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|[dentifying evolving macroeconomic regimes is critical for understand- We apply a tailored dimensionality reduction method, R2-PCA, to ex- To analyze how regime transitions unfold, we restructure the dataset to P P
ing structural shifts in financial systems. Traditional regime detection tract key latent components from macroeconomic indicators. This reflect regime-to-regime dynamics. For each time point ¢, we extract To further interpret regime-switching patterns, we analyze the
methods, such as fixed-state HMMs, assume a static number of latent method stabilizes the feature space used for regime detection while the economic indicators as features, and use the regime label at t +1 as decision trees along three dimensions, focusing on boundary
states. R2-RD (Robust Rolling Regime Detection) lifts this constraint by enhancing visualization clarity. the prediction target. Samples are grouped by their regime at time ¢, so sharpness, feature robustness, and soft generalization.
dynamically updating both model parameters and regime structure over each decision tree is trained on data from a specific starting regime. 1. Feature Value vs. Split Threshold: We plot individual samples
time. PC Trajectories with Regime Overlay: The first figure shows PC1-PC5 This produces multiple regime-specific trees that learn how macroeco- along the feature axis, marking tree thresholds to reveal whether
Design Overview: ﬁme SErES W'Fh t.)ackgoroun.d CO.|O"5 denphng detec.tt.ed regimes. Transi- nomic signals dr|.ve tr'.ansmons. As shown in t.he figure bgloyv, the re- decisions are near the boundary or well-separated.
tions often coincide with directional shifts or volatility bursts in PC1. sulting tree provides interpretable rules mapping current indicators to
* Rolling HMM retraining: At each time step, a Gaussian HMM s RN | T e Tim— next-period regime outcomes. e o s v
re-estimated on a growing window of recent principal | — — - —
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use the Hungarian algorithm to align new regime labels with prior / \ Figure 5. *
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_ _ . P& series with regime-colored background. e o e o sl o v e 28, accuracy drop indicates higher dependence on that variable
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