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Abstract. Bitcoin is a non-linear and non-stationary digital asset 

that has become a highly volatile asset challenging the usual 

prediction models. In this paper, the authors present a problem-

specific Hybrid Ensemble Stacking approach, the proposed 

approach, which combines the benefits of Long Short-Term 

Memory (LSTM) in terms of capturing long-term temporal variations 

with the power of Random Forest (RF) to process complex technical 

characteristics. The model follows a two-tier structure with a split 

ratio of 90:10 using BTC/USD historical data of Yahoo Finance and 

Binance (2010-2025) to combine the predictions of base learners 

with the use of a Linear Regression meta-learner. Findings show 

that pure LSTM has a low RMSE and MAE, but the Hybrid model has 

the best Mean Absolute Percentage Error (MAPE) of 3.54%. This 

means that the stacking mechanism will provide a more balanced 

error percentage, that is, it will enhance stability in forecasting at 

the phases of price discovery. It is novel in the sense that it uses 

macro-technical indicators to stabilize predictions in the face of 

market anomalies as a stacking scheme. These results have real-life 

implications on developers of financial systems in creating 

consistent crypto-asset risk management instruments. 

 

Keywords: Bitcoin, Hybrid Ensemble Stacking, Long Short-Term 

Memory, Time-series Forecasting, Cryptocurrency Forecasting. 

https://doi.org/10.63158/journalisi.v8i2.1537


Vol. 8, No. 2, April 2026 

 
 

Akhlis Munazilin, Mochamad Agung Wibowo, et al | 1892 

1. INTRODUCTION 

 

Crypto assets and Bitcoin in particular have changed the world order in the financial 

sector within the last ten years. Being the most capitalsized asset in the market, Bitcoin 

has been in focus not only of individual users but also of large organizations as an 

effective investment tool [1], [2]. But the biggest peculiarity of Bitcoin is that it is highly 

volatile, and the price might change dramatically in a few minutes as a result of the social 

media mood, regulatory factors, and macroeconomic forces [3]. The non-linear, non-linear 

and frequently noisy character of Bitcoin information renders the use of conventional 

statistical prediction techniques in is likely to fail to provide consistent precision [4]. Even 

though these hybrid models including CNN-LSTM architectures have been studied in the 

past to derive spatial and temporal features jointly [5], they still tend to be highly volatile 

to extreme prices shifts [6]. 

 

In the light of the progress of Artificial Intelligence (AI), machine learning and deep 

learning model have become the better choices when it comes to processing financial 

time series data. The tree-based algorithms include Random Forest (RF) which have been 

found to be useful in revealing non-linear trends that do not presuppose strict data 

distribution [7]. Conversely, the Long Short-Term Memory (LSTM) architecture has the 

special facility of commemorating the long-term patterns by way of a gating system that 

transcends the problem of the vanishing gradient [8]. Although both models possess their 

own merits, the application of either of them is frequently constrained in one way or the 

other: RF cannot necessarily be used to project onto data outside its historical context, 

whereas pure LSTM can frequently be unstable in high volatility situations without 

feature enrichment or further optimization [9], [10]. 

 

A number of recent researches have started examining the application of hybrid models 

to enhance accuracy of the forecast. The combination of social media sentiment analysis 

has been reported to largely enhance the accuracy of the LSTM models by sensing the 

psychological attitude of the market [11]. Moreover, noise has also been reduced by using 

data decomposition and adaptive feature selection methods prior to model training [12]. 

However, there is a research gap regarding how to harmoniously combine tree 

regression-based models with sequential neural network architectures through a 
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stacking mechanism to create more stable price estimates that are resilient to market 

anomalies [13], [14]. 

 

The research gaps witnessed in this study included the fact that there was no balancing 

aspect between a highly sequence sensitive model like LSTMs and a resilient model to 

outliers like the Random Forests in one stacking structure. Relative to the conventional 

parallel or serial hybrid conceptualizations, the stacking ensemble scheme of the 

specified investigation offers a meta-learner, which intelligently learns to favor LSTM 

forecasts and when to be concerned with the strength of the Random Forests. The 

foremost contribution of the work is the development of a problem-sensitive forecasting 

framework which can be applied to go to extremes and non-linear tendencies of Bitcoin. 

Contrary to generic hybrid schemes, the paper introduces a dual level stacking 

framework as it includes the notion of macro-technical (MA7, MA21, RSI) in order to serve 

the role of noise filters and trend stabilizing agents. The innovative aspect is the 

presentation of what is called a meta-learner that replaces the sequence sensitive 

predictions provided by LSTM with the outlier-resistant characteristics of the Random 

Forests, which is explicitly aimed at the minimization of the Mean Absolute Percentage 

Error (MAPE) in the instances of unpredictable price discovery. It is not a broadly 

generalizable architecture that is touted as a breakthrough, but an architecture that is 

extremely effective with cryptocurrency time-series data. 

 

2. METHODS 

 

This paper uses a methodical foretelling framework, which includes information pre-

processing, model architecture in two layers and performance assessment systems. The 

created methodology will be used to solve high volatility in crypto assets by combining 

sequential and tree-based algorithms into one [10], [15], [16]. 

 

2.1. Research Flowchart 

The current research started by obtaining historical data on BTC/USD daily data published 

by Yahoo Finance and Binance. The data was pre-processed critically by managing the 

missing values and normalizing with MinMaxScaler. This predictive model will be 

developed using raw data collected, and then the features will be extracted to form 

technical indicators that include Moving Average (MA), Relative Strength Index (RSI) and 
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returns. The data is then split into training and test data by the use of a 90:10 ratio once 

the features have been created and then normalization of the data is done to bring the 

data value ranges together. Passing into the modeling stage, base learners are trained at 

the Level 0, with the LSTM and Random Forest (RF) algorithms. The outcome of this step 

is then combined to form a meta-set which is fed into meta-learner training at Level 1 in 

this case Linear Regression. The final analysis of the model performance, as well as, 

correctness is determined by the final evaluation of this series of procedures. 

 
Figure 1. Research Methodology Diagram 
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The methodology or system workflow of predicting the BTC/USD prices with the help of 

the Ensemble Learning (Stacking) approach is presented in figure 1. Each of the stages is 

described as follows:  

 

Stage 1: Data and Features (Data Preparation) It starts with the gathering of daily 

historical data of BTC/USD. Based on this raw information we have Technical Feature 

Extraction which produces three key technical indicators as: SMA (Simple Moving 

Average): 7th and 21st day periods are used to obtain price trend. RSI 14 (Relative Strength 

Index): To gauge momentums and bouts of oversoldness and oversold. Daily Returns: To 

observe the percentage change of the prices daily.  

 

Stage 2: Pre-processing (Pre-processing) The mined data is then pre-processed so that it 

can be fed into the model: Min-Max Scaling: Scales the data value to the [0,1] interval. 

This is quite crucial in order that the large-scale features are not dominated by the small-

scale features. Sequence Creation: The information is transformed into a time series by 

the Sliding Window technique of length T=30. This means the model will look at the 

pattern of the past 30 days to predict the price of the next day.  

 

Stage 3: Stacking Model Architecture (Model Architecture) This is the core of the system 

that uses the Stacking technique (two levels of models): Level 0 (Base Learners): Training 

data is fed into two different models in parallel: LSTM (Long Short-Term Memory): A Deep 

Learning algorithm that is expert in handling sequential or time series data. Random 

Forest (with 100 trees): A decision tree-based Machine Learning algorithm that is strong 

in handling non-linear relationships. These two models produce their own predictions 

(𝑦!"#$"𝑎𝑛𝑑𝑦%&& ). Level 1 (Meta-Learner): The prediction results from Level 0 are used as 

input for a new model, namely Linear Regression. The Meta-learner is tasked with 

"learning" the best weights from the prediction results of LSTM and Random Forest to 

produce the final prediction (𝑦'()*+" ).  

 

Stage 4: Model Performance Evaluation (Evaluation) After the model After training and 

testing, its performance is measured using four standard regression metrics: RMSE (Root 

Mean Square Error) & MAE (Mean Absolute Error): Measures the average magnitude of 

the prediction error. MAPE (Mean Absolute Percentage Error): Measures the percentage 

error. 𝑅, (R-Squared): Tests the quality of the model to explain the variation in the data. 
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The purpose of this flow is to integrate the capabilities of Deep Learning (LSTM) and 

more traditional Machine Learning (Random Forest) algorithms by applying the Linear 

Regression to achieve more precise and consistent predictions of the price of Bitcoins 

than with the help of only one of the models. 

 

2.2. Technical Parameters and Features Details 

Technical features are used to select parameters: standard capital market technical 

analysis: 

1) Data Source & Period: BTC/USD daily historical data obtained via Yahoo Finance 

and Binance APIs covering the period July 2010 to June 2025. 

2) Feature Formalization: All technical indicators are calculated using the closing 

price 𝑃- . 

3) Moving Average (7 & 21 days): Chosen to capture weekly and monthly trend 

momentum. 

4) RSI (14 days): Uses a standard 14-day window to detect overbought/oversold 

conditions. 

5) LSTM Parameters: Uses two hidden layers with 50 units, an Adam activation 

function, and a dropout rate of 0.2 to prevent overfitting. 

6) Random Forest Parameters: Configure 100 trees with a max depth of 10, 

chosen after trial and error to balance accuracy and computational complexity. 

 

2.3. Data Collection and Technical Features 

The history of closing price of Bitcoin (BTC\/USD) is the main data that is used. The raw 

data is in the form of Open, High, Low, and Close (OHLC) variables. 

 

Table 1. Dataset view 

Date Ticker Open High Low Close 

07-17-2010 BTC 0.04951 0.04951 0.04951 0.04951 

07-18-2010 BTC 0.04951 0.08585 0.04951 0.08584 

…. … … … … … 

06-20-2025 BTC 104403 106578 102385 103506 

06-21-2025 BTC 103511 104056 101128 101476 
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In order to enhance the level of sensitivity of the model to market momentum, the 

extraction of technical features is carried out in the following way: 

 

1) Simple Moving Average (SMA): It is a method of averaging the price variations in a 

timeframe of n days. 

𝑆𝑀𝐴) =
.
)
∑ 𝑃-/0)/.
012      (1) 

 

Where 𝑃- is the closing price at time 𝑡, with time windows 𝑛 = 7 and 𝑛 = 21 [7]. 

 

2) Relative Strength Index (RSI): Momentum indicator which determines the velocity 

and direction of price changes. 

3)  

𝑅𝑆𝐼 = 100 − 5 .22

.3!"#$%&'!"#()**

6    (2) 

 

Where 𝐴𝑣𝑔𝐺𝑎𝑖𝑛 and 𝐴𝑣𝑔𝐿𝑜𝑠𝑠 calculated based on the average increase and 

decrease in prices over a 14-day period [3]. 

 

4) Daily Returns: Divides the percentage change of price per day, in order to assess 

relative volatility. 

𝑅𝑒𝑡𝑢𝑟𝑛𝑠- =
4+/4+,-
4+,-

     (3) 

 

2.4. Data Preprocessing 

The pre-processing phase includes the normalization of data with the help of Min-Max 

scaling in order to shift the features into the interval [0,1]. This plays a critical role in the 

stability of convergence of gradient descent-based models of LSTM [17]. 

 

𝑥05 =
6&/789(6)

7<=(6)/789(6)
     (4) 

 

Where 𝑥0 is the original value, whereas 𝑥05 is a standardized value. The data is then 

arranged into a temporal sequence (sliding window) with a sequence length of 𝑇 = 30. 
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2.5. Hybrid Ensemble Stacking Architecture 

The predictive system is built using a two-tier stacking architecture that combines the 

advantages of temporal and spatial feature extraction [18]. 

 

2.5.1. Level 0 (Base Learners): 

1) Long Short-Term Memory (LSTM): Modeling sequential dependencies through a 

gate mechanism (forget, input, and output). The output of this model is 𝑦!"#$" . The 

LSTM architecture is specifically designed to address the vanishing gradient 

problem in long time series data by using a mechanism of memory units and gates. 

Each memory unit at time 𝑡 is computed through the following series of operations 

[19]: 

a) Forget Gate (𝑓-): Determines which information from the previous cell state 

(𝐶-/.) will be discarded. 

 

𝑓- = σG𝑊' ⋅ [ℎ-/., 𝑥-] + 𝑏'P    (5) 

 

b) Input Gate (𝑖-) & Candidate State (𝐶-Q ): Determines the new information to be 

stored in the cell state. 

 

𝑖- = σ(𝑊0 ⋅ [ℎ-/., 𝑥-] + 𝑏0)     (6) 

𝐶-Q = tanh(𝑊> ⋅ [ℎ-/., 𝑥-] + 𝑏>)    (7) 

 

c) Cell State Update (𝐶-): Updating the old cell state to a new cell state. 

 

𝐶- = 𝑓- ∗ 𝐶-/. + 𝑖- ∗ 𝐶-Q       (8) 

 

d) Output Gate (𝑜-) & Hidden State (ℎ-): Determines the output value based on 

the updated cell state. 

 

𝑜- = σ(𝑊? ⋅ [ℎ-/., 𝑥-] + 𝑏?)     (9) 

ℎ- = 𝑜- ∗ tanh(𝐶-)      (10) 

 

Where σ is the sigmoid activation function, 𝑊 and 𝑏 each represents the weight 

and bias matrices learned during the training process [8]. 
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2) Random Forest: Performs aggregation of 𝐵 decision trees to mitigate high variance 

in the data. The output of this model is 𝑦%&& . Random Forest is a bagging-based 

ensemble algorithm that builds a large number of independent decision trees. For 

Bitcoin price regression, this model aggregates predictions from each tree to 

produce a more stable final output [1], [7], [20]. The Random Forest prediction 

process is mathematically expressed as the average of the predictions of 𝐵 

decision tree fruits (𝑇): 

𝑦%&& = .
@
∑ 𝑇A(𝑥; ΘA)@
A1.      (11) 

Where: 

𝑦%&&  is the final prediction of the Random Forest model. 

𝐵 is the number of trees in the forest (in this study 𝐵 = 100). 

𝑇A(𝑥; ΘA) is the prediction of the b-th tree for input x with parameter ΘA 

obtained through bootstrap sampling. 

 

This strategy effectively reduces model variance without increasing bias, making it 

highly robust against outliers in Bitcoin volatility data [21]. 

 

2.5.2. Level 1 (Meta-Learner): 

To prevent data leakage and ensure model validity on time series data, the training 

procedure is set as follows:  

1) Time-Series Split: The data is not shuffled randomly. The 90:10 split is done 

chronologically to maintain the temporal order.  

2) Meta-Learner Training: The meta-learner (Linear Regression) is trained using out-

of-sample predictions from the base learners. The predictions of 𝑦!"#$"  and 𝑦%&&  in 

the validation set are used as input features for the meta-learner to minimize the 

risk of overfitting. 

3) Using Linear Regression to learn the optimal weights (𝑤) of the base model 

predictions to minimize the error on the meta-training set. 

 

𝑦'()*+" =𝑤2 +𝑤.𝑦!"#$" +𝑤,𝑦%&& + 	𝜀    (12) 

 

Where 𝑤2 is the intercept, 𝜖 is residual error,  𝑤. and 𝑤, represent the optimal 

weights learned to balance the stability of Random Forest and the temporal 

sensitivity of LSTM [22]. 
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2.6. Performance Evaluation Metrics 

The reliability of the model is validated using four main metrics to measure the deviation 

between the actual values (𝑦0) and the predicted values (𝑦(̀) [4], [23]: 

1) Root Mean Squared Error (RMSE): Sensitive to major errors (outliers). 

 

𝑅𝑀𝑆𝐸 = b.
)
∑ (𝑦0 − 𝑦(̀),)
01.     (13) 

 

2) Mean Absolute Error (MAE): Measuring the absolute mean error. 

 

𝑀𝐴𝐸 = .
)
∑ |𝑦0 − 𝑦(̀|)
01.      (14) 

 

3) Mean Absolute Percentage Error (MAPE): The main indicator of accuracy is in 

percentage form. 

𝑀𝐴𝑃𝐸 = .22\%
)

∑ dD&/D.E
D&
d)

01.     (15) 

 

4) R-Squared (𝑅,): Measures the extent to which the target variance can be explained 

by the model. 

𝑅, = 1 − ∑(D&/D.E )/

∑(D&/DG)/
     (16) 

 

3. RESULTS AND DISCUSSION 

 

3.1. Model Performance Analysis 

The experiments have been performed comparing three predictive architectures, namely: 

a single Random Forest (RF), a single LSTM, and the proposed model Hybrid Ensemble 

Stacking.  

 

1) Random Forest (RF) 

This model can explain the price variation based on an ensemble tree, using technical 

characteristics the MA7, MA21, and RSI. Although this model remains constant when using 

historical data, it lacks extrapolative power when it comes to new price discovery periods. 
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Figure 2. Prediction results with the Random Forest model 

 

The graph plots the performance of the Random Forest Regressor model in predicting 

the change of Bitcoin (BTC) price with respect to the US Dollar (USD) between the middle 

of 2022 and the middle of 2025. There exists a sharp contrast in prediction accuracy 

between the training phase and the testing phase as far as methodology is concerned. 

The model in the first phase up to around September 2024 showed very high accuracy 

in the fitting properties and the prediction line (red dashed) could track the actual price 

movement (blue) with a very small margin of error. This means that the model has been 

able to pick historical patterns based on the available data in the training set. 

 

Despite the fact that the model seemed correct at first, there was a major deviation that 

occurred in the end of 2024. The following are some of the critical analysis aspects of 

this phenomenon: 

1) Extrapolation limitations: The basic problem with decision tree-based models 

such as the Random Forest is that they simply cannot make predictions that 

are out of range of the training set. With the price of Bitcoin climbing to over 

100,000 dollar after reaching over 80,000 dollars and then continuing to go 

up, the model would have been left at an estimated output of approximately 

65,000 dollars which was probably the highest possible value that the model 

had attained during the training process. 

2) Prediction Stagnation: This trend of the red line that will flatten at the end of 

the graph implies that the model has reached the maximum of its predictions. 
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In the case of time series data having strong growth trends this is sometimes 

called the regressing-to-the-mean problem. 

3) Architectural Mismatch: It is shown in this graph that traditional ensemble 

algorithms that lack a detrending component or sufficient lag property are 

less efficient at predicting crypto assets with exceptionally volatile behavior 

and long-term trends that out of their history. 

 

The model failed to work in case of a new all-time high price situation. Although true of 

the historical data, it could not model the positive stock movement to the extent its 

parameter set had been trained. 

 

2) Long Short-Term Memory (LSTM) 

As a deep learning model, LSTM shows superiority in capturing long-term sequential 

dependency patterns through a memory cell mechanism with a time window 

(SEQ_LENGTH) of 30 days. 

 

 
Figure 3. Prediction results using the LSTM model 

 

The graph above (Figure 3) visualizes the performance of a Long Short-Term Memory 

(LSTM) model in predicting the closing price of Bitcoin (BTC) in US Dollars (USD) based on 

a sequence of daily data. Unlike conventional regression models, the LSTM architecture, 

a variant of the Recurrent Neural Network (RNN), is specifically designed to capture long-
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term dependencies in time series data. Visually, the graph is divided into two main phases: 

the training phase (blue line), which covers the initial historical data up to approximately 

the 4,300th data point, and the testing phase (orange and red lines), which evaluates the 

model's generalization ability to new data. 

 

The effectiveness of the LSTM model in this scenario demonstrates significant 

improvements compared to simple statistical methods or decision tree-based models, 

which can be described as follows: 

a) Accuracy in High Volatility: It will be observed that LSTM model (red line) is 

particularly well-equipped to track the actual price (in orange), in the face of 

exceptionally large price changes in the price spikes that constantly occur 

upon the 5,000th data point. 

b) Long-Term Trend Accuracy: LSTM was able to discover a bullish trend that hit 

the $100,000 mark in comparison with the static models indicating that the 

architecture was able to extrapolate the trend into the space where training 

data was not able to reach. 

c) Response to Market Dynamics: The overlap of the red prediction line with the 

orange test data is evidence that the model has a low error rate on estimating 

the daily price momentum, which is a necessity of the technical analysis of 

crypto assets. 

 

The success of the model is that it can remember vital information in the past by the 

use of the cell state and the gate mechanism hence able to learn not only the past prices 

but also the complex pattern of the market cycles. 

 

3) Model Integration (Hybrid Ensemble Stacking) 

This program produces a Hybrid Ensemble model, which is a combination of the 

predictions made by both of the base models using a Linear Regression-based meta-

learner. In accordance with the automatic calculation of the evaluation function, the 

integration results reveal the significant improvement of the precision. 
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Figure 4. Prediction using integration model (Hybrid Ensemble Stacking) 

 

The graph represents the application of a hybrid model by the Stacking Ensemble 

technique that integrates the Long Short-Term Memory (LSTM) and the Random Forest 

architecture to predict the Bitcoin prices. The goal of this method is to integrate the 

advantages of LSTM when seeking the long-term sequential memory and the capability 

of Random Forest in identifying the non-linear data relations. The hybrid prediction line 

(red) has a very high level of fit to the actual price (gray) visually, with the model capable 

of minimizing noise and still being sensitive to extreme market variability. 

 

Combinations of the two algorithms are also effective and they have a number of 

technical benefits in time series analysis: 

a) Optimized Generalization: With the stacking technique the lack of 

extrapolation to new values that is witnessed in the earlier single model of the 

Random Forest is effectively addressed with growth trends being captured by 

the LSTM. 

b) Prediction Stability: The red line is also more flattened yet correct after 

fluctuations in prices and it means that the ensemble model is able to balance 

the overfitting and underfitting phenomena that are common in predicting 

crypto assets. 

c) Extreme Trends Adaptation: This model was found to be the most useful in 

predicting price increments that are above the $100,000 line, and therefore, 
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the combination of the weights of the two models produces stronger 

predictions compared to prediction by either of the two models. 

 

This interaction shows that the hybrid model can capture various statistical features of 

market data, where LSTM can emphasize the time structure, whereas Random Forest can 

improve the use of features to make a decision. The evaluation results using the test 

data set are summarized in Table 2. 

 

Table 2. Comparison of Bitcoin Price Prediction Model Performance Metrics 

No Model RMSE (USD) MAE (USD) MAPE (%) R2 

1 Random Forest 13.067,60 6.460,58 9,45% 0,77 

2 LSTM 2.536,55 1.767,83 3,86% 0,99 

3 Hybrid Ensemble Stacking 2.944,62 2.117,68 3,54% 0,99 

 

Model performance evaluation was conducted by comparing the hybrid architecture to 

a single model using four standard metrics. Based on the experimental data summarized 

in Table 1, varying performance was found. The pure LSTM model recorded the lowest 

absolute error value with an RMSE of 2,536.55 and an MAE of 1,767.83. This indicates that, 

to minimize price deviation in USD, the LSTM architecture is more sensitive to large 

Bitcoin price fluctuations [24], [25], [26] [1], [24], [25]. 

 

All prediction results shown in the graphs are out-of-sample (test) data, ensuring that 

the evaluation is conducted on data the model has never seen during the training phase. 

Based on the results in Table 2, a significant metric trade-off is evident. Although the 

pure LSTM model recorded the lowest RMSE and MAE values, the Hybrid Ensemble 

Stacking model proved superior only on the MAPE criterion (3.54%). The improvement in 

MAPE with no correction in RMSE or MAE is due to the fact that the MAPE assigns errors 

an equal weight relative to both its value and the absolute USD errors are very sensitive 

(as shown by the experience when the Bitcoin broke the door to over $100,000). This 

implies that the stacking method places high emphasis on consistency rates of errors 

throughout the immensely fluctuating price ladder of digital properties. 
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3.2. Visualization of Prediction 

The visualization shows that the hybrid model can be used to follow the real Bitcoin price 

dynamics. The prediction curve (in red) has exceptionally high convergence with the true 

price (in black) particularly at the time of moderate volatility. The hybrid model has been 

proven to minimize the lag effect that is common with pure time series models. This is 

because the Random Forest will be used to give the momentum context to the RSI and 

the Moving Average indicators, whereas the LSTM will support the long-term temporal 

dependency structure [27], [28]. 

 

 
Figure 5. Prediction using Random Forest, LSTM, and Integration (Hybrid Ensemble 

Stacking) models 

 

The given data visualization is an in-depth comparison of the real Bitcoin price and the 

predictions of three model architectures: Random Forest (RF), Long Short-Term Memory 

(LSTM), and Hybrid Ensemble. Strong differences in generalization capabilities of each 

model to the volatility of the crypto markets form methodological differences. The 

Random Forest model (dashed blue line) can actually illustrate a structural failure in 

extrapolating trends, in which the predictions come to a halt at one of the lower prices 

range and do not respond to any major price jumps that will happen in the future, after 

2024. However, LSTM model (dotted green line) and the Hybrid Ensemble (red line) show 

much better performance as they accurately track the actual price changes even after 

Bitcoin surpassed the mark of $100,000. 
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The pros and cons of both strategies can be summarized as follows: 

1) Random Forest Extrapolation Failure: This model can only forecast values 

within the range it has been trained on, and therefore it does not help in 

predicting upward price movement that is outside its historical range. 

2) LSTM Architecture Robustness: LSTM demonstrates long-term memory 

capabilities that help it map long-term trends and continue to be relevant even 

in cases where the prices of assets have reached new all-time highs. 

3) Hybrid Model Stability: The Ensemble methodology, which is a combination of 

LSTM and RF, has the most stable and smooth prediction line. This combination 

system can successfully overcome the personal inaccuracies of all the 

algorithms, and the estimates are more resistant to market shocks. 

 

It has been observed that the combination of memory-based (LSTM) and tree-based (RF) 

models into the Ensemble system yields the most superior mode of dealing with non-

linear and highly volatile time series data like Bitcoin. 

 

3.3. Discussion 

The experimental findings of the current research prove the hypothesis that the Hybrid 

Ensemble Stacking framework is useful to address the non-linear and non-stationary 

issues related to Bitcoin price. One of the findings is that the model retains a higher 

MAPE of 3.54 even though it does not win in RMSE and MAE. It happens so due to the 

stacking mechanism, which is implemented by the Linear Regression meta-learner, which 

puts more emphasis on relative consistency of errors at various price scales. This is 

especially important to the assets with such extreme value distributions as Bitcoin where 

absolute errors (RMSE/MAE) may be misleading in the periods of price discovery above 

the price of $100,000. 

 

The input features (SMA and RSI) were also the macro-technical indicators that were 

incorporated, and it turned out to be a decisive element in stabilizing the prediction. This 

would conform to the results of Zatwarnicki (2025) who showed that technical indicators 

offer critical trend clues that assist machine learning models to remove market noise 

[29]. These indicators combined with a two-layer stacking scheme take this research 

beyond the realm of simple hybrid models and towards problem specific forecasting 
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architecture as indicated by the difference in performance between our hybrid model 

and the individual LSTM or RF models. 

 

Furthermore, our results show a similar pattern to the study by Quang et al. (2025), where 

deep learning architectures like LSTM are excellent at capturing temporal dependencies 

but can be prone to lag during sudden price discovery phase  [30]. By introducing Random 

Forest as a parallel base learner, our framework mitigates this lag through ensemble 

averaging. Unlike the CNN-LSTM approach discussed by Wen and Ling (2023), which 

focuses heavily on spatial-temporal features, our stacking framework leverages the 

robustness of tree-based models to handle outliers that often mislead pure gradient-

based neural networks [28], [31], [32]. 

 

Finally, the application of a time series safe training process based on the chronological 

splitting and out of sample meta learning makes sure that the findings do not contain 

data leakage. This validation is to confirm that the proposed model is not only correct in 

the percentage error, but also practical to implement in the cryptocurrency risk 

management system. 

 

4. CONCLUSION 

 

This paper concludes that the problem specific Hybrid Ensemble Stacking Framework 

(combining LSTM and Random Forest) is a powerful tool in predicting the price of Bitcoin. 

Empirical testing confirms that the pure LSTM model has more nominal accuracy in both 

RMSE and MAE but the proposed hybrid model has the most stable performance with a 

MAPE of 3.54%. This illustrates that Linear Regression meta-learner successfully trades 

long-term time trends of LSTM with the noise suppression features of technical 

indicators of the Random Forest. The applicability of the findings directly to the practice 

of financial information systems developers is that the findings provide a more effective 

instrument in managing risk with crypto-assets, particularly in the turbulent periods of 

price discovery. Future studies need to incorporate external sentiment factors and 

automated hyperparameter optimization in order to increase the model robustness 

against unexpected global macroeconomic shocks. 
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