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ABSTRACT 

This study analyzes the time-varying interactions among assets in the digital financial asset market. Within the 

scope of the study, 1,820 daily observations from the 2020-2025 period for Ethereum, Ripple, Binance Coin, 

Cardano, Stellar, IOTA, Stacks, and Chainlink are examined using the Generalized R² method proposed by 

Balli et al. (2023). This approach reveals both contemporaneous and lagged interconnectedness between 

assets, thereby enabling an understanding of how dynamic relationships evolve over time. The results indicate 

that market interconnectedness is not stable over time and that the transmission of shocks tends to intensify 

particularly during periods of uncertainty. The findings show that Ethereum maintained a central role 

throughout the analysis period, while Cardano, STX, LINK, and IOTA were more exposed to shocks. These 

results underscore the necessity of policy frameworks that address not only individual asset risks but also 

contagion risks to promote market stability. From an investor’s perspective, it is recommended that portfolio 

compositions consider both contemporaneous and lagged effects. 

 

 

ÖZET  

Bu çalışma, dijital finansal varlık piyasasındaki varlıklar arasındaki zamanla değişen etkileşimleri analiz 

etmektedir. Çalışma kapsamında, Ethereum, Ripple, Binance Coin, Cardano, Stellar, IOTA, Stacks ve 

Chainlink için 2020-2025 dönemine ait 1.820 günlük gözlem, Balli ve diğerleri (2023) tarafından önerilen 

Genelleştirilmiş R² yöntemi kullanılarak incelenmiştir. Bu yaklaşım, varlıklar arasındaki eşzamanlı ve 

gecikmeli karşılıklı bağlantıları ortaya çıkararak, dinamik ilişkilerin zaman içinde nasıl geliştiğini anlamayı 

mümkün kılmaktadır. Sonuçlar, piyasa karşılıklı bağlantısının zaman içinde istikrarlı olmadığını ve şokların 

iletilmesinin özellikle belirsizlik dönemlerinde yoğunlaşma eğiliminde olduğunu göstermektedir. Bulgular, 

Ethereum'un analiz dönemi boyunca merkezi bir rol sürdürdüğünü, Cardano, STX, LINK ve IOTA'nın ise 

şoklara daha fazla maruz kaldığını göstermektedir. Bu sonuçlar, piyasa istikrarını teşvik etmek için yalnızca 

bireysel varlık risklerini değil, aynı zamanda bulaşma risklerini de ele alan politika çerçevelerinin gerekliliğini 

vurgulamaktadır. Yatırımcıların bakış açısından, portföy bileşimlerinde hem eşzamanlı hem de gecikmeli 

etkilerin dikkate alınması önerilmektedir. 
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1. INTRODUCTION 

Digital asset markets have emerged as a prominent alternative to traditional financial instruments, offering 

innovative investment opportunities and decentralized financial engagement. Since Bitcoin’s introduction in 

2009, hundreds of digital assets—including high market-capitalization cryptocurrencies such as Ethereum, 

Binance Coin, Cardano, and Stellar—have been developed, rapidly gaining acceptance among investors (Wątorek 

et al., 2021; Fang et al., 2022; Corbet et al., 2019). 

Key features of driving adoption include decentralization, limited supply, and 24/7 transaction capability, enabling 

investors to respond flexibly to market fluctuations, preserve capital, and reduce reliance on intermediaries (Bouri 

et al., 2017; Sutbayeva et al., 2024). These characteristics, combined with the market’s rapid growth, underscore 

why digital assets have become a significant alternative investment class. 

 
Figure 1. Total Monetary Volume of the Digital Asset Market (Trillion USD) 

As shown in Figure 1, the digital asset market grew rapidly from 2020, declined sharply in 2022, and rebounded 

in 2023-2024, reaching around $3 trillion by 2025. This trend reflects growing investor demand and highlights 

the need to understand inter-asset interactions and systemic risk propagation. 

Despite these advantages, digital assets carry significant risks, including high volatility, regulatory gaps, and 

limited transparency. Such factors can amplify systemic shocks, making it crucial to examine inter-asset 

relationships and investor behavior to develop effective risk management strategies (Ji et al., 2019; Umar et al., 

2021). Regulatory frameworks such as the EU’s Markets in Crypto-Assets (MiCA) regulation, the US Securities 

and Exchange Commission (SEC) oversight, and cryptocurrency guidelines in Japan and Singapore aim to 

mitigate systemic risks, enhance market transparency, and provide a structured environment for investors. Unlike 

traditional financial markets, digital assets are influenced by both macroeconomic conditions and micro-level 

drivers such as technological innovations, regulatory changes, and exchange-level interventions, resulting in time-

varying interconnectedness that standard methods may not fully capture (Balli et al., 2023; Diebold & Yılmaz, 

2014). 

To address these challenges, this study employs the Generalized R² method on daily data from April 13, 2020, to 

April 7, 2025, covering eight major digital assets: cryptocurrencies (ETH, XRP, BNB), sustainable tokens (ADA, 

XLM, IOTA), NFTs (STX), and DeFi assets (LINK). By separating contemporaneous and lagged effects, the 

method identifies influential and influenced assets, tracks shock propagation, and highlights periods of heightened 

market interconnectedness. 

This research contributes to literature by extending connectedness analysis to a broad set of digital assets within 

a unified framework, offering insights into contagion dynamics and systemic risk. From a policy perspective, 

understanding how interconnectedness evolves during crisis periods can support regulators in developing targeted 

interventions and assist investors in constructing resilient portfolios. 

The remainder of the paper is structured as follows. The Introduction presents the background and objectives. The 

Literature Review synthesizes prior research and identifies the gap. The Data Set and Methodology section details 

the dataset, variables, and econometric approach. The Analysis Results section reports empirical findings on 

contemporaneous and lagged connectedness patterns. Finally, the Conclusion and Evaluation summarize key 

results, implications, and future research directions. 
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2. LITERATURE REVIEW 

A review of the finance literature reveals that thousands of studies have been conducted on digital asset markets 

in recent years. The shift in investor preferences from traditional investment vehicles to digital assets has 

redirected scholarly attention toward this emerging field. Cheah & Fry (2015) examined speculative movements 

in Bitcoin prices, showing that market prices are often driven by irrational behaviors. Kristoufek (2015) 

highlighted the influence of social media on cryptocurrency markets, while Urquhart (2016) analyzed Bitcoin’s 

market efficiency and concluded that it became increasingly rational over time. Katsiampa (2017) identified 

Bitcoin’s volatility as highly sensitive to news and market interventions. Similarly, Conrad et al. (2018) observed 

a clustering tendency in Bitcoin’s volatility, and Baur et al. (2018) emphasized the asset’s inherently volatile and 

risky nature. Corbet et al. (2018) further investigated the bubble-like behaviors of Bitcoin and Ethereum, 

underlining their speculative characteristics. Expanding on this, Beneki et al. (2019) documented significant 

interdependence and intense volatility spillovers among cryptocurrencies. Ji et al. (2019) demonstrated that 

Bitcoin functions as a critical information transmitter within cryptocurrency markets, while Shahzad et al. (2020) 

confirmed that volatility spillovers primarily flow from Bitcoin to other altcoins. More recently, Bouri et al. (2021) 

and Umar et al. (2021) emphasized the vulnerability of cryptocurrency markets to external shocks, noting their 

exposure to both the COVID-19 pandemic and broader economic crises. 

In parallel, a substantial body of research has explored dynamic connectedness and spillover mechanisms across 

financial, commodity, and digital asset markets. Akkus & Doğan (2024) examine the time-varying linkages among 

cryptocurrencies, NFTs, and DeFi assets using a TVP-VAR approach, demonstrating that digital markets are 

highly interconnected and prone to evolving risk transmission. Complementarily, Doğan et al. (2023) investigate 

the connectedness among clean energy markets, carbon emission allowances, and stock indices, highlighting the 

intensification of interlinkages during uncertain periods. Beyond digital markets, Balcı (2024) provides evidence 

of volatility spillovers among global stock markets during crisis episodes through a Diagonal BEKK framework, 

while Balcı (2025) analyzes the dynamic linkages between the Turkish Islamic stock market and global 

macroeconomic risk factors using a DCC-GARCH approach, both showing that systemic risks tend to strengthen 

in times of turbulence. Kyriazis & Corbet (2024) extend this line of research by evaluating the dynamic 

connectedness of financial assets and banking indices during black-swan events with a Quantile-VAR approach, 

finding that extreme events amplify systemic interconnectedness. Similarly, Li et al. (2024) assess connectedness 

between Chinese commodity and stock markets through TVP-VAR and cDCC-FIAPARCH models, emphasizing 

the role of hedging opportunities under time-varying dynamics. 

Emerging research has also incorporated digital finance and FinTech perspectives. Yadav et al. (2025) investigate 

the time-varying interconnectedness among FinTech, digital assets, and electronic commerce, providing new 

insights into how technological innovation influences financial linkages. Likewise, Sharma et al. (2024) focus on 

the connectedness between commodities and ESG stocks in India, offering implications for sustainable investment 

strategies. Collectively, these studies confirm that financial and digital asset markets exhibit strong dynamic 

interdependencies, which tend to escalate during periods of stress or structural change. 

Despite these advances, the existing literature has largely concentrated either on traditional financial markets, 

sector-specific indices, or limited segments of the digital asset ecosystem. Few studies have systematically 

examined the interconnectedness among a broad set of digital financial assets while considering both 

contemporaneous and lagged effects in a unified framework. Addressing this gap, the present study applies the 

Generalized R² method proposed by Balli et al. (2023) to analyze Ethereum, Ripple, Binance Coin, Cardano, 

Stellar, IOTA, Stacks, and Chainlink. By capturing time-varying relationships across multiple layers of 

interaction, this study contributes to a deeper understanding of contagion risk and stability implications in digital 

financial markets. 

 

3. DATA SET and METHODOLOGY 

3.1. Data Description 

To examine the contagion dynamics in the digital asset market, the study uses daily price series of selected digital 

assets. Specifically, daily data from April 13, 2020, to April 7, 2025, are utilized to analyze interactions among 

eight leading digital assets: Ethereum (ETH), Ripple (XRP), Binance Coin (BNB), Cardano (ADA), Stellar 

(XLM), IOTA, Stacks (STXK) representing NFTs, and Chainlink (LINK) representing DeFi assets. The data for 

these variables were obtained from the Investing.com platform. 
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3.2. Methodology 

In this study, the Generalized R² method is employed to examine the interactions among digital assets. The 

methodological framework and estimation steps of the approach are outlined as follows (Balli et al., 2023; Diebold 

& Yılmaz, 2012; Diebold & Yılmaz, 2014): 

𝑦𝑡 = ∑ 𝐵𝑖𝑦𝑡−𝑖 + 𝑢𝑡 𝑎𝑛𝑑 𝑢𝑡  ~ 𝑁(0,)
𝑝

𝑖=1
 (1) 

Here, 𝑦𝑡 t denotes the vector of log-returns of the interconnected indices at time. The coefficient matrix 𝐵𝑖  reflects 

sectoral interconnectedness across different time periods, capturing the impact of each index on the others. The 

term 𝑢𝑡 represents the error term. 

Descriptive statistics for the digital assets included in the analysis are presented in Table 1. According to the 

figures reported in Table 1, the return series exhibit significant levels of skewness and kurtosis. Notably, STXK 

stands out with a skewness value of 7.854 and a kurtosis value of 102.46, indicating a highly speculative structure. 

Results from the Jarque-Bera test reveal that none of the series follow a normal distribution (p < 0.01). Moreover, 

the Q(10) and Q²(10) test statistics indicate the presence of statistically significant autocorrelation and ARCH 

effects in all series. 

Table 1. Summary Statistics 

 ETH XRP BNB ADA XLM IOTA STXK LINK 

Mean 2.924 3.368 2.777 3.621 3.358 3.819 4.58 4.039 

Variance 8.947 22.223 13.086 16.538 20.887 16.26 29.208 15.07 

Skewness 2.385*** 5.411*** 6.062*** 4.540*** 6.588*** 3.317*** 7.854*** 2.431*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Kurtosis 9.563*** 
49.438*** 

 
77.921*** 50.367*** 74.278*** 19.668*** 132.840*** 10.354*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

JB 8655.189*** 194118.592*** 471318.556*** 198520.412*** 431315.145*** 32655.306*** 1356156.257*** 9916.079*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

ERS -12.772*** -9.877*** -6.494*** -7.385*** -9.150*** -8.005*** -9.031*** -12.632*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Q(10) 218.078*** 370.897*** 649.977*** 257.387*** 312.339*** 256.228*** 86.100*** 281.917*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Q2(10) 150.243*** 36.629*** 165.184*** 35.274*** 38.751*** 132.563*** 2.494 233.442*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.886) (0.000) 

Note: Skewness: D'Agostino (1970) test; Kurtosis: Anscombe and Glynn (1983) test; JB: Jarque and Bera (1980) normality test; ERS: Elliott et al. (1996) 
unit root test; Q(10) and Q²(10): Weighted Portmanteau test statistics proposed by Fisher and Gallagher (2012). P-values are reported in parentheses. 

Significance levels: * statistically significant at the 10% level, ** at the 5% level, and *** at the 1% level. 

In the study, the calculation of total connectedness (TCI) and directional connectedness among assets is performed 

using Equation (2) (Diebold & Yılmaz, 2012; Diebold & Yılmaz, 2014): 

𝑇𝐶𝐼 =  
1

𝐾
 ∑ 𝑅𝑘

2
𝐾

𝑘=1
 (2) 

Using the Generalized R² decomposition, contemporaneous and lagged interactions are calculated as shown below 

using Equation (3) (Baur & Hoang, 2021): 

𝑅𝑥𝑥 = 𝑉𝛬𝑉ʹ =  𝐶𝐶ʹ (3) 

 

4. ANALYSIS RESULTS 

The findings regarding the levels of connectedness obtained using the Generalized R² method are presented below. 

The results indicate that information transmission in digital asset markets exhibits a directional, dynamic, and 

time-varying structure among assets. 
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Figure 2 illustrates the return series of the digital assets throughout the study period. An examination of Figure 2 

reveals that fluctuations in returns occurred across all assets over time, and that similar return patterns emerged 

during several periods. 

 
Figure 2. Logarithmic Return Series of Digital Assets 

According to the dynamic total connectedness results presented in Figure 3, the Total Connectedness Index (TCI) 

exhibits a fluctuating pattern over time, with occasional surges above the 50% level, indicating periods of 

intensified systemic risk. These increases are particularly evident during periods characterized by external shocks. 

This finding suggests that systemic vulnerability intensifies at certain times, and information transmission triggers 

a chain reaction across the market. 

The figure reveals that the overall connectedness level experienced substantial volatility over the years, peaking 

at the end of 2022. This result indicates heightened interdependence among assets during that period and a stronger 

propagation of market shocks. The contemporaneous connectedness level also follows a similarly volatile trend 

over the years, closely mirroring the behavior of overall connectedness. In contrast, the lagged connectedness 

level generally displays a lower and more stable pattern. 

These findings collectively suggest that shock transmission within the digital asset market intensifies particularly 

during periods of uncertainty and crises. Moreover, lagged effects appear to exhibit a more dominant structure 

compared to contemporaneous effects. 

 
Figure 3. Dynamic Total Connectedness 
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According to the net total connectedness results presented in Figure 4, Ethereum (ETH) emerges as the most 

prominent shock transmitter in the market. Notably, there has been a significant increase in TDC values in the 

most recent periods, indicating that ETH has strengthened its leadership role and systemic impact within the 

market. Meanwhile, assets such as Cardano (ADA), Chainlink (LINK), and IOTA have exhibited relatively 

balanced and low levels of connectedness throughout the analysis period, suggesting that they have predominantly 

acted as shock receivers. 

On the other hand, assets like Binance Coin (BNB), Ripple (XRP), and Stellar (XLM) have displayed notable 

fluctuations over time. BNB, for instance, has alternated between acting as a shock transmitter and a shock 

receiver across different periods. XRP transitioned into a shock transmitter position toward the end of 2024, while 

XLM increased its influence on the market following 2022 but subsequently lost this impact. Overall, the results 

confirm that the structure of interconnectedness among digital assets is dynamic and undergoes significant 

changes over time. 

 
Figure 4. Net Total Directional Connectedness (TDC) 

In this study, the interactions among the digital assets included in the analysis are measured through connectedness 

matrices, which express the impact of a shock occurring in one asset on the others. Table 2 below presents the 

results of the overall connectedness matrix. According to the results reported in Table 2:  Ethereum (ETH) (75.34), 

Stellar (XLM) (72.77), and Binance Coin (BNB) (60.1) exhibit the highest total impact scores, indicating that 

these assets exert the strongest influence over the others. Moreover, their positive net impact scores reveal that 

they predominantly act as shock transmitters within the system. On the other hand, assets such as Cardano (ADA), 

IOTA, Stacks (STXK), and Chainlink (LINK) are identified as net shock receivers in the system. 

Table 2. Overall Connectedness Matrix 

FROM 
Overall 

ETH 

Overall 

XRP 

Overall 

BNB 

Overall 

ADA 

Overall 

XLM 

Overall 

IOTA 

Overall 

STXK 

Overall 

LINK 

Overall 

FROM 

ETH 0,71 1,91 23,99 1,32 10,64 1,13 0,87 1,97 41,84 

XRP 5,67 2,08 4,24 8,8 26,05 5,4 3,39 4,62 58,16 

BNB 23,87 2,22 2,61 
1,82 

 
7,07 1,88 1,05 2,75 40,66 

ADA 8,34 8,51 5,86 1,31 12,49 7,17 3,79 8,98 55,13 

XLM 12,09 11,9 7,83 5,56 1,47 2,52 2,05 3,56 45,51 

IOTA 7,98 6,32 6,27 7,37 6,61 0,71 4,71 7,94 47,2 

STXK 5,69 3,46 5 4,14 3,65 4,53 1,37 3,88 30,36 

LINK 11,7 4,81 6,9 8,92 6,27 7,59 3,49 0,59 49,67 

TO 75,34 39,13 60,1 37,94 72,77 30,22 19,34 33,7 368,53 

Inc.Own 76,05 41,21 62,7 39,25 74,23 30,93 20,71 34,29 cTCI/TCI 

NET 33,51 -19,02 19,44 -17,19 27,25 -16,98 -11,02 -15,98 52.65/46.07 
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When examining the results of the contemporaneous connectedness matrix presented in Table 3: 

XLM (37.85), ETH (37.33), and BNB (33.87) exhibit the highest contemporaneous impact scores on other assets. 

These assets possess strong instantaneous influence over others, whereas STXK (15.99), IOTA (26.7), and LINK 

(28.16) display a more limited contemporaneous impact. An analysis of the net impact scores indicates that all 

assets are engaged in relatively similar levels of interaction, suggesting a generally homogeneous structure across 

the system. 

Table 3. Contemporaneous Connectedness Matrix 

FROM 
C+ 

ETH 

C* 

XRP 

C* 

BNB 

C* 

ADA 

C* 

XLM 

C* 

IOTA 

C* 

STXK 

C* 

LINK 

C* 

FROM 

ETH 0 1,39 23,31 0,83 9,94 0,66 0,57 1,12 37,82 

XRP 1,25 0 0,8 7,81 10,25 5,02 2,78 3,99 31,91 

BNB 23,12 0,84 0 0,86 5,86 1,1 0,65 1,49 33,94 

ADA 0,74 7,55 0,77 0 4,98 6,66 3,35 8,19 32,25 

XLM 10,05 10,08 5,96 5 0 2,06 1,76 2,95 37,87 

IOTA 0,56 4,89 0,98 6,67 2,01 0 3,75 7,21 26,07 

STXK 0,59 2,96 0,66 3,57 1,9 3,9 0 3,21 16,79 

LINK 1 3,83 1,38 8,43 2,91 7,3 3,12 0 27,98 

TO 37,33 31,54 33,87 33,18 37,85 26,7 15,99 28,16 244,62 

Inc.Own 37,33 31,54 33,87 33,18 37,85 26,7 15,99 28,16 cTCI/TCI 

NET -0,48 -0,37 -0,07 0,93 -0,02 0,63 -0,8 0,18 34.95/30.58 

Note: Contemporaneous 

When examining the results of the lagged connectedness matrix presented in Table 4: 

The assets with the highest lagged effects are ETH (38.01), XLM (34.91), and BNB (26.22). These results suggest 

that ETH, XLM, and BNB serve as the primary actors in the medium- and long-term transmission of information 

within the system. Moreover, their positive net values indicate that they also act as shock transmitters in lagged 

interactions. In particular, Ethereum’s net value (33.99) and XLM’s net value (27.27) demonstrate that these assets 

have a strong and lasting influence over the system. On the other hand, XRP (-18.66), ADA (-18.22), and LINK 

(-16.16) exhibit negative net scores, identifying them as net shock receivers. These findings imply that for some 

assets, shock effects do not diminish over time but instead continue to propagate throughout the system in a lagged 

manner. 

Table 4. Lagged Connectedness Matrix 

FROM 
Lagged 

ETH 

Lagged 

XRP 

Lagged 

BNB 

Lagged 

ADA 

Lagged 

XLM 

Lagged 

IOTA 

Lagged 

STXK 

Lagged 

LINK 

Lagged 

FROM 

ETH 0,71 0,53 0,68 0,49 0,7 0,47 0,31 0,85 4,02 

XRP 4,41 2,08 3,43 0,99 15,79 0,39 0,6 0,63 26,25 

BNB 0,75 1,38 2,61 0,95 1,2 0,77 0,4 1,26 6,71 

ADA 7,6 0,96 5,09 1,31 7,51 0,51 0,44 0,79 22,89 

XLM 2,03 1,82 1,87 0,57 1,47 0,46 0,29 0,61 7,65 

IOTA 7,42 1,44 5,3 0,7 4,6 0,71 0,95 0,73 21,13 

STXK 5,1 0,5 4,34 0,57 1,76 0,63 1,37 0,67 13,58 

LINK 10,69 0,98 5,52 0,49 3,36 0,29 0,36 0,59 21,7 

TO 38,01 7,59 26,22 4,76 34,91 3,52 3,35 5,54 123,91 

Inc.Own 38,72 9,67 28,83 6,08 36,38 4,23 4,72 6,13 cTCI/TCI 

NET 33,99 -18,66 19,51 -18,12 27,27 -17,61 -10,22 -16,16 17.70/15.49 

The total influence of the assets on other assets, as presented in Tables 2, 3, and 4, is illustrated in Figure 5. The 

data in Figure 5 reveal that Ethereum (ETH) and Binance Coin (BNB) acted as strong shock transmitters 

particularly during the 2021-2022 period, while Stellar (XLM) assumed a dominant role during 2023-2024. 

Additionally, Ripple (XRP) has emerged as a prominent shock transmitter in the most recent period. 
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Figure 5. Total Impact on Others 

According to the information presented in Figure 6, which illustrates the total shock received by each asset from 

others (as derived from Tables 2, 3, and 4), the results indicate that assets exhibit varying degrees of shock 

sensitivity over time. In particular, XRP, ADA, and IOTA appear to have been significantly affected during the 

post-2023 period. These findings demonstrate that the roles of shock reception and transmission fluctuate over 

time, highlighting the importance of dynamic analyses in understanding the interactions among digital assets. 

 
Figure 6. Total Impact from Others 

Figure 7 presents the network of connectedness among the digital assets. The visuals in Figure 7 sequentially 

display contemporaneous, lagged, and overall connectedness relationships. According to the information 

presented in the figure 7: 

Contemporaneous Connectedness: IOTA and ADA exhibit a strong contemporaneous linkage. The connection 

between these financial assets is relatively high, meaning that their price movements tend to influence each other 

simultaneously. This suggests that both assets are likely affected by similar underlying factors. 

Lagged Connectedness: XRP, LINK, and STXK demonstrate stronger lagged relationships compared to other 

assets. This implies that these assets tend to react more slowly to market price movements, reflecting delayed 

responses to shocks. 

Overall Connectedness: ADA and IOTA are identified as the most interconnected assets in the market, exhibiting 

the highest levels of total interaction. 
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A general assessment of Figure 7 reveals that the nature of connectedness among assets varies between 

contemporaneous and lagged effects. While the contemporaneous network appears relatively sparse, the lagged 

network demonstrates denser and more complex interrelationships. 

Notably, Ethereum occupies a central position across all three graphs, exerting both immediate and persistent 

influence over other assets. 

 
Figure 7. Volatility Spillover Network Graph 

 

5. CONCLUSION and EVALUATION 

The findings indicate that the level of interconnectedness in the digital asset market varies significantly over time 

and intensifies during periods of financial distress. This outcome necessitates the attention not only of individual 

investors but also of market regulators and policymakers due to the potential for contagion effects across financial 

markets. From a policy perspective, understanding how interconnectedness evolves during crisis periods can 

support regulators in developing targeted interventions. These insights can inform ongoing regulatory initiatives, 

such as the EU MiCA framework, US SEC enforcement policies, and Asian cryptocurrency regulations in Japan 

and Singapore, to strengthen market stability and manage contagion risks (Balli et al., 2023; Akkus & Doğan, 

2024). Accurately analyzing contemporaneous and lagged connectedness effects is essential for designing risk-

focused policies that support market resilience. 

For investors engaged in portfolio diversification, it is crucial to make decisions not only based on returns but also 

by considering the interconnectedness characteristics of assets during crisis periods. Taking precautionary 

measures during periods of heightened volatility can help construct more resilient investment strategies (Ji et al., 

2019; Yousaf & Yarovaya, 2022). 

When compared with existing literature, the results of this study are broadly consistent with prior evidence 

emphasizing the time-varying and crisis-sensitive nature of connectedness. For instance, Ji et al. (2019) 

demonstrated that cryptocurrency markets exhibit strong dynamic integration, particularly during turbulent 

periods, which aligns with the present study’s finding that shocks intensify contagion across digital assets in times 

of financial distress. Similarly, Li et al. (2023) showed that cryptocurrencies and traditional financial assets in 

China are subject to time- and frequency-dependent connectedness, underscoring the importance of analyzing 

both short- and long-term spillovers—an approach also captured by the use of the Generalized R² method in this 

research. 

In a related strand of literature, Yousaf & Yarovaya (2022) highlighted significant interconnectedness between 

NFTs, DeFi, and other assets, with implications for portfolio construction. This complements the current study’s 

results, as both analyses stress that diversification strategies must account for cross-asset contagion rather than 

relying solely on return correlations. On the other hand, Gong & Xu (2022), focusing on commodity markets 

under geopolitical risks, found that external shocks can substantially reshape interconnectedness patterns. 

Although the asset classes differ, this comparison reinforces the broader conclusion that systemic shocks—

whether geopolitical or financial—amplify market interdependence. 

Taken together, these comparisons show that while prior studies have primarily examined either specific asset 

classes or particular risk channels, the present research adds value by integrating multiple types of digital assets 
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(cryptocurrencies, sustainable tokens, NFTs, and DeFi) into a unified framework that distinguishes between 

contemporaneous and lagged connectedness. This broader scope not only confirms the crisis-sensitivity of 

connectedness identified in earlier studies but also provides a more nuanced understanding of how shocks 

propagate through diverse segments of the digital asset ecosystem. 

Future research could extend this framework by including additional digital assets, performing cross-country 

comparisons, or incorporating regulatory shocks to further investigate systemic risk dynamics and market 

resilience. 

 

 

AUTHORS’ DECLARATION: 

This paper complies with Research and Publication Ethics, has no conflict of interest to declare, and has received no financial 

support.  

 

AUTHORS’ CONTRIBUTIONS: 

The entire research is written by the author. 

 

 

REFERENCES  

Akkus, H. T., & Dogan, M. (2024). Analysis of dynamic connectedness relationships between cryptocurrency, 

NFT and DeFi assets: TVP-VAR approach. Applied Economics Letters, 31(21), 2250-2255. 

https://doi.org/10.1080/13504851.2023.2216437  

Anscombe, F. J., & Glynn, W. J. (1983). Distribution of the kurtosis statistic b2 for normal 

samples. Biometrika, 70(1), 227-234. https://doi.org/10.1093/biomet/70.1.227  

Balcı, N. (2024). Volatility spillover effects between stock markets during the crisis periods: Diagonal BEKK 

approach. Pamukkale University Journal of Social Sciences Institute, (65), 1-18.        

https://doi.org/10.30794/pausbed.1462608 

Balcı, N. (2025). Dynamic linkages between Turkish Islamic stock market and global macroeconomic risk factors: 

Evidence from DCC-GARCH model. Akademik Hassasiyetler, 12(27), 399-428. 

https://doi.org/10.58884/akademik-hassasiyetler.1590078  

Balli, F., Balli, H. O., Dang, T. H. N., & Gabauer, D. (2023). Contemporaneous and lagged R2 decomposed 

connectedness approach: New evidence from the energy futures market. Finance Research Letters, 57, 

104168. https://doi.org/10.1016/j.frl.2023.104168  

Baur, D. G., & Hoang, L. T. (2021). The importance of spillovers. SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.3973795  

Baur, D. G., Hong, K., & Lee, A. D. (2018). Bitcoin: Medium of exchange or speculative assets?. Journal of 

International Financial Markets, Institutions and Money, 54, 177-189. 

https://doi.org/10.1016/j.intfin.2017.12.004  

Beneki, C., Koulis, A., Kyriazis, N. A., & Papadamou, S. (2019). Investigating volatility transmission and hedging 

properties between Bitcoin and Ethereum. Research in International Business and Finance, 48, 219-227. 

https://doi.org/10.1016/j.ribaf.2019.01.001  

Bouri, E., Cepni, O., Gabauer, D., & Gupta, R. (2021). Return connectedness across asset classes around the 

COVID-19 outbreak. International Review of Financial Analysis, 73, 101646. 

https://doi.org/10.1016/j.irfa.2020.101646  

Bouri, E., Molnár, P., Azzi, G., Roubaud, D., & Hagfors, L. I. (2017). On the hedge and safe haven properties of 

Bitcoin: Is it really more than a diversifier?. Finance Research Letters, 20, 192-198. 

https://doi.org/10.1016/j.frl.2016.09.025  

https://doi.org/10.1080/13504851.2023.2216437
https://doi.org/10.1093/biomet/70.1.227
https://doi.org/10.30794/pausbed.1462608
https://doi.org/10.58884/akademik-hassasiyetler.1590078
https://doi.org/10.1016/j.frl.2023.104168
https://doi.org/10.2139/ssrn.3973795
https://doi.org/10.1016/j.intfin.2017.12.004
https://doi.org/10.1016/j.ribaf.2019.01.001
https://doi.org/10.1016/j.irfa.2020.101646
https://doi.org/10.1016/j.frl.2016.09.025


International Journal of Business & Economic Studies, Year: 2025, Vol: 7, No: 3, pp.160-171 

 

170 

 

Cheah, E. T., & Fry, J. (2015). Speculative bubbles in Bitcoin markets? An empirical investigation into the 

fundamental value of Bitcoin. Economics Letters, 130, 32-36. 

https://doi.org/10.1016/j.econlet.2015.02.029  

Conrad, C., Custovic, A., & Ghysels, E. (2018). Long-and short-term cryptocurrency volatility components: A 

GARCH-MIDAS analysis. Journal of Risk and Financial Management, 11(2), 23. 

https://doi.org/10.3390/jrfm11020023  

Corbet, S., Lucey, B., & Yarovaya, L. (2018). Datestamping the Bitcoin and Ethereum bubbles. Finance Research 

Letters, 26, 81-88. https://doi.org/10.1016/j.frl.2017.12.006  

Corbet, S., Lucey, B., Urquhart, A., & Yarovaya, L. (2019). Cryptocurrencies as a financial asset: A systematic 

analysis. International Review of Financial Analysis, 62, 182-199. 

https://doi.org/10.1016/j.irfa.2018.09.003  

D'Agostino, R. B. (1970). Transformation to normality of the null distribution of g1. Biometrika, 57(3), 679-681. 
https://doi.org/10.2307/2334794  

Dataset available website: https://tr.investing.com/  

Diebold, F. X., & Yilmaz, K. (2012). Better to give than to receive: Predictive directional measurement of 

volatility spillovers. International Journal of Forecasting, 28(1), 57-66. 

https://doi.org/10.1016/j.ijforecast.2011.02.006  

Diebold, F. X., & Yılmaz, K. (2014). On the network topology of variance decompositions: Measuring the 

connectedness of financial firms. Journal of Econometrics, 182(1), 119-134. 

https://doi.org/10.1016/j.jeconom.2014.04.012  

Doğan, M., Raikhan, S., Zhanar, N., & Gulbagda, B. (2023). Analysis of dynamic connectedness relationships 

among clean energy, carbon emission allowance, and BIST indexes. Sustainability, 15(7), 6025. 

https://doi.org/10.3390/su15076025  

Elliott, B. Y. G., Rothenberg, T. J., & Stock, J. H. (1996). Efficient tests for an autoregressive unit root. 

Econometrica, 64(4), 813-836. https://doi.org/10.3386/t0130  

Fang, F., Ventre, C., Basios, M., Kanthan, L., Martinez-Rego, D., Wu, F., & Li, L. (2022). Cryptocurrency trading: 

A comprehensive survey. Financial Innovation, 8(1), 13. https://doi.org/10.1186/s40854-021-00321-6  

Fisher, T. J., & Gallagher, C. M. (2012). New weighted portmanteau statistics for time series goodness of fit 

testing. Journal of the American Statistical Association, 107(498), 777-787. 

https://doi.org/10.1080/01621459.2012.688465  

Gong, X., & Xu, J. (2022). Geopolitical risk and dynamic connectedness between commodity markets. Energy 

Economics, 110, 106028. https://doi.org/10.1016/j.eneco.2022.106028  

Jarque, C. M., & Bera, A. K. (1980). Efficient tests for normality, homoscedasticity and serial independence of 

regression residuals. Economics Letters, 6(3), 255-259. https://doi.org/10.1016/0165-1765(80)90024-5  

Ji, Q., Bouri, E., Lau, C. K. M., & Roubaud, D. (2019). Dynamic connectedness and integration in cryptocurrency 

markets. International Review of Financial Analysis, 63, 257-272. 

https://doi.org/10.1016/j.irfa.2018.12.002  

Katsiampa, P. (2017). Volatility estimation for Bitcoin: A comparison of GARCH models. Economics 

Letters, 158, 3-6. https://doi.org/10.1016/j.econlet.2017.06.023  

Kristoufek, L. (2015). What are the main drivers of the Bitcoin price? Evidence from wavelet coherence 

analysis. PloS One, 10(4), e0123923. https://doi.org/10.1371/journal.pone.0123923  

Kyriazis, N., & Corbet, S. (2024). Evaluating the dynamic connectedness of financial assets and bank indices 

during black-swan events: A Quantile-VAR approach. Energy Economics, 131, 107329. 

https://doi.org/10.1016/j.eneco.2024.107329  

Li, B., Haneklaus, N., & Rahman, M. M. (2024). Dynamic connectedness and hedging opportunities of the 

commodity and stock markets in China: Evidence from the TVP-VAR and cDCC-FIAPARCH. Financial 

Innovation, 10(1), 52. https://doi.org/10.1186/s40854-023-00607-x  

https://doi.org/10.1016/j.econlet.2015.02.029
https://doi.org/10.3390/jrfm11020023
https://doi.org/10.1016/j.frl.2017.12.006
https://doi.org/10.1016/j.irfa.2018.09.003
https://doi.org/10.2307/2334794
https://tr.investing.com/
https://doi.org/10.1016/j.ijforecast.2011.02.006
https://doi.org/10.1016/j.jeconom.2014.04.012
https://doi.org/10.3390/su15076025
https://doi.org/10.3386/t0130
https://doi.org/10.1186/s40854-021-00321-6
https://doi.org/10.1080/01621459.2012.688465
https://doi.org/10.1016/j.eneco.2022.106028
https://doi.org/10.1016/0165-1765(80)90024-5
https://doi.org/10.1016/j.irfa.2018.12.002
https://doi.org/10.1016/j.econlet.2017.06.023
https://doi.org/10.1371/journal.pone.0123923
https://doi.org/10.1016/j.eneco.2024.107329
https://doi.org/10.1186/s40854-023-00607-x


Erdoğan, B. – Interconnectedness and Risk Structure Among Digital Assets: Empirical Findings Based on the Generalized R² Approach (2020–2025) 

171 

 

Li, Z., Mo, B., & Nie, H. (2023). Time and frequency dynamic connectedness between cryptocurrencies and 

financial assets in China. International Review of Economics & Finance, 86, 46-57. 

https://doi.org/10.1016/j.iref.2023.01.015 

Shahzad, S. J. H., Bouri, E., Roubaud, D., & Kristoufek, L. (2020). Safe haven, hedge and diversification for G7 

stock markets: Gold versus Bitcoin. Economic Modelling, 87, 212-224. 

https://doi.org/10.1016/j.econmod.2019.07.023  

Sharma, I., Bamba, M., Verma, B., & Verma, B. (2024). Dynamic connectedness and investment strategies 

between commodities and ESG stocks: Evidence from India. Australasian Accounting, Business and 

Finance Journal, 18(3). https://doi.org/10.14453/aabfj.v18i3.05  

Sutbayeva, R., Abdeshov, D., Shodyrayeva, S., Maukenova, A., Bekteshi, X., & Doğan, M. (2024). The nexus 

between ICT, trade openness, urbanization, natural resources, foreign direct investment and economic 

growth. International Journal of Sustainable Development & Planning, 19(2), 723-730. 

https://doi.org/10.18280/ijsdp.190229  

Umar, Z., Gubareva, M., & Teplova, T. (2021). The impact of Covid-19 on commodity markets volatility: 

Analyzing time-frequency relations between commodity prices and coronavirus panic levels. Resources 

Policy, 73, 102164. https://doi.org/10.1016/j.resourpol.2021.102164  

Urquhart, A. (2016). The inefficiency of Bitcoin. Economics Letters, 148, 80-82. 

https://doi.org/10.1016/j.econlet.2016.09.019  

Wątorek, M., Drożdż, S., Kwapień, J., Minati, L., Oświęcimka, P., & Stanuszek, M. (2021). Multiscale 

characteristics of the emerging global cryptocurrency market. Physics Reports, 901, 1-82. 

https://doi.org/10.1016/j.physrep.2020.10.005  

Yadav, M. P., Al-Qudah, A. A., Sandhu, K., & Gupta, N. (2025). Resolving an enigma of FinTech, digital assets 

and electronic commerce: Insight to time-varying dynamic connectedness. FIIB Business Review, 

23197145241300899. https://doi.org/10.1177/23197145241300899  

Yousaf, I., & Yarovaya, L. (2022). Static and dynamic connectedness between NFTs, Defi and other assets: 

Portfolio implication. Global Finance Journal, 53, 100719. https://doi.org/10.1016/j.gfj.2022.100719 

https://doi.org/10.1016/j.iref.2023.01.015
https://doi.org/10.1016/j.econmod.2019.07.023
https://doi.org/10.14453/aabfj.v18i3.05
https://doi.org/10.18280/ijsdp.190229
https://doi.org/10.1016/j.resourpol.2021.102164
https://doi.org/10.1016/j.econlet.2016.09.019
https://doi.org/10.1016/j.physrep.2020.10.005
https://doi.org/10.1177/23197145241300899
https://doi.org/10.1016/j.gfj.2022.100719

