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ABSTRACT This paper addresses the imperative task of assessing and ranking cryptocurrencies, particularly
pertinent in the context of the burgeoning popularity of public blockchains. The proliferation of available
options necessitates a rigorous evaluation, prompting the formulation of a novel model grounded in both
objective and subjective criteria. To contend with the challenge posed by the expanding landscape of public
blockchains, ten discerning criteria are delineated, encompassing facets such as Technology, TPS, Market
capitalization, GitHub fork, GitHub stars, Twitter followers, Twitter hashtags, trading volume, sentiment
score, and the price range differential. Leveraging expert opinions, the pairwise impact of these criteria
is ascertained, and the DEMATEL method is judiciously employed to derive their respective weights.
Subsequently, the PROMETHEE method is harnessed to effectuate the ranking of 20 cryptocurrencies
predicated on the identified criteria. Furthermore, the integration of LSTM enables the prediction of values
for four predictable criteria, seamlessly incorporated into the PROMETHEEmodel to furnish rankings across
diverse temporal intervals. The proposed model, thus, presents a holistic and pragmatic approach to inform
investment decision-making within the dynamic cryptocurrency market. By embracing a comprehensive
set of criteria and integrating predictive analytics, this model stands as a valuable contribution to the field,
offering nuanced insights to stakeholders navigating the complexities of cryptocurrency investment.

INDEX TERMS Cryptocurrency, LSTM, PROMETHEE, ranking, sentimental analysis.

I. INTRODUCTION
The cryptocurrency industry has gained media attention,
widespread investor interest, and regulatory and analyst atten-
tion due to its innovative products and intense price activity
during its short lifespan [1]. Additionally, since the launch of
the first cryptocurrency, it has grown exponentially. Today,
as a result of this growing interest, there are over 4,000 cryp-
tocurrencies [2]. Our main effort is to determine which of the
categorized factors are more crucial in the decision-making
process of investors and analyze which factors are prioritized
by investors. This study aims to evaluate cryptocurrencies
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and their future path from various dimensions. Over time,
ranking these currencies based on a single indexmust provide
complete information about their future and current status.
For example, considering the technology index for evaluating
cryptocurrencies, Bitcoin is ranked seventeenth in the CCID
ranking [3]. In terms of popularity, Bitcoin is among the most
popular cryptocurrencies.

Choosing the appropriate criteria for ranking is the first
step in research, and we need to consider which criteria
to examine for ranking cryptocurrencies. In the study by
Sobhanifar [4], a consumer perspective model was used with
31 indicators for evaluating and ranking cryptocurrencies.

After selecting the criteria for evaluating cryptocurrencies,
the next step is to predict their future. Extensive studies
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have been conducted to predict the prices of different cryp-
tocurrencies. However, more research needs to be done on
other criteria, such as the progress of blockchain technology.
As activity on GitHub for a particular blockchain increases,
it can attract more developers’ attention, which can be a factor
in the technology’s advancement. Therefore, in this stage,
we identify the factors affecting these indices and use them
to predict their future behavior.

Finally, we choose a suitable multi-criteria decision-
making method for ranking cryptocurrencies and perform
the ranking using it. In summary, a model is described that
selects selected cryptocurrencies for prediction using the
information on currency index factors and predicts these
criteria using prediction models. For evaluating the curren-
cies, we determine the ranking of cryptocurrencies chosen
using themulti-criteria decision-making (MCDM) technique,
which helps to determine the priority of investment for
investors in the future.

The remaining sections are structured as follows:
Section Two studies on cryptocurrencies are conducted to
identify decision-making criteria in the cryptocurrency mar-
ket. The reasons for the growth of cryptocurrencies and the
factors affecting their growth are examined. The impact of
social networks on cryptocurrencies is also studied, and an
overview of the market and financial indicators that affect
decision-making is presented. Then, ranking articles related
to the prediction and fluctuations of cryptocurrencies are
reviewed. In section three, the method of data collection and
quantification is explained. Next, the selected model of the
DEMATEL weighting method and PROMETHEE ranking
method is described, and the Recurrent Neural Network
(RNN) prediction method is explained. Section four presents
the relevant results of sentiment analysis and rankings, lead-
ing to future rankings for 5, 10, and 20 days. Finally, the
conclusion is explained in section five, and a summary is
provided.

II. LITERATURE REVIEW
In conducting a literature review on cryptocurrency ranking,
the process unfolds in several key phases. Initially, previous
studies addressing the characterization of cryptocurrencies
are delved into, seeking to uncover the factors that render
them important. This exploration then extends into compre-
hending the influencers compelling individuals to invest in
cryptocurrencies, there is a meticulous examination of how
these influencing criteria are categorized, unraveling insights
from existing reviews.

The focus then shifts towards studies dedicated to
cryptocurrency ranking. The synthesis of the wealth of
information gathered aims to identify the key criteria and
characteristics contributing to the ranking process. The cul-
mination of this analysis leads to an exploration of forecasting
endeavors within the cryptocurrency realm. This phase
involves scrutiny of various forecasting models applied to
cryptocurrencies, ultimately guiding the selection of a robust
model for predicting specific criteria of interest.

Lastly, a meticulous exploration of works specifically cen-
tered on the ranking of cryptocurrencies is encompassed
in this literature review. A comprehensive understanding of
the approaches adopted to assess and rank cryptocurrencies
is gained by analyzing diverse models and methodologies
employed in these studies. This structured approach ensures
that the literature review not only identifies existing knowl-
edge but also aids in discerning gaps and potential avenues
for research in the domain of cryptocurrency ranking.

To assess the performance and standing of different cryp-
tocurrencies, various metrics, algorithms, and analytical
tools have been employed. These include machine learning
algorithms, statistical measures, and predictive models. For
instance, Li [5] utilized the logistic regression (LR) algorithm
to analyze determinants from a dataset collected from
major cryptocurrency communities, while Erdinc et al. [6]
employed machine learning classification algorithms such as
support vector machines, logistic regression, artificial neu-
ral networks, and random forests to predict cryptocurrency
returns using past price information and technical indicators.
Additionally, Aljadani [7] utilized machine and deep learning
algorithms such as Neural Networks (NN), Gated Recurrent
Unit (GRU), Long Short-Term Memory (LSTM), and Bidi-
rectional LSTM (BiLSTM) to analyze factors influencing
cryptocurrency prices and predict them.

Furthermore, Allen [8] applied entropy-based metrics
to assess the relative stability of cryptocurrencies com-
pared with equity markets during the COVID-19 pandemic,
highlighting the higher levels of risk associated with cryp-
tocurrencies. Lahmiri and Bekiros [9] used measures of
the Largest Lyapunov Exponent (LLE) and Approximate
Entropy (ApEn) to estimate degrees of stability and irreg-
ularity in cryptocurrency and international stock markets.
Moreover, Alexiadou et al. [10] focused on forecasting cryp-
tocurrency prices, returns, and risk, using statistical and
machine learning tools.

In addition to machine learning and statistical measures,
Xu and Sun [11] proposed an application to evaluate cryp-
tocurrencies based on social metrics by establishing scores
and models with machine learning and other tools. Fur-
thermore, Sakas et al. [12] emphasized the importance
of examining cryptocurrency data, such as website visitor
analytic metrics and financial and strategic trading met-
rics, to refine marketing strategies for cryptocurrency trade
websites.

Cryptocurrencies, increasingly rivaling cash due to
lifestyle shifts and tech progress, expand their reach. This
study analyzes Bitcoin prices from 2010 to 2023, aiming to
understand price behavior and forecast future trends using
triple exponential smoothing. Factors influencing prices,
like herd behavior and news impact, are explored within
behavioral finance. However, pinpointing reasons for all
fluctuations may be challenging due to the personal nature
of cryptocurrencies [13].
Vincent Gurgul’s study explores the application of ML

and NLP techniques in forecasting cryptocurrency prices,
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particularly Bitcoin and Ethereum. Analyzing sentiment from
Twitter and Reddit, they find that integrating NLP data sig-
nificantly enhances forecasting accuracy. Pre-trained models
like Twitter-RoBERTa and BART MNLI prove effective
in capturing market sentiment, with consistent profitability
observed across different scenarios. This research under-
scores the potential of text analysis in refining financial
forecasts and demonstrates the efficacy of various NLP tech-
niques in capturing nuanced market sentiment [14]

Kochliaridis proposes a trading framework called
UNSURE to address challenges in cryptocurrency trading,
including extreme price fluctuations and market noise. This
framework integrates technical analysis with Machine Learn-
ing (ML) components, including anUnsupervised component
for improving feature quality, a Deep Reinforcement Learn-
ing (DRL) component for opening Buy or Short positions,
and a Supervised component for efficient position opening
and closing. By leveraging these components, UNSURE
aims to increase profits and minimize risks in cryptocurrency
trading. The author demonstrates the effectiveness of the
framework across nine cryptocurrency markets using various
risk-adjusted performance metrics [15].

Brini and Lenz [16] propose using machine learning,
specifically regression-tree methods, to address challenges
in pricing cryptocurrency options. Unlike classical models
such as Black–Scholes and Heston, which struggle with cryp-
tocurrency dynamics, machine learning models incorporate
high-frequency volatility estimators for improved accuracy.
Comparative analysis reveals inefficiencies in cryptocurrency
option pricing compared to equity options, emphasizing the
need for more data-oriented approaches. The prediction of
market efficiency and performance has been analyzed in
various studies. Duan et al. [17] examine the relationship
between clean and dirty cryptocurrencies and traditional
and green assets. Their study explores market inefficien-
cies across these assets using a quantile-on-quantile method
and an international dataset. They find evidence of mar-
ket inefficiency varying over time, with generally positive
linkage between the different asset types, but fluctuations
during extreme market conditions driven by cross-border
arbitrage.

Mansurov et al. [18] apply advanced machine learning
algorithms to simulate the cryptocurrency market. They
introduce a self-learning agent using deep reinforcement
learning techniques alongside traditional trading strategies.
Their model shows improved approximation to real market
behavior compared to models with classical agents, indicat-
ing the significance of incorporating self-learning agents for
comprehensive market simulation. Verma et al. [19] investi-
gates the market efficiency of cryptocurrencies, specifically
examining their adherence to the random walk hypothesis.
Analyzing daily data from January 1, 2016, to March 31,
2021, for Bitcoin, Ethereum, Litecoin, Tether, and Ripple,
the study employs various statistical tests. Results strongly
reject the random walk hypothesis, indicating market inef-
ficiency in cryptocurrencies. This implies predictability in

cryptocurrency returns, providing investors with opportuni-
ties for abnormal gains through trading strategies.

Stejskalova and Dominik [20] examines conditional
volatility in cryptocurrency markets and how uncertainty
spreads among different cryptocurrencies. Using GARCH
family models, the study analyzes high-frequency 15-minute
data for Bitcoin, Ethereum, Ripple, Cardano, and Litecoin
fromApril 23, 2021, to December 20, 2023. Results show that
uncertainty spreads most significantly between Bitcoin and
Ethereum, with Ripple and Cardano less affected. The study
also explores optimal cryptocurrency weight combinations
in portfolio formation strategies, highlighting the DCC-GJR-
GARCH(1,1) strategy for its low risk. Alvarez-Ramirez et
al [21] study the topic at high frequencies and conclude that
the market can be identified by changing periods of efficiency
and inefficiency. Kristoufek [22] examines the evolution of
the efficiency of two Bitcoin markets (the US Dollar and
Chinese Yuan) and considers the markets largely inefficient.
Al-Yahyaee et al. [23] compare the efficiency of Bitcoin with
gold, stocks, and foreign exchange rates and find that Bitcoin
has the lowest efficiency in this set. Zargar and Kumar [24]
studied the efficiency of Bitcoin returns with high frequency
using various variance ratio tests, which mainly indicate mar-
ket inefficiency. And Begušić et al. [25] show that Bitcoin
returns have limited second moments for different scales,
making the efficiency discussion logical.

Overall, assessing cryptocurrency performance and stand-
ing involves a wide array of metrics, algorithms, and analyti-
cal tools, including machine learning algorithms, statistical
measures, and predictive models, to predict returns, assess
stability, and evaluate social metrics.

A. RANKING OF CRYPTOCURRENCIES
The ranking of cryptocurrencies is an important aspect of
the field due to several key factors. Firstly, the performance
expectancy of a cryptocurrency has been identified as a cru-
cial factor for its success [26] This suggests that the perceived
performance and utility of a cryptocurrency play a significant
role in its ranking and adoption. Additionally, factors such
as age, gender, education, occupation, and previous invest-
ment experience have been found to influence investment
behaviors in cryptocurrencies, indicating that these demo-
graphic and experiential variables contribute to the ranking
of cryptocurrencies [27]. Moreover, the intention to use
cryptocurrencies is influenced by factors such as optimism,
innovativeness, discomfort, insecurity, and other behavioral
aspects, which are essential in determining the ranking of
cryptocurrencies [28].
Furthermore, the ranking of the top cryptocurrencies, such

as Bitcoin, Ethereum, Litecoin, and Ripple, based on their
market performance and capitalization, is crucial in under-
standing the dynamics of the cryptocurrency market [29].
Additionally, the ease of use, social impact, convenience,
trust, price volatility, individual beliefs, privacy, risk, and
decision-making have been identified as factors influencing
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investors’ behavioral intention toward cryptocurrency adop-
tion, further emphasizing the significance of these aspects
in the ranking of cryptocurrencies [30]. Moreover, technical
factors, risk-taking, societal attitudes, and transaction-related
challenges have been highlighted as important criteria affect-
ing the adoption of cryptocurrencies in international trading,
underscoring their relevance in the ranking of cryptocurren-
cies [31].

The motivations behind cryptocurrency investments have
also been studied, indicating that understanding the main
intentions or motivation factors that persuade people to invest
in cryptocurrencies is essential for ranking and assessing
the significance of different cryptocurrencies in the mar-
ket [32]. Additionally, Jain [33] explores cryptocurrency
market dominance, analyzing factors like technology, reg-
ulation, sentiment, and network effects. Using statistical
models, the study correlates dominancewith fundamental and
technical indicators, offering insights for stakeholders and
policymakers navigating the cryptocurrency landscape.

Moreover, the stability of the ranking, market share distri-
bution, and birth and death rates of new cryptocurrencies have
been identified as stable statistical properties of the cryptocur-
rency market, highlighting the importance of these factors in
determining the ranking and evolution of cryptocurrencies
[34]. Furthermore, the attractiveness and risk assessment of
cryptocurrency exchanges, as well as the predictability of
cryptocurrency price dynamics, are crucial in ranking and
classifying cryptocurrencies based on their market efficiency
and performance [35].

With the increasing number of public blockchains, China’s
Information Industry Development Center released the
world’s first public blockchain technology evaluation index
in May 2018. The evaluation index shows that Ethereum
is ranked first and Bitcoin is ranked thirteenth. The second
global public blockchain technology evaluation index shows
that EOS is ranked first, while Bitcoin is ranked seventeenth.
However, although Bitcoin’s technology is inferior, it is still
one of the most popular blockchains.

Tang et al. [35] have designed three first-level indica-
tors and eleven second-level indicators for evaluating public
blockchains, using the technique of preference order sim-
ilarity to the ideal solution (TOPSIS) method for ranking
blockchains. The entropy method was used to calculate
the weights of various indicators quantitatively. The three
first-level indicators are technology, recognition, and activity.
The results place Bitcoin, Ethereum, and EOS in the top three
public blockchains.

Kristoufek and Vosvrda [36] investigated cryptocurrencies
based on the efficient market hypothesis. They also com-
pare efficiency levels in the cryptocurrency market using
indicators including Hurst exponent, fractal dimensions, and
entropy components. Ethereum and Litecoin are found to be
the least efficient coins, while Dash is found to be the most
efficient.

Sobhanifard and Sadatfarizani [4] have developed a
combined model for the factors promoting the use

of cryptocurrencies. This study used saturation theory,
exploratory factor analysis, and the Friedman test. Thirty-
one factors that affect cryptocurrencies have been identified.
This research confirms the positive influence of technological
skills, technological ambiguity, and technological benefits on
cryptocurrency use.

1) COIN MARKET CAP METHODOLOGY
The Coin Market Cap ranking methodology scores based on
exchange liquidity. It helps users find and understand the best
exchanges for digital currencies. The liquidity score is based
on exchange order book depth. For example, high slippage
means that a buy or sell order has been processed at a price
significantly different from what was expected, indicating
high exchange volatility. Slippage is calculated based on the
buy or sell order size and the percentage difference between
the final order price and the average price of other buyers and
sellers. Different order sizes are aggregated in time intervals
between $100 and $200,000 to prevent bias among specific
traders. Finally, slippage is summed across each bucket and
normalized into a score ranging from 0 to 1000, where
1000 represents low slippage for maximum limit orders, and
0 indicates high slippage [22], [35].

2) COINGECKO METHODOLOGY
The CoinGecko ranking system is divided into several com-
ponents that represent a relative proportion of the final score:
liquidity (50%), the scale of operations (30%), and the appli-
cation programming interface (API) interface of middleware
software that allows multiple software to communicate with
each other. Technical coverage (20%). In addition, estimated
reserves of digital currencies and compliance with exchange
regulations have been calculated but are still ongoing and are
not used directly in calculating the score.

In conclusion, the ranking of cryptocurrencies is an
important aspect of the field due to various factors such
as performance expectancy, investment behaviors, adoption
intentions, market stability, and risk assessment, which col-
lectively contribute to the understanding and assessment of
the significance of different cryptocurrencies in the market.

B. CRYPTOCURRENCY FORECASTING
Price movements and trading volume determine each digi-
tal currency’s value. In addition, each digital currency has
unique features (such as value fluctuations, transaction speed,
usability, ecosystem, and unpredictability). Due to the inde-
pendence of digital currencies, predicting their prices is
challenging. For instance, Bitcoin, the most renowned cryp-
tocurrency, witnessed a remarkable ascent in value, surging
from virtually nothing to $20,000 between 2009 and 2017,
capturing the interest of both investors and policymakers.
The ongoing expansion of the Bitcoin market parallelled this
substantial price appreciation. As reported by CoinMarket-
Cap, by December 2019, the market boasted an average daily
trading volume of around $19.45 billion. Bitcoin has various
qualities, such as decentralized transactions, audibility, and
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anonymity when used as a currency. While Bitcoin has often
been labeled a bubble and viewed as a potential threat to
the stability of the financial system, it continues to be an
enticing investment option offering significant potential for
returns. Conversely, investing in Bitcoin carries substantial
risks. The price of Bitcoin is far more volatile when compared
to conventional financial assets like stocks and bonds. Finan-
cial market prediction is a valid field of economic research.
Regression analysis of probabilistic signals to explain asset
returns is a well-established method for analyzing predic-
tive signals and has been used for years. Various features
may be included in linear regression, but they are inflexible
when combined, and precise assumptions are imposed on
the functional movements of signals proposed to the market.
On the other hand, ML approaches are increasingly used for
financial market prediction because they do not impose these
constraints. Among various methods, neural network-based
systems have been widely acknowledged as advanced tools
for forecasting financial market dynamics, making them par-
ticularly well-suited for this purpose.

Making well-timed and informed decisions to mitigate
risks associated with critical investment processes is of
paramount importance, and such precision can be attained
through careful planning. Miura et al. [37], focusing on
two cryptocurrencies, Litecoin and Monero, introduced a
hybrid digital currency prediction system that leveraged
Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) techniques. Additionally, in a study conducted by
Huang et al. [38] a comprehensive range of high-dimensional
technical indicators was harnessed for forecasting Bit-
coin’s daily returns, employing tree-based prediction models
over the period from January 2012 to December 2017.
In their research, Chen et al. explored a range of machine
learning methods to forecast changes in Bitcoin prices.
Surprisingly, their findings revealed that relatively straight-
forward techniques, like logistic regression, outperformed
more intricate algorithms, including Recurrent Neural Net-
works (RNNs). When data was collected between February
2017 and February 2019, classification methods were used to
determine price direction. However, the presence of an imbal-
anced training dataset could introduce a challenging learning
environment, potentially leading to erroneous conclusions.
Unbalanced training sets have the potential to misguide clas-
sifiers, particularly in the context of volatile financial time
series, where they might consistently predict the majority
class.

Pang et al. [39] adopted Support Vector Regression (SVR)
for the prediction of digital currency price fluctuations.
More recently, several studies have embraced deep learning
models for price estimation, given their demonstrated supe-
riority over shallow learning approaches [40]. For instance,
Altan et al. [41] employed an LSTM neural network to unveil
previously undiscovered non-linear features within the Bit-
coin price time series. Although predicting stock prices is a
crucial step toward optimizing portfolios and risk hedging,
only a limited number of studies have focused on this

topic, especially for the cryptocurrency market. For instance,
Nakamoto and Takahashi used a set of technical indicators as
inputs to a seven-layer deep learning architecture for predict-
ing the future price trend of Bitcoin [42].

Efstathios Polyzos suggests using social media as a proxy
for financial data. Analyzing a vast dataset of 53,580,759
tweets, the study employs text analysis tools to determine
daily exchanged information. Machine-learning classifiers
are trained to forecast price movements for over 8000 cryp-
tocurrencies, assessing market efficiency. Results indicate
higher efficiency during the first 6 months after the Initial
Coin Offering, with individual currency efficiency behav-
ior examined during crisis periods [43]. In another work,
a deep learning-based system was proposed for predicting
the price fluctuation and transactions of Bitcoin based on
the opinions and sentiments of users obtained from online
forums [44].
Zhongbao Zhou and Zhengyang used historical trading

data, daily Google Trends, and sentiment indicators to fore-
cast cryptocurrency price movements using Support Vector
Machine (SVM). They then proposed a portfolio optimiza-
tion model by considering the forecasting information and
the global minimum variance model and derived the corre-
sponding portfolio strategy. Finally, they compared the out-
of-sample performance of the proposed method with classic
portfolio strategies and the Cryptocurrency Index. The results
showed that the proposed multi-source data could effectively
help forecast cryptocurrency price movements. The proposed
portfolio strategy outperforms traditional strategies regarding
the out-of-sample Sharpe ratio, Sortino ratio, and certainty
equivalent return. The above conclusions were well-verified
in robustness tests [45].

Azeez A. Oyedele and Anuoluwapo O. Ajayi conducted
a study comparing genetic algorithm-tuned Deep Learning
(DL) models. They boosted tree-based techniques for pre-
dicting the closing prices of multiple cryptocurrencies. The
DL models evaluated were Convolutional Neural Networks
(CNN), Deep Forward Neural Networks, and Gated Recur-
rent Units. The study utilized six cryptocurrency datasets
from various sources and assessed the performance using
relevant metrics. The findings highlight CNN’s reliability
with limited training data and its ability to generalize well in
predicting daily closing prices of different cryptocurrencies.
The results offer valuable insights for practitioners, aiding
their understanding of crypto market challenges and provid-
ing practical risk mitigation strategies [46].

Table 1 presents studies conducted on the ranking of cryp-
tocurrencies. However, these rankings have weaknesses as
some studies only consider financial criteria, while others
focus solely on technology or risk assessment criteria. More-
over, some studies only rely on the information gathered
from questionnaires without utilizing actual market data such
as market value, trading volume, and other relevant factors.
Thus, this study aims to propose a model that considers all
these criteria for a more comprehensive and accurate ranking
of cryptocurrencies.
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TABLE 1. Literature review.

Another limitation of the existing studies is their retro-
spective nature, as they must provide a model for predicting
future rankings. Therefore, this study aims to overcome these
limitations by proposing a model that incorporates various
criteria and considers past and future perspectives. By doing
so, this study seeks to provide a more holistic and practical
approach to ranking cryptocurrencies that can be useful for
investors and market analysts.

III. PROPOSED METHOD
The four main components of multi-criteria decision-
making are alternatives, criteria, determination of criteria
weights, and Methods for evaluating options based on cri-
teria. The structure of our proposed model is presented in
figure 1.

Based on the proposed structure, this section consists of
four sub-sections: determining alternatives, identifying crite-
ria, ranking alternatives using the PROMETHEEmethod, and
finally, predicting ranking using deep learning.

A. ALTERNATIVES DETERMINATION
With technological advancement, digital currencies are rec-
ognized as an alternative to traditional investment methods.

The popularity of this class of assets is increasing due to
features such as their international nature, 24-hour trading
capability, low transaction costs, and the impossibility of
manipulating their transactions. The global nature of cryp-
tocurrency has attracted the attention of many investors from
countries. Our proposed model uses the data of the 10 most
popular cryptocurrencies.

B. DETERMINING CRITERIA
Based on previous studies, ten influential criteria have been
considered for determining the decision-making factors for
investors in investment. In the following, we will explain
these criteria.

1) TECHNOLOGY
Basic technology and applicability, and creativity are indi-
cators of technology. These indicators are quantified by
the expert scoring method. Since CCID has established a
technology assessment index for blockchains, this paper
will reference its scoring results for these criteria. The
basic technology mainly examines the realization function,
basic performance, safety, and degree of centralization of
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FIGURE 1. Flowchart for our proposed methods.

blockchain. The applicability focuses on the application
scenarios, the number of wallets, the ease of use, and the
development support on the chain.

2) TPS
In cryptocurrency, TPS refers to the maximum number of
transactions that a blockchain can handle in one second. It is

used to measure the speed and scalability of a network. Cen-
tralized systems like PayPal and Visa typically have higher
TPS than most decentralized networks. PayPal has a TPS of
193, while Visa has a TPS of 1700. On the other hand, Bitcoin
has a TPS of 7. To calculate the TPS of a blockchain, you need
three pieces of data: the block time, block size, and average
transaction size.
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3) GITHUB
Forks and commits and stars are our reviewed indicators on
GtHub. One of the main technical features of a blockchain
is the need for multi-party participation and collaboration.
Due to the open-source and transparent nature of blockchains,
participants quickly recognize and trust them. Additionally,
GitHub allows for the rapid collection of talented individ-
uals for continuous progress. Forks indicate the number
of people familiar with or wishing to participate in the
blockchain. Commits on GitHub show the improvement of
the blockchain. And stars on GitHub indicate the number of
developers who like blockchain.

4) TWITTER
Twitter is one of the most famous online news services
and social networks. Blockchain projects often have Twitter
accounts to share the news with the public. The followers of
these accounts for a public blockchain are individuals who
recognize and value the importance of public blockchains.
With the decentralized nature of blockchains, Twitter can
also serve as a platform for community engagement and
discussion among blockchain enthusiasts. Additionally, the
transparency of Twitter and the traceability of information
on the blockchain can increase accountability and trust in the
blockchain ecosystem. Overall, Twitter can play a vital role
in the success and growth of blockchain projects.

5) HASHTAGS
Hashtags are an essential tool for the crypto community on
Twitter. They allow users to stay informed about the latest
news and trends, increase visibility for their content and busi-
nesses, and promote events and initiatives. By using relevant
hashtags in their tweets, individuals and companies in the
crypto space can reach a wider audience and attract new
followers. Hashtags also help build community and connect
with other users with a common interest in cryptocurrencies.
Overall, hashtags play a crucial role in facilitating conversa-
tions and engagement in the dynamic and constantly evolving
crypto industry on Twitter.

6) VOLUME
The volume of exchange of cryptocurrencies refers to the
total amount of cryptocurrencies bought and sold on a given
exchange platform over a specific period. This volume is a
critical metric for investors as it provides insight into the
cryptocurrency’s liquidity level and its demand in the market.

A higher trading volume can indicate a higher level of inter-
est and demand for the cryptocurrency, which can result in
a bullish trend and potentially increase the cryptocurrency’s
value. Conversely, a lower trading volume can indicate a
lower direction and a bearish trend, decreasing the cryptocur-
rency’s value. Investors often use trading volume data to
make informed investment decisions. Higher trading volume
typically provides more liquidity and can result in faster
and easier transactions, making it a more attractive option

for investors. However, investors should also be mindful of
the potential risks of high-volume trading, such as increased
volatility and possible pricemanipulation. As such, a compre-
hensive analysis of various metrics is essential when making
investment decisions in the cryptocurrency market.

7) HIGH AND LOW PRICES
The difference between the high and low prices of a cryp-
tocurrency can significantly affect the decisions of investors.
A significant difference between the two prices indicates
high volatility, which can attract some investors seeking high-
risk, high-reward opportunities. However, it can also make
the cryptocurrency unpredictable and unstable, leading to
hesitation or caution among other investors. Additionally,
a significant difference between the high and low prices may
indicate a need for more liquidity in the market, making it
difficult for investors to enter or exit positions at desirable
prices. Therefore, investors must carefully consider the price
difference of a cryptocurrency before making any investment
decisions.

According to the explanations given, the ranking criteria
are listed in Table 2, which are summarized in 10 metrics:
Technology, TPS, market cap, Forks on Github, sentiment
score of Twitter data, stars on Github, followers on Github,
hashtags on Twitter, volume, and the difference between high
and low prices. These 10 metrics are the criteria derived
from studies and are influential factors in an investor’s
decision-making on investment in the cryptocurrency market.
In determining these criteria, various aspects that impact
investment decision-making have been considered, and it is
not limited to just one aspect.

C. DEMATEL METHOD
The DEMATEL (Decision Making Trial and Evaluation
Laboratory) method analyzes cause-and-effect relationships
among factors impacting a problem. It quantifies the
strength of influence between objects using a normalized
direct-influence matrix (B), which is then used to compute
the total influence matrix (T). From T, importance (t+) and
relation (t−) indicators are derived, facilitating criteria weight
determination:

B =
[
0b1,2. . .b1,nb2,10 . . .b2,n. . . . . . . . . . . .bn,1bn.2. . . 0

]
(1)

B̂ =
1

max(
∑n

j=1 bij)
B (2)

T = B̂(I−B̂)
−1

(3)

t+i =

∑n

j=1
tij +

∑n

j=1
tji (4)

t−i =

∑n

j=1
tij −

∑n

j=1
tji (5)

wi = (
(
t+i

)2
+

(
t−i

)2
)
0.5

(6)

Wi =
wi∑n
i wi

(7)
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TABLE 2. Explanation of criterion.

where Wi represents the ultimate criteria weights that will be
utilized in the decision-making process.

D. VADAR
VADER is a rule-based sentiment analysis tool for social
media. It employs a sentiment intensity analyzer and polarity
scores to categorize tweets as positive, negative, or neutral
based on compound values. Typical threshold values used in
this study are Refer to:

positive sentiment: compound value > 0.001,
neutral sentiment: (compound value > −0.001) and (com-

pound value < 0.001),
Negative sentiment: compound value < −0.001,

E. PROMETHEE METHOD
The PROMETHEE method relies on pairwise comparisons
between alternatives to generate the Preference Global Index
(PGI), representing alternative performance relative to oth-
ers. It involves defining preference functions for criteria

evaluation, establishing preference and indifference thresh-
olds, normalizing alternative performance, and determining
criteria weights to compute PGI using formulas like.

ϕ+
=

1
n − 1

∑n

xϵA
π (a, x) (8)

ϕ−
=

1
n − 1

∑n

xϵA
π (x, a) (9)

ϕ (a) = ϕ+ (a) − ϕ− (a) (10)

F. LONG-SHORT-TERM MEMORY DEEP LEARNING
NEURAL NETWORKS
As discussed in [36] and [37], LSTM neural networks
offer a substantial enhancement over the conventional recur-
rent neural network (RNN) topology in terms of non-linear
modeling and, notably, forecasting. Deep learning LSTM
neural network systems excel in retaining adjacent tempo-
ral information while effectively managing long-term (LT)
data. In simpler terms, LSTM can retain past data, greatly
enhancing its capacity to grasp signal sequences and innate
non-linear patterns.

The primary innovation in LSTM is the introduction of a
‘‘controlling gate.’’ In this context, the LSTM memory cell
can selectively retain or discard specific cell states, depending
on the input conditions. Three essential gates govern the
behavior of the cell: the input gate, the forget gate, and the
output gate.

The input gate determines how much of the current infor-
mation should be incorporated as input to compute the current
state.

The forget gate decides how much information from the
previous state should be retained or forgotten.

The output gate filters and selects the information deemed
most relevant, ultimately producing the output – which, in our
context, typically represents a forecast.

This sophisticated gating mechanism empowers LSTM to
effectively manage and manipulate information flow, making
it a potent tool for modeling and predicting sequences and
patterns. Let’s denote the input to all cells as xt and the
previous time-step output as ht−1 Then, the forget gate ft
computes the input for the cell state ct−1 using a sigmoid
function, given by:

ft = σ
(
Wf [ht−1, xt ] + bf

)
(11)

The input gate it calculates the values to be updated to ct As
follows:

it = σ
(
Wf [ht−1, xt ] + bi

)
(12)

Following that, the output gate, denoted as ot , regulates the
output values:

ot = σ
(
Wf [ht−1, xt ] + bo

)
(13)

Ultimately, the output value of the LSTM memory cell is
determined as follows:

ht = ot ⊙ Ct (14)
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where,

Ct = fi ⊙ Ct−1 ⊕ it ⊙ Ct−1 (15)

the C t−1 This output is represented by the result of the
non-linear hyperbolic tangent (tanh) function. In our paper,
we employ historical sequences as inputs to the LSTM to
uncover concealed information, with the predicted digital
currency price serving as the desired output.

The application of the tanh function within the deep learn-
ing LSTM architecture transforms the raw (input) vector into
the range of [−1,1]. Given the limited number of available
sample observations, this scaling is particularly advanta-
geous for accommodating deep learning LSTM networks.
We allocate the majority for training purposes and reserve
the remaining 10%, which represents the most recent data,
for testing and out-of-sample forecasting.

To assess the forecasting performance, we employ the
mean squared error (RMSE) metric, a widely used measure
in the fields of signal processing and prediction. The RMSE
is calculated as follows:

RMSE =

√
N−1

∑N

i=1
(xi − x̂i)

2 (16)

G. WEIGHTED SPEARMAN’S RANK
CORRELATION COEFFICIENT
The calculation of the distance between two ranks in
Spearman’s coefficient is typically represented as D2

i =

(Ri − Qi)
2, which does not consider the relative importance

of ranks. Another formula, (Ri−QiRi
)
2
, is also used but has

several drawbacks. First, it does not produce the expected
inverted ranking. Qi = n − Ri + 1, that yields the largest
distance from R. Second, this function is asymmetric, mean-
ing that the distance between series R and series Q can be
different from the distance between Q and R. In this context,
an alternative distance measure is proposed:

W 2
i = (Ri − Qi)2 ((n− Ri + 1) + (n− Qi + 1))

= D2
i ((n− Ri + 1) + (n− Qi + 1)) (17)

The first term of this product,D2
i , mirrors Spearman’smethod

by quantifying the distance between Ri and Qi. The second
term goes beyond, accounting for not only the significance
of Ri but also the significance of Qi.
An expression of the form A+B

∑n
i W

2
i , which typically

falls within the range of [−1, 1], adheres to the convention
for correlation coefficients. It assumes the value of −1 when
the rankings are completely inverted and 1 when they are
identical. This expression characterizes the weighted rank
measure of correlation, taking into account the maximum
value of the weighted distance between two rankings.

rw = 1 −
6

∑N
i=1 (xi − yi)2 ((N − xi + 1) + (N − yi + 1))

N 4 + N 3 − N 2 − N
(18)

In this study, we first determine the decision-making criteria,
and then, as shown in Fig.1, after identifying the decision

TABLE 3. Datasets.

options, we gather data for the decision-making criteria. For
some, we can use data available on websites, such as market
cap, while for others, we gather the data ourselves. To obtain
the sentiment score, we scrape Twitter data and analyze it.
For the number of hashtags, we use a script to monitor the
number of hashtags per day. After obtaining the data, we seek
the help of experts to determine the weights of the data, and
we convert this data into weights for each criterion using the
DEMATEL method. For ranking, we use the PROMETHEE
method and follow the steps outlined in Fig.1. Then, to predict
the rankings in the future, we forecast the predictable criteria
using the LSTM method for different time intervals and
obtain the rankings for these intervals.

IV. DATA AND RESULT
A. DATA
In this study, we assessed ten criteria to rank cryptocurren-
cies: Technology, TPS (Transactions Per Second), Market
Capitalization, GitHub activity (including forks and stars),
Twitter engagement (followers and hashtags), trading vol-
ume, sentiment score, and price volatility (represented by the
difference between high and low prices).

The datasets utilized in this study are depicted and sum-
marized in Table 3, demonstrating their relevance to each
segment of the study. Detailed explanations for each dataset
are provided within their respective sections. Here, we pro-
vide a concise overview of these datasets in Table 3.
The hybrid dataset utilized in this study combines histori-

cal cryptocurrency price and volume data with Twitter-related
metrics, including daily hashtag counts and tweet data. This
integrated dataset provides a comprehensive view of cryp-
tocurrencymarket activity and sentiment, allowing for a more
thorough analysis and ranking of cryptocurrencies based on
various criteria.

B. EXPERIMENTS
Data collection from Twitter was automated using Python
and Selenium, focusing on tweets mentioning or related to
cryptocurrencies. A sample tweet is provided in Figure 2,
showcasing the type of data analyzed. However, to ensure
data cleanliness, we implemented preprocessing steps such
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TABLE 4. Weights for ten criteria.

FIGURE 2. Sample of a tweet.

TABLE 5. Sample tweets for Cardano.

as removing links, mentions, emojis, single-letter mistakes,
and hashtags from the tweets.

Table 5 is an example of Cardano cryptocurrency tweets.
The above tweet is transformed into the following tweet:

Holiday madness has begun.
Join discord for more info

luckylions CNFTogether CNFT CNFTCommunity ADA
Cardano

Sentiment analysis was conducted using the VADER tool,
categorizing tweets as positive, negative, or neutral based
on compound scores. This sentiment analysis, as shown in
Table 6, provided valuable insights into the community’s
opinions and sentiments regarding various cryptocurrencies.
To obtain the sentiment score for each cryptocurrency, we use
the following formula:

Sentiment Score =
P − N
P + N

(19)

Technology-related insights were obtained from CCID
ranking points, evaluating blockchain projects based on crite-
ria such as scalability, security, and innovation. Additionally,
transaction rate data was sourced from reputable websites,
and market capitalization data from investing.com.

We have got the transaction rate on reputable websites
for each cryptocurrency. We have used data from invest-
ing.com to obtain market capitalization, and we have referred
to the page of each cryptocurrency on GitHub for informa-
tion. As explained in detail in the previous section, we have
used sentiment analysis to obtain sentiment analysis. Finally,
we monitored the number of hashtags per hour for one week
using a Python script to get information related to hashtags
per day. Using the PROMETHEE method, we ranked cryp-
tocurrencies based on the explained criteria and their scores.
For instance, Table 7 presents the ranking for 2018, show-
casing the relative positions of cryptocurrencies like Bitcoin,
Ethereum, and XRP. To evaluate the accuracy of our model,
we compared its rankings to those from a previous study by
Huimin Tong. This comparison, presented in Table 8, demon-
strated the superiority of our proposed model in predicting
price changes in cryptocurrencies.

Based on Table 8, as we can see, the proposed model has
shown a higher similarity in terms of ranking based on price
percentage changes in cryptocurrencies. Therefore, it can be
said that the proposed model has performed better. Then we
have done the ranking based on the data of 2023, the results
of which are given in Table 8.
In this study, we have access to historical data for four

criteria that can be considered predictable. These criteria
are crossings, which refer to specific events or conditions
that can be measured or observed. While the characteristics
of these crossings may have changed over time, we do not
have access to the data that would allow us to predict their
future occurrence or quantity. Furthermore, leveraging the
LSTMmethod, we generated predictions for key criteria such
as market capitalization, trading volume, and hashtags over
different time intervals (5 days, 10 days, and 20 days). These
predictions, organized in Tables 9 and 10, facilitated the
ranking of cryptocurrencies over various time horizons. Han-
dling NaN data involves removing any rows or columns from
the dataset that contain missing values (NaN). In our case,
because there were only one or two NaN values in three of
the datasets, we opted to drop them entirely from the dataset.
This ensures that the dataset remains clean and accurate
for analysis without significantly affecting the overall data
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TABLE 6. Sample tweet and sentiment analysis result for Bitcoin.

TABLE 7. Ranking for 2018.

TABLE 8. Similarity of ranking.

integrity. In addition, it’s important to note that 80 percent of
the data was used for training the model, while the remaining
20 percent was reserved for testing purposes. The predictions
are structured over three distinct intervals: 5 days, 10 days,

TABLE 9. Ranking for 2023.

FIGURE 3. Bitcoin close price model.

and 20 days. This information is meticulously organized and
presented in Table 9 and Table 10. Using the predicted data
in Table 9, the ranking is determined using the same method
that has been fully explained for the next 5, 10, and 20 days.
There is no difference in the method except that the predicted
data is placed in the position of the previous data.

Figure 3 to Figure 41 serve as visual representations
showcasing the performance of LSTM models in fitting his-
torical data alongside their division into training and testing
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FIGURE 4. ADA close price model.

FIGURE 5. ETH close price model.

FIGURE 6. XRP close price model.

FIGURE 7. EOS close price model.

datasets. These figures are instrumental in illustrating the
accuracy and predictive capabilities of LSTM models across

FIGURE 8. BTS close price model.

FIGURE 9. NEO close price model.

FIGURE 10. QTUM close price model.

various criteria, including market capitalization, HL (High-
Low prices), volume, and the number of hashtags associated
with specific assets or entities within the dataset.

Through the detailed analysis presented in Figure 3 to
Figure 41, we thoroughly understand the LSTM model’s
capabilities in fitting historical data, segmenting it into train-
ing and testing sets, and predicting future trends across
specified intervals. This visual journey not only underscores
the model’s accuracy and adaptability but also reinforces its
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FIGURE 11. KMD close price model.

FIGURE 12. NAS close price model.

FIGURE 13. BTC high price model.

potential as a tool for data-driven decision-making in various
domains, including finance and social media analytics.

Finally, Table 11 provides performancemetrics for our pre-
dictive model, including R-squared values and RMSE (Root
Mean Square Error) for cryptocurrencies like Bitcoin, Ripple,
and Ethereum. These metrics offer insights into the model’s
accuracy in predicting cryptocurrency prices and volume.

R^2 (R-squared): This metric indicates the proportion of
the variance in the dependent variable (cryptocurrency price)
that is predictable from the independent variables in the

FIGURE 14. ADA high price model.

FIGURE 15. ETH high price model.

FIGURE 16. EOS high price model.

FIGURE 17. XRP high price model.

model. Higher values of R-squared indicate a better fit of the
model to the data. For instance, BTC has an R-squared value
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FIGURE 18. BTS high price model.

FIGURE 19. QTUM high price model.

FIGURE 20. KMD high price model.

FIGURE 21. NEO high price model.

of approximately 0.98, indicating that the model explains
about 98% of the variance in Bitcoin’s price.

RMSE (Root Mean Square Error): This metric measures
the average magnitude of the errors between the predicted

FIGURE 22. NAS high price model.

FIGURE 23. ADA low price model.

FIGURE 24. BTC low price model.

FIGURE 25. BTS low price model.

values and the actual values. Lower values of RMSE indicate
better model accuracy. For example, BTC has an RMSE of
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FIGURE 26. EOS low price model.

FIGURE 27. ETH low price model.

FIGURE 28. KMD low price model.

FIGURE 29. NEO low price model.

approximately 284, suggesting that, on average, the model’s
predictions for Bitcoin’s price are off by about $284.

FIGURE 30. QTUM low price model.

FIGURE 31. XRP low price model.

FIGURE 32. BTC volume model.

FIGURE 33. XRP volume model.

The R^2 and RMSE values for each cryptocurrency and
each price metric (Close price, High price, Low price, and
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FIGURE 34. QTUM volume model.

FIGURE 35. NEO volume model.

FIGURE 36. NAS volume model.

FIGURE 37. ETH volume model.

Volume) are provided in the table. These metrics allow for
evaluating the model’s performance in predicting cryptocur-
rency prices and volume.

FIGURE 38. EOS volume model.

FIGURE 39. ADA volume model.

FIGURE 40. BTS volume model.

FIGURE 41. KMD volume model.

Overall, cryptocurrencies such as BTC, XRP, and ETH
exhibit relatively high R-squared values and low RMSE
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TABLE 10. The predicted amount for marketcap and volume(24h).

TABLE 11. The predicted errors.

values, indicating that the model performs well in predicting
their prices. However, cryptocurrencies like EOS, KMD, and
BTS show slightly lower R-squared values and higher RMSE
values, suggesting that the model may have more difficulty
accurately predicting their prices. In Table 13, we showcase
the ranking changes of cryptocurrencies over the past 5,
10, and 20 days. Notably, Bitcoin and Ethereum maintained
their top positions, while other cryptocurrencies experienced
fluctuating rankings based on various factors such as market
capitalization, trading volume, and technology score.

The rankings also highlight the importance of market
capitalization and trading volume in determining a cryp-
tocurrency’s position. Factors such as technology score, TPS,
GitHub activity, and Twitter hashtags are crucial in determin-
ing a cryptocurrency’s ranking.

EOS initially ranked third due to its high technology
score, TPS, and Twitter hashtags, has dropped to fourth.
Despite initially having a higher market capitalization

than EOS, these factors were insufficient to maintain its
ranking.

XRP, on the other hand, has experienced a significant surge
in value over the past 20 days. This increase can be attributed
to its rising trading volume and market capitalization.

It is noteworthy that while EOS had a higher technology
score, it was not enough to maintain its ranking due to
these factors’ limitations. Similarly, market capitalization and
trading volume play crucial roles in determining a cryptocur-
rency’s ranking.

ADA maintained its position at rank 6 until the 10th day,
but on the 20th day, despite an increase in four predicted
criteria, this cryptocurrency was unable to keep up with BTS
and ended up in 7th place.

Neo’s increase in hashtags has helped to compensate for its
lack of market cap. However, this cryptocurrency has scored
high in some criteria, such as technology and TPS.
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TABLE 12. The predicted amount for HL and hashtag in day.

TABLE 13. Ranking for 5, 10 and 20 days.

The number of hashtags and trading volume had the poten-
tial to push BTS higher than QTUM, but in the past 5 days,
this trend did not continue and caused its downfall. However,
in the next 20 days, BTS managed to surpass not only QTUM
but also ADA, reaching a higher position in terms of market
cap, hashtags, and trading volume. Overall, the table provides
insight into the dynamic nature of the cryptocurrency market
and highlights the importance of various factors in determin-
ing the ranking of cryptocurrencies.

This study comprehensively analyzes cryptocurrency rank-
ing, considering multiple criteria such as technology, mar-
ket capitalization, social media engagement, and sentiment
analysis. By integrating various datasets and employing
robust methodologies, including sentiment analysis using the
VADER tool and LSTM models for prediction, the study
offers valuable insights into the dynamic nature of the cryp-
tocurrency market. However, it’s important to acknowledge
limitations such as data accuracy and subjectivity in senti-
ment analysis and rigorously evaluate model performance.

The findings of the study have implications for investors,
cryptocurrency projects, and stakeholders in the market.

Investors can use the insights to inform their investment
strategies, adjusting their approaches based on factors influ-
encing cryptocurrency value. Cryptocurrency projects can
gain valuable market insights to guide their development
and marketing strategies, while stakeholders can leverage the
findings for risk management purposes, identifying and mit-
igating risks associated with market volatility and sentiment
fluctuations.

V. CONCLUSION
This paper introduced a novel model to evaluate and rank
cryptocurrencies based on ten criteria. We employed a rigor-
ous methodology, utilizing the DEMATEL method for index
weighting and the PROMETHEE method for ranking cryp-
tocurrencies. Criterion weights were determined through a
consultative process with industry experts, and impact inten-
sity among indices was mitigated.

Furthermore, we utilized the PROMETHEE method not
only to present current rankings but also to project future
rankings based on historical data for four indices. Despite
limitations stemming from a paucity of historical data for

83040 VOLUME 12, 2024



A. Mohagheghzadeh et al.: Novel Dynamic Model for Ranking Cryptocurrencies

certain criteria and uncertainties regarding achieving targets
for others, such as GitHub stars and transactions per second,
we supplemented our approach with the Long Short-Term
Memory (LSTM) model. This allowed us to furnish rankings
for intervals spanning 5 days, 10 days, and 20 days.

Through comparative analysis with an extant model rank-
ing ten cryptocurrencies using 2018 data, we demonstrated
the superior performance of our proposed model in terms
of percentage increases in cryptocurrency prices. While
we acknowledge limitations, including the exclusion of
variables such as government policies, influential individ-
uals, and advertising impact, we maintain methodological
rigor.

Moving forward, we advocate for the consideration
of these influential factors in future research endeavors.
By refining our model to incorporate government policies,
influential individuals, and advertising impact, we aim to
enhance its comprehensiveness and accuracy. This study lays
a promising groundwork for future investigations in this bur-
geoning field.

In summary, our proposed model offers a systematic
approach to cryptocurrency ranking, providing potential
benefits to investors in making informed decisions. By metic-
ulously weighing diverse indices and incorporating historical
data, our model furnishes a holistic perspective on cryptocur-
rency performance. It’s crucial for scholars and practitioners
to recognize the dynamic and mutable nature of the cryp-
tocurrency market, understanding that any ranking model
is inherently subject to limitations and challenges. Never-
theless, this study paves the way for further research and
advancements in this evolving field.

In deploying our cryptocurrency ranking method, we rec-
ognize the potential ethical implications inherent in influ-
encing market sentiment and investor behavior. While our
model aims to provide transparency and objectivity, it’s
essential to acknowledge the responsibility of researchers
and practitioners in the cryptocurrency space. Cryptocur-
rency investments involve financial risks, and our ranking
system, while designed to aid decision-making, should be
used cautiously and in conjunction with other sources of
information. Moreover, as the market is susceptible to manip-
ulation and volatility, there’s a need for ethical considerations
regarding the dissemination of rankings and their potential
impact on market dynamics. We advocate for responsible
use of our model, transparency in research practices, and
ongoing dialogue within the cryptocurrency community to
address ethical concerns and promote integrity in investment
decisions.
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