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Abstract 
 

The volatility and unpredictability of cryptocurrency lead to financial losses for investors. We develop a 
predictive portfolio mobile app called CryptoProphet that leverages deep learning models to predict 
future prices and help crypto traders make informed decisions. A unique approach called the 

Individualized Model Selection (IMS) Strategy is adopted instead of relying on an ensemble or single 
model type across all cryptocurrencies. The IMS Strategy involves training each of the 30 
cryptocurrencies using Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Bidirectional 
LSRM (Bi-LSTM) models. Then, the best-performing model for each cryptocurrency is selected for next-
day price predictions using performance metrics of Mean Absolute Error (MAE), Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R2). This research addresses the highly 

volatile nature of cryptocurrencies for ensuring accurate predictions. This approach includes collecting 
historical data, preprocessing it, and training the models on sequences of price data. The evaluation of 
the models using the aforementioned metrics confirms their effectiveness. The app seamlessly 
integrates these predictions, providing users real-time price forecasts and essential market insights. The 
findings showed that the CryptoProphet portfolio app predicts prices accurately, reducing risks and 
maximizing profits in the volatile cryptocurrency market. Future work will focus on improving prediction 
accuracy by incorporating sentiment analysis and additional features such as market capitalization and 

volume to further improve prediction accuracy. 
 
Keywords: Cryptocurrency, Predictive Model, Deep Learning, Portfolio Management, Real-time Data, 
Artificial Neural Network 
 

1. INTRODUCTION 
 

Cryptocurrency is a decentralized, secured, and 
transparent virtual currency that has 
revolutionized the traditional financial system 

through blockchain technology (Białkowski, 
2020). Nakamoto (2008) stated that Bitcoin, the 

first cryptocurrency, introduced the concept of 
digital assets that operate independently of 
central authorities, opening new avenues for the 
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financial system. Thousands of cryptocurrencies 

have been developed since the first introduction 
of cryptocurrency. 
 

According to Nakamoto (2008), the 
cryptocurrency ecosystem enables users to 
exchange digital assets directly per peer without 
the need for intermediaries between transactions. 
These platforms allow individuals to exchange 
cryptocurrencies securely between buyers and 
sellers. As explained by Nakamoto (2008) peer-

to-peer exchanges empower users to participate 
in the cryptocurrency market on their own terms 
as it offers greater accessibility and flexibility 
compared to traditional financial system. 
 
The cryptocurrency market has high volatility and 

unpredictability, which leads to financial losses for 
investors. The lack of reliable predictive tools 
increases the risk of financial losses, particularly 
during periods of extreme market movements. 
Chaudhary et al. (2020) explained that the 
unique characteristics of cryptocurrency, such as 
market liquidity, trading volume, and news, 

further complicate the prediction task in addition 
to high volatility. 
 
Several studies have been conducted on the 
volatile nature of cryptocurrencies and their 
impact on investment. Almeida and Gonçalves 
(2022) reported in their research that there is a 

need for predictive models to manage the 
volatility and risks associated with 

cryptocurrencies. Similarly, Kim et al. (2021) 
suggested the importance of advanced modeling 
techniques for accurate predictions, and they 
reported that models like Bayesian Stochastic 

Volatility (SV) outperform traditional models in 
forecasting cryptocurrency. 
 
The CryptoProphet project aims to develop a 
predictive portfolio application that leverages 
deep learning models to forecast cryptocurrency 
prices and help make informed decisions. In this 

project, a unique approach called the 
Individualized Model Selection (IMS) strategy was 
adopted instead of applying a uniform ensemble 
model or a single model for each cryptocurrency. 

IMS is a unique approach in which each 
cryptocurrency selects its own best model based 
on the performance metrics after each of the 30 

cryptocurrencies trained using Long Short-Term 
Memory (LSTM), Gated Recurrent Unit (GRU), 
and Bidirectional LSTM (Bi-LSTM) models. The 
best-performing model for each cryptocurrency is 
selected for next-day price predictions by 
evaluating performance metrics such as Mean 

Absolute Error (MAE), Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE), and R-squared 

(R2). This strategy ensures smart and accurate 

predictions and effectively addresses the volatility 
and unpredictability of the cryptocurrency 
market. 

 
This research aims to build a crypto portfolio 
management application with integrated price 
prediction to help users make informed decisions, 
reduce risks, and maximize profits. The 
CryptoProphet portfolio app aims to enhance 
investment awareness and confidence in the 

volatile cryptocurrency market by providing real-
time price forecasts and essential market insights 
through a user-friendly mobile application. 
 

2. RELATED WORK 
 

Cryptocurrency is a virtual currency built on 
blockchain technology and has transformed the 
financial system rapidly since the first 
introduction of cryptocurrency, Bitcoin, in 2009. 
It offers a decentralized, peer-to-peer system for 
transactions without intermediate traditional 
banking systems. This innovation has attracted 

significant interest from different prominent 
investors, speculators, and institutions, leading to 
the emergence of a vast ecosystem of digital 
assets. Sabry et al. (2020) mentioned in their 
report that investors face unique challenges due 
to high volatility, unpredictable price fluctuations, 
and a lack of centralized regulation besides the 

growth of the cryptocurrency ecosystem. 
 

Nair et al. (2023) explored how LSTM networks 
can effectively model the temporal dependencies 
in cryptocurrency price movements. Similarly, 
Irfan (2022) focused on time series prediction of 

Bitcoin returns using machine learning models, 
demonstrating their ability to capture the 
dynamic of cryptocurrency prices. Jin and Li 
(2023) introduced a novel approach by combining 
frequency decomposition with deep learning 
techniques, highlighting the benefits of 
decomposing time series data to improve 

prediction accuracy. 
 
Rather (2023) adopted a new ensemble learning 
method for cryptocurrency price prediction that 

combines multiple models to improve accuracy. 
Patel et al. (2020) illustrated the potential of 
ensemble and hybrid approaches in capturing 

patterns in cryptocurrency historical data, and 
they emphasized the robustness of stochastic 
neural networks for cryptocurrency price 
prediction in handling the stochastic nature of 
cryptocurrency markets. 
 

One of the primary challenges of cryptocurrency 
trading is the difficulty of portfolio management 
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across various exchange platforms. Unlike 

traditional financial markets, cryptocurrencies are 
decentralized, which results in investors holding 
assets in different wallets or on multiple trading 

platforms. Holding crypto assets on different 
platforms makes it challenging to track and 
manage portfolios effectively, resulting in 
inefficient management and missed 
opportunities. Sahu et al. (2024) stated in their 
report that a centralized tool to view the holding 
assets is crucial in making informed trading 

decisions because of the fast-paced nature of the 
cryptocurrency market. 
 
Furthermore, the crypto price fluctuates 
significantly within a short period of time because 
of the volatile nature of cryptocurrencies, which 

makes it less effective in predicting future trends 
using traditional financial methods. Sahun et al. 
(2024) stressed this volatility and the need for 
advanced predictive models and tools that can 
provide insights into market trends and guide 
investment decisions. 
 

The CryptoProphet portfolio app aims to address 
these challenges by offering a comprehensive 
cryptocurrency portfolio app that centralizes 
portfolio management and integrates market 
predictive models. It intends to help investors by 
providing real-time data and predictive insights to 
facilitate better decision-making. 

 
3. APPROACH 

 
Our work is built on a reliable solution for 
investors to fill the critical gap in cryptocurrency 
trading by providing future price predictions for 

making informed decisions to reduce risk and 
maximize profit. CryptoProphet portfolio app 
leverages a neural network model of deep 
learning to predict future prices of cryptocurrency 
based on the pre-trained model of 30 
cryptocurrencies. The project followed valuable 
approaches to give the portfolio app live, from 

collecting historical crypto data from genuine 
resources, understanding and cleaning data, 
training models, and building the portfolio app 
with price prediction integration. 

 
Design 
The CryptoProphet project combines advanced 

deep learning techniques with a user-friendly 
mobile app to provide a comprehensive tool for 
cryptocurrency investors. It is designed to predict 
and provide real-time cryptocurrency prices for 
investors to manage portfolios, reduce loss, 
optimize returns, and make informed decisions. 

As shown in Figure 1 (Appendix), the design of 
the project follows structured and systematic 

approaches to provide price prediction and 

portfolio management app for investors, starting 
from data collection, preprocessing, model 
training, model selection, mobile app 

development using React Native, model 
integration with Flask Application Programming 
Interface (API), and real-time data extraction 
from CoinGecko API. The design structure 
ensures that each component works together 
smoothly to provide accurate predictions and 
real-time data. 

 
Data Preprocessing 
Historical price data was collected for the selected 
30 cryptocurrencies using the CmcScraper library 
from CoinMarketCap. The collected data is 
preprocessed and normalized using MinMaxScaler 

from the scikit-learn library to ensure uniform 
scaling of input features, which is crucial for the 
performance of neural network models. The data 
is split into training and test sets in which the last 
365 days are reserved for testing to evaluate the 
model’s performance on recent data. The 
normalized price data is then transformed into 

sequences of fixed length (lookback= 30 days) to 
capture temporal dependencies and then used to 
predict the next day's step. This sequence 
ensures that the models can learn from historical 
patterns to make future predictions. 
 
Individualized Model Selection (IMS) 

In the CryptoProphet project, a unique approach 
named the IMS strategy was proposed to select 

the best predictive models among many trained 
models for predicting the final price of each 
cryptocurrency. Each of the 30 cryptocurrencies 
was trained using three different models: LSTM, 

GRU, and Bi-LSTM, and then the IMS strategy was 
implemented instead of an ensemble model or a 
single model type across all cryptocurrencies. The 
models are evaluated to select the best-
performing one for each cryptocurrency after the 
compilation of the training phase. Validation loss 
is the primary evaluation metric for selecting the 

final best model with the minimum validation 
loss. 
 
The IMS approach's rationale is that existing 

ensemble techniques were inadequate due to the 
highly volatile nature of cryptocurrencies. Since 
cryptocurrencies are dynamic, their response to 

different predictive models can vary significantly. 
What works well for one cryptocurrency might not 
yield the same results for another. Additionally, 
experiments revealed that model performance 
could fluctuate significantly upon rerunning the 
training processes. For instance, while the GRU 

model initially performed well for 
cryptocurrencies like Solana and Bitcoin, its 
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performance was inconsistent in subsequent 

runs. This unpredictability leads to the proposal 
for a more adaptable and resilient approach, 
leading to the development of the IMS strategy. 

This approach ensures that each cryptocurrency 
is paired with its best predictive model, thereby 
enhancing the overall accuracy and reliability of 
the predictions. This method recognizes and 
accommodates the unique characteristics and 
behaviors of different cryptocurrencies, offering a 
more robust solution compared to traditional 

ensemble methods. By leveraging the IMS 
strategy, CryptoProphet provides more accurate 
and dynamic predictions, effectively addressing 
the complexities of the cryptocurrency market. 
 
Model Training 

The model was trained on a MacBook Pro M1 chip, 
10-core CPU, 16-core GPU, 16GB unified 
memory, and 1TB SSD, and it involves building 
and training three types of deep learning models: 
LSTM, GRU, and Bi-LSTM. Each model is trained 
on the sequences of 30 cryptocurrencies’ 
historical preprocessed price data. The training 

process begins by defining the single architecture 
layer of each model, followed by compiling them 
with Adam optimizer and using MSE as the loss 
function. The models are then trained using 
training data with a 10% validation set to monitor 
performance. The possibility of overfitting was 
prevented using early stopping, which stops the 

training process when the validation loss no 
longer improves. The models are trained using 

the following settings: 1) Adam optimizer is used 
for efficient learning, 2) MSE is used as the loss 
function to minimize the prediction error, and 3) 
Early stopping is used to prevent overfitting and 

monitor the validation loss with patience of 10 
epochs. 
 
Mobile App Development 
The mobile application development phase 
focuses on creating a user-friendly interface using 
React Native, which supports cross-platform 

functionality for both iOS and Android devices. 
The core functionality of the app is integrating 
real-time data retrieval, user input handling, and 
predictive modeling. The CryptoProphet portfolio 

app is composed of several key components 
designed to provide comprehensive functionality. 
As illustrated in Figure 2 in the Appendix, the 

AssetInput component allows users to input the 
cryptocurrency they have invested in, while the 
PurchasedPriceInput and QuantityInput 
components capture the purchase price and 
quantity of the cryptocurrency, respectively. 
CurrentPriceDisplay, TotalValueDisplay, 

ProfitLossDisplay, and ForecastDisplay are used 
to show the current price, total value of holdings, 

profit or loss, and predicted future prices of the 

cryptocurrencies. 
 
Flask API 

The Flask API is developed to handle requests 
from the mobile app and provide predictions 
based on user input. When a user interacts with 
the app and inputs their crypto name and the 
purchased quantity, the app sends this 
information to the Flask API. 
 

The API processes the input data using the pre-
trained models stored on the server. Specifically, 
the API normalizes the user input data, feeds it 
into the model to generate a prediction, and then 
inversely transforms the prediction back to the 
original price before sending it back to the mobile 

app. This interaction allows the app to display 
real-time price predictions to the user based on 
their input and the latest available data. The 
integration ensures that the models are used 
effectively to enhance the user experience by 
offering accurate and timely predictions. 
 

Implementation 
CryptoProphet implementation involves several 
key steps, from data collection and preprocessing 
to model training and user interface 
development. The app is built with a combination 
of backend and frontend using Flask API and 
React Native, respectively. Data preprocessing, 

model training, and API development were 
implemented with Python 3 using libraries and 

modules, such as Pandas, NumPy, and Matplotlib, 
for data processing and analysis, numerical 
computing, and data visualization.  
 

 
Figure 3: User Interaction Flowchart 
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Figure 3 shows how the users interact with the 

CryptoProphet portfolio app to manage their 
cryptocurrency investments, make informed 
decisions, and optimize their portfolios for 

maximum profitability by leveraging real-time 
data and predictive analytics. Users input details 
of their cryptocurrency investments, including the 
assets, purchase price, and quantity. The app 
then fetches real-time price data from the 
CoinGecko API and displays it alongside the user’s 
input data. Additionally, the app provides future 

price predictions based on the trained models, 
giving users insights into the potential future 
values of their investments. This functionality 
enables users to make informed decisions about 
their cryptocurrency portfolio based on both real-
time data and predictive analytics. 

  
4. DATA COLLECTION 

 
The list of 30 cryptocurrencies was selected 
aimed at representing the diverse and dynamic 
nature of the crypto market, data availability, and 
predictive relevance. This extensive list served as 

the foundation for subsequent evaluation and 
selection based on specific criteria such as market 
capitalization, trading volume, historical 
performance, and diversity in use cases and 
technology. Table 1 in the Appendix shows the list 
of selected cryptos, which includes high-market 
capitalization cryptos like Bitcoin (BTC) and 

Ethereum (ETH) due to their market dominance 
and rich historical data. The selection also 

included cryptos with significant market activities 
and exchanges (e.g., Binance Coin (BNB), 
Cardano (ADA), and Solana (SOL):), Memes 
(e.g., Dogecoin (DOGE), Shiba Inu (SHIB)), 

Metaverse and Gaming (e.g. Decentraland 
(MANA)), privacy coins (e.g., Monero (XMR)), 
Decentralized Finance (e.g., Maker (MKR), 
Avalanche (AVAX), ChainLink (LINK), and Fantom 
(FTM)), and other categories. The exclusion 
criteria for the selection of 30 cryptos were 1) 
small market and volume size, 2) recent launch 

without sufficient historical data, 3) lack of 
enough market value, and 4) low market 
capitalization. This careful selection of 30 
cryptocurrencies allows CryptoProphet to deliver 

valuable predictions that can help users make 
informed investment decisions in the rapidly 
evolving cryptocurrency market. 

 
After selecting the 30 cryptocurrencies, historical 
price data was meticulously collected from the 
beginning of each cryptocurrency’s launch year 
up to the end of May 2024 using the CmcScraper 
tool from CoinMarketCap. This process ensured a 

comprehensive dataset that covers the entire 
trading history of each cryptocurrency, providing 

a robust foundation for analysis and prediction. 

As shown in Table 2 (Appendix), the collected 
data includes daily “Open,” “High,” “Low,” and 
“Close” prices, as well as “Volume” and “Market 

Cap” values, ensuring a thorough understanding 
of each cryptocurrency’s market performance 
over time. 
 
Table 2 shows the data collection start date, 
market dominance, and the number of 
observations for each selected cryptocurrency. 

For example, BTC, with a market cap of $1.33 
trillion and a dominance of 62.77%, had data 
collected since July 13, 2010, resulting in 5060 
observations. ETH, with a market cap of $454.93 
billion and a dominance of 21.44%, had data 
collected since August 7, 2015, totaling 3209 

observations. Other notable cryptocurrencies 
include BNB, ADA, and SOL, each with substantial 
market caps and significant numbers of 
observations. 
 

5. DATA ANALYSIS 
 

In the CryptoProphet project, data analysis is 
crucial for transforming raw historical data into 
actionable insights and accurate predictions. The 
analysis involves the examination of the selected 
30 cryptocurrencies to understand their market 
dynamics, identify trends, and evaluate 
relationships. Analytical techniques such as 

descriptive statistics, temporal analysis, 
comparative analysis, and correlation analysis are 

used to uncover the key patterns and behaviors 
in the cryptocurrency market, which is essential 
for making informed investment decisions and 
developing effective forecasting models. 

 
Descriptive Analysis 
As we learned from Table 1 in the Appendix, the 
predictive model in CryptoProphet can leverage 
the rich data to provide highly accurate 
predictions for major cryptocurrencies like BTC, 
ETH, BNB, and SOL. Their vast market cap and 

dominance indicate that they are less volatile 
compared to similar cryptocurrencies, making 
them reliable for long-term investment 
strategies. This stability can be reflected in the 

app’s user interface by emphasizing these assets 
as potentially lower-risk options for users. On the 
other hand, cryptocurrencies with smaller market 

caps and lower dominance, like FTM, Quant 
(QNT), and NEO, often referred to as” Ethereum 
of China,” introduce more volatility and higher 
risk but also potentially higher rewards. The app 
can incorporate these insights by offering 
different risk profiles for users based on these 

metrics. Furthermore, the number of 
observations for each cryptocurrency can directly 
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impact the accuracy of the machine-learning 

models employed in the CryptoProphet app. 
Cryptocurrencies with a higher number of 
observations, like BTC, ETH, and LTC, allow for 

more robust and reliable predictive models. In 
contrast, new cryptos with fewer observations 
might need more sophisticated algorithms or 
hybrid models to achieve comparable predictive 
performance. 
 
Lag Analysis 

Comprehensive lag analysis at different time 
intervals was conducted to understand the 
influence of past prices on future prices, which is 
crucial for accurate price prediction. As shown in 
the lag plots in Figure 4 (Appendix), there is a 
relationship between the value of a 

cryptocurrency at a given time point 𝑦(𝑡) and its 

value at a specific lag period (1 day, 1 week, and 
1 month). These plots help identify the 
autocorrelation in the cryptocurrency data. As we 
can learn from the lag plot, the 1-Day lag plot 
shows a strong linear relationship between a 
given time point 𝑦(𝑡) and the next time point 𝑦(𝑡 +
1). This indicates a high degree of autocorrelation 

at a 1-day interval, suggesting that the price of 

the cryptocurrency on any given day is highly 
predictive of its price the next day. In the 
CryptoProphet project, these lag plots provide 
critical insights for model development and 
feature selection. The strong autocorrelation at 
the 1-day lag suggests that the collected 

historical Close price data should be organized in 

a daily format. Therefore, the collected historical 
data from CoinMarketCap is formatted daily 
based on the lag analysis for the Close price. The 
lag plot analysis supports the design of 
CryptoProphet by informing the choice of input 
features (Close price), providing reliable short-

term forecasts and well-informed long-term 
predictions, and making informed decisions in 
their cryptocurrency investments. 
 
Correlation Matrix Analysis 
Figure 5 in the Appendix shows the pairwise 
correlations between various cryptocurrencies for 

their daily Close price. A correlation value close to 
1 indicates a strong positive correlation, which 

means the cryptocurrencies tend to move in the 
same direction. While a value close to -1 indicates 
a strong negative correlation in which the 
cryptocurrencies tend to move in opposite 

directions. Values near 0 suggest little or no linear 
relationship between the cryptocurrencies. 
 
As we can learn from the correlation matrix plot, 
many cryptocurrencies exhibit moderate to high 
positive correlations with each other. For 
example, Cardano (ADA) with Cosmos (ATOM), 

Decred (DCR), and VeChain (VET) have a strong 

positive correlation. As a result, these assets 
move together in the market. Cryptocurrencies 
like BTC, ETH, and BNB also show high 

correlations with several other cryptos, reflecting 
their influential roles in the market. However, 
there are instances of weaker or even negative 
correlations like Render Token (RNDR) with some 
other assets. Understanding these correlations is 
crucial for the CryptoProphet project as it can 
significantly enhance the app’s predictive 

modeling and portfolio management features. For 
example, knowing that certain cryptocurrencies 
are highly correlated can help improve the 
accuracy of selected models by leveraging the 
combined predictive power of these assets. This 
correlation insight ensures that the 

CryptoProphet app not only provides accurate 
predictions but also helps users make more 
informed and balanced investment decisions. 
 
Selection of Lookback Period 
In the CryptoProphet project, the lookback period 
is a critical parameter that defines how much 

historical data the model considers when making 
predictions. Selecting an appropriate lookback 
period is essential for capturing relevant patterns 
and trends in the cryptocurrency market, which 
can significantly influence the model’s 
performance. The lookback period refers to the 
number of previous time steps used as input 

features for the predictive model. As shown in 
Figure 6 (Appendix), the performance metrics, 

including MSE, MAE, RMSE, and the R2 value, 
were evaluated for different lag intervals. We can 
learn from the plot that a lookback period of 30 
days provided the lowest MSE, MAE, and RMSE 

while achieving the highest R2 value. This 
indicates that the 30-day lookback period 
optimally balances between capturing significant 
market trends and maintaining model 
responsiveness to recent changes. By 
incorporating this longer historical data span, the 
models can more accurately forecast future 

cryptocurrency prices, providing users with 
valuable insights for their investment decisions. 

 
6. FINDINGS 

 
The CryptoProphet project aims to develop a 
portfolio application that can predict 

cryptocurrency prices using advanced deep 
learning techniques. Rapid volatility and high 
stakes in the cryptocurrency market compel us to 
build robust and accurate forecasting models to 
assist traders and investors in making informed 
decisions. This CryptoProphet project leverages 

three neural network architectures, LSTM, GRU, 
and Bi-LSTM, to capture the complex temporal 
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dependencies and patterns in cryptocurrency 

price data. 
 
Predictive vs. Actual Plot 

The CryptoProphet project has shown insightful 
results in predicting the prices of various 
cryptocurrencies. Figure 7 illustrates the 
predictive performance for a sample of four 
different cryptocurrencies: BTC, ETH, FTM, and 
NEO. These findings serve as examples that 
reveal the ability of our models to closely track 

the actual market prices, indicating the 
robustness and effectiveness of the implemented 
LSTN, GRU, and Bi-LSTM architectures. These 
four examples are representative samples out of 
the 30 cryptocurrencies analyzed in the 
CryptoProphet project. The close alignment 

between the actual (blue lines) and the predicted 
prices (red lines) indicates a high level of 
accuracy in the predictions. 
 
For BTC in Figure 7, the GRU model shows a 
remarkable performance, with the predicted 
prices closely tracking the actual prices 

throughout the year. This is evident from the 
minimal divergence between the two lines, 
particularly during periods of both gradual and 
rapid price changes. This alignment suggests that 
the GRU model is capable of accurately capturing 
the complex patterns and volatility in the BTC 
market. 

 

 
Figure 7: BTC Predictive vs. Actual Prices 

 

 
Figure 8: ETH Predictive vs. Actual Prices 

 

For ETH, in Figure 8, the GRU model displays 

strong predictive accuracy similar to that of 
Bitcoin. The model successfully follows the sharp 
rise in prices around mid-year and the 

subsequent fluctuations. The close match 
between the actual and predicted prices 
highlights the model’s ability to adapt to 
significant market movements and maintain its 
accuracy. 
 
For FTM in Figure 9, the LSTM model shows a 

good fit between the actual and predicted prices. 
Although there are slight deviations during some 
of the more volatile periods, the overall trend is 
well captured. This indicates that the LSTM model 
can effectively handle the price dynamics of FTM, 
albeit with minor inaccuracies during high 

volatility. 
 

 
Figure 9: FTM Predictive vs. Actual Prices 

 

For NEO in Figure 10, the Bi-LSTM model 

demonstrates a strong predictive capability, with 
the predicted prices closely mirroring the actual 
prices. The model performs well in tracking the 
general upward trend and the various peaks and 
troughs of the year. This close correlation 
suggests that the Bi-LSTM model is well-suited for 

forecasting NEO prices. 
 

 
Figure 10: NEO Predictive vs. Actual Prices 

 
The CryptoProphet project successfully integrates 
advanced machine learning models to provide 

accurate price predictions for multiple 
cryptocurrencies. The examples of BTC, ETH, 
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FTM, and NEO show that the GRU, LSTM, and Bi-

LSTM models can closely align with actual prices, 
confirming the robustness and reliability of the 
predictions. These consistent results across 

various cryptocurrencies demonstrate the app’s 
potential as a valuable tool for investors and 
traders in the cryptocurrency market. The app’s 
precise forecasts can enhance decision-making 
and potentially improve investment outcomes. 
 
3D Scatter Plot 

The 3D scatter plot in Figure 11 (Appendix) shows 
the relationship between trading volume, market 
capitalization, and prices for sample 
cryptocurrencies, BTC and ETH. Each dot 
represents a specific data point in time for the 
crypto, with the color indicating the price. The x-

axis, y-axis, and z-axis represent trading volume, 
market capitalization, and price, respectively. As 
we can learn from the 3D plot, there is a clear 
positive correlation between the three 
parameters, as higher volumes and market caps 
are associated with higher prices. This indicates 
that incorporating additional features like market 

cap and volume can further improve prediction 
accuracy. 
 
Performance Metrix 
As shown in Table 3 (Appendix), the performance 
metrics for the CryptoProphet project confirm the 
effectiveness and accuracy of various deep 

learning models in predicting cryptocurrency 
prices. The metrics used to evaluate the models 

include MAE, MSE, RMSE, MAPE, and the R2 
value. 
 
For BTC and ETH, the GRU model achieves high 

accuracy with MAE values of 1146.023 and 
66.780, RMSE values of 1707.753 and 98.711, 
and R2 values of 0.9869 and 0.9782, 
respectively. Similarly, for BNB and ADA, the GRU 
model records MAE values of 11.057 and 0.0179, 
RMSE values of 18.226 and 0.0275, and R2 
values of 0.9829 and 0.9667. The performance is 

also strong for SOL, with a GRU model achieving 
an R2 value of 0.9812, although XRP predictions 
show room for improvement with an R2 of 
o.7785. The CryptoProphet project demonstrates 

the capability of advanced machine learning 
models, particularly GRU, LSTM, and Bi-LSTM, to 
provide accurate price predictions for various 

cryptocurrencies. The GRU model shows high 
accuracy across multiple cryptocurrencies, which 
makes it a reliable choice for forecasting. The 
app’s robust performance metrics, such as low 
MAE, MSE, and RMSE values, combined with high 
R2 values, underscore its potential as a valuable 

tool for crypto investors. The consistent results 
across different cryptocurrencies validate the 

efficiency of the predictive models used in the 

CryptoProphet project. 
 

7. CONCLUSIONS AND FUTURE WORK 

 
The CryptoProphet project successfully addresses 
the volatility and unpredictability of the 
cryptocurrency market by providing accurate 
price prediction using deep learning models. The 
portfolio app integrates LSTM, GRU, and Bi-LSTM 
models, which conforms to excellent performance 

in predicting next-day prices for various 
cryptocurrencies. Each cryptocurrency is paired 
with the most suitable predictive model based on 
specific performance metrics by employing IMS 
strategies. This smart approach confirms that the 
unique characteristics and behaviors of different 

cryptos are effectively captured and improve the 
overall accuracy and reliability of the predictions. 
The portfolio app provides a user-friendly 
interface that presents real-time forecasts, 
current prices, and profit/loss calculations, which 
makes it an invaluable tool for investors. The 
findings highlight the app's capability to mitigate 

risks and maximize profits, thereby contributing 
significantly to informed decision-making in the 
cryptocurrency market. 
 
The CryptoProphet portfolio app has 
demonstrated significant potential in assisting 
cryptocurrency investors with price predictions 

and effective portfolio management. However, 
there are some areas where the app can be 

further improved to improve its functionality and 
user experience. One of the key areas for future 
work is to incorporate additional features such as 
market capitalization and trading volume. These 

features can offer a more detailed analysis of the 
market conditions and help improve the accuracy 
of the price predictions. The second future work 
will incorporate sentiment analysis into the 
prediction models, which can enhance the 
accuracy of the prediction. The app would allow 
users to understand the market mood and 

anticipate price movements based on public 
sentiment. 
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Appendix 
 

 
Figure 1: Design of the CryptoProphet Portfolio Mobile App 

 
 

 
Figure 2: Interaction Flow Between Components 
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Figure 4: Lag Plots at Different Time Interval 

 

 

 
Figure 5: Correlation Matrix Plot 
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Figure 6: Lag Interval for the Lookback Period 

 
 

 
Figure 11: Additional Feature Plots 
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Table 1: Number of Collected Data for each Cryptocurrency
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Table 2: Cryptocurrency Historical Data 

 

 
Table 3: Performance Metrics for Cryptocurrency 

 


