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INTELLIGENT TIME SERIES DATA ANALYSIS OF CRYPTOCURRENCY MARKET
DYNAMICS BASED ON OHLCV DATASET AND MOMENTUM TECHNICAL INDICATORS
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Abstract. This article presents an analysis of the historical dynamics of the cryptocurrency market
based on time series data using the OHLCV dataset. The study presents the results of calculations of the
main cryptocurrency market momentum technical indicators. Using intelligent computational methods, the
paper assesses patterns and trends in the data of major cryptocurrencies. The study emphasizes the im-
portance of technical analysis in understanding the volatile landscape of digital currencies.
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Introduction

In the domain of computer science, the study of
cryptocurrencies represents a dynamic intersection
of cryptography, distributed systems, and data ana-
Iytics. These digital assets, secured through crypto-
graphic methods, operate on decentralized networks
facilitated by blockchain technology, offering a nov-
el approach to secure and transparent transactions.
This setting presents a unique challenge for data
analysts and computer scientists: deciphering the
complex behavior of cryptocurrency markets
through intelligent data analysis techniques.

Cryptocurrency market dynamics are character-
ized by rapid fluctuations and intricate patterns,
making them an ideal subject for advanced computa-
tional analysis. The focus here shifts from traditional
economic analysis to the application of time-series
data analysis, a method critical in processing se-
guential data points collected over time intervals.
This approach is fundamental in computer science
for extracting meaningful patterns from data that
evolves over time, such as cryptocurrency price
movements and trading volumes.

Intelligent time-series analysis employs ma-
chine learning and statistical modeling to forecast
future trends based on historical data. This technique
is paramount in navigating the volatile cryptocurren-
cy market, as it enables the identification of patterns
and potential market movements with a high degree
of precision. By applying algorithms that learn from
data, researchers can predict changes in market con-
ditions, offering valuable insights for automated
trading systems and financial decision-making.

Technical momentum indicators are specialized
algorithms used within this analytical framework to
gauge the strength and direction of market trends.
These indicators analyze past price and volume data
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to predict future market movements. In the realm of
computer science, creating these indicators involves
sophisticated algorithmic design and the application
of statistical analysis techniques. They are crucial
for quantifying market sentiment and momentum,
thereby aiding in the development of predictive
models and decision support systems for trading in
cryptocurrency markets.

This article addresses the complex challenge of
analyzing cryptocurrency market dynamics through
a computer science lens, focusing on the use of
OHLCV (Open, High, Low, Close, Volume) da-
tasets and technical momentum indicators. It con-
tributes to the existing body of research by applying
intelligent time-series analysis methods to uncover
and interpret market behaviors. The study aims to
provide a comprehensive understanding of these
dynamics, offering insights that can enhance algo-
rithmic trading strategies and inform future research
directions in the continuously evolving field of cryp-
tocurrency analysis.

1. Overview of research tools

In the exploration of cryptocurrency market dy-
namics, the choice of research tools significantly
influences the depth and efficiency of analysis. Py-
thon, a versatile and powerful programming lan-
guage, stands at the forefront of this study due to its
wide acceptance in the data science and machine
learning communities. Its simplicity, readability, and
extensive ecosystem of libraries make it an ideal
choice for conducting sophisticated data analysis and
algorithmic processing in the realm of financial
markets.

Among the myriad of Python libraries availa-
ble, several are particularly instrumental for this
research. Firstly, pandas, a library offering high-
performance, easy-to-use data structures, and data
analysis tools, is crucial for handling and manipulat-
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ing the OHLCV datasets. It enables the efficient
processing of time-series data, facilitating the explo-
ration of intricate market dynamics through a com-
putational lens.

NumPy, another essential library, provides sup-
port for large, multi-dimensional arrays and matri-
ces, along with a collection of mathematical func-
tions to operate on these data structures. Its capabili-
ties are vital for performing numerical computations
required in the calculation of technical momentum
indicators and other statistical analyses.

For the specific task of calculating and analyz-
ing technical momentum indicators, the TA-Lib
library is of paramount importance. TA-Lib, short
for Technical Analysis Library, is a specialized Py-
thon library that provides tools for developing trad-
ing and market analysis algorithms, including func-
tions to compute over 150 technical indicators such
as moving averages, RSI (Relative Strength Index),
MACD (Moving Average Convergence Diver-
gence), and many others discussed in this study.

Moreover, matplotlib and seaborn are indispen-
sable for visualizing the data and the results of the
analysis. These libraries offer a wide range of plot-
ting functions, making it possible to create clear,
informative graphs that illustrate the cryptocurrency
market trends and the outcomes of technical indica-
tor analyses.

2. Overview of the input datasets

The foundation of our analysis in the cryptocur-
rency market dynamics is based on the examination
of OHLCV datasets. These datasets, representing
Open, High, Low, Close, and Volume data, provide
a granular view of market behavior over specified
intervals. The datasets are structured as follows:

— «Date» column marks the specific day for
the dataset entry, establishing a chronological order
essential for time-series analysis;

— «Open» column stands for the opening price
of the cryptocurrency at the start of the trading day;

— «High» column stands for the highest price
point reached by the cryptocurrency during the trad-
ing day;

— «Low» column stands for the price point of
the cryptocurrency within the same period,;

— «Close» column stands for the closing price
of the cryptocurrency at the end of the trading day,
indicating the final market sentiment;

—  «Volume» column reflects the total trading
volume of the cryptocurrency for the day, offering
insights into market activity.

For this study, we focus on daily interval da-
tasets for three major cryptocurrencies:

— ETH and BTC: From April 2018 to 2024,
capturing a broad spectrum of market behaviors and
trends;

— LTC: From June 2018 to 2024, providing a
comprehensive view of its market dynamics;

All datasets utilized in this study are open
source, sourced from the CryptoDataDownload plat-
form. This platform provides a valuable repository
of historical cryptocurrency data, enabling research-
ers and analysts to conduct extensive market analy-
sis.

This combination of detailed, interval-specific
datasets and sophisticated analytical tools lays the
groundwork for our comprehensive study of crypto-
currency market dynamics, aiming to uncover pat-
terns, trends, and insights that could inform trading
strategies and contribute to the broader field of fi-
nancial technology research.

Figures 1-3 provide a visual overview of the da-
tasets.
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Fig. 3. Litecoin prices and volume data

3. Momentum technical indicators calcula-
tion

In the core section of our study, we delve into
the intricate process of computing momentum tech-
nical indicators, a critical component in the analysis
of cryptocurrency market dynamics. These indica-
tors are pivotal for understanding market trends,
gauging volatility, and identifying potential entry
and exit points in trading strategies. Each indicator
employs mathematical computations based on the
OHLCV dataset to provide insights into the market's
momentum and direction.

Our analysis will cover a comprehensive array
of momentum technical indicators, which are elabo-
rated upon below. It's imperative to note that our
approach is deeply rooted in computer science
methodologies, particularly in the application of data
analysis, signal processing, and algorithmic design.
The indicators to be calculated and discussed in-
clude:

— ADX (Average Directional Movement In-
dex);

— ADXR (Average Directional Movement In-
dex Rating);

— APO (Absolute Price Oscillator);

— AROON Oscillator;

— BOP (Balance Of Power);

— CCI (Commodity Channel Index);

— CMO (Chande Momentum Oscillator);

—  MFI (Money Flow Index);

-  MOM (Momentum);

— PPO (Percentage Price Oscillator);

— ROC (Rate of Change);

— RSI (Relative Strength Index);

— TRIX (Triple Exponential Average).

Through meticulous computation and analysis
of these indicators, we aim to uncover underlying
patterns and trends within the cryptocurrency mar-
kets. This exploration not only furthers our under-

standing of market dynamics but also showcases the
application of advanced computational techniques in
the realm of financial data analysis.

3.1. ADX (Average Directional Movement In-
dex)

The Average Directional Movement Index
(ADX) is a technical momentum indicator that
measures the strength of a trend regardless of its
direction. Developed by J. Welles Wilder, it is wide-
ly used to identify whether a market is trending or
ranging, thus helping traders to decide if they should
employ trend-following strategies or not. The ADX
is a component of the Directional Movement Sys-
tem, which also includes the +DI (Positive Direc-
tional Indicator) and -DI (Negative Directional Indi-
cator) [1].

The ADX is calculated as a moving average of
the Directional Movement Index (DX), which itself
is derived from the +DI and -DI values. The formula
for ADX is:

ADX =

Smoothed Moving Average of DX (1)
Period

Where the DX is calculated as:
x 100 (2

__ |+DI—-DI|
" |+DI+-DI|

DX

And +DI and -DI are calculated based on the
differences between consecutive highs and lows.

The ADX formula involves several steps:

— +DI and -DI calculation: These indicators
represent the positive and negative directional
movements respectively, calculated based on the
differences between the current high (or low) and
the previous high (or low);

— DX calculation: The DX measures the direc-
tional movement by comparing the difference be-
tween +DI and -DI to their sum, normalized to a
scale of 0 to 100;

— ADX calculation: The ADX is the smoothed
moving average of the DX over a specified period,
typically 14 days.

In a computer science context, implementing
the ADX involves data manipulation and calculation
of moving averages, which can be efficiently per-
formed using Python's data analysis libraries, such
as Pandas. The computational aspect focuses on
iterating over the dataset, calculating the differences
between consecutive highs and lows for the +DI and
-DI, followed by the DX, and finally applying a
smoothing function to obtain the ADX. This process
highlights the application of algorithmic thinking
and numerical analysis within the realm of financial
data analysis.
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Figure 4 presents the results of ADX calcula-
tions for BTC, ETH and LTC.
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Fig. 4. ADX calculation results

3.2. ADXR (Average Directional Movement
Index Rating)

The Average Directional Movement Index Rat-
ing (ADXR) is a technical indicator derived from the
Average Directional Movement Index (ADX). It
aims to measure the strength of a trend over time,
providing a rating that helps investors to assess the
robustness of a trend. The ADXR is calculated by
taking the average of the current ADX value and the
ADX value from a selected period in the past, offer-
ing a smoothed measure of the trend strength [1].

The ADXR is calculated as the average of the
current ADX value and the ADX value «ny» periods
ago:

ADXR = ADXecurrent +ADXn periods ago 3)

2

The formula for ADXR emphasizes the im-
portance of historical trend strength in assessing the
current market condition. By averaging the current
ADX with a past ADX value, the ADXR smoothens
out the volatility in the ADX itself, providing a more
stable indicator of trend strength over time. The
choice of «n» periods ago for comparison is typical-
ly the same as the period used for calculating the
ADX, often 14 days.

Implementing the ADXR in a computer science
context involves accessing historical data points to
calculate the ADX values at two different times
(current and «ny» periods ago) and then computing
their average. This process highlights the use of
time-series data manipulation and underscores the
significance of historical data analysis in financial
computing. Utilizing Python for this calculation, one
would leverage data analysis libraries such as Pan-
das to handle the dataset and perform the necessary

calculations efficiently, showcasing the application
of programming skills in financial data analysis.

Figure 5 presents the results of ADXR calcula-
tions for BTC, ETH and LTC.
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Fig. 5. ADXR calculation results

3.3. APO (Absolute Price Oscillator)

The Absolute Price Oscillator (APO) is a mo-
mentum indicator that measures the difference be-
tween two moving averages of a security's price.
Essentially, it is a specific case of the Moving Aver-
age Convergence Divergence (MACD) indicator but
focuses solely on the absolute difference between
moving averages, ignoring the signal line used in
MACD. The APO helps in identifying momentum
shifts by signaling when a short-term average moves
above or below a long-term average, indicating po-
tential buying or selling opportunities.

The formula for calculating the APO is given

by:
APO = EMA;,, — EMA,, (4)

Where EMA (fast) is the Exponential Moving
Average over a shorter period (fastperiod) and EMA
(slow) is the Exponential Moving Average over a
longer period (slowperiod).

From a computational perspective, implement-
ing the APO in Python involves the use of libraries
such as Pandas for handling time series data effi-
ciently. The calculation process includes: computing
the EMA for both the fast and slow periods using the
respective time frames; subtracting the slow period
EMA from the fast period EMA to obtain the APO
value.

This process showcases the application of ex-
ponential smoothing techniques and highlights the
importance of algorithmic efficiency in handling
large datasets for financial analysis. The APO, with
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its straightforward calculation method, serves as an
excellent example of applying data processing and
numerical analysis techniques in the field of crypto-
currency market analysis.

Figure 6 presents the results of APO calcula-
tions for BTC, ETH and LTC.
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Fig. 6. APO calculation results

3.4. AROON Oscillator
The Aroon Oscillator formula is:
Aroon Oscillator = AroonUp — AroonDown (5)

Where:

AroonUp — (25— Periods sin;e525»period high ) % 100 (6)

25-Periods since 25-period low
AroonDown = ( - e )x 100 (7)

The Aroon Oscillator is derived from two main
components, Aroon-Up and Aroon-Down. Aroon-
Up measures the time elapsed since the highest price
was reached within a given window (typically 25
periods), while Aroon-Down measures the time
since the lowest price was recorded. Both are ex-
pressed as a percentage of the total period. The os-
cillator value itself represents the difference between
these two measurements, providing a single metric
that indicates the direction and strength of a trend.
Positive values indicate a bullish trend, while nega-
tive values suggest a bearish trend.

Implementing the Aroon Oscillator in a com-
puter science context involves iterating over the
dataset to identify the periods since a 25-period high
or low, then calculating the Aroon-Up and Aroon-
Down values before finally determining the oscilla-
tor value. This task can be efficiently accomplished
using Python, particularly with libraries such as
NumPy for numerical operations and Pandas for data

manipulation. The process highlights the integration
of computational techniques in analyzing financial
time series data, focusing on algorithm development
and the application of statistical methods.

Figure 7 presents the results of AROON calcu-
lations for BTC, ETH and LTC.
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Fig. 7. AROON calculation results
3.5. BOP (Balance Of Power)

The Balance Of Power (BOP) is a momentum
indicator that measures the strength of buying
against selling pressure in a market. It does so by
comparing the extent to which buyers are willing to
push prices up versus the extent to which sellers are
forcing them down. The BOP oscillates around a
zero line, where values above zero indicate buying
(bullish) dominance, and values below zero suggest
selling (bearish) pressure. This indicator is particu-
larly useful for confirming trend strength and poten-
tial reversal points by observing divergences be-
tween price movements and BOP values.

The BOP is calculated using the following for-
mula:

BOP = Clt?se—Open (8)
High—Low

The formula for BOP takes the difference be-
tween the closing and opening prices of a security
(numerator) and divides it by the range between the
highest and lowest prices during the same period
(denominator).

A value of BOP near 1 indicates strong buying
pressure (as the close is near the high), while a value
near -1 indicates strong selling pressure (as the close
is near the low).

In terms of computational implementation, cal-
culating the BOP for a dataset requires accessing the
open, high, low, and close prices for each period,
which can be efficiently done using Python's Pandas
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library. This involves element-wise operations on
the dataset's columns, showcasing the application of
vectorized operations for financial data analysis. The
BOP's simplicity in calculation, yet profound ability
to reveal market sentiment, makes it a valuable tool
in the arsenal of technical indicators for analyzing
cryptocurrency markets from a computer science
perspective.

Figure 8 presents the results of BOP calcula-
tions for BTC, ETH and LTC.
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Fig. 8. BOP calculation results

3.6. CCI (Commodity Channel Index)

The Commodity Channel Index (CCI) is a ver-
satile momentum indicator that can be used to iden-
tify new trends or warn of extreme conditions. Don-
ald Lambert introduced the CCI to measure the vari-
ation of a security's price from its statistical mean.
High values show that prices are unusually high
compared to the average price, and low values indi-
cate that prices are unusually low. This information
is used to assess overbought or oversold levels in the
price of a commodity, making the CCI particularly
useful for identifying cyclical trends in cryptocur-
rencies [2].

The CCI is calculated using the following for-
mula:

1 Typical Price - SMA of Typical Price
ccr = 0.015 X ( = " ) (9)

Where Typical Price for each period is:

Mean Deviation

High+Low+Close

: (10

Typical Price =

SMA of Typical Price is the Simple Moving

Average of the Typical Price over «n» periods and

Mean Deviation is the average of the absolute devia-

tions of each period's typical price from the SMA of
the Typical Price.

The CCI compares the current typical price of a
cryptocurrency to the average of typical prices over
a specific time frame (usually 20 periods). The result
is then normalized by the mean deviation. The con-
stant 0.015 is used to ensure that approximately 70%
to 80% of CCI values would fall between -100 and
+100 under normal conditions. This normalization
process helps to standardize the indicator, making it
easier to compare different securities or markets.

Implementing the CCI in a computer science
context involves applying statistical functions to the
time-series data of cryptocurrencies, which can be
adeptly handled using Python libraries like Pandas
and NumPy.

Figure 9 presents the results of CCI calcula-
tions.
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Fig. 9. CCl calculation results

3.7. CMO (Chande Momentum Oscillator)

The Chande Momentum Oscillator (CMO) is
designed to capture the momentum of a security's
price movement within a bounded range, typically
between -100 and +100. Developed by Tushar
Chande, the CMO aims to identify overbought and
oversold conditions by measuring the strength and
direction of trends. Unlike other momentum indica-
tors, the CMO compares the sum of up days to the
sum of down days over a given period, providing a
more direct view of market momentum.

The CMO is calculated using the following
formula:

Sum of Upward Price Movements-Sum of Downward Price Movements
Mo = ( > )x100 (11)

Sum of Upward Price Movements+Sum of Downward Price Movements

To calculate the CMO, one first needs to deter-
mine the price movement (change) from one period
to the next. An upward price movement is the differ-
ence in price if the current period’s price is higher
than the previous period's; conversely, a downward
price movement is the difference if the current peri
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od’s price is lower. The sums of these upward and
downward movements are then calculated over a
specified period (typically 14 days). The CMO for-
mula subtracts the sum of downward movements
from the sum of upward movements, divides this by
the total movement (sum of both upward and down-
ward movements), and then multiplies by 100 to
scale the result.

Implementing the CMO in a computational
context, such as with Python, involves iterating over
the cryptocurrency price data to calculate daily price
movements, aggregating these movements into sums
of upward and downward changes, and then apply-
ing the formula to derive the oscillator values.

Figure 10 presents the results of CMO calcula-
tions for BTC, ETH and LTC.
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Fig. 10. CMO calculation results

3.8. MFI (Money Flow Index):

The Money Flow Index (MFI) is a volume-
weighted momentum indicator that measures the
flow of money into and out of a security over a spec-
ified period of time. It is similar to the Relative
Strength Index (RSI) but incorporates volume, mak-
ing it a valuable tool for identifying overbought or
oversold conditions through the analysis of both
price and volume data. The MFI can help indicate
the strength of buying or selling pressure and poten-
tially signal price reversals by comparing inflows
and outflows of money.

The MFI is calculated as follows:

100
1+ Money Flow Ratio

MFI = 100 —

(12)

Where the Money Flow Ratio is calculated by
dividing the Positive Money Flow by the Negative
Money Flow. Positive Money Flow is the sum of the
Typical Prices for the days the price went up (multi-
plied by volume for those days), and Negative Mon-

ey Flow is the sum of the Typical Prices for the days
the price went down (multiplied by volume for those
days). The Typical Price for each day is the average
of high, low, and close prices and calculated by for-
mula 10.

The MFI integrates price and volume infor-
mation to gauge buying and selling pressure. It starts
with the calculation of the Typical Price for each
period, which is then multiplied by the volume to
determine the money flow for that period. These
money flows are classified as positive or negative
based on whether the current period's typical price is
higher or lower than the previous period's, respec-
tively. The Money Flow Ratio is then calculated by
dividing the sum of positive money flows by the
sum of negative money flows over a specified period
(usually 14 days). Finally, the MFI is derived by
applying the ratio to the formula above, producing a
value between 0 and 100 that can be used to identify
overbought or oversold conditions.

Figure 11 presents the results of MFI calcula-
tions for BTC, ETH and LTC.

MFI for BTC

MFI for BTC ‘“ |
80 ‘

oL M A AR ‘. ‘IJ.“
z f\ Ul A
N HW"*M M‘ “ ” ‘“' W'M (\

MFI for ETH

80 '. “Jl ‘ Il '

z o bl |\ \J\ f \‘ I' N’“ N
g W Hu‘ f " l‘m
‘ P}‘!H r}j 1 1 "')' "U[

2018 2019 2020 2021 2022 2023 2024
Date

MFI for LTC

“ i .. mrm T
W*' il v‘“{' “"'Nm“\'r‘v N,

| MF for LTC

'S
S

2019 2020 2021 2022 2023 2024
Date

Fig. 11. MFI calculation results

3.9. MOM (Momentum)

The Momentum (MOM) indicator measures the
rate of change or speed of price movement of a secu-
rity. It compares the current price with the price
from a specified number of periods ago. The indica-
tor is used to identify the strength of a price move-
ment; it can signal potential reversal points by indi-
cating when a security is overbought or oversold. A
positive momentum value indicates that prices are
increasing, while a negative value suggests prices
are decreasing. The MOM indicator is particularly
useful in trending markets to identify when the trend
strength is either increasing or waning [4].

Hayka npo nani Ta Benuki AaHi 71



ISSN 2221-3805. EnexkrpoTexHiuni Ta koMt totepHi cuctemu. 2024, Ne 39 (115)

The formula for calculating the Momentum in-
dicator is:

MOM = Closeren: — Close, periods ago (13)

This simple computation yields a value that rep-
resents the absolute change in the asset's price over
the specified period. The period length can be ad-
justed based on the analysis needs, with shorter peri-
ods potentially offering insights into short-term
momentum and longer periods providing a view of
longer-term momentum trends.

From a computational perspective, calculating
the Momentum indicator within a Python environ-
ment showcases the power of data manipulation
libraries such as Pandas. By utilizing Pandas, one
can easily access historical price data, apply the
formula across the dataset using rolling or shift op-
erations, and generate a series of momentum values.
This process involves iterating over the dataset with
a focus on efficient data access and manipulation,
underscoring the application of computer science
techniques in financial data analysis. The MOM
indicator, with its emphasis on rate of change, serves
as a fundamental tool for analyzing market dynamics
and trend strength in the volatile cryptocurrency
markets.

Figure 12 presents the results of MOM calcula-
tions for BTC, ETH and LTC.
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Fig. 12. MOM calculation results

3.10. PPO (Percentage Price Oscillator)

The Percentage Price Oscillator (PPO) is a
momentum oscillator that measures the relative dif-
ference between two moving averages as a percent-
age of the slower moving average. Similar to the
MACD (Moving Average Convergence Diver-
gence), the PPO expresses this difference in percent-

age terms, providing a scale-free measure of the
relationship between two moving averages. This
allows for easier comparison between different secu-
rities regardless of their price levels. The PPO is
useful for identifying potential trend reversals
through the convergence and divergence of its mov-
ing averages, as well as through the crossing of its
signal line.
The formula for calculating the PPO is:

EMAfast _EMAsIow

EMAslow (14)

PPO = ( ) x 100

The PPO calculation involves subtracting the
fast EMA from the slow EMA, dividing the result by
the slow EMA, and then multiplying by 100 to con-
vert the result into a percentage. This process nor-
malizes the difference between the two EMAS, mak-
ing the PPO a relative measure that is independent of
the security's price level. The resulting value indi-
cates the percentage by which the fast EMA is above
or below the slow EMA, offering insights into the
momentum and direction of the price trend.

Implementing the PPO in a computer science
context, particularly using Python, leverages the
capabilities of libraries such as Pandas for efficient
data handling and NumPy for numerical calcula-
tions. The process involves computing the EMAs for
the specified periods, then applying the PPO formula
across the dataset. The PPO's emphasis on percent-
age differences makes it a versatile tool for compar-
ing momentum across different cryptocurrencies,
facilitating a deeper understanding of market dy-
namics.

Figure 13 presents the results of PPO calcula-
tions for BTC, ETH and LTC.
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3.11. ROC (Rate of Change)

The Rate of Change (ROC) indicator measures
the percentage change in price between the current
price and the price a certain number of periods ago.
The ROC is a momentum oscillator that helps identi-
fy trend reversals, strength, and weaknesses within a
trend. By comparing the current price to previous
prices, the ROC reflects the speed at which prices
are changing. A rising ROC indicates an accelera-
tion in the upward trend (bullish momentum), while
a falling ROC suggests a deceleration or a down-
ward trend (bearish momentum) [5].

The formula for calculating the ROC is:

Close cyrrent —

ROC = ( Closenperiodsago) x 100 (15)

Close p, periods ago

The ROC calculation involves finding the dif-
ference between the current closing price and the
closing price from n periods ago, then dividing this
difference by the closing price from n periods ago.
Multiplying the result by 100 converts this ratio into
a percentage, which represents the rate at which the
price has changed over the specified period. This
percentage change provides a straightforward meas-
ure of the momentum, with positive values indicat-
ing upward momentum and negative values signal-
ing downward momentum.

From a computational perspective, implement-
ing the ROC in Python involves using data manipu-
lation libraries like Pandas, which can efficiently
handle time-series data. The process includes access-
ing historical price data, applying the ROC formula
using a combination of shift and rolling functions to
calculate the price changes over the desired periods,
and then scaling the results to percentage terms.

Figure 14 presents the results of ROC calcula-
tions for BTC, ETH and LTC.
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Fig. 14. ROC calculation results

3.12. RSI (Relative Strength Index)

The Relative Strength Index (RSI) is a momen-
tum oscillator that measures the speed and change of
price movements. It operates within a range of 0 to
100 and is most commonly used to identify over-
bought or oversold conditions in a market. The RSI
compares the magnitude of recent gains to recent
losses to assess whether a security is overvalued or
undervalued. This indicator was developed by J.
Welles Wilder and is widely used in technical analy-
sis to predict the future direction of prices [6].

The formula for calculating the RSI is:

100
RSI = 100 — (=) (16)

Where RS (Relative Strength) is the average of
«n» days' up closes divided by the average of «n»
days' down closes.

The RSI calculation involves several steps.
First, one calculates the average gain and the aver-
age loss over a specific period, typically 14 days.
The RS is then calculated by dividing the average
gain by the average loss. The RSI is derived by sub-
tracting the quotient of 100 divided by (1 + RS)
from 100. The final value of the RSI oscillates be-
tween 0 and 100, where values above 70 indicate an
overbought condition (potentially overvalued) and
values below 30 suggest an oversold condition (po-
tentially undervalued).

In terms of computational implementation, cal-
culating the RSI in Python can be efficiently per-
formed using data manipulation libraries such as
Pandas. This involves computing the daily price
changes, separating the gains and losses, calculating
their averages over the chosen period, and applying
the RSI formula.

Figure 15 presents the results of RSI calcula-
tions for BTC, ETH and LTC.
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Fig. 15. RSI calculation results
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3.13. TRIX (Triple Exponential Average)

The TRIX indicator, short for Triple Exponen-
tial Average, is a momentum oscillator that filters
out price movements that are considered insignifi-
cant or minor. It does this by applying a triple
smoothing of the closing prices, making it highly
effective in identifying changes in trend direction.
The TRIX oscillates around a zero line, where its
primary use is to spot divergences, overbought, or
oversold conditions, and to generate signals through
its crossover with a signal line (often a moving aver-
age of the TRIX values) [7].

The TRIX is calculated through a three-step ex-
ponential smoothing process, which can be ex-
pressed as:

TRIX = 3" EMA of (EMA of (EMA of Closing Price)) (17)

The rate of change of the TRIX is often plotted
to serve as the signal line:

Today's TRIX-Yesterday's TRIX
Yesterday's TRIX

ROC of TRIX = x 100 (18)

The TRIX calculation begins with the exponen-
tial moving average (EMA) of the closing prices,
followed by taking the EMA of that EMA, and then
again taking the EMA of the result, effectively ap-
plying exponential smoothing three times. This triple
smoothing is designed to filter out market noise and
highlight significant trends and reversals. The final
step often involves calculating the rate of change
(ROC) of the TRIX to generate a signal line, which
helps in identifying bullish or bearish momentum
and potential entry or exit points.

In terms of computational implementation, the
TRIX requires multiple iterations of EMA calcula-
tions, making efficient use of Python's data analysis
libraries such as Pandas essential.

Figure 16 presents the results of TRIX calcula-
tions for BTC, ETH and LTC.
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Fig. 16. TRIX calculation results

Conclusion

In the realm of cryptocurrency analysis, the in-
tersection of computer science and financial market
study presents a compelling avenue for exploring the
volatile dynamics that define digital currencies. This
article has ventured into an in-depth examination of
the cryptocurrency market, utilizing a sophisticated
computational approach to decipher the complex
behaviors and trends that characterize this rapidly
evolving landscape. Through the application of vari-
ous technical momentum indicators, implemented
via Python, we've demonstrated the profound impact
of data analysis techniques in uncovering insights
within the cryptocurrency domain.

The methodology adopted in this research un-
derscores a significant shift towards a more technical
and data-driven analysis of financial markets, partic-
ularly cryptocurrencies. By harnessing the capabili-
ties of Python and its powerful libraries for data
manipulation and statistical analysis, we have navi-
gated through the intricacies of market data, extract-
ing meaningful patterns and indicators of market
sentiment and potential movements. This computa-
tional approach not only enhances the accuracy and
efficiency of market analysis but also democratizes
access to sophisticated financial analysis tools, ena-
bling both researchers and traders to make informed
decisions based on robust data analysis.

The core of our investigation centered around
the intelligent analysis of time series data, specifical-
ly focusing on the OHLCV datasets for major cryp-
tocurrencies. This choice of data representation is
pivotal in financial market analysis, as it captures the
essential elements required for a comprehensive
evaluation of market dynamics. Through the applica-
tion of a series of technical momentum indicators,
we've delved into the quantitative aspects of market
trends, momentum, and investor sentiment, provid-
ing a nuanced understanding of the factors that drive
price movements in the cryptocurrency market.

One of the most significant outcomes of this re-
search is the illustration of how computer science
techniques can be effectively applied to financial
data analysis, transcending traditional economic
analysis methods. The focus on algorithmic calcula-
tions and the implementation of these indicators in
Python showcases the versatility and power of pro-
gramming in extracting and interpreting complex
data sets. This approach not only facilitates a deeper
understanding of market dynamics but also opens up
new avenues for the development of automated trad-
ing systems and predictive models, leveraging the
insights gained from the technical indicators.
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Furthermore, this research highlights the im-
portance of a computer science perspective in the
field of financial analysis, where the ability to ma-
nipulate large datasets, apply statistical models, and
develop algorithms becomes a crucial skill set. The
application of computational methods in cryptocur-
rency analysis represents a fusion of disciplines,
bringing together the rigor of computer science with
the insights of financial theory to create a more
comprehensive and nuanced understanding of mar-
ket behaviors.

In conclusion, the exploration of cryptocurrency
market dynamics through the lens of computer sci-
ence and technical momentum indicators has pro-
vided valuable insights into the underlying patterns
and trends of this volatile market. The successful
application of these indicators, facilitated by Python,
underscores the potential of computational tech-
niques in enhancing our understanding and analysis
of financial markets. As the cryptocurrency market
continues to mature and evolve, the methodologies
and insights presented in this article will serve as a
valuable resource for future research and analysis,
contributing to the development of more sophisticat-
ed and informed trading and investment strategies.
The convergence of computer science and financial
analysis in this domain not only enriches our under-
standing of market dynamics but also paves the way
for innovative approaches to financial market analy-
sis in the digital age.
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THTEJIEKTY AJIBHUMA AHAJII3 ICTOPUUYHUX TAHHUX YACOBHUX PSAIIB JTUHAMIKHA
KPUIITOBAJIIOTHOI'O PUHKY HA OCHOBI HABOPY JAHUX OHLCV TA TEXHIYHUX
IHAUKATOPIB IMIIYJIbCIB

I. C. Y3yn!, M.B. Jlo6aues’
' Hayionanvnuii yuisepcumem « O0ecbKa noAimexHiKay

Anomauia. Y yiti cmammi npedcmasieHo anHaniz icMopuiHoi OUHAMIKU PUHKY KPUNIMOBANIOM HA OCHOBI
yacosux psoie OaHux 3 sukopucmanuam naobopy oanux OHLCV. YV docnidscenni npedcmasneni pe3yromamu
PO3PAXYHKI8 OCHOBGHUX MEXHIYHUX IHOUKAMOPIE IMNYIbCI6 KPUNMOBAIIOMHO20 PUHKY. Buxopucmosyrouu
iHmenekmyanvbHi 00UUCTIOBANbHI MemooUu, Yy pobomi OYiHIIOMbCA 3AKOHOMIPHOCMI ma mMeHOeHYii 8 OaHUxX
OCHOBHUX Kpunmosantom. J{ocuiodxcenHs niOKpeciioe adcaugicims MexHiuHo020 aHali3y 8 pO3yMIHHI Hecma-
OinbHO20 TanOwaghmy yughposux earom.

Knrouoei crosa: uacosi psaou, ananiz 0anux, KpUnmosaiomHuull pUHoK, iHOUKamopu iMRyabCis, IHOUKA-
mopu mexniunoeo ananizy, OHLCYV.
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