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The financial industry underwent a major change after Bitcoin creation
together with other cryptocurrencies established Bitcoin as the dominant
digital asset. The price fluctuations of Bitcoin affected by market demand and
technological changes alongside regulatory factors and overall economic
conditions together with social media buzz create both profitable and
dangerous prospects for financial investors. Multiple social media sites
including Twitter and Reddit together with Facebook serve as leading
indicators for Bitcoin price movements. This study analyzes Bitcoin price
movements in relationship to social media opinion through the application of
machine learning (ML) and deep learning (DL) models to boost forecasting
precision. The Long Short-Term Memory (LSTM) network serves as the main
predictive model to forecast Bitcoin's price through the combination of
historical price information with sentiment data obtained from social media
postings. The LSTM network excelled over Random Forest, XGBoost, and RNN
because it produced MAE 0.001562 together with MSE 0.000147 and RMSE
0.012119 and R2 0.992604 score. Random Forest exhibited MAE of 7.07822
alongside Rz of 0.999999 but XGBoost delivered an MAE of 0.00063 together
with R2 of 0.99983. The research demonstrates how sentiment analysis can
function as a powerful tool for predicting cryptocurrency market price changes
thus delivering important market intelligence to traders and investors.
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1. INTRODUCTION frequently produces extreme market fluctuations. Since
its introduction in 2009 Bitcoin secured broad market
adoption as a different investment asset through interest

from institutional investors as well as individuals. Bitcoin

The financial industry experienced substantial changes
when Bitcoin along with other cryptocurrencies became

revolutionary financial instruments during recent years.
The first decentralized cryptocurrency Bitcoin entered
the market through under an anonymous persona in 2009.
The system functions through a peer-to-peer network that
makes use of blockchain technology for secure
transparent decentralized operations (Ducrée, 2022). As
Bitcoin depends on no government or central bank
support it creates an unprecedented market structure that
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functions as a digital asset that obtains global recognition
by investors who perceive it as digital gold because of its
potential to act as a value store (Kayani & Hasan, 2024).
Although Bitcoin has established itself as a major market
force while expanding its adoption level it continues to
experience wide price swings during brief time periods.
The market's instability provides simultaneous
advantages and disadvantages to trading professionals
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and financial analysts as well as investors ( Di Casola et
al., 2019). Investors need to recognize fundamental
variables that affect Bitcoin price changes to make sound
investment choices. Bitcoin's market value undergoes
price changes because of four major forces including
market demand patterns alongside technological
improvements  and  regulatory  changes and
macroeconomic conditions. Social media sentiment has
become an essential factor that significantly affects
Bitcoin's price fluctuations during the current period
(Kjeerland et al., 2018).

Millions of social media users across Twitter Reddit
Facebook and Instagram presently share financial news
and Bitcoin discussions as these platforms now represent
essential parts of everyday existence. Information
sharing on these platforms became democratic because
users now express opinions and distribute news and
discuss market developments immediately (Boulianne et
al., 2024). Social media sentiment studies have become
more important because analysts believe it influences
how people behave in financial markets as well as crypto
markets (Akarsu & Yilmaz, 2024).

Users share their emotions about specific topics through
their social media content including both posted
materials and their comments that build social media
sentiment.  Social interactions  about  Bitcoin
cryptocurrency tend to generate feelings ranging from
positive to negative and neutral directions in their
particular settings (Ibekwe, 2021). Users show favorable
opinions about Bitcoin whenever they see supportive
information combined with technological advancements
and influential endorsements but form unfavorable
attitudes because of government rules and security
problems together with uncertainty in the markets. The
Bitcoin market responds to sentiment because Reddit's
[r/Bitcoin section and Twitter's crypto community allow
users to share cryptocurrency discussions without other
external factors (Sas & Khairuddin, 2017).

Social media sentiment about Bitcoin attracts both
academic researchers and market participants who
analyze its relationship with Bitcoin price dynamics.
Different scholarly works prove that Bitcoin price
movements align with the emotions displayed through
social media platforms (Durmus Senyapar, 2024).
Bitcoin prices increase throughout positive events while
decreasing during negative events because market
participants use optimistic sentiment to buy and negative
sentiment to sell. Markets demonstrate rapid price
reactions as information reaches different networks of
social media which is why researchers need to study
sentiment-based market dynamics (Gaies et al., 2023).
Time series evaluation of historical prices remains the
traditional  foundation for performing financial
predictions. The modeling of financial asset patterns and
volatility utilizes ARIMA and GARCH statistical models
in multiple implementation forms. Bitcoin markets
require refined modeling solutions due to extensive non-
linearity between price-influencing elements because
external sentiment from social media networks comprises
an important aspect (Yadav, 2024).
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Modern time series forecasting has been transformed
through the implementation of machine learning (ML)
and deep learning (DL) approaches which enable
improved modeling of intricate data relationships
(Spiliotis, 2023). The Long Short-Term Memory
(LSTM) network functions as a recurrent neural network
(RNN) which specifically processes sequential data and
identifies extended dependencies between inputs. The
future price predictions of Bitcoin volatility benefit
greatly from LSTMs due to their ability to extract long-
term data patterns which makes them suitable for volatile
asset forecasting (Azzouni & Pujolle, 2017).

LSTMs have the ability to study extensive sequences for
information retention which enables the recognition of
time series patterns including both long-term trends and
seasonal variations and interdependent dynamics (Kong
et al., 2024). LSTM networks possess capabilities which
allow them to track Bitcoin price movements across
short-term and long-term periods through analysis of
historical data coupled with social media sentiment
assessments. Sentiment analysis implemented within
LSTM models enables better prediction accuracy of
Bitcoin's price by providing comprehensive insights into
price-changing factors (Wen et al., 2023).

This paper utilizes LSTM models to perform time series
forecasting analysis for linking Bitcoin price behavior
with social media sentiment. A predictive system
involving price history and social media sentiment values
constitutes the research objective. This research
investigates two fundamental aspects that evaluate the
impact of social media sentiment on Bitcoin price
durations. The use of LSTM models achieves better
Bitcoin price forecasting accuracy through analysis with
sentiment data. The utilization of social media sentiment
data for Bitcoin price forecasting achieves its benefit
levels in the context of standard market demand elements
and historical price trend patterns. The study enhances
both cryptocurrency market research and financial
market social media effects by examining these critical
questions through analysis. Investors and traders along
with policymakers require the vital knowledge which
research results reveal about Bitcoin price fluctuations
within markets that increasingly depend on sentiment.

2. RELATED WORKS

Study Research (Huang et al., 2021) develops an altcoin
price prediction model which includes sentiment analysis
while focusing on Bitcoin and Cardano. The study
employed three different models namely VADER and
Neural Networks and Support Vector Machines (SVM).
Sentiment analysis when integrated with machine
learning models strengthened the accuracy rates for
forecasting altcoin price trends. Social media sentiment
analysis proves efficient for altcoin price prediction and
provides investors and traders in the cryptocurrency
market with important market information.

The research objective focuses on Bitcoin price
prediction through Twitter sentiment analysis and
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historical price data integration. The authors
implemented two predictive models in their work: BERT
(FinBERT) and GRU. The evaluation demonstrated that
FinBERT delivered a 9.45% Mean Absolute Percentage
Error and GRU demonstrated superior performance with
3.6% error. The integration of sentiment analysis
techniques with historical price data proves to be a strong
predictive approach for Bitcoin prices which helps
traders make better investment choices.

Research (Wu, 2023) performs an analysis of
cryptocurrency price fluctuations by analyzing historical
data and social media tweets. The research applied three
different models: Ordinary Least Squares (OLS),
Random Forest Regressor (RFR) and Long Short-Term
Memory (LSTM) Neural Networks. RFR and LSTM
produced superior performance over OLS when
forecasting daily returns according to the study results.
The study demonstrates strength because it shows how
non-linear sentiment patterns affect cryptocurrency
prices through market sentiments.

The research objective in (Kulakowski et al., 2023)
involves processing cryptocurrency social media content
to produce trading indicators. This study incorporated the
use of three models namely CryptoBERT XL along with
LUKE and VADER. The analysis revealed that
CryptoBERT XL delivered 58.49% accuracy and 58.83%
F1 score when processing StockTwits data. The study
reveals that CryptoBERT XL excels at English language
sentiment analysis but LUKE demonstrates effective
multilingual sentiment analysis capabilities which makes
it suitable for broad cryptocurrency market sentiment
analysis applications.

A research paper (Low et al., 2024) explores how Reddit
sentiment data predicts the price movements of Bitcoin
Ethereum and Litecoin cryptocurrencies. The analyst
employed DLCFS with LSTM and two regression
methods which included Support Vector Regression
(SVR) and Linear Regression in this examination.
DLCFS achieved better performance than competing
models through its Root Mean Square Error (RMSE) of
0.0054 which was observed for Bitcoin. This study
demonstrates high accuracy when predicting Bitcoin and
Ethereum and Litecoin prices using sentiment data from
Reddit thus becoming an effective tool for
cryptocurrency market forecasting.

The research (Parra-Moyano et al., 2023) investigates the
use of investor sentiment for predicting shifts between
different cryptocurrency market regimes. The research
utilized Ensemble Random Forest together with LPPL
(Log-Periodic Power Law) as predictive models. A
comparison showed that the ensemble model
outperformed LPPL since its predictions attained
superior accuracy and recall together with precision in
identifying regime shifts. The research shows how
sentiment analysis proves effective in cryptocurrency
market regime detection which provides investors with
tools to manage volatility risks.

The research by Study Kang et al. (2024) analyzes the
relationship between news sentiment and cryptocurrency
prices particularly through Korean and worldwide news

perspectives. The researchers used ChatGPT (GPT-4.0)
as the model to analyze Korean news sentiments.
Research data shows that sentiment analysis has an
essential impact on cryptocurrency price forecasting
throughout brief periods within the Korean market. The
study successfully measures short-term price changes by
analyzing Korean news sentiment which provides
understanding of market shifts that arise from regional
news sentiment.

The research project (Nair et al., 2024) focuses on
developing a system which identifies cryptocurrency
tweet sentiment as positive or negative or neutral. The
research implemented three prediction models which
were LSTM, GRU and RNN. The Bitcoin sentiment
prediction based on tweets yielded 95.95% successful
accuracy when LSTM served as the model. The research
benefits from an LSTM model which effectively detects
Bitcoin sentiment from Twitter data thus creating a
valuable tool for trading cryptocurrencies based on
sentiment analysis.

3. CRYPTOCURRENCIES

FinTech, a portmanteau of financial and technology,
involves the use of technology in the financial service
industry to bring new models to an established financial
system. Perhaps the most revolutionary development in
this field is digital currencies that have revolutionized
world business engagements, are more secure, cheaper
and more efficient than their traditional counterparts. The
key technology here is the block chain — distributed
database that serves as the basis for many digital
currencies (AIMomani & Alomari, 2021).
Cryptocurrency became popular in 2008 when a paper on
Bitcoin, a digital currency that utilized the technology of
block chain was launched. This generated further
attention from large corporations involving technology,
as well as financial industries, to start researching the
technology behind block chain. Over the years, more
countries began to pay attention on pursuing their own
central bank digital currencies to compete with
decentralized cryptocurrencies in the consumer market as
the digital economy progressed (Panda et al., 2023).
While there have been other forms of digital currency,
the introduction of bitcoin in 2009 changed how the
digital currency is viewed. Bitcoin, which jointly used
cryptography and decentralized peer to peer ledger,
brought a new concept of safe transactions in the world
of finance. The idea of digital money had been put into
practice with attempts at making anonymous digital
currency for use in anonymous electronic payments and
secure electronic money systems (Campbell-Verduyn,
2017).

This was achieved after the launching of some early
attempts of similar solutions in the 1990s such as Digi
Cash which sought to offer secure and anonymous
payment solutions online. Digi Cash itself did not work
but it brought seeds of digital currency technique for
further future innovation. In the late 1990s, another
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genius, Nick Szabo who came up with bit gold that set
forth the foundations of decentralized digital currencies
and smart contracts (Subramanian & Chino, 2015).
While cryptocurrencies were initially called unregulated
‘money’, their speculative characteristic did not allow for
the use of such assets as an alternative currency. But now,
due to the increasing popularity of such technologies as
block chain and digital currencies, these technologies that
were previously used only in some narrow circles, are
gradually being actively used by the private sector and
governments in their practical activities (Xiong & Luo,
2024).

Figure (1) maps out the chronological period taken to
achieve the major developments covering the essence of
block chain technology and its related digital currency
environment. From 1989 onwards, it covers the creation
of the Digi cash company by David Chaum in the
untraceable digital payment application, which is one of
the leading ideas in the digital payment system. Two
years later in 1991, Stuart Haber and W. Scott Starletta
innovated the system by proposing a block of linked
cryptographically block system which is the foundation
for today’s block chain technology. Nick Szabo initiated
the design of “bit gold” in 1998, which might be
considered as the initial steps toward decentralized
digital currencies, at the time when Digi Cash already
encountered some financial difficulties. It was in 2008
when the rise of digital currency began when the
establishment of a revolutionary method was started with
the creation of bitcoin through the white paper of Satoshi
Takemoto (Sakiz & Gencer, 2022).

Figure 1. Evolution of Cryptocurrencies (Sakiz &
Gencer, 2022)

The time line advances to 2014 whereby the technology
extends from just being used in bitcoin to other areas such
as Ethereal and other platforms. Block chain businesses
that started during this period were recognized as Block
chain 2.0 that was versatile in its usability. At last, by
2021, the second generation of Block chain platforms
emerged more with new protocols like Cardano,
Polkadot, Kusama and boosted decentralized finance
(DeFi), non- fungible tokens (NFTs) and Decentralized
applications. The figure properly illustrates the
development process and intensification of block chain
application in global financial and technological sectors
(Sakiz & Gencer, 2022).
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4. METHODOLOGY

Through machine/deep learning the structured analysis of
cryptocurrency sentiment appears in the methodology
block diagram (Figure 2). The process starts by loading
the dataset that includes reply count, like count, retweet
count, quote count and sentiment score features. After
data loading the dataset completes preprocessing having
two essential steps including both dataset cleaning and
dataset splitting. The cleaning phase of the dataset
handles data errors while splitting the data into training
(80%) and testing (20%) parts.

? il Datusct . . | Model |
Lot — - 8 .
| h;mc Preprocessing 7‘ e | Initiatizston w‘
Dataset Clenming
Dutsct Spésting [ Model ‘
\ [ Frnied
»Innu‘l'. Tes 80% 41; ¥ ”ai
t 1 | Evaluatin |
Prou Results ‘
! ! | )
MAE MSE RMSE | | RSepuare |

Figure 2. Methodology Block Diagram

Feature selection begins after data preparation with the
purpose of determining which variables (like reply count,
like count) will be used in the model. A Random Forest
Regress or exists as the initial model component which
receives training through the provided training dataset.
Performance evaluation of the model takes place by
examining Mean Absolute Error (MAE) and Mean
Squared Error (MSE) and Root Mean Squared Error
(RMSE) as well as R2 score. The model evaluation results
are printed for assessing predictive power to provide
insights about model effectiveness. The block diagram
presents a simple step-by-step approach for methodology
explanation.

4.1 Dataset Description
The dataset consists of cryptocurrency-related social
media posts, primarily focusing on Bitcoin. It contains
several features relevant to sentiment analysis showing in
Table (1).

Table 1. Dataset Features

Features Description
token The cryptocurrency token (e.g.,
Bitcoin) mentioned in the post.
d The timestamp when the post was
ate
made.
reply _count The number of replies to the post.
. The number of likes received by the
like_count
post.
The number of retweets the post
retweet_count .
— received.
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The number of times the post was
quoted by other users.

The content of the post, which may
include hashtags, mentions, or links.
The sentiment label of the post
(Positive, Negative, Neutral).

A numerical score representing the
sentiment of the post, ranging from -1
to 1.

quote_count

text

sentiment_label

sentiment_score

4.2 Dataset Preprocessing

The dataset requires multiple essential preprocessing
steps during this phase in order to convert it into a format
suitable for modeling. The CSV file containing numerous
columns serves as the initial source for dataset loading.
The data preparation begins with data cleansing by
resolving any missing or inconsistent values then making
the data ready for analysis. The data follows the cleaning
procedure before it gets divided into its fundamental parts
training and testing. Model training occurs using 80% of
the available data while the other 20% maintains its
purpose for testing model effectiveness.

Feature selection follows data split when choosing the
best features as X inputs while sentiment score stands as
the target variable y. Standardization or scaling
procedures are applied to features before model
execution because machine learning algorithms such as
linear regression, random forests and neural networks
require consistent performance. The prepared data
becomes ready for model training and evaluation because
this step guarantees precise predictions from the social
media metric inputs.

4.3 Machine Learning Models

Random Forest Regressor: Random Forest Regressor
functions as an ensemble learning technique that builds
multiple decision trees for better accuracy and reduced
overfitting through aggregated predictions. This method
combines the predictions of several individual decision
trees that analyze randomly selected portions of dataset
information to obtain averaged results. Random Forest
Regressor functions well for regression tasks by
providing better accuracy at modeling complex non-
linear data patterns without affecting precision levels of
individual decision trees (Salman et al., 2024).
XGBoost Regressor: The extreme gradient boosting
model XGBoost works as a strong optimized machine
learning mechanism that performs classification
functions along with regression tasks. The algorithm
creates new decision trees successively to address the
mistakes made in previous trees. XGBoost reaches better
accuracy levels through its capability to address residual
errors from past trees in a process that suppresses both
bias and variance. The system maintains high big data
processing efficiency through methods for regularization
that prevent overfitting (Ali et al., 2023).

Linear Regression: The standard and simple Linear
Regression model serves as a standard method to
accomplish regression tasks. According to this model the
input data features should establish an exact relationship
with the target variable. The model applies line-fitting to

minimize the squared value of errors across all data
points. The method delivers excellent results in situations
where variables demonstrate an almost linear connection.
The model faces challenges while analyzing data patterns
that are non-linear in nature (Maulud & Abdulazeez,
2020).

4.4 Deep Learning Model

LSTM (Long Short-Term Memory): RNN stands as a
recurrent neural network architecture where LSTM
operates as a type. The specialized architecture of LSTM
networks enables extended information preservation
through memory cells that manage how information
travels between elements. The model works excellently
with time-series information thus enabling accurate
forecasts when used to predict sentiment development
through historical data analysis. LSTM enables the
detection of temporal dependencies in sequential data
because of its design (Lee et al., 2017).

Simple RNN (Recurrent Neural Network): The basic
design of RNNs allows them to function as sequence
prediction neural networks. The feedforward neural
networks differ from RNNs because their circular
network connections allow previous input information
retention. Simple RNNs maintain an ability to detect
series patterns but they suffer from gradient vanishing
problems which limits their performance in detecting
lengthy relationships between components. Simple
RNNs function effectively to detect brief sequence
patterns throughout time-series data (Salehinejad et al.,
2017).

4.5 Machine Learning Training Parameters

A summary of essential hyperparameters used for
training machine learning models appears in the Table (2)
for this analytic work. During training each model
requires certain parameters which control its
performance and behavior.

Table 2. Machine Learning Training Parameters

Model Hyperparameter Value/Description

Random n_estimators 100
Forest max_depth 7
Regressor random_state 42

n_estimators 100

XGBoost learning_rate 0.1
Regressor max_depth 6
random_state 42

Linear fit_intercept True

Regression normalize True

4.6 Deep Learning Training Parameters

A summary of essential hyperparameters used for
training deep learning models appears in the Table (3) for
this analytic work. During training each model requires
certain parameters which control its performance and
behavior.
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Table 3. Deep Learning Training Parameters

Model Hyperparameter Value/Description
epochs 20
batch_size 32
LSTM units 50
activation Relu
optimizer Adam
epochs 20
. batch_size 32
Simple =
RNN gn|t§ 50
activation Relu
optimizer Adam

4.7 Evaluation Metrics

The performance of a model in regression tasks
becomes clear through evaluation metrics. Evaluation
metrics serve to determine the extent of deviation
between forecasted values and test dataset actual values.
The evaluation metrics for regression models include
Mean Absolute Error (MAE) and Mean Squared Error
(MSE) together with Root Mean Squared Error (RMSE)
and Rz Score. These evaluation metrics present diverse
performance insights that aid in model development
decisions.

The Mean Absolute Error (MAE) calculates the
average error size between predicted and actual values by
measuring  absolute  difference  amounts. The
measurement reveals the mean value of all absolute
distance calculations between forecasted outcomes and
actual observations. The MAE shows the overall distance
between forecasted values and actual measurements
without indicating whether these mistakes are positive or
negative. The statistical tool works effectively in
regression problems to minimize extreme error penalties
(Wang & Lu, 2018).

1 ~
MAE :;Z:Lllyl _yl.l .................................. (1)

Where:

n is the number of data points,

y; is the actual value,

9, is the predicted value.

Mean Squared Error (MSE): The Mean Squared Error
produces a sensitive error measure through its ability to
square the predicted value difference from actual values
thus giving more weight to larger prediction errors. Large
model errors will increase the score significantly because
MSE uses squared differences to calculate metrics (Chai
& Draxler, 2014). The formula for MSE is:

1 ~
MSE = NZ?,zl(xl' — XL')Z ............................... (2)

Peak Signal to Noise Ratio (PSNR): PSNR is an
extension of SNR and is applied for measuring the level
of reconstructed image or video comparing to initial one
(Sarvari & Sridevi, 2020). Particularly, it quantifies the
maximum error and is in decibels (dB). It is clear that
higher PSNR value means better image or video quality
(Sarvari & Sridevi, 2020). The PSNR is calculated as:
MAx2

PSNR = 1010810702 oo 3)
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R2 Score (Coefficient of Determination): The Rz Score
serves as a coefficient of determination because it
calculates the share of dependent variable variance that
independent variables can predict. The R2score functions
as a measurement tool to evaluate model-data fit quality
and serves extensively for determining the predictive
success of regression models throughout the data. Perfect
prediction exists when R2 reaches 1 yet a value of 0
indicates complete unpredictability of data variance
through the model (Gao, 2024). The formula for R2 is:

N 532
2 _ 1 _ Zi=10i=90)
Rc=1 —Zﬁl(w—f/)z .................................... 4)

5. RESULTS AND DISCUSSION

5.1 Machine Learning Results

The evaluation metrics demonstrate different
implementation and accuracy measures for the machine
learning models Random Forest (RF), XGBoost and
Linear Regression in Table (4). The Random Forest
Regressor achieves outstanding results because it
explains 99.9999% of the target variable variance. Its
Mean Absolute Error (MAE) reaches 7.07822 despite
being higher than other metrics without affecting its total
accuracy performance. XGBoost Regressor demonstrates
an outstanding performance as its R? score reaches
0.99983 and its MAE stands at 0.00063 and RMSE at
0.001835 indicating near-perfect predictions. The low
prediction errors in XGBoost Regressor do not match the
complete flexibility of Random Forest due to its minor
decline in R2 score. Linear Regression achieves perfect
data fit according to its R? score of 1. Although the
proposed model demonstrates an effective fit it produces
larger errors between predicted and actual values as
shown by its MAE 2.83218 and RMSE 3.761121.

Table 4. Machine Learning Results

Model MAE MSE RMSE R
Square
RF 7'027 82 1 5 263802 | 4.757942 | 0.999999
XGBoost 0'0206 3.366632 | 0.001835 | 0.99983
Linear 2.8321 | 1 414603 | 3.761121 1
Regression 8

5.2 Deep Learning Results

Figure (3) illustrate how training and validation loss
values evolved throughout 20 epochs among two distinct
models. Both training and validation losses demonstrate
smooth reduction in the top figure as training progresses
while the training loss drops rapidly during the early
training periods. The model demonstrates strong
generalization capability along with avoidance of
overfitting based on the downward pattern observed in
the validation loss. The lower chart displays significant
variations in both losses especially the validation loss
which exhibits multiple sudden spikes suggesting
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overfitting behavior. The training loss shows downward
consistency but validation loss instability demonstrates
the model has adapted too specifically to training data
which requires further attention through regularizing or
tuning.

Modul Talring and Valdation (ess

LSTM

Nodal Tranieg and Vakdation Loss

Vaiadeon Lo

RNN

Figure 3. Deep Learning Models Training History

The evaluation metrics demonstrate that LSTM and RNN
models perform well in sentiment score prediction
although LSTM shows superior results in Table (5). The
LSTM model performs exceptionally well through its
very low Mean Absolute Error measurement of 0.001562
and its extremely low Mean Squared Error score of
0.000147 and Root Mean Squared Error value of
0.012119 which demonstrates highly precise predictions.

Table 5. Deep Learning Results

Model MAE MSE RMSE | R-Square
LSTM | 0.001562 | 0.000147 | 0.012119 | 0.992604
RNN 0.043183 | 0.000673 | 0.025941 | 0.966109

The R2 score of 0.992604 indicates that the LSTM model
uses more than 99% of data variability thus
demonstrating an excellent match with the target
variable. The RNN model achieves satisfactory results
but its predictions reveal lower accuracy levels because

it produces MAE 0.043183, MSE 0.000673 and RMSE
0.025941. The R2 score of 0.966109 indicates a
significant data variance explanation by the RNN model
although its value is lower than the LSTM model. In this
context the LSTM model demonstrates higher prediction
accuracy and variance capture ability than the RNN
model thus proving itself a more dependable solution.

5.3 Related Works Comparison

Table (6) shows a dual evaluation between existing
research and this study through an examination of their
models in combination with their objectives as well as
evaluation approaches and main outcomes. The review
demonstrates the operation of Random Forest, XGBoost,
LSTM, GRU and other models during cryptocurrency
price prediction and sentiment analysis processes.

Table 6. Related Works Comparison

Model(s i Evaluation
Study Use d( ) Objective Metrics
Bitcoin price
prediction MAE:
FinBERT, using Twitter FinBERT
(Gb, 2023) GRU sentiment and 9.45%,
historical GRU 3.6%
price data
Trading
indicators Accuracy:
(Kulakows Cr)_/rpEC()E ER from CryptoBER
ki et al., LUKé cryptocurrenc T XL
2023) VADEI-ie y social 58.49%, F1:
media 58.83%
content
Predicting
DLCFS price
with LSTM, | Movements | pyise:
(Low et al., VR of Bitcoin, 0.0054 for
2024) LS ' Ethereum, RO
inear . . Bitcoin
Regression an_d Litecoin
using Reddit
sentiment
Identifying
(Nair et al., LSTM. cryptocurrenc Accugacy:
2024) GRU. RNN y_tweet 95.95% for
' sentiment for LSTM
prediction
MAE: RF
7.07822,
Random o XGBoost
Forest, Pred_lctlng 0.00063,
XGBoost, sentiment LSTM .
Present Linear scores gnd 0.001562;
Study Regression analyzing R2: RF
LSTM ' model 0.999999,
RNN ' performance XGBoost
0.99983,
LSTM
0.992604

Among the research goals investigated by various studies
are altcoin price predictions in addition to monitoring
market transitions and performing Bitcoin and Ethereum
and Cardano sentiment analysis. Sentiment analysis and
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machine learning models achieve effective results
according to evaluation metrics Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and R2 score
through the table presentation.

Memory networks lead to higher predictive performance
than Random Forest and XGBoost and RNN models and
thus result in better predictions. Bitcoin market values
experience extensive price changes because social media

users convey their sentiment towards Bitcoin. The
generated data provides investors traders and
policymakers with better decision-making opportunities
within the volatile cryptocurrency marketplace. Future
cryptocurrency analysis needs additional diverse sources
of information to improve predictive capability in the
development of more accurate models across various
systems

6. CONCLUSIONS

Bitcoin price forecasts become more precise by uniting
social media sentiment evaluation with LSTM neural
networks, deep machine learning models, and deep
learning approaches. The extensive time-based price
pattern recognition capabilities of Long Short-Term
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