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Highlights

What are the main findings?

• A causal filter strategy based on the NOTEARS-Linear-based Prediction Model
(NLBPM) improved return-based performance by restricting trading to periods in
which specific directed edges to the target were detected.

• NLBPM with a causal filter applied in the data period examined in this study outper-
formed both NLBPM without filtering and the benchmark LSTM in terms of monthly
average return.

What are the implications of the main findings?

• Because NLBPM is interpretable, the causal structures inferred by the model can be
used not only for prediction but also for designing trading strategies.

Abstract

In the highly volatile cryptocurrency market, trading decision support based on price
prediction remains a challenging task. Although machine learning and deep learning
techniques have been widely applied to cryptocurrency price prediction, many existing
approaches rely on correlation-based black-box models, which limits interpretability and ro-
bustness. In this study, we employed a NOTEARS-Linear-based Prediction Model (NLBPM)
that directly incorporated causal structures inferred through a causal discovery method as
structural constraints within the prediction model. Unlike conventional approaches that
focus primarily on minimizing prediction error, the NLBPM emphasized return maximiza-
tion as its objective function, thereby prioritizing practical economic value. Using Bitcoin
as a case study, we constructed a model to predict the direction of price movement four
hours ahead and evaluated its performance using a rolling-window scheme with a one-
month sliding window. Analysis of the inferred causal structures showed that the returns
improved when trades were executed only during rolling-window trials in which specific
directed edges to the target variable were detected. Based on this finding, we proposed a
causal filter strategy that restricts trading to periods in which specific directed edges to the
target variable are detected. In the data period analyzed in this study, the selected edge
was the one from the opening price (Open) to the target variable. Backtesting experiments
incorporating a transaction fee of 0.1% demonstrated that, while the benchmark LSTM
model achieved a negative monthly average return of −3.20% and the NLBPM without fil-
tering yielded −7.20%, the NLBPM with the Open filter attained a higher monthly average
return of 10.35%. This study supports the usefulness of using inferred causal structure for
cryptocurrency trading decision support.
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1. Introduction
Since the advent of Bitcoin, cryptocurrencies built upon blockchain technology have

rapidly evolved from decentralized means of value exchange into a major asset class
in global financial markets [1]. However, cryptocurrency markets depend on a wide
range of complex factors, including macroeconomic indicators, market sentiment, reg-
ulatory policies, and mining difficulty, and consequently exhibit extremely high price
volatility compared with traditional financial assets [2–4]. While such characteristics offer
investors opportunities for substantial returns, they also entail a high risk of severe capital
losses. As a result, accurately and robustly predicting cryptocurrency price movements
has become a critically important yet challenging problem in both academic research and
financial practice.

A wide variety of approaches for cryptocurrency price prediction have been pro-
posed to date, including statistical models, machine learning (ML), and deep learning
(DL) techniques. Several comprehensive survey papers have systematically reviewed the
effectiveness and limitations of these approaches. Early surveys [5] noted that statistical
models suffer from limited predictive performance in cryptocurrency markets, due to their
reliance on strong statistical assumptions and the lack of clearly observable seasonality. In
contrast, machine learning techniques have been positioned as important predictive tools
capable of learning complex relationships from market data. More recent surveys [6] have
highlighted that, in addition to classical ML models, DL models such as recurrent neural
networks (RNNs), Long Short-Term Memory (LSTM), gated recurrent units (GRUs), and
deep reinforcement learning (DRL) are effective in handling nonlinearity and long-term
dependencies, and may become core technologies in future research. These studies also
report that integrating heterogeneous data sources—such as social media sentiment and
macroeconomic indicators—can further improve predictive performance. Another compre-
hensive review [7] reports that although DL models often achieve high prediction accuracy,
they are not universally superior, and hybrid deep learning architectures such as ConvL-
STM, LSTM–GRU, and MRC–LSTM have emerged as mainstream approaches to overcome
the limitations of single models. Furthermore, the development toward novel architectures,
including Transformer-based models, has been identified as a promising research direction.
Nevertheless, despite extensive research efforts, cryptocurrency price prediction remains
highly complex, and important challenges regarding practical effectiveness in real-world
trading applications remain unresolved.

With respect to statistical approaches, linear models such as the Autoregressive Inte-
grated Moving Average (ARIMA) model [8,9] are effective in capturing short-term autocor-
relation structures in the conditional mean of price series, while Generalized Autoregressive
Conditional Heteroskedasticity (GARCH) models [10] have been widely employed to model
volatility clustering through time-varying conditional variance. However, cryptocurrency
markets are characterized by strong nonstationarity and abrupt price fluctuations, which
often violate the linearity and distributional assumptions underlying these models, thereby
limiting their adaptability to structural changes in market dynamics.

To overcome the limitations of statistical models, various ML-based models have been
employed, including Support Vector Machines (SVMs) [11], Artificial Neural Networks
(ANNs) [12], Random Forests (RFs) [13], XGBoost [14], and LightGBM [15], with several
comparative studies evaluating these models [16,17]. These models are well suited for
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modeling nonlinear relationships and have demonstrated improved predictive accuracy
compared with traditional statistical approaches. However, their performance heavily
depends on feature engineering, leading to substantial variability in prediction accuracy.
Moreover, a fundamental limitation of many machine learning models is their limited
ability to handle large-scale sequential time series data, making it difficult to effectively
learn long-term temporal dependencies.

DL-based models have thus been regarded as one of the most promising solutions to
address these challenges. Among them, LSTM networks [18–21] and their variants, such
as bidirectional LSTM (Bi-LSTM) and GRU [22,23], have been most frequently applied
to cryptocurrency price prediction. The LSTM architecture is particularly well suited for
capturing long-term dependencies in sequential data and has proven effective in modeling
temporal patterns in financial time series. Unlike conventional machine learning models,
LSTM networks naturally handle time-ordered data. Furthermore, techniques such as
dropout and batch normalization are often employed to mitigate overfitting and improve
generalization performance. Research on hybrid deep learning models extending LSTM
has also progressed, and CNN–LSTM-based architectures, such as ConvLSTM [24,25], have
been reported to achieve strong predictive performance.

More recently, Transformer-based models that leverage attention mechanisms have
been proposed as alternatives to LSTM-based sequence modeling approaches [26–28].
While LSTM processes data sequentially, Transformers operate in a parallel manner and em-
ploy self-attention mechanisms to directly capture dependencies between distant elements
within a sequence. This property improves computational efficiency and allows the model
to capture abrupt changes in market sentiment and long-term trend shifts more rapidly.
Although Transformer-based models are still under extensive empirical investigation, their
ability to process multiple data points simultaneously has been shown to be particularly
advantageous for high-frequency trading data and for integrating multimodal information,
such as price series and textual data.

Despite these advances, three fundamental challenges remain in cryptocurrency price
prediction using ML and DL models.

First, many existing methods rely primarily on correlations among variables, leading to
an inherent overdependence on correlation-based prediction. Cryptocurrency markets are
highly sensitive to regulatory changes and macroeconomic shocks, and thus exhibit multi-
ple regimes whose statistical properties evolve over time [29,30]. Under such non-stationary
environments, ML and DL models that learn correlations among numerous variables tend
to overfit transient correlation structures and noise specific to the training period, resulting
in degraded generalization performance. In fact, it has been reported that, in univariate
cryptocurrency time series forecasting, complex ML and DL models do not consistently
outperform simple naive models, and that their predictive performance deteriorates sub-
stantially when the parameters of the time window and forecast horizon change [31]. This
observation is consistent with studies demonstrating that the predictive performance of DL
models can theoretically degrade substantially in nonstationary time series where data dis-
tributions change over time [32]. These findings suggest that correlation-based prediction
models face fundamental limitations in cryptocurrency markets characterized by nonsta-
tionarity and regime shifts. Given the limitations of correlation-based prediction, adopting
a prediction framework based on a causal perspective can serve as one effective solution.

Second, ML and DL models suffer from low interpretability due to their model com-
plexity. This issue is referred to as the black-box problem [33,34]. As a result, the difficulty
in providing a clear basis for predictions may hinder the practical use of prediction models
in financial practice, where accountability is required. Recent studies have applied Shapley
Additive Explanations (SHAP)—an Explainable AI (XAI) method—to cryptocurrency price
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forecasting. Specifically, SHAP has been used to post hoc explain the features contributing
to predictions in hybrid CNN–LSTM models [35]. However, as long as prediction models
are trained based on correlations, there remains a risk that they learn spurious correlations;
in such cases, even the application of XAI methods may lead to misleading explanations.
Therefore, rather than explaining prediction outcomes post hoc, learning causal informa-
tion as the internal structure of prediction models can serve as one potential solution for
providing reliable explanations.

To address the limitations of correlation-based models and the black-box problem, a
limited number of studies have recently reported methods that utilize causal information in
cryptocurrency markets. Unlike correlations, causal relationships are relatively stable under
changing market environments, and thus have been pointed out as being useful for robust
and interpretable prediction [36]. Luo et al. [36] incorporated a causality matrix estimated
from time-series data into a Graph Neural Network as a graph structure and applied it
to Bitcoin price prediction. Their approach reported improved predictive performance by
augmenting correlation-based graph representations with indicators of causal influence
derived from temporal dependencies. However, while a causality matrix is useful as a
quantitative measure of influence among variables, it differs from structural equation-
based causal models that explicitly assume causal directionality and acyclicity. Amirzadeh
et al. [37] constructed a network of causal dependencies among variables using Dynamic
Bayesian Networks (DBNs), which are state transition models, and performed directional
prediction of price movements based on probabilistic transitions.

Because DBNs represent conditional dependencies among variables using directed
acyclic graphs (DAGs), they possess a certain degree of causal interpretability. Nevertheless,
the edges in DBNs represent influence relationships conditioned on temporal transitions
and latent states, rather than explicitly assuming causal effects as structural equations that
describe the data-generating process. As a result, it is not necessarily straightforward to
intuitively interpret the magnitude of each variable’s causal impact on prediction outcomes
in the form of path coefficients. On the other hand, when broadening the scope to financial
forecasting including stock markets, some studies have utilized causal discovery methods
for feature selection [38] and feature engineering [39] with the aim of identifying intrinsi-
cally important variables prior to incorporating them into prediction models. From the
above survey, prediction models incorporating causal information in the cryptocurrency
market are still in their early stages, leaving considerable room for further research.

Third, in current cryptocurrency price prediction research, there is a practical issue
that improvements in the statistical predictive performance do not necessarily translate into
securing trading profitability. Otabek and Choi [6], through a systematic review of prior
studies, pointed out that improvements in prediction error and classification performance
do not necessarily lead to improved trading profitability. Shintate and Pichl [40] reported
that, in trend prediction classification for high-frequency Bitcoin time series using DL
models, their model achieved high performance in terms of F1-score; however, when the
predicted outcomes were applied as a simple trading rule based on up/down/static signals,
returns during the test period did not outperform a Buy-and-Hold strategy. This provides
an example showing that improving predictive performance does not necessarily directly
lead to improved trading profitability. One underlying reason for this gap is the funda-
mental inconsistency between error minimization as the optimization objective during
model training and profit maximization as the trader’s objective. Therefore, to construct
cryptocurrency prediction models that are suitable for financial practice, a key challenge lies
in whether profit maximization can be incorporated as an explicit optimization objective
from the training stage.
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In this study, to overcome the limitations of existing cryptocurrency price prediction
models, we employed a prediction model that directly incorporated causal structures in-
ferred through a causal discovery method as structural constraints. This model performed
predictions based on causal paths, thereby ensuring high interpretability and enabling
causal explanations of market mechanisms underlying price movements. Furthermore,
in optimizing the prediction model, we departed from the conventional objective of min-
imizing prediction error and instead emphasized return maximization as the objective
function. In addition, this study proposed a trading strategy by analyzing characteristics
of the inferred causal structure. Through this study, we demonstrate the effectiveness of
the proposed strategy as a trading decision support method that aims to simultaneously
achieve high interpretability and high returns, an aspect that has not been sufficiently
examined in prior studies.

2. Materials and Methods
2.1. Data

In this study, Bitcoin (BTC), the most representative cryptocurrency with the largest
market size and liquidity, was selected as the target asset. The price data consisted of
BTC/USDT 4-h candlestick data (six observations per day) obtained from the Binance
cryptocurrency exchange, covering the period from March 2018 to September 2025.

Financial price prediction generally employs both fundamental indicators, which are
based on corporate financial conditions and macroeconomic trends, and technical indicators,
which are derived by applying mathematical transformations to historical market data. In
this study, only technical indicators were used. This is because fundamental indicators
often include irregularly updated information and qualitative components, making them
difficult to apply to prediction models that require regular, time-aligned inputs. In contrast,
technical indicators are quantitative and regularly updated time-series data; therefore,
they are suitable for constructing sequential prediction models. The features used in the
prediction model included basic price information and major technical indicators. Because
such price information and technical indicators are relatively easy for general investors
to obtain, they are also suitable for examining a prediction framework based on widely
accessible market data.

The target variable was defined as a binary variable representing the direction of price
movement at the next time step (four hours ahead). Specifically, an upward movement in
the closing price relative to the current closing price was labeled as 1, whereas a downward
movement or no change was labeled as 0.

A total of 20 features were prepared for predicting the target variables: five price-
related variables (Open, High, Low, Close, and Volume) and 15 technical indicators, as listed
in Table 1. The technical indicators were classified into four categories: trend indicators,
oscillator indicators, volatility indicators, and momentum indicators.

Table 1. Features used to predict the direction of price movements.

Category Feature Name Parameters Description

Price Information

(1) Open, (2) High, (3) Low,
(4) Close –

Open, high, low, and close prices of
4-h intervals

(5) Volume Trading volume of 4-h candlesticks

https://doi.org/10.3390/forecast8040058

https://doi.org/10.3390/forecast8040058


Forecasting 2026, 8, 58 6 of 27

Table 1. Cont.

Category Feature Name Parameters Description

Trend Indicators

(6) EMA_12, (7) EMA_26,
(8) EMA_50, (9) EMA_200

Window length: 12,
26, 50, 200

Exponential Moving Average
(EMA)

(10) MACD
Short window: 12
Long window: 26
Signal window: 9

Moving Average Convergence
Divergence

(11) MACD_Signal Signal line of MACD

(12) MACD_diff Difference between MACD and its
signal line

Oscillator Indicators
(13) RSI_7, (14) RSI_14 Window length: 7, 14 Relative Strength Index (RSI)

(15) Stoch_RSI Window length: 14 Stochastic Relative Strength Index

Volatility Indicators

(16) Bollinger_u
Window length: 20
Standard deviation: 2

Upper Bollinger Band

(17) Bollinger_l Lower Bollinger Band

(18) Bollinger_m Middle Bollinger Band

(19) ATR Window length: 14 Average True Range (ATR)

Momentum Indicators (20) OBV – On-Balance Volume

2.2. Causal-Structure-Based Prediction Model
2.2.1. Architecture of the Prediction Model (NLBPM)

In this study, a prediction model was constructed to predict the direction of price
movement at time t + 1 (four hours ahead) based on basic price information and technical
indicators at time t. The prediction model was implemented using the DAGClassifier
class provided by the CausalNex library [41], which integrates causal discovery with a
classification task and is therefore well suited for predictions based on causal structures. For
causal discovery within DAGClassifier, the NOTEARS algorithm (Non-combinatorial Opti-
mization via Trace Exponential and Augmented Lagrangian for Structure Learning) [42] is
employed. The prediction model learns a directed acyclic graph (DAG), in which depen-
dencies among variables are represented by directed edges with no cyclic paths. In causal
discovery, acyclicity is a crucial requirement that prevents contradictory structures, such as
cases where variable A causes B while B simultaneously causes A. Although DAGClassi-
fier is originally designed to employ nonlinear models based on multilayer perceptrons
(MLPs), this study adopted a linear causal model, namely NOTEARS-Linear, by config-
uring the DAGClassifier class without hidden layers, to reduce computational cost and
improve interpretability. The resulting model is referred to as the NOTEARS-Linear-based
Prediction Model (NLBPM). While financial time series exhibit strong autocorrelation,
this study explicitly defines a temporal structure by predicting the target variable at time
t + 1 from features at time t, thereby avoiding contemporaneous ambiguity. Although
NOTEARS assumes i.i.d. data, this formulation alleviates potential violations by enforcing
a strict temporal ordering between inputs and the target variable. Importantly, in this
study, NOTEARS is employed as a structural constraint within a prediction model rather
than purely for causal discovery, which distinguishes this approach from standard causal
discovery settings and aligns it with common practices in ML-based financial forecasting
where lagged features are routinely utilized.

It should be acknowledged, however, that enforcing temporal ordering addresses
contemporaneous ambiguity but does not fully resolve the non-i.i.d. nature of the samples
used for DAG structure estimation, as financial time series exhibit autocorrelation and
volatility clustering that persist across observations. In this study, two practical measures
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are adopted to mitigate this concern. First, the rolling-window scheme with a fixed 15-
month training window provides a local stationarity approximation: by re-estimating
the DAG structure independently in each RW trial, the model adapts to evolving market
conditions rather than relying on a single structure estimated over the full sample period.
Second, L1 regularization applied to the weighted adjacency matrix promotes sparse edge
selection, reducing the risk of overfitting to transient autocorrelation patterns specific to
the training window. Nevertheless, we recognize that time-series-specific causal discovery
methods, such as DYNOTEARS [43], would be more theoretically appropriate for handling
autocorrelated observations. However, these methods produce causal graphs with explicit
lag terms, where multiple directed edges are estimated for each variable across different
time lags. While this richer temporal structure may better capture the dynamics of financial
time series, it also increases the complexity of the causal filter design, as the filter condition
must be defined over combinations of lagged edges rather than a single directed edge.
Given that interpretability and simplicity of the causal filter are central to the trading
strategy proposed in this study, we adopt NOTEARS-Linear as a practical compromise that
provides directly interpretable edge weights at a single time lag. Exploring time-series-
specific causal discovery methods and their implications for causal filter design remains an
important direction for future work.

Figure 1 shows a schematic illustration of the architecture of NLBPM. The input layer
consists of d = m + 1 variables, including m features at time t and a binary target variable
representing the direction of price movement at time t + 1. The notation xi,j denotes the
value of feature j for sample i, and yi denotes the corresponding target value. To stabilize
training, continuous variables were standardized to have zero mean and unit variance.

 

Figure 1. Schematic illustration of the architecture of NLBPM.

The reconstruction layer reconstructs the input data using an estimated weighted
adjacency matrix W ∈ Rd×d and a node-wise bias vector b ∈ Rd. A structural constraint
(Tabu constraint) was imposed to ensure that the target variable remained a leaf node,
explicitly prohibiting edges directed from the target variable to features. This constraint
concentrates gradient signals on causal inflows into the target variable (i.e., contributions
to the prediction), resulting in edge weights in W that reflect the importance of each
feature with respect to the target variable. Although the prediction model shares a similar
formulation with linear structural equation models (SEMs), it differs from conventional
SEMs in that DAG constraints ensuring acyclicity are directly incorporated and edge
weights are estimated through continuous optimization.
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During the inference phase, the learned W is used for data reconstruction while
treating the target variable as unobserved (i.e., without using observed target values). For
sample i, the reconstructed target value ŷi is computed as

ŷi = ∑j∈parents(y) xi,jWj,y + by, (1)

where Wj,y denotes the edge weight from feature j to the target variable. The predicted
probability of an upward price movement is then given by p̂ through the sigmoid function
σ(ŷi). Finally, a binary decision on the direction of price movement is output by apply-
ing a threshold of 0.5 to p̂, where 1 indicates an upward movement, and 0 indicates a
downward movement.

2.2.2. DAG Discovery Using NOTEARS

Traditionally, DAG discovery has been treated as a combinatorial optimization prob-
lem. Representative methods such as the PC algorithm and Fast Causal Inference (FCI)
search for graph structures by repeatedly conducting conditional independence tests among
variables; however, these approaches suffer from severe scalability issues, as the computa-
tional cost increases exponentially with the number of variables. In contrast, NOTEARS [42]
is a groundbreaking method in the field of causal discovery that formulates DAG learning
as a continuous optimization problem.

In NOTEARS, acyclicity is imposed on the weighted adjacency matrix W by defining
a continuously differentiable constraint function as follows:

h(W) = tr
(

eW◦W
)
− d = 0. (2)

Here, tr(·) denotes the trace of a matrix, W ◦ W denotes the Hadamard product, eW◦W

represents the matrix exponential, and d is the number of variables (including the target
variable y and the features X). This function mathematically represents the total number
of directed paths in the graph, and the condition h(W) = 0 constitutes a necessary and
sufficient condition for the extracted structure to be a strict DAG. This formulation enables
efficient DAG discovery using gradient-based optimization methods.

For practical implementation, NOTEARS adopts an approximation of the acyclicity
constraint using a matrix polynomial to improve computational efficiency. Specifically, the
constraint function is approximated as follows:

h(W) = tr
(

I +
W ◦ W

d

)d
− d = 0, (3)

where I denotes the identity matrix.

2.2.3. Objective Function and Optimization of NLBPM

In the NLBPM, the learning process is formulated as a continuous optimization
problem with an equality constraint to simultaneously achieve causal structure estimation
and predictive performance optimization. Let X ∈ Rn×m denote the feature matrix, y ∈ Rn

denote the binary target vector, W ∈ Rd×d denote the weighted adjacency matrix, and
b ∈ Rd denote the node-wise bias vector. Under this setting, the optimization problem is
defined as

min
W,b

L(W, b; X, y) + λ∥W∥1 subject to h(W) = 0. (4)

The first and second terms respectively represent the data-fitting loss and an L1 regular-
ization term, where λ denotes the regularization coefficient. To suppress overfitting and
promote sparse edge selection, L1 regularization is applied to W.
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As the data-fitting loss, a squared reconstruction loss is applied to the continuous
feature variables, which consist of price information and technical indicators, while binary
cross-entropy (LogLoss) is applied to the binary target variable representing the direction
of price movement. The loss function is defined as

L(W, b; X, y) =
1

2n
∥∥X − X̂

∥∥2
F +

1
n∑n

i = 1 LogLoss(yi, σ(ŷi)). (5)

The first and second terms respectively represent the reconstruction error of the full feature
matrix and the classification error of the target variable. Here, ∥·∥2

F denotes the squared
Frobenius norm, and X̂ denotes the reconstructed feature matrix. The predicted value of
the target variable ŷ is converted into a probability through the sigmoid function σ(·) when
computing the LogLoss.

To solve this equality-constrained optimization problem, the Augmented Lagrangian
Method is employed. The constrained problem is transformed into the unconstrained objective:

F(W, b) = L(W, b; X, y) + λ∥W∥1 +
(ρ

2
h(W)2 + αh(W)

)
, (6)

where the third and fourth terms correspond to the DAG constraint. The penalty parameter
ρ and the Lagrange multiplier α are automatically updated during training. At each
iteration, ρ is dynamically increased based on the convergence behavior of the acyclicity
constraint h(W), while α is cumulatively updated according to the constraint residual.
This procedure accelerates convergence toward acyclicity while maintaining predictive
performance, thereby ensuring convergence to a DAG structure. The minimization of
F(W, b) is performed using the L-BFGS-B algorithm, a quasi-Newton method suitable for
differentiable optimization.

2.3. Model Optimization and Performance Evaluation Using Walk-Forward Analysis
2.3.1. Design of the Rolling-Window Scheme

In this study, to adapt to changes in the cryptocurrency market environment and
to evaluate the robustness of the prediction model, a walk-forward analysis based on a
rolling-window (RW) scheme was adopted. As illustrated in Figure 2, RW trials were
performed by sliding the entire window forward by one month at each iteration. A total
of 48 RW trials were conducted over a four-year period. These 48 RW trials were used for
internal comparison and for selecting strategy settings, including the fixed-length training
window, during the exploratory phase of trading strategy design. Therefore, these results
should be interpreted not as the final confirmatory evaluation of the proposed method,
but as an exploratory procedure. The final evaluation of the prediction model and trading
strategy was conducted in the backtesting experiment described later.

In each RW trial, Step A (Hyperparameter Optimization) was first executed, followed
by Step B (Performance Evaluation), as described below. The test period spanned from
October 2020 to September 2024, with each RW trial using a one-month test interval. The
validation period consisted of the one-month interval immediately preceding the test
interval. For the training period, a fixed-length window scheme was introduced. The
training period was defined as a fixed-length window ending two months prior to the
test interval, and the window length was varied from 12 to 30 months in three-month
increments (12, 15, 18, 21, 24, 27, and 30 months), resulting in seven window configurations.
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Figure 2. Schematic illustration of the rolling-window scheme.

Step A: Hyperparameter Optimization

In Step A, the NLBPM was trained using data from the training window. During the
subsequent one-month validation interval, trading simulations were conducted according
to the trading rules described later, based on four-hour-ahead price direction prediction
signals. The hyperparameter optimized in this step was the L1 regularization coefficient λ.
The hyperparameter search was performed through iterative trials using the Bayesian opti-
mization framework Optuna [44]. As the search algorithm in Optuna, the Tree-structured
Parzen Estimator (TPE) was employed. TPE probabilistically estimates promising regions of
the parameter space based on the outcomes of previous trials, enabling efficient exploration.

A key characteristic of this study is the direct maximization of return-based perfor-
mance such as the monthly average return described below, rather than conventional
metrics such as classification performance. Figure 3 illustrates a schematic overview of
the NLBPM optimization process. Optuna repeatedly executed a cycle consisting of DAG
structure learning, price direction prediction, and return calculation. By feeding back the
resulting returns, Optuna estimated λ values expected to yield higher returns and identified
the corresponding optimal weighted adjacency matrix W. Finally, a return-maximizing
model was obtained.

Step B: Performance Evaluation

In Step B, the optimal value of λ identified in Step A was fixed, and the NLBPM was
retrained accordingly. To reflect recent market dynamics, the validation interval used in Step
A was incorporated into the retraining data. The retrained model was then evaluated over
the one-month test interval using trading simulations based on the predefined trading rules.
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Figure 3. Schematic illustration of the NLBPM optimization process.

2.3.2. Trading Rules

The trading rules adopted in this study execute trades mechanically according to the
flow illustrated in Figure 4, based on the price direction predicted by the NLBPM. Specifi-
cally, trading decisions are made according to the conditions described below, depending
on the current Bitcoin position state (no position or holding a position).

Figure 4. Trading decision flow based on price direction prediction.

When no position is held, a buy order is executed if an upward signal is predicted, in
order to capture potential price increases. Conversely, if a downward signal is predicted,
no trade is executed, and the no-position state is maintained to avoid downside risk. When
a position is held, no trade is executed if an upward signal is predicted, and the existing
position is maintained without additional purchases, assuming that the price increase will
continue. If a downward signal is predicted, a sell order is executed, and the entire position
is immediately liquidated to realize profits or limit losses. Under these trading rules, the
strategy always selects either full investment (full buy) or full liquidation (full sell); position
scaling and partial liquidation are not permitted. This constitutes a long-only strategy, as
the model can only take buy positions and does not engage in short-selling.

The trading capital was reset to a fixed amount at the beginning of each RW trial. This
capital reset was adopted to compare RW trials under the same initial conditions and to
statistically evaluate the effectiveness of the monthly returns generated by the prediction
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model and trading strategy. Because cumulative performance is strongly dependent on
a single realized path, this study placed greater emphasis on standardized month-level
evaluation than on cumulative path-based evaluation.

Trading simulations were conducted under fee-adjusted trading conditions that incor-
porated transaction fees for both buy and sell transactions. Specifically, according to the
transaction fee table of Binance [45], four levels of one-way transaction fees—0.00% (no
fee), 0.06%, 0.08%, and 0.10%—were considered to examine the impact of transaction costs
on returns.

In this study, the analysis focused on prediction using price information and technical
indicators that are relatively easy for general investors to obtain. Because modeling other
execution-related costs, such as slippage, bid–ask spread, and market impact, requires
more detailed market microstructure information beyond such data, these factors were
not incorporated into the present trading simulation. The reported returns are based on
simplified trading assumptions and may therefore be optimistic compared to real trading
conditions; however, this does not imply that they are meaningless for supporting decision-
making. In cryptocurrency price prediction studies based primarily on OHLCV (Open,
High, Low, Close, and Volume) data, it is difficult to fully replicate real trading conditions,
which remains a common challenge in this research field. It should also be noted that,
for highly liquid trading pairs such as BTC/USDT on major exchanges, the typical bid–
ask spread for retail-sized orders corresponds to a slippage considerably lower than the
transaction fees applied in this study. The transaction fee of 0.10% adopted in this study
therefore already substantially exceeds the combined cost of the exchange fee and realistic
slippage, serving as a conservative estimate of execution costs.

2.3.3. Evaluation Metrics for Predictive Performance

In this study, return-based metrics were adopted as the primary evaluation criteria for
predictive performance, as they provide an economically meaningful criterion for decision-
making, rather than conventional statistical classification metrics. In addition, classification
metrics were used as secondary evaluation criteria. This evaluation framework enabled a
comprehensive assessment of predictive performance.

Return-based metrics were computed based on the trading results obtained from all
NRW RW trials. The return-based metrics used in this study were the monthly average
return and win rate.

Let ri denote the return obtained in RW trial i (i = 1, · · · , NRW). The monthly average
return is defined as:

Monthly Average Return =
1

NRW
∑NRW

i = 1 ri. (7)

In this study, returns are aggregated arithmetically across RW trials because each RW trial
is treated as an independent evaluation period with a fixed initial capital. Therefore, the
monthly average return represents the average performance across independent trials
rather than compounded portfolio growth over time.

To evaluate the frequency of positive returns, an indicator variable is defined for each
RW trial i as follows:

δi =

{
1 (ri > 0)
0 (ri ≤ 0)

. (8)

Using this indicator, the win rate is then calculated as:

Win Rate(%) =
1

NRW
∑NRW

i = 1 δi × 100. (9)
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Classification metrics were derived from the confusion matrix, which consists of True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) components.
Based on these components, Accuracy, Precision, Recall, and F1-score were computed. Ac-
curacy represents the proportion of correctly predicted upward and downward movements.
Precision measures the proportion of actual upward movements among those predicted as
upward, while Recall indicates the proportion of correctly predicted upward movements
among all actual upward movements. The F1-score is defined as the harmonic mean of
Precision and Recall.

Each classification metric was computed for each RW trial i. Let ci denote a classifica-
tion metric obtained in RW trial i; the monthly average classification performance is then
calculated as:

Monthly Average Classification Performance =
1

NRW
∑NRW

i = 1 ci. (10)

2.4. Trading Strategy Based on Characteristic Directed Edges in the Inferred Causal Structure

In this study, in contrast to a baseline trading strategy that uniformly executes trades
according to predefined trading rules whenever prediction signals are generated, a causal
filter strategy based on the causal structures inferred by the NLBPM was proposed to
improve returns.

Under the causal filter strategy, trading was conducted only for RW trials in which spe-
cific directed edges to target variables were detected in the inferred causal structures. The
specific directed edges used as filters were determined in advance during the exploratory
phase for trading strategy design, prior to backtesting experiments. To evaluate the effec-
tiveness of the proposed causal filter strategy, return-based performance was compared
between scenarios with and without the application of the causal filter.

The candidate filters were defined by all directed edges from individual features to
the target variable, and their return-based performance across the exploratory phase RW
trials was fully evaluated and reported to ensure transparency of the selection process.
Candidate filters were assessed based on win rate, the number of active RW trials, and
consistency of return improvement over the no-filter baseline. The selected filter was fixed
prior to the backtesting experiment and was not modified based on backtesting outcomes.

It should be emphasized that the causal filter is not an externally imposed market-
timing rule but an intrinsic output of the NLBPM framework. Specifically, the filter activates
solely based on whether a directed edge to the target variable is detected in the causal
graph estimated by NLBPM during each RW trial; it is therefore inseparable from the
causal discovery process itself. Because the benchmark model LSTM does not perform
causal structure estimation, it is fundamentally incapable of generating an equivalent filter.
Accordingly, the comparison between NLBPM with the causal filter and LSTM represents a
comparison of two complete and self-contained trading systems with inherently different
capabilities, which is the intended scope of evaluation in this study.

2.5. Benchmark Model

To comparatively evaluate the effectiveness of the proposed NLBPM, a deep learning
model, namely, LSTM, was adopted as a benchmark. LSTM is a type of recurrent neural
network (RNN) that is well suited for learning long-term dependencies in time-series data.
By introducing a memory cell together with three gating mechanisms—the forget gate,
input gate, and output gate—LSTM is able to retain long-term temporal information.

LSTM has been widely used in cryptocurrency price prediction. However, due to
its strong nonlinearity and complex internal structure, LSTM suffers from the black-box
problem, making it difficult to interpret the rationale behind its predictions. In this respect,
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LSTM fundamentally differs from the NLBPM, which is designed as an interpretable
prediction model based on causal structures.

The hyperparameter settings of the LSTM used in this study were based on those
reported in a related study [46]. In particular, the input sequence length (timesteps),
which affects predictive performance and determines how far back past observations are
referenced at prediction time, was explored in this study. Within the same rolling-window
scheme used for the NLBPM, several timesteps—6 (1 day), 18 (3 days), 30 (5 days), and 42
(7 days)—were evaluated, and the timesteps value that maximized returns was selected.

In addition to LSTM, a Buy-and-Hold strategy was employed as a market benchmark
to assess whether the returns of the proposed strategy exceed those obtainable from the
overall market movement. Under the Buy-and-Hold strategy, Bitcoin was purchased at the
beginning of each one-month test interval and held until the end of the interval, following
the same rolling-window evaluation framework used for the other models.

2.6. Design of the Backtesting Experiment

In this study, a backtesting experiment was conducted to examine whether the pro-
posed causal filter strategy remained effective when applied to future unseen data. With the
causal filter strategy fixed, the same rolling-window scheme as that used in the exploratory
phase for trading strategy design, incorporating training, validation, and test intervals, was
applied to evaluate trading performance. The overall test interval used in the backtesting
experiment covered one year from October 2024 to September 2025 (12 months in total),
and this period was completely excluded from the exploratory phase for trading strategy
design. Because return-based optimization may be sensitive to validation-period market
regimes, this fully excluded 12-month period was used as an additional robustness check.

3. Results
3.1. Return-Based Performance of NLBPM

The predictive performance of financial market models is highly dependent on the
length of the data period used for training. If the training period is too short, the model may
fail to capture sufficient market patterns; conversely, if it is too long, outdated information
that deviates from recent market structures may be incorporated, potentially leading to a
degradation in predictive performance. To identify an appropriate fixed-length training
window for the NLBPM, this study compared seven fixed-length windows at three-month
intervals: 12, 15, 18, 21, 24, 27, and 30 months.

For each fixed-length window, 48 rolling-window (RW) trials were conducted by
sliding the window forward in one-month increments. In each RW trial, returns were
computed by executing the trading rules defined in this study. Predictive performance was
evaluated using return-based metrics as the primary criteria and classification metrics as
secondary criteria. In addition, to approximate trading conditions, four levels of one-way
transaction fees—0.00% (no fee), 0.06%, 0.08%, and 0.10%—were applied based on the
transaction fee table of Binance [45].

Table 2 presents the return-based performance of NLBPM across different fixed-length
windows. The evaluation metrics include the monthly average return, win rate, and
monthly average number of trades under each transaction fee rate. In addition, Figure 5
visualizes the impact of transaction fee variations on the monthly average return. The
results indicated that, regardless of the transaction fee level, the highest monthly average
return was achieved when a window length of 15 months was employed. In particular,
under a commonly applied transaction fee of 0.10%, only the 12-month window and the
15-month window maintained positive monthly average returns. In contrast, all window
lengths of 18 months or longer yielded negative returns, with the lowest value observed
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for the 27-month window. These findings demonstrate that the choice of training window
length has an important impact on trading performance.

Table 2. Return-based performance of NLBPM across different fixed-length windows.

Window Length
(Months)

Monthly Average Return (%)
Win Rate (%) Monthly Average

Number of TradesFee 0% Fee 0.06% Fee 0.08% Fee 0.1%

12 4.30 1.79 0.97 0.15 50.00 19.67
15 4.69 2.07 1.21 0.36 41.67 20.21
18 3.59 0.91 0.03 −0.84 39.58 20.90
21 4.17 1.28 0.34 −0.59 43.75 22.33
24 4.38 1.37 0.39 −0.58 39.58 23.54
27 3.19 −0.01 −1.04 −2.07 39.58 25.38
30 3.47 0.12 −0.97 −2.04 43.75 26.52

Bold values indicate the highest values across fixed-length windows for each metric.

Figure 5. Monthly average returns of NLBPM under different transaction fee rates across different
fixed-length windows.

Focusing on the win rate, the 12-month window achieved the highest value at 50.00%,
exceeding those of the 15-month window and the 21-month window. However, the
15-month window records the highest monthly average return, suggesting that a higher
win rate does not necessarily translate into greater overall returns. This result implies that,
although the 15-month window has a lower win rate than the 12-month window, it may
better capture a trade pattern characterized by larger gains per trade or more effectively con-
trolled losses. Since the primary objective of this study is return maximization, particular
emphasis is placed on the monthly average return as the main performance indicator.

An examination of the monthly average number of trades executed based on the
prediction signals revealed a clear increasing trend in trading frequency as the fixed-length
window becomes longer, rising from 19.67 trades for the 12-month window to 26.52 trades
for the 30-month window. Under the trading rules adopted in this study, no new trade is
executed as long as the prediction signal continues in the same direction. Therefore, an in-
crease in the number of trades indicates more frequent reversals of prediction signals. When
a shorter fixed-length window is used, prediction signals tend to persist in a single direction
for longer periods. In contrast, longer fixed-length windows appear to react more sensi-
tively to minor market fluctuations, leading to more frequent switches between upward
and downward predictions. Consequently, an increase in the monthly average number
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of trades is considered to lead to the accumulation of transaction fees, thereby reducing
the monthly average returns. Indeed, for longer fixed-length windows (the 27-month and
30-month settings), the difference in monthly average return between the 0% and the 0.10%
transaction fee conditions exceeded 5%. By contrast, under the 15-month window, where
the monthly average number of trades remains relatively restrained, the corresponding
reduction in return was limited to approximately 4%. These findings indicate that the
15-month window demonstrates superior resilience to transaction costs. Based on these
results, the 15-month fixed-length window, which exhibited the highest returns even after
accounting for transaction costs, was selected as the most promising window length in
the exploratory phase for trading strategy design and was adopted in the subsequent
backtesting experiment.

3.2. Price Direction Classification Performance of NLBPM

Table 3 presents the price direction classification performance of NLBPM across differ-
ent fixed-length windows. The evaluation metrics include the monthly average Accuracy,
Precision, Recall, and F1-score computed over 48 RW trials. The results showed that
the monthly average Accuracy remained relatively stable across fixed-window length
settings, ranging from 52.6% to 52.8%. In contrast, notable differences were observed in
the monthly average Precision and Recall depending on the fixed-window length. The
highest Precision value of 0.566 was achieved with the 12-month and 21-month windows,
whereas it decreased to 0.540 for the 24-month window, corresponding to a difference of
0.026. Furthermore, the monthly average Recall and F1-score exhibited a decreasing trend
from the 15-month to the 24-month window, followed by a recovery for longer windows.
The 30-month window achieved the highest monthly average F1-score of 0.527 across all
settings. These results indicate that classification metrics vary in a non-monotonic manner
with respect to the length of the training window.

Table 3. Price direction classification performance of NLBPM across different fixed-length windows.

Window Length
(Months)

Monthly Average
Accuracy

Monthly Average
Precision

Monthly Average
Recall

Monthly Average
F1-Score

12 0.526 0.566 0.582 0.518
15 0.526 0.561 0.581 0.521
18 0.526 0.553 0.559 0.512
21 0.526 0.566 0.541 0.509
24 0.528 0.540 0.528 0.509
27 0.526 0.545 0.535 0.518
30 0.528 0.549 0.544 0.527

Bold values indicate the highest values across fixed-length windows for each metric.

A comparison of the classification performance with the return-based performance
shown in Table 2 revealed that higher classification performance does not necessarily
translate into higher returns. For example, although the 30-month window achieved the
highest F1-score, it recorded a large negative monthly average return under the transaction
fee of 0.1%. This discrepancy can be attributed to several factors. First, conventional
classification metrics treat prediction errors equally. Second, under the long-only trading
strategy adopted in this study, false positive predictions generate actual trading losses,
whereas false negative predictions only result in missed opportunities. Furthermore,
classification metrics do not account for the magnitude of price movements or whether the
realized return exceeds transaction costs. In real financial trading, correct predictions during
large price movements and the ability to secure return margins exceeding transaction costs
play a decisive role in determining overall profitability.
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3.3. Causal Structures Inferred by NLBPM

The causal structures inferred in all 48 RW trials under the 15-month fixed-length
window setting were analyzed to detect the direct causes (parent nodes) of the target
variable. The frequency with which directed edges from each feature to the target variable
were detected is reported in Supplementary Material S1. Notably, RSI_7 (7-period Relative
Strength Index) was detected as a parent node of the target variable in 46 out of 48 trials
(95.8%), demonstrating an exceptionally high occurrence rate. This finding suggests that
NLBPM robustly captures the influence of oscillator-based indicators reflecting market
overbought and oversold conditions. In contrast, the appearance frequencies of parent
nodes other than RSI exhibit considerable variability.

Figure 6 illustrates the causal graphs corresponding to the top four RW trials that
achieved the highest monthly average returns (1st: 27.28%, 2nd: 22.96%, 3rd: 19.65%,
4th: 18.97%). These high-performing graphs share commonalities. A notable common
characteristic is the differentiated role of RSI depending on its period length. In all four
cases, the short-term RSI_7 consistently exhibited a negative weight to the target variable,
whereas the medium-term RSI_14 consistently showed a positive weight. Another no-
table finding was that the Open (opening price) appeared as a parent node of the target
variable in all four high-return trials. This result suggests that restricting trading to RW
trials in which a directed edge from the Open to the target variable is present is effective
for achieving high monthly returns. The Open filter was therefore selected based on the
following criteria evaluated during the exploratory phase: (1) It achieved the highest win
rate (59.26%) among candidate filters with a sufficient number of active trading RW trials.
(2) It was active in 27 out of 48 RW trials, providing substantially greater statistical relia-
bility than filters active in only a small number of trials—for instance, the EMA_200 filter
recorded a higher monthly average return (5.01%) but was active in only 2 trials, making
its result potentially dependent on specific market conditions. (3) It showed consistent
return improvement over the no-filter baseline. All candidate filter results are fully re-
ported in Supplementary Material S1, ensuring transparency of the selection process. The
selected filter was fixed prior to the backtesting experiment and was not modified based on
backtesting outcomes.

3.4. Trading Strategy Based on Inferred Causal Structure

Among the 48 RW trials, there are periods in which achieving positive returns is
difficult. Avoiding trading during such periods can serve as an effective means of improving
returns. Therefore, this study proposes a trading strategy that decides whether to execute
trades for each RW trial based on insights obtained from the causal structures inferred by
NLBPM. In this study, we define a causal filter strategy as an approach that restricts trading
to RW trials in which specific causal relationships (directed edges) are detected. The return-
based performance obtained by applying various causal filters, defined by directed edges
from individual features to the target variable, is reported in Supplementary Material S1.
Among these filters, executing trades only in RW trials in which a directed edge from
the Open (opening price) to the target variable existed demonstrated high and consistent
returns. This condition is referred to as the Open filter.

Table 4 compares the return-based performance of NLBPM without filtering, NLBPM
with the Open filter, and LSTM under a fixed-length window of 15 months, a trans-
action fee rate of 0.1%, and the trading rules adopted in this study, based on 48 RW
trials. For the LSTM, multiple input sequence lengths (timesteps) were evaluated (see
Supplementary Material S2), and the results with timesteps set to 18 (three days), which
achieved the highest performance, are shown. As a result, NLBPM without filtering
achieved a win rate of 41.67% and a monthly average return of 0.36%. NLBPM with the
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Open filter achieved a win rate of 59.26% and a monthly average return of 3.34%. On the
other hand, LSTM recorded the lowest values for both return-based metrics, with a win
rate of 33.33% and a negative monthly average return of −2.86%. However, the Open filter
should be interpreted as the best-performing filter in the present exploratory phase for
trading strategy design, rather than as a universally optimal filter.

Figure 6. Causal graphs for the top four RW trials that achieved the highest monthly average returns.
The red node indicates the target variable. Green and red values represent positive and negative
weights. Thick edges denote the directed edges between the target variable and its parent nodes.
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Table 4. Return-based performance of prediction models under a 0.1% transaction fee.

Prediction Model Trading RW Trials
(Months) Win Rate (%) Monthly Average

Return (%)
Monthly Average
Number of Trades

NLBPM (No Filter) 48 41.67 0.36 20.21
NLBPM (Open Filter) 27 59.26 3.34 21.48
LSTM 48 33.33 −2.86 24.48

Bold values indicate the highest values across prediction models for each metric.

Table 5 compares the price direction classification performance of prediction models
under the same conditions. For NLBPM without filtering, the monthly average Accuracy,
Precision, Recall, and F1-score were 0.526, 0.561, 0.581, and 0.521, respectively. When the
Open filter was applied, these values became 0.527, 0.576, 0.579, and 0.524. The application
of the Open filter led to improvements in all classification metrics except recall. On the
other hand, LSTM exhibited lower classification performance than both NLBPM without
filtering and NLBPM with the Open filter across all metrics.

Table 5. Price direction classification performance of prediction models.

Prediction Model Monthly Average
Accuracy

Monthly Average
Precision

Monthly Average
Recall

Monthly Average
F1-Score

NLBPM (No Filter) 0.526 0.561 0.581 0.521
NLBPM (Open Filter) 0.527 0.576 0.579 0.524
LSTM 0.499 0.519 0.512 0.506

Bold values indicate the highest values across prediction models for each metric.

3.5. Backtesting Experiment

In the backtesting experiment, the one-year period immediately following the ex-
ploratory phase for trading strategy design was treated as a completely unseen test period.
A total of 12 RW trials were conducted to examine the effectiveness of the causal filter
strategy, using the Open filter selected in the exploratory phase for trading strategy design.
In each RW trial, a one-month validation interval for hyperparameter optimization and
a one-month test interval for performance evaluation were applied, following the same
framework as in the exploratory phase for trading strategy design. The hyperparameters
determined in the exploratory phase for trading strategy design were fixed throughout
the backtesting experiment, with a fixed window length of 15 months for NLBPM and a
timestep set to 18 for the LSTM model.

Table 6 presents the return-based performance of NLBPM without filtering, NLBPM
with the Open filter, and LSTM under a transaction fee rate of 0.1%. When the Open filter
was applied, trades were executed in four RW trials, no losing RW trials were observed,
and the monthly average return reached 10.35%, indicating favorable performance. In
contrast, both NLBPM without a filter and LSTM recorded win rates of only 41.67%, and
their monthly average returns were negative.

To examine whether the returns of the proposed strategy exceed those obtainable from
the overall market trend, a Buy-and-Hold benchmark was additionally evaluated under
the same rolling-window framework, in which Bitcoin was purchased at the beginning
of each one-month test interval and sold at the end. As shown in Table 6, the Buy-and-
Hold benchmark achieved a monthly average return of 5.57% with a win rate of 66.67%,
indicating that the backtesting period included both bullish and bearish months. Over the
same period, NLBPM (Open Filter) achieved a monthly average return of 10.35%, exceeding
the Buy-and-Hold benchmark. This suggests that the returns of the proposed strategy
are not merely attributable to the overall upward market trend during the backtesting
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period. In contrast, both NLBPM (No Filter) and LSTM underperformed the Buy-and-Hold
benchmark, indicating that the causal filter strategy, rather than the prediction model alone,
was the key contributor to outperforming the market benchmark.

Table 6. Return-based performance of prediction models under a 0.1% transaction fee in the
backtesting experiment.

Prediction Model Trading RW Trials
(Months) Win Rate (%) Monthly Average

Return (%)
Monthly Average
Number of Trades

NLBPM (No Filter) 12 41.67 −0.72 26.25
NLBPM (Open Filter) 4 100 10.35 29.50
LSTM 12 41.67 −3.20 28.17
Buy-and-Hold 12 66.67 5.57 —

Bold values indicate the highest values across prediction models for each metric. Note that the Open filter is an
intrinsic output of NLBPM’s causal discovery process and cannot be independently applied to LSTM, as LSTM
does not perform causal structure estimation. The Buy-and-Hold benchmark purchases Bitcoin at the beginning
of each one-month test interval and sells it at the end, and is therefore not associated with a comparable monthly
number of trades.

The Open filter was active in only four of the 12 RW trials, reflecting the sparse-trading
nature of the strategy. The number of RW trials in which the Open filter is active also
depends on the market conditions under which the corresponding directed edge is detected,
and therefore does not simply increase with a longer test period. Accordingly, the reported
win rate of 100% indicates that all four RW trials in which the filter was active had positive
returns. The causal filter strategy is an event-driven approach in which trades are executed
only when specific causal structures are detected. As a result, the number of trading
instances is not determined by the length of the evaluation period, but by the frequency
with which the corresponding causal conditions are satisfied. Therefore, even over a longer
period, the number of trading instances may remain limited. In this sense, the reported
results reflect the behavior of a selective trading mechanism that restricts trades to specific
market conditions. Therefore, these results should not be interpreted as statistically reliable
estimates, but rather as illustrative outcomes under the given conditions. These findings
suggest that the Open filter may help restrict trades to RW trials with more favorable return
outcomes during the backtesting period, thereby contributing to more efficient return
maximization. However, the Open filter should be interpreted as the specific filter selected
in the exploratory phase for trading strategy design, rather than as a universally optimal
filter. Detailed causal structures inferred in each RW trial during the backtesting experiment
are provided in Supplementary Material S3.

Table 7 presents the classification performance of NLBPM without filtering, NLBPM
with the Open filter, and LSTM under a transaction fee rate of 0.1%. The NLBPM with the
Open filter achieved the highest performance across all metrics, with a monthly average
accuracy of 0.526, precision of 0.533, recall of 0.652, and an F1-score of 0.582. NLBPM
without filtering also exhibited relatively strong classification performance, whereas LSTM
showed consistently lower values around 0.5 for all metrics. These results follow the same
ranking order as shown in the return-based performance.

Table 7. Price direction classification performance of prediction models in the backtesting experiment.

Prediction Model Monthly Average
Accuracy

Monthly Average
Precision

Monthly Average
Recall

Monthly Average
F1-Score

NLBPM (No Filter) 0.521 0.527 0.646 0.576
NLBPM (Open Filter) 0.526 0.533 0.652 0.582
LSTM 0.490 0.503 0.505 0.498

Bold values indicate the highest values across prediction models for each metric.
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To further examine whether this outperformance reflects predictive skill or favorable
market timing, we additionally computed the Buy-and-Hold return restricted to the same
four months in which the Open filter was active. During these four months, the Buy-and-
Hold return averaged 15.93%, exceeding the Open filter’s 10.35%. This indicates that the
four months selected by the Open filter were months in which the overall market rose, and
we therefore acknowledge that the outperformance of the Open filter over the full-period
Buy-and-Hold benchmark partly reflects favorable market timing in addition to predictive
skill. We note, however, that the ability to selectively trade during these favorable months,
while avoiding the months in which the market declined, is itself a result of the causal
filter derived from the NLBPM. Within the same 12 backtesting months, NLBPM (No Filter)
and LSTM were exposed to all months and could not capture this favorable timing, both
underperforming the Buy-and-Hold benchmark. This contrast suggests that the Open
filter’s ability to trade during the upward-trending months was not coincidental, but rather
reflects the predictive capability of the causal filter to identify profitable trading periods.

4. Discussion
4.1. Trading Strategy Based on Inferred Causal Structures

The advantage of the NLBPM employed in this study lies in its ability to construct
logical and explainable trading strategies based on causal structures inferred directly from
data. Crucially, the causal filter strategy is an intrinsic capability of the NLBPM framework:
it emerges directly from the causal graph estimated during each RW trial and is not
available to models that are not designed to perform causal discovery, such as LSTM. The
performance comparison between NLBPM (Open Filter) and LSTM therefore represents
a comparison of two complete trading systems with inherently different capabilities. By
utilizing these inferred causal structures, a trading strategy can be designed that executes
trades only when specific causal relationships (directed edges) are present.

The Open filter, which executes trades only in RW trials in which a directed edge
from the opening price (Open) to the price direction (target) was detected, was conceived
on the basis of the interpretability provided by NLBPM. The effectiveness of this strategy
can be interpreted in the context of the cryptocurrency market environment during the
study period (2018–2025), a period in which returns were more likely to be efficiently
captured when a strong inferred structural relationship existed between opening prices
and subsequent price movements.

Focusing on the sign of the weight associated with the directed edge from the Open
to the target variable, a positive weight indicates that higher opening prices increase
the likelihood of predicting an upward price movement. This suggests that a higher
opening price supports upward momentum and contributes to higher returns. Conversely,
a negative weight implies that higher opening prices increase the likelihood of predicting a
downward price movement. Under the trading rules adopted in this study, such signals
suppress new buy orders and trigger the liquidation of existing positions. Consequently,
this mechanism functions as a risk-avoidance signal that helps prevent potential losses in
advance. In the backtesting experiments, the edge weight associated with the directed edge
from Open to the target variable was consistently negative across all four active RW trials
(Supplementary Material S3), suggesting that a relatively high opening price was associated
with a higher predicted probability of a subsequent downward price movement during
this period—a pattern consistent with short-term mean reversion following gap-up opens
in cryptocurrency markets. It should be acknowledged that in a 4-h candlestick framework,
the opening price approximates the previous closing price, and this edge may therefore
partially reflect first-lag autocorrelation in returns rather than a purely structural causal
relationship. Nevertheless, the consistent sign and magnitude of the edge weight across
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all four backtesting trials suggest that this signal captures a meaningful and reproducible
market dynamic, rather than a spurious artifact of the data.

However, because cryptocurrency markets are inherently dynamic, the effectiveness
of the Open filter may not persist; candidate filters should be periodically re-examined and
updated as market conditions change.

4.2. Causal Roles of Technical Indicators and Interpretation of Weights

Here, we focus on the sign of the weights associated with the directed edges between
each feature and the target variable, and discuss how feature variables that appeared with
relatively high frequency across RW trials influence the price direction prediction.

Regarding the Relative Strength Index (RSI), the short-term indicator RSI_7 (7-period)
consistently exhibited negative weights, whereas the medium-term indicator RSI_14
(14-period) tended to show positive weights. This finding suggests that even for the same
technical indicator, different time scales capture distinct market dynamics. An increase in
RSI_7 reflects short-term market overheating and can be interpreted as a contrarian signal
associated with mean reversion and downward price predictions. In contrast, an increase
in RSI_14 appears to reflect not mere overheating but rather the persistence of medium-
term trends and momentum, thereby aligning with upward price predictions. These
results indicate that by jointly incorporating the same indicator at different time scales,
the model is able to simultaneously represent short-term pullback risks and medium-term
trend continuation.

For the Exponential Moving Average (EMA), the causal interpretation varied markedly
depending on the time horizon. Short- and medium-term EMAs, including EMA_12,
EMA_26, and EMA_50, exhibited weights whose signs fluctuated across RW trials. This
behavior likely reflects regime changes in the cryptocurrency market, such as transitions
between trending and range-bound conditions. In trending markets, these indicators may
function as trend-following signals (e.g., buying on pullbacks), whereas in range-bound
markets, they may instead act as contrarian signals indicating potential reversals from
elevated price levels. In contrast, the long-term indicator EMA_200 consistently showed
positive weights. This suggests that when the long-term moving average is upward sloping,
a robust upward market bias exists that is relatively insensitive to short-term noise.

For Bollinger Bands (Upper, Lower, and Moving Average), the weights were predom-
inantly negative. For example, the Bollinger Band Upper appears to function not as a
trend-following indicator but rather as a mean-reversion signal that reflects the risk of a
price pullback associated with elevated price levels. As the price approaches the upper
band, the prediction model tends to forecast a downward movement, suggesting that
this condition may be interpreted as a precursor to a corrective phase associated with
market overheating.

4.3. Comparison of Linear and Nonlinear Models

The results of this study demonstrate that, under identical experimental conditions,
the linear NLBPM outperforms the nonlinear LSTM model in terms of both returns and
classification performance. It should be noted, however, that the observed performance
difference between NLBPM and LSTM reflects not only the linear structure of the model
but also the combined effect of the causal structure constraint, the return-maximization
objective, and the causal filter strategy.

The outperformance of NLBPM over LSTM suggests that linear models are not nec-
essarily inferior to nonlinear models and may, in fact, be more suitable depending on the
characteristics of the data, which is consistent with the findings of Cakici et al. [17]. One
plausible explanation lies in the inherently low signal-to-noise ratio characteristic of cryp-
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tocurrency time-series data. In such environments, nonlinear models with a large number
of parameters are more prone to overfitting noise, leading to degraded generalization
performance on unseen data. In contrast, the linear structure of NLBPM imposes strong
constraints on variable relationships, effectively acting as a form of regularization that
suppresses noise while preserving dominant causal relationships. For prediction models
based on causal structures, such as the present study, a linear modeling approach represents
a well-suited choice. However, this does not necessarily imply that all complex market
behavior should be regarded as noise. In order to capture more complex market patterns
that cannot simply be attributed to noise, it may also be worthwhile to consider extending
NLBPM to a nonlinear causal model implemented as a multilayer perceptron (MLP) with
hidden layers. Extending the comparison to include a NOTEARS-MLP baseline would help
isolate the effect of the linear assumption on performance. Similarly, including standard
machine learning baselines such as Random Forest, XGBoost, and LightGBM would pro-
vide a broader context for evaluating the relative advantage of the causal structure-based
approach over conventional correlation-based models. These extensions address different
research questions and are therefore beyond the scope of the current study.

4.4. Limitations

Several limitations of this study should be acknowledged. First, the backtesting
evaluation of the Open filter rests on only four active trials, since the filter activated in 4 of
the 12 backtesting months. While the resulting 100% win rate and 10.35% monthly average
return are encouraging, this small sample size limits the statistical power of the evaluation,
and these figures should be interpreted as illustrative outcomes under the given conditions
rather than as statistically conclusive evidence. The event-driven nature of the causal filter
strategy, in which trades are executed only when specific causal structures are detected,
inherently constrains the number of active trials, and a longer evaluation period would not
necessarily increase it proportionally. Accordingly, the reported results should be regarded
as indicative, and further evaluation over longer periods and additional market regimes is
needed to establish their robustness.

We also considered computing confidence intervals or bootstrap estimates around the
10.35% monthly average return. However, with only four active trials in the backtesting
period, such interval estimates would be too wide to be statistically meaningful and could
convey a false sense of precision. We therefore refrain from reporting them, and instead
note that the Open filter was evaluated over a larger sample of 27 active trials during the
exploratory phase (Supplementary Material S1), which provides additional, though not
out-of-sample, support for its return-based performance.

A second limitation concerns the i.i.d. assumption underlying the NOTEARS algo-
rithm. Financial time series exhibit autocorrelation and volatility clustering that violate this
assumption. While the rolling-window re-estimation and L1 regularization adopted in this
study mitigate the impact of non-stationarity across estimation windows, we acknowledge
that these are general-purpose strategies and do not constitute a principled solution to the
serial dependence among observations within each estimation window. Because the causal
discovery component is central to the proposed framework, this non-i.i.d. violation should
be regarded as a known theoretical constraint of the current approach, rather than a fully
resolved issue. Time-series-specific causal discovery methods such as DYNOTEARS [43]
offer a more principled direction for addressing this constraint.

5. Conclusions
In this study, to simultaneously achieve high interpretability and high returns in

cryptocurrency price direction prediction, we employed the NLBPM, which directly in-
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corporates causal structures inferred through the causal discovery method NOTEARS as
structural constraints. An advantage of the proposed model is its explicit use of causal
structures, which reduces the black-box problem commonly observed in conventional
machine learning and deep learning approaches and explains the rationale underlying the
predictions. Furthermore, unlike conventional approaches that focus primarily on minimiz-
ing prediction error, the NLBPM emphasizes return maximization as its objective function,
thereby prioritizing an economically meaningful evaluation criterion for decision-making.

We proposed a causal filter strategy aimed at enhancing returns by utilizing the
inferred causal structures. In the exploratory phase for trading strategy design, returns
were found to improve when trades were executed only during periods in which a directed
edge between the opening price (Open) and the price direction (target) was detected. This
approach was defined as the Open filter. In the backtesting experiment with a transaction
fee rate of 0.1% under a rolling-window scheme with one-month increments, the NLBPM
with the Open filter outperformed both the NLBPM without filtering and the benchmark
LSTM. While the LSTM achieved a negative monthly average return of −3.20% and the
NLBPM without filtering yielded −0.72%, the NLBPM with the Open filter attained 10.35%.
These results demonstrate the effectiveness of utilizing inferred causal information to design
trading strategies. It should be noted, however, that cryptocurrency markets are inherently
dynamic, and the effectiveness of the Open filter may not persist indefinitely. Accordingly, it
is important to periodically re-examine candidate causal filters and update the selected filter
in response to changing market conditions. Nevertheless, the framework of incorporating
causal structure information into the design of trading strategies has broad applicability
and represents a key advantage of the proposed method over conventional black-box
models. Overall, the primary contribution of this study lies not only in the comparison with
correlation-based prediction models such as LSTM, but also in the internal comparison
between the no-filter and causal-filter strategies within the proposed framework. As a
result, the Open filter achieved higher monthly average returns than the no-filter setting,
suggesting that the causal structure inferred by NLBPM provides added value for trading
decision support. In contrast, applying the same filter periods to LSTM would allow it
to benefit from the structural information generated by NLBPM and would therefore not
constitute a fully fair comparison. As future work, further evaluation under more realistic
trading conditions will be necessary, including alternative transaction-cost settings such
as fixed-rate or minimum-fee regimes, as well as execution-related costs such as slippage,
bid–ask spread, and market impact. It will also be important to investigate whether the
proposed framework remains effective for other cryptocurrencies with different liquidity
conditions, volatility levels, and market structures. In addition, it may be worthwhile to
consider extending NLBPM to a nonlinear causal model based on a multilayer perceptron
(MLP) with hidden layers in order to capture complex market patterns that cannot simply
be regarded as noise.

At present, in cryptocurrency price prediction research, the development of causal-
structure-based prediction models remains at an early stage. This study contributes to the
field by proposing and evaluating trading strategy based on causal structures. Causal-
structure-based prediction has important implications for decision support, as it enables
price prediction while presenting the rationale for predictions through causal graphs. Such
frameworks are expected to contribute not only to improving the information literacy of
market participants but also to enhancing the overall transparency and trustworthiness
of cryptocurrency markets by supporting decision-making processes characterized by
explainability, verifiability, and reproducibility.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/forecast8040058/s1, Supplementary File: Supplementary Material S1:
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