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Abstract: The precise forecast of cryptocurrency prices is essential for portfolio investment because
of their volatility and operability in virtual trading markets, which poses a huge trouble to investors’
decision-making ability and investment planning. In this paper, we concentrated on the prediction of
the recent trends of mainstream cryptocurrencies and selected them to optimize the portfolio to
maximize profit and reduce risk. We used neural networks to solve this problem, which has three layers,
including the LSTM layer, dropout layer, and dense layer. We focused on BCH, BTC, ETH, ETC,
LTC, EOS, and XRP and collected their datasets for estimations. An LSTM model, a multi-task
learning model, and a novel loss function, where the Negative Sharpe Ratio is provided, were
implemented to predict the best portfolio (weights) for the cryptocurrencies mentioned above. The
common evaluation indices, such as MSE, RMSE, MAE, and R-square (R?), can demonstrate the
accuracy and reliability of the Neural Network models. Due to the significant price differences among
currencies, the values of MSE, MSE, and MAE were large, making it difficult to evaluate their
accuracy. Therefore, R? was adopted. Finally, we simulated the portfolio investment and saw the
revenue compared to the existing approaches. The new machine learning model abandoned the
previous methods, which only predicted and analyzed a single cryptocurrency and ignored the
correlations among them. Therefore, our innovation of this research was to use neural networks to
consider investment plans combining multiple currencies while minimizing volatility and ensuring a
large Sharpe Ratio, thereby obtaining the best portfolio investment of cryptocurrencies.

Keywords: optimization; machine learning; neural network; cryptocurrency forecast; portfolio
investment; risk analysis
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1. Introduction

Cryptocurrency markets are full of uncertainty and volatility, but returns are also considerable
compared to other investments. Therefore, it has attracted the attention of many investors and
researchers. Recently, it has become a financial asset and created astonishing price appreciation and
fluctuation (Corbet et al., 2019).

The prediction and analysis of cryptocurrency price fluctuations is an important hot topic at the
moment. The reason is that the price of cryptocurrency changes very rapidly, sometimes $10,000
oscillations in a day, and it is tough to catch the turning point and reset the portfolio we made. Hence,
it is crucial to invent an efficient model that can recognize the potential price change from historical
data and then re-estimate the investment combination that we did before. The model should reduce
risks, help better determine decision making, and create as much profit as possible.

Traditional cryptocurrency price forecasting tries to focus on single cryptocurrency prediction by
using machine learning methods, and they struggle to capture every detail of the price wave visually. For
instance, the price is influenced by many factors, such as exchange rate, gold prices, and alternative coins
(Angela & Sun, 2020). Consequently, these models promote the application and update of machine
learning algorithms in cryptocurrency, providing new perspectives and tools for researchers and
investors. In this paper, we draw on the machine learning, deep learning, and neural network algorithms
in past papers, but through optimization and updates, make the current cryptocurrency price prediction
involving investment portfolios more in-depth and accurate. We use historical data of OKX’s official
mainstream cryptocurrencies and other necessary price features, such as closing price, volatility, and
trading volume, to develop a better model to capture the price levels of each cryptocurrency and its
investment portfolio. We successfully handle the complex and ever-changing currency price fluctuation
analysis by combining LSTM and multi-task learning algorithms, along with a backpropagation neural
network. Furthermore, after we capture the price features for each coin, we incorporate their
characteristics and simulate an investment combining all those mainstream coins to look at the profit that
we can make through this new method. This is also the best way to test the portfolio algorithm and verify
its efficiency.

A general prospect of this paper is to discover the detailed feature through the dataset of
mainstream cryptocurrencies and not only analyze single coin change but also help investors make
decisions with the portfolio, which is more practical and safer in real life. We ensure the authenticity
and clarity of turning points in each category to better construct the model’s reliability, utility, and
accuracy. Moreover, we provide a systematic solution from coin price predictions to portfolio
distribution, which can have a huge impact on theoretical research and investment options. By showing
limitations in existing forecasting ways, we are dedicated to developing cryptocurrency portfolio
decision making and providing perspectives for investors, researchers, and the general public in the
virtual financial market.

The major contributions of this paper are:

Based on selecting the LSTM model and optimizing it to a certain extent, we achieve good results
in predicting each cryptocurrency. Furthermore, to address the issue of only considering a single
currency in current cryptocurrency research and the subjective factors in mainstream investment
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decisions, a new model is proposed that utilizes deep learning and multi task learning neural networks
(DLM) to consider the characteristics of multiple currencies while taking into account prediction bias.
Based on these characteristics, an investment portfolio with acceptable volatility is calculated while
maximizing profit margins.

2. Literature review

Many researchers have created conventional machine learning algorithms and models to forecast
the changes and regular patterns of the cryptocurrency prices. In one survey (Khedr et al., 2021), it was
concluded that Random Forest (RF), Recurrent Neural Network (RNN), Multilayer Perception (MLP),
etc. are used in predicting the price of cryptocurrency. Additionally, other researchers have applied the
moving average method to forecast the price change of Bitcoin Cash (Abu Bakar et al., 2019), using
Probabilistic deep learning, transfer learning techniques, and Gated Recurrent Unit (GRU), to predict the
price movement of Bitcoin (Amin Golnari et al., 2024). Moreover, some classification methods are also
implemented to better discover the patterns of price changes in cryptocurrency. For instance, Support
Vector Machine was used to make classifications on different characters that were shown in the Bitcoin
price, and they were collected in a table to detect the price change factors and made better predictions
(Zhao et al., 2019). The author made a return of up to 22.7% after trading fees.

Traditional time series models like Autoregressive Integrated Moving Average (ARIMA)
outperformed other models in terms of mean square error (MSE), mean absolute error (MAE), and root
mean absolute error (RMSE) in the prediction of Bitcoin, XRP, and Ethereum (Alahmari, 2019).
Moreover, Econometrics time series models, such as Auto-Regressive Conditional Heteroskedasticity
(ARCH) (Bollerslev, 2008), and Generalized Auto-Regressive Conditional Heteroskedasticity (GARCH)
model (not constant variance) (Ferland et al., 2006), are used over time to simulate fluctuations in
cryptocurrency prices. However, a traditional time series model cannot precisely capture the historical
data in prediction. Studies have also shown that simple neural networks such as MLP are superior to
complex models in predicting cryptocurrency volatility, especially exhibiting strong adaptability in asset
allocation during high volatility periods such as epidemics (Garc _-Medina & Luu Duc Huynh, 2021).
Therefore, time series classification based on a recurrent long-short-term memory (LSTM) is also
employed as an important approach to predict the price of cryptocurrency. Additionally, LSTM, CNN,
Neural Network, and Gradient-Boosted Trees (GBTs) models were used to achieve the goal of improving
the accuracy of price prediction. The researchers combined an LSTM model for the binary classification
of cryptocurrency price trends. The f1 was 0.68 for the LSTM time series model, which is the highest
among the testing models (Kwon et al., 2019).

Deep learning algorithms are also widely used in cryptocurrency price forecasting. LSTM and
GRU have been popular methods for researchers to implement and compare. For instance, a hybrid
LSTM-GRU model was displayed to construct the system’s deep learning model after Min_max
normalization (Patel et al., 2020). Besides, a comparative research of Bitcoin combined DNN, LSTM,
CNN, and multilayer perception (MLP) with SVR class for regression and SVC for classification to
improve the performance of price prediction accuracy (Ji et al., 2019).

On the other hand, some researchers have used transfer entropy to screen key driving factors and
construct classification models, and found that Bitcoin has self-regulation during periods of high
volatility and can maintain prediction accuracy without external economic variables (Garc B-Medina &
Aguayo-Moreno, 2024). However, with the gradual development and growth of the cryptocurrency

Quantitative Finance and Economics Volume 9, Issue 3, 658—-681.



661

market, many other coins besides Bitcoin have become popular. For different cryptocurrency portfolios,
the decision making becomes different. Diversification among cryptocurrencies has greatly improved
the utility and Sharpe ratio (Liu, 2018). Hence, it is significant to not only consider single cryptocurrency
price fluctuation but also think about how to optimize portfolios, according to the information in the
single coin price forecast. Log — returns has been used to estimate the best portfolio among Bitcoin,
Ethereum, Ripple, Bitcoin Cash, and Litecoin, and the Sharpe ratio has been chosen to balance the profit
and risk; the return of their best choice is 38.31% with a Sharpe ratio of 1.79 (Ma et al., 2020). Apart
from this, researchers also use an asset-allocation model to set equally weighted portfolio with optimal
of mean-variance, and finally got a maximum — diversification model, which reaches 22% return
(Petukhina et al., 2021).

In fact, many researchers have focused on studying the price change patterns of a single currency
because they are easier. However, with the development of machine learning algorithms and the
gradual combination of operations research algorithms and virtual currencies, more and more research
has begun to move towards finding the best currency portfolio investment.

3. Methodology and architecture
3.1. Data source

In this study, we collected the cryptocurrency data from the OKX exchange. Initially, we planned
to obtain data for 12 cryptocurrencies; however, only some cryptocurrencies had data coverage time
that met the requirement of 1000 days. Therefore, to ensure a reasonable amount of cryptocurrency
data and to draw robust and meaningful conclusions for the final results, we adopted cryptocurrencies
that met only the 1000 days requirement. We obtained transaction data from the official API provided
by OKX. Closing prices and trading volumes are commonly used as inputs for prediction models, and
have achieved good results. Thus, our initial data covered the period from May 29, 2022 to February
22, 2025 (one per day), the currencies included BCH, BTC, EOS, ETC, ETH, LTC, and XRP (all
denominated in US dollars), and the data included closing price and trading volume. Considering the
significant price differences among cryptocurrencies, logarithmic scales were uniformly used for
plotting. Figures 1 and 2 show the selected cryptocurrencies’ daily closing price and trading volume.
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Figure 1. Daily closing price (Log Scale) for the selected cryptocurrency.
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Figure 2. Daily volume (pricing currency) (Log Scale) for the selected cryptocurrency.

Correspondingly, some cryptocurrencies exhibit significant volatility. On one hand, this requires
extra attention when optimizing investment portfolios to ensure acceptable volatility and returns. On
the other hand, this also requires special attention to the volatility of cryptocurrencies when predicting
prices, in order to optimize the prediction effect reasonably. Therefore, we also calculated the volatility
of cryptocurrencies, as shown in Figure 3.

102 4

— BCH

—— BTC

— EOS
10! 4 S

=== ETH

— 1oc
107 4

10714

ATR (Log Scale)

10-2 4

1074 4

T T T T T T
0 200 400 600 800 1000
Time(day)

Figure 3. Daily ATR (Log Scale) for the selected cryptocurrency.

In the study (Cohen, 2022), attempts were made to design, optimize, and use average true range
(ATR) based trading systems for five popular cryptocurrencies. It was proven that ATR-based systems
could predict the price trend of the studied cryptocurrency. The introduction of ATR could optimize
the accuracy of our model predictions to a certain extent. The volatility index was measured using ATR,
and its formula is as follows:

n
1
ATR, == ) TR; (D
nis 4
1=

Quantitative Finance and Economics Volume 9, Issue 3, 658-681.



663

Among them,

N: Represents a smooth cycle (here it is 14 days)

ATR,: Represents the ATR value of the t-th day

TR;: Represents the TR value of the i-th day. TR; is calculated as:

High; — Low;
TR; = max| { |High; — Close;_4| (2)
|Low; — Close;_4]|

Among them,

High;: Represents the highest price on the i-th day
Low;: Represents the lowest price on the i-th day
Close;: Represents the closing price on the i-th day
Specifically, for cases where t < 14:

t
1
ATR, = ?Z TR; (3)
i=1

Table 1. Proportion of market value of selected cryptocurrencies.

Rank Cryptocurrency Name Market Cap Rate

1 BTC 1.673 trillion 0.606

2 ETH 239.8 billion 0.0869

3 XRP 139.4 billion 0.0505

4 LTC 6.889 billion 0.00250
5 BCH 6.450 billion 0.00234
6 ETC 2.701 billion 0.000979
7 EOS 853.2 million 0.000309
8 ALL 2.0609 trillion 0.750

As shown in Table 1, the seven cryptocurrencies used in this study account for 75% of the total
market value. The market value data was sourced from https://coinmarketcap.com/. This indicated that
the sample taken could represent the overall cryptocurrency market, and correspondingly, the results
of the model speculation could also be more informative.

3.2. Algorithms

a) Overall Process

Features extracted from deep learning models are considered to perform better than traditional
manually computed features (Zhang et al., 2020). The general process is shown in Figure 4. CNN and
LSTM were used to predict the price of cryptocurrencies, and the final result of LSTM showed the
best performance and the lowest error rate (Wen & Ling, 2023). LSTM was successfully applied in the
research to predict multiple currencies (Malsa et al., 2021). Moreover, traditional LSTM models and
AR-based LSTM models were used to successfully predict the price of Bitcoin (Wu et al., 2018). These
results indicated that the LSTM model could predict the price of cryptocurrencies very well. Another
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review article (Ruder, 2017) presents the overall architecture of Multi-Task Learning (MTL) and
commonly used MTL methods. In this study, MTL enabled neural networks to capture hidden features
in cryptocurrencies through data sharing.

First, the collected data of seven cryptocurrencies were cleaned and processed, and then predicted
daily prices were obtained through LSTM model processing. Then, the daily price and the initial actual
price were fused and processed entered into a multi-task neural network to obtain the final score for
each cryptocurrency. Next, we used the Softmax function to convert the final rating of each

cryptocurrency into the corresponding investment weights of the investment portfolio Finally, we
conducted an investment simulation.
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Figure 4. The general process.
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b) Price Forecast
1) Data Processing
We planned to train a unique LSTM model for each cryptocurrency. Thus, we took each
cryptocurrency’s closing price, trading volume, and ATR as inputs to the model. We split the original
data into training and testing sets using « as the segmentation ratio and divided the total N pieces of
data based on window size M to obtain N-M+1 windows. The first M-1 values of each window were
used as variable x, and the last was used as variable y. Finally, for each window, the first value x4

was used as the reference, and each subsequent value became the relative change Xpopm—p of the first

value, which was used for normalization. The formula is as follows:
Xnorm—-p = (4)

Among them:

Xnorm-p: Represents the p-th normalized value

Xp: Represents the p-th value

1) Model Architecture
Considering that the price of cryptocurrencies has a certain time relationship, it is advisable to
consider their data as a time series. LSTM usually performs well in longer time series. Thus, we used
the LSTM model to predict stock prices. The LSTM model is a special type of RNN (Recurrent Neural
Network) designed to solve long sequence dependency problems, which can effectively alleviate the
problems of gradient vanishing and exploding. Its general structure is shown in Figure 5.

- ht ‘ht-ﬂ"
b : @h | — I
—sigmod—/ f
s LSTM
——stanh—{ U
R &-®' —
|

x =
Figure 5. The LSTM general structure.

At each time step t, the calculation process of LSTM is as follows:
The first step is to calculate the forget gate

fe = U(Wf [he—g, ] + bf) (5)
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Among them,

ft: Between 0 and 1, close to 0 indicates forgetting, close to 1 indicates retention.
W¢, bg: The weight and bias of the forget gate.

o: Activation function.

The second step is to calculate the input gate

ip = o(W; * [he—q, x¢] + by) (6)
u; = tanh(W¢ * [he—y, ] + be) (7)

Among them,

i;: Control the amount of new information.

u;: It is a candidate state, which is the new information calculated at the current time.
The third step is to calculate the cell state

Co=fe*xCroq +ip*u, (8)

Among them,

f+ * Ci_1: The forgotten part of the information.
i; * u;:Newly added information.

The last step is to calculate the output gate.

o = o(W, * [he—q, x¢] + by) 9

h; = o; * tanh(C;) (10)
Among them,
0;: Control the amount of output information.
h;: As the output of the current moment, it will also be passed on to the next time step.

Overall, it can more effectively capture long-term dependencies through gating mechanisms and
has strong memory capabilities, enabling it to remember important historical information and ignore
relatively irrelevant information.

For the prediction model in this experiment, the structure is shown in Figure 6. Initially, there is
the input layer. Features represent the number of input features (closing price, trading volume, ATR),
and Time Step represents the number of input historical data (here, predicting the 60th day based on
the data from the previous 59 days). This input layer is used to clarify the input format of the data.

Next is the LSTM Layer, where Neurons represents the number of neurons (here, there are 100
neurons, generating 100-dimensional feature values), and Return Sequence represents whether to
return a sequence (since subsequent time series processing is no longer required, the final value can be
returned directly). This LSTM Layer is used to extract time series features, enabling the model to
understand price change characteristics and better predict prices.

Next is the Dropout Layer, where Dropout Rate represents the random inactivation rate (0.2 in this
case, meaning that there will be 20 random neurons that no longer work in the next layer). This layer is
designed to make each neuron in the model more independent, enhance robustness, and reduce overfitting.

Next is the Dense Layer, where Neurons represents the number of neurons (here, there is only
one neuron to ensure that the output only has one current price value), and Activation is the activation
function (which can be analogized to the activation of human neurons). This layer is used to convert
the obtained feature data into the final predicted price.
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Finally, there is the Output Layer, which represents the number of output features (predicted prices)
and is used to specify the data output form. There are three adjustable parameters for parameter
selection: Time Step, Neurons, and Dropout Rate. We used the grid search method, with a Time Step
size of 10, Neurons step size of 10, and Dropout Rate step size of 0.05, to gradually search and find
the best parameter.

Features:3

Input Layer
Time Step:59

Neurons:100

LSTM Layer
Return Sequences:No

DropOut Layer DropOutRate:0.2

Neurons:1

Dense Layer
Activation:Linear

QOutput Layer ‘ Output:1

Figure 6. The LSTM structure.

c) Portfolio Optimization
i) Data Processing

We planned to establish a unified rating system for cryptocurrencies, requiring the rating results
to reflect the model’s predictive performance and the investment value of cryptocurrencies. For the
model’s predictive performance, since we could not know the actual prices of the day and the future in
real investment scenarios, we needed to rely on the model’s predicted prices as a reference. Therefore,
the predictive performance of the model was particularly important for the rating of a cryptocurrency.
For the investment value of cryptocurrencies, in real investment scenarios, due to the strong temporal
correlation between cryptocurrency prices and the inevitable deviation between current and future
prices, it was necessary to refer to past cryptocurrency prices and other data to determine the current
and future investment value of cryptocurrencies. For the scoring system, to reflect the predictive
performance of the model and the investment value of cryptocurrency, we needed the following
dependent variables as inputs to predict the deviation, true return, return, and volatility. Below are their
formulas and handling in special cases:

di =39t — Yt (11)

This is the formula for the deviation value. Among them,
v:: Represents the true value on the t-th day
¥:: Represents the predicted value on the t-th day
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Ry =yt — Y1 (12)
This is the formula for the real profit rate.
t
1 2
=l Q. Gimm) (13)
i=t-w+1

This is the formula for the rolling volatility. For data less than W days, calculate the volatility of all
data from the beginning to the current. Among them,

x;: Represents the i-th data

W: Represents the size of the sliding window

u:: Represents the average value within the sliding window on the t-th day. u, is calculated as:

t
1
=g Q. (14)

Due to the need to establish a unified scoring system, it was necessary to maintain consistency in
the model architecture. Similar to the data processing of previous price prediction models, we divided
the data into training and testing sets using a as the allocation ratio, and segment a total of N data
points based on window size M to obtain N-M+1 windows. Differently, due to the lack of genuine and
objective cryptocurrency ratings, we treated all values of each window as variable x and used pseudo
labels as substitutes for variable y. Finally, for all data, standardization was uniformly used for
normalization. The formula is as follows:

Xt — U
o

Xnorm-t = (15)

Another thing to note is that in real investment, the actual price of the day cannot be predicted.
Thus, for each window, the last value d; was taken as the mean of all values before the window, V;
was taken as the rolling volatility of the last nine days except for the last day, and the calculation of
the true profit margin R, was based on the predicted value y; of the day instead of the true value y,
of the day.

i) Model Description

In the optimization of the investment portfolio, to simultaneously evaluate the scores of each
currency within a certain period, we adopted a multi task learning model, which enabled us to
simultaneously estimate the scores of each currency within a certain period during the optimization
process and calculate the corresponding weights through the scores. Its structure is shown in Figure 7.
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Input Layer CoinNum:7
Time Step:10
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Shared LSTM Layer
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Return Sequences:No
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Dense Layer ! ;: |
Activation:RELU ask layer

Neurons:1
Output Layer

Activation: Softmax

Figure 7. The portfolio optimization model structure.

First, there is the input layer, where Features represents the number of input features (yield,
volatility, prediction bias), Coin Num represents the quantity of cryptocurrencies (here are 7 types),
and Time Step represents the quantity of input historical data (here predicting the 10th day based on
the data from the previous 9 days). This input layer was used to clarify the input format of the data.

Next is the Shared LSTM Layer, where Neurons represent the number of neurons (here, there are
16 neurons, generating 16-dimensional feature values), and Return Sequence represents whether to
return a sequence (since subsequent time series processing is required, a sequence needs to be output
for subsequent layers to process this data). This layer was used to preliminarily extract time series
features, enabling the model to have a rough understanding of the investment value of each currency.

Next is the Dropout Layer, where Dropout Rate represents the random inactivation rate (0.2 in
this case, meaning that 20% of neurons in the next layer will no longer work). This layer was designed
to make each neuron in the model more independent, enhance robustness, and reduce overfitting.

Next is a Shared LSTM layer, where Neurons represent the number of neurons (here, there are 16
neurons, generating 16-dimensional feature values), and Return Sequence represents whether to return
a sequence (which no longer requires temporal processing and is therefore NO). This layer was used
to extract temporal features more deeply, giving the model a deeper understanding of each currency’s
investment value.
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Next is the Dense Layer, where Neurons represents the number of neurons (here, there are only 7
neurons, because we needed to output ratings for 7 cryptocurrencies). Activation is the activation
function that converts the obtained feature data into the final predicted currency rating.

Finally, there is the Output Layer, where Output represents the number of output features
(predicted prices), and Activation is the activation function. This layer uses the activation function and
rating to generate the final investment weights.

Four adjustable parameters for parameter selection are time Step, two Neurons, and Dropout Rate.
We used a grid search method with a time step of 10, a neuron step of 4, and a Dropout step of 0.05 to
gradually find the best parameters.

According to the description in the data processing section, we input the processed data into the
same LSTM architecture for the shared model part of each cryptocurrency. This is a neural network
model based on multi-task learning. Unlike ordinary neural network models, it introduces a multi-task
learning mechanism. On the one hand, it can improve generalization ability and enhance the model’s
adaptability to new data by sharing features. On the other hand, it can reduce model complexity and
overfitting by sharing parameters. Moreover, it can calculate only the weights of the investment
portfolio in the same model, enabling us to calculate the Sharpe ratio of the investment portfolio and
achieve the loss function mentioned below.

Unlike other conventional LSTMs, our data y here used pseudo labels. Therefore, in this
architecture, we adopted a different loss function to train the model in the correct direction instead of
randomly bumping around. Furthermore, these cryptocurrencies generally have a higher Sharpe ratio
due to the large fluctuations in cryptocurrencies. Therefore, to avoid the weights obtained from the
final training being overly biased towards highly volatile cryptocurrencies, we used L2 regularization
to sparsify the weights. The L2 regularization formula and loss function are as follows:

A",
L=5) w (16)
2L
This is L2 regularization. Among them,
A : Represents the regularization coefficient (hyperparameter) that controls the strength of
regularization
w;: Represents the i-th weight
Rp — R
Lw) = ——L+1, (17)
Op

This is the loss function. Among them,
Rp: Represents the return rate of the investment portfolio. Rjp is calculated as

n
Rpo=)  wiR (18)
i=1

Among them,

w;: Represents the i-th weight

R;: Represents the yield of the i-th cryptocurrency

R;: Represents the risk-free rate of return. To simplify here, Rf = 0

op: Represents the standard deviation (volatility) of portfolio returns. op is calculated as
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Op = W (19)

Among them,
w: Represents weight vectors
Y. Represents the covariance matrix of cryptocurrency return rate

For each independent task processing layer of cryptocurrency, we needed to emphasize the
importance of price volatility again. Therefore, we directly concatenated their respective volatility with
the output results of the previous shared layer and then calculated the score of each currency through
the Dense layer. Finally, we input the obtained set of scores into the Softmax layer to calculate weights.

iii) Output Result

After initial processing, each data point is evaluated by an LSTM model (scoring system), and
scores are obtained. Then, the score is transformed by the activation function Softmax to form the final
investment portfolio. Its formula is as follows:

(20)

Among them,
s;: Represents the i-th weight after conversion
z;: Represents the score of the i-th cryptocurrency before conversion
d) Investment Simulation
In this section, we input the obtained investment weights and their corresponding real profit
margins into the calculation formula as follows:

M, = WP M;_4 (21)

Among them,
M, : Represents the total funds owned on the t-th day, and M; = 10000
W,: Represents the investment portfolio on the t-th day and W, € R**"
P,: Represents the real interest rate on the t-th day and P, € R™*!

e) Reliability Analysis

In this section, we established a mathematical model for reliability analysis and planned to use
Multi Criteria Decision Analysis (MCDA) to evaluate the risk adjusted return, strategy stability,
strategy risk, and strategy effectiveness.

For risk adjusted returns, we measured them using the Sharpe ratio. The formula is as follows:

Sharp = s (22)
o
For strategy stability, we calculated the coefficient of variation by scrolling through the window. The

formula is as follows:

_ a(Sharp — Rolling)

CV =
E(Sharp — Rolling)

(23)

For strategic risk, we used CVaR, to calculate, and the formula is as follows:
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CVaR, = —E(R|R < VaR,) (24)

Among them,
a: Representative confidence level (taken as 0.95 here)
R: Representative investment return rate
VaR,: Represents the value at risk at the alpha percentile

To assess the strategy’s effectiveness, we observed the distribution of returns for each investment
strategy (see Appendix for the investment distribution chart). All investment strategies had the same
characteristic: A sharp peak and a thick tail. Therefore, the T-test applicable to normal distribution was
no longer used, but the Wilcoxon test was used, with the p-value as the final measure. The Wilcoxon
test steps are as follows: First, calculate the paired difference.

D; =Y, —X; (25)

Remove D; =0, and leave the remaining sample size n. Second, assign rank R; to |D;| to
distinguish positive and negative signs. Then, calculate the statistic.

W = min Z R;, Z R; (26)

D;>0 D;<0

Last, calculate the p-value (large sample normal approximation):

W — nn+1)
Jn(n +1)(2n+1)
24
p =2®(—|Z]) (28)

Among them,

@: Represents the standard normal CDF

Then, the TOPSIS (Approximate Ideal Solution Sorting Method) was used for the final analysis. The
TOPSIS calculation steps are as follows: First, standardize the matrix

xij
T = ——— (29)
! V2t x5
Then, weigh the standardized matrix
vij = (1)] . rij (30)

Calculate the ideal solution A*, negative ideal solution A~

Al = maxv; (31)

A7 = minv;; (32)

and distance calculation
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n
j=1

j=1

Finally, calculate the relative proximity (sorting basis)

D
C;i=—2L 35
' Df +D;f (35)
The larger the C;, the better the strategy.
Finally, the entropy weighting method is an objective weighting method based on information entropy,
which determines weights by calculating the degree of dispersion (entropy value) of indicators. First,
standardize the data.

Xij — min(x]-)

Y max(xj) - min(xj) +10-10 (36)
Then, calculate the weight.
1 n
rl'j Tij )
e; = — *In (37)
! Inn ; XitiTij <Z?=1 Tij
Finally, calculate the entropy and weight.
1—e¢;
j—1(1 —¢)

4. Empirical results
4.1. The prediction result of the forecast model

As mentioned, we used closing price, trading volume, and ATR as three dimensions of input data with
one day as the time interval. Each currency trained an independent model based on its own dataset, and the
target variable for the prediction problem of this model was the daily price of the encrypted currency.

Our training sample size for each dataset was set to 0.7 times the total sample size, while the
remaining 0.3 was used as the test sample. Considering that the price scales of different currencies may
vary, resulting in different sizes of evaluation indicators used in the end, we did not use MSE, RMSE,
or MAE indicators to measure, but instead used R? as the indicator.

Its formula is as follows:
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SSres

RZ=1-
SStot

(39)

Among them,
SS;es: The sum of squares of residuals, which represents the sum of squares of the difference between
the actual value and the predicted value. It is calculated as:

n
SSres = ) (i = )’ (40)
i=1

SStot: The total sum of squares, which represents the sum of squares of the difference between the
actual value and the mean of the actual value. It is calculated as:

n
SSres = Z(Yi - }71)2 (41)
i=1

Among them,

yi: Represents the actual observation value

¥,: Represents the predicted value of the model

V:: Represents the mean of the actual observed values
n: Represents the number of samples

It can effectively indicate the degree of fit of the model.

During the model tuning process, we found that excessively pursuing a smaller average loss
function during training may have led to overfitting of the model. Table 2 shows the fitting of a smaller
average loss function.

To solve this problem, we deliberately enlarged the average loss function by reducing the training
epochs and other methods. Table 3 shows the fitting situation of the model we chose (please refer to
the appendix for the fitting data of a single cryptocurrency).

Table 2. Overfitting model indicator table.

BCH BTC EOS ETC ETH LTC XRP
Loss 0.0014 4.6e-04 9.3e-04 5.9¢-04 3.6e-04 3.8e-04 3.5¢-04
R? 0.955 0.966 0.953 0.864 0.910 0.955 0.911

Table 3. Final model indicator table.

BCH BTC EOS ETC ETH LTC XRP
Loss 0.0016 5.7e-04 0.0014 0.0012 7.0e-04 8.4e-04 6.7¢-04
R? 0.989 0.980 0.973 0.968 0.970 0.979 0.969

4.2. The optimization results of the investment portfolio model

As mentioned in the section on data processing, the price data predicted by the predictive price
model was processed with the actual price data to obtain three dimensions: Deviation, rolling volatility,
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and return rate, which were used as input data for the investment portfolio optimization model.
Furthermore, the data of these seven cryptocurrencies was divided at a ratio of 0.75, and the training
set was input into the investment portfolio optimization model for fitting. The remaining 0.25 test set
was then input into the model to obtain daily investment portfolio weights. We displayed the data in
the simulation investment phase and compare it with other methods.

4.3. The comparison results between the final investment portfolio and other methods

There are multiple mainstream methods for optimizing investment portfolios in cryptocurrency.
They are MV (Mean-Variance Model), MD (Mean-Downside Deviation model), DWP (Dynamic
Weighted Portfolio model), CAMP (Capital Asset Pricing Model), and portfolio optimization based on
deep learning (referred to as DLS here).

A mainstream investment portfolio optimization method was proposed in a research paper
(Markowitz and Todd, 2025). MV is the core model of Modern Portfolio Theory (MPT) proposed by
Harry Markowitz. This model constructs the optimal investment portfolio by optimizing the portfolio’s
expected returns (mean) and risks (variance). For daily cryptocurrency investment portfolios, the
calculation process of the MV model is as follows.

First, calculate the expected return. The expected return of an investment portfolio is the weighted
average of the expected returns of each asset. Specifically, the expected return of each asset is obtained
through historical data or predictive models, and then the overall expected return of the portfolio is
calculated based on the weight of the asset in the investment portfolio.

Second, calculate the portfolio risk, which is measured by variance, reflecting the volatility of
asset returns. When calculating, it is necessary to consider the weights of each asset and the covariance
between assets. Covariance is used to capture the correlation between assets, and diversified
investment can reduce non-systematic risk.

Finally, the core of the MV model is used to construct an optimization problem with the goal of
minimizing risk given expected returns or maximizing returns given risks. The MD optimization
method was proposed in another research (Fabozzi et al., 2011). MD is the mean down bias model and
is an improvement of the MV model that focuses on the downside risk of investment portfolios (i.e.,
the risk of returns falling below a certain target or benchmark). The core idea of the MD model is to
construct the optimal investment portfolio by optimizing the portfolio’s expected returns and downside
risk. Unlike the MV model, which uses variance as a risk measure, the MD model uses downside
deviation, which refers to the volatility when returns are lower than the target return. On the one hand,
it focuses on downside risk: Investors are more concerned about the risk of returns falling below the
target than overall volatility. On the other hand, asymmetric risk measurement: Downward deviation
considers only the volatility of negative returns, which is more in line with investors’ actual psychology.
The calculation process of the MD model is as follows.

First, calculate the expected return of the investment portfolio. The expected return of an
investment portfolio is the weighted average of the expected returns of each asset, calculated using the
same method as the MV model.

Second, calculate the downward deviation. Downward deviation refers to the volatility of returns
below the target return.
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Finally, construct an optimization problem. The MD model aims to find a set of weights that
minimize downside risk or maximize expected return given downside risk. There are usually two forms:
Minimizing downside risk (given expected return) and maximizing return (given downside risk).

DWP is a dynamic weighted portfolio model. It adjusts asset allocation in real-time based on
market conditions or asset performance. The core idea of the DWP model is to dynamically adjust
asset weights, capture market changes, and improve portfolio returns or reduce risks. Unlike static
investment portfolios, DWP models dynamically adjust weights based on predetermined rules or
models (such as momentum strategy, mean regression strategy, etc.). This model can dynamically
adjust asset weights in real-time based on market conditions or asset performance. It has strong
flexibility and can quickly respond to market changes and adapt to different market environments.
Diversified investment, by dynamically adjusting weights, further reduces non-systematic risks. The
calculation process of the DWP model is as follows.

First, determine the adjustment rules. The core of the DWP model is to dynamically adjust weights,
so it is necessary to determine adjustment rules. Common adjustment rules include: Momentum
strategy, increasing the weight of assets that have performed well, and decreasing the weight of assets
that have performed poorly. Mean regression strategy increases the weight of assets with poor
performance and decreases the weight of assets with good performance. Risk parity strategy
dynamically adjusts weights based on the risk level of assets, ensuring that each asset contributes
equally to the risk of the investment portfolio.

Second, calculate the dynamic weights. Calculate the dynamic weight of each asset according to
the adjustment rules. For example, when using a momentum strategy, the momentum indicator of each
asset (such as the return rate of the past 12 months) can be calculated, and the weights can be adjusted
based on the momentum indicator.

Finally, construct an optimization problem. The goal of the DWP model is to find a set of dynamic
weights that maximize the return or minimize the risk of the investment portfolio under given
adjustment rules. There are usually two forms: Maximizing returns and minimizing risks.

The CAMP optimization method also optimizes the portfolio value (Sharpe, 1964). CAMP is the
capital asset pricing model. It is a model that was proposed by William Sharpe et al. in the 1960s to
determine the relationship between the expected returns of assets and their systematic risk (). The
core idea of the CAMP model is to determine the expected return of assets by quantifying their
systematic risk (B). It includes systemic risk: The risk of assets is divided into systemic risk and non-
systemic risk. Systemic risk is the overall risk of the market and cannot be eliminated through
diversified investment; non-systematic risk refers to the risk of specific assets that can be reduced
through diversified investments. The relationship between risk and return: The expected return of an
asset is directly proportional to its systemic risk (), with higher B indicating higher expected returns.
There is also market equilibrium: In an equilibrium market, the expected returns of all assets are on
the Security Market Line (SML). The calculation process of the CAMP model is as follows.

First, the beta value of assets. The beta value is the sensitivity of asset returns to market returns.

Second, calculate the expected return on assets. Finally, construct the Securities Market Line
(SML). The Securities Market Line (SML) is a graphical representation of the CAMP model, with 3
values on the horizontal axis and expected returns on the vertical axis. The slope of SML is the market
risk premium. Finally, construct the Securities Market Line (SML). The Securities Market Line (SML)
is a graphical representation of the CAMP model, with B values on the horizontal axis and expected
returns on the vertical axis. The slope of SML is the market risk premium.
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The last popular model we want to compare is the DLS optimization method. As demonstrated
(Zhang et al., 2020), a deep learning model is used to directly optimize the Sharpe ratio of the
investment portfolio, proposing a framework that avoids the requirement of predicting expected returns
and enables direct optimization of portfolio weights by updating model parameters. DLS adopts an
LSTM model while adopting a strategy of not predicting prices and uses gradient ascent and new
model parameters to optimize weights.

We conducted investment simulations on the data using these five optimization methods. The
initial capital was set at $10000, and leverage was not allowed, short selling was allowed, but the short
selling portion of the funds were not used for other investment purposes. To evaluate the performance
of our method, we used the following metrics: Standard deviation of return (Std(R)), final return rate
(Return rate), and maximum deviation of return rate (MDD). As shown in Table 4, the above five
methods were compared with our final results. The model we trained here is referred to as the Deep
Learning & Multi-task model (DLM).

Table 4. The comparison of results from different models.

Std(R) Return rate(%) MDD
MD 435.57 -15.9114 —83.5041
CAPM 191.06 187.4306 —46.1786
MV 127.67 35.0216 —43.4826
DWP 341.13 —5.51152 =79.3075
DLS 327.53 329.9204 —47.8146
DLM 269.26 507.4994 —48.9991

A daily comparison of funds for different investment optimization methods is provided, as shown
in Figure 8, where Y represents daily held funds, and x represents time (here, the first data point in the
dataset of the investment portfolio optimization model is considered the first day).

Portfalio Value 15}
E &

20000 -

Figure 8. Comparison of different investment strategies.

Then, reliability analysis was conducted, as shown in Table 5, which was the initial indicator for
each model.
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Table 5. Initial indicators.

Sharp cv CVaR, D
MD 0.018058 4.763584 0.094731 0.842893
CAPM 0.051021 1.640585 0.042701 0.046976
MV 0.021538 0.24227 0.031644 0.259621
DWP 0.015124 0.634643 0.080779 0.231191
DLS 0.048989 1.952992 0.073523 0.061143
DLM 0.062865 1.251308 0.058374 0.043596

The final results obtained through Multi Criteria Decision Analysis (MCDA), combined with the
Approximate Ideal Solution Sorting Method (TOPSIS) and entropy weight method, are shown in Table
6 and Figure 9.

Table 6. Initial indicators.

Weight_Sharp Weight_CV Weight_CVaR, Weight_p Score
MD 0.292294 0.168385 0.214816 0.324504 0.023928
CAPM 0.292294 0.168385 0.214816 0.324504 0.851029
MV 0.292294 0.168385 0.214816 0.324504 0.646256
DWP 0.292294 0.168385 0.214816 0.324504 0.598762
DLS 0.292294 0.168385 0.214816 0.324504 0.782142
DLM 0.292294 0.168385 0.214816 0.324504 0.879110
Rank

TOPSIS_Score

Figure 9. Multiple methods for ranking (the higher the score, the better).
5. Conclusions

In this work, we did not use individual cryptocurrencies but focused on returns and volatility to
form an investment portfolio. Considering that price data has a certain relationship over time, we decided
to use a neural network LSTM model to optimize the investment portfolio to achieve any effect, such as
increasing returns or reducing risk. To enhance this effect, this neural network model adopts a
combination of multi-task learning network and LSTM in structure, which can share data of multiple
cryptocurrencies and time series relationships, thus unifying the evaluation criteria for cryptocurrencies.
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On the loss function, a negative Sharpe ratio was chosen and combined with L2 regularization, enabling
the model to balance returns, partial risk, and sparse weights. We selected the past real returns and rolling
volatility of cryptocurrencies as input data and added bias values on this basis to reduce the prediction
bias of the model. We compared several widely popular algorithms, including MV, MD, DWP, CAMP,
and a deep learning-based algorithm called DLS. We tested over a thousand days of data outside the
training set. The results indicated that our model typically outperforms other methods in terms of returns,
but the variance of returns is also within a controllable range compared to other models. Subsequently,
we established a reliability analysis model, which can be said to exhibit the best reliability and efficiency
when considering higher risks.

However, we acknowledge that our research has several limitations. First, the generalization
ability of our model may be limited by the sample dataset, which comes only from the OKX exchange.
Second, our indicator evaluation did not take into account transaction costs, which may have a
significant impact on the realized returns in actual transactions. Third, although we used volatility and
trading volume as input features, we did not consider other potential influencing factors such as social
media sentiment or other macro financial indicators. In future work, we plan to address these
shortcomings by exploring more diverse exchange data sources to improve the robustness and
applicability of the model. We are also committed to integrating other market features (such as order
book microstructure data) and external information (such as news sentiment and macroeconomic
indicators) into our modeling framework to improve forecast accuracy.
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