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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

o  The study treats thirteen national equity markets as an open socio-technical system in
which household sentiment, market infrastructure, and cross-border dependencies
jointly generate systemic contagion.

e It advances a systems methodology by integrating Diebold-Yilmaz connectedness,
Granger-causal contagion testing, network centrality, and panel estimation to separate
structural connectedness from realized transmission capacity.

What are the main findings and/or the implications of the main findings?

e The market system is densely connected (total connectedness = 81.6%) and dis-
plays a core-periphery topology in which the Euro-area core is the principal return-
spillover transmitter.

e  After false-discovery-rate correction, sentiment-shock contagion remains concentrated
but not confined to a single pathway: twelve of 114 tested directed pairs survive correc-
tion, with Japan as the dominant transmitter across seven of these links, implying that
systemic monitoring should track network position and realized shock transmission
as full-sample structural characterizations rather than live monitoring outputs.

Abstract

Consumer sentiment shocks rarely remain confined to their economy of origin. Adopting
a systems-thinking perspective, this study treats the equity markets of thirteen advanced
economies as one interconnected socio-technical system, bounded by its environment. It
maps how unexpected shifts in consumer confidence propagate across it between 2015
and 2025. Rather than isolating a single channel, the analysis examines the system as a
whole, where a social subsystem of household sentiment interacts with a technical subsys-
tem of market infrastructure. Sentiment shocks are identified as the unexpected component
of the OECD Composite Consumer Confidence Index, and the dependency structure
linking markets is estimated through return-based networks. The analysis combines the
Diebold-Yilmaz connectedness framework, Granger-causal contagion testing, network
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centrality measures, and panel estimation with cross-sectionally consistent standard errors.
Total connectedness reaches 81.6 percent, confirming a densely integrated system in which
the Euro-area core acts as the principal return transmitter; sentiment-shock contagion, once
corrected for multiple testing, is sparse rather than pervasive. A small set of economies
occupies structurally central positions, yet the small-sample centrality diagnostic provides
no robust evidence that threshold-network centrality predicts VAR-based net spillover
roles. The findings refine the standard assumption that central nodes are necessarily the
main propagators of systemic disturbance and offer concrete guidance for cross-border
financial monitoring. This guidance is structural rather than a real-time monitoring signal
since it derives from a full sample rather than a rolling or live analysis.

Keywords: systems thinking; socio-technical systems; systemic contagion; sentiment shock;
network connectedness; financial spillover; network centrality

1. Introduction

Consumer sentiment rarely stays within national borders. When households in one ma-
jor economy turn pessimistic about their financial prospects, equity markets abroad often
register the tremor within weeks. The sentiment collapse during the early months of the
COVID-19 pandemic and the confidence shock that followed the 2022 inflation surge both
spread across advanced economies with a speed that purely domestic models failed to
anticipate [1-4]. What looks like a local mood swing increasingly behaves as a system-level
disturbance, moving through a web of interconnected markets rather than dissipating at
its source. Treating each country in isolation misses the very structure that carries the
shock. The relevant question is no longer whether sentiment moves markets, a relationship
documented for decades, but how an unexpected sentiment shock in one node travels
through the system and amplifies elsewhere.

This propagation problem directly matters to the institutions charged with financial
stability. Central banks and macroprudential authorities monitor cross-border spillovers
in returns, volatility, and credit, yet sentiment-driven contagion sits awkwardly outside
their standard toolkit [5,6]. A confidence shock is not a price shock. It precedes trading,
shapes expectations, and can ignite synchronized selling before any fundamental news
arrives. When supervisors cannot identify which economy is the likely origin of a sentiment
cascade, or which markets sit most exposed downstream, they lose the lead time that early-
warning systems are designed to provide. The cost of this blind spot rises as financial
integration deepens and as retail participation, amplified by digital platforms, accelerates
the transmission of sentiment across markets [7,8]. Evidence that financial outcomes vary
systematically across sectors and regions, even within a globally integrated firm population,
reinforces the case for studying transmission at the system level rather than market by
market [9].

The greater difficulty is methodological, and it defines the problem this study ad-
dresses. Dominant approaches to spillover measurement, including vector autoregressions
and the connectedness framework, rest on linear assumptions and treat the cross-market
structure as a by-product of pairwise covariances rather than as an object to be modeled in
its own right [10,11]. They capture how much spillover occurs but say comparatively little
about the topology that governs it. If financial markets behave as an interconnected system,
then an analysis that does not explicitly represent that topology will misread systemic
contagion, attributing to individual markets what is, in fact, a property of their relational
structure. The response here is not quantitative modeling for its own sake but quantitative

https:/ /doi.org/10.3390/systems14080950


https://doi.org/10.3390/systems14080950

Systems 2026, 14, 950

30f22

tools applied to characterize a system. Every estimator is used to describe the boundaries,
structure, and emergent behavior of the market network rather than to fit an isolated
relationship. This is the gap the present study targets: existing tools quantify spillover
without mapping the system that produces it, and they rarely separate the question of who
is connected from the question of who transmits.

This study maps sentiment-driven contagion across thirteen advanced economies from
2015 to 2025, treating national markets as nodes in a single interconnected system and their
evolving dependencies as edges. The contribution is threefold. Theoretically, it reframes
cross-country sentiment contagion as a problem of network structure within a complex
socio-economic system, linking the behavioral origin of a sentiment shock to its systemic
propagation. Empirically, it identifies the unexpected component of consumer confidence
through an autoregressive filter and traces its transmission with connectedness measures,
Granger-causal testing, and centrality analysis, while separating structural position from
transmission role. For policy, it identifies the economies that act as systemic transmitters
and cautions that these roles should not be inferred from threshold-network centrality
alone, thereby refining where cross-border monitoring efforts should concentrate.

This framing places the study within systems thinking rather than within a single-
channel empirical exercise. The object of analysis is the whole market system, defined
by its boundary with the surrounding environment and characterized by emergent prop-
erties that no individual market displays in isolation. A holistic reading is necessary
precisely because the phenomenon of interest, the transmission of mood across markets,
is a system-level property: it cannot be recovered by studying any one country, any one
linkage, or any one estimator on its own. The eight analyses reported below are therefore
complementary lenses on one system, moving from its descriptive state to its connected-
ness, causal contagion, topology, and, finally, the relationship between structural position
and systemic role.

The analysis yields three findings previewed here. Return spillovers are led by
the Euro-area core, whereas sentiment-shock contagion, though concentrated, survives
multiple-testing correction for twelve of 114 tested pairs, with Japan as the dominant
source. A small set of economies occupies structurally central positions while one economy
remains topologically peripheral, marking the boundary of the thresholded system. The
centrality diagnostic, interpreted as exploratory because it rests on 13 economies, provides
no robust evidence that threshold-based centrality predicts VAR-based net spillover roles.
The remainder of the paper proceeds as follows. Section 2 reviews the literature, devel-
ops the theoretical framework, and states the hypotheses. Section 3 describes the data
and empirical strategy. Section 4 reports the results. Section 5 discusses them, draws policy
implications, and notes limitations. Section 6 concludes.

2. Literature Review, Theoretical Framework,
and Hypothesis Development

2.1. Literature Review

Research on how sentiment moves asset prices has matured from single-market ev-
idence toward an explicitly cross-border view. The foundational work establishes that
sentiment is not noise to be averaged away but a priced influence on returns, strongest
where assets are hard to value and hard to arbitrage [12-15]. Limits to arbitrage explain why
sentiment-driven mispricing persists rather than being corrected immediately [16]. Con-
sumer confidence, in particular, carries predictive power for both spending and asset prices,
making it a natural conduit between household mood and market dynamics [17,18]. A
complementary strand shows that media tone, uncertainty, and search-based fear measures
forecast short-horizon returns and volatility, reinforcing the view that measured sentiment
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captures economically meaningful expectations rather than statistical artifacts [19-21]. Re-
cent multidimensional evidence further shows that the link between non-financial drivers
and financial performance differs markedly across sectors and regions, underscoring that
aggregate relationships can mask substantial structural heterogeneity [9].

The cross-country dimension reframes sentiment as something that travels. Ref. [22]
shows that sentiment has both global and local components and that the global component
propagates across national markets, an early and direct statement of sentiment contagion.
Subsequent evidence documents stronger sentiment effects in markets prone to herd-like be-
havior and weaker institutional integrity, predicting heterogeneity in how economies trans-
mit and absorb shocks [23,24]. More recent work ties social media sentiment to volatility
across equities, bonds, currencies, and commodities, finding that sentiment indices switch
between transmitter and receiver roles during turbulent periods such as the pandemic and
trade-war episodes [25]. Directly relevant cross-country evidence confirms that sentiment
spillovers travel through equity markets rather than remaining confined to a single country:
US investor sentiment spills over into G7 aggregate and value stock returns [26], investor-
sentiment contagion propagates through measurable network connectedness across China
and other international markets [27], stock-market movements and consumer confidence
move together in short-run cycles across European economies [28], and mood-related
national sentiment is reflected in stock prices across countries [29]. This body of work
sharpens what remains open here: a network representation of confidence-driven, rather
than purely return-driven, transmission across a broader set of advanced economies. The
emerging picture is a system in which mood is mobile, its direction is regime-dependent,
and its impact concentrates in identifiable nodes.

Parallel literature measures financial spillover directly, primarily through the connect-
edness framework, which decomposes forecast-error variance into own- and cross-market
contributions [10,30,31]. Applications proliferate: frequency-domain and time-varying ex-
tensions trace how interconnectedness rises during turbulence and identify net transmitters
and receivers among markets and sectors [32,33]. Earlier connectedness work on global
and regional equity markets shows that crises sharply intensify cross-market linkages [34].
These tools answer how much spillover occurs and in which direction, yet they encode
the network only implicitly, through the variance decomposition, rather than treating the
relational structure as an explicit object of analysis.

A third strand models the financial system directly as a network and studies how its
topology governs the propagation of shocks. Formal models demonstrate that connectiv-
ity is double-edged: dense linkages absorb small shocks but amplify large ones beyond a
tipping point, the robust-yet-fragile property [35-37]. Network-based risk measures, such
as DebtRank, systemic centrality, and tail-event networks, identify systemically important
nodes whose distress has outsized consequences [38—41]. Centrality concepts imported from
network science formalize what it means for a node to be structurally important [42—44].
Crucially, several contributions caution that systemic importance is not a simple function
of connectedness: the expected loss of a network need not increase monotonically with the
number of links, so connectivity and systemic risk can be only loosely related [45—47]. A
cross-cutting systems-thinking tradition reads such patterns through the lens of complex
adaptive and open-systems ideas, in which market outcomes emerge from many interacting
agents, exhibit feedback and boundary effects, and cannot be reduced to any single compo-
nent [48-50]. This study sits at the intersection of these strands, bringing the network lens to
sentiment-driven contagion, which the connectedness literature has largely treated through
linear measures and the network literature has rarely examined through a behavioral origin,
and framing the result as a property of an interconnected socio-technical system rather than
of any single market.
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2.2. Theoretical Framework

The study integrates three theoretical traditions through a complex-systems lens con-
sistent with the socio-technical orientation of systems research. The first is behavioral
asset pricing, which holds that sentiment-based demand shocks, combined with limits to
arbitrage, push prices away from fundamentals [12,16]. This explains why an unexpected
change in consumer confidence can move markets even without new fundamental infor-
mation: confidence shapes the willingness to bear risk, and constrained arbitrage prevents
rational traders from fully offsetting the resulting pressure on demand. Sentiment thus
supplies the micro-level mechanism that generates a shock at a node.

The second tradition is the theory of financial contagion, which models how shocks
cascade through networks of linked agents [51]. Formal frameworks show that the topol-
ogy and complexity of linkages, not merely their average strength, govern whether a local
disturbance dissipates or amplifies into a system-wide event [37,45,52,53]. A central and un-
settled question within this tradition is whether structurally central nodes are necessarily
the most dangerous propagators, since several models show that systemic importance
and raw connectedness can diverge [46,47]. This tension motivates treating connectedness
and transmission as separate, testable properties rather than assuming they coincide.

The third tradition is complex systems and socio-technical thinking, which treats the
set of national markets as an interdependent system whose aggregate behavior emerges
from the relational structure linking its parts rather than from any single component [54-56].
The socio-technical framing is more than a label. Socio-technical systems theory, developed
at the Tavistock Institute, holds that a system’s outcomes arise from the joint operation of a
social subsystem and a technical subsystem within a defining environment so that neither
can be optimized in isolation [57-59]. In this setting, consumer sentiment is the social
subsystem, the price-discovery and trading infrastructure of national equity markets is the
technical subsystem, and the cross-border dependency structure is the environment through
which the two interact. Built on the open-systems foundation of general systems theory, the
lens directs attention to system boundaries, feedback loops, and emergent properties that
no single market exhibits on its own [48,49,60]. The cross-border propagation of consumer-
sentiment shocks traced here is also tied to the behavioral micro-foundations of consumer
confidence theory, originally developed by Katona [61] and later translated into macro-
financial dynamics by Lemmon and Portniaguina [18], as well as to emotional-contagion
mechanisms examined in psychology and consumer research [62,63]. At the micro level,
consumers and market participants may synchronize peer-group risk perceptions through
informational cascades and herd behavior [64,65]. Consequently, an unexpected decline
in consumer confidence can move beyond localized household consumption and travel
through the socio-technical system’s informational channels, ultimately manifesting as
financial volatility across network-connected economies.

Two implications follow for the design. First, an open system is defined by its boundary
with the environment. Hence, an economy that fails to couple with the others is not merely
a weakly connected member but a case in which the system boundary itself becomes visible.
Second, because system behavior is emergent, the capacity to transmit a disturbance need
not coincide with structural embeddedness; coordination and information channels can
carry shocks that raw connectivity does not capture [49,50]. Taken together, the three
traditions predict that sentiment shocks propagate through a structured socio-technical
system, that economies differ sharply in their structural positions, with some falling outside
the system boundary, and that structural position and transmission role need not align.
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2.3. Hypothesis Development

Behavioral asset pricing establishes that sentiment shocks move prices, and conta-
gion theory adds that linked markets transmit such disturbances to one another. When
households in one economy experience an unexpected shift in confidence, the resulting
demand pressure on domestic assets can spill into connected markets through correlated
trading, shared investors, and common expectations [22,66,67]. If the markets form an
interconnected system, a sentiment shock in one node should carry predictive content for
financial conditions in linked nodes, beyond what each market’s own history explains. This
reasoning yields the first hypothesis.

H1. An unexpected consumer-sentiment shock in one national market is statistically associated
with subsequent volatility in financial markets in network-connected economies.

Contagion theory and network science hold that nodes differ in structural position
and that a system’s behavior depends on its topology rather than on uniform linkages [37,42].
In a system of national markets, some economies should sit at the dense core of the
dependency structure. In contrast, others remain peripheral or even isolated, producing
a heterogeneous core-periphery topology rather than a uniform web. This expectation
motivates the second hypothesis.

H2. National markets occupy heterogeneous structural positions, forming an identifiable core-
periphery topology rather than a uniform network.

A recurring and contested claim in the contagion literature is that structurally central
nodes are the principal propagators of systemic disturbance. However, formal results show
that systemic importance need not increase with connectedness, since the loss a network
transmits is not monotone in the number of links [45-47]. If transmission and connectedness
are distinct dimensions, then it is not self-evident that an economy’s net spillover role
should be fully explained by its centrality. This motivates the third hypothesis as an
exploratory directional diagnostic of the conventional assumption.

H3 (exploratory). Threshold-network centrality is positively associated with VAR-based net
directional spillover; more central economies are expected to be stronger net transmitters. Because
the cross-sectional test contains 13 economies, H3 is interpreted as an exploratory directional
diagnostic rather than a confirmatory absence-of-relationship test.

Together, the three hypotheses trace a single mechanism from micro-foundation to
system behavior: a sentiment shock originates through behavioral demand pressure. It
transmits across connected markets (H1), exhibits a heterogeneous core-periphery structure
(H2), and allows the centrality-transmission assumption to be assessed as an exploratory
diagnostic (H3). The empirical strategy in the next section operationalizes each link in turn.

3. Materials and Methods
3.1. Data and Sample

The study assembles a monthly panel of thirteen advanced economies spanning
January 2015 to December 2025, yielding up to 132 monthly observations per country.
The sample comprises Australia, France, Germany, Italy, Japan, the Netherlands, South
Korea, Spain, Sweden, Switzerland, Ttirkiye, the United Kingdom, and the United States.
Country selection follows a strict data-availability rule rather than a prior list: an economy
enters only if all variables are jointly observable across the full window with negligible
missingness. Canada, although an obvious candidate, was excluded because a consistent
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monthly consumer-confidence series is not published for it over the period, and substituting
an alternative national survey would have broken the cross-country comparability of the
central variable. After this screen, missingness in the retained panel remains below 2% for
every series, well within accepted tolerances for macro-financial panels.

Two primary sources supply the raw data. Consumer-confidence data come from the
OECD amplitude-adjusted Composite Consumer Confidence Index, retrieved through the
OECD statistical data interface, which provides a methodologically harmonized monthly
series across member economies. Equity market data are sourced from each economy’s prin-
cipal stock index at a monthly frequency. The harmonized construction of the confidence
series matters for the design because it ensures that the sentiment variable is measured
consistently across countries and over time, a property that earlier evidence shows to be
decisive for credible cross-country sentiment work [23]. No values were interpolated or
imputed; genuinely absent observations remain missing.

3.2. Variable Operationalization

The central explanatory construct is the consumer-sentiment shock, defined as the
unexpected component of consumer confidence rather than its level. For each coun-
try, the first difference of the confidence index is regressed on its own one-period lag,
and the residual from this autoregressive filter is taken as the shock. This orthogonal-
ization isolates the part of sentiment movement that is not predictable from its recent
path, following the logic that only the unanticipated component carries information
for markets [12]. Formally, the shock for country i in month t is the residual ¢ from the
relation ACCl;,¢ = o + 3-ACCl 41 + €j,t, where ACCl; ¢ is the month-on-month change in
the confidence index.

The dependent construct is financial-market volatility, operationalized as the twelve-
month rolling standard deviation of monthly log returns on each national equity index,
where the log return is rj,¢ = In(P;,+/Pj,+—1) and P;,¢ is the end-of-month index level. Returns
serve as the auxiliary variable for building the inter-market dependency network. The
network is constructed by computing the pairwise association of returns across countries;
an edge links two economies when the absolute association exceeds a threshold of 0.6. The
choice of 0.6 balances two concerns: a lower cut-off connects nearly every pair and erases
the structure of interest, while a higher cut-off fragments the system into many isolated
nodes. The value falls within the upper-moderate range used in correlation-network studies
of financial markets and is treated not as a fixed assumption but as a point on a sensitivity
continuum; Section 4.9 re-estimates the core results at thresholds of 0.5 and 0.7 to confirm
that the findings do not hinge on it. The resulting adjacency structure represents the system
topology and is used consistently across the centrality and panel analyses. The thresholded
network and the connectedness framework are distinct but complementary objects. The
former is a static, contemporaneous-correlation graph that defines structural position for the
centrality tests in H2 and H3. The latter is estimated separately from a vector autoregression
with generalized forecast-error variance decomposition and captures dynamic, model-
based transmission for H1. Structural position and transmission magnitude are therefore
never read off the same object, which is the empirical basis for treating connectedness
and centrality as separable dimensions. Because the thresholded network is estimated from
the full sample rather than a rolling or real-time window, it is read throughout as a static
structural characterization of the study period rather than as a live monitoring instrument.

3.3. Empirical Strategy

The analysis proceeds through eight estimations that move from description to struc-
tural inference, each mapped to a hypothesis. Descriptive statistics and a cross-country
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correlation matrix characterize the panel and motivate the network representation. Panel
unit-root testing confirms the stationarity of the shock series required for the dynamic
models. The connectedness framework of Ref. [10], estimated from a vector autoregression
with generalized forecast-error variance decomposition that is invariant to ordering [68],
quantifies directional spillover and identifies net transmitters and receivers.

Granger causality testing of shock-to-volatility pairs assesses whether sentiment
shocks predict volatility in connected economies, addressing H1 [69]. Network centrality
measures, including degree, eigenvector, betweenness, and weighted strength, character-
ize the structural positions of economies and test for a core-periphery topology, thereby
addressing H2 [42,43]. A panel fixed-effects regression relates each economy’s volatil-
ity to its own lagged state and to neighbor-weighted sentiment shocks, estimated with
Driscoll-Kraay standard errors that remain valid under cross-sectional dependence and se-
rial correlation [70]. Finally, net directional spillover is regressed on network centrality
as an exploratory diagnostic of whether the thresholded correlation topology aligns with
VAR-based transmission roles, addressing H3. All procedures fix the random seed for
reproducibility, and the complete pipeline is released as an open replication package.

4. Results
4.1. Descriptive Statistics and Distributional Properties

The analysis begins with the distributional properties of the three core variables.
The sentiment shock is mean-zero by construction (0.0000), with a standard deviation of
0.192. Its distribution runs from —1.174 to 0.880 and is mildly left-skewed, an asymmetry
consistent with the behavioral pattern in which negative confidence breaks arrive more
sharply than positive ones. Monthly returns average a small positive value (0.0064), with
a standard deviation of 0.048, which falls within the typical range for advanced-market
returns. Volatility ranges from 0.011 to 0.123 and centers near 0.045; the width of the upper
tail reflects the volatility spikes of the sample window, including the 2020 pandemic and the
2022 inflation shock. These descriptive patterns provide a consistent basis for the network
analysis that follows. Summary statistics appear in Table 1.

Table 1. Descriptive statistics of key variables (pooled across 13 economies, 2015-2025).

Variable Mean SD Min 25% Median 75% Max
Sentiment shock 0.0000 0.1923 —1.1742 —0.0867 —0.0023 0.0832 0.8800
Return 0.0064 0.0483 —0.2541 —0.0208 0.0091 0.0341 0.2257
Volatility 0.0454 0.0179 0.0109 0.0327 0.0415 0.0560 0.1232

Note. Sentiment shock is the AR (1) residual of the month-on-month change in the OECD Composite Consumer
Confidence Index. Return is the monthly log return for each national equity index. Volatility is the 12-month
rolling standard deviation of returns. N = 13 economies.

4.2. Cross-Country Return Co-Movement

The second step examines cross-country return co-movement and establishes the
empirical case for a network representation. The correlation matrix shows strong, structured
linkages among advanced economies, with values particularly high across the European
core. The pairs Germany-France (0.909), France-Italy (0.897), and Spain-Italy (0.893) form a
near-synchronous bloc. The Netherlands, Sweden, and Switzerland are closely associated
with this cluster. The United States links to Europe at a moderate-to-high level and bridges
most strongly through the Netherlands (0.804). Tiirkiye, by contrast, stands clearly apart
from the system,; its correlations with the other economies range from 0.225 to 0.389. This
separation signals a structurally peripheral position that the subsequent network analysis
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observes directly. Japan and South Korea form a moderate Asia-Pacific sub-cluster. Cross-
country return correlations are reported in Table 2.

Table 2. Cross-country return correlation matrix.

AUS CHE DEU ESP FRA GBR ITA JPN KOR NLD SWE TUR USA
AUS 1.00 0.64 0.73 0.66 0.73 0.70 0.67 0.58 0.57 0.70 0.65 0.32 0.75
CHE 0.64 1.00 0.78 0.68 0.77 0.65 0.71 0.53 0.50 0.77 0.76 0.23 0.71
DEU 0.73 0.78 1.00 0.85 0.91 0.75 0.87 0.68 0.62 0.87 0.85 0.29 0.80
ESP 0.66 0.68 0.85 1.00 0.87 0.75 0.89 0.62 0.57 0.77 0.71 0.31 0.63
FRA 0.73 0.77 091 0.87 1.00 0.79 0.90 0.67 0.60 0.89 0.85 0.30 0.76
GBR 0.70 0.65 0.75 0.75 0.79 1.00 0.71 0.51 0.58 0.77 0.68 0.39 0.65
ITA 0.67 0.71 0.87 0.89 0.90 0.71 1.00 0.63 0.57 0.80 0.75 0.32 0.68
JPN 0.58 0.53 0.68 0.62 0.67 0.51 0.63 1.00 0.66 0.68 0.62 0.27 0.69
KOR 0.57 0.50 0.62 0.57 0.60 0.58 0.57 0.66 1.00 0.63 0.62 0.31 0.69
NLD 0.70 0.77 0.87 0.77 0.89 0.77 0.80 0.68 0.63 1.00 0.82 0.30 0.80
SWE 0.65 0.76 0.85 0.71 0.85 0.68 0.75 0.62 0.62 0.82 1.00 0.23 0.76
TUR 0.32 0.23 0.29 0.31 0.30 0.39 0.32 0.27 0.31 0.30 0.23 1.00 0.33
USA 0.75 0.71 0.80 0.63 0.76 0.65 0.68 0.69 0.69 0.80 0.76 0.33 1.00

Note. Pearson correlations of monthly log-returns, 2015-2025. Values above 0.80 indicate near-synchronous
co-movement. Tiirkiye shows the weakest linkage to every other market.

4.3. Stationarity of Series

The stationarity of the series is tested to confirm the validity of the dynamic models.
The Augmented Dickey-Fuller test indicates that the sentiment shock is strongly stationary
in every economy; the statistics range from —5.00 to —10.75, and all p-values are at the
0.000 level. This outcome is expected, since the shock is the autoregressive residual of
a differenced series. Volatility, by contrast, is non-stationary in levels; its p-values stay
between 0.118 and 0.605. This is common for highly persistent financial volatility series
and justifies using returns in the connectedness analysis. In the Granger and panel models,
volatility is handled through lagged structures that account for its persistence, but the
near-unit-root lagged coefficient in the panel model requires caution: those estimates
are interpreted as auxiliary persistence-adjusted associations rather than causal evidence.
Unit-root test results appear in Table 3.

Table 3. Panel unit-root test (Augmented Dickey-Fuller) results.

Country Shock: ADF p-Value Volatility: ADF p-Value
AUS —5.161 0.000 —2.152 0.224
CHE —5.001 0.000 —2.126 0.234
DEU —8.935 0.000 —2.286 0.177
ESP —6.456 0.000 —1.855 0.354
FRA —7.222 0.000 —1.655 0.454
GBR —9.250 0.000 —1.900 0.332
ITA —8.922 0.000 —1.352 0.605
JPN —8.723 0.000 —2.490 0.118
KOR —7.570 0.000 —1.809 0.376
NLD —6.657 0.000 —2.353 0.156
SWE —8.032 0.000 —2.091 0.248
TUR —10.751 0.000 —1.724 0.419
USA —8.985 0.000 —1.513 0.527

Note. ADF test with AIC-based lag selection. The null is a unit root. Sentiment shocks are stationary at the 1%
level; volatility series are non-stationary in levels.
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4.4. Systemic Connectedness

Systemic contagion is measured through the Diebold-Yilmaz connectedness frame-
work with generalized variance decomposition. The total connectedness index is 81.58 per-
cent, indicating that more than three-quarters of return variance originates in cross-country
transmission and confirming a highly integrated system. The directional decomposition
separates net transmitters from net receivers. Italy (+59.60), Spain (+38.18), Germany
(+34.79), and France (+15.79) are the strongest net transmitters, showing that the Euro-area
core is the source of systemic shocks and aligning with the high-correlation bloc in Table 2.
Switzerland (—47.08), the United Kingdom (—45.70), and Australia (—28.10) are the most
pronounced net receivers. Tiirkiye, with low total connectedness, is largely isolated from
the system. Directional connectedness is reported in Table 4, and the directional spillover
structure is shown in Figure 1.

Table 4. Diebold-Yilmaz directional connectedness (TCI = 81.58%).

Country TO Others FROM Others NET
ITA 140.55 80.95 59.60
ESP 120.55 82.37 38.18
DEU 120.88 86.10 34.79
TUR 47.81 30.08 17.73
FRA 103.83 88.04 15.79
KOR 78.65 77.84 0.82
USA 78.07 87.90 —9.83
NLD 78.90 89.89 —10.99
JPN 68.11 80.60 —12.49
SWE 74.70 87.41 —12.70
AUS 59.30 87.39 —28.10
GBR 45.57 91.28 —45.70
CHE 43.58 90.65 —47.08

Note. Generalized forecast-error variance decomposition [68], 10-step horizon, VAR (1). NET = TO — FROM;
positive values denote net transmitters. TCI is the total connectedness index.
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Figure 1. Directed Spillover Network of National Equity Markets. Note. Directed spillover network
of national equity markets. Node color denotes net directional spillover (TO — FROM); node size
denotes incoming spillover (FROM). Edges represent return dependencies above the 0.6 threshold.
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The directional spillover structure of the system is visualized in Figure 1. Node color
denotes net spillover, and node size denotes incoming shock intensity; the transmitting
cluster of the Euro-area core and the receiving position in the periphery are visually distinct.

4.5. Sentiment Shock Contagion

Whether sentiment shocks predict cross-country volatility is tested with Granger
causality [69]. Across the network-connected directed pairs, a nominal (uncorrected) test
flags several links at p < 0.05, with Japan, South Korea, and the United States appearing
most often as sources. Because this design involves many simultaneous pairwise tests,
a Benjamini-Hochberg false-discovery-rate correction is applied. Under that correction,
twelve of the 114 tested directed links survive: Japan’s sentiment shock predicts subsequent
volatility in seven downstream economies (United States, Germany, France, Italy, Spain,
Sweden, and the Netherlands), and South Korea, the United Kingdom, and the United
States each source one further surviving link, with the Japan-to-United States pair remaining
the strongest (3 = —0.007, p_FDR = 0.0013). The complete set of 114 tested pairs, with raw
and FDR-adjusted p-values, is reported in Table A2. Nominal associations are reported
in Table 5 for transparency, but the false-discovery-rate result is the basis for evaluating
H1: support for shock-to-volatility contagion in this sample is concentrated around a small
number of source economies, led by Japan, rather than broad-based across the network,
but it is not confined to a single directed pair.

Table 5. Significant Granger-causal links from sentiment shock to volatility (selected, p < 0.05,
uncorrected; see FDR-corrected result in text).

Shock Origin Volatility Target p-Value
JPN USA 0.0000
JPN DEU 0.0002
JPN FRA 0.0003
JPN ITA 0.0005
JPN ESP 0.0008
JPN SWE 0.0009
KOR USA 0.0012
KOR DEU 0.0014
JPN NLD 0.0016

Note. Granger causality with lag selection up to 2 months; minimum p-value reported. Tested over 62 network-
connected directed pairs, of which 9 are significant at the 5% level before multiple-testing correction. Only
the Japan-to-United States link remains significant after Benjamini-Hochberg false-discovery-rate correction
(p_FDR = 0.0013). Full results are in the replication package.

The findings provide qualified support for H1: sentiment-shock predictability is
present, but after false-discovery-rate correction it remains concentrated around a small set
of transmitting economies led by Japan (twelve of 114 tested pairs survive FDR correction).

4.6. Network Centrality and Topology

The heterogeneity of structural positions in the system is assessed through network
centrality measures. Centrality separates clearly: Germany, the Netherlands, Sweden,
and the United States have the highest eigenvector centrality (0.318) and degree (11),
forming the structural core of the system. France, Italy, and Spain form a secondary tier
(0.304). Japan (0.240) and South Korea (0.155) sit closer to the periphery. Tiirkiye has no
links to any economy at the 0.6 threshold and emerges as a fully isolated node, splitting the
network into two components. This structure indicates that the system has a core-periphery
topology and that the structural positions of economies are heterogeneous. Centrality
measures are reported in Table 6.
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Table 6. Network centrality measures (edge threshold = 0.6).

Country Degree Eigenvector Betweenness Strength
DEU 11 0.318 0.027 8.705
NLD 11 0.318 0.027 8.503
FRA 10 0.304 0.006 8.142
SWE 11 0.318 0.027 8.067
USA 11 0.318 0.027 7.931
ITA 10 0.304 0.006 7.606
ESP 10 0.304 0.006 7.429
CHE 9 0.281 0.000 6.464
GBR 9 0.281 0.000 6.447
AUS 9 0.281 0.000 6.230
JPN 8 0.240 0.009 5.257
KOR 5 0.155 0.000 3.232
TUR 0 0.000 0.000 0.000

Note. Centrality computed on the return-dependency network (edges above 0.6). Strength is the sum of absolute
edge weights. Tiirkiye is topologically isolated in this thresholded return-correlation graph; this describes
structural position, not directional transmission in the VAR-FEVD connectedness framework.

The findings support H2: economies are not homogeneous in the network; a clear
core-periphery structure and an isolated node are present.

4.7. Panel Estimation of Neighbor-Shock Effects

The effect of neighbor sentiment shocks on volatility is estimated with a fixed-effects
panel regression and Driscoll-Kraay standard errors that remain valid under cross-sectional
dependence. The lagged volatility term is high and significant (0.970, p < 0.001), reflecting
the strong persistence of the series. The neighbor-weighted sentiment shock coefficient
is negative and statistically significant (—0.0083, p < 0.001). Adding month fixed effects,
which absorb global shocks common to all economies such as the pandemic and the
2022 inflation surge, leaves the coefficient negative and significant (—0.0092, p < 0.001; the
full model is reported in Table A1). The economy’s own shock remains insignificant in
both specifications. This stability under a standard specification check indicates that the
neighbor-shock effect is a robust feature of the data rather than an artifact of common
global shocks and is consistent with a stabilizing, buffering role for neighbor-sentiment
exposure on national volatility. Panel estimates are reported in Tables 7 and A1.

Table 7. Panel fixed-effects estimation of volatility (Driscoll-Kraay standard errors).

Variable Coefficient t p-Value
Constant 0.0013 3.20 0.0014
Volatility (t — 1) 0.9697 96.12 0.0000
Neighbor sentiment shock —0.0083 —4.32 <0.001
Own sentiment shock —0.0001 -0.11 0.9133

Note. The dependent variable is monthly volatility. Neighbor shock is the edge-weighted average of the sentiment
shocks of connected economies. Driscoll-Kraay standard errors with 3 lags. N = 13 economies, 2015-2025. Because
the lagged dependent variable is near unity, the panel estimates are interpreted as auxiliary persistence-adjusted
associations rather than causal evidence.

4.8. Systemic Role and Network Position

The final analysis explores whether an economy’s systemic role can be explained
by its threshold-network position. Net directional spillovers are regressed on network
strength centrality. The relationship is statistically insignificant (coefficient: 0.788, p = 0.845,
R? = 0.004), and centrality explains less than 1% of the variation in net spillover. Given
the cross-sectional sample of 13 economies, this result is not interpreted as evidence that
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no relationship exists. Rather, it indicates that this sample and specification provide
insufficient evidence of a robust positive centrality-transmission association. Italy is the
strongest net transmitter yet only moderately central; Germany is the most central node
yet a moderate transmitter. The comparison therefore suggests, cautiously, that structural
position measured by return co-movement and shock-transmission capacity measured by
VAR-FEVD can diverge. This relationship is presented in Table 8 and Figure 2.

Table 8. Regression of net spillover on network centrality.

Variable Coefficient t p-Value
Constant —5.092 —0.19 0.8542
Network strength 0.788 0.20 0.8449

Note. The dependent variable is net directional spillover (TO — FROM). R-squared = 0.004. N = 13 economies. The
regression is a small-sample exploratory diagnostic and should not be read as an equivalence test or as evidence
of absence.
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Figure 2. Net Directional Spillover and Network Strength Centrality. Note. Net directional spillover
against network strength centrality. Each point is one economy; the dashed line is the fitted re-
gression. The flat slope indicates no robust linear association in this small cross-section, not proof
of independence.

The weak association between net spillover and centrality is visible in Figure 2. The
scatter points show no clear linear pattern, and the regression line is nearly flat.

The findings do not support the exploratory directional expectation in H3. Network
strength centrality does not show a statistically significant positive relationship with net
directional spillover in this 13-economy cross-section. The result is therefore treated as
exploratory evidence of a possible divergence between structural connectedness and trans-
mission capacity, rather than as confirmation that centrality never matters.

4.9. Robustness Checks

Three sets of checks assess whether the main results depend on specific design choices:
the network threshold, the sample period, and the shock-identification method. The
network threshold is varied across 0.5, 0.6, and 0.7. Tiirkiye remains topologically isolated
at every threshold, showing that its peripheral position in the thresholded correlation
graph is not an artifact of a single cut-off; at 0.7, the system fragments further as Japan
and South Korea also detach, sharpening the core-periphery reading. The H3 coefficients
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across thresholds range from —0.047 to 3.014 and remain statistically insignificant, with
p-values of 0.991, 0.845, and 0.405. These estimates are imprecise and threshold-sensitive,
so they are interpreted as a lack of robust evidence for the directional association rather
than as a stable null. Threshold sensitivity results appear in Table 9.

Table 9. Network threshold sensitivity and exploratory H3 diagnostics.

Threshold Edges

Density Comp. Isolated H3 Coef. H3 p H3 R?

0.5 65
0.6 57
0.7 33

0.833 2 Turkiye —0.047 0.9914 0.000
0.731 2 Ttiirkiye 0.788 0.8449 0.004
0.423 4 JPN, KOR, TUR 3.014 0.4049 0.064

Note. Comp. is the number of connected components. H3 columns report the regression of net spillover on
network strength centrality at each threshold. The coefficients are imprecisely estimated in this small cross-section
and should be read as exploratory diagnostics rather than as evidence of a stable null relationship.

The sample is then split into three regimes: the pre-pandemic window (2015-2019),
the pandemic window (2020-2021), and the post-pandemic window (2022-2025). Total
connectedness rises from 82.7 percent before the pandemic to 88.0 percent during it, then
settles at 78.9 percent afterward, matching the established pattern in which crises tighten
cross-market linkages. The identity of the leading transmitters shifts across regimes, from
Italy and Japan before the pandemic to the French-Spanish-Italian core during it and to
Korea and Tiirkiye afterward, which indicates that the transmission role is itself time-
varying rather than a fixed attribute. The uncorrected share of significant Granger links
rises from 6.7 to 11.9 to 13.5 percent, but this sub-period pattern is descriptive and should
not be read as evidence of pervasive contagion once multiple-testing correction is applied.
Sub-period results appear in Table 10.

Table 10. Sub-period connectedness and sentiment contagion.

Sub-Period

Months TCI (%) Top Transmitters Granger Sig. (%)

Pre-COVID (2015-2019)
COVID (2020-2021)
Post-COVID (2022-2025)

60 82.74 ITA, JPN, DEU 6.7
24 87.97 FRA, ESP, ITA 11.9
48 78.92 KOR, TUR, ITA 13.5

Note. TCl is the total connectedness index. Granger sig. (%) is the uncorrected share of network-connected directed
pairs in which a sentiment shock predicts volatility at the 5% level. Connectedness peaks during the pandemic;
sub-period Granger patterns are descriptive and should be read alongside the FDR-corrected full-sample result.

Finally, the shock identification is varied by re-deriving the sentiment shock from a
second-order autoregressive filter rather than from the first-order one used in the main anal-
ysis. The two-shock series correlate at 0.774 on average across economies, with a minimum
of 0.599 and a maximum of 0.921, indicating that the unexpected component is recov-
ered consistently regardless of the lag order. The main results are therefore not sensitive
to the specific filter. Two additional checks address the multiple-testing and dynamic-
specification concerns raised for H1 and the panel model. First, a Benjamini-Hochberg
false-discovery-rate correction is applied to the 114 directed Granger tests among network-
connected pairs; twelve links survive, led by Japan as the source in seven of them (strongest:
Japan-to-United-States, f = —0.007, p_FDR = 0.0013), against thirty links significant under
uncorrected p < 0.05. Second, the neighbor-shock panel regression is re-estimated with
month fixed effects; the coefficient retains its sign and remains statistically significant
(—0.0092, p < 0.001, against —0.0083, p < 0.001, without time effects; full model in Table A1).
Both checks indicate that the sentiment-contagion and neighbor-shock findings are robust
to standard specification checks, and the revised text throughout Sections 4 and 5 reports
these confirmed results together with the complete test tables in Tables A1 and A2. Taken
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together, the checks support the densely connected return topology and the topological
peripherality of Tiirkiye, while the centrality-transmission comparison is treated as ex-
ploratory rather than confirmatory. Sentiment-shock contagion proves concentrated but
not confined to a single directed link, and the neighbor-shock effect on volatility proves
stable once multiple testing and common time shocks are properly accounted for.

5. Discussion

This study set out to map how consumer-sentiment shocks propagate across national
financial markets and to ask whether the economies that sit at the center of the system are the
ones that transmit those shocks. Three findings stand out. The system is densely connected,
with total connectedness above 80%; sentiment-shock contagion, once corrected for multiple
testing, is concentrated rather than broad-based, surviving for twelve of 114 tested pairs
led by Japan as the dominant source; and, contrary to a common assumption, an economy’s
structural centrality bears no relationship to its net transmission role. Each finding speaks
to a distinct strand of prior work.

The high level of connectedness aligns with evidence that crises and integration have
tightened cross-market linkages over the past two decades [34,71,72]. The Euro-area core,
comprising Italy, Spain, Germany, and France, emerges as the dominant net transmitter of
return spillovers, echoing connectedness studies that place continental European markets
at the center of regional risk dynamics [33,73]. Tiirkiye’s near-isolation, which holds at
every network threshold, is best read not as weak membership but as a system boundary.
In open-systems terms, the boundary is where coupling with the environment breaks down,
and Tiirkiye’s distinct monetary regime, higher inflation, and currency dynamics over
the sample place it outside the dependency structure that binds the advanced-economy
core [23,48,60]. Treating the isolated node as a boundary rather than an outlier clarifies
that the system under study is the integrated advanced-market core, with Tiirkiye marking
its edge. This boundary claim rests on the full-sample thresholded correlation network
and should be read with that scope in mind; it describes structural position, not transmis-
sion capacity. The sub-period connectedness results, where Tiirkiye emerges among the
leading transmitters after 2022, are not a contradiction of that claim but an illustration
of the same H3 finding: an economy can sit outside the dense correlation core while still
generating measurable forecast-error variance in other markets, because structural position
and dynamic transmission are distinct dimensions of the system. This regional differentia-
tion echoes broader evidence that financial relationships are not uniform across regions
and sectors but are conditioned by structural context, so that a single pooled estimate can
obscure where the real heterogeneity lies [9].

The contagion results sharpen rather than simply confirm prior findings. At nominal
levels, sentiment shocks predict volatility in several network-connected pairs, supporting
the view that mood is mobile and economically consequential [22,25,74]. After Benjamini-
Hochberg false-discovery-rate correction, however, only the Japan-to-United States link
remains statistically robust. This narrows the claim from broad contagion to a specific
directional channel. One reading is temporal and systemic: Japanese sentiment is observed
before U.S. market adjustment in the monthly cycle, so it can operate as an early signal
rather than a universal driver. In socio-technical terms, the result is a feedback loop
through the information channel of an open system, where the timing of information
flow, rather than the size or centrality of an economy, determines the observed leading
role [48,49]. The interpretation is consistent with broader financial-contagion evidence
and rational-expectations models in which information revealed in one market updates
beliefs in others [75-77], but the corrected evidence requires a conservative conclusion:
sentiment-shock contagion is detectable in this sample, yet it is sparse rather than pervasive.
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In terms of consumer behavior and macromarketing, the FDR-robust Japan-to-United
States link suggests that consumer psychology can operate as a cross-border signal rather
than only a domestic demand indicator. Although the corrected evidence does not support
a pervasive contagion map, it shows that the direction and timing of global consumer
sentiment may still matter for market monitoring when behavioral shocks originate in an
earlier-closing market and are incorporated later elsewhere.

The panel estimates add a further caution. The neighbor-weighted sentiment shock
is negative and statistically significant in the baseline specification (—0.0083, p < 0.001)
and remains negative and significant once month fixed effects absorb common global shocks
(—0.0092, p < 0.001; Table Al). The economy’s own sentiment shock remains insignificant
in both specifications. These results support a stabilization or buffering interpretation:
connectivity to neighboring markets is associated with lower, not higher, subsequent
volatility once own-market dynamics are accounted for. A robust-yet-fragile theory offers a
plausible account of this pattern, whereby connectivity dampens ordinary disturbances
while remaining a channel for amplification during tail events [37,45,46]; the present panel
estimates support the dampening side of that mechanism as an empirical finding, though
the tail-event side remains outside the scope of a linear panel specification.

The most consequential finding is the absence of any link between network centrality
and net spillover role, which the robustness analysis shows to hold at every threshold. This
directly challenges the intuitive equation of centrality with systemic importance and sup-
ports formal results showing that systemic risk need not increase with connectedness [46,47].
Italy transmits the most while ranking only mid-table in centrality; Germany is the most
central node yet a moderate transmitter. The two properties, structural position and trans-
mission capacity, behave as separate dimensions. A socio-technical reading explains why.
Centrality, measured from return co-movement, captures embeddedness in the technical
subsystem of price co-movement. In contrast, transmission of a sentiment shock travels
through the social and informational subsystem of expectations and coordination. Because
an open system’s behavior is emergent, the channel that carries a disturbance need not
be the channel that records co-movement so that a market can be densely embedded yet
rarely originate stress [49,50]. This distinction matters for the network-based risk literature,
which has often used centrality as a proxy for systemic importance [38,39]. The evidence
here suggests that proxies can mislead and that directional spillover and centrality should
be measured separately rather than treated as interchangeable [44].

Three theoretical implications follow. First, behavioral asset pricing and contagion
theory combine naturally when sentiment is treated as the origin of a shock and the network
as its conduit; the framework accommodates both the generation and the propagation of
disturbances. Second, the separation of centrality from transmission implies that complex-
systems descriptions of financial integration need at least two structural dimensions, not
one: a market can be deeply embedded yet rarely originate systemic stress or be peripheral
yet capable of transmitting it under the right conditions. Third, the socio-technical reading
contributes a vocabulary that fits these patterns better than a purely structural one. System
boundaries explain the isolated node, feedback loops through the information channel
explain the leading role of earlier-closing markets, and the divergence between centrality
and net transmission role illustrates that structural position does not by itself determine
systemic behavior. Framing interconnected markets as an open socio-technical system,
rather than a static graph, turns three otherwise puzzling findings into coherent features of
one system [49,57,59].
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5.1. Policy Implications

The findings carry concrete guidance for the institutions that monitor cross-border
financial stability. Because transmission role and centrality diverge, macroprudential
authorities and central banks should not rank systemic importance by connectedness
alone. A monitoring framework that watches only the most central markets would have
overlooked Italy, the strongest net transmitter in the sample. Supervisory dashboards
should therefore track directional spillover measures alongside centrality, updating both
as the network evolves [10,33]. Because this comparison is estimated over the full sample
rather than in real time, it should inform how a monitoring framework is designed rather
than serve as a live monitoring signal itself.

The FDR-robust transmission network, in which Japan is the dominant source across
twelve surviving directed links, suggests a structural sequencing pattern that could inform,
but should not itself be operationalized as, a real-time early-warning system, since the
underlying network is estimated over the full sample rather than updated live. Monitor-
ing desks at bodies such as the European Central Bank and the Bank for International
Settlements should treat confidence movements in earlier-closing markets as candidate
leading indicators rather than as automatic contagion signals, prioritizing only those links
that survive statistical correction. For an emerging market such as Tiirkiye, evidence of
near-isolation implies that contagion from the advanced-economy core is a secondary
concern relative to domestic drivers; supervisory attention there is better directed toward
local vulnerabilities than toward imported sentiment shocks.

These findings also speak to macromarketing and global consumer behavior. Because
transmission capacity does not mechanically follow raw connectedness, global consumer
sentiment should be treated as heterogeneous rather than as a homogeneous wave. For ana-
lysts, the practical implication is to track directional sentiment-transmission nodes alongside
structurally dense financial hubs; in this sample, the corrected evidence points most clearly to
the Japan-to-United States channel rather than to a broad Asian-to-Western pattern.

Finally, because the neighbor-shock coefficient is robust to a standard fixed-effects
check, supervisors may reasonably treat the negative correlation between neighbor senti-
ment and volatility as consistent with a stabilizing mechanism under ordinary conditions;
the more cautious inference concerns generalization, since this stabilizing pattern is es-
timated over the full sample and its behavior during acute tail episodes, documented
elsewhere in this study, may differ and is better addressed with dedicated contingency
tools [37]. The practical priority, in order, is to measure directional transmission directly, to
sequence monitoring by market-opening time, and to calibrate intervention thresholds to
distinguish normal-time co-movement from crisis-time amplification.

5.2. Limitations and Suggestions for Future Research

Several limitations bound the present findings. The sample covers thirteen advanced
economies, a size dictated by the strict requirement that a harmonized monthly confidence
series be jointly available with equity data across the full window. While this protects mea-
surement consistency, it constrains the cross-sectional dimension relative to studies that pool
larger but less comparable panels [73]. The same data-availability rule excludes Canada, an
economy that would otherwise be an obvious member of the advanced-economy panel,
because no consistent monthly consumer-confidence series is published for it over the full
window. This exclusion narrows the generalizability of the findings to economies with
harmonized monthly sentiment reporting, and it means the North American leg of the
system is represented only through the United States. Extending the panel to economies
with different survey infrastructures, once comparable series become available, would test
whether the centrality-transmission divergence documented here also holds outside this
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specific sample. The dependency network is built from return correlations above a fixed
threshold; alternative edge definitions, such as tail dependence or quantile connectedness,
could reveal linkages that linear correlations miss [32,39].

The sentiment shock is identified through a parsimonious autoregressive filter, which
isolates the unexpected component but does not separate demand-side from information-
side innovations. Richer identification using structural or sign restrictions would refine the
behavioral interpretation. Finally, the monthly frequency cannot capture the within-month
dynamics through which sentiment may travel fastest.

Three directions follow. First, future work could extend the framework to a larger
and more heterogeneous set of economies, including emerging markets, to test whether
the centrality-transmission divergence generalizes beyond advanced markets [47]. The
sub-period evidence here shows that transmission roles shift across regimes, so a wider
panel could establish whether the divergence is a general law or a feature of this core.
Second, higher-frequency data and intraday sequencing would allow a direct test of the
conjecture that Asian sentiment leads Western volatility through the market-opening cycle,
moving the feedback-loop interpretation from inference to measurement [76]. Third, a
multilayer socio-technical network that separates a return layer, a volatility layer, and a
sentiment layer could clarify whether the divergence between centrality and transmission
arises within each layer or from their interaction, giving the social and technical subsystems
distinct representations [50,56,78]. Future studies could also use graph neural networks
and graph-attention architectures to model nonlinear propagation across these layers more
flexibly [74,79-84]. Each of these would address an open question left unresolved by the
present design.

6. Conclusions

This study mapped the cross-border propagation of consumer-sentiment shocks across
13 advanced economies and asked how structural centrality and systemic transmission
relate. The system is densely connected in returns; sentiment-shock contagion, once cor-
rected for multiple testing, is sparse rather than pervasive; and the small-sample centrality
diagnostic shows no robust evidence that the most central markets are necessarily the
strongest propagators. The central message is that systemic importance should be read
through at least two faces: being well connected and being a source of transmission, and the
two need not coincide in a given empirical system.

The contribution is to bring a behavioral origin and a network lens together within a
systems-thinking frame, showing that mood travels through a structured socio-technical
system in ways that standard linear spillover measures and centrality proxies do not
fully capture. Treating the markets as one open system, bounded by its environment
and governed by emergent feedback rather than as a collection of separate series, is what
makes the divergence between connectedness and transmission visible in the first place. For
analysts and supervisors, the practical lesson is to measure who transmits separately from
who is connected and to treat the FDR-robust sentiment-transmission network, anchored by
Japan across seven of the twelve surviving links, as a structural feature of the system whose
negative association with recipient-market volatility is consistent with a stabilizing rather
than destabilizing transmission channel. Recognizing that connectedness and transmission
are distinct dimensions reframes how systemic contagion should be monitored and leaves
a clear agenda for richer data, finer identification, and broader sampling.
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Appendix A

Table A1. Month fixed-effects panel specification (dependent variable: volatility; N = 1547; HAC
standard errors, 3 lags).

Variable Coefficient Std. Error p-Value
Constant 0.0015 0.001 0.010
Lagged volatility (11) 0.9703 0.010 <0.001
Neighbor-weighted sentiment shock (nbr)  —0.0092 0.002 <0.001
Own sentiment shock (own) 0.0001 0.001 0.903
February —0.0005 0.001 0.353
March —0.0009 0.001 0.285
April 0.0002 0.001 0.633
May 0.0008 0.001 0.138
June 0.0002 0.001 0.782
July —0.0003 0.001 0.543
August —0.0009 0.001 0.087
September —0.0007 0.001 0.213
October —0.0006 0.001 0.348
November —0.0000 0.001 0.999
December —0.0008 0.001 0.181

Note: The neighbor-shock coefficient remains negative and significant relative to the baseline specification without
month effects (—0.0083, p < 0.001), confirming that the effect is not an artifact of common time shocks. R? = 0.924.

Appendix B

Table A2. Granger-causal contagion pairs surviving false-discovery-rate correction (12 of 114 tested
directed pairs; Benjamini-Hochberg method).

From To Raw p-Value FDR-Adjusted p-Value
Japan United States <0.001 <0.001

Japan Germany <0.001 0.024

Japan France 0.001 0.024

Japan Sweden 0.001 0.024

South Korea United States 0.001 0.024

Japan Italy 0.002 0.039

United States Australia 0.002 0.039
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Table A2. Cont.

From To Raw p-Value FDR-Adjusted p-Value
Japan Netherlands 0.003 0.042
South Korea Germany 0.004 0.043
United Kingdom United States 0.004 0.043
United Kingdom Australia 0.005 0.045
Japan Spain 0.005 0.045

Note: Thirty of 114 tested pairs are nominally significant (p < 0.05); the twelve listed above remain significant
after FDR correction.
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