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Abstract
Forecasting y market trends remains a significant challenge due
to its fundame differences from traditional currencies. This complexity
arises from the Ninterplay between conventional financial indicators,
advancements in inf@rmation technology, and government macroeconomic
policies influenci rket acceptance. This study introduces a novel decision
support framework that, rather than analyzing individual cryptocurrencies,
focuses on the overall acceptance of the cryptocurrency market. The proposed
approach enables a more precise and realistic assessment of market trends,
facilitating the generation of buy and sell guidance tables for any specified
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time interval. To achieve this, maximum likelihood estimation and Bayesian
belief networks are employed, allowing for a comparative analysis of these
methodologies. Additionally, a high-edge-strength Bayesian belief network is
constructed from the generated networks to enhance prudent trading
decisions. The method is validated using 1155 weekly and 484 daily time
points across 21 cryptocurrencies with the highest market capitalization,
covering two periods: the last quarter of 2024 and March—May 2025. The
findings demonstrate that the proposed framework, with its high precision,
accuracy, recall, and model robustness, supports buy and sell decisions with
an average accuracy of at least 78% on a daily b nd 64.5% on a weekly
basis. This approach offers a valuable tool for navigating the dynamic and
uncertain nature of the cryptocurrency market.

1. Introduction
Centralized banking systems are governed horities, such
as central banks, which manage mone i
financial regulation to stabilize curren
decentralized financial systems, pr
via distributed networks
using blockchain tech

due to the absence of .

The complexity an&
decision-making in the
challenges Tra

ocurrencies, operate
e by multiple entities
s exhibit higher volatility
arket sentiment influence.

nd fundamental analyses, based on
ntional currencies, are insufficient for
these ne 0 address this, we propose using
conventional i
networks,

Our approach inv@lves creating a joint probability distribution function
to consider variable interdependencies, providing a comprehensive
analysis by sim eously evaluating multiple variables. Integrating
this function into predictive models improves accuracy by accounting
for market factor interactions. We compare the efficacy of maximum
likelihood estimation and Bayesian belief networks in terms of
accuracy, precision, recall, and robustness. Additionally, we present a
method for generating a buying guide table to support cryptocurrency
trading using conditional probabilities. This approach offers significant
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utility in adapting to the uncertainties of a decentralized economy while
reducing reliance on traditional methods.

Research Question(s)

How effectively does maximum likelihood estimation predict the
buying and selling prices of cryptocurrencies?

How effectively does Bayesian belief network estimation predict the
buying and selling prices of cryptocurrencies’J

What is the optimal structure of a Bayesian belie

Bayesian belief network provides superior predicti
cryptocurrency prices?

Can a decision support guide table be develope#\to asSist
cryptocurrency market pagticipants ing igfermed buying and
selling decisions?

Q

2. Literature Revie\\‘

ndamental technique for developing accurate
models. Maximum likelihood estimation is

Networks

works, on the other hand, are based on strong
mathematics and are a reliable tool for modeling and probabilistic
reasoning, and they work by taking advantage of the following
advantages.
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2.2.1. Comparing Bayesian Belief Networks and Maximum
Likelihood Estimation

Both are vital tools in statistics and machine learning, but they differ
significantly in their applications and properties. Bayesian belief
networks are probabilistic graphical models that represent conditional
relationships between variables through directed acyclic graphs. These
networks are very useful for reasoning under uncertainty and predicting
and understanding probabilistic relationshipgs between variables,
especially in domains where causal relatioJips are important. In
contrast, maximum likelihood estimation is a erful method for
estimating the parameters of statistical models.

3. Methodology
Maximum likelihood estimation with a_simple str of random
variables can be performed analytically ( ig ard models) or
numerically (for more complex mo . The logalikelihood function is
implement this step,
we employed the NaivgyBa i n model. Conversely, the

random variables) “an
dependencies), ggenerate

edges (indicating conditional
h structural training based on
: node has a conditional probability
table det parent nodes. Bayesian belief networks
utilize algo lief propagation to compute the posterior
probabiliti based on observed evidence.

4. Results
Following structural training, the joint probability distribution
function Fd is generated as per Equation 1, where Pd denotes the
probability symbol. Subsequently, using parametric training and the
Bayesian tree classification algorithm, we construct the Bayesian belief
network illustrated in Figure 1.
F4(P,0,C,L,H,V) (@)
= P4(P) x Pq(H|P, C) X P4(0O[P)
X P4(C|0, P) x P4(V|C,P) x P4(L|C, P)
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Figure 1

Bayesian belief network after structural and parametric training for daily
data

3
buy 0548

sell 0452

A_ 0282 A 0359 A 0336
B 0364 B 0372 B 0277
C 0354 Ccl 0269 C 0387

We tested the method in terms of accuraty yseciSighl) and recall with
the remaining 20% of the data. To examine the rgbustness of the model,

the above operation was repgated fo omly) and the results

are shown in Table 1.

Table 1 \‘

Four iterations for daily data to cReck the precision, accuracy, recall, and
rk.

robustness of thelBayesi
Iteratio precision Recall
First 0.7313 0.8587
Second 0.6986 0.8793
Third . 0.8654 0.7031
Fourth 0.7527 0.7142 0.8333
5. Discussion

In this study, it was shown that Bayesian belief networks outperformed
the maximum likelihood estimation-based classification method in
terms of precision, accuracy, recall, robustness, and ROC and AUC
metrics. In addition, Bayesian belief networks offer another advantage
over maximum likelihood estimation due to their ability to model and
represent the relationships between nodes (random variables).
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This study adopts an innovative approach, instead of focusing on the
analysis of a specific cryptocurrency, to examine the entire
cryptocurrency market as a subject. This comprehensive approach
allows for a more accurate and in-depth analysis of market dynamics
and helps researchers and decision makers gain a more reliable
understanding of macro-market changes and trends. It should be noted
that in previous studies, this issue has been mainly investigated by using
media news and entering them as independent random variables, a
method that is not consistent with the basic prifiéfples of Bayesian belief
networks, especially in the context of the conditiomof independence of

variables.

In addition, this research facilitates t n-making
process by providing a method for generating a tive and de-
numerical table. This method is designe on-makers to
make better decisions. In other words, this re p¥only contributes

e field of decision-
le tools to facilitate

to the enrichment of the scientific i
making, but also provides
decision-making under Uncertaj
belief network with ng
with high reliability.

suggestion
in Equation 5,

esearch, the Bayesian belief network introduced
ich has high-confidence edges, can be used as the
initial belief of thel@ommunity under consideration. The outputs of this
network can be usgdias the initial conditions for the agents in an agent-
based simulation. In particular, the authors propose to exploit the agent-
based method of opinion dynamics in the continuous mode.

Keywords: conditional probabilities, crypt currency, maximum
likelihood estimation, Bayesian belief network, decision support
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