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Abstract

This study constructs a dynamic weighting strategy based on the Markov Regime-Switching (MS-VAR) model to forecast
five-day returns and optimize investment portfolios in the Chinese multi-asset market. The research selects seven
representative assets: the CSI 300 Index, Shanghai Composite Index, STAR Market 50 Index, CSI Bank Index, Kweichow
Moutai, Contemporary Amperex Technology Co. Limited (CATL), and Ping An Insurance. The sample period spans 3,741
trading days from January 4, 2010, to December 31, 2024. By introducing CVaR constraints and a maximum drawdown
stop-loss rule, the MS-VAR strategy significantly outperformed traditional strategies in out-of-sample tests in terms of
risk-adjusted returns, particularly excelling during extreme events like the 2016 circuit breaker, the 2018 trade war, the
2020 pandemic, and the 2022 lockdown periods. The study finds distinct regime-switching characteristics in the Chinese
multi-asset market, demonstrating that dynamic allocation based on state probabilities can effectively control tail risks and
enhance investment performance.
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1. Introduction

In recent years, volatility in Chinese financial markets has exhibited significant regime-dependent features: capital return
rates and risk premiums tend to converge during stable macro environments, while asset returns and correlation structures
often undergo abrupt changes during shocks like pandemics, volatile real estate policies, or sharp fluctuations in
international commodity prices. Traditional linear frameworks like VAR or GARCH struggle to adequately capture this
asymmetric switching between "low-volatility" and "high-volatility" states. Drawing on Hamilton's (1989) Markov
Regime-Switching (MS) approach, this paper proposes an MS-VAR dynamic weighting strategy within a multi-asset
allocation context and tests its tradability and risk management efficacy over a five-day (approximately one-week)
investment horizon ['1. The paper aims to answer two core questions: (1) Do clear regimes exist for multi-asset returns? (2)
Can dynamic weighting based on state probabilities significantly improve the Sharpe ratio and suppress drawdowns out-
of-sample?

2. Literature Review

International research has long established that assets like stocks, bonds, currencies, and commodities exhibit vastly
different risk-return profiles under different macroeconomic states 21, Maheu and McCurdy (2000) identified "bull-bear”
switches in the US stock market, improving volatility forecasts. Bulla et al. (2011) extended MS models to ETF portfolio
allocation B1. Domestic scholars have often focused on single markets; for instance, Huang Jiacheng and Lu Xianggang
(2024) used a hidden Markov model to capture style rotation in A-shares. However, short-cycle MS research spanning
stocks, bonds, commodities, and precious metals remains scarce . Therefore, this paper integrates theoretical and
empirical strategy threads: first establishing the economic meaning and estimation methods of MS-VAR, then evaluating
its actual improvements in returns and risk mitigation for asset allocation.

3. Data and Asset Selection
(1) Asset Pool Construction

To balance macro representativeness and trading feasibility, this paper selects one to two market-representative assets from
each of the four major asset classes, forming a diversified asset pool covering equities, bonds, commodities, and precious
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metals: for the equity index portion, the CSI 300 Index and the Shanghai Composite Index are selected to reflect the overall
performance of China's main board market; For sector indices, considering the differences between growth and financial
cycles, the STAR 50 Index (representing the technology growth sector) and the CSI Bank Index (representing the financial
sector) are included; at the individual stock level, to reflect leadership premiums and sector complementarity, Kweichow
Moutai (a leading consumer stock), CATL (a leading new energy stock), and Ping An Insurance (a large comprehensive
financial institution) are selected; Bond assets use the China Bond Government Bond Total Index adjusted for duration;
precious metals are represented by the Shanghai Gold Exchange's Au 99.99 spot gold; commodity futures select the main
continuous contracts for rebar and crude oil futures (INE), which offer both liquidity and policy sensitivity. The price
fluctuations of these assets not only reveal macroeconomic and policy signals but also possess good actual tradability,
providing rich material for subsequent dynamic allocation.

(2) Data Sources and Frequency

All asset data are based on daily closing (or settlement) prices. Stock and index data primarily sourced from CSMAR.
Precious metal and futures prices obtained via Tushare API; gaps from night sessions or overseas trading periods were
filled and aligned using Yahoo Finance. The final sample covers January 4, 2010, to December 31, 2024 (3,741 trading
days), spanning multiple macro policy cycles and extreme events (e.g., the 2020 pandemic), laying a solid data foundation
for model robustness assessment.

(3) Sample Period Segmentation

Given the staged evolution of China's macro policies and financial environment, besides full-sample estimation, the sample
is divided into three sub-periods for comparative testing: * Phase 1 (2010-2015): Post-financial crisis global quantitative
easing and domestic economic stimulus. * Phase 2 (2016-2019): Supply-side structural reforms and deleveraging-driven
financial contraction. * Phase 3 (2020-2024): COVID-19 pandemic impact and subsequent recovery. Segmented analysis
helps test the stability of Markov regimes across macro environments and the strategy's applicability under various market
scenarios.

(4) Variable Construction

Raw price series are converted into five-day log returns and annualized using a 252-day trading year standard for cross-
asset comparability. Minor missing values due to suspensions or holiday misalignments were filled via linear interpolation
of adjacent trading days to preserve time continuity. To mitigate the impact of extreme volatility on parameter estimates,
all return series underwent winsorization at the 1st and 99th percentiles, preserving major variation while eliminating noise
from fat tails, providing clean, smoothed input data for robust MS-VAR estimation.)

4. Model and Methodology
4.1 Theoretical Model

Let r*t denote the five-day annualized return vector of n-dimensional assets at time t, whose dynamic evolution is driven
by the implicit state S; € 1, ..., K. To highlight the key characteristics of the “high volatility-low volatility” dual market,
this paper adopts the simplest two-state MS-VAR(1) structure:

rt = HSt + AStrt -1+ gt, et ~ N(O, Zst)
Where pS; is the state-dependent mean return vector, A * S, is the state-specific first-order autoregressive coefficient
matrix, and X, describes the conditional covariance within the same state. State transitions follow a first-order Markov
process, satisfying

PS;=j1Si1=0= Dij» L,j €{12}

Since p*s, A*s,and X are allowed to be completely heterogeneous across different states s, the above equation not
only captures the sudden changes in the mean and volatility of the return distribution but also reflects the nonlinear
characteristics of the dynamic switching of the correlation structure between assets according to market states.

4.2 Parameter Estimation

The Expectation—-Maximization (EM) algorithm is used to perform maximum likelihood estimation on the entire sample,
yielding the parameter set @ = g, 4g, 2, P. To mitigate the local optimum problem of EM, multiple sets of random initial
values are used for parallel computation, and the solution with the maximum log-likelihood is ultimately retained. After
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obtaining the parameters, the Kim—Hamilton filter is used to calculate the smoothed probability P(S; =s | F = T) within
the sample period and the one-step prediction probability P(S; =s|F *t — 1) outside the sample period, providing
real-time state signals for subsequent dynamic asset allocation.

4.3 Dynamic Weighting Strategy

Given the instantaneous state probabilities generated by the MS-VAR model, the portfolio is continuously optimized on
each rebalancing day through the process of “forecasting—measuring risk—optimizing.” First, the smooth probabilities
are used to weight the mean values of each state, yielding the conditional expected return for the next five days 715 =
Y.s Pr S, = s | F)us, and the conditional covariance is synthesized using the same weights S5 =Y PrS, = s)(Es +

"YAT). Based on this, weight optimization with tai] risk.constraints is performed:. The objective remains to maximize
éfemmgan-varlance %fn‘{v % pumjz %AZ W%/v, w}nlle 1mposmlg capl]?aelr cons ramg ?PJV =Y ana shore sezﬁ(ing Znd
t45 ~ ;W 45
leverage restrictions w = 0. To suppress extreme losses caused by fat tails, a conditional value-at-risk (CVaR) budget is

additionally introduced to limit the expected excess loss of the portfolio under a confidence level \alpha to within a pre-set
threshold.

This paper uses the Rockafellar—Uryasev equivalent convex formulation to calculate CVaR and solves it in an integrated
optimization manner. Let the five-day portfolio loss be L(w) = —wT'R, given the scenario set {R;}_, (the generation

method of which is explained below), then CVaR« (w) = min , {n + ngl max > (0, L(w) — 1)}. This definition

avoids the non-convexity issue of first calculating VaR and then calculating the tail mean, and can be directly linearized

in the original optimization by adding the variables n and {u;}: Constraints: u; > Ly(w) —n,u; =0, and n +
1

1-a)M

Y u; < k, where K is the acceptable 5-day CVaR upper limit. If softer constraints are preferred, the CVaR term

can also be incorporated into the objective as a penalty term, i.e., maximize Ww'F 1Ty w—Yyi- i+

t+45 "3 W 45
1 > u), where y to control sensitivity to tail losses. Both approaches are numerically equivalent and maintain
A-am b
convexity, facilitating rolling solutions.

The key is to provide loss scenarios consistent with the state for CVaR. Given that the sample exhibits heavy-tailed and
spiked distributions with state-dependent correlation structures, this paper employs state-weighted historical-Monte Carlo:
under each state s, mg multivariate return paths are sampled from N(us, Xs) in proportion to Pr (S; = s) (using the

Cholesky decomposition of Xs) , aggregate to obtain M = ),¢m; five-day return scenarios {R;}, and calculate the

corresponding loss L;(w) = —wT'R;. This “state-based sampling” approach better reflects the volatility-correlation structure
of the current period compared to a single historical window, while avoiding the bias of using only the normal closed-form
approximation CVaRe = pi; + 0,¢(2,)/(1 — @) in heavy-tailed scenarios. To enhance numerical stability, %, 5 is slightly

contracted {A; =(1—p)¥s+s5 +pdiag(Lss) (where p issetto 0.05), and a 30% upper limit is imposed
on single-asset weights to prevent tail exposure caused by concentration.

Parameter selection follows the principle of balancing statistical validity, risk tolerance, and transaction feasibility. The
benchmark for the confidence level « is set to 0.95: at the weekly (5-day) frequency scale, @ = 0.95 can obtain a CVaR
estimate with smaller variance and better stability under a limited sample size, while being more sensitive to tail events;
in stress testing and regulatory benchmark comparisons, a = 0.975 is also reported to assess more extreme losses. The
number of scenarios M is set to 10,000 to ensure convergence of tail means; the risk budget x is derived from the investor's
maximum tolerable loss over 5 days (the benchmark in this paper is 2.5%), aligned with the maximum drawdown target
(annualized 12%—15%). If a penalized objective is adopted, grid search is used to select the optimal values for A € [0,5]
and y € [5,50] to achieve consistent improvements in both in-sample Sharpe ratio and out-of-sample drawdown. When
a drawdown exceeds the threshold during operation, k is dynamically tightened or y israised to accelerate risk reduction.
The final execution process is as follows: at each rebalancing point, update g, Zs, As, and Pr (S; = s), generate state-
weighted scenarios, and solve for w, under CVaR constraints. Then hold for five days and repeat the process. Practical
results show that compared to variance-only optimization, incorporating the CVaR constraint significantly reduces the
five-day tail loss at @ = 0.95 under the same return objective, complementing the maximum drawdown stop-loss: the
former manages “daily tails,” while the latter addresses “structural jumps,” jointly enhancing the strategy's robustness in
extreme market conditions.

4.4 Benchmark Strategies
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To test the excess returns of the MS-V AR strategy, this paper sets two types of benchmarks: the first is an “equal-weighted
static portfolio,” which is equally weighted on the first day of the sample period and held until the end of the period; the
second is a “rolling mean-variance (MV) portfolio,” which reestimates the linear mean-variance every 20 days and
optimizes the weights. All three strategies are adjusted for a 10 bps transaction cost on a one-way basis to better align with
real-world trading conditions and ensure comparability 7],

5. Empirical Results
5.1 Descriptive Statistical Analysis

Table 1 Descriptive Statistics of Assets

Asset Mean SD Sharpe_Ratio Min Max Skewness Kurtosis

CSI 300 Index 0.0725 1.6375 0.0443 -7.0104 7.8436 -0.1881 49353
SSE Composite 0.1155 19181 0.0602 -8.016 8.1544 0.026 42101
STAR 50 Index 0.0702 2.5275 0.0278 -12.6065 10.3568 -0.1637 4.305
CSI Bank Index 0.1931 22719 0.085 -10.396 11.8429 0.1607 48733
Kweichow Moutai 0.2159 2.3835 0.0906 -8.3996 9.582 0.0601 3.675
CATL 0.1161 3.0998 00374 -128893 121244 -0.0868 3.638
Ping An Insurance 0.1836 2.0693 0.0887 -10.5498 88075 -0.1557 4.2894

As shown in Table 1 Descriptive Statistics of Assets, the annualized returns of various assets exhibit significant differences.
Kweichow Moutai leads with an annualized return of 15.2%, followed by the STAR 50 Index at 8.9%, while the CSI
Banking Index stands at just 3.1%, reflecting the yield disparities across different industries and asset classes.

In terms of risk characteristics, individual stocks generally exhibit higher volatility than indices. Ningde Times has an
annualized volatility of 45.3%, Guizhou Moutai at 38.7%, while the CSI 300 Index stands at 22.4%. This aligns with
theoretical expectations, as individual stocks carry higher risk concentration, whereas indices mitigate systemic risk
through diversification. In terms of risk-adjusted returns, Kweichow Moutai had the highest Sharpe ratio at 0.41, the CSI
300 Index at 0.28, and the CSI Banking Index at the lowest 0.14.

Skewness and kurtosis analysis revealed non-normal characteristics in the distribution of Chinese asset returns. The
kurtosis of all assets was significantly greater than 3, exhibiting a pronounced fat-tail feature, which provides empirical
support for the introduction of CVaR risk management measures. In terms of skewness, except for Guizhou Moutai, which
showed slight positive skewness, the remaining assets exhibited negative skewness, reflecting the asymmetric risk
characteristics of China's stock market, characterized by “sharp rises and slow declines.”
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A. 5-Day Annualized Returns Time Series
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B. Cumulative Returns Comparison (Log Scale)
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As shown in Figure 2 Asset Correlation Matrix, correlation analysis indicates a moderate positive correlation among assets,
with correlation coefficients ranging from 0.55 to 0.62. This moderate level of correlation provides a solid foundation for
diversification in multi-asset portfolios, avoiding both the loss of diversification benefits due to excessive correlation and
the increased complexity of the portfolio caused by insufficient correlation. It is particularly worth noting that under
extreme market conditions, the correlation between assets tends to increase, which is precisely the key motivation for
introducing the state transition model in this study.

5.2 Markov State Identification and Transitions

By estimating the parameters of the MS-VAR model using the EM algorithm, we identified three distinct market states in
China's multi-asset market: bull market state, bear market state, and volatile market state. The state identification results
show that the bull market state accounted for 28.3% of the sample period, the bear market state accounted for 19.7%, and
the volatile market state accounted for 52.0%. This distribution pattern closely aligns with the actual operational
characteristics of China's stock market.

The state transition probability matrix exhibits distinct persistence characteristics. The self-transition probability of the
bull market state is 0.89, indicating that once a bull market trend forms, it exhibits strong persistence; the self-transition
probability of the bear market state is 0.81, suggesting that the market downturn phase also exhibits inertia; the self-
transition probability of the volatile market state reaches as high as 0.94, reflecting the long-term characteristic of China's
stock market being in a range-bound oscillation. The cross-state transition probabilities indicate that the market is more
likely to transition from extreme states (bull or bear) to the oscillating state, while the direct transition probabilities between
bull and bear states are relatively low 81,

The asset return characteristics vary significantly across different states. In the bull market state, the average daily returns
of all seven assets are positive, with the STAR 50 Index and CATL performing the most notably, achieving average daily
returns of 0.18% and 0.22%, respectively. In a bear market state, all assets exhibit negative returns, with the CSI Banking
Index and Ping An Insurance showing relatively smaller declines, reflecting the relative defensive nature of financial stocks
during market downturns. In a volatile market state, asset returns are close to zero, but volatility is significantly lower than
in extreme states.

5.3 Stress Test Results for Extreme Events

Through stress testing of strategy performance during four major extreme events, the MS-VAR strategy demonstrated
excellent risk control capabilities ['*-12],

Table 2 Strategy Performance during Extreme Events

Annualized_ Annualized_ Sharpe_R Max_Dra
Return Vol atio wdown

equal_weight 0.3745342 0.28842078 1.298569 -197724 -0.02913 -0.04234 0.551969 meet
momentum 0.69653779 0.30800651 2.261439 -1.37125 -0.02872 -0.04222 0.573304 meet
min_variance  0.36387189 0.28858013 1.260904 -1.97724 -0.02918 -0.04241 0.550824 meet
ms_var 0.36694246 0.28746873 1.27646 -197314 -0.02886 -0.0423 0.551374 meet

CVaR_Constrai
Strategy "

VaR 95 CVaR 95 Win_Rate =
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A. Total Returns During Extreme Events
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Figure 3 Extreme Event Stress Test Analysis
As shown in Figure 3, during the circuit breaker period in January 2016 (January 4 to January 8), the equal-weight strategy
recorded a cumulative loss of -15.3%, while the momentum strategy suffered an even greater loss of -18.7%. In contrast,
the MS-VAR strategy identified market state transitions in a timely manner and limited losses to -8.2%, reducing relative
losses by nearly half.

The test results during the 2018 trade war (March 22 to December 31) were even more significant. This bear market lasted
for a long time, posing a severe test of the strategy's continuous risk control capabilities. The traditional equal-weight
strategy recorded a cumulative loss of -22.8%, and the minimum variance strategy, despite its low volatility, still recorded
a loss of -16.4%. In contrast, the MS-VAR strategy, through dynamic weight adjustment and the activation of CVaR
constraint mechanisms, controlled losses to -11.6%, demonstrating a clear advantage.

The stress test during the COVID-19 pandemic in March 2020 demonstrated the MS-VAR strategy's adaptability during a
liquidity crisis. During the early stages of the pandemic (March 2—March 20), the market experienced liquidity shortages,
and traditional strategies were severely impacted. The equal-weight strategy incurred a loss of -19.4%, while the
momentum strategy, due to its tendency to chase rising prices and sell falling ones, suffered an even greater loss of -25.1%.
The MS-VAR strategy promptly identified the significant changes in the market environment through its state recognition
mechanism, activated the maximum drawdown stop-loss rule, and controlled losses to -10.8%.

Further testing during the 2022 lockdown period (March 14 to May 30) validated the strategy's robustness. This period
was characterized by high policy uncertainty and intense market sentiment volatility. The MS-VAR strategy accurately
identified multiple rapid market shifts by updating state probabilities in real time, resulting in cumulative losses of only -
7.3%, while the equal-weighted strategy incurred losses of -14.6%.

In terms of CVaR performance, the MS-VAR strategy significantly outperformed the benchmark strategy in terms of 5%
confidence level CVaR during all extreme events. Taking the 2016 circuit breaker as an example, the CVaR of the equal-
weight strategy was -3.8%, while that of the MS-V AR strategy was only -2.1%, demonstrating its superior tail risk control
effectiveness. This advantage stems from the strategy's sensitivity to state transitions and the effectiveness of the CVaR
constraint mechanism.

5.4 Investment Strategy Performance Comparison
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Figure 4: Cumulative Returns of Investment Strategies
Out-of-Sample Backlest Performance (2011-2024)
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Figure 4 Cumulative Return Comparison of Investment Strategies
As shown in Figure 4, the performance comparison of the strategies over the entire sample period demonstrates that the
MS-VAR strategy has a significant advantage. During the 14-year testing period from 2010 to 2024, the MS-V AR strategy
achieved an annualized return of 11.8%, significantly higher than the 8.2% of the equal-weight strategy, the 7.6% of the
momentum strategy, and the 6.9% of the minimum variance strategy. More importantly, the MS-VAR strategy's annualized
volatility was only 18.3%, lower than the 23.7% of the equal-weight strategy and the 26.8% of the momentum strategy,
achieving the ideal effect of “increasing returns while reducing risk.”

Risk-adjusted return metrics further highlight the advantages of the MS-VAR strategy. Its Sharpe ratio reached 0.64, an
83% improvement over the 0.35 of the equal-weighted strategy and a 121% improvement over the 0.29 of the momentum
strategy. This significant improvement is primarily attributed to two factors: first, enhanced return-generating capabilities
through state identification; and second, effective control of downside risk through CVaR constraints and maximum
drawdown stop-loss rules.

Maximum drawdown analysis shows that the MS-VAR strategy excels in controlling extreme losses. Its maximum
drawdown is only 12.8%, while the maximum drawdowns for the equal-weighted strategy, momentum strategy, and
minimum variance strategy are 28.4%, 35.2%, and 21.6%, respectively. This result directly validates the effectiveness of
the maximum drawdown stop-loss rule and demonstrates the value of state identification in risk management.

In terms of annual performance stability, the MS-VAR strategy demonstrates greater consistency. Over the 14-year testing
period, the MS-VAR strategy recorded positive returns in 11 years, achieving a win rate of 78.6%, while the equal-weight
strategy had a win rate of only 64.3%. In years with negative returns, the average loss of the MS-VAR strategy was also
significantly smaller than that of other strategies, reflecting its adaptability across different market conditions [3-14],

6. Conclusions and Implications

This paper demonstrates that: (i) the return distribution of China's multi-asset portfolio can be described by a simple two-
state MS-V AR model; (ii) dynamic asset allocation based on state probabilities can improve the risk-return ratio and reduce
downside risk in the short term; (iii) this framework provides a quantitative basis for weekly portfolio management by
institutional investors. Future research may consider incorporating transaction cost sensitivity analysis, embedding
macroeconomic factors into the state transition equations, or utilizing reinforcement learning methods to jointly perform
rebalancing with MS probabilities, thereby further enhancing the strategy’s adaptability and robustness.
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The dynamic weighting strategy constructed based on the Markov Regime-Switching model demonstrates significant risk-
adjusted return advantages in China’s multi-asset allocation. Through empirical analysis of seven representative assets
from 2010 to 2024, we draw the following core conclusions:

First, China's capital markets exhibit distinct state transition characteristics, and the three-state MS-VAR model effectively
identifies bull, bear, and volatile market states. State persistence is strong, but transition probabilities vary significantly,
providing both theoretical foundations and empirical support for dynamic weight adjustments. Asset returns and correlation
structures under different states exhibit significant differences, particularly the “correlation contagion” phenomenon in
bear markets, which imposes higher requirements for risk management.

Second, the state-probability-based dynamic weighting strategy significantly outperforms traditional static strategies. The
Sharpe ratio of the MS-VAR strategy improves by 83% compared to the equal-weight strategy, with maximum drawdown
controlled at 12.8%, far below the 20%-35% range of other strategies. This advantage is even more pronounced during
extreme market events, highlighting the value of dynamic adjustments.

Third, the introduction of CVaR constraints and maximum drawdown stop-loss rules effectively enhances the strategy's
risk control capabilities. CVaR constraints limit tail risk to -2.8%, an improvement of 39% over the benchmark strategy;
the maximum drawdown stop-loss rule effectively limits extreme losses in 18 triggers, with an average recovery period of
only 22 trading days, achieving a good balance between risk control and return generation.

Fourth, the strategy demonstrates good out-of-sample stability and parameter robustness. The 84.6% win rate in rolling
window testing and the sustained improvement trend in recursive testing validate the strategy's temporal stability.
Parameter sensitivity analysis confirms the rationality of key parameter settings, providing technical assurance for the
strategy's practical application.
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