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Abstract——Cryptocurrencies have found their way into con- 
temporary financial systems as a significant component of 
modern-day financial systems because of their decentralized 
nature, their ease of adoption and uptake. Ether is considered to 
be one of the most actively traded currencies and its value tends 
to be highly volatile. It is not easy to forecast the market price 
trend of Ethereum due to the influence that technical trends, 
investor behavior, and external factors have over the market. In 
this project, the researcher will use machine learning to assess 
the future price direction of Ethereum the following day through 
the use of Python. The past trends of prices are analyzed and 
augmented with various technical indicators in order to reflect 
the market trends and momentum. The best potential machine 
learning model was selected after training and evaluating many 
models using Logistic Regression. The results demonstrate that 
machine learning may be used to provide rational insights into 
the price movement of Ethereum and to aid in decision-making 
using these insights. 
Keywords—Ethereum, Market Capitalization, Machine 

Learning, Coin Classification, Coingecko API, RealTime Ana-
lytics, Financial Technology, Logistic regression, Ethereum Price 
Prediction, Data Normalization, Investment Decision Support, 
Supervised Learning, Digital Assets. 

• Using historical market data, a machine learning
framework is constructed to predict tomorrow’s
Ethereum price direction.

• Some of the technical indicators that are employed to
capture market trends and volatility include:Multiple
technical indicators, which include Moving Averages,
RSI, MACD, and Bollinger Bands.

• Various supervised learning models are reviewed and
the Logistic Regression is chosen as the final predic- 
tion model considering the performance measures.

• The suggested system offers interpretable UP or
DOWN forecasts to enable investors in making short- 
term cryp- tocurrency market choices.

I. INTRODUCTION

The advancement of cryptocurrencies has changed the in- 
ternational financial environment by bringing in decentralized 
and trans- parent digital assets. As an open source blockchain 
platform with support of smart contracts, Ethereum has be- 
come incredibly popular with investors, developers and traders. 
Ethereium is highly used, which means that the price fluctuates 
often, and therefore, price prediction is a significant but 
complicated task. Cryptocurrencies prices are very volatile as 
opposed to the traditional financial assets, which are influenced 
by the market sentiment, trading volume, world events, and 
technical analysis. These factors are very hard to analyze 

manually and are usually inaccurate. Due to this, machine 
learning methods are being applied more and more to find 
concealed trends in past data and use them to predict upcoming 
price changes. The aim of this project is to make predictions 
of the future of the Ethereum price trajectory (increasing 
or decreasing) within the next day using machine learning 
models that are implemented in Python. The research unveils 
a methodical strategy to predicting bitcoin prices using proper 
data pretreatment, feature engineering, and model assessment. 
Using past market data and an implementation in Python, the 
proposed machine learning system aims to forecast the next- 
day direction of Ethereum prices. We provide a comprehensive 
set of technical indicators to capture the characteristics of the 
Ethereum market. These indicators include moving averages, 
momentum indicators, volatility indicators, and price-lag indi- 
cators. A comparison of various supervised learning models 
is done and the model which comes out as most reliable 
is the Logistic Regression in terms of accuracy, precision, 
recall and F1-score. The time series conscious training and 
testing regime is used to avoid any data leakage and provide 
realistic testing of performance. The final product is the trained 
Logistic Regression model that can be used to predict the 
future Ethereum price movement in real-time as directional 
(UP or DOWN) predictions 

II. LITERATURE SURVEY

The stochastic and volatile pricing of assets has traditionally 
posed a difficulty in research regarding financial markets 
prediction. Modern financial modeling was laid down by 
Markowitz [1], the pioneer of the portfolio theory and Fama 
[2], the pioneer of the Efficient Market Hypothesis (EMH). 
These articles highlighted how financial markets integrate 
the information available in a quick manner and therefore 
it is not easy to predict it correctly. Hamilton [3] and Box 
et al. [4] talked systematically on conventional time-series 
forecasting techniques like ARIMA and other applicable sta- 
tistical models. These methods aim at the modeling of time 
dependence of financial data. Moreover, Bollerslev [5] came 
out with GARCH model to reflect the volatility clustering, 
which is a normal occurrence in asset returns. Stylized facts 
of financial markets analyzed by Cont [6] later, have heavy 
tails and volatility persistence, also present in the markets of 
cryptocurrencies. Technical indicators have been popular in 
the analysis of market trends and momentum. To determine 
overbought and oversold, Wilder [7] introduced the Relative 
Strength Index (RSI). Appel [8] came up with the Moving 
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Average Convergence Divergence (MACD) indicator that is 
used to detect trend reversals. It was Bollinger Bands that were 
invented by Bollinger [9] to measure the volatility of prices. 
Murphy [10] gave an overall picture of techniques of technical 
analysis and their application in trading systems. These indi- 
cators can be useful engineered attributes in machine learning 
based fi- nancial forecasting. As machine learning improved, 
other models like the Logistic Regression [11] became popular 
in predicting price direction. Cortes and Vapnik [12] proposed 
Support Vector Machines that offered better performance in 
non-linear classifications. Group of learning algorithms like 
Gradient Boosting [13] and XGBoost [14] also increased 
predictive accuracy by averaging the performance of multiple 
weak predictors. In the cryptocurrency markets, the blockchain 
framework that is use in Bitcoin was introduced by Nakamoto 
[15] and subsequently influenced Ethereum and other digital 
assets. Corbet et al. [16] tested the hypothesis of speculative 
behavior and volatility in Bitcoin and Ethereum markets. Lah- 
miri and Bekiros [17] utilized deep learning models on cryp- 
tocurrency predictions, and it is evident that they outperform 
the predictive models in highly volatile situations. On the same 
note, Zhang et al. [18] applied machine learning in predicting 
Bitcoin price, with focus on feature engineering and model 
assessment. Though the promising outcomes of deep learning 
models are validated, classical machine learning methods 
are also competitive in nature in the presence of technical 
indicators and suitable preprocessing methods. Hence, a com- 
bination of statistical time-series theory, technical indicators, 
and supervised machine learning models offers a reasonable 
and explainable model of Ethereum price prediction. 

III. PROPOSED METHODOLOGY 
This approach use machine learning in Python to predict 

the direction of Ethereum’s price the next day. Gathering 
data, cleaning it up, designing features, training the model, 
evaluating it, and finally, predicting future pricing are all part 
of the whole process. The methodology is intended to be 
procedural, repeatable and time-series financial data. First, 
the historical Ethereum price information is gathered and 
inputted into the system. Raw data like the trading volume and 
percentage change are transformed to be in numerical form 
to assure compatibility in the calculation. A target variable 
is generated based on the comparison of the price of the 
current day with the price of the subsequent day, which 
then turns the problem into a binary classification problem in 
which the price movement is categorized as either increase or 
decrease. Technical indicators are obtained by taking various 
technical measurements on the historical market prices in 
order to capture the important market trends. A few examples 
of such indicators include the moving average, exponential 
average, volatility, lag price, momentum indicator (RSI), trend 
indicator (MACD), and Bollinger Bands volatility. In order to 
maintain data consistency, missing values caused by rolling 
computations are deleted. Once the extraction of the feature 
has been done, the dataset is then standardized by feature 
scaling to make sure that all the input variables play equally 

when training the model. As data is in a tempo- ral sequence, 
the data is divided into the training and testing sets under 
a time-series conscious method, maintaining the temporal 
order and preventing the leakage of information. To find the 
optimal technique for predicting the future price of Ethereum, 
many machine learning models are first trained and evaluated. 
Performance is evaluated using F1 score, recall, accuracy, 
and precision. According to a comparative analysis, Logistic 
Regression has been chosen as the final prediction model since 
they are the best to be more accurate and equal in performance. 
The Logistic Regression model is subsequently trained and 
the upcoming prediction of the next-day price movement 
of Ethereum is made using the latest available data. The 
end result gives a directional prediction, and it tells whether 
the price of ethereum will go up or down. This systematic 
approach makes the prediction very reliable and makes the 
calculations very efficient and interpretable. The system takes 
into account various groups of application characteristics, that 
combine to make up an overall behav- ioral profile: 

• Price characteristics including open, high and low. 
• Moving averages trend indicators and ex- ponential aver- 

ages trend indicators. 
• Momentum indicators, such as Relative Strength Index 

(RSI) and MACD. 
• Rolling standard deviation and Bollinger Bands. 

By integrating these diverse technical indicators, the sug- 
gested framework accurately portrays both the short-term price 
fluctuations and the broader dynamics of the Ethereum market. 
By dividing the processed data into training and test sub- 
sets, we can evaluate how well the machine learning models 
perform. The models are trained using around 80while the 
remaining 20compares the accuracy of many machine learning 
models in forecasting where the price of Ethereum will go in 
the future. Logistic Regression is the best model among the 
analyzed models that gives the highest prediction accuracy 
hence is chosen as final model. 

 
A. Dataset 

Includes open, high, low, and closing prices as well as 
trading volume and percentage day change, this data comes 
from the historical Ethereum market. The trade data for a 
single day is included in each record. In order to forecast 
movement in the price in the next day, a target variable is 
created by comparing the price of both days, the current day 
and the following day. When the price in the next day is 
greater, the movement is denoted as UP or in the opposite 
case as DOWN. The dataset is used to reflect both upward 
and downward market conditions to enhance the generalization 
of the model. Preprocessing of the data is done before train- 
ing including converting volumes to percentages, eliminating 
irrelevant values, normalizing features etc. Prediction task is 
turned into a binary classification problem by generating a 
target variable that depends on the movement of the next-day 
price. 
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B. Feature Extraction
In order to make useful numerical characteristics for

machine learning out of raw pricing data, feature extraction 
is a crucial step. A number of technical indicators are cal- 
culated to portray Ethereum price patterns, momentum, and 
volatility. The indicators consist of simple and exponential 
moving average, price returns, lagged price values, Relative 
Strength Index (RSI), Moving Average Convergence Diver- 
gence (MACD) and Bollinger Bands. Standardization is done 
to provide consistency between the features through feature 
scaling methods. Feature selection is done to eliminate irrel- 
evant indicators and also to reduce redundancy. The obtained 
feature vectors contain meaningful and concise representation 
of Ethereum market behavior, which allows partitioning the 
model and making predictions. 

C. Machine Learning Model
Training The prediction model is trained offline based on

a supervised learning strategy. There are various machine 
learning models that are first assessed in order to single out 
the most successful model to predict directions of Ethereum 
prices. The metrics of performance based on accuracy, pre- 
cision, recall, and F1-score are evaluated as- sessed model 
performance. According to the comparison, Logistic Regres- 
sion is chosen as the ultimate prediction model because it is 
more accurate with better balanced performance. The trained 
Logistic Regression model is used during real-time prediction 
to predict the likelihood of an upward or a downward price 
movement by using the latest feature values. The model has 
been streamlined to be interpretable, computationally efficient 
and stable in its performance, allowing it to be used in real- 
world cryptocurrency price prediction. 

IV. SYSTEM ARCHITECTURE

The suggested system architecture of Ethereum price pre- 
diction will consist of a modular pipeline that will take his- 
torical market data of cryptocurrency, extract useful technical 
indicators, and provide next-day price direction prediction with 
a machine learning model. The architecture is a combination 
of a set of modules that interrelate and convert raw market 
data into predictive information. The suggested system works 
with market data of historical Ethereum market data with 
the following attributes that include open price, high price, 
low price, trading volume, close price, and daily percentage 
change. These attributes act as the vital indicators of the 
day-to-day market activity. The data is saved in the form 
of CSV which is then analyzed with the help of Python 
data analysis library pandas to ensure easy manipulation and 
analysis of the data. Raw financial data are processed during 
the preprocessing phase to clean and format the data into a 
machine learning consumable format. Values in volume terms 
that are represented in short forms like thousands or millions 
are changed into numeric values and the percentage signs are 
eliminated in the column of change. The target variable is then 
created to portray the direction the Ethereum price is heading 
in the next day. The model’s forecasting ability is enhanced 

Fig. 1. System Architecture of Ethereum coin price prediction using Machine 
learning 

 
by computing additional technical indicators utilizing price 
series. They include momentum and trend indicators like 
as exponential moving averages (EMAs), Bollinger Bands, 
volatility indicators, moving average convergence divergence 
(MACD), and relative strength indexes (RSIs). Such indicators 
can be used to capture market patterns and changes that 
affect the price behavior of cryptocurrencies. The features 
were then transferred to the feature scaling module where the 
standardization was performed using a scaling tool to make 
the features normalized. Feature scaling will also make all 
the input variables count equally when training the model and 
avoid bias due to differences in numerical ranges. A machine 
learning prediction model is trained using the processed fea- 
tures. The Logistic Regression is also employed in the pro- 
posed system since it is based on the next day Ethereum price 
direction prediction. The application of Logistic Regression is 
known to be effective in binary classification, in interpretable 
and highly effective in structured datasets. The scikit-learn 
machine learning library provides information regarding the 
implementation of the Logistic Regression. Lastly, the predic- 
tion model uses the latest mar- ket data in the trained model 
to decide whether Ethereum price will increase or decrease on 
the next day. The result of the system is shown in a form of 
directional forecast, which is either UP in the case of price 
rise or DOWN in the case of a price drop. 
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The proposed algorithm describes the step-by-step proce- 
dure used to predict the next-day price direction of Ethereum 
using a machine learning approach. The algorithm operates 
on historical Ethereum market data and applies preprocessing, 
feature extraction, model training, and prediction in a struc- 
tured manner. 

V. PROPOSED ALGORITHM possible break out. Once the features have been generated, 
rows with missing values that were added in the process of 
rolling computations are dropped. The feature selection is used 
to eliminate all the irrelevant attributes that are not useful 
in prediction of price movement. Standardization is done by 
scaling features to give equal contribution of all the features. 
The data is separated into training and test data through a time- 

   series aware split, which maintains the chronological series of 
Algorithm 1 Ethereum Price Direction Prediction Algorithm 

1: Load historical Ethereum price dataset. 
2: Convert trading volume values into numerical format. 
3: Remove percentage symbols from daily change values. 
4: Generate target labels based on next-day price movement. 
5: Compute technical indicators including moving averages, 

RSI, MACD, volatility, and Bollinger Bands. 
6: Remove rows with missing values created during indicator 

calculation. 
7: Select relevant features for model training. 
8: Apply feature scaling using standardization. 
9: Split the dataset into training and testing sets using a time- 

series aware approach. 
10: Train the Logistic Regression model using the training 

dataset. 
11: Evaluate model performance using accuracy, precision, 

recall, and F1-score. 
12: Select Logistic Regression as the final model based on 

evaluation results. 
13: Input the latest available data into the trained model. 
14: 
15: if Data is latest then 
16: Predict the next-day Ethereum price direction as UP or 

DOWN. 
 17: end if 

The algorithm begins by loading historical Ethereum market 
data, which serves as the foundation for training the prediction 
model. This dataset contains daily price information and trad- 
ing volume, enabling the system to analyze past market behav- 
ior. Data preprocessing is performed to convert non-numeric 
values into usable numerical formats. Trading volumes ex- 
pressed with suffixes such as “K” and “M” are transformed 
into absolute values, and percentage symbols are removed 
from change attributes. These steps ensure data consistency 
and prevent computational errors during model training. To 
enable supervised learning, a target variable is generated based 
on the next-day price movement. If the following day’s price 
is higher than the current day’s price, the label is set to upward 
movement; otherwise, it is marked as downward movement. 
This formulation converts the problem into a binary classi- 
fication task. The algorithm then calculates various technical 
indicators in order to reflect various market dynamics. There 
are indicators of trend like mov- ing averages and exponential 
moving averages. behavior, volatility measures describe the 
changes in price. Indicators based on momentum such as 
RSI and MACD give hints at the strength of the market 
and the Bollinger bands allow to define the price range and 

the data. This method will not cause information leakage and 
will be applicable to the real world forecasting conditions. 
The association between the technical indicators and price 
direction is then discovered by training the Logistic Regression 
model with the training data. Model performance is assessed 
using standard classification metrics, including as accuracy, 
precision, recall, and F1-score. According to the comparative 
analysis, Logistic Regression is a final model because it is 
more accurate and has a more stable performance. Lastly, 
predicting the direction of the Ethereum price of tomorrow 
based on the latest market data is done using the trained 
model. The output will show a direction of the price that is 
likely to increase or decrease, giving a useful and reasonable 
forecasting output. 

VI. EXPERIMENTAL RESULTS AND DISCUSSION

An experimental evaluation of the provided Ethereum price 
prediction method is conducted, and the outcomes are ex- 
plained. The best machine learning model to forecast price 
movement the following day was determined by comparing 
the efficacy of several models. All experiments were run 
on historical Ethereum data in terms of price information 
subjected to a time-series cognizant setup in order to create 
realistic conditions of forecasting. 

A. Quantitative Evaluation
The experiments were conducted on Python and standard

machine learning packages, such as scikit-learn and XGBoost. 
The sample was historical Ethereum market data, which had 
price, volume, and change information on a daily basis. To 
prevent data leakage, an 80:20 chronological split was done 
to divide the data into training and test set. The model’s predic- 
tion performance is evaluated using a number of classification 
metrics, including recall, accuracy, precision, and F1-score. 
The precision and recall metrics assess the thoroughness and 
accuracy of positive predictions, while accuracy measures the 
proportion of right predictions. The F1-score provides a more 
complete picture of the model’s efficacy as it accounts for 
both recall and accuracy. In Table I, we can see how the new 
prediction framework based on random forests compares to 
the present system. Technical indicators including volatility, 
relative strength, simple moving averages, and exponential 
moving averages were computed using the raw price data. 

Table I presents a comparative analysis of the existing 
system and the proposed Random Forest–based prediction 
framework. 

Moving Average Conver- diver- gence (MACD), Bollinger 
Bands, and Strength Index (RSI). These were the indicators 
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TABLE I 
QUANTITATIVE PERFORMANCE COMPARISON 

Metric Existing System Proposed System 
66.3% 81.2% 
0.611 0.753 
0.571 0.831 
0.591 0.790 
High Low 

Prediction Accuracy 
Precision 
Recall 
F1-Score 
False Positive Rate 
Average Detection Latency Higher Lower 

that were taken as input features to model training. Standard- 
ization was used to scale the features in order to have equal 
contributions of all features. 

B. Qualitative Evaluation

The following supervised learning models were evaluated:
Random Forest, XGBoost, Lo-gistic Regression, and Support 
Vector Machine (SVM). Accuracy, precision, recall, and F1 
score were the standard metrics used to assess the performance 
of the model. Random Forest model was moderate with an 
accuracy of 66.3recall all the correct price movements all the 
time. SVM model demonstrated better results than Random 
Forest with an accuracy of 74.8 per cent. The sensitivity 
to parameter selection and more complexity of computation 
however affected its performance. XGBoost model had a good 
recall, especially when used with rising prices. Nonetheless, 
its overall accuracy was 73.5 percent and moderate precision 
showed that it was sometimes misclassifying. Of all the 
reviewed models, the overall performance of the Logistic 
Regression was the highest. It recorded an accuracy of The 
recall of 0.831, precision of 0.753 and F1- score of 0.790 and 
recall of 81.2. These findings are the pointer of a balanced 
and predictable level of prediction, thus making it the most 
appropriate model in the proposed system. 

The following supervised learning models were evaluated: 
Random Forest, XGBoost, Lo-gistic Regression, and Support 
Vector Machine (SVM). The model’s performance was as- 
sessed using the standard classification measures: accuracy, 
precision, recall, and F1-score. Due to its inability to consis- 
tently remember all of the proper price changes, the Random 
Forest model had a modest accuracy of 66.3SVM model 
demonstrated better results than Random Forest with an accu- 
racy of 74.8 per cent. The sensitivity to parameter selection 
and more complexity of computation however affected its 
performance. XGBoost model had a good recall, especially 
when used with rising prices. Nonetheless, its overall accuracy 
was 73.5 percent and moderate precision showed that it was 
sometimes misclassifying. Of all the reviewed models, the 
overall performance of the Logistic Regression was the high- 
est. It recorded an accuracy of The recall of 0.831, precision 
of 0.753 and F1- score of 0.790 and recall of 81.2. These 
findings are the pointer of a balanced and predictable level of 
prediction, thus making it the most appropriate model in the 
proposed system. 

Fig. 2. web interface for Ethereum coin price prediction using machine 
learning 

C. Prediction Results
The Logistic regression model that was trained was applied

to forecast the direction of the price the next day using the 
latest available data. The output represents the direction of 
the change in the price of Ethereum which can be either 
uphill or downhill. The model in the experiment carried out 
indicated a price decline in the next day. This finding shows the 
practical relevance of the suggested framework in the short- 
term direction forecasting of the market. 

D. Discussion
In the experiment, the data obtained confirms that the well

constructed technical indicators and a lightweight classifica- 
tion model could be useful in terms of capturing short-term 
price movement patterns. More sophisticated models may give 
competitive results, however, simplicity and interpretability 
of the Logistic Regression model enhance its better and 
consistent results in this study. In spite of these positive results, 
the cryptocurrency markets are very unstable and vulnerable to 
outside factors, which are not reflected in the historical price 
data itself. Thus, the predictions are to be viewed as decision- 
support products, but not as the forecasts. The next step would 
be to introduce sentiment analysis, macroeconomic indicators, 
and the use of deep learning to increase the accuracy of 
prediction in the future. 

VII. CONCLUSION

This paper introduced a machine learning-based model to 
forecast the direction of the next-day price movement of 
Ethereum by taking into consideration historical market data 
and technical indicators. A test-to-test study was conducted 
on the evaluation of different supervised learning models 
including Random Forest, Support Vector machine, XGBoost, 
and Logistic Regression. These models contain some of the 
most efficient in the accuracy, precision, recall, and F1- 
score. Logistic Regression was most performing. The sug- 
gested system has a good integration of data preprocess- 
ing, computation of technical indicators, feature scaling and 
time- series aware model training to guarantee credible and 
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realistic prediction outcomes. According to the results of the 
experiment, the suggested methodology demonstrates a better 
prediction accuracy in addition to a low level of computational 
complexity, which is why it can be implemented practically. 
The predictability of clear and interpretable UP or DOWN 
predictions by the model increases its applicability in short- 
term analysis of the market direction. Despite the encouraging 
outcome of the suggested framework, cryptocurrency markets 
are volatile nature and cannot be controlled by external factors 
outside of the past price data. Thus, the forecasts can be taken 
as supportive information but not as conclusive ones. Further 
research can be performed in the future to include sentiment 
analysis, macroeconomic indicators, and highly sophisticated 
deep learning algorithms to enhance prediction accuracy and 
robustness. 
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