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Abstract: The key to understanding the dynamics of stock markets, particularly the mechanisms of
their changes, is in the concept of the market regime. It is regarded as a regular transition from one
state to another. Although the market agenda is never the same, its functioning regime allows us to
reveal the logic of its development. The article employs the concept of financial turbulence to identify
hidden market regimes. These are revealed through the ratio of the components, which describe
single changes of correlated risks and volatility. The combinations of typical and atypical variates
of correlational and magnitude components of financial turbulence allowed four hidden regimes to
be revealed. These were arranged by the degree of financial turbulence, conceptually analyzed and
assessed from the perspective of their duration. The empirical data demonstrated ETF day trading
profits for S&P 500 sectors, covering the period of January 1998–August 2020, as well as day trade
profits of the Russian blue chips within the period of October 2006–February 2021. The results show
a significant difference in regard to the market performance and volatility, which depend on hidden
regimes. Both sample data groups demonstrated similar contemporaneous and lagged effects, which
allows the prediction of volatility jumps in the periods following atypical correlations.

Keywords: correlation surprise; financial turbulence; Mahalanobis distance; hidden regimes of
stock markets

1. Introduction

The year 2020 was a real challenge for all global stock markets. The spread of the
new virus, COVID-19, beyond the borders of China and the follow-up pandemic had a
negative impact on the global economy and triggered a serious economic crisis. According
to extensive research (Matos et al. 2021; Naidu and Ranjeeni 2021; O’Donnell et al. 2021;
Seven and Yılmaz 2021), its consequences may well be compared with those during the
contemporary history of economics, particularly, Black Monday of 1987, the Asian Financial
Crisis of 1997, the Russian Financial Crisis of 1998, the Dotcom Bubble Crash of 2000 and,
of course, the Global Financial Crisis of 2008–2010. The ex-post analysis of such events
fails to answer a number of questions about how to model the dynamics of stock market
performance in order, for example, to predict stock market turnarounds.

Although the reasons for such events may be different, the events themselves are
assumed to reveal similar patterns and follow almost the same logic. Thus, both the
participants of stock markets and the academic community seek opportunities to identify
the common pattern of all crises observed in developed and emerging markets. Due to price
volatility implied greater risks in trading, such as political risk, inflation rate and change
or exchange rate, financial investments conducted in emerging markets are regarded as
risky. However, the investors can take higher risk for obtaining higher risk premium in
comparison with developed markets. What is more, fast growing potential of emerging
markets contributes to the high return of financial investments. The primary focus of this
research is on the S&P 500 market index measured the performance of the most capitalized
companies in the most developed stock market. The secondary focus is on the main Russian
equity index, the RTSI index, which measured the performance of the most capitalized
companies in the emerging markets of BRIC.
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In regard to this, it seems really important to develop a methodology which can
help to forecast economic crises and create a system for their early prevention based on
the understanding of hidden regimes (Costa and Kwon 2019; Nystrup et al. 2018). The
functioning of stock markets is regarded as a sustainable regime-switching framework,
involving the alternation of states. Throughout the dynamics of market performance, the
regime detects comparable changes, or shifts. Thus, the regime characterizes the regular
shifts rather than the particular state of the market. Although it is believed that the observed
regime of any stock market follows a particular stage of the economic cycle at a point of
time, it is difficult to use it as a basis for investment decisions. In this paper, we use the
concept of a hidden regime with a view to describing complex dynamics of the market via
the dynamics of financial turbulence. The latter is not a regular and, therefore, observable
phenomenon. There are many reasons that account for such a deep interest in stock market
regimes in the sphere of financial modeling. First, the idea of regime-switching framework
is inherent for the market and, therefore, intuitively understandable. Hidden regimes were
first mentioned in connection with the description of business cycles (Hamilton 1989). The
aim was to predict recession and recognize long-term trends in business activities. Second,
the modeling of the market processes across its regime enables us to consider nonlinear
effects and, thus, ensure more accurate forecasting of more complicated processes.

One of the basic tools used to identify the latent changes in a market’s behavior is the
Hidden Markov Model, introduced by Hamilton (1989) and Diebold et al. (1993). While
Hamilton used the model with regular probabilities of switching from one state to another,
Diebold assumed there could be a model with probabilities changing over the time.

At present, there are ongoing lively discussions among scholars on the subject of using
the concept of hidden regimes to explain some theoretical and practical financial issues.

2. Literature Review

In regard to the former, the obtained results demonstrate the specifics of modeling
and forecasting market performance and volatility. For example, Paolella et al. (2019)
developed a multivariate model of financial asset returns across a switching framework,
which takes into account asymmetry and heavy-tailed distribution. The use of the hidden
regime concept allows more accurate predictions of risk assessment and may help develop
the strategy of dynamic risks control, thus considerably reducing losses when the regime
switches. Another study (Van Beek et al. 2020) discussed the options of generalizing the
hidden Markov model in case of self-similar processes. Liu et al. (2020) modified the
GARCH model by applying the Markov switching model. The results of the study are
consistent with the volatility timeline structure. The application of a regime-switching
framework does not necessarily mean using the Markov models. Szulczyk and Zhang
(2020) delivered another quite interesting approach towards the development of switching
regression models. These are more effective in explaining the situations and phenomena in
comparison with the well-known linear models with factor specifications.

In regard to the applied research issues, Nystrup et al. (2018) obtained promising
results after using the hidden Markov model with time-varying parameters to forecast
the numerical characteristics of the returns distribution in the framework of a dynamic
approach for the evaluation of portfolio performance. The study demonstrates the effective-
ness of this approach through the review of risk assets in the portfolio across the detected
regime. This idea was further developed in the study by Costa and Kwon (Costa and Kwon
2019). In addition to the applied portfolio’s performance, the hidden regime concept is
used in order to find arbitrage opportunities in a stock market across the dynamics of the
corresponding futures market (Alemany et al. 2020).

Most of the studies mentioned above (see, among others, Chevallier and Goutte 2015;
Kirkby and Nguyen 2020), consider hidden regime-switchers in the context of jump risks.
However, jump risks should be regarded as a result of regime switching, revealing neither
their character nor their reasons.
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We assume that the change of another undiversified risk, namely, correlation risk, is
what underlies the mechanism of regime switching. Thus, it is logical to conduct a further
analysis in terms of correlation and its impact on financial turbulence.

At present, correlation mechanisms are widely used by economists when dealing
with applied tasks in stock markets both from a static perspective (when diversifying
idiosyncratic risks in non-turbulent periods of correlation consistency) and a dynamic
perspective (if it is necessary to account for losses across failed diversification (Andersson
et al. 2008; Engle 2002; Endovitsky et al. 2017; Endovitsky et al. 2018)). This approach
was developed in the study by Page and Panariello (2018). The authors analyzed the
correlations between financial tools from a dynamic perspective, thus clearly demonstrating
that diversification definitely requires considering risks resulting from events which refer
to the left tail of the returns distribution. This is where the portfolio performance is most
sensitive. On the basis of their calculations as well as the results obtained by Baumeister
and Johnson (Baumeister et al. 2001; Johnson et al. 2014), Page and Panariello showed that
conditional correlations between asset classes are considerably higher for left tail returns
than for right tail returns or the distribution in general. The study concludes that in order
to increase the efficiency of the investment strategy, it is necessary to dynamically optimize
them by the degree of downside risk.

While Page and Panariello did not consider cryptocurrencies as financial tools, the
high interest in cryptocurrencies creates threats to the investment industry. Referring
to Yuneline (2019), despite the discussions surrounding the nature of cryptocurrency, its
legal and economic perspectives and whether it can qualify as money in a real economy,
cryptocurrency may be considered as an investment asset rather than a currency. On
the one hand, as an asset that is not issued by any central authorities, its values are
not directly influenced by monetary policy. Corbet et al. (2018) document the increase
regarding them as an investor “save heaven” or “protection asset”. On the other hand,
cryptocurrency has no intrinsic value and it is not backed with any assets. Furthermore,
the high price volatility and other risks may lead to the bubble panic and destroying
investment value. Liu (2018) particularly focused on the influence of cryptocurrencies
on portfolio diversification. Nunez (Núñez et al. 2019), however, provided a convincing
argument showing that cryptocurrencies fail to maintain diversification in the case of
a market crash. More recently, Foglia and Dai (2021) provided fresh evidence of the
dynamic connectedness between economic policy uncertainty index (EPU; Baker et al.
(2016)) and the cryptocurrency price uncertainty index. The authors found that EPUs have
positive predictive power for cryptocurrency uncertainty, i.e., dictate the behavior in the
cryptocurrency market. The investors who are likely to diversify their portfolio between
the conventional assets or just trade in the cryptocurrency market should keep their eyes
on the regular news, including economic growth, policy changes or any crises to predict
dramatic price fluctuations.

The focus of this study is to develop a methodology for detecting the hidden regimes
of stock markets caused by financial turbulence patterns, as well as the analysis of their
impact on risk and return values.

The paper is hereafter structured as follows. Section 3 presents a consideration
of the financial turbulence concept, with a focus on the methods of its calculation and
decomposition into correlations and magnitudes. Section 4 describes a methodology for risk
analyses and forecasting based on stock market hidden regimes, and whether the constructs
of the financial turbulence demonstrate atypical patterns in comparison with the norms
for a particular area. The calculations are based on the mechanism of a rolling estimation
of current values of financial turbulence and its constructs for a given opportunity space.
This section on approbation of the suggested approach delivers the results of a practical
evaluation based on its application to the US and Russian stock markets. The practical
relevance of the research lies in obtaining additional data on areas of investment from
the components of financial turbulence with the help of simultaneous and lagged effects,
which are typical of a market regime. These data allow us to increase the explanatory
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power and forecasting capacity of stock market analysis for investors. Section 5 provides
the discussion of the significance of our findings. Section 6 draws the conclusions.

3. Methodology

As a rule, any discussions, including those among scholars, about the features of
turbulent periods and regime switching are preceded by the “black swans” phenomenon,
fraught with various financial crises (see, among others, Chow et al. 1999; Kritzman and Li
2010; Kritzman et al. 2012; Kinlaw and Turkington 2014). Each of these crises are unique in
their reasons and the mechanism of development. However, all of them have one common
feature, namely, the emergence and spread of abnormal trends in the market.

The identification of Chow’s turbulent periods (Chow et al. 1999) was suggested on
the basis of multivariate outliers found with the Mahalonobis distance (Mahalanobis 1927;
Mahalanobis 1936), and was initially applied to archaeology for the classification of human
skulls:

Dt = (rt − µ)TΣ−1(rt − µ), (1)

where Dt is a multivariate outlier at a time point t; rt =
(
r1

t , r2
t , . . . , rn

t
)

is the vector of
security asset returns for a time period t; µ =

(
µ1, µ2, . . . µn) is the vector of average

historical return on assets; Σ =
{

σi,j
}

is the sample covariance matrix of historical asset
returns.

Although the approach suggested by Chow et al. was to mainly generalize the
Markowitz portfolio theory and observe various stock market regimes with a view to
improving its sustainability, on the whole, it was the Mahalanobis distance concept that
became the basis for developing special measures for measuring financial turbulence in a
market.

The financial turbulence concept is well-developed in the paper by Kritzman and
Li (2010), published almost 10 years later and following yet another financial crisis. The
authors linked financial turbulence with the level of deviations in the complex multivariate
system of the stock market. They developed a special system of measures to be used in a
particular opportunity space for assessing the level of correlations and, thus, the investment
capacity. According to Kritzman and Li, this would help to identify the deviation periods
in which the patterns of security assets behave uncharacteristically. As a result, asset
prices may fluctuate dramatically, thus weakening the correlations among some assets and
strengthening them among others.

In order to measure financial turbulence, the Mahalanobis distance should be averaged
by the number of assets allocated in a particular opportunity space:

FTt = (rt − µ)TΣ−1(rt − µ)/n, (2)

where FTt is the financial turbulence at a particular time point t; n is the the number of
assets in a particular investment opportunity space.

The obtained variate FTt can be regarded as a measure of uncharacteristic asset
behavior at the considered time point in regard to the preceding historical perspective. In
other words, it is the measure of deviation at a particular time point.

It is important to distinguish financial turbulence from cross-sectional volatility, which
measures the average cross-sectional dispersion of stocks returns (see, among others, Bali
et al. 2011; Fu 2009). However, it fails to consider the average return on particular assets.
Moreover, turbulence differs from the rolling volatility of a portfolio of stocks (see, among
others, McMillan and Speight 2004; Fouque et al. 2017). This difference comes from the fact
that turbulence describes deviations at a particular time point rather than the volatility of a
portfolio of stocks over an extended period.

Kinlaw and Turkington (2014) extended the idea of Kritzman and Li (2010) and
suggested a method for the decomposition of financial turbulence into correlations and
magnitudes. The correlation components give a general description of the correlations in a
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particular investment opportunity space and shows how the correlations change over a
historical period of time, i.e., the changes in market correlation risks.

The correlational component of financial turbulence is identified through the factor-
ization of the “full-scale” financial turbulence into magnitude components:

CSt =
FTt

MSt
, (3)

MSt = (rt − µ)TΣ−1
d (rt − µ)/n. (4)

where MSt is the magnitude contribution for a time period t; Σd =
{

σ2
i
}

is the random
diagonal asset dispersion matrix from a historical perspective.

As follows from the expression (4) above, MSt is a mean of standard asset returns
for a particular time point. It only shows whether the deviation of asset returns for this
time period is large or small relative to their historical means, i.e., it captures the extent
of the price movement. By using the empirical distribution of MSt, we can identify the
time periods of atypical magnitude, which is more appropriate to regard as a jump risk.
Financial instruments demonstrate magnitude surprise at periods when the observed
values of MSt are more to the right of the upper unilateral quantile of u level of MSt
distribution:

MShigh =
{

MS | MS > MS+
u
}

, Pr
(

MS ≥ MS+
u
)
= u.

The u quantile is set exogenously.
We can observe the events with CS > 1, called “correlation surprise”, when security

assets demonstrate atypical correlations, i.e., correlations between some assets are weaker
and between other assets are stronger. The episodes with CS ≤ 1 (absence of “correlation
surprise”) prove the correlations typical. Such an approach seems convenient for, at least,
two reasons. Firstly, it summarizes and unifies the general atypicality of correlational
interactions over a period of time in any investment opportunity space. Secondly, when
calculating the correlation surprise, we focus not on whether the correlation is high or low
but rather on its deviation from historical norms, whatever they were. It is by this that we
detect changes in market correlation risks.

To develop intuition around the concept of correlation surprise, let us consider a single
asset with an expected zero-beta return and finite variance σ2. The turbulence of this asset
is a squared standard value of its return:

FTt = rt

(
σ2
)−1

rt =
( rt

σ

)2
= z2

t . (5)

Since the correlation coefficient for one asset is, by definition, equal to 1, the correlation
surprise will equal precisely the financial turbulence.

If we consider two assets with zero-beta, it is easy to show that the financial turbulence
is also a standardized variable:

FTt =
(

r1
t , r2

t

)T
(

σ2
1 ρσ1σ2

ρσ2σ1 σ2
2

)−1(
r1

t , r2
t

)
. (6)

Thus, the correlation in the financial turbulence of the two assets will look as follows:

CSt =

(
r1

t , r2
t
)T
(

σ2
1 ρσ1σ2

ρσ2σ1 σ2
2

)−1(
r1

t , r2
t
)

(
r1

t , r2
t
)T
(

σ2
1 0

0 σ2
2

)−1(
r1

t , r2
t
) =

1
1− ρ2

(
1− ρz1z2

0.5
(
z2

1 + z2
2
)). (7)

The expression (7) demonstrates that the correlation contribution in the financial
turbulence is a functional derivative only from the correlation coefficient and standard
values of asset returns, i.e., values which are factorized in relation to volatility. Thus, the
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correlation surprise contains information not about risks but about how coordinated the
price movement is in a given space.

If the asset returns are orthogonal (ρ = 0), the correlation surprise is equal to one,
which means we should not expect any movement. If correlation interaction grows in a
particular investment space, investors regard it as typical, and in this case the correlation
value will be less than one. By contrast, in the case of a large correlational deviation,
correlation will become increasingly atypical. It is possible to observe it through the values
of correlation surprise as they will exceed one and, thus, increase the degree of market
correlation risk.

Following these considerations, we can correlate the observed actual state of the
market with one of the four hidden regimes from the perspective of whether there are any
atypical patterns in the constructs of financial turbulence:

1. The regime of full-scale financial turbulence. This is identified through atypical
values of its two components. Deviations responsible for such a regime demonstrate
the anticipated exposure to increasing risk. As the market correlational risks grow,
asset returns among previously uncorrelated instruments may become positive, thus
making the diversification effects shrink to zero. After a regime-switch, the lagged
volatility grows and achieves an all-time high. During such periods, returns are low
or even negative, which is why this regime may precede downward trends. Typically,
this regime in the stock market accounts for about 5–8% of all regimes, which enables
us to assume that it is due to the crisis phenomena (which are rare events). We also
assume that during such periods, the developing markets can experience capital
outflow, while the developed markets are able to control this process and ensure the
outflow of capital into safe assets.

2. The regime of financial turbulence across atypical correlations. This is highly frequent
and accounts for 55–60% of all regimes. The changes in correlational risks revealed
through atypical values of correlations in the financial turbulence do not largely affect
the market exposure to the systemic risks. In such a regime, we can observe low
values of both returns and volatility. The price performance is connected with low
return magnitudes around means, which resembles some kind of random volatility.
The absence of significant changes in asset prices allows the effective use of a portfolio
optimization in risk management.

3. The regime of financial turbulence across atypical magnitude. This is characterized by
atypical price performance. The market correlational risks do not exceed the historical
norms, and the asset returns change insignificantly, thus making the diversification
effective in idiosyncratic risks management. Such dynamics fill market participants
with optimism and make the risk premium higher. During such a regime, the market
demonstrates the highest asset returns in contrast with the other regimes. Although
the returns deviate from their historical means, they remain positive, thus showing
the anticipation of upward trends. Usually, it accounts for 10–15% of all regimes.

4. The regime with laminar conditions. It is characterized by the absolute absence of any
abnormalities in the financial turbulence structure and fits within its historical means.
In such a regime, the market, as a rule, follows regular patterns because the price
movement is not strong enough to produce deviations. Alternatively, such a regime
can be characterized as the situation of anticipation before changes start. Usually, it
accounts for 17–30% of all regimes.

Let us examine the features of the above-mentioned stock market regimes. This
research is based on two groups of data describing an attractive investment space, which
corresponds to ETFs for the S&P 500 index and the blue-chip space, included in the RTSI
index (Table 1).
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Table 1. Description of source data.

Panel A: Time Series Data

S&P 500 sector ETFs RTSI equities
Size of sliding

window
2250 daily returns

(9 year span)
1250 daily returns

(5 year span)
Time datum 22 December 1998 1 October 2006

Finishing time
point 31 December 2020 31 December 2020

Data source sector indices S&P 500 MOEX
Index

components
used in

financial
turbulence
calculations

ETF for sector indices S&P 500 by sectors:
“Consumer discretionary stocks”; “Convenience

goods”; “Energy”; “Finances”; “Healthcare”;
“Industry”; “Information technology”; “Materials”;

“Municipal services”

Corporate equities of: PAO (PJSC) “Gazprom”, PAO (PJSC) Mining and
Metallurgical Company “Norilsk Nickel”, PAO (PJSC) “Severstal”, PAO

(PJSC) “LUKOIL Oil Company”, PAO “(PJSC) Magnit”, PAO (PJSC)
“MTC”, PAO (PJSC) “Novatek”, PAO (PJSC) “Oil Company «Rosneft”,

PAO “(PJSC) Sberbank”, PAO (PJSC) “Surgutneftegas”, PAO (PJSC)
“Tatneft”, VTB Bank (PAO (PJSC).

Panel B: Market Index Returns Descriptive Statistics

min median mean max St.dev. skewness kurtosis
S&P 500 index −0.1198 0.0007 0.0004 0.1158 0.0123 −0.2742 13.8221

RTSI index −0.1910 0.0012 0.0005 0.2238 0.0203 −0.1666 11.4171

We made experimental calculations for both groups of investment options. The
experiments included the following stages:

1. Calculations of historical means of financial turbulence.
2. Decomposition of financial turbulence into correlations and magnitudes, and calcula-

tion of their historical distribution.
3. Division of observations of a sample into two groups:

a. Showing atypical magnitude, i.e., located more to the right of the 20% upper
(unilateral) quantile:

MShigh =
{

MS | MS > MS+
0,20

}
, Pr

(
MS ≥ MS+

0,20

)
= 0.2;

b. Showing typical magnitude, i.e., located more to the left of the 20% upper
(unilateral) quantile:

MSlow =
{

MS | MS < MS+
0,20

}
, Pr

(
MS ≥ MS+

0,20

)
= 0.2;

4. Division of observations of a sample into two groups:

a. Showing atypical correlations (CS > 1);
b. Showing typical correlations (CS ≤ 1);

5. Formation of samples which correspond to the above-mentioned market regimes at
the cross point of the two independent universes.

6. Analysis of contemporaneous and lagged effects, determined by the hidden market
regimes.

4. Results
4.1. Analysis of the Dynamics with Hidden Market Regimes

Consistent with the logic of our methodology, we computed the values of financial
turbulence and its unobservable components for both groups of investment options, as
shown in Figure 1. The charts show the effects of clustered values of financial turbulence
and its magnitude components. The clusters with high values demonstrate the most
turbulent periods in the stock market. The dynamics of correlation components is not
so highly clustered. Thus, it is consistent with the assumption that both components are
orthogonal, i.e., they demonstrate different information about the contemporaneous market
regime.
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Figure 1. Financial turbulence and its components for spaces of the (a) S&P 500 index and (b) RTSI index.

To identify the hidden regimes, we use two independent period groupings by the
observable values of financial turbulence components. As a result, we have four samples,
whose sizes are presented in Table 2. The first value in brackets refers to the space of the
S&P 500 index and the second value refers to the space of the RTSI index. The ratios of the
regimes, as we see, do not differ much.

Table 2. The number of observations in the regime-based samples.

CS > 1 CS ≤ 1

MShigh Full-scale turbulence regime
(175; 240)

Regime of financial turbulence across
atypical magnitude

(465; 268)

MSlow
Regime of financial turbulence across

atypical correlation
(2095; 1701)

Laminar regime
(466; 331)

The examination of the features of hidden market regimes is based on the four respec-
tive groups of observations.

Let us consider the contemporaneous effects resulting from atypical magnitudes and
atypical correlations, i.e., the effects within the full-scale financial turbulence and finan-
cial turbulence with atypical magnitude. Table 3 demonstrates the magnitude means for
the considered samples. Interestingly, the samples with correlation surprise, on average,
demonstrate a lower magnitude value than those without correlation surprise. This empiri-
cal evidence confirms that when volatility is high, we can observe typical correlation rather
than atypical. The detected differences between the samples and, therefore, regimes have a
statistical relevance.
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Table 3. Conditional mean value of risk on days with atypical magnitude.

Conditions of Measuring or a
Parameter S&P 500 Sector ETFs RTSI

Equities

MShigh, including: 4.6160 2.4407
CS ≤ 1 5.4603 2.7819
CS > 1 2.3726 2.0597

Absolute deviation −3.0877 −0.7222
Relative deviation, % −43.4519 −74.0387

Kruskal–Wallis test statistic 50.402 6.0329
p-value 1.253 × 10−12 1.404 × 10−3

Table 4 presents an analysis of the lagged effects in the magnitude dynamics over the
full-scale regime of financial turbulence and financial turbulence across atypical magnitude.
The calculations provide evidence that for each of the investment opportunity options,
days with the highest atypical magnitude are preceded by days with atypical correlation.
Consequently, it gives evidence that volatility coupled with an atypical correlation can
be regarded as having a highly probable volatility prediction for the following day. The
Kruskal–Wallis non-parametric test statistic and the respective p-value reveal significant
differences in the observed magnitude values within samples with correlation surprise and
without it for ETF space of S&P 500 sector indices. It was also found that RTSI equities
demonstrate higher risk values, if preceded by an atypical correlation. This difference is of
statistical relevance as well.

Table 4. Conditional mean value of risk on days following the days with atypical risks.

Conditions of Measuring or a
Parameter S&P 500 Sector ETFs RTSI Equities

MShigh, including: 3.3453 1.5722
CS ≤ 1 3.1528 1.4782
CS > 1 3.8569 1.6772

Absolute deviation 0.7041 0.1990
Relative deviation, % 22.3317 13.4608

Kruskal–Wallis test statistic 11.1907 5.5693
p-value 8 × 10−4 0.0183

The given result provides evidence that the volatility of a coming period is substan-
tially different across the regime-based groups in the market.

It is obvious that investment decisions are often based on the evaluation of future
returns. Now, using the above-mentioned samples for the two investment opportunity
options (S&P 500 sector ETFs and RTSI equities), let us examine how market hidden
regimes can affect the characteristics of a coming period. Tables 5 and 6 demonstrate the
results of asset return calculations for S&P 500 and RTSI indices, the number of days with
positive returns as well as the total number of observations for each sample. The credibility
of the research findings about the differences between the hidden market regimes, revealed
through risks and returns characteristics, is also confirmed by a pair-wise consistency check
and is given in Tables 7 and 8. In these tables, the above-diagonal space contains Student’s
t test statistics about the equality of the sample means, while the under-diagonal space
contains Bartlett test statistics about the equality of sample dispersions. It is possible to
state that almost all the regimes under consideration differ from one another in at least one
statistical criterion.
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Table 5. Daily asset returns distribution for the S&P 500.

A Sample Annualized Mean
Return

Standard Deviation
(Annualized)

Days with Positive
Returns (Up Days)

All observations,
including: 0.0929 0.2118 0.547

Following
MShigh,

including:
0.0953 0.3552 0.5406

Following
CS > 1 −0.1778 0.3881 0.4971

Following
CS ≤ 1 0.2201 0.3423 0.557

Following
MSlow,

including:
0.0973 0.1567 0.5494

Following
CS > 1 0.0699 0.1595 0.5488

Following
CS ≤ 1 0.2284 0.1436 0.5522

Table 6. Daily asset returns distribution for the RTSI index.

A Sample Annualized Mean
Return

Standard Deviation
(Annualized)

Days with Positive
Returns (Up Days)

All observations,
including: 0.0994 0.1947 0.5199

Following
MShigh,

including:
0.2614 0.2393 0.5394

Following
CS > 1 0.0659 0.2272 0.5417

Following
CS ≤ 1 0.4666 0.2497 0.5373

MSlow,
including:

0.0599 0.1818 0.5148

Following
CS > 1 0.0871 0.1837 0.5162

Following
CS ≤ 1 −0.0686 0.1720 0.5076
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Table 7. Pair-wise consistency check of hidden regime features for the S&P 500 (the p-value is given in brackets).

Regime Full-Scale Turbulence
Regime

Regime of Financial
Turbulence across

Atypical Magnitude

Regime of Financial
Turbulence across

Atypical Correlation

Laminar
Regime

Full-scale turbulence regime X 0.7514
(0.2265)

0.5281
(0.2989)

0.8506
(0.1979)

Regime of financial turbulence
across atypical magnitude

2.26
(0.1331) X 0.5821

(0.2804)
0.0303

(0.4878)
Regime of financial turbulence

across atypical correlation
349.83

(2.2 × 10−16)
517.12

(2.2 × 10−16) X 1.3295
(0.0924)

Laminar regime 275.21
(2.2 × 10−16)

311.26
(2.2 × 10−16)

13.9
(1.9 × 10−4) X

Table 8. Pair-wise consistency check of hidden regime features for the RTSI (the p-value is given in brackets).

Regime Full-Scale Turbulence
Regime

Regime of Financial
Turbulence across

Atypical Magnitude

Regime of Financial
Turbulence across

Atypical Correlation

Laminar
Regime

Full-scale turbulence regime X 1.3126
(0.0952)

0.0864
(0.4655)

0.4857
(0.3137)

Regime of financial turbulence
across atypical magnitude

3.24
(0.0718) X 1.5053

(0.0667)
1.8791

(0.0306)
Regime of financial turbulence

across atypical correlation
246.81

(2.2 × 10−16)
680.32

(2.2 × 10−16) X 0.9378
(0.1746)

Laminar regime 133.88
(2.2 × 10−16)

260.75
(2.2 × 10−16)

0.8761
(0.3493) X

The differences between the market regimes, as given above, provide evidence that
the values of the investment characteristics have a conditional character and are affected by
the processes, or regime, “observed” on the previous day. Thus, we managed to provide
convincing empirical proof of the existence of contemporaneous and lagged effects in risks
and returns across the financial turbulence components which affect the regime pattern.

The main benefits of hidden market regimes are contemporaneous and lagged effects
in risks and returns across the financial turbulence components affected by the regime
pattern. It is attractive for investment strategy development, and it would be rather hard to
only use these regimes. As will be seen in the next section, hidden market regime switching
based on components of financial turbulence occurs more often than Markov regime
switching. Markov regimes are more sustainable over time and switch less frequently due
to slow reflection of available information.

The empirical analysis below shows the relationship between our hidden market
regimes and subsequent Markov regimes. The estimated parameters of the S&P 500 index
for a four-regime Markov switching model obtained with the maximum likelihood method
are reported in Table 9. When the market moves from regime 0 to regime 3, the estimated
mean parameter decreases, while the estimated standard deviation parameter increases.
From these arguments, our four regimes (0, 1, 2 and 3) have meaningful interpretations
as the tranquil, volatile, turbulent or panic regimes, respectively. It is also evident that all
estimated probabilities of permanence in a given regime, i.e., diagonal values of estimated
transition probabilities matrix, are larger than 92%.
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Table 9. Four-regime Markov switching models: estimated parameters for the S&P 500 index returns
(years 1999–2020). AIC and BIC are the Akaike and Bayesian Information Criterion, respectively.

Panel A: Estimated Parameters

µ̂ σ̂
Regime 0 1.128 × 10−3 0.005
Regime 1 4.286 × 10−4 0.009
Regime 2 −4.586 × 10−4 0.015
Regime 3 −3.206 × 10−3 0.040

Log-likelihood 13,776.32
AIC −27,506.63
BIC −27,361.01

Panel B: Transition Probabilities

Regime 0 Regime 1 Regime 2 Regime 3
Regime 0 0.945 0.050 0.005 0.000
Regime 1 0.007 0.926 0.065 0.001
Regime 2 0.000 0.025 0.972 0.003
Regime 3 0.000 0.027 0.000 0.973

We used smoothed probabilities to determine whether a given day belongs to the
tranquil, volatile, turbulent or panic regimes. In Figure 2, we plot the identified Markov
regimes. In Table 10, we report the percentage of time spent by the S&P 500 index in each
one of the four considered regimes when considering the whole period (1999–2020) and
the COVID-19 pandemic period (2020). During 2020, the turbulent regime is the most
frequent, and the panic regime is observed three times more often than the entire period of
1999–2020.
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Table 10. Percentage of time spent by the S&P 500 index in each regime.

Period Tranquil
(Regime 0)

Volatile
(Regime 1)

Turbulent
(Regime 2)

Panic
(Regime 3)

1999–2020 41.7 32.7 21.9 3.76
2020 21.0 25.0 40.9 13.1

In Table 11, we report the annualized mean returns and volatility for the S&P 500
index during Markov regime switching days to evaluate the relationship between hidden
market regimes and subsequent Markov regimes. The average daily S&P 500 return on
the days with Markov regime switching following laminar hidden regime was 0.7039, and
the standard deviation 0.1261. In contrast, the days characterized by atypical volatility or
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correlation tended to exhibit negative average returns while Markov regime switching.
Table 11 shows that the average return is lower and the standard deviation of returns is
higher following any atypical patterns in the constructs of financial turbulence. Finally,
Table 11 reveals that the percent of the days with positive returns is lowest following days
characterized by full-scale turbulence regime.

Table 11. Daily returns distribution for the S&P 500 during switches among four Markov regimes.

Hidden Market Regime
in Previous Day Annualized Mean Return Standard Deviation

(Annualized)
Days with Positive Returns

(Up Days)

Laminar regime 0.7039 0.1261 0.6667
Regime of financial turbulence

across atypical correlation −0.3906 0.203 0.4725

Regime of financial turbulence
across atypical magnitude −0.1066 0.2436 0.5476

Full-scale turbulence regime −0.4012 0.2596 0.5667

Next, we consider RTSI index in the same matter. Table 12 reports the estimated
parameters for the returns of the RTSI index for the period of January 2005 to December 2020.
As in the former case, we identified four regimes for the RTSI index returns representative of
the tranquil, volatile, turbulent and panic states. In this case, the probability of permanence
in each regime is no less than 92.1%. Transition probabilities matrix is close to the previous
case. The percentage of time spent by the RTSI index in each regime reported in Table 13 is
quite different from S&P 500 index. In particular, the most frequent regime is the volatile
one during the first months of the COVID-19 crisis.

Table 12. Four-regime Markov switching models: estimated parameters for the RTSI index returns
(years 2005–2020). AIC and BIC are the Akaike and Bayesian Information Criterion, respectively.

Panel A: Estimated Parameters

µ̂ σ̂
Regime 0 2.175 × 10−3 0.011
Regime 1 1.161 × 10−3 0.024
Regime 2 −3.458 × 10−3 0.017
Regime 3 −8.299 × 10−3 0.058

Log-likelihood 11,131.36
AIC −22,216.72
BIC −22,071.21

Panel B: Transition Probabilities

Regime 0 Regime 1 Regime 2 Regime 3
Regime 0 0.921 0.000 0.072 0.007
Regime 1 0.002 0.976 0.011 0.011
Regime 2 0.001 0.025 0.968 0.006
Regime 3 0.004 0.018 0.053 0.925

Table 13. Percentage of time spent by the RTSI index in each regime.

Period Tranquil
(Regime 0)

Volatile
(Regime 1)

Turbulent
(Regime 2)

Panic
(Regime 3)

1999–2020 50.9 43.3 1.450 4.36
2020 25.4 61.9 1.119 10.7

Figure 3 plots the different regimes based on smoothed probabilities, together with
the time series plots, for the RTSI index.
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In Table 14, we report the annualized mean returns and volatility for the RTSI index
during Markov regime switching days to evaluate the relationship between hidden market
regimes and subsequent Markov regimes. As in the S&P 500 index, the average return is
lower and the standard deviation of returns is higher following any atypical patterns in the
constructs of financial turbulence. Table 14 shows that the average daily RTSI return on the
days with Markov regime switching following only laminar hidden regime was positive
(0.5731), and the standard deviation was minimal (0.2361).

Table 14. Daily returns distribution for the RTSI during switches among four Markov regimes.

Hidden Market Regime
in Previous Day Annualized Mean Return Standard Deviation

(Annualized)
Days with Positive Returns

(Up Days)

Laminar regime 0.5731 0.2371 0.6
Regime of financial turbulence

across atypical correlation −0.7265 0.3642 0.5

Regime of financial turbulence
across atypical magnitude −0.9958 0.4208 0.278

Full-scale turbulence regime −0.9452 0.4668 0.154

4.2. Robustness Check

In this section, we provide an analysis of robustness of the proposed approach and,
with this aim, we consider two sub-samples of the period of COVID-19. Performing the
same regime switching analysis, we do not find any evidence that our hidden market
regimes insignificantly influence S&P 500 (Table 15). In Table 16, we apply our analysis to
the RTSI index. We find consistent results across both indices. Captured empirical regularity
of asset returns and volatility reveals that the Markov regime switching following laminar
hidden regime days is characterized by both high positive average return and low volatility.

Table 15. Daily returns distribution for the S&P 500 index during switches among four Markov regimes in the COVID-19
crisis.

Hidden Market Regime
in Previous Day Annualized Mean Return Standard Deviation

(Annualized)
Days with Positive Returns

(Up Days)

Laminar regime 0.7702 0.0809 0.9
Regime of financial turbulence

across atypical correlation −0.2652 0.237 0.5

Regime of financial turbulence
across atypical magnitude −0.3048 0.2995 0.425

Full-scale turbulence regime −0.8713 0.3159 0.355
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Table 16. Daily returns distribution for the RTSI index during switches among four Markov regimes in the COVID-19 crisis.

Hidden Market Regime
in Previous Day Annualized Mean Return Standard Deviation

(Annualized)
Days with Positive Returns

(Up Days)

Laminar regime 0.6679 0.0829 0.8
Regime of financial turbulence

across atypical correlation −0.8846 0.1591 0.2

Regime of financial turbulence
across atypical magnitude −0.9216 0.3445 0.2

Full-scale turbulence regime −0.9023 0.5691 0.3334

These results suggest that our hidden market regimes contain incremental information
about future return and volatility. Our four hidden market regimes, from the perspective of
whether there are any atypical patterns in the constructs of financial turbulence, are useful
candidates to devise an early warning system that is able to anticipate highly fluctuating
Markov regime switching.

4.3. The Analysis of Market Hidden Regimes in Modern History

It seems important to turn now to some episodes and details in modern history. It
will help to appreciate the practical implications of understanding the impact that hidden
regimes, the full-scale regime in particular, have produced on stock market. One of the
most striking examples of full-scale turbulence was the stock market crash in 2008, caused
by liquidity failures of major US banks in the context of the preceding subprime mortgage
crisis. Figure 4 demonstrates the stock market diagram for the S&P 500 index’s performance
as well as the components of financial turbulence observed in the autumn of 2008. The
horizontal lines in the charts mark the threshold values. If exceeded, they signal the
occurrence of correlation surprise or magnitude surprise, respectively, or, in other words,
full-scale financial turbulence.

Within the considered timeline, the surprise correlation exceeded one nine times
as much: it was observed on the 2nd, 3rd, 5th, 10th, 12th, 16th, 19th, 24th and 26th of
September. Interestingly, the day Lehman Brothers, the biggest bank in US history, declared
bankruptcy was preceded both by atypical correlation and atypical magnitude. On the very
day of the officially declared bankruptcy, the 15th of September, the correlation surprise
did not exceed 1. However, there was a volatility jump, reflected in the magnitude surprise
on that day.

The average daily mean of the magnitude surprise for the days following a correlation
surprise was 6.78, and the mean of the S&P 500 index’s performance reached 3.36%. By
contrast, the average daily mean of the magnitude surprise for the days following periods
without correlation surprise was 3.55, and the mean of the S&P 500 index’s performance
reached 0.71%.

The biggest loss was observed on 29 September and reached 8.81%. The magnitude
surprise on this particular day reached its all high—24.48. On the eve of this event, the
correlation surprise was 1.65, but on 29 September, it struggled to reach 0.61.

The charts illustrate that the correlation surprise lasted for nine trading days. Thus,
in the considered month, it is possible to observe not only atypical volatility, but also
underlying changes in the asset correlation affected by the hidden regimes.

Let us consider another episode in the history of financial turbulence, namely, the US
stock market crash in 2018 (Figure 5). In light of negative investment expectations resulting
from monetary policy mistake by the Federal Reserve, rising interest rates, large amount of
uncertainty in the global economy and tariffs on imported goods policy introduced by the
Trump administration (Burggraf et al. 2020), the S&P 500 index lost almost 4% on just one
day, the 10th of October. The crash was preceded by atypical correlation and magnitude,
which are characteristics of full-scale financial turbulence. On the day before the crash, the
correlation surprise reached almost its record of 4.19, but on the day of the crash, the 10th
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of October, it struggled to reach 0.45. The magnitude surprise changed its value from 0.64
on the day before the crash and became 7.71 on the day of the crash.

Finally, let us consider a third episode which relates to the market crash in the spring
of 2020 (Figure 6). Atypical correlation and magnitude could be observed on the 26th of
February. This was followed by a volatility jump the next day and the resulting loss reached
4.41%, according to the S&P 500 index. It was the most dramatic drop since September
2008. On the 6th of March atypical correlation and almost atypical risk was observed. The
next day, losses reached 7.60%, according to the S&P 500 index.

Next, on the 18th of March, many logically expected that the market had reached its
minimum, and therefore, there was very little chance of sinking further as the correlation
surprise did not exceed 1 and the magnitude surprise, though high, demonstrated a
downward trend. However, on the 19th of March, both the correlation surprise and
magnitude surprise showed high values, which meant there was an approaching period of
financial turbulence. Over the next two days, the losses reached 6%, according to the S&P
500 index.

Now we will consider the first six months of 2020 for the Russia Stock Market. On
the 20th–21st of January, the market experienced both atypical correlation surprise and
magnitude, which provided evidence of full-scale financial turbulence (Figure 7a). These
dates were then followed by sharp risk jumps and the index price dropped for four trading
days in a row. The magnitude was highest on the fourth day (27th of January). The total
loss over that period was slightly under 5%, according to the RTSI index.
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The next sharp drop caused by full-scale financial turbulence occurred on the 4th of
March (Figure 7b). The magnitude slightly exceeded the threshold value. Over the next
five trading days, the RTSI index decreased by almost 40% and the magnitude surprise on
the 10th of March showed one of its records of 46.68.

5. Discussion

The conducted research contributes to the global knowledge pool, at minimum, in
three aspects.

First, we suggest our own classification of the stock market hidden regimes. The
examined regimes were given a consistent consideration and interpretation. We also used
statistical tests to compare and contrast the stock market features within different regimes.
The article provides the analysis of some episodes of regime switching occurring in financial
history. The results obtained across the S&P 500 sample are consistent with the research
conducted by many analysts (Ang and Timmermann 2012; Kinlaw and Turkington 2014).
Armstrong and Bradfield (2015) revealed similar effects across African stock markets. This
paper provides the data on regime switching patterns detected on the Russian stock market
with reference to the events which took place in 2020.

Second, we propose a methodology to detect hidden market regimes. The method-
ology is based on capturing single changes in the degree of non-diversifiable orthogonal
components of financial turbulence that describe correlation and jump risks. This study
extends and summarizes the results of research into hidden market regimes in terms of
correlation (Kritzman and Li 2010; Kinlaw and Turkington 2014) and volatility jumps
(Chevallier and Goutte 2015; Kirkby and Nguyen 2020). The insight into the intrinsic



Risks 2021, 9, 188 19 of 21

features of the hidden market regimes provides fuller evidence about their characters and
the reasons for behavioral patterns.

Third, we describe the impact that hidden market regimes have on asset risks and
returns. The obtained results can be used to develop strategies for a turbulence-resistant
investment portfolio with reference to the type of market regime (Page and Panariello 2018;
Nystrup et al. 2018; Paolella et al. 2019), the systems of early predictive capacity (Golub
et al. 2018; Liu et al. 2020) and also in exploring the patterns and dependency of different
sectors of a financial market (Alemany et al. 2020).

6. Conclusions

It is obvious that stock markets are constantly developing, changing and updating
themselves. This refers not only to institutional aspects but, first of all, to statistic aspects.
Although unobservable, the latter aspects have quite tangible effects on the performance of
assets and investment opportunities. Thus, their detection requires a specially designed
methodology.

In this article, we provide a developed classification of hidden market regimes as well
as providing a proper consideration of these from the perspective of contemporaneous and
lagged effects, which affect the investment characteristics of financial instruments. In order
to detect a hidden market regime, it is necessary to decompose the financial turbulence into
correlation and magnitude components. The magnitude allows detecting atypical values of
returns volatility in relation to their history. Correlations, irrespective of magnitudes, show
the degree of atypical assets interaction over a time period. In other words, they show a
risk correlation baseline in the stock market.

The research finds that the detection of a stock market regime provides additional
evidence for future changes of assets performance. The particular examples of the stock
markets in the US and Russia, both conceptually and empirically, show that these data
have a predictive capacity to forecast volatility jumps over time periods following atypical
correlations. The study also demonstrates that the considered hidden regimes have at least
one different statistic criterion, i.e., that of returns or volatility.

The suggested methodology has a number of important empirical applications. If
taken into consideration, a hidden regime pattern can ensure a proper decision-making
model and, thus, improve the efficiency of asset risk algorithms.

Obviously, a number of issues are yet to be addressed. First, it is necessary to explore
the clustering of the effects, resulting from regime switches. Second, it is important to
investigate methods for forecasting the duration of the detected contemporaneous and
lagged effects during a regime switch. Finally, it seems productive to analyze the character
of transition from one regime to another with a view to detecting regular or correctly
anticipated patterns.
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