While the highest success rate in Table 2 is 0.643, this value must be interpreted
in the context of a three-class prediction problem (upward trend, downward trend, or
stability). Assuming equal class probability, any success rate above 0.33 indicates predictive
value beyond random guessing and thus provides useful information for trading decisions.

More importantly, when a change is predicted, it is crucial that the prediction is correct.
This is captured by the success rate, which is particularly relevant for investment strategies.
Even modest success rates may provide a significant advantage in highly volatile markets
like Bitcoin.

Figure 3 shows that neither increasing network depth nor increasing the number
of input data significantly improves the hit rate. However, larger BTC price variations
are inherently easier to predict, which explains the higher success rates observed for the
2% threshold.

10 30 50 100 150 200

Number of input data

W Range 1%, 1 hidden layer M Range 1%, 2 hidden layers
B Range 2%, 1 hidden layer Range 2%, 2 hidden layers

0.60

0.50

0.4

o

0.3

o

Hit rate

0.2

o

0.1

o

0.0

o

Figure 3. Hit rates comparison for the different NN configurations analyzed.

Since the success rate is a strong indicator of how well the network adapts to the
problem under study, configurations with higher success rates would be expected to yield
better profitability when integrated into capital-management systems (Figure 4).

0.7
0.6

0.5
0.4
0.3
0.2
0.1
10 30 50 100 150 200

Number of input data

B Range 1%, 1 hidden layer M Range 1%, 2 hidden layers
B Range 2%, 1 hidden layer Range 2%, 2 hidden layers

Success rate

o

Figure 4. Success rates comparison for the different NN configurations analyzed.
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However, achieving more correct predictions does not necessarily translate into
higher profits. What matters is being correct at the right moments—an aspect that will be
examined later.

The main conclusion of this analysis is that neural networks perform well when
predicting general trends from past values but are less accurate at forecasting specific price
values. The inherent volatility of cryptocurrency markets greatly complicates point-value
prediction. Moreover, accurate timing is as important as accurate forecasting. Combined
with the fact that past market behavior does not guarantee future patterns, this makes the
forecasting task particularly challenging.

The results of this section, which form the basis for designing the trading and capital-
management system, can be summarized as follows:

- MLP networks can estimate Bitcoin prices with mean relative errors below 3.5%.

- RMSE and MAE are appropriate indicators of forecasting performance.

- Trend prediction strongly depends on trend discretization.
In highly volatile markets, small changes should not be treated as anomalies, as this
would degrade network training.

- A higher hit rate does not necessarily imply a higher success rate, and a higher success
rate does not guarantee higher profitability.

5. BTC Trading Strategy Results

We first develop an investment strategy that takes action only when the neural net-
work predicts an increase in the value of Bitcoin. In such cases, the system purchases
BTC; otherwise, the system sells. This strategy is applied in long, short, and combined
contexts. In the next section, this capital-management strategy will be enhanced with an
expert system.

5.1. Long-Term BTC Trading

The results obtained using the long-term investment strategy are shown in Table 3.
The first column indicates whether the system relies on the NN trained to predict 1% or 2%
BTC price variations. The table reports profitability, maximum drawdown, profit factor,
average profit, average loss, and the number of trades executed.

From the number of trades, it is evident that some systems barely operate in the
market, as indicated by the very small or even zero number of buy/sell actions.

A first observation is that nearly all NN-based systems outperform the Buy-and-Hold
(B&H) strategy. Some models even achieve positive returns. However, this performance
does not appear to correlate directly with any specific training parameter. Each network
identifies different patterns, which may or may not recur during the testing period.

The maximum drawdown shows that all networks assume less risk than the B&H
strategy. Notably, the networks that obtain the highest profits also tend to exhibit the lowest
drawdowns. In contrast, the profit factor, average profit, and average loss do not reveal
clear or consistent performance patterns, nor could these outcomes be anticipated from the
training phase.

Some systems achieve profit factors higher than the B&H benchmark, although only
a subset exceeds the value of one. With 50 input data, the networks tend to perform
particularly well. A relationship is also observed between the last three metrics: a higher
profit factor corresponds either to lower average losses or to higher average gains.
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Table 3. Investment management results with long-term trading.
o N°Input N° Hidden i e Max Profit Average Average Ne°
Range (%) DatI; Layers Profitability Drawdown Factor Proﬁ% Loss.g Trades
1 10 1 0 0 0 0 0 1
1 30 1 9.64 511 2.57 52.63 0.17 46
1 50 1 2.95 25.98 1.05 35.9 1.67 69
1 100 1 —8.42 9.22 0.49 20.45 0.46 34
1 150 1 —18.2 31.09 0.85 27.53 3.66 80
1 200 1 3.22 13.86 1.1 24.65 0.96 34
1 10 2 0 0 0 0 0 1
1 30 2 —0.96 13.31 0.95 24.28 0.5 55
1 50 2 22.64 13.11 1.59 28.94 111 69
1 100 2 —31.54 46.3 0.92 20.71 18.66 20
1 150 2 —41.22 42.36 0.7 21.3 4.28 78
1 200 2 —30.85 34.25 0.49 19.39 1.71 48
2 10 1 —40.61 45.03 0.83 22.07 8.37 148
2 30 1 —25.22 33.41 0.81 22.06 4.22 153
2 50 1 0.36 17.4 1.01 24.43 0.96 77
2 100 1 —2.94 2.94 0 0 0.08 24
2 150 1 —15.8 39.93 0.92 22.38 6.43 126
2 200 1 0 0 0 0 0 0
2 10 2 —50.27 50.88 0.45 14.77 2.72 90
2 30 2 —32.51 51.35 0.88 19.26 11.77 66
2 50 2 —12.58 17.63 0.69 23.46 1.15 25
2 100 2 —2.66 9.85 0.91 39.85 0.85 49
2 150 2 0 0 0 0 0 0
2 200 2 0 0 0 0 0 0
Buy &
Hold —35.9 52.98 0.91 19.19 20.94

5.2. Short-Term Trading Results

In this scenario, the investment system performs only short-selling operations, entering
the market only when it predicts that the BTC price will fall. Short positions are capped
at USD 1000. The results are presented in Table 4, including profitability, maximum
drawdown, profit factor, average gain, average loss, and number of trades.

Short-selling results indicate that systems trained with 50 input values generally
perform better than the others, which is consistent with the training-phase outcomes.
During the analysis period, more short-than-long opportunities occurred, enabling systems
that learned such patterns to achieve better performance. Nevertheless, profitability never
surpasses that of the B&H strategy in this short-term framework.

In terms of risk, maximum drawdowns are lower than those observed in the long-
term case and also lower than the B&H drawdown, indicating reduced exposure. Overall,
short-selling strategies outperform long-only strategies because the study period contains
more bearish phases.

Analysis of the profit factor suggests that all networks generate similar gains, and
most exceed those of the B&H benchmark. This indicates that the short-term systems are
generally functioning well.

5.3. Combined Long- and Short-Term Trading Results

Both trading modes are now combined, allowing the system to take either long or
short positions depending on the NN prediction. Table 5 presents the corresponding results,
showing profitability, maximum drawdown, profit factor, average gain, average loss, and
number of trades.



Information 2025, 16, 1108 14 of 20
Table 4. Investment management results with short-term trading.
o N°Input N° Hidden i e Max Profit Average Average Ne°
Range (%) DatI; Layers Profitability Drawdown Factor Proﬁ% Loss.g Trades
1 10 1 23.27 28.14 1.11 13.25 12.18 2
1 30 1 23.14 26.75 1.12 13.3 9.25 84
1 50 1 27.32 25.46 1.16 13.45 7.92 97
1 100 1 7.65 30.42 1.04 13.06 10.05 58
1 150 1 8.37 22.03 1.05 13.63 6.83 94
1 200 1 13.23 27.56 1.07 13.13 9.38 43
1 10 2 22.78 28.24 1.1 13.25 12.21 0
1 30 2 7.78 28.99 1.04 13.48 8.84 90
1 50 2 38 22.14 1.23 13.93 7.55 97
1 100 2 0 0 NaN NaN 0 10
1 150 2 —2.48 30.32 0.98 13.27 5.45 86
1 200 2 9.4 33.68 1.05 13.58 8.72 58
2 10 1 15 0 Inf 7.52 0 76
2 30 1 -9.19 18.53 0.9 12.74 3.07 175
2 50 1 32.71 19.71 1.24 12.97 5.78 117
2 100 1 11.54 21.85 1.08 11.76 6.09 48
2 150 1 0.55 20.44 1.01 14.16 1.77 120
2 200 1 22.78 28.24 1.1 13.25 12.21 0
2 10 2 1.1 1.7 1.28 12.42 0.11 57
2 30 2 —0.99 4.5 0.88 11.8 0.22 43
2 50 2 —0.03 31.97 1 12.75 6.48 23
2 100 2 -1.2 29.28 0.99 12.46 5.35 74
2 150 2 16.07 29.74 1.08 13.15 10.89 1
2 200 2 0 0 NaN NaN 0 0
Buy &
Hold 56.16 55.88 1.08 42.04 39.42
Table 5. Investment management results with long- and short-term trading.
N°Input  N° Hidden L Max Profit Average Average N°
Range (%) Datl; Layers Profitability Drawdown Factor Proﬁ% Lossg Trades
1 10 1 23.27 28.14 1.11 13.25 12.18 2
1 30 1 36.72 25.02 1.19 14.3 9.72 90
1 50 1 32.77 27.38 1.13 16.89 12.29 130
1 100 1 —0.74 28.65 1 13.3 11.13 65
1 150 1 -7.3 36.44 0.98 17.95 14.85 156
1 200 1 15.68 32.96 1.07 14.31 12.07 63
1 10 2 22.78 28.24 1.1 13.25 12.21 0
1 30 2 7.41 29.1 1.03 14.16 10.1 107
1 50 2 68.1 11.73 1.32 16.97 10.87 130
1 100 2 —31.54 46.3 0.92 20.71 18.66 20
1 150 2 —44.61 53.14 0.84 15.6 12.96 129
1 200 2 —24.93 61.13 0.9 14.16 12.53 84
2 10 1 —39.48 45.03 0.83 22.11 8.56 150
2 30 1 —34.53 42.31 0.85 16.87 9.04 247
2 50 1 35.32 31.04 1.2 14.67 7.96 135
2 100 1 8.61 22.38 1.06 11.76 6.22 48
2 150 1 —15.97 4791 0.93 19.2 9.7 171
2 200 1 22.78 28.24 1.1 13.25 12.21 0
2 10 2 —49.81 50.42 0.48 14.62 2.9 98
2 30 2 —33.61 51.22 0.88 18.9 12.42 73
2 50 2 —11.84 38.48 0.94 13.64 8.52 32
2 100 2 —2.01 32.61 0.99 14.2 6.7 82
2 150 2 16.07 29.74 1.08 13.15 10.89 1
2 200 2 0 0 NaN NaN 0 0
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Inspection of Table 5 shows a clear increase in profitability, as the ability to act
on both upward and downward trends improves the chance of correctly exploiting
market movements.

In general, results are strongest when using 50 input data, consistent with previous
findings. Additionally, NNs trained with a 1% prediction threshold outperform those
trained with 2%, confirming that neither success rate nor hit rate are reliable predictors of
future financial returns.

5.4. Analysis of the Proposed Investment Strategies

We compare the evolution of invested capital across all NN-based strategies—long,
short, and combined—alongside the B&H benchmark.

Figure 5 displays the performance of systems trained using a 1% BTC-variation thresh-
old with 50 input data and a single hidden layer. Results show that the network captures
the most frequent trends (in this period, upward trends) reasonably well. Although errors
occur, the overall capital management is strong. The combined long-short strategy per-
forms best, albeit with higher risk because it executes more trades. All NN-based strategies

outperform B&H.
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Figure 5. Capital evolution with neural networks trained using a 1% BTC price variation and different
investment strategies.

A similar analysis was conducted using networks trained for a 2% variation margin
with 100 input data and one hidden layer (Figure 6). Although better systems have been
shown previously, the performance remains acceptable. The short-term strategy performs
fewer actions, as the selected network struggles to detect upward movements or does
not detect them within the imposed 2% threshold. Still, short-term capital management
achieves reasonable results, maintaining a low maximum drawdown.
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Figure 6. Capital evolution with neural networks trained using a 2% BTC price variation and different

investment strategies.

6. Expert Trading Supervisor Results

In this work, a market-withdrawal strategy was implemented whereby the system
exits the market whenever losses exceed 20% of the initial investment capital of USD
1000. In other words, trading is halted when the account value falls below USD 800.
This withdrawal is executed only after the session in which the condition is triggered
has concluded.

The expert supervisory layer uses the maximum adverse excursion (MAE) and maxi-
mum favorable excursion (MFE) metrics to set stop-loss and take-profit thresholds. These
values are computed using Equations (16)—(19) and illustrated in Figure 7.

0.25
® Short trading
0.2 L4 ® Long trading

& 0.15
S
0.1

0.05

0 0.05 0.1 0.15 0.2 0.25

Figure 7. MAE versus MFE in long and short trades for the neural networks.
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To improve the trading system, an expert module was added with MAE fixed at 5%
and MFE at 2%. Based on these parameters, long-position stop-loss and take-profit levels
are defined using Equations (21) and (22):

stop-loss = OPEN (1 — MAE), (21)

take-profit = OPEN (1 + MFE). (22)

For short positions, the corresponding expressions are given by Equations (23) and (24):
stop-loss = OPEN (1+ MFE), (23)

take-profit = OPEN (1 — MAE) (24)

Table 6 presents the results obtained when applying the expert supervisory system to
networks trained to predict a 1% change in Bitcoin price, using the combined long—short
trading strategy.

Table 6. Results with the expert system operating in combined long and short trading.

o N°Input N° Hidden SN Max Profit Average Average N°
Range (%) Datg Layers Profitability Drawdown Factor Proﬁ% Loss,g Trades

1 10 1 13.68 26.93 1.03 31.69 20.98 466
1 30 1 —11.16 30.45 0.95 32.89 6.97 246
1 50 1 14.82 26.97 1.03 31.68 19.28 464
1 100 1 —19.51 30.74 0.92 25.05 9.16 330
1 150 1 —28.4 31.28 0.55 28.7 1.78 72
1 200 1 —21.42 30.94 0.9 28.59 7.15 266
1 10 2 11.45 26.93 1.03 31.23 20.77 468
1 30 2 —2.22 30.12 0.99 35.31 7.16 258
1 50 2 53.6 26.08 1.12 34.21 19.14 478
1 100 2 —32.84 33.11 0.43 17.78 1.64 46
1 150 2 —29.1 33.29 0.61 28.64 2.15 72
1 200 2 —27.62 30.48 0.66 28.26 2.35 94

The results in Table 6 show that although the expert system enhances the capital-
management process, the improvements relative to the previous strategy are modest.
This limited impact is likely due to the suboptimal selection of stop-loss and take-profit
thresholds. In practice, this can lead to two undesirable effects: (i) profitable sessions may
be prematurely constrained, reducing potential gains, and (ii) in certain cases the system
exits the market at a loss despite the neural network correctly predicting the direction of
the movement.

It is also important to note that the supervisory model operates under a pessimistic
assumption: it evaluates the stop loss before the take-profit, implicitly assuming that the
daily LOW is reached before the HIGH. This conservative condition may limit the potential
benefits of the expert system.

Based on the results obtained with the expert capital-management layer, the following
conclusions can be drawn:

- The best-performing systems are those operating in both long and short modes, since
the neural networks have been trained to detect upward and downward movements.

- The safest systems are those restricted to long-only trading, due to the overall upward
market tendency during the training period. As a result, the networks learn to identify
upward trends more accurately.
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- Itis challenging to predict during the training phase whether the capital-management
system will perform well during testing, because past patterns do not necessarily
recur in future market conditions.

- For Bitcoin, the most effective configuration corresponds to predicting 1% price
movements using 50 days of historical data, which consistently yields the strongest
performance.

- Given Bitcoin’s high volatility, incorporating stop-loss and take-profit mechanisms
can be beneficial, but only if appropriate thresholds can be estimated. Conversely,
poorly chosen levels can degrade performance rather than enhance it.

7. Conclusions and Future Works

This study shows that neural networks, particularly MLP architectures with 50-day
input windows, are effective tools for modeling cryptocurrency market behavior and
predicting both Bitcoin price and short-term trend. The results obtained, with relative
errors below 3.5% and trend prediction success rates above 64%, confirm their ability to
compete with traditional statistical methods. Integrating these predictive models into a
capital management system yields substantially higher profitability than passive strategies
such as Buy and Hold, especially when using combined long—short configurations that also
reduce maximum drawdown and improve risk control.

The findings also indicate that network configuration strongly affects the model’s
ability to capture market volatility, and that good predictive accuracy does not always
translate into better trading performance due to differences between training and testing
conditions. The addition of an expert supervisory layer with stop loss, take profit, and
market withdrawal rules improves capital protection, although poor configuration can
significantly worsen results. Overall, the proposed system integrates predictive modeling,
dynamic capital allocation, and risk control, offering a robust architecture transferable
to other financial markets and to domains where short-term forecasting and automatic
decision-making are essential.

Future research will focus on improving generalization and reinforcing the statistical
validity of the results. This includes using out of sample validation and adaptive learning
models and extending the study to more advanced architectures such as LSTM networks,
GRUs, and Transformer based models. Additional datasets will be considered to evaluate
robustness across different assets and currencies. Further improvements may come from
adding on chain blockchain metrics to enhance market representation, applying statistical
significance tests such as the Wilcoxon test to validate outperformance over Buy and Hold,
and expanding the risk analysis using standard financial indicators such as the Sharpe
ratio, Sortino ratio, and Value at Risk.
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