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Abstract:

This study aimed to compare the performance of different neural networks in predicting cryptocurrency prices, with a focus
on Bitcoin, under risk conditions. The research was applied and descriptive-analytical in nature. Historical data of Bitcoin,
Ethereum, and Ripple from 2018 to 2023 were collected from reliable exchanges and financial platforms. After preprocessing,
the data were divided into training and testing sets. Two neural network models, Multilayer Perceptron (MLP) and Radial
Basis Function (RBF), were designed and implemented. Model performance was evaluated using error measurement indices
including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the coefficient of determination (R2). The results
indicated that the MLP model outperformed the RBF model in prediction accuracy. The coefficient of determination reached
99.5% for MLP and 98.9% for RBF. Comparative analysis of error metrics showed significant reductions in RMSE and MAE in
the MLP model compared to RBF. Moreover, the proposed Multi-Input Deep Learning (MICDL) model surpassed comparative
CNN-LSTM models in classifying short-term price movements, particularly in directional prediction accuracy. Neural networks,
especially the MLP model, demonstrated high accuracy and flexibility in forecasting cryptocurrency price fluctuations. These
models can serve as effective tools for investors, analysts, and policymakers in risk management and informed decision-
making. However, incorporating more diverse and real-time data along with hybrid deep learning techniques could further
enhance predictive performance in future studies.
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Extended Abstract

Introduction

The rapid evolution of financial technologies in recent decades has fundamentally transformed global investment
landscapes. Among these technologies, cryptocurrencies such as Bitcoin, Ethereum, and Ripple have emerged as influential
assets with substantial impact on digital transactions, portfolio diversification, and economic policymaking (Shahnavazi et al.,
2022). However, the cryptocurrency market is characterized by extremely high volatility and unpredictability, posing
substantial challenges to investors, policymakers, and researchers alike (Torabi, 2021). Thus, developing reliable forecasting
models has become a central focus of contemporary financial research.

Traditional statistical models, including ARIMA and GARCH, have been widely applied in financial forecasting, yet their
ability to capture the nonlinear, dynamic, and highly stochastic behavior of cryptocurrencies is limited (Abusaleh
Mohammadsharifi et al., 2021). In contrast, artificial intelligence (Al)-based approaches, particularly machine learning (ML)
and deep learning (DL), have shown superior performance in modeling nonlinearities and extracting hidden patterns from
large-scale financial datasets (Akouaouch & Bouayad, 2025). Studies have emphasized that hybrid models combining time-
series decomposition with DL can significantly enhance forecasting accuracy (Sayadi Nejad et al., 2023), while fuzzy neural
networks have demonstrated effectiveness under environmental uncertainty (Darvish Motavalli & Amini, 2023).

Recent contributions also highlight the role of attention mechanisms and transfer learning in refining model adaptability
and accuracy. For instance, (Yeganeh et al., 2025) showed that incorporating attention layers improves predictive accuracy
and supports automated trading strategies for Ethereum. Similarly, (Jahanbin & Chahooki, 2025) illustrated how hybrid deep
transfer learning can enhance trend prediction by transferring knowledge across similar domains. Ensemble methods further
strengthen predictive performance by minimizing forecasting errors and stabilizing results across different datasets (Kiranmai
Balijepalli & Thangaraj, 2025; Song, 2025).

Beyond pure prediction, studies have addressed the integration of economic and social data to improve model robustness.
For example, (Ghorbani et al., 2022) applied sentiment analysis on social media and celebrity endorsements, while (Nouira
et al., 2024) reviewed how social networks combined with ML enhance forecasting accuracy. These findings align with the
argument that incorporating multidimensional features—economic, social, and technological—is crucial to understanding
cryptocurrency price dynamics (Lari & Nikseresht, 2020). Moreover, the relationship between cryptocurrencies and other
markets, such as oil and gold, has been explored to identify inter-market dependencies. (Ilbrahim et al., 2025), for example,
demonstrated that cryptocurrencies could predict oil prices before and during the COVID-19 pandemic, confirming the
systemic links across asset classes.

Other lines of research have emphasized the role of anomaly detection and fraud prevention. (Das et al., 2025) explored
scam detection patterns in the U.S. market using ML, while (Crisostomo et al., 2025) reviewed ML approaches for detecting
vulnerabilities in Ethereum smart contracts. These perspectives illustrate that accurate forecasting not only informs
investment strategies but also strengthens trust, resilience, and stability within the cryptocurrency ecosystem (Alnami et al.,
2025).

Overall, the literature highlights three key directions: (a) the need for advanced deep learning models to outperform
classical methods, (b) the integration of multi-source data including economic indicators and social signals, and (c) the

importance of anomaly detection and systemic risk analysis. Despite the progress, gaps remain in leveraging hybrid DL
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approaches that combine technical, economic, and behavioral factors in unified forecasting frameworks (Tabyanian & Farsian,
2020; Torabi et al., 2020). The present study addresses this gap by proposing a multi-input deep learning (MICDL) model and
comparing it against benchmark CNN-LSTM architectures in predicting Bitcoin, Ethereum, and Ripple prices under conditions
of market volatility.

Methods and Materials

This study employed a quantitative, applied, and analytical research design to forecast cryptocurrency prices. Historical
data for Bitcoin (BTC), Ethereum (ETH), and Ripple (XRP) spanning from 2018 to 2025 were collected from authoritative
financial platforms and exchange datasets. Preprocessing steps included data cleaning, normalization, and transformation to
ensure consistency and comparability.

The dataset was split into training and testing subsets to validate predictive performance. The research tested three
different deep learning architectures: Multilayer Perceptron (MLP), Radial Basis Function (RBF), and a newly proposed Multi-
Input Deep Learning (MICDL) model. The latter was benchmarked against two CNN-LSTM hybrid models, referred to as
Modell and Model2.

Lag features were constructed with two temporal windows: 7 days (weekly) and 14 days (biweekly). Hyperparameter
optimization was conducted through iterative trial-and-error, tuning convolutional filters, LSTM units, dense layer neurons,
and dropout rates.

To evaluate regression performance, three standard metrics were employed: Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and the coefficient of determination (R?). In addition, classification metrics were used to assess the
ability of models to predict the directional movement of prices. Specifically, the geometric mean (GM), sensitivity (Sen), and
specificity (Spe) were computed to evaluate classification balance and robustness.

Correlation analysis was further conducted to assess relationships between cryptocurrency prices and macroeconomic
indicators such as inflation (Iran, USA), exchange rates (Euro/USD), gold and oil prices, consumer indices, and government
debt levels. Outlier analysis using Minitab 16 confirmed the absence of significant anomalies in the dataset, ensuring its
suitability for robust modeling.

Findings

The descriptive statistics showed high volatility in BTC, ETH, and XRP prices, consistent with the known nature of
cryptocurrency markets. Table 1 presented means, medians, standard deviations, skewness, and kurtosis values, while Table
2 highlighted the proportions of upward and downward movements, confirming the dynamic and unpredictable behavior of
these assets.

Regression results indicated that MLP consistently outperformed RBF in predictive accuracy, achieving lower MAE and
RMSE values and higher R? scores across all three cryptocurrencies.

When comparing MICDL to CNN-LSTM models, the regression performance across models was largely similar, with close
MAE, RMSE, and R? values. However, differences emerged in classification tasks. MICDL and Model2 significantly
outperformed Modell in predicting directional movements across both Lag = 7 and Lag = 14. For instance, under Lag = 7,
MICDL achieved GM scores of 30.886, 29.582, and 25.053 for BTC, ETH, and XRP respectively, surpassing both Modell and
Model2. With Lag = 14, MICDL again outperformed with GM scores of 29.173, 30.461, and 26.157.
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Correlation analysis revealed strong associations between cryptocurrency prices and macroeconomic indicators. Notably,
Iranian inflation (0.82), government budget deficit (0.84), U.S. consumer index (0.81), gold price (0.91), and U.S. government
debt (0.84) were highly correlated with cryptocurrency dynamics. These results confirm that macroeconomic shocks play a
critical role in shaping cryptocurrency price trajectories.

Outlier detection via Minitab 16 boxplot analysis confirmed no significant anomalies, validating data integrity for
subsequent modeling.

Discussion and Conclusion

The findings of this study underscore the effectiveness of advanced deep learning models in forecasting cryptocurrency
prices under volatile conditions. The superior performance of MLP over RBF validates earlier evidence that deep architectures
capture nonlinear relationships more effectively than simpler neural structures (Aboutalebi et al., 2020; Hashimian & Akhavan
Niaki, 2020). Similarly, the competitive advantage of MICDL over CNN-LSTM in classification tasks confirms the potential of
multi-input designs to integrate diverse features and achieve higher predictive accuracy (Jahanbin & Chahooki, 2025; Yeganeh
et al., 2025).

These results align with prior studies emphasizing hybrid and ensemble approaches. For example, (Kiranmai Balijepalli &
Thangaraj, 2025) demonstrated that ensemble ML algorithms reduce forecasting errors, while (Song, 2025) highlighted their
application in risk-adjusted portfolio optimization. The improved classification performance observed here supports these
arguments and reinforces the value of hybridized architectures.

The role of macroeconomic variables identified in this study also reflects broader findings in the literature. (Ibrahim et al.,
2025) confirmed the predictive role of cryptocurrencies in oil markets, while (Khonsarian et al., 2020) underscored their
integration in portfolio strategies involving financial assets. The high correlations with inflation, consumer indices, and
government debt observed in this research further establish the interdependence between cryptocurrencies and broader
economic systems.

Finally, the findings resonate with perspectives highlighting the multidimensional nature of cryptocurrency markets.
Studies linking social media sentiment to price fluctuations (Ghorbani et al., 2022; Nouira et al., 2024) and those emphasizing
anomaly detection (Crisostomo et al., 2025; Das et al., 2025) suggest that robust forecasting frameworks must account for
technical, economic, and behavioral dimensions. By validating the MICDL model against CNN-LSTM benchmarks, this study
advances this agenda and illustrates a pathway toward more resilient, multidimensional forecasting systems.

In conclusion, the study provides strong evidence that deep learning architectures, particularly MICDL, hold promise for
enhancing cryptocurrency price prediction. These models not only improve predictive accuracy but also offer insights into

macroeconomic dependencies, thereby informing investment strategies and policymaking.
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