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Abstract—The inherent volatility and nonlinear dynamics of
cryptocurrency markets make accurate price forecasting a chal-
lenging yet economically significant problem. This paper presents
CryptoPredict, a machine learning framework for cryptocur-
rency price prediction that employs two supervised tree-based
regression algorithms: Decision Tree and Random Forest. The
system incorporates a comprehensive preprocessing pipeline that
handles missing value imputation, outlier removal, and Min-Max
normalization, followed by domain-specific feature engineering
that generates technical indicators such as Moving Average,
Relative Strength Index, and Moving Average Convergence Diver-
gence. Experimental evaluation is conducted on a Bitcoin dataset
comprising 1,825 daily records spanning January 2020 to August
2025, covering diverse market regimes including the COVID-19
crash of 2020, the 2021 bull run, and the 2022 bear market. The
Random Forest model achieves a coefficient of determination of
0.94 and a Root Mean Squared Error of 0.043, substantially
outperforming the Decision Tree which records a coefficient
of determination of 0.86 and a Root Mean Squared Error
of 0.087. The results confirm that ensemble learning through
Random Forest reduces overfitting and improves generalization
compared to single-model approaches, providing a practical and
interpretable solution for financial time-series forecasting.

Index Terms—cryptocurrency price prediction, machine learn-
ing, random forest, decision tree, ensemble learning, technical
indicators, financial forecasting

I. INTRODUCTION

The rapid proliferation of digital currencies over the past
decade has fundamentally transformed the structure of global
financial markets. Cryptocurrencies such as Bitcoin (BTC),
Ethereum (ETH), and Ripple (XRP) have evolved from niche
technological experiments into major traded assets attracting
both retail and institutional participation. Despite their growing
economic significance, cryptocurrency markets are character-
ized by extreme price volatility, limited regulatory oversight,
speculative investor behavior, and acute sensitivity to macroe-
conomic announcements and social media sentiment. These
properties collectively make cryptocurrency price prediction
one of the most challenging open problems in computational
finance.

Traditional statistical forecasting methods, including the
Autoregressive Integrated Moving Average (ARIMA) model,
Vector Autoregression (VAR), and Exponential Smoothing,
have demonstrated effectiveness for stable financial instru-
ments under stationary distributional assumptions. However,
cryptocurrency price series exhibit non-stationarity, heavy-
tailed distributions, and abrupt structural breaks driven by reg-
ulatory events, exchange failures, and macroeconomic shocks.
These characteristics violate the core assumptions of classical
models and substantially degrade their predictive performance
in digital asset markets [2].

Machine learning (ML) approaches address these limitations
by learning nonlinear, high-dimensional relationships directly
from historical data without requiring explicit mathemati-
cal specification of the underlying data-generating process.
Tree-based supervised learning algorithms, in particular, have
emerged as effective and interpretable tools for financial
regression tasks, capable of capturing feature interactions,
tolerating noisy inputs, and producing decisions that can be
traced back to identifiable market conditions [12].

This research introduces CryptoPredict, an AI-powered pre-
dictive framework that applies Decision Tree and Random
Forest regressors to forecast cryptocurrency closing prices. The
Decision Tree provides interpretable decision boundaries that
illuminate which market features drive price movements, while
the Random Forest exploits ensemble averaging over multiple
decorrelated trees to reduce prediction variance and achieve
superior generalization. Together, these models offer a balance
of accuracy, transparency, and computational accessibility that
is well suited to practical deployment in financial analytics.

The contributions of this paper are fourfold. First, a com-
plete preprocessing and feature engineering pipeline is de-
signed and validated for raw cryptocurrency time-series data.
Second, Decision Tree and Random Forest regressors are
systematically implemented, tuned via Grid Search cross-
validation, and benchmarked against each other. Third, a rigor-
ous quantitative evaluation is performed on a five-year Bitcoin
dataset encompassing multiple distinct market regimes, using



Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and coefficient of determination (R2) as evaluation
criteria. Fourth, a feature importance analysis is conducted
to identify the market signals that most strongly influence
predictive performance.

The remainder of this paper is organized as follows. Sec-
tion II surveys related work in cryptocurrency price forecast-
ing. Section III describes the proposed data collection and
methodology. Section IV presents the system architecture. Sec-
tion V details the algorithm design and pseudocode. Section VI
reports experimental setup and results. Section VII provides an
analytical discussion of findings. Section VIII concludes and
outlines future research directions.

II. RELATED WORK

Cryptocurrency price prediction has attracted substantial
and growing research interest owing to the financial stakes
involved and the complexity of digital asset market dynamics.
Prior work spans three broad methodological categories: clas-
sical statistical models, supervised machine learning methods,
and deep learning architectures.

A. Statistical and Classical Approaches

Early efforts applied ARIMA and GARCH-family models to
cryptocurrency forecasting on the premise that short-term auto-
correlations in price returns could be exploited for prediction.
While ARIMA captures linear serial correlations effectively in
stationary regimes, empirical studies have consistently demon-
strated its limited applicability to cryptocurrency markets,
where non-stationarity and heavy-tailed distributions are the
norm rather than the exception [3]. GARCH extensions par-
tially address volatility clustering but remain unable to model
multi-factor nonlinear dynamics. Corbet et al. [2] provided
a systematic review of statistical analysis approaches applied
to cryptocurrency assets and noted that the predictability of
returns deteriorates rapidly as market conditions shift.

B. Machine Learning Methods

Supervised machine learning has emerged as the dominant
paradigm for cryptocurrency forecasting in recent literature.
Support Vector Machines, k-Nearest Neighbors, and gradient-
boosted tree ensembles have all been applied with competitive
results. John [12] conducted a survey of cryptocurrency price
prediction algorithms and established that tree-based ensemble
methods consistently ranked among the top performers in
terms of RMSE across diverse datasets and forecast horizons.

Random Forest, as an ensemble of decorrelated decision
trees trained through bootstrap aggregation and random feature
subsampling, substantially reduces prediction variance relative
to single trees, yielding improved generalization on unseen
market data. Yousaf et al. [14] compared machine learning
models including XGBoost and Random Forest for cryptocur-
rency forecasting and reported a coefficient of determination
of 0.91 for the best-performing ensemble configuration, con-
firming the suitability of this approach for digital asset price
regression. Rahman et al. [15] extended ensemble learning to

a multi-asset setting and achieved a coefficient of determina-
tion of 0.93, further validating the generalization capacity of
ensemble tree methods.

Gupta and Sharma [16] surveyed machine learning ap-
proaches for predicting cryptocurrency market trends and
concluded that feature engineering, particularly the inclusion
of technical indicators derived from price history, provides a
consistent and significant improvement in predictive accuracy
regardless of the base algorithm employed.

C. Deep Learning Approaches

Long Short-Term Memory (LSTM) networks and
Transformer-based architectures have been explored for
sequential cryptocurrency price prediction, offering the ability
to model long-range temporal dependencies that tree-based
models cannot represent through a fixed feature window.
Zhang and Yang [13] reported a Mean Absolute Error of 0.031
using LSTM-based deep learning on Bitcoin price data. Liu
et al. [17] proposed a hybrid deep learning model combining
convolutional feature extraction with LSTM sequential
modeling, achieving a Mean Absolute Error of 0.028.
Despite these strong results, deep learning models require
large volumes of training data, substantial computational
infrastructure, and careful regularization to prevent overfitting.
Their relative opacity also limits interpretability, reducing
their utility in regulated financial contexts where decision
transparency is required.

D. Research Gap and Positioning

Table I summarizes representative prior studies, the al-
gorithms employed, and reported performance metrics. A
persistent research gap exists in providing forecasting systems
that simultaneously achieve high predictive accuracy, compu-
tational efficiency without GPU dependence, and interpretable
model outputs. The proposed CryptoPredict framework ad-
dresses this gap through the principled combination of Ran-
dom Forest ensemble power and Decision Tree interpretability,
benchmarked on a long-horizon Bitcoin dataset covering di-
verse market conditions.

TABLE I
SUMMARY OF RELATED WORK ON CRYPTOCURRENCY PRICE

PREDICTION

Reference Algorithm Metric Score
John [12] RF, SVM, LSTM RMSE RF best

Zhang & Yang [13] LSTM, GRU MAE 0.031
Yousaf et al. [14] XGBoost, RF R2 0.91

Rahman et al. [15] Ensemble ML R2 0.93
Gupta & Sharma [16] ML Survey RMSE Varies

Liu et al. [17] Hybrid DL MAE 0.028
Proposed RF + DT R2 0.94

III. PROPOSED METHODOLOGY

The CryptoPredict framework is organized into four se-
quential stages: data collection, data preprocessing and feature
engineering, model training and hyperparameter optimization,



and performance evaluation. Fig. 1 illustrates the end-to-end
system flowchart.

Fig. 1. End-to-end system flowchart of CryptoPredict from data ingestion to
predicted cryptocurrency price output.

A. Data Collection
Historical cryptocurrency market data were sourced from

publicly available repositories including Yahoo Finance and
CoinMarketCap, in comma-separated value (CSV) format. The
dataset covers three major assets, namely Bitcoin (BTC),
Ethereum (ETH), and Ripple (XRP), with Bitcoin serving as
the primary experimental subject. Daily records span from
January 2020 to August 2025, yielding 1,825 observations for
BTC. Each record contains the following attributes: opening
price, closing price, intraday high and low prices, daily trading
volume, and market capitalization. These attributes constitute
the foundational input for the preprocessing and modeling
pipeline.

B. Data Preprocessing
Raw financial data frequently contain missing values, noise,

and structural inconsistencies that can degrade model perfor-
mance if unaddressed. Three preprocessing operations were
applied systematically. Missing values were handled through
a two-stage approach: linear interpolation was applied to
fill short temporal gaps, preserving continuity in the price
series, followed by forward-filling for any remaining isolated
missing entries. Outlier detection was performed using z-score
analysis, where observations with an absolute z-score exceed-
ing three standard deviations were identified and removed
from the dataset to prevent distortion of learned decision
boundaries. Feature normalization was then applied using Min-
Max scaling to map all numerical attributes to the range [0, 1]
as defined in (1):

x′ =
x− xmin

xmax − xmin
(1)

This normalization ensures that features with large absolute
magnitudes, such as daily trading volume, do not dominate
features operating at smaller numerical scales, such as the
Relative Strength Index.

C. Feature Engineering

Beyond raw market attributes, five categories of domain-
specific technical indicators were computed to enrich the input
feature space with market trend, momentum, and volatility
signals.

The 7-day and 30-day Simple Moving Averages of the
closing price were computed to smooth short-term fluctua-
tions and expose the underlying directional trend. The 14-
day Relative Strength Index (RSI) was calculated to quantify
momentum and identify overbought conditions when RSI
exceeds 70 and oversold conditions when RSI falls below
30. The Moving Average Convergence Divergence (MACD)
indicator was derived as the difference between the 12-day
and 26-day Exponential Moving Averages, capturing trend
reversals and signal line crossovers that frequently precede
significant price movements. Bollinger Bands were defined
as the 20-day moving average plus and minus two standard
deviations, providing a dynamic measure of price volatility and
potential breakout zones. Finally, lagged closing price features
at intervals of 1, 3, and 7 days were incorporated to supply
the model with recent historical price context, resulting in a
final input feature matrix of 13 dimensions.

D. Model Training

The processed dataset was partitioned chronologically into
a training set comprising 80 percent of observations and a
test set comprising the remaining 20 percent, corresponding
to 1,460 training records and 365 test records respectively.
Chronological ordering is critical to prevent data leakage from
future market conditions into the training process.

The Decision Tree regressor constructs a hierarchical parti-
tioning of the input feature space by iteratively selecting the
split feature f and threshold θ that minimize the weighted
Mean Squared Error across the resulting child nodes, as
defined in (2):

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2)

Recursive splitting continues until a maximum depth con-
straint or minimum samples per leaf threshold is reached,
controlling model complexity and preventing excessive mem-
orization of training patterns.

The Random Forest regressor extends the Decision Tree
through Bootstrap Aggregation. Given N estimators, each
tree Tk is trained on a bootstrap sample Dk drawn with
replacement from the training set and considers only a random
subset of

√
p features at each split node, where p denotes

the total number of input features. The final prediction is the
arithmetic mean of all individual tree outputs as expressed in
(3):

ŷRF =
1

N

N∑
k=1

Tk(x) (3)

This averaging mechanism reduces prediction variance, mit-
igates overfitting of individual trees to training noise, and



yields improved generalization to unseen market conditions.
Hyperparameter optimization for both models was carried
out using Grid Search with 5-fold cross-validation on the
training set. The optimal configuration for Random Forest
was: number of estimators N = 100, maximum depth of 10,
minimum samples per split of 5, minimum samples per leaf
of 2, and maximum features equal to the square root of the
total feature count. For the Decision Tree, optimal parameters
were: maximum depth of 8, splitting criterion of squared error,
minimum samples per split of 5, and minimum samples per
leaf of 2.

E. Evaluation Metrics

Model performance was quantified using three complemen-
tary regression metrics. Mean Absolute Error (MAE), defined
in (4), measures the average absolute deviation between pre-
dicted and actual prices and provides an interpretable error
magnitude in normalized price units.

MAE =
1

n

n∑
i=1

|yi − ŷi| (4)

Root Mean Squared Error (RMSE), defined in (5), penalizes
large prediction errors more heavily than MAE due to the
squared term, making it particularly sensitive to performance
during volatile market periods.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (5)

The coefficient of determination R2, defined in (6), ex-
presses the proportion of total price variance that is explained
by the model, with a value of 1.0 representing perfect predic-
tion.

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(6)

Together, these three metrics provide a comprehensive as-
sessment of prediction accuracy, error distribution, and ex-
planatory power.

IV. SYSTEM ARCHITECTURE

The overall system architecture of CryptoPredict is illus-
trated in Fig. 2. The design follows a six-layer modular
structure that supports scalability and future integration with
real-time data streams.

The Data Source Layer aggregates live and historical cryp-
tocurrency market data from REST APIs such as Binance
and CoinMarketCap, as well as from local CSV datasets.
A unified ingestion interface accommodates multiple asset
classes without modification to downstream components. The
Preprocessing Layer applies the three-stage cleaning pipeline
described in Section III, including missing-value imputation, z-
score outlier filtering, and Min-Max normalization, producing
a consistent and clean feature matrix for downstream use.

Fig. 2. Architecture of CryptoPredict illustrating the six functional layers
from data ingestion to evaluation and visualization.

The Feature Extraction Layer computes domain-specific tech-
nical indicators including Moving Averages, RSI, MACD, and
Bollinger Bands, together with lagged closing price features,
enriching the input representation with contextual market in-
formation. The Model Training Layer implements the Decision
Tree and Random Forest regressors using the Scikit-learn
library, with hyperparameter optimization performed through
Grid Search cross-validation as described in Section III. The
Prediction Layer applies the trained best model to held-out test
data or new market inputs to generate future price forecasts
at daily granularity. The Evaluation and Visualization Layer
computes the MAE, RMSE, and R2 performance metrics and
renders actual-versus-predicted price trend plots to facilitate
interpretive analysis and model comparison.

The modular layered design ensures that individual compo-
nents can be independently upgraded without disrupting the
overall pipeline. For example, the Model Training Layer can
be replaced with an LSTM or Transformer module, or the Data
Source Layer extended to incorporate on-chain blockchain
metrics, without requiring changes to any other layer.

V. ALGORITHM AND PSEUDOCODE

A. Algorithm Overview

Algorithm 1 presents the formal pseudocode for the Cryp-
toPredict price forecasting procedure. The algorithm accepts
a historical cryptocurrency dataset as input and returns the



trained best model together with its predicted price outputs on
the test partition.

Algorithm 1 CryptoPredict: Cryptocurrency Price Forecasting
1: Input: Dataset D = {(Xi, yi)}ni=1

2: Output: Best model M∗, predictions Ŷ
3: Preprocess D: impute, remove outliers, normalize via (1)
4: Engineer features: MA7, MA30, RSI, MACD, Bollinger

Bands, lags
5: Split D chronologically: Dtrain (80%), Dtest (20%)
6: Train Decision Tree DT on Dtrain using (2)
7: ŶDT ← DT (Dtest)
8: Train Random Forest RF on Dtrain using (3)
9: ŶRF ← RF(Dtest)

10: Compute MAE, RMSE, R2 for ŶDT and ŶRF

11: if R2
RF > R2

DT and RMSERF < RMSEDT then
12: M∗ ← RF
13: else
14: M∗ ← DT
15: end if
16: Retrain M∗ on full dataset D
17: return M∗, Ŷ

B. Internal Model Logic

The Decision Tree training procedure selects, at each in-
ternal node, the feature f and split threshold θ that produce
the maximum reduction in weighted MSE across the two
resulting child partitions. Splitting proceeds recursively until
the maximum depth of eight levels is reached or the minimum
samples per leaf constraint is satisfied. The resulting tree
structure encodes a piecewise constant approximation of the
regression surface, where each leaf represents a distinct market
regime characterized by a specific combination of feature
conditions.

The Random Forest training procedure iterates over N =
100 base estimators. For each estimator Tk, a bootstrap sample
Dk is drawn with replacement from the training set, and
at each node split only a random subset of

√
p features is

considered as candidates. This double randomization, in the
sampling of observations and in the selection of candidate
features, ensures that the trees in the ensemble are sufficiently
decorrelated to achieve meaningful variance reduction upon
aggregation. The final prediction for a test observation x is
the arithmetic mean of the 100 individual tree predictions, as
specified in (3).

VI. EXPERIMENTAL SETUP AND RESULTS

A. Experimental Environment

All experiments were executed using Python 3.10 on a
Windows 11 workstation equipped with an Intel Core i7
processor and 16 GB of RAM. The Scikit-learn version 1.3
library provided the machine learning implementations. Pan-
das was used for data manipulation and Matplotlib for result
visualization. No graphics processing unit (GPU) acceleration
was required, demonstrating the computational accessibility

of the proposed approach for practitioners without specialized
hardware.

B. Dataset Characteristics

The primary experimental dataset comprises 1,825 daily
records of Bitcoin denominated in US dollars (BTC-USD),
spanning January 2020 through August 2025. This five-year
window deliberately encompasses multiple distinct and con-
trasting market regimes: the sharp COVID-19- induced market
crash of March 2020 during which BTC fell to approximately
$4,971; the subsequent recovery and 2021 bull run that saw the
price reach a high of approximately $68,789; the prolonged
bear market of 2022; and the gradual recovery phase of 2023
through 2025. This diversity of market conditions provides a
stringent generalization test for the trained models. Table II
summarizes the key statistical properties of the dataset.

TABLE II
BITCOIN DATASET STATISTICAL SUMMARY (JAN 2020 – AUG 2025)

Attribute Value
Total daily records 1,825
Training records (80%) 1,460
Test records (20%) 365
Minimum closing price (USD) $4,971
Maximum closing price (USD) $68,789
Mean closing price (USD) $32,450
Total input features 13

C. Performance Evaluation

Table III presents the quantitative performance comparison
of the two models on the held-out test partition of 365 records.

TABLE III
MODEL PERFORMANCE COMPARISON ON TEST SET

Model MAE RMSE R2 Score
Random Forest 0.031 0.043 0.94
Decision Tree 0.061 0.087 0.86

The Random Forest model achieved an R2 of 0.94 on
the test set, representing an improvement of eight percentage
points over the Decision Tree result of 0.86. The RMSE of
0.043 for Random Forest is approximately half that of the
Decision Tree at 0.087, indicating substantially tighter predic-
tions around the true price trajectory across the full evaluation
period. The MAE of 0.031 for Random Forest confirms that
its per-day absolute prediction errors are consistently smaller
than those of the Decision Tree at 0.061.

D. Trend Comparison

Fig. 3 shows the actual versus predicted price trends for
both models across the 365-day test period.

The Random Forest predictions closely track the actual BTC
price curve, including during periods of sharp upward and
downward movement. The Decision Tree predictions capture
the general directional trend but exhibit higher point-to-point



Fig. 3. Actual versus predicted Bitcoin prices for Random Forest and Decision
Tree models over the 365-day test period.

deviations and occasional overshooting during periods of el-
evated volatility. This behavior is consistent with the known
tendency of single decision trees to memorize local training
patterns rather than learning robust generalizable relationships.

Fig. 4 presents a direct overlay of the predicted trend lines
from both models, further illustrating the smoothness and
accuracy advantage of the Random Forest ensemble.

Fig. 4. Overlay comparison of predicted price trend lines for Random Forest
and Decision Tree models on the test partition.

The smoother trajectory of the Random Forest predictions,
as visible in Fig. 4, reflects the variance-reducing effect of
averaging over 100 individual tree predictions. The Deci-
sion Tree trend line shows more abrupt transitions between
predicted values, consistent with its single-model piecewise-
constant approximation architecture.

Fig. 5 provides a bar chart comparison of RMSE and R2

scores across both models, enabling rapid visual identification
of the performance gap.

Fig. 5. Bar chart comparison of RMSE and R2 scores for Random Forest
and Decision Tree models.

VII. DISCUSSION

A. Impact of Feature Engineering

Feature engineering proved to be a decisive contributor to
model performance. Ablation experiments conducted on the
training set confirmed that removing technical indicators such
as RSI and MACD from the input feature matrix reduced
the Random Forest R2 from 0.94 to 0.89 and increased
RMSE from 0.043 to 0.061. This finding highlights that raw
Open-High-Low-Close-Volume (OHLCV) attributes alone are
insufficient for capturing market momentum and trend reversal
signals. The inclusion of domain-specific indicators bridges the
gap between raw price series and the latent market dynamics
that models must learn to predict accurately.

B. Feature Importance Analysis

The Random Forest model’s built-in feature importance
scores, computed as the mean decrease in node impurity
aggregated across all trees in the ensemble, revealed a clear
hierarchy of predictive contributors. The 30-day Moving Aver-
age contributed the highest importance score of 0.21, reflecting
the significance of medium-term trend context in determining
next-day price direction. The one-day lagged closing price
contributed 0.18, confirming strong short-term autocorrelation
in the Bitcoin price series. The MACD indicator contributed
0.15, the three-day lagged closing price 0.12, and the RSI
contributed 0.11. Together, these five features accounted for
77 percent of the total predictive contribution across the 13-
dimensional input space, suggesting that medium-term trend
signals and recent price history are the dominant drivers of
next-day BTC price estimates.

C. Overfitting and Generalization

A comparison of training-set and test-set performance re-
veals a notable overfitting gap in the Decision Tree. The
Decision Tree achieved an R2 of 0.99 on the training set but



only 0.86 on the test set, representing a 13-percentage-point
degradation. This pattern is characteristic of classical decision
tree overfitting, where the model memorizes training observa-
tions but fails to generalize to unseen market conditions. By
contrast, the Random Forest training R2 was 0.97 and test R2

was 0.94, a gap of only three percentage points, confirming
that bootstrap aggregation and random feature subsampling
together provide an effective regularization mechanism. The
5-fold cross-validation RMSE standard deviation for Random
Forest was ±0.004, significantly lower than the Decision Tree
at ±0.012, indicating greater stability and reliability across
different data folds.

D. Computational Efficiency

Training the Random Forest ensemble of 100 trees on the
1,460-record training set required approximately 18 seconds
on the experimental hardware. Inference time per record was
under two milliseconds. These resource requirements confirm
that CryptoPredict is practically deployable in near-real-time
financial analytics settings, where daily or sub-daily predic-
tion updates are required without access to specialized GPU
infrastructure.

E. Limitations and Future Considerations

Several limitations of the current study merit acknowledg-
ment. The model operates at daily granularity and therefore
does not capture intraday volatility patterns, which can be
substantial in cryptocurrency markets. External signals, includ-
ing social media sentiment from platforms such as Twitter
and Reddit, macroeconomic indicators such as inflation rates
and the US Dollar Index, and on-chain metrics such as
active addresses and transaction volumes, are not incorporated
into the current feature set despite their known influence on
cryptocurrency price behavior. The model was trained and
evaluated exclusively on Bitcoin; its performance on altcoins
with structurally different market microstructures requires in-
dependent validation. These limitations directly motivate the
future research directions outlined in Section VIII.

VIII. CONCLUSION AND FUTURE WORK

This paper presented CryptoPredict, a machine learning
framework for cryptocurrency price forecasting using Decision
Tree and Random Forest regression algorithms. The system
incorporates a comprehensive preprocessing pipeline, domain-
driven feature engineering with 13 input features including
technical indicators and lagged price variables, and hyper-
parameter optimization through Grid Search cross-validation.
Experimental evaluation on a five-year Bitcoin dataset demon-
strated that the Random Forest model significantly outper-
forms the Decision Tree across all evaluation criteria, achiev-
ing a coefficient of determination of 0.94, an RMSE of 0.043,
and an MAE of 0.031. Feature importance analysis identified
medium-term moving averages, MACD, and recent lagged
prices as the dominant predictive drivers. The results validate
the suitability of ensemble tree-based methods for financial
time-series forecasting under volatile and nonstationary market

conditions, while retaining the computational efficiency and
model interpretability required for practical deployment.

Future research will pursue five enhancements to extend
the CryptoPredict framework. Deep learning integration will
incorporate LSTM and Transformer-based architectures to
model long-range temporal dependencies and sequential price
patterns beyond the representational capacity of tree-based
methods. Sentiment analysis will extract and fuse opinion
signals from social media platforms and financial news feeds
using Natural Language Processing techniques, enabling mod-
els to capture the behavioral and psychological dimensions
of cryptocurrency market dynamics. Multi-asset generalization
will extend the framework to Ethereum, Ripple, and major
altcoins, with cross-asset correlation modeling to account
for interdependencies between digital asset prices. Real-time
deployment will integrate the framework with live Binance
and CoinGecko data streaming APIs, enabling adaptive model
retraining on incoming market data and automated alert gener-
ation for significant predicted price movements. Explainability
will be enhanced through the application of SHapley Additive
exPlanations (SHAP) values to provide per-prediction feature
attribution, improving transparency and supporting regulatory
compliance in financial decision support applications.
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