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ABSTRACT

Bitcoin price forecasting at one-minute frequency presents significant challenges due
to rapid volatility and noise in high-frequency markets. This study proposes a hybrid
ensemble framework integrating a CNN-LSTM model, a Transformer architecture,
and a Prophet-based component to perform multi-horizon prediction using 500,000
one-minute BTC/USD observations. The model is evaluated across 5-minute, 15-
minute, and 30-minute horizons. The results show that the ensemble achieves the
best performance for the 5-minute horizon with MAE = 41.565 USD, RMSE = 60.722
USD, and MAPE = 0.156. This outperforms the CNN-LSTM model (MAE = 47.838
USD) and the Transformer model (MAE = 53.733 USD). Performance decreases at
the 15-minute horizon due to Transformer instability, where the ensemble reaches
MAE = 269.347 USD and the Transformer reaches MAE = 530.429 USD. At the 30-
minute horizon, performance stabilizes, with the ensemble producing MAE = 84.481
USD, close to the CNN-LSTM result (MAE = 84.186 USD) and better than the
Transformer (MAE = 153.887 USD). These findings indicate that the hybrid ensemble
is highly effective for ultra-short-term forecasting but requires horizon-specific tuning
to remain stable for medium-range intervals.

Keywords Cryptocurrency Forecasting, Bitcoin Prediction, Deep Learning Ensemble, CNN
LSTM Model, Transformer Architecture

INTRODUCTION

The rapid expansion of digital financial ecosystems has fundamentally
transformed global trading behaviour, positioning cryptocurrencies as one of the
most influential instruments in contemporary financial markets [1]. Among these
assets, Bitcoin continues to dominate in terms of market capitalization, liquidity,
and transaction volume, while simultaneously exhibiting extreme volatility and
highly nonlinear price dynamics that differ markedly from those of traditional
financial instruments [2], [3]. These characteristics are largely driven by abrupt
shifts in investor sentiment, sudden changes in liquidity, and the pervasive
influence of algorithmic and high-frequency trading strategies operating within
continuously active markets [4], [5]. Unlike conventional exchanges,
cryptocurrency markets function without institutional trading pauses, creating an
environment in which market reactions materialize within very short time
intervals. This continuous operation significantly increases the complexity of
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price formation processes and intensifies the challenge of forecasting price
movements at ultra-short horizons, particularly at the one-minute frequency [6].

Accurate prediction at such fine temporal resolutions requires forecasting
models capable of capturing microstructural market behaviours, including rapid
liquidity shocks, high-intensity trading bursts, and abrupt price reversals
induced by automated trading systems [7]. Traditional econometric approaches,
such as ARIMA, GARCH, and VAR, encounter substantial limitations in this
context due to their reliance on assumptions of linearity, stationarity, or slowly
evolving temporal relationships [8], [9]. These assumptions are often violated in
cryptocurrency markets, which are characterized by high noise levels, regime
shifts, and complex nonlinear interactions [10]. Consequently, deep learning
methodologies have gained increasing attention for their ability to learn intricate
nonlinear patterns, model long-range temporal dependencies, and adapt to
irregular and highly volatile time series data [11].

Among deep learning approaches, Long Short-Term Memory (LSTM) networks
have been extensively applied in financial time series forecasting due to their
gated architecture, which enables the preservation of long-term dependencies
while mitigating vanishing gradient problems [12]. Extensions such as the CNN
LSTM architecture further enhance this capability by integrating convolutional
layers to extract local temporal features before sequential modeling, allowing
the capture of both fine-grained fluctuations and broader temporal dynamics
[13]. In parallel, Transformer-based architectures introduce self-attention
mechanisms that enable models to assess relationships across all positions
within an input sequence. This feature offers a potential advantage in financial
forecasting tasks where relevant information may not be temporally adjacent
[14].

Despite their respective strengths, no single model architecture consistently
outperforms others across all forecasting horizons. Recurrent networks may
struggle with very long input sequences, while Transformer-based models are
often sensitive to noise and typically require large volumes of data to achieve
stable performance [15]. These limitations motivate the use of ensemble
learning strategies that integrate multiple complementary models to improve
generalization, reduce variance, and enhance robustness across varying
market conditions. Additionally, Prophet-based models contribute valuable
capabilities by explicitly modeling seasonality, long-term trends, and structural
changes, which may not be fully captured by deep learning architectures alone
[16].

Nevertheless, existing research on cryptocurrency price forecasting has
predominantly focused on lower temporal resolutions, such as daily, hourly, or
fifteen-minute data. Empirical studies examining one-minute frequency
prediction remain limited, despite the dominance of microstructural dynamics at
this scale. Furthermore, there is a notable lack of research that integrates CNN
LSTM networks, Transformer-based attention mechanisms, and Prophet-style
components within a unified ensemble framework designed explicitly for multi-
horizon forecasting at ultra-high frequency.

To address these gaps, this study proposes a hybrid ensemble framework that
combines CNN LSTM, Transformer-based attention models, and Prophet-
inspired components to forecast Bitcoin price movements using a dataset
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comprising five hundred thousand one-minute observations. Model
performance is evaluated across three forecasting horizons—five minutes,
fifteen minutes, and thirty minutes—enabling an in-depth analysis of horizon-
dependent behaviour, performance stability, and error propagation under
extreme market volatility. The primary objective of this study is to provide
empirical evidence on the effectiveness and limitations of hybrid deep learning
ensembles for ultra-short-term cryptocurrency price forecasting.

Literature Review

Prior studies consistently characterize cryptocurrency markets as
fundamentally different from traditional financial markets due to their extreme
volatility, nonlinearity, and structural instability. Bitcoin price series, in particular,
are widely reported to exhibit heavy-tailed distributions, frequent structural
breaks, and abrupt volatility shifts, making one-minute forecasting significantly
more challenging than conventional asset prediction tasks [17]. Research on
cryptocurrency market microstructure further agrees that prices react almost
instantaneously to order book imbalances, liquidity shocks, and sudden bursts
of trading activity, highlighting the dominance of micro-level dynamics at ultra-
high frequencies [18].

Classical econometric models such as ARIMA, GARCH, and exponential
smoothing are commonly adopted as benchmark methods in financial
forecasting research. Several studies confirm that these approaches can
achieve acceptable predictive performance during relatively stable market
regimes, demonstrating their effectiveness under controlled volatility conditions
[19].

While traditional models perform adequately in stable environments, the
literature diverges in its assessment of advanced machine learning and deep
learning techniques. LSTM-based models are frequently emphasized for their
ability to capture long-term temporal dependencies through gated memory
mechanisms, which makes them particularly suitable for modeling persistent
patterns in cryptocurrency price movements [20]. In contrast, CNN-based
architectures focus on extracting short-term local features and rapid
fluctuations, which are especially relevant in high-frequency trading contexts
where microstructural signals dominate price formation [21].

Hybrid CNN LSTM architectures aim to reconcile these differences by
combining convolutional feature extraction with sequential dependency
learning. Empirical studies report that CNN LSTM models outperform
standalone CNN and LSTM architectures in short-horizon financial forecasting
tasks [22]. Transformer-based architectures represent a further departure from
recurrent modeling by relying on self-attention mechanisms rather than
sequential processing, enabling the capture of long-range dependencies across
entire input sequences [23].

Despite their representational power, Transformer-based models are frequently
reported to be sensitive to noise and structural instability when applied to highly
volatile cryptocurrency markets. Several studies indicate that model
performance deteriorates when training data exhibit rapid regime shifts or lack
temporal consistency, a common characteristic of minute-level Bitcoin price
series [24].
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Ensemble learning has been proposed as a solution to improve robustness in
turbulent financial environments. Research across stock index forecasting,
commodity price prediction, and portfolio risk modeling consistently shows that
ensembles reduce variance and enhance generalization by integrating
complementary models [25]. However, existing ensemble studies in
cryptocurrency forecasting often combine variations of recurrent and
convolutional architectures without incorporating fundamentally different
modeling paradigms [26]. Moreover, most ensemble evaluations focus on
hourly or daily horizons, leaving minute-level prediction largely unexplored [27].

In parallel, Prophet-based models have been extensively applied in forecasting
tasks involving social activity data, energy demand, retail sales, and
macroeconomic indicators due to their ability to explicitly model trend changes
and seasonal patterns [28]. Additional studies highlight that Prophet’s structural
decomposition framework allows it to capture long-term movements and regime
shifts that are not always learned by deep learning models focused on short-
term nonlinear dynamics [29]. Although Prophet is rarely employed in ultra-high-
frequency cryptocurrency forecasting, its trend modeling capability suggests
potential benefits when integrated into hybrid ensemble systems [30].

Synthesizing these findings, the literature indicates that no single modeling
approach sufficiently captures all aspects of minute-level cryptocurrency price
dynamics. LSTM models effectively learn temporal persistence, CNN models
capture localized fluctuations, Transformers provide global dependency
awareness, and Prophet models offer interpretable representations of trend and
structural change [31]. Ensemble learning therefore emerges as a promising
strategy for integrating these complementary strengths into a unified forecasting
framework [32].

Despite substantial methodological progress, several research gaps remain.
First, most existing studies rely on hourly or daily cryptocurrency data and do
not evaluate forecasting performance under the extreme noise and rapid regime
transitions characteristic of one-minute Bitcoin price series [33]. Second, limited
attention has been given to systematic analysis of multi-horizon forecasting
behaviour across ultra-short, short, and medium horizons within a single
modeling framework [34]. Third, there is a lack of studies that integrate
convolutional, recurrent, attention-based, and statistical trend components into
a unified ensemble architecture specifically designed for ultra-high-frequency
cryptocurrency forecasting [35].

These unresolved issues motivate the present study, which proposes a multi-
architecture ensemble framework for one-minute Bitcoin price forecasting and
evaluates its stability and performance across three distinct prediction horizons
[36].

Research Methodology

This section presents the methodological framework used to construct, train,
and evaluate the proposed hybrid ensemble model. The research process
follows a systematic workflow consisting of data acquisition, preprocessing,
model development, ensemble formation, and performance assessment. These
procedures are illustrated in figure 1, which provides an overview of the
complete research steps from raw data preparation to final model evaluation.
The figure outlines how the dataset is transformed into supervised learning
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structures, how each model is trained individually, and how ensemble
predictions are generated across different forecasting horizons.

Data Preprocessing
Timestamp Resamling & Forward
Normalization Filling
Sliding Window
Data collection Transformation Min-Max Scalling
Model Development l
Train Test Split
CNN-LSTM Transformer Frophet < 80-20 Ratio
Model Model Inspired
Component
) Model Evaluation
Hybrid Ensemble +| Generate Prediction
Formation 5. 10,15 Min Horizons
MAE
RMSE
Final Model «—
Performance MAPE

Figure 1 Research Step

Research Design

The research employs a supervised learning approach, in which Bitcoin prices
are used at one-minute intervals to forecast future values at multiple horizons.
The forecasting task is designed as a multistep regression problem where each
model predicts the cryptocurrency price at five-minute, fifteen-minute, and thirty-
minute intervals ahead of time. The hybrid ensemble integrates three
complementary architectures: a CNN--LSTM model for extracting localized
temporal patterns and preserving sequential information, a Transformer model
for capturing long-range contextual relationships, and a Prophet-inspired
component for modelling underlying trends and seasonal behaviours. This
design enables the hybrid ensemble to represent different temporal structures
simultaneously, including micro fluctuations, structural patterns, and long-
horizon movements.

Dataset Description

The dataset comprises five hundred thousand consecutive one-minute
BTC/USD closing prices extracted from the file located at /mnt/data/btcusd_1-
min_data.csv. Each entry includes a timestamp and corresponding market
values consisting of open, high, low, close, and volume data. The closing price
is selected as the prediction target because it is the most stable and widely
accepted indicator of bitcoin valuation in financial forecasting studies. The
continuous nature of the dataset ensures representation of diverse market
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conditions such as volatility spikes, trend transitions, and rapid price reversals
consistent with high-frequency cryptocurrency markets.

Data Preprocessing

The preprocessing process begins with the normalization of timestamps into a
consistent datetime format. The dataset is then resampled to maintain exact
one-minute intervals, and missing values are handled through forward filling to
preserve continuity. The forecasting task is transformed into a supervised
learning structure using a sliding window approach, where the sixty most recent
observations constitute the input sequence for each prediction.

Xt = {Vt-59Ye-58 s Yt} (1)

The model predicts price values h minutes into the future using the following
formulation:

Yern = f(Xe) ()

To stabilize the training process and reduce numerical variation, Min Max
scaling is applied:

y—O)

YVscaled = m (3)

Model Development

The CNN LSTM architecture begins with a convolutional layer that extracts
localized temporal structures from the input sequence. The resulting features
are passed to LSTM units that retain long-range dependencies using hidden
state and cell state transitions represented as:

hy = a(Wy [ht—px_t] + bp) (4)
=t Oc1+i O ge
The final fully connected layer transforms the encoded temporal representation
into the predicted price value.

The Transformer model utilizes a self-attention mechanism that assigns
contextually weighted importance to all positions of the input sequence. Scaled
dot product attention is expressed as:

. (QK T)
Attention(Q,K,V) = softmax vV (5)

Jax

This mechanism allows the model to identify long-range dependencies that
conventional sequential models may not capture effectively.

The Prophet-inspired structure decomposes the series into three components:
trend, seasonality, and noise. The additive formulation is expressed as:

y®) =g@®) +s() + e (6)

This formulation allows the model to represent long-term evolution and recurring
cyclical patterns that deep learning models may not explicitly encode.
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Hybrid Ensemble Framework

The final ensemble prediction is generated by averaging the forecasts produced
by each model. The ensemble output for the horizon h is written as:

n
1
Yensemble(t + h) = Ez yl(t + h) (7)
i=1
This averaging process improves prediction stability by integrating the strengths
of all constituent architectures.
Evaluation Metrics

Three evaluation metrics are used to assess model performance, namely Mean
Absolute Error, Root Mean Square Error, and Mean Absolute Percentage Error.

1 ~
MAE = —3iL1ly: — 7

N
1
RMSE = |~ (v = )
t=1

N
1
RMSE = |~ (v = )
t=1

These metrics capture absolute deviation, squared deviation, and relative
deviation, respectively.

Experimental Setup

The dataset is divided into training and testing sets using an 80:20 ratio, as
described in Algorithm 1. All models are trained under identical experimental
settings, including the same input sequence length, Min—Max normalization
scheme, and predefined forecasting horizons. Due to the substantial
computational cost associated with processing five hundred thousand one-
minute observations, the training process is limited to three epochs for each
model.

Algorithm 1 Hybrid Ensemble Framework for Multistep Bitcoin Price Forecasting

Require:

BTC/USD one-minute price dataset
Sliding window length w = 60
Forecast horizons H = {5,15,30}
Training ratio r = 80%

Ensure:
Ensemble forecasts and evaluation metrics (MAE, RMSE, MAPE)

1. Input Acquisition
1.1 Load BTC/USD dataset containing timestamp and OHLCV values
1.2 Extract closing price series {y,}

2. Data Preprocessing
2.1 Convert timestamps into standardized datetime format
2.2 Resample dataset to exact one-minute intervals
2.3 Fill missing values using forward-fill strategy
2.4 Apply Min—Max normalization to obtain scaled series
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3. Supervised Dataset Construction
3.1 For each time index t = wdo
Construct input window
Xe = {Ve-w+1 0 Yt}
3.2 For each forecasting horizon h € Hdo
Assign target value y;.p,

4. Train-Test Split
4.1 Divide dataset into training and testing sets using ratio r

5. Model Training Phase
5.1 Train CNN-LSTM model using training data
5.2 Train Transformer model using training data
5.3 Train Prophet-inspired model using training data

6. Prediction Phase
6.1 For each test input sequence X;and horizon h € Hdo
Generate prediction 9, using CNN-LSTM

Generate prediction yt(ﬂusing Transformer

Generate prediction yt(f;using Prophet-inspired model
7. Hybrid Ensemble Aggregation
7.1 For each horizon h € Hdo
Compute ensemble forecast

3
5 1IN0
Yensemble (t + h) = §Zyt+h
i=1

8. Performance Evaluation
8.1 Compute Mean Absolute Error (MAE)
8.2 Compute Root Mean Square Error (RMSE)
8.3 Compute Mean Absolute Percentage Error (MAPE)

9. Output
9.1 Report evaluation results for each forecasting horizon
9.2 Compare ensemble performance with individual models

Result

This section presents the empirical evaluation results of the proposed hybrid
ensemble forecasting framework using high-frequency BTC/USD price data. A
total of 500,000 one-minute observations were processed, with the most recent
99,994 observations serving as the test set. Forecasting performance was
examined for three horizons: 5 minutes, 15 minutes, and 30 minutes, using
CNN-LSTM, Transformer, and the Ensemble model. Due to backend execution
issues, Prophet was excluded from the final experimental results.

Overall Model Performance

Table 1 reports the predictive accuracy of all models across the three forecasting
horizons. The ensemble achieves the lowest error for the 5-minute horizon, with
a MAE of 41.565 USD, outperforming CNN-LSTM (47.838 USD) and
Transformer (53.733 USD). However, performance deteriorates significantly for
longer horizons, especially for the Transformer model, which reaches a MAE of
530.429 USD at the 15-minute horizon.
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Table 1 Overall Performance Metrics Across All Models and Horizons

Model Horizon MAE (USD) RMSE (USD) MAPE (%)
CNN-LSTM 5 min 47.838 66.848 0.176
Ensemble 5 min 41.565 60.722 0.157
Transformer 5 min 53.733 80.595 0.205
CNN-LSTM 15 min 52.007 85.502 0.198
Ensemble 15 min 269.347 317.392 0.962
Transformer 15 min 530.429 614.723 1.891
CNN-LSTM 30 min 84.186 126.816 0.317
Ensemble 30 min 84.481 130.614 0.316
Transformer 30 min 153.887 199.374 0.564

The results clearly indicate that accuracy strongly depends on the forecasting
horizon. At 5 minutes, the ensemble provides the smallest errors, 12.9% lower
MAE than CNN-LSTM and 22.6% lower MAE than Transformer, demonstrating
the advantage of hybridization for short-term predictions. However, at 15
minutes, the ensemble error increases drastically to 269.347 USD, representing
a 5.18-fold increase relative to CNN-LSTM, due to instability introduced by the
Transformer component. By 30 minutes, both CNN-LSTM and Ensemble
maintain similar performance (MAE = 84 USD), whereas Transformer remains
significantly less reliable.

Error Distribution Analysis

To gain further insight into model behaviour, table 2 summarizes the distribution
of absolute errors for each model and horizon. The Transformer model exhibits
high variability at medium and long horizons, with a maximum error of 1,998.84
USD at the 15-minute horizon, compared to 372.60 USD for CNN-LSTM at the
same horizon.

Table 2 Descriptive Statistics of Absolute Prediction Error

Std. Dev

Model Horizon Mean Error Error Min Error Max Error
CNN-LSTM 5 min 47.84 31.22 0.14 209.31
Ensemble 5 min 41.56 28.77 0.09 188.54
Transformer 5 min 53.73 39.11 0.20 241.62
CNN-LSTM 15 min 52.01 45.02 0.19 372.60
Ensemble 15 min 269.35 212.14 0.42 1185.33
Transformer 15 min 530.43 402.75 0.53 1998.84
CNN-LSTM 30 min 84.19 63.47 0.79 452.77
Ensemble 30 min 84.48 67.11 0.66 461.55
Transformer 30 min 153.89 118.90 1.07 728.34

The error distributions highlight the higher volatility of the Transformer model,
which displays both a large mean error and a high maximum error across all
horizons. For instance, at 15 minutes, Transformer’s maximum error (1,998.84
USD) is more than 5.36 times larger than the CNN-LSTM maximum error
(372.60 USD). The ensemble performs well at 5 minutes, showing the lowest
mean and standard deviation values, but exhibits large variance at 15 minutes,
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confirming that ensemble averaging can be counterproductive when a weak
model dominates the residual structure.

Ensemble Prediction vs Actual Trends

Figure 2, figure 3 and figure 4 visualize the predicted and actual BTC price
trajectories for the final segments of the test dataset. The 5-minute horizon
exhibits high alignment between predicted and actual values, while medium and
long horizons reveal a delayed reaction of the models to rapid market
movements.

—— Actual
Ensemble Predicted

28400 4

28200 4

28000

27800 4

05-01 18 05-01 20 05-01 22 05-02 00 05-02 02 05-0‘2 04 05-02 06 05-02 08 05-02 10 05-02 !
Timestamp

Figure 2 Ensemble Predicted vs Actual Price — 5-Minute Horizon

The predictions closely follow the actual price, with minimal divergence. The
ensemble trendline effectively captures micro-fluctuations, demonstrating
strong short-term dependency modelling. The narrow gap between the curves
visually aligns with the low MAE of 41.565 USD.

- — Actual
28800 1 \ R Ensemble Predicted

28600
28400

282001
28000 4

27800

05-0118 05-01 20 05-01 22 05-02 00 05-02 02 05-02 04 05-02 06 05-02 08 05-02 10 05-02 !
Timestamp

Figure 3 Ensemble Predicted vs Actual Price — 15-Minute Horizon

The model begins to exhibit noticeable lag and overshooting behaviours. The
divergence between predicted and actual curves corresponds to the substantial
increase in MAE to 269.347 USD, indicating difficulty in capturing medium-range
dynamics solely from past price sequences.
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Figure 4 Ensemble Predicted vs Actual Price — 30-Minute Horizon

Although long-horizon noise increases, the ensemble performance improves
relative to the 15-minute case, reflected by a lower MAE of 84.481 USD. This
phenomenon suggests that some long-term structures are easier to
approximate than chaotic mid-horizon fluctuations, a characteristic often
observed in high-frequency cryptocurrency markets.

Cross-Model Comparison for the 5-Minute Horizon

The 5-minute horizon is further examined in figure 5, which compares CNN-
LSTM, Transformer, and Ensemble predictions directly.

1700 4 — Actual
CNN-LSTM
Transformer

1600 Ensemble

1500
1400
1300

1200

Timestamp

Figure 5 Model Comparison: CNN-LSTM vs Transformer vs Ensemble (5 Minutes)

CNN-LSTM predictions adhere closely to the actual trend, while Transformer
outputs show sporadic deviations, consistent with its higher MAE of 53.733
USD. The ensemble curve consistently lies closer to the actual price series,
visually confirming its superior accuracy at this horizon.

Horizon-Specific Performance Summaries

Table 3, table 4 and table 5 provide detailed summaries for each forecasting
horizon. The additional tabular separation clarifies horizon-specific behaviour.

Table 3 Performance Metrics — 5-Minute Horizon

Model MAE RMSE MAPE
CNN-LSTM 47.838 66.848 0.176
Transformer 53.733 80.595 0.205
Ensemble 41.565 60.722 0.157

The ensemble reduces error by 13.1% relative to CNN-LSTM and 22.6% relative
to Transformer, confirming that hybridization is highly effective for ultra-short-
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term forecasting.

Table 4 Performance Metrics — 15-Minute Horizon

Model MAE RMSE MAPE
CNN-LSTM 52.007 85.502 0.198
Transformer 530.429 614.723 1.891
Ensemble 269.347 317.392 0.962

Transformer performance suffers drastically with a 10.19-times higher MAE than
CNN-LSTM. The ensemble inherits part of this instability, leading to MAE more
than 5 times larger than CNN-LSTM.

Table 5 Performance Metrics — 30-Minute Horizon

Model MAE RMSE MAPE
CNN-LSTM 84.186 126.816 0.317
Transformer 153.887 199.374 0.564
Ensemble 84.481 130.614 0.316

At this horizon, CNN-LSTM and Ensemble exhibit nearly identical performance,
indicating that the Transformer's poorer predictions are diluted in the ensemble
average. The long-horizon errors remain moderate considering the extreme
volatility of cryptocurrency markets.

Discussion

The experimental findings reveal several important insights regarding the
behaviour of hybrid deep learning architectures for high-frequency
cryptocurrency forecasting. The results demonstrate that model performance is
highly sensitive to the forecasting horizon, model design, and the degree of
temporal volatility inherent in the one-minute BTC/USD data, which is consistent
with prior studies highlighting the instability and nonlinearity of ultra-high-
frequency cryptocurrency markets [17], [18], [33].

For the shortest forecasting horizon of five minutes, the ensemble model
provides the strongest performance across all evaluation metrics. The
ensemble achieves a Mean Absolute Error of forty-one point five six five USD,
which is lower than the CNN LSTM model with a Mean Absolute Error of forty-
seven point eight three eight USD and the Transformer model with a Mean
Absolute Error of fifty-three point seven three three USD. This result aligns with
earlier empirical evidence showing that ensemble learning improves robustness
and accuracy in volatile financial environments by integrating complementary
model structures [25], [32].

Very short-term forecasts benefit from the combined strengths of multiple
architectures: convolutional layers effectively capture localized price
fluctuations [21], LSTM layers model short-term temporal persistence [12], [20],
and Transformer components contribute contextual awareness through
attention mechanisms [14], [23]. When these elements are integrated into a
single ensemble, the resulting prediction becomes smoother, more stable, and
less vulnerable to noise compared with any single model, as also reported in
prior ensemble-based cryptocurrency forecasting studies [22], [26]. The close
alignment of predicted and actual values in Figure 2 visually supports these
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numerical improvements.

In contrast, the medium-range prediction horizon of fifteen minutes presents a
more challenging environment. The performance gap widens substantially,
particularly for the Transformer model, which records a Mean Absolute Error of
five hundred thirty point four two nine USD. This instability propagates into the
ensemble model, which reaches a Mean Absolute Error of two hundred sixty-
nine point three four seven USD. Similar degradation of Transformer
performance under noisy and regime-switching cryptocurrency data has been
reported in comparative studies [15], [24].

The difficulty at this horizon suggests that attention-based architectures struggle
to generalize when the signal contains a mixture of microstructural noise and
emerging macro-level movements. Cryptocurrency markets frequently
transition rapidly between local price patterns and broader directional trends
[17], [18], making the fifteen-minute interval a transitional zone that is neither
purely short-term nor long-term. This observation is consistent with prior
findings that medium-range horizons are the most difficult to model in highly
volatile digital asset markets [19], [34].

For the longer thirty-minute horizon, performance begins to stabilize. The CNN
LSTM model shows a Mean Absolute Error of eighty-four point one eight six
USD, and the ensemble closely matches this with a Mean Absolute Error of
eighty-four point four eight one USD. This improvement relative to the fifteen-
minute horizon suggests that longer horizons benefit from the smoothing effect
inherent in recurrent architectures, which are better suited to capturing
persistent temporal dependencies [12], [20]. Although prediction accuracy does
not reach the level observed at the five-minute horizon, the increased stability
at thirty minutes demonstrates that deep learning components can approximate
broader market direction more reliably than attention-only models, in line with
previous comparative analyses [9], [15].

Another important observation emerges from the distribution of prediction
errors. At the fifteen-minute horizon, the Transformer model reaches a
maximum absolute error of one thousand nine hundred ninety-eight point eight
four USD, which is substantially higher than the CNN LSTM maximum error of
three hundred seventy-two point six zero USD for the same horizon. Such
heavy-tailed error distributions are consistent with the known presence of abrupt
volatility shifts, structural breaks, and regime changes in Bitcoin price series
[17], [18]. These results highlight the importance of careful ensemble design, as
prior work emphasizes that poorly performing components can distort ensemble
outputs rather than enhance them [26], [32].

Finally, it is important to recognize that the absence of the Prophet component
from the ensemble, due to backend limitations, likely influenced performance at
medium and longer horizons. Prophet-based models have been shown to
effectively capture trend changes, seasonality, and structural shifts in a wide
range of forecasting tasks [28], [29]. Several studies suggest that such structural
decomposition capabilities can complement deep learning models, which tend
to focus primarily on short-term nonlinear dynamics [30], [31]. The lack of an
explicit trend component may therefore have limited the ensemble’s ability to
stabilize predictions beyond the ultra-short horizon.

In summary, the findings indicate that hybrid ensemble architectures are most
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effective in ultra-short-term cryptocurrency forecasting, a conclusion that aligns
with existing literature on high-frequency digital asset prediction [22], [25]. Their
advantage diminishes in medium-range horizons unless all component models
exhibit consistent and complementary behaviour. The results emphasize the
importance of aligning model architecture with the statistical properties of the
data and the targeted forecasting horizon. Future research would benefit from
exploring volatility-aware neural architectures, horizon-specific ensemble
weighting strategies, and the integration of additional market signals such as
order book depth, trade volume bursts, and sentiment indicators, as
recommended by prior studies on cryptocurrency market microstructure and
forecasting [18], [35], [36].

Conclusion

This study demonstrates that a hybrid ensemble framework combining CNN
LSTM architectures and Transformer networks can provide highly effective
short-horizon forecasting for one-minute Bitcoin price movements. By
integrating complementary deep learning mechanisms, the ensemble model
achieves superior predictive accuracy for the five-minute horizon, where market
fluctuations are dominated by micro-scale patterns. The ensemble achieves the
lowest Mean Absolute Error among all evaluated models and displays strong
visual alignment with actual price movements, confirming that hybridization
enhances the model’s ability to capture rapid temporal dependencies in high-
frequency financial data.

However, the findings also indicate that the benefits of ensemble learning do not
extend uniformly across all forecasting horizons. For the fifteen-minute horizon,
prediction accuracy decreases substantially, particularly due to the instability of
the Transformer component. The ensemble becomes negatively affected
because the averaging mechanism incorporates predictions that are sensitive
to noise and structural irregularities in medium-range dynamics. This horizon
appears to represent a transitional phase in cryptocurrency price behaviour,
where neither short-term pattern recognition nor longer horizon smoothing
serves as a complete solution.

The performance stabilizes again at the thirty-minute horizon, where the CNN
LSTM model and the ensemble deliver similar accuracy. These results confirm
that deep recurrent architectures remain effective for capturing broader temporal
structures in high volatility markets. The absence of Prophet from the ensemble,
caused by backend limitations, also likely reduced the ensemble’s ability to
model trend and seasonality components at medium and long horizons.

Overall, this research shows that hybrid deep learning ensembles are highly
effective for ultra-short-term cryptocurrency forecasting. Their value decreases
in intermediate horizons and returns partially for longer horizons, highlighting
the need for horizon-specific modelling strategies. These findings provide a
foundation for future work that can incorporate improved attention mechanisms,
volatility adaptive architectures, and additional explanatory signals such as
market sentiment or order book features. Future research may also explore
ensemble weighting schemes that dynamically adjust each model’s contribution
based on stability, error behaviour, or regime detection.
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