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ABSTRACT
Volatility clustering in financial markets, in which large price changes tend to follow large changes of either sign, is
well documented but not consistently linked to a single quantitative measure that anticipates regime shifts before
they appear in realized volatility itself. We computed rolling-window Shannon entropy and permutation entropy of
daily log-return series for 40 large-capitalization equities and 6 broad equity indices over a 22-year sample period
(2003-2024, approximately 5,540 trading days per series), using symbolic discretization into 8 amplitude bins and
embedding dimension 5 for the permutation-entropy estimator, computed over rolling 250-day windows. Mean
normalized Shannon entropy across all 46 series was 0.912 (SD = 0.041) during low-volatility regimes (bottom
tercile of realized volatility) and fell to 0.847 (SD = 0.058) during high-volatility regimes (top tercile), a reduction of
7.1% (Welch's t = 18.4, p < 0.001, n = 46 series), reflecting the more predictable, directionally persistent character
of returns during volatility clusters relative to the comparatively uniform distribution of returns in calm periods.
Entropy declines preceded peaks in realized volatility by a median of 6 trading days across the 46 series
(interquartile range 3-11 days), and a threshold-crossing early-warning rule based on a one-standard-deviation
entropy drop achieved 68% sensitivity and 74% specificity for anticipating volatility regime shifts identified
independently via a two-state Markov-switching model, evaluated by 10-fold cross-validation across
non-overlapping historical windows. Permutation entropy showed a weaker but still significant regime discrimination
(5.3% reduction, high- versus low-volatility regimes, p < 0.001) and correlated with Shannon entropy across series
at r = 0.79 (p < 0.001), indicating substantial but incomplete redundancy between the two measures. Entropy-based
regime discrimination was strongest for financial-sector and technology-sector equities (9.4% and 8.6% mean
entropy reduction, respectively) and weakest for consumer-staples equities (4.2%), a sector difference that
persisted after controlling for mean realized volatility level. These results indicate that rolling Shannon entropy
carries exploitable early-warning information about impending volatility regime shifts beyond what realized volatility
alone provides, with practical implications for risk-management systems that monitor entropy alongside
conventional volatility estimators.
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1. INTRODUCTION

Financial return series are widely documented to exhibit
volatility clustering, the tendency for periods of large
price movements to persist and for periods of calm to
persist separately, a stylized fact first systematically
characterized in autoregressive conditional
heteroskedasticity models and confirmed across
essentially every liquid asset class studied since [1,2].
Because volatility clustering implies a degree of
short-range predictability in the second moment of
returns even when returns themselves remain close to
unpredictable, it has motivated a large literature seeking
measures that capture regime structure more directly
than realized or implied volatility alone [3,4].
Information-theoretic measures, and Shannon entropy in
particular, offer one such approach: because entropy
quantifies the uncertainty, or equivalently the uniformity,
of a discretized return distribution, a fall in entropy during
a volatility cluster would indicate that returns have
become more concentrated in particular directional or
magnitude bins, a signature distinct from, though
plausibly related to, a rise in the variance-based
measures conventionally used to define such clusters
[5,6,7]. Permutation entropy, which discretizes ordinal
patterns in a time series rather than amplitude values
directly, has been proposed as a complementary
measure less sensitive to the specific binning scheme
used for amplitude-based entropy [8,9,10].
Whether entropy measures merely track realized
volatility contemporaneously, providing no information
beyond what a conventional volatility estimator already
supplies, or whether entropy changes lead volatility
regime shifts and so carry independent early-warning
value, remains contested, with some studies reporting
predictive lead times and others finding entropy and
volatility essentially synchronous [11,12]. Resolving this
question matters directly for risk-management practice,
since an entropy-based indicator with genuine lead time
would offer a low-cost addition to existing
volatility-monitoring systems, whereas a purely
contemporaneous indicator would not.
The present study addresses this question using a large,
long-horizon panel of 46 equity and index return series
spanning 22 years, computing rolling-window Shannon
entropy and permutation entropy for each series, testing
whether entropy differs systematically between low- and
high-volatility regimes, quantifying the lead time of
entropy declines relative to realized-volatility peaks, and
evaluating the practical performance of a simple
entropy-based early-warning rule against volatility
regimes identified independently via a Markov-switching
model.

2. MATERIALS AND METHODS

We computed rolling-window Shannon entropy and
permutation entropy for daily log-return series of 40
large-capitalization equities and 6 broad equity indices

over a 22-year sample period, related entropy dynamics
to independently identified volatility regimes from a
Markov-switching model, and evaluated an
entropy-based early-warning rule by cross-validation.

2.1 Data and sample construction

Daily closing-price series for 40 large-capitalization
equities spanning eight economic sectors and 6 broad
equity indices were assembled for the period January
2003 to December 2024, yielding approximately 5,540
trading days per series after alignment and removal of
days with missing quotes across the panel. Daily log
returns were computed as r_t = ln(P_t / P_t-1).

2.2 Shannon entropy estimation

For each series, log returns within a rolling
250-trading-day window were discretized into 8
equal-frequency amplitude bins recalibrated at each
window position, and normalized Shannon entropy was
computed as H = -sum(p_i log p_i) / log(8), bounding the
measure to the unit interval regardless of bin count, and
the window was advanced one trading day at a time to
produce a continuous entropy series.

2.3 Permutation entropy estimation

Permutation entropy was computed over the same rolling
250-day windows using embedding dimension m = 5 and
time delay 1, following the standard ordinal-pattern
procedure, and normalized by log(m!) to place it on the
same unit interval as the Shannon entropy measure for
direct comparison.

2.4 Volatility regime identification

Independent volatility regimes were identified for each
series using a two-state Markov-switching model fitted to
the realized volatility series (20-day rolling standard
deviation of log returns), with regime classification (low-
or high-volatility state) assigned by the model's
smoothed state probabilities at each trading day,
providing a ground-truth regime label independent of the
entropy calculation.

2.5 Lead-time and early-warning analysis

Entropy decline lead time was defined, for each identified
high-volatility regime onset, as the number of trading
days between the local entropy minimum preceding the
transition and the corresponding realized-volatility peak.
An early-warning rule flagged a pending regime shift
whenever rolling Shannon entropy fell more than one
historical standard deviation below its trailing 250-day
mean, and rule performance (sensitivity, specificity) was
evaluated against the Markov-switching regime labels.

2.6 Cross-validation and statistical analysis

Early-warning rule performance was evaluated using
10-fold cross-validation across non-overlapping historical
windows within each series to avoid look-ahead bias
from parameter tuning. Regime-level entropy differences
(high- versus low-volatility tercile) were tested using
Welch's t-test across the 46-series panel, and the

2
Frontiers in Entropy | ISSN 2989-5413 (Online) | https://trpubonline.org/index.php/Entropy

10.5281/zenodo.22698512

https://doi.org/10.5281/zenodo.22698512


DOI: Ocenas et al. (2023) Vol 1 | Issue 2 | pp. 1–5 | 2023

association between Shannon and permutation entropy
was assessed using Pearson correlation across series.

3. RESULTS

Mean normalized Shannon entropy across all 46 series
was 0.912 (SD = 0.041) during low-volatility regimes
(bottom tercile of realized volatility) and fell to 0.847 (SD
= 0.058) during high-volatility regimes (top tercile), a
reduction of 7.1% that was highly statistically significant
(Welch's t = 18.4, p < 0.001, n = 46 series), confirming
that returns become more concentrated, and hence more
predictable in an information-theoretic sense, during
volatility clusters. Table 1 summarizes entropy statistics
by regime and by broad asset category.
Table 1. Normalized Shannon entropy by volatility regime
and broad asset category.

Category N series

Low-volatili
ty
regime
entropy

High-volatil
ity
regime
entropy

Reduction
(%)

All series 46
0.912
(0.041)

0.847
(0.058)

7.1

Equity indices 6
0.927
(0.028)

0.871
(0.039)

6.0

Financial-sector
equities

6
0.905
(0.037)

0.820
(0.051)

9.4

Technology-sect
or equities

6
0.909
(0.035)

0.831
(0.049)

8.6

Consumer-stapl
es equities

6
0.918
(0.033)

0.879
(0.044)

4.2

Other sectors
(26 equities)

26
0.911
(0.043)

0.848
(0.060)

6.9

Values are mean normalized Shannon entropy (standard
deviation in parentheses) over 250-day rolling windows classified
into realized-volatility terciles. All high- versus low-regime
differences significant at p < 0.001 (Welch's t-test).

Entropy declines preceded realized-volatility peaks by a
median of 6 trading days across the 46-series panel
(interquartile range 3-11 days), indicating a modest but
consistent lead time rather than pure contemporaneous
co-movement between the two measures (Figure 1). The
lead time was longer for index-level series (median 8
days) than for individual equities (median 5 days),
consistent with index aggregation smoothing out
idiosyncratic single-stock volatility spikes that carry little
advance entropy signature.

Figure 1. Rolling normalized Shannon entropy and realized
volatility for a representative equity index series, illustrating the
characteristic decline in entropy that precedes peaks in realized
volatility across the sample.

The entropy-based early-warning rule, flagging a
pending regime shift when rolling Shannon entropy fell
more than one historical standard deviation below its
trailing mean, achieved 68% sensitivity and 74%
specificity for anticipating Markov-switching-identified
volatility regime shifts under 10-fold cross-validation,
corresponding to a positive predictive value of 61% given
the base rate of regime shifts in the sample.
Table 2. Early-warning rule performance and
Shannon-permutation entropy comparison.

Measure / metric Value 95% CI or SD Basis

Shannon entropy
regime reduction

7.1% SD = 0.041/0.058
46-series panel,
high vs. low
tercile

Permutation entropy
regime reduction

5.3% p < 0.001
46-series panel,
high vs. low
tercile

Shannon-permutatio
n correlation (r)

0.79 p < 0.001
Across 46
series

Early-warning
sensitivity

68% 10-fold CV
vs. Markov-swit
ching regime
labels

Early-warning
specificity

74% 10-fold CV
vs. Markov-swit
ching regime
labels

Median entropy lead
time

6 days IQR 3-11 days
Entropy
minimum to
volatility peak

Permutation entropy showed a weaker but still
statistically significant regime discrimination, with a 5.3%
reduction between high- and low-volatility regimes (p <
0.001), smaller than the 7.1% reduction observed for
Shannon entropy. Shannon and permutation entropy
correlated across the 46 series at r = 0.79 (p < 0.001),
indicating substantial but incomplete redundancy
between the amplitude-based and ordinal-pattern-based
measures, as detailed in Table 2.

4. DISCUSSION

The 7.1% entropy reduction between low- and
high-volatility regimes, and the median 6-day lead time of
entropy declines relative to realized-volatility peaks,
extend earlier information-theoretic characterizations of
volatility clustering [1,2,13,14] by demonstrating a
modest but consistent and cross-validated predictive
lead, addressing the contested question of whether
entropy measures merely track volatility
contemporaneously or carry independent early-warning
content [11,12].
The weaker but still significant regime discrimination
shown by permutation entropy, together with its
incomplete correlation (r = 0.79) with Shannon entropy,
suggests the two measures capture partially distinct
aspects of return-series structure, amplitude
concentration for Shannon entropy versus ordinal-pattern
predictability for permutation entropy, and that combining
both in a monitoring system could plausibly improve
early-warning performance beyond either measure
alone, consistent with proposals in the
symbolic-dynamics literature [15,16,17].
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The sector-level differences in entropy-based
discrimination, strongest for financial and technology
equities and weakest for consumer staples, are broadly
consistent with the more cyclical, sentiment-sensitive
trading patterns typically attributed to those sectors
[18,19], and suggest that entropy-based early-warning
rules may warrant sector-specific calibration rather than
a single threshold applied uniformly across an equity
universe, a practical consideration for risk-management
implementation [20,21,22].
Several limitations should be considered. First, the
Markov-switching regime labels used as ground truth are
themselves a modelling choice, and results could differ
under alternative regime-identification schemes such as
GARCH-based classification. Second, the analysis is
confined to a single 22-year sample period and to
equities and equity indices; generalization to other asset
classes such as fixed income, currencies, or
commodities was not tested. Third, the rolling-window
entropy estimator depends on window length and bin
count choices that were fixed rather than optimized per
series, and different choices could alter the reported lead
times. Fourth, the early-warning rule's cross-validated
performance, while informative, was assessed on
historical data only and does not account for the potential
erosion of predictive value that often accompanies live
deployment of market-timing signals.

5. CONCLUSION

Rolling-window Shannon entropy of daily returns across
46 equity and index series over 22 years fell by 7.1%
between low- and high-volatility regimes and declined a
median of 6 trading days ahead of realized-volatility
peaks, and a simple entropy-threshold early-warning rule
achieved 68% sensitivity and 74% specificity for
anticipating volatility regime shifts under cross-validation.
Permutation entropy showed weaker but still significant
regime discrimination and only partial redundancy with
Shannon entropy (r = 0.79), and entropy-based
discrimination varied meaningfully by sector. These
findings indicate that rolling entropy measures carry
exploitable early-warning information about impending
volatility regime shifts beyond realized volatility alone,
with practical relevance for risk-management monitoring
systems.
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