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ABSTRACT 

In this paper, I suggest a way to estimate the range of Bitcoin prices for the following day by combining Long Short-

Term Memory (LSTM) networks with natural language processing (NLP) approaches. To capture the complex 

sentiment of the market, the model combines sentiment elements that are collected from Twitter data using 

sophisticated natural language processing techniques with high-dimensional technical indicators. The LSTM model 

successfully learns temporal correlations and intricate patterns by integrating sequential analysis of both numerical 

market indicators and textual sentiment data, improving its capacity to predict changes in Bitcoin prices. The trials 

make use of millions of pertinent Twitter messages and six years' worth of Bitcoin market data. The method shows 

how sentiment analysis and deep learning architectures can be combined to increase forecasting resilience and 

interpretability in erratic cryptocurrency markets. Sensitivity analysis is used to maximise the impact of sentiment 

characteristics, emphasising the value of sentiment-driven insights in financial prediction models and providing a fresh 

viewpoint for more precise and dynamic forecasting of the cryptocurrency market. 

 

1. INTRODUCTION 

Because of its extraordinary price volatility, investors, 

traders, and researchers have been paying close attention 

to the rapid expansion of cryptocurrencies, especially 

Bitcoin. For well-informed trading decisions, risk 

management, and strategic investment planning, 

accurate Bitcoin price forecasting is essential. 

Conventional financial models are limited in their 

capacity to capture market sentiment and behavioural 

impacts since they frequently only use historical price 

data or technical indicators. On the other hand, social 

media sites, particularly Twitter, have grown to be 

important venues for the expression and dissemination 

of market sentiment and offer a wealth of up-to-date 

information. In order to forecast the range of Bitcoin 

prices for the following day, this study suggests a novel 

method that combines Natural Language Processing 

(NLP) approaches with Long Short-Term Memory 

(LSTM) networks. The model captures both quantitative 

and qualitative aspects of the market by integrating 

sentiment data taken from millions of Twitter tweets 

with high-dimensional technical indicators. Textual data 

is processed using natural language processing (NLP) 

techniques to extract sentiment scores and contextual 

patterns that indicate investor mood, optimism, or fear. 

Because of its reputation for learning temporal 

connections, the LSTM network is especially well-

suited for modelling sequential patterns in emotion and 

market data. The algorithm is able to comprehend 

intricate relationships between social sentiment signals 

and numerical indicators thanks to this hybrid 

architecture. Comprehensive social media content and 

six years' worth of historical Bitcoin market data are 

used in the experiments. Sentiment elements are 

incorporated into the model to assist it adjust to quick 

changes in the market. which are frequently influenced 

by news trends and popular sentiment. Sensitivity 

analysis is used to assess how sentiment data affects 

prediction accuracy, highlighting the significance of 

behavioural aspects in financial modelling. The method 

shows how integrating sentiment analysis with deep 

learning improves the robustness and interpretability of 

price forecasts. The approach outperforms traditional 

techniques in predicting market reactions by utilising 

real-time social information. This study demonstrates 

how AI-driven methods can connect quantitative 

analysis with qualitative social media observations. The 

framework can handle big and complicated information 

and offers a scalable solution for dynamic 

cryptocurrency market prediction. All things 

considered, the suggested approach provides traders and 

academics with a thorough viewpoint, facilitating better 

informed decision-making in extremely turbulent 

markets. A significant advancement in cryptocurrency 

predictive modelling is the combination of NLP and 

LSTM. In contemporary financial analytics, it 

emphasises the increasing significance of sentiment-

aware forecasting techniques. In the end, this work 
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supports strategic investment in Bitcoin and other digital 

assets, improves market comprehension, and increases 

prediction accuracy. 

 

2. EXISTING SYSTEM OF PROJECT 

Technical indications from past market data are the 

mainstay of traditional Bitcoin price forecasting 

techniques. Numerical features including price, volume, 

and volatility indicators are analysed for patterns by 

models like decision trees, random forests, and other 

traditional machine learning techniques. Although these 

techniques are capable of identifying some patterns, they 

frequently fail to account for the influence of external 

events and market mood on price changes. To close this 

gap, sentiment analysis utilising straightforward 

lexicon-based or basic machine learning techniques has 

been presented. However, these methods often handle 

textual input independently or are unable to adequately 

simulate the sequential nature of social media sentiment. 

Because of this, the forecasts are typically less 

responsive to sudden shifts in the market brought about 

by news and public opinion. Furthermore, a lot of 

current systems do not properly take use of the temporal 

correlations present in sentiment data and market 

indicators. Additionally, these models frequently have 

trouble with high-dimensional data, which lowers their 

predicted accuracy and robustness. As a result, even 

though adding sentiment analysis has improved the 

systems, their ability to anticipate the extremely volatile 

and sentiment-driven cryptocurrency market is limited 

because they lack comprehensive methodologies to 

integrate technical and textual data streams 

simultaneously over time. 

 

3. RELATED WORK 

Sentiment-Driven Bitcoin Price Range Forecasting: 

Improving CART Decision Trees Using Twitter 

Dynamics and High-Dimensional Indicators, Lei Shang 

2024 

In order to improve prediction accuracy, I suggest a 

CART decision tree model that incorporates 124 high-

dimensional technical indicators with Twitter-roBERTa 

sentiment analysis as the 125th feature to estimate the 

range of Bitcoin prices for the following day. The 

studies make use of roughly 58 million Twitter postings 

and Bitcoin market data from the previous six years 

(2019 to 2024). The findings show that the improved 

model, which incorporates sentiment analysis, raises 

win rates by up to 45% and increases average accuracy 

from 0.56 in the baseline model, which was trained just 

on 124 technical indicators, to 0.62. Sensitivity study 

confirms the resilience of the model by further 

optimising the sentiment feature weight. It also offers a 

novel approach to bitcoin price prediction, with future 

applications expandable through multi-source data 

fusion. 

Multimodal Fusion for Daily Bitcoin Direction: 

Integrating Social Sentiment and Order-Book 

Microstructure, 2023 Author: Priya Nair 

This study uses a late-fusion architecture that combines 

transformer-based sentiment from Twitter and Reddit 

with depth-of-market indicators (such as bid-ask 

imbalance, slope, and spread dynamics) to forecast next-

day BTC up/down movement. Three sentiment 

parameters and 96 microstructure indicators are 

combined by a LightGBM meta-learner. After 

transaction-cost modelling, the fusion model, which was 

trained on tick and social data from 2018 to 2023, 

increases F1 from 0.57 (microstructure-only) to 0.63 and 

Sharpe from 0.48 to 0.76. Ablations highlight the 

conditional importance of social signals by 

demonstrating that sentiment contributes most under 

high-volatility regimes detected by a Markov regime-

switching filter. 

 

4. PROPOSED SYSTEM 

The Long Short-Term Memory (LSTM) deep learning 

model and sophisticated natural language processing 

(NLP) techniques are combined in the suggested system 

to predict the range of Bitcoin prices for the following 

day. The model captures both quantitative market trends 

and qualitative public mood by integrating 124 technical 

indicators with sentiment features taken from a 

substantial amount of Twitter data. By efficiently 

modelling sequential dependencies in time series data, 

the LSTM architecture can learn intricate temporal 

patterns from both technical and textual inputs. This 

combination improves the model's capacity to estimate 

price changes that are frequently overlooked by 

conventional forecasting methods and are impacted by 

shifting market sentiment and outside events. 

Additionally, the system performs sensitivity analysis to 

adjust the impact of these variables on predicting and 

integrates preprocessing processes that maximise the 

quality of sentiment inputs. By identifying the sentiment 

components that have the biggest impact on price 

changes, this method not only increases prediction 

robustness but also provides more interpretability. By 

dynamically combining deep learning and rich 

sentiment analysis, the suggested approach offers a more 

thorough and flexible framework to address the 

volatility of the Bitcoin market, marking a significant 

breakthrough in cryptocurrency price prediction. 

 

5. MODULES 

1. Aggregating Information 

The goal of this module is to gather all the information 

needed to anticipate the price of Bitcoin with accuracy. 

Open, closing, high, low, and trading volume data for 

the Bitcoin market are collected over several years. 

Millions of Bitcoin-related Twitter posts are gathered 

concurrently to gauge market sentiment in real time. To 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

 

Vol. 22, No.3, 2026                                      https://ijerst.org/index.php/ijerst                                      1123 

guarantee data diversity and dependability, publicly 

accessible datasets and APIs are employed. Every data 

source is organised into a format that may be used, such 

CSV or JSON. In order to match sentiment with relevant 

market data, appropriate labelling and timestamping are 

used. The basis for training and forecasting models is 

this combined dataset. 

2. Understanding Data 

This lesson uses exploratory data analysis (EDA) to 

learn more about sentiment patterns and market trends. 

Technical indications and changes in Bitcoin prices are 

correlated, according to statistical study. Graphs and 

heatmaps are examples of visualisation techniques that 

aid in identifying anomalies, outliers, or exceptional 

volatility. To comprehend the general attitude of the 

market, sentiment distribution from social media posts 

is examined. At this moment, class disparities or missing 

data points are found. Comprehending the dataset 

guarantees that the model can learn efficiently and adapt 

well to new data. Additionally, it offers information on 

preprocessing techniques and feature selection. 

3. Cleaning Information 

In order to guarantee high-quality inputs, this module 

preprocesses both textual and numerical data. Missing 

or conflicting numbers in market data are examined and 

dealt with accordingly. NLP techniques, such as 

tokenisation, stopword removal, stemming, and 

lemmatisation, are used to clean textual data from 

Twitter. Spam, useless posts, and noise are eliminated. 

Based on timestamps, sentiment scores are collected and 

matched with relevant market data. Reducing data noise 

and improving the calibre of features input into the 

model are the objectives. By supplying structured and 

significant data, this phase guarantees reliable and 

accurate forecasts. 

4. Implementing the Algorithm 

The Long Short-Term Memory (LSTM) network is used 

in this module to identify sequential patterns in the 

dataset. The model receives input from both sentiment 

features and technical indications. By capturing 

temporal connections, LSTM is able to comprehend 

patterns and changes in Bitcoin prices. The input, 

hidden, and output layers of the network architecture are 

intended for next-day price range categorisation or 

regression. Sentiment and market data from the past are 

used to train the algorithm. This stage guarantees that the 

system can generate timely and accurate forecasts. 

5. Adjusting Parameters 

In this module, sequential patterns in the dataset are 

found using the Long Short-Term Memory (LSTM) 

network. Both technical indications and sentiment 

features are fed into the model. LSTM can understand 

patterns and shifts in Bitcoin values by recording 

temporal linkages. The network architecture's input, 

hidden, and output layers are meant for regression or 

next-day price range classification. The algorithm is 

trained using historical sentiment and market data. This 

phase ensures that timely and accurate forecasts can be 

produced by the system. 

6. Algorithm Effectiveness 

Here, performance indicators like Mean Absolute Error 

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

squared are used to assess the trained model. The 

model's accuracy in forecasting price ranges for the 

following day is evaluated. The predictions' stability and 

resilience are guaranteed by cross-validation. To find 

model flaws, misclassifications or significant deviations 

are examined. Additionally, the module assesses the 

degree to which sentiment features enhance prediction. 

In general, it verifies if the developed algorithm satisfies 

the accuracy and reliability objectives of the project. 

7.Estimating Outcomes 

The model creates predictions for the Bitcoin price range 

for the following day in this last module. For 

comparison, predictions and real market values are 

displayed. For traders and investors, the method can 

offer useful information about possible price changes. 

Over time, trends, spikes, or patterns of volatility are 

tracked. Additionally, automated trading or decision-

support systems may include the forecasting output. 

This module illustrates the usefulness of integrating 

sentiment analysis and market data. It guarantees that the 

project produces significant, practical uses for 

cryptocurrency forecasting. 

 

6. TECHNIQUES USED IN PROJECT 

6.1 EXISTING TECHNIQUE: 

For classification and regression issues, the current 

algorithm, CART (Classification and Regression Trees), 

is a traditional machine learning technique. By dividing 

the dataset into branches according to feature thresholds 

that best divide the data based on a certain criterion, like 

Gini impurity or mean squared error, CART creates 

decision trees. Decision nodes and leaf nodes that assign 

labels or continuous values make up the resulting tree. 

This method is often utilised for financial forecasting 

assignments where technical indicators are employed as 

input features since it is very simple to understand. In 

order to produce prediction outputs like price ranges, 

CART analyses a variety of technical indicators in an 

effort to identify the underlying patterns that drive price 

changes. But yet, Particularly when dealing with 

sequential data, such as financial time series, CART has 

particular drawbacks. The model does not automatically 

capture temporal dependencies or trends across time; 

instead, it treats each data point individually. 

Furthermore, if the tree becomes very complicated, 

CART may be more likely to overfit, which could limit 

its capacity to generalise to new data. These restrictions 

may have an impact on the projections' precision and 

resilience in erratic markets like cryptocurrencies, 

especially when outside variables like news or market 
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sentiment affect price swings. As a result, even if CART 

is still a helpful baseline model, it might not completely 

utilise the variety of data sources that are currently 

accessible. 

 

6.2 ALGORITHM USED: 

Long Short-Term Memory (LSTM) networks, a 

particular kind of recurrent neural network intended to 

handle sequential input by capturing long-range 

temporal dependencies, are used by the suggested 

algorithm. By controlling the input flow via memory 

cells and gating mechanisms, LSTMs allow the model 

to preserve significant historical patterns over long 

periods of time. Because of this, LSTMs are ideal for 

time series forecasting applications where past trends 

and events have a significant impact on future results, 

like anticipating cryptocurrency price fluctuations. The 

LSTM model is capable of accurately simulating the 

intricate, nonlinear dynamics characteristic of financial 

markets by learning from sequences of technical 

indicators. The suggested approach uses sophisticated 

Natural Language Processing (NLP) tools in addition to 

technical data to examine sentiment on social media 

sites like Twitter. Sentiment analysis provides insights 

into investor sentiment and market psychology by 

extracting sentimental and opinionated information 

from textual data. The input space is enhanced by 

combining this sentiment data with technical features, 

which enables the LSTM model to take into account 

both quantitative measures and qualitative market 

signals. This all-encompassing strategy improves the 

model's capacity to predict price ranges more precisely 

and adaptably, providing a strong response to the 

difficulties presented by the extremely volatile and 

sentiment-driven character of cryptocurrency markets. 

 

7. RESULT 
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8. CONCLUSION 

This Bitcoin price prediction project shows how to use 

LSTM networks to effectively integrate sentiment 

research and technical data. The technology identifies 

both quantitative and qualitative elements impacting 

price movements by analysing past market data and  

sentiment on social media. From millions of Twitter 

tweets, NLP algorithms extract significant sentiment 

elements that represent investor behaviour and market 

mood. LSTM networks understand intricate patterns and 

trends over time by efficiently modelling temporal 

interdependence. Sensitivity analysis emphasises how 

crucial sentiment-driven features are to raising 

prediction accuracy. The algorithm produces accurate 

price range estimates for the following day, providing 

traders and investors with useful information. It offers a 

scalable approach for bitcoin forecasting and can adjust 

to market volatility. Interpretability and robustness are 

improved by combining deep learning with behavioural 

insights. This experiment demonstrates how integrating 

textual and numerical data enhances decision-making in 

extremely turbulent markets. The framework can be 

expanded to include additional financial instruments and 

digital assets. It provides a basis for automated trading 

methods and real-time prediction systems. All things 

considered, the technology supports data-driven 

investing strategies in cryptocurrency markets. It 

connects cutting-edge AI methods with conventional 

technical analysis. The algorithm provides a thorough 

forecasting method by combining emotions and market 

data. In the end, the research encourages greater risk 

management and educated trading in dynamic financial 

settings.  

 

9. FUTURE ENHANCEMENT 

The technique may be expanded in the future to enable 

predictions for more than just Bitcoin. Continuous, real-

time predictions for changing market circumstances can 

be made through integration with real-time exchange 

APIs. To improve sentiment analysis, the framework can 

combine postings from Reddit, news articles, and other 

social media sites. For better contextual comprehension, 

transformer-based models such as BERT or RoBERTa 

could supplement or replace LSTM. The model may be 

able to adapt to abrupt market shocks or anomalies by 

using adaptive learning approaches. Traders can gain a 

clear understanding of emotion patterns and price 

projections by using visualisation dashboards. 

Automated trading bots can be connected with the 

system to make proactive decisions. Sentiment analysis 

in multiple languages may increase its relevance to 

international markets. For richer feature sets, 

macroeconomic indicators and historical volatility can 

be included. The overall goal of these improvements is 

to increase the forecasting system's resilience, 

scalability, and usefulness. 
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