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ABSTRACT 

The unpredictable and highly dynamic nature of cryptocurrency markets has driven researchers to 

develop advanced forecasting techniques that can support decision-making in trading and risk 

management. This study proposes a hybrid deep learning framework that combines a Transformer with 

recurrent models for multi-step Bitcoin price forecasting. The model operates on log-differenced closing 

prices and is evaluated for 7-, 14-, and 21-day ahead prediction using recursive multi-step forecasting 

schemes. In addition to the proposed Transformer-based architectures, a comprehensive comparison was 

conducted against four benchmark recurrent models, namely Long Short-Term Memory (LSTM) and 

Gated Recurrent Unit (GRU), along with their bidirectional variants Bidirectional-LSTM (BiLSTM) and 

Bidirectional GRU (BiGRU). Model performance was assessed using standard regression metrics, 

including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage 

Error (MAPE), and Directional Accuracy (DA) to quantify the accuracy of predicted price movements. 

The experimental results show that the Transformer-based models outperform standalone recurrent 

architectures across all forecasting methods, with the Transformer-LSTM achieving the lowest error 

values and strong trend-tracking behavior. These findings highlight the effectiveness of hybrid attention-

recurrent architectures for modeling the nonlinear and volatile dynamics of Bitcoin markets. 

Keywords-Bitcoin; cryptocurrency forecasting; deep learning; transformer; LSTM; GRU; multi-step 

forecasting 

I. INTRODUCTION  

Since its introduction in 2009 [1], Bitcoin has grown from a 
decentralized payment system into a major financial asset. The 
cryptocurrency market is highly volatile, with rapid price 
swings that create both high return potential and substantial 
risk. As of October 1, 2025, the global cryptocurrency market 
capitalization exceeded 4 trillion USD [2], highlighting its 
rising importance and the need for advanced predictive tools 
for trading and risk management. Accurate price forecasting is 
essential for systematic trading, portfolio optimization, and risk 
control. Traditional econometric models, such as ARIMA and 
GARCH, often fail to capture the nonlinear, noisy, and 
sometimes chaotic behavior of cryptocurrency markets. In 
contrast, machine learning and deep learning models can learn 

complex patterns, model temporal dependencies, and better 
handle noisy financial time series [3]. 

Recurrent Neural Networks (RNNs), particularly LSTM 
and GRU architectures, are widely used in cryptocurrency 
forecasting for their ability to process sequential data and 
capture long-range dependencies [4]. However, they can 
struggle during regime shifts and periods of extreme volatility, 
often underestimating sharp jumps and reversals. To address 
these issues, authors in [5, 6] proposed hybrid deep learning 
frameworks that augment recurrent models with additional 
components to improve robustness and adaptability. The 
transformer architecture introduced in [7] replaced recurrence 
with self-attention and transformed sequence modeling by 
efficiently learning both short- and long-range dependencies. 
Its success in natural language processing has motivated 
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applications in time series and financial forecasting [8, 9]. 
Hybrid models that combine Transformer-based attention with 
other neural architectures have been explored, using attention 
to capture global dependencies while preserving flexibility in 
modeling complex financial dynamics [10, 11]. Directional 
forecasting has also become a central focus, since it aligns 
more directly with trading decisions and supports the design of 
profitable yet risk-aware strategies [12, 13]. 

Cryptocurrency price forecasting has become an active 
research area, driven by extreme volatility and the need for 
robust trading strategies. A wide range of machine learning 
methods has been applied. Authors in [14] used Random 
Forests with Alpha101 factors and OHLCV features, showing 
that engineered variables can effectively predict short-term 
movements. Authors in [15] compared classification and time 
series forecasting models across several cryptocurrencies and 
found that simple time-series models, such as Exponential 
Smoothing, can outperform basic classifiers. Authors in [16] 
reported that ensemble-based trading strategies outperform 
single models for Bitcoin, Ethereum, and Litecoin, while 
authors in [17] demonstrated that combining resampling and 
ensemble methods (Logistic Regression, Random Forest, 
Gradient Boosting) yields steady gains over Buy-and-Hold. 
Deep learning models generally outperform traditional ML 
methods due to their capacity to learn long-horizon links and 
complex time series behavior. Authors in [3] demonstrated that 
LSTM surpasses standard RNN and ARIMA for Bitcoin 
forecasting. Authors in [4] found that LSTM outperforms 
GRNN and deep feedforward networks in modeling 
cryptocurrency volatility. Authors in [18] reported that GRU 
achieves the lowest errors among LSTM, GRU, and BiLSTM 
on Bitcoin, Ethereum, and Litecoin, while authors in [19] 
concluded that RNN-based models (LSTM, GRU) outperform 
CNNs in terms of both precision and trading returns. Authors 
in [20] showed that univariate LSTM models accurately 
forecast 1-min Bitcoin and Ethereum prices during early 
COVID-19, with Ethereum being more stable and predictable 
than Bitcoin. Hybrid architectures that combine convolutional 
and recurrent layers show strong potential for cryptocurrency 
forecasting. Authors in [5] proposed a CNN-LSTM model for 
Bitcoin with macroeconomic factors and reported better 
performance than a standalone LSTM. Authors in [21] used a 
1D-CNN with stacked GRU and obtained higher accuracy than 
CNN-LSTM. Authors in [22] introduced a multi-input CNN-
LSTM that reduced overfitting and improved efficiency for 
Bitcoin, Ethereum, and Ripple during the COVID-19 period. 
Similarly, authors in [23] proposed a 1D-CNN-LSTM hybrid 
for daily Bitcoin prices that achieved lower RMSE than simpler 
baselines, though performance remained sensitive to epoch 
choice and major market shocks. Incorporating non-price 
information further improves results. Authors in [24] 
demonstrated that trading and social indicators increase 
classification accuracy. Authors in [25] proposed DL-GuesS, 
which combines sentiment analysis with LSTM and GRU, and 
outperforms purely price-based models. 

Feature enrichment is a central theme in many studies. 
Authors in [26] combined technical indicators and 
macroeconomic variables with SVM, XGBoost, and LSTM, 
and reported higher predictive power. Authors in [27] 

embedded MACD into LSTM and obtained profitable trading 
strategies with high win rates. Authors in [28] used technical 
indicators together with Twitter sentiment and achieved 
prediction accuracies close to 95 %. Research also focuses on 
directional prediction and trading performance. Authors in [29] 
used Deep Cross Networks for Bitcoin direction and obtained 
superior profitability and risk-adjusted returns. Authors in [30] 
compared machine learning with traditional technical analysis 
for 861 cryptocurrencies and found that machine learning 
performs the best on illiquid assets but may suffer from data-
snooping bias. Authors in [31] combined autoencoders and 
LSTM for high-frequency direction forecasting and reported 
strong F1-scores on order book data. Authors in [32] enriched 
daily Bitcoin, Ethereum, and Ripple prediction with a high-
dimensional set of technical indicators and PCA-based 

compression, reporting moderate directional accuracies (≈50–

56%) but stronger risk-adjusted performance in long-only 
backtests, especially for XGBoost. 

Overall, the literature points toward hybrid and deep 
sequence models. The present study proposes a hybrid 
Transformer–RNN framework for recursive multi-step Bitcoin 
forecasting over 1-, 2-, and 3-week horizons. This framework is 
compared with LSTM, GRU, BiLSTM, and BiGRU 
benchmarks, using log-differenced Bitcoin-USD closes in a 
sliding-window setup, while regression metrics and DA are 
evaluated. 

II. METHODOLOGY 

The proposed methodology includes a multi-horizon 
Bitcoin forecasting framework, where Bitcoin-USD closes are 
converted to standardized log returns using supervised samples 
via a sliding window. Furthermore, the study presents the 
hybrid Transformer and RNN benchmarks, and details the 
train–test split and evaluation setup across horizons. 

A. Data Collection and Preprocessing 

1) Cryptocurrency Price Data  

The dataset consists of daily Bitcoin closing prices sourced 
from Yahoo Finance [33], covering the period from January 1, 
2017, to November 1, 2025. This extended period captures 
multiple market regimes, including prolonged bull markets, 
sharp crashes, and sideway consolidation phases. Let �� denote 
the closing price at trading day � . To stabilize variance and 
focus on relative changes, the logarithm of the closing price 
was defined as: 

ℓ� = ���	��
     (1) 

and then form the first difference of the log-series: 

�� = ℓ� − ℓ�
�    (2) 

which corresponds to the daily log return. Missing values 
resulting from the differencing step are discarded.  

Figure 1 presents the daily log returns over the full sample 
period and illustrates typical cryptocurrency behavior with high 
volatility, volatility clustering, and sudden extreme movements. 
Episodes, such as the early 2020 COVID-19 crash and late 
bull-market corrections, show sharp negative spikes, whereas 
calmer periods display returns tightly concentrated around zero.  
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Fig. 1.  Bitcoin-USD daily log returns for the considered period. 

2) Data Normalization 

The log-return series is standardized prior to model learning 
to ensure numerical consistency and improve training stability. 
The normalized log return is computed as: 

�̃� = ��
�train
�train       (3) 

where �train and �train denote the mean and standard deviation, 
respectively, computed solely on the training set. 

3) Sliding Window Representation 

The standardized series ��̃��  are reformulated into 
supervised samples through a sliding window technique with a 
fixed window length �. For each time index �, the input-target 
pair was constructed as: 

�� =  �̃� , �̃�"�, … , �̃�"$
�%, &� = �̃�"$ ,  (4) 

so that the model receives a sequence of the most recent � 
standardized log returns and predicts the next standardized log 
return. In the experiments, the window length was set to � =
10 , which provides a balance between capturing short-term 
temporal dependencies and maintaining a compact 
representation suitable for deep sequence models. 

B. Model Development 

This section describes the deep neural network architectures 
used for Bitcoin price forecasting. The study considered both 
hybrid Transformer-RNN models and standalone recurrent 
networks. The hybrid models combine self-attention with 
recurrent sequence processing, and the purely recurrent models 
serve as direct benchmarks. 

1) Transformer 

The Transformer architecture [7] is a widely used 
framework for sequential modeling that captures temporal 
relationships without step-by-step recurrence. Through self-
attention, each time step can attend to all others in parallel, 
which suits financial time series with both short- and long-
range dependencies and abrupt movements in cryptocurrency 
returns. The main component of the Transformer encoder is the 
multi-head self-attention layer, formulated as: 

)��*+�,�+	-, ., /
 = 0�1�23� 4567
89:; /, (5) 

where - , . , and /  are the query, key, and value matrices, 
respectively, and <=  is the key dimension. This operation 
allows the encoder to capture relationships within the input 
sequence. 

The present study uses only the encoder part of the 
Transformer. The encoder stacks input projection, positional 
encoding, multi-head self-attention, position-wise feedforward 
layers, dropout, and residual connections with layer 
normalization. This setup allows the model to process 
standardized log returns and capture temporal relationships 
across the input window. 

2) Long Short-Term Memory  

LSTM learns long-term dependencies by using a dedicated 
cell state that carries information along the sequence and helps 
mitigate the vanishing gradient problem. An LSTM cell has 
three gates that regulate information flow: the input gate, forget 
gate, and output gate, which act as adaptive filters deciding 
which past information is kept or discarded. The update 
equations are given as: 

,� = �	>? ℎ�
�, ��% A B?
   (6) 

1� = �C>D ℎ�
�, ��% A BDE   (7) 

�� = �	>F ℎ�
�, ��% A BF
   (8) 

GH� = �3+ℎ	>I ℎ�
�, ��% A BI
   (9) 

G� = 1� ⊙ G�
� A ,� ⊙ GH�   (10) 

ℎ� = �� ⊙ �3+ℎ	G�
    (11) 

where ��  is the input at time � , G�  is the cell state, �  is the 
sigmoid activation function, and ⊙  denotes element-wise 
multiplication. 

3) Gated Recurrent Unit  

The GRU is a streamlined version of the LSTM that offers 
similar predictive power with fewer parameters and lower 
computational cost. It also mitigates vanishing gradients using 
two gates that control information flow. The update gate K� 
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determines how much of the previous hidden state is retained, 
and the reset gate ��  controls how the new input is blended with 
past information. The GRU equations are: 

K� = �	>L ℎ�
�, ��% A BL
   (12) 

�� = �	>� ℎ�
�, ��% A B�
   (13) 

where � is the sigmoid function, �� is the input at time �, ℎ�
� 
is the previous hidden state, and W and b are learnable 
parameters. The hidden state is updated as: 

ℎM� = �3+ℎ	>N �� ⊙ ℎ�
�, ��% A BN
  (14) 

ℎ� = 	1 − K�
 ⊙ ℎ�
� A K� ⊙ ℎM�  (15) 

where ⊙ denotes element-wise multiplication. 

4) Bidirectional LSTM  

BiLSTM extends LSTM by processing the sequence in both 
forward and backward directions, allowing each time step to 
exploit past and future information within the window and 
enriching temporal representations. This bidirectional setup is 
beneficial when patterns are not strictly one-directional. The 
hidden state at time � is defined by: 

ℎ� =   ℎ�
→,  ℎ�

←
 %    (16) 

where ℎ�→  and ℎ�←  denote the forward and backward states, 
respectively, and their concatenation is passed to subsequent 
layers. 

5) Bidirectional GRU  

The BiGRU applies the same bidirectional idea as the 
BiLSTM to the GRU architecture. Forward and backward 
GRU layers run in parallel. So, each time step can use both past 
and future context within the sliding window, which can 
improve pattern recognition when dependencies are not strictly 
forward driven. The hidden state at time � is given by: 

ℎ� =   ℎ�→,  ℎ�← %    (17) 

where ℎ�
→ and ℎ�

← are the forward and backward GRU hidden 
states, respectively, and the gating mechanisms control how 
information from inputs and past states is combined. 

6) Proposed Model 

The forecasting approach used in this work relies on a 
hybrid deep learning design that integrates a transformer 
encoder with a recurrent layer for prediction. The model is 
intended to learn sequential temporal behavior from a fixed-
size input window of standardized log returns and predict the 
next value in the sequence. Let the standardized log-return 
input window at time � be: 

�� =  ��
$"�
Q , ��
$"R

Q , … , ��
Q% ∈ ℝ$  (18) 

which is reshaped as a sequence matrix: 

U� ∈ ℝ$×�     (19) 

Each element in the sequence is projected into <model = 32 
dimensional embedding using a linear projection: 

�̂ = U�>_ + 1B_$ , �̂ ∈ ℝ$×9model  (20) 

where >_ ∈ ℝ�×9model, B_ ∈ ℝ9model, and 1 is a �-dimensional 
vector of ones. A fixed sinusoidal positional encoding matrix 

� ∈ ℝ$×9model is added to retain temporal ordering: 

�̀
	a
 = �̂ + �    (21) 

The transformed sequence is then passed through one 
Transformer encoder block. Each encoder block applies multi-
head self-attention and a position-wise feedforward layer, both 
wrapped with residual connections and layer normalization. 
The encoder operations are expressed as: 

b�
att = MHAC �̀

	a
E     (22) 

�̀
	�
 = LayerNorm i �̀

	a
 + Dropout	b�
att
m  (23) 

b�
ff = FFNC �̀

	�
E    (24) 

�̀
	R
 = LayerNorm i �̀

	�
 + DropoutCb�ffEm (25) 

The resulting representation �̀
	R
 ∈ ℝ$×9model captures 

dependencies across both short-term and long-term time spans 
across the input window. To summarize the encoded sequence 
into a fixed-length temporal representation, the Transformer 
output is passed to an LSTM with 64 units: 

ℎ$ = LSTMC �̀
	R
E, ℎ$ ∈ ℝrs   (26) 

The predicted standardized next log return is obtained from 
a fully connected output layer: 

�̂�"�
Q = uoutv ℎ$ + Bout     (27) 

To isolate the effect of the recurrent unit in the hybrid 
design, a Transformer-GRU model was built that mirrors the 
Transformer-LSTM, but replaces the LSTM layer with a 64-
unit GRU layer. All other components, including input 
projection, positional encoding, encoder setup, and output 
layer, remain the same. This variant enables a direct 
comparison between LSTM and GRU cells when combined 
with attention. 

7) Benchmark Models 

As baselines, four pure recurrent architectures without the 
Transformer encoder were included: 

1. LSTM: a unidirectional LSTM [34] with 64 units followed 

by a dense output layer: 

ℎ$ = LSTM	w
, &x = uoutv ℎ$ + Bout   (28) 

2. GRU: a unidirectional GRU [35] with 64 units followed by 

a dense output layer. 

3. BiLSTM: a bidirectional LSTM [36] with 64 units in each 

direction. The forward and backward final states are 

concatenated and passed to the output layer. 

4. BiGRU: a BiGRU [36] with 64 units in each direction. 

All recurrent baselines receive the standardized log returns 
sequence X ∈ ℝ$×� , without the attention-based encoder. By 
comparing these models to the hybrid architectures, the added 
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value of the transformer encoder was quantified for multi-
horizon cryptocurrency forecasting. 

C. Training and Testing Setup 

The standardized log-return series ���Q�  is divided 
chronologically into a training part and a test horizon of length 
` ∈ �7,14,21�. From the training portion, supervised samples 
are constructed using a sliding window of length �. For each 
time index � in the training set: 

x� =  ��
$"�
Q , ��
$"R

Q , … , ��
Q% ∈ ℝ$ , &� = ��"�

Q  (29) 

and the model 1	⋅; �
 is trained to approximate &�  from �� . The 
parameters � are estimated by minimizing the Mean Squared 
Error (MSE) using the Adam optimizer: 

min 
�
 ℒ	�
 = �

� � 	&� � 1	��; �

R,�∈�train   (30) 

During testing, recursive multi-step forecasting is 
employed. Let �$

∗  denote the last observed input window 
before the test horizon. The first standardized forecast is: 

�̂$"�
Q = 1	�$

∗ ; �
    (31) 

The prediction is then fed back into the input to form the 
next window: 

�$"�
∗ =  �$
$"R

Q , … , �$Q , �̂$"�Q %   (32) 

and, in general, for � = 1, … , `: 

�̂$"=Q = 1	�$"=
�∗ ; �
    (33) 

The resulting sequence ��̂$"�Q , … , �̂$"�Q �  is inverse-
transformed to obtain �̂$"= , accumulated to reconstruct 

predicted log prices ℓ� $"=, and finally converted to forecasted 
closing prices: 

��$"= = *��Cℓ� $"=E , � = 1, … , `  (34) 

This framework is applied identically to all models, 
allowing a consistent comparison across architectures and 
horizons. 

To illustrate the evaluation setup, Figure 2 presents the final 
portion of the dataset along with the testing segments 
corresponding to the 7-, 14-, and 21-day forecasting horizons. 
As observed, each horizon occupies the most recent 
observations, while the rest of the historical dataset is reserved 
solely for training the models. 

 

 

Fig. 2.  Visualization of the testing setup over the final 50 observations. 

D. Evaluation 

Bitcoin price forecasting is formulated as a regression task, 
where the goal is to minimize the difference between the 

predicted closing price ���  and the true observed value ��. Let � 
denote the number of test observations for a given forecasting 
horizon. The following evaluation metrics are used to assess 
predictive performance: 

 

 MAE: 

�)^ =  �
� ∑ ∣ �� − ��� ∣����    (35) 

 RMSE: 

��U^ = �i�
� ∑ 	�� − ���
R���� m   (36) 

 MAPE: 

�)�^ = �aa%
� ∑ ∣ ��
���

��
���� ∣   (37) 
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 DA: 

�) = �
�
� ∑ ��sign	�� − ��
�
 = signC��� − ���
�E�����  (38) 

where � ⋅% denotes the indicator function. 

III. RESULTS AND DISCUSSION 

A. 7-Day Forecasting Results 

Table I reports the forecasting performance for all models 
on the 7-day horizon. Both hybrid Transformer-based models 
outperform the standalone recurrent networks. The 
Transformer-LSTM attains the lowest MAE and MAPE, while 
the Transformer-GRU delivers similar RMSE and DA, and 
remains competitive on all metrics. The high DA of both 
hybrids indicates that attention helps capture short-term 
movements in volatile prices, whereas conventional LSTM and 
GRU models struggle to predict direction changes. 

TABLE I.  MODEL PERFORMANCE FOR 7-DAY AHEAD 
FORECASTING 

Model MAE RMSE MAPE DA 

LSTM 2379.36 2944.65 2.11 0.33 

GRU 2290.92 2564.10 2.06 0.17 

BiLSTM 3818.07 4695.25 3.38 0.50 

BiGRU 2724.37 3389.91 2.47 0.33 

Transformer-LSTM 1599.52 1987.78 1.42 0.83 

Transformer-GRU 1781.27 1986.54 1.60 0.83 

 
Figure 3 further illustrates model behavior. The 

Transformer-based models track the actual price path more 
closely and preserve realistic trend direction, whereas the 
standalone recurrent models yield less stable forecasts. 

 

 

Fig. 3.  Comparison of actual Bitcoin prices and model forecasts over the 7-day test horizon. 

B. 14-Day Forecasting Results 

Table II summarizes model performance on the 14-day 
horizon. As in the 7-day case, the Transformer-based 
architectures outperform the standalone recurrent models on all 
accuracy measures. The Transformer-LSTM attains the lowest 
errors, showing the strongest medium-term predictive 
accuracy, while the Transformer-GRU remains competitive 
with balanced performance across metrics. The DA values 
show that most models correctly capture price movement 
direction in more than half of the forecasts. The highest DA 
value occurs for both Transformer-LSTM and LSTM, but 
LSTM exhibits much larger numerical errors.  

Figure 4 presents model behavior over the 14-day 
prediction window, where the actual price shows moderate 
short-term fluctuations followed by a downward correction. 
Deviations among model forecasts widen relative to the 7-day 

horizon, highlighting the greater difficulty of medium-term 
prediction in a volatile market. As displayed in Table II, the 
Transformer-based models track the true price more closely 
than the standalone recurrent architectures, with the 
Transformer-LSTM and Transformer-GRU both maintaining 
realistic trend dynamics as the horizon increases. 

TABLE II.  MODEL PERFORMANCE FOR 14-DAY AHEAD 
FORECASTING 

Model MAE RMSE MAPE DA 

LSTM 4799.16 5393.94 4.36 0.69 

GRU 4307.66 5176.18 3.91 0.62 

BiLSTM 3061.41 3997.16 2.79 0.62 

BiGRU 4597.84 7325.59 4.18 0.46 

Transformer-LSTM 2196.95 2740.62 1.98 0.69 

Transformer-GRU 2758.09 3280.21 2.50 0.62 
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Fig. 4.  Comparison of actual Bitcoin prices and model forecasts over the 14-day test horizon. 

 

Fig. 5.  Comparison of actual Bitcoin prices and model forecasts over the 21-day test horizon. 

C. 21-Day Forecasting Results 

Table III shows the 21-day forecasting results. Errors 
increase for all models at this longer horizon, but the 
Transformer-based models still perform the best. The 
Transformer-LSTM achieves the lowest MAE, RMSE, and 
MAPE, while the Transformer-GRU remains competitive and 
matches the highest DA, indicating stable trend tracking even 
for longer forecasts. 

Figure 5 shows how model forecasts diverge over the 21-
day horizon. The actual price path combines short-term 
fluctuations with a clear downward trend, and the gap between 
model trajectories widens compared with shorter horizons, 
reflecting the added difficulty of long-term forecasting. Among 

all models, the Transformer-LSTM and Transformer-GRU 
remain the closest to the true path, with the Transformer-LSTM 
providing smooth adjustments.  

TABLE III.  MODEL PERFORMANCE FOR 21-DAY AHEAD 
FORECASTING  

Model MAE RMSE MAPE DA 

LSTM 5499.71 6379.59 5.01 0.55 

GRU 6131.99 6927.70 5.59 0.45 

BiLSTM 4248.09 5036.29 3.81 0.60 

BiGRU 4951.47 6007.00 4.52 0.40 

Transformer-LSTM 2235.58 2842.58 2.02 0.65 

Transformer-GRU 3448.04 4352.64 3.12 0.65 
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Most Bitcoin forecasting studies in the literature focus on 
one-step-ahead prediction (i.e., using information up to day t to 
predict the price at t+1). Although this setting often yields 
relatively low regression errors, many one-step studies do not 
report directional performance (DA/MDA) that is critical for 
trading-oriented decisions, and benchmark against simple naïve 

persistence baselines (e.g., tomorrow's price ≈ today's price), 

which can be surprisingly strong at very short horizons. In 
addition, reported one-step accuracy can become overly 
optimistic if the evaluation pipeline implicitly uses future 
information, which is not realistic in deployment. In contrast, 
the present study evaluates a recursive multi-step protocol over 
7/14/21 days, where each future step is generated by feeding 
the previous predictions back into the input, thereby preventing 
access to unknown future prices and better reflecting multi-day 
planning.  

Moreover, the present study reports DA in addition to 
regression metrics, enabling a more trading-relevant 
interpretation. As summarized in Table IV, the proposed model 
(Transformer-LSTM) achieves MAPE values of 1.42%, 1.98%, 
2.02%, and DA of 0.83, 0.69, 0.65 for 7,14, and 21 days, 
respectively. In the closest comparable multi-horizon studies, 

longer-horizon errors are generally higher (e.g., 7-day MAPE ≈ 

2.88% in a high-dimensional ML benchmark, and multi-

horizon TFT variants report MAPE around 7–8%, depending 

on covariates and probabilistic evaluation settings). Even when 
some one-step systems report competitive next-day regression 
metrics, their results are not directly comparable to multi-step 
horizons, and the directional performance is typically lower 
than reported by the present study. Overall, the comparison 
indicates that the proposed Transformer-based hybrid 
maintains stronger accuracy and direction consistency under 
the more challenging multi-step forecasting protocol. 

TABLE IV.  COMPARATIVE EVALUATION OF THE PROPOSED METHOD WITH OTHER RELATED RESEARCH WORKS 

Study Forecast type Horizon(s) Reported metrics Best reported result(s) 

[37]  
Mostly one-step (next-

day) multi-model system 
1 day 

RMSE, MAE, MAPE, 

sMAPE, DA, R² 

MAPE 2.79%, DA 47.18%, 

RMSE 2505.84, MAE 

1760.93, R² 0.99 

[38]  
ML with high-

dimensional features 
7 days (also 30/90) MAE, RMSE, MAPE, DA 

7-day MAPE ≈ 2.88%, DA 

up to 62% 

[39]  
BART versus 

ARIMA/ARFIMA 
5–30 days RMSE (%) 

RMSE% around 4 (14d) and 

6 (21d) (BART) 

[40]  

Transformer (TFT), 

multi-horizon 

(probabilistic) 

Multi-horizon (output length 

≈ 16) 

MAE, RMSE, MAPE, 

quantile loss 

MAPE reported around 7–

8%, depending on the setup 

[41]  
Multi-stage multivariate 

DL 
1 to 7 days MAE, SMAPE, MDA 

sMAPE ~ 2-5%, MDA ~ 50–

55% 

Proposed Transformer-LSTM Recursive multi-step 7 / 14 / 21 days MAE, RMSE, MAPE, DA 
MAPE: 1.42 / 1.98 / 2.02 

(%); DA: 0.83 / 0.69 / 0.65 

 

IV. CONCLUSION AND FUTURE WORK 

This study evaluated several deep learning models for 
recursive multi-step Bitcoin price forecasting over 7-, 14-, and 
21-day horizons. Using standardized log returns and a sliding-
window setup, each model was trained and tested on multi-step 
horizons.  

The results show that the Transformer-based hybrids 
consistently outperform standalone recurrent networks, 
especially as the forecast horizon lengthens. Among all models, 
the Transformer-Long Short-Term Memory (LSTM) achieved 
the best error metrics and directional accuracy, with the 
Transformer-Gated Recurrent Unit (GRU) performing closely 
behind. This demonstrates the benefit of combining self-
attention with recurrent memory, allowing the models to 
capture both global dependencies and local temporal patterns. 
Conventional Recurrent Neural Network (RNN)-based models 
remained reasonable but degraded more quickly at longer 
horizons, particularly in volatile or reversal periods, indicating 
that attention-enhanced architectures offer a more robust 
framework for medium- to long-term cryptocurrency 
forecasting. However, Bitcoin markets are occasionally 
dominated by abrupt exogenous shocks (e.g., fraud/hacks or 
regulatory announcements) that cannot be reliably predicted 
using price history alone. Thus, the findings should be 
interpreted as learning recurring temporal structure and 

providing multi-step forecasts under typical conditions, while 
performance may degrade during shock-driven regime shifts. 

Future research should integrate additional information, 
such as sentiment or on-chain indicators, consider alternative 
forecasting schemes beyond recursive prediction, and test more 
advanced architectures. Extending the analysis to other 
cryptocurrencies and linking forecasts to trading performance 
would further clarify practical usefulness and robustness. In 
addition, evaluating generalization over longer out-of-sample 
windows that include event-driven regimes (and incorporating 
exogenous signals to model such shocks) is an important 
direction for future work. 
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