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Abstract−The cryptocurrency market exhibits dynamic and time-varying relationships driven by shifts in market structure and investor 

behavior. This study investigates the dynamic interdependence between altcoin dominance and Ethereum price, addressing the 

limitations of static correlation analysis by applying a temporal pattern-based approach. Using 1,416 daily observations from 2022 to 

2025, the data are segmented into monthly periods to capture time-varying relationships. The analysis combines correlation, trend, and 

volatility metrics with pattern classification to identify recurring relationship structures across different market conditions. The results 

reveal a moderate negative correlation (r = −0.48) at the aggregate level. However, the monthly analysis shows that this relationship is 

not stable over time, but instead varies across different market regimes. The relationship is dominated by inverse patterns (40.43%), 

followed by weak (38.30%) and positive (21.28%) patterns. From an economic perspective, the negative relationship can be explained 

by capital rotation dynamics within the cryptocurrency market. When altcoin dominance increases, market liquidity tends to shift from 

major assets such as Ethereum to a broader set of alternative tokens, leading to downward pressure on Ethereum prices. Conversely, 

during certain bullish periods, capital inflows can simultaneously strengthen both altcoin dominance and Ethereum price, resulting in 

positive relationships. These findings demonstrate that the relationship between altcoin dominance and Ethereum price is dynamic and 

context-dependent. The study highlights the importance of temporal segmentation and pattern-based analysis in capturing complex 

market behavior that cannot be explained by a single aggregate correlation measure. 
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1. INTRODUCTION  

The rapid development of blockchain technology has led to the emergence of a highly dynamic and complex 

cryptocurrency market. Since the introduction of Bitcoin, a wide range of alternative digital assets (altcoins) such as 

Ethereum, Ripple, and Litecoin have emerged, contributing to significant growth in market capitalization and trading 

activity. This evolution has transformed the cryptocurrency market into an interconnected financial system characterized 

by high volatility and structural complexity [1], [2]. 

Within this ecosystem, Bitcoin has historically dominated market capitalization, typically measured through the 

Bitcoin dominance indicator. However, in recent years, Bitcoin dominance has declined as altcoins, particularly 

Ethereum, have gained increasing importance due to their role in smart contracts and decentralized applications (dApps) 

[3], [4]. This shift has led to the emergence of the "altcoin season," where alternative assets outperform Bitcoin [5], [6].  

From a market microstructure perspective, this shift reflects a phenomenon known as capital rotation, where 

investors dynamically reallocate capital across different cryptocurrency assets. When capital flows from major assets such 

as Bitcoin or Ethereum into a broader set of altcoins, the relative dominance of altcoins increases. This process can exert 

downward pressure on major assets while simultaneously boosting smaller-cap tokens, indicating that dominance metrics 

may capture underlying liquidity movements within the market. 

While Bitcoin dominance has been widely studied, its complement, altcoin dominance, provides a more direct 

representation of aggregate capital allocation toward non-Bitcoin assets. Unlike individual price indicators, altcoin 

dominance reflects the relative share of total market liquidity allocated to the altcoin sector. Therefore, it can serve as a 

proxy for measuring capital flow dynamics that may influence the price behavior of major altcoins such as Ethereum. 

Previous studies have shown that cryptocurrency markets exhibit strong interdependence through price spillovers, 

volatility transmission, and dynamic correlations [7], [8], with relationships that are highly volatile and evolve across 

different market conditions, indicating inherently time-varying interdependence [9], [10]. More recent research further 

confirms that interconnectedness and volatility dynamics can intensify significantly during periods of market stress or 

uncertainty [11], [12], [13].  

These findings suggest that global, aggregate-based analytical approaches are often insufficient to capture the 

complex and time-varying nature of relationships in cryptocurrency markets. To address this limitation, several studies 

employ statistical tools such as correlation and volatility measures to quantify the strength and variability of relationships 

between assets over time [14], [15], [16]. 

Building upon this perspective, recent research has begun to explore pattern-based approaches for capturing 

structural dynamics in financial data. For instance, pattern-oriented analysis has been used to map cryptocurrency 

fluctuations and identify recurring behavioral structures within the market [17]. These approaches emphasize 

interpretability and temporal dynamics, offering an alternative to traditional econometric models that primarily focus on 

statistical estimation.  

However, even advanced econometric approaches such as Vector Autoregression (VAR) and Dynamic 

Conditional Correlation Generalized Autoregressive Conditional Heteroskedasticity (DCC-GARCH) tend to model 

relationships continuously over time, often overlooking localized structural changes within shorter time intervals [18], 

https://hostjournals.com/bulletincsr
https://doi.org/10.47065/bulletincsr.v6i3.1080
https://creativecommons.org/licenses/by/4.0/


BULLETIN OF COMPUTER SCIENCE RESEARCH 
ISSN 2774-3659 (Media Online) 

Vol 6, No 3, April 2026 | Hal 1005-1015 
https://hostjournals.com/bulletincsr 
DOI: 10.47065/bulletincsr.v6i3.1080  

Copyright © 2026 The Author, Page 1006  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

[19]. As a result, these methods may have limited ability to capture context-dependent dynamics in highly volatile 

markets. 

To address this limitation, this study adopts a temporal segmentation approach combined with pattern-based 

analysis. Instead of modeling relationships solely through global statistical measures, the data are segmented into monthly 

periods to capture localized dynamics. Each segment is analyzed independently using correlation, trend, and volatility 

metrics, followed by classification into distinct relationship patterns. 

This approach differs from traditional econometric models such as DCC-GARCH by prioritizing interpretability 

and structural pattern identification over purely statistical estimation. While DCC-GARCH captures continuous time-

varying correlations, the proposed approach focuses on identifying discrete, interpretable relationship regimes that reflect 

changes in market behavior. 

Although previous studies have explored relationships between cryptocurrencies, most research focuses on price 

or return interactions between Bitcoin and altcoins. Limited attention has been given to the role of altcoin dominance as 

a macro-level indicator of market structure in explaining Ethereum price dynamics. Moreover, few studies explicitly 

examine how these relationships evolve across segmented time periods. Furthermore, the role of altcoin dominance as a 

macro-level capital flow indicator remains underexplored within temporally segmented analytical frameworks. 

Therefore, this study aims to analyze the dynamic interdependence between altcoin dominance and Ethereum price 

using a temporal pattern-based approach. By integrating time segmentation with pattern classification, this research seeks 

to provide a more context-aware understanding of cryptocurrency market dynamics. 

The main contribution of this study lies in introducing a pattern-based analytical framework to capture time-

varying relationships in the cryptocurrency market. This approach complements existing econometric models by offering 

a more interpretable representation of dynamic interdependence, thereby providing both theoretical insights and practical 

implications for market participants. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This study was conducted through a series of systematically designed stages to analyze the dynamic interdependence 

between altcoin dominance and Ethereum price using a temporal pattern-based approach. The research stages include 

data collection, data preprocessing, variable construction, relationship analysis, temporal segmentation, pattern 

classification, and interpretation of results. Each stage is structured to ensure a consistent analytical process and to produce 

reliable and interpretable findings. The overall research workflow is illustrated in Figure 1, which presents the sequence 

of analysis from initial data acquisition to final interpretation. 

 

Figure 1. Research Flow 

As shown in Figure 1, the research begins with the collection of historical cryptocurrency data, including Ethereum 

price, Bitcoin market capitalization, and total cryptocurrency market capitalization. The data are obtained from multiple 

digital asset data providers and then standardized into a daily frequency to ensure consistency in time series analysis. The 

second stage is data preprocessing, which includes data cleaning, time format alignment, and merging datasets from 

different sources. In this stage, the main research variable, altcoin dominance, is calculated based on the proportion of 

non-Bitcoin market capitalization relative to the total cryptocurrency market. The third stage involves relationship 

analysis, where statistical measures such as correlation, trend, and volatility are used to identify the direction, strength, 

and variability of the relationship between altcoin dominance and Ethereum price. 

The next stage is temporal segmentation, where the dataset is divided into monthly periods. Each segment is treated 

as an independent unit of analysis to capture localized dynamics that may not be visible in aggregate analysis. Following 

segmentation, a pattern classification process is conducted. For each period, the calculated metrics (correlation, trend, and 

volatility) are used to classify relationship patterns into structured categories. This approach enables the identification of 

recurring relationship regimes across different market conditions. The final stage is interpretation and discussion, where 

the results from all stages are integrated to provide a comprehensive understanding of the dynamic relationship between 

altcoin dominance and Ethereum price. The findings are then summarized into conclusions and practical implications. 

This framework emphasizes interpretability and avoids reliance on parametric econometric models, thereby reducing the 

risk of spurious results associated with non-stationary financial time series data. 

2.2 Data and Variables 

This study utilizes secondary data in the form of historical cryptocurrency market data obtained from several digital asset 

data provider platforms. The data include Ethereum price, Bitcoin market capitalization, and total global cryptocurrency 

market capitalization. Ethereum price data were obtained from the Coinbase platform, while Bitcoin market capitalization 
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data were sourced from CoinMarketCap, and total market capitalization data were collected from CoinGecko. The use of 

multiple data sources aims to ensure broader coverage and improve data reliability. 

The observation period spans from January 2022 to November 2025. Initially, Ethereum price data were available 

at an hourly frequency, whereas Bitcoin market capitalization and total cryptocurrency market capitalization data were 

available at a daily frequency. To ensure consistency in time series analysis, all data were transformed into daily frequency 

through a resampling process. Daily Ethereum prices were derived using the closing price for each day. 

After preprocessing, the final dataset consists of two primary variables with daily frequency: Ethereum price and 

altcoin dominance, with a total of 1,416 observations. The main variables used in this study are Ethereum price as the 

dependent variable and altcoin dominance as the independent variable. The concept of market dominance in 

cryptocurrency refers to the proportion of an asset's market capitalization relative to the total market capitalization. Bitcoin 

dominance is commonly defined as the ratio of Bitcoin market capitalization to total cryptocurrency market capitalization 

[6]. Based on this definition, altcoin dominance is derived as its complement. Altcoin dominance is calculated using the 

following equation: 

𝐴𝑙𝑡 𝐷𝑜𝑚𝑖𝑛𝑎𝑛𝑐𝑒 =
𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑟𝑘𝑒𝑡𝐶𝑎𝑝−𝐵𝑇𝐶𝑀𝑎𝑟𝑘𝑒𝑡𝐶𝑎𝑝

𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑟𝑘𝑒𝑡𝐶𝑎𝑝
× 100  (1) 

where Total Market Cap represents the total capitalization of all cryptocurrencies, and BTC Market Cap represents the 

capitalization of Bitcoin. The resulting value reflects the proportion of capital allocated to altcoins within the overall 

market.  

In addition to the primary variables, this study focuses on Ethereum price and altcoin dominance as the main 

indicators to capture market dynamics. Ethereum price is used to represent asset valuation, while altcoin dominance 

reflects the proportion of capital allocated to non-Bitcoin assets within the cryptocurrency market. By using these 

variables, this study examines how changes in market dominance structure relate to Ethereum price dynamics in a time-

dependent context. 

2.3 Data Preprocessing 

The data preprocessing stage was conducted to ensure that the dataset is clean, consistent, and suitable for time-based 

analysis. This process includes data cleaning, time alignment, frequency standardization, dataset integration, and 

normalization. In the initial step, data completeness was evaluated to identify missing values and potential anomalies. 

Inconsistent or incomplete records were handled to prevent distortion in subsequent analysis. All time-related variables 

were then converted into a standardized datetime format to ensure uniformity across datasets. 

Since the data were obtained from multiple sources with different time frequencies, a resampling process was 

performed to align all variables to a daily frequency. Ethereum price data, originally available at an hourly frequency, 

were aggregated into daily values using the closing price of each day. This step ensures consistency across variables and 

enables synchronized temporal analysis. After frequency alignment, the datasets were merged using the inner join method 

based on the timestamp variable. This approach ensures that only observations with complete information across all 

variables are included, resulting in a fully aligned and integrated dataset. 

To address scale differences between variables, normalization was applied using the Min-Max Scaling method, 

which transforms values into a range between 0 and 1. This normalization is particularly important for visualization and 

pattern comparison, as it allows both altcoin dominance and Ethereum price to be evaluated proportionally within the 

same analytical framework. It is important to note that normalization was applied only for visualization and pattern 

interpretation purposes and does not affect the underlying statistical relationships. 

The output of this preprocessing stage is a structured dataset consisting of altcoin dominance and Ethereum price 

variables at a daily frequency. This dataset serves as the foundation for subsequent temporal analysis and pattern 

classification. 

2.4 Time Series Analysis 

This study employs a time-based analytical approach to examine the relationship between altcoin dominance and 

Ethereum price, focusing on three key aspects: relationship direction, strength, and temporal dynamics. Rather than 

relying on heavy econometric modeling, this approach emphasizes interpretability and the ability to capture dynamic 

interactions within the cryptocurrency market. 

The initial analysis is conducted using the Pearson correlation coefficient to measure the linear relationship 

between altcoin dominance and Ethereum price. The Pearson correlation coefficient is widely used to quantify the 

direction and strength of relationships between numerical variables [10]. The coefficient is defined as follows: 

𝑟 =
∑(𝑋𝑖−𝑋̄)(𝑌𝑖−𝑌̄)

√∑(𝑋𝑖−𝑋̄)2∑(𝑌𝑖−𝑌̄)2
   (2) 

where X represents altcoin dominance, Y represents Ethereum price, and r denotes the correlation coefficient ranging 

from −1 to 1. A positive value indicates a direct relationship, while a negative value indicates an inverse relationship. 

To capture the dynamic nature of the relationship, rolling correlation analysis is applied using a moving time 

window. This approach allows the correlation between variables to be observed across different time periods, providing 

insights into how relationships evolve over time [20]. The rolling correlation is expressed as: 
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𝜌𝑡 = 𝐶𝑜𝑟𝑟(𝑋𝑡−𝑛:𝑡 , 𝑌𝑡−𝑛:𝑡)  (3) 

where n represents the window size used in the calculation. This method enables the identification of time-varying 

relationships that cannot be observed through static correlation analysis. 

In addition to simultaneous relationships, lag correlation analysis is conducted to examine delayed interactions 

between variables. This approach evaluates whether changes in altcoin dominance are followed by changes in Ethereum 

price over subsequent time periods. The lag correlation is defined as: 

𝐶𝑜𝑟𝑟(𝑋𝑡−𝑘, 𝑌𝑡)  (4) 

where k represents the lag period. In this study, lag values of 1 day, 7 days, and 30 days are used to capture short-term 

and medium-term temporal dependencies. 

By integrating correlation, rolling correlation, and lag correlation analyses, this study provides a comprehensive 

framework for understanding both static and dynamic relationships between altcoin dominance and Ethereum price. This 

analytical foundation is subsequently used in temporal segmentation and pattern classification to identify structured 

relationship patterns across different time periods. 

2.5 Temporal Pattern Analysis Based on Time Segmentation 

Temporal pattern analysis is conducted to capture the dynamic and time-varying relationship between altcoin dominance 

and Ethereum price. Unlike aggregate analysis, which produces a single global relationship value, this approach enables 

the identification of localized relationship patterns across different time periods. This approach aligns with prior time-

based studies that emphasize segmented analysis to capture structural changes in financial data. 

The first step involves segmenting the dataset into monthly periods, where each segment is treated as an 

independent unit of analysis. This segmentation allows the relationship between variables to be examined within specific 

temporal contexts. For each monthly segment, three primary metrics are computed: correlation, trend, and volatility. The 

relationship between altcoin dominance and Ethereum price is measured using the Pearson correlation coefficient, which 

captures both the direction and strength of the relationship. To evaluate price movement within each period, a linear trend 

is estimated using a time index: 

Yₜ =  α +  βt +  εₜ        (5) 

where β represents the direction of the trend. A positive β indicates an upward trend, while a negative β indicates a 

downward trend. Volatility is measured using the standard deviation of Ethereum price within each segment [30], the 

formula is as follows: 

σ =  √(Σ(Yᵢ −  Ȳ)² / n)       (6) 

Volatility reflects the degree of price fluctuation within a given period. To ensure consistent classification, volatility levels 

are categorized relative to the overall dataset, where values above the mean volatility are classified as high volatility, and 

values below the mean are classified as low volatility. 

Market conditions are determined using a normalized price approach. For each segment, Ethereum prices are 

normalized into a range of 0 to 1 based on the minimum and maximum values within the period. This normalization 

allows for consistent comparison across different time segments. The classification of market conditions is defined 

quantitatively as shown in Table 1. 

Table 1. Market Condition Classification 

Condition Criteria 

Bullish Normalized price > 0.7 

Bearish Normalized price < 0.3 

Neutral 0.3 ≤ normalized price ≤ 0.7 

This quantitative definition ensures that market condition classification is objective, reproducible, and consistent 

across all periods. The strength of the relationship between variables is classified based on established statistical 

interpretation guidelines [16], [17]. The classification is summarized in Table 2. 

Table 2. Correlation Strength Classification 

Correlation Range Interpretation 

r < −0.5 Strong Inverse 

−0.5 ≤ r < −0.2 Moderate Inverse 

−0.2 ≤ r ≤ 0.2 Weak 

0.2 < r ≤ 0.5 Moderate Positive 

r > 0.5 Strong Positive 

Volatility is used to describe the level of price fluctuation within each segment. To ensure consistent classification, 

volatility is categorized relative to the overall dataset, as shown in Table 3. 
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Table 3. Volatility Classification 

Volatility Level Criteria 

High Volatility σ > mean(σ) 

Low Volatility σ ≤ mean(σ) 

Based on these classifications, relationship patterns are constructed by integrating correlation strength, market 

condition, and volatility level into a unified framework. This multi-dimensional classification enables a more contextual 

interpretation of the interaction between variables. 

To evaluate the consistency of these patterns over time, a distribution analysis is conducted by calculating the 

frequency of occurrence of each pattern using the following equation: 

P =  (f / N)  ×  100%       (7) 

where f represents the number of occurrences of a pattern and N is the total number of observed periods. The resulting 

distribution is used to identify dominant relationship patterns and assess their stability across different temporal segments. 

Through this approach, the relationship between altcoin dominance and Ethereum price is interpreted as a dynamic 

and context-dependent pattern rather than a static statistical relationship. This temporal pattern-based framework provides 

a more comprehensive and interpretable understanding of cryptocurrency market dynamics. 

3. RESULT AND DISCUSSION 

3.1 Descriptive Statistics 

Descriptive statistics are used to provide an initial overview of the distribution and variability of the variables analyzed 

in this study. The analysis includes the mean, minimum, maximum, and standard deviation values of altcoin dominance 

and Ethereum price during the observation period. The summary of descriptive statistics is presented in Table 4 below. 

Table 4. Descriptive Statistics of Research Variables 

Variable Mean Min Max Std 

Altcoin Dominance 51.39 33.77 68.28 7.71 

Ethereum Price (USD) 2457.10 993.64 4831.24 879.60 

Based on Table 4, the average altcoin dominance of 51.39% indicates that, on average, more than half of the total 

cryptocurrency market capitalization is allocated to altcoins rather than Bitcoin. The wide range between the minimum 

(33.77%) and maximum (68.28%) values reflects substantial fluctuations in market structure, suggesting that capital 

allocation between Bitcoin and altcoins changes significantly over time. 

Similarly, Ethereum price exhibits a high degree of variability, with values ranging from USD 993.64 to USD 

4,831.24 and a relatively large standard deviation of 879.60. This indicates that Ethereum is subject to substantial price 

volatility, which is a common characteristic of cryptocurrency markets. 

From a market dynamics perspective, the variability observed in both altcoin dominance and Ethereum price 

suggests the presence of continuous shifts in capital allocation within the cryptocurrency ecosystem. These shifts may 

reflect changing investor preferences, liquidity redistribution, and speculative behavior across different crypto assets. 

Importantly, the substantial variation in both variables implies that their relationship is unlikely to be stable over 

time. Instead, it is more plausible that the interaction between altcoin dominance and Ethereum price evolves across 

different market conditions. Therefore, relying solely on aggregate statistical measures may be insufficient to capture the 

underlying dynamics. This motivates the use of time-based analysis and temporal segmentation to better understand the 

evolving interdependence between the variables. 

3.2 Time Series Visualization 

To examine the temporal movement of the variables, a time series visualization of altcoin dominance and Ethereum price 

was conducted over the observation period. This visualization provides an initial understanding of how the two variables 

evolve over time and offers preliminary insight into their dynamic interaction. 

Prior to visualization, both variables were normalized using the Min-Max Scaling method to address differences 

in scale. This transformation allows altcoin dominance and Ethereum price to be displayed within the same range, 

enabling a clearer comparison of their relative movements. 

 

Figure 2. Altcoin Dominance and Ethereum Price Movement 
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As shown in Figure 2, both variables exhibit substantial fluctuations throughout the study period, reflecting the 

inherently volatile nature of the cryptocurrency market. Notably, several periods demonstrate an inverse movement 

pattern, where increases in altcoin dominance are accompanied by declines in Ethereum price. 

From a market dynamics perspective, this inverse pattern may reflect capital rotation behavior, in which investors 

shift capital allocation from major assets such as Ethereum into a broader set of altcoins. As capital flows into smaller-

cap assets, the relative dominance of altcoins increases, while demand for Ethereum weakens, resulting in downward 

pressure on its price. 

However, this inverse relationship is not consistently observed across the entire period. In certain intervals, both 

variables move in the same direction or exhibit weak and unstable relationships. This indicates that the interaction between 

altcoin dominance and Ethereum price is not static but varies depending on prevailing market conditions, such as investor 

sentiment, liquidity distribution, and market cycles. 

In addition, Ethereum price demonstrates higher volatility compared to altcoin dominance, suggesting that price 

movements in Ethereum are more sensitive to short-term market dynamics. In contrast, altcoin dominance tends to change 

more gradually, as it reflects aggregate capital distribution across the entire market rather than the price of a single asset. 

Overall, the visualization highlights that the relationship between altcoin dominance and Ethereum price is time-

varying and context-dependent, rather than fixed. This finding reinforces the limitation of relying solely on aggregate 

analysis and motivates the use of temporal segmentation and pattern-based analysis to capture localized relationship 

dynamics in subsequent sections. 

3.3 Global Relationship Analysis 

To establish a baseline understanding of the relationship between variables, a global correlation analysis was conducted 

between altcoin dominance and Ethereum price using the Pearson correlation coefficient. This analysis aims to capture 

the overall linear relationship between the variables across the entire observation period before examining their temporal 

dynamics in more detail. The results of the correlation analysis are presented in Table 5. 

Table 5. Correlation Matrix of Research Variables 

Variable Altcoin Dominance Ethereum Price 

Altcoin Dominance 1.00 -0.48 

Ethereum Price -0.48 1.00 

Based on Table 5, the correlation coefficient between altcoin dominance and Ethereum price is -0.48, indicating a 

moderate negative relationship between the two variables. This suggests that, on average, increases in altcoin dominance 

are associated with decreases in Ethereum price. From a market perspective, this negative relationship can be interpreted 

as a reflection of capital reallocation within the cryptocurrency ecosystem. When a larger proportion of market 

capitalization shifts toward altcoins, the relative share of capital allocated to major assets such as Ethereum may decline, 

potentially exerting downward pressure on its price. 

However, it is important to note that this correlation represents an aggregate measure over the entire observation 

period. As such, it does not capture short-term fluctuations or changes in the relationship under different market 

conditions. Given the highly dynamic and volatile nature of cryptocurrency markets, the interaction between altcoin 

dominance and Ethereum price is likely to vary across time. Therefore, while the global correlation provides an important 

initial indication of an inverse relationship, it remains insufficient for capturing the full complexity of the interaction. 

This limitation motivates the need for a more granular analysis using time-based approaches, such as rolling correlation 

and temporal segmentation, which are discussed in the following sections. 

3.4 Correlation Analysis and Relationship Dynamics 

To further investigate the dynamic interaction between altcoin dominance and Ethereum price, a time-based correlation 

analysis was conducted using rolling correlation and lag correlation approaches. These methods allow the relationship 

between variables to be examined beyond a single aggregate value, capturing how the interaction evolves over time. 

The rolling correlation analysis was performed using a 30-day moving window to observe continuous changes in 

correlation throughout the study period. 

 

Figure 3. Rolling Correlation (30-Day Window) 
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As illustrated in Figure 3, the relationship between altcoin dominance and Ethereum price is not constant, but 

varies significantly across different time periods. In several intervals, the correlation exhibits strong negative values, while 

in others it weakens toward zero or becomes less consistent. This confirms that the interaction between the two variables 

is time-varying and dependent on changing market conditions. 

From a market behavior perspective, periods of strong negative correlation can be associated with intensified 

capital rotation, where investors actively reallocate funds from major assets such as Ethereum into a broader altcoin 

market. During such periods, increases in altcoin dominance coincide with reduced relative demand for Ethereum, 

reinforcing the inverse relationship. Conversely, periods of weaker or unstable correlation may reflect transitional market 

phases, where capital flows are more evenly distributed or influenced by external factors such as macroeconomic 

sentiment, liquidity shocks, or speculative cycles. This variability indicates that the relationship between the two variables 

is not governed by a single consistent mechanism, but rather shifts across different market regimes. To complement the 

dynamic correlation analysis, a lag correlation analysis was conducted to examine potential delayed effects between 

variables. This approach evaluates whether changes in altcoin dominance are followed by subsequent changes in 

Ethereum price over different time horizons. The results of the lag correlation analysis are presented in Table 6. 

Table 6. Lag Correlation Results 

Lag Correlation 

1 Day -0.508 

7 Days -0.531 

30 Days -0.589 

Based on Table 6, the correlation remains consistently negative across all lag values and becomes stronger as the 

lag increases. This suggests that the relationship between altcoin dominance and Ethereum price may not occur 

instantaneously but develops over time. 

This pattern indicates a lagged adjustment process, where shifts in market dominance are gradually reflected in 

Ethereum price movements. In practical terms, changes in capital allocation toward altcoins may take time to fully impact 

Ethereum price due to market frictions, liquidity distribution, and investor response delays. Overall, the results from both 

rolling and lag correlation analyses reinforce the notion that the relationship between altcoin dominance and Ethereum 

price is dynamic, time-dependent, and influenced by evolving market conditions. These findings further support the need 

for a temporal segmentation approach to capture localized patterns of interaction, which is explored in the following 

section. 

3.5 Temporal Pattern Analysis 

To understand the dynamics of the relationship between altcoin dominance and Ethereum price in more depth, a temporal 

pattern analysis was conducted based on monthly segmentation. This approach enables the identification of time-varying 

relationships that cannot be captured through aggregate analysis. As an initial step, monthly time series visualizations 

were used to illustrate representative relationship patterns observed during the study period. 

 

Figure 5. Inverse Pattern (June 2022 and January 2023) 

Figure 5 shows a condition where altcoin dominance increases while Ethereum price declines. This inverse 

movement indicates a negative relationship between the two variables within specific periods. 

 

Figure 6. Weak Pattern (November 2023 and June 2024) 
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Figure 6 illustrates periods where both variables fluctuate without a consistent directional pattern, indicating a 

weak relationship. 

 

Figure 7. Positive Pattern (July 2025 and August 2025) 

Figure 7 shows a positive relationship, where increases in altcoin dominance are accompanied by increases in 

Ethereum price. These visualizations demonstrate that the relationship between altcoin dominance and Ethereum price is 

not constant, but varies depending on market conditions. To quantify these dynamics, statistical metrics were calculated 

for each monthly period. 

Table 8. Monthly Metrics Summary 

month correlation eth_trend dominance_trend volatility eth_range 

2022-01 0.47 -44.64 -0.10  452.95 1,416.97 

2022-02 -0.30 -11.35 -0.03 202.38 677.22 

2022-03 -0.07 23.68 0.00 280.83 910.13 

2022-04 -0.22 -21.64 -0.00 210.32 796.19 

2022-05 0.52 -35.05 -0.21 364.07 1,215.15 

2022-06 -0.69 -30.77 0.15 315.12 864.57 

2022-07 0.11 23.26 0.04 231.74 687.85 

2022-08 -0.27 -6.89 0.07 149.61 558.12 

2022-09 0.02 -14.50 -0.03 161.25 529.04 

2022-10 0.01 8.20 -0.00 107.97 345.00 

Based on Table 8, the correlation values vary significantly across periods, ranging from strong negative to positive 

relationships. In addition, variations in trend and volatility indicate that market conditions differ substantially over time. 

This confirms that the relationship between the variables is dynamic rather than static. Next, market conditions were 

classified to provide contextual interpretation of Ethereum price behavior. 

Table 9. Market Condition Classification 

month condt pattern  month condt pattern  month condt pattern 

2022-

01 

Bearish Moderate 

Positive + 

Bearish (High 

Volatility) 

 2023-

05 

Bearish Strong Inverse 

+ Bearish (Low 

Volatility) 

 2024-

09 

Bullish Weak + Bullish 

(Low 

Volatility) 

2022-

02 

Bearish Moderate 

Inverse + 

Bearish (High 

Volatility) 

 2023-

06 

Bullish Moderate 

Inverse + 

Bullish (Low 

Volatility) 

 2024-

10 

Bearish Moderate 

Inverse + 

Bearish (Low 

Volatility) 

2022-

03 

Bearish Weak + Bearish 

(High 

Volatility) 

 2023-

07 

Bearish Moderate 

Inverse + 

Bearish (Low 

Volatility) 

 2024-

11 

Bullish Moderate 

Positive + 

Bullish (High 

Volatility) 

2022-

04 

Bearish Moderate 

Inverse + 

Bearish (High 

Volatility) 

 2023-

08 

Bullish Moderate 

Inverse + 

Bullish (Low 

Volatility) 

 2024-

12 

Bearish Moderate 

Positive + 

Bearish (High 

Volatility) 

2022-

05 

Bearish Strong Positive 

+ Bearish (High 

Volatility) 

 2023-

09 

Bullish Weak + Bullish 

(Low 

Volatility) 

 2025-

01 

Bearish Weak + Bearish 

(Low 

Volatility) 

2022-

06 

Bearish Strong Inverse 

+ Bearish (High 

Volatility) 

 2023-

10 

Bearish Strong Inverse 

+ Bearish (Low 

Volatility) 

 2025-

02 

Bearish Weak + Bearish 

(Low 

Volatility) 
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month condt pattern  month condt pattern  month condt pattern 

2022-

07 

Bearish Weak + Bearish 

(High 

Volatility) 

 2023-

11 

Bullish Weak + Bullish 

(Low 

Volatility) 

 2025-

03 

Bearish Moderate 

Inverse + 

Bearish (Low 

Volatility) 

2022-

08 

Bullish Moderate 

Inverse + 

Bullish (Low 

Volatility) 

 2023-

12 

Bullish Weak + Bullish 

(Low 

Volatility) 

 2025-

04 

Neutral Weak + Neutral 

(Low 

Volatility) 

2022-

09 

Bearish Weak + Bearish 

(Low 

Volatility) 

 2024-

01 

Bearish Moderate 

Positive + 

Bearish (Low 

Volatility) 

 2025-

05 

Bullish Moderate 

Positive + 

Bullish (High 

Volatility) 

2022-

10 

Bearish Weak + Bearish 

(Low 

Volatility) 

 2024-

02 

Bearish Moderate 

Inverse + 

Bearish (High 

Volatility) 

 2025-

06 

Bullish Moderate 

Positive + 

Bullish (Low 

Volatility) 

2022-

11 

Bearish Moderate 

Inverse + 

Bearish (Low 

Volatility) 

 2024-

03 

Bullish Moderate 

Inverse + 

Bullish (High 

Volatility) 

 2025-

07 

Bullish Strong Positive 

+ Bullish (High 

Volatility) 

2022-

12 

Bearish Moderate 

Positive + 

Bearish (Low 

Volatility) 

 2024-

04 

Bearish Weak + Bearish 

(Low 

Volatility) 

 2025-

08 

Bullish Strong Positive 

+ Bullish (High 

Volatility) 

2023-

01 

Bullish Strong Inverse 

+ Bullish (Low 

Volatility) 

 2024-

05 

Bearish Weak + Bearish 

(High 

Volatility) 

 2025-

09 

Bullish Weak + Bullish 

(High 

Volatility) 

2023-

02 

Bullish Strong Inverse 

+ Bullish (Low 

Volatility) 

 2024-

06 

Bearish Weak + Bearish 

(Low 

Volatility) 

 2025-

10 

Bearish Weak + Bearish 

(High 

Volatility) 

2023-

03 

Bullish Strong Inverse 

+ Bullish (Low 

Volatility) 

 2024-

07 

Bullish Moderate 

Inverse + 

Bullish (Low 

Volatility) 

 2025-

11 

Bearish Moderate 

Inverse + 

Bearish (High 

Volatility) 

2023-

04 

Bearish Weak + Bearish 

(Low 

Volatility) 

 2024-

08 

Bearish Weak + Bearish 

(Low 

Volatility) 

    

The classification results show that bearish conditions dominate the early observation period, while bullish 

conditions become more frequent in later periods, indicating a structural shift in market behavior. By combining 

correlation strength, market conditions, and volatility levels, a multi-dimensional pattern classification was constructed 

to better capture the interaction between variables. The results reveal that the relationship between altcoin dominance and 

Ethereum price is not only dynamic but also structurally dependent on market regimes. The dominance of inverse patterns 

(40.43%) reflects a systematic mechanism within the cryptocurrency market rather than a purely statistical phenomenon. 

From an economic perspective, this inverse relationship can be explained through a capital rotation mechanism. 

When investors reallocate capital from major assets such as Ethereum into a broader set of altcoins, the relative dominance 

of altcoins increases. At the same time, reduced capital inflow into Ethereum leads to downward pressure on its price. 

This mechanism is particularly evident during bearish market conditions, where investors tend to diversify risk and shift 

capital toward alternative assets. Furthermore, inverse patterns frequently occur under high volatility conditions, 

suggesting that market uncertainty intensifies cross-asset capital movement. In such environments, portfolio rebalancing 

becomes more aggressive, reinforcing the negative relationship between dominance and price. 

In contrast, positive patterns (21.28%) tend to emerge during bullish market conditions. In these periods, overall 

market expansion leads to simultaneous increases in both Ethereum price and altcoin dominance. This indicates that 

capital inflows are distributed across the entire market rather than reallocated between assets, reducing competitive 

pressure between Ethereum and other altcoins. Meanwhile, weak patterns (38.30%) are generally observed during 

relatively stable or transitional market conditions. These periods are characterized by lower volatility and less pronounced 

capital movement, resulting in weaker and less consistent relationships between variables. The distribution of patterns 

shows that inverse relationships dominate (40.43%), followed by weak patterns (38.30%) and positive patterns (21.28%). 

This distribution indicates that while the inverse relationship is the most frequent, it is not universally dominant across 

all market conditions. Instead, the relationship between altcoin dominance and Ethereum price is highly context-

dependent and influenced by the interaction between capital flow dynamics, volatility, and market regimes. 
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Overall, the findings demonstrate that the relationship between altcoin dominance and Ethereum price cannot be 

interpreted as a static correlation. Instead, it reflects a time-varying interdependence driven by capital rotation, market 

expansion, and volatility conditions. The temporal pattern-based approach used in this study provides deeper insight than 

aggregate correlation analysis, as it captures not only the direction of the relationship but also the underlying economic 

mechanisms that govern market behavior across different periods. 

4. CONCLUSION 

This study demonstrates that the relationship between altcoin dominance and Ethereum price is not static, but reflects a 

time-varying interdependence shaped by market conditions and capital flow dynamics. Rather than relying on a single 

aggregate correlation, the temporal pattern-based approach reveals that the interaction between the two variables changes 

across different market regimes, indicating that their relationship is structurally conditional. The findings show that 

inverse relationships dominate during certain periods, particularly under bearish and high-volatility conditions. This 

pattern reflects a capital rotation mechanism, where investors reallocate funds from major assets such as Ethereum into a 

broader set of altcoins, increasing altcoin dominance while exerting downward pressure on Ethereum prices. Conversely, 

positive relationships tend to emerge during bullish phases, where capital inflows expand across the entire market, 

allowing both Ethereum and altcoins to grow simultaneously. Weak relationships are typically observed during 

transitional or low-volatility periods, where no dominant capital flow direction exists. These results indicate that altcoin 

dominance can serve as a useful proxy for understanding capital allocation behavior within the cryptocurrency market. 

From a practical perspective, this insight can be applied in trading and portfolio strategies. For instance, an increase in 

altcoin dominance during volatile or bearish conditions may signal potential downside risk for Ethereum, while 

synchronized growth between dominance and price may indicate broader market expansion. Therefore, incorporating 

dominance-based indicators into trading or hedging strategies can help investors better anticipate market shifts and 

manage risk exposure. Despite these contributions, this study has several limitations. The analysis focuses on a limited 

set of variables and relies on a pattern-based classification framework, which prioritizes interpretability over predictive 

precision. Additionally, the temporal segmentation approach captures discrete structural changes but does not model 

continuous long-term dependencies as in advanced econometric models. As a result, the findings should be interpreted as 

indicative of market behavior patterns rather than definitive predictive relationships. Future research can extend this study 

by integrating additional market indicators such as trading volume, investor sentiment, or macroeconomic variables to 

better capture the complexity of cryptocurrency dynamics. Furthermore, combining temporal pattern analysis with 

advanced modeling approaches, such as machine learning or volatility-based models, may improve predictive capability 

while retaining interpretability. Overall, this study highlights that a temporal pattern-based approach provides a more 

context-aware understanding of cryptocurrency market dynamics compared to traditional aggregate analysis. By revealing 

how relationships evolve across different market conditions, this approach contributes to both academic research and 

practical decision-making in digital asset markets. 
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