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ABSTRACT
Cryptocurrency is a form of decentralized digital currency. Ethereum is

the second-largest cryptocurrency by market capitalization and the largest
altcoin. Cryptocurrencies including Ethereum are highly volatile. Hence, short-
term directional forecasts in the cryptocurrency market have become a widely
discussing topic. Candlestick charts are useful visualizations of the open, high,
low and close prices which can identify patterns and gauge the near-term
direction of prices. This research explores the effectiveness of forecasting
hourly Ethereum closing price direction based on candlestick charts within
a short time horizon. The proposed forecasting algorithm incorporates clus-
teringmethods such as fuzzy K-means, K-means and partition aroundmedoids
clustering to cluster candlestick chart properties namely upper shadow length,
body length and lower shadow length. Classification methods such as random
forest, support vector machine and K-nearest neighbour were used to forecast
closing price direction using 16 different predictor variable sets including
open, high, low and close prices, candlestick chart price direction, USL, BL
and LSL. The accuracy for all considered cases was around 50%. Cluster-
ing improved the accuracy slightly and including the CPD with the predictor
variable sets under consideration can increase the accuracy slightly. How-
ever, this approach is performing better in predicting the Down cases to the
total number of actual Down cases because there is a higher sensitivity of
81.20% based on the SVM with Open, High, Low and Close at t in the clus-
tering ignored method.
Keywords: Machine Learning, Cryptocurrency, Candlestick Charts,
Directional Forecast, Clustering
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1 Introduction

The digitalization is considered as the industrial revolution or the digital rev-
olution which started in the 20th century. Digitalization can be referred to as
adopting digital means to enhance the existing process. The wave of digital-
ization has resulted in a revolutionary change in the lifestyle of human beings.
Digital currency is created as a result of digitalization.

Cryptocurrency is a form of decentralized digital currency that uses cryp-
tography to secure and verify transactions in a network. This is an alternative
form of payment created using encrypted algorithms. Most cryptocurrencies
depend on the blockchain technology. Blockchain technology is a distributed
and advanced database mechanism or ledger that allows transparent and se-
cure information sharing among a computer network’s nodes. Cryptocurren-
cies are not backed by any of the public or private entities so it is difficult to
make a case for their legal status throughout the world.

In recent years, there has been considerable growth in cryptocurrencies.
According to CoinMarketCap (2023), there are more than 20000 cryptocur-
rencies by January 2023. The increasing popularity and market acceptance of
cryptocurrencies have attracted both investors and the academic community.
As of January 2023, Bitcoin (BTC) is the largest cryptocurrency by market
capitalization and Ethereum (ETH) is the second largest cryptocurrency by
market capitalization, it is the top-performing altcoin where altcoins can be
described as all the cryptocurrencies other than Bitcoin.

Ethereum (ETH) is the second largest cryptocurrency and the largest alt-
coin by market capitalization as on January 2023. Ethereum is also called
Ether. According to Chen et al. (2019), Ethereum is a highly volatile cryp-
tocurrency. Ethereum is a native cryptocurrency of the Ethereum network. Ac-
cording to Ethereum (2023), one major advantage of Ethereum over Bitcoin
is the unlimited supply of Ethereum. The Bitcoin system will not release new
Bitcoins when the limit of 21million coins is reached. However, Ethereum has
no limit and the total supply is programmed to increase gradually providing
an infinite supply of coins.

According to Nison (2001), the concept of candlestick charts was devel-
oped in the 18th century by a Japanese rice trader named Munehisa Homma.
This technique was developed as a technical analysis method to analyze the
price of rice contracts. The candlestick analysis is a tool that offers a glimmer
into the psychology of short-term trading activities. Nison (1991) introduced
candlestick charting techniques to the Western world and thereafter this tech-
nique became popular in many fields. Candlestick charts are useful visualiza-
tions of open, high, low and close prices. Traders use these charts and identify
the patterns and gauge the near-term direction of prices. A Candlestick chart
is created using the open, high, low and close prices. The colour of the can-
dlestick chart is based on the candlestick chart price direction which is found
by comparing the open and close prices.
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Several research studies (Parikh et al., 2022; Iqbal et al., 2021; Liu and
Serletis, 2019) have been done with a focus on cryptocurrencies using var-
ious methods and techniques. However, the most frequently explored area
was cryptocurrency price prediction and most of the researchers have focused
on long-term cryptocurrency price prediction using time series models (Der-
bentsev et al., 2019; Yamak et al., 2019). Even though short-term forecast-
ing (Derbentsev et al., 2019) was explored, the studies done with the focus
on short-term forecasting were relatively low. Several research studies (Ortu
et al., 2022; Barnwal et al., 2019) have been done regarding cryptocurrency
price direction forecasting but those have mainly focused on Bitcoin short-
term price direction forecasting (Pabuccu et al., 2023) and the other cryptocur-
rencies which are known as altcoins are kept unexplored compared to that of
Bitcoin. Hence, it is important to explore other cryptocurrencies. Candlestick
charts are commonly used in technical analysis. There are several well-known
candlestick behaviours and the traders and investors use those standard pat-
terns. Several research studies (Cohen, 2021; Ho et al., 2021) were found in
literature regarding those standard patterns and pattern classification. Can-
dlestick chart analysis is commonly used in other financial markets such as
the forex market and the stock market. The use of candlestick charts in cryp-
tocurrency market is not very common. Research studies done with a focus
on candlestick chart properties and cryptocurrencies are comparatively low.

Based on the identified research gap which states about the importance
of exploring other cryptocurrencies commonly known as altcoins based on
new methods and techniques that are not explored yet, Ethereum short-term
directional forecasting using candlestick charts was taken into consideration
and motivated in researching it.

In this study, we explored the effectiveness of forecasting Ethereum short-
term closing price direction using the properties of candlestick charts and the
possibility of identifying clusters based on candlestick properties. Also we
explored about the classification models that can provide accurate forecasts
of the short-term price direction of Ethereum using the properties of candle-
stick charts. Furthermore, this paper investigates whether clustering help to
improve the forecasting accuracy.

2 Methodology

This study used timely data with one hour frequency for the year 2022. First,
the data preprocessing was done. New variables that include the candlestick
chart properties and the target variable which is the closing price direction at
the next immediate time point (FCPD) were created and added to the dataset.
Then a preliminary analysis was done. Next, clustering was done to iden-
tify similar candlestick chart patterns. Sixteen different predictor variable sets
were created and classification was done considering the clustering based
method and clustering ignored method. Confusion matrix was derived and
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evaluation metrics were obtained. Finally, the effectiveness of the used pre-
dictors and methodologies in predicting the target variable was discussed.

2.1 Data Sources
This research study was carried out using secondary data and the data set was
downloaded from the cryptocurrency exchange named Gemini using Crypto-
datadownload Website.

Original variableswere open, high, low and close price values of Ethereum
with hourly frequency from 2022-01-01 00:00 to 2022-12-31 23:00 in Eastern
Standard Time (EST).

2.2 Data Preprocessing
This study focused on using candlestick chart properties to forecast the price
direction. The values of open, high, low and close prices, the candlestick chart
price direction (CPD) and the values of upper shadow length (USL), body
length (BL) and lower shadow length (LSL) were used in this study.

The method of finding the candlestick chart price direction and the meth-
ods of calculating the candlestick properties can be shown using Fig. 1.

Fig. 1: Basic candlestick charts

If the open price is less than the close price then the candlestick chart price
direction is Up and it is considered as a Green Candlestick.

When the candlestick chart price direction is Up, the USL, BL and LSL
can be defined as in Equation 1, Equation 2 and Equation 3,

USL = High Price - Close Price (1)
BL = Close Price - Open Price (2)
LSL = Open Price - Low Price (3)

If the open price is greater than the close price then the candlestick chart
price direction is Down and it is considered as a Red Candlestick.

When the candlestick chart price direction is Down, the USL, BL and LSL
can be defined as in Equation 4, Equation 5 and Equation 6,

USL = High Price - Open Price (4)
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BL = Open Price - Close Price (5)
LSL = Close Price - Low Price (6)

If the open price is the same as the close price then the candlestick chart
price direction is Same and it is considered as a Doji Candlestick.

When the candlestick chart price direction is Same, the USL, BL and LSL
can be defined as in Equation 7, Equation 8 and Equation 9,

USL = High Price - Close Price (or Open Price) (7)
BL = 0 (Open price = Close price) (8)

LSL = Open Price (or Close Price) - Low Price (9)

The past values up to three lags t-1, t-2, and t-3 for all the variables namely
open price, high price, low price, close price, CPD, USL, BL and LSL were
computed and included in the data set. This research study explored the can-
dlestick chart behaviour only up to three lags because this study is focusing
on a short time horizon.

The target variable which is the closing price direction at the next imme-
diate time point (FCPD) was computed and included in the data set. The target
variable can be defined as in Equation 10,

FCPD =

{
up if Close Price at t < Close Price at t+ 1

down if Close Price at t > Close Price at t+ 1
(10)

Here, t is the considered time point.
The situations where the close price at t = close price at t + 1 which gives
the level as same were not considered in the analysis because the data for
this situation was insufficient. It can be considered as a constraint under this
research study.

2.3 Clustering
Clustering was done to identify similar candlestick chart patterns. The can-
dlestick chart properties namely USL, BL and LSL were clustered using three
clusteringmethods namely fuzzyK-means clustering, K-means clustering and
partition around medoids clustering.

The initial number of desired clusters was not known at the beginning so
a function was created using R programming language in order to find the
optimal number of clusters.

Under this research study, the desired number of clusters under each of
the above mentioned three methods was found by considering the highest sil-
houette index. Then the most appropriate clustering method was decided by
comparing the highest silhouette indexes under each method and selecting the
method with the highest silhouette index.

Silhouette index (Equation 11) is a well-known cluster validity index and
this is used to evaluate the goodness of the clustering structure. This measures
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how well an observation is clustered by considering how close the objects are
within the cluster and how far the objects are in between clusters.

Silhouette Index =
b− a

max(a, b)
(11)

where a is the mean distance within the cluster and b is the mean distance to
the nearest cluster.

2.3.1 Fuzzy K-means Clustering
Fuzzy K-means clustering is a method which comes under soft clustering.
Under this clustering method, the data point belongs to more than one cluster
with different degrees of membership. The probability score or likelihood that
a data point belongs to a particular cluster is known as the degree of member-
ship. The degree of membership ranges between zero and one and the data
point is assigned to the cluster which has the highest degree of membership.

2.3.2 K-means Clustering
K-means clustering is a method which comes under hard clustering. Under
this clustering method, the data point belongs to only one cluster. K-means
clustering is one of the most used clustering methods which comes under
partitioning clustering. The K-means clustering method finds the similarity
between the observations and groups them into clusters.

2.3.3 Partition Around Medoids Clustering
Partition aroundmedoids clustering is a method which comes under hard clus-
tering. Under this clusteringmethod, the data point belongs to only one cluster.
This is a clustering method which is based on the medoids.

2.4 Predictor Variable Sets
The 16 different predictor variable set (Xt)s used for classification:

• USL, BL, LSL and CPD at t
• USL, BL and LSL at t
• Open, High, Low, Close and CPD at t
• Open, High, Low and Close at t
• USL, BL, LSL and CPD at t, t-1
• USL, BL and LSL at t, t-1
• Open, High, Low, Close and CPD at t, t-1
• Open, High, Low and Close at t, t-1
• USL, BL, LSL and CPD at t, t-1, t-2
• USL, BL and LSL at t, t-1, t-2
• Open, High, Low, Close and CPD at t, t-1, t-2
• Open, High, Low and Close at t, t-1, t-2
• USL, BL, LSL and CPD at t, t-1, t-2, t-3
• USL, BL and LSL at t, t-1, t-2, t-3
• Open, High, Low, Close and CPD at t, t-1, t-2, t-3
• Open, High, Low and Close at t, t-1, t-2, t-3
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2.5 Classification

The predictor variable sets were used as input variables to forecast the
closing price direction at the next immediate time point. Classification meth-
ods such as random forest (RF), support vector machine (SVM) and K-nearest
neighbour (KNN) were used. Classification was done under two approaches
namely clustering based method and clustering ignored method. The data set
was trained considering 10-fold cross validation. Predictions were obtained
for the test set and confusion matrix and evaluation metrics were derived. The
forecast comparison was done considering the Accuracy values.

Accuracy (Equation 12) is the ratio of correct predictions to the total num-
ber of predictions made by the classification model.

Also, the sensitivity values were obtained. Sensitivity (Equation 13) is the
the ratio of actual Down cases that got predicted as Down according to the
classification model to the total number of actual Down cases.

Accuracy =
TD + TU

TD + FD + TU + FU
(12)

Sensitivity =
TD

TD + FU
(13)

where TD is the situation where model has predicted Down and the actual
is also Down, FD is the situation where model has predicted Down but the
actual is Up, FU is the situation where model has predicted Up but the actual
is Down and TU is the situation where model has predicted Up and the actual
is also Up.

2.5.1 Random Forest
Random forest is a classification technique which is based on the concept of
ensemble learning. The random forest grows multiple decision trees which
are merged together for a more accurate prediction.

2.5.2 Support Vector Machine
Support vector machines are supervised machine learning algorithms. The
classifier is formally defined by a separating hyperplane. Given the labelled
training data this algorithm outputs an optimal hyperplane that categorizes
new observations.

2.5.3 K-Nearest Neighbour
K-nearest neighbour is one of the simplest machine learning algorithms that
come under supervised learning. It is considered a lazy learner algorithm be-
cause it does not learn from the training set immediately but it stores the data
set and at the time of classification, it performs an action on the data set.
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The analysis of this research study was done using R programming lan-
guage and RStudio. Functions were created for clustering and classification
using R programming language.

2.6 Forecasting Algorithm
The overall methodology used can be presented as an algorithm.
2.6.1 Algorithm 1: Forecasting the Closing Price Direction based on

Candlestick Chart Properties

Input:
Hourly OHLC prices for the time points which have a trading volume greater than zero

Data Preprocessing:
Predictor Variables (Xt):
Create variables to represent CPD, USL, BL and LSL
Create variables to represent the OHLC prices, CPD, USL, BL and LSL upto three lags
Target Variable:
Closing price direction at the next immediate time point (FCPD)

Preliminary Analysis:
Data Visualizations and Contingency Tables

Clustering the Candlestick Properties (USL, BL, LSL):
Write functions using R programming language to the optimal number of clusters
Redo
For each method fuzzy K-means, K-means and partition around medoids clustering

Identify the highest silhouette index and the corresponding number of clusters
End
Identification of the best clustering method:
Compare the highest silhouette indexes under each of the above three clustering methods
Select the highest silhouette index among those three methods
Consider the corresponding clustering method as the most appropriate clustering method
Perform clustering based on the selected method and the optimal number of clusters

Classification of the Future Close Price Direction in hour t+1:
Create functions using R programming language for each of the three methods
Redo
Separately for each cluster and also for the whole data set without considering clustering

Redo
For each predictor set (Xt)

Perform the classification using RF, SVM and KNN
Use k-fold cross-validation technique
Obtain the predicted values for the test set

End
End

Derive confusion matrix and get evaluation metrics
Discuss the effectiveness of the used predictors in predicting the target variable

3 Results and Discussion

The data preprocessing and creation of the dataset was done as discussed in
section 2, Methodology. Then, the preliminary analysis was done.
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Fig. 2: The hourly candlestick charts for a single day (2022.01.07)

Fig. 2 shows the hourly candlestick charts for a single day. There are red
candlesticks which indicate that the open price is higher than the close price
in that hour and green candlesticks which indicate that the open price is lower
than the close price in that hour. The candlesticks do not show any systematic
pattern over time.

Fig. 3: The hourly candlestick charts for the considered date and time range

Fig. 3 shows the hourly candlestick charts from 2022.01.01 00:00 to
2022.12.31 23:00. The candlestick charts show higher values between January
2022 to June 2022 compared to other time ranges.

3.1 Results of Clustering

The optimal number of clusters under each of the fuzzy K-means clus-
tering, K-means clustering and partition around medoids clustering were ob-
tained. The best clustering method was found by comparing the values of
silhouette indexes at the optimal number of clusters under each method.
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Table 1: The table of the optimal number of clusters and respective
silhouette index under each considered clustering method

Optimal number Silhouette
Method of clusters index

Fuzzy K-means clustering 2 0.787
K-means clustering 2 0.603
Partition around medoids clustering 2 0.684

Based on Table 1, it was identified that the fuzzy K-means clustering
method gave the highest silhouette index while the K-means clustering gave
the lowest silhouette index. So, it was decided to use the fuzzy K-means clus-
tering method as the best clustering method because it gave the highest sil-
houette index at its optimal number of clusters.

The variables USL, BL and LSL of hourly candlestick charts were clus-
tered based on the fuzzy K-means clustering method and its optimal number
of clusters which was identified as two. The behaviour of the two clusters can
be shown as in Fig. 4.

Fig. 4: The cluster-wise violin plots for the variables used in clustering

Fig. 4 shows the distribution of USL, BL and LSL inside the two clusters.
The USL and LSL inside the two clusters behave in a similar manner while
the BL behaves differently. So the two clusters were named as Large Average
BL cluster and Small Average BL cluster.

3.2 Results of Classification

Parameter tuning was done using 10-fold cross-validation with each pre-
dictor variable set on each train data set based on clustering and ignoring
clustering. The classification was done using RF, SVM and KNN methods
by tuning the parameters.
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Table 2: The table of accuracy values for each considered predictor variable
set and classification method under clustering based method and clustering

ignored method

Predictor
variables Approach

Classification method
RF SVM KNN

USL, BL, LSL and CPD
at t

Clustering based 53.44% 53.49% 51.32%
Clustering ignored 53.77% 52.50% 52.45%

USL, BL and LSL
at t

Clustering based 49.94% 49.08% 51.55%
Clustering ignored 50.37% 47.27% 49.74%

Open, High, Low, Close
and CPD at t

Clustering based 53.95% 53.15% 50.29%
Clustering ignored 53.89% 53.31% 52.56%

Open, High, Low and
Close at t

Clustering based 50.74% 50.74% 51.15%
Clustering ignored 50.89% 50.20% 50.09%

USL, BL, LSL and CPD
at t, t-1

Clustering based 52.75% 53.72% 51.15%
Clustering ignored 52.91% 52.56% 50.89%

USL, BL and LSL
at t, t-1

Clustering based 49.94% 48.22% 50.52%
Clustering ignored 50.95% 47.84% 51.81%

Open, High, Low, Close
and CPD at t, t-1

Clustering based 52.12% 52.81% 51.89%
Clustering ignored 52.50% 51.81% 52.45%

Open, High, Low and
Close at t, t-1

Clustering based 51.49% 50.74% 52.23%
Clustering ignored 50.26% 49.91% 52.10%

USL, BL, LSL and CPD
at t, t-1, t-2

Clustering based 53.38% 53.72% 51.95%
Clustering ignored 52.96% 52.27% 51.76%

USL, BL and LSL
at t, t-1, t-2

Clustering based 51.66% 49.71% 50.06%
Clustering ignored 48.59% 48.65% 52.27%

Open, High, Low, Close
and CPD at t, t-1, t-2

Clustering based 52.41% 52.92% 51.26%
Clustering ignored 52.04% 51.99% 49.45%

Open, High, Low and
Close at t, t-1, t-2

Clustering based 50.17% 50.17% 52.63%
Clustering ignored 51.64% 49.86% 49.63%

USL, BL, LSL and CPD
at t, t-1, t-2, t-3

Clustering based 53.09% 54.24% 50.80%
Clustering ignored 53.66% 52.22% 52.33%

USL, BL and LSL
at t, t-1, t-2, t-3

Clustering based 52.06% 49.60% 50.29%
Clustering ignored 48.01% 48.13% 50.55%

Open, High, Low, Close
and CPD at t, t-1, t-2, t-3

Clustering based 52.06% 53.61% 52.29%
Clustering ignored 51.70% 52.85% 50.78%

Open, High, Low and
Close at t, t-1, t-2, t-3

Clustering based 50.00% 49.60% 50.97%
Clustering ignored 50.89% 50.66% 50.83%
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Table 3: The table of sensitivity values for each considered predictor
variable set and classification method under clustering based method and

clustering ignored method

Predictor
variables Approach

Classification method
RF SVM KNN

USL, BL, LSL and CPD
at t

Clustering based 53.05% 56.55% 51.92%
Clustering ignored 54.58% 54.22% 53.37%

USL, BL and LSL
at t

Clustering based 51.69% 63.43% 50.00%
Clustering ignored 52.17% 66.99% 51.93%

Open, High, Low, Close
and CPD at t

Clustering based 51.13% 48.53% 49.55%
Clustering ignored 53.98% 56.75% 51.45%

Open, High, Low and
Close at t

Clustering based 51.35% 68.28% 51.02%
Clustering ignored 52.29% 81.20% 48.19%

USL, BL, LSL and CPD
at t, t-1

Clustering based 66.25% 59.26% 52.82%
Clustering ignored 63.37% 65.90% 53.37%

USL, BL and LSL
at t, t-1

Clustering based 51.13% 66.48% 52.14%
Clustering ignored 52.53% 77.71% 54.58%

Open, High, Low, Close
and CPD at t, t-1

Clustering based 59.71% 69.07% 51.69%
Clustering ignored 60.00% 63.61% 49.16%

Open, High, Low and
Close at t, t-1

Clustering based 51.58% 67.16% 51.24%
Clustering ignored 50.00% 79.52% 50.60%

USL, BL, LSL and CPD
at t, t-1, t-2

Clustering based 61.74% 57.90% 52.60%
Clustering ignored 61.69% 63.01% 54.46%

USL, BL and LSL
at t, t-1, t-2

Clustering based 53.05% 68.96% 48.76%
Clustering ignored 52.53% 64.82% 51.81%

Open, High, Low, Close
and CPD at t, t-1, t-2

Clustering based 59.71% 65.01% 51.81%
Clustering ignored 59.52% 66.39% 49.28%

Open, High, Low and
Close at t, t-1, t-2

Clustering based 50.34% 62.19% 50.90%
Clustering ignored 52.77% 79.52% 48.19%

USL, BL, LSL and CPD
at t, t-1, t-2, t-3

Clustering based 60.27% 63.88% 48.53%
Clustering ignored 63.01% 62.29% 55.06%

USL, BL and LSL
at t, t-1, t-2, t-3

Clustering based 53.16% 59.48% 49.66%
Clustering ignored 52.77% 71.45% 54.70%

Open, High, Low, Close
and CPD at t, t-1, t-2, t-3

Clustering based 55.76% 68.62% 53.39%
Clustering ignored 57.83% 64.46% 50.96%

Open, High, Low and
Close at t, t-1, t-2, t-3

Clustering based 49.10% 60.84% 48.08%
Clustering ignored 53.61% 71.57% 47.11%

IASSL ISSN-2424-6271 45



N.I.M.B. Senanayaka and H.A. Pathberiya

According to Table 2, it can be identified that the accuracy for the con-
sidered classification methods namely RF, SVM and KNN under clustering
based method and clustering ignored method for all the predictor variable sets
provided similar results for the accuracy value and it was around 50%.

According to Table 3, it can be identified that the sensitivity for the consid-
ered classification methods namely RF, SVM and KNN for all the predictor
variable sets were around 50% to 70% in the clustering based method and
around 50% to 80% in the clustering ignored method. The highest sensitivity
is recorded under clustering ignored method and it was recorded as 81.20%.

The highest accuracy values and sensitivity values obtained under the
clustering based method and clustering ignored method are stated as follows,

Clustering Based Method
Highest accuracy: 54.24%
Predictor variable set: USL, BL, LSL and CPD at t, t-1, t-2, t-3
Classification method: SVM
Highest sensitivity: 69.07%
Predictor variable set: Open, High, Low, Close and CPD at t, t-1
Classification method: SVM

Clustering Ignored Method
Highest Accuracy: 53.89%
Predictor Variable Set: Open, High, Low, Close and CPD at t
Classification Method: RF
Highest sensitivity: 81.20%
Predictor variable set: Open, High, Low and Close at t
Classification method: SVM

Based on the findings of this research study it can be stated that the pro-
posed predictor variable sets which were created based on the candlestick
chart properties including open, high, low and close prices, CPD, USL, BL
and LSL within a short time horizon and the proposed methodology which
was based on clustering and ignoring clustering is not much successful in
forecasting the short term hourly closing price direction.

However, the accuracy could be increased slightly by clustering. Also, the
accuracy was slightly higher in the situations where CPD was included in the
predictor variable set than the situation where CPD was not included in the
predictor variable set under consideration.

Considering the sensitivity values, it can be stated that there is a possibility
to gain a higher sensitivity based on the SVMwithOpen, High, Low andClose
at t in the clustering ignoredmethod. Hence, this approach is performing better
in predicting the Down cases to the total number of actual Down cases.
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4 Conclusion

The proposed algorithm and the predictor variable sets which were created
considering the hourly candlestick charts within a short time horizon are not
considerably successful in accurately forecasting the Ethereum short term
price direction. The accuracy was around 50% for all the considered predictor
variable sets under RF, SVM and KNN in the clustering-based method and
clustering ignored method. However, this algorithm was successful and was
able to increase the accuracy at some situations. Based on the findings it can
be stated that clustering improves the accuracy slightly and including the CPD
with the predictor variable sets under consideration can increase the accuracy
slightly. Furthermore, the proposed approach is performing better in predict-
ing the Down cases to the total number of actual Down cases when clustering
is ignored and SMV is used with Open, High, Low and Close at t.
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