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Abstract

The volatile and unpredictable nature of the cryptocurrency market makes it particularly challenging to make profitable investment
decisions. Different machine learning-based techniques have been employed for forecasting cryptocurrency value. However, al-
though some works have addressed incorporating the Blockchain transactions’ data into the analysis, none of them has provided a
hybrid solution, including features obtained through complex network modeling. In this paper, we investigated the use of machine
learning and complex network techniques to improve the profitability of a cryptocurrency portfolio during a downtrend period.
We extracted features through a complex network-building methodology based on the Bitcoin blockchain transactions, merged
them with the historical cryptocurrency values, and generated the predictions using different machine-learning models. The results
indicated that incorporating complex network features improved the performance in retaining the initial capital at the end of the
experiment, leading to an increment of 7.09% and 4.33% for the CNN and LSTM models, respectively. Our findings suggest that
the proposed method enhanced the performance of cryptocurrency investment strategies during downtrend periods.
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1. Introduction

In recent years, the expansion of cryptocurrency markets has drawn the attention of investors and financial institu-
tions alike [6]. Among the most well-known and widely traded cryptocurrencies is Bitcoin [17], which has exhibited
significant fluctuations in value and adoption since its advent in 2009. As with any financial market, maximizing
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profitability during times of downturn can be a challenge for investors. In this context, machine learning techniques,
such as neural networks, for analyzing and forecasting market trends have gained popularity in identifying profitable
investment opportunities [23].

One area of particular interest is the analysis of Bitcoin blockchain transactions to understand market behavior
and identify profitable investment strategies. The Bitcoin blockchain can be viewed as a complex network [12], with
the nodes representing individual transactions and the edges representing their interactions. By analyzing the structure
and evolution of this network using tools such as network metrics and machine learning techniques, it may be possible
to gain insights into market trends and inform investment decisions.

Due to market volatility and complexity, cryptocurrency prediction using machine learning has gained interest.
Previous studies have evaluated DL models, including CNN, Deep Forward Neural Networks, and Gated Recurrent
Units, and boosted tree-based techniques. Also, they proposed a new approach to reveal Bitcoin’s price changes by
analyzing blockchain transaction patterns. In contrast, others proposed a crypto asset futures market price prediction
model using Random Forest and incorporating candlestick patterns. The prior research has shown potential for ma-
chine learning in cryptocurrency prediction, but there is room for improvement and future research should focus on
developing more advanced models.

In this study, we present a novel method for improving the profitability of cryptocurrency investment portfolios
during market downturns. By combining the analysis of Bitcoin blockchain transactions and the use of machine learn-
ing techniques, specifically neural networks, we aim to contribute to the growing body of research on the application
of these methods in the cryptocurrency market. Our method provides practical guidance for investors seeking to max-
imize their returns in challenging market conditions.

The blockchain transaction analysis allows us to gain insight into the relationships between transactions and in-
vestment profitability. Our focus on maximizing profitability allows for effective risk management strategies, while
using deep neural networks enhances the accuracy of market predictions, providing increased reliability. Furthermore,
our evaluation of profitability during market downturns provides valuable information for investors during times of
instability.

2. Background

Cryptocurrencies, such as Bitcoin and Ethereum, are digital assets that use cryptography to secure financial trans-
actions in a distributed ledger using Blockchain technology [7]. These currencies operate on a peer-to-peer network,
making them a unique asset class with volatile prices that can be difficult to predict. Traditionally, financial analysts
have used fundamental and technical analysis to predict the price of cryptocurrencies [29]. However, these methods
can be limited in accurately predicting the highly volatile and complex cryptocurrency market.

Machine learning (ML) techniques have led to state-of-the-art performance on several tasks involving time series
forecasting due to their ability to model long-term dependencies [14]. This ability makes them learn and adapt to
changing market conditions. In this context, deep neural networks have been applied as a powerful tool for predicting
the price of cryptocurrencies [4].

Along with other traditional ML techniques, the Multilayer Perceptron (MLP) can be modeled for analyzing time
series data [8], which can be done by stacking a sequence of timesteps as independent input variables. However, recent
work has focused on deep learning architectures such as Convolutional Neural Networks (CNN) [15, 24] and Long
Sort-Term Memory (LSTM) [5, 30, 10]. Researchers have built deep learning models to gather, analyze and make
predictions on raw data of digital currencies, such as Bitcoin, digital cash, and ripple [11], with excellent results.

In this work, we are concerned with complex networks’ role in modeling cryptocurrencies’ transaction data to
generate helpful representations for building deep learning models aimed at profit maximization in a buy-and-sell
strategy. Complex networks are characterized by their intricate connections and patterns, which can emerge from the
interactions of their constituent elements [3]. In the field of cryptocurrency, the Bitcoin blockchain can be viewed as
a complex network, with the nodes representing individual transactions and the edges representing the interactions
between them [2]. A variety of complex network metrics can be used to analyze the structure and evolution of the
Bitcoin blockchain and its interactions with other complex networks, such as assortativity and the Wiener index [27].

The analysis of complex networks can also be helpful in understanding the price and volatility of cryptocurrencies.
By examining these systems’ underlying network structures and dynamics, researchers can gain insights into factors
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that may affect the demand for and value of different cryptocurrencies. These insights can help to inform investment
strategies and risk management techniques for dealing with the often volatile nature of these markets [18].

3. Related Work

The Bitcoin blockchain analysis has received considerable attention from the research community to understand
the underlying transactions and patterns within the cryptocurrency. Researchers have employed various techniques,
including network analysis, to gain insights from the Bitcoin blockchain [9, 28].

There has been a surge of interest in using machine learning techniques to predict the cryptocurrency market’s
behavior. This is due to the volatility and complexity of the market, which makes conventional techniques insufficient.
Progress has been achieved using techniques for financial time series forecasting [22, 21]. Nonetheless, deep learning
architectures have been predominant in recent research [26].

Oyedele et al. [20] evaluated the performance of deep learning models, including Convolutional Neural Networks
(CNN), Deep Forward Neural Networks (DNN), and Gated Recurrent Units (GRU). The authors boosted tree-based
techniques in predicting the closing prices of several cryptocurrencies. The study used six datasets from multiple
sources and evaluated the models with relevant performance metrics. The results showed that the CNN model had
the lowest mean average percentage error and a consistently high explained variance score, making it a more reliable
option for predicting daily closing prices with limited training data.

An approach based on recurrent neural networks was presented by Liu et al. [16]. The authors proposed a deep
learning structural time series model that considers dependencies among multiple correlated time series and extracts
weighted differencing features for better trend learning. A spatial attention mechanism was also considered.

Li et al. [13] focused on predicting the changes in Bitcoin’s price by analyzing its blockchain transaction patterns.
The authors proposed a new approach that involves k-order transaction subgraphs to capture the patterns and a Multi-
Window Prediction Framework based on machine learning models to learn the relationship between the patterns
and Bitcoin prices. The results showed that the transaction patterns effectively capture price changes and the Multi-
Window Prediction Framework outperforms other methods in integrating submodels trained on different historical
periods.

Orte et al. [19] proposed a crypto asset futures market price prediction model using Random Forest. The authors
evaluated three scenarios based on input variables: technical indicators, candlestick patterns, and a combination of
both. The results showed that incorporating candlestick patterns improved the model’s efficiency. The authors also
conducted a one-year out-of-sample prediction and analyzed the simulation as a real-life operation, with the model
being retrained after each new data collection.

Regarding complex networks’ analysis, Serena et al. [25] utilized them to identify patterns in the transaction data of
the Bitcoin blockchain. The authors demonstrated the potential for using such techniques to understand the underlying
structure and behavior of the Bitcoin network. Overall, the analysis of the Bitcoin blockchain using techniques such
as complex network analysis and machine learning has the potential to provide valuable insights into the functioning
and behavior of the cryptocurrency.

Our proposed method combines these prior works by analyzing pre-processed blockchain transactions to provide
insight into the patterns and relationships between transactions and the profitability of cryptocurrency investments.
Utilizing deep neural networks, our study will prioritize profitability as the primary objective and evaluate the results
during a strong downtrend.

4. Methodology

Our methodology is presented in Figure | and described in the next subsections.
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Fig. 1: Pipeline of our methodology. Historical data from the cryptocurrency value is preprocessed in parallel with the blockchain transaction data.
The resulting features are then synchronized and merged so that the machine-learning models can be trained and evaluated.

Collect all profitability
results for each strategy

4.1. Data Collection

In this study, we utilized daily closing price data for three cryptocurrencies (i.e., BTC, ETH, and MATIC) obtained
from the Binance exchange ! In addition, we sourced information on sales transactions from the Bitcoin blockchain
to provide additional input for our algorithms.

4.1.1. Cryptocurrency prices

We utilized cryptocurrency data from Binance covering the time frame of the 1st of January 2022 to the 1st of
January 2023. The selection of this time frame was motivated by the notable decrease in prices observed during this
period, which posed a significant challenge for maintaining or increasing value. The attributes registered were the final
prices of BTC, ETH and MATIC at the end of each day, which we called “Close BTC”, “Close ETH”, and “Close
MATIC”.

4.1.2. Blockchain data analysis

We collected transaction data from the Bitcoin blockchain involving transactions. Given its high capitalization,
Bitcoin was the primary focus of this data collection. Specifically, we aimed to capture the interactions between
wallets, the quantity of BTC transferred, and the number of transactions recorded per day. By examining these factors,
we sought insights into the behavior and dynamics of the cryptocurrency price variation.

4.2. Cryptocurrency Prices Transformation

We applied the following strategies for preparing the data related to cryptocurrency values over time before merging
such data with the blockchain data (transformed according to the steps devised in Section 4.3).

4.2.1. Variation and Lagging Application

Since this research aimed to optimize staking rewards’ profitability, we examined price variations instead of the
raw cryptocurrency value at each timestep. The objective was to predict potential gains and compare the profitability
of different assets. The price variation between timesteps ¢ and # — 1 were normalized by the price at # — 1.

! https://www.binance.com/, accessed on the 24 of January 2023
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We employed a lagged approach to utilize historical data for forecasting future outcomes. The approach involves
introducing information from a specified number of previous days as inputs for the algorithm. In exploratory experi-
ments, we considered using different numbers of days of historical data as inputs. We investigated the effect of varying
the number of lagged days, with values ranging from 2 to 10. The results indicate that incorporating more than five
lagged days did not improve performance.

4.2.2. Target Computation

To obtain the maximum profitability among the cryptocurrencies BTC, ETH, MATIC at the end of each day, we
identified the cryptocurrency with the highest price variation at the end of the day. We used it as the target for the next
day. For example, if on the 2 of February 2022, the price variations were 0.1% for BTC, -0.1% for ETH, and 0.01%
for MATIC, the target for the 1st of February 2022 would be BTC. The resulting dataset included a column with the
daily target, representing the cryptocurrency with the highest price variation. This procedure is illustrated in Figure 2.

BTC ETH MATIC Target

0.1% 0.3% 0.1%.--- BTC

[04%}-—03%  -0.8%

03%  08% [20%]

Fig. 2: Example for the target computation.

4.3. Blockchain Data Transformation

Daily a high number of transactions are made using the Bitcoin blockchain. Usually, the Bitcoin blockchain reg-
isters about 230,000 transactions daily [1]. In each transaction, there are wallets, a unique identifier for a sender or
receiver of Bitcoin. Different types of transactions may be performed, such as one wallet sending values to another
wallet, many wallets sending values to a unique wallet, or a wallet sending values to many others.

Before being merged with the cryptocurrency prices, the transactions’ data needed to be prepared, modeled as a
complex network, and had its metrics computed before (see Secion 4.2. The steps employed are described as follows.

Data Normalization: to ensure compatibility with the neural networks utilized in this experiment, it was neces-
sary to normalize the data. In this study, we employed min-max normalization, which performed best in exploratory
experiments.

Transactions’ Filtering: we collected all the transaction information in the defined date range. Then, we filtered
all the transactions with less than 1,000 BTC movement. We employed this approach because small quantities of
BTC usually do not affect the prices of cryptocurrencies. We created a dataset by collecting all the transactions that
occurred during each day. An array containing all the transaction information for each day was constructed for this
aim. The transactions were grouped by day, but other time intervals, such as 4 hours, one hour, or a week, could also
be used for grouping.

Complex Network Building: we constructed the transaction graphs for each day by (i) creating a node for each
wallet present in the transactions of that day; (ii) linking these nodes based on the movement of funds by connecting
wallets that send money to other wallets; and (iii) detecting sub-graphs within the larger graph to identify instances of
a wallet collecting BTC from other wallets and then sending it to another wallet to evade tracking.

The price of cryptocurrencies changes in response to the engagement of individuals in buying or selling activities,
which affects the market price. The interconnectedness of these wallets, or their topology, can provide insight into the
intentions and actions of investors. For example, there were several transactions with intricate structures on the 18 of
October 2022, as demonstrated in Figure 3.

Network Metrics Generation: the network generated from the previous steps is disconnected due to transactions
that do not have a relationship between the wallets. Therefore, we calculated the metrics for each subgraph separately
and then obtained the average of these metrics. From the graph generated for each day’s previous step, we obtained
the assortativity, the Wiener index, the Average Shortest Path Length (ASPL), the number of graphs generated and the
quantity of BTC moved in all transactions.
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Fig. 3: Graph of the transactions with more than 1000 BTC in the Bitcoin blockchain network on the 18 of October 2022.

Data Merging: after organizing the cryptocurrency prices and the blockchain metrics datasets by day and con-
verting them, we merged them using the date as the key. The resulting feature vector was composed of the following
attributes, both at the most recent timestamp and lagged i times: the close prices of each cryptocurrency (BTC, ETH,
and MATIC), the average assortativity, the Wiener index, the ASPL, the numbers of graphs, and the amount of BTC
moved.

4.4. Time series split validation

The following strategy was implemented for time series split validation:

1. The algorithms were trained using 150 days of data, and the profitability of the subsequent seven days was tested.

2. In the next iteration, the initial seven days with the best target were added to the training data, and the profitability
of the subsequent seven days was tested.

3. If not all data was used, go back to step 1.

4. The average and standard deviation of profitability across all iterations were calculated.

Performance Evaluation Criteria: a common strategy for cryptocurrency investment is to hold assets for an
extended period of time. However, this approach can lead to significant losses, as seen in our preliminary analysis,
in which a holding strategy resulted in a 53% loss of initial value in USD. This performance is calculated using the
price variation of BTC over the test period. Specifically, the weekly depreciation of the value of BTC in dollars is
calculated, with a final decrease from 35868 to 16858, representing a loss of 53%. By implementing a buy-and-sell
strategy between assets, we aim to increase the final value of our assets in USD.

To achieve this goal, we employed neural networks to predict the best assets for the next day based on their
variation. The neural network was trained to identify assets with the highest variation and subsequently buy them.
We used the Mean Absolute Error (MAE) as the loss function to optimize the neural network. Besides the MAE, we
evaluated the average profitability of the model at the end of the experiment, according to Equation 1, where r; is the
rentability of the predicted best variation in the day i and N is the number of rows evaluated. The rentability can be
expressed in Equation 2, where v; is the variation of the cryptocurrency selected and r;_; is the previous rentability.
If the model can predict the target accurately, its profitability will increase as it can select digital assets with higher
variations in price.

1 N
R=~ ;(n) M
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As already mentioned, we compared three types of neural networks: Multi Layer Perceptron (MLP), Convolutional
Neural Network (CNN), and Long Short-Term Memory (LSTM). The BTC hold strategy performance was considered
as a baseline. We trained the neural networks using the Adam optimizer with learning rate of 0.001 and betal of 0.9
and beta2 of 0.999, and the MAE loss function. The architectures designed for each of them and are described as
follows:

ri_l*(v,-+1) ifi>0

2
1.0 ifi=0 @

5. Results

e MLP: we considered 1-6 hidden layers, each containing 2-32 neurons and using the hyperbolic tangent activa-
tion function, except for the last layer, which used a linear activation function. Although increasing the number
of neurons decreased the MAE, it also reduced profitability. The best MLP model had 4 neurons and 1 hidden
layer, running for 20 epochs.

e CNN: we considered 2-32 filter nodes and 1-4 fully connected layers containing 2-32 nodes. Again, increasing
the complexity of the neural network decreased profitability. The best CNN model had 16 filter nodes and 1
hidden layer with 32 neurons, running for 20 epochs.

e LSTM: we considered 2-32 memory cells and 1-4 fully connected layers containing 2-32 nodes. As with the
previous models, increasing complexity reduced profitability. The best LSTM model had 8 memory cells and 1
hidden layer with 8 neurons, running for 20 epochs.

Across all experiments, we found that increasing the complexity of the neural network structure led to overfitting,
resulting in lower MAE but decreased profitability at the end of the experiment. The best results were obtained with
smaller network structures.

5.1. Profitability

As previously mentioned, we used 150 days of data to train our model and iterated the process every seven days.
The profitability of each model over the course of the experiment can be seen in Figure 4.

The MLP model (Figure 4a) led to inferior results for the whole series compared to the buy-and-hold strategy. On
the other hand, the CNN (Figure 4b) and LSTM (Figure 4c) models were superior starting from around iteration 5.
The LSTM model was the only one that eventually led to actual profit (see the graph around iteration 10).

Profitability of MLP in the expeirment Profitability of CNN in the expeirment Profitability of LSTM wiht and without chain data

—e— LSTM with chain data
—e— LSTM without chain data
--@- BTC

—e— NN
--@- BTC

10 o —e— P 10
--®- BIC

0.8
|

re [\ /
R [
“' '\. \I'Al(. s '1

Profitability
Profitability
Profitability

.. .
06 LA 5
L T

.._o
06 v eetey i
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Iterations Iterations Iterations

(a) MLP predictions. (b) CNN predictions. (c) LSTM predictions.

Fig. 4: Profitability over time of each model compared to the BTC buy-and-hold strategy.
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Although the overall profitability at the end of the experiment was negative for all cases, it is crucial to consider
that a significant downward trend characterized the selected time frame. Therefore, any algorithm that can preserve
the portfolio’s value under these conditions is valuable. Nonetheless, the CNN and LSTM results were superior to the
buy-and-hold strategy considered as the baseline and shown in the graphs.

Another essential metric to consider is the average profitability of the algorithms across the experiments. Table 1
shows that the LSTM algorithm has the highest average performance.

Table 1: The average capital maintained for each iteration, considering each model.

Model | Average capital maintained

MLP 97.49 %
CNN 98.49 %
LSTM 99.56 %

5.2. The chain analysis importance

Another objective of this study was to incorporate data from the Bitcoin blockchain into the analysis to enhance the
algorithms’ performance. The table below illustrates the performance of the algorithms with and without the inclusion
of chain data.

Table 2: Capital maintained at the end of the experiment, considering each model with or without the chain data.

Model | With chain data | Without chain data

MLP 36.93 % 49.94 %
CNN 53.11 % 46.02 %
LSTM 72.50 % 68.17 %

Including the chain data improved the performance of the CNN and LSTM architectures by 7.09% and 4.33%,
respectively. However, it reduced led to less accurate results for the MLP, with a 10.01% decrease in accuracy. Com-
paring the results with the chain data, the MLP model provided the less accurate performance, with only 36.93%
of the initial capital remaining. In comparison, the BTC hold strategy, which maintained 47% of the initial capital,
had better performance than the best MLP combination. However, the CNN model demonstrated better performance,
retaining 53% of the initial capital. The LSTM model demonstrated the most accurate performance, with 72.50% of
the initial capital remaining at the end of the experiment. This algorithm also exhibited a more extended period of
positive profitability.

6. Discussion

During the time frame under examination, we observed a marked downward trend in the value of Bitcoin de-
nominated in US dollars, which declined from 47,286 to 16, 858, resulting in a decrease of 64.34%. This trend was
consistent with broader market conditions in the cryptocurrency and technology sectors, including Facebook. Our
algorithm, however, demonstrated its efficacy in mitigating the impact of such a trend on the USD value of cryptocur-
rencies by implementing a proposed buying and selling strategy. This outcome is a valuable resource for potential
investors.

We leveraged transaction data from the Bitcoin blockchain to enhance profitability and incorporated complex
network metrics in our analysis. This approach markedly improved the performance of the LSTM neural network
utilized in our analysis. Furthermore, our observations indicate that following significant price movements, complex
structures emerge within the Bitcoin blockchain, suggesting a tendency among large currency holders to consolidate
their investments into long-term wallets. This strategy could reduce risk and maximize returns in the long run.
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To optimize investment strategies for the subsequent day, we employed various neural network models that incorpo-
rated both blockchain and price data and a training strategy aimed at mitigating overfitting. This approach builds upon
prior studies and highlights the importance of utilizing complex network metrics in informed investment decisions in
the cryptocurrency market.

The LSTM model was the most successful, possibly because of its enhanced ability to model long-term depen-
dencies. When the chain data was included, it even provided a peak in which a 20% profit could be observed around
iterations 10 and 21, while the buy-and-hold strategy still yielded consistent loss. The CNN model provided a recovery
period around iteration 22, where the loss could be almost neutralized. However, all strategies led to a loss at the end
of the experiment. Both the CNN and LSTM models (with or without the chain data) improved performance compared
to the buy-and-hold strategy.

7. Conclusion

In this research, we aimed to examine the feasibility of using machine learning to enhance the profitability of
cryptocurrency investments during a downturn. Specifically, we focused on analyzing Bitcoin blockchain transactions
to extract market information and identify profitable investment strategies. The complex network structure of the
Bitcoin blockchain was taken into account, where transactions were represented as nodes and interactions as edges.

Three machine learning algorithms were used and compared to a simple hold strategy for Bitcoin (BTC): Multi-
Layer Perceptron (MLP), Convolutional Neural Network (CNN), and Long Short-term Memory (LSTM). Our findings
showed that the more complex the algorithm, the higher the likelihood of overfitting, resulting in decreased profitabil-
ity. The best performance was achieved by the LSTM algorithm, which retained 72.50% of the initial capital and
showed a period of positive profitability. The CNN algorithm also outperformed the hold strategy, retaining 53.11%
of the initial capital. Meanwhile, the MLP algorithm had the worst performance, with only 36.93% of the initial capital
remaining. The results also indicated that incorporating blockchain data into the analysis improved the performance
of the CNN and LSTM algorithms.

Our research highlights the potential for using machine learning techniques, specifically the LSTM algorithm
and considering the complex network structure of the blockchain, to optimize the profitability of cryptocurrency
investments during market downturns. This information could be valuable for investors looking to maximize returns
in challenging market conditions. Further research could consider other blockchains, such as Ethereum, and the use
of leverage and short strategies for enhancing profitability. By expanding the analysis, it may be possible to identify
even more profitable investment strategies for the cryptocurrency market.
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