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Volatility: Micro-foundations using TVP-VAR and ML
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aSchool of Liberal Arts, Macau University of Science and Technology, Macao SAR, China

Abstract

This paper examines the non-linear transmission of external Economic Policy Uncertainty
to the volatility of Macau gaming stocks. By combining a TVP-VAR-DY framework with
XGBoost and SHAP machine learning attribution, we map the dynamic risk spillovers origi-
nating from Mainland China, Hong Kong, and the United States. The empirical results reveal
a dual risk topology: regional regulatory shocks manifest as transient, high-intensity pulses
(episodic), whereas global systemic uncertainty exhibits a chronic structural persistence that
determines the baseline volatility regime. Furthermore, our machine learning analysis reveals
that firm resilience depends on specific micro-financial foundations. We find that operating
profitability effectively buffers external shocks, whereas financial leverage significantly ampli-
fies them. The study uncovers precise structural tipping points, identifying a sharp increase
in risk sensitivity when the debt-to-asset ratio exceeds 80% and determining an optimal liq-
uidity buffer at approximately 15% cash-to-assets. These findings challenge traditional linear
assumptions and support the adoption of threshold-based macro-prudential regulations for
the sector.

Keywords: Economic Policy Uncertainty (EPU), Macau Gaming Industry, XGBoost,
Non-linear Thresholds, Financial Accelerator

JEL: G15, G32, C45, L83

1. Introduction

Macau’s gaming industry operates as a unique “small open economy,” functionally serving
as a conduit for capital and consumption between Mainland China and the global financial
system. Consequently, the sector is not merely exposed to market risk but is uniquely sensitive
to a tiered structure of external shocks: regulatory shifts from Beijing (Mainland China),
financial volatility channeled through Hong Kong’s currency board, and systemic geopolitical
friction originating from the United States. While the liberalization of the gaming sector in
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2002 unleashed unprecedented growth, it also tethered the fate of the six concessionaires to
these fluctuating external Economic Policy Uncertainty (EPU) dynamics.

The central puzzle this paper addresses is not simply whether uncertainty affects volatil-
ity, but why the transmission of these shocks exhibits such profound heterogeneity across
firms. The existing literature on EPU has robustly established its depressive effect on as-
set prices and its positive correlation with volatility. Foundational work by Baker et al.
(2016) and Pástor and Veronesi (2012) demonstrates that policy uncertainty elevates the eq-
uity risk premium, as investors demand higher compensation for political ambiguity. In the
specific context of Macau, Zhang and Tian (2025) have robustly documented the negative
impact of Mainland regulatory uncertainty on the tourism economy. Expanding on this, our
study differentiates their functional roles: global systemic uncertainty establishes a structural
volatility baseline, whereas regional factors function primarily as episodic tail-risk drivers.

However, these studies predominantly operate at a “macro-to-macro” level, treating the
gaming sector as a monolithic block. This aggregate perspective creates a “black box” in
the literature: it fails to explain why, during identical stress events—such as the 2014 anti-
corruption crackdown or the 2020 pandemic—concessionaires like Galaxy Entertainment dis-
played relative resilience while others, such as SJM Holdings, experienced amplified volatility.
We argue that this divergence is driven by firm-specific “micro-foundations” that act as filters
for macro-shocks. Current econometric approaches, primarily relying on linear panel regres-
sions, struggle to capture this complexity. Linear models assume monotonic relationships—
implying that a unit increase in leverage always yields a proportional increase in risk—and fail
to detect the structural thresholds or “tipping points” inherent in financial crises (Bernanke
et al., 1999).

To bridge this gap, this study proposes a two-stage hybrid framework that integrates
the dynamic measurement of systemic risk with non-linear machine learning attribution.
Methodologically, we first employ a Time-Varying Parameter Vector Autoregression (TVP-
VAR) connectivity framework (Antonakakis et al., 2020) to quantify the daily risk spillover
intensities from three distinct sources: Mainland policy (CNEPU), Hong Kong financial
stress (HKEPU), and US systemic risk (USEPU). Subsequently, we dismantle the sources
of heterogeneity using eXtreme Gradient Boosting (XGBoost) coupled with SHAP (Shapley
Additive Explanations) interpretation (Chen and Guestrin, 2016; Lundberg and Lee, 2017).
A critical innovation in our research design is the strict “Backward Merge” protocol for
financial ratios, which ensures that our predictive model relies exclusively on information
publicly available to investors at the time of trading, thereby eliminating the look-ahead bias
that frequently compromises financial machine learning studies.

Our findings offer three substantial contributions to the literature. First, we map the
dynamic topology of risk, revealing that spillovers are episodic and event-driven rather than
continuous. We empirically confirm that global systemic uncertainty (USEPU) acts as a per-
sistent structural driver of volatility, empirically confirming our Hypothesis 1, which contrasts
with the regional focus of Zhang and Tian (2025) by highlighting the structural persistence of
global systemic risk. Second, we provide micro-empirical support for the “Buffer and Accel-
erator” mechanism. We find that operating profitability serves as the primary shield against
external shocks, while leverage acts as a distinct amplifier. Third, and most notably, our non-
linear approach uncovers precise risk thresholds that linear models overlook. We identify a
“debt cliff” at the 80% debt-to-asset ratio, beyond which firm sensitivity to external EPU ex-

2



plodes non-linearly, mirroring the “debt overhang” effects described by Kalemli-Özcan et al.
(2022). Furthermore, we locate an “optimal liquidity buffer” of approximately 15% cash-
to-assets. This highlights the value of our ML attribution: A standard linear model might
aggregate these distinct regimes into a single negative coefficient, thereby missing the optimal
liquidity window (approx. 15%) that is critical for strategic management.

2. Theoretical Framework and Literature Review

To rigorously conceptualize how external macro-uncertainty permeates firm-level equity
volatility, we integrate macro-finance theories of investment under uncertainty with corporate
finance literature on financial constraints. We posit that EPU transmits to Macau gaming
stocks through two primary channels: the Real Options channel (affecting demand and cash
flow expectations) and the Financial Frictions channel (affecting the cost of capital and
distress risk).

2.1. The Macro-Transmission: Real Options and the “Wait-and-See” Effect
The primary mechanism linking EPU to corporate distress is the “Real Options” theory.

As formalized by Bernanke (1983) and later Bloom (2009), uncertainty increases the value of
the option to wait. In an environment of high policy ambiguity, firms delay irreversible capital
expenditures, and households postpone discretionary consumption. Gulen and Ion (2016)
provide extensive empirical evidence that policy-related uncertainty significantly depresses
corporate investment by increasing the hurdle rate for new projects.

In the context of Macau, this transmission is amplified by the discretionary nature of the
gaming product. Zhang and Tian (2025) argue that shocks to Mainland regulation (CNEPU)
create immediate hesitation in tourist consumption behaviors (cash flow channel), whereas
global uncertainty (USEPU) primarily impacts the discount rate via the currency board
mechanism (cost of capital channel). Since gaming revenue is the fundamental cash flow
underpinning stock valuations, high EPU translates directly into cash flow volatility. Pástor
and Veronesi (2012) further suggest that during these periods, the discount rate applied to
these uncertain cash flows rises, causing stock prices to fall and realized volatility to spike.
While the literature acknowledges this aggregate negative impact (Baker et al., 2016; Davis
et al., 2019), it largely assumes a uniform transmission elasticity across all firms in a sector,
an assumption this study challenges. Based on the integration of Macau’s currency board
system into global finance, we posit the following hypothesis regarding risk heterogeneity:

Hypothesis 1: Risk transmission exhibits heterogeneous dynamics: Regional regulatory
shocks (CNEPU) operate as acute, event-driven stressors (pulse dynamics), while global sys-
temic uncertainty (USEPU) functions as a background structural driver (regime persistence)
due to capital flow interconnectivity.

2.2. Micro-Foundations: The Buffer and The Accelerator
We argue that the magnitude of the volatility response is determined by the firm’s internal

financial architecture. The corporate finance literature suggests two opposing forces that
determine “financial immunity”: the liquidity buffer and the financial accelerator.

On one hand, precautionary savings theory traditionally suggests that in the presence of
capital market frictions, firms hoard cash to hedge against future funding shortfalls (Keynes,
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1936; Bates et al., 2009). However, recent empirical evidence presents a paradox. While
intuition suggests firms should save more during crises, Das et al. (2024) empirically demon-
strate a negative association between Economic Policy Uncertainty (EPU) and corporate
cash holdings in linear models, attributing this to cost-of-carry effects or investment paral-
ysis. We argue that this divergence signals a methodological gap. Linear regressions may
fail to capture structural “tipping points”. We hypothesize a non-linear relationship: cash
holdings provide a vital buffer up to a specific optimal threshold (consistent with precaution-
ary motives), but may exhibit diminishing returns or negative valuation effects beyond this
point (consistent with the friction identified by Das et al., 2024). This complexity explicitly
necessitates the use of XGBoost’s non-linear attribution capabilities to resolve the conflict
between traditional theory and recent empirical findings.

On the other hand, conversely, financial leverage serves as a potent amplifier of external
shocks. The “Financial Accelerator” framework (Bernanke et al., 1999) posits that negative
macro-shocks erode a firm’s net worth, increasing the external finance premium and tight-
ening collateral constraints. This creates a feedback loop where initial shocks are magnified
for highly leveraged firms. Kalemli-Özcan et al. (2022) further characterize this as a “debt
overhang” problem, where high existing debt disincentivizes new investment and heightens
rollover risk during crises. When EPU spikes, the market reprices this distress risk, causing
the equity of highly leveraged concessionaires to exhibit higher beta and idiosyncratic volatil-
ity compared to their conservative peers. Together, we posit Hypothesis 2 and Hypothesis 3
as follows:

Hypothesis 2: Financial leverage acts as a non-linear amplifier of external EPU shocks.
Specifically, there exists a distinct structural threshold (tipping point) beyond which the
sensitivity of equity volatility to external shocks increases disproportionately.

Hypothesis 3: Corporate cash holdings function as a protective buffer against volatility
spillovers, but this mitigation effect exhibits diminishing marginal returns, adhering to a
convex function rather than a linear progression.

2.3. The Non-linear Identification Gap
Despite the theoretical consensus on these channels, empirical testing has been constrained

by methodological limitations. Traditional studies typically employ linear interaction terms
(e.g., EPU × Leverage) in panel regressions. However, theories of financial distress suggest
that risk does not scale linearly; rather, it exhibits regime-switching characteristics. Myers
(1977) famously alluded to the non-linear nature of debt distress, implying the existence of
“safe zones” and “danger zones”.

By utilizing XGBoost and SHAP, we move beyond the limitations of linear approxima-
tions. This approach allows us to empirically trace the functional form of risk transmission,
identifying the specific structural breaks, such as the leverage thresholds and liquidity satu-
ration points, that define the boundary between resilience and fragility in the face of systemic
uncertainty.

3. Data and Variable Construction

Our empirical analysis relies on a comprehensive, high-frequency dataset spanning from
January 1, 2001, to January 1, 2025. To rigorously disentangle the micro-foundations of
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volatility transmission, we construct a merged panel that integrates the daily stock perfor-
mance of the six Macau gaming concessionaires (Galaxy, Melco, SJM, Wynn, Sands, and
MGM) with a rich set of macro-level Economic Policy Uncertainty (EPU) indices. This sec-
tion details the construction of these exogenous shock variables, the strict “Backward Merge”
protocol used to prevent look-ahead bias, and the distributional characteristics of our sample.

3.1. External Economic Policy Uncertainty (EPU) Indices
To capture the multi-dimensional nature of external shocks affecting the Macau gaming

sector, we employ a tiered framework of uncertainty indices. A critical identification strategy
in our research is distinguishing between general policy uncertainty and specific trade or
geopolitical tensions. Given the unique political economy of Macau, it is essential to separate
the sources of uncertainty: the regulator (Mainland), the financier (Hong Kong), and the
global system (US).

China Economic Policy Uncertainty (CNEPU) To accurately proxy for regula-
tory risks strictly within Mainland China, we utilize the CNEPU index constructed by
Davis et al. (2019). Unlike other indices that rely on English-language reporting (which
may reflect foreign investor sentiment rather than domestic policy reality), this index is
derived directly from two authoritative Mainland Chinese newspapers: Renmin Daily and
Guangming Daily. The index reflects the frequency of articles that simultaneously con-
tain keywords related to “Economy,” “Policy” (e.g., regulation, deficit, central bank), and
“Uncertainty”. We obtained the raw monthly data from the authors’ official repository at
https://www.policyuncertainty.com/china_monthly.html and converted it to a daily
frequency using cubic spline interpolation. We choose cubic splines over linear interpolation
to ensure the smoothness of the resulting time series, avoiding artificial “kinks” that could
distort the volatility estimation in our TVP-VAR model. This index serves as our primary
proxy for Mainland regulatory shocks (e.g., anti-corruption crackdowns, visa policy changes).

Hong Kong Economic Policy Uncertainty (HKEPU) Given Hong Kong’s role as
the primary capital conduit and transportation gateway for Macau, we employ the HKEPU
index developed by Luk et al. (2020), Following the methodology of Baker et al. (2016). This
index is constructed based on article counts from the South China Morning Post (SCMP),
the region’s leading English-language newspaper. By including HKEPU alongside CNEPU,
we can effectively disentangle the impact of regional financial instability (e.g., Hong Kong’s
monetary link to the US dollar) from Mainland regulatory interventions.

US Economic Policy Uncertainty (USEPU) To control for global systemic policy
risks, we utilize the USEPU index from Baker et al. (2016). This index quantifies uncertainty
coverage across ten leading US newspapers (including The New York Times and The Wall
Street Journal), tracking terms related to fiscal, monetary, and regulatory policy. This vari-
able captures broader global economic sentiments that may influence international capital
flows and valuation multiples in the gaming sector.

Supplementary Variables to capture uncertainty in Machine Learning To ensure
the robustness of our findings, we also collect two granular indices for Machine Learning
analysis. First, the US-China Tension (UCT) index by Rogers et al. (2024) captures specific
geopolitical friction. Second, the Trade Policy Uncertainty (TPU) index by Davis et al. (2019)
isolates uncertainty specifically related to trade barriers. These variables are employed to
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verify whether volatility spillovers are driven by general policy noise or specific trade-related
conflicts.

3.2. Micro-Financial Features and Backward Merge
3.2.1. Backward Merge

To disentangle the unobserved heterogeneity of spillover heterogeneity, we construct firm-
level financial features. A methodological cornerstone of our predictive framework is the strict
prevention of look-ahead bias, a common pitfall in financial machine learning applications.

The “Backward” Merge Protocol In standard ex-post analyses, researchers often match
stock returns at time t with financial ratios from the fiscal quarter ending at time t. However,
financial statements are typically released with a “reporting lag” of one to two months. For
example, a company’s Q4 financial results (ending December 31st) might not be published
until late March. If we were to use Q4 data to explain stock volatility in January or Febru-
ary, we would be violating the investor’s information set. To address this, we implement
a “Backward Merge” strategy. For any given trading day t, the financial ratio variables for
firm i are populated using data exclusively from the most recently published financial report
available on or before date t.

Xi,t = Xi,τ where τ = max{d ∈ PublicationDates | d ≤ t} (1)

This ensures that our XGBoost attribution model relies solely on information that was
actually available to market participants at the time of trading, thereby preserving the causal
validity of our findings.

3.2.2. Variable: The Buffer and The Accelerator
Guided by the theoretical framework outlined in Section 2, we focus on three key financial

dimensions to test our hypotheses, each of them represents an important dimension for a
company:

Liquidity Buffer: We construct the Cash-to-Asset Ratio (Ratio_Cash_Asset), defined
as Cash and Cash Equivalents divided by Total Assets. According to precautionary savings
theory, high liquid reserves act as a “real option,” giving firms the flexibility to wait out
periods of high uncertainty without liquidating assets. We hypothesize that this ratio will
exhibit a negative relationship with volatility spillovers.

Ratio_Cash_Asseti,t =
Cash & Equivalentsi,t

Total Assetsi,t
(2)

Financial Leverage: We construct the Debt-to-Asset Ratio (Ratio_Debt_Asset) and
the Equity Multiplier (Ratio_Equity_Multiplier). The Financial Accelerator theory sug-
gests that highly leveraged firms face a higher external finance premium during crises. We
expect these ratios to amplify the transmission of external EPU shocks.

Ratio_Debt_Asseti,t =
Total Debti,t
Total Assetsi,t

(3)

Profitability: We include the EBITDA-to-Asset Ratio (Ratio_EBITDA_Asset) to show
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the firm’s baseline operating efficiency.

Ratio_EBITDA_Asseti,t =
EBITDAi,t

Total Assetsi,t
(4)

3.3. Realized Volatility and Macro-Financial Controls
3.3.1. Target Variable

The primary target variable for our attribution model is the stock return volatility. We
calculate the annualized Realized Volatility using a rolling window of N = 22 trading days,
which corresponds to approximately one trading month. This rolling metric captures the
time-varying nature of risk.

Volatilityi,t =

√√√√252× 1

N − 1

N−1∑
k=0

(ri,t−k − r̄)2 (5)

where ri,t is the daily log-return and r̄ is the mean return over the window.

3.3.2. Macro-Financial Controls
To isolate the marginal contribution of firm-specific micro-features, it is essential to control

for concurrent macro-financial conditions. We include the CBOE Volatility Index (VIX),
following Whaley (2000), as the standard proxy for the global “investor fear gauge.” We
control for the cost of global liquidity using the daily change in the US 10-Year Treasury
Yield (US10Y). Additionally, given the currency peg structure (MOP-HKD-USD) and the
reliance on Mainland tourists, we include the USD/CNY Exchange Rate (USD_CNY) to
capture purchasing power risks. Finally, we account for first-moment market trends by
including the daily log-returns of the Shanghai Composite (SSEC), Hang Seng Index (HSI),
and S&P 500 (SPX).

3.4. Descriptive Analysis
[Insert Table 1 Here]

Table 1 presents the summary statistics for the key variables used in our empirical frame-
work. The sample spans from January 1, 2001, to January 1, 2025, covering the full spectrum
of Macau’s liberalization, the rapid growth era, and the subsequent exogenous shocks includ-
ing the COVID-19 pandemic. Panel A reports the statistics for the directional spillover
indices (our target variables) and realized volatility. A striking feature of the data is the sig-
nificant non-normality. The spillover indices exhibit high Kurtosis (e.g., Spillover_USEPU
at 30.67) and positive Skewness. This “leptokurtic” distribution with fat tails confirms that
risk spillovers are not continuous linear processes but reflect distinct regimes: calm periods
punctuated by extreme stress events. This statistical property provides strong justification
for employing XGBoost, a non-parametric model robust to outliers, rather than traditional
linear regressions. Notably, regarding the magnitude of spillovers, Spillover_HKEPU ex-
hibits the highest mean (0.88) and standard deviation (1.82), reflecting the acute intensity of
regional financial stressors. In comparison, Spillover_USEPU shows a relatively lower mean
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(0.66). However, this lower average should not be interpreted as a lack of importance. In-
stead, combined with the time-series evidence, it suggests that global systemic risk functions
as a chronic structural baseline rather than a source of high-frequency pulse shocks. The
lower mean reflects long periods of latency, while its high kurtosis captures the regime shifts
observed post-2018. Panel B summarizes the micro-financial features. The data reveals sub-
stantial cross-sectional heterogeneity, which is the prerequisite for our identification strategy.
We observe significant financial distress within the sample: the Ratio_Debt_Asset reaches a
maximum of 1.08, and the Ratio_Equity_Multiplier drops to a minimum of -36.87, indi-
cating instances of negative equity (insolvency). These extreme values are primarily driven
by the severe liquidity crunch during the COVID-19 pandemic. Far from being data errors,
these observations of distress are critical for our machine learning model, as they allow the
algorithm to learn the behavior of firms at the “deep end” of the risk spectrum and identify
the breaking points in capital structure. Similarly, Ratio_EBITDA_Asset ranges from -1.03
to 0.26, providing a wide spectrum of operating performance to test the buffer hypothesis.
Panel C and Panel D display the external uncertainty indices and macro-financial controls.
The macro-controls, such as US10Y_Yield_Chg and market returns, exhibit means close to
zero, consistent with the stationarity properties of first-differenced series. The relatively low
variance in these global controls compared to the high variance in firm-specific spillover in-
dices reinforces our premise: aggregate market noise affects all firms symmetrically, whereas
the heterogeneity in risk exposure is driven by the micro-foundations described in Panel B.

3.5. Variable Measurement Conclusion
[Insert Table 2 Here]

Table 2 reports all variables’ definitions in general.

4. Methodology

To rigorously quantify the dynamic transmission of external policy risks and identify their
micro-level determinants, we employ a two-stage hybrid framework. In the first stage, we
construct a TVP-VAR-DY (Time-Varying Parameter Vector Autoregression with Diebold-
Yilmaz Spillover Index) model to measure the time-varying systemic risk exposure of each
concessionaire. In the second stage, we utilize a “Machine Learning Attribution” framework
(XGBoost combined with SHAP) to disentangle the heterogeneous drivers of these spillovers.

4.1. Dynamic Risk Quantification: The TVP-VAR-DY Framework
Standard static VAR models fail to capture the structural breaks and regime shifts in-

herent in the Macau gaming market (e.g., policy pivots, pandemic shocks). Following the
generalized connectivity framework of Diebold and Yılmaz (2014) and the dynamic estima-
tion strategy of Antonakakis et al. (2020), we employ a rolling-window estimation to capture
time-varying parameters.
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4.1.1. Time-Varying Structural VAR
Consider a bivariate process Yi,t = [EPUt, V oli,t]

′ for firm i, where EPUt represents the
external uncertainty shock and V oli,t denotes the realized volatility. The structural TVP-
VAR(p) model is defined as:

Yi,t = ct +

p∑
j=1

Φj,tYi,t−j + εi,t, εi,t ∼ N(0,Σt) (6)

where Φj,t are the time-varying autoregressive coefficient matrices, and Σt is the time-varying
variance-covariance matrix of the structural shocks.

4.1.2. Estimation and Identification
We estimate the model using a rolling window approach with a window size of W = 250

trading days (approx. one year) to capture short-run dynamics while maintaining estimation
stability. The lag length is set to p = 1 based on the Bayesian Information Criterion (BIC).
Identification of structural shocks is achieved via Cholesky decomposition of the covariance
matrix Σt = PtP

′
t . We impose a recursive ordering [EPUt → V oli,t], grounded in the economic

assumption that macro-policy uncertainty is exogenous to individual gaming stock volatility
in the contemporaneous period.

4.1.3. The Directional Spillover Index
We rely on the Forecast Error Variance Decomposition (FEVD) to construct the spillover

index. The H-step-ahead forecast error variance of variable j accounted for by shocks in
variable k at time t, denoted as θjk,t(H), is computed as:

θjk,t(H) =

∑H−1
h=0 (e

′
jPh,tek)

2∑H−1
h=0

∑2
l=1(e

′
jPh,tel)2

(7)

where ek is a selection vector, and Ph,t are the impulse response coefficients at horizon h. In
this study, we set the forecast horizon H = 10 days. Our primary variable of interest is the
Directional Spillover received by firm i from EPU, defined as:

SEPU→i,t = θV oli,EPU,t(H)× 100 (8)

To ensure statistical robustness, we perform a residual-based bootstrap with B = 500 repli-
cations for each window, reporting the bias-corrected 95% confidence intervals (Efron and
Tibshirani, 1993).

4.2. Micro-Attribution: The XGBoost Framework
Having derived the time-varying spillover series SEPU→i,t, we employ eXtreme Gradient

Boosting (XGBoost), a scalable tree-boosting system (Chen and Guestrin, 2016), to model
the non-linear relationship between firm-specific features and risk exposure. XGBoost is
chosen over linear panel regressions due to its ability to capture high-order interactions and
threshold effects (e.g., the “tipping point” of financial leverage).
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4.2.1. Objective Function and Learning
The model is trained in an additive manner. At step k, the objective is to find a function

fk that minimizes the regularized loss:

L(k) =
T∑
t=1

l(yi,t, ŷ
(k−1)
i,t + fk(xi,t−1)) + Ω(fk) (9)

where l(·) is the squared error loss (MSE), and Ω(fk) = γT + 1
2
λ∥w∥2 is the regularization

term penalizing model complexity (number of leaves T and weights w).

4.2.2. Strict Time-Series Protocol (Avoiding Look-Ahead Bias)
A critical methodological contribution of our study is the strict prevention of information

leakage. We implement a chronological data splitting strategy:

• Train-Test Split: The dataset is ordered chronologically. The first 80% of the sample
constitutes the training set (in-sample), while the subsequent 20% is reserved for out-
of-sample testing. Random shuffling is strictly prohibited.

• Lag Structure: All micro-financial predictors Xmicro and macro-controls Xmacro are
lagged by one period (t− 1) relative to the target spillover (t).

• Rolling Cross-Validation: Within the training set, we employ a 5-fold TimeSeriesS-
plit. In the k-th fold, the model is trained on the first k segments and validated on the
(k + 1)-th segment, ensuring the model never trains on future data.

4.2.3. Hyperparameter Optimization
We utilize Randomized Search Over a predefined grid to optimize key hyperparameters,

including the learning rate η ∈ [0.01, 0.1], maximum tree depth d ∈ [3, 7], and subsample
ratio. The optimal configuration is selected based on the minimized out-of-sample RMSE.

4.3. Interpretability: SHAP Values
To open the black box of the ensemble model, we employ SHAP (Shapley Additive Ex-

planations) based on cooperative game theory (Lundberg and Lee, 2017). The SHAP value
ϕj represents the marginal contribution of feature j to the prediction for a specific instance
x:

f(x) = ϕ0 +
M∑
j=1

ϕj(x) (10)

We utilize the TreeExplainer algorithm to compute exact SHAP values. This allows us to
visualize the SHAP Dependence, identifying the precise functional form (e.g., U-shaped or
linear) between financial ratios (like Cash-to-Asset) and spillover intensity.

5. Empirical Results

This section reports the empirical findings derived from our two-stage hybrid framework.
First, we analyze the time-varying topology of risk spillovers using the TVP-VAR-DY model
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(Antonakakis et al., 2020; Diebold and Yılmaz, 2014). Second, we utilize the XGBoost-
SHAP attribution framework (Chen and Guestrin, 2016; Lundberg and Lee, 2017) to dissect
the micro-foundations driving heterogeneity, identifying non-linear threshold features that
traditional linear models fail to capture.

5.1. Dynamic Topology of Risk Spillovers
Figures 1 through 3 display the dynamic directional spillover indices (St

EPU→i) from
CNEPU (Mainland Policy), HKEPU (Hong Kong Financial Hub), and USEPU (Global Sys-
temic Risk), respectively. The confidence intervals are constructed using 500 residual-based
bootstrap replications (Efron and Tibshirani, 1993).

[Insert Figure 1 Here]

[Insert Figure 2 Here]

[Insert Figure 3 Here]

Temporally, the transmission mechanisms exhibit distinct structural topologies. CNEPU
(Figure 1) is characterized by “episodic spikes.” As shown in the 2014–2015 period, Mainland
regulatory shocks act as pulse-like stressors—creating sharp, short-lived volatility bursts that
dissipate once the policy is priced in.

In contrast, USEPU (Figure 3) demonstrates “regime persistence.” While its full-sample
mean is lower (as noted in Table 1), Figure 3 reveals a structural shift post-2018. During
the US-China trade friction and the subsequent geopolitical realignment, USEPU spillovers
evolved from idiosyncratic noise into a sustained, elevated risk plateau. This visual evi-
dence suggests that global systemic uncertainty exerts a more enduring pressure on asset
pricing valuation (via the cost of capital channel) compared to the transient nature of re-
gional episodic pulses. Notably, there is significant cross-sectional heterogeneity in the risk
response of different concessionaires to the same shock. For instance, during the pandemic,
Galaxy Entertainment (00027) exhibited a markedly lower peak in risk spillover compared
to SJM Holdings (00880). This divergence cannot be fully explained by macro factors alone,
suggesting that firm-specific micro-characteristics act as critical “filters” or “amplifiers” in the
mechanism of risk transmission. This contrast provides robust empirical support for Hypoth-
esis 1. It confirms that the risk topology is bifurcated: Mainland factors drive extreme tail
risks via episodic shocks, whereas global factors set the structural volatility level through
sustained pressure. Thus, while regional policy dictates the ‘spikes,’ global systemic risk
determines the plateau.

5.2. Micro-Foundations: Machine Learning Attribution
To open the black box of risk transmission, we employ the XGBoost model combined with

SHAP (Shapley Additive Explanations) values to attribute the drivers of spillover indices.
Figure 4 illustrates the global feature importance ranking.

[Insert Figure 4 Here]

[Insert Figure 5 Here]
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The results indicate that Profitability (Ratio_EBITDA), Financial Leverage (Ratio_Debt),
and Historical Volatility (Volatility) are the core variables explaining the heterogeneity in
risk spillovers. The SHAP summary plot (Figure 5) reveals the general directional relation-
ship:

5.3. Non-linear Thresholds and Structural Breaks
A key advantage of machine learning models over linear regression is their ability to

capture non-linear structures between variables. Based on the SHAP Dependence Plots, we
identify critical structural thresholds (tipping points) for risk management. Before examining
the structural breaks, it is important to address the role of operating profitability. Although
Ratio_EBITDA_Asset ranks as the single most important feature in our global attribution
(Figure 4), our SHAP dependence analysis reveals that its impact mechanism is relatively
linear and intuitive. The relationship exhibits a monotonic negative slope: higher operating
profitability consistently reduces volatility spillover intensity, acting as a universal buffer
without complex structural thresholds. Put simply, robust cash flow generation is the first
line of defense, and ‘more is always better.’ Given this intuitive linearity, the remainder of
this section focuses on the non-linear dynamics of Leverage and Liquidity, where we identify
specific tipping points that offer novel, actionable insights for strategic risk management.

5.3.1. Financial Leverage: The “Safety Zone” and Non-linear Explosion
Figure 6 depicts the marginal effect of the debt-to-asset ratio on risk spillover. The

relationship is not monotonically linear but exhibits clear regime-switching characteristics.

[Insert Figure 6 Here]

We observe that when the debt-to-asset ratio lies between 20% and 80%, SHAP values
remain relatively stable and low. This suggests that within this “safety zone,” moderate debt
financing does not significantly increase a firm’s systemic risk exposure, and the market shows
a high tolerance for normal financial leverage. However, once the debt ratio breaches the 80%
critical threshold, SHAP values surge exponentially. This implies a non-linear surge in vul-
nerability when firms are over-leveraged. At this stage, minor external macro-perturbations
can be amplified several-fold through the high leverage, leading to drastic stock price volatil-
ity. This finding refines traditional views by highlighting the tail-risk characteristics of capital
structure. The identification of the 80% threshold explicitly validates Hypothesis 2, confirm-
ing that the financial accelerator mechanism activates strictly within a high-leverage regime.

5.3.2. Liquidity Buffer: Diminishing Marginal Returns
The relationship between cash holdings (Ratio_Cash_Asset) and risk spillover presents

a typical convex function, which validates Hypothesis 3 (Diminishing Buffer) and offers a
compelling resolution to the conflicting literature. Unlike Das et al. (2024), who documented
a linear negative impact of EPU on cash positions, our machine learning approach uncovers
a regime-dependent reality.

[Insert Figure 7 Here]
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5.3.3. Volatility Persistence and Regime Switching
Finally, we examine the autoregressive nature of risk transmission through the SHAP

dependence plot of lagged realized volatility (Volatilityt−1), as shown in Figure 8. The re-
lationship exhibits a distinct “regime-switching” pattern that validates the GARCH-type
persistence often observed in financial time series.

[Insert Figure 8 Here]

6. Policy Implications

Based on the non-linear micro-mechanisms identified in our empirical results, we propose
targeted recommendations for both regulators and casino operators to navigate the complex
economic policy uncertainty (EPU) environment.

6.1. For Regulators
Regulators should consider a “Threshold-based Macro-prudential Regulation”: Given the

non-linear structural break in risk at the 80% debt ratio, regulators should move away from
static, “one-size-fits-all” capital requirements toward a dynamic early warning mechanism.
Monitoring should focus on concessionaires whose debt-to-asset ratios approach or exceed
80%. For firms breaching this red line, mandatory deleveraging or restrictions on dividend
payouts should be enforced during periods of high economic policy uncertainty (EPU) to
prevent individual firm risks from evolving into systemic risks via the financial accelerator
mechanism. Simultaneously, Our findings indicate that global policy shocks (USEPU) and
regional financial shocks (HKEPU) operate through distinct transmission channels compared
to Mainland regulatory shocks (CNEPU). This is consistent with recent evidence by Zhang
and Tian (2025), who document that global uncertainty often exerts a dominant negative
impact on Macau’s tourism and gambling economy. Consequently, a single-market monitoring
focus is insufficient. Regulators should implement a dual-channel monitoring dashboard that
tracks both Mainland regulatory updates (via CNEPU-like indices) and global geopolitical
friction (via USEPU). This would allow for earlier detection of external stress, particularly
risks originating from US-China tensions that affect US-capitalized operators.

6.2. For Casino Operators
While liquidity preference remains paramount during crises, capital efficiency is equally

critical. Our model suggests that maintaining a cash-to-asset ratio of approximately 15%
is the most cost-effective risk management strategy. This target reconciles the trade-off
identified in the literature: it provides the necessary “precautionary buffer” advocated by
Bates et al. (2009) to absorb shocks, while avoiding the capital inefficiency associated with
the negative EPU-cash correlation observed by Das et al. (2024). CFOs should anchor their
liquidity management targets to this 15% benchmark to maximize risk resilience without
eroding Return on Assets (ROA). What’s more, the most critical takeaway for management is
the non-linear nature of leverage risk. Operators must strictly manage their capital structure
to keep the debt-to-asset ratio within the “safety zone” (below 80%). Our results show that
crossing this threshold triggers an exponential surge in spillover sensitivity, mirroring the
“debt overhang” effect described by Kalemli-Özcan et al. (2022). In this regime, high leverage
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not only amplifies external shocks but may also constrain future investment capacity during
the recovery phase. Therefore, active deleveraging is not merely a defensive financial tactic
but a core strategic imperative to decouple the firm’s stock performance from macro-political
friction.

7. Conclusion

This study investigates the dynamic transmission of external Economic Policy Uncer-
tainty (EPU) to the Macau gaming sector, bridging the gap between macro-systemic risk
and micro-firm heterogeneity. By integrating a Time-Varying Parameter Vector Autore-
gression (TVP-VAR-DY) framework with a non-linear Machine Learning attribution model
(XGBoost-SHAP), we rigorously quantify when shocks occur and why specific firms are more
vulnerable.

Our empirical results yield three primary conclusions. First, the topology of risk spillovers
is highly episodic and event-driven. We document synchronized spikes in volatility transmis-
sion during the 2014 Anti-Corruption campaign, the 2018 US-China Trade War, and the
COVID-19 pandemic. Crucially, we distinguish source-specific dynamics: while Mainland
regulatory shocks (CNEPU) act as episodic pulse-stressors triggering short-term repricing,
global uncertainty (USEPU) imposes structural persistence, effectively governing the long-
term volatility trend. This extends the findings of Zhang and Tian (2025), who focused on
regional regulatory shocks, by empirically demonstrating that global uncertainty (USEPU)
actually acts as the persistent structural driver of stock volatility.

Second, we dismantle the “black box” of spillover heterogeneity, revealing that firm-specific
micro-foundations act as either buffers or amplifiers. The machine learning attribution iden-
tifies profitability (Ratio_EBITDA) as the primary shield against external shocks, while finan-
cial leverage (Ratio_Debt) serves as a potent amplifier. Additionally, we observe a “regime-
switching” effect in volatility persistence, where high historical volatility accelerates risk
transmission via a volatility clustering feedback loop.

Third, and most significantly, our non-parametric approach uncovers critical non-linear
thresholds that traditional linear models fail to detect. By confirming Hypotheses 2 and 3,
we demonstrate that financial “immunity” is not linear but threshold-dependent. We identify
a tipping point in capital structure: financial leverage remains benign within a “safety zone”
(20%–80%) but triggers an exponential surge in systemic risk once the debt-to-asset ratio
exceeds 80%. This mirrors the “debt overhang” mechanism described by Kalemli-Özcan
et al. (2022), where excessive leverage non-linearly magnifies distress during crises. Similarly,
we identify an optimal liquidity buffer of approximately 15%. Cash holdings below 5%
lead to extreme vulnerability, while holdings above 20% yield diminishing marginal returns,
reconciling the classic precautionary motive (Bates et al., 2009) with the investment friction
evidence of Das et al. (2024) within a unified non-linear framework.

These findings offer actionable insights for stakeholders in the Greater Bay Area. For
regulators (DICJ and AMCM), the results support a shift from static capital requirements
to threshold-based macro-prudential supervision. Special monitoring protocols should be
activated for operators whose leverage approaches the 80% critical threshold, consistent with
the systemic risk assessment frameworks advocated in the recent International Monetary
Fund (2024). For casino operators, we advocate an “Optimal Buffer Strategy.” Managers
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should target a cash-to-asset ratio of 15% to maximize risk resilience without sacrificing
capital efficiency, while strictly maintaining leverage below the accelerator zone to decouple
their stock performance from geopolitical friction.
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Tables and Figures

Table 1: Descriptive Data

Variable Obs Mean Std. Dev. Min Median Max Skew Kurt

Panel A: Target Variables
Volatility 26353 2.7426 1.2886 0.0000 2.4384 16.2380 2.9344 15.0047
Spillover_CN 26485 0.7047 1.2640 0.0000 0.2091 14.6298 3.7724 20.7619
Spillover_HK 24787 0.8793 1.8239 0.0000 0.1885 20.3743 4.2479 23.6852
Spillover_US 26485 0.6624 1.2556 0.0000 0.2357 13.7533 4.7517 30.6698

Panel B: Micro-Financial Features
Cash_Asset 26485 0.1881 0.1247 0.0188 0.1537 0.5359 1.2244 0.7228
Debt_Asset 26485 0.5670 0.2685 0.0922 0.5324 1.0873 0.1130 -1.2416
Equity_Mult 26485 6.8424 16.4396 -36.8692 2.1096 149.6361 4.9057 31.9377
EBITDA_Asset 26485 0.0483 0.1045 -1.0256 0.0507 0.2590 -4.8161 48.1042

Panel C: External Uncertainty Indices
CNEPU 26485 206.6786 129.7045 24.8763 167.6842 524.8359 0.7504 -0.4029
HKEPU 26485 395.2696 272.2957 32.5974 324.4626 904.9384 0.2812 -1.4334
USEPU 26485 163.4118 101.2295 49.3086 141.3002 724.9361 3.3811 15.3118
UCT 23779 124.7354 41.9093 46.5192 118.2577 349.9455 1.5714 5.0698
TPU 26485 232.2741 246.5828 0.0000 132.5914 1425.1602 1.9033 4.3424

Panel D: Macro-Financial Controls
VIX_Close 26485 18.6684 7.6374 9.1400 16.6300 82.6900 2.5580 11.0440
US10Y_Yield 26484 0.0000 0.0283 -0.4650 0.0000 0.3290 -0.0549 21.1905
USD_CNY 26484 0.0000 0.0057 -0.1164 0.0000 0.1152 -0.1890 69.9757
SSEC_Ret 26484 0.0036 0.6856 -9.2562 0.0000 9.0343 -0.8473 37.5711
HSI_Ret 26484 0.0034 0.6837 -14.1833 0.0000 13.4068 -0.2449 50.0685
SPX_Ret 26484 0.0070 0.5733 -12.7652 0.0000 10.9572 -0.6903 64.0867

Note: This table reports summary statistics for the full sample period from January 1, 2001, to January
1, 2025. Panel A presents the directional volatility spillover indices (the target variables) derived from
the TVP-VAR-DY framework. The high kurtosis values indicate that risk spillovers are not continuous
linear processes but reflect dual non-linear topologies: episodic, high-intensity pulses for regional shocks
(CNEPU) versus structural regime shifts for global systemic risk (USEPU). This distributional characteris-
tic justifies the use of non-linear machine learning models (XGBoost) for attribution. Panel B summarizes
the explanatory features. The micro-financial ratios (Ratio_Cash_Asset, Ratio_Debt_Asset, etc.) are
constructed using the “Backward Merge As of” protocol based on the specific Publication Date of finan-
cial reports to strictly prevent look-ahead bias. Macro-financial controls such as US10Y_Yield_Chg and
market returns are first-differenced or log-transformed to ensure stationarity. Panel C displays the raw
external uncertainty indices. CNEPU is constructed by Davis et al. (2019), while HKEPU and USEPU
are based on Baker et al. (2016).
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Table 2: Variables Definition

Variable Symbol Definition / Construction Method Source

Panel A: Target Variables (Volatility & Spillovers)
Realized Volatility Volatility Annualized rolling standard devia-

tion of daily log-returns (Window
W = 22 days).

Calculated

Spillover (CN) Spillover_CN Directional volatility spillover from
CNEPU to stock i, derived via
TVP-VAR-DY (W = 250, H = 10).

Calculated

Spillover (HK) Spillover_HK Directional volatility spillover from
HKEPU to stock i.

Calculated

Spillover (US) Spillover_US Directional volatility spillover from
USEPU to stock i.

Calculated

Panel B: Micro-Financial Features (Firm-level)
Liquidity Buffer Cash_Asset Cash & Cash Equivalents divided by

Total Assets.
Financial report

Financial Leverage Debt_Asset Total Debt divided by Total Assets. Financial report
Equity Multiplier Equity_Mult Total Assets divided by Total Eq-

uity (Robustness proxy for lever-
age).

Financial report

Profitability EBITDA_Asset EBITDA (TTM) divided by Total
Assets.

Financial report

Panel C: External Uncertainty Indices
China EPU CNEPU News-based index from Renmin

Daily & Guangming Daily. Daily in-
terpolated.

Davis et al. (2019)

Hong Kong EPU HKEPU News-based index from South China
Morning Post (SCMP).

Baker et al. (2016)

US EPU USEPU News-based index from 10 leading
US newspapers.

Baker et al. (2016)

US-China Tension UCT Frequency of US articles discussing
bilateral US-China friction.

Rogers et al. (2024)

Trade Policy Uncertainty TPU China Trade Policy Uncertainty in-
dex based on Mainland newspapers.

Davis et al. (2019)

Panel D: Macro-Financial Controls
Investor Fear Gauge VIX CBOE Volatility Index (Level). Wind
Global Liquidity Cost US10Y_Yield Daily change in the US 10-Year

Treasury Yield.
Wind

Currency Risk USD_CNY Daily change in the USD/CNY ex-
change rate.

Wind

Market Returns *_Close_Ret Daily log-returns of SSEC (China),
HSI (HK), and SPX (US).

Wind
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Figure 1: Dynamic Directional Spillover from China Economic Policy Uncertainty (CNEPU) to Macau
Gaming Stocks.
Notes: The figure plots the time-varying directional volatility spillover indices (St

CNEPU→i) from the China
Economic Policy Uncertainty index to six concessionaires: Galaxy (00027), Melco (00200), SJM (00880),
Wynn (01128), Sands (01928), and MGM (02282).
Methodology: Estimates are derived from the TVP-VAR-DY framework (Antonakakis et al., 2020) with a
rolling window of W = 250 trading days and a forecast horizon of H = 10 days.
Visuals: The solid red line represents the point estimate of the spillover intensity (measured in percentage
points). The shaded red area indicates the 95% confidence interval based on 500 residual-based bootstrap
replications.
Interpretation (Episodic Pulse Dynamics): The spillover dynamics function as acute, event-driven
stressors. Sharp, short-lived peaks correspond to specific regulatory announcements (e.g., the 2014 Anti-
Corruption Campaign), indicating that the market absorbs Mainland policy shocks rapidly.
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Figure 2: Dynamic Directional Spillover from Hong Kong Economic Policy Uncertainty (HKEPU) to Macau
Gaming Stocks.
Notes: The figure displays the pairwise volatility transmission from Hong Kong’s policy uncertainty to the
Macau gaming sector.
Methodology: The directional spillover index (St

HKEPU→i) is computed as the percentage of the H-step-
ahead forecast error variance of stock i that is explained by shocks to the HKEPU index. The model employs
a lag length of p = 1 determined by the BIC.
Visuals: The solid purple line depicts the median spillover trajectory, while the shaded purple band repre-
sents the 95% bootstrapped confidence interval.
Interpretation: High volatility in the spillover index reflects Hong Kong’s role as the primary financial
conduit for Macau. Significant spikes are observed during periods of regional financial instability and social
unrest. The HKEPU index is based on article counts from the South China Morning Post (SCMP).
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Figure 3: Dynamic Directional Spillover from US Economic Policy Uncertainty (USEPU) to Macau Gaming
Stocks.
Notes: This figure illustrates the systemic risk exposure of Macau gaming operators to global policy shocks
originating from the United States.
Methodology: The series represents the net directional volatility spillover received by each firm from the
USEPU index (St

USEPU→i), estimated using a time-varying parameter vector autoregression (TVP-VAR)
with a recursive identification scheme.
Visuals: The solid blue line indicates the estimated magnitude of the risk spillover. The shaded blue region
marks the 95% confidence intervals to demonstrate statistical significance.
Interpretation (Chronic Structural Persistence): In stark contrast to the episodic pulses in Figure
1, this series exhibits chronic structural persistence. Note the sustained elevation in spillover intensity from
2018 onwards (Trade War era), creating a prolonged high-risk plateau. This confirms the persistence of global
systemic factors in driving long-term volatility trends.
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Figure 4: Global Feature Importance Ranking (XGBoost Attribution).
Notes: This figure reports the global importance of micro-financial features and macro-controls in predicting
volatility spillovers (St

EPU→i), derived from the XGBoost model.
Methodology: Importance is measured by the mean absolute SHAP value (|ϕj |), representing the average
magnitude of the feature’s contribution to the model’s output across all observations.
Interpretation: Ratio_EBITDA_Asset (Profitability) and Ratio_Debt_Asset (Leverage) are the dominant
predictors, indicating that a firm’s fundamental operating efficiency and capital structure are the primary
determinants of its resilience to external policy shocks. Lagged volatility (Volatilityt−1) ranks third, confirm-
ing the persistence of risk transmission.
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Figure 5: SHAP Summary Beeswarm Plot: Directionality of Risk Determinants.
Notes: The figure visualizes the distribution and direction of the impact of each feature on the spillover
index.
Visuals: Each dot represents a single daily observation for a firm. The position on the x-axis indicates the
SHAP value (impact on spillover): positive values (right) imply increased risk, while negative values (left)
imply risk mitigation. The color represents the feature value (Red = High, Blue = Low).
Economic Insight:
The Buffer Effect of Profitability: High values of Ratio_EBITDA_Asset (red dots) are distributed pri-
marily in the negative SHAP value range, indicating that strong operating cash flows significantly dampen
sensitivity to external shocks.
The Accelerator Effect of Leverage: High values of Ratio_Debt_Asset cluster in the positive SHAP
range, validating the “Financial Accelerator” theory, where highly leveraged firms face higher external finance
premiums during periods of uncertainty, thereby amplifying volatility.
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Figure 6: SHAP Dependence Plot: Financial Leverage (Ratio_Debt_Asset).
Notes: This figure illustrates the non-linear marginal effect of the Debt-to-Asset ratio on risk spillover in-
tensity.
Methodology: The x-axis represents the lagged Debt-to-Asset ratio, and the y-axis represents the corre-
sponding SHAP value.
Structural Break: The relationship is not linear. A “safety zone” is observed for debt ratios between
0.20 and 0.80, where the risk contribution is minimal. A critical structural break occurs at the 0.80 (80%)
threshold. Beyond this tipping point, SHAP values surge exponentially, providing micro-empirical evidence
for the “Financial Accelerator” mechanism where excessive leverage non-linearly amplifies external distress.
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Figure 7: SHAP Dependence Plot: Liquidity Buffer (Ratio_Cash_Asset).
Notes: The figure depicts the functional relationship between cash holdings and risk mitigation.
Visuals: The curve exhibits a convex shape consistent with Precautionary Savings Theory.
Optimization:
Vulnerability Zone (< 5%): Cash ratios below 0.05 are associated with extremely high positive SHAP
values (high risk).
Optimal Buffer: The curve steepens significantly up to a ratio of 0.15, suggesting this is the most effective
range for risk mitigation.
Diminishing Returns (> 20%): Beyond 20%, the curve flattens. This suggests that the marginal protec-
tive benefit of hoarding additional cash begins to diminish. While excess cash is not harmful, from a capital
efficiency perspective, its cost-effectiveness in reducing systemic risk is no longer the primary consideration.
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Figure 8: SHAP Dependence Plot: Volatility Persistence (Volatilityt−1).
Notes: This figure examines the autoregressive nature of risk transmission.
Interpretation: The positive slope confirms that high historical volatility significantly increases the proba-
bility of receiving external EPU spillovers.
Regime Switching: The dispersion of points at lower volatility levels suggests that in calm market regimes,
spillover effects are noisy and idiosyncratic. However, in high-volatility regimes (right side), the relation-
ship becomes strictly positive and linear, indicating a tight coupling between market sentiment and macro-
uncertainty sensitivity.

27


	Introduction
	Theoretical Framework and Literature Review
	The Macro-Transmission: Real Options and the ``Wait-and-See'' Effect
	Micro-Foundations: The Buffer and The Accelerator
	The Non-linear Identification Gap

	Data and Variable Construction
	External Economic Policy Uncertainty (EPU) Indices
	Micro-Financial Features and Backward Merge
	Backward Merge
	Variable: The Buffer and The Accelerator

	Realized Volatility and Macro-Financial Controls
	Target Variable
	Macro-Financial Controls

	Descriptive Analysis
	Variable Measurement Conclusion

	Methodology
	Dynamic Risk Quantification: The TVP-VAR-DY Framework
	Time-Varying Structural VAR
	Estimation and Identification
	The Directional Spillover Index

	Micro-Attribution: The XGBoost Framework
	Objective Function and Learning
	Strict Time-Series Protocol (Avoiding Look-Ahead Bias)
	Hyperparameter Optimization

	Interpretability: SHAP Values

	Empirical Results
	Dynamic Topology of Risk Spillovers
	Micro-Foundations: Machine Learning Attribution
	Non-linear Thresholds and Structural Breaks
	Financial Leverage: The ``Safety Zone'' and Non-linear Explosion
	Liquidity Buffer: Diminishing Marginal Returns
	Volatility Persistence and Regime Switching


	Policy Implications
	For Regulators
	For Casino Operators

	Conclusion

