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Abstract 
This study examines the evolving interconnectedness among the BIST 

Sustainability Index, Green Bond, carbon emission allowances, gold, and Bitcoin 

under different geopolitical risk (GPR) environments from January 2020 through 

February 2026. A TVP-VAR model, combined with statistical testing and a tercile-

based robustness design, is used to determine how the nature of spillovers differs 

across GPR regimes. The results reveal moderate time-varying connectedness, with 

Green Bond acting as the principal net transmitter and the BIST Sustainability Index 

as the primary net receiver. Contrary to expectations, average connectedness is 

significantly higher during the low-GPR period, and this difference survives 

autocorrelation-robust inference, the exclusion of the pandemic period, and a 

COVID-period control, indicating that elevated geopolitical stress is associated with 

greater fragmentation rather than stronger co-movement. In addition, the directional 

architecture of spillovers differs across GPR regimes: gold switches from a net 

receiver to a net transmitter under high GPR, whereas Bitcoin exhibits the opposite 

reversal. These shifts are consistent in sign across alternative specifications, and the 

Bitcoin reversal remains significant under dependence-robust inference in the 

tercile classification. These patterns carry important implications for portfolio 

diversification and crisis hedging. 
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Öz 
Bu çalışma, BIST Sürdürülebilirlik Endeksi, Yeşil Tahvil, karbon emisyon izinleri, 

altın ve Bitcoin arasındaki evrilen bağlantılılığı, Ocak 2020 ile Şubat 2026 

döneminde farklı jeopolitik risk (GPR) ortamları altında incelemektedir. TVP-VAR 

modeli, istatistiksel testler ve üçte birlik ayrıma dayalı sağlamlık tasarımı 

kullanılarak, yayılım yapısının GPR rejimleri arasında nasıl farklılaştığı analiz 

edilmiştir. Bulgular, Yeşil Tahvilin temel net şok yayıcısı, BIST Sürdürülebilirlik 

Endeksinin ise temel net şok alıcısı olduğu, orta düzeyde ve zaman içinde değişen 

bir bağlantılılık yapısına işaret etmektedir. Beklentilerin aksine, ortalama 

bağlantılılık düşük GPR döneminde anlamlı biçimde daha yüksektir; bu fark 

otokorelasyona dirençli testler, pandemi döneminin dışlanması ve COVID dönemi 

kontrolü altında da korunmakta; artan jeopolitik stres daha güçlü eş hareket yerine 

daha yüksek parçalanma ile ilişkilidir. Ayrıca, yayılımların yönsel mimarisi GPR 

rejimleri arasında farklılaşmaktadır. Özellikle altın, GPR yüksek olduğunda net alıcı 

konumundan net yayıcı konumuna geçerken, Bitcoin bunun tersini sergilemektedir. 

Bu yön değişimleri alternatif kurgularda işaret olarak tutarlıdır; Bitcoin'deki 

tersinme, üçte birlik ayrım altında otokorelasyona dirençli testlerle de 

doğrulanmaktadır. Sonuçlar, portföy çeşitlendirmesi ve kriz dönemlerinde korunma 

açısından önemli çıkarımlar sunmaktadır. 
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1. Introduction 

Geopolitical risk (GPR) has become a major force shaping the pricing of traditional assets 

and the behavior of sustainable or alternative investments. The COVID-19 pandemic, ongoing 

conflict between Russia and Ukraine, rising tensions in the Middle East, and continuous trade and 

energy disputes clearly illustrate that there are numerous layers of shock that impact financial 

markets through macroeconomic, political, security, and energy-related dimensions (Caldara and 

Iacoviello, 2022; Salisu et al., 2022; Sohag et al., 2022; Shaik et al., 2024). At the same time, the 

area of sustainable finance is expanding at a rapid pace, and many investors now include green 

bonds, ESG-oriented equities, and carbon-related products in their portfolios for climate transition 

financing and risk management strategies (Cortellini and Panetta, 2021; Ning et al., 2022; 

Joshipura et al., 2025). Accordingly, geopolitical risks are unlikely to remain limited to traditional 

safe-haven assets such as gold; rather, they can alter the transmission of shocks across sustainable, 

climate-linked, and digital markets. It is therefore important, from both academic and practical 

perspectives, to understand how this connectedness architecture differs across GPR environments. 

This issue becomes especially relevant when assets with different economic functions are 

evaluated through the same integrated system. The BIST Sustainability Index can be used as a 

measure of ESG equity exposure in emerging markets, embedded in the dynamic connectedness 

of such systems (Çağlı et al., 2022). As the fixed-income component of sustainable finance, green 

bonds also exhibit dynamic interconnections with energy, cryptocurrency, and carbon markets 

(Rao et al., 2022; Yadav et al., 2022b; Zhang and Umair, 2023). As an indicator of climate-policy 

compliance pricing, carbon allowances have their own regulatory, energy, and seasonal drivers 

and therefore differ significantly from traditional financial assets (Wang et al., 2023). Despite 

gold being the established benchmark for a safe-haven asset, its ability to provide hedge protection 

is subject to both conditionality and temporal variations (Mokni et al., 2022; Wang et al., 2022). 

Whether Bitcoin can serve as an alternative safe-haven asset is still being debated; however, its 

hedge and diversification properties appear to be unstable across various regimes (Naeem et al., 

2023). Therefore, combining these five assets into a single dynamic connectedness framework 

allows the analysis to examine cross-segment transmission channels that are typically analyzed 

in isolation. 

The existing literature offers important but fragmented insights into the spillover dynamics 

among these asset classes. Studies of green bonds alongside energy, cryptocurrency, and carbon 

markets show that they exhibit time-varying interdependencies that often intensify during crises 

(Le et al., 2021; Yadav et al., 2022b). Gold and Bitcoin have been examined as hedge and safe-

haven assets with inconclusive results regarding whether Bitcoin can serve as an alternative to 

gold as a means of protecting investor wealth in times of crisis (Ghabri et al., 2022; Wang et al., 

2022; Manzli et al., 2025). A further line of research has identified connections between GPR and 

the synchronization of markets, volatility spillovers during crises, and general cross-asset 

transmission (Sohag et al., 2022; Shaik et al., 2024). In addition, recent studies have started to 

link geopolitical and policy uncertainty to the behavior of green bonds, ESG, and sustainable 

stocks (Gyamerah et al., 2024; Nittayakamolphun et al., 2024; Saini et al., 2025). Although this 

research has grown considerably, the question of how geopolitical conditions shape the 

architecture of connectedness in a mixed sustainability-finance system remains largely 

unanswered. 
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There are several specific gaps that motivate the present investigation. First, most previous 

studies have analyzed only selected subsets of relevant assets, rather than incorporating 

sustainability equities, green bonds, carbon allowances, gold, and Bitcoin within a single dynamic 

spillover framework. Second, although GPR is increasingly recognized as a relevant conditioning 

variable, few studies make explicit comparisons between low- and high-GPR environments, 

especially when studying systems of sustainable, traditional, and digital assets. Third, the Turkish 

dimension is underrepresented. Although there is a growing number of BIST-related spillover 

studies (Vardar and Aydoğan, 2019; Özdemir, 2022; Doğan et al., 2023; Özdemir Höl, 2023), no 

prior work appears to jointly analyze a Turkish sustainability index with global green, climate-

linked, and safe-haven assets under GPR regimes. Fourth, many existing regime-based 

comparisons rely primarily on descriptive evidence without formally testing whether observed 

differences are statistically meaningful. 

Accordingly, this research explores the dynamic connectedness among the five markets 

from January 2, 2020, to February 27, 2026, using the TVP-VAR method of Antonakakis et al. 

(2020). The TVP-VAR extends the generalized connectedness approach of Diebold and Yilmaz 

(2012, 2014) and allows for the evolving nature of spillover relationships across the sample. This 

allows for the evaluation of the combined Turkish sustainability equity benchmark, along with 

global green, climate-linked, traditional safe-haven, and digital assets in a single model, as well 

as comparing connectedness measures across low and high GPR regimes. Additionally, regime 

differences are further evaluated using formal statistical tests, including the Welch t-test and the 

Mann-Whitney U test, and the baseline findings are verified through a stricter tercile-based 

robustness design. 

Empirical evidence supports the following three main conclusions. Firstly, the five markets 

are connected in terms of spillovers through a moderate yet clearly time-varying network, where 

green bonds act as the principal transmitter, the BIST Sustainability Index serves as the primary 

net receiver, and gold occupies the most central bilateral position due to its linkages with green 

bonds. Secondly, although it is expected that increased geopolitical stress would increase market 

interdependence uniformly, empirical evidence indicates that average connectedness is higher 

during low GPR regimes; the COVID-19 shock raised connectedness during the early part of the 

sample, but it does not explain this difference, which survives the exclusion of the pandemic 

period and an explicit COVID-period control. Thirdly, the network's directional architecture 

differs across GPR regimes: gold changes from a net receiver to a net transmitter when GPR is 

elevated, while Bitcoin undergoes the reverse shift; these reversals are consistent in sign across 

all alternative specifications, and the Bitcoin shift remains significant under dependence-robust 

inference in the tercile classification. These empirical findings have implications for the 

construction of diversified portfolios, the formulation of sustainable investment strategies, and 

the interpretation of safe-haven behavior during periods of elevated geopolitical stress. 

The remainder of the paper is structured as follows. Section 2 reviews the literature. Section 

3 describes the data and methods employed in the study. Section 4 presents the empirical findings. 

Section 5 concludes. 
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2. Literature Review 

This section reviews the literature in five thematic areas. Section 2.1 reviews the 

connectedness literature and the TVP-VAR framework. Section 2.2 examines green bond 

spillovers with alternative and sustainable assets. Section 2.3 examines how geopolitical risk 

affects ESG and green-market interdependence. Section 2.4 reviews gold and Bitcoin as hedge 

and safe-haven assets. Section 2.5 identifies gaps in the existing research and positions the present 

study. 

 

2.1. Connectedness Literature and the TVP-VAR Framework 

The field of financial connectedness has evolved from simply examining static correlations 

among markets to using dynamic spillover models that allow for the evolution of cross-market 

transmissions over time. The Diebold and Yilmaz (2012, 2014) connectedness framework and its 

time-varying extension by Antonakakis et al. (2020) have become the central reference points in 

this shift, and both applied studies and systematic reviews confirm their wide adoption in 

sustainable finance research (Rao et al., 2022; Tiwari et al., 2022; Gyamerah and Asare, 2024). 

These developments are particularly relevant during crises, as they show that spillover structures 

shift dramatically in response to major disruptions such as the COVID-19 pandemic and the 

Russia-Ukraine conflict (Sohag et al., 2022; Shaik et al., 2024), and that spillover structures vary 

depending on the horizon of interest, with short-run spillovers usually being greater than long-

run ones, indicating that static frameworks may overlook significant directional changes (Le et 

al., 2021). Özdemir Höl (2023) applies a TVP-VAR framework to financial asset spillovers during 

the COVID-19 period. Özdemir (2022) uses a time-varying connectedness model to test whether 

gold can serve as an appropriate hedging instrument for Turkish banking stock returns. Together, 

these studies highlight the increasing relevance of dynamic spillover models in both international 

and Turkish market settings. 

 

2.2. Green Bond-Centered Spillovers with Alternative and Sustainable Assets 

A growing body of research examines how green bonds interact with other sustainable and 

alternative asset classes. There is substantial evidence showing that green bonds are embedded in 

spillover systems, which include renewable energy, carbon markets, commodities, and 

cryptocurrencies, and that interdependencies intensify during crisis periods, including the 

COVID-19 pandemic (Cortellini and Panetta, 2021; Rao et al., 2022; Yadav et al., 2022a; Yadav 

et al., 2022b). Furthermore, other studies examining the links between green bonds and energy 

and carbon markets have found that green bonds generally act as net receivers of shocks 

originating in those markets (Tiwari et al., 2022; Wang et al., 2023; Zhang and Umair, 2023). 

However, as reported by Khalfaoui et al. (2023), extreme spillovers to green bond markets may 

originate from both pandemic-related news and cryptocurrencies. The transmission of uncertainty 

into green bond markets is another factor shaping green bond dynamics, as Gyamerah et al. (2024) 

indicate that GPR, climate policy uncertainty, and global economic policy uncertainty affect green 

bond dynamics. Collectively, these findings support viewing green bonds as part of a larger multi-

asset system influenced by both financial and policy shocks, rather than as independent financial 

instruments. 
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In comparison, the literature on Turkey is relatively limited but nonetheless provides 

insight. In their study of dynamic connectedness between clean energy, carbon emission 

allowances, and BIST indices, Doğan et al. (2023) link carbon markets and Turkish equity indices 

within a connectedness framework and thereby support the inclusion of a Turkish sustainability 

index alongside carbon and global alternative assets. 

 

2.3. GPR, Crisis Episodes, and ESG/Green Market Interdependence 

The body of research on the role of GPR in financial transmission shows how geopolitical 

tension affects synchronization, volatility spillovers, and diversification characteristics across 

multi-asset portfolios (Salisu et al., 2022; Sohag et al., 2022; Shaik et al., 2024). Sohag et al. 

(2022) examine GPR's role in stock market synchronization, while Shaik et al. (2024) document 

that the COVID-19 pandemic and the Russia-Ukraine conflict altered the volatility relationship 

between stocks, bonds, Bitcoin, gold, oil, and GPR. 

More recently, authors have started to analyze how GPR relates to sustainable or 

environmental, social, and governance (ESG)-related assets. These studies find that green bond 

markets respond asymmetrically to various types of uncertainty, including GPR (Zhang et al., 

2023; Gyamerah et al., 2024). Similarly, crisis periods can also alter the nature of interdependence 

in ESG markets, as Saini et al. (2025) demonstrate that the interconnectedness of conventional 

and ESG markets intensifies far more during the COVID-19 pandemic than during the Russia-

Ukraine war, while Wu and Qin (2024) and Arouri et al. (2025) confirm that significant volatility 

spillovers exist between ESG, green bond, carbon, and traditional asset classes. During stressed 

periods, green bonds appear to be major shock recipients, while sustainable equities in emerging 

markets face similar exposure (Nittayakamolphun et al., 2024). 

In Turkey, Baykut and Kula (2019) demonstrate that the BIST Sustainability Index 

responds to shocks from the BIST 100 index via one-way shock transmission. Oral (2025) 

describes the BIST Sustainability Index (XUSRD) as a price taker based on its sensitivity to global 

shocks. Gürbüz (2025) shows that XUSRD acts predominantly as a net shock receiver relative to 

global volatility indices, especially in times of crisis. In addition, Doğan et al. (2023) link BIST 

indices to both carbon and clean energy connectedness. However, there is still limited research 

examining the relationships between Turkish sustainability equities and global green or safe-

haven assets using regime-based analysis. 

 

2.4. Gold and Bitcoin as Hedge and Safe-Haven Assets under Stress 

Gold and Bitcoin have a unique position in the literature as possible hedges, safe havens, 

and shock-transmitting assets sensitive to crises. Gold has traditionally been seen as a benchmark 

safe-haven asset, but this role is neither universal nor consistent over time (Ghabri et al., 2022; 

Mokni et al., 2022; Wang et al., 2022). GPR further complicates this picture, as return spillovers 

related to gold increase during geopolitical crises (Adeosun et al., 2024). On the other hand, the 

role of Bitcoin is less clearly defined in the literature; while some studies document portfolio 

diversification benefits, the literature is far from reaching a consensus regarding whether or not it 

performs as a hedge or a safe-haven asset under stress (Mokni et al., 2022; Wang et al., 2022; 

Mensi et al., 2023). 
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The role of gold and Bitcoin becomes even more interesting when studied together as part 

of a broader group of green finance assets. Wang et al. (2022) argue that the ability to hedge 

depends on changing spillover conditions, and Naeem et al. (2023) show that green bonds can 

serve as effective hedges for both precious metals and cryptocurrencies. Manzli et al. (2025) also 

demonstrate that the comparative hedge and safe-haven characteristics of both assets vary 

depending on the nature of the broader crisis environment. Kakinuma (2023) extends this to the 

area of ESG by demonstrating that the low correlation between green stocks and Bitcoin may 

indicate diversification opportunities for ESG-oriented portfolios. 

In the Turkish context, Vardar and Aydoğan (2019) document a high degree of 

connectedness between domestic financial assets and Bitcoin. Özdemir (2022) also documents 

that gold has a time-varying hedging role. These findings support the inclusion of both assets in 

a regime-sensitive connectedness framework. 

 

2.5. Research Gap and Positioning of the Present Study 

The research discussed above offers important insights, yet several gaps remain. Prior 

studies generally examine only subsets of the relevant assets (e.g., green bonds with energy and 

cryptocurrency markets, or gold and Bitcoin as hedge assets), rather than integrating sustainable 

equities, carbon allowances, green bonds, and digital assets in a single, dynamic model. While 

GPR is now widely regarded as an important transmission channel, very few studies compare low 

and high GPR states using a regime-based approach, especially in mixed sustainability-finance 

systems. Furthermore, the Turkish dimension has been relatively unexplored in previous 

literature: prior research has explored spillover effects from Bitcoin, gold hedging, and 

connectedness among carbon and BIST markets, but none appears to have jointly analyzed a 

Turkish sustainability index with global green, climate-linked, and safe-haven assets under GPR 

regimes. Finally, very little of the prior literature complements such regime-based comparisons 

with formal statistical tests of significance. This paper addresses these gaps by connecting the 

sustainable finance, safe-haven, GPR, and emerging-market literature through a single regime-

sensitive empirical framework. 

 

3. Data and Methodology 

This section outlines the data and the empirical approach. The details on the data sources 

and variable construction are presented in Section 3.1. Section 3.2 describes the TVP-VAR 

connectedness approach and the generalized connectedness measures, as well as the methodology 

for classifying different geopolitical risk regimes. 

 

3.1. Data 

In this study, daily data from January 2, 2020, to February 27, 2026 are used to measure 

the dynamic connectedness among the USD-adjusted BIST Sustainability Index, Green Bond, 

Carbon, Gold, and Bitcoin under alternative GPR regimes. The TRY-denominated BIST 

Sustainability Index is adjusted for U.S. dollar value using the daily USD/TRY exchange rate. As 

such, the resulting series represents the combined effects of equity performance in the domestic 

equity market and exchange-rate movements. Log returns on all markets are used as the basis for 
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the analysis. The log return is calculated as 𝑟𝑡 = ln(𝑃𝑡/𝑃𝑡−1). All series were collected at a daily 

frequency; however, they were recorded on different trading calendars, so the amount of raw data 

available differs across series. Specifically, Bitcoin is traded continuously; Borsa Istanbul follows 

the Turkish exchange calendar; the green bond ETF is traded according to the U.S. market 

calendar; the gold futures contract follows the CME trading schedule; the EUA futures contract 

is traded according to the European market calendar; and the GPR index is available for all 

calendar days. To build a fully balanced dataset, all price series and the GPR index were combined 

on their common trading days: a date was included only when a closing value existed for every 

series, and dates on which any market was closed or any series had a missing observation, 

including weekend Bitcoin quotes, were omitted. No interpolation, forward-filling, or imputation 

methods were used; this choice avoids artificially creating synchronization and stale-price effects 

in the estimated spillovers. Log returns were then calculated from the aligned price series, so each 

return represents the close-to-close change between two consecutive common trading days. The 

final sample contains 1,482 daily observations per series, covering January 2, 2020, to February 

27, 2026. The main results are robust to an alternative alignment approach in which log returns 

are first computed on each asset's own trading calendar and then matched on common dates 

(Section 4.4). Table 1 presents the definitions of each variable and data sources. 

 

Table 1. Dataset and Variable Definitions 
Variable Proxy / Measure Ticker / Series Frequency Source 
BIST 

Sustainability 

Index (USD) 

XUSRD_TRY 

divided by 

USD/TRY 

XUSRD_TRY / 

USDTRY 
Daily 

Investing.com; Yahoo 

Finance for USD/TRY 

Green Bond 
iShares USD Green 

Bond ETF 
BGRN Daily Yahoo Finance 

Carbon 
EUA Carbon 

Futures Price 
Carbon_EUA Daily Investing.com 

Gold Gold Futures Price GC=F Daily Yahoo Finance 
Bitcoin Bitcoin Price BTC-USD Daily Yahoo Finance 

Geopolitical Risk 
Daily Geopolitical 

Risk Index 
GPRD Daily 

Caldara and Iacoviello 

GPR database 

 

Table 2. Descriptive Statistics of Return Series 
Variable N Mean Median SD Min Max Skew Kurt. JB 
XUSRD 

(return) 
1482 0.00036 0.00055 0.021 -0.2035 0.1562 -0.763 11.785 

8656.12 

(<0.001)*** 
Green Bond 

(return) 
1482 0.00004 0.00015 0.003 -0.0172 0.0274 -0.020 4.587 

1288.34 

(<0.001)*** 
Carbon 

(return) 
1482 0.00068 0.00048 0.026 -0.1773 0.1614 -0.481 5.013 

1595.85 

(<0.001)*** 

Gold (return) 1482 0.00083 0.00097 0.012 -0.1207 0.0591 -0.889 10.297 
6693.31 

(<0.001)*** 
Bitcoin 

(return) 
1482 0.00149 0.00062 0.040 -0.4647 0.1919 -1.101 15.718 

15444.64 

(<0.001)*** 

 

Heterogeneity among the five return series is evident from Table 2. Bitcoin has the highest 

average return and volatility, while the Green Bond series has the lowest volatility. The BIST 

Sustainability Index also exhibits larger extreme values, as well as sensitivity to both the domestic 
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equity market and foreign exchange rate shocks. In addition, each series is negatively skewed and 

leptokurtic, and the Jarque-Bera statistic rejects the normality null for all five series. 

 

Table 3. Pearson Correlation Matrix 

Variable 
XUSRD 

(Return) 
Green Bond 

(Return) 
Carbon 

(Return) 
Gold 

(Return) 
Bitcoin 

(Return) 
XUSRD 

(return) 
1.000 -0.022 0.068 0.030 0.128 

Green Bond 

(return) 
-0.022 1.000 -0.051 0.226 0.126 

Carbon (return) 0.068 -0.051 1.000 0.066 0.073 
Gold (return) 0.030 0.226 0.066 1.000 0.105 
Bitcoin (return) 0.128 0.126 0.073 0.105 1.000 

 

Table 3 indicates that correlation coefficients are generally low, with the highest off-

diagonal element reaching only 0.226. The correlation between Gold and Green Bond is the 

highest of all the off-diagonal elements; however, there is only a weak relationship between 

Carbon and all of the other series. It is particularly interesting that the BIST Sustainability Index 

does not correlate very highly with any of the global safe-haven assets. This static relationship 

among the series provides motivation to analyze their dynamics using a model capable of 

estimating time-varying interdependence. 

 

 
Figure 1. Daily Log-Return Series of the Five Assets 
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Figure 1 clearly demonstrates time-varying volatility for the five return series. By far the 

largest fluctuations are observed in the Bitcoin series, followed closely by XUSRD and then 

Carbon. In contrast, Green Bond remains the least volatile series over the entire sample period. 

Volatility clustering is visible in each series, but differs in timing across assets. For example, the 

largest spike in early 2020 appears to have been driven primarily by Bitcoin, along with spikes in 

Green Bond, Carbon, and Gold. This coincides with the market-wide turbulence caused by the 

COVID-19 pandemic. XUSRD displays its largest spike in early 2021, while Carbon and Gold 

exhibit larger volatility clusters in early 2022, which correspond to the period of the Russia-

Ukraine conflict. Gold also experiences a large downward spike in early 2026, suggesting that 

volatility episodes can persist long after extreme economic crises. 

 

Table 4. Unit Root Tests and Diagnostic Tests on the Return Series 
Variable ADF Stat KPSS Stat PP Stat JB LB(10) ARCH(10) 
XUSRD 

(return) 
-37.528 

(p<0.001***) 
0.099 

(p=0.100) 
-37.517 

(p<0.001***) 
8656.121 

(p<0.001***) 
7.750 

(p=0.653) 
95.295 

(p<0.001***) 
Green 

Bond 

(return) 

-10.693 

(p<0.001***) 
0.340 

(p=0.100) 
-37.589 

(p<0.001***) 
1288.347 

(p<0.001***) 
25.780 

(p=0.004***) 
85.364 

(p<0.001***) 

Carbon 

(return) 
-18.104 

(p<0.001***) 
0.229 

(p=0.100) 
-40.567 

(p<0.001***) 
1595.857 

(p<0.001***) 
34.357 

(p<0.001***) 
125.357 

(p<0.001***) 
Gold 

(return) 
-10.986 

(p<0.001***) 
0.659 

(p=0.017**) 
-40.288 

(p<0.001***) 
6693.317 

(p<0.001***) 
21.222 

(p=0.020**) 
120.151 

(p<0.001***) 
Bitcoin 

(return) 
-20.775 

(p<0.001***) 
0.225 

(p=0.100) 
-40.068 

(p<0.001***) 
15444.641 

(p<0.001***) 
15.752 

(p=0.107) 
26.951 

(p=0.003***) 
Notes: For the ADF and PP tests, the null hypothesis is the presence of a unit root. For the KPSS test, 

the null hypothesis is stationarity. For the Jarque-Bera, Ljung-Box, and ARCH-LM tests, the null 

hypotheses are normality, no serial correlation, and no ARCH effects, respectively. All tests are 

computed on the raw return series, not on model residuals. ***, **, and * denote rejection of the relevant 

null hypothesis at the 1%, 5%, and 10% levels, respectively. 

 

Table 4 confirms that the five series are suitable for studying connectedness through 

multivariate analysis. The ADF and PP tests reject the unit root null for all five series at the 1 

percent level. The KPSS test supports stationarity for four of the five series; for Gold, level 

stationarity is rejected at the 5 percent level, but given the strong and consistent ADF and PP 

results, all return series are treated as stationary in the subsequent analysis. On the other hand, the 

Jarque-Bera, Ljung-Box, and ARCH-LM statistics point to non-normality, serial dependence in 

several series, and conditional heteroskedasticity in all five series. These features of the data are 

consistent with the use of a dynamic modeling framework that allows the variance-covariance 

structure to vary over time; the TVP-VAR specification is introduced in Section 3.2.1. 

 

3.2. Methodology 

The methodology consists of three components: the TVP-VAR model, the connectedness 

measures derived from it, and the geopolitical risk regime classification. 
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3.2.1. TVP-VAR Model 

To model the evolving spillover structure, this study uses the TVP-VAR connectedness 

framework of Antonakakis et al. (2020), which extends the generalized variance decomposition 

approach of Diebold and Yilmaz (2012, 2014). This framework is suitable because it captures 

parameter time variation without an arbitrary rolling window, is less sensitive to outliers, and 

accommodates the pronounced conditional heteroskedasticity documented for the return series in 

Table 4 through its time-varying variance-covariance structure (Antonakakis et al., 2020). 

Let 𝑦𝑡 denote the N x 1 vector of asset returns at time 𝑡, where N = 5: 

 𝑦𝑡 = (𝑟𝑡
𝑋𝑈𝑆𝑅𝐷 ,  𝑟𝑡

𝐺𝐵,  𝑟𝑡
𝐶𝐴𝑅𝐵𝑂𝑁 ,  𝑟𝑡

𝐺𝑂𝐿𝐷,  𝑟𝑡
𝐵𝑇𝐶) (1) 

The number of lags in the underlying VAR was determined using standard information 

criteria calculated across lag orders from 1 through 5 (as shown in Table A1 in the Appendix). 

The Akaike and Final Prediction Error information criteria both suggested two lags. The Hannan-

Quinn and Schwarz information criteria suggested one lag. Due to the daily sampling frequency, 

the parameter intensity associated with the time-varying specification, and the desire to maintain 

parsimony, the baseline model is estimated using one lag, and Section 4.4 provides evidence that 

the main conclusions are robust to a TVP-VAR(2) specification. The empirical specification is 

therefore a TVP-VAR(1) model: 

 𝑦𝑡 = Φ𝑡𝑦𝑡−1 + ε𝑡 ,   ε𝑡 ∼ 𝑁(0, Σ𝑡) (2) 

where Φₜ is the time-varying autoregressive coefficient matrix, and Σₜ is the time-varying 

variance-covariance matrix of innovations. Following Antonakakis et al. (2020), the coefficients 

evolve according to a random-walk state equation:  

 𝑣𝑒𝑐(Φ𝑡) = 𝑣𝑒𝑐(Φ𝑡−1) + ξ𝑡 ,   ξ𝑡 ∼ 𝑁(0, Ξ𝑡) (3) 

The values for the forgetting factors, κ1 = κ2 = 0.99, follow the standard specification of 

Antonakakis et al. (2020), implying smooth changes to parameters through time; Section 4.4 

demonstrates that the main conclusions also hold when using lower values of the forgetting 

factors, i.e., κ1 = κ2 = 0.96. 

 

3.2.2. Generalized Connectedness Measures 

The generalized forecast error variance decomposition (GFEVD) is calculated based on the 

approaches of Koop et al. (1996) and Pesaran and Shin (1998). The total connectedness index 

(TCI) is based on the normalized variance shares; it quantifies the average proportion of forecast 

error variance explained by cross-market spillovers rather than own shocks (Diebold and Yilmaz, 

2012, 2014). Directional connectedness to and from the system is described by the TO and FROM 

measures, respectively. Net directional connectedness is defined as NET = TO - FROM, where a 

positive value indicates that market i acts as a net transmitter of shocks. The 10-day forecast 

horizon corresponds to two trading weeks and is conventional in previous research related to daily 

connectedness (Diebold and Yilmaz, 2012); Section 4.4 demonstrates that the results are not 

sensitive to horizons of 5 or 20 days. 

The corrected TCI (cTCI) of Chatziantoniou and Gabauer (2021) takes into account that 

the standard TCI for an N-variable system is bounded above by (N-1)/N; the corrected index 
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therefore rescales the standard one as cTCI = TCI × N/(N-1), and both indices are provided in the 

static table (N = 5). All dynamic (daily) connectedness series used in the figures, regime 

comparisons, and statistical tests are based on this corrected index. 

 

3.2.3. GPR Regime Classification 

Daily GPR index values of Caldara and Iacoviello (2022) are used to segment the sample 

into periods characterized by low- and high-risk geopolitical conditions. Trading days on which 

the daily GPR index exceeds its median value of 124.95 across the 1,482 aligned observations 

were designated as high-GPR, and the remaining observations were designated as low-GPR. This 

resulted in 741 observations per regime. There were no ties at the median (such ties would have 

been assigned to the low-GPR regime), and there were no missing GPR values, as the GPR index 

was merged onto the same aligned trading days as the returns. Importantly, the TVP-VAR model 

contains no regime-switching mechanism and the GPR index is not included in the system as an 

endogenous variable: the model was estimated once over the entire sample period, and then the 

resulting daily connectedness measures were categorized according to GPR level. Therefore, all 

regime comparisons represent conditional differences in connectedness across GPR-classified 

periods (and not causal effects of geopolitical risk), and the term "regime" is used here in a strictly 

descriptive sense. 

The regime differences are evaluated both descriptively and statistically. For differences in 

means, the Welch t-test is employed, and as a non-parametric robustness check, the Mann-

Whitney U test is applied. Given that the daily connectedness series exhibit very strong 

persistence, regime differences in these series are also assessed through the use of autocorrelation-

robust procedures: Newey-West (HAC) inference from a regression of each measure on the 

regime indicator, with bandwidths of 7, 30, and 60 days, and a moving block bootstrap with block 

lengths of 30 and 60 days (5,000 replications). An additional robustness test includes replacing 

the median split with a tercile-based classification in which only the lower and upper thirds of the 

GPR index are classified as the low- and high-risk regimes, respectively, while the middle third 

is excluded. 

 

4. Findings 

The empirical findings are presented in four sections. Section 4.1 presents the 

connectedness results for the TVP-VAR model across the entire sample. The static connectedness 

table, as well as the time-varying dynamics, are presented. Section 4.2 compares connectedness 

under low and high GPR regimes and conducts statistical tests to assess whether the difference is 

significant. Section 4.3 tests the robustness of the findings by using a different regime 

classification method based on terciles, and Section 4.4 reports additional robustness checks under 

alternative specifications and an alternative data alignment. 

 

4.1. Full-Sample Connectedness Analysis 

In this part of the paper, the overall connectedness of all assets during the whole sample 

period is reported using the TVP-VAR framework.  
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Table 5. Full-Sample TVP-VAR Connectedness Results 
Panel A. Directional Connectedness Matrix 
Variable XUSRD Green Bond Carbon Gold Bitcoin FROM 
XUSRD 91.62 1.80 1.51 1.89 3.19 8.38 
Green Bond 1.15 87.14 1.98 6.98 2.75 12.86 
Carbon 1.40 1.74 93.69 1.94 1.23 6.31 
Gold 1.59 7.84 1.72 86.03 2.82 13.97 
Bitcoin 2.53 3.17 1.39 2.81 90.10 9.90 
Panel B. Summary Measures 
Measure XUSRD Green Bond Carbon Gold Bitcoin  

TO 6.67 14.55 6.60 13.62 9.99  

FROM 8.38 12.86 6.31 13.97 9.90  

NET -1.71 1.69 0.29 -0.36 0.09  

NPT 0.00 3.00 3.00 2.00 2.00  

Notes: TCI = 10.29 and cTCI = 12.86 denote the standard and corrected total connectedness indices, 

where cTCI = TCI × N/(N-1) (Chatziantoniou and Gabauer, 2021). NPT denotes the net pairwise 

transmitter count. 

 

The results in Table 5 show that the overall spillover structure across all assets in the full 

sample is relatively moderate but clearly asymmetric across assets. The cTCI is 12.86%, 

compared with a conventional TCI of 10.29%. This indicates that cross-market shock 

transmission is present, but not dominant. Among the assets in the network, Green Bond emerges 

as the principal net transmitter (NET = 1.69), while the BIST Sustainability Index (XUSRD) is 

the primary net receiver (NET = -1.71). Gold occupies a central position in the network due to its 

high connectedness and forms the strongest pairwise spillovers with Green Bond, with pairwise 

spillovers of 7.84 and 6.98. On the other hand, Carbon and Bitcoin appear to be less connected at 

the margins of the entire network. The net pairwise transmitter counts also confirm this ranking. 

Green Bond dominates most of the pairwise links (NPT = 3), while no pairwise link is dominated 

by XUSRD (NPT = 0). The above-described baseline structure serves as the reference point for 

the rest of the analysis. 

 

 
Figure 2. Time-Varying cTCI 
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Figure 2 shows that connectedness is highly time-varying; shaded areas mark high-GPR 

regime days, defined as trading days on which the daily GPR index exceeds its full-sample median 

(124.95). The cTCI rises rapidly as the pandemic begins in early 2020. It declines and stabilizes 

at much lower levels. Another somewhat smaller jump in the cTCI appears in late 2022 and early 

2023. This jump likely reflects prolonged geopolitical and market adjustments rather than a one-

time event. All subsequent increases in the cTCI remain well below those seen during the COVID-

19 pandemic. Therefore, the evidence clearly shows that the degree of interconnectedness 

between the five markets is episodic and unstable. A three-dimensional surface representation of 

these dynamics was evaluated, but the forecast horizon contributes very little additional 

variability. As illustrated in Section 4.4, the cTCI series at horizons of 5, 10, and 20 days has 

nearly the same values. Thus, a surface representation that would be nearly flat with respect to 

the horizon dimension was set aside in favor of two-dimensional plots of the data to better 

illustrate the same dynamic relationship. 

 

4.2. Regime-Based Connectedness Analysis 

 

Table 6. cTCI Summary by GPR Regime 

Regime Mean cTCI Median cTCI Std. Dev. Min Max Count 

Low GPR 15.183 11.787 8.683 4.134 45.785 741 

High GPR 10.531 8.976 7.034 3.986 66.024 741 

Notes: Regimes are defined by the full-sample median of the daily GPR index (124.95). The daily 

connectedness series is the corrected TCI (cTCI) of Chatziantoniou and Gabauer (2021). 

 

According to Table 6, the low GPR regime exhibits, on average, greater connectedness than 

the high GPR regime. Although this trend appears counterintuitive if geopolitical stress is 

assumed to uniformly enhance spillover effects, it is possible that the low GPR regime includes 

the onset of the COVID-19 pandemic, which generated unusually large cross-market 

synchronization. Both the mean and median are higher in the low GPR regime, suggesting that 

the outcome is not driven by outliers. However, the larger maximum value under high GPR 

suggests that geopolitical stress can also produce occasional bursts of transmission. Overall, the 

evidence suggests that high GPR is not mechanically associated with a higher average level of 

spillovers across the system, but rather is associated with a lower average level of connectedness 

and episodic surges.  

The full-sample average of the daily cTCI series equals the cTCI value reported in Table 5 

(12.86 percent); the regime averages in Table 6 are conditional means of this same daily series 

and are therefore fully consistent with the static results. 

Several tests are conducted to test whether the increased connectedness under low GPR is 

simply a reflection of the COVID-19 episode. Even though 28.9% of low-GPR trading days fell 

within 2020, and 87.7% of all trading days in 2020 were low-GPR days, the regime difference in 

the average cTCI was still positive and significant at the one percent level using autocorrelation-

robust inference, even after removing the pandemic onset period (January to June 2020) from the 

sample (2.95 percentage points) and, separately, after removing the entire year 2020 from the 

sample (1.38 percentage points). Also, in a HAC regression of the daily cTCI on the regime 

indicator and a COVID-period dummy (February 20 to June 30, 2020), the coefficient for high-



Journal of Research in Economics, Politics & Finance, 2026, 11(3): 960-983 

 
973 

 

GPR remained negative and significant (-2.68, p = 0.004), and the COVID dummy was large and 

positive (20.54, p < 0.001); and a negative relationship existed in each subsample, reaching 

significance at the one percent level in the 2023-2026 subsample. Thus, it appears that the 

COVID-19 event raised levels of connectedness across markets under the low-GPR regime but 

did not account for the negative association between geopolitical risk and system-wide 

connectedness. This finding is similar to Sohag et al. (2022), who find that geopolitical risk 

impedes stock market synchronization, especially when such synchronization is already elevated 

and geopolitical risk reaches its higher quantiles; this also aligns with findings from Saini et al. 

(2025), who report that overall levels of market interconnectedness increased significantly during 

the COVID-19 pandemic compared to both normal periods and the Russia-Ukraine war. 

 

Table 7. Regime-Based Directional Connectedness 

Regime XUSRD Green Bond Carbon Gold Bitcoin 

TO (Low GPR) 8.390 16.500 7.677 15.203 12.963 

TO (High GPR) 4.955 12.599 5.525 12.028 7.015 

FROM (Low GPR) 10.378 14.186 7.569 16.116 12.484 

FROM (High 

GPR) 
6.389 11.533 5.046 11.832 7.322 

 

Table 7 shows that the drop-off in connectedness under high GPR is not limited to one 

market. In fact, both outgoing and incoming spillovers are lower across the five assets in the high 

GPR regime, suggesting that the lower overall spillovers observed under high GPR are 

widespread. Green Bond and Gold remain the largest gross transmitters. Gold remains the most 

exposed receiver. Notably, Bitcoin displays a substantial decline in its spillover-generating 

capacity in the high GPR regime. In contrast, XUSRD and Carbon remain relatively marginal in 

gross directional terms. Overall, these results suggest that elevated geopolitical stress tends to 

weaken average cross-market transmission rather than intensify it uniformly, leaving greater room 

for variation based on asset-specific conditions. 
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Figure 3. Net Spillover Dynamics 

Note: Green (red) shading indicates periods in which the asset acts as a net transmitter (receiver) of shocks. 

The y axes are truncated at ±15; during the COVID-19 onset, net spillovers exceeded these bounds for all 

assets. 

 

Figure 3 complements the regime averages by showing that net spillover roles vary 

considerably over time. XUSRD remains predominantly on the receiving side throughout most of 

the sample, while Green Bond spends considerable time as a net transmitter of spillovers, despite 

occasional reversals. In addition, Carbon displays considerable switching behavior, alternating 

between being a net transmitter and receiver on a sub-period basis rather than displaying a 

consistent directional profile. The most pronounced and persistent role changes, however, are 

observed in Gold and Bitcoin, both of which cross the zero line repeatedly. Gold becomes more 

active as a net transmitter of spillovers in later sub-periods, while Bitcoin's role as a net transmitter 

of spillovers decreases over time. The visual patterns indicate that the directional roles of 

individual assets are regime-sensitive rather than fixed and foreshadow the regime-based 

reversals in Gold and Bitcoin shown in Table 8. 
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Table 8. Statistical Tests for Regime Differences 

Panel A. Tests for cTCI Differences 

Variable 

Low 

GPR 

Mean 

High 

GPR 

Mean 

Diff 

(Low-

High) 

Welch t (p) MW U (p) 
HAC p 

(L=30) 

MBB p 

(b=30) 

cTCI 15.183 10.531 4.653 
11.333 

(<0.001***) 

381,610 

(<0.001***) 
0.001 0.001 

Panel B. Tests for Net Spillover Differences 

Variable 

NET 

Low 

GPR 

NET 

High 

GPR 

Diff 

(Low-

High) 

Welch t (p) MW U (p) 
HAC p 

(L=30) 

MBB p 

(b=30) 

XUSRD -1.988 -1.434 -0.554 
-1.559 

(0.119) 

257,983 

(0.044**) 
0.518 0.434 

Green 

Bond 
2.314 1.066 1.247 

4.013 

(<0.001***) 

322,501 

(<0.001***) 
0.067 0.043 

Carbon 0.108 0.479 -0.371 
-1.694 

(0.090*) 

264,208 

(0.210) 
0.513 0.493 

Gold -0.913 0.195 -1.108 
-3.757 

(<0.001***) 

246,512 

(<0.001***) 
0.244 0.226 

Bitcoin 0.479 -0.307 0.786 
3.171 

(0.002***) 

335,919 

(<0.001***) 
0.095 0.092 

Notes: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. HAC 

p-values are based on Newey-West standard errors from a regression of the daily series on the regime 

indicator; MBB denotes moving-block-bootstrap p-values (5,000 replications). The daily connectedness 

series is the corrected TCI (cTCI) of Chatziantoniou and Gabauer (2021). 

 

Table 8 shows that the regime-based differences are not merely descriptive. As shown in 

Panel A, the mean cTCI is significantly larger in the low GPR regime than in the high GPR 

regime. Panel B shows that some directional roles appear relatively stable across the two regimes, 

while others have changed dramatically. Green Bond and Carbon remain on the transmitting side 

in both regimes. In addition, XUSRD remains a net receiver. The most notable changes concern 

Gold and Bitcoin; Gold is a net receiver in the low GPR regime but shifts to a net transmitter in 

the high GPR regime, whereas Bitcoin exhibits the opposite reversal. 

At the asset level, the largest regime-dependent changes are observed for Green Bond, 

Gold, and Bitcoin. All three show statistical significance at conventional levels under both the 

Welch and Mann-Whitney tests. Carbon displays weak but suggestive evidence of regime 

dependence at the 10% level under the Welch test only. XUSRD does not exhibit a statistically 

significant change in its net receiving role according to the Welch test, although the Mann-

Whitney test indicates a marginal difference. These findings also imply, economically, that Gold 

becomes more active in transmitting shocks during times of geopolitical stress and that Bitcoin 

may take on a more passive, shock-absorbing role, which would challenge its narrative as a 

"digital gold" or a geopolitical safe haven. 

The autocorrelation-robust tests are therefore a better fit to infer the significance of the 

averages, given that both the cTCI and spillover measures exhibit such strong persistence. In 

terms of the overall connectedness results, the lower average connectedness in the high-GPR 

regime holds at a 1% level of significance across all of the alternative specifications of the HAC 

bandwidth and block length (see Tables 8 and A2). The directional role changes appear to be less 

precisely estimated than the overall connectedness results; i.e., the weakening of Green Bond's 

transmitting position is identified at a 5% level of significance via the block bootstrap, while the 
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decline in Bitcoin's net position was identified at a 10% level of significance. However, the change 

in Gold's position, though directionally consistent, was not statistically significant under any of 

the alternative inference procedures. Therefore, the gold-Bitcoin role reversal is interpreted as an 

economically consistent but statistically tentative pattern, in which the Bitcoin side received the 

stronger statistical support. 

 

4.3. Robustness Analysis 

To determine how sensitive the regime-based results are to the threshold for regime 

identification, the baseline median split is replaced with a tercile split, with the lower and upper 

thirds of the GPR distribution defining the low- and high-risk regimes. 

 

Table 9. Robustness Tests: Net Spillover Role Changes under Tercile Split 

Panel A. Tests for cTCI Differences 

Variable 

Low 

GPR 

Mean 

High 

GPR 

Mean 

Diff 

(Low-

High) 

Welch t (p) MW U (p) 
HAC p 

(L=30) 

MBB p 

(b=30) 

cTCI 16.291 10.055 6.236 
11.896 

(<0.001***) 

182,930 

(<0.001***) 
0.002 0.004 

Panel B. Tests for Net Spillover Differences 

Variable 

NET 

Low 

GPR 

NET 

High 

GPR 

Role 

(Low-

>High) 

Welch p MW p 
HAC p 

(L=30) 

MBB p 

(b=30) 

XUSRD -2.115 -1.420 R->R 0.126 0.058 0.447 0.386 

Green Bond 2.497 1.061 T->T <0.001*** <0.001*** 0.091 0.059 

Carbon 0.043 0.653 T->T 0.047** 0.044** 0.471 0.467 

Gold -1.265 0.201 R->T <0.001*** <0.001*** 0.261 0.246 

Bitcoin 0.839 -0.496 T->R <0.001*** <0.001*** 0.017 0.018 

Notes: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. Roles 

are reported as low-GPR to high-GPR transitions, where T denotes a net transmitter and R a net 

receiver. HAC and MBB denote Newey-West and moving-block-bootstrap p-values, respectively; full 

results for all bandwidths and block lengths are reported in Table A3. 

 

Table 9 illustrates that the robustness results hold when using the tercile classification. In 

Panel A, the Welch t-tests and Mann-Whitney U tests confirm that the mean cTCI is significantly 

higher in the low GPR regime than in the high GPR regime (p < 0.001). This demonstrates that 

the regime-based differences in the levels of connectedness across the whole system are robust to 

a more stringent regime definition. Panel B presents similar evidence for the core assets at the 

individual asset level. At this level, XUSRD remains a net receiver, while Green Bond and Carbon 

remain net transmitters. Most importantly, Gold shifts from a net receiver to a net transmitter, 

while Bitcoin shifts from a net transmitter to a net receiver. Additionally, the magnitude of both 

reversals is larger than it was in the baseline. Carbon's regime dependence also becomes stronger 

under the tercile classification and reaches significance at the 5% level under the classical tests. 

The autocorrelation-robust procedures reported in Table 9 confirm the system-wide difference at 

the 1 percent level and the decline in Bitcoin's net position at the 5 percent level, whereas Gold's 

shift is consistent in sign but not significant under robust inference. As such, the overall robustness 

analysis indicates that the primary conclusions are not driven by the definition of the baseline 
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regime, and the architecture of spillover transmission differs across geopolitical regimes rather 

than merely its average intensity. 

 

Table 10. Robustness to Alternative Specifications and Alignment 

Specification 
cTCI 

Low 

cTCI 

High 
Diff 

HAC p 

(L=30) 

Corr. 

w/ 

baseline 

XUSR

D 

Green 

Bond 
Carbon Gold Bitcoin 

TVP-

VAR(2),  

H = 10 

19.39 12.51 6.88 <0.001 0.934 R->R T->T R->R R->T T->R 

TVP-

VAR(1),  

H = 5 

15.18 10.52 4.66 0.001 1.000 R->R T->T T->T R->T T->R 

TVP-

VAR(1),  

H = 20 

15.18 10.53 4.65 0.001 1.000 R->R T->T T->T R->T T->R 

Kappa = 0.96 24.52 21.60 2.91 0.041 0.764 R->R T->T R->R T->T T->R 

Alternative 

alignment 
16.09 11.06 5.03 <0.001 0.996 R->R T->T T->T R->T T->R 

Notes: Roles are reported as low-GPR to high-GPR transitions (T = net transmitter, R = net receiver). 

The alternative alignment computes log returns on each asset's own trading calendar before matching on 

common dates. Regime differences and HAC p-values (Newey-West, bandwidth of 30 days) are based 

on the corrected TCI (cTCI). 

 

Table 10 summarizes the robustness of the main results to various alternative 

specifications. The difference between the two regimes in terms of the average cTCI remains 

statistically significant and positive in all cases: its size increases to 6.88 percentage points in the 

TVP-VAR(2) model (HAC p < 0.001); is almost the same as that found in the baseline model 

(i.e., 4.66 and 4.65 points) for forecast horizons of five and twenty days (correlation of 1.00 with 

the baseline series); and decreases to 2.91 points but still remains statistically significant when 

using lower forgetting factors (κ1 = κ2 = 0.96; HAC p-value = 0.041). The directionality of these 

flows is also similarly consistent across the various specifications: XUSRD is a net receiver, and 

the Green Bond is a net transmitter in both regimes in every specification considered; Bitcoin 

shifts from being a net transmitter to being a net receiver in all specifications; and Gold shifts 

toward being a transmitter in all alternative lag and horizon specifications (only Carbon's very 

small net position is not consistent in terms of sign, so this result is not emphasized). Finally, 

under an alternative methodology used for alignment, namely computing log returns on each 

asset's respective trading calendar before matching them on common dates, the cTCI series is 

essentially identical to that obtained in the baseline model (correlation of 0.996), and the regime 

difference in terms of cTCI remains statistically significant (5.03 points, HAC p < 0.001) and 

preserves the role changes for both Gold and Bitcoin. 

 

5. Conclusion 

The present research examined the dynamic connectedness among different types of assets, 

including sustainable, conventional, and digital assets, namely the BIST Sustainability Index, 

Green Bond, Carbon, Gold, and Bitcoin, across various geopolitical risk (GPR) regimes. Using 

the TVP-VAR model and daily data from January 2020 to February 2026, this research 
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investigated how the architecture of cross-market shock transmission differs across geopolitical 

risk regimes. 

From an empirical perspective, this research shows heterogeneity in connectedness patterns 

over time, across assets, and by risk level. In general, the five markets exhibit a moderate spillover 

network over the whole sample period. Specifically, Green Bond is the principal net transmitter 

of shocks, while the BIST Sustainability Index is the primary net receiver. The leading role of 

Green Bond as a net transmitter of shocks is in line with findings that show that there is integration 

between the green bond market and other elements of a larger spillover system, including ESG, 

commodities, and alternative investments (Rao et al., 2022), but it is somewhat contrary to the 

results from multiple studies where green bonds were found to be mainly receivers of shocks 

(Tiwari et al., 2022; Yadav et al., 2022b; Arouri et al., 2025). One possible explanation for this 

difference may lie in the composition of the current system. BGRN is an investment-grade, U.S. 

dollar-denominated green bond ETF; within a network composed predominantly of an emerging-

market equity index and volatile alternative assets, it plausibly transmits shocks related to global 

interest rates and risk sentiment rather than absorbing shocks generated by volatility in equities. 

Gold occupies a central position due to its strong connection to Green Bonds. Carbon remains 

comparatively insulated. This indicates that while interconnections among sustainability-related, 

traditional, and digital assets exist, they occur on an unstable, non-uniform basis. 

The regime-based analysis provides the study's major contribution. Counterintuitively, 

despite the conventional view that geopolitical stress generally increases overall dependence 

among financial markets, system-wide connectedness is significantly higher in periods of lower 

geopolitical risk. The COVID-19 shock at the beginning of the sample period raises the level of 

connectedness within the low-GPR regime, but it does not account for the regime difference itself: 

the difference remains significant after the pandemic period is excluded, under an explicit 

COVID-period control, and under an alternative tercile-based classification. This interpretation 

is also in line with Saini et al. (2025), who report that cross-market interconnectedness intensified 

far more during the COVID-19 pandemic than during the Russia-Ukraine war. Under elevated 

GPR, the average level of connectedness decreases, suggesting some degree of fragmentation 

among financial markets, though the system remains susceptible to short-lived spikes in spillover 

intensity. 

Most importantly, the direction of shock propagation across assets, and not just the average 

intensity of spillovers, differs across GPR regimes. Gold shifts from being a net receiver of shocks 

when GPR is low to a net transmitter when GPR is high. Therefore, Gold plays a more active role 

as an asset that transmits shocks during periods of geopolitical uncertainty. On the other hand, 

Bitcoin moves from being a net transmitter of shocks to being a net receiver. These reversals are 

also consistent with previous research that suggests both Gold and Bitcoin can serve as crisis-

dependent hedge and safe-haven assets, and thus they cannot be substituted for one another as 

defensive assets (Ghabri et al., 2022; Wang et al., 2022; Manzli et al., 2025). The two reversals 

are supported by the classical statistical tests; additionally, the reversal related to Bitcoin remains 

statistically significant using dependence-robust inference under the stricter tercile partitioning of 

the data, while the reversal related to Gold is consistent in terms of its direction but estimated less 

precisely. Thus, it is difficult to reconcile these results with the notion that Bitcoin could serve as 

a reliable safe-haven asset in response to geopolitical uncertainty, in the same way as Gold. In 

fact, it appears that Bitcoin's ability to propagate shocks diminishes at times of increased 

geopolitical uncertainty. However, it should be emphasized that whether an asset serves as a net 
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transmitter or receiver of shocks characterizes the role it plays in shock propagation and does not 

provide a direct test of whether the asset has safe-haven characteristics in the context of the 

hedging literature; hence, the evidence presented above is suggestive rather than conclusive on 

this matter. 

These findings have several important practical implications. Specifically, the regime-

dependent divergence between Gold and Bitcoin has direct implications for international portfolio 

managers and institutional investors. When GPR is high, Gold becomes more central to 

transmitting shocks, while Bitcoin loses much of its purported safe-haven status since it now acts 

as a net receiver of shocks. Therefore, portfolios that treat the two assets as equivalent geopolitical 

hedges may be underestimating their tail-risk exposures. Similarly, the fact that the BIST 

Sustainability Index continues to act as a net recipient of shocks under both low and high GPR 

indicates that emerging-market ESG-oriented equities remain structurally exposed to global 

shocks. In addition, this finding is consistent with recent research on Turkey, which characterizes 

the index as a price-taker and a net recipient of shocks (Gürbüz, 2025; Oral, 2025). Therefore, for 

Turkish institutional investors and sustainability-oriented fund managers, this means that they 

need to monitor their XUSRD-linked portfolios not only for the risk associated with Turkish 

equities, but also for the risk of globally transmitted shocks. Finally, the overall implication of 

lower average connectedness at high levels of GPR is the existence of regime-specific 

diversification opportunities across asset classes, although short-lived spikes in transmission risk 

remain possible. For regulators, this implies that stress-testing and financial stability monitoring 

should account for regime-dependent shifts in the direction of shock transmission rather than 

relying on average connectedness alone. 

However, the study has some limitations. Although the asset universe was created with the 

intention of including sustainability, climate, safe-haven, and digital components, it is limited to 

five markets. Furthermore, the regime classification relies on the GPR index on a daily basis and 

therefore represents only one important dimension of uncertainty. Future studies could further 

develop this framework by using global ESG equity indices, renewable energy markets, or other 

measures of uncertainty, such as climate policy uncertainty, global economic policy uncertainty, 

or market-based stress indicators. In addition to extending the analysis to the frequency domain, 

non-linear connectedness approaches could help distinguish between short-term responses and 

long-term structural realignments. 

In general, the results suggest that GPR matters not just because of the level of 

connectedness across markets, but even more for its internal structure. Under geopolitical stress, 

sustainable, conventional, and digital assets do not just become more or less connected; their 

positions within the spillover network are reconfigured. 
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APPENDIX 

 

Table A1. Lag Order Selection Criteria 

Lag AIC HQ SC FPE (× 10⁻¹⁹) 

1 -41.784 -41.744 -41.676 7.139 

2 -41.787 -41.714 -41.590 7.113 

3 -41.780 -41.673 -41.493 7.167 

4 -41.769 -41.628 -41.392 7.246 

5 -41.764 -41.591 -41.298 7.277 

Notes: Minimum values are shown in bold. The baseline TVP-VAR is estimated with one lag. 

 

Table A2. Full Autocorrelation-Robust Results (Median Split) 

Variable 

NET 

Low 

GPR 

NET 

High 

GPR 

Diff  

(Low- 

High) 

HAC p 

(L=7) 

HAC p 

(L=30) 

HAC p 

(L=60) 

MBB p 

(b=30) 

MBB p 

(b=60) 

cTCI 

(mean) 
15.183 10.531 4.653 <0.001 0.001 0.010 0.001 0.009 

XUSRD -1.988 -1.434 -0.554 0.471 0.518 0.436 0.434 0.355 

Green 

Bond 
2.314 1.066 1.247 0.010 0.067 0.105 0.043 0.053 

Carbon 0.108 0.479 -0.371 0.325 0.513 0.564 0.493 0.524 

Gold -0.913 0.195 -1.108 0.075 0.244 0.297 0.226 0.261 

Bitcoin 0.479 -0.307 0.786 0.018 0.095 0.141 0.092 0.133 

Notes: HAC denotes Newey-West p-values from a regression of each series on the regime indicator; 

MBB denotes moving-block-bootstrap p-values (5,000 replications). The first row refers to the mean 

cTCI, the remaining rows to net spillover positions. 

 

Table A3. Full Autocorrelation-Robust Results (Tercile Split) 

Variable 

NET 

Low 

GPR 

NET 

High 

GPR 

Diff 

(Low-

High) 

HAC p 

(L=7) 

HAC p 

(L=30) 

HAC p 

(L=60) 

MBB p 

(b=30) 

MBB p 

(b=60) 

cTCI 

(mean) 
16.291 10.055 6.236 <0.001 0.002 0.018 0.004 0.011 

XUSRD -2.115 -1.420 -0.695 0.449 0.447 0.410 0.386 0.355 

Green 

Bond 
2.497 1.061 1.436 0.035 0.091 0.122 0.059 0.067 

Carbon 0.043 0.653 -0.610 0.302 0.471 0.519 0.467 0.483 

Gold -1.265 0.201 -1.467 0.082 0.261 0.326 0.246 0.315 

Bitcoin 0.839 -0.496 1.336 <0.001 0.017 0.041 0.018 0.050 

Notes: HAC denotes Newey-West p-values from a regression of each series on the regime indicator; 

MBB denotes moving-block-bootstrap p-values (5,000 replications). The first row refers to the mean 

cTCI, the remaining rows to net spillover positions. 

 


