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Abstract: - This paper explores the use of big data in decision-making within the digital economy, with a specific focus on predictive
analytics for Bitcoin price. Machine learning models are used as they are crucial for predicting Bitcoin prices due to their ability to analyze
complex, volatile market data and automate trading decisions. These models enhance risk management and market efficiency by adapting
to new trends and performing real-time analysis It compares various machine learning models including Support Vector Machine (SVM),
Decision tree regression, Random Forest, Long Short-Term Memory (LSTM), ARIMA, Linear Regression, and Quadratic Discriminant
Analysis (Quaddisc). Python with Scikit-learn module and Pandas package along with others are used to assess the predictive analysis of
the dataset. The study finds that Support Vector Machine (SVM) outperforms other models with an accuracy of 87%, compared to 64.37%
for quadratic discriminant analysis and 52.9% for Random Forest. These results underscore SVM's superior efficiency in predictive
analytics of Bitcoin prices. The paper also emphasizes the importance of fostering a data-driven culture within organizations to leverage
big data analytics effectively, enhancing decision-making processes through comparative studies of these models.

Keywords: Predictive analytics, Support Vector Machine, Decision tree regression, Random Forest, Python.

I.  INTRODUCTION
Bitcoin

Bitcoin, a virtual credit that is created by a technology that is hard to copy named ‘cryptocurrency’, has gained
popularity in recent years, from a hobby that only few can understand to a world innovation. The fact that the system
is on a decentralized base built outside of the traditional financial system is attractive in the eyes of people that
value a harsh line of autonomy over their financial decisions. On top of that, the high prospect of strong earnings
has become the cause for plenty of capital shine and speculators alike to take an interest in the digital currency
which therefore has led to widespread use and media attention. As Bitcoin got popular, there was more demand for
data analysis tools in order to try and interpret its price and therefore make Bitcoin investment related decisions.

Dataset

The dataset used in this study provides comprehensive data on Bitcoin price movements over the past eight years,
including opening, closing, highest, and lowest prices, as well as trading volume. It incorporates various technical
indicators such as RSI, CCI, SMAs (e.g., 50-day, 100-day), MACD, Bollinger Bands, and True Range, aiding in
trend analysis and volatility measurement. The primary objective is to predict Bitcoin's closing rate for the next
day, enabling forecasts of future market movements.

Python Modules

The cryptocurrency prediction utilizes Python libraries like Pandas for data preprocessing and feature engineering,
NumPy for numerical computations and array manipulations, and Statsmodels for statistical analysis. Matplotlib
and Seaborn are employed for data visualization, while Scikit-learn provides a wide range of machine learning
algorithms for model construction and optimization. These libraries enable the creation of predictive models based
on Bitcoin prices, incorporating technical indicators and aiding in better understanding of the cryptocurrency market
dynamics for informed decision-making by investors

Il. MATERIALS AND METHOD

This study’s methodology is using diverse machine learning techniques, to fulfill predicted objective tasks,
especially the Bitcoin price prediction and classification in that domain. The predictive analysis of the dataset is
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made possible with the use of Support Vector Machines (SVM), Autoregressive Integrated Moving Average
(ARIMA) Long Short-Term Memory (LSTM) networks, Quadratic discriminant analysis, Decision Tree regression,
Linear Regression, and Random Forest.

SVM

SVMs are a type of supervised machine learning algorithm that analyze raw data to identify patterns and make
predictions, such as categorizing data into two groups or estimating prices. They use specific metrics, like Bitcoin
price indicators (open, close, low, high, true range), to distinguish relevant factors. After feature selection, the
dataset is split into training and testing sets for model development and evaluation. Regression metrics like recall
and fl1-score assess the model's performance. Optimized SVM models are then deployed to generate predictions or
update based on monitoring systems, aiming to improve understanding of price movements and market dynamics
in digital assets.

ARIMA

ARIMA, a powerful tool for sequential data analysis and prediction, combines three key elements: Autoregressive
(AR) models for trend, Integrated Moving Averages (I) for seasonality, and Moving Averages (MA) for
irregularities. By considering lags, differencing, and assessing residual errors, ARIMA models offer flexibility in
modeling and forecasting time-varying phenomena. Our ARIMA implementation involves parameterization, model
training on historical data, and forecasting future time series points. This approach aims to gain insights into dataset
behavior and provide informed forecasts to support decision-making processes.

LONG SHORT TERM MEMORY

LSTM, a type of RNN, is adept at capturing long-term dependencies in time series data. Unlike ARIMA, it doesn't
require explicit feature engineering. With memory cells and gating mechanisms, LSTM retains crucial information
for short and long-term predictions. We train the model on historical data to forecast future outcomes, using deep
learning to uncover intricate temporal relationships and improve prediction accuracy.

The Mean Absolute Error (MAE) is an estimated measure employed to appraise the size of average errors between
a prediction and the actual corresponding value. It is the mean of the absolute numbers describing the error of an
estimate (the difference between the given and predicted values), it aims to express the model performance by the
degree of prediction accuracy.

QUADRATIC DISCRIMINANT ANALYSIS

We're exploring quadratic classifiers, like Quadratic Discriminant Analysis Classifier (QDAC), for Bitcoin price
forecasting. Using Python and Matplotlib, we'll process data, train classifiers, evaluate with metrics, and interpret
results. Our goal is accurate data categorization and insights discovery, laying the foundation for further analysis.

They are very much alike just as the linear discriminant function although in the case of the Xk, which is not
identical, the quadratic terms cannot be meted out. This function is called discriminant two-order and will contain
terms of second order.

LINEAR REGRESSION

To analyze and predict Bitcoin prices using Linear Regression, we first gather historical data and relevant features,
then preprocess them. Feature selection is conducted to identify key factors influencing price fluctuations. The data
is split into training and test sets for model development and evaluation. A Linear Regression model is trained on
the training data to establish a linear relationship between prices and features. Evaluation metrics like MSE, R-
squared, and RMSE assess model accuracy.

DECISION TREE REGRESSION

Decision tree regression, widely appreciated for its simplicity, interpretability, and capacity to capture complex data
relationships, partitions the feature space hierarchically to predict continuous outcomes, aiming to minimize
variance within each partition. However, without proper constraints, it may overfit, a challenge addressed by
techniques like pruning and ensembles. Additionally, it serves as a valuable tool in exploratory data analysis,
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offering insights into feature importance and interactions, facilitating a deeper understanding of the underlying data
dynamics.

RANDOM FOREST

The method involves downloading Bitcoin price data and visually analyzing price movements. After preprocessing
the data, including extracting price change approximations and target variables, the dataset is split into training and
test sets. A Random Forest classifier is trained on the training data and evaluated using accuracy metrics and
visualizations. The roadmap focuses on improving preprocessing, training, evaluating performance, and visualizing
results to meet analysis objectives.

References

In recent years, the integration of machine learning (ML) and artificial intelligence (Al) in trading has gained
significant traction. A multitude of studies have explored various ML algorithms for Bitcoin price prediction.
Notably, random forest regression has shown superior performance in terms of root mean square error (RMSE) and
mean absolute percentage error (MAPE), effectively identifying influential variables and recommending a lag
period model [1]. While LSTM models are widely used, opportunities exist for developing better algorithms [2].
Analyses focusing on daily trends and optimal feature selection have demonstrated their efficacy in predicting daily
price changes accurately over a span of five years [3]. Classification-based ML approaches have achieved over 86%
accuracy in predicting the direction of the cryptocurrency market [4]. Among regression-based algorithms, ordinary
least squares (OLS) and logistic regression have shown high accuracy in Bitcoin price prediction [5]. Furthermore,
sample dimensionality significantly impacts ML accuracy, with support vector machines (SVM) outperforming k-
nearest neighbors (KNN) in forecasting Bitcoin prices [6]. Contrasting results between random forest regression
and LSTM models underscore the importance of variable selection [7]. Research gaps remain in the comparative
performance of various regression algorithms for predicting Bitcoin movement [8]. Recurrent neural networks
(RNN) with LSTM architecture have demonstrated superiority over ARIMA models in cryptocurrency forecasting
[9], enhancing Bitcoin pricing forecasts by emphasizing the significance of stable ML tasks [10]. The need for
diversified modeling techniques for accurate Bitcoin price prediction is well-documented [11]. A study compares
model performance and favors the ARMA model, providing valuable insights for investors and researchers [12].
Another study utilizes an LSTM artificial neural network to forecast the next day's Bitcoin closing price using
various feature combinations [13]. Additionally, a study predicts Bitcoin prices with 64.84% accuracy for daily
prices and 59.4% for 5-minute intervals using ML [14]. Although predicting Bitcoin prices is inherently complex,
deep neural networks and LSTM architectures show promise, with ongoing improvements through hyper parameter
tuning [15].

This paper addresses the research gap by systematically comparing various ML models, including SVM, Bayesian
regression, random forest, LSTM, ARIMA, linear regression, and quadratic discriminant analysis (QDA), for
Bitcoin price prediction. While previous studies have explored individual models, this paper fills the gap by
evaluating their comparative performance in terms of predictive accuracy. Additionally, the paper emphasizes the
importance of fostering a data-driven culture within organizations to enhance predictive analysis capabilities,
highlighting the critical role of organizational culture in leveraging big data analytics for decision-making
processes. Thus, this paper contributes to the literature by providing insights into the most efficient ML models for
Bitcoin price prediction and underscores the importance of organizational culture in data-driven decision-making.

I1l. RESULTS

Table 1

ALGORITHM PRECISION F1-SCORE RECALL SUPPORT ACCURACY

Quadratic-discriminant analysis(class 0) 0.83 0.39 0.25 3 64.37

Random Forest(class 1) 0.56 0.56 0.57 360 52.90

LSTM 0.54 0.70 1.00 360 53.65

ARIMA(class 1) 0.49 0.66 1.00 332 49.47

SVM(class 1) 1.00 0.84 0.72 3 87.034
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ALGORITHM MEAN-SQUARED ERROR R-SQUARED ROOT MEAN SQUARED ERROR
Linear Regression 587365.9181 0.99791977 766.3980154
Decision Tree 1290074.8788 0.99543 1135.8146

IV. DISCUSSION

In classification tasks, precision, recall, F1-score, and support are essential metrics for evaluating model
performance, each providing unique insights: precision checks the extent to which positive picked instances are
actually positive, recall tests the ability of the model to identify all positive instances, the F1 score balances between
precision and recall and support provides an easy way to weight the classes in the data set. These metrics all work
together in discerning the right and wrong model for specific ends as well as in deciphering the efficiency of the
model across classes in multiple classification. For example, while using the experiment of the prediction of the
Bitcoin prices, the accuracy of the Model is shown to be excellent, a precision of 1.00 and F1-score of 0.84 for
class 1 were obtained with the total accuracy of 87%. 034%. However, the precision recorded in the current study
by applying ARIMA model was relatively low, with a value of 0. 49 and an accuracy of 49/ The mean score reached
49 and the accuracy degree was ended up being 49. 47% to 57 % respectively indicating moderate performance by
the models.. 90% to 76. Otherwise, the number of correctly recognized messages for the LSTM model was rather
low being equal to 53% while the number of perceived incorrect messages was as high as 40%, that is 0%. 65%.
From these analyses, it can be concluded that while some disadvantages and advantages are inherent to each of the
analyzing algorithms, the best results and high accuracy of the model is obtained using the SVM. Additionally,
when it comes to regression problems, Linear Regression provided a better solution in this case of predicting Bitcoin
prices compared to Decision Tree Regression that yielded lesser Mean Squared Error equal to 587,365. 9181 and a
higher R-squared of 0. 99791977 and a lesser Root Mean Squared Error equal to 766. 3980154 making it more
accurate and suitable for this particular use of predicting Bitcoin prices.

Classification Report Analysis

Figure 1. Classification report analysis(precision, recall, f1-score)
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Classification Report Analysis
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Bitcoin Price Over Time
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Figure 9. Scatter Plot for Decision Tree Regression Algorithm

V. CONCLUSION

Our analysis of various machine learning algorithms for predicting Bitcoin prices highlights Support Vector
Machine (SVM) and Linear regression as the most effective options. SVM demonstrates high accuracy in
classification tasks, while Linear regression outperforms in regression tasks, showing superior predictive accuracy
and precision. Combining these methods could further enhance predictive capabilities. However, algorithm choice
should consider factors like interpretability and scalability. Overall, leveraging SVM and Linear regression,
alongside fostering a data-driven culture, enhances decision-making in the digital economy.
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